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Video data is increasingly used in a variety of domains including drone analytics, robotics, ur-

ban traffic management, civil engineering, medical education, and biological research. Users

of these datasets often need to find complex events in the videos that involve multiple objects,

attributes, relationships, and temporal patterns. The rapid advances in artificial intelligence

have significantly enhanced video analytics capabilities, including the ability to extract se-

mantic content from videos, making video data queryable in new and interesting ways. As a

result, video data management systems have re-emerged as an active area of research. How-

ever, existing systems still face three major challenges: users must often possess database

expertise to formulate compositional queries that search for complex events in the video

data, suitable visual modules that extract application-specific concepts from videos may not

exist, and users may want to directly name domain-specific high-level events whose semantics

require inferential reasoning and cannot be captured by a fixed composition of predicates.

Directly applying large vision-language models (VLMs) to every video can address some of

these limitations, but doing so is prohibitively expensive at scale.

In this dissertation, we present three systems that make compositional and high-level

video queries easier to specify than in existing video data management systems and more



efficient to execute than direct VLM-based evaluation. The first system, EQUI-VOCAL,

synthesizes declarative video queries from a small number of labeled examples, eliminating

the need for users to manually express complex spatio-temporal query logic. The second sys-

tem, VOCAL-UDF, is a self-enhancing video data management system that automatically

generates user-defined functions (UDFs) for new application-specific concepts as it processes

queries. VOCAL-UDF uses large language models (LLMs) and VLMs to identify missing

modules, implement them as UDFs, and select the most effective ones for query execution.

The third system, VOCAL-SIFT, targets high-level queries that name events directly with-

out specifying the full visual logic needed to recognize them. It decomposes these events

into necessary predicates, instantiates lightweight filters for those predicates, and invokes

expensive VLM reasoning only on candidate videos that pass the filters.

Together, these systems show how AI models can be used not only as black-box video

query evaluators, but also as collaborators in query synthesis, module generation, seman-

tic decomposition, and query optimization. This dissertation develops an important suite

of approaches that make video data management systems more practical, expressive, and

scalable.
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Chapter 1

INTRODUCTION

Video has become one of the most common ways that people and organizations record

the world. Cameras on phones, cars, drones, traffic lights, in hospitals, laboratories, and

industrial equipment continuously capture what happens, where it happens, and how it

unfolds over time. For instance, autonomous vehicles record complex traffic interactions,

camera collars track the behavioral patterns of wild deer, and endoscopic cameras capture the

intricate details of minimally invasive surgeries. Hidden inside these recordings are answers

to questions that are difficult to obtain from text or tables alone: Which road interactions

are dangerous? Which animal behaviors occur near a changing habitat? Which steps in a

surgical procedure are performed correctly? Turning videos into answers to such questions

requires systems that can search not only for objects in video frames, but also for activities,

interactions, attributes (e.g., a brown bear), and temporal patterns.

Modern artificial intelligence has greatly expanded what video analytics systems can

recognize. Computer vision models can detect objects and classify actions, while large lan-

guage models (LLMs) provide advanced reasoning over natural language (NL) instructions.

By bridging these two domains, vision-language models (VLMs) can jointly process visual

and textual input in a variety of ways, from describing the content of a video frame to

answering complex NL questions about events that evolve over time. These advances have

enabled applications including drone analytics [207, 210], citywide traffic analytics [11, 76],

civil engineering [73, 20], medical education [66], biological research [183, 54], and many oth-

ers [158, 71, 185, 192, 140]. Across these domains, analysts often want to ask questions in NL

rather than translate their intent into fixed detection tasks: a traffic analyst may ask when a

risky interaction begins, a medical educator may ask for a procedural summary, and a biolo-
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gist may ask what behavior is occurring in a clip. Recent models bring video analytics closer

to this mode of interaction by supporting flexible video understanding tasks such as detailed

video captioning [139], temporal localization [171], and video question answering [129, 16].

Yet recognizing or answering questions about individual videos is only one part of what

video analytics systems must support. In practice, analysts querying a video corpus rarely

want to apply one predefined visual predicate or inspect one clip at a time. Instead, they

search for events that combine many pieces of visual evidence: objects, attributes, pairwise

relationships, temporal order, duration, and sometimes broader domain knowledge. Some

of these questions are compositional : their meaning can be described by composing atomic

predicates such as “motorcycle”, “silver”, “near”, and “colliding”. Others are high-level :

they name events directly and leave the visual logic implicit, such as “car accident”, “alley-

oop in basketball”, or “Biellmann spin in figure skating”.

Below, we present an example use case that illustrates both kinds of queries:

Example 1.1 (Traffic Surveillance) Consider a traffic analytics application: A traffic

engineer may want to understand road hazards involving car and motorcycle interactions.

They may first search for video segments where a motorcycle is swerving near a car and then

colliding with it. This query has explicit visual structure: it involves two objects, a spatial

relationship, and an ordered sequence of events. After reviewing these matching segments,

the engineer may notice that several incidents involve a silver Subaru and refine the query

to focus on that specific car model. This refinement requires additional visual concepts, such

as car color and make. Once the engineer shifts from studying this particular motorcycle-

collision pattern to assessing the broader risk associated with that vehicle, they may want

to find any car accident involving a silver Subaru. This last query is higher-level: accidents

can manifest through collisions, sudden stops, swerving, pedestrians entering the road, fallen

objects, or many other visual situations.

In this dissertation, we address the question of how best to support queries over video

data. We consider both queries that are compositional—asking for specific objects and their
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interactions in space and time—and queries that are high-level—naming events or actions

directly while leaving the visual logic needed to recognize them implicit. We take a data

management perspective on the problem, seeking to develop techniques and systems that

make it easy for users to express their queries and then efficiently answer those queries.

Supporting these video queries raises several challenges. First, existing models struggle to

identify complex events out-of-the-box. Traditional end-to-end models are typically limited

to specific, fixed vocabularies of actions [30, 74], and novel event detection requires significant

effort and annotated data to train new models from scratch [201, 241]. Specialized pretrained

models excel at isolated tasks like image classification, object detection or video action

classification [151, 78, 130], but they lack the native reasoning capabilities required to handle

domain-specific compositions of objects, attributes, relationships, and time [95]. Recently,

large foundation models such as VLMs and LLMs have shown remarkable promise for open-

ended visual question answering [166, 129, 126]. However, they still struggle with complex

visual reasoning [137], especially when temporal reasoning is required [228]. While new

models continue to improve their spatial [35] and compositional [88] reasoning capabilities,

their performance remains limited [206].

A second challenge is evaluation cost. While large foundation models offer the flexibility

needed to handle open-vocabulary events better than traditional specialized models, this

enhanced capability comes with a steep computational overhead. Deploying these massive

models at scale is prohibitively expensive [163], and their inference speeds remain significantly

slower than those of traditional computer vision models [202]. For example, current VLMs

typically achieve a throughput of around 100 tokens per second [16, 3]. Because encoding

a single video frame can consume several hundred to over a thousand tokens depending

on the resolution [155], processing continuous video corpora that generate dozens of frames

every second is a massive bottleneck. Consequently, the direct evaluation of large foundation

models over video is fundamentally intractable.

To address both these reasoning limitations and computational bottlenecks, researchers

use video database management systems (VDBMSs), which are specialized systems designed
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to efficiently store, manage, and query large-scale video data. Rather than relying on a single

monolithic model to process an entire query, most VDBMSs execute complex compositional

queries by decomposing them into smaller subtasks [67, 216, 23, 143, 217]. Specifically, they

represent queries as logical predicates over visual atoms (e.g., objects, their attributes, and

their relationships) extracted from video frames. While most user queries are novel and

unseen, they typically consist of these known, previously seen atoms. Existing computer

vision models already handle many of these common atoms, and VDBMSs generally include

built-in modules for these tasks [75, 143]. Furthermore, these systems often support ex-

tensibility through user-defined functions (UDFs), enabling customization for unsupported

scenarios [216, 97]. Recent systems use this decomposition strategy to express declarative

queries as compositions of extracted information [67, 227, 33, 131, 43, 217, 143, 23].

Despite significant progress, existing VDBMSs still face three key challenges:

First, articulating declarative queries for compositional events requires considerable

database expertise (C1). While many VDBMSs support query formulation through SQL,

SQL extensions, or imperative programs [99, 216], query complexity grows rapidly as events

involve more objects, relationships, and temporal constraints. Even experts may struggle to

express real-world events declaratively because there can be many plausible query formula-

tions, and the best formulation depends on the data. Other systems ask users to sketch their

target events [43, 31, 214], but sketches have the same brittleness: real event instances may

deviate from the user-provided example.

Second, VDBMSs assume the existence of suitable modules for the subtasks that appear

in a complex query (C2). This assumption is often false. A user may need to identify

fine-grained categories, domain-specific concepts, or subjective visual properties for which

no off-the-shelf model exists. In Example 1.1, for instance, the system may know how to

detect cars but lack UDFs for “silver” or “Subaru”. Filling these gaps manually requires the

user or system developer to find an appropriate model, adapt it to the target domain, or

build a new classifier. In many cases, each missing UDF may require its own curated dataset

and extensive training process to achieve satisfactory performance [13].
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Third, users often issue high-level queries that name events directly while leaving the

visual logic implicit (C3). Predicate-based representations are expressive for queries with

detailed object, attribute, relationship, and temporal descriptions, but high-level queries ask

the system to infer which visual conditions are relevant. A “car accident”, for example,

may be indicated by collisions, sudden stops, swerving, pedestrians entering the road, fallen

objects, or other visual evidence. Identifying such events therefore requires case-by-case

inferential reasoning, for which VLMs are better suited than a single fixed predicate com-

position. However, invoking a large model on every video in the dataset is prohibitively

expensive. For instance, directly applying GPT-4o to only seven hours of video can cost

hundreds to thousands of US dollars for a single query [236].

In this dissertation, we present three systems that make compositional and high-level

video queries easier to specify than in existing VDBMSs and more efficient to execute than

direct VLM-based evaluation. Together, they show how AI models can assist a VDBMS

not only by answering queries directly, but also by synthesizing queries, generating missing

modules, decomposing high-level semantics, and optimizing expensive model calls:

• EQUI-VOCAL automatically synthesizes declarative queries for compositional events

from a handful of labeled video segments, reducing the expertise needed to formulate

queries (C1). EQUI-VOCAL first appeared in PVLDB Volume 16, Issue 11 [235], and

we presented and demonstrated it [234] at the corresponding VLDB 2023 conference.

• VOCAL-UDF dynamically identifies missing modules and generates them as UDFs,

enabling NL compositional queries even when required predicates are not predefined

(C2). VOCAL-UDF appeared in SIGMOD 2025 [236].

• VOCAL-SIFT processes high-level queries by decomposing them into necessary pred-

icates, training or reusing lightweight predicate filters, and invoking expensive VLM

reasoning only on candidate videos that pass the filters (C3).

The three systems are part of our larger VOCAL (Video Organization and Interac-
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tive Compositional AnaLytics) suite of systems [52]. In the remainder of this chapter, we

elaborate on each contribution in more detail.

1.1 EQUI-VOCAL: synthesizing compositional queries from user examples

The outermost layer of a VDBMS is the query interface that connects users to the rest

of the system. Many VDBMSs enable query formulation by extending SQL [99, 216, 21,

136] or using imperative programming languages [67, 227]. For non-experts, this approach

can be challenging and time-consuming, especially as target events become more intricate.

Compositional queries add further complexity by requiring users to track multiple objects

across frames, specify spatio-temporal relationships between objects, and manage temporal

constraints.

The growing capacities of LLMs present a potential solution to translating NL queries

into SQL queries via in-context learning without fine-tuning [160, 203]. While an LLM-

powered interface allows users to describe their target event in NL, inherent ambiguity can

frequently lead to inaccurate translations [118, 65]. Systems that ask users to sketch their

events [43, 31, 214] face the same challenge: an event of interest may deviate from the exact

user-provided sketch.

Although computer vision models are widely used for image and video classifica-

tion [59, 62] and object detection tasks [78, 169], pretrained models rarely exist for arbitrary

compositional events that involve multiple objects and their spatio-temporal interactions.

While VLMs show strong visual reasoning capability, their performance on compositional

queries remains limited [137, 206], and invoking them on large-scale video datasets is pro-

hibitively expensive [236, 163, 3, 202].

To address these issues, we introduce EQUI-VOCAL, a system that automatically syn-

thesizes declarative queries on behalf of users from a small number of labeled video segments.

EQUI-VOCAL stands for Evolving Queries for Users Iteratively. To use the system, the

user provides a few positive and negative examples (i.e., video snippets) of the event they

are looking for, along with a small number of additional labels on examples selected by the
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system. EQUI-VOCAL then synthesizes a declarative query and executes it on the remaining

video corpus to retrieve additional instances of the desired event.

EQUI-VOCAL provides an intuitive query-by-example interface, enabling users to for-

mulate compositional queries directly from video data without writing precise declarative

specifications or sketches. It follows the modular view introduced above: rather than train-

ing a new classifier for every target event, the system describes an event using visual atoms

that existing computer vision models can often extract, such as objects (e.g., “car”, “back-

pack”), attributes (e.g., “red”, “leather”), and spatial or semantic relationships (e.g., “left

of”, “holding”). In the computer vision community, such compositions of visual scenes are

commonly represented as scene graphs [96, 113, 91], which have cognitive grounding in hu-

man perception [230, 117, 24]. A scene graph encodes objects as nodes, relationships as

edges, and attributes as properties of objects. EQUI-VOCAL extends this idea to videos

with spatio-temporal scene graphs, which represent a video as a sequence of per-frame graphs

populated by user-provided functions such as object detectors, relationship classifiers, and

attribute classifiers.

Key to EQUI-VOCAL’s contribution is to encapsulate these spatio-temporal scene graphs

in a relational data model and use them to define a restricted declarative query language for

compositional video events. In this domain-specific language (DSL), a query is a temporally

ordered sequence of graph patterns with predicates over objects, relationships, and attributes,

along with duration and window constraints. EQUI-VOCAL synthesizes queries by searching

this DSL for a composition of extracted scene graph atoms that matches the user’s labeled

examples. This design tackles the central tension in query synthesis: the language must

be expressive enough to capture complex events, but small and structured enough that the

system can search it efficiently from limited and potentially noisy labels.

By leveraging scene graphs, EQUI-VOCAL introduces a new query synthesis approach

that finds user events with far fewer labeled examples than would be required to train a spe-

cialized machine learning model directly. To reduce computational effort, EQUI-VOCAL re-

stricts the query search space using scene graphs, employs beam search to efficiently navigate
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the query space, and generates optimized queries to avoid expensive database operations such

as recursive joins. Unlike prior query-by-example approaches that may enumerate exhaus-

tive SQL queries [63, 162, 124, 204, 195, 198], EQUI-VOCAL strategically limits exploration,

enabling practical scalability.

EQUI-VOCAL reduces user effort through active learning and robust noise handling.

Instead of requiring a user to provide all examples up front, EQUI-VOCAL uses active

learning to iteratively request labels for carefully selected additional examples that reduce

uncertainty in query synthesis. Additionally, recognizing the inherent noise in user labels,

machine learning model outputs, and ambiguous real-world events, EQUI-VOCAL searches

for queries that best match potentially noisy data and input. It retains imperfect query

candidates at every iteration and uses regularization to prevent overfitting to noise or limited

user input.

We evaluate EQUI-VOCAL on both synthetic and real datasets [224, 21] and show that

it outperforms two baselines [195, 143] in F1 score, synthesis time, and robustness to data

noise. EQUI-VOCAL can also synthesize complex queries that the baselines do not support.

A user study further shows the performance of real users using EQUI-VOCAL.

Overall, EQUI-VOCAL is an important step toward making VDBMSs accessible to ex-

perts and non-experts alike by easing the task of expressing queries over videos. EQUI-

VOCAL and its demonstration appeared in PVLDB Volume 16 [235, 234], and the code

is available at https://github.com/uwdb/equi-vocal and https://github.com/uwdb/

equi-vocal-demo.

1.2 VOCAL-UDF: self-generating compositional modules with LLMs

While EQUI-VOCAL can synthesize video queries from examples, it still requires users to

provide UDFs for extracting semantic information from videos, which represents a burden

for users. In general, VDBMSs make a critical assumption that suitable modules already

exist for the subtasks needed to answer a complex query. In Example 1.1, if the user wants

to refine a query to focus on a “silver Subaru”, they may need UDFs that classify “silver

https://github.com/uwdb/equi-vocal
https://github.com/uwdb/equi-vocal-demo
https://github.com/uwdb/equi-vocal-demo
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color” and “Subaru make”. It is impractical for either a user or a system designer to provide

all possible UDFs needed for arbitrary future queries.

VLMs embed extensive knowledge of visual concepts acquired during pretraining and can

be used to extract application-specific concepts. However, repeatedly invoking a VLM to

classify every relevant visual predicate, such as objects, attributes, relationships, or events,

across a large video dataset is expensive and slow. A natural way to reduce cost is to invoke

the VLM on only a subset of frames or clips, for example by sampling one frame per second

rather than evaluating all frames. However, this strategy is non-trivial because low sampling

rates can miss transient visual evidence and greatly degrade query performance, especially

for compositional events with temporal constraints.

To address these challenges, we present VOCAL-UDF, a self-enhancing VDBMS that

enables users to query compositional events even when required modules are unavailable.

To use VOCAL-UDF, a user provides a video dataset and an NL query. VOCAL-UDF

first translates the NL query into the system’s DSL, where the query is represented as

a composition of predicates over objects, attributes, relationships, and time. During this

translation, VOCAL-UDF compares the predicates required by the query with the UDFs

already available in the system. When a required predicate is missing, VOCAL-UDF uses

LLMs and VLMs to generate candidate UDFs, select the most effective ones, and add them

to the system’s library of UDFs. Once the missing modules are available, VOCAL-UDF

re-compiles the NL query and executes it over the video dataset.

To transform a multitude of missing semantic concepts into executable modules, VOCAL-

UDF supports two types of UDFs: program-based UDFs and distilled-model UDFs. Program-

based UDFs are imperative Python functions that operate on existing concepts, bounding

box coordinates, or video pixels. This class of UDFs can classify many relationships and

attributes with high quality, such as “left of” and “silver” [235, 112], but struggles with

tasks that require richer visual understanding. Distilled-model UDFs are lightweight machine

learning models trained on the fly to classify such nuanced concepts without requiring user

labeling [196]. VOCAL-UDF leverages LLMs and VLMs for UDF generation: program-based
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UDFs harness an LLM’s programming capability, whereas distilled-model UDFs rely on the

VLM’s ability to annotate and convert visual concepts into ML models.

Handling ambiguity in user intent and errors in LLM generations is critical, especially for

specialized or subjective concepts that cannot be reliably resolved without direct user input.

Different users may interpret the same concept differently, and whether a program-based

UDF or a distilled-model UDF performs better depends on the specific concept. For partic-

ularly challenging semantic concepts, no generated UDF may perform well, and using a poor

UDF can harm overall query performance. VOCAL-UDF addresses these challenges through

a UDF selection stage that actively solicits user feedback. VOCAL-UDF generates multiple

candidate UDFs with different semantic interpretations, implementations, and properties. It

then utilizes active learning at query time to strategically request binary labels from users

to select the best candidate UDF.

We evaluate VOCAL-UDF on three video datasets from different domains [224, 64, 92]

and show that it significantly improves query performance in F1 score compared with two

baseline systems and two direct LLM methods. We further conduct a thorough analysis of

VOCAL-UDF to understand its efficiency in terms of execution time and monetary cost.

Overall, VOCAL-UDF’s self-enhancing capability is an important step toward making

VDBMSs practical to deploy and use across applications. VOCAL-UDF appeared in SIG-

MOD 2025 [236], and the code is available at https://github.com/uwdb/vocal-udf.

1.3 VOCAL-SIFT: optimizing high-level queries via predicate filtering

EQUI-VOCAL and VOCAL-UDF help users express and execute compositional queries:

EQUI-VOCAL synthesizes declarative queries from examples, and VOCAL-UDF generates

missing predicates needed to execute NL queries. Both systems ultimately rely on the premise

that the target event can be represented as a declarative composition of atomic predicates.

However, many real-world queries are high-level. In Example 1.1, determining whether a

video contains a “car accident involving a silver Subaru” requires reasoning over diverse

visual situations. A single fixed composition of predicates is unlikely to cover all such cases

https://github.com/uwdb/vocal-udf
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without either missing valid cases or admitting many irrelevant ones.

Querying such events requires inferential reasoning case by case. VLMs are well suited

to this role because they can combine many partial cues and domain assumptions when

deciding whether a high-level event occurred. Prompting techniques [109, 147] can further

improve such reasoning. However, applying large models to every video in a corpus is time-

consuming and computationally expensive. For instance, our evaluations in VOCAL-UDF

show that directly invoking GPT-4o over 7 hours of video costs $207 for a single query. Using

an unoptimized modular execution procedure, which parses the query into a logical plan and

repeatedly invokes the VLM to identify missing concepts, increases the cost to over $1,500.

VOCAL-UDF reduces such costs when a query can be translated into a detailed declarative

form, but this optimization does not directly apply when the query names a high-level event

and leaves the recognition logic implicit.

This creates a different optimization problem from the one addressed by VOCAL-UDF.

For high-level queries, the system must reduce the number of videos sent to the VLM without

forcing the user to provide a complete compositional definition of the event. Because filtering

happens before the VLM makes the final decision, the filter must preserve high recall while

still removing enough unrelated videos to reduce cost. The key question is therefore how to

infer filters that are selective enough to prune the corpus while retaining the videos that still

require VLM reasoning.

To address this problem, we present VOCAL-SIFT, a video query processing system for

efficient high-level NL querying over large video datasets. VOCAL-SIFT follows a “decom-

pose, filter, then evaluate” strategy. It does not attempt to replace the final VLM judgment

with a complete declarative definition. Instead, it identifies necessary predicates : visually

detectable conditions that should hold whenever the high-level event occurs, even though

they may not be sufficient to prove that the event occurred. For example, “dirt jumping

in mountain biking” may require a person, a bike, a mound, and relationships such as the

person riding the bike or the bike being above the mound. These predicates can safely reject

many unrelated videos before invoking the expensive VLM on the remaining candidates.
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VOCAL-SIFT must answer three hard questions to make this strategy work. First, it

must derive necessary predicates from a high-level NL query. This is non-trivial because high-

level queries are under-specified and admit many valid visual instantiations. The system must

infer predicates that are implied by the event and visually detectable without over-specifying

the event or introducing spurious conditions. This difficulty is compounded by the variability

of LLM outputs: naively prompting an LLM may yield inconsistent decompositions across

runs, omit critical predicates, or introduce spurious ones. VOCAL-SIFT addresses these

issues with a semantic decomposition stage that performs multiple LLM decompositions

independently. Rather than constraining the LLM to a predefined vocabulary, the system

allows it to generate free-form predicates first, maps these concepts to the system’s existing

library of supported predicates, and finally reconciles the results into a consistent set of

necessary predicates.

Second, VOCAL-SIFT must decide which predicates are worth turning into filters. Pred-

icates from the same query are often correlated: if a filter has already found clips with a

cyclist and a ramp, another filter for outdoor sports may add little pruning benefit. At the

same time, every new filter has a construction cost and may introduce additional false neg-

atives. VOCAL-SIFT therefore estimates whether a missing predicate adds enough pruning

benefit beyond existing filters to justify the one-time cost of filter construction.

Third, VOCAL-SIFT must instantiate selected predicates as filters that are cheap enough

to run broadly and precise enough to be useful. This is especially important for attributes

and relationships, whose meanings often depend on the objects involved. A generic “holding”

predicate, for example, can refer to many interactions, while “player holding basketball” is

a more precise condition for both annotation and inference. VOCAL-SIFT realizes selected

predicates as lightweight filters using model distillation and grounds relationship and at-

tribute filters in their participating objects during annotation and inference.

We evaluate VOCAL-SIFT on three datasets and show that VOCAL-SIFT preserves high

recall during filtering while passing only a small fraction of videos to the oracle VLM. This

reduces the estimated dollar cost by up to 13.6× compared with direct VLM evaluation. A
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user study further shows that VOCAL-SIFT’s automatic decomposition reduces task comple-

tion time compared with human clarification without a statistically significant degradation

in filtering quality or task success.

In summary, EQUI-VOCAL, VOCAL-UDF, and VOCAL-SIFT address complementary

challenges in VDBMSs. Together, they introduce AI-driven techniques that simplify the

task of expressing queries over video data, accelerate query evaluation, and reduce the cost

of that evaluation. These contributions help make video data management and thus video

applications more practical.

1.4 Dissertation organization

The rest of the dissertation is organized as follows. Chapter 2 presents background infor-

mation and related work. Following this, Chapter 3 introduces EQUI-VOCAL, Chapter 4

introduces VOCAL-UDF, and Chapter 5 introduces VOCAL-SIFT. Chapter 6 discusses the

user interfaces for the three systems. Lastly, we conclude this dissertation in Chapter 7 and

discuss potential future research directions.
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Chapter 2

BACKGROUND AND RELATED WORK

This chapter situates AI-assisted video data management at the intersection of database

systems and modern artificial intelligence. We begin with the foundations of video database

management systems (VDBMSs), which turn videos into queryable visual facts. We then

walk through the main components of a VDBMS in turn: the visual representations it

exposes to the query processor, the interfaces through which users formulate queries against

those representations, and the database techniques used to execute those queries efficiently

at scale. Building on these foundations, we examine how foundation models and agentic

systems extend the reach of VDBMSs, broadening what can be recognized, decomposed,

and reasoned about. The chapter closes with related work that is specific to the systems

presented later in this dissertation.

2.1 Video database management systems (VDBMSs)

Relational database management systems are the most widely studied and used database

systems for efficiently storing, processing, and querying structured data in the form of rela-

tional tables. Driven by the increasing availability of video data and advances in artificial

intelligence, VDBMSs have re-emerged as an active research area within the database com-

munity. To support unstructured video data, a VDBMS must rethink the traditional system

architecture of a database management system. Consequently, researchers have proposed

a wide array of novel systems, algorithms, and techniques spanning different components

of the database engine, including the data model, query language, query interfaces, query

optimization and execution, and data storage. Before detailing these core components, we
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briefly trace the historical evolution of VDBMSs.

Early VDBMSs. The management of video data has been studied for decades. Prior

to the widespread adoption of deep learning, however, the capabilities of VDBMSs were

significantly restricted. Early architectures primarily allowed users to query over either

metadata or manual annotations [50, 189, 57, 153] or content-retrieval based on low-level,

hand-engineered features like shape, color, motion, and texture [31, 57].

Modern VDBMSs. Advances in AI have steadily broadened the scope of queries

that VDBMSs can support. Many of these systems propose query languages and execution

algorithms for simple queries over video data including selection filtering [136, 100, 86, 12],

aggregations and limits [99], object tracking [21], object interactions [33], and trajectory

interactions [143, 214]. While some systems have started to support more complex queries,

their approaches remain limited. Zeus [49] can only detect actions for which a pretrained

model exists. Caesar [131], Rekall [67], STAR [43], VQPy [227], VidCEP [217], Chen at.

al. [44], and Koudas et. al. [111] support compositional queries, but they require precise

user specifications and mandate exhaustive object detection across all frames before they

can execute a complex query.

Sections 2.2 to 2.4 examine the main components of a VDBMS in turn: the visual rep-

resentations it exposes to the query processor, the interfaces through which users formulate

queries against them, and the database techniques used to execute those queries efficiently.

2.2 Visual representations

A visual representation is the intermediate form through which a VDBMS makes video

content available to query processing. Raw video data consists of pixels that are high-

dimensional, temporally redundant, and difficult to query directly. VDBMSs therefore rely on

representations to bridge low-level visual signals and high-level query semantics. The choice

of representation determines what queries can be expressed, what indexes or optimizations

are possible, and how much visual computation must be performed at query time.
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Early multimedia and video database systems often relied on hand-engineered visual fea-

ture representations: color histograms, texture descriptors, shapes, motion features, regions,

trajectories, and other summaries computed from pixels. VideoQ [31] supported content-

based video search using sketches and indexed videos on motion, shape, color, and texture.

BilVideo [57] supported spatio-temporal queries by similarly combining a feature database

that stored extracted color, shape, texture, and trajectory features with a knowledge base

that stored segment and object metadata. These representations are model-independent,

relatively cheap, and were usable before modern learned detectors became available. Their

weakness is the semantic gap: low-level appearance and motion features do not directly iden-

tify concepts such as object categories, interactions, or complex events. As such, they could

support only limited types of queries, either through content-based retrieval over low-level

cues such as texture, color, shape, and motion, or over manually provided metadata.

To narrow this semantic gap, more recent systems increasingly rely on learned embedding-

based representations rather than hand-engineered visual descriptors. Modern image and

video encoders map visual inputs into dense feature vectors, where nearby vectors often

correspond to visually or semantically similar content. CNN-based and vision transformer-

based models are commonly used to extract such visual features [79, 59]. CLIP [166] and

SigLIP2 [197] extend this idea by aligning image and text embeddings, enabling open-

vocabulary retrieval and zero-shot recognition. VDBMSs use related representations for

similarity search, clustering, indexing, active learning, and model building. TASTI [103]

learns target-aware embeddings so that representative records can stand in for visually sim-

ilar neighbors. VOCALExplore [53] uses embeddings to support interactive exploration and

model construction. Zelda [173] uses CLIP embeddings to let users retrieve videos with NL

queries. Embeddings are compact and flexible, so they are effective for ranking, clustering,

and retrieving candidates. However, their semantics are implicit: an embedding can indicate

that two candidates are close, but it does not expose which object, relationship, attribute,

or time interval makes a query true. This makes embeddings less suitable for queries beyond

retrieval.
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A complementary direction is to represent videos through text. Text-based representa-

tions associate videos with NL descriptions, such as captions, tags, transcripts, or surround-

ing metadata. Early work [225, 51] often relied on human-provided or web-derived text,

enabling videos to be indexed and retrieved using standard text retrieval techniques. More

recent systems generate textual descriptions directly from videos using VLMs. NarVid [90],

as an example, uses generated frame-level captions to enrich video representations and im-

prove text-to-video retrieval performance. Text-based representations are attractive because

they align naturally with user queries and can leverage existing information retrieval infras-

tructure. However, they are often lossy because they may fail to preserve fine-grained visual

details, precise spatial and temporal relationships, or grounding to specific video regions.

Structured representations organize visual content extracted from videos into explicit

entities, properties, relationships, and temporal structure. Scene graphs [96, 113] are a

canonical example: they represent objects detected in images as nodes, relationships similarly

detected in images as edges, and attributes as node properties. For video, Action Genome [91]

extends this idea to spatio-temporal scene graphs that describe human-object relationships

over time and shows that these representations improve action recognition. VDBMSs often

instantiate the same idea through relational models [99, 67, 21]. In these systems, tables store

detections, tracks, attributes, relationships, timestamps, and predicate outputs, exposing

visual information to the query processor rather than leaving it hidden in pixels, text, or

embeddings. Our VOCAL line of systems presented in this dissertation, including EQUI-

VOCAL, VOCAL-UDF, and VOCAL-SIFT adopt this relational approach to represent video

content, which provides rich expressiveness while enabling queries with precise and well-

understood semantics.

2.3 Query interfaces

The query interface is the outermost layer of a VDBMS, connecting users to the rest of

the system. The choice of interface shapes both how expressively a user can describe an
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event and how much expertise is required to do so. Existing VDBMSs adopt a range of

interfaces, from explicit declarative and imperative specifications to sketches, examples, and

NL descriptions. Below we discuss the main approaches and indicate where the systems in

this dissertation fit within them.

Declarative and Imperative Query Specifications. The most direct interface lets

users write queries declaratively or imperatively. Many VDBMSs adopt this style by extend-

ing SQL with visual predicates and video-specific operators [216, 21, 116]. Rekall [67] intro-

duces a flexible Python library for specifying spatio-temporal video events, while VQPy [227]

offers an object-oriented programming interface rather than a relational abstraction. These

approaches give users precise control over query semantics, but require them to manually

translate visual intent into formal query constructs, which can be challenging for non-experts

and time-consuming even for experienced users.

Query Sketching. To reduce this articulation effort, some systems instead let users

specify target events through visual sketches [43, 31, 214]. Sketch interfaces are intuitive,

but they can be brittle because real events of interest may deviate from the exact user-

provided sketch, and predicates such as semantic relationships can be difficult to express in

a sketch.

Query-by-Example. Query-by-example takes a complementary approach. Instead of

writing a complete declarative query or sketching an event, users provide a small set of

examples that illustrate the target semantics, and the system reverse-engineers a query that

matches them. Quivr [143] is a query-by-example system for object trajectory queries. Given

a few labeled trajectories indicating whether each trajectory matches the desired behavior,

Quivr synthesizes a query that satisfies the examples using enumerative search with efficient

pruning. Our EQUI-VOCAL work, which we present in Chapter 3, builds on this line of

work but targets noisy, spatio-temporal scene-graph queries over videos. Rather than relying

on exhaustive enumeration, it uses beam search to explore the query space efficiently and

synthesizes queries that remain robust under noisy visual data.

NL interfaces. NL interfaces go a step further by letting users specify visual intent di-
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rectly in text. Early work such as Visual Semantic Search [127] parses textual video queries

into semantic graphs and matches them to visual concepts using object appearance, motion,

and spatial relations. More recent systems use cross-modal models to directly align text

with visual content. Modern VLM-based systems such as Zelda [173] support open-ended

queries by using vision-language embeddings to retrieve relevant and diverse video frames.

These systems reduce query articulation effort and are closely related to our goal of making

video search more accessible. However, they may generalize poorly to new video domains or

fine-grained event semantics, and they typically provide less control over the exact objects,

relationships, temporal constraints, and execution semantics than declarative compositional

queries. Our VOCAL-UDF and VOCAL-SIFT systems, which we present in Chapters 4

and 5 respectively, leverage advances in LLMs and VLMs and use NL as the query inter-

face. VOCAL-UDF compiles NL queries into compositional programs over visual UDFs,

which provides more precise control over the predicates and execution semantics than direct

embedding-based approaches. VOCAL-SIFT relies on VLM’s visual reasoning capabilities

to answer high-level queries, but introduces necessary-predicate filtering to reduce the high

computational cost of direct VLM evaluation.

2.4 Query execution

Executing video queries efficiently is a central challenge for VDBMSs: a single query

can require running heavy AI models over massive video frames, and naively doing so is

quickly prohibitive. A substantial body of work addresses this problem. We highlight five

common families of techniques: (i) specialized models that replace or reduce calls to expensive

oracle models, (ii) indexing techniques that shift visual computation into preprocessing,

(iii) sampling strategies that exploit temporal redundancy, (iv) configuration tuning that

navigates accuracy–cost trade-offs, and (v) additional optimization techniques that leverage

domain knowledge, reuse, and adaptive execution.
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2.4.1 Specialized models

The first family of techniques speeds up query execution by replacing or reducing calls to

an expensive oracle model with a cheaper specialized model whose scope is narrower than a

general-purpose model, exploiting properties of a particular query or data distribution.

NoScope [100] trains difference detectors and specialized models on the output of the

oracle model, applies them efficiently to short-circuit the evaluation, and only invokes the

expensive oracle model when uncertain. Similarly, PP [136] constructs lightweight predi-

cates to filter out irrelevant frames before running expensive models. Koudas et al. [111]

design approximate filters to accelerate queries involving specific object types and spatial

relationships. TAHOMA [12] trains a multi-level classifier cascade of increasing complexities

and jointly optimizes model architectures and input data transformations to achieve better

accuracy-cost trade-off. BlazeIt [99], ABAE [102], and SUPG [101] use proxy models to

approximate different types of queries with statistical guarantees.

2.4.2 Indexing

Another line of work speeds up query execution by shifting visual computation from query

evaluation to pre-processing and building indexes over the resulting metadata. The key

design question is what to index before the system knows the exact future queries.

Some systems build approximate semantic indexes over frames. Focus [86] uses cheap

CNNs at ingest time to index object classes and then selectively invokes a more accurate CNN

at query time. SEIDEN [19] applies an accurate object detection oracle to selected frames to

build a query-agnostic index of objects and samples additional frames during query execution.

PAINE [82] builds a lossy index of object classes in each video during preprocessing. At query

time, it uses commonsense knowledge to estimate conditional probabilities and prioritize

videos that are likely to contain the requested object.

