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Abstract Performance results for inference serving systems depend on the workload under which they are obtained, yet the workload
itself has received little systematic attention. We define a workload as the request stream presented to the system under test, and describe it
along five aspects: the arrival process, lengths, request content and its reuse relation, session and dependency, and traffic class and model
routing. We state the conditions under which this description holds, and identify three classes of request attribute that fall outside it. We
then report three studies. First, we map the public workload datasets and load-generation tools available as of September 2026: none of
the production traces we examined retains the original token sequence, and arrival times or content identifiers are generally aggregated
or block-coded. We give the direction and magnitude of the bias this introduces. Second, we code the experimental setup of 29 serving
papers against a fixed set of eight fields: 1 reports a sensitivity analysis over KV cache block size; roughly half of the 2020-2025 sample
fixes or truncates output length, and most do not state the mechanism; none of the four simulators we examined replays production arrival
timestamps. Third, within our 2026 sample we observe two coexisting evaluation practices: work on real systems tends to use trace replay,
while simulation work tends to validate on fixed lengths and ShareGPT. We close with a checklist for evaluation setups and a list of open
questions. This study is not a prevalence estimate for the field; our sampling and its limitations are discussed in Section 13.
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1 Introduction Table 1. Coverage of workload-related content in existing
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This assumption may hold for most metrics on dense
models, but at least three serving mechanisms depend on
the specific token values: the router of a mixture-of-experts
model selects the top few experts from the product of the
hidden state and the expert weights; speculative decoding
decides acceptance from the logits of the draft and target
models; and when generation stops depends on when the 1.1 Relation to existing surveys
model produces the end-of-sequence token.

A single publisher is not consistent across its artifacts.
When SemiAnalysis released the AgentX agent trace, it
replaced the original content with 64-token block indices;
yet the benchmark’s scenario setup also states that, because
synthetic tokens change the acceptance rate of speculative
decoding, the acceptance rate is fixed to a constant. The two
choices rest on different assumptions about content, and the
range of metrics each supports needs to be stated separately.

These examples point to a gap in existing surveys, which
the next subsection develops.

Several surveys of LLM inference serving already exist.
Their organizing threads differ, but all take serving mech-
anisms as the main axis. Table 1 lists the six we examined
and their coverage.

All six take serving mechanisms or optimization tech-
niques as the organizing thread, and we found no section
organized around the workload. The one with the broadest
coverage has a single, unsubdivided section on benchmark-
ing; the longest, at 106 pages, has no heading related to

'We quote English-language sources in their original wording; where workloads, traces, or benchmarks in its table of contents.
our own reading involves judgment, we say o in the main text. We note that the absence of a dedicated section does not
>The original text is at github. ..
com/Azure/AzurePublicDataset, file mean the topic is absent altogether: these surveys may touch
AzureLLMInferenceDataset2023.md. on datasets within their caching or scheduling sections. The


github.com/Azure/AzurePublicDataset
github.com/Azure/AzurePublicDataset

statement we can support is this: among the 6 surveys we
examined, none uses workload characterization as a primary
axis of organization.

We divide labor with two kinds of adjacent work. Rela-
tive to the discussion of evaluation methodology [14], which
enumerates common evaluation pitfalls for practitioners, we
focus on a description framework for the workload itself and
on surveying public data. Relative to single-dataset charac-
terization work [20, 21, 15], which analyzes one dataset in
depth, we make horizontal comparisons across datasets.

1.2 What we do

We carry out three studies centered on the workload.

First, we give a description framework (Section 3). We
describe the request stream along five aspects, state the con-
ditions under which the description holds, identify three
classes of request attribute outside the framework, and give
a table relating workload aspects to the sensitivity of system
mechanisms.

Second, we map the public datasets and load-generation
tools (Section 9). None of the production traces we exam-
ined retains the original token sequence, and arrival times or
content identifiers are generally aggregated or block-coded.
We further give the direction and magnitude of the bias that
block-coded representation introduces.

Third, we survey evaluation setups in the field (Sec-
tion 10). We read the experimental setup of 29 serving pa-
pers one by one, code it against a fixed set of eight fields,
and from this tabulate the distribution of workload settings
and their missing items.

