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Abstract
Large language models (LLMs) have excelled in various ap-
plications, yet serving them at scale is challenging due to
their substantial resource demands and high latency. Our real-
world studies reveal that over 70% of user requests to LLMs
have semantically similar counterparts, suggesting the poten-
tial for knowledge transfer among requests. However, naively
caching and reusing past responses leads to a big quality drop.

In this paper, we introduce IC-Cache, a caching system
that enables live LLM capability augmentation to improve
serving efficiency: by leveraging historical request-response
pairs from larger models as in-context examples, IC-Cache
empowers small LLMs to imitate and even exceed the compo-
sitional abilities (e.g., reasoning) of their larger counterparts,
enabling selective offloading of requests to reduce cost and
latency. Achieving this live augmentation at scale introduces
intricate trade-offs between response quality, latency, and
system throughput. For a new request, IC-Cache efficiently
selects similar, high-utility examples to prepend them to the
new request’s input. At scale, it adaptively routes requests
across LLMs of varying capabilities, accounting for response
quality and serving loads. IC-Cache employs a cost-aware
cache replay mechanism that refines example quality offline
to maximize online cache utility and efficiency. Evaluations
on millions of realistic requests demonstrate that IC-Cache
improves LLM serving throughput by 1.4–5.9x and reduces
latency by 28–71% without hurting response quality.

CCS Concepts: • Computer systems organization→Cloud
computing; • Computing methodologies→Machine learn-
ing.
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1 Introduction
Large language models (LLMs) have achieved remarkable
success in diverse applications like chatbots [3, 4], code gen-
eration [2, 10], and math reasoning [29], already handling mil-
lions of daily user requests [68, 71]. While the trend towards
ever-larger LLMs enhances service quality—DeepSeek-R1
has 671 billion parameters [7]—serving these large models is
becoming prohibitively costly and operationally complex.

At the heart of these challenges lies a fundamental trade-
off between model quality, latency, and serving cost. The
drive for high-quality outputs has led to the deployment of
models with hundreds of billions of parameters [29, 30]. How-
ever, their substantial resource demands have led to soaring
operational costs for service providers and high latency for
users. Ensuring efficient serving is further complicated by the
prevalence of bursty workloads, where request loads fluctuate
dramatically even in minutes [11, 57]. As a result, service
providers often have to rely on complex and/or overprovi-
sioned infrastructure to maintain responsiveness [7, 59].

Recent advances in LLM serving systems have primarily
focused on optimizing system throughput—such as improv-
ing parallelism [37, 47], GPU utilization [18, 65, 71, 82],
and memory efficiency [42, 81]—and reducing serving la-
tency (e.g., through better request scheduling [50, 51, 63]).
However, a complementary opportunity remains largely unex-
plored: exploiting the natural similarity among daily LLM re-
quests. Our analysis of four open-source user request datasets
reveals that over 70% of requests have a semantically similar
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counterpart in past requests. Unfortunately, simply caching
historical requests and reusing their responses either yields
low hit rates for exact matches or suffers from significant qual-
ity degradation in similarity-based matches, as any contextual
mismatches can risk off-topic replies (§2.3).

In this paper, we introduce an In-Context Caching sys-
tem, IC-Cache, that unlocks new sweet spots in the quality-
latency-cost tradeoff for practical LLM serving as the emer-
gence of long-context small LLMs (1B-10B) [8, 30, 67]. It
addresses these classic systems concerns, resource efficiency,
load balancing, and response latency, through novel, end-to-
end ML-system co-designs. Grounded by in-context learning
theory [32, 72], IC-Cache cautiously selects high-utility his-
torical request-response pairs from large LLMs, and prepends
them as in-context examples to the new request’s input, guid-
ing smaller LLMs to produce better responses. This enables
live capability augmentation of LLMs, where small LLMs
can imitate and sometimes even exceed the compositional
abilities (e.g., reasoning) of larger models. As a result, low-
latency, cost-efficient LLMs can adaptively offload requests
from expensive counterparts without compromising response
quality. Extending the caching architectures widely adopted
in LLM deployments (e.g., prefix caching [6, 9] and semantic
caching [17]), IC-Cache is lightweight, complementary to
existing LLM serving systems, and can be integrated with a
few lines of code changes (§3).

IC-Cache addresses three key challenges to optimize the
quality-latency-cost tradeoff. First, it must efficiently iden-
tify high-utility examples to improve model responses for
voluminous daily requests [58, 68]. Selecting examples based
solely on relevance often leads to marginal gains, as it ignores
both the model’s intrinsic capabilities and the quality of exam-
ples. IC-Cache employs a two-stage example selection mech-
anism that balances selection efficiency and quality. It first
pre-selects a small subset of examples with high relevance
to ensure scalability, then uses a lightweight proxy model to
estimate their end-to-end utility. While adding more examples
can further improve response quality—thus enabling more
offloading from large models—it increases the input length,
which raises latency and risks exceeding the context window
of small models. IC-Cache considers the utility and coverage
of examples to optimize offloading efficiency (§4.1).

Second, request offloading to smaller LLMs must account
for response quality. Aggressively offloading requests can
degrade response quality. Optimizing this efficiency-quality
tradeoff requires accounting for request complexity, example
utility, and current serving load. Further complicating this is
the dynamic nature of real-world deployments, with shifts in
request trends (e.g., hot topics), model performance (e.g., af-
ter upgrades), and bursty load patterns. IC-Cache introduces a
lightweight, bandit-based request router that jointly considers
the request and selected examples to route requests to LLMs
of varying capabilities. The router adapts to instantaneous

load conditions to strike an effective balance between effi-
ciency and quality, and learns from recent requests to refine
its policy in a resource- and data-efficient manner (§4.2).

Third, managing the example cache under data and load
dynamics requires optimizing example quality and efficiency
at scale. The distribution of requests (e.g., new or hot topics)
evolves over time, which in turn impacts the utility and access
frequency of examples. To maximize overall cache utility,
IC-Cache employs a cost-aware example replay mechanism
that selectively refines example quality offline—e.g., by op-
portunistically replaying past examples and preserving those
that yield the most effective responses—when the expected
gains justify the replay cost. Over time, IC-Cache selectively
retains and evicts examples to maintain a bounded cache size
while respecting privacy (§4.3).

Our implementation of IC-Cache supports three popular
LLM serving frameworks (§5): HuggingFace Runtime [13],
vLLM [42], and LangChain [14]. We evaluate IC-Cache
across millions of realistic, open-source queries using both
proprietary models (e.g., Gemini) and open-source families
such as DeepSeek-R1, Qwen, Gemma, and Phi models (§6).
Our evaluations show that IC-Cache can improve LLM serv-
ing throughput by 1.4–5.9x, reduce response latency by 28–
71% without compromising response quality.

Overall, we make the following contributions in this paper:

• We introduce a novel approach to repurpose past re-
quests for live LLM capability augmentation;
• We design efficient mechanisms for example selection,

request routing, and example management, unlocking
better sweet spots in the cost-latency-accuracy tradeoff;
• We implement IC-Cache, demonstrating efficiency and

quality improvements across millions of realistic open-
source requests and different LLM families.

2 Background and Motivation
We start by reviewing existing LLM serving deployments
(§2.1), highlighting the accuracy-cost-latency tradeoff they
face based on our extensive real-world studies (§2.2). We then
describe the opportunities that motivate our work (§2.3).

2.1 LLM Serving
Practical LLM deployments often employ a scheduler to or-
chestrate the execution of many user requests, optimizing
per-request latency and overall system throughput [18, 63,
77, 82]. Once scheduled, a highly optimized backend (e.g.,
vLLM [42]) makes the best use of hardware resources to
generate request responses over two sequential stages: (i) Pre-
filling Stage: The LLM generates the first token—a token is
a unit of text, such as a word, subword, or character, that the
model processes to understand and generate language. The
Time-To-First-Token (TTFT) herein is critical for real-time
interactions; (ii) Decoding Stage: the LLM iteratively gener-
ates each subsequent token based on both the input request
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Figure 1. Quality-Efficiency Trade-off of Gemini, DeepSeek-R1,
and Qwen Models. The average score represents a seven-point
scale ranging from -3 (significantly worse) to 3 (significantly bet-
ter), evaluating the smaller model’s performance relative to the
larger model. Self-comparison scores (large vs. large) are omitted
as they would yield 0 by definition.

and previously generated tokens, until reaching either a pre-
defined token limit or an end-of-sequence token. Here, the
focus shifts to optimizing the Time-Between-Tokens (TBT).

Beyond generation efficiency, ensuring high-quality output
is equally important. A widely adopted evaluation strategy
is the LLM-as-a-judge framework [29, 30, 80], where an
expert LLM (e.g., GPT-4 or Gemini-1.5-Pro) compares model
responses to assess quality. This yields metrics such as (i) Win
Rate: the percentage of queries for which a model produces a
higher-rated response than its counterparts; and (ii) Response
Score: it rates responses on a scale from significantly worse
(e.g., -3) to significantly better (e.g., 3) [80]. Both approaches
offer a scalable evaluation mechanism and have shown strong
correlation with human preferences [34].

2.2 Challenges in LLM Deployment
Serving LLMs can require hundreds of GPUs, with each re-
quest potentially taking many seconds to process [18], leading
to orders-of-magnitude higher costs compared to traditional
ML workloads such as image classification with ResNet. As
request volumes continue to surge, this imposes significant
costs on both LLM users and service providers.

Accuracy-Cost-Latency Tensions in LLM Serving. Ever-
larger LLMs continue to advance the performance fron-
tier [12], e.g., DeepSeek-R1 has 671B parameters, fueling
their adoption across a wide range of applications. Increas-
ingly, this cycle heightens the tension between model quality
and efficiency: users expect high-quality responses and low-
latency interactions, yet larger LLMs deliver high-quality
results at higher expense (e.g., a 10× per-token API cost
difference between ChatGPT-4o and ChatGPT-3.5).