Other systems index visual similarity rather than explicit object labels. TASTI [103]

learns embeddings such that semantically similar frames map to nearby points in the em-
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bedding space. This allows query algorithms to run the expensive oracle on only a small set of

representative frames and propagate those evaluation results to their un-evaluated neighbors

in the embedding space. Voodoo indexing [80] uses hierarchical clustering of frame features

to accelerate queries without requiring insight into predicate semantics or in-query model

training. Video-zilla [87] builds an indexing layer over many video feeds by representing their

semantic content with object feature vectors.

Finally, some indexes are tailored to reusable video structures. OTIF [22] preprocesses

object tracks so later track queries do not repeatedly pay the full detection and tracking

cost. Boggart [8] builds imprecise but model-agnostic indices with traditional computer

vision algorithms, then characterizes index error and selectively runs CNNs for each query.

2.4.3 Sampling

Sampling techniques reduce inference cost by processing only a subset of video frames. They

exploit temporal redundancy: adjacent frames are often similar, so a system can spend

computation where the query is most likely to benefit.

ExSample [149] targets ad-hoc search over unindexed video repositories and uses impor-

tance sampling to prioritize frames that are likely to contain the target object. EKO [18]

accelerates queries over compressed videos by adaptively sampling representative frames for

inference, avoiding unnecessary decoding of skipped frames, and propagating labels within

visually similar temporal segments.

Sampling techniques are also widely used in object tracking queries. MIRIS [21] and

OTIF [22] adopt uniform sampling to avoid running the tracker at a uniformly high frame

rate. LEAP [215] uses predictive sampling that exploits motion patterns of objects for

trajectory predication.

2.4.4 Configuration tuning

Configuration tuning systems reduce cost by choosing how a video analytics pipeline should

run rather than changing the query semantics. The knobs include frame rate, resolution,
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model choice, batch size, hardware resources, etc.

For streaming workloads, the best configuration can change over time and across cameras.

Chameleon [94] dynamically selects configurations such as frame rate, resolution, and model

choice by exploiting temporal and cross-camera correlations in video streams. Zeus [49]

applies a similar adaptive spirit to action localization, using reinforcement learning to choose

the sampling rate, segment length, and resolution for the next video segment.

Other systems tune broader execution environments. Llama [174] models video pipelines

as DAGs and uses a heterogeneous serverless optimizer to assign per-operator configura-

tions and hardware resources under an end-to-end latency target. SmokeScreen [81] treats

intentional video degradation as a configuration choice and helps administrators select op-

erating points that remove visual information for policy goals while preserving downstream

analytical accuracy.

2.4.5 Other optimization techniques

Beyond the major categories above, VDBMSs also exploit domain knowledge, reuse, and

adaptive execution. These techniques are harder to classify by a single physical operator,

but they share the same goal: avoid unnecessary model calls by exposing additional structure

to the optimizer.

Some systems use domain-specific knowledge. Spatialyze [108] targets geospatial video

analytics and leverages camera metadata, road networks, and physical constraints to prune

frames and objects before expensive processing. VIVA [172] and ClueVQS [32] let users de-

clare optimization hints such as model relationships and monotonic timestamps, and expose

them to the query optimizer.

Other systems broaden the optimizer’s state through reuse or adaptive execution.

EVA [216] materializes and reuses expensive UDF results across exploratory video queries

by analyzing predicate overlap. Aero [97] applies adaptive query processing to ML queries,

dynamically adjusting predicate order and resource allocation as execution reveals data-

dependent behavior.
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2.5 Foundation models

More recently, foundation models have transformed visual analytics by shifting recogni-

tion from fixed-label classification to open-ended, language-driven interfaces, broadening the

queries that a VDBMS can answer. Initially, this progress centers on images. In the vi-

sual domain, this shift begins with models that align static images and text. CLIP [166]

shows that NL supervision over massive image-text corpora can produce transferable visual

representations and zero-shot classifiers. Subsequent models push beyond simple alignment

into deep visual reasoning. Flamingo [9] introduces few-shot multimodal learning over in-

terleaved images, videos, and text. BLIP-2 [126] efficiently bridges frozen image encoders

with LLMs via a lightweight querying transformer, while LLaVA [129] demonstrates how vi-

sual instruction tuning could create an LLM-style conversational interface for images. This

foundation rapidly expands to the temporal domain, extending language-driven queries to

video. Models such as Video-ChatGPT [139] and TimeChat [171] enable detailed conversa-

tions about temporal narratives and time-sensitive localization, allowing systems to interpret

complex video events using NL. To process these multimodal inputs, these models typically

fuse pre-trained vision encoders onto language models using lightweight, task-specific mod-

ules. This approach is computationally efficient and highly effective for targeted tasks or

domain-specific fine-tuning.

In contrast, natively multimodal model families, such as GPT [154], Gemini [72], and

Qwen [17], are trained jointly across text, image, and video from the ground up. This

deep integration unlocks massive context windows capable of processing thousands of frames

simultaneously, enabling generalized, long-horizon spatio-temporal reasoning without the

bottleneck of intermediate summarization. For a VDBMS, both paradigms are valuable:

modular systems offer cheap adaptability for custom predicates, while native models provide

deep zero-shot reasoning for complex, open-vocabulary queries.

Beyond pure visual understanding, foundation models possess non-visual capabilities that

are increasingly critical for designing AI-assisted video data systems. One foundational
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capability is semantic parsing and query translation. Building on a long history of text-to-

SQL research [229, 232, 123], modern LLMs excel at translating NL into structured query

languages or domain-specific languages (DSLs) [160, 69, 58, 203]. This allows a VDBMS

to bridge the gap between a user’s high-level intent and the rigorous, executable semantics

required by a query engine.

Another critical capability is dynamic code generation. Advanced LLMs can write, debug,

and repair functional code snippets [38, 15, 41]. In the context of a VDBMS, this allows the

system to autonomously generate user-defined functions (UDFs) or custom data-processing

modules on the fly without relying on a static library of operators.

Despite these transformative capabilities, foundation models cannot independently re-

place the architecture of a video data management system. Current VLMs still frequently

struggle with compositional reasoning, precise spatial relationships, and tracking long-

range causal dependencies [137, 206, 35, 141]. Furthermore, directly invoking a frontier

VLM is computationally expensive, introduces high latency, and remains fundamentally

opaque [37, 25]. While a single model call might suffice for inspecting a short clip, executing

analytical queries across a large-scale video corpus demands predictable semantics, verifiable

accuracy, and strict cost controls. This underscores the necessity of hybrid AI-database sys-

tems that leverage foundation models for their open-world semantic flexibility, while rigidly

constraining them within a framework of structured representations and efficient query op-

timization.

2.6 Agentic systems

While foundation models exhibit robust reasoning and planning capabilities, there has

been a paradigm shift from static LLMs to autonomous agentic systems for their improving

performance in complex data environments. Multiple agents collaborate jointly by itera-

tively interacting with the environment, maintaining stateful memory, and executing actions

to solve complex tasks. Unlike a standalone LLM, an agentic system can detect its own
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failures, self-reflect, and dynamically adjust its execution plan based on intermediate obser-

vations [208]. Two capabilities underpin this paradigm and recur throughout the rest of this

section: task decomposition and planning, and tool use.

2.6.1 Task decomposition and planning

A core driver of the agentic paradigm is the LLM’s capacity for task decomposition and

planning. When confronted with a complex analytical request, language models can act

as high-level planners: they break down a goal into a sequence of intermediate subtasks,

determine which external models or tools to invoke, and decide how to aggregate the re-

sults [222, 188, 190, 191]. This reasoning enables hybrid VDBMS architectures to intelli-

gently orchestrate a pipeline of cheap specialized classifiers, heuristics, and expensive frontier

models, rather than applying a single model homogeneously across all data.

2.6.2 Tool use

To execute the subtasks produced by a planner, agentic systems rely on tool use. Foundation

models inherently lack access to real-time data or specialized execution environments. Agen-

tic systems bridge this gap by equipping the LLM with a predefined set of external tools, such

as web search APIs, Python interpreters, or database query engines [182, 188]. By integrating

external tools, LLMs can address even more complex reasoning tasks [134, 182, 164, 240, 138],

including vision tasks [147, 48, 75, 194, 188]. However, these systems generally rely on the

availability of existing tools or modules. For instance, VisProg [75] and ProViQ [48] utilize

LLMs to transform complex tasks into executable programs that invoke predefined tools.

VOCAL-UDF also employs LLMs to handle compositional queries over videos but extends

this capability by generating new UDFs. Several systems explore the capacity of LLMs to cre-

ate new tools. LATM [29] generates reusable code snippets for NL tasks, while GENOME [45]

generates and reuses code-based modules to solve visual tasks. VOCAL-UDF distinguishes

itself as an end-to-end VDBMS that generates both program-based and distilled-model UDFs

which significantly enhances performance.
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2.6.3 Agentic data systems

Within the database community, this combination of planning and tool use is increasingly de-

ployed to automate complex query execution and data analytics workflows. CAESURA [199]

and Palimpzest [128] utilize LLMs as query planners to dynamically compile user intents into

execution pipelines that navigate the complex trade-offs between inference cost, runtime,

and accuracy. Galois [181] adapts traditional logical and physical optimization principles

to execute SQL queries directly over LLMs, actively balancing execution costs with the

model’s contextual reasoning constraints. Adda [133] utilizes specialized LLM agents to

interpret NL requirements and dynamically compile high-quality, in-database features via

just-in-time SQL and user-defined functions. Moving beyond structured tabular data, Do-

cETL [187] employs an agent-based approach to rewrite and optimize complex document

processing pipelines by leveraging LLMs to evaluate and synthesize task-specific execution

plans. AVA [219] demonstrates how VLMs can use agentic retrieval and planning over contin-

uous event knowledge graphs to conduct open-ended analytics on ultra-long video streams.

For video analytics, an agentic planner can decompose a user request, select or gen-

erate appropriate visual operators, decide when to invoke cheap proxies versus expensive

foundation models, and revise the plan based on intermediate results. VOCAL-UDF and

VOCAL-SIFT instantiate this idea in complementary ways. VOCAL-UDF uses LLMs not

only to translate NL queries into compositional programs, but also to generate new visual

UDFs when the required predicates are missing, thereby extending the system’s operator

library at query time. VOCAL-SIFT uses foundation models for semantic decomposition:

it identifies necessary predicates for a high-level query and then converts them into efficient

filters, using LLM reasoning to expose structure that a traditional optimizer could exploit.

Together, these systems show how agentic planning can be grounded inside a VDBMS:

foundation models provide semantic flexibility, while structured query representations and

database optimization provide control over cost, execution, and accuracy.
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2.7 Additional related work

The preceding sections survey research aimed directly at video data management. The

systems presented in this dissertation also build on broader research traditions that extend

beyond the video setting. We close the chapter by reviewing the most directly relevant of

these works for each system.

2.7.1 Additional related work for EQUI-VOCAL

Query by example. Many systems have been proposed for SQL queries over relational

data [162, 63, 195, 124, 204]. EQUI-VOCAL focuses on learning queries for video events, with

a more constrained form than general relational queries. Quivr [143] is most similar to our

work, but it only operates over object trajectories and assumes noiseless inputs. SQuID [63]

synthesizes queries based on semantic similarity but does not support self-joins and non-equi

joins, which are necessary to find our video events, and S4 [162] ranks queries based on input

containment and is limited to project-join queries.

Program synthesis. Program synthesis has been applied to a wide range of tasks, such

as generating referring relational programs [89], authoring visualizations [205, 157], learning

relational data transformation [98], and synthesizing programs for string processing [152].

Unlike these systems, EQUI-VOCAL synthesizes queries in the video domain, which is sig-

nificantly different in terms of the spatio-temporal complexity and the prevalence of noise.

Active learning. Model Picker [104] uses active learning to distinguish the best model

from a set of pretrained classifiers. EQUI-VOCAL adapts this approach to select the most

promising queries to explore. Quivr [143] also prunes candidate queries using active learning,

but only after enumerating all candidates. In contrast, EQUI-VOCAL integrates active

learning and labeling into the search process to ensure both synthesis efficiency and query

performance.
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2.7.2 Additional related work for VOCAL-SIFT

Language-guided visual decomposition. Prior work has used auxiliary semantic de-

scriptions, such as attributes, to recognize visual categories beyond those seen during train-

ing [119]. More recent work uses language models to enrich category names with visual

descriptions or concepts. CuPL [161] generates descriptive prompts for zero-shot classifica-

tion, Menon and Vondrick [145] compare images against LLM-generated category descriptors,

and LaBo [221] uses LLM-generated concepts to construct interpretable concept bottleneck

models. These methods show that language knowledge can expose visual properties useful

for recognition. VOCAL-SIFT uses a similar source of knowledge for a different purpose:

it decomposes high-level video queries into necessary predicates that can be aligned with

executable visual filters. Rather than directly classifying images from class descriptions or

concepts, VOCAL-SIFT uses these predicates as high-recall conditions for pruning videos

before expensive VLM evaluation.

User clarification. Interactive clarification has long been used to resolve ambiguity

in NL interfaces [159, 123, 70]. Recent LLM-based work extends this idea in two forms.

One line trains or fine-tunes models to ask clarifying questions or otherwise handle am-

biguity [107, 14, 238], while another relies on prompting or in-context learning without

task-specific training [114, 237, 56]. These methods typically detect ambiguity, ask follow-up

questions, and then refine the query or response using additional user feedback. Adapting

this approach to video querying that includes high-level predicates could allow the system

to ask the user for the objects, relationships, and attributes that should hold for the target

event. However, this approach places substantial burden on the user. VOCAL-SIFT in-

stead performs this reasoning automatically. Our user study in Section 5.5.7 shows that this

automatic decomposition reduces task completion time compared with human clarification,

without degrading filtering quality or task success.
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Chapter 3

EQUI-VOCAL: SYNTHESIZING QUERIES FOR
COMPOSITIONAL VIDEO EVENTS FROM LIMITED USER

INTERACTIONS

In this chapter, we present EQUI-VOCAL (Figure 3.1), our system for querying video

databases by enabling users to provide a few positive and negative examples of the com-

positional events they are trying to find. As we discussed in Chapter 1, a video database

management system (VDBMS) enables users to query a video database declaratively. Sys-

tems that pre-date EQUI-VOCAL would typically either train a model for the event of

interest [30, 74] or use extended SQL for this purpose [67, 33, 131, 43, 217, 143, 23]. The

first approach can be impractical in many settings as it requires a large quantity of labeled

examples for each new event [201, 241]. The latter approach is also challenging as it requires

expertise in SQL, and it can even be tedious for SQL experts because there are typically

many plausible ways to express the same event and the best formulation depends on the

data.

Consider the following example. Suppose a traffic engineer wants to understand road

hazards involving car and motorcycle interactions (e.g., motorcycles swerving abruptly in

front of turning cars). Although many computer vision models exist that detect common

objects (e.g., “cars” and “motorcycles”) [212] and relate objects spatially (e.g., “bottom of”,

“left of”, “near”) [112], a specific classifier that identifies “a motorcycle swerving in front

of a car, while the car is turning at an intersection” is unlikely to exist [30, 74]. Worse,

training one would require many hours of user effort in labeling for a single query. Given

the relative rarity of most interesting events, finding sufficient positive instances further
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Figure 3.1: EQUI-VOCAL workflow. Given 1○ a video dataset, 2○ user-defined functions
that extract semantic information from videos, and 3○ a few user-provided labels, EQUI-
VOCAL synthesizes a query to find instances of an event of interest. It iteratively 4○ asks
the user for more labels to reduce its uncertainty. Once synthesized, it 5○ executes the query
to return matching events on unseen videos.

exacerbates these labeling requirements. In our example, there will be many instances of

cars and motorcycles in intersections. Only rarely would a motorcycle swerve in front of a

turning car. Even when the engineer instead tries to express this event declaratively—for

instance, by composing primitives such as near and front of—there are multiple plausible

formulations, and the best one depends on the data (e.g., in a given video, motorcycles may

be swerving from outside the frame, as illustrated in Figure 3.3, discussed later). Systems

that ask users to sketch their events [43, 31] have the same brittleness: an event of interest

may deviate from the exact user-provided sketch.

EQUI-VOCAL avoids these difficulties by synthesizing declarative queries on behalf of

users from a small number of labeled video segments. As shown in Figure 3.2, the user

labels a few positive and negative examples of the event of interest. EQUI-VOCAL then

synthesizes a declarative query and executes it on the remaining large pool of video data to

identify other examples of the desired event.
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Figure 3.2: An example of user-provided labeled video segments. Each row shows frames
sampled from one video segment, ordered from left to right in time. The user provides three
positive examples and two negative examples for the query: “A red car is initially in front of
another car, then drives behind and near that car.” In our experiments, EQUI-VOCAL can
synthesize queries from as few as two positive examples and ten negative examples labeled
with respect to the event of interest.

EQUI-VOCAL supports users’ search for complex events without requiring any specific

domain knowledge, with limited effort, and without requiring precise declarative specifica-

tions or sketches. Similar to other systems, we use the insight that while most user queries

are new and unseen, they are usually composed of known, previously seen atoms. Computer

vision models for common atoms already exist such as objects (e.g., “car”, “backpack”) and

their spatial and semantic relationships (e.g., “left of”, “holding”). Formally, such a composi-

tion of visual scenes is referred to as a scene graph in the computer vision community [113, 91]

and was developed from its cognitive grounding in human perception [230, 117, 24]. Key

to EQUI-VOCAL’s contribution is to encapsulate spatio-temporal scene graphs in its data
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model and use them to define a query language. A spatio-temporal scene graph conceptual-

izes the contents of a video as a sequence of graphs, each graph representing a single video

frame. Each graph contains vertices, which represent objects in the frame; edges represent

the relationships between those objects. Each object can possess a set of attributes that de-

scribe its properties (e.g., “red”, “leather”). EQUI-VOCAL extracts relevant data from each

video using user-provided functions: i.e., pre-existing detectors and classifiers; it synthesizes

queries as a composition of extracted scene graph atoms. We show that EQUI-VOCAL’s

data model and query language, both based on the relational model, can express a variety

of compositional queries.

Leveraging scene graphs, EQUI-VOCAL contributes a new query synthesis approach

that finds user events with far fewer labeled examples than would be required to train a

specialized machine learning model directly, and that works on noisy, video-scale data and

complex events. To support query synthesis in such an environment, EQUI-VOCAL solves

two technical challenges: it reduces computational effort and user effort.

EQUI-VOCAL reduces computational effort by limiting query search using scene

graphs, by pruning search paths using beam search, and by avoiding expensive database

operations. First, unlike prior query-by-example techniques that synthesize arbitrary

SQL [63, 162, 124, 204, 195], EQUI-VOCAL reduces the search space by limiting the query

search to sequences of scene graphs. Second, synthesizing queries over sequences of scene

graphs can still be a computationally slow process to traverse the search space of possible

queries. Existing query-by-example systems enumerate all possible queries; although prun-

ing techniques like equivalence classes [198], over-approximation [204], and lifting projection

operators [195] can be used to reduce the search space, these mechanisms are not sufficient

to make exhaustive exploration tractable. Instead, EQUI-VOCAL adopts a beam search

strategy to explore the query space efficiently. Beam search limits exploration to a subset

of the most promising branches at each step. Third, executing the many candidate queries

on the user examples is prohibitively expensive. Existing systems [204, 195] evaluate can-

didate queries with many joins and thus do not scale well when the size of user examples
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becomes large. EQUI-VOCAL carefully generates efficient queries that avoid expensive op-

erations such as recursive joins. EQUI-VOCAL comes with a set of optimizations to generate

efficient SQL statements and uses the PostgreSQL database engine to execute them.

EQUI-VOCAL reduces user effort by using active learning and by being robust to noise.

With active learning, EQUI-VOCAL reduces the number of labeled examples needed: instead

of asking a user to provide all examples up front, EQUI-VOCAL iteratively requests labels of

carefully selected additional examples to reduce the uncertainty in query synthesis. Noise can

naturally creep into systems that interface with user labeling, machine learning models, and

potentially ambiguous real-world events. Distinct from other existing systems [195, 143],

EQUI-VOCAL searches for queries that best match potentially noisy data and input. It

also retains imperfect query candidates at every iteration and uses regularization to prevent

overfitting to noise or limited user input.

In summary, EQUI-VOCAL makes the following contributions:

• We introduce an expressive data model and a query language based on spatio-temporal

scene graphs (Section 3.1).

• We propose a new approach that efficiently synthesizes the user’s intended query from

examples. We limit the query search space using scene graphs, prune search paths

using beam search, leverage active learning to reduce user effort, and handle noisy

data (Section 3.2).

• We implement a set of optimizations to generate efficient SQL query statements and

reduce computational effort during query synthesis (Section 3.3).

• We evaluate our approach on synthetic and real datasets [224, 21] and show that

it outperforms two baselines [195, 143]—in terms of F1 score, synthesis time, and

robustness to data noise—and can flexibly synthesize complex queries that the baselines

do not support. We also conduct a user study to show the performance of real users

using EQUI-VOCAL (Section 3.4).
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Figure 3.3: Example frames of multiple, simultaneous car-motorcycle interactions (generated
using [77]). EQUI-VOCAL represents video content as a sequence of region graphs in its data
model. Each region graph models a single video frame (left figure), with nodes representing
objects and edges representing relationships. A region graph is a subset of the full scene
graph (not shown).

Overall, EQUI-VOCAL is an important step toward making video database management

systems more accessible to experts and non-experts alike, by easing the task of expressing

queries over videos.

3.1 EQUI-VOCAL data model

This section describes EQUI-VOCAL’s data model and query language, which we briefly

introduced in our vision paper [52], but develop in depth here. Section 3.2 shows how EQUI-

VOCAL synthesizes queries from user input using this data model.

For ease of presentation, we use a simplified, running example, where a traffic engineer

seeks to find instances of “a car arriving from the left and passing a motorcycle at the

intersection.” Figure 3.3 shows two representative frames from a video that contains such

an event. We show other example queries in Section 3.4.

3.1.1 Scene graphs as our data model

EQUI-VOCAL represents a video V as a set of short, non-overlapping video segments, v ∈ V

(5-second segments in our prototype implementation). Each video segment is a sequence
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of N frames {f1, . . . , fN}. We represent each frame as f = (vid, fi, pixels), where vid and

fi identify the video segment and the frame index within that segment, and pixels stores

the frame’s pixel values as a H × W × 3 array (H is height, W is width, and 3 denotes

the color channels). The Frames relation in Table 3.1 stores one row per frame; in our

prototype, pixels is implemented as a virtual column and is accessed only when a user-

defined function requires raw frame data. The visual content of each frame is represented by

a scene graph [113]: A scene graph gi = (oi, ri) contains the set of all objects oi in a frame,

along with a set of all relationships ri between those objects. Often a scene graph contains

more information than is necessary to identify an event, and so the literature also defines a

region graph gij, which is a subgraph of gi, i.e., gij ⊆ gi. Figure 3.3 (left) shows an example

frame and region graph.

We define an object in a frame as o = (vid, fi, oid, oname, bbox), where fi is the sequence

number of frame i in video segment, vid. oid is a unique identifier of the object in the video

segment, oname is the class name of the object (e.g., “car”, “motorcycle”), and bbox is the

bounding box containing the object in frame, fi. A bbox is represented by its upper-left and

bottom-right coordinates, i.e., bbox = (x1, y1, x2, y2).

Objects can have intra-frame relationships defined as r =

(vid, fi, rid, oidsub, rname, oidtar), where rid is a unique identifier of the relationship

in frame, fi. Subject, osub, is connected to target, otar, with the relationship class name,

rname (e.g., “near” or “holds”). Both subject and target belong to frame fi: i.e.,

osub, otar ∈ oi.

Objects can have attributes a = (vid, fi, oid, aname), where aname is the name of the

attribute, and vid, fi, and oid identify the video segment, frame, and object. EQUI-VOCAL

distinguishes state and property attributes. The former change over time and are typically

computed from the bounding box of an object (e.g., “bottom”). The latter capture intrinsic

properties of objects and are immutable (e.g., “red”).

Finally, an event e is a temporally ordered sequence of region graphs e =

(eid, {g1, . . . , gk}). Region graphs in an event do not need to be contiguous or distinct.
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Table 3.1: Relational schema representation of data model.

Frames(vid, fid, pixels)

Objects(vid, fid, oid, oname, x1, y1, x2, y2)

Relationships(vid, fid, rid, oid1, rname, oid2)

Attributes(vid, fid, oid, aname)

Example. Suppose that the two frames in Figure 3.3 are the 10th and 15th frames of

a video segment V1, and that the motorcycle and car are the 7th and 9th objects de-

tected in V1. Then, for the left frame, we generate the region graph g1 = (o1, r1),

where: o1 = {o11, o12} represents the car o11 = (V1, F10, OID9, car, bbox1) and the mo-

torcycle o12 = (V1, F10, OID7,motorcycle, bbox2) and r1 = {r11} contains a relation-

ship r11 = (V1, F10, RID1, OID9, leftOf, OID7). The car also has an attribute a11 =

(V1, F10, OID9, bottom). We can define the region graph g2 for the right frame similarly.

The only difference will be the relationship between the object will indicate that the car is

now rightOf the motorcycle. Finally, the event e = (EID1, {g1, g2}) represents a car arriving

from the left and passing a motorcycle at the intersection.

The relational schema in Table 3.1 captures the above data model. The benefit of using

a relational schema is that we can execute relational queries to specify region graphs and

find events of interest, which is flexible and follows the well-understood semantics of the

relational model. For each video (or collection of related videos), EQUI-VOCAL creates a

view with this schema. In Section 3.3 we describe when and how relations in the view are

materialized.

To populate each relation, EQUI-VOCAL uses available user-defined functions (Fig-

ure 3.1). User-defined functions can be provided by the user or be available publicly in

the form of existing machine learning models, such as object detectors. Various user-defined

functions can be declared in EQUI-VOCAL: (i) an object detector [170] that takes a video

frame as input and outputs the set of objects and their bounding boxes, (ii) an object track-

ing algorithm [212] that takes objects in consecutive frames as input and, for each pair of
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objects, determines if they are the same, and (iii) a set of pre-trained models (e.g., [112])

or rules that can take two objects in the same frame as input and determine their relation-

ship (e.g., “near”, “behind”, “riding”, “holding”) or that can take one object as input and

determine its attributes (e.g., “bottom”, “red”). In our experiments, EQUI-VOCAL uses a

general-purpose object detector [78] to locate objects and intrinsic attributes of objects to

generate trajectories across frames [224].

3.1.2 Scene graphs as our query language

EQUI-VOCAL could execute arbitrary relational queries on the view defined above. How-

ever, this would form an intractable search space, making query synthesis unusably slow for

most real-world applications. Instead, we define a query language that is more restrictive,

affording a smaller search space and therefore, faster synthesis. We constrain queries to (i) a

temporally ordered sequence of region graphs, (ii) a set of predicates, (iii) a set of duration

constraints, (iv) a window specification, and (v) to output video segment identifiers. Using

Datalog and with some abuse of notation, a query in EQUI-VOCAL can be expressed as:

q(vid) :- g1, . . . , gk,p,d, w, where:

• A temporally ordered sequence of region graphs g1, . . . , gk specifies that a matching

event consists of g1, followed by g2, followed by g3, etc. Each gi is specified with a set

of atoms: Objects, Relationships, and Attributes joined on a shared vid and fid.

Moreover, each gi can persist for multiple frames and there can be other frames between

gi and gi+1.

• A set of predicates p can be applied to objects, relationships, and attributes. In our

example, predicates would specify that the query is looking for “car” and “motorcycle”

objects, that the car needs to be “left of” then “right of” the motorcycle, and that the

car should be at the “bottom” of the frame.
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• A set of duration constraints d can be applied to region graphs and define the minimum

number of contiguous frames that a region graph gi should be valid before transitioning

to the next region graph gi+1.

• A window specification w is the maximum number of frames that can separate g1 from

gk.

For example, following the above restricted template, the event in Section 3.1.1 can be

expressed with the following Datalog rules:

g1(vid, fid, oid1, oid2) :-

Objects(vid, fid, oid1, 'car', _, _, _, _),

Objects(vid, fid, oid2, 'motorcycle', _, _, _, _),

Relationships(vid, fid, _, oid1, 'leftOf', oid2),

Attributes(vid, fid, oid1, 'bottom'), oid1 != oid2.

The above rule will find frames in video segments that contain a car and a motorcycle,

such that the car is on the left of the motorcycle, and the car is at the bottom of the frame,

where the intersection is located. Next, the event will likely consist of a sequence of such

frames, which can be captured with the following recursive rules:

g1_star(vid, fid, fid, oid1, oid2) :- g1(vid, fid, oid1, oid2).

g1_star(vid, fid_start, fid_end, oid1, oid2) :-

g1_star(vid, fid_start, fid, oid1, oid2),

g1(vid, fid_end, oid1, oid2), fid_end = fid + 1.

We could use equivalent rules to define g2 and g2 star. Finally, the query that returns

matching video segments takes the form:

The predicate fid21 > fid12 indicates that the second sequence of region graphs should

follow the first one. The predicate allows for a gap between sequences, which may arise, for

example, if something obstructs the vehicles from the camera’s view. Finally, fid22−fid11 <
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q(vid) :- g1_star(vid, fid11, fid12, oid1, oid2),

g2_star(vid, fid21, fid22, oid1, oid2),

fid21 > fid12, fid22 - fid11 < 1800.

Table 3.2: Comparison between compositional video analytics systems.

SVQ++
[33]

Chen
et al.
[44]

Caesar
[131]

STAR
[43]

VidCEP
[217]

CVQL
[116]

Quivr
[143]

Rekall
[67]

Ours

Object detection ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Object tracking ✓ ✓ ✓ ✓ ✓ ✓ ✓
Relationship ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Attribute ✓ ✓ ✓ ✓

Conjunction ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Sequencing ✓ ✓ ✓ ✓ ✓ ✓ ✓
Iteration ✓ ✓ ✓ ✓ ✓
Window ✓ ✓ ✓ ✓

Query by example ✓ ✓

1800 puts a time constraint on the event (a 30-second time-window, assuming 60 frames per

second).

To summarize, EQUI-VOCAL’s query language is a subset of Datalog with recursion,

expressed on a specific schema. In Section 3.3, we explain how we avoid executing expensive

recursive queries.

3.1.3 Expressiveness of our data model

We compare the expressiveness of EQUI-VOCAL’s data model against other compositional

video analytics systems in Table 3.2. Among them, SVQ++ [33] only supports spatial

relationships between two objects, Chen et al. [44] only supports temporal queries that

count co-occurring objects. Caesar [131], STAR Retrieval [43], and VidCEP [217] lack the

important feature of iteration that allows a region graph to persist for multiple frames and

thus cannot support duration constraints. CVQL [116] does not track objects and all its

predicates are defined at the object class level. Quivr [143] has similar expressiveness to us,
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but is limited to trajectory queries. Rekall [67] introduces a flexible Python library for video

event specification, but requires that users manually write and refine queries.

Our data model currently does not support tertiary relationships between three objects,

such as “a person hitting a ball with a bat”. The closest approximation we have is “a

person holding a bat” and “a bat hitting a ball”. We also do not support disjunctions or

negations. Several existing systems have support for these operators. For example, Chen et

al. [44] supports arbitrary CNF queries, Caesar [131] supports disjunctions, and Rekall [67]

can flexibly support all three operators. However, the focus of these systems lies in query

execution, rather than in learning query specifications from examples, which is the primary

focus of this work.

Datalog and scene graphs serve as the foundation of our query language. By building

on the relational model and Datalog, we ensure that our queries have precise and well-

understood semantics. By focusing on queries that specify a desired sequence of region

graphs, we constrain the search space for queries, which accelerates synthesis, we are able to

optimize the execution of those queries (compared with trying to support arbitrary recursive

Datalog queries), and we are still able to capture events that occur in videos, where objects

interact with each other in space and time.

3.2 Query synthesis

With our data model and query language defined, we now formally present the query

synthesis problem statement, then describe all the components of our proposed solution.

3.2.1 Query synthesis problem statement

Following the aforementioned data model, a user would like to execute a query qu on video

database D that returns a set of video segment identifiers, Voutput = qu(D). Given the

user’s intended query, qu, each video segment vi can be seen as having a ground-truth label

yi ∈ {0, 1} indicating whether it matches qu. Initially, both the ground-truth labels and qu
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Algorithm 1: Query synthesis algorithm that returns top-k synthesized queries
matching user input.

Input : U - set of unlabeled video segments
L - set of labeled video segments
P - set of user-defined functions
b, bw, sq, sv, k - hyperparameters

Output: Qt - set of top-k target queries
1 S ← {q∅}
2 while |S| > 0 do
3 S ′ ← {}
4 foreach q ∈ S do
5 S ′ ← S ′ ∪ExpandQuery(q, P )
6 if |L| < b then
7 L,U ← PickNextSegments(L,U, S ′)
8 S ← SampleQueries(S ′, L, bw)
9 Qt ← Qt ∪ S ′

10 Qt ← RetainTopQueries(Qt, L, k)

11 return Qt

are unknown because the user is unable to specify qu and can only label video segments as

positive or negative instances. The goal of EQUI-VOCAL is to synthesize a target query,

qt ∈ Q, that is the best approximation of qu in its search space. When executed over database

D, qt should yield the best measure performance (e.g., F1 score):

qt = argmax
q∈Q

measure(q(D), qu(D))

EQUI-VOCAL can request a label from the user O: yî = O (vi). Since user labels may

be noisy, it is possible that yî ̸= yi. Given that enumerative search is intractable, EQUI-

VOCAL uses a heuristic approach to find an approximately-best query q̂t to the objective,

while reducing both user effort and query synthesis time.

3.2.2 Query synthesis algorithm overview
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Algorithm 1 provides an overview of EQUI-VOCAL’s synthesis algorithm. It traverses

the space of possible queries to synthesize a final target query that matches the user’s intent.

The algorithm takes as input the set of unlabeled video segments, U , and a small set of

labeled segments, L. L is provided by the user and should include both positive and negative

examples of the desired event. In our experiments, we require as few as two positive and ten

negative examples. While providing two positive examples requires some work from the user,

such a setting is common in query-by-example approaches [143, 63, 168]. We leave starting

with zero examples for future work. The algorithm also takes as input a set of user-defined

functions, P , comprised of indicator functions for object classes (e.g., “car”), relationships

(e.g., “near”), and attributes (e.g., “red”). Algorithm 1 enumerates P when expanding its

search space.

The algorithm returns a set of target queries, Qt, which is the top-k synthesized queries

ranked by a performance measure (F1 score in our prototype implementation) and is updated

regularly through the search process. The learned queries can be applied to unseen videos

to find video segments containing the matching event. By default, EQUI-VOCAL returns

the top-k queries but then executes the best one over unseen videos. The user can also

randomly sample one query from Qt, execute multiple queries from Qt and aggregate the

results, or manually examine Qt to pick the intended query. If the user is not satisfied with

the synthesized query, they can edit it directly. The user can also restart the search with

a larger number of initial examples by reusing the video segments labeled during the last

session. Moreover, the user could provide a starter query to EQUI-VOCAL (e.g., a simple

query or an earlier query) rather than starting from an empty query.

To populate Qt efficiently, EQUI-VOCAL synthesizes queries in a bottom-up fashion.

It starts with an empty query, q∅, and incrementally adds predicates to it, up to a certain

complexity (ExpandQuery method on line 5 and Section 3.2.3). At each step, different

predicates can be added to a query, expanding the search in multiple directions. To limit

the size of the search space and ensure fast query synthesis, EQUI-VOCAL adopts a beam

search-style strategy (SampleQueries method on line 8 and Section 3.2.4).
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Figure 3.4: Running example of the query synthesis algorithm. The algorithm starts with q∅
and synthesizes queries by iteratively (a) expanding queries, (b) selecting new video segments
for the user to label, (c) sampling a small set of queries for further expansion, and (d)
updating a list of top-k queries after each iteration. The algorithm returns Qt = {qi}.

An important challenge for EQUI-VOCAL is that learning a query from a small number

of user-provided examples is difficult. To address this challenge, EQUI-VOCAL uses active

learning to effectively guide the query synthesis process and identify good target queries with

limited initial and additional user effort. Specifically, method PickNextSegments on line

7 and in Section 3.2.5 uses active learning to select additional video segments for the user to

label in order to effectively differentiate between multiple candidate subqueries, and expand

the search in the most promising directions.

At the end of each iteration, method RetainTopQueries (line 10 and Section 3.2.6)

maintains a list of top-k queries seen so far, which is larger than the number of queries

selected for additional expansion, in case a query seen earlier in the search ends up with the

best score on the final labeled set of segments, or, as mentioned above, to give users options

if they would like to try alternative, high-performing queries.