1.3 Scope

Our scope is the workload of inference serving: how re-
quests arrive, how long they are, how their content is related,
and how these properties affect the conclusions of system
evaluation. Three things fall outside our scope: a model’s
reasoning ability (in Chinese, the word for “inference” also
means “‘reasoning,” so the two must be distinguished); train-
ing workloads; and purely mechanistic work whose conclu-
sions do not depend on workload properties.

Our material comes from three sources, covering January
2023 to September 2026 and reaching back to include foun-
dational work: published and preprint academic literature;
downloadable workload datasets; and load-generation and
load-testing tools—our judgments about tools come from
reading the source and documentation on their current main
branch, not their release notes, because the two are often
inconsistent.

We organize the body of the paper around the five aspects
of the workload; the basis for this division is given in Sec-
tion 3.

1.4 Organization

Section 2 introduces the basic concepts and metrics of in-
ference serving for readers unfamiliar with the area. Sec-
tion 3 gives the description framework and taxonomy of
the workload. Sections 4-8 survey the five aspects of the

framework in turn. Section 9 maps the public datasets and
load-generation tools. Section 10 reports the survey of eval-
uation setups. Section 11 draws together cross-aspect obser-
vations, Section 12 gives the checklist, Section 13 discusses
threats to validity, Section 14 lists open questions, and Sec-
tion 15 discusses related work.

2 Background

This section introduces the inference-serving concepts and
metrics used later. Readers familiar with the area can skip
it.

2.1 Two stages and their resource profiles

An autoregressive model processes a request in two stages.
The prefill stage processes all input tokens at once and
computes the key—value tensors needed for attention; it has
high parallelism and is usually compute-bound. The decode
stage generates output tokens one at a time, and generating
each token requires reading the key—value of all preceding
tokens; this stage is usually memory-bandwidth-bound.

The two stages have different resource profiles, which has
led to several system designs. Deploying the two stages
on separate devices is called prefill-decode disaggrega-
tion [1, 35]; splitting prefill into chunks that interleave with
decode is called chunked prefill [33, 34]. The trade-off be-
tween them depends on the input-to-output length ratio of
the workload, so the workload’s length distribution directly
affects evaluation conclusions for such designs.

2.2 KV cache and prefix reuse

The decode stage must retain the key—value tensors of pro-
cessed tokens, together called the KV cache. Its footprint
grows linearly with sequence length and is usually the main
consumer of device memory. Mainstream engines manage
it by paging: the cache is cut into fixed-size blocks that are
allocated and indexed by block, with the block size called
block_size in vLLM and page size in SGLang.

When two requests share a prefix, the key—value of the
shared prefix can be reused without recomputation; this
mechanism is called prefix caching. Because the cache is
managed in whole blocks, reuse can also only proceed in
whole blocks: when the number of matched tokens falls
short of a full block, that block cannot be reused. The
content-sharing structure of the workload and the engine’s
block size therefore jointly determine the actual benefit
from reuse, which is the subject of Section 6.

2.3 Batching and scheduling

Continuous batching [32] reorganizes the batch at every
decode step: finished requests leave the batch and newly
arrived requests join at any time. The composition of the
batch therefore depends on request arrival times and remain-
ing output lengths, both of which are workload properties.
On this basis, some engines further co-schedule prefill and
decode within a batch [42], or reorder the operators within



a batch to maximize throughput [43]. By contrast, systems
for offline batch processing [44] are not subject to latency
constraints and can organize the batch in an entirely differ-
ent way—a distinction showing that evaluation conclusions
for a batching strategy depend on whether the workload is
online or offline.

2.4 Mixture-of-experts and speculative de-
coding

A mixture-of-experts model places several expert net-
works in each layer, and a router selects a few of them for
each token based on the current hidden state. Whether load
is balanced across experts depends on the routing result, and
the routing result depends on the specific token values.

Speculative decoding uses a smaller draft model to gen-
erate several candidate tokens first, and the target model
then verifies them in one pass and decides how many to ac-
cept. The acceptance rate depends on how close the two
models’ output distributions are on the given content.

Both mechanisms depend on token values, not on length
alone—a point we use again in Section 3 when we delimit
the boundary of the framework.