We further delve into this cost-latency-accuracy trade-off
across both proprietary and open-source LLMs. We evalu-
ate performance on 10K real-world user requests from the
LMSys-Chat dataset [79], a free-form conversational genera-
tion benchmark. Our experiments compare Gemini-1.5-Pro
and Gemini-1.5-Flash on the proprietary side, and Qwen2.5-
7B and DeepSeek-R1 on the open-source side. To ensure fair
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Figure 2. Serving loads vary significantly between peak and off-
peak hours (a), and even within minutes (b).

and cross-validated quality assessment, we use DeepSeek-R1
as the autorater for Gemini experiments, and Gemini-1.5-
Pro as the autorater for DeepSeek-R1 experiments. Figure 1
shows that more complex and larger models produce higher-
quality outputs. For example, Gemini-1.5-Pro achieves a 0.39
higher response score compared to the Gemini-Flash model,
corresponding to a 65% win rate in our win rate evaluation.
However, this quality improvement comes at the cost of 3×
higher TBT latency and a significantly larger resource foot-
print. For comparison, deploying DeepSeek-R1 requires 16
A100 GPUs, whereas Qwen-7B can run on a single GPU.

Substantial Scaling Demands. Optimizing such trade-off
between accuracy, quality, and latency becomes increasingly
difficult in the face of stringent service level objectives
(SLOs) [48], growing request volumes [7], and highly dy-
namic serving loads. Figure 2 reports our analysis of the
Azure LLM serving trace [68]. It reveals that, beyond typi-
cal diurnal patterns, serving loads can spike dramatically in
minutes, with peak loads reaching up to 25× higher than off-
peak loads. Meeting SLOs under such transient load surges
substantially increases operational complexity and often ne-
cessitates significant resource overprovisioning, particularly
in private clusters. Indeed, user requests often face severe la-
tency fluctuations even on highly optimized proprietary LLM
service platforms [11], making SLO guarantees challenging.

2.3 Opportunities for Repurposing Historical Requests
Recent advances have made strides in optimizing resource ef-
ficiency (e.g., through disaggregated resource allocation [18,
82]) and user-perceived latency (e.g., via better request sched-
uling [63, 65, 77]) for individual requests and LLMs. Instead,
we explore a complementary opportunity: leveraging histori-
cal request-response pairs as in-context examples to enable
live LLM capability augmentation at scale. This strategy em-
powers smaller LLMs to produce higher-quality responses by
imitating the behavior of larger models, thereby adaptively
offloading traffic from them. The result is a system that sig-
nificantly reduces serving costs and latency. Our approach
builds on the following key observations.
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Figure 3. Pervasive request similarity in the requests. We mea-
sure the top-1 request similarities of each request to others on
MS MACRO [15], Natural Questions [54], and LMSys-Chat [79]
datasets (Table 1). Semantic caching hurts quality significantly.

Voluminous requests lead to pervasive similarity. With the
rapid growth in daily LLM requests, semantic similarities
among them are also increasing. We analyze the request simi-
larity in three real-world datasets: MS MACRO (Bing Search
requests) [15] (1 million requests), Natural Questions (300K
requests), and LMSys-Chat [79] (about 1 million requests).
We extract the dense embedding (i.e., the model’s semantic
representation of text) of each request input using the popu-
lar T5-model [60] and measure their cosine similarity (∈ [0,
1]), where 1 indicates identical requests. Figure 3(a) shows
that more than 70% of the requests have at least one other
request with a cosine similarity greater than 0.8, a threshold
commonly considered to reflect strong semantic overlap [27],
compared to the 0.5 similarity of random request pairs.

Semantic caching is widely adopted yet limits efficiency
and quality. The abundance of similar requests in online
LLM serving presents significant opportunities to reuse histor-
ical responses. Major providers—including Google Gemini,
OpenAI, and DeepSeek—already support context caching
mechanisms to reduce deployment costs, such as reusing KV
caches for shared input prefixes [81]. Building on this, GPT-
Cache [21] and Databricks [17] introduce semantic caching,
which reuses responses when a new request is semantically
similar to a previous one.

Despite established infrastructure support, existing seman-
tic caching approaches remain limited in both efficiency and
quality. Exact match rates are typically low due to diverse
phrasings of similar queries. However, reusing semantically
similar queries risks degrading output quality, as determining
whether two requests are semantically equivalent is inherently
subjective [27]. As shown in Figure 3(b), if we select the most
similar request and return its cached response, the win rate
compared to generating a response using the same model
drops from 50% to 18%.

History can enable live LLM capability augmentation.
Rather than risking off-topic responses, we argue that histor-
ical request-response pairs can be repurposed as in-context
examples, prepended to new requests to enable live capability
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Figure 4. (a) Incorporating in-context (IC) examples improves
response quality, whereas adding random examples degrades it.
(b) Prepending examples introduces a slight TTFT overhead, but
it remains lower than that of querying larger models.

augmentation for smaller models. This insight is grounded
in in-context learning theory [28], which demonstrates that
LLMs can learn from high-quality examples, enabling on-the-
fly knowledge transfer and skill imitation. This augmentation
allows smaller models to mirror not only surface-level answer
patterns (e.g., structure or detail) but also the reasoning tra-
jectories of larger models. In contrast, Retrieval-Augmented
Generation (RAG), a different approach for adding additional
information to the context, performs piecemeal factual knowl-
edge lookups over static documents, lacking the composi-
tional reasoning captured in LLM responses.

We validate this opportunity for augmentation by com-
paring Qwen2.5-3B augmented with five examples from
Qwen2.5-32B on the NL2Bash code generation [75] and
Math-500-Hard reasoning benchmarks [45]. Our extensive
evaluations on various free-form generation tasks report con-
sistent results (§6.2). Figure 4(a) shows that small LLMs
with well-selected in-context examples can significantly im-
prove response quality, while random examples degrade per-
formance due to distractions. Figure 4(b) shows that prepend-
ing examples slightly increases prefilling time due to longer
input—the decoding time remains largely unaffected—but
still far lower than that of large models.

Design Challenges. As online LLM serving deployments
routinely process large volumes of requests, they provide a
continuous stream of fresh, in-distribution examples. This
enables customized, live augmentation of model capabilities
without retraining. Yet doing so introduces unique challenges:

• Accuracy: Examples are collected online, introducing
variability in quality and diversity. Selecting high-utility
examples requires going beyond relevance; it must ac-
count for example quality, diversity, and the capabilities
of the target model to maximize final response quality.
Further, how to ensure response quality when offload-
ing requests between LLMs of varying capabilities?
• Efficiency: How can we efficiently select examples and

manage their cache across voluminous daily requests?
How to react to fluctuating serving loads and evolving
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data distributions, optimizing for the optimal accuracy-
latency-cost trade-off in flight?

3 IC-Cache Overview
Extending the prevalent semantic caching architecture in
today’s LLM deployments, we introduce IC-Cache, an in-
context caching LLM serving system. It exploits historical
requests for live LLM capability augmentation, adaptively
offloading requests to reduce serving latency and cost while
maintaining response quality.

Design Space and Architectures. IC-Cache benefits today’s
LLM serving paradigms across three popular settings: (i)
Cloud Deployment: IC-Cache enables the offloading of re-
quests from larger LLMs to smaller, more efficient models,
providing users with responsive, high-quality outputs while
reducing service providers’ deployment costs; (ii) Edge De-
ployment: By personalizing the selection of historical ex-
amples, IC-Cache empowers small, on-device LLMs (e.g.,
Apple Intelligence [31] and Copilot + PC [10]) to generate
higher-quality responses, alleviating the costs associated with
cloud-based solutions; (iii) Edge-Cloud Deployment: In col-
laborative edge-cloud scenarios, IC-Cache enables smaller
models to generate better responses locally while selectively
routing requests to the cloud. In this paper, we focus on on-
line LLM serving in the cloud and demonstrate IC-Cache’s
effectiveness across various deployment scenarios (§6).

As shown in Figure 5, IC-Cache serves as a complementary
layer between existing serving systems (e.g., vLLM [42]) and
LLM applications. It comprises three key system components:
• Example Selector: It selects high-utility request-

response pairs from history as examples to augment
LLMs.
• Request Router: It routes new requests to the most suit-

able LLM, such as small models augmented with ex-
amples, or larger models, based on request complexity
and the current serving load.
• Example Manager: It manages the caching of requests

over time (e.g., eviction) and opportunistically im-
proves example quality (e.g., by asynchronously re-
playing requests and storing the best response).

Serving Workflow. Figure 6 illustrates the IC-Cache user
interface, complementing existing serving paradigms with

1 from IC_cache import IC_cacheClient
2
3 def generate_response(requests, generation_config):
4 # Create client session to IC-Cache service
5 client = IC_cacheClient(config=generation_config)
6
7 # Get inference results with generation config
8 response = client.generate(requests)
9

10 # Register requests to the cache
11 client.update_cache(requests, response)
12 client.stop()

Figure 6. IC-Cache benefits LLM serving with a few lines of code.

minimal code modifications. Upon receiving new requests
from users (Figure 5): 1 The Example Retriever retrieves
the most helpful request-response pairs (e.g., based on rel-
evance and quality) from the cache to serve as in-context
examples. 2 The new request, now augmented with these
examples, is passed to the Request Router, which determines
the appropriate LLM to handle the request. 3 The selected
model processes the request and generates a response, fol-
lowing the usual LLM generation process. The response is
then delivered to the user. 4 Finally, the Example Manager
may add the request-response pair to the cache, depending
on application-specific requirements (e.g., removing sensitive
information), improve example quality via cost-aware replay,
and evict stale or low-quality entries over time.

4 IC-Cache Design
In this section, we describe how IC-Cache unlocks new Pareto
frontiers for accuracy-efficiency trade-offs in existing LLM
serving, by selecting helpful examples at scale (§4.1), adap-
tively offloading requests among LLMs (§4.2), and managing
examples to improve efficiency and utility (§4.3).

