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Abstract

Offline batch inference is gaining popularity as a cost-effective
solution for latency-insensitive tasks, such as model evalu-
ation and data curation. As the latency objective is highly
relaxed, maximizing throughput becomes the primary goal in
offline inference. Previous studies focused solely on optimiz-
ing throughput within a batch. However, the diverse resource
demands (compute-intensive vs. memory-intensive) across
a wide range of applications make these approaches less
effective, as imbalanced resource demands between batches
restrict optimization opportunities.

Our insight for achieving optimal throughput is to re-
order requests into batches that mix compute- and memory-
intensive workloads to maximize resource overlap. However,
such a request schedule can conflict with the schedule that
maximizes prefix sharing, a widely-used performance opti-
mization, causing suboptimal inference throughput. In this
paper, we first build a performance model to analyze request
resource demands. Based on it, we design BlendServe, which
harmonizes both resource overlapping and prefix sharing to
maximize throughput. BlendServe organizes all requests us-
ing aresource-aware prefix tree and proposes a dual scanning
algorithm to obtain the request schedule. Our evaluation on
various models and workloads shows that BlendServe can
achieve up to 90% of the optimal throughput.
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1 Introduction

Offline batch inference is becoming increasingly popular as a
cost-effective solution for Large Language Model (LLM) infer-
ence. It processes requests in batches and returns responses
within an extended time window, e.g., 24-hour response win-
dow offered by OpenAT’s batch APIs [38]. The relaxed latency
objective significantly reduces service costs—for example,
OpenAr’s Batch API offers inference at half the cost of its on-
line counterpart. This cost advantage has made offline batch
inference an attractive choice for a wide range of latency-
insensitive applications, including model evaluation [19],
data curation [3], document summarization [9], and predic-
tive analytics [30]. Almost all major inference providers offer
offline batch inference services today [4, 5, 7, 15].

As the latency objective is highly relaxed, offline batch
inference providers prioritize optimizing generation through-
put, ie., tokens per second, which requires maintaining
high concurrent utilization of both compute and memory re-
sources. In transformer-based LLM inference, there are two
phases: prefill, which mainly processes input tokens, and
decode, which generates output tokens. Both phases use the
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Figure 1. Two ways of batching compute- and memory-intensive
requests in offline inference. (a) Naively batching requests in order
leads to limited compute-memory overlapping. (b) Resource-aware
batching (ours) blends compute- and memory-intensive requests
and achieves significant overlapping.

same model weights and operations, but the prefill phase pro-
cesses tokens in parallel, making it more compute-intensive,
while the decode phase generates tokens sequentially, mak-
ing it more memory-intensive. Prior studies have exploited
this distinction to improve inference throughput in the con-
text of online inference. Sarathi-Serve [1] proposes chunked
prefill, which splits large prefill phases into smaller chunks
and schedules them alongside decode phases across itera-
tions, improving arithmetic intensity per iteration for higher
throughput. Orion [50] improves utilization with operator-
level scheduling, which collocates compute- and memory-
intensive operators. NanoFlow [76] further advances this by
partitioning a large request batch into nano batches for finer-
grained overlapping, achieving state-of-the-art throughput.
However, these online inference optimizations are far from
achieving optimal throughput for offline scenarios. This is
because they only focus on optimizing execution within a
request batch but overlook the opportunities across batches,
which becomes increasingly important as request diversity
grows rapidly. Specifically, advancements in model capabili-
ties have expanded their applications across a wide range of
domains, such as chatbots [37], math [65], and coding [35].
Besides, the rise of multi-modal models[55, 57, 61, 62] has fur-
ther extended their reach to image and video understanding
and generation. Such application diversity leads to numerous
requests with diverse resource demands. For example, doc-
ument summarization has long input sequences but short
output tokens, which consumes more compute, whereas
video generation produces significantly more output tokens,
which need more memory bandwidth. If a batch is dominated
by a single request type (e.g., all compute-intensive), oppor-
tunities for overlapping compute and memory-bandwidth
usage will be limited, as shown in Figure 1(a).
Insight. Our key insight is to carefully construct batches
in a resource-aware manner. Specifically, by combining (or
blending) compute- and memory-intensive requests with a
certain ratio to form a batch, we can maximize opportunities
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for concurrent execution of compute- and memory-intensive
operations, enhancing hardware utilization and effectively
improving throughput. We illustrate this idea in Figure 1(b).

Key challenge. However, considering compute-memory
overlapping in isolation might not provide optimal through-
put, as it usually conflicts with another widely used tech-
nique to improve throughput—prefix sharing [23, 26, 73].
Prefix sharing group requests with shared prefixes, which al-
lows the shared portion to be computed only once, avoiding
redundant computation and KV-cache storage. Studies have
shown that when optimally utilized—by processing requests
in an optimal order—prefix sharing can increase throughput
by 6.4X on certain workloads [73]. However, a request or-
der that achieves high prefix sharing does not necessarily
yield high compute-memory overlapping, and vice versa. For
example, document summarization requests are compute-
intensive, but they usually only share the same prefix with
other summarization requests, instead of memory-intensive
video generation requests; a request order optimizing for
prefix sharing would prevent compute-memory overlapping.
Therefore, we must consider both factors together for maxi-
mizing throughput.

BlendServe. In this work, we design BlendServe, the first
serving system that is specifically optimized for offline batch
inference by leveraging both (a) blending compute-intensive
and memory-intensive requests, on one hand, and (b) prefix
sharing, on the other hand. We first conduct a deep perfor-
mance analysis and develop a theoretical model to charac-
terize requests with diverse resource demands. Based on the
model, BlendServe constructs a resource-aware prefix tree,
where each node encodes the compute density of all requests
within its subtree. It then sorts the tree nodes based on their
density values, placing compute-intensive nodes on the left
and memory-intensive nodes on the right. The sorted tree
preserves the structure of the prefix tree, so it inherits the
benefit of prefix sharing. To determine the best request order
for batching, BlendServe employs a dual scanner algorithm,
which scans the tree leaves from left and right simultane-
ously, effectively batching compute-intensive requests with
memory-intensive requests to maximize compute-memory
overlapping. Finally, BlendServe extends the design to data
parallelism and tensor parallelism to support large-scale de-
ployment with larger models and clusters [44].

We prototyped BlendServe based on NanoFlow [76], which
has integrated chunked prefill [1], and extended it with our
resource-aware prefix tree and dual scanner algorithm for
optimized batch formulation. We evaluated BlendServe on
a range of models including Llama-3-8B, Llama-3-70B [34],
and Qwen-2.5-7B [8], and datasets featuring different per-
formance characteristics, including chatbots [70], bench-
mark [19], API service [56] and vision workloads [36]. We
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compared BlendServe against commonly-used systems in-

cluding vLLM [25], SGLang [73], and NanoFlow [76]. Com-

pared to the industry-standard vLLM and SGLang, Blend-

Serve achieves up to 1.44x throughput speedup. It also de-

livers an average 20.84% higher throughput than NanoFlow,

the current state-of-the-art throughput-oriented inference
system. More importantly, our analysis shows that Blend-

Serve reaches an average 86.55% (up to 90%) of the achievable

optimal throughput, demonstrating its effectiveness.
In summary, our main contributions include:

e We conducted a detailed analysis of offline serving work-
loads and built a performance model to analyze their com-
pute and memory resource demands.

o We designed a resource-aware prefix tree for request man-
agement that encodes resource demands while preserving
prefix structures.

e We proposed a request batching algorithm that optimizes
throughput by maximizing compute-memory overlapping
while preserving high prefix sharing.

e We built a prototype and evaluated it comprehensively,
demonstrating that it achieves an average 86.55% (up to
90%) of the optimal throughput.

2 Background

2.1 Transformer-based large model inference

Transformer-based LLM. The core of transformer is its
self-attention mechanism, which enables a model to capture
the dependencies between all tokens in a sequence. This is
achieved via query (Q), key (K), and value (V) transforma-
tions, where each token’s embedding is projected into Q, K,
and V tensors. The attention mechanism computes attention
scores between tokens using the dot product of Q and K,
normalizes scores with softmax, and then applies them to
V to generate contextualized representations. The output
then passes through a Feed-Forward Network (FFN), which
applies non-linear transformations to refine token represen-
tations. Multi-head attention (MHA) [13] and grouped-query
attention (GQA) [2] extend this by allowing multiple query
heads to attend to the same sets of key and value heads,
which greatly saves memory consumption.