2.5 Common metrics

Time to first token (TTFT) is the time from a request’s ar-
rival to the production of its first output token, including
queueing and prefill. Time per output token (TPOT) is
the time between two adjacent output tokens during decode.
Throughput is usually counted as tokens or requests pro-
cessed per second. Goodput is the portion of throughput
that meets a given latency constraint.

Service level objectives (SLOs) are usually given as per-
centiles of TTFT and TPOT. Because queueing delay is in-
cluded in TTFT, conclusions involving TTFT are the most
sensitive to the fidelity of the arrival process.

3 Five Aspects of a Workload

3.1 Basis for the division

A taxonomy needs to state its purpose first. Our purpose is

this: to describe what information about a workload must

be given so that the behavior on the serving side is repro-

ducible. Each aspect below follows from this purpose.
Under this purpose, reproducing a request stream requires

describing the arrival times of requests, the input and output

lengths, the token content and its reuse relation across re-

quests, the dependencies and think time between requests,

and the traffic class and target model. This yields five as-

pects, whose taxonomy is shown in Figure 1.

1. Arrival process: when requests arrive and how their in-
tensity varies over time;

2. Lengths: how long the input and output each are, and
whether the two are correlated;

3. Request content and its reuse relation: which requests
share content, and how much;

4. Session and dependency: which request a given request
waits for, and for how long;

5. Traffic class and model routing: how many classes
of traffic with different properties there are, and which
model each goes to.

3.2 Conditions under which the description
holds

We do not claim that these five aspects can characterize ev-
ery inference request. An unconditional completeness claim
cannot be proved here, so we first state the conditions of ap-
plicability and then what can be obtained under them.

Quantities held fixed. We consider plain-text, autore-
gressive, single-call inference requests, and assume the fol-
lowing are fixed within a single experiment: the model and
its weights, decoding parameters (temperature, top-p, ran-
dom seed), output-format constraints (such as JSON mode
or grammar constraints), the transport mode (streaming or
non-streaming), and quality-of-service policies (quota, ad-
mission, priority rules). These quantities do affect serving-
side behavior, but they are part of the experiment configura-
tion and do not vary from request to request.

Two properties under this condition. First, the five
aspects do not overlap and are each necessary: for each as-
pect there is a class of system behavior that cannot be re-
produced when that aspect is distorted, and Table 2 gives
the correspondence and the supporting evidence. By the
criteria of Nickerson et al. [7], this division satisfies two of
their objective ending conditions—that the dimensions are
mutually exclusive and that each dimension has instances—
while the condition that no new dimension is produced we
cannot verify, and so do not claim.

Second, several common quantities are either derivable
from the five aspects or are outputs of the system rather than
inputs. Prefix cache hit rate, batch composition, expert load
distribution, and queueing delay belong to the latter: they
are the result of the request stream interacting with a partic-
ular system, depend on cache capacity, eviction policy, and
routing, and are measured rather than set. Client-side tool-
call time is folded into the think time of the session aspect,
and tenant and priority labels into the traffic class.

Three classes outside the framework. The following
three are neither derivable from the five aspects above nor
outputs of the system:

1. Specific token values. The third aspect records the con-
tent reuse relation between requests, not the token se-
quence itself. Two request streams can be identical on
all five aspects yet, because their token values differ, ac-
tivate different experts and obtain different speculative
acceptance rates. This is exactly the problem discussed
in Section 6: public data generally retains the reuse rela-
tion but not the values.

2. Multimodal payload. Tmage resolution, patch count, and
audio duration determine the encoder’s workload, and
neither token count nor the reuse relation encodes this
information. Our analysis is limited to plain-text work-
loads.

3. Request lifecycle events. Client-initiated cancellation,
timeout abandonment, and retries are exogenous events,
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Figure 1. A description framework for workloads. The top two layers show the five aspects and the observable quantities under each; the
dashed box at the bottom holds the three classes of request attribute outside the framework, the first of which is the subject of Section 6.

not system outputs. None of the public datasets we ex-

amined records them (Section 14).

Our statement is therefore this: under the conditions
above, the five aspects form a description skeleton for a text
inference workload. We do not use the word “complete.”

3.3 Overview of public datasets

The sections that follow draw repeatedly on a set of public
datasets, so we give an overview first, in Table 3. The inclu-
sion criterion is that a dataset be downloadable and contain
request-level records; work that reports only statistical sum-
maries or fitted parameters is not listed.