4.1 Example Selector: Select High-Utility Examples
The utility of an example is defined by its effectiveness in
improving response quality. However, directly measuring this
utility post hoc is impractical, as it requires generating model
responses conditioned on each example, a costly and time-
consuming process. A common alternative is to approximate
utility using semantic relevance, such as the cosine similar-
ity between text embeddings, following practices from RAG
systems [17]. However, as shown in Figure 7, semantic rel-
evance exhibits only a weak correlation with true example
helpfulness, limiting its reliability as a utility proxy.

This limitation arises because relevance-based selection
fails to account for model-specific capabilities and example
quality, resulting in biased utility estimation. For instance, ex-
amples containing low-quality responses or covering skills the
smaller model already handles well contribute little to quality
improvement, and may even degrade generation quality while
incurring additional overhead (Figure 4). Furthermore, while
relevance can enrich response details, overall response quality
depends on a broader set of dimensions, such as accuracy,
depth, and creativity [80], which extend far beyond relevance.
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Next, we present a two-stage hierarchical example selection
mechanism to select high-utility examples at scale, and extend
it to select the combination of examples.

Two-Stage Scalable Example Selection. Our key insight is
that, while semantic relevance alone has a weak correlation
with actual helpfulness, it remains a useful lightweight filter
(Figure 7). We exploit this by first applying relevance-based
selection to narrow down the candidate pool. Since directly es-
timating the helpfulness of each example through rule-based
heuristics is impractical, we introduce a second-stage proxy
model to estimate the fine-grained helpfulness of examples on
a per-request basis. This two-stage selection design enables
request- and model-aware example retrieval while avoiding
the prohibitive cost of scanning the entire example pool.

As illustrated in Figure 8, when a new request arrives, we
compute its semantic similarity to cached examples using
dense text embeddings and prioritize examples with high sim-
ilarity scores. To ensure scalability, we can cluster cached
examples offline into 𝐾 groups using K-Means and process in-
coming requests online. However, the choice of 𝐾 introduces
a trade-off: using too many clusters increases the cost of iden-
tifying the nearest centroid (i.e., 𝐾 comparisons), while too
few clusters increases the cost of searching within clusters
(i.e., 𝑁 /𝐾 comparisons per cluster on average). To minimize
total matching cost per request, we balance these components
by solving: 𝐾 = argmin𝐾

(
𝐾 + 𝑁

𝐾

)
, yielding 𝐾 =

√
𝑁 .

From the preselected candidate pool, we apply a light-
weight proxy model to estimate each example’s helpfulness.
The model takes as input the current request and a candi-
date request-response pair, estimating the example’s end-to-
end helpfulness to improve the final response. Our design
builds on existing infrastructure in practical LLM serving
platforms, where user feedback, such as thumbs-up/down rat-
ings and preference comparisons (e.g., "Which response do
you prefer?" in ChatGPT, Gemini, and DeepSeek), is often
collected. Moreover, serving systems often sample and evalu-
ate response quality using reward models or human feedback
to monitor serving performance over time [26, 56]. Given the
scale of modern LLM deployments, even a small sampling
rate (e.g., 1%) across millions of daily requests [7] already

yields tens of thousands of feedback, sufficient to continu-
ously update the proxy model offline. We note that the proxy
model is lightweight (e.g., TinyBert has <0.2% model size of
Qwen2.5-7B), updated asynchronously.

Figure 9 shows that the two-stage mechanism greatly im-
proves response quality with little (<1%) overhead (§6.3).

Selecting Example Combinations. While our two-stage se-
lection mechanism identifies high-utility examples, including
too many yields diminishing quality improvements, implying
marginal efficiency gains from offloading. Moreover, longer
input sequences increase inference costs after offloading (Fig-
ure 4), reducing the net benefit of using examples. Thus, the
number of examples should be adapted per query.

Our key insight is that LLM serving is a long-running pro-
cess, which enables IC-Cache to explore and adapt to the
impact of varying example counts continuously over time.
Building on the two-stage selection process, the Example Se-
lector uses a dynamic utility threshold to filter out low-impact
examples, excluding those whose estimated helpfulness falls
below the current threshold. During online deployment, IC-
Cache periodically samples a subset of requests and evaluates
the average efficiency gains achieved under different utility
thresholds (e.g., utility > 0.5). It then selects the threshold
that maximizes overall performance and applies it globally.
Note that our Request Router will ensure the response quality
of sampled requests is preserved (§4.2), making this adaptive
process robust. This ensures that the number of selected ex-
amples is both query- and example-dependent, continuously
optimized to maximize end-to-end efficiency.

4.2 Request Router: Trade off Efficiency and Accuracy
With carefully selected examples, small LLMs gain live capa-
bility augmentation and can generate high-quality responses,
enabling them to handle requests that would otherwise re-
quire larger, more expensive models. However, aggressively
offloading to small LLMs can hurt response quality as the
augmentation can be limited; Being overly conservative limits
efficiency gains. While one could frame request routing as
a classification problem (e.g., using a BERT-based model to
predict the optimal model per request [55]), this approach
introduces significant systems challenges, since an effective
request router must: (i) respond to dynamic serving loads and

380



IC-Cache: Efficient Large Language Model Serving via In-context Caching SOSP ’25, October 13–16, 2025, Seoul, Republic of Korea

Algorithm 1: Pseudo-code of IC-Cache runtime
1 Function ServeRequests(𝑟𝑒𝑞𝑢𝑒𝑠𝑡 , 𝑠𝑦𝑠_𝑙𝑜𝑎𝑑):

/* Example Retriever: select an example combination in
terms of helpfulness to improve response quality. */

2 𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠 ← RetrieveExamples(request)

/* Request Router: select a model based on system load
and expected response quality. Prepend examples to
the request if offloading occurs. */

3 𝑚𝑜𝑑𝑒𝑙 ← RouteRequest(𝑟𝑒𝑞𝑢𝑒𝑠𝑡 , 𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠,
𝑚𝑜𝑑𝑒𝑙𝑠, 𝑠𝑦𝑠_𝑙𝑜𝑎𝑑)

4 𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒 ← GenerateResponse(𝑚𝑜𝑑𝑒𝑙 , 𝑟𝑒𝑞𝑢𝑒𝑠𝑡 ,
𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠[Optional])

/* Example Manager: selectively cache requests in
example pool and optimize example quality. */

5 ManageExamples(𝑟𝑒𝑞𝑢𝑒𝑠𝑡 , 𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒)

6 return 𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒

7 Function RetrieveExamples(𝑟𝑒𝑞𝑢𝑒𝑠𝑡):
/* Stage 1: Lightweight relevance selection */

8 𝑟𝑒𝑞𝑢𝑒𝑠𝑡_𝑒𝑚𝑏 ← ExtractEmbedding(𝑟𝑒𝑞𝑢𝑒𝑠𝑡)
9 𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡_𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠 ←

GetSimilarExamples(𝑟𝑒𝑞𝑢𝑒𝑠𝑡_𝑒𝑚𝑏, 𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠)
/* Stage 2: Helpfulness prediction */

10 for 𝑒𝑥 in 𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡_𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠 do
11 ℎ𝑒𝑙𝑝 𝑓 𝑢𝑙𝑛𝑒𝑠𝑠 ← PredHelpfulness(𝑟𝑒𝑞𝑢𝑒𝑠𝑡 , 𝑒𝑥)

/* Optimize example combination by accounting for
example diversity and ordering */

12 𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑_𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠 ←
RetrieveComb(𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡_𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠, ℎ𝑒𝑙𝑝 𝑓 𝑢𝑙𝑛𝑒𝑠𝑠)

13 return 𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑_𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠

changing quality-throughput tradeoffs; (ii) adapt efficiently to
evolving data and model characteristics, including shifts in re-
quest distributions, example utility, model weights, and even
available model sets; and (iii) remain execution- and data-
efficient, avoiding the prohibitive cost of generating and label-
ing responses across all model choices. These requirements
render heavyweight classifier-based routers impractical.

To address these practical challenges, we propose model-
ing the routing decision as a contextual multi-armed bandit
(MAB) problem, a lightweight and data-efficient approach of-
ten used in online recommendation systems. Here, the context
(input) includes the request’s question and its selected exam-
ples, while each “arm” corresponds to a candidate model (e.g.,
a small LLM with examples or a large LLM without). MAB
explores and exploits by pulling different arms across trials
(e.g., user requests), aiming to maximize cumulative rewards
such as maximizing response quality. Its lightweight nature
and minimal needs for online feedback make it especially
well-suited for real-time serving [46].

Algorithm 1 illustrates how IC-Cache efficiently finds the
sweet spot between response quality and system efficiency
under dynamics. After the Example Selector identifies high-
utility examples (Lines 7-13), IC-Cache invokes our MAB-
based Request Router to select the most suitable model for
that request. The router continuously updates its offloading
policy with user feedback, factoring in both perceived re-
sponse quality and current system load, allowing it to adapt
its routing decisions on the fly (Lines 3-4).

Load- and Quality-aware Request Offloading. To handle
load fluctuations, the Request Router incorporates a load-
aware biasing strategy. Specifically, it tracks the Exponential
Moving Average (EMA) of the system serving load over time.
When the EMA remains below the desired operational thresh-
old (e.g., the service capacity of large models), the router
prioritizes response quality. In this regime, many requests
may still be offloaded to small models, IC-Cache enables
small LLMs to match or even outperform larger models on a
substantial fraction of requests (§6.2), much like how primary
school teachers may better engage young learners than uni-
versity professors after the right pedagogical augmentation.