The algorithm has several hyperparameters, including a labeling budget b (i.e., the max-

imum number of labels the user is willing to provide), the number of candidate queries to

retain during exploration bw (i.e., the beam width), the number of candidate queries, sq, and

the number of candidate video segments, sv, sampled during active learning, and the num-

ber of queries in the final answer k. Figure 3.4 illustrates the algorithm using the running

example.
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3.2.3 Query expansion

Existing query-by-example systems use sketch-based query synthesis approaches [195, 204,

143] to enumerate candidate queries. A sketch query is a query with unspecified parts

in the form of holes and these approaches enumerate the search space by first generating

high-level sketch queries and then filling them with low-level details. However, enumerative

search is slow and memory-intensive. Inspired by execution-guided synthesis approaches [42,

89], which treat a program as a sequence of manipulations and use the results of partial

programs to guide the search, EQUI-VOCAL explores the search space based on the results

of executing intermediate queries on the examples. Instead of synthesizing sketch queries

with uninstantiated holes that cannot be executed directly, or directly applying techniques

from [42, 89], which require a large amount of data to train a neural synthesizer, EQUI-

VOCAL expands queries by adding instantiated and executable constraints, executing partial

queries to assess the promise of each explored path, and iteratively refining a query towards

the target query.

In our synthesis algorithm, method ExpandQuery(q, P ) takes as input a query q to

expand, and a set of user-defined functions, P to construct more complex queries. The

function returns a set of expanded queries as illustrated in Figure 3.4(a).

Our query synthesis approach uses a compact query notation, which can be seen as a

DSL. The DSL captures the logical structure of the queries to synthesize and key query

parameters, but omits the details of the full, underlying SQL (or Datalog). This approach

is important for several reasons: First, since we do not generate arbitrary SQL, but rather

queries that conform to the structure presented in Section 3.1.2, the DSL captures that

structure precisely, simplifying the search space and guiding synthesis toward the correctly-

structured queries. Second, this approach helps to decouple the logical query specification

from the details of the SQL queries that are ultimately executed. As we present in Section 3.3,

critical optimizations are necesssary during the translation from our DSL to SQL to achieve

efficient query execution.
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In our DSL, we use a variable o to represent an object in a query. Different variables rep-

resent objects with different oid’s. All predicates of a region graph are connected by commas

and are represented with shorthand notations that specify an attribute name (e.g., Red(o1),

Bottom(o1)) or a class name (for objects and relationships, e.g., Car(o1), LeftOf(o1, o2)).

Then, region graphs are connected in sequence with semicolons. For example, the query for

the event from Section 3.1.1 can be represented as:

q =(Car(o1), Motorcycle(o2), LeftOf(o1, o2), Bottom(o1));

(Car(o1), Motorcycle(o2), RightOf(o1, o2), Bottom(o1))

We further use the notation Duration(g, d) to require that the region graph g exist in at

least d consecutive frames.

During query synthesis, EQUI-VOCAL expands queries written in our DSL. Expand-

Query takes any of the following three actions : (i) Graph construction (GC): Add a predi-

cate to an existing region graph. (ii) Sequence construction (SC): Insert a new region graph

consisting of one predicate into any position of the existing sequence of region graphs. (iii)

Duration refinement (DR): Increment the duration constraint of an existing region graph in

the sequence.

As shown in Figure 3.4(a), EQUI-VOCAL starts with an empty query q0 = q∅. In

iteration 1, EQUI-VOCAL takes action SC to expand q0. This results in q1 to q5, each

consisting of a single region graph with one predicate drawn from P . In iteration 2 of

Figure 3.4(a), EQUI-VOCAL first expands q1 = LeftOf(o1, o2). Performing action GC leads

to q6 = (LeftOf(o1, o2), Bottom(o1)); SC leads to q7 = LeftOf(o1, o2); Bottom(o1); and DR

leads to q8 = Duration(LeftOf(o1, o2), 5), assuming the granularity of Duration is 5 frames.

Deciding which actions to take to expand queries is an important design decision in

EQUI-VOCAL. Imagine the search space as a directed acyclic graph (DAG), where each

node represents a possible query in the search space, the root node represents the empty

query q∅, and the query of each child node is constructed by applying one action to its

parent node. We consider two extreme expansion rules: A restrictive rule (Figure 3.5a) only

allows each query to have one construction path in the DAG, while a relaxed rule allows each
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(b) Relaxed expansion.

Figure 3.5: A restrictive rule constrains each query to have one construction path, while a
relaxed rule allows for multiple paths. Though a relaxed rule results in a larger search space,
it is more likely to find queries with high performance than a restrictive rule.

query to be generated through all possible permutations of actions with multiple construction

paths (Figure 3.5b). Our early experiments showed that the restrictive rule led to poor

performance: In some cases, queries with high performance were not found because their

ancestor queries (i.e., intermediate parent queries) were not good and were getting pruned.

Since different predicates and their combinations have different selectivity and contribute

differently to the final query performance, the relaxed rule allows the algorithm to focus on

synthesizing the more dominant part of the query during early iterations, avoiding all paths

to the target query being accidentally pruned. The cost of a relaxed rule is a larger search

space and slower query synthesis. In the example of Figure 3.5, queries are constructed

following the paths highlighted in blue, assuming only the best query is expanded at each

step. The restrictive rule selects the query B;C;A with a score of 0.5 rather than A;B;C

with a score of 0.9, because A has a lower F1 score than C and B. On the other hand, using

the relaxed rule selects A;B;C by first constructing C, then adding B and A to the sequence.

EQUI-VOCAL follows the relaxed rule: GC can add any predicates that are not already in

the region graph (predicates of the same user-defined function but different variables are

considered different); SC can insert a new region graph before and after any existing region
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graph; DR can increment the duration constraint of any existing region graph.

3.2.4 Beam search

When traversing the search space, we can greedily expand only the top query or exhaustively

expand all. The former is quick to compute but may not find the target query at the

end, while the latter is optimal but comes with a prohibitive computational cost. EQUI-

VOCAL uses beam search to balance query performance and synthesis efficiency. Beam

search has a wide range of applications in problems with large search spaces, especially in

NLP [135, 115, 200]. The greedy approach can be viewed as a special case of the beam

search with a beam width of one, and the exhaustive search is equivalent to a beam search

with an infinitely large beam width. Beam search reduces runtime by limiting the number

of explored branches at each iteration. However, the search outputs are not guaranteed to

be optimal. Search quality depends on how branches are expanded, scored, and pruned. In

our approach, method SampleQueries(S ′, L, bw) retains the top bw queries to expand by

evaluating the F1 score of the S ′ candidate queries on the set of labeled video segments L

(see Figure 3.4(c)). Prior work has analyzed the theoretical properties of beam search under

certain assumptions (e.g., monotonicity of scoring functions [142], Bayes optimality of tree

models under approximations [242]). While in this work, we directly use the F1 score as the

scoring function and to retain top queries, other more sophisticated scoring functions and

pruning techniques can be used as alternatives [142, 200, 7]. We show the effectiveness of

our synthesis algorithm empirically in Section 3.4.

3.2.5 Active learning

One challenge with asking the user for only a handful of examples of the intended event is

that we risk overfitting, but asking the user to find a larger number of initial examples is

difficult. To address this challenge, we use active learning during query synthesis.

Many active learning methods have been proposed in the literature with the goal of la-

beling samples that maximally improve a model trained on those samples. E.g., uncertainty-
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based sampling [122], estimated error reduction [175], and core-set approach [184]. In our

work, we use active learning to label samples that help us identify which candidate queries are

better than others. To do so, we need to label samples where candidates disagree: Therefore,

we use disagreement-based active learning [104]. At every iteration, EQUI-VOCAL asks the

user for a handful of additional labels to differentiate between the bw queries retained from

the previous iteration. Intuitively, this method picks the video segments where the retained

queries disagree the most. A similar idea appears in the query-by-committee algorithm [186]

and has been used in other program synthesis and query synthesis systems [93, 143]. EQUI-

VOCAL’s contribution is to incorporate active learning in each iteration of the search process,

ensuring an interaction-level labeling experience. Using active learning reduces the number

of data points a user has to provide; additionally, we posit that it is easier for users to label

system-selected examples than to come up with their own.

During each call to PickNextSegments(L,U, S ′), EQUI-VOCAL computes a score for

a sample of unlabeled video segments U over the candidate queries S ′ and then picks the

video segments with the largest disagreement. The score of each sampled, unlabeled video

segment is computed as the weighted disagreement between the candidate queries. The

weight of each candidate query is set to its regularized performance over the labeled set

L (Section 3.2.7). While the algorithm in [104] is designed for the setting where labeling

candidates are streamed, EQUI-VOCAL instead maintains a pool of candidates. Therefore,

for each call to PickNextSegments, EQUI-VOCAL computes the score for a sample of

unlabeled video segments sv over a sample of candidate queries sq and then picks the best

one. The function updates L and U given the new user labels. As shown in Figure 3.4(a),

EQUI-VOCAL generates five candidate queries q1 to q5 in iteration 1. Among them, q1 has

the highest score 0.6, while q2 and q3 give the same second highest score 0.4. EQUI-VOCAL

requests a new video segment to be labeled (Figure 3.4(b)), which distinguishes q3 from q2

(Figure 3.4(c)).

Before query synthesis begins, users can set the labeling budget as a hyperparameter.

EQUI-VOCAL precomputes the number of iterations of query expansion it will perform and
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uniformly divides the labeling budget among iterations. At every iteration, EQUI-VOCAL

asks for new labels only if it has a labeling budget left to do so; otherwise, it proceeds to

synthesize queries without requesting new labels. EQUI-VOCAL precomputes the number of

iterations by relying on the hyperparameters (Section 3.3) that bound the search process and

the query expansion rules (Section 3.2.3), which increments the complexity of synthesized

queries in each iteration.

3.2.6 Retaining top queries

At the end of each iteration, EQUI-VOCAL updates its list of candidate final queries in or-

der to retain k best performing ones, as measured by their F1 scores on the labeled dataset.

RetainTopQueries(Qt, L, k) evaluates all candidate queries Qt on labeled set L and re-

turns the top k (Figure 3.4(d)).

In Figure 3.4(d), at the end of iteration 1, EQUI-VOCAL stores q1 in Qt because k=1,

and q1 has the highest score. When the algorithm terminates, EQUI-VOCAL returns qi as

the final query. In our evaluation, we set the default value of k to 100 (and to 1000 for a

more complex dataset), which ensures both low overhead and high-performing final queries.

3.2.7 Regularization

EQUI-VOCAL retains top queries using their F1 scores on the smaller L labeled set. This

can lead to overfitting since there are likely too few training examples to accurately evaluate

each candidate query. To prevent overfitting, we regularize the score of each candidate query

by adding the term: scorereg(q) = score(q)−λ ·R(q), where λ controls the importance of the

regularization term. R(q) represents the complexity of the query q: R(q) =
∑︁k

i=1

(︁
α1npi +

α2ndi+α3ndinpi

)︁
. Here, k is the number of region graphs in q, npi is the number of predicates

in the ith region graph gi, and ndi denotes the scale of the duration constraint of gi. α1, α2,

and α3 are hyperparameters that control the importance of each term.
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Figure 3.6: Query execution example. EQUI-VOCAL reduces intermediate result sizes by
computing the earliest matching sequences for each region graph specification.

3.3 Query execution

As discussed in Section 3.2.3, we convert queries in our DSL into SQL and use a relational

engine (PostgreSQL in our prototype) to execute them. In this section, we discuss important

optimizations that we apply during this translation process.

Query translation algorithm. In Section 3.1.2, we show that queries over videos are

naturally recursive. Such queries, however, are slow to execute. To avoid recursion, we

leverage the observation that those queries express the idea of iteratively matching a region

graph in a contiguous sequence of frames, rather than arbitrary recursion. Therefore, we can

express them using window functions instead of recursion.

As a second optimization, we note that a query q in our DSL (Section 3.2.3) takes as

input a set of video segments V and returns all segments in V containing at least one event

that matches q. Therefore, instead of finding all satisfying events for each video segment, the

query execution needs to find only one. We leverage this observation to reduce intermediate

result sizes by producing SQL that efficiently computes the earliest matching sequences

for each region graph specification. This optimization applies to queries without window

specifications and whose duration constraints are of the form “¿” or “¿=”, which are the
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CREATE VIEW g1_windowed AS (

SELECT vid, fid,

oid1, oid2,

lead(fid, d1 - 1, 0) OVER (

PARTITION BY vid, oid1,

oid2 ORDER BY fid

) as fid_offest

FROM g1

);

(a) Q1: window

CREATE VIEW g1_iterated AS (

SELECT vid,

min(fid_offest) AS fid,

oid1, oid2

FROM g1_windowed

WHERE fid_offest

= fid + (d1 - 1)

GROUP BY vid, oid1, oid2

);

(b) Q2: iterate

CREATE VIEW g2_filtered AS (

SELECT t1.vid, t2.fid,

t1.oid1, t1.oid2

FROM g1_iterated t1, g2 t2

WHERE t1.vid = t2.vid

AND t1.oid1 = t2.oid1

AND t1.oid2 = t2.oid2

AND t1.fid < t2.fid

);

(c) Q3: filter

Figure 3.7: SQL snippets. EQUI-VOCAL generates efficient SQL queries by avoiding recur-
sions and pruning intermediate results.

only types of queries that EQUI-VOCAL currently generates.

As a concrete example, consider Figure 3.6. Assume we want to execute a query q =

Duration(g1, 2); Duration(g2, 2); g3, where g1 = Far(o1, o2), g2 = Near(o1, o2) and g3 =

Behind(o1, o2). Also, we only consider one permutation of objects for each video segment

in this example for simplicity. The event that q looks for consists of a contiguous sequence

of g1 for at least d1 = 2 frames, followed by a contiguous sequence of g2 for at least d2 = 2

frames, etc.

Consider video segment v1. For the first region graph g1, we only need to extract the

earliest matching segment of g1, which is e11 = {g12, g13}. This is because, for every satisfying

event for the query, we can replace its matching segment of g1 with the earliest one and the re-

sulting event will still be a match to the query. e2 = {g13, g14, g25, g26, g37} is a matching event

for q. By replacing e12 = {g13, g14} with e11 = {g12, g13}, we get e1 = {g12, g13, g25, g26, g37},

which is still a matching event for q. For subsequent region graph g2, we first use the earliest

matching segment from g1 to retain matching frames of g2 that are temporally after the end

frame of the segment, which are g25 and g26. Then, we can use the same method as before

to find the earliest matching segment from g2, which is e21 = {g25, g26}. The same procedure

can be applied to g3, giving us e31 = {g37}. Thus, the earliest matching event for q in v1 is

e1. Video segment v2 does not contain any matching event of q.

The above algorithm can be expressed using SQL queries, as shown in Figure 3.7. Q1
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partitions the data on video ID and each unique permutation of groups of objects so that

each group of objects is analyzed separately, and sorts the data on frame ID. Next, for each

row, it gets the current frame ID as well as the frame ID that is d1 frames after the current

frame ID, or 0 if no such frame exists. The result of Q1 gives a table of intervals. Q2 then

finds the earliest matching segment for each combination of video and groups of objects.

Together, Q1 and Q2 find the earliest matching segment for Duration(g1, 2) without using

recursive joins. Q3 uses the earliest matching segment from g1 to determine where to look

for matching segments in g2. The example SQL snippets only contain two objects oid1 and

oid2. In general, Q1 and Q2 partition and group the data by all objects in the region graph

gi, and Q3 specifies all the constraints on objects across two region graphs in the where

clause. We demonstrate the impact of both optimizations in Section 3.4.5.

Caching. We implement an application-level cache to reuse sub-query results. EQUI-

VOCAL generates SQL queries as described above to find matching region graphs in the

sequence specified by the DSL query one by one. We cache the intermediate results of all

prefixes on the set of video segments to allow other queries sharing the same sub-queries to

reuse the results. For example, when executing the query q = g1; g2; g3 on video segments v1

and v2, we cache the results of q1 = g1, q2 = g1; g2, and q3 = g1; g2; g3 on v1 and v2. Later

on, if a query q′ = g1; g2; g4 is executed on v1 and v3, EQUI-VOCAL will reuse the cached

results of q2 = g1; g2 on v1 to improve performance.

Bounding the search space. EQUI-VOCAL synthesizes queries up to a certain maximum

size to ensure that the synthesis algorithm eventually terminates. Assume the number of

user-defined functions for object classes and attributes is m1 and the number of user-defined

functions for relationships is m2. We bound the query search space using a set of hyperpa-

rameters: the maximum number of region graphs (ng) in a query, the maximum number of

predicates (np) in the query, the number of possible values a duration constraint can take

(nd), and the number of unique objects allowed in a query (nv). The size of the search space

is then |Q| = O((ng(nvm1 + n2
vm2))

np · nng

d ).

Predicate evaluation. The current implementation of EQUI-VOCAL populates the
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Table 3.3: Example queries written for the trajectories dataset. “Pos %” is the percentage
of positive examples in the dataset.

ID Query Description Pos %

TQ1 (Near(o1, o2), Bottom(o1)) o1 is close to o2 while o1 is at the bottom. 7.0%
TQ2 Far(o1, o2); Near(o1, o2); Far(o1, o2) Two objects move from far to near, then to far. 7.5%
TQ3 Far(o1, o2); (Near(o1, o2),

Behind(o1, o2))
o1 and o2 are far away, then they move close and
o1 is behind o2.

12%

TQ4 Far(o1, o2); (Near(o1, o2),
Behind(o1, o2), Left(o1))

o1 and o2 are far apart, then they move close
and o1 is behind o2 and o1 is on the left.

6.5%

TQ5 (FrontOf(o1, o2), Top(o1)) o1 is in front of o2 while o1 is at the top. 45%
TQ6 Near(o1, o2); Far(o1, o2) Two objects move from close to far apart. 10%
TQ7 (Near(o1, o2), Left(o1),

Behind(o1, o2))
o1 is close to and behind o2 while o1 is on the
left.

8.5%

TQ8 (Far(o1, o2), Bottom(o1));
Near(o1, o2)

o1 at the bottom is far from o2, then they move
close.

6.9%

TQ9 (Far(o1, o2), Left(o1));
(Near(o1, o2), Left(o1))

o1 and o2 move from far to close while o1 is on
the left.

10%

TQ1D Duration(Far(o1, o2), 5);
Near(o1, o2); Far(o1, o2)

Two objects are far apart for at least 5 frames,
then they move close, then they are far again.

5.6%

TQ2D Duration(LeftOf(o1, o2), 5);
(Near(o1, o2), Top(o1));
Duration(RightOf(o1, o2), 5)

o1 is on the left of o2 for at least 5 frames, then
they move close and o1 is at the top, then o1 is
on the right of o2 for at least 5 frames.

6%

TQ3D Duration((Frontof(o1, o2),
Left(o1)), 15); Duration((Left(o1),
RightOf(o1, o2), Top(o1)), 5)

o1 is in front of o2 while o1 is on the left for at
least 15 frames, then o1 moves to the right of o2
while o1 is at the top left for at least 5 frames.

8.3%

Objects relation and the property attributes in the Attributes relation before query syn-

thesis (see Table 3.1), by executing ML models on all video frames. The Relationships

relation and the state attributes in the Attributes relation are computed lazily during query

execution since they do not require ML models in our prototype, and are thus inexpensive to

compute. In general, optimizing what information is computed before query synthesis and

what is computed lazily is not the focus of this work.

To simplify SQL query generation, we implement all predicates (except for join pred-

icates) in EQUI-VOCAL as user-defined functions that take attributes and bounding box

coordinates as input and return boolean values. In our prototype, we use PostgreSQL and im-

plement user-defined functions for state and relationship predicates that operate on bounding

boxes, and for property attribute predicates that operate on attribute names.
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Table 3.4: Example queries written for the real-world dataset. “# Pos ” is the number of
positive examples in the dataset.

ID Query Description # Pos

WQ1,2,3 (LaneA(o1), LaneA(o2), Near(o1, o2)) o1 and o2 are near and in the same lane. 164, 140, 228
WQ4,5,6 (LaneA(o1), HighAccel(o1));

(LaneA(o2), HighAccel(o2))
In lane 1, o1 accelerates rapidly and
then o2 accelerates rapdily.

790, 495, 657

WQ7 (LaneA(o1), LaneB(o2));
(LaneB(o1), LaneB(o2))

o1 is turning from lane A into lane B
while o2 is in lane B.

105

WQ8,9 (LaneA(o1), LaneC(o2));
(LaneB(o1), LaneC(o2))

o1 merges from lane A into lane B while
o2 is in lane C (which is next to lane B).

492, 216

WQ1,2D Duration((LaneA(o1),
LaneB(o2), Near(o1, o2)), 5)

o1 and o2 are in adjacent lanes and
close for at least 5 frames.

177, 435

WQ3,4D Duration((LaneA(o1),
LaneB(o2), Faster(o1, o2)), 5)

o1 and o2 are in adjacent lanes and o1
is faster than o2 for at least 5 frames.

471, 148

While EQUI-VOCAL provides the above user-defined functions, the user can also provide

additional user-defined functions incrementally as they use the system, and they can be

shared and reused across queries and users [209]. In practice, EQUI-VOCAL has to limit the

number of user-defined functions to a reasonable amount to ensure the efficiency of query

synthesis.

3.4 Evaluation

We conduct an experimental evaluation of EQUI-VOCAL. First, we show that on both

synthetic and real-world datasets, compared to existing systems, EQUI-VOCAL reduces the

query synthesis time by 1-2 orders of magnitude, achieves comparable or better F1 scores

under the same labeling budget, is more robust to noisy data, and explores and executes

queries more efficiently. Second, we show that EQUI-VOCAL is capable of synthesizing

more complex, flexible queries over arbitrary scene graphs, which existing systems cannot

handle. Third, We conduct a user study to demonstrate the effectiveness and usability of

EQUI-VOCAL. We further compare EQUI-VOCAL with a machine learning method and

conduct an ablation study by varying the various design choices outlined in the previous
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sections.

Baselines. To the best of our knowledge, there are no existing systems that can synthesize

queries over scene graphs. The most similar system to EQUI-VOCAL is Quivr [143], which

synthesizes queries over trajectories. Since object trajectories can be represented using scene

graphs, we compare our system against Quivr. We also compare against PATSQL [195],

which is a state-of-the-art query-by-example system for relational data.

Predicates. For the synthetic dataset, we use six relationship predicates (Near, Far,

LeftOf, RightOf, FrontOf, and Behind) and four state attribute predicates (Left, Right,

Top, Bottom) on all benchmarks. On the scene graphs dataset, we additionally use thir-

teen property attribute predicates corresponding to eight colors, two materials, and three

shapes (e.g., Red, Rubber, Cube). For duration constraints, we consider three possible values:

duration(g) ≥ 5, 10, or 15 frames. Section 3.3 discussed how EQUI-VOCAL evaluates these

predicates. For the real dataset, we use nine predicates: two relationship predicates (Faster,

Near) and eight state predicates (LaneK, Stopped, HighAccel). LaneK detects whether a car

is in lane K, and we identify five lanes in the video.

Data. We evaluate our system on both synthetic and real-world datasets. We first evaluate

on the CLEVRER dataset [224], which comprises synthetic videos of moving objects. This

dataset includes a variety of geometric shapes interacting in space and time, and comes with

ground truth data, facilitating testing queries with varying complexities. We create two

benchmarks from this data: trajectories and scene graphs datasets.

Trajectories dataset. We create a first dataset to test queries over trajectories, which

baseline systems support. We extract 10,080 pairs of object trajectories that overlap in time

from 500, 5-second video segments. Each trajectory pair is essentially a temporally ordered

sequence of bounding box pairs b = (xa1, ya1, xa2, ya2, xb1, yb1, xb2, yb2) representing two ob-

jects in a video segment. We manually generate a set of queries with varying complexities

(Table 3.3). To generate ground truth labels, we run each target query on the dataset. We

sample 500 trajectory pairs as training data (i.e., data used during query synthesis) and use

the rest as test data (i.e., to measure the quality of synthesized queries).
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Table 3.5: Query synthesis time (median, in seconds) for each method to achieve at least
0.9 F1 scores. EQUI-VOCAL successfully learns all queries with at least 0.9 F1 scores and
is faster than (or at least comparable to) the two baselines. (NA: not applicable, —: failed
due to insufficient F1 score or timeout)

(a) Simplified tasks.

Method TQ1 TQ2 TQ3 TQ4 TQ5 TQ6 TQ7 TQ8 TQ9

PATSQL 1.54 — 538 — 4.00 1.93 552 — —
Quivr 10.5 5.77 27.9 94.2 13.5 4.36 47.7 16.7 —
Ours 3.57 1.85 17.1 46.6 4.36 1.66 18.5 22.7 20.6

(b) Normal tasks.

Method TQ1 TQ2 TQ3 TQ4 TQ5 TQ6 TQ7 TQ8 TQ9 TQ1D TQ2D TQ3D

PATSQL NA NA NA NA NA NA NA NA NA NA NA NA
Quivr 7228 7428 8185 — 7839 3683 — 8756 — — — —
Ours 75.6 125 106 185 50.4 61.1 106 110 107 223 166 183

Scene graphs dataset. This more complex dataset contains scene graphs extracted from

the CLEVRER dataset, which baseline systems do not support. We extract scene graphs

from 10,000, 5-second video segments. For every frame of a video segment, we store the

object track ID (oid), bounding box coordinates, and object attributes (shape, color, and

material) of every object in the frame (the Objects and Attributes relations in Table 3.1).

We automatically generate three classes of queries with different complexities: easy, medium,

and hard. Each generated query contains exactly three variables (i.e., three distinct objects).

Easy queries have exactly three predicates on relationships and states, one property attribute

predicate, one region graph, and no duration constraints; medium queries have exactly five

predicates on relationships and states, two property attribute predicates, three region graphs,

and no duration constraints; hard queries have the same complexity as medium queries but

also include duration constraints with three possible values. Each class contains 40 queries.

Real-world dataset. We test on a 50-minute traffic video from the YTStreams dataset [21].

The dataset comes with car trajectories, and we further extract the velocity and accelera-

tion of each car trajectory as the object attributes, following the same procedure described
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in [143]. From the video, We create 72,159 pairs of overlapping car trajectories, using half of

them as training data and the rest as test data. As shown in table 3.4, we adopt 13 queries

from [143] for our evaluation, with some adjustments, including the use of a different in-

lane detection method, removal of real-valued parameters from predicates, and expression of

queries using scene graphs, and the introduction of additional queries with two scene graphs.

These queries capture a wide range of car behaviors.

Metrics. We report the F1 score and query synthesis time. We synthesize queries using the

training set and report the F1 score of the query (or the median F1 score if there are multiple

queries with the same best score on the training set) over the test set. Each experiment is

run 20 times for the trajectories and real-world datasets and five times for the scene graphs

dataset, and we report the median F1 score and query synthesis time over these runs.

Implementation details. We implement our prototype in Python with PostgreSQL as the

backend. The source code for EQUI-VOCAL is available at https://github.com/uwdb/

EQUI-VOCAL. We conduct all experiments except for the user study on a computing cluster

with Intel Xeon Gold 6230R CPUs at 2.10GHz. When measuring runtimes, we request one

node with one core and 100GB of RAM. Unless otherwise specified, we configure EQUI-

VOCAL as follows. For the trajectories dataset and the real-world dataset, we search for

queries with up to 5 predicates across up to 3 region graphs. We use beam width bw = 10,

λ = 0.01 for regularization (with α1 = α2 = 1, and α3 = 0.1, see Section 3.2.7), and we

set k = 100, sq=100, and sv = 100. For the scene graphs dataset, we search for queries

with up to 7 predicates, 3 region graphs, and 3 objects. Since the dataset is more complex

and challenging, we use a smaller λ (because the query complexity term, R(q) has a greater

absolute value) and a greater k. We use beam width bw = 10, λ = 0.001 for regularization

(with α1 = α2 = 1, and α3 = 0.1), and we set k = 1000, sq=100, and sv = 100.

The user study is conducted on an AWS EC2 c6id.4xlarge instance with 16 vCPUs

and 32GB of RAM. We search for queries with up to 7 predicates, 3 region graphs, and 3

objects. For duration constraints, we consider three possible values, 25, 50, and 75 frames,

which translate to 1, 2, and 3 seconds. To improve the interactivity of the system, we use

https://github.com/uwdb/EQUI-VOCAL
https://github.com/uwdb/EQUI-VOCAL
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a smaller beam width bw = 5 and a smaller sample of candidate queries sq = 25 for active

learning. We set sv = 100, λ = 0.001 and k = 100.

We consider two variants of Quivr. As per the original paper, we limit the number

of atomic predicates in Quivr’s queries to 5 and the depth of the nested constructs to 3,

which leads to a similar search space as EQUI-VOCAL. When considering queries without

duration constraints (e.g., TQ1-TQ9), we omit Kleene star operators from its search space.

Otherwise (e.g., TQ1D-TQ3D), we include Kleene star in the query expansion and add one

more predicate MinLengthθ, which checks whether the duration of the input is at least θ

frames. Quivr returns all queries that match the examples, so we select the queries with

the simplest structure (which is determined by the number of atomic predicates, and, if the

former is the same, by the depth) and report their median F1 score.

Because PATSQL requires that all user-provided input tables be used in the solution

query, when comparing against PATSQL, we restrict all systems to only the candidate

predicates that appear in the target query. Because PATSQL cannot handle large tables

efficiently, we also downsample each trajectory by 75% (we keep one frame out of four) to

reduce the size of the input tables. We refer to this configuration as simplified tasks.

3.4.1 Results against baselines on trajectories

We evaluate EQUI-VOCAL against the two baselines on the trajectories dataset and the

set of queries in Table 3.3. For TQ1-TQ9, we omit duration constraints from the search

space. We run each method as follows. For each target query, we randomly select 2 positive

and 10 negative examples from the training set and use them as the input to the method.

Each method then asks for b additional examples during the search. For PATSQL, since it is

not interactive, we simply sample b more examples randomly from the remaining dataset and

provide the 12 + b examples to the system at the beginning. For Quivr and EQUI-VOCAL,

we input the 12 initial examples, and each system actively requests more examples during

the search process.
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Figure 3.8: F1 score for queries without duration constraints on simplified tasks, under
different user labeling budgets. PATSQL performs well only when the target query is simple.
EQUI-VOCAL performs worse than Quivr when no additional examples are requested, but
catches up and outperforms Quivr with a larger labeling budget.

EQUI-VOCAL is faster than baselines and can find high-performant queries

even for complex queries. Table 3.5 shows the query synthesis time of each query to

achieve at least a 0.9 F1 score. For simplified tasks, EQUI-VOCAL outperforms baselines

on 6 queries. PATSQL performs the best or close to the best when queries are simple (TQ1,

5, and 6) because these queries include only two predicates and PATSQL terminates once it

finds one solution query. Quivr is slower than EQUI-VOCAL but comparable to it except

for TQ9, in which case Quivr fails due to an insufficient F1 score of the synthesized queries.

Under the normal setting, EQUI-VOCAL is significantly more efficient than Quivr and can

find high-performance queries in hundreds of seconds even for complex queries with duration

constraints, while Quivr cannot synthesize TQ4, TQ7, TQ9, and TQ1D-TQ3D within 4

hours due to the large number of queries that need to be explored in the enumerative search.

On simplified tasks, EQUI-VOCAL and QUIVR find queries with similar F1

scores and outperform PATSQL for the same labeling budget. Figure 3.8 shows

the F1 score of each system when varying the user labeling budget on the simplified tasks

(which all systems can perform). We assign an F1 score of 0 if a system fails to find a

query in 1 hour. Across all labeling budgets tested, as above, PATSQL performs well when

the target query is simplest (TQ1, 5, and 6). For other queries, PATSQL either fails to

find a solution query within 1 hour or the solution query has low performance (below a

0.9 F1 score). When the budget is 30, we observe a decrease in F1 scores for TQ3, 7,
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Table 3.6: Probability that a system returns at least one query on noisy data. (false positive
rate is 0.1 of false negative rate)

FN rate 0.1 0.2 0.3 0.4 0.5

Quivr, Mean
(Range)

68%
(20%-100%)

54%
(35%-75%)

47%
(5%-75%)

34%
(5%-55%)

17%
(0%-50%)

Ours, Mean 100% 100% 100% 100% 100%
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Figure 3.9: Impact of data noise, with a labeling budget of 20. EQUI-VOCAL constantly
outperforms Quivr and is thus more robust to data noise.

8, and 9, because PATSQL has a less constrained search space than EQUI-VOCAL and

does not scale well when the size of input and output tables increases as more examples

are provided. Quivr performs better than EQUI-VOCAL when no additional examples are

requested (budget=12) because it enumerates the entire search space and finds all consistent

queries using the initial examples, while EQUI-VOCAL prunes candidate queries at every

iteration to ensure efficient query synthesis. With a larger labeling budget, EQUI-VOCAL

can request more labels during the search process to select better paths to explore, thus it

catches up with Quivr and outperforms it when the budget is 30.

EQUI-VOCAL is more robust to noisy data and produces higher quality

queries than Quivr. We compare the performance of Quivr and EQUI-VOCAL when
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Table 3.7: Number of queries explored and number of predictions per second to achieve at
least 0.9 F1 scores. EQUI-VOCAL reduces computational effort by exploring fewer queries
and by executing queries faster.

ID
# queries explored
Quivr Ours

TQ1 222748 1123
TQ2 245112 1071
TQ3 220627 1101
TQ5 212066 1118
TQ6 224504 1077
TQ8 263040 1080

ID
# predictions/s
Quivr Ours

TQ1 154 574
TQ2 124 666
TQ3 140 664
TQ5 140 480
TQ6 151 547
TQ8 145 792

the data is noisy. We do not compare against PATSQL since its performance on video

queries is already low even with perfect data. We inject noise into the original dataset by

randomly flipping a fraction of the labels. We vary the false negative rate from 0.1 to 0.5

and set the false positive rate to 0.1 the false negative one. Table 3.6 shows the percentage of

runs when the system returned any queries for different noise rates. We evaluate the systems

over 9 queries (TQ1-TQ9) in the simplified setting. For Quivr, we also report the range of

the success rate besides the mean value. When the false negative rate is 0.1, Quivr has a

68% success rate, and this goes down to only 17% when the false negative rate is 0.5. In

contrast, EQUI-VOCAL always returns k queries. To demonstrate that EQUI-VOCAL also

produces higher quality queries, Figure 3.9 shows the F1 score of EQUI-VOCAL and Quivr

with a labeling budget of 20, under two different noise rates. When Quivr fails to return any

queries, we assign an F1 score of 0. EQUI-VOCAL performs better than Quivr for different

queries and different noise rates.

EQUI-VOCAL is more computationally efficient than Quivr by exploring

fewer queries and executing every query faster. Table 3.7 measures the number

of queries explored and the number of predictions per second to achieve at least a 0.9 F1

score. We define a prediction as evaluating a query on a video segment, so the number of

predictions per second reflects the efficiency of query execution. We evaluate over TQ1-TQ9
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Figure 3.10: EQUI-VOCAL can synthesize high-quality queries within a reasonable budget,
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Figure 3.11: Vary # cores. EQUI-VOCAL can be easily parallelized to reduce synthesis
time.

in the normal setting and report the numbers for queries that Quivr can synthesize. By

limiting the query search to valid sequences of region graphs and by using the beam search

strategy, the number of queries explored by EQUI-VOCAL is as small as 0.41% of Quivr.

EQUI-VOCAL also executes queries faster than Quivr by up to 5.5× in terms of the number

of predictions per second. These two factors together make EQUI-VOCAL more efficient

than Quivr.

3.4.2 Results on scene graphs
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Next, we evaluate EQUI-VOCAL on the scene graphs dataset. Neither PATSQL nor

Quivr support such flexible queries at video scale. Because the dataset is more complex,

EQUI-VOCAL requires that the user provide a slightly larger (although still quite small)

number of initial examples to avoid overfitting. We randomly select 15 positive and 15

negative examples from the training dataset as the initial examples. Later in Section 3.4.5,

we discuss how varying the initial number of examples affects the system performance.

Figure 3.10 shows the F1 score of EQUI-VOCAL under different user labeling budgets.

With a larger budget, EQUI-VOCAL can learn queries with higher F1 scores, and achieves

a median F1 score of 1.0, 0.91, and 0.67 for easy, medium, and hard queries when the budget

is 100. Results for a budget of 50 are nearly identical, which shows that EQUI-VOCAL

can synthesize high-quality queries within a reasonable budget, even for complex

queries.

EQUI-VOCAL does not learn good queries in all cases. We note that some queries

are easier to synthesize than others, which results in the high variance of the F1 score in

Figure 3.10. In particular, EQUI-VOCAL assumes that the ancestor queries of the target

query are informative and leverages the performance of those queries to guide the search.