LLM inference. LLM inference involves two main phases:
prefill and decode. The prefill phase processes the initial in-
put sequence (i.e., prompt) and generates the first output
token. This phase is compute-intensive because all tokens are
processed in parallel. After that, the decode phase generates
output tokens in an auto-regressive manner, generating one
token at a time [54]. For each token, it computes a new query
(Q) and performs self-attention over the key (K) and value (V)
tensors of all previously generated tokens. To avoid redun-
dant computation, a KV-cache is employed to store the K and
V tensors of past tokens in GPU memory. This significantly
increases the usage of memory bandwidth, as each decoding
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Figure 2. Request input/output length distribution from 6 well-
known open-sourced traces, including chatbot WildChat and API
services BurstGPT [56, 70], Azure-Trace [49], video generation
datasets OpenVid [36], benchmark traces MMLU [19] and math
traces LIMO [65]. Requests from different traces demonstrate dis-
tinct length distributions, which leads to different compute density.
Compute density is the ratio of compute to memory bandwidth
usage (formally defined in §4). A dataset is compute intensive when
its compute density > 1, and memory intensive otherwise.

step requires loading all stored KV tensors from memory,
making the decode phase memory-intensive [72].

2.2 Inference latency and throughput optimizations

Here, we introduce prior inference latency and throughput
optimizations relevant to the design of BlendServe.

Prefill/Decode (P/D) disaggregation. Early-stage infer-
ence systems use naive continuous batching scheduling [68],
which overlooks the resource usage differences between
prefill and decode phases. DistServe [75] proposes P/D dis-
aggregation, which executes and scales these two phases
independently on separate clusters. This allows time-to-
first-token (TTFT) and time-per-output-token (TPOT) to
be maintained independently without interference, mak-
ing DistServe latency-optimized for online inference. How-
ever, P/D disaggregation can reduce hardware utilization,
making it suboptimal for throughput-oriented offline in-
ference [14, 27, 43]. In particular, compute-intensive prefill
phases saturate the compute resources of the prefill cluster
while leaving memory bandwidth resources underutilized,
and vice versa for the decode phase. We compare BlendServe
with DistServe in §6.3.

Phase-level colocation. To solve this problem, Sarathi-
Serve [1] proposed chunked prefill scheduling that colo-
cates prefill and decode phases on the same clusters, and
splits a large prefill into small chunks while adding only one
chunk into the on-the-fly batch (i.e., requests currently being
processed). Conceptually, chunked prefill achieves phase-
level overlapping which uses both compute and memory
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resources, thereby improving arithmetic intensity per itera-
tion and enhancing hardware utilization. However, chunked
prefill was initially designed for online inference, where strict
latency constraints prevent flexibly reordering requests to
form a batch. Therefore, when a set of requests consists
mostly of memory-intensive requests, Sarathi-Serve will
quickly run out of prefill phases, leaving GPU compute re-
sources underutilized in the remaining decode processing.
Operator-level overlapping. Building upon P/D coloca-
tion (i.e., chunked prefill), a recent work, NanoFlow [76],
explores operator-level resource overlapping. It splits a batch
into micro-batches and overlaps compute-intensive GEMM
operators with memory-intensive attention operators be-
tween micro-batches. Another prior work, Orion [50], also
explores operator-level GPU multiplexing by transparently
scheduling distinct operators to maximize hardware utiliza-
tion. This type of fine-grained overlapping is particularly
beneficial when the batch contains a proper mix of prefill and
decode tokens that can balance the execution time of GEMM
and attention operators. However, both NanoFlow and Orion
overlook the impact of request ordering on batch composi-
tion, limiting their ability to optimize throughput in offline
inference. For instance, if a workload begins with compute-
intensive requests followed by memory-intensive ones, these
frameworks process the batches sequentially rather than in-
terleaving them, leading to suboptimal resource utilization.
Prefix sharing. Prefix sharing (caching) [25, 26, 73] is a com-
monly adopted optimization that caches computed prompts
from previously processed requests and reuses them for fu-
ture requests. When a new request arrives, the system checks
the cached prompts, and if a cache hit occurs, the shared pre-
fix is reused, eliminating redundant computation and boost-
ing throughput [66]. Prefix sharing provides considerable
throughput gain for both compute- and memory-intensive
workloads without hurting generation quality, e.g., studies
show that certain workloads can save up to 80% computa-
tion [73], so it has been widely used in mainstream frame-
works [25, 52]. To enable efficient look-up, prefixes are orga-
nized using a Trie Tree [73], where each node is a segment
of a prefix, and a complete path from the root to the leaf
corresponds to a unique prefix. The prefix cache is stored
alongside the regular KV-cache in GPU memory. When GPU
memory runs out, the prefix cache may be evicted. Therefore,
the access pattern can affect cache hit rates, which is denoted
as prefix sharing ratio in this work.

3 Motivation
3.1 Evolving workloads diversity

The capabilities of LLMs are evolving rapidly. First, multi-
modality advancements have enabled modern models (e.g.,
LWM][28], Unified-IO[31], EMU[55], MIO[57], and VILA-
U [62]) to process diverse input and output modalities, in-
cluding text, images, videos, and their combinations. These
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Figure 3. The ratio of time spent on compute-bound and memory-
bound operations, when serving Llama-3-8B on an A100 GPU. The
workloads are synthesized by sequentially combining compute-
intensive (BurstGPT) and memory-intensive (OpenVid) traces. The
baseline causes underutilization of one resource at each execution
step, while ours achieves stable and balanced resource usage.

models typically share a common architecture: a transformer-
based LLM augmented with modality-specific adapters. These
adapters convert inputs from various modalities into a for-
mat that the base model can process and translate its outputs
back into the desired modality. In addition, the emergence
of reasoning models enables models to “think” before gen-
erating answers [39, 45, 51, 58, 64], which greatly improves
their performance on hard tasks such as math and coding.

As a result, LLM-based applications are expanding rapidly,
exhibiting increasing workload diversity, i.e., diverse input
and output token lengths. To visualize this diversity, we
present the request length distributions in different use cases
in Figure 2'. It shows that text-only chat requests typically
have hundreds of tokens but a video generation request
can easily generate tens of thousands tokens. While the
simple questions in the MMLU benchmark produce only a
few tokens, hard questions from the LIMO benchmark can
produce thousands of tokens.

3.2 Workload diversity limits existing overlapping

Diverse resource demands across requests. These diverse
requests consume GPU resources (i.e., compute and memory
bandwidth) differently. Since prefill is compute-intensive,
requests with long inputs but short outputs will consume
more GPU compute than memory bandwidth. Conversely,
requests with long output length use more GPU memory
bandwidth due to their long memory-intensive decode phase.
Therefore, different request length distributions lead to dras-
tically diverse resource demands across datasets. As formally
defined in §4, we use compute density to represent the ratio
of compute to memory bandwidth usage, with higher values
indicating more compute-intensive. As shown in Figure 2,
OpenVid [36] and LIMO [65] are highly memory-intensive
while the remaining datasets are more compute-intensive.

1Some traces are collected from online inference, but similar distributions
can be observed in offline inference. For example, text-based chat and bench-
marks are commonly used for model evaluation using offline processing;
video generation can be leveraged to produce game summaries offline.
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Intra-batch optimizations alone are insufficient. This
request diversity presents significant challenges in maximiz-
ing inference throughput. Prior studies, such as chunked
prefill [1], Orion [50], and NanoFlow [76], optimize through-
put by overlapping compute and memory bandwidth usage
within a batch of requests. For example, chunked prefill colo-
cates the prefill phase with the decode phase within the same
batch to overlap compute and memory usage. However, with-
out considering the resource demands across batches, their
effectiveness diminishes when a batch is dominated by either
compute-intensive or memory-intensive requests, as the sys-
tem can be easily bottlenecked by one type of resource while
leaving the other underutilized.

To illustrate this, we compare NanoFlow (state-of-the-art
throughput-oriented system) against our system by measur-
ing the total time spent on compute- and memory-bound
operators when serving a workload with compute-intensive
requests in front followed by memory-intensive requests.
As shown in Figure 3, NanoFlow serves requests sequen-
tially, underutilizing memory bandwidth when processing
compute-intensive requests and compute resources during
processing memory-intensive requests. In contrast, our sys-
tem strategically reorders requests with complementary re-
source demands, resulting in balanced resource utilization
and increased overall throughput.

3.3 Resource-aware batching via request reordering

The above problem has motivated us to consider the diverse
resource demands when batching requests. Our key idea is
to exploit the relaxed latency constraints of offline inference
to reorder requests and create batches that can maximize the
benefit of compute-memory overlapping, improving GPU
utilization and increasing throughput.

Challenge: conflicts between resource overlapping and
prefix sharing. However, resource overlapping can conflict
with prefix sharing, a widely used technique that signifi-
cantly improves throughput by saving redundant compu-
tation [26, 73]. As introduced in §2.2, inference systems
structure the prefix cache with a Trie Tree [73]. As proven in
previous studies [47, 73], the request order that maximizes
prefix sharing is to traverse the tree using Depth-First Search
(DFS), ensuring that all shared prefixes are computed only
once. However, this order can conflict with the reordering
needed to maximize resource overlap, leading to imbalanced
resource demands within a batch, which in turn causes hard-
ware underutilization and limited throughput. For example,
when serving Llama-3-8B with one A100 GPU, DFS ordering
can only achieve 71.7% of the optimal throughput, which
maximizes both resource overlapping and prefix sharing
(§ 6.3), leaving a huge performance gap.