In contrast, when the EMA exceeds the operational thresh-
old, the router triggers a feedback controller to compute a
corrective bias. This bias is calculated using the hyperbolic
tangent (tanh) function [39], applied to the positive load de-
viation (i.e., current load − threshold). The resulting bias ad-
justs the bandit’s output logits, reducing the selection scores
of high-cost models and favoring more efficient, lower-cost
alternatives to relieve system pressure. This design offers
several advantages: the tanh function provides a smooth, satu-
rating response, enhancing stability by preventing unbounded
bias values, and the bias is only active during actual overload
conditions. Crucially, this lightweight control mechanism ad-
justs routing preferences without modifying or retraining the
underlying Request Router, effectively decoupling overload
management from the core routing logic. Importantly, the
persistent magnitude of this applied bias can be used as a
signal for infrastructure auto-scaling.

Efficient Router Adaptation under Dynamics. In practical
deployments, the Request Router must adapt to evolving data
distributions and shifts in model behavior (e.g., due to model
upgrades). While retraining the router is computationally in-
expensive, thanks to our contextual bandit model’s compact
size (0.5 million parameters), the primary challenge lies in
acquiring sufficient feedback for adaptation, which may be
delayed, sparse, or costly, especially when relying on explicit
user signals like thumbs-up/down ratings. To address this, we
design a cost-efficient feedback collection mechanism that
enables effective adaptation with minimal data overhead. The
key insight is to solicit feedback selectively, focusing only
on requests where the router exhibits high uncertainty in its
decision. We quantify uncertainty using the model’s output
confidence scores, which reflect how decisively the router
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ranks candidate LLMs. Only requests with near-uniform con-
fidence distributions (e.g., with standard deviation below 0.1)
are tagged for feedback solicitation. For these uncertain cases,
we always include the top-ranked LLM, and probabilistically
sample a second choice based on its relative confidence, en-
couraging adequate exploration. Following current interface
features (e.g., “Which response do you prefer?” in ChatGPT,
Gemini, and DeepSeek), IC-Cache collects user preference
feedback to refine its routing model. We formally analyze
the sample complexity of this selective feedback strategy and
demonstrate its cost-effectiveness in Appendix A.2.

Our evaluations show that our bandit-based router scales
effectively, outperforming state-of-the-art alternatives and
adapting to dynamics (§6.3).

4.3 Example Manager: Effective Caching in the Wild
Maximizing end-to-end efficiency hinges on (i) improving
the utility of individual examples to enable more effective
per-request offloading, and subsequently (ii) maintaining a
high-utility example pool for offloading various requests un-
der capacity and privacy constraints. Yet, real-world LLM
serving systems process millions of requests daily [7, 68],
with dynamic changes in data distribution and model behav-
ior (e.g., trending topics), making example management a
non-trivial challenge. IC-Cache includes an Example Man-
ager that curates and optimizes examples over time.

Cost-aware Example Replay. Recent LLM advances [25,
35] reveal large variance in response quality due to the sto-
chastic nature of generation (e.g., token sampling). This vari-
ance can be harnessed through example replay, where the
same request is queried multiple times, and the best response
is selected for reuse. By refining example responses in this
way, we can boost their downstream utility for offloading.
This example replay can be performed offline (e.g., during
off-peak hours) to avoid runtime latency. Understandably,
the relative cost can be negligible, considering that a refined
example reused hundreds of times incurs only around 1%
amortized overhead. But serving at scale, it is still important
to curb the resource overhead from generating new responses.

In practice, both the frequency and effectiveness of ex-
ample reuse exhibit large heterogeneity, often following
a long-tail distribution (Figure 10). Hence, the Example

Manager introduces a cost-aware example replay mecha-
nism that selectively replays examples based on their po-
tential efficiency gains. Intuitively, when repurposing an ex-
ample, the smaller the model to which its augmented re-
quest can be routed and the higher the response quality it
achieves, the smaller the gain we can expect from further
refining the example’s response. So we can define the po-
tential gain of improving an example 𝑒 as: 𝐺 (𝑒) = (1 −
𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑_𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒_𝑞𝑢𝑎𝑙𝑖𝑡𝑦) ×𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑_𝑚𝑜𝑑𝑒𝑙_𝑐𝑜𝑠𝑡 . 1

Here, 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑_𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒_𝑞𝑢𝑎𝑙𝑖𝑡𝑦 reflects user feedback
(e.g., thumbs up/down) on the response quality of the example-
augmented request, while 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑_𝑚𝑜𝑑𝑒𝑙_𝑐𝑜𝑠𝑡 denotes
the relative cost (e.g., API pricing) of the model used to
serve the request. Since both metrics are readily available in
production deployments, computing 𝐺 (𝑒) is lightweight and
practical. Each time 𝑒 is repurposed, its 𝐺 (𝑒) accumulates,
and IC-Cache maintains an exponentially moving average
of 𝐺 (𝑒) to account for evolving usage patterns. As a result,
examples that are frequently repurposed, or with them, the
new requests still require larger models, or yield lower-quality
responses, are prioritized for replay.

With the above formulation of potential replay gain, the
Example Manager selects examples to replay whose potential
resource savings outweigh the cost of replay itself. Specif-
ically, it ranks examples by their potential gain, 𝐺 (𝑒), and
stops replaying examples whose potential gain falls below
a cut-off. This cut-off is determined online, by the point at
which replaying a higher-ranked example no longer leads to
additional offloading, meaning its resource savings are lower
than the one-time replay (generation) cost.

Figure 11 demonstrates that our example replay design
achieves a better response quality for new requests on the
Gemini-Flash model compared to the Gemini-Pro, suggesting
efficiency gains during online serving.

Capping Example Cache Size over Time. The Example
Manager follows the deployment of popular semantic caching
designs [17, 78] to minimize both overhead and engineering
complexity: caching historical requests in plaintext. Plain-
text caching offers low memory consumption—storing one
million LMSys-Chat examples requires only about 1GB of
memory (about 1% of an A100 GPU)—and facilitates broader
reuse across different models. In fact, due to the high similar-
ity among requests and their long-tailed access distribution,
our evaluation on millions of real-world queries shows that
caching just tens of thousands of examples already yields
diminishing returns (§6.4). Hence, IC-Cache introduces small
memory footprints.

For deployments with strict memory budgets, the Example
Manager employs an online cache management policy that
evicts low-utility examples. The decision process mirrors a
classic knapsack problem: each example is treated as an item

1This multiplicative formulation captures the potential quality improvement
per unit cost, aligning with our objective of maximizing cost-efficiency.
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with a weight (its cache size, such as plaintext length) and
a value (the achievable efficiency gain). The objective is to
maximize the total value, i.e., the cumulative efficiency gains
from caching the selected examples. The solution yields a
binary caching decision for each example: whether to retain
it in the cache or evict it. The efficiency gain of an example is
measured by the number of successful offloadings it enables.
To adapt to changing request patterns over time, we maintain
a moving average of this gain, applying a decay factor of
0.9 every hour to emphasize recent usage while gradually
discounting stale patterns.

This one-dimensional knapsack problem can be solved ef-
ficiently (§5). Our solver runs periodically in the background
or whenever the memory limit is approached, ensuring that
cache optimization does not interfere with online serving.
Evaluations on millions of real-world requests show that our
strategy consistently improves performance, even under tight
memory constraints (§6.4).

How Does IC-Cache Respect Privacy? IC-Cache follows
a well-established practice of using information in cached
queries to serve future requests (e.g., context or semantic
caching in production systems like Databricks [17], Gem-
ini [9], DeepSeek [6], and open frameworks like GPT-
Cache [21]). IC-Cache builds on this foundation, advancing
it toward live LLM capability augmentation and offloading.
We also observe that many LLM use cases where IC-Cache
can provide large benefits involve only non-private data. For
instance, public information retrieval and general knowledge
Q&A—such as those in Google’s AI Overview [1] and Chat-
GPT Deep Search [5]—make up a substantial LLM traffic.

To further ensure that the cache respects user privacy, IC-
Cache controls sensitive query admission into the cache by (i)
providing simple APIs for access control (Figure 6), choos-
ing whether to cache and allowing cached data sharing only
within designated user domains (e.g., within the organization);
and (ii) locally sanitizing inputs by removing sensitive data
on the client endpoints before adding examples to the cache
(e.g., IC-Cache removes personally identifiable information
using the widely adopted tool spaCy [16]).

If developers require very strict privacy guarantees, IC-
Cache offers replacing the historical example cache with a
differentially private (DP) synthetic example cache [45]. DP
synthesis ensures that an adversary with access to the syn-
thetic examples cannot infer (with high probability) the pres-
ence or value of any specific example in the original dataset.
Our empirical results demonstrate that IC-Cache, even when
using DP-synthesized examples, continues to deliver substan-
tial improvements over the baseline (§6.4).

5 Implementation
We implemented a prototype of IC-Cache to enable efficient
LLM serving across GPUs. Our implementation leverages
components already prevalent in modern LLM deployments,

such as semantic caching systems [17, 81], introducing min-
imal complexity. The IC-Cache prototype consists of ap-
proximately 3,000 lines of code to support widely used plat-
forms, including vLLM [42], HuggingFace Runtime [13], and
LangChain [14], with a few lines of integration code (§3).

IC-Cache Backend. IC-Cache’s backend supports distributed
deployments across machines. The Example Retriever, Re-
quest Router, and Example Manager run in separate processes
that can scale horizontally and communicate via gRPC. The
Example Retriever utilizes GPU-accelerated FAISS [38] for
high-throughput similarity search. The Request Router was
implemented in Jax [23]. It includes the contextual bandit
algorithm along with a prioritized replay buffer. To improve
robustness against outliers, the Example Manager follows
existing advances [25] to filter out examples in replay that
have undergone more than five replay iterations. To ensure
high availability and load balancing, we maintain multiple
replicas of IC-Cache components for load balancing.

Fault Tolerance. IC-Cache maintains system state and meta-
data in a distributed manner across replicas, with each com-
ponent periodically checkpointing its state. If a failed request
to the Example Retriever or Request Router is detected, the
system automatically bypasses these components and routes
the request directly to the inference backend to maintain ser-
vice continuity. Each component runs a lightweight daemon
process that monitors service health and initiates automatic
recovery procedures upon detecting failures.