However, if the ancestor queries cannot be distinguished from other queries in the same

iteration (because they all have the same, typically low, F1 score), EQUI-VOCAL struggles

with learning good queries. One direction of future work could explore other types of more

fine-grained user feedback besides binary labels to help EQUI-VOCAL learn intermediate

queries [178].

EQUI-VOCAL’s query synthesis time on the scene graphs dataset is greater than on the

trajectories dataset. It increases from tens of seconds (Table 3.5) to minutes. However,

EQUI-VOCAL can easily be parallelized to reduce synthesis time, as executing

queries in PostgreSQL is embarrassingly parallel. Figure 3.11 shows the query syn-

thesis time for the hard, scene-graphs queries when varying the number of cores and for a

labeling budget of 50. Query synthesis time decreases significantly by using multiple cores

and reduces to 13 minutes with eight cores. EQUI-VOCAL achieves 1.76× speedup with
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Table 3.8: Quivr’s success rate on the real-world dataset.

Query WQ1 WQ4 WQ7 WQ8 WQ1D WQ3D

Quivr success rate 40% 55% 35% 60% 5% 5%

Table 3.9: Queries used in the user study. “Pos %” is the percentage of positive examples
in the dataset.

ID Query Description Pos %

UQ1 (Red(o1), Cylinder(o2),
Far(o1, o2)); Near(o1, o2)

A red object is far from a cylinder, then they get
close.

16.7%

UQ2 (Purple(o1), Metal(o1), Behind(o1, o2), Bottom(o2))A purple metal object o1 is behind another object
o2 at the bottom of the screen.

24.2%

UQ3 (Red(o1), Cylinder(o2),
Far(o1, o2)); (Near(o1, o2),
Top(o3), Right(o3))

A red object is far from a cylinder, then they get
close while a third object is at the top right of
the screen.

12.8%

UQ4 (Purple(o1), Metal(o1), Behind(o1, o2),
Bottom(o2)); Top(o2)

A purple metal object o1 is behind another object
o2 at the bottom of the screen, then o2 moves to
the top.

12.8%

UQ5 Duration((Red(o1), Cylinder(o2), Far(o1, o2)), 25);
(Near(o1, o2), Top(o3), Right(o3))

A red object is far from a cylinder for at least
a second, then they are near each other while a
third object is at the top right of the screen.

4.2%

UQ6 (Purple(o1), Metal(o1), Behind(o1, o2), Bottom(o2));
Top(o2); Duration((Bottom(o3),
Right(o3)), 25)

A purple metal object o1 is behind another object
o2 at the bottom of the screen, then o2 moves to
the top, then a third object o3 is at the bottom
right of the screen for at least a second.

3.8%

2 cores and 3.03× speedup with 8 cores. Note that this is the largest labeling budget for

our experiments. With a lower budget, EQUI-VOCAL is even faster. The query synthesis

time can be further reduced by using more cores, further decreasing the labeling budget,

decreasing bw, or decreasing k.

3.4.3 Results on real-world dataset

We compare EQUI-VOCAL and Quivr on the real-world dataset and queries in Table 3.4.

For WQ1-WQ9, we omit duration constraints from the search space. We randomly select 2

positive and 10 negative examples as initial examples. Since the target events are extremely

rare in the dataset, we consider EQUI-VOCAL with two different sv values, 100 and 500, to
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Figure 3.12: F1 scores and query synthesis time of EQUI-VOCAL and Quivr on the real-
world dataset. EQUI-VOCAL can synthesize queries with high performance and is signifi-
cantly faster than Quivr.



66

UQ1 UQ2 UQ3 UQ4 UQ5 UQ6

4

8

12

16

Ti
m

e 
(m

in
)

Total time
System time

(a) Task completion time.

UQ1 UQ2 UQ3 UQ4 UQ5 UQ6
0.0

0.5

1.0

F1
 sc

or
e

Perfect
User

Simulated
Fixed

(b) F1 score.

Figure 3.13: User study results. (a) Participants can complete the task in a reasonable time.
(b) Participants can help EQUI-VOCAL synthesize UQ1-UQ4 with at least 0.8 F1 scores.

increase the number of sampled positive examples during active learning.

EQUI-VOCAL outperforms Quivr in terms of F1 scores and query synthesis

time on the real-world dataset. Figure 3.12 shows the F1 score and query synthesis time

of both systems under different labeling budgets. The timeout is set to 4 hours for both

systems. EQUI-VOCAL can synthesize all queries in hundreds of seconds with a labeling

budget of 30, while Quivr suffers from a low success rate (as shown in Table 3.8) and, even

when it succeeds, takes thousands of seconds to synthesize queries. EQUI-VOCAL performs

worse or similar to Quivr with a labeling budget of 12, but with some additional examples,

EQUI-VOCAL can easily achieve higher F1 scores. In addition, sampling more candidate

video segments during active learning (sv=500) increases the F1 score in most cases but also

slightly increases the synthesis time.

3.4.4 User study

We conduct a user study to understand the effectiveness and usability of EQUI-VOCAL. We

use internal validation since asking participants to provide their own queries would make it

difficult to compare across participants. Our goals include observing the system performance
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Table 3.10: Labeling error rates of participants in the user study.

Error type UQ1 UQ2 UQ3 UQ4 UQ5 UQ6

FP rate 0.250 0.065 0.169 0.028 0.308 0.029
FN rate 0.061 0.123 0.091 0.133 0.286 0.714

in the presence of user noise, measure task completion time, and collect qualitative feedback.

We recruited 18 university students studying Computer Science. The study is conducted

over the scene graphs dataset with six query tasks with different complexities, as shown

in Table 3.9.

We started each session by explaining our definitions of predicates and walking through

an example task with participants to get them familiar with the interface and the task. Each

participant then completed three query tasks in sequence (either UQ1, 3, 5 or UQ2, 4, 6) with

increasing complexity from easy, to medium, to hard. Each query task described the target

complex event using natural language. In the user study, we provided the initial examples

with ground-truth labels to EQUI-VOCAL so that participants could focus on interacting

with the system during query synthesis. We randomly selected 10 positive and 10 negative

examples for UQ1, 2 and 4 as the initial examples, and 15 for other queries to account for

the increased query complexity. EQUI-VOCAL iteratively selected video segments to label,

with a budget of 50 per task. After each task, participants reviewed the synthesized queries

and provided subjective ratings and qualitative feedback via a questionnaire.

Participants are able to complete the task in a reasonable amount of time.

Figure 3.13a shows the task completion time of each query. The median completion time of

each task ranges between 8.6 and 12.3 minutes. The average time to label a video segment

for each query task is 22, 16, 25, 20, 30, and 22 seconds, respectively. Also, the system time

only takes a small portion of the total time, suggesting that EQUI-VOCAL is efficient.

EQUI-VOCAL is resilient to user noise, whereas Quivr is not. Figure 3.13b

shows the F1 score of synthesized queries under different labeling scenarios: using the ground-

truth labels (Perfect), using real user labels (User), using injected label noise with a false
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negative rate of 0.3 and a false positive rate of 0.03 (Fixed), and using injected label noise

with the same noise rate as users for each query task (Simulated). Participants’ labeling

error rates are shown in Table 3.10. Each experiment is run nine times. F1 scores of User

lie between Perfect and Simulated. Due to the user noise, the query performance de-

creases compared to using perfect labels. Because the same error rate is used, Simulated’s

performance is worse or similar to User’s, which justifies our expectations for the simula-

tion experiment. For queries that EQUI-VOCAL can synthesize with high quality,

participants can help to find them with at least 0.8 F1 scores. Not surprisingly,

for queries (UQ5 & 6) that EQUI-VOCAL would fail even with perfect labels, participants

cannot instruct the system to achieve better performance using the current prototype. In-

terestingly, most video segments that EQUI-VOCAL selects for hard queries are negative

examples, making it difficult to learn good queries. However, these segments are not equally

negative, as many participants consider some negative samples to be almost positive that fail

to satisfy one predicate. This suggests that EQUI-VOCAL could potentially benefit from

more fine-grained user feedback.

Participants would like EQUI-VOCAL to be more responsive. In the question-

naire, the average rating of system responsiveness is 3.53 out of 5. Although the average

system time across all tasks is only 195 seconds, participants observe greater latency in early

and middle iterations, since there are more branches to expand and more candidate queries

to evaluate. Taking UQ1 as an example, the average wait time to receive the first video

segment in the 5th iteration is 31 seconds, while in the 10th iteration, it is only 1.3 seconds.

Other techniques can be used to further hide the latency of the system [53], which is not the

focus of this work.

3.4.5 Ablation study

We study the impact of hyperparameters and the sensitivity of EQUI-VOCAL to hy-

perparameter tuning. Unless otherwise specified, we evaluate EQUI-VOCAL on the scene
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Figure 3.14: Providing more initial examples helps EQUI-VOCAL learn better queries and
avoid overfitting.
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Figure 3.15: F1 score for various numbers of initial examples and queries with different
complexity. EQUI-VOCAL obtains higher F1 scores with more initial examples and when
the target queries are simpler.

graphs dataset and use the default values for hyperparameters that we are not studying.

EQUI-VOCAL synthesizes useful queries with a small number of initial exam-

ples, but providing more initial examples improves performance. Figure 3.14 shows

EQUI-VOCAL’s F1 score for different numbers of initial examples, from five positives and
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five negatives (ten in total), to 25 positives and 25 negatives (50 in total), while the total la-

beling budget remains 100. When the number of initial examples is smallest, EQUI-VOCAL

can incorrectly retain queries that overfit the examples in early iterations, leading to final

results with low F1 scores. Results, however, quickly improve, and with as few as 30 initial

examples, median F1 scores are high at 0.998, 0.911, and 0.670 for the easy, medium, and

hard queries respectively. Figure 3.15 shows the F1 score of EQUI-VOCAL under different

numbers of initial examples and queries with different complexity, while the total labeling

budget remains 100. As expected, EQUI-VOCAL obtains higher F1 scores with more initial

examples and when the target queries are simpler. The heatmap aggregates the results of all

easy, medium, and hard queries, and we use α1 = 1, α2 = 0.9, α3 = 0.2 when computing the

query complexity for better visualization. Because manually finding initial examples requires

more user effort than labeling video segments selected by EQUI-VOCAL, our approach is to

balance user effort and system’s performance, using 30 initial examples in all other exper-

iments on the scene graphs dataset. Interestingly, since EQUI-VOCAL can produce good

queries in many cases even with a few examples, users always have the option to first start

with a small set and restart with more examples if needed.

Active learning helps EQUI-VOCAL learn better queries quicker than ran-

domly sampling video segments to label. Figure 3.16 shows EQUI-VOCAL’s F1 score

when either using active learning or randomly selecting additional examples during query

synthesis. We set the labeling budget to 50, and we vary the number of initial examples. The

improvement of active learning over random sampling is more significant when the number

of initial examples is larger since fewer labels are requested per iteration and the selection

of informative examples becomes more important.

Increasing the beam width improves performance, but also increases the syn-

thesis time. Figure 3.17 shows the F1 score of EQUI-VOCAL under different values of bw.

Increasing bw from 1 to 10 increases median F1 scores on easy queries by 3.10%, on medium

queries by 23.8%, and on hard queries by 34.3%, but increasing from 10 to 20 only further

improves median scores by up to 3.07%. At the same time, increasing bw from 10 to 15
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Figure 3.16: Active learning helps EQUI-VOCAL learn better queries compared to random
sampling, and the improvement is more significant when the number of initial examples is
larger.
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Figure 3.17: Increasing bw improves the performance of EQUI-VOCAL.

increases the median synthesis time on hard queries by 27.8%. EQUI-VOCAL defaults to

bw = 10 to strike a balance between query performance and synthesis time.

Regularization helps EQUI-VOCAL learn better queries in many cases and

does not harm performance in other cases. Figure 3.18 shows the F1 score of EQUI-

VOCAL on both the trajectories dataset and the scene graphs dataset, under different values

of λ. For the trajectory pairs dataset, we set the labeling budget to 20 and the initial
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Figure 3.18: Regularization (λ = 0.001 and λ = 0.01) helps EQUI-VOCAL to learn better
queries in many cases and does not harm the performance in other cases.
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Figure 3.19: Increasing k slightly improves the performance of EQUI-VOCAL.

number of examples to 12 (i.e., two positive and ten negative examples); for the scene

graphs dataset, we set the labeling budget to 50 and the initial number of examples to 30.

For the trajectories dataset, we see an improvement for many queries with regularization,

especially when the queries are simple (e.g., with fewer predicates). With λ = 0.01, we see

a median improvement between 44.6% and −3.44% for the queries from Table 3.3. TQ4,

TQ9, TQ2D, and TQ3D are more complex than other queries and have four predicates, so

applying regularization is unlikely to improve the performance. For the more complex scene

graphs dataset, regularization does not improve F1 scores but also does not compromise

system performance. With λ = 0.001, the median change in F1 score stays between 2.84%

and −7.69%. For this reason, EQUI-VOCAL defaults to using a small regularization factor.

increasing k slightly improves performance. We evaluate the F1 score of EQUI-
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Figure 3.20: Impact of query execution optimizations. EQUI-VOCAL reduces query synthe-
sis time by (a) generating efficient SQL queries that prune intermediate results and avoid
recursion, and (b) using a caching mechanism.

VOCAL under different values of k, as shown in Figure 3.19. For medium and hard scene

graph queries, increasing k from 1 to 1000 slightly improves the median F1 score by 2.36% and

9.12% respectively. Since the target queries are complex, they are not explored until later

iterations of the algorithm, when most labeling budget has been used. Labels requested

afterward have little impact on the ranking of the queries in the list, so the performance

improvement from increasing k is also limited. Easy queries already have near-perfect F1

scores, so increasing k does not improve performance.

EQUI-VOCAL’s query execution optimizations significantly reduce query

synthesis times. Figure 3.20a shows the average query execution time for variants of

our query translation algorithm on scene graph queries. We generate SQL queries using our

complete query translation algorithm, and two variants that omit optimizations of pruning

intermediate results and avoiding recursion, respectively, and then execute them over all

10,000 video segments from the scene graphs dataset in PostgreSQL. We evaluate EQUI-

VOCAL on SQ1-SQ3, and each query is executed 20 times. As the figure shows, the query

execution time increases dramatically without either optimization. Pruning intermediate re-

sults boosts performance by up to 1.66×. Recursion avoidance is important when the query

contains duration constraints (SQ1 and SQ3), providing up to a 4.14× speedup.
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Table 3.11: Median F1 scores of EQUI-VOCAL and ML methods. EQUI-VOCAL achieves
higher F1 scores for all queries.

Queries Ours CLIP MViT CLIP (all) MViT (all)

Easy 0.997 0.249 0.222 0.327 0.322
Medium 0.843 0.201 0.182 0.278 0.255
Hard 0.638 0.219 0.203 0.286 0.265

Figure 3.20b shows the impact of our caching mechanism. Caching query results leads to

a 1.97× speedup. We experimented on hard queries using four CPUs and a labeling budget

of 50.

3.4.6 Comparing with machine learning method

To determine whether a video segment contains an event of interest, EQUI-VOCAL’s query

synthesis approach could be substituted by training an ML model. However, this approach

requires a large number of labeled examples and complicates interpretability [63]. We com-

pare EQUI-VOCAL against an existing ML approach that builds domain-specific models

for videos [53] on the scene graphs dataset. For EQUI-VOCAL, we adopt the same setting

as outlined in Section 3.4.2, with a labeling budget of 50. The ML approach extracts fea-

tures using pretrained video and image models and trains a linear model using the same

set of user-labeled video segments selected by EQUI-VOCAL. We use both MViT [62] and

CLIP [166] as the feature extractors. Table 3.11 shows that EQUI-VOCAL achieves

higher F1 scores than the ML approach for all queries, even when using CLIP

with all 500 training samples.

3.5 Summary

In this chapter, we presented EQUI-VOCAL, a new system that synthesizes compositional

queries from examples. EQUI-VOCAL models compositional events as spatio-temporal scene

graphs, explores the query search space using results of executing intermediate queries and
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beam search, leverages active learning to reduce user effort, and generates efficient SQL

queries to reduce computational effort.
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Chapter 4

VOCAL-UDF: SELF-ENHANCING VIDEO DATA
MANAGEMENT SYSTEM FOR COMPOSITIONAL EVENTS

WITH LARGE LANGUAGE MODELS

In this chapter, we present VOCAL-UDF, a self-enhancing video data management sys-

tem that enables users to issue compositional queries in natural language over video data,

even when the modules required to answer those queries are not predefined in the system.

As we discussed in Chapter 1, VDBMSs answer compositional queries by decompos-

ing them into granular subtasks [13, 75, 194, 188, 67, 23, 235, 143]. Submodules identify

and track objects, attributes, and relationships across frames, populating spatio-temporal

scene graphs [113, 92] that the system then composes to answer the query [132]. These

systems make a critical assumption: that suitable modules already exist for every subtask

in a query. In practice, users frequently encounter domain-specific applications, fine-grained

object classes, or subjective concepts for which no off-the-shelf model exists, and filling those

gaps manually is tedious—each missing module may require its own curated dataset and

extensive training to achieve satisfactory performance [13]. Frontier VLMs offer broader se-

mantic coverage but remain limited on compositional [137, 206] and temporal [228] reasoning,

and their direct application at video scale is prohibitively slow and expensive [163, 202, 16, 3].

EQUI-VOCAL (Chapter 3) reduces the burden of writing declarative queries by synthesizing

them from examples, but it still relies on the user to supply UDFs for any predicates that

the system does not already implement.

To address these challenges, we present VOCAL-UDF (Figure 4.1), a self-enhancing

VDBMS that empowers users to flexibly issue and answer compositional queries, even when
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def behind(o1y1, o1y2, o2y1, o2y2):

    return (o1y1 + o1y2) / 2 < (o2y1 + o2y2) / 2

Figure 4.1: Given a video dataset and a user query in natural language, VOCAL-UDF
1○ parses the query into a DSL notation. If the query contains predicates that existing
UDFs cannot answer, VOCAL-UDF 2○ automatically builds new UDFs, 3○ updates its
available UDF list, 4○ reparses the query, and 5○ executes the query to return matching
video segments. VOCAL-UDF supports both program-based UDFs (i.e., Python functions)
and distilled-model UDFs (i.e., ML models) for diverse concepts.

the necessary modules are unavailable. To use VOCAL-UDF, a user only needs to provide

a video dataset and a natural language (NL) description of the query. VOCAL-UDF then

automatically identifies and builds the necessary modules and encapsulates them as new

UDFs to expand its querying capabilities. It then compiles the NL query into a declarative

one that it executes over the video dataset.

There are several challenges in building VOCAL-UDF. First, given an NL query, VOCAL-

UDF converts it into a declarative one that it can execute. Unfortunately, existing methods

assume the existence of predefined modules that can be invoked to construct the declarative

query [235, 52]. VOCAL-UDF addresses this challenge by identifying any semantic concepts

that are not supported by existing modules or UDFs during compilation and leveraging an

LLM’s reasoning to determine when and which new UDFs are needed.

The second challenge involves transforming the various identified missing semantic con-
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cepts into executable modules. While LLMs can produce useful code in various con-

texts [38, 15, 223, 46], queries on video data are often highly ambiguous and their performance

varies significantly (see Section 4.5.3). To address the challenge of handling a multitude of

missing concepts, VOCAL-UDF automatically implements two types of UDFs—program-

based UDFs and distilled-model UDFs. In our system, program-based UDFs are imperative

Python functions that operate on relational tables and video pixels. While this class of UDFs

can classify many relationships and attributes with high quality [235, 112], we show in Sec-

tion 4.3.3 the need for distilled-model UDFs, which are lightweight machine learning (ML)

models that are trained on the fly to classify more nuanced concepts [196]. VOCAL-UDF

leverages LLMs for both UDF types: program-based UDFs harness an LLM’s programming

capability, whereas distilled-model UDFs rely on the LLM’s ability to annotate and con-

vert visual concepts into ML models [196]. To mitigate potential erroneous LLM-generated

UDFs, VOCAL-UDF implements syntax and semantic verification steps.

The third challenge involves managing the inherent ambiguity in user intent when artic-

ulating a query. This is especially important for specialized and subjective concepts that

are difficult to resolve without user feedback. For example, users may have different inter-

pretations of the “near” relationship. Further compounding this difficulty is our observation

that for some inputs a program-based UDF might perform better than a distilled-model

UDF, while in other cases the opposite is true. Finally, for the most challenging seman-

tic concepts, no UDF may perform well and employing one might risk overall query per-

formance. To address this formidable combination of challenges, VOCAL-UDF generates

multiple candidate UDFs each with different semantic interpretations, implementations, and

properties. VOCAL-UDF then employs active learning to efficiently identify the variant that

best matches the user’s intent.

Finally, the self-building nature of our system necessitates a consistent and unified UDF

model. Typically, a UDF can be an arbitrary function that operates on database tuples.

However, one challenge lies in modeling UDFs in a structured way to handle concepts of

objects, relationships, and attributes while seamlessly integrating and interacting with var-
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Table 4.1: Relational views for query execution with UDFs.

ObjView(vid, video pixels)
RelView(vid, fid, pixels, rid, o1 o2 rnames, o2 o1 rnames,
o1 oid, o1 x1, o1 y1, o1 x2, o1 y2, o1 anames,
o2 oid, o2 x1, o2 x2, o2 y1, o2 y2, o2 anames)
AttrView(vid, fid, pixels, oid, oname, x1, y1, x2, y2, anames)

ious system components. To address this, we propose a unified UDF scheme for different

semantic concepts, which enables the LLM to generate UDFs in a structured format and

simplifies the compilation process. By incrementally growing the database, future UDFs can

be composed using existing ones.

We evaluate VOCAL-UDF on three video datasets from different domains [224, 64, 92]

and show that it significantly improves query performance, in terms of F1 score, by au-

tomatically selecting, implementing, and executing its automatically-generated UDFs. We

finally conduct a thorough analysis of VOCAL-UDF to understand its efficiency in terms of

execution time and monetary cost.

Overall, VOCAL-UDF’s self-enhancing capability is an important step toward making

VDBMSs more practical to deploy and use in a variety of applications.

4.1 Background

VOCAL-UDF leverages EQUI-VOCAL’s [235] scene graph data model and query lan-

guage, which models compositional video events as spatio-temporal scene graphs. This

approach draws from cognitive foundations in human perception [230, 117, 24] and enables a

variety of compositional queries [235]. This section summarizes key background information

about these concepts.

Data model. In VOCAL-UDF, each video comprises a series of N frames {f1, . . . , fN}.

The visual content of each frame is represented by a scene graph gi = (oi, ri), capturing

all objects oi and all relationships ri between those objects within the frame at some time.
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Listing 4.1: An example of the query language.

g1(vid, fid, fid, oid1, oid2) :- Objects(vid, fid, oid1, 'car', _, _, _, _),
Objects(vid, fid, oid2, 'truck', _, _, _, _),
Relationships(vid, fid, _, oid1, 'far', oid2), oid1 != oid2.

g2(vid, fid, oid1, oid2) :- Relationships(vid, fid, _, oid1, 'near', oid2), oid1 !=
oid2.

g2_star(vid, fid, fid, oid1, oid2) :- g2(vid, fid, oid1, oid2).
g2_star(vid, fid_start, fid_end, oid1, oid2) :- g2_star(vid, fid_start, fid, oid1,

oid2),
g2(vid, fid_end, oid1, oid2), fid_end = fid + 1.

q(vid) :- g1(vid, fid11, fid12, oid1, oid2), g2_star(vid, fid21, fid22, oid1, oid2),
fid21 > fid12, fid22 - fid21 + 1 > 10 * 24. %

Objects may also possess attributes. While a relationship links two objects, an attribute is

attached to one object. A region graph gij is a subgraph of gi, i.e., gij ⊆ gi, that contains

information critical for identifying an event. Finally, an event e is a sequence of region graphs

e = {g1, . . . , gk}, where region graphs with a smaller index occur earlier in time than those

with a larger index, but they do not need to be contiguous or distinct. The relational schema

in Table 3.1 captures the scene graphs data model.

Query language. In VOCAL-UDF, a query identifies video segments that match a

user-specified event. VOCAL-UDF supports relational queries over the schema in Table 3.1,

which are of the following form. Using Datalog notation: q(vid) :- g1, . . . , gk,p,d, w, where

g1, . . . , gk is a temporally ordered sequence of region graphs specifying that a matching event

consists of g1, followed by g2, followed by g3, etc. Each gi can persist for multiple frames

and there can be other frames between gi and gi+1. p is a set of predicates that are applied

to objects, relationships, and attributes in region graphs. d is a set of constraints on the

duration for which a region graph must remain valid before transitioning to the next one.

Lastly, w is the maximum number of frames between g1 and gk. As an example, the event

“A car is initially far from a truck, then remains close to the truck for more than 10 seconds”

can be expressed as in Listing 4.1.

DSL. VOCAL-UDF adopts EQUI-VOCAL’s domain-specific language (DSL) [235],

which encapsulates query logic while abstracting away SQL details. The query execu-

tor compiles these DSL queries into efficient SQL for execution over relational tables.
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Listing 4.2: SQL query to identify frames where a silver car is behind a truck.

SELECT DISTINCT f.vid, f.fid, o1.oid, o2.oid
FROM frames f, objects AS o1, objects AS o2
WHERE f.vid = o1.vid AND f.fid = o1.fid AND o1.vid = o2.vid AND o1.fid = o2.fid

AND o1.oid <> o2.oid AND car(o1.oname) = TRUE AND truck(o2.oname) = TRUE
AND behind(o1.y1, o1.y2, o2.y1, o2.y2) = TRUE
AND silver(f.pixels, o1.x1, o1.y1, o1.x2, o1.y2) = TRUE

Using the DSL, the same event can be expressed as (assuming 24 frames per second):

(Car(o1), truck(o2), far(o1, o2); Duration(near(o1, o2), 240). In this DSL, the variable o rep-

resents an arbitrary object in a query, with distinct subscripts indicating objects with dif-

ferent oid’s. All predicates in a region graph are separated by commas. Region graphs

are then sequenced in temporal order using semicolons. Each region graph can persist for

multiple frames and there can be other frames between two adjacent region graphs. Finally,

Duration(g, d) stipulates that the region graph g exists in at least d consecutive frames. The

query returns a set of video segment identifiers.

4.2 A UDF-based data model

In this section, we formalize the types of UDFs supported by VOCAL-UDF. These UDFs

allow users to define custom objects, relationships, and attributes. We then describe how

UDFs are compiled and executed in VOCAL-UDF.

Table 3.1 shows VOCAL-UDF’s relational schema. The Frames relation includes a virtual

pixels column that stores the frame pixel values in a 3D array (H ×W × 3, where H is

height, W is width, and 3 represents the color channels). The Objects, Relationships, and

Attributes relations store corresponding detected frame elements.

A UDF extends database functionality. A typical UDF takes columns as input, returns

a scalar value or a row set, and is used in SQL statements, e.g., in WHERE clauses. When

querying video databases, VOCAL-UDF supports generating and executing UDFs to identify

custom objects, relationships, and attributes, enabling users to find complex, compositional
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events. Listing 4.2 shows an example SQL query with UDFs for the objects car and truck,

the relationship behind, and the attribute silver. VOCAL-UDF supports imperative and

declarative Python-based UDFs, and are categorized into the following classes: relationship,

attribute, object, and value-lookup.

A relationship UDF or attribute UDF is a deterministic, scalar predicate that in-

dicates whether an input exhibits a specified relationship or attribute. It accepts zero (i.e.,

a dummy UDF; see Section 4.3.4) or more columns as arguments and produces a boolean

result. The parameters can include any of the following columns from each table in the

SQL query’s FROM clause: pixels, oname, x1, y1, x2, y2, rname, and aname. VOCAL-UDF

restricts relationship UDFs and attribute UDFs to be frame-level, i.e., they operate on ob-

ject(s) within the same frame. Therefore, input arguments are all from the same video frame

(identified by vid and fid) and are associated with one or two distinct objects. As an ex-

ample, we might define a relationship UDF to indicate whether object o1 is behind another

object o2 by comparing their centroid y-coordinates:

def behind(o1_y1, o1_y2, o2_y1, o2_y2):

return (o1_y1 + o1_y2) / 2 < (o2_y1 + o2_y2) / 2

We could also define an attribute UDF to indicate if a detected car is silver by running an

ML model over the frame pixels:

def silver(pixels, x1, y1, x2, y2):

cropped_img = pixels[y1:y2, x1:x2]

is_silver = awesome_color_classifier(cropped_img)

return is_silver

An object UDF requires localizing, classifying, and tracking objects in videos. In-

stead of returning a boolean value, it is a table-valued function that takes a video segment,

video pixels, as input. A video segment comprises frames with the same vid concatenated

into a 4D array with an additional dimension for the frame index. An object UDF detects
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and tracks objects of a specific class. Given a video segment, the UDF makes calls to a cus-

tom object detection and tracking model and returns a row set, which follows the Objects

schema listing the detected and tracked objects. As an example, we can define an object

UDF that detects all cars in a video:

def car(video_pixels):

obj_tuples = []

car_detector, tracker = load_models()

for frame in video_pixels:

detected_cars = car_detector(frame)

tracked_objs = tracker.update(detected_cars)

obj_tuples.extend(tracked_objs)

return obj_tuples

In this dissertation, we assume that object UDFs are given and focus on proposing and

generating relationship and attribute UDFs. We leave the extension to object UDFs for

future work.

A value-lookup UDF is a class of UDFs that simply encapsulate a predicate over

existing column values. As an example, suppose the value “car” is in the domain of the

object oname. Then, a value-lookup UDF can be defined as:

def car(oname):

return oname == 'car'

While value-lookup UDFs are not strictly necessary, as they can be directly and easily

expressed in SQL statements, we wrap all predicates of our DSL queries in UDFs to simplify

the compilation from the DSL to SQL.

UDFs can have different lists of parameters in their signatures. To execute a query with

UDFs, VOCAL-UDF first constructs the relational views as shown in Table 4.1 derived from

the relations in Table 3.1. The views–ObjView, RelView and AttrView–contain all attributes

that an object UDF, relationship UDF, and attribute UDF can potentially accept as input
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arguments, respectively. For simplicity, VOCAL-UDF generates UDFs with a uniform list

of parameters for each class.

Object, relationship, and attribute UDFs can be expensive to evaluate, as they may

operate on image pixels and invoke ML models. To optimize query execution, VOCAL-UDF

caches the results of all UDFs and replaces them with value-lookup UDFs. When executing

a UDF over a video corpus for the first time, VOCAL-UDF materializes the results to

make it available as a value in the corresponding column and substitutes the UDF with a

value-lookup UDF of the same name. For example, when running a query with the silver

attribute UDF for the first time, VOCAL-UDF evaluates the UDF for each object in the

video corpus. If an object OID1 in a frame F1 of a video segment V1 is classified as silver,

VOCAL-UDF inserts a new row with values (V1, F1, OID1, ‘silver’) into the Attributes

relation. Then, VOCAL-UDF replaces the silver attribute UDF with a value-lookup UDF

that checks whether the aname is ‘silver’. Reusing the results of predicate evaluation for

query optimization is a long-standing research topic [216, 176, 146, 61] and is not the focus

of this dissertation. Batch inference can further accelerate ML-based UDFs.

4.3 VOCAL-UDF approach

VOCAL-UDF needs to address several challenges. First, it must determine whether

existing UDFs can adequately answer a user query, or if new UDFs should be created (C1).

Second, VOCAL-UDF should support implementing UDFs drawn from diverse range of

semantic concepts (C2). Third, since VOCAL-UDF utilizes error-prone LLMs to generate

UDFs, it is crucial to ensure high quality in the produced UDFs (C3). We now discuss our

solutions to each challenge.

Figure 4.2 shows the architecture of VOCAL-UDF. The user initializes the system with

a video dataset and an optional set of UDFs. After preprocessing (Section 4.4), the user

can issue NL queries to identify compositional events within the videos. The Query Parser

(Section 4.3.1) parses the query into the DSL notation described in Section 4.1. If suc-
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DSL

Matching Videos
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UDF Proposer UDF Selector

Figure 4.2: VOCAL-UDF system overview.

cessful, the DSL query is passed to the Query Executor to find all matching videos in the

dataset. If the query contains predicates that existing UDFs cannot resolve, the UDF Pro-

poser (Section 4.3.1) is invoked to propose the names and descriptions of new UDFs. The

UDF Generator (Sections 4.3.2 and 4.3.3) creates executable candidates for each proposed

UDF. Next, the UDF Selector (Section 4.3.4) solicits user labels to select the implementation

that best aligns with the user’s intent. With updated UDFs, the Query Parser re-parses

the query for execution. The Storage Manager maintains raw videos, relational data, and

available UDFs.

4.3.1 Query parsing and UDF proposal

The Query Parser converts NL queries into our DSL and determines the need for new

UDFs. VOCAL-UDF must understand the semantics of the user’s query and available UDFs,

mapping each part of the query to an existing UDF or suggesting the creation of a new one.

Moreover, VOCAL-UDF needs to be resilient to the linguistic ambiguities and synonymous

terms in NL queries.

VOCAL-UDF utilizes LLMs to convert complex NL to a consistent DSL format. LLMs
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show strong capabilities in SQL and program generations [160, 203, 75] via in-context learning

without fine-tuning. We incorporate domain-specific constraints into LLM prompts to en-

sure adherence to DSL grammar and conduct post-verification to ensure syntax correctness.

Inspired by Wang et. al. [203] and Hsieh et. al. [84], VOCAL-UDF provides the DSL defini-

tion, UDF format, and descriptions of available UDFs as NL documentation. This enables

VOCAL-UDF to generate grammatically correct DSL queries, determine whether new UDFs

need to be created, and interact with LLMs in a zero-shot manner (C1). While VOCAL-UDF

focuses on zero-shot prompting, introducing few-shot examples [26] could potentially further

improve UDF proposal performance. However, referencing unavailable UDFs in examples

may lead LLMs to incorrectly assume their availability at query time. Since the available

UDFs can change as the database evolves, examples must be carefully curated for different

database states. Figuring out the optimal prompting strategy, though beneficial, is not the

focus of this dissertation. An example prompt is shown in Figures A.1 and A.2.

To enhance LLM response reliability, VOCAL-UDF performs post-verification of the

generated DSL query to ensure it is syntactically valid and only uses available UDFs. If

parse errors occur, VOCAL-UDF appends the error message to the context and asks the

LLM to make another attempt.

When the query contains predicates that cannot be resolved using the available UDFs,

we prompt the LLM to identify this and propose new UDFs. The output from this process is

the function signature and textual description of the proposed UDF generated by the LLM.

In case of a query with multiple missing UDFs, VOCAL-UDF returns a list of proposed

UDFs and will generate them one by one. An example proposed UDF of behind is:

{"signature": "behind(o0, o1)", "description": "Whether o0 is behind o1"}

Since both the Query Parser and UDF Proposer utilize LLMs, their outputs may some-

times be inaccurate. If the LLM proposes fewer UDFs than needed, it may make performance

improvements less noticeable but will not degrade performance. Conversely, proposing more

UDFs can increase system runtime and monetary costs; however, as detailed in Section 4.3.4,
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we have implemented techniques to ensure that generated UDFs (whether superfluous or in-

accurate) do not adversely affect performance. Finally, users may also rephrase their NL

query if they are not fully satisfied with the query results.

We show the effectiveness of our approach empirically in Section 4.5 for queries with

detailed and explicit descriptions. Semantic parsing (e.g., text-to-SQL) is a highly active

research area with significant recent advances [105, 55, 239, 229, 69]. While current methods

still fall short of human-level performance [125], improving text-to-SQL is not the goal of

this dissertation. VOCAL-UDF focuses on the efficient generation of missing UDFs, relies

on LLMs currently adequate performance for text-to-SQL in our context, and will benefit

from future advances in this area.

4.3.2 Program-based UDF generation

The UDF Generator implements executable UDFs based on the LLM-proposed UDF sig-

natures and descriptions. As discussed, VOCAL-UDF should produce high-quality UDFs

(C3) for a wide range of semantic concepts (C2). While VOCAL-UDF leverages the pro-

gramming capabilities of LLMs [177, 27, 41, 34] to generate UDFs as Python programs, more

work is required. Some tasks require complex visual understanding, rendering it challenging

to solve via programs (e.g., determining a car’s make). Additionally, even the most advanced

LLMs remain error-prone and their programming performance for nuanced tasks is not yet

on par with humans.