Our goal: harmonizing both for throughput optimiza-
tion. As a result, we must consider resource overlap and
prefix sharing simultaneously to achieve the best of both.
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We formulate this problem as follows:
T =f((1 -s)- T;:omp> Tinem)

where T is the total execution time of all requests, and Teomp
and Ty, denote the total execution time of compute-bound
and memory-bound operations across all requests, respec-
tively. Detailed calculations of them will be provided in §4;
here, we focus on conveying the high-level formulation.
s € [0, 1] here represents prefix sharing ratio, which means
s of the T.omp are saved, so the compute time will be re-
duced to (1 - s) * Teomp. However, prefix cache hits do not
reduce memory bandwidth usage, as the KV-cache still needs
to be retrieved from memory. f is a function that depends
on the scheduling policy and the request order. For exam-
ple, for a policy that sequentially executes compute-bound
and memory-bound operators (e.g., first-come-first-serve
in [25, 73]), f will be sum(-,-) since compute and memory
resources are utilized sequentially.

To minimize the end-to-end execution time T to achieve
optimal Ty, a perfect request scheduling is necessary to leave
only the bottlenecked resource on the critical path while
overlapping the other resources, namely f = max(-,-). At
the same time, all shared prefixes should be cached by pre-
fix sharing without incurring any redundant computation,
achieving an optimal prefix ratio s, which is determined
by the workload prompts. In the rest of this paper, we will
describe how BlendServe approaches T, through its design.

TO = max((l - So) ' ’I;:omps Tmem)

4 Performance Analysis

In this section, we formally define compute density, a metric
that quantifies the ratio of compute and memory resource
usages. This metric enables BlendServe to analyze diverse
resource demands across requests and guides its scheduling
to balance compute and memory usage for effective overlap-
ping. Besides, compute density provides a practical method
to approximate T,

4.1 Request-level compute density

We first define compute density at the request level and
extend it to the batch level in §4.2. We define the compute
density p(r) of a request r as the total compute time of
compute-intensive operators divided by the total time of
memory-intensive operators, following the similar intuition
of arithmetic intensity [59]:

() = (1:\/([):;31) ((rr))

where a larger compute density p(r) indicates a request
that requires more compute resources rather than memory
bandwidth (i.e., compute-intensive). Note that the following
formulations assume an unquantized data type, FP16, as
well as GPU tensor core computation capability. One can
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easily adapt the data type and GPU capability by varying
the constants in the formulas.

Next, to calculate p(r), we build a resource usage model
for a request with input length p and output length d. Input
length of a request is known as the prompt length, and we
will discuss how to estimate the output length in §5.1. Given
a model of Pp,,q4.; parameters, H hidden dimension of model
width, Hy, feature dimension for each KV head, and L de-
coder layers, and a hardware configuration of compute peak
FP16 GFlops and bandwidth GB/s memory bandwidth, the
total time for compute-bound operators of a single request r
can be approximated by total computation amount of GEMM
operators and the self-attention in prefill phase divided by
the hardware compute capability:

2'(p+d)'Pmodel+4'p2'H'L
compute

Comp(r) =

where (p + d) is the number of tokens processed by GEMM
operators during the lifetime of r. Since parameters of GEMM
(QKV generation + FFN) occupy most of the model param-
eters, the computation amount can be effectively approxi-
mated by the model_size, Pp,oqe; [76]. Since the attention
consists of 2 GEMMs including P = Q X K and P X V where
each GEMM leads to 2 - p - p - H Flops, the total computation
amount is then multipied with L layers, i.e., 4 - p? - H - L. The
p? comes from the quadratic computation of self-attention
in the prefill phase. As p - H - L is typically much smaller
than Pp,,4.; on common workloads with p of a few hundred
tokens (Figure 2), we omit 4 - p? - H - L in the following
deduction.

The total time for memory-bound operators can be ap-
proximated by counting the total memory loading of d times
decoding attention during the auto-regressive generation:

Y (p+i) - Hgp-L-2-2
bandwidth
(p-d+1-d*) Hgy-L-4
bandwidth

where Z?Zl (p + i) calculates the total number of loaded to-
kens by self-attention during the d steps of the auto-regressive
generation process, and 4 comes from key and value vectors
stored in FP16 for each token.

Mem(r) ~

4.2 Translating request-level metrics to batch-level

Ideally, a scheduling policy should reorder requests to form
batches with perfectly balanced Teomp and Tipem. However,
achieving this balance is difficult using only a request-level
compute density metric, as requests in the same batch may
reside in different inference steps that affect Teomp and Tinem
differently. For example, adding a memory-intensive request
does not immediately lower a batch’s overall compute den-
sity, because the request will undergo a compute-intensive
prefill phase first, only becoming memory-intensive later dur-
ing its decode phase. Therefore, measuring only the compute

Yilong Zhao et al.

density of individual requests is insufficient. Instead, Blend-
Serve must consider each request’s compute intensity across
its entire generation lifetime, requiring a holistic batch-level
metric.

Fortunately, integrated with continuous batching [68], a
batch typically consists of many requests in different steps,
and request-level compute density essentially captures the
average compute intensity over time, making it a good ap-
proximation for the compute density of a batch. Specifically,
when the requests within the batch are evenly distributed at
different steps, batch-level compute density will converge to
request-level compute density for requests with input length
of p and output length of d. We demonstrate this following
the same notations in § 4.1.

Denoting the total memory capacity of KV-cache as KV-Mem,
we can calculate batch-level compute density with the total
compute time and memory loading time. Since a batch typi-
cally consists of a large number of tokens, Comp(B) is domi-
nated by GEMM computation, and Mem(B) is dominated by
loading of KV-cache, compared to the small operators includ-
ing layer normalization, activation, and position embedding.
Therefore, we have:

KV-Mem . ptd

(p+9) HgpLa  d Pmoder - 2

Comp(B) ~ compute
where the average length of KV-cache per request is p +
%, and the number of decoding requests Byecoge is KV-Mem
divided by (p + %) tokens. As each token takes Hy, - L - 4

KV-Mem _
bytes, Bgecode can be calculated as rd) He L4 As chunked

prefill scheduling maintains a stable batch size, the number
of average newly admitted requests should be equal to the
average completed requests, which indicates that the ratio of
prefill tokens with decode tokens is g. Therefore, the prefill

tokens can be calculated as Bgecode - §, leading to a total
number of tokens as Bgecode * l%l. As discussed in § 4.1, each
token contributes to a total amount compute of 2 - Pp,o4e1,
which concludes the Comp(B) by substitution.

The total loading time of KV-cache within a batch B is:

KV-Mem
bandwidth

We show the equivalence of batch-level compute density
p(B) and request-level compute density p(r) with the fol-
lowing derivation:

Mem(B) =~

KV-Mem . p+d

(B) = Comp(B) _ (p+9)Held “Prodel =2 |y _pem

p ~ Mem(B) compute bandwidth
_(p+d)'Pmodel'2 (p+%'d)‘d'HkU'L'4~ (I")
B compute bandwidth ~P

Such derivation of batch-level compute density can also
be cross-validated with previous literature [76]. Therefore,
BlendServe adopts request-level compute density as the key
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Figure 4. Compute density of requests with different input/output
lengths (Llama-3-8B on an A100 80GB GPU) varies drastically and
leads to diverse resource demands.

Time (ms) | Batch size=512 | Batch size=768 | Batch size=1024
GEMM 1.038 / 1.087 1.494 / 1.537 1.916 / 2.005
Attention 1.239/1.317 1.859/1.913 2.478 / 2.515

Table 1. Operator performance differences for varying batch sizes
with a sequence size of 1024 (estimated time / real execution time).

metric to make scheduling decisions and is still able to ac-
curately control batch-level compute density for efficient
resource overlapping.

4.3 Case study: offline inference with Llama-3-70B

To visualize the drastic differences in compute density across
datasets and validate the accuracy of our performance model,
we conducted a case study using Llama-3-8B on an A100
80GB GPU and requests with varying input length p and
output length d. As shown in Figure 4, compute density
diminishes quickly for requests with longer output length,
indicating their memory-intensive nature, as exemplified by
OpenVid [36]. In contrast, requests from WildChat [70] and
MMLU [19] typically have short output lengths and remain
compute-intensive.

To further validate our performance model proposed in
§4.1, we compare its estimated times against measured exe-
cution times in Table 1. The estimated times closely match
actual execution times for both GEMM and attention kernels,
with a maximum relative error of 6%.