6 Evaluation
We evaluate IC-Cache on millions of publicly available, real-
world user requests, using both open-source and proprietary
models. The key results are summarized as follows:

• IC-Cache reduces serving latency by 28–71% and im-
proves throughput by 1.4–5.9× without comprising re-
sponse quality (§6.2).
• IC-Cache can potentially offload all requests to smaller

models, achieving sweet spots of efficiency-quality
tradeoffs under bursty workloads (§6.2-§6.3);
• IC-Cache improves performance over a wide range of

settings and outperforms its design counterparts (§6.4);

6.1 Methodology

Experimental setup. We evaluate IC-Cache using proprietary
Gemini-1.5-Pro and Gemini-1.5-Flash models via Google
Cloud Vertex AI APIs, and open-source models, including
DeepSeek-R1, Qwen2.5, Gemma-2, and Phi-3 model families.
We summarize the datasets used in our evaluations in Table 1,
and discuss data preprocessing (e.g., deduplication) in Ap-
pendix A.4. Requests span real-world conversation, question
answering, translation, code generation, and long-context
math reasoning tasks.
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(d) Serving latency (Natural Ques-
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(e) Response Quality (MS MARCO).
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Figure 12. IC-Cache enables offloading more requests to small models, improving serving throughput (a)-(b), while achieving better
response latency (c)-(d) and response quality (e)-(h).

Task Dataset Example Size Request Size

Conversation
Alpaca[66] 32,392 1,800
lmsys-chat-1m [79] 273,043 15,170
OpenOrca [49] 774,285 43,016

Question Q&A MS MARCO [54] 808,731 101,092
Natural Questions [41] 300,000 7,830

Translation WMT-16-PM [22] 600,000 1000
Code Gen. Nl2bash [75] 8090 609
Math reasoning Math500-Level5[45] 7500 5000

Table 1. Our evaluation data spans millions of realistic requests.

We set up a cluster of 16 NVIDIA A100 GPUs, where
requests arrive follow Microsoft’s realistic LLM serving
trace [68], scaled by our cluster resource capacity.

Baselines. To the best of our knowledge, IC-Cache is the first
system to optimize LLM serving through real-time capabil-
ity augmentation using historical requests, complementing
existing LLM inference frameworks. We compare IC-Cache
against the following state-of-the-art baselines:

• w/o IC-Cache: The widely-used LLM serving system
(e.g., vLLM [42]) without IC-Cache integration.
• RouteLLM [55]: A model routing framework that dy-

namically selects between a small and a large model
based on a binary classifier.
• LongRAG [78]: Retrieves external documents as auxil-

iary knowledge. We follow the same retrieval method to
select and append the top-5 documents to the prompt.
• Semantic Caching [17]: Caches past requests and re-

turns cached responses based on embedding similarity.

Metrics. We evaluate IC-Cache using following metrics:

• Quality: To evaluate response quality, we follow estab-
lished practices [30, 53, 80] to adopt the LLM-as-a-
judge methodology. Specifically, we use DeepSeek-
R1 as the autorater for evaluating Gemini outputs,
and Gemini-1.5-Pro for the rest, to minimize self-
comparison bias. We report the strong alignment of our
autoraters with human preferences in Appendix A.5.
Each autorater produces a seven-point score ranging
from -3 (significantly worse) to 3 (significantly better),
where a score within [-0.3, 0.3] indicates a tie. To re-
duce the order bias, we sample eight responses for both
input orders and report the average across 16 compar-
isons. We compare overall model quality using average
pairwise scores and win rates= (#wins+0.5×#ties)

#total . A win
rate of 0.5 or an average score of 0 indicates parity
between compared models.
• Latency: The latency reduction in Time-To-First-Token

(TTFT) and Time-Between-Tokens (TBT).
• Throughput: We quantify the throughput performance

in terms of requests per second achieved.

6.2 End-to-End Performance

IC-Cache adapts effectively online for better efficiency. We
first evaluate IC-Cache under realistic online load conditions.
Request arrivals follow a 30-minute trace from Microsoft’s
LLM serving traces (Figure 22), where arrival timestamps
are mapped to requests from the MS MARCO, Natural Ques-
tions, LMSys-Chat, and Open Orca datasets. Due to space
constraints, we report results for the Gemini and Gemma
model families here, and additional evaluations are provided
in Appendix B.
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Figure 13. IC-Cache enables better quality-efficiency tradeoffs.

Figure 12 presents the online offload ratio, serving la-
tency, and response quality under real-time load. Notably,
IC-Cache achieves a 9.0% higher response quality compared
to RouteLLM, while maintaining comparable serving latency
and throughput. Without dynamic offloading, relying solely
on the small model leads to subpar responses, whereas using
only the large model risks overload and increased latency.
While RouteLLM offloads requests based on request diffi-
culty, it is oblivious to the current system load. In contrast,
IC-Cache dynamically adjusts the offloading ratio based on
real-time load and request characteristics. It achieves response
quality comparable to always using the large model, without
incurring the associated cost and latency.

IC-Cache enables better quality-efficiency tradeoff. We
further demonstrate that IC-Cache enables better quality-
efficiency tradeoffs by being aware of the current serving load
and intelligently repurposing examples. Figure 13 reports the
win rates of Gemma-2-2B over Gemma-2-27B across four
datasets, with throughput normalized to that of serving solely
with the large model. By varying the router’s decision thresh-
old, we dynamically control the fraction of requests offloaded
to the small model, investigating the quality and efficiency
performance under different requirements on the tradeoff.

IC-Cache consistently achieves higher serving throughput
than RouteLLM for the same target response quality. For
example, on the Natural Questions dataset, it delivers 2.3×
higher throughput when aiming for a 50% win rate. Con-
versely, for a fixed throughput target (e.g., 6× the throughput
of the large model), IC-Cache improves response quality by
4–16%. Notably, by routing each query to the most suitable
model, IC-Cache enables the 2B model to surpass the 27B
model on MS MARCO, achieving a win rate above 50%.

IC-Cache augments existing serving infra effectively. Fig-
ure 14 shows that combining IC-Cache with existing seman-
tic caching systems consistently improves response quality
across different cache hit rates. Higher hit rates, achieved by
relaxing the similarity threshold, typically reduce response

Figure 14. IC-Cache augments
semantic caching deployment.

Figure 15. IC-Cache augments
supervised fine-tuning (SFT)
and RAG deployments.
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Figure 16. IC-Cache achieves better quality-efficiency tradeoff by
orchestrating its design components.

quality due to less relevant cache matches. In such cases, IC-
Cache repurposes retrieved responses as in-context examples
to improve small LLM outputs, leading to up to a 28% quality
improvement, or equivalently, 4.1× higher efficiency (hit rate)
for the same quality target.

Figure 15 further shows that IC-Cache augments the pop-
ular supervised fine-tuning (SFT) and RAG systems on the
Nature Question and MS-MACRO dataset, respectively. We
notice that while both post-training support, SFT and RAG,
improve the response quality, combining them with IC-Cache
improves the small model’s response quality by 17.8 and
9.8%, respectively, significantly narrowing the gap between
small model performance and that of the larger model.

6.3 Performance Breakdown

Breakdown by components. Figure 16 shows that IC-Cache
achieves a superior quality-efficiency tradeoff by effectively
orchestrating its design components. Leveraging in-context
examples, Gemma-2-2B + IC-Cache consistently outperforms
Gemma-2-27B on both the MS MARCO and Alpaca datasets.
The combination of the request router and example-based aug-
mentation enables IC-Cache to establish a new Pareto fron-
tier, surpassing baseline approaches. Specifically, IC-Cache
attains a win rate of up to 60% against Gemma-2-27B while
delivering 2× higher throughput on MS MARCO. On Al-
paca, it achieves a 2.8× throughput improvement with no
quality degradation. Importantly, we observe that efforts to
increase throughput without the request router lead to subop-
timal response quality, highlighting the necessity of quality-
and load-aware routing.

We further dissect IC-Cache’s performance by isolating the
effect of repurposing historical examples, i.e., disabling the
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Figure 17. IC-Cache improves the quality of generation across different tasks for Gemini, Qwen, and DeepSeek series models.

Figure 18. IC-Cache introduces little overhead (left) while improv-
ing cost-efficiency in sustaining serving throughput (right).

request router. Figure 17 reports that IC-Cache significantly
improves response quality across diverse model families and
datasets. For example, IC-Cache improves the win rate of
smaller models over larger ones by up to 12.4% for Gemini
models on LMSys-Chat and OpenOrca. Remarkably, on some
datasets, smaller models surpass the 50% win rate, indicating
they can outperform their larger counterparts when empow-
ered with high-quality in-context examples. Even in settings
with considerable differences in latency, cost, and base accu-
racy, such as DeepSeek-R1 vs. Qwen2.5-7B, IC-Cache still
yields an 18% accuracy gain in win rate.

Beyond the average performance, we observe that IC-
Cache shifts the entire score distribution toward higher quality,
without sacrificing individual requests’ quality. Additional
results in Appendix B confirm that IC-Cache provides con-
sistent benefits across a broad range of models and datasets,
including Qwen, Gemma, and Phi models.

Breakdown by execution lifecycle. Figure 18 presents a
detailed execution breakdown for Gemma models. The left
figure reports the average contention-free serving latency
without batching. We observe that Gemma-2-2B + IC-Cache
achieves a 3% reduction in latency compared to Gemma-
2-2B alone, attributed to shorter average decoding lengths
guided by examples from the large model. Moreover, it is 71%
faster than Gemma-2-27B, primarily due to the smaller model
size. The right figure illustrates the serving cost, measured
as the number of GPUs required to sustain the throughput
target, i.e., normalized to the cost of serving with Gemma-
2-2B. Under the same resource constraint, Gemma-2-2B +
IC-Cache delivers a 5.1× improvement in system throughput
compared to Gemma-2-27B with little overhead.