To address the first problem, VOCAL-UDF supports two types of UDF implementations:

program-based UDFs, which are Python programs generated by LLMs (Section 4.3.2), and

distilled-model UDFs, which are lightweight vision models distilled from strong pretrained

models (Section 4.3.3). To improve generated UDF quality, VOCAL-UDF uses a two-step

approach by verifying both syntactic (Section 4.3.2) and semantic (Section 4.3.4) correctness.

At a high level, given a UDF signature h and description d, a video database instance I

over schema R, VOCAL-UDF performs the following steps to generate a UDF p:
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def behind(o1_y1, o1_y2, o2_y1, o2_y2):
    o1_center_y = (o1_y1 + o1_y2) / 2
    o2_center_y = (o2_y1 + o2_y2) / 2
    return o1_center_y < o2_center_y

def behind(o0_aname, o1_aname):
    return o0_aname == 'location_top'
    and o1_aname == 'location_bottom'

def behind(o1_y1, o1_y2, o2_y1, o2_y2, **kwargs):
    thresh = kwargs.get('threshold', 50)
    o1_cy = (o1_y1 + o1_y2) / 2
    o2_cy = (o2_y1 + o2_y2) / 2
    return o2_cy - o1_cy > thresh

Interpretation 𝒔𝟑: 
Uses the respective positions 
of the two objects to determine 
if o0 is behind o1.

Interpretation 𝐬𝟐: 
check if the center of o0 is 
behind the center of o1 along 
the y-axis, based on a 
threshold distance. 

Interpretation 𝒔𝟏: 
check if the center of o0 is 
positioned behind the center 
of o1 along the y-axis.

1 Program 𝒑𝟏: 

Program 𝒑𝟐: 

Program 𝒑𝟑: 

Figure 4.3: Program candidates, using behind as an example.

1. Generate UDF candidates using an LLM. Given h, d, I, and R, VOCAL-UDF prompts

an LLM to generate a set of k candidate Python functions {p1, ..., pk}.

2. Syntactically verify candidates. VOCAL-UDF executes each candidate pi on a small

dataset sampled from I to verify syntactic correctness, ensuring that all passing can-

didates are executable.

3. Semantically verify candidates. VOCAL-UDF finally evaluates the semantic correctness

of the remaining candidates and selects the best one (see Section 4.3.4).

We next describe each step in further detail.

Generating candidate programs using an LLM

In its most basic form, VOCAL-UDF prompts the LLM to generate a program p based

on the UDF signature h and description d. To ensure p can be eventually expressed as a SQL

predicate, VOCAL-UDF rewrites h in the DSL format to h′ that accepts columns from the
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schema R as inputs. For example, the behind function is rewritten from behind(o0, o1)

to behind(o1 y1, o1 y2, o2 y1, o2 y2), where o1 y1, o1 y2, o2 y1, o2 y2 are columns

of R. The generated Python program’s input is a set of attribute values that correspond

to one or two objects in the video database, depending on the number of variables in h.

It generates code that operates on those values, including the pixels column, and returns

a boolean indicating if the predicate is satisfied or not. Figure 4.3 (program p1) shows an

example program UDF for the behind(·) predicate.

To generate quality UDFs, VOCAL-UDF must resolve three challenges. First, NL de-

scriptions are often ambiguous and may not entirely capture the user intent [118] (e.g.,

user-specific definition of “far”). Second, predicates in video compositional queries often in-

clude hyperparameters that require tuning [143, 144] for different datasets and user intents,

e.g., determining the threshold distance for the “far” relationship. Lastly, as VOCAL-UDF

expands its collection of UDFs and database incrementally, it is essential that new UDFs be

able to utilize results from previously established ones.

To address linguistic ambiguity, we provide the LLM with h′ and d and ask it to

generate a list of k candidate programs with a variety of semantic interpretations: C =

{(p1, s1), · · · , (pk, sk)}, where pi and si respectively denote a Python program and its seman-

tic interpretation. Figure A.3 shows an example prompt used by VOCAL-UDF in this step.

Later, VOCAL-UDF verifies and selects one program for each proposed UDF. See Figure 4.3

for candidate program examples.

To resolve the challenge of parametric predicates, VOCAL-UDF additionally prompts

the LLM to generate UDFs with optional numeric hyperparameters and their valid ranges.

More formally, VOCAL-UDF prompts the LLM to produce a (possibly empty) list Θ =

{(θ1, dfθ1 ,minθ1 ,maxθ1), · · · , (θi, dfθk ,minθk ,maxθk)} of parameter names θi, default value

df θi
, and range [minθi ,maxθi ]. In later steps, VOCAL-UDF instantiates each hyperparame-

ter with its default value as well as values sampled from the range and then selects the best

program. See Figure 4.3 2○ for an example of a program that relies on a hyperparameter.

To resolve the final challenge of incrementally building the video database, our approach
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is to additionally include in the LLM prompt, the active domain of all attributes populated

by UDFs, which include oname, rname, and aname. This additional information enables the

LLM to leverage the results of existing UDFs as building blocks to dynamically compose

more complex UDFs. Figure 4.3 3○ shows an example program inlining an existing UDF.

Overall, program-based UDFs are well-suited for concepts involving bounding box-like

spatial relationships. In addition, other attributes and the pixels column can also be used

to reason about existing concepts and perform statistical analysis of the pixels in a frame.

A program-based UDF could also invoke a pretrained model over each frame, but this is in

general expensive and slow. As discussed in Section 4.3.3, a distilled-model UDF is a more

efficient approach for concepts that require visual understanding of videos.

Syntax verification

Prior works have proposed various approaches to improve the performance of LLM-

generated programs. One line of work leverages unit tests to verify the functional correctness

of generated programs [29, 88, 45, 38]. This approach is not suitable for VOCAL-UDF be-

cause users do not know in advance what UDFs will be generates, and thus cannot provide

labeled data before issuing a query. Another line of work leverages LLMs to automati-

cally generate test cases [34], evaluate the generated programs [41, 190], and select the best

one [211]. However, the ambiguity of semantic concepts in video queries means that the

correct program is not always unique and often many of the generated programs are reason-

able. As a result, the best program cannot be easily identified without user feedback and a

working dataset.

Additionally, the quality of an LLM is not guaranteed. To address this issue, VOCAL-

UDF uses a two-step approach to verify and select the best program: syntax verification and

semantic verification. In the first step, VOCAL-UDF focuses solely on the syntax correctness

of the programs. VOCAL-UDF executes each candidate program on a small sample of data

from the database I and checks whether: (i) the number and types of inputs and outputs
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are correct, (ii) the program can be executed with the data samples, and (iii) Θ, if any, can

be parsed successfully. If the verification fails, VOCAL-UDF appends the error message to

the context and prompt the LLM to make another attempt. VOCAL-UDF draws samples

by constructing tuples that contain attributes and values that respectively correspond to

one or two objects in the database. If the program still fails after a few trials, VOCAL-

UDF discards the program. In our prototype, we empirically set the number of trials to

five. Recent research has demonstrated the potential for formally verifying the correctness of

generated UDFs based on a given semantic interpretation [40], which could be incorporated

into VOCAL-UDF to further enhance the reliability of its generated Python programs. After

generating multiple candidate programs, VOCAL-UDF next utilizes user labels to select the

one that best aligns with user intent, which we discuss in Section 4.3.4.

4.3.3 Distilled-model UDF generation

While program-based UDFs are powerful and flexible for predicates that reason about

existing concepts, bounding box coordinates, or perform a simple statistical analysis of pixel

values, they struggle with tasks that require understanding the visual contents of frames.

Even though pretrained models like VLMs can be used in a program-based UDF to clas-

sify relationships and attributes in a zero-shot manner, running such models over the entire

video dataset is expensive. For instance, applying GPT-4o to every frame of the 10,000

five-second videos in the CLEVRER dataset [224] to evaluate a predicate (e.g., “color-red”

or some more complex predicate) would cost approximately $1,413. This cost remains high

even when applying techniques such as downsampling or predicate push-down: There are

about 1.28M video frames and 5.44M objects to consider. Even if 99% of the image patches

corresponding to these objects were filtered, the cost of evaluating a predicate on the remain-

ing 1% of objects would still be around $14—far higher than generating one UDF (about

$0.15; see Section 4.5.1). VOCAL-UDF’s goal is to generate cheaper UDFs with visual un-

derstanding capabilities. However, training a lightweight image classifier from scratch would
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❌

✅

❌VLM
Q: Whether car o0 at 
(191, 77, 247, 134) in the 
red box is behind truck 
o1 at (11, 36, 119, 156) 
in the blue box?

I:

Figure 4.4: Data labeling by a VLM, using behind as an example.

require the user to spend a lot of time labeling for just one concept.

Model distillation is a common technique in machine learning to transfer knowledge from

a large model to a smaller, more efficient model [85, 196, 28, 36, 83]. Modeling Collabora-

tor [196] is a newly proposed framework that leverages foundation models to train image

classifiers for visual concepts using minimal user effort. To do so, given a target concept and

description, the system (i) mines relevant images from the public domain, (ii) uses founda-

tion models to annotate sampled images, (iii) trains a lightweight classifier using features

extracted from a pretrained model (e.g., CLIP) and labels annotated by the foundation mod-

els, and (iv) performs multiple rounds of active learning to further improve its performance.

VOCAL-UDF adopts a similar approach to automatically construct lightweight image

classifiers for new concepts without requiring user labeling but with the modifications needed

to resolve three unique challenges presented in our compositional query setting. First, ran-

dom sampling of the user dataset might not give enough positive samples for training, es-

pecially for rare concepts. Second, VOCAL-UDF generates UDFs for relationships and

attributes, which differ from the concepts in [196]. An image usually includes multiple ob-

jects, and VOCAL-UDF needs a different prompting strategy to guide a VLM in classifying

specific objects or pairs of objects*. Finally, for the same reason, merely extracting features

from the entire image is insufficient to train a good classifier.
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Image sampling

To generate a distilled-model UDF, VOCAL-UDF initially randomly samples frames from the

user’s video dataset for annotation. However, when the target visual concept is infrequent

in the dataset, random sampling does not effectively collect enough positive samples for

training. For instance, only 0.83% human-object pairs have an “eating” relationship in

the Charades [92] dataset. Our solution is to apply object-aware sampling to bootstrap

the sampling process. Since all objects of interest are already detected and tracked in the

dataset, VOCAL-UDF can filter out irrelevant objects and sample only those likely to be

involved in the target concept. For example, when labeling the “eating” relationship, object

classes like “food” and “person” are more relevant than “car” and “window”. To do this,

VOCAL-UDF first asks an LLM for relevant object classes, and then only samples objects

belonging to these classes. Figure A.4 shows an example prompt of object-aware sampling.

Data labeling

VOCAL-UDF uses VLMs to automatically label sampled video frames as positive or neg-

ative based on a UDF description. A VLM takes as input an image-text pair and outputs a

textual response. However, using a video frame and the UDF description as a direct query is

ineffective, since the concepts we are interested in target specific objects or pairs of objects,

rather than the frame as a whole. Thus, VOCAL-UDF applies the following prompting

strategy, with the goal of encouraging the VLM to focus on particular objects or interactions

between two objects. For attribute concepts, we use the UDF description proposed in Sec-

tion 4.3.1 as the text input, and create the image input by sampling an object from the

Objects relation and cropping the video frame to include only the object. For relationship

concepts, VOCAL-UDF augments the text input with the class names and bounding box

coordinates of the relevant objects in the video frame to provide more context to the VLM. It

then generates an image patch cropped from the video frame that includes a pair of objects

in the same frame from the Objects relation. VOCAL-UDF further augments the image
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patch by overlaying a red box around the subject and a blue box around the target, thereby

providing the VLM with directional information about the relationship. Figure 4.4 shows

an example prompt for labeling the behind relationship.

Model training

Similar to [193, 196, 53], VOCAL-UDF leverages a pretrained vision model (e.g., CLIP)

as the feature extractor and uses the feature-label pairs to train a multi-layer perceptron

(MLP). However, for relationship classification, directly extracting features from the image

patch containing two objects would perform poorly, as the feature extractor is not aware

of the object locations and cannot capture directional relationships (e.g., o1 holding o2 vs.

o2 holding o1). To address this, VOCAL-UDF concatenates features from three versions of

an image patch: the original one containing both objects, one where everything except the

subject is masked, and one where everything except the target is masked. For attribute

UDFs, VOCAL-UDF simply extracts features from the image patch containing the object.

In addition, VOCAL-UDF incorporates text features of object class names, derived from

the Objects relation, to enhance the MLP’s performance. After training an initial model,

VOCAL-UDF uses an active learning approach similar to [193, 196] to iteratively improve the

model. During each iteration, the trained MLP is run over the unlabeled dataset, VOCAL-

UDF selects a batch of samples with the highest uncertainty for labeling by the VLM.

VOCAL-UDF then retrains the MLP with the updated labeled dataset.

VOCAL-UDF uses VLMs to automatically label data and the cost is bounded by the

training data size, which is at most 500 frames in our evaluation. This is only 0.04% of the

1.28M frames in the entire database for CLEVRER, 0.8% of the 65K frames for CityFlow-NL,

and 0.2% of the 289K frames for Charades (see Section 4.5), which correspond to extremely

low sampling rates. This cost is thus far lower than directly applying an LLM to the entire

video dataset, even with downsampling. Although VOCAL-UDF’s distilled model process

may occasionally deliver unsatisfactory performance, its UDF Selector component, described

next, mitigates this by selecting the best candidate UDFs and filtering low-performing mod-
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els.

4.3.4 UDF selection

For a given UDF, VOCAL-UDF can generate both a distilled-model and a set of program-

based implementations. When there are multiple implementation candidates, VOCAL-UDF

needs to select the best one. VOCAL-UDF does not have any initial data to validate se-

mantic correctness, only the user NL query. If VOCAL-UDF were to collect labeled data

for validation before query execution, the user would need to manually go through the video

dataset to find positive and negative examples. Instead, VOCAL-UDF utilizes active learn-

ing at query time to strategically request binary labels on carefully selected samples that are

most likely to resolve disagreements among UDF candidates. Additionally, VOCAL-UDF

leverages LLMs to generate the UDF Python code on behalf of the user (Section 4.3.2) to

reduce user effort. Manually writing code snippets for a UDF would require knowledge of

Python and could be a tedious trial-and-error process for the user, especially when a UDF

requires hyperparameters, operates on pixel values, or leverages existing UDFs as building

blocks. We now describe the UDF selection process in detail.

UDF selection and active learning

To best align with the user’s intent, VOCAL-UDF strives to select the candidate UDF that

yields the best F1 score for a given set of user labels. As summarized in Algorithm 2,

VOCAL-UDF uses active learning [150, 235, 104] to reduce the number of labeled examples

needed from the user. Key hyperparameters include: a labeling budget b, thresholds tp and

tn giving the number of positive and negative samples needed to initiate active learning, and

the number of tuples ns sampled per iteration. Section 4.5 details the values used in our

experiments.

During each iteration, the algorithm randomly samples ns tuples from the database

(Line 4). It operates in two phases: bootstrapping and active learning. The bootstrap-
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Algorithm 2: UDF selection using active learning.

Input : Set of unlabeled data U , set of UDF candidates C, and hyperparameters b,
ns, tp, tn

Output: Selected UDF with highest score
1 Lp ← {}, Ln ← {}
2 W ← {wi | wi = 1/|C|, i = 1, 2, . . . , |C|}
3 for i = 1 to b do
4 Us ← SampleSubset(U, ns)

/* Phase 1: Bootstrapping */

5 if |Lp| < tp then
6 L′

p, L
′
n ← PickPositive(Us, C,W )

7 else if |Ln| < tn then
8 L′

p, L
′
n ← PickNegative(Us, C,W )

/* Phase 2: Active learning */

9 else if |Lp| < |Ln| then
10 L′

p, L
′
n ← PickPositive(Us, C,W )

11 else
12 L′

p, L
′
n ← PickDisagreed(Us, C,W )

13 Lp ← Lp ∪ L′
p, Ln ← Ln ∪ L′

n, U ← U − (L′
p ∪ L′

n)

14 W ← ComputeScore(Lp, Ln, C)

ping phase collects at least tp positive and tn negative samples. While the number of labeled

positives (|Lp|) or negatives (|Ln|) remains below its respective threshold, VOCAL-UDF se-

lects samples most likely to be positive or negative (Lines 5 to 8). Once enough initial labeled

data has been collected, VOCAL-UDF transitions to active learning, adopting the margin

and positive strategy from [150]. Specifically, if |Lp| < |Ln|, it asks the user to label samples

most likely to be positive; otherwise, it picks the sample with the greatest disagreement

among UDF candidates to differentiate them [235] (Lines 9 to 12).

In PickPositive(Us, C,W ) and PickNegative(Us, C,W ), the algorithm priorities

VLM annotations obtained in Section 4.3.3 over the UDF candidates’ majority vote, as

VLM labels are empirically more reliable. In PickDisagreed(Us, C,W ), it computes a

disagreement score for each sample in Us based on UDF candidates C, selecting the one with

the highest disagreement [104, 235]. Each sample’s disagreement score is the weighted dis-
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agreement among UDF candidates, with candidate weights initialized to 1/|C| (Line 2) and

updated to its performance (F1 score in our prototype) over Lp and Ln after each iteration

(Line 14). At the end of each iteration, Lp, Ln and U are updated with the new user labels

(Line 13).

Dummy UDFs

Several factors can contribute to the unsatisfactory performance of generated UDFs, includ-

ing the complexity of the target concept, the low quality of VLM labels, and an insufficient

number of positive training samples for rare events. When no UDF candidate performs well,

VOCAL-UDF should not apply a UDF that can hurt the performance. To prevent this,

VOCAL-UDF appends a dummy UDF to its list of UDF candidates. A dummy UDF is

a constant-valued function that produces True and is equivalent to omitting the predicate.

When all other candidates perform poorly, VOCAL-UDF opts for the dummy UDF during

its UDF selection process.

UDF generation strategy

Program-based UDFs and distilled-model UDFs offer different trade-offs in terms of perfor-

mance, interpretability, generation cost, and inference throughput. VOCAL-UDF provides

four strategies depending on the user’s preference and the system’s performance require-

ments: program only generates program-based UDFs, model only generates distilled-model

UDFs, llm asks the LLM to decide whether to generate program-based or distilled-model

UDFs, and both generates both classes of UDFs. Figure A.5 shows an example prompt of

using the llm UDF generation strategy. Depending on the user specification, one or more

program-based UDFs may be generated for each proposed UDF, and one distilled-model

UDF is generated for each proposed UDF. By default, VOCAL-UDF uses the both strategy

to maximize query performance. In Section 4.5.4, we also evaluate the performance of using

the llm strategy to automatically choose UDF types.
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4.3.5 Comparing with direct LLM methods

As an alternative to VOCAL-UDF, a multimodal LLM can directly answer user queries.

However, as shown in prior work [137, 206] and as we confirm in Section 4.5.1, LLMs still

struggle with compositional queries, and directly providing the LLM with the video frames

and the user query in a single prompt (the “vanilla LLM” approach in Section 4.5.1) leads

to low F1 scores. Furthermore, the cost scales with the dataset size, making it expensive for

large video collections today, as we discussed in Section 4.3.3 and evaluate in Table 4.2.

A higher performance LLM baseline is to parse the query into our DSL, then use a

combination of existing cheap models for common concepts and an LLM for application-

specific concepts (i.e., VOCAL-UDF without UDF generation, or “LLM for concepts”

in Table 4.2). While it may yield good F1 scores, this approach is only practical for

short videos and a small number of queries. For larger workloads, the cost and latency of

this method are even greater than “vanilla LLM” due to repeated LLM calls to identify

concepts for each object or object pair. As Table 4.2 shows, executing just one query with

three missing UDFs over the CLEVRER dataset using GPT-4o costs about $1,504 USD.

Reducing costs through sampling is also non-trivial because low sampling rates can degrade

query performance, especially for compositional events involving temporal dimensions. As

we show in Figure 4.6b, even a small downsampling factor of 8 can greatly reduce the upper

bound of achievable F1 scores from 1.0 to 0.51.

VOCAL-UDF overcomes these issues by using the multimodal LLM to learn each new

application-specific concept once, over a fixed-size sample of the data, and generate cheaper,

domain-specific models (either program-based or distilled-model UDFs) that can then be

applied to the remaining videos and to all future queries, avoiding repeated reliance on the

LLM and reducing overall costs.
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4.4 Implementation

VOCAL-UDF is implemented in Python using the AutoGen framework [213]. The

Query Executor converts queries in DSL notation into SQL and uses a relational engine

(DuckDB [165] in our prototype) to execute them. We apply the same query translation

algorithm as in [235] to optimize query execution. To reduce system latency, we parallelize

API calls to the LLM.

VOCAL-UDF requires a preprocessing stage per dataset before queries can be issued.

The user provides a video dataset and optionally a set of UDFs. If these UDFs include

object detection and tracking models, VOCAL-UDF uses them to populate the Objects

relation. Otherwise, VOCAL-UDF uses a predefined object detection and tracking model to

identify common objects. VOCAL-UDF pre-extracts features into Parquet files for use by

distilled models at query time (Section 4.3.3), and we utilize NVIDIA DALI [5] to accelerate

this process. VOCAL-UDF also executes the initial UDFs ahead of time to populate the

Relationships and Attributes relations and compute the active domains for oname, rname,

and aname. These operations happen as soon as VOCAL-UDF receives the videos and UDFs

and before the user issues any queries. If no initial UDFs are supplied, the Relationships

and Attributes relations will be empty. Similarly, when a new UDF is later created, our

prototype runs it over the entire dataset and materializes the results in the database. It

then converts the UDF into a value-lookup UDF so that subsequent queries can reuse the

materialized results. All UDFs are implemented in Python.

There is preprocessing overhead in the initial setup. The cost of running object detection,

object tracking, and feature extraction is relatively modest compared to that of LLMs and

VLMs, and they can be run locally. The cost of executing a UDF depends on its imple-

mentation. In this dissertation, we materialize all results in the video dataset before issuing

new queries. Several works have focused on optimizing query execution with UDFs [97, 216],

which could be integrated into our system.
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The source code for VOCAL-UDF is available at https://github.com/uwdb/

VOCAL-UDF.

4.5 Evaluation

Baselines. We compare VOCAL-UDF against VisProg [75] and EQUI-VOCAL [235], both

of which are limited to predefined UDFs when answering queries. VisProg uses a different set

of modules for different tasks, so we manually write new modules for the system to be able

to answer compositional queries. These include both logical (e.g., Eval, Event, Before) and

conceptual (e.g., Red, Holding) modules. VisProg also requires in-context examples, which

we create separately from the evaluation queries. While EQUI-VOCAL does not need such

examples, it does not accept NL queries as input. To address this, we adapt VOCAL-UDF’s

approach of converting NL into the EQUI-VOCAL DSL using an LLM. We further compare

VOCAL-UDF with two LLM baselines as described in Section 4.3.5.

Metrics. We evaluate query answering performance using F1 scores, precision, and recall.

We propose and generate UDFs using training data and report query performance over the

test set. We evaluate each dataset using 30 queries, and each query is run three times. We

additionally evaluate the system efficiency in terms of latency and cost. For latency, we

report the wall-clock time as perceived by the user from the moment they submit a query to

the moment when VOCAL-UDF returns the query results. For cost, we measure both the

LLM API invocation cost using the OpenAI pricing model [6] and the resource cost using

the AWS pricing model [2, 1].

Datasets: We evaluate VOCAL-UDF on three datasets: CLEVRER [224], CityFlow-

NL [64] and Charades [92]. CLEVRER is a benchmark that facilitates testing queries with

varying complexities. CityFlow-NL and Charades represent real-world applications—traffic

monitoring and human activities—typical for video data management systems. UDFs in

CityFlow-NL include fine-grained vehicle types, while Charades comes with complex human

interactions. The evaluation queries are based on concepts from these datasets, which are

https://github.com/uwdb/VOCAL-UDF
https://github.com/uwdb/VOCAL-UDF
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labeled by the original annotators and reflect events from those domains.

CLEVRER: The CLEVRER [224] dataset consists of 10,000, 5-second synthetic videos of

moving objects. To determine ground-truth information, following [224], we use a Mask

R-CNN [78] to locate objects and predict their colors, shapes, and materials. We write rule-

based functions to extract spatial relationships and attributes. For our experiments, we use

the same Mask R-CNN and rule-based functions as UDFs, for a total of six relationships

and 17 attributes. Among them, we select two relationships and nine attributes as the base

UDFs, which are available to all systems during query evaluation. We use templates to

automatically generate 30 target queries with seven predicates, up to three variables (i.e.,

three distinct objects), up to three region graphs, and duration constraints with three possible

values. We ensure there are at least 5% positive examples in the dataset for each target

query (we ensure the same for all datasets). We then rewrite the DSL queries as NL queries

using GPT-4 and manually verify the correctness.

CityFlow-NL: The CityFlow-NL [64] dataset contains traffic videos captured from multiple

cameras and NL descriptions for vehicle tracks. Following [120], we extract vehicle colors and

types from the NL descriptions. Since only sampled vehicle tracks are annotated, we only

consider them in our evaluation. We extract six spatial relationships using rule-based predic-

tors and create 1,473 non-overlapping 50-frame video segments from the original dataset. To

create UDFs for attributes, we train binary image classifiers. For relationships, we use the

same rule-based functions as UDFs. Then, we select three relationships and four attributes

as base UDFs. We automatically generate 30 queries with up to four predicates, up to three

variables, up to three region graphs, and duration constraints with three possible values. An

example query is ”a vehicle o0 with type sedan is to the right of another vehicle o1 for at

least 15 frames. Then, o0 is to the left of o1 for at least 15 frames”, which could be used to

find sedans changing their positions with other vehicles.

Charades: The Charades [92] dataset contains 30-second indoor activity videos. We focus

exclusively on frames with scene graph annotations provided by Action Genome [92], which

only provide human-object relationships but do not cover attributes or object-object rela-
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tionships. Thus, our evaluation queries focus on human interactions with objects. At query

time, only human-object pairs are sampled to collect more positive examples. Incomplete

annotations is a common issue in real-world datasets [35] like Charades. To address this,

we augment the dataset by automatically generating dense spatial relationship annotations

using rule-based predictors to replace the existing ones. For semantic relationships, we train

binary image classifiers. In total, we have 20 relationships (five spatial, 15 semantic) and 35

object classes. Among them, we select two spatial and seven semantic relationships as the

base UDFs. We automatically generate 30 target queries with up to four predicates (one

is always object(oi,‘person’)), up to three variables, and up to two region graphs, but

without duration constraints. An example query is ”a person is eating something, and then

the same person is holding another object while being in front of it”, which could retrieve

videos including a person taking a bite from an apple, and then picking up a cookbook in

front of them to read a recipe.

For each dataset, we use half of the videos as training data and the rest as test data. To

generate ground truth labels, we run each target DSL query on the dataset.

Evaluation setup. We conduct all experiments on a compute cluster. For each experiment,

we request one node with eight Intel Xeon Gold 6230R CPUs at 2.10GHz, 200GB of RAM,

and one NVIDIA A40 GPU. We use the GPT-4o model (gpt-4o-2024-08-06) as the LLM

and VLM across all systems. We configure VOCAL-UDF as follows. For the CLEVRER

dataset, we use a labeling budget of 20 for each UDF during selection. We generate 10

candidate programs, allowing numeric parameters and frame pixels as inputs. During UDF

selection, we bind each numeric parameter to its default value as well as five random values.

When generating distilled-model UDFs, we ask the VLM to annotate 100 sampled frames per

UDF. Given their increased complexity, for the CityFlow-NL and Charades datasets, we set

the labeling budget per UDF to 50 and the number of VLM-annotated frames per UDF to

500. 100 frames are annotated for the initial training, and then active learning is performed

to select 100 additional frames in each round. Frame pixels are disallowed in program-based

UDF generation due to their limited impact on performance. To focus our evaluation on
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Figure 4.5: End-to-end performance of generated queries with various number of missing
UDFs.

relationships and attributes, we assume objects are pre-detected and tracked.

4.5.1 End-to-end performance

F1 score, precision, and recall.

We first evaluate the end-to-end performance of VOCAL-UDF and baseline systems by vary-

ing the number of missing UDFs from zero (i.e., all required UDFs are available) to three.

In each experiment, all base UDFs are available, but X supplemental UDFs are randomly

removed. We execute thirty distinct queries three times. Figure 4.5 presents the F1 scores,

precision, and recall. VOCAL-UDF maintains high performance even when UDFs

are missing. When all required UDFs are available, all systems perform similarly. For
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Figure 4.6: (a) F1 scores of the vanilla LLM approach and VOCAL-UDF on CLEVRER
under a simplified setting. (b) F1 scores of running ground-truth DSL queries over sampled
videos.

CLEVRER, F1 scores with no missing UDFs reach 1.0 since predefined UDFs are also used

to generate ground-truth scene graph annotations. However, CityFlow-NL and Charades

contain less accurate ML models in their UDFs, leading to lower F1 scores. When UDFs are

missing, VisProg and EQUI-VOCAL experience significant F1 score drops, as they cannot

generate new UDFs, with VisProg performing worse due to its higher likelihood of including

unavailable UDFs. VOCAL-UDF mitigates F1 score degradation by generating new UDFs

as needed, though performance drops more on Charades as its missing UDFs involve com-

plex, harder-to-generate semantic relationships. Interestingly, while EQUI-VOCAL achieves

higher recall than VOCAL-UDF on CLEVRER and CityFlow-NL when UDFs are missing,

it does so at the expense of substantially lower precision, for an overall lower F1 score.

Comparing with direct LLM methods

To understand the performance gap between VOCAL-UDF and using an LLM directly,

we evaluate both approaches on CLEVRER. We use the same queries from the end-to-end

experiments, but under a simplified setting due to the high expense of GPT-4o. We select

500 videos and downsample each by 75%, retaining every fourth frame. We use the first
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10 queries as evaluated in Section 4.5.1 but remove any duration constraints due to the

downsampling. We compare VOCAL-UDF to a vanilla LLM method in which we provide

GPT-4o with a sequence of video frames and ask with the prompt: “Examine the sequence

of frames from a video and determine if the following event occurs? ¡user query¿. Answer

with ‘yes’ or ‘no’.” We use OpenAI’s Batch API that offers 50% lower cost. Figure 4.6a

shows that VOCAL-UDF achieves significantly higher F1 scores than the vanilla

LLM approach. The cost of the vanilla LLM method scales with the dataset size, averaging

$5.17 USD per query under this simplified setting. If extended to the full 5,000 videos in the

test set of CLEVRER, the estimated cost would be $207 USD per query.

As an alternative baseline, one can use an LLM to classify new concepts instead of

generating UDFs. However, as discussed later in Section 4.5.1, the cost of doing so without

downsampling is prohibitively high. While downsampling reduces LLM costs, it can also

degrade query performance. Figure 4.6b shows the F1 scores of executing ground-truth

DSL queries (i.e., assuming perfect LLM predictions) over the simplified CLEVRER with

various downsampling factors. Downsampling greatly reduces the upper bound on

achievable F1 scores, with performance dropping to 0.51 at a downsampling

factor of just 8.

Execution time.

To analyze VOCAL-UDF’s efficiency, we perform an end-to-end evaluation of execution

time. Figure 4.7a breaks down the wall-clock time for each system component, with each

stacked bar showing the mean execution time for queries with different numbers of UDFs

that VOCAL-UDF decides to generate. VOCAL-UDF may occasionally decide to generate

extra, unnecessary UDFs. For clarity, we omit CLEVRER with four generated UDFs and

CityFlow-NL with three generated UDFs from Figure 4.7, as each has only one data point—

arising from the LLM’s inaccurate decision—and does not reflect an average execution time

for that number of generated UDFs. The average execution time is under 100

seconds when all required UDFs are available and increases proportionally with
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Figure 4.7: Detailed breakdown of efficiency and cost.

the number of generated UDFs. In CLEVRER, query execution takes longer when new

UDFs need to be created, requiring several minutes to process the full 14-hour video dataset

as VOCAL-UDF materializes new UDF outputs. Subsequent queries using the same UDFs,

however, are as fast as the case with no missing UDFs. CityFlow-NL and Charades are faster
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due to smaller datasets and the exclusion of frame pixels in program-based UDF generation,

which eliminates the need for video loading and reduces the program execution cost. For

CityFlow-NL and Charades, UDF generation dominates the execution time, as the number of

VLM-annotated frames per UDF increases to 500, with active learning applied after labeling

every 100 samples. UDF selection requires non-negligible time across all datasets, involving

tasks such as frame loading, feature extraction, program execution, and model prediction.

Figure 4.7b provides a detailed breakdown of wall-clock time for the UDF generation

process. Since VOCAL-UDF asynchronously parallelizes calls to the LLM, we measure the

time breakdown as follows. All categories except for “other” capture the synchronous por-

tions of each sub-step (i.e., excluding LLM calls), while “other” represents the remaining

observed time, which includes the time spent explicitly waiting on asynchronous LLM calls.

Program-based UDF generation is labeled as “program,” while distilled-model UDF gen-

eration is further divided into sub-steps (“init”, “data loading”, etc.). Distilled-model

UDF generation takes significantly longer than program-based UDFs, but no

single sub-step consistently dominates across all cases. Specifically, training distilled

models takes the longest in CLEVRER and CityFlow-NL, whereas active learning takes the

longest in Charades due to a larger dataset. The active learning step could be accelerated

by performing it on a sample of the unlabeled dataset. The results also suggest that LLM

calls do not dominate UDF generation time, thanks to asynchronous execution. For

example, during data labeling, VOCAL-UDF submits batches of 100 asynchronous tasks to

maximize parallelization.

Monetary cost.

To understand the query execution cost, we consider both the LLM API invocation cost and

the compute resource cost. Figure 4.7c shows the mean monetary cost of OpenAI LLM calls

per query. VOCAL-UDF costs less than $1.0 USD per query, with data labeling

for distilled-model UDFs being the primary cost factor. Moreover, GPT-4o can be

replaced by open-source models. For instance, Amazon Bedrock offers Llama 3.1 70B for a
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Table 4.2: LLM cost estimation for executing
one query over CLEVRER’s full test set, with
three missing UDFs.

Method GPT-4o Llama 3.1 70B

VOCAL-UDF $0.4 $0.03–0.11
Vanilla LLM $207 $59

LLM for concepts $1504 $430

Table 4.3: Natural language to DSL cor-
rectness.

Dataset F1 = 1 F1 ≥ 0.98

CLEVRER 79% 100%
CityFlow-NL 92% 99%
Charades 83% 97%

price of $0.72 USD per 1M tokens [1], which is 3.5× cheaper for input and 14× cheaper for

output tokens than GPT-4o. Other open-source models and hosting options [4] are available

to further reduce costs, with a potential trade-off in query F1 scores. Compute resource costs

depend on deployment scenarios. For example, on a g4dn.12xlarge EC2 spot instance, the

estimated average resource cost of running a query with the largest number of missing UDFs

is $0.7 USD for CLEVRER, $0.4 for CityFlow-NL, and $0.5 for Charades [2]. Thus, the

total per-query cost for each dataset remains under $1.5.

Table 4.2 compares the estimated LLM costs of VOCAL-UDF, “vanilla LLM”, and “LLM

for concepts” (as described in Section 4.3.5) using both GPT-4o and Llama 3.1 70B. Due to

the high expense of the baselines, we estimated costs rather than running full experiments.

We estimate the cost of “LLM for concepts” as follows: Each CLEVRER video contains

an average of 544 objects and 1,933 object pairs. Each LLM call requires 300 input tokens

(255 for the image and 45 for the task) and one output token (“yes” or “no”). We first run

the query with missing UDFs removed, then invoke the LLM only on the matching videos

to minimize costs. As shown in Table 4.2, VOCAL-UDF is much more cost-effective

than direct LLM baselines. While further optimizations—e.g., evaluating immutable

attributes on a single frame and propagating them to other frames for the same object—

could reduce the cost of “LLM for concepts”, the cost remains proportional to the dataset

size, in contrast to VOCAL-UDF.
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Table 4.4: Proposing UDFs. FPs are incorrectly proposed UDFs, and FNs are missed UDFs.

Dataset # New UDFs # proposed UDFs # FP # FN
CLEVRER 540 441 27 126

CityFlow-NL 270 261 4 14
Charades 270 229 19 60

4.5.2 UDF proposal

Translating NL queries to DSL is not a contribution of this dissertation, but we report it

as it affects the end-to-end performance. For this experiment, all UDFs are available, and the

LLM translates the same queries from the end-to-end experiment, running each three times.

We measure the F1 score of the generated queries. As shown in Table 4.3, VOCAL-UDF

can effectively parse the complex textual queries into the DSL notation, returning

correct video segments at least 79% of the time, which increases to ≥97% if we consider

an F1 score ≥ 0.98. Common translation errors include missing and redundant predicates,

misuse of UDFs with similar names, and incorrect temporal ordering of predicates.