5 BlendServe Design

Overview. Figure 5 shows the end-to-end workflow of Blend-
Serve. Given a set of requests upfront with known prompts,
BlendServe first constructs a prefix tree to capture the shared
prefix among requests (@, § 5.1). Next, BlendServe calculates
compute density for each node, which involves estimating
request output length by sampling over the prefix tree (@,
§ 5.1). With compute density, requests are characterized as
compute- or memory-intensive and sorted based on their re-
source usage, resulting in a sorted tree where most compute-
intensive requests are on the left and most memory-intensive
requests are on the right (®, § 5.2). Therefore, BlendServe
can efficiently find a request order by sweeping the tree
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from left and right simultaneously. This order can balance
compute-memory demand for resource overlapping and has
high prefix sharing (@, § 5.3). Finally, the ordered requests
are batched and fed into a backend engine for inference. To
support large-scale deployment with more GPUs, BlendServe
integrates both data and tensor parallelism (§ 5.5).

5.1 Key data structure: resource-aware prefix tree

Determining the optimal scheduling order requires a proper
abstraction that can capture both shared prefixes and re-
source demands of all requests. Inspired by the Trie Tree
data structure in RadixAttention [73], BlendServe organizes
all requests within a resource-aware prefix tree, where each
leaf node represents an actual request and each internal node
is a segment of the prefix shared by all its descendants. There-
fore, a path from the root node to the leaf node represents
the longest shared prefix of this request. By traversing this
prefix tree in a DFS order, each internal node (i.e., shared
prompt segment) is visited with the shortest reuse distance,
which gives a request sequence that maximizes the prefix
sharing ratio [73]. However, such naive DFS ordering ne-
glects diverse resource demands across requests and misses
the opportunity for resource overlapping.

To harmonize prefix sharing and resource overlap, we en-
hance the prefix tree with resource demand information for
each node, making it a resource-aware prefix tree. Specif-
ically, we compute the compute density for each node by
considering its prefix sharing status, as defined below:

(1 - S) : Tcomp
Rj=—
p(R) T

where R represents the set of requests in the node, and s de-
notes its prefix sharing ratio. For an internal node of the tree,
the compute density is calculated over all requests within the
sub-tree rooted at it. With this enhancement, the resource-
aware prefix tree provides a unified abstraction that enables
BlendServe to efficiently search for the optimal request order
that harmonizes both prefix sharing and resource overlap.

Output length sampling. Request output length is neces-
sary for calculating compute density as modeled in § 4.1,
which is unknown beforehand because LLMs generate to-
kens in an auto-regressive manner. As a result, an estimation
mechanism before actual inference is needed. Our obser-
vation here is that a request’s output length distribution is
closely related to its prompt semantics and task type [6, 18,
49, 74]. For example, benchmark requests (e.g., MMLU [19],
LongBench [9]) have an output length of only a few to-
kens [19], while chatbot (e.g., ShareGPT [40], WildChat [70])
generates an average of hundreds of tokens [12].

Such an observation unveils a unique opportunity in of-
fline batch inference, where a batch of requests submitted
by a user typically shares the same task type or shared pre-
fixes. In the prefix tree, requests sharing similar prompts
are naturally grouped under specific sub-trees. Therefore,
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Figure 5. Overview of BlendServe’s design. Leaf nodes in the prefix tree are actual requests while others represent the shared prefix in
prompts. The color of nodes represents the resource demand of all requests within the sub-tree, which is more compute-intensive in red and
memory-intensive in blue. Given a set of requests, a one-time warm-up ahead of GPU running is performed, which consists of prefix tree
construction, output length sampling, and transformation including tree sorting and node splitting (0,®, and ®). Then the dual scanner
forms the runtime batch from most compute- and memory-intensive nodes, which is consumed by the backend engine (®). This warm-up is
a short process and finishes quickly within the first 1% of time during the end-to-end inference generation.
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Figure 6. An example of BlendServe’s memory partition with 80GB
memory. The left node has a compute density of 3.73, while the right
node is memory-intensive with a compute density of 0.096. The
dual scanner will reserve 20GB for model weights and temporary
buffers, then partition the rest 60GB to reach the root density of
1.27. Given the compute densities, the memory is partitioned into
19.3 and 40.7GB , where 3.73 X 19.3 + 0.096 X 40.7 = 1.27 X 60.

these requests tend to have a similar distribution of output
length. To estimate output length, BlendServe selects a sub-
set of requests with a sampling probability p to undergo the
full inference process and obtain their output length in the
warmup phase. Each sub-tree uses the average output length
of its sampled requests as an estimation for the left unsam-
pled requests within the same sub-tree. If a sub-tree #; is not
sampled at all, it will use the average sampled output length
of its sibling sub-tree t, since t; and t, share the longest
common prefix and tend to have a similar distribution of
output length. This sampling process does not incur any
extra overhead as sampled requests can be directly returned
to the user without running inference again.

5.2 Resource-aware prefix tree sorting

Next, BlendServe performs a layer-wise sorting of nodes
based on their compute density, which only reorders nodes
sharing the same ancestor and depth (detailed algorithm
in § A.1). Therefore, this sorting maintains the hierarchical

structure of the prefix tree. After sorting, the tree exhibits a
global pattern with compute-intensive nodes on the left and
memory-intensive nodes on the right. However, local outliers
that deviate from this trend may still exist. For instance, in
the first tree of Figure 5, request #2, which has low compute
density, should be separated from requests #1 and #3 and
repositioned to the right.

To address this issue, BlendServe introduces a conditional
node splitting technique to relocate outliers to desired po-
sitions (detailed algorithm in § A.1). The node that is split
from the original node will be inserted at the root when
there is no shared prefix at the desired position, potentially
incurring prefix recomputation costs during inference. Addi-
tionally, the compute density of the original node, the split
node, and the new parent need to be updated accordingly.
Take Figure 5 ® as an example, request #2 is moved from the
leftmost to the rightmost position, requiring its prefix to be
recomputed. This technique applies a heuristic threshold ¢: if
the recomputation overhead for relocation falls below ¢, the
node is repositioned to preserve the descending order of com-
pute density. This approach enables a controlled trade-off,
sacrificing a small degree of prefix sharing to better order re-
quests with their resource demands for BlendServe’s request
scheduling. In practice, we found BlendServe’s performance
is insensitive to t for real-world workloads (discussed shortly
in § 5.4) and BlendServe works generally well when we set
it to preserve 99% of prefix sharing ratio.

5.3 Request order search: heuristic dual scanning

Finally, BlendServe derives a request order for batching, with
the aim of achieving both high prefix sharing ratio and re-
source overlap across inference iterations.

Searching for an optimal request order is NP-hard. For
each scheduling step, the search problem can be reduced
to a knapsack problem [10] where requests with different
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KV cache sizes (cost) and compute density values (value) are
selected to fill the GPU memory for the targeted density score.
Furthermore, since requests undergo multi-step decoding
in auto-regressive inference, scheduling in different steps
is dependent, further complicating the problem. Given the
large number of requests and scheduling steps, finding the
optimal solution in a reasonable time is infeasible.

To solve this problem in a reasonable time, BlendServe
employs a heuristic-based algorithm that scans the leaf nodes
of the prefix tree concurrently from left to right and right
to left, progressively adding requests to the on-the-fly batch
during this process. By controlling the ratio of the number
of requests admitted from these two ends, an arbitrary and
stable compute density can be achieved, thus improving the
resource balance. To determine how many requests should
be selected from the current compute-intensive node Ry and
memory-intensive node Rg, BlendServe first calculates the
desired memory capacity for each side and then adds requests
to saturate the assigned memory. BlendServe logically parti-
tions the GPU memory M into two parts M; and Mg, where
the partition sizes My and Mg are dynamically calculated by
the following theoretical constraints:

: M+ Mg =M (Memory)
My, - p(Rr) + Mg - p(Rr) =M - p(rt) (Compute)

These two equations represent the memory and compute
demands, respectively. Here, M is a constant denoting GPU
memory size. p(rt) is the compute density of the tree root
node, which remains as a constant for the current request
set. Similarly, p(Ry) and p(RR) are the compute densities of
the compute- and memory-intensive nodes, which are also
constants when the scanner reaches a specific node. Given
these constants, the first equation limits the total memory
allocation to the available GPU memory, while the second
equation constrains the total compute to match the target
density p(rt). Together, these two constraints achieve p(rt)
by combining requests with densities p(Ry) and p(Rg). Thus,
M;, and Mg can be derived from these two equations. We
illustrate one practical example in Figure 6.

Given an assigned memory size, BlendServe can calculate
the desired on-the-fly batch size and construct the batch by
selecting requests from p(Ry) and p(Ry) accordingly, ensur-
ing that they can be placed into My and Mg respectively.
This memory partition ensures that the compute density of
the blended compute- and memory-intensive requests ap-
proximates p(rt), allowing the memory access time to be
fully overlapped with the compute time (when p(rt) > 1).
Moreover, this strategy also ensures high prefix sharing ratio,
as the dual scanning method essentially traverses the prefix
tree in DFS order from both sides. We include the detailed
algorithm of dual scanning in § A.1 (Algorithm 3).