Figure 19. IC-Cache delivers
improvement under different
the example cache sizes.

Figure 20. IC-Cache improves
serving efficiency across serv-
ing loads.

Figure 21. IC-Cache with DP
synthetic example pool brings
marginal quality degradation.

Figure 22. Request arrival pat-
tern sampled from Microsoft’s
LLM serving traces.

6.4 Ablation Study

Impact of example cache size. To evaluate the impact of
cache size on generation quality, we conduct experiments
using Qwen2.5-3B on both code generation and translation
tasks, varying the size of the example cache pool. Specifi-
cally, we retain different proportions of the full example set,
ranging from 5% to 100%, and compare two strategies: (i)
Naive Cache, which randomly retains examples, and (ii) IC-
Cache, which employs utility-aware example caching (§4.3).
As shown in Figure 19, IC-Cache achieves near-saturated
performance even with a minimal cache, just 12,056 exam-
ples for translation and 2,022 for code generation. These
correspond to under 20MB in plaintext, demonstrating the
efficiency and practicality of our caching design, particularly
for memory-constrained deployments.

Impact of Serving Loads. Figure 20 shows that IC-Cache
achieves superior serving latency performance under varying
request loads on the Alpaca dataset. The light, medium, and
high load levels correspond to QPS = 1, 2, and 4, respectively.
The end-to-end latency of Gemma-2-2B + IC-Cache is simi-
lar to that of Gemma-2-2B without IC-Cache, with 11–35%
lower P50 latency and 14-31% higher P99 latency primar-
ily due to different patterns in decoding length distributions,
aligning with our observations in Figure 18. Compared to
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Gemma-2B
Gemma-2B

+ RAG
Gemma-2B

+ IC
Gemma-2B
+ IC + RAG

Avg score -0.4272 0.0047 0.0667 0.2972
Win rates(%) 41.54 52.63 56.35 62.40

Table 2. IC-Cache complements LongRAG and improves its per-
formance. Gemma-2-2B over Gemma-2-27B on MS MACRO.

Alpaca Gemma-2B
Gemma-2B
+ OOD SFT

Gemma-2B
+ in-domain IC

Gemma-2B
+ OOD IC

Avg score -0.1896 -0.5927 -0.1792 -0.2104
Win rates(%) 45.58 32.33 47.25 46.69

Table 3. Quality comparison between IC-Cache and SFT. Gemma-
2-2B vs. Gemma-2-27B on Natural Questions (in-domain) and
Alpaca (out-of-domain, OOD).

Gemma-2-27B, Gemma-2-2B + IC-Cache reduces P50 la-
tency by 75–83% and P99 latency by 69–71% because of the
10× difference in model size. We observe similar patterns on
other datasets and model families (Appendix B).

Impact of DP synthesized example pool. To test the effect of
using DP synthetic examples instead of the original example
pool, we generate DP synthetic examples for MS MACRO
and LMsys-chat, two datasets with real user queries where
DP synthesis may be considered necessary. As shown in
Figure 21, IC-Cache’s quality slightly decreases with a DP
synthetic example pool instead of the original examples, but
still improves performance over a non-IC-Cache design.

IC-Cache vs. RAG. Table 2 shows the average pairwise
scores and win rates between Gemma-2-2B and Gemma-
2-27B on MS MACRO using a combination of LongRAG
(introduced in Section 6.1) and IC-Cache. Both retrieved
documents and historical query examples can provide extra
information to the model to answer users’ queries, which is
often more helpful to the smaller models due to their less
capacity. IC-Cache outperforms RAG because knowledge
transfer from historical responses from Gemma-2-27B makes
the responses of Gemma-2-2B more aligned with Gemma-2-
27B. Such results were also observed in model training [83].
More importantly, IC-Cache can be used together with RAG
to boost the response quality even further, significantly out-
performing RAG-only Gemma-2-27B.

IC-Cache vs. Supervised Finetuning (SFT). To assess the
benefits of IC-Cache compared to traditional fine-tuning,
we finetune Gemma-2-2B on a Natural Questions dataset
to mimic the output of the larger Gemma-2-27B model. Table
3 presents the results on Natural Questions (in-domain task)
and Alpaca (out-of-domain task) test sets. While fine-tuning
led to some improvements on Natural Questions, the gains
were less pronounced than those achieved by IC-Cache. In
contrast, IC-Cache’s live LLM capability augmentation al-
lows the model to leverage information from the larger model
without modifying its own weights, adapting to new domains
while preserving its original knowledge.

7 Related Work

LLM Serving Systems. Recent LLM serving advances have
primarily focused on efficiency. Orca’s continuous batching
increases throughput [77], while vLLM [42] offers LLM
execution beyond GPU memory capacity. SARATHI [18]
employs chunked prefill techniques to improve through-
put and GPU utilization. FastServe[70] proposes a preemp-
tive scheduling to mitigate the queuing delay. Systems like
DistServe[82], TetriInfer[33], and Splitwise[57] employ a dis-
aggregation strategy to separate prefill and decode phases
for low interference latencies. PowerInfer-2[73] leverages the
sparsity of neuron activation to predict and prefetch neurons
for on-device LLM serving. IC-Cache complements existing
LLM serving systems by exploiting the in-context learning
abilities of LLMs without altering scheduling order.

RAG Systems. Retrieval-Augmented Generation (RAG) im-
proves the reliability of LLM outputs by integrating knowl-
edge retrieved from external sources[44]. It identifies relevant
text chunks using either sparse retrieval methods, such as
BM25 [61] and TF-IDF [64], or dense retrieval methods. The
retrieval process can be further optimized with techniques
like iterative[62], recursive[40], or adaptive retrieval[20, 36].
CacheBlend[74] reduces RAG system latency by storing and
reusing KV caches with selective recomputations. However,
RAG relies on long external sources and is vulnerable to
out-of-domain or low-quality documents [43]. IC-Cache com-
plements RAG by generating cached queries with RAG to
incorporate external knowledge (§6.4).

Knowledge Distillation and In-context Learning. In-
context learning (ICL) allows LLMs to perform new tasks by
learning from demonstrations in the input context [24, 69].
The effectiveness of ICL is influenced by multiple factors, in-
cluding the number of demonstrations, quality, diversity, and
order [24, 52]. Ceil [76] trains an example selector to pick ex-
amples from external documents. IC-Cache exploits the ICL
capability and the high volume of requests in LLM serving
systems to optimize the generation quality-efficiency tradeoff
with example selection, request routing, and management.

8 Discussions

Handling Query Distribution Shift. User interests and popu-
lar topics are not static. They can cause the query distribution
to shift over time. IC-Cache is designed for this with its two
core components. First, the MAB-based request router is in-
herently adaptive to distribution shift. Unlike a static classifier
that would degrade as the query distribution drifts from its
training data, the bandit model continuously learns from re-
cent requests. It adjusts its routing policy in a data-efficient
manner, adapting to evolving topics and changing example
utility without requiring costly offline retraining. Second, the
Example Manager actively refines caches and evicts stale
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queries to reflect current query trends. Its eviction policy is
aware of the cost and time to live of each query and response
pair, which ensures that stale or low-utility examples are re-
placed with fresh, relevant ones. By maintaining a moving
average of each example’s utility with a decay factor, the
system prioritizes examples that are effective for the current
query distribution, ensuring the cache’s contents do not be-
come obsolete.

Handling Model Updates. LLM providers can update their
models from time to time, which can alter performance char-
acteristics and make static routing policies suboptimal. IC-
Cache’s architecture provides inherent resilience to such
changes. The Request Router’s exploration-exploitation strat-
egy allows it to dynamically probe the performance of up-
dated models and adjust the traffic accordingly. For instance,
if a smaller model is upgraded and can suddenly handle a new
class of queries effectively with augmentation, the router will
detect this shift through online feedback and begin offloading
more requests to it. This avoids the prohibitive cost of generat-
ing and re-labeling vast datasets each time a model is updated,
ensuring the system can fluidly accommodate improvements
or changes in the underlying LLM fleet.

Performance and Quality Tradeoff. IC-Cache relies on on-
line capability augmentation, which is grounded in in-context
learning theory. It allows for on-the-fly knowledge transfer
and imitation without costly retraining the model. By provid-
ing high-quality demonstrations, IC-Cache guides the smaller
model to generate responses that are not only structurally
similar but also capture the important information of the
larger model, thus maintaining high quality while benefiting
from the smaller model’s lower latency and resource footprint.
When multiple models are available, we can identify more
sweet spots on the efficiency-quality curve with offline pro-
filing. Instead of being limited to a binary choice between a
single small, fast model and a single large, high-quality one,
the request router can select the most appropriate model.

9 Conclusion
We introduce IC-Cache, an in-context caching system for
LLM serving that leverages historical requests as in-context
examples. IC-Cache identifies high-utility examples and effi-
ciently prepends them to the input for better response at scale.
IC-Cache employs a cost-aware cache replay mechanism to
improve example quality offline, and a bandit-based request
router to adaptively route requests to LLMs with varying ca-
pabilities. Our evaluations on real-world datasets demonstrate
that IC-Cache improves both serving throughput and latency.
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Ondřej Bojar, Christian Buck, Rajen Chatterjee, Christian Federmann,
Liane Guillou, Barry Haddow, Matthias Huck, Antonio Jimeno Yepes,
Aurélie Névéol, Mariana Neves, Pavel Pecina, Martin Popel, Philipp
Koehn, Christof Monz, Matteo Negri, Matt Post, Lucia Specia, Karin
Verspoor, Jörg Tiedemann, and Marco Turchi, editors, Proceedings of
the First Conference on Machine Translation: Volume 2, Shared Task
Papers, pages 131–198, Berlin, Germany, August 2016. Association
for Computational Linguistics.