We evaluate VOCAL-UDF ’s UDF proposal using the same set-up as the end-to-end

evaluation. A proposed UDF is considered correct if its name matches one of the target

query’s ground truth UDFs, with a manual check for synonyms. As shown in Table 4.4,

VOCAL-UDF proposes fewer UDFs than expected, with more false negatives

(FNs) than false positives (FPs). This occurs because some new UDFs are equivalent

to available UDFs (e.g., “above(o1, o2)” vs. “beneath(o2, o1)”). However, this is beneficial

as it avoids unnecessary UDF generation. Most other FNs are mainly because VOCAL-

UDF decides to approximate using other available UDFs (e.g., “touching” for “holding”).

Most FPs arise from proposing compositional UDFs, such as “behind and near” for

“behind” and “near”.
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Table 4.5: Program-based UDFs performance.

Dataset
best = “program” best ̸= “program”

best UDFs all UDFs best UDFs all UDFs
CLEVRER 0.995 0.203 0.664 0.024

CityFlow-NL 1.000 0.831 0.349 0.203
Charades 1.000 0.092 0.162 0.030

Table 4.6: Program-based UDF types.

Dataset
best = “program” best ̸= “program”

all reuse param pixel all reuse param pixel
CLEVRER 195 52 59 40 37 8 14 12

CityFlow-NL 83 25 14 — 91 90 16 —
Charades 70 32 15 — 75 33 28 —

4.5.3 UDF generation

We now evaluate the performance of program-based UDFs. We consider all correctly

proposed program-based UDFs across the 270 experiments with the largest number of new

UDFs (3 datasets × 30 queries × 3 runs). We classify UDFs into two categories, one where

at least one of their best implementations is program-based, and another where the best is

not program-based. Table 4.5 shows the median F1 score of the best generated program

for each UDF (best UDFs) and all generated programs for each UDF (all UDFs). When

the best UDF generation is program-based, VOCAL-UDF consistently produces

high-quality programs. However, not all generated UDF candidates are of high quality;

for instance, the median F1 score of all program-based UDFs for Charades is only 0.092.

Thus, VOCAL-UDF must carefully select the best candidate during the UDF selection phase.

When the best UDF is not program-based, F1 scores decrease significantly, indicating that

certain relationships or attributes may not be well-suited to program-based UDFs.

As described in Section 4.3.2, VOCAL-UDF supports program generation with various
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Table 4.7: Distilled-model UDFs performance.

Dataset
best = “model” best ̸= “model”
model dummy model dummy

CLEVRER 0.889 0.519 0.556 0.662
CityFlow-NL 0.687 0.289 0.735 0.664
Charades 0.724 0.207 0.302 0.728

enhanced features. We evaluate how often VOCAL-UDF uses these features by categorizing

program-based UDFs into four types: “all” (represents all generated programs), “reuse”

(utilizes results from existing UDFs), “param” (takes numeric parameters as inputs), and

“pixel” (accepts frame pixels as inputs). Table 4.6 shows the number of best generated

programs for each UDF in each category. The results indicate that the best programs span

various types, highlighting the importance of enhanced features in generating high-

quality program-based UDFs.

Using the same method as above, we evaluate the performance of distilled-model UDFs.

UDFs are classified into two categories, one where at least one of their best implementations

is distilled-model, and another where none are distilled-model. Table 4.7 shows the median

F1 score for both distilled-model generation and dummy generation (as the baseline) for each

UDF. When the best UDF generated is distilled model, VOCAL-UDF shows a

significant improvement in F1 scores over the baseline. When the best UDF is not

distilled model, the F1 scores of distilled models are comparable or worse than the baseline,

indicating that certain relationships or attributes may not be suitable for distilled-model

UDFs. For CityFlow-NL, F1 scores are higher for UDFs whose best implementations are not

distilled models, likely due to the complexity of semantic attributes that are more challenging

to classify.

To access VOCAL-UDF’s ability to handle ambiguous intent in program-based UDFs, we

test three concepts from CLEVRER—“behind”, “far”, and “location bottom”. For each con-

cept, we execute the same query with one predicate but three different interpretations. For
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Figure 4.8: Median F1 scores of VOCAL-UDF vs. a single-generation baseline on queries
with one predicate under various interpretations, each run 20 times. Error bars show the
IQR.

instance, “behind” is interpreted as: (1) o1’s center above o2’s center, (2) o1’s center below

o2’s center, and (3) o1’s bottom edge above o2’s bottom edge. We compare VOCAL-UDF to

a baseline that uses an LLM to generate a single program without numeric hyperparameters

or UDF reuse. Figure 4.8 shows the F1 scores for each concept across varying interpreta-

tions, showing that VOCAL-UDF can more robustly adapt to different definitions

of the same concept. The baseline struggles with “behind” since it uses an interpretation

based on bounding box overlap that mismatches all three ground truths. While it works well

for one interpretation of the other concepts, its single-generation method fails to accommo-

date varying interpretations, leading to significant performance drops. One limitation of

VOCAL-UDF is that a concept becomes fixed once a UDF is generated. The UDF would

have to be explicitly deleted or disabled if a user wanted a different interpretation for an

already-existing concept. Additionally, VOCAL-UDF currently does not handle intent ambi-

guity for distilled-model UDFs, but this can be extended by asking LLMs to generate diverse

descriptions of the target concept and distilling multiple models.

We further examine the VLM’s labeling quality during distilled-model UDF generation

on the CityFlow-NL and Charades datasets. We evaluate nine attributes in CityFlow-NL

and 18 relationships in Charades. For each attribute or relationship, we use GPT-4o to label

a randomly selected, balanced set of 500 samples. Table 4.8 shows the average F1 score of
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Table 4.8: VLM labeling quality.

CityFlow-NL Charades
suv 0.843 holding 0.776 sitting on 0.897
white 0.906 standing on 0.846 covered by 0.749
grey 0.797 carrying 0.761 eating 0.737
van 0.956 wiping 0.685 touching 0.632
sedan 0.903 leaning on 0.816 wearing 0.854
black 0.819 drinking from 0.916 lying on 0.857
red 0.973 writing on 0.894 above 0.683
blue 0.904 in front of 0.644 beneath 0.561

pickup truck 0.956 behind 0.599 in 0.444

Table 4.9: UDF selection performance and selected UDF distribution, using “both” strategy.

Dataset No. best 80% of best program model dummy
CLEVRER 232 163 (70%) 218 (94%) 183 (79%) 37 (16%) 12 (5%)

CityFlow-NL 174 144 (83%) 154 (89%) 94 (54%) 76 (44%) 4 (2%)
Charades 145 93 (64%) 123 (85%) 81 (56%) 23 (16%) 41 (28%)

each concept over three runs. GPT-4o generally achieves high labeling quality for

a wide range of concepts: seven out of the 27 concepts achieve F1 scores of at least

0.9, and 15 attain F1 scores of at least 0.8. However, GPT-4o struggles to label the five

spatial relationships, suggesting that VLMs like GPT-4o are still limited in spatial

reasoning.

4.5.4 UDF selection

Table 4.9 reports the UDF selection results. The “best” column shows the number of

UDFs selected by VOCAL-UDF that achieve the highest F1 score among all UDF candidates,

while the “80% of best” column shows how many attain at least 80% of the best F1 score.

VOCAL-UDF effectively selects better-performing UDFs from candidates, even

with a labeling budget as low as 20. Although VOCAL-UDF does not always pick
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Table 4.10: Number of correctly selected UDF types. “No.” represents the number of
proposed UDF instances.

Dataset
best ̸= “dummy” best = “dummy”

No. both llm (gpt-4o) llm (gpt-4-turbo) No. both

CLEVRER 225 203 (90%) 208 (92%) 145 (64%) 7 3 (43%)
CityFlow-NL 174 154 (89%) 170 (98%) 102 (59%) 0 0 (—)
Charades 125 90 (72%) 104 (83%) 57 (46%) 20 18 (90%)

the best UDF due to similar scores for many candidate UDFs, it can still select a good

UDF implementation at least 85% of the time (with an F1 score of at least 80% of the best

implementation). Table 4.9 also breaks down the types of UDFs that VOCAL-UDF selects.

To handle diverse semantic concepts, VOCAL-UDF generates and selects UDFs

of various types, underscoring the necessity for VOCAL-UDF to support two different

types of UDFs. Interestingly, VOCAL-UDF selects more dummy UDFs (41 instances, 28%)

on the Charades dataset than the other datasets. Notably, 20 instances are “holding”, which

is difficult to distinguish under the current labeling budget. Another 17 cases are “in”, which

our rule-based predictor identifies by checking bounding box overlap. This method classifies

most object pairs as having this relationship, thereby allowing even the dummy UDFs to

perform exceptionally well.

VOCAL-UDF supports four UDF generation strategies, as described in Section 4.3.4.

We now compare the “both” and “llm” strategies in selecting the correct UDF type. When

multiple candidates of different types share the highest F1 score, any of these types is con-

sidered correct. Using the same end-to-end experiment setting with the largest number of

missing UDFs, Table 4.10 shows the number of correctly selected UDF types. The results are

divided into two categories: one where the best UDF type is not “dummy” and one where it

is “dummy.” When the best UDF type is not “dummy,” VOCAL-UDF correctly selects

the UDF type at least 72% of the time with the “both” strategy, reaching up to

90% on CLEVRER. Interestingly, using “llm” with GPT-4o yields a higher accuracy

than “both”. However, this strategy is highly sensitive to the model used; switching to
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Figure 4.9: F1 scores of VOCAL-UDF without active learning and without dummy UDFs
in UDF selection.

an earlier GPT-4 Turbo model reduces the accuracy to 46–64%. Despite this, the “llm”

strategy demonstrates potential to further improve performance while reducing latency and

cost. When the best UDF type is “dummy,” VOCAL-UDF can also select the correct UDF

type 43% to 90% of the time using the “both” strategy.

We study the impact of active learning and dummy UDFs to the UDF selection pro-

cess, using the same end-to-end experiment setting with the largest number of new UDFs.

Figure 4.9 compares F1 scores across three system variants: the complete system with both

active learning and dummy UDFs (All), the system with random sampling and dummy UDFs

(No active learning), and the system with active learning but without dummy UDFs (No

dummy UDFs). Both active learning and dummy UDFs help achieve higher F1

scores. For CityFlow-NL, the best UDF implementations are easily distinguishable from

candidates, so active learning does not improve F1 scores but also does not degrade system

performance.

VOCAL-UDF reduces user effort by using active learning to request labels at query time

rather than asking the user to provide all examples upfront. Figure 4.10 compares the

number of samples needed under two approaches—active learning during UDF selection and

random sampling before query execution—to obtain at least ten positive examples for a given

UDF. We consider all generated UDFs from the end-to-end experiment and classify them

as “easy” (spatial relationships and attributes with relatively balanced labels) or “hard”

(other concepts with greater class imbalance). Active learning allows VOCAL-UDF
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Figure 4.10: Number of samples required to get at least 10 positive examples (y-axis in log
scale; lower is better).

to collect positive samples with reduced labeling effort, particularly for “hard”

concepts. Since most object pairs exhibit “in” relationships in Charades, random sampling

requires labeling only 11.5 samples on average to yield 10 positives. As a result, the overall

labeling effort for “easy” concepts in Charades is similar between random sampling and

active learning.

4.6 Limitations

VOCAL-UDF does not currently support relationship and attribute UDFs involving state

changes over time, such as identifying a car “moving close” to a truck, which requires distance

comparisons at different timestamps. As an approximation, multiple frame-level UDFs can

represent each state separately; for instance, detecting a “far” relationship followed by a

“near” one.

Materializing and reusing UDF results can be problematic when the definition of an at-

tribute or relationship is not objective (e.g., “near”) and varies from query to query. To

address this, VOCAL-UDF could allow users to access and manage generated UDF descrip-

tions, implementations, and results, enabling them to dynamically enable or disable specific

UDFs before issuing queries.

VOCAL-UDF’s performance is affected by its ability to semantically understand the user
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queries and available UDFs. We assume that predefined UDFs are relevant to the target do-

main and that an LLM is capable of disambiguating each UDF effectively. The performance

of VOCAL-UDF thus heavily depends on the underlying LLM, which is why we used the

latest LLMs (e.g., GPT-4o) to ensure high-quality semantic understanding. Furthermore,

VOCAL-UDF currently supports queries with detailed and explicit descriptions. Extending

support to vague queries is left for future work.

VOCAL-UDF leverages LLMs in various system components, making the quality of query

results dependent on the underlying LLM performance. To enhance the reliability of LLM-

generated answers, VOCAL-UDF employs syntax verification, generates multiple candidate

UDFs, and leverages user annotations via active learning to select the best implementation.

Introducing dummy UDFs further ensures that newly generated UDFs do not negatively

impact query results. While users already provide annotations to guide UDF selection,

VOCAL-UDF could be extended to incorporate additional human interventions, allowing

users to access intermediate results for manual examination [220, 234, 47]. Our experiments

empirically demonstrate the promising potential of our LLM-based approach, and we posit

that as LLMs advance, VOCAL-UDF performance will correspondingly improve.

4.7 Summary

In this chapter, we presented VOCAL-SIFT, a new system that supports compositional video

queries with the capability to generate new UDFs. VOCAL-SIFT utilizes LLMs to parse NL

queries and automatically determine the need for new UDFs. It supports both program-based

and distilled-model UDF generations and improves UDF quality through syntax verification

and semantic verification.
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Chapter 5

VOCAL-SIFT: OPTIMIZING HIGH-LEVEL VIDEO QUERIES
VIA NECESSARY-PREDICATE FILTERING

In this chapter, we present VOCAL-SIFT, our video query processing system that enables

efficient high-level NL querying over large video datasets.

The previous two chapters introduced systems that target compositional video queries.

EQUI-VOCAL (Chapter 3) lowers the bar for formulating compositional queries by synthe-

sizing a declarative query from a handful of positive and negative examples, freeing users

from writing precise spatio-temporal specifications. VOCAL-UDF (Chapter 4) extends this

support to NL by automatically generating any missing predicates as new UDFs, allowing

users to articulate queries directly in NL. Together, these systems answer queries whose

semantics can be fully expressed by composing visual atoms—objects, attributes, relation-

ships, and temporal relations. Figure 5.1 (a) illustrates this approach. Other video querying

systems [67, 216, 143, 75] follow the same approach: each visual subtask is delegated to a

module, either predefined or supplied as a UDF, that solves it in isolation, and the query

engine composes the results.

Many real-world video queries, however, are high-level: the user specifies a concise NL

event description rather than an explicit composition of visual primitives. For example, a

user might ask, “Show me instances of car accidents.” Although some such events could

in principle be expressed as large disjunctions of predicate compositions, this representation

is not provided by the user and is often impractical to enumerate. Such queries can arise

because the event in question involves implicit domain knowledge, substantial visual vari-

ability, or subjective interpretation. For instance, evaluating “a Biellmann spin in figure
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Figure 5.1: Comparison of approaches for high-level video query processing. Existing ap-
proaches either require users to provide compositional queries, invoke expensive VLMs over
the full dataset, rely on user clarification, or train a single specialized model. VOCAL-SIFT
decomposes high-level queries into necessary predicates, uses lightweight predicate filters to
prune the video corpus, and invokes the VLM only over the filtered videos.

skating” requires implicit domain knowledge to map the named technique to its underlying

visual structure, such as a skater holding a raised skate behind their head while rotating.

Conversely, an event like a “goal celebration in soccer” exhibits substantial visual variability:

the action might manifest as a knee slide, a backflip, or a group embrace, varying signifi-

cantly across positive examples. Finally, distinguishing “aggressive behavior” from “playful

wrestling” relies heavily on subjective interpretation; while the explicit visual primitives

(e.g., grabbing, falling) may be identical, accurately classifying the event requires inferring

underlying intent and emotional state.

Consequently, answering a high-level query requires case-by-case semantic reasoning that

goes beyond evaluating a query consisting of a specific set of predicates. Recent VLMs
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provide a natural mechanism for this form of semantic reasoning because they can condition

on an open-ended NL event description and combine heterogeneous visual evidence with

commonsense and domain knowledge. Rather than matching a query to a fixed list of

predicates, a VLM can weigh multiple partial cues when deciding whether the event occurred.

For example, for “alley-oop in basketball”, a VLM may jointly consider the players, ball,

basket, pass trajectory, airborne receiver, and finish near the rim. These cues provide useful

evidence, but they are not individually necessary, sufficient, nor do they constitute a complete

definition of the event. Prompting techniques [110, 148] can further enhance such reasoning.

However, directly applying VLMs to every video in a large corpus remains time-consuming

and computationally expensive, with cost scaling linearly in the number of sampled frames.

For instance, directly invoking GPT-4o over a 7-hour video can cost hundreds to thousands

of US dollars for answering a single query [236]. Direct VLM evaluation therefore preserves

high-level semantics, but applies the expensive model to every video (Figure 5.1 (b)). Our

evaluation shows that direct VLM evaluation is up to 13.6× more expensive than VOCAL-

SIFT (Table 5.4).

An alternative is to leverage interactive clarification. Recent work on LLMs has explored

asking users clarifying questions to resolve task ambiguity [114, 121]. Adapting this approach

to video querying could allow the system to ask follow-up questions that prompt the user to

describe the visual logic of the event more explicitly. These answers can be converted into

a more explicit compositional query and passed to existing video query systems. However,

this approach presumes an always-available user and repeated back-and-forth introduces

additional latency and user effort (Figure 5.1 (c)), which we demonstrate in our user study

in Figure 5.6.

Another option is to train a smaller, task-specific model through either direct supervision

or model distillation [28, 36, 83, 196] to approximate the high-level query (Figure 5.1 (d)).

However, supervised training demands substantial user labeling effort, often requiring hours

of manual annotation for a single query, despite recent efforts to streamline the process [53,

150]. Model distillation aims to transfer knowledge from a large reference model to a smaller,
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task-specific one by using the reference model to annotate training data automatically, but

naively generating sufficient training data for rare or complex events remains expensive,

and distilled models can struggle to capture intricate or highly variable query semantics at

practical model sizes (see Figure 5.3 and Table 5.3).

Given these limitations of existing approaches, we propose VOCAL-SIFT, a video query

processing system that enables efficient high-level NL querying over large video datasets.

VOCAL-SIFT follows the “decompose, filter, then evaluate” path in Figure 5.1 (e). VOCAL-

SIFT does not try to replace the final VLM judgment with a complete compositional defi-

nition. Instead, it automatically identifies necessary predicates, which are visually de-

tectable conditions that should hold whenever the high-level event occurs, even though

they may not be sufficient to prove that the event occurred. For selected necessary pred-

icates, VOCAL-SIFT reuses or trains lightweight predicate filters, applies them to prune

non-matches, and invokes the expensive VLM only on the remaining candidate videos.

This design builds on a rich line of VDBMS research focused on avoiding expensive

predicate evaluations. Prior systems have introduced probabilistic predicates, proxy models,

and multi-level classifier cascades that use cheap approximate tests to filter data before

invoking an expensive oracle [136, 100, 12, 99, 102]. These approaches, however, assume

that the target predicate is already known and explicitly specified by the user, such as an

object predicate (e.g., “bus”), an attribute predicate (e.g., “red color” or “speed > 60”), or

a cardinality predicate over detected objects (e.g., “contains at least five cars”). VOCAL-

SIFT generalizes these proxy model principles from explicitly defined predicates to high-level

queries where the necessary visual conditions must be dynamically inferred. By automatically

discovering these necessary predicates for a high-level event and realizing them as lightweight

filters, VOCAL-SIFT extends the proven efficiency of proxy models to the domain of open-

ended, high-level semantic querying.

Realizing this design raises three key challenges. First, the system must automatically

decompose a high-level query into necessary predicates. This is difficult because high-level

queries are underspecified and may admit many valid visual instantiations. For example, an
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“alley-oop in basketball” may be executed as a one-handed dunk, a two-handed layup, or

from different passing angles. The system must infer predicates that are both necessary and

visually detectable (e.g., “player”, “ball”, “basket”, and “airborne receiver near the rim”)

without adding non-essential conditions (e.g., “dunk” or “crowd celebration”). This diffi-

culty is compounded by the variability of LLM outputs: naively prompting an LLM may

yield inconsistent decompositions across runs, omit critical predicates, or introduce spurious

ones. We empirically demonstrate the limitations of naive LLM prompting in our evalua-

tion (Section 5.5.3). VOCAL-SIFT addresses these issues with an LLM-based, multi-step

semantic decomposition process. Inspired by prior work that improves LLM reliability by

sampling and reconciling multiple reasoning paths [211, 60], VOCAL-SIFT performs multiple

independent decompositions and then reconciles recurring predicates into a consistent set of

necessary predicates. In the alley-oop example, this design allows VOCAL-SIFT to preserve

consistently extracted predicates (e.g., “airborne receiver”), merge equivalent descriptions

(e.g., “near the rim” and “near the basket”), and discard spurious predicates (e.g., “fast

break”).

Second, once candidate predicates are identified, the system must decide which ones

should be instantiated as filters and which ones can be omitted. Instantiating a filter for

every predicate is costly and can be wasteful, because predicates within the same query are

frequently correlated and add little additional pruning power. For example, in figure skat-

ing, a “spinning” predicate usually implies that the skater is already balanced on one leg,

so training both “spinning” and “balancing on one leg” filters is largely redundant. Yet this

decision is difficult because the selectivity of each predicate and its marginal contribution to

pruning are not known a priori. Reusing filters across queries introduces a complementary

challenge: enabling reuse without biasing decomposition. Reuse is essential for amortizing

training cost, but exposing the library of existing predicates too early can cause the decom-

position process to force-fit newly encountered semantics to available functions even when

the match is only approximate. For example, if the library already contains “touching”, the

system may be tempted to map a query meaning “holding” to that predicate, even though
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holding implies a much more specific interaction than mere contact. The system must there-

fore separate semantic reasoning from reuse, and align new predicates to existing filters only

after decomposition has been completed. VOCAL-SIFT addresses the reuse problem by

separating decomposition from library alignment. It first lets the LLM produce necessary

predicates without constraining them to the existing filter library, and only afterward aligns

the completed predicate set against the library. This allows VOCAL-SIFT to reuse filters

when the semantics match exactly, while avoiding approximate substitutions that could dis-

tort the query. For predicates that do not have reusable filters, VOCAL-SIFT then applies

filter selection. It uses an LLM to estimate whether or not each missing predicate is largely

implied by the filters already available for the query, and trains a new filter only when the

predicate is expected to provide enough additional pruning benefit to justify its construction

cost.

Finally, the system must instantiate selected predicates as reliable filters. A training-free

baseline is to use zero-shot embedding filters: a pretrained vision-language encoder maps

both video frames and predicate text into the same vector space, and the filter retains videos

whose frame vectors are close to the text vector. However, embedding similarity produces

continuous scores, so filtering still requires a rule for turning those scores into video-level filter

decisions. As our evaluation shows (Section 5.5.2), effective rules vary across predicates and

datasets, and zero-shot embedding filters do not consistently retain true matches while prun-

ing enough non-matches. VOCAL-SIFT instead instantiates selected predicates as distilled

predicate filters, using VLM labels to train compact classifiers over precomputed frame rep-

resentations. This approach learns predicate-specific decision boundaries that can adapt to

the target dataset and be reused across later queries. Relationship and attribute predicates,

such as “near” or “silver”, raise additional challenges. For example, a relationship predicate

“holding” may refer to a player holding a basketball, an audience member holding a water

bottle, or a coach holding a tablet. Although one could in principle annotate and train filters

for the predicate alone, without specifying its participating objects, doing so is difficult in

practice: the VLM may not label all instances consistently, and the positive examples may
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vary substantially in their participating objects, visual appearance, and image location. As

a result, the distilled model must learn from a more varied set of positive examples, which

may be harder to train from frame-level features alone. VOCAL-SIFT addresses this issue by

grounding each such predicate in its participating objects during annotation and inference,

producing more specific filters such as “a player holding a basketball”. Our experiments

show that grounding improves both label quality and filter selectivity (Section 5.5.5).

In summary, VOCAL-SIFT makes the following contributions:

• We introduce necessary-predicate filtering for high-level video queries. VOCAL-SIFT

automatically identifies essential visual conditions to prune the video corpus before

applying an expensive VLM oracle, avoiding the need for users to write complex com-

positional queries that explicitly describe the full visual logic for a video event or scene

of interest.

• We design a multi-step semantic decomposition process to derive reusable necessary

predicates by independently generating candidates, aligning them against an existing

library, and reconciling LLM outputs into a robust predicate set (Section 5.2).

• We develop a filter selection method that avoids training redundant predicate filters

by estimating semantic dependency, which reduces the filter construction cost while

preserving filtering quality (Section 5.3).

• We instantiate necessary predicates as object-grounded distilled predicate filters (Sec-

tion 5.4). Experiments with our prototype implementation and three datasets show

that VOCAL-SIFT maintains high recall while substantially reducing expensive VLM

invocations, and a user study confirms that our automatic decomposition reduces task

completion time compared to human clarification, without a significant degradation in

filtering quality or user experience (Section 5.5).

Overall, we show in this chapter how VOCAL-SIFT enables users to seamlessly express
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Algorithm 3: VOCAL-SIFT overview.

Input: Video corpus V , user’s NL query t, library of existing atomic predicates P ,
partial map from predicates to instantiated filters M

/* Stage 1: Parsing */

1 q ← Parse(t, P )
2 PA, PH ← ClassifyPredicates(q)
/* Stage 2: Semantic Decomposition */

3 Pq ← PA

4 foreach ph ∈ PH do
5 Pq ← Pq ∪ SemanticallyDecompose(ph, t, P )
6 P ← P ∪ Pq

/* Stage 3: Filtering */

7 Preuse, Pinst, Pskip ← SelectFilters(Pq,M)
8 foreach p ∈ Pinst do
9 M [p]← InstantiateFilter(p, V )

10 Fq ← {M [p] : p ∈ Preuse ∪ Pinst}
11 Vcand ← ApplyFilters(V, Fq)

/* Stage 4: Evaluation */

12 Vans ← EvaluateCandidates(Vcand, t)
13 return Vans, P,M

an additional category of queries over video datasets, significantly extending the practical

application of video data management systems.

5.1 VOCAL-SIFT overview

Answering video queries requires bridging user intent with executable operations over large

video corpora while balancing expressiveness and efficiency. VOCAL-SIFT achieves this goal

by taking as input a NL query that contains a combination of atomic and high-level pred-

icates. Atomic predicates name low-level object, attribute, or relationship conditions that

existing visual operators can evaluate directly, while high-level predicates name semantically

rich events whose visual structure is implicit. A query must contain at least one predicate

of either kind. VOCAL-SIFT identifies the high-level predicates in the query and extracts

a set of atomic predicates from each of them. For example, given the query “alley-oop
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in basketball”, VOCAL-SIFT recognizes “alley-oop” as a high-level predicate and extracts

atomic predicates such as the presence of a player, a ball, and a basket, together with an

airborne receiver near the rim. VOCAL-SIFT then effectively determines the overall subset

of predicates that are worth evaluating to filter away video snippets that do not satisfy the

query. Finally, VOCAL-SIFT invokes an expensive VLM on the remaining video snippets to

confirm whether they satisfy the query.

More specifically, VOCAL-SIFT processes each query in four stages: parsing, semantic

decomposition, filtering, and evaluation. Parsing converts the NL query into a structured

representation and identifies which predicates are already atomic and which are high-level.

Semantic decomposition rewrites each high-level predicate into a set of necessary predicates

that are concrete enough to support filtering. Filtering then decides which existing filters

can be reused and which new ones should be instantiated, and applies them to prune the

corpus to a candidate set. Finally, evaluation invokes an oracle—a strong but expensive

model such as a VLM, whose judgment we treat as the ground truth for the query—only on

the remaining candidates. Algorithm 3 summarizes this end-to-end pipeline.

Algorithm 3 begins by parsing the user query t into a structured query q expressed

in the same DSL used by EQUI-VOCAL and VOCAL-UDF (Section 3.1.2). The parser

then partitions the predicates in q into atomic predicates PA and high-level predicates PH

(lines 1-2). Both steps are LLM-driven. Given t and the existing predicate library P ,

the LLM produces a DSL expression and labels each predicate as atomic if it describes

an explicit visual condition over objects (e.g., “basket”), attributes (e.g., “a player being

airborne”), or relationships (e.g., “a player near the basket”). Predicates that instead name

a broader event or activity whose visual meaning is not yet explicit in this form are labeled

as high-level (e.g., “alley-oop in basketball”). For each ph ∈ PH , VOCAL-SIFT invokes

SemanticallyDecompose to rewrite it into a set of necessary predicates represented as

atomic predicates (line 5 and Section 5.2). These predicates are merged with PA to form

the query-specific predicate set Pq, which is then added to the atomic predicate library P so

that future queries can reuse any newly discovered predicates.
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The filtering stage is then realized in two steps. First, SelectFilters examines Pq to-

gether with the predicate-to-filter map M and classifies each predicate in Pq into one of three

groups: those whose filters can be reused (Preuse), missing predicates worth instantiating as

new filters (Pinst), and missing predicates whose filters would add little pruning benefit and

are therefore skipped (Pskip) (Section 5.3). Second, for each p ∈ Pinst, VOCAL-SIFT invokes

InstantiateFilter and records the new filter in M , making it available to future queries

as well (Section 5.4). The active filter set Fq for the current query is then assembled from

M over Preuse ∪ Pinst, and applying it to V yields the candidate set Vcand (line 11).

Finally, VOCAL-SIFT invokes EvaluateCandidates on Vcand rather than on the full

corpus, preserving the expressiveness of oracle-based evaluation while avoiding unnecessary

oracle calls (line 12). Subsequent queries can benefit from the predicates discovered during

decomposition and the filters trained during instantiation.

The following sections elaborate on the three core components that make this pipeline

effective. Section 5.2 describes how VOCAL-SIFT transforms high-level predicates into nec-

essary predicates, Section 5.3 explains how it decides whether a missing predicate is worth

instantiating, and Section 5.4 describes how the selected predicates are realized as concrete

filters.

5.2 Semantic decomposition

Given a high-level predicate ph from the parsed query, semantic decomposition identifies

simpler visual conditions that should hold whenever ph occurs. VOCAL-SIFT represents

these conditions as a query-specific set of necessary predicates : atomic object, attribute,

and relationship predicates that are implied by the high-level event and concrete enough

to support efficient filtering before oracle evaluation. For our running query “alley-oop in

basketball”, decomposition yields necessary predicates such as the presence of a “player”,

a “ball”, and a “basket”, together with the relationship “player near the basket” and the

attribute “airborne player”. These predicates do not define the event completely, but each is
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a visually grounded condition that should hold in positive videos and can therefore be used

to discard videos where the condition is absent.

This problem is difficult because high-level predicates are both underspecified and visually

variable. A query such as “alley-oop in basketball” names the technique, but it leaves

implicit the visual evidence to recognize it, such as the players, the ball, the basket, the

pass, and the airborne receiver. At the same time, valid instances may differ in pose, camera

view, timing, or execution style, so a decomposition that fixes one canonical scenario can

incorrectly exclude positives. The decomposition must therefore identify predicates that

remain necessary across this variability while still being visually detectable.

Existing proxy model and cascade systems show the value of filtering negatives before

invoking an expensive oracle (Section 2.4.1). These systems assume that the target predicate

to approximate is already explicit, such as “detecting buses”, “identifying red cars”, or

“checking whether a frame contains at least five cars”. VOCAL-SIFT adapts the same

proxy model principle, but must first reason about the semantics of an underspecified, high-

level predicate to decide which visual conditions can be mapped to inexpensive filters that

will also help to effectively eliminate negatives. Semantic decomposition closes this gap by

translating an open-ended event description into explicit necessary predicates.

An alternate approach to answering queries that include high-level predicates is to ask

the user for clarifications [114, 121, 237, 107]. The system can ask the user for the details of

the objects, relationships, and attributes they would expect to see in their event. For “alley-

oop in basketball,” the system might ask the user to list the participating objects (e.g.,

player, ball, basket), the defining relationships (e.g., a player jumping near the basket while

receiving a pass), and any required attributes (e.g., that the receiver is airborne). Human

clarification can expose useful domain knowledge [231, 167, 10], and we evaluate it as a

baseline in Section 5.5.7. However, it adds interaction latency, requires an always-available

user, and assumes that users can articulate the relevant visual logic, which can be difficult

for domain-specialized events.

To avoid burdening and slowing down the user, VOCAL-SIFT performs this reason-
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ing automatically with an LLM. As described in Section 5.1, the parser translates an NL

query into a structured representation that follows the DSL used by the previous systems.

Semantic decomposition operates over the predicate portion of this representation. Each

necessary predicate is a frame-level condition over a scene graph: object predicates name

object categories, such as player; attribute predicates attach a property to an object, such

as airborne(player); and relationship predicates connect two participating objects, such

as near(player, basket). We use this function-style notation to make predicate argu-

ments explicit. This schema constrains the LLM’s output to structured predicates rather

than free-form descriptions such as “a player jumps to catch the ball above the rim”. It also

provides the interface required by SelectFilters and InstantiateFilter in later stages,

and supports cross-query reuse because semantically identical predicates can share the same

library entry and filter.

Concretely, VOCAL-SIFT processes the NL query t in two LLM-driven stages. The first

stage, parsing (Section 5.1), translates t into the schema and labels each predicate as atomic

if it describes an explicit visual condition over objects, attributes, or relationships, and as

high-level otherwise; for “alley-oop in basketball”, the entire query is labeled as a single

high-level predicate ph. The second stage, semantic decomposition, operates on one high-

level predicate at a time. For each ph, VOCAL-SIFT prompts the LLM with the full query

t (for context) and ph (the target), asking which objects, relationships, and attributes must

be present whenever the event occurs.

Since learned filters are imperfect and necessary predicates may be weakly visible or

transient in positive videos, VOCAL-SIFT combines the decisions of the predicate filters

using a fractional aggregation policy rather than requiring every filter to accept every true

positive: a video is retained whenever a sufficient fraction α ∈ (0, 1] of the filters for the

selected predicates accept it. We describe in more detail and evaluate this policy in Sec-

tion 5.5.1. Fractional aggregation preserves the semantic role of necessary predicates while

making filtering robust to occasional filter errors.
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Reliable and reusable predicate generation

Directly prompting an LLM to generate the final predicate set in one step is insufficient in

practice for three reasons. First, if the LLM has access to the existing predicate library P

during generation, it may try to express the high-level event using existing predicates even if

the latter are not an accurate match. For example, if P contains touching(player, ball)

but not holding(player, ball), the LLM may settle on touching(player, ball) for

“alley-oop” even though touching is satisfied by far more situations than the brief catch at the

rim. Second, LLM outputs are stochastic, so repeated generations can produce inconsistent

decompositions. For “alley-oop”, one run might propose near(player, rim) while another

proposes near(player, basket); both refer to the same condition, but a single run captures

only one of them. Third, the LLM may introduce spurious predicates that are not truly

necessary for the event. For “alley-oop”, one-shot generation may include predicates such

as crowd celebration or fast break, which are typical of, but not required by, the play;

filtering on such predicates would eliminate valid positives.

VOCAL-SIFT addresses these challenges with a multi-step semantic decomposition pro-

cess. It first generates candidate predicates without access to the existing predicate library,

then aligns the candidates to reusable library entries when their meanings match, and finally

reconciles repeated LLM generations into a single predicate set.

The first step, query decomposition, produces candidate necessary predicates for a high-

level predicate ph in the context of the full query t. To avoid bias from existing system

state, this step runs without access to the predicate library P : the LLM is asked to identify

objects, attributes, and relationships that must be present whenever the high-level event

occurs, using its own vocabulary rather than choosing from a fixed list. Because a single LLM

generation may omit relevant predicates or introduce noisy ones, VOCAL-SIFT invokes this

step multiple times independently. Each invocation returns one candidate decomposition,

and the reconciliation step described below aggregates them into a single predicate set for

ph.
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The second step, query alignment, compares each candidate predicate against the existing

library P . A candidate predicate is mapped to a library predicate only when the two have

the same meaning; otherwise, it is retained as a new predicate. Running alignment as a

separate step allows VOCAL-SIFT to reuse existing filters without letting the library distort

the initial semantic reasoning. For example, rim is aligned with the library predicate basket

because the rim and the basket refer to the same visual referent in this domain, whereas

holding(player, ball) is not approximated by touching(player, ball).