ASPLOS 26, March 22-26, 2026, Pittsburgh, PA, USA.

5.4 Robustness analysis

Handling inaccurate output length estimation. Notably,
predicting output length may not always be accurate due to
the dynamic nature of decoding, except for image- or video-
generation, where output length is inherently predefined by
the preset quality and frame parameters [28, 32]. Fortunately,
BlendServe does not require precise output length predic-
tions due to the following reasons. First, a rough estimation
sufficient to distinguish request types (e.g., benchmark v.s.
conversational tasks) is adequate for BlendServe. This is be-
cause BlendServe processes hundreds of requests in a single
batch to overlap compute and memory, minor estimation de-
viations within the same request type have negligible impact
on overall batch performance. To verify this, we only sam-
pled 1% of the total requests for output length sampling and
found that BlendServe can achieve comparable end-to-end
performance to a sampling probability of 100%. In addition,
BlendServe can online adaptively adjust the batch to mitigate
the impact of miss-estimations. If a request finishes much
earlier due to an overestimated output length, BlendServe
will insert additional requests. Conversely, if output length
is severely underestimated, BlendServe could relocate the
request from My into Mg.

Stopping conditions and convergence. The algorithm
iteratively performs “layer-wise sort — conditional node
split — (re)sort” until one of the following holds: (C1) the
leaf sequence ordered by compute density becomes non-
increasing, or (C2) for every leaf, the split cost exceeds the
threshold ¢. Therefore, termination is guaranteed: after each
split, the produced leaf is reinserted as a direct child of the
root. In the worst case, every original leaf is split once and
moved under the root; a single layer-wise sort at the root
then yields a globally monotone order, satisfying (C1). Since
the number of original leaves is finite, each leaf can be split
at most once, so the total number of splits is < Nje,r and the
number of (re)sorts is < Njear + 1. Empirically, due to the
threshold ¢, only about 0.1% to 1% of leaves require splitting.
By tuning t we obtain a controllable performance bound.

Performance robustness of tree sorting. Since the op-
timal ordering for prefix sharing and resource overlapping
can sometimes conflict, our tree sorting and node-splitting
algorithm may perform differently depending on workload
characteristics. However, real-world workloads typically ex-
pose low variance in request compute density within each
dataset, thus delivering near-optimal performance.

5.5 Distributed deployment

BlendServe supports data parallelism and tensor parallelism
for efficient scaling across different number of GPUs.

Data parallelism. Data parallelism (DP) extends computa-
tional capacity by distributing identical model replicas across
hardware clusters, each performing computations on distinct
subsets of data with identical control flows. To implement
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DP effectively, BlendServe first constructs the centralized
resource-aware prefix tree with the entire request pool, and
then decomposes it into parallelized subtrees assigned to
different DP ranks. Such decomposition ensures balanced
workloads and resource usage across partitions. BlendServe
reuses the dual-scanner design to form request partitions
as subtrees. Once a subtree reaches the target workload,
BlendServe finalizes it and starts a new one. This approach
incurs only marginal prefix sharing overhead due to tree
partitioning—one path from the tree root to the leaf cannot
be shared across DP replicas, but the impact is negligible.

Tensor Parallelism. Tensor parallelism (TP) partitions model
parameters across multiple GPUs, addressing scenarios where
a single GPU cannot accommodate the entire large model [44].
Prior research has shown that the network communica-
tion overhead incurred by TP can be effectively overlapped
through specialized pipeline strategies [11, 76]. BlendServe is
compatible with these designs, so it can seamlessly integrate
TP with minimal performance degradation.

6 Implementation and Evaluation
6.1 Implementation

We developed the resource-aware prefix tree based on SGLang
[73] and enhanced it with node sorting and splitting driven
by compute density. Our scheduler is implemented based
on NanoFlow [76], which incorporates chunked prefill and
continuous batching to improve system performance [1, 68].
Our backend engine is built in C++ following NanoFlow’s
operator-level overlapping. It enables the simultaneous ex-
ecution of compute-intensive operators like GEMM and
memory-intensive operators like self-attention. We include
more implementation details in § A.2.

6.2 Experiment setup

Workload synthesizing. To the best of our knowledge,
there is no open-sourced trace available for offline batch
inference. Therefore, we synthesize our workloads by com-
bining existing well-known single-modal traces, including
two chatbot traces WildChat [70], ShareGPT [40], and two
API services traces Azure-Trace [49], BurstGPT [56], one
video generation trace OpenVid [36] 2, and one benchmark
MMLU [19]. Figure 2 illustrates the length distribution and
compute density of each trace. These single-modal traces
have different representative characteristics: BurstGPT and
Azure-Trace requests are highly compute-intensive, OpenVid
requests are memory-intensive, while WildChat, ShareGPT
have a mild compute density. Besides, MMLU requests have
high prefix sharing. We synthesize a variety of multi-modal
workloads with different prefix sharing ratio and compute
density by combining different ratios of traces, based on
which we demonstrate the effectiveness and generality of

2We calculate the output length of a video generation request using the
frames and quality of the videos in OpenVid.
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High Prefix Sharing
Trace#1 (1.4, 35%) Trace#3 (1.4, 5%)
Trace#2 (0.9, 35%) Trace#4 (0.9, 5%)

Table 2. Four representative synthesized workloads. Trace#X

(A.B%) has a compute density of A, with a prefix sharing ratio

of B%. For example, Trace#1 is compute-intensive with high prefix

sharing, which has a compute density of 1.4 larger than 1 and a

prefix sharing ratio of 35%. Note that 35% is a high prefix sharing

ratio as most workloads have less than 20% as shown in Table 4.

Without losing genericity, Figure 11 shows more trace combina-

tions and reports BlendServe’s performance on them.
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Figure 7. End-to-end throughput evaluation. BlendServe consis-
tently outperforms baselines. For Llama-3-8B, BlendServe achieves
an average speedup of 20.84% compared to the best baseline,
NanoFlow-DFS. For Llama-3-70B, BlendServe provides an average
improvement of 18.6% over NanoFlow-DFS. Notably, BlendServe
achieves 86.55% of optimal throughput on average.

proposed BlendServe. Detailed methodology of synthetic
workloads is described in Appendix § A.3.

Table 2 shows the four most representative workloads we
mainly use in evaluation, which have different resource de-
mands and prefix sharing ratios. Each synthesized workload
is made from BurstGPT, MMLU, and OpenVid and contains
at least 400, 000 requests, which require 5 A100 GPU hours
and are large enough to reach a stable performance. Evalu-
ation results on more ratios are presented in § 6.5. We also
present results with other combinations of traces in § A.4.

Models and hardware configurations. We evaluate Blend-
Serve mainly with two widely-used open-sourced models,
Llama-3.1-8B and Llama-3.1-70B [34], on 1 and 8 A100 80GB
SXM GPUs, respectively. To demonstrate the generality and
robustness of BlendServe, we also evaluate models of differ-
ent sizes with various numbers of GPUs, including Qwen-
2.5-7B [8] and Llama-2-7B [53] on 1xXA100, as well as Qwen-
2.5-72B and DeepSeek-67B [16] on 8XA100. Due to the GPU
resource limit, we conduct these experiments with a cycle-
accurate simulator as discussed in § 6.5. For the distributed
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setting, we enable tensor parallelism with the degree of 8
GPUs for all baselines.

Baseline frameworks. We use two widely used frame-
works, vLLM [25] and SGLang [73], and a throughput-oriented
framework, NanoFlow [76]°. We also include a latency SLO-
optimized framework, DistServe [75], to compare P/D disag-
gregation in offline inference settings as detailed in § 6.3. We
do not evaluate frameworks that are designed for resource-
constrained settings, e.g., FlexGen [42] and HeteGen [71].
For vLLM and SGLang, we enable prefix caching for both
and reorder each workload trace into a DFS order, which can
achieve a high prefix sharing ratio. For NanoFlow, we add
prefix caching support for fair comparison. For each work-
load trace, we evaluate the performance of NanoFlow using
both DFS (NanoFlow-DFS) and random ordering (NanoFlow-
Balance). The improvement of BlendServe over NanoFlow-
DFS demonstrates the advantage of achieving resource bal-
ance, while the improvement over NanoFlow-Balance would
highlight the benefit of a higher prefix sharing ratio as ran-
dom ordering can achieve a relatively balanced resource.
Note that all baselines integrate continuous batching which
performs scheduling at request-level granularity, with the
only difference being the ordering of requests. As BlendServe
focuses on improving GPU utilization, we do not measure
CPU time to provide a fair comparison, including tokeniza-
tions, sampling, and scheduling [48], for all baselines. We
discuss the CPU overhead in § A.5.