[23] James Bradbury, Roy Frostig, Peter Hawkins, Matthew James Johnson,
Chris Leary, Dougal Maclaurin, George Necula, Adam Paszke, Jake
VanderPlas, Skye Wanderman-Milne, and Qiao Zhang. JAX: compos-
able transformations of Python+NumPy programs, 2018.

[24] Tom B Brown. Language models are few-shot learners. arXiv preprint
arXiv:2005.14165, 2020.

[25] Lingjiao Chen, Jared Quincy Davis, Boris Hanin, Peter Bailis, Ion
Stoica, Matei Zaharia, and James Zou. Are more llm calls all you need?
towards scaling laws of compound inference systems. In NeurIPS,
2024.

[26] Josef Dai, Xuehai Pan, Ruiyang Sun, Jiaming Ji, Xinbo Xu, Mickel
Liu, Yizhou Wang, and Yaodong Yang. Safe rlhf: Safe reinforcement
learning from human feedback. arXiv preprint arXiv:2310.12773, 2023.

[27] Michel Deudon. Learning semantic similarity in a continuous space.
In NeurIPS, 2018.

[28] Qingxiu Dong, Lei Li, Damai Dai, Ce Zheng, Jingyuan Ma, Rui Li,
Heming Xia, Jingjing Xu, Zhiyong Wu, Tianyu Liu, Baobao Chang,
Xu Sun, Lei Li, and Zhifang Sui. A survey on in-context learning. In
Arxiv: 2301.00234, 2023.

[29] Gemini Team Google. Gemini: A family of highly capable multimodal
models. arXiv preprint arXiv:2312.11805, 2023.

[30] Aaron Grattafiori, Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey,
Abhishek Kadian, Ahmad Al-Dahle, Aiesha Letman, Akhil Mathur,
Alan Schelten, Alex Vaughan, Amy Yang, Angela Fan, Anirudh Goyal,
Anthony Hartshorn, Aobo Yang, Archi Mitra, Archie Sravankumar,
Artem Korenev, Arthur Hinsvark, Arun Rao, Aston Zhang, Aure-
lien Rodriguez, Austen Gregerson, Ava Spataru, Baptiste Roziere,
Bethany Biron, Binh Tang, Bobbie Chern, Charlotte Caucheteux, Chaya
Nayak, Chloe Bi, Chris Marra, Chris McConnell, Christian Keller,
Christophe Touret, Chunyang Wu, Corinne Wong, Cristian Canton
Ferrer, Cyrus Nikolaidis, Damien Allonsius, Daniel Song, Danielle
Pintz, Danny Livshits, Danny Wyatt, David Esiobu, Dhruv Choud-
hary, Dhruv Mahajan, Diego Garcia-Olano, Diego Perino, Dieuwke
Hupkes, Egor Lakomkin, Ehab AlBadawy, Elina Lobanova, Emily
Dinan, Eric Michael Smith, Filip Radenovic, Francisco GuzmÃąn,
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A Appendix
A.1 Prompt Templates
We list all system prompt templates for the generative models
with or without IC-Cache, and the autoraters in Figure 23 –
25.

A.2 Sample complexity of router training
As indicated in the design section, we always pick the highest
confidence score LLM and select the second LLM via Thomp-
son sampling. If the sample has been selected for training,
that implies ambiguity, and we train the critic model on the
response outcomes of the picked models.

Thompson sampling maintains a Beta distribution for each
model, representing our belief about its performance. After
each comparison or round, we update these distributions and
sample from them to make selections.

We assume the Bradley-Terry model for our analysis.

A.2.1 Definitions.

• Let𝑈𝑖 be the true utility (quality) of model 𝑖.
• Let𝐶𝑖 be the computational cost (e.g., latency) of model
𝑖.
• Let 𝐿 be the current system load (e.g., queries per sec-

ond).
• Let 𝜇𝑖 (𝑡) be the estimated utility of model 𝑖 after 𝑡

rounds.
• Let Δ𝑖 = 𝑈1 −𝑈𝑖 where model 1 is the best model in

terms of utility.

A.2.2 Convergence Guarantees. Theorem 1: With the hy-
brid Thompson sampling approach, the probability of failing
to identify the best model after 𝑇 rounds decreases with 𝑇 as
follows:

𝑃 (𝑖𝑇 ≠ 1) ≤ (𝑁 − 1)𝑇 −𝐶 (1)

where 𝑖𝑇 is the model with the highest estimated utility after
𝑇 rounds, 𝑁 is the number of models, and 𝐶 is a positive
constant.

Proof: The proof proceeds by bounding the probability of
mistaking a single suboptimal model for the best one, and
then summing these probabilities using a union bound.

1. Union Bound: The overall probability of failure is the
probability that any suboptimal model 𝑖’s estimated
utility 𝜇𝑖 is greater than the best model’s estimated
utility 𝜇1. We can bound this with the union bound:

𝑃 (𝑖𝑇 ≠ 1) ≤
𝑁∑︁
𝑖=2

𝑃 (𝜇𝑖 > 𝜇1) (2)

2. Number of Samples: For Thompson sampling,
each suboptimal model 𝑖 is sampled approximately
𝑂 (log(𝑇 )/Δ2

𝑖 ) times in𝑇 rounds [19]. We can state this
more formally for the number of comparisons,𝑚𝑖 (𝑇 ),

for a sufficiently large T:

𝑚𝑖 (𝑇 ) ≥ 𝐾
log(𝑇 )
Δ2
𝑖

(3)

where 𝐾 is a positive constant.
3. Applying Hoeffding’s Inequality: Let’s analyze the

probability of a single error, 𝑃 (𝜇𝑖 > 𝜇1). Let the em-
pirical difference be Δ̂𝑖 (𝑚) = 𝜇1 − 𝜇𝑖 after𝑚 compar-
isons, whose true mean is the utility gap Δ𝑖 = 𝑈1 −𝑈𝑖 .
The error event 𝜇𝑖 > 𝜇1 is equivalent to Δ̂𝑖 (𝑚) < 0.
This can be written as a deviation from the true mean:
Δ̂𝑖 (𝑚) − Δ𝑖 < −Δ𝑖 . Applying Hoeffding’s inequality
with 𝜖 = Δ𝑖 :

𝑃 (𝜇𝑖 > 𝜇1) = 𝑃 (Δ̂𝑖 (𝑚) < 0) ≤ 𝑒−2𝑚𝑖 (𝑇 )Δ2
𝑖 (4)

4. Now we substitute the bound for the number of samples
𝑚𝑖 (𝑇 ):

𝑃 (𝜇𝑖 > 𝜇1) ≤ exp
(
−2

(
𝐾
log(𝑇 )
Δ2
𝑖

)
Δ2
𝑖

)
(5)

Which simplifies to:

𝑃 (𝜇𝑖 > 𝜇1) ≤ 𝑒−2𝐾 log(𝑇 ) = 𝑒 log(𝑇
−2𝐾 ) = 𝑇 −2𝐾 (6)

5. Setting 𝐶 = 2𝐾 ,we have 𝑃 (𝜇𝑖 > 𝜇1) ≤ 𝑇 −𝐶 . Substitut-
ing this result back into the union bound from step 1
gives the final bound.

Theorem 2: To identify the best model with probability at
least 1− 𝛿 , the hybrid Thompson sampling approach requires:

𝑇 = 𝑂

(
𝑁

Δ2
min

log
(
𝑁

𝛿

))
(7)

comparisons, where Δmin = min𝑖>1 Δ𝑖 is the minimum utility
gap.

Proof: To achieve a total failure probability of at most 𝛿 , we
use a union bound to require the failure probability for each
of the 𝑁 − 1 suboptimal models to be at most 𝛿/(𝑁 − 1). For
a single model 𝑖, we need to find the number of comparisons
𝑚 such that 𝑃 (𝜇𝑖 > 𝜇1) ≤ 𝛿/(𝑁 − 1). From Hoeffding’s
inequality, this implies 𝑒−𝑚Δ2

𝑖 /2 ≤ 𝛿/(𝑁 − 1). Solving for
𝑚 using the worst-case gap Δmin gives𝑚 = 𝑂 ( 1

Δ2
min

log( 𝑁
𝛿
)).

The total number of samples𝑇 is (𝑁 − 1) ·𝑚, which gives the
final bound.

Theorem 3: To identify the top-k models with probabil-
ity at least 1 − 𝛿 , the hybrid Thompson sampling approach
requires:

𝑇 = 𝑂

(
𝑁

Δ2
min,𝑘

log
(
𝑘 (𝑁 − 𝑘)

𝛿

))
(8)

comparisons, where Δmin,𝑘 = min𝑖≤𝑘,𝑗>𝑘 (𝑈𝑖 −𝑈 𝑗 ) is the min-
imum gap between any model in the top-k and any model
outside the top-k.

393



SOSP ’25, October 13–16, 2025, Seoul, Republic of Korea Yu et al.

SYSTEM PROMPT WITHOUT IC-CACHE

[System]
You are a helpful AI Assistant that follows users’ instructions carefully.
Write a response that appropriately completes the request. Provide necessary
details or explanations if that helps to exceed the user’s expectations.

Below is an instruction that describes a task:
{instruction}

Figure 23. System Prompt without IC-Cache for conversational tasks.

SYSTEM PROMPT WITH IC-CACHE

[System]
You are a helpful AI Assistant that follows users’ instructions carefully.
Write a response that appropriately completes the request. Provide necessary
details or explanations if that helps to exceed the user’s expectations.

Below is an instruction that describes a task:
{instruction}

Below are examples of detailed instructions and responses. When a user gives
you an instruction, consider the following:

**Relevance: Do the examples directly relate to the user’s specific task or
question? If not, focus on completing the user’s request without relying on the
examples.

**Quality: Do the examples demonstrate excellent explanations, detail, and
clarity? If so, you may follow their format and style to improve your own
response.

**Helpfulness: Do the examples provide helpful information that is relevant to
the user’s instruction? If so, you may use the information in the examples to
help you complete the user’s instruction.