The final step, query reconciliation, aggregates the independent, aligned decompositions

into a single predicate set for ph, following prior work that improves LLM reliability by

sampling and reconciling multiple reasoning paths [211, 60]: each query decomposition invo-

cation provides one independent sample, and reconciliation combines them. Reconciliation

proceeds in three steps. First, VOCAL-SIFT uses the LLM to canonicalize new candidate

predicates so that surface variants across runs (e.g., hoop and rim) collapse onto a sin-

gle predicate name. Second, it groups equivalent candidates across runs—those aligned to

the same library predicate or sharing a canonical name—so that near(player, rim) and

near(player, basket) are merged while jumping(player) and airborne(player) remain

distinct. Third, it retains a candidate as sufficiently supported only if a majority of decom-

positions produce it, on the rationale that necessary predicates should recur across samples

while spurious ones such as fast break typically appear in only one or two. The retained

predicates are added to Pq in Algorithm 3 for downstream filter selection.

We compare this multi-step decomposition process against a direct decomposition base-

line in Table 5.5, showing that it achieves better end performance empirically.

5.3 Filter selection

After semantic decomposition, a high-level query is rewritten into a query-specific pred-

icate set Pq (Algorithm 3). Some predicates in Pq already have filters available in the

predicate-to-filter mapM , while others require new instantiation. Instantiating every missing
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Table 5.1: Notation used in filter selection.

Symbol Meaning

V Video corpus.
q Current query.
P Library of atomic predicates discovered across queries.
M Map from predicates to instantiated filters.
Pq Predicate set produced by semantic decomposition for query q.
P+
q Predicates in Pq whose filters are already available in M .

P−
q Predicates in Pq that do not yet have instantiated filters.

S Predicate subset used for filtering.
Vcand(S) Candidate videos retained after applying the filters for predicates in S.
CI Cost of invoking the oracle once on one candidate video.
CT One-time construction cost for a new predicate filter.
∆q(p) Oracle evaluation savings for query q from applying a filter for p.
P (p | S) Probability that a video passes p given that it passes the filters for S.
τq(p) Threshold on P (p | P+

q ) for instantiating p.

predicate can be wasteful because predicates generated for the same query are often corre-

lated. For example, if filters for player, ball, and basket already retain mostly basketball

clips, a separate filter for near(player, basket) may remove few additional videos, and the

one-time cost of training it may not be justified by the savings. The goal of SelectFilters

is therefore to decide which missing predicates are worth instantiating.

Problem formulation

We formulate filter selection as a trade-off between the one-time cost of instantiating a new

filter and the future savings in oracle calls that such a filter enables. Table 5.1 summarizes

the notation used in this section. For a query q, let

P+
q = {p ∈ Pq : p ∈ dom(M)} and P−

q = Pq \ P+
q ,

where dom(M) is the set of predicates for which M already stores an instantiated filter.

Thus, P+
q contains predicates whose filters are already available, and P−

q contains predicates
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that require new instantiation. For any predicate subset S ⊆ Pq, let Vcand(S) be the videos

that pass the filters associated with S.

Consider a missing predicate p ∈ P−
q . If VOCAL-SIFT does not instantiate a filter for

p, the oracle is applied to all videos in Vcand(P
+
q ). If it instantiates a filter for p, the oracle

is applied only to Vcand(P
+
q ∪ {p}). Let CI be the oracle evaluation cost per video. The

reduction in oracle evaluation cost for query q is therefore

∆q(p) = CI ·
(︂
|Vcand(P

+
q )| − |Vcand(P

+
q ∪ {p})|

)︂
. (5.1)

Now define

P (p | P+
q ) =

|Vcand(P
+
q ∪ {p})|

|Vcand(P+
q )|

,

i.e., the probability that a video satisfies predicate p given that it already satisfies all predi-

cates in P+
q . Substituting this relation gives

∆q(p) = CI · |Vcand(P
+
q )| ·

(︁
1− P (p | P+

q )
)︁
.

Thus, the instantiation decision is essentially a correlation decision: the higher P (p | P+
q ) is,

the less additional pruning benefit a separate filter for p can provide.

If predicate p recurs across multiple queries in a workload Q, the total benefit of instan-

tiating it is the sum of the per-query savings:

∆(p) =
∑︂

q∈Q:p∈Pq

∆q(p).

Let CT denote the one-time cost of generating a new filter. An ideal workload-level policy

would instantiate p whenever ∆(p) > CT . Because VOCAL-SIFT does not know the future

workload at query time, it approximates this decision using the current query.
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Quantifying the threshold

We next quantify how large P (p | P+
q ) must be before instantiation becomes unnecessary

for a single query. For a query q and a missing predicate p ∈ P−
q , considering only the

immediate benefit on that query gives

∆q(p) > CT ⇐⇒ P (p | P+
q ) < 1− CT

CI |Vcand(P+
q )|

. (5.2)

Define the single-query threshold

τq(p) = 1− CT

CI |Vcand(P+
q )|

.

Then instantiation is worthwhile only when P (p | P+
q ) < τq(p). Because τq(p) depends on

the current candidate count, it can vary substantially across queries and datasets.

Empirical characterization of predicate correlations

Existing techniques estimate correlations from annotated concept datasets [233, 39] or from

linguistic and commonsense knowledge [82, 226, 132]. In our setting, however, VOCAL-SIFT

must reason about previously unseen predicate combinations without maintaining a labeled

co-occurrence dataset or training a separate probabilistic model.

Before describing how VOCAL-SIFT estimates P (p | P+
q ), we first conduct an empirical

analysis to examine whether decomposed predicates are correlated in practice. The analysis

measures the two quantities that determine whether a missing predicate is worth training:

how strongly decomposed predicates imply one another, and how many candidate videos

remain after existing filters have already been applied. We use VideoNet [218] as a repre-

sentative corpus of domain-specialized action videos. Section 5.5.1 describes the dataset and

benchmark construction in detail. Here, we sample 50 action names as high-level queries.

We run semantic decomposition on each sampled query, instantiate filters for the resulting
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Figure 5.2: Empirical conditional probability P (p | S) versus candidate count |Vcand(S)|
over 1,000 sampled decision contexts. The main panel shows a 2D histogram, with color
indicating the number of contexts in each bin; the right panel shows the marginal distribution
of P (p | S), and the black curve shows the single-query threshold from Equation (5.2).
Contexts below the curve are those for which instantiating a new filter is worthwhile under
the single-query cost model.

predicates (Section 5.4), and retain filters whose validation F1 is at least 0.7 so that noisy

predicate outputs do not dominate the measured correlations. This leads to 74 object, 84

relationship, and 73 attribute predicates.

We then construct 1000 sampled decision contexts (q, p, S), where q is a sampled query,

p is the predicate being considered for instantiation, and S ⊆ Pq \ {p} plays the role of P+
q .

For each context, we apply the retained filters over the full corpus to compute P (p | S) and

the candidate count |Vcand(S)|. We compute τq(p) using Equation (5.2), with CT ≈ $0.45 for

labeling 500 images with gpt-4.1 and CI ≈ $0.04 for one oracle evaluation with gpt-4.1

on 32 sampled frames per video.
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Figure 5.2 plots P (p | S) against |Vcand(S)| over the sampled decision contexts. The

main panel is a 2D histogram in which the color of each bin encodes the number of decision

contexts falling into that bin, and the right panel is the marginal histogram of P (p | S).

The black curve shows the single-query threshold from Equation (5.2). We find that 72.7%

of contexts lie above the threshold, indicating that instantiating a new filter is often not

worthwhile under the single-query cost model. In addition, the marginal distribution of

P (p | S) is heavily skewed toward 1: 52.5% of contexts have P (p | S) ≥ 0.95, and 33.6%

exceed 0.99. These results motivate selecting which missing predicates to instantiate rather

than training a filter for every predicate.

LLM-based filter selection

The empirical analysis above suggests that many predicates generated for the same query

are highly correlated. VOCAL-SIFT therefore asks the LLM to judge whether a missing

predicate is sufficiently implied by the predicates whose filters are already available, rather

than to produce a calibrated probability estimate.

For each target predicate p ∈ P−
q , VOCAL-SIFT provides the LLM with P+

q and considers

two prompting variants.

Redundancy-based selection. The first variant asks whether p is almost always im-

plied by P+
q , i.e., whether P (p | P+

q ) ≈ 1. If so, VOCAL-SIFT skips instantiation; otherwise,

it instantiates a filter for p (Section 5.4). This variant is simple and can be applied before

constructing new filters, but it only skips predicates that are almost fully implied by P+
q and

does not use τq(p).

Threshold-based selection. The second variant uses the cost model directly. For

each missing predicate p, VOCAL-SIFT computes τq(p). If τq(p) ≤ 0, VOCAL-SIFT skips

instantiation immediately because even a maximally selective filter would not recover its

construction cost. Otherwise, it asks the LLM whether P (p | P+
q ) is likely to exceed this

threshold, skipping p if the answer is yes and instantiating it otherwise. This variant can

skip predicates that are not fully redundant but still provide too little expected pruning
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benefit. Its drawback is that computing τq(p) requires the filters for all predicates in P+
q to

be instantiated and applied first, so VOCAL-SIFT cannot select and instantiate filters for

different missing predicates fully in parallel. It also asks the LLM for a finer comparison

than the redundancy-based policy.

We evaluate both variants in Section 5.5.4. For any predicate selected for instantia-

tion, VOCAL-SIFT then constructs a lightweight filter using the procedure described in

Section 5.4.

5.4 Filter instantiation

Once SelectFilters decides that a predicate should be instantiated, VOCAL-SIFT

realizes it as a distilled predicate filter : a lightweight classifier trained on frame embed-

dings using oracle VLM labels. This section describes the distillation procedure, a zero-shot

embedding baseline used for comparison, and the object-grounding step used to represent

relationship and attribute predicates.

Distilled predicate filters

Model distillation transfers the judgment of a strong oracle into a much cheaper student

model [28, 36, 83, 196]. VOCAL-SIFT uses the oracle VLM as the teacher and trains a small

multi-layer perceptron (MLP) on top of frozen frame embeddings as the student. Unlike

VOCAL-UDF (Chapter 4), VOCAL-SIFT does not execute a DSL query or maintain object

detections and tracks, so each filter operates over embeddings of entire frames.

The distillation procedure is fully automated. Given a predicate, VOCAL-SIFT first

uses a pretrained vision-language encoder to embed both the predicate description and video

frames into the same vector space. It retrieves frames with high text-image similarity as

likely positives and frames with low similarity as likely negatives, then asks the oracle VLM

to label each sampled frame as satisfying or not satisfying the predicate. These oracle-

labeled frames form the training set for an MLP classifier, whose input is the corresponding
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frame embedding. After training an initial classifier, VOCAL-SIFT refines it with active

learning: it applies the classifier to additional frames, selects uncertain examples near the

decision boundary, asks the oracle to label them, and retrains the classifier with the expanded

labeled set.

Distilled predicate filters have two main advantages. First, once trained, inference is

cheap because the filter is a compact discriminative model applied over precomputed frame

embeddings. Second, the MLP learns a non-linear, predicate-specific decision boundary from

oracle-labeled examples, allowing the filter to capture a richer decision boundary than a

single text-image similarity score. The downside is that each new filter incurs a construction

cost: sampling, oracle labeling, training, and validation. This cost is why VOCAL-SIFT

uses SelectFilters to instantiate only predicates that are expected to provide enough

additional pruning benefit.

Baseline: zero-shot embedding filters

As a baseline, we also consider using the embedding space itself as the filter. A zero-shot

embedding filter precomputes frame embeddings offline, embeds the predicate text into the

same vector space, and scores each frame by its similarity to the predicate. The resulting

scores rank frames by how well they match the predicate.

The main benefit of this baseline is its low setup cost. A new predicate can be evaluated

without oracle labeling or model fitting. The challenge is that embedding similarity only

produces a continuous score for each frame, but it does not by itself determine which frames

should pass the filter. The system must choose a cutoff rule for these scores, and effective

rules can vary across predicates and datasets. In our evaluation, we compare several such

rules for zero-shot embedding filters (Section 5.5.2). This baseline therefore tests whether

decomposition plus an off-the-shelf embedding space is enough, or whether VOCAL-SIFT’s

learned predicate-specific filters are needed.

Both distilled predicate filters and zero-shot embedding filters require a textual repre-

sentation of each predicate. For relationship and attribute predicates, an additional design
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question is how the predicate is grounded in its participating objects during labeling and

inference.

Object grounding for relationships and attributes

Relationship and attribute predicates require explicit referents to be used as filters. Without

them, predicates such as holding or red are ambiguous because multiple object instances

in the same frame may satisfy the description. VOCAL-SIFT therefore attaches each such

predicate to its participating objects, turning an underspecified predicate into an object-

anchored expression such as “player holding basketball” or “red jersey”.

Unlike VOCAL-UDF, which conditions distilled UDFs on cropped object patches and

overlaid bounding boxes (Chapter 4), VOCAL-SIFT realizes grounding purely through text.

This keeps filter instantiation lightweight—VOCAL-SIFT never needs to detect or track

objects in the corpus—while still resolving the referent ambiguity of ungrounded predicates

such as holding or red. For distilled predicate filters, grounded text makes the oracle

labeling prompt more specific and therefore supports a more targeted classifier. For zero-

shot embedding filters, it provides a more precise textual query for similarity search.

VOCAL-SIFT stores the resulting distilled filters in M , allowing future queries to reuse

previous work and avoid repeated filter construction.

5.5 Evaluation

We implement a VOCAL-SIFT prototype in Python and configure it to use SigLIP2

as its visual encoder and GPT-4.1 as the oracle VLM for both decomposition prompting

and distillation supervision. Per-predicate distilled filters are trained as MLPs over frozen

SigLIP2 frame embeddings. Each candidate predicate filter is retained only if its validation

F1 exceeds a threshold ρ; we report ρ = 0.7 unless otherwise specified. At evaluation time,

learned filters and zero-shot embedding filters are applied at the frame level on the evaluation

frame set. A video passes a filter if any of its frames passes that filter. Systems with multiple
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Table 5.2: Datasets. “Classes” is the number of action classes in the corpus, “Queries” is
the number of evaluated queries, and “TPs” is the total number of true positives across all
evaluated queries.

Dataset Classes Queries Train videos Eval videos TPs

ActionAtlas 581 50 448 447 71
VideoNet 1087 50 3873 3070 142
K20-skew 20 20 504 494 494

filters combine these per-filter video decisions using the aggregation policy described below.

The source code for VOCAL-SIFT is available at https://github.com/uwdb/VOCAL-SIFT.

We conduct an experimental evaluation of the VOCAL-SIFT prototype. First, we show

that VOCAL-SIFT achieves a strong recall–cost trade-off on three video datasets, reducing

oracle invocations by up to 13.6× compared with directly applying the oracle VLM to every

video (Section 5.5.2). Second, ablation studies show that multi-step decomposition, filter

selection, and object-grounded filter instantiation each contribute to filtering quality or cost

reduction (Section 5.5.3–Section 5.5.5). Third, we demonstrate that VOCAL-SIFT is robust

to its tunable hyperparameters, while zero-shot embedding baselines depend more heavily

on similarity decision rules (Section 5.5.6). Finally, we conduct a user study and show that

VOCAL-SIFT’s automatic semantic decomposition reduces task completion time compared

with an LLM-based human clarification baseline, without measurably degrading retrieval

quality or task success (Section 5.5.7). We report all numbers for the filtering stage itself so

that differences reflect filter design rather than downstream oracle quality.

5.5.1 Experimental setup

Dataset. We evaluate VOCAL-SIFT on three datasets shown in Table 5.2. We split

videos in each dataset into training and evaluation sets. Training videos are used for filter in-

stantiation, while evaluation videos are used for the evaluation. We further split the training

https://github.com/uwdb/VOCAL-SIFT
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videos into an 80/20 train/validation split, where the validation split is used to compute val-

idation F1 for retaining candidate filters. Training is performed in an unsupervised manner,

so we do not reveal the labels through the training process.

ActionAtlas [179] is a benchmark of fine-grained, domain-specialized action queries

over sports videos. We use the action names as queries (e.g., “dirt jumping in mountain

biking”), which are representative of the high-level queries targeted by VOCAL-SIFT: they

involve implicit domain knowledge, exhibit substantial visual variability, and occur rarely

in the corpus. The dataset contains 895 videos with 581 distinct actions, and one to five

positive videos per action. For actions with at least two positive videos, we split the videos

of each action evenly between the training and evaluation sets. For the remaining actions,

which have only one positive video each, we pool their videos and split the pooled set evenly

between the training and evaluation sets. We randomly sample 50 evaluation queries from

actions with at least two positive videos in the training split.

VideoNet [218] is a large-scale dataset of domain-specialized action queries collected

from real-world videos. It spans a diverse set of domains and action categories, capturing

substantial variation in how actions are visually instantiated across contexts. The action

names provide natural high-level queries, requiring VOCAL-SIFT to derive filtering predi-

cates from query text rather than receiving an explicit predicate decomposition. Compared

to ActionAtlas, VideoNet covers a broader range of domains beyond sports, such as

crafts, food, and medical care. It contains 6943 videos with 1087 distinct actions, and four

to 14 positive videos per action. For each action class, we use a 50/50 split of its videos

for training and evaluation; videos from other action classes serve as non-matches for that

query. We randomly sample 50 queries for evaluation.

We also evaluate on subsets of Kinetics700 [106], which comprises 700 human action

classes. To create K20-skew, we sample 20 classes and introduce class imbalance follow-

ing [53], generating a Zipfian distribution with parameter s = 2. Some human actions appear

frequently in the resulting dataset and some very rarely. Videos are split evenly into training

and evaluation sets. We use the 20 classes as queries. K20-skew stresses whether filtering
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remains effective under highly imbalanced data distributions.

Metrics. Since VOCAL-SIFT performs filtering before oracle evaluation, we assess the

videos retained by each system using true positive rate (TPR), true negative rate (TNR),

and video retention rate. TPR measures the fraction of ground-truth positives retained after

filtering and upper-bounds the end-to-end recall achievable by any downstream oracle. The

video retention rate measures the fraction of videos that must be processed by the oracle and

is therefore the main proxy for evaluation cost. We report TNR for completeness, but focus

our analysis on the recall–cost trade-off between TPR and video retention rate. A desirable

filtering therefore maximizes TPR while minimizing video retention rate.

Filter aggregation policy. Since semantic decomposition yields multiple filters per

query, we must aggregate the per-filter video decisions to determine whether to retain a video.

In our evaluation, we explore a relaxed intersection policy parameterized by a threshold

α ∈ (0, 1]: for a query q with filter set Fq, a video v is retained if and only if the fraction

of filters that pass it satisfies 1
|Fq |

∑︁
f∈Fq

1[f(v) = 1] ≥ α. Larger α retains fewer videos but

is sensitive to any single filter with low recall, whereas smaller α improves robustness to

individual filter errors by allowing a small fraction of filters to fail on a true positive. We use

α = 0.8 as the default because learned filters are imperfect and some necessary predicates

may be weakly visible or transient in positive videos. Section 5.5.6 evaluates sensitivity to

this choice.

Baselines. We compare VOCAL-SIFT against three baseline families of filtering meth-

ods. All baselines use the same frame-to-video rule as VOCAL-SIFT: a video passes a filter

if any sampled frame passes it. This keeps the comparison focused on filter construction

rather than video-level pooling.

Full-query distillation. Instead of decomposing a query, this baseline trains a single

lightweight classifier on top of frozen SigLIP2 frame features to approximate the entire high-

level query, using GPT-4.1 labels as supervision. This monolithic distillation baseline tests

whether a single distilled filter can replace decomposition. We report the results at ρ = 0.0

(retaining all classifiers) and ρ = 0.7 (retaining classifiers with validation F1 ≥ 0.7).
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Query embedding. This zero-shot embedding family embeds the full NL query and the

video frames into the same vector space, then filters videos using text–image similarity.

Because similarity produces a continuous score for each frame, the system must choose a

rule for converting these scores into filter decisions. We evaluate three similarity decision

rules. Percentile keeps frames in the top p% of the query’s frame-similarity distribution, with

p ∈ {1%, 5%, 10%}. Binary constructs a positive prompt stating that the frame contains

the queried event and a negative prompt stating that it does not, then keeps frames that are

closer to the positive prompt. Kneedle sorts frames by similarity score and uses the Kneedle

algorithm [180] to choose the cutoff at the maximum curvature of the score curve.

Predicate embedding. This zero-shot embedding family uses the same decomposed predi-

cates as VOCAL-SIFT, but replaces learned distilled filters with embedding-similarity filters

applied independently to each predicate, as described in Section 5.4. For each predicate,

frame-level similarity scores are converted into filter decisions using the same three rules

as above. Predicate-level decisions are aggregated using the same aggregation policy as in

VOCAL-SIFT. This baseline evaluates whether distilled predicate filters improve over zero-

shot embedding filters when the predicate decomposition is held fixed.

5.5.2 End-to-end filtering performance

Filtering effectiveness

We first evaluate the overall effectiveness of VOCAL-SIFT’s filtering approach by executing

each query and measuring the TPR, TNR, and video retention rate of the retained videos.

A desirable filter lies in the upper-left of the recall–cost plane: high TPR with low video

retention rate. We compare VOCAL-SIFT against the baselines described above: full-query

distillation (FQD), zero-shot query embedding (QE), and zero-shot predicate embedding

(PE). For QE and PE, the Percentile, Binary, and Kneedle variants differ only in how

they convert frame-level similarity scores into filter decisions.
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Figure 5.3: End-to-end filtering performance across datasets. Higher TPR and lower video
retention rate are better.

Table 5.3: TPR, TNR, and video retention rate across datasets and methods. We include
methods that achieve TPR ≥ 0.9 on at least one dataset. For each method–dataset pair,
entries are grayed out when the method fails to reach TPR ≥ 0.9 on that dataset. FQD:
full-query distillation; QE: query embedding; PE: predicate embedding.

ActionAtlas VideoNet K20-skew

Family Method TPR TNR
Retention

rate
TPR TNR

Retention
rate

TPR TNR
Retention

rate

FQD
ρ = 0.7 0.96 0.48 51.8% 0.94 0.54 45.7% 0.94 0.89 14.8%
ρ = 0.0 0.86 0.94 6.2% 0.82 0.97 3.0% 0.94 0.98 6.3%

QE
percentile, p = 10% 0.99 0.78 22.3% 0.99 0.67 33.5% 0.72 0.62 40.1%
percentile, p = 5% 0.90 0.88 12.2% 0.99 0.80 19.9% 0.56 0.76 25.8%

PE
percentile, p = 10% 0.99 0.82 17.8% 0.99 0.76 23.9% 0.63 0.69 32.9%
percentile, p = 5% 0.83 0.91 9.5% 0.94 0.86 13.6% 0.44 0.81 20.3%

Ours with inst., ρ = 0.7 0.96 0.92 8.7% 0.92 0.94 5.8% 0.97 0.92 12.3%

Figure 5.3 summarizes end-to-end filtering quality across the three evaluation datasets



145

by plotting TPR against video retention rate, while Table 5.3 reports the same metrics

together with TNR. Each point in the figure corresponds to one configuration of a method.

VOCAL-SIFT achieves a strong recall–cost trade-off across datasets. In Figure 5.3,

VOCAL-SIFT lies on the Pareto frontier for all three datasets, maintaining high TPR while

substantially reducing the fraction of videos passed to the oracle. The table shows the same

pattern: VOCAL-SIFT reaches TPRs of 0.96, 0.92, and 0.97 on ActionAtlas, VideoNet,

and K20-skew, respectively, while retaining only 8.7%, 5.8%, and 12.3% of videos per query

on average.

Full-query distillation can achieve high TPR only by becoming conservative.

When all trained classifiers are retained (ρ = 0.0), the video retention rate is low, but TPR

drops by 0.09, 0.03, and 0.10 relative to VOCAL-SIFT on ActionAtlas, VideoNet, and

K20-skew, respectively, because unreliable classifiers can filter out true positives. When

only classifiers with validation F1 ≥ 0.7 are retained, FQD recovers high TPR, but must

pass many more videos to the oracle: 5.9×, 7.8×, and 1.1× more than VOCAL-SIFT on the

three datasets. This trade-off reflects the weakness of monolithic distillation, where a single

lightweight model may not reliably capture the visual variability of a high-level query.

Zero-shot embedding filters are sensitive to similarity decision rules and

dataset distribution. Both QE and PE must convert frame-level similarity scores into filter

decisions. Binary and Kneedle generally retain too few true positives, yielding low TPR

across datasets. Percentile is more competitive, but its effectiveness depends strongly on

the corpus distribution and on the chosen percentile. For example, QE-Percentile per-

forms competitively on VideoNet, but degrades substantially on K20-skew, where class

imbalance makes a fixed percentile value unreliable across queries. PE-Percentile follows

a similar pattern: it can achieve high TPR on ActionAtlas and VideoNet, but often

retains substantially more data than VOCAL-SIFT and degrades on K20-skew. No single

percentile setting dominates across datasets. We analyze this sensitivity in more detail in

Section 5.5.6. These results suggest that decomposition alone is insufficient because high-

level query filtering also benefits from learned predicate-specific filters that adapt to the
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Table 5.4: Estimated dollar cost for processing all queries in each dataset. Pre-evaluation cost
includes query parsing, decomposition, filter selection, and filter instantiation. Evaluation
cost assumes $0.04 per retained video.

Dataset Method Pre-eval cost Eval cost Total cost Total cost reduction

ActionAtlas
Direct VLM — $894 $894 1.0×
Full distill $23 $463 $486 1.8×
VOCAL-SIFT $76 $78 $154 5.8×

VideoNet
Direct VLM — $6140 $6140 1.0×
Full distill $23 $2807 $2830 2.2×
VOCAL-SIFT $91 $359 $450 13.6×

K20-skew
Direct VLM — $413 $413 1.0×
Full distill $8 $61 $69 6.0×
VOCAL-SIFT $26 $51 $77 5.4×

visual distribution of each predicate.

Estimated dollar cost

Table 5.4 estimates the dollar cost of running all queries across datasets and methods. We

compare three methods: direct VLM that evaluates every query on every evaluation video,

full-query distillation with ρ = 0.7, and VOCAL-SIFT. We do not consider other methods

due to their insufficient TPR on at least one dataset. The total cost comprises pre-evaluation

cost and oracle VLM evaluation cost on the retained videos. Pre-evaluation cost is the cost

paid before the final oracle pass, including query parsing, semantic decomposition, filter

selection, and filter construction. We assume an oracle cost of CI ≈ $0.04 per video, the

same value used in our cost model in Section 5.3, which corresponds to one oracle evaluation

with gpt-4.1 on 32 sampled frames per video.

VOCAL-SIFT is up to 13.6× cheaper than the direct VLM approach. Direct

VLM performs no filtering and therefore evaluates every query against every evaluation video.

On ActionAtlas and VideoNet, VOCAL-SIFT is also 3.2× and 6.3× cheaper than full-

query distillation, respectively. Although VOCAL-SIFT incurs a higher pre-evaluation cost,
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Table 5.5: Semantic decomposition variants.

Dataset Decomposition TPR
Retention

rate

ActionAtlas
Direct 0.92 20.1%
VOCAL-SIFT 0.96 8.7%

VideoNet
Direct 0.70 32.5%
VOCAL-SIFT 0.92 5.8%

K20-skew
Direct 0.98 17.8%
VOCAL-SIFT 0.97 12.3%

primarily from label annotation during filter instantiation, it substantially lowers evaluation

cost by invoking the expensive oracle VLM on far fewer videos. On K20-skew, VOCAL-

SIFT remains 5.4× cheaper than direct VLM, but is 1.1× more expensive than full-query

distillation; these queries are more coarse-grained, so full-query distillation already performs

well, and semantic decomposition provides less additional benefit.

5.5.3 Semantic decomposition

Table 5.5 compares VOCAL-SIFT’s multi-step decomposition with a direct decomposition

baseline. As described in Section 5.2, VOCAL-SIFT first generates candidate predicates

without access to the predicate library, then aligns them with existing library entries when

their meanings match, and finally reconciles repeated LLM generations into a single predicate

set. The direct decomposition baseline collapses these steps into a single LLM call that

is asked to produce the final predicate set for the query in one step. VOCAL-SIFT’s

multi-step decomposition retains fewer videos. Compared with direct decomposition,

VOCAL-SIFT reduces video retention by 2.3× on ActionAtlas, 5.8× on VideoNet,

and 1.5× on K20-skew. TPR is also higher on ActionAtlas and VideoNet; on K20-

skew, direct decomposition has slightly higher TPR but retains substantially more videos.

Direct decomposition performs worse for two reasons. First, when reuse is decided in the
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Table 5.6: Filter selection policies.

Dataset Policy TPR
Retention

rate
Trained
filters

Total
cost

ActionAtlas
All predicates 0.92 8.5% 206 $171
Redundancy 0.96 8.7% 163 $154
Threshold 0.96 9.0% 91 $125

VideoNet
All predicates 0.89 5.2% 254 $440
Redundancy 0.92 5.8% 192 $450
Threshold 0.92 5.4% 138 $400

K20-skew
All predicates 0.97 12.2% 69 $78
Redundancy 0.97 12.3% 64 $77
Threshold 0.97 12.7% 33 $67

same one-shot prompt as decomposition, the LLM may try to express the query using the

closest available predicate even when the match is only approximate, or omit a predicate

when the exact concept is absent from the library. For example, for “ladder escape in yo-

yo”, direct decomposition reuses a pen-spinning predicate because yo-yo is absent from

the library, whereas VOCAL-SIFT produces predicates for yo-yo and string. Second, a

one-shot prompt has no independent decompositions to reconcile, so it is more likely to

omit necessary constraints or keep spurious ones. For “shoot dance”, direct decomposition

includes the spurious predicate other arm bent; VOCAL-SIFT drops it because it appears

in only one candidate decomposition.

5.5.4 Filter selection

As discussed in Section 5.3, VOCAL-SIFT supports two filter selection policies:

redundancy-based selection and threshold-based selection. We compare these policies with

the all predicates baseline, which instantiates every missing predicate. Table 5.6 shows the

results. Both filter selection policies reduce instantiation cost while preserving

filtering quality. Compared with instantiating all predicates, redundancy-based selection
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trains 21%, 24%, and 7% fewer filters on ActionAtlas, VideoNet, and K20-skew, re-

spectively, while retaining similar TPR and video retention rate. This suggests that many

decomposed predicates add limited marginal pruning power once related predicates for the

same query are already enforced. Skipping such predicates reduces filter generation cost and

avoids compounding errors from redundant or overly strict learned filters. In estimated total

dollar cost, redundancy-based selection improves over all predicates on ActionAtlas and

K20-skew by $17 and $1, respectively. On VideoNet, it is $10 more expensive because it

retains slightly more videos, but this comes with a TPR improvement from 0.89 to 0.92.

Threshold-based selection further reduces total cost. Relative to redundancy-

based selection, threshold-based selection trains 44%, 28%, and 48% fewer filters on Ac-

tionAtlas, VideoNet, and K20-skew, respectively, while preserving TPR and changing

the video retention rate by at most 0.4%. This reduces total cost by 19%, 11%, and 13%,

respectively. These savings support the cost model in Section 5.3: some predicates are not

worth instantiating even when they are not fully redundant, because their expected pruning

benefit does not outweigh the one-time filter generation cost. The drawback is that com-

puting the threshold requires the filters in P+
q to be instantiated and applied first, so filter

selection and filter instantiation cannot be fully parallelized across predicates. In practice, we

use redundancy-based selection as the lower-latency default, and threshold-based selection

when minimizing total dollar cost is more important than reducing query latency.

5.5.5 Filter instantiation

Table 5.7 compares three variants of predicate filter construction: Objects only, which

drops relationship and attribute predicates; Ungrounded, which keeps relationship and at-

tribute filters but trains them without object grounding; and Grounded, the full VOCAL-

SIFT instantiation with object, relationship, and attribute filters. Object filters alone

retain many more videos. Object-only filtering has slightly higher TPR than the full

grounded variant, which is expected because it uses a strict subset of the predicates and
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Table 5.7: Filter instantiation variants.

Dataset Variant TPR Retention rate

ActionAtlas
Objects only 1.00 10.7%
Ungrounded 0.99 11.9%
Grounded 0.96 8.7%

VideoNet
Objects only 0.99 9.4%
Ungrounded 0.94 13.3%
Grounded 0.92 5.8%

K20-skew
Objects only 0.99 30.2%
Ungrounded 0.99 24.6%
Grounded 0.97 12.3%
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Figure 5.4: Validation F1 distributions for relationship and attribute filters with and without
object grounding.
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Figure 5.5: Threshold sensitivity across datasets.

therefore rejects fewer positives. However, it prunes substantially fewer videos: object-only

filtering retains 1.2×, 1.6×, and 2.5× more videos than the full grounded variant on Ac-

tionAtlas, VideoNet, and K20-skew, respectively.

Grounding relationship and attribute filters improves both pruning and fil-

ter quality. Training relationship and attribute filters without object grounding retains

more videos than the full grounded variant on all datasets: 1.4× more on ActionAtlas,

2.3× more on VideoNet, and 2.0× more on K20-skew. Figure 5.4 explains this gap at

the model level: relationship and attribute filters trained without object grounding have

worse validation F1 distributions than their grounded counterparts. Thus, merely adding

non-object predicates is not enough; grounding relationship and attribute filters in their par-

ticipating objects produces higher-quality filters and filters out more non-matching videos

while preserving recall.

5.5.6 Threshold sensitivity

VOCAL-SIFT exposes two tunable thresholds that govern its filtering behavior: the
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validation F1 threshold ρ, which determines which trained predicate filters are retained for

use at evaluation time, and the filter aggregation threshold α, which determines the fraction

of retained predicate filters that must pass a video for it to pass the filter. We evaluate

both thresholds across a broad range. Figure 5.5 evaluates the sensitivity of filtering quality

to threshold choices. For VOCAL-SIFT, we vary ρ ∈ {0.0, 0.1, 0.3, 0.5, 0.7, 0.8} and α ∈

{0.5, 0.6, 0.7, 0.8, 0.9, 1.0}. For comparison, we include full-query distillation with the same

ρ values, as well as percentile-thresholded QE and PE baselines with p ∈ {0.01, 0.05, 0.1}.

Points closer to the upper-left indicate better recall–cost trade-offs.

VOCAL-SIFT achieves the best recall–cost trade-off across threshold settings.

Its results across ρ and α settings lie mostly on the Pareto frontier, showing that the learned

predicate filters are robust to reasonable threshold choices. The main exception occurs when

α approaches 1.0, which requires every necessary predicate filter to pass a video for it to be re-

tained. This suggests that less strict aggregation is useful in practice, because even necessary

predicates may be partially visible, transient, or missed by an imperfect visual filter in oth-

erwise positive videos. Other methods exhibit less favorable trade-offs: full-query distillation

either retains many more videos to recover high TPR or has lower TPR at more aggressive

settings, while the percentile-thresholded zero-shot embedding baselines trace worse trade-off

curves and fail completely on the imbalanced K20-skew setting. Overall, VOCAL-SIFT is

less sensitive to its threshold settings than the zero-shot embedding baselines are to their

similarity decision rules, suggesting that the default values used elsewhere in this section are

not the result of careful tuning.

5.5.7 User study: VOCAL-SIFT vs. human clarification

Asking users clarification questions via an LLM is a common way to resolve query ambi-

guity [114, 121, 237, 107]. We compare VOCAL-SIFT’s automatic semantic decomposition

(Auto) against a human clarification baseline through a user study, measuring task com-

pletion time, retrieval quality, and subjective feedback.
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We recruited 40 participants from the crowdsourcing platform Prolific [156] for a within-

subjects study on four VideoNet queries: “Arm roll in bartending” (Bartending), “Biell-

mann spin in figure skating” (Skating), “Reverse vault in parkour” (Parkour), and “Alley-

oop in basketball” (Basketball). Each participant completed all four tasks, with each task

assigned to one of two conditions. The first condition, Auto, runs VOCAL-SIFT’s auto-

matic semantic decomposition (Section 5.2) without any user interaction beyond the initial

query. The second condition, human clarification, invokes an LLM that decides whether the

initial query is ambiguous and, if so, asks the user one or more free-form questions to clarify

the event’s visual logic before filters are constructed. Task order, condition order, and the

task–condition assignment were counterbalanced : across participants we varied which task

was assigned to which condition and the sequence in which the tasks were presented, in a

Latin-square-like rotation.

Under the human-clarification condition, the LLM may or may not ask for clarifications,

depending on how specific the user’s initial query is. For some participants the system

asks several questions, while for others it accepts the initial query and proceeds directly

to filter construction. We therefore report this condition in two ways: over all attempts

assigned to that condition (Human-All), and over the subset of attempts in which the

system actually asked at least one clarification question (Human-Asked). The latter is a

diagnostic subset that isolates outcomes when clarification occurs, rather than a separately

randomized condition. For aggregate comparisons, we report significance using two-sided

Wilcoxon signed-rank tests on participant-level paired aggregates, with one aggregate value

per participant per condition. Per-task results are shown descriptively.