Practical optimal throughput. To assess how closely Blend-
Serve’s throughput approaches the optimal, we calculate
optimal throughput with T, defined in § 3.3. Due to the
well-known performance interference issue in GPU hard-
ware during spatial sharing [50, 76], simply deriving T, with
max(Teomps Tmem) is impractical and unachievable. There-
fore, to estimate a practical upperbound, we employ a profiling-
based approach similar to prior works [14, 76]. Specifically,
instead of directly using max(Teomp, Tnem) as the execution
time, we profile the real execution time when overlapping
GEMM with Teomp and attention with Tppepm, which is then
used to calculate the practical upperbound of T,.

6.3 End-to-end throughput

Compared to existing frameworks. We measure the end-
to-end throughput of BlendServe and all baselines, including
vLLM-DFS, SGLang-DFS, NanoFlow-Balance, and NanoFlow-
DFS. We define end-to-end throughput as all processed to-
kens (including both input and output tokens) divided by the
total processing time. For Llama-3-8B as shown in Figure 7
(a), with a small prefix sharing ratio (i.e., Trace#3 and #4),
NanoFlow-Balance works better than NanoFlow-DFS since
resource overlapping contributes to more throughput gain.
However, with a large prefix sharing ratio, NanoFlow-DFS

3We use VLLM v0.6.3.post2.dev102 (commit: e26d37al) and SGLang
v0.3.4.post1 (commit: 3f5ac88) as comparison baselines.
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Figure 8. End-to-end throughput (per GPU) evaluation when serv-
ing Llama-3-8B on 1xXA100 GPU. BlendServe consistently outper-
forms baselines, including vLLM and P/D disaggregation. DistServe
is less efficient when given more prefill clusters (e.g., 2P1D v.s.
1P2D) as selected workloads have more decode tokens.

achieves the highest throughput among all three baseline en-
gines thanks to the high prefix sharing ratio and its operator-
level resource overlapping. Since BlendServe is designed to
leverage the best of both, it consistently outperforms the
best baseline, NanoFlow-DFS, in all settings from 19.34% to
22.65%. Compared with vLLM-DFS, BlendServe achieves up
to 1.44x throughput speedup. For Llama-3-70B in Figure 7
(b), BlendServe provides an average of 18.6% throughput im-
provement compared to NanoFlow-DFS, achieving 90.8% of
practical optimal throughput. Note that NanoFlow provides
higher throughput gain over vLLM compared to Llama-3-8B,
due to the benefit of overlapping expensive communication
operators with computation.

Compared to practical optimal throughput. As shown in
Figure 7, BlendServe achieves an average 86.55% and 90.8%
of the optimal one on Llama-3-8B/70B, respectively. As there
is a gap between the heuristic-based dual-scanner and the
optimal scheduling, it is non-practical to achieve the optimal
throughput which requires perfect resource overlapping on
each step. Nevertheless, BlendServe still closes this gap to
as low as 13%, demonstrating its effectiveness in achieving
both high prefix sharing ratio and high resource balance.

Compared to P/D disaggregation. We compare Blend-
Serve with one popular design of P/D disaggregation, Dist-
Serve [75], and cover several configurations including 1P1D,
1P2D, 2P1D, and 1P3D. Our implementation is based on
SGLang where xPyD means x A100 GPUs are used as prefill
clusters and y GPUs are used as decode clusters. We collect
the average per-GPU throughput when serving Llama-3-8B
on A100 GPUs to provide a fair comparison, following the
same workload and setup in § 6.2. As shown in Figure 8,
DistServe falls short on matching the throughput of vLLM
under all configurations, which colocates prefill and decode.
Despite being superior in latency-oriented settings where
TTFT and TPOT could benefit from the disaggregated scal-
ing and execution of prefill and decode, DistServe causes
resource under-utilization due to the distinct resource us-
ages of prefill and decode. Specifically, the memory band-
width resources on prefill clusters are under-utilized by the
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Figure 9. Prefix sharing ratio of four representative traces in the
end-to-end evaluation. Note that the optimal value is measured via
a DFS order of the prefix tree. BlendServe consistently maintains
the benefit of prefix sharing, achieving 97% of maximal values.
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Figure 10. Compute and memory usages when serving Trace#2.
BlendServe well balances compute and memory time across
steps and achieves consistently high resource utilization, whereas
NanoFlow-DFS suffers from fluctuating compute and memory time
and under-utilizes at least one type of resource at each step.

compute-intensive prefill phases, and vice versa for compute
resources in decode clusters.

6.4 Performance analysis

We now ablate the key factors contributing to BlendServe’s
performance improvement by showing prefix sharing ratio
and hardware resource usage over time, corresponding to
the two key design points introduced in § 3.3.

Prefix sharing ratio. To illustrate that BlendServe can
achieve nearly optimal prefix sharing ratio, we collect the
achieved prefix sharing ratio along with the maximal values.
We manually exclude prefix sharing related to the recomputa-
tion of retracted requests. As shown in Figure 9, BlendServe
achieves over 97% of the optimal prefix sharing ratio. In
contrast, as the NanoFlow-Balance uses random ordering to
interleave distinct requests without shared prefix locality,
it fails below 30% of prefix sharing ratio. As a result, Blend-
Serve provides an average of 1.36X throughput improvement
compared to NanoFlow-Balance with Trace#1 and #2.
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Figure 11. Simulated throughput improvement of BlendServe com-
pared to NanoFlow-DFS on workloads synthesized from BurstGPT,
MMLU, and OpenVid. We use different numbers of requests from
these traces to compose workloads with different compute density
and prefix sharing ratio. BlendServe consistently surpasses base-
lines, with an average of 1.23X throughput improvement.

Hardware resource usage. To demonstrate how effectively
BlendServe balances resource usage, we visualize the com-
pute and memory usage of BlendServe, NanoFlow-DFS, and
NanoFlow-Balance in Figure 10. We select Trace#2, which
has intensive memory usage and significant resource imbal-
ance. For each step, we collect the execution time of compute-
and memory-bound operators. BlendServe maintains stable
compute and memory usage, whereas NanoFlow-DFS ex-
hibits significant fluctuations, resulting in resource under-
utilization. For example, NanoFlow-DFS first under-utilizes
memory bandwidth before 90K steps, then conducts exces-
sive memory access. At the same time, NanoFlow-Balance
achieves stable memory usage close to BlendServe. However,
due to the massive recomputation and steep request length
distribution, it still exhibits fluctuations in computation.

6.5 Sensitivity study

To demonstrate the generality of BlendServe in real-world
scenarios, we evaluate on more diverse synthetic workloads,
with a large range of compute density and prefix sharing
ratio. In addition to the four most representative workloads
shown in Table 2, we conduct a grid search of compute den-
sity from 0.80 to 1.40 and prefix sharing ratio from 0.05
to 0.45 with step sizes 0.05 and 0.10, respectively. In total,
we synthesize 65 workloads to compare BlendServe and the
best-performed baseline NanoFlow-DFS. Due to limited GPU
resources, we use the frontend scheduler of BlendServe to
generate actual batch schedules that are the same as run-
ning on real GPUs, which are then fed into a simulated GPU
backend to get the estimated inference time. For the back-
end simulation, we use polynomial fit to estimate the GPU
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Tput Trace#1 Trace#2 Trace#3 Trace#4
DP=1 11080 8408 8403 6325
DP=2 | 20561 (1.85x) | 16261 (1.93x) | 15623 (1.85x) | 12246 (1.93x)
DP=4 | 41928 (3.78x) | 32537 (3.86x) | 32026 (3.81x) | 24541 (3.88x)

Table 3. Throughput scalability of BlendServe when serving Llama-
3-8B with different DP sizes. BlendServe perfectly partitions re-
quests among DP workers and scales near linearly.

NanoFlow-DFS

of3) Quen-2.5-78 (1XA100) |, (p) L1ama-2-7B (1xA100)

IrELr

3c) Qwen-2.5-72B (8xA100) (3d) DeepSeek-67B (8xA100)
le. le.

EEE Ours Optimal

o

o

Tokens per second

w
wu

0 Trace#1 Trace#2 Trace#3 Trace#4 0 Trace#1 Trace#2 Trace#3 Trace#4

Figure 12. Simulated throughput of BlendServe on different models
with different number of GPUs. BlendServe consistently surpasses
the best baseline, NanoFlow-DFS, with up to 24.4% improvement
over 4 selected traces and models.

runtime when given a certain amount of compute and mem-
ory usage. Our calibration shows only a 0.91% difference
between the real and simulation speedup over the four rep-
resentative workloads on average. Therefore, our simulation
results practically reflect real performance.