{examples}

Below is an instruction that describes a task. Write a response that
appropriately completes the request. Provide necessary details or explanations
if that helps to exceed the user’s expectation. Remember: Your primary goal is
to understand the user’s instruction and complete the task with informative
detail. The examples are resources to guide you, not strict templates to
follow. However, you can refer to and follow the examples if the user’s
instruction is very similar to the examples.

Below is an instruction that describes a task again:
{instruction}

Figure 24. System Prompt with IC-Cache for conversational tasks.

Proof: A failure occurs if any of the 𝑘 (𝑁 −𝑘) critical pairs
(one model from the top-k, one from outside) are incorrectly
ordered. Using a union bound, the required error rate for any

single pair is 𝛿/(𝑘 (𝑁 − 𝑘)). The critical gap for this problem
is Δmin,𝑘 . Applying Theorem 2 with the critical gap yields the
stated complexity.
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AUTORATER SYSTEM PROMPT

[System]
Please act as an impartial judge and evaluate the overall quality of the
responses provided by two AI assistants to the user question displayed below.
You should choose the assistant that follows the user’s instructions and
answers the user’s question better. Your evaluation should consider factors
such as instruction following, factuality, helpfulness, depth, creativity, and
level of necessary details of their responses. Avoid any position biases and
ensure that the order in which the responses were presented does not influence
your decision. Do not allow the length of the responses to influence your
evaluation. Do not favor certain names of the assistants. Be as objective as
possible.

You should start with your evaluation by comparing the two responses and
provide a short rationale. After providing your rationale, you should output
the final verdict by strictly following this seven-point Likert scale: 3 if
assistant A is much better, 2 if assistant A is better, 1 if assistant A is
slightly better, 0 if the two responses have roughly the same quality, -1
if assistant B is slightly better, -2 if assistant B is better, and -3 if
assistant B is much better.

You should format as follows:
[Rationale]: Placeholder for the short rationale of the score. (less than 200
words)
[Score]: Placeholder for the score. This should be -3, -2, -1, 0, 1, 2, or 3.

Figure 25. Autorater system prompt for side-by-side quality evaluation.

Theorem 4: Let the score (logit) for selecting model 𝑖 be
defined by its utility and a load-dependent cost penalty:

𝑆𝑖 (𝐿) = 𝜇𝑖 − 𝜆0 tanh(𝛾𝐿)𝐶𝑖 (9)

where 𝜆0, 𝛾 > 0 are constants. Let the selection policy be a
softmax over these scores. If 𝑗 is the model with the highest
load-adjusted utility as defined, then lim𝐿→∞ 𝑃 𝑗 (𝐿) = 1.

Proof: The selection probability for model 𝑖 is 𝑃𝑖 (𝐿) =
exp(𝑆𝑖 (𝐿) )∑𝑁
𝑛=1 exp(𝑆𝑛 (𝐿) )

.

1. Limiting Behavior of Tanh: As the load 𝐿 →∞, the
hyperbolic tangent term approaches its maximum value:
lim𝐿→∞ tanh(𝛾𝐿) = 1.

2. Ratio of Probabilities: Consider the ratio of probabili-
ties between any model 𝑘 ≠ 𝑗 (where 𝐶𝑘 > 𝐶 𝑗 ) and the
minimum-cost model 𝑗 :
𝑃𝑘 (𝐿)
𝑃 𝑗 (𝐿)

=
exp(𝑆𝑘 (𝐿))
exp(𝑆 𝑗 (𝐿))

= exp(𝑆𝑘 (𝐿) − 𝑆 𝑗 (𝐿)) (10)

Substituting the score definition:

𝑆𝑘 (𝐿) − 𝑆 𝑗 (𝐿) = (𝜇𝑘 − 𝜇 𝑗 ) − 𝜆0 tanh(𝛾𝐿) (𝐶𝑘 −𝐶 𝑗 ) (11)

3. Asymptotic Limit: We take the limit of this difference
as 𝐿 →∞:

lim
𝐿→∞
(𝑆𝑘 (𝐿) − 𝑆 𝑗 (𝐿)) = (𝜇𝑘 − 𝜇 𝑗 ) − 𝜆0 (𝐶𝑘 −𝐶 𝑗 ) (12)

Since𝐶𝑘 > 𝐶 𝑗 , the term (𝐶𝑘 −𝐶 𝑗 ) is a positive constant.
For a sufficiently large cost-sensitivity parameter 𝜆0,
the negative cost term −𝜆0 (𝐶𝑘 −𝐶 𝑗 ) will dominate the
constant utility difference (𝜇𝑘 − 𝜇 𝑗 ), making the entire
expression approach −∞.

4. As the exponent approaches −∞, the ratio of probabili-
ties approaches zero:

lim
𝐿→∞

𝑃𝑘 (𝐿)
𝑃 𝑗 (𝐿)

= 0 for all 𝑘 ≠ 𝑗 (13)

Since
∑𝑁
𝑖=1 𝑃𝑖 (𝐿) = 𝑃 𝑗 (𝐿) +

∑
𝑘≠𝑗 𝑃𝑘 (𝐿) = 1, and the

ratio of every other model’s probability to model 𝑗’s
probability goes to zero, it must be that lim𝐿→∞ 𝑃 𝑗 (𝐿) =
1.

A.3 An Example of IC-Cache
Figure 26 shows an example of how IC-Cache improves the
response quality of the small model with retrieved examples
from the large model, collected from the Natural Questions
dataset. Without in-context examples, Gemma-2-2B cannot
correctly answer the user’s question because it has less ca-
pacity to memorize certain historical events compared to the
larger model. In-context examples similar to the question,
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USER QUERY

_______ led many viking explorations throughout the north atlantic.

GEMMA-2-2B RESPONSE

Thor led many Viking explorations throughout the North Atlantic.

GEMMA-2-27B RESPONSE

Leif Erikson led many Viking explorations throughout the North Atlantic. He
is particularly famous for reaching North America around 500 years before
Christopher Columbus.

IN-CONTEXT EXAMPLES (ONLY SHOW QUERIES)

• the viking who explored and settled vinland was _______
• what places did vikings sail to in the north atlantic
• vitus bering what did he explore
• what people of the viking
• what year did leif ericson across the atlantic

GEMMA-2-2B RESPONSE W/ IC-CACHE

Leif Erikson was a Viking explorer who led many expeditions throughout the
North Atlantic. He is believed to have reached North America around 1000 AD,
establishing the first known Viking settlement in L’Anse aux Meadows in modern
Newfoundland, Canada.

While the exact details of his travels and his motivations are still debated,
his voyage marked the beginning of Norse exploration and settlement in what is
now Canada and the United States.

Figure 26. An example of how IC-Cache works to improve response quality of Gemma-2-2B using a retrieved example from Gemma-2-27B.

not being semantically identical though, provide related in-
formation from different perspectives to answer the question
even better than the large model. It is also noteworthy that a
well-tuned small model like Gemma-2-2B has the capability
to distinguish nuanced concepts and avoid distractions even if
the retrieval process doesn’t have perfect precision (e.g., the
unrelated examples in red in Figure 26).

A.4 Dataset Preprocessing
The datasets are curated and processed as follows:

• Preprocessing: We deduplicate examples and filter out
non-English queries, as not all models are multilingual.
• Dataset split: For datasets with predefined training and

test splits, we use the training split to populate the exam-
ple bank and the test split for online request evaluation.
Otherwise, we randomly partition the data to kick-start
example banks and online request sets.

• Example pool initialization: For the purpose of experi-
ments within each model family, we initialize the exam-
ple pool in each dataset using the responses generated
by the larger model.

A.5 LLM-as-a-Judge
We adopt an LLM-as-a-Judge policy in our evaluations. To
validate the effectiveness of this evaluation method, we as-
sess the alignment between LLM-based judgments and hu-
man labels. Specifically, we evaluate the LLM judges used
in our study—Gemini-1.5-Pro and Gemini-2.5-Pro—on MT-
Bench [80], a benchmark designed to measure agreement
between model and human preferences. As shown in Table 4,
both Gemini judges exhibit strong alignment with human
labels, even outperforming alignments among different hu-
man raters. Also, Gemini-1.5-Pro achieves agreement levels
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Judge Gemini-1.5-Flash Gemini-1.5-Pro Gemini-2.5-Pro Human
GPT-4 74% 77% 76% 66%
Gemini-1.5-Flash 80% 76% 67%
Gemini-1.5-Pro 81% 68%
Gemini-2.5-Pro 73%
Human 63%

Table 4. Preference agreement matrix between different LLM raters and human raters on MT-Bench [80].

Figure 27. Model quality comparison on five text generation tasks with three different model families. With IC-Cache, the quality of a
smaller model can be significantly boosted.

Figure 28. IC-Cache improves response score on nat-
ural question using Phi-3.

comparable to GPT-4, further supporting the reliability of our
LLM-as-a-Judge policy.

B More Evaluation Results
B.1 Response Quality Improvement
IC-Cache brings significant improvements in response quality
across diverse model families and datasets (Figure 17). In

this experiment, the model router was configured to route
each query to both the small and large models, enabling a
direct quality comparison. With IC-Cache, the win rate of
smaller models over larger models improves by up to 12.4
percentage points for Gemini models on LMSys-Chat and
OpenOrca. Notably, on certain datasets, IC-Cache enables
smaller models to achieve win rates exceeding 50%, showing
that with examples, they can outperform larger models.

When we zoom into individual queries, we notice that
IC-Cache improves the distribution of scores toward higher
values. As shown in Figure 28, without IC-Cache, small mod-
els frequently generated responses that received a score of -3
(significantly worse). With IC-Cache, we observe a marked
reduction in responses scoring -3, with the overall distribu-
tion shifting rightward toward higher scores. The mean score
improves substantially from -2.33 to -0.89, with nearly 50%
of queries performing at or above the level of large models.
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We provide the side-by-side response quality comparison
of generation scores among all three model families on five
datasets in Figure 27.
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