Participants first watched a short instructional video demonstrating the interface and

task. For each task, they were shown the action name and three positive example videos,

and were asked to find one additional matching video from the corpus. They could play the

example videos and use external resources if needed to help them understand the action.

Participants began by submitting an NL query. The system then parsed the query and

derived predicates. In the human-clarification condition, an LLM asked free-form questions
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to clarify the event’s visual logic when needed; in Auto, the LLM decomposed the query

into necessary predicates without user interaction (Section 5.2). Next, the system trained

filters for the retained predicates, skipped redundant ones per Section 5.3, and returned a

list of retrieved videos that passed the filters. Participants could watch videos, select an

answer, toggle filters, and revise the query to start a new iteration. A task was successful

if the selected video was a ground-truth positive. After each task, participants completed a

questionnaire.

Figure 5.6a compares task completion time across conditions. Automatic decomposi-

tion significantly reduces task completion time compared to human clarification.

Median completion time is 610s for Auto, compared with 754s for Human-All; the median

paired reduction is 67.9s, which is significant under a two-sided Wilcoxon signed-rank test

on participant-level paired aggregates (p = 0.001). The diagnostic Human-Asked subset

has a higher median completion time of 780s, indicating that attempts involving clarifica-

tion are slower. Per-task results show that the largest differences occur on Skating and

Parkour. Figure 5.6b breaks completion time down by pipeline stage. The time savings

come from both eliminating clarification and reducing video examination time.

In the human-clarification condition, clarification is requested in 64/80 attempts; when clar-

ification is asked, the clarification step takes a mean of 147s. Auto eliminates this step and

replaces it with an automatic LLM decomposition stage. Because Auto typically derives

more predicates than users specify, it incurs higher Filter training time (226s per iteration,

compared with 175s for Human-All and 172s for Human-Asked). However, filter training

is system-driven and parallelizable across predicates. Participants spend less time in Video

examination with Auto: 169s per iteration, compared with 206s for Human-All.

Filtering quality and final task success are similar across conditions. Figure 5.7

reports the fraction of ground-truth positives among retrieved, viewed, and selected videos.

Auto produces a similar or slightly higher fraction of positives among retrieved videos

(7.1% vs. 4.3%, p = 0.103) and viewed videos (7.1% vs. 5.5%, p = 0.521), but these

differences are not statistically significant. Task success is numerically lower for Auto than
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Figure 5.6: User study task completion time.

for Human-All, but the difference is also not statistically significant (45.0% vs. 51.2%, p =

0.317), indicating that automatic decomposition reduces interaction time without measurably

degrading retrieval quality or final task outcomes.

Subjective responses are similar across conditions. The questionnaire collects

participants’ subjective ratings and NASA-TLX ratings (excluding physical demand due to

irrelevance) on perceived workload, ease of use, and confidence, all on a 1–7 Likert scale. Fig-
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Figure 5.7: User study outcomes by condition. Human clarification and automatic decom-
position produce statistically indistinguishable filtering quality and success rates. Error bars
show the 95% confidence interval.
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ure 5.8 shows that the conditions are subjectively similar: differences are at most 0.28 Likert

points across items, and none are statistically significant under participant-level paired tests.

For Human-Asked, participants rated the difficulty of answering clarification questions at

a mean of 3.37 and a median of 3, indicating modest but non-negligible cognitive load.

5.6 Summary

In this chapter, we presented VOCAL-SIFT, a video query processing system that enables

efficient high-level NL querying over large video corpora. VOCAL-SIFT extends the proxy-

model principle from explicitly specified predicates to open-ended, high-level queries by au-
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tomatically discovering necessary predicates—visually detectable conditions that must hold

whenever the high-level event occurs—and realizing them as lightweight filters that prune

the corpus before invoking an expensive oracle VLM. VOCAL-SIFT proposes a multi-step

semantic decomposition process that independently generates candidate predicates, aligns

them against a reusable predicate library, and reconciles LLM outputs; a filter selection

method that uses LLM-based correlation estimation to skip instantiating predicate filters

whose pruning benefit does not justify their construction cost; and a filter instantiation

procedure that converts the resulting predicates into lightweight classifiers.

Across three benchmarks—ActionAtlas, VideoNet, and K20-skew—VOCAL-SIFT

achieves a strong recall–cost trade-off and is up to 13.6× cheaper than directly invoking

the oracle VLM. A user study further shows that VOCAL-SIFT’s automatic decomposition

reduces task completion time relative to interactive human clarification without degrading

retrieval quality or task success.
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Chapter 6

INTERFACES FOR AI-ASSISTED VIDEO QUERYING

In the preceding three chapters, we presented three systems that reduce the user effort

required to query video data in complementary ways. EQUI-VOCAL reduces the burden

of writing compositional queries by synthesizing queries from examples. VOCAL-UDF lets

users issue compositional queries in NL without manually providing or implementing all

required visual modules. VOCAL-SIFT supports high-level NL queries without requiring

users to explicitly specify the visual logic needed to evaluate them.

This chapter presents the user interfaces implemented for these systems. These interfaces

are research prototypes built to demonstrate each system’s query workflow. In each system,

the interface is the gateway between user intent and query processing, determining what the

user must provide, when the user is asked to intervene, and which intermediate outputs the

user can inspect. The following sections describe each interface in detail.

The interfaces of the three systems are available at https://github.com/uwdb/

equi-vocal-demo, https://github.com/uwdb/VOCAL-UDF and https://github.com/

uwdb/VOCAL-SIFT.

6.1 EQUI-VOCAL: query by example

EQUI-VOCAL’s interface, shown in Figures 6.1 to 6.3, was developed for the EQUI-VOCAL

demonstration paper [234]; we used a similar interface in the EQUI-VOCAL user study

described in Section 3.4.4. The interface centers on query-by-example interaction. A user

begins by configuring the dataset and available UDFs, selecting a video task, and providing a

small number of initial positive and negative examples for the event of interest (Figure 6.1).

The system then runs query synthesis and active learning, selecting additional video segments

https://github.com/uwdb/equi-vocal-demo
https://github.com/uwdb/equi-vocal-demo
https://github.com/uwdb/VOCAL-UDF
https://github.com/uwdb/VOCAL-SIFT
https://github.com/uwdb/VOCAL-SIFT
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Figure 6.1: EQUI-VOCAL data preparation and query initialization interface. The user
configures the dataset and available UDFs, selects a task, and provides initial positive and
negative examples for query synthesis.

that are informative for disambiguating candidate queries and asking the user to label them

(Figure 6.2). For demonstration purposes, the interface also shows the current best query’s

predictions on a held-out test set, although such held-out labels would not normally be

available to users in practice. The interface further includes scene graph and Datalog views of

the target query for the demo task, illustrating the kind of query inspection panes that could

also be shown for the current best query (Figure 6.3). This design matches the algorithmic

structure of Chapter 3: the user does not write the compositional query, but their examples

and labels guide the search through the query language.

6.2 VOCAL-UDF: querying with generated UDFs

For VOCAL-UDF, we implemented a lightweight command-line interface to demonstrate

how the system handles queries whose required visual modules are not all available. The
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Figure 6.2: EQUI-VOCAL labeling interface with history. The system asks the user to label
informative video segments selected during active learning, while the interface keeps a history
of previous labels.

interaction begins with the user entering an NL query and selecting which registered UDFs

are available for the query (Figure 6.4). The system first attempts to parse the query into the

DSL introduced in Chapter 4. If the query refers to predicates that the available UDF catalog

cannot support, VOCAL-UDF proposes new UDFs and generates candidate implementations

(Figure 6.5).

The example shown in the interface requires two missing predicates, color red and

near. VOCAL-UDF generates multiple candidates for each missing UDF, including program-

based UDFs produced by an LLM and distilled-model UDFs distilled from strong pretrained

models. It then enters a selection loop in which the user provides binary labels for system-
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Figure 6.3: EQUI-VOCAL query inspection interface. The interface shows the current best
query’s predictions and, for the demo task, scene graph and Datalog views of the target
query to help users inspect query components.

selected examples (Figure 6.6): for color red, the user judges whether a highlighted object

is red; for near, the user judges whether the object highlighted in red is near the object

highlighted in blue (not shown in the figure). These labels allow VOCAL-UDF to select the

candidate implementation whose behavior is best aligned with the user’s intent.

This interface exposes a different kind of interaction than EQUI-VOCAL. The user is

not labeling whole video events to synthesize a query; instead, they are helping the system

choose the meaning and implementation of a missing predicate. Once the selected UDFs are

added to the catalog, VOCAL-UDF reparses the original query, compiles it to SQL, executes

it, and returns matching videos (Figure 6.7).

Beyond the initial NL query, the main user effort in VOCAL-UDF is this predicate-level

labeling during UDF selection. A fully automatic variant could remove this effort by asking
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Figure 6.4: VOCAL-UDF query setup interface. The user enters an NL query and selects
the registered UDFs that the system may use when parsing the query.

Figure 6.5: VOCAL-UDF UDF proposal and generation interface. When the query refers
to predicates not covered by the available UDFs, the system proposes missing UDFs and
generates candidate implementations, including program-based and distilled-model UDFs.
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Figure 6.6: VOCAL-UDF labeling interface for UDF selection. The user labels targeted
visual examples so the system can choose the candidate implementation whose behavior
best matches the intended predicate.

the LLM to choose which type of UDF to generate for each missing predicate (Section 4.5.4)

and, when generating a program-based UDF, producing only one implementation. However,

real-world video tasks are often ambiguous, so keeping the user in the loop during UDF
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Figure 6.7: VOCAL-UDF result inspection interface. After selecting UDF implementations,
the system adds them to the catalog, reparses and executes the original query, and returns
matching videos.

selection helps the system choose implementations that reflect the user’s intent rather than

only the LLM’s default interpretation.

6.3 VOCAL-SIFT: high-level search with predicate filters

VOCAL-SIFT supports high-level video search, where users can name an event directly in

NL without specifying all the visual logic needed to recognize it. In the intended end-to-end

workflow, the user provides only a high-level NL query; VOCAL-SIFT then decomposes the

query, constructs filters, applies them to prune the corpus, and invokes the VLM on the

retained videos.

The interface shown in Figures 6.8 to 6.10 was designed specifically for the VOCAL-SIFT

user study. The study compared VOCAL-SIFT’s automatic semantic decomposition with a

user clarification baseline that asked follow-up questions before decomposition. Importantly,
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Figure 6.8: VOCAL-SIFT query entry and optional clarification interface. The user re-
views positive example videos, describes the desired high-level event in NL, and, in the user
clarification baseline, answers follow-up questions about the event’s visual logic.

VOCAL-SIFT itself does not ask clarifying questions; the clarification step in Figure 6.8

appears only for the baseline comparison in the user study (Section 5.5.7). In the study

workflow, participants were shown an action name and three positive example videos, then

asked to find one additional matching video. They began by entering an NL query (Fig-

ure 6.8). In the user clarification baseline, the system asked follow-up questions about the

event’s visual logic when needed; in the automatic decomposition condition, VOCAL-SIFT
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Figure 6.9: VOCAL-SIFT predicate and filter construction interface. The system presents
the predicates derived from the user’s query, indicates which predicates are instantiated as
filters, and shows filter construction progress and validation quality during filter training.

proceeded without asking these questions.

After decomposition, the interface showed the predicates that VOCAL-SIFT derived from

the query and indicated which predicates were being instantiated as filters (Figure 6.9).
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Figure 6.10: VOCAL-SIFT result inspection interface. The user reviews videos that pass
the active filters, selects a matching video, marks non-relevant results, and toggles filters to
inspect how predicate filtering changes the candidate set.

Showing these filters gave participants a lightweight explanation of how the search was being

narrowed. The result interface then let participants examine retrieved videos and select

a matching video. Participants could also mark non-relevant results and toggle filters to

inspect how predicate filtering changed the candidate set (Figure 6.10).

6.4 Discussion

These prototypes suggest several implications for future end-to-end video query interfaces.
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First, interfaces should support multiple channels for expressing intent. Dif-

ferent forms of user input communicate different parts of the user’s goal. NL queries are

useful for describing the overall event, but they often leave implicit details such as temporal

order, distance thresholds, or which visual evidence matters. Event-level labeled examples,

such as positive and negative video segments, ground the full query in concrete instances and

can guide query synthesis, but finding suitable initial examples from a large video corpus can

be difficult for users. Asking users for predicate-level labels can be another way to capture

their intent. Predicate-level labels operate at a lower level of the query hierarchy, specify-

ing the intended meaning of a particular visual component rather than the full event. The

three systems in this dissertation show that different stages of video querying benefit from

different forms of input. Additionally, our POLY-VOCAL work [68], not described in this

dissertation, explores a complementary direction by combining NL descriptions, previously

synthesized queries, and user-labeled examples to bootstrap query synthesis more effectively

than relying on examples alone.

Second, generated artifacts should be inspectable and persistent. Our three

systems generate different artifacts during video querying. EQUI-VOCAL generates synthe-

sized queries, VOCAL-UDF produces candidate UDF implementations and selected UDFs,

and VOCAL-SIFT generates necessary predicates and filters. These artifacts should be in-

spectable because they make explicit how the system translated user intent into executable

components. Making them visible can help users identify where an error may have occurred,

decide whether an intermediate result matches their intent, and correct or audit the system’s

behavior. These artifacts should also be persistent because they can remain useful beyond

the query that produced them. VOCAL-UDF adds selected UDFs to the catalog so they can

be reused by future queries, and VOCAL-SIFT’s learned filters could similarly be retained

for recurring predicates or related high-level events. POLY-VOCAL further illustrates this

direction by retrieving previously synthesized queries to initialize later query synthesis [68].

A future interface should treat these artifacts as a managed semantic layer, where users

can inspect their provenance and quality, decide when they should be reused, and disable,
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update, or version them as tasks and user intent evolve.

Finally, interaction should be targeted. User feedback is most useful when it resolves

uncertainty that the system cannot handle reliably on its own. EQUI-VOCAL and VOCAL-

UDF use active learning to request labels that are expected to be most informative for query

synthesis or UDF selection, rather than asking users to label examples indiscriminately. The

VOCAL-SIFT user study shows that AI assistance can reduce additional user effort without

measurably degrading retrieval quality, task success, or subjective workload Section 5.5.7.

This leaves an important open direction for future interfaces to decide when to involve the

user, when to proceed automatically, and what form of interaction best supports the task

without adding unnecessary latency.
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Chapter 7

CONCLUSION AND FUTURE DIRECTIONS

Video is a content-rich and easy-to-capture data medium that has enabled emerging

applications and systems across various fields. Advances in computer vision and artificial

intelligence have greatly expanded the capabilities of video analytics, with pretrained vision

models now available for tasks such as image classification, action recognition, and object

detection. Yet pretrained models that can identify arbitrary, domain-specific events typically

do not exist. More recently, large language models (LLMs) and vision language models

(VLMs) have shown strong potential for visual question answering and other challenging

visual tasks, but they still struggle with complex visual reasoning, and deploying them at

scale remains computationally expensive. These trends make video database management

an important research area.

However, current video database management systems (VDBMSs) face notable limita-

tions in supporting complex video queries that ask how objects interact with each other

spatially and temporally. First, writing declarative queries for complex events often de-

mands significant database expertise. Second, existing VDBMSs assume all modules needed

to answer a complex query already exist. In practice, this assumption frequently fails, be-

cause predefined vision models are unavailable for many domain-specific concepts. Lastly,

many user queries are high-level: they name events directly, but do not specify the visual

logic needed to recognize them. Large AI models make these tasks more approachable, but

using them as black-box query evaluators over every video is too expensive for large-scale

data management.

This dissertation presented three systems to address these challenges and advance the

capabilities of compositional and high-level video querying. First, in Chapter 3 we introduced
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EQUI-VOCAL, which addresses the challenge of query formulation for compositional events.

It lets users specify an event through a small number of positive and negative video examples,

and then synthesizes a declarative query on the user’s behalf. EQUI-VOCAL introduces

an expressive data model and query language based on spatio-temporal scene graphs. It

proposes a new query synthesis approach that explores the query search space efficiently using

results of executing intermediate queries and beam search. Further, EQUI-VOCAL generates

efficient SQL queries to reduce computational costs during query synthesis and leverages

active learning to strategically select additional examples for labeling to reduce user effort.

Our evaluation of EQUI-VOCAL shows that it outperforms two baseline systems—in terms

of F1 score, synthesis time, and robustness to data noise—and can flexibly synthesize queries

that the baselines do not support. We also conduct a user study to evaluate how real users

perform with EQUI-VOCAL. EQUI-VOCAL and its demonstration appeared in PVLDB

Volume 16 [235, 234], and the code is available at https://github.com/uwdb/equi-vocal

and https://github.com/uwdb/equi-vocal-demo.

In Chapter 4 we introduced VOCAL-UDF, which addresses the challenge of missing

modules. VOCAL-UDF is a self-enhancing system that enables users to issue compositional

queries even when UDFs necessary to answer the queries are unavailable. Given an NL

query, VOCAL-UDF uses LLMs and VLMs to identify missing modules, implement them as

UDFs, and select the most effective ones for query execution. To handle a diverse range of

semantic concepts, it supports both program-based and distilled-model UDF generation. To

handle the inherent ambiguity in user intent and LLM errors, it generates multiple candidate

UDFs with different semantic interpretations, implementations, and properties, and selects

the implementation that best matches the user’s intent through active learning. Across

synthetic and real-world datasets, VOCAL-UDF maintains strong query performance when

predicates are missing and substantially outperforms two baseline systems and two direct

LLM approaches. We also conduct a thorough analysis of VOCAL-UDF to understand its

efficiency in terms of execution time and monetary cost. VOCAL-UDF appeared in SIGMOD

2025 [236], and the code is available at https://github.com/uwdb/vocal-udf.

https://github.com/uwdb/equi-vocal
https://github.com/uwdb/equi-vocal-demo
https://github.com/uwdb/vocal-udf
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In Chapter 5 we introduced VOCAL-SIFT, which addresses the semantic gap between

high-level queries and compositional queries. VOCAL-SIFT efficiently processes high-level

queries by automatically identifying necessary predicates that should hold whenever the

event occurs, constructing lightweight filters for these necessary predicates, and invoking ex-

pensive VLM reasoning only on candidate videos that pass the filters. VOCAL-SIFT designs

a multi-step semantic decomposition process to derive reusable necessary predicates by inde-

pendently generating candidates, aligning them against an existing library, and reconciling

LLM outputs into a robust predicate set. Next, we develop an LLM-based filter selection

method that avoids training redundant predicate filters by estimating semantic dependency,

which reduces filter construction cost while preserving filtering quality. Finally, we instanti-

ate necessary predicates as object-grounded distilled predicate filters. Experiments with our

prototype implementation and three datasets show that VOCAL-SIFT maintains high recall

while substantially reducing expensive VLM invocations, and a user study confirms that our

automatic decomposition reduces task completion time compared to human clarification,

without a significant degradation in filtering quality or user experience.

The systems in this dissertation take steps toward making compositional and high-level

video queries easier to specify and more efficient to execute, but they also point to several

directions for future work.

First, future systems should develop richer interaction models for translating evolving user

intent into executable video queries. As AI models make it possible to ask more abstract

questions over video, users may not begin with a fully specified query; their intent often

becomes clearer only after they see examples, intermediate predicates, generated UDFs, or

retrieved results. Future interfaces should therefore bring together the three implications

discussed in Chapter 6. They should let users express intent through NL, examples, edits,

and labels; expose generated queries, UDFs, predicates, and filters as persistent artifacts that

can be inspected and reused; and ask for feedback only at points where user judgment can

meaningfully improve the system’s interpretation. Interaction should therefore be treated as

part of query processing itself, helping the system refine the semantics of a video query over
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time.

Second, future VDBMSs should combine structured queries, vector search, and model

inference in a unified query processing framework. The systems in this dissertation use

declarative query structure to make video search more precise, reusable, and efficient, while

relying on LLMs, VLMs, and distilled models to handle semantic concepts that are diffi-

cult to specify or implement manually. This suggests a neurosymbolic direction for video

data management in which symbolic query plans, learned predicates, embedding-based vec-

tor search, and direct model reasoning are optimized together. Such systems could use

structured queries when the semantics are explicit and executable, vector search when ap-

proximate semantic retrieval is sufficient, and model inference when open-ended reasoning

or disambiguation is required.

Finally, future work should explore agentic systems for video query optimization. The

optimization decisions in this dissertation are still largely encoded within each individual

system. EQUI-VOCAL uses explicit query execution optimizations to make synthesis ef-

ficient, VOCAL-UDF organizes query parsing, UDF proposal, candidate generation, and

UDF selection into a staged workflow, and VOCAL-SIFT runs semantic decomposition and

filter selection before invoking the VLM. These systems all assume that the main optimiza-

tion choices have been specified before query execution. A more general VDBMS may need

to adapt these choices to the query, dataset, available modules, budget, and accumulated

workload. An agentic optimizer could use tools to inspect the dataset, estimate predicate

selectivity, compare candidate decompositions or UDF implementations, decide when vector

search or VLM inference is worth the cost, and revise a plan when intermediate results sug-

gest that the current plan is unreliable. The main research challenge is to give such agents

the flexibility to improve query execution while preserving the properties expected from a

database system, including bounded cost, reproducibility, provenance, and predictable end-

to-end quality.

In summary, this dissertation addressed important questions at the heart of making it

easier and more efficient to ask and execute queries over video data. Many research problems



remain, and new ones will continue to arise as video data, and multimodal data more broadly,

continues to grow in volume and diversity.
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filing vega visualizations. In UIST, pages 94:1–94:11, 2023.

[221] Yue Yang, Artemis Panagopoulou, Shenghao Zhou, Daniel Jin, Chris Callison-Burch,
and Mark Yatskar. Language in a bottle: Language model guided concept bottlenecks
for interpretable image classification. In CVPR, pages 19187–19197, 2023.

[222] Shunyu Yao, Jeffrey Zhao, Dian Yu, Nan Du, Izhak Shafran, Karthik Narasimhan, and
Yuan Cao. ReAct: Synergizing reasoning and acting in language models. In ICLR,
2023.

[223] Xi Ye, Qiaochu Chen, Isil Dillig, and Greg Durrett. Satlm: Satisfiability-aided language
models using declarative prompting. In NeurIPS, 2023.

[224] Kexin Yi, Chuang Gan, Yunzhu Li, Pushmeet Kohli, Jiajun Wu, Antonio Torralba,
and Joshua B. Tenenbaum. CLEVRER: collision events for video representation and
reasoning. In ICLR, 2020.

[225] Peter Young, Alice Lai, Micah Hodosh, and Julia Hockenmaier. From image descrip-
tions to visual denotations: New similarity metrics for semantic inference over event
descriptions. TACL, 2:67–78, 2014.

[226] Ruichi Yu, Ang Li, Vlad I. Morariu, and Larry S. Davis. Visual relationship detection
with internal and external linguistic knowledge distillation. In ICCV, pages 1068–1076,
2017.

196



[227] Shan Yu, Zhenting Zhu, Yu Chen, Hanchen Xu, Pengzhan Zhao, Yang Wang, Arthi
Padmanabhan, Hugo Latapie, and Harry Xu. Vqpy: An object-oriented approach to
modern video analytics. In MLSys, 2024.

[228] Shoubin Yu, Jaemin Cho, Prateek Yadav, and Mohit Bansal. Self-chained image-
language model for video localization and question answering. In NeurIPS, 2023.

[229] Tao Yu, Rui Zhang, Kai Yang, Michihiro Yasunaga, Dongxu Wang, Zifan Li, James
Ma, Irene Li, Qingning Yao, Shanelle Roman, Zilin Zhang, and Dragomir R. Radev.
Spider: A large-scale human-labeled dataset for complex and cross-domain semantic
parsing and text-to-sql task. In EMNLP, pages 3911–3921, 2018.

[230] Jeffrey M Zacks, Barbara Tversky, and Gowri Iyer. Perceiving, remembering, and com-
municating structure in events. Journal of experimental psychology: General, 130(1):29,
2001.

[231] Hamed Zamani, Susan T. Dumais, Nick Craswell, Paul N. Bennett, and Gord Lueck.
Generating clarifying questions for information retrieval. In WWW, pages 418–428,
2020.

[232] John M. Zelle and Raymond J. Mooney. Learning to parse database queries using
inductive logic programming. In AAAI, pages 1050–1055, 1996.

[233] Rowan Zellers, Mark Yatskar, Sam Thomson, and Yejin Choi. Neural motifs: Scene
graph parsing with global context. In CVPR, pages 5831–5840, 2018.

[234] Enhao Zhang, Maureen Daum, Dong He, Manasi Ganti, Brandon Haynes, Ranjay Kr-
ishna, and Magdalena Balazinska. EQUI-VOCAL demonstration: Synthesizing video
queries from user interactions. PVLDB, 16(12):3978–3981, 2023.

[235] Enhao Zhang, Maureen Daum, Dong He, Brandon Haynes, Ranjay Krishna, and Mag-
dalena Balazinska. EQUI-VOCAL: synthesizing queries for compositional video events
from limited user interactions. PVLDB, 16(11):2714–2727, 2023.

[236] Enhao Zhang, Nicole Sullivan, Brandon Haynes, Ranjay Krishna, and Magdalena Bal-
azinska. Self-enhancing video data management system for compositional events with
large language models. Proc. ACM Manag. Data, 3(3):215:1–215:29, 2025.

[237] Michael J. Q. Zhang and Eunsol Choi. Clarify when necessary: Resolving ambigu-
ity through interaction with lms. In Findings of the Association for Computational

197



Linguistics: NAACL 2025, Albuquerque, New Mexico, USA, April 29 - May 4, 2025,
Findings of ACL, pages 5526–5543, 2025.

[238] Michael J. Q. Zhang, W. Bradley Knox, and Eunsol Choi. Modeling future conversation
turns to teach llms to ask clarifying questions. In ICLR, 2025.

[239] Victor Zhong, Caiming Xiong, and Richard Socher. Seq2sql: Generating structured
queries from natural language using reinforcement learning, 2017.

[240] Shuyan Zhou, Frank F. Xu, Hao Zhu, Xuhui Zhou, Robert Lo, Abishek Sridhar, Xi-
anyi Cheng, Tianyue Ou, Yonatan Bisk, Daniel Fried, Uri Alon, and Graham Neubig.
Webarena: A realistic web environment for building autonomous agents. In ICLR,
2024.

[241] Linchao Zhu and Yi Yang. Compound memory networks for few-shot video classifica-
tion. In ECCV, pages 782–797, 2018.

[242] Jingwei Zhuo, Ziru Xu, Wei Dai, Han Zhu, Han Li, Jian Xu, and Kun Gai. Learning
optimal tree models under beam search. In ICML, pages 11650–11659, 2020.

198



Appendix A

LLM PROMPTS

We provide a set of example prompts we use in VOCAL-UDF.

Prompt of query parsing

Legend: DSL definition, UDF definition, Registered UDF, Instruction

Each video segment is a sequence of N frames. The visual content of each frame is

represented by a region graph: A region graph contains a set of objects in a frame,

along with a set of relationships between those objects. Objects can optionally have

attributes. In our DSL, we use a variable o to represent an object in a query. Different

variables represent different objects. All predicates of a region graph are connected by

commas. Then, region graphs are connected in temporal sequence with semicolons.

Region graphs that appear earlier in the sequence represent temporally earlier frames

in the video. We further use the notation Duration(g, d) to require that the region

graph g exist in at least d consecutive frames. Negation operation is not supported in

our DSL. Remember to always add parentheses around comma-connected predicates.

Assume the video segments capture 25 frames per second.

A function can take one of the following three formats, depending on if it is a

relationship predicate or an attribute predicate:

- relationship predicate: relationshipName(o0, o1). For example, jumping in(o0, o1)

checks whether o0 is jumping in o1.

- attribute predicate: key value(o0). For example, color bronze(o0) checks whether

the color of o0 is bronze.
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You have access to the following functions:

left of(o0, o1): Whether o0 is on the left of o1.

front of(o0, o1): Whether o0 is in front of o1.

location left(o0): Whether o0 is on the left of the frame.

location top(o0): Whether o0 is at the top of the frame.

color gray(o0): Whether the color of o0 is gray.

color red(o0): Whether the color of o0 is red.

color blue(o0): Whether the color of o0 is blue.

color green(o0): Whether the color of o0 is green.

shape cube(o0): Whether the shape of o0 is cube.

shape sphere(o0): Whether the shape of o0 is sphere.

material rubber(o0): Whether the material of o0 is rubber.

For text-to-DSL translation tasks, only use the functions you have been provided

with. Reply PARSE YES when the text is successfully translated into the DSL and

verified by the provided function, or PARSE NO if parsing the user input requires new

predicates that are not listed in the current functions list. The predicates MUST be

selected from the provided functions.

Figure A.1: Prompt of query parsing.

Prompt of UDF proposal

Legend: Instruction

For function proposal tasks, only use the functions you have been provided with.

Reply TERMINATE when the task is done. Please propose the new functions that

are necessary to parse the user query, and also include a brief description for each
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proposed function that explains its purpose as described in the query. The function

description should always start with the word “Whether” and not contain other

comments, explanations, or reasoning.

Let’s think step by step. Based on the existing functions, determine what new functions

are needed. The proposed function must follow the format. Don’t propose functions

that contain changes in states. If you have those, propose a separate function for

each state instead. For example, do not propose a function merge from A into B(o0)

that checks whether an object o0 merges from lane A to lane B because it contains

two states: o0 is in lane A and o0 is in lane B. Instead, replace it with two separate

functions: in lane A(o0) and in lane B(o0). Propose as few functions as possible while

ensuring that the user’s intent can be precisely captured.

Figure A.2: Prompt of UDF proposal uses the same prompt as in Figure A.1, but with an
updated instruction.

Prompt of program-based UDF generation

Legend: Instruction, Schema info, Output format

Generate 10 Python functions with different, diverse semantic interpretations for the

following Python task. Each generation should include the semantic interpretation

and the Python function implementation, formatted as a dictionary. The response

should strictly adhere to the formats described below:

- Task: Write a python function called ‘py near(img, o0 oname, o0 x1, o0 y1, o0 x2,

o0 y2, o0 anames, o1 oname, o1 x1, o1 y1, o1 x2, o1 y2, o1 anames, o0 o1 rnames,

o1 o0 rnames, height, width, **kwargs)’ that determines whether o0 is near o1.

- Each interpretation should offer a different but reasonable understanding of the task,

not just superficial differences like variable names. Seek interpretations that vary in
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logic and conceptual understanding of the task. Consider geometric, visual, and spatial

perspectives. Include assumptions or constraints where relevant.

- Prioritize generating functions that are likely to see frequent use, starting with the

most common.

- The input to the function contains the following parameters:

- img: np.ndarray of shape (H, W, C). The image is in the RGB color space, where H

is the height, W is the width, and C is the number of channels.

- o0 oname: str. The class name of object o0.

- o0 x1: int. The x-coordinate of the top-left corner of the bounding box of object o0.

- o0 y1: int. The y-coordinate of the top-left corner of the bounding box of object o0.

- o0 x2: int. The x-coordinate of the bottom-right corner of the bounding box of object

o0.

- o0 y2: int. The y-coordinate of the bottom-right corner of the bounding box of object

o0.

- o0 anames: List[str]. The list of attribute names of object o0.

- o1 oname: str. The class name of object o1.

- o1 x1: int. The x-coordinate of the top-left corner of the bounding box of object o1.

- o1 y1: int. The y-coordinate of the top-left corner of the bounding box of object o1.

- o1 x2: int. The x-coordinate of the bottom-right corner of the bounding box of object

o1.

- o1 y2: int. The y-coordinate of the bottom-right corner of the bounding box of object

o1.

- o1 anames: List[str]. The list of attribute names of object o1.

- o0 o1 rnames: List[str]. The list of relationship names between object o0 and object

o1, where object o0 is the subject and object o1 is the target.
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- o1 o0 rnames: List[str]. The list of relationship names between object o1 and object

o0, where object o1 is the subject and object o0 is the target.

- height: int. The height of the frame.

- width: int. The width of the frame.

- **kwargs: Optional numeric parameters that can be adjusted as needed.

- Available object names: [‘object’]

- Available attribute names: [‘location left’, ‘location top’, ‘color gray’, ‘color red’,

‘color blue’, ‘color green’, ‘shape cube’, ‘shape sphere’, ‘material rubber’]

- Available relationship names: [‘left of’, ‘front of’]

- The origin (x, y) = (0, 0) is located at the top left corner. The x axis is oriented

from left to right; the y axis is oriented from top to bottom.

- The function should return a boolean value, indicating whether the relationship

between the two objects is true or false.

- Include ‘**kwargs’ in the function’s arguments only if necessary. Only arguments of

numeric data types are allowed in ‘**kwargs’. String, boolean, or object data types

are not allowed in ‘**kwargs’.

- You can use any python packages you want (except for sklearn). IT IS LIFE

THREATENING THAT you do not use sklearn library. You do not need to install

but only import them before using. You can not use supervised-learning method as

there is no training data. Though, you can use frozen models if you want.

- The function should only contain the implementation itself, with no other comments,

inline comments, syntax highlighter, explanations, reasoning, or dialogue.

- Use the following output format:

```json

{
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”answer”: [

{

”semantic interpretation”: ”interpretation”,

”function implementation”: ”def py near(img, o0 oname, o0 x1, o0 y1, o0 x2,

o0 y2, o0 anames, o1 oname, o1 x1, o1 y1, o1 x2, o1 y2, o1 anames, o0 o1 rnames,

o1 o0 rnames, height, width, **kwargs):\n # Your code here”,

”kwargs”: {

”arg name1”: {”min”: minimum value, ”max”: maximum value, ”default”:

default value},

// Add more arguments as needed.

},

},

// Add more functions as needed.

]}

```

Figure A.3: Prompt of program-based UDF generation.

Prompt of object-aware sampling

Legend: Instruction, Object classes, Output format

Given a list of object classes: [‘person’, ‘bag’, ‘bed’, ‘blanket’, ‘book’,

‘box’, ‘broom’, ‘chair’, ‘closet/cabinet’, ‘clothes’, ‘cup/glass/bottle’, ‘dish’, ‘door’,

‘doorknob’, ‘doorway’, ‘floor’, ‘food’, ‘groceries’, ‘laptop’, ‘light’, ‘medicine’, ‘mirror’,

‘paper/notebook’, ‘phone/camera’, ‘picture’, ‘pillow’, ‘refrigerator’, ‘sandwich’, ‘shelf’,

‘shoe’, ‘sofa/couch’, ‘table’, ‘television’, ‘towel’, ‘vacuum’, ‘window’], and a function
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”eating(o0, o1)” that determines ”Whether o0 is eating o1”, assume that objects are

chosen from the object classes listed above. Your task is to identify and list all object

classes that can possibly be involved in this concept. It’s LIFE THREATENING not

to remove object classes that can possibly be involved in this concept.

Please format your answer in the JSON format shown below:

```json

{”answer”: [

”object class1”,

”object class2”,

// Add more object classes as needed.

]}

```

Figure A.4: Prompt of object-aware sampling, utilized in distilled-model UDF generation.

Prompt of deciding the UDF type

Legend: Instruction, Schema info

You are tasked with creating a solution to determine “Whether o0 is behind o1”. You

can choose to use either a python function or a computer vision model.

1. Python function: This approach is suitable for tasks that can be determined based

on any of the following:

- Existing concepts of objects. You can only leverage concepts from the following

predefined list: [‘object’, ‘left of’, ‘front of’, ‘location left’, ‘location top’, ‘color gray’,

‘color red’, ‘color blue’, ‘color green’, ‘shape cube’, ‘shape sphere’, ‘material rubber’].

These concepts are pre-extracted for each object in the image. Concepts not listed are

not available.
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- Bounding box coordinates of objects.

- Statistical analysis of pixel values in the image using computer vision libraries.

2. Computer vision model: This approach is suitable for tasks that require

understanding the visual content and contextual interpretation of the image.

Please specify your choice by responding with ’programUDF’ to use the Python

function or ’modelUDF’ to use the computer vision model. Choose the approach

that you believe will achieve the highest accuracy for the task. Consider only the

effectiveness of each approach without concern for computational resources, time, or

other constraints. Please respond with the answer only, and do not output any other

responses or any explanations.

Figure A.5: Prompt of deciding the UDF type, utilized in the llm UDF generation strategy.
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