As shown in Figure 11, BlendServe consistently outper-
forms the baseline in all workloads by 14% to 34%, with
an average speedup of 22.53%. Since both BlendServe and
NanoFlow-DFS achieve near-optimal prefix sharing ratio, the
inference throughput remains stable when prefix sharing
ratio varies. However, the benefits BlendServe gains from
resource overlapping tend to shrink with smaller compute
densitys, potentially due to more severe GPU interference
on memory-intensive workloads. Additionally, the relative
speedup achieves its maximum of 1.34X when compute den-
sity is around 1.30, potentially because resource overlapping
and GPU interference strike a balance under this ratio.

6.6 Distributed deployment and other LLMs

In this section, we evaluate BlendServe’s effectiveness and
scalability in a distributed setting with data parallelism (DP).
In addition, we evaluate BlendServe on four other mod-
els, including Qwen-2.5-7B, Llama-2-7B, Qwen-2.5-72B, and
DeepSeek-67B, to show its general applicability.

Data parallelism. We evaluate the strong scalability of
BlendServe with various numbers of DP nodes by serving
Llama-3-8B on A100 GPUs, following the design in § 5.5 and

ASPLOS 26, March 22-26, 2026, Pittsburgh, PA, USA.

the same workload setup in Table 2. As shown in Table 3,
throughput increases linearly with the number of DP nodes.

Other LLMs. We also evaluate BlendServe when serving
Qwen-2.5-7B and Llama-2-7B on 1x A100 GPU, as well
as Qwen-2.5-72B and DeepSeek-67B on 8x A100 GPUs as
shown in Figure 12. We redo the trace synthesis with the
same recipe in § 6.2, as different models indicate different
compute density. Note that due to the GPU resource limit, we
use the profile-guided simulation as detailed in § 6.5 for this
evaluation. Similarly, BlendServe improves throughput by an
average of 15.2% compared to NanoFlow-DFS and achieves
89.9% of practical optimal throughput on average.

7 Discussion

Distributed parallelisms. BlendServe’s design is generic
to various parallelisms in distributed inference. We have
discussed data parallelism (DP) and tensor parallelism (TP)
in § 5.5, and demonstrate its effectiveness in the evaluation.
In addition, BlendServe is compatible with various other
parallelisms, including pipeline parallelism (PP), sequence
parallelism (SP), and context parallelism (CP). For PP, as
different pipeline stages will process identical batches se-
quentially while keeping each stage the same, BlendServe’s
scheduling can be directly adopted without modification. For
SP [21] and CP [29], as attention and non-attention compu-
tation are sharded across SP/CP ranks, both the compute
capability and memory bandwidth are scaled accordingly.
Therefore, BlendServe is extended to SP/CP by including the
scaled resources in the compute density calculation.

Attention variants. BlendServe is generic to attention vari-
ants, including MHA, MQA, GQA [2], and recently released
MLA [16] and GLA [69], by considering the arithmetic in-
tensity of the attention operator during compute density
calculation. Specifically, BlendServe considers different vari-
ants by adapting the memory cost model Mem(r) (§ 4.1) to-
wards the real execution time. We have included Llama-2-7B
with MHA, Qwen-2.5-7B with GQA (of group size 7), and
Llama-3-8B with GQA (of group size 4) in our evaluation.

End-to-end latency. Given the same set of requests, Blend-
Serve has the lowest worst turnaround latency across re-
quests because it has the highest throughput compared to
existing frameworks. Furthermore, BlendServe can ensure
the latency requirement of offline batch inference by only
blending requests within a specified time window. For ex-
ample, BlendServe processes the previous X-hour request
pool while queuing the next X-hour requests, moving to the
subsequent X-hour window after completing the current one.

8 Related Work

LLM serving optimizations. Efficient LLM serving has
been extensively studied for both online and offline scenar-
ios. For online inference, Orca [68], vVLLM [25], SGLang [73],
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FastServe [60], and VTC [41] propose continuous batching,
paged attention, prefix sharing, prefill-decode disaggrega-
tion, Multi-Level Feedback Queue scheduling, and Virtual
Token Counter scheduling, respectively, to improve perfor-
mance and/or fairness. For offline inference, FlexGen [42],
Powerlnfer [46], TwinPilots [67], HeteGen [71], Fiddler [24],
and NEO [22] target resource-constrained settings where GPU
memory is insufficient. These methods extensively lever-
age CPUs to offload model weights, activations, KV-cache,
and computation. However, due to limited GPU/CPU inter-
connect bandwidth, offloading introduces significant GPU
underutilization, leading to low throughput. Unlike these ap-
proaches, BlendServe focuses on throughput-oriented offline
inference with resource-aware batching.

Resource overlapping techniques. Resource overlapping
is a trendy approach to improve GPU utilization. Rammer [33]
introduces operator-level overlapping for deep neural net-
work compilers. NanoFlow [76] extends operator-level over-
lapping to LLM serving. Sarathi-Serve [1] and FastGen [20]
apply phase-level overlapping to LLM serving. MuxServe [17]
colocates models based on their popularity and resource
characteristics, targeting resource-limited scenarios. Com-
pared to them, BlendServe is the first to exploit request-level
resource overlapping with request reordering.

9 Conclusion

We present BlendServe, an offline batch inference system
that maximizes both compute-memory overlapping and pre-
fix sharing for near-optimal throughput. BlendServe exploits
the relaxed latency objective in offline batch inference and
reorders compute- and memory-intensive requests through
a resource-aware prefix tree and a dual scanner searching al-
gorithm. BlendServe achieves up to 1.44% higher throughput
over vVLLM and SGLang and 90% of the optimal throughput.

A Appendix

A.1 DPseudoscope for node sort, split, and dual scan

Algorithm 1 Layer-wise Sorting

1: function LAYER_SORT(ptr)

2 if ptr is not leaf node then

3: sort ptr.childList based on compute density
4 for cptr € ptr.childList do

5 LAYER_SORT(cptr)

A.2 Implementation details

We introduce additional noteworthy details of our imple-
mentation in BlendServe here.

Offline prefix tree. We preprocess all requests and con-
struct a prefix tree following a Trie Tree to capture their
shared prefixes before serving. After compute density calcu-
lation and node sorting, we merge sub-trees into single nodes
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Algorithm 2 Node Splitting

1: Initialize leaf list « {}

2: function NODE_SPLIT(ptr, t)

3: ptr.lenyrerix < length of prefix to ptr

4 if ptr.lenprefix - len(ptr.childList) > t then
5 ptrlenprefix < ptr.lenprerix — ptr.len
6: UPDATE_SUBTREE_DENSITY(pi7)
7

8

9

append ptr to leaf _list
else
for cptr € ptr.childList do

. t
10: NODE_SPLIT(CPIT, feniorr childList))

11: if ptr is root node then
12: sort leaf _list based on compute density

Algorithm 3 Dual Scan

1: function pvar_scan(p(rt), p(L), p(R), M)

2: Input: compute density of root p(rt), left child p(L), and right
child p(R); total available GPU memory M

3: Output: chunked prefill budgets for the left child Cr, and right
child Cg (in terms of tokens)
# Step 1: partition memory M according to the compute density

o M e 2D =P
p(L) = p(R)
L) - t
5. MR{_M.p( ) = p(rt)
p(L) - p(R)
# Step 2: calculate the chunked prefill budget according to the
# estimated input length p; and output length df,
My
6: N # number of decode requests

—
(PL +dL/2) “Hpy-L-4
7: Cr < N - Z—L # scale into prefill token budget
L
# Step 3: calculate the chunked prefill budget of the right child

M,
8: NR < R
(pr +dr/2) *Hip - L - 4

9: CR<—NR-§fR

R
10: return (Cr, Cr) # determines number of requests that are admitted

if doing so does not hurt the prefix sharing ratio. This merg-
ing reduces fragmentation which would cause fluctuation
during the dual scanner process.

Runtime prefix tree. The runtime prefix tree in BlendServe
is implemented based on SGLang [73]. It manages runtime
information related to prefix sharing, including a dynamic
Trie Tree and a mapping between the physical memory and
key-value tokens. We also employ intra-batch prefix sharing,
enabling exactly-once computation of shared prefixes for
a single batch, which is particularly beneficial for offline
processing using a DFS order.

Batch scheduler. The batch scheduler within the dual scan-
ner is implemented following NanoFlow [76]. It strictly en-
forces batch sizes in multiples of 128 to ensure higher hard-
ware utilization. We also incorporate chunked prefill and
continuous batching following state-of-the-art serving sys-
tems [1, 68].

Backend engine. Our backend engine is built in C++ follow-
ing NanoFlow’s operator-level overlapping approach, which
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enables simultaneous execution of compute-intensive op-
erators like GEMM and memory-intensive operators like
self-attention [76]. Based on the operator-level overlapping,
BlendServe overlaps operators from requests with distinct
resource usages.

A.3 Methodolody of workload synthesize

To synthesize workloads that reflect real use cases, we collect
a variety of open-source inference traces that have distinct
characterization, including compute density, prefix sharing
ratio, and modalities. We illustrate their length distribution
in Figure 2. For each set of traces, we add a unique sys-
tem prompt ahead of prompts as it is not collected. For
traces without detailed prompt content, we randomize their
prompts’ token ids corresponding to their prompt length. For
video generation requests, we use OpenVid [36] and treat
the videos in training datasets as their auto-regressive gen-
eration output. For each video, we collect its output length
by counting the number of frames and multiplying it by 256,
which represents the number of tokens per frame observed
in normal videos [28, 63]. Additionally, we normalize the
average output length of OpenVid to 16K as the original
45K is too large for evaluation of Llama-3.1-8B on a single
A100 GPU. We also normalize the average output length of
WildChat [70] to 256 for a more compute-intensive work-
load while maintaining the length variance. We calculate the
resource characterization in Table 4.

‘ ShareGPT ‘ WildChat ‘ Azure-Trace ‘ OpenVid ‘ BurstGPT ‘ MMLU

0.02 0.19 0.01 0.00 0.02 0.86
3.12 2.13 33.2 0.05 17.78 54.91

Prefix sharing
Compute density

Table 4. Prefix sharing ratio and compute density of collected
traces. OpenVid is memory-intensive due to its large output length,
while MMLU has a high prefix sharing ratio of 86.46%. Others are
compute-intensive with less prefix sharing ratio.

To cover the real cases in offline batch inference, we con-
duct a grid search of synthetic workloads with different com-
pute density and prefix sharing ratio. To reach the desired
compute density ¢, we combine one compute-intensive trace
among ShareGPT, Azure-Trace, WildChat, and BurstGPT,
and a memory-intensive video generation trace OpenVid.
Based on t and compute density of selected traces, we cal-
culate the required request number of each trace, with a
total number of 40, 000 requests. Then we mix requests from
MMLU to reach the desired number of prefix sharing ratio to
get the synthetic workload. Such a synthetic workload has a
diverse request length and various resource characterization,
which is similar to real-world cases.

A.4 Extensive evaluation of synthetic workloads

In addition to the main evaluations conducted on BurstGPT,
MMLU, and OpenVid in § 6, we also evaluate BlendServe on
Azure-Trace (Figure 13), ShareGPT (Figure 14), and WildChat
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Figure 13. Simulated throughput improvement of BlendServe com-
pared to NanoFlow-DFS on workloads synthesized from Azure-
Trace, MMLU, and OpenVid. BlendServe achieves up to 31%
throughput gain compared to baselines.
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Figure 14. Simulated throughput improvement of BlendServe com-
pared to NanoFlow-DFS on workloads synthesized from ShareGPT,
MMLU, and OpenVid. BlendServe consistently surpasses baselines
by up to 17% throughput.

(Figure 15) to demonstrate the generality of proposed meth-
ods over diverse workloads, following the same experiment
setup (§ 6.2).

Results show that BlendServe consistently surpasses base-
lines by 1.08% to 1.31X in different workloads. We find that
BlendServe works better on BurstGPT and Azure-Trace due
to their smaller variance of output length. When the output
length variance is large in ShareGPT and WildChat, the sam-
pling strategy works less effectively, leading to sub-optimal
performance. We leave the better strategy for workloads
with large variance output length that cannot be effectively
captured by the prefix tree for future work.
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Figure 15. Simulated throughput improvement of BlendServe com-
pared to NanoFlow-DFS on workloads synthesized from WildChat,
MMLU, and OpenVid.

A.5 Scheduling overhead of BlendServe

As described in § 5, BlendServe has two scheduling overhead:
1) preprocessing all token ids of requests prompt to construct
the prefix tree, followed by a series of tree transformations;
and 2) runtime scheduling request batches based on the
double scanner algorithm and the prefix tree to manage KV-
cache memory. We now demonstrate that these two parts
have minimal overhead compared to the GPU time.

Preprocessing overhead. There is no additional overhead
for tokenization, since it is also necessary for model infer-
ence, and the storage for generated token ids is at the same
magnitude as the input strings. Assuming N requests with T
tokens in the prompts, for the trie tree construction with D
max depth, the time complexity O(N X D). Since requests’
prompts diverge quickly, D is typically small. In our evalua-
tions, this process typically takes several minutes, which is
negligible compared to hours of GPU inference.

Runtime scheduling overhead. Since the runtime batch
size is typically at the magnitude of thousands, the runtime
prefix tree is much smaller compared to the offline prefix
tree built during preprocessing. Based on our measurement
in evaluations, the operations on the runtime prefix tree take
0.08 ms on average, with a P99 latency of 0.23 ms, which
is generally less than 10% compared to the GPU time. Such
small runtime scheduling overhead can be effectively over-
lapped with asynchronous CPU scheduling, incurring zero
overhead in end-to-end performance [76].

B Artifact
B.1 Abstract

This artifact provides an implementation of the proposed
system using pre-built Docker images that encapsulate the
codebase and runtime environment. All experiments are
orchestrated through a single entry-point script for ease of
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use and automation. Experimental results are collected and
visualized using a Jupyter notebook.

B.2 Artifact check-list (meta-information)

Algorithm: Offline inference schedule

Program: Python, C++

Compilation: nvcee, g++

Model: Meta-Llama-3-8B

Data set: Huggingface datasets

Hardware: A100-SXM4-80GB

Metrics: Tokens per second, prefix hit rate

How much disk space required (approximately)?: 50GB

How much time is needed to prepare workflow (ap-

proximately)?: 10mins

e How much time is needed to complete experiments
(approximately)?: 50 A100 hours

e Publicly available?: Yes

o Code licenses?: Apache-2.0 license

e Data licenses?: Apache-2.0 license

B.3 Description

B.3.1 How to access. A Docker image, including all soft-
ware dependencies (compiled), model weights, code refer-
ences, and scripts, is provided via a public Google Drive
link. We also provide an image (without CUDA dependency)
for reproducing subsets of experiments without the GPU
backend via this Google Drive link.

B.3.2 Hardware dependencies. All evaluations are con-
ducted with NVIDIA A100-SXM4-80GB GPUs.

B.3.3 Software dependencies. The desired environmen-
tal setup follows the official Docker container, i.e., 23.11-
devel-cuda_multi. The software libraries, including vLLM
and NanoFlow, are also provided along with the image.

B.3.4 Data sets. The evaluated workloads are synthesized
by combining several open-sourced traces with distinct char-
acteristics, including OpenVid-1M, BurstGPT, and MMLU.

B.3.5 Models. Both Qwen-2.5-7B and LLama-3-8B are eval-
uated on A100 with TP=1, while Qwen-2.5-72B and Llama-
3-70B are evaluated with TP=8. We mainly provide auto-
mated scripts for reproducing 8B models due to resource
constraints, while others can be done in a similar way.

B.4 Installation

We provide a pre-built Docker image that encapsulates all
required dependencies. Users should first download the im-
age archive and load it into the local Docker environment,
then launch a container with the provided configuration.

docker load -i blendserve.tar
docker run -it --gpus all \
--name blendserve \
-v /dev/shm:/dev/shm \
blendserve:latest


https://drive.google.com/file/d/1fVe8C1_tSAjiTW9UZ0Fsz7udHuCHiy2U/view?usp=sharing
https://drive.google.com/file/d/1fVe8C1_tSAjiTW9UZ0Fsz7udHuCHiy2U/view?usp=sharing
https://drive.google.com/file/d/1WG5H6JMOwBfdf47TGLNdY3gC3iWhA-r-/view?usp=sharing
https://catalog.ngc.nvidia.com/orgs/nvidia/containers/nvhpc?version=23.11-devel-cuda_multi-ubuntu22.04
https://catalog.ngc.nvidia.com/orgs/nvidia/containers/nvhpc?version=23.11-devel-cuda_multi-ubuntu22.04
https://huggingface.co/datasets/nkp37/OpenVid-1M
https://github.com/HPMLL/BurstGPT?tab=readme-ov-file
https://arxiv.org/abs/2009.03300
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After launching the container, the working directory is set
to /root/blendserve, which contains the full source code
and scripts needed to reproduce our results.

Some datasets and model weights are hosted on Hugging
Face and require user authentication. Please log in using the
Hugging Face CLI with a valid access token:

hf auth login --token $YOUR_TOKEN

Detailed guidelines are provided in ./README.md. The
main entry point for running experiments is the script lo-
cated at . /scripts/run.sh.

B.5 Evaluation and Expected Results

All experiments are orchestrated through a single entry-

pointlocated at . /scripts/run.sh, which sequentially launches

the full set of experiments used in our evaluation. For con-
venience and flexibility, each experiment can also be exe-
cuted independently by invoking the corresponding com-
mands in the script. For each experiment, the raw outputs
and aggregated results are stored in the corresponding ex-
periment directory. Quantitative results are summarized in
combine. csv, while visualizations and plots are generated
using the provided Jupyter notebook plot. ipynb.
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