The grouping in the table itself points to a problem.
Group (a) has real arrival times and server-side context, but
none of it retains the raw text; group (c) retains the raw
text—and WildChat even carries microsecond-precision,
unquantized timestamps—but records front-end conversa-
tions, without instance identifiers, queueing delay, or cache
signals. This lets us state something precise: among the
datasets we found, no production server-side trace retains
both real arrival times and the original token sequence;
WildChat has both, but it is not a server-side trace.

The direct consequence of this situation is that any exper-
iment depending on both the arrival process and token val-
ues can currently be constructed only by stitching the two
kinds of data together, and the bias introduced by stitching
has not been systematically evaluated.

Figure 2 arranges two columns of Table 3 into a grid.
The horizontal axis is the availability of arrival times, and
the vertical axis is the availability of request content. The
upper-right region, where both are strong at once, contains
no server-side trace.

Constrained by privacy and storage cost, public produc-
tion traces usually do not contain the original token se-
quence. Take the Mooncake conversation trace: its 145 mil-
lion tokens would need about 580 MB if stored as text, but
2.89 MB if stored as block indices. This trade-off has its
reasons; our concern is the bias that this representation in-
troduces, and the lack of systematic evaluation of that bias
in existing work.

Several other works report production data of consider-
able scale but release no trace, including a provider dataset

Availability of arrival times —

none coarse sub-second unquantized
text ShareGPT WildChat
rawtext | MSYs-Chat (front-end log)
=
Q
= Mooncake
S Bailian trace ServeGen
‘g)lock index ACDC RAGPulse
= AgentX
£
g
<
none B}] rsIGPT Azure
FineServe

Figure 2. Distribution of public datasets along two axes, arrival
time and request content. On the horizontal axis, “unquantized”
means the timestamps are not aggregated; on the vertical axis,
“block index” means block indices or hashes replace the raw text.
The yellow region is where both are strong at once: it contains
only WildChat, which is a front-end conversation log without in-
stance identifiers, queueing delay, or cache signals. All production
server-side traces we examined fall outside this region. The ab-
solute timestamps of the Bailian trace have been removed, so it is
listed under “none.”

covering 12 months and 6.12 billion requests [71] (whose
footnote states that release has been approved, but which we
did not find released as of our search), a code-completion
service dataset covering 3.2 million users and 761 million
calls [66], and several artifacts announced as forthcoming
open source whose repositories do not exist. Were these
data released, they would appreciably change the picture in
the table above.

4 Arrival Process

4.1 Three statistics

Describing the arrival process usually uses three quantities:
the rate, the coefficient of variation, and the distribution
family of interarrival times.



Table 2. Sensitivity of system mechanisms to workload aspects. e @ @ means we have observed a change in the direction of the conclusion,
ee a clear change in magnitude, @ some effect, and o negligible effect. This is a qualitative comparison; the basis for each e e e cell is
given in the notes below, and the remaining cells reflect our judgment. PD disaggregation denotes deploying the prefill and decode stages

on separate devices.
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aspect batching caching disagg. and SLO of-experts decoding planning
Arrival (1] o . eee o o eee
process

Input length (1] . oo (1] . o (1)
Output length eee o oo eee o oo oo
Content and o eoe oo . eeoe oo .
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Basis for the ratings. Arrival X scheduling: for comparable mechanisms, the relative improvement reported under open-loop and closed-loop settings differs by roughly an
order of magnitude (Section 10; this comparison does not control for implementation differences). Input length X prefill-decode disaggregation: the optimal resource split
reported by Splitwise varies with workload class, (35,5) for the code class and (25,15) for the conversation class [1]. Output length X batching and scheduling: ignoring the
end-of-sequence token makes output length determined by the load-generator setting (Section 5). Content and reuse X prefix caching: on ACDC offline trace a, raising the block
size from 16 to 256 lowers the prefix reuse rate from 46.9% to 2.8% (Section 6). Content and reuse X mixture-of-experts: DeepSeek reports a 45.8 X load difference between
the hottest and coldest expert in its production environment. Content and reuse X speculative decoding: AgentX fixes the acceptance rate to a constant because synthetic tokens
change it. Session X prefix caching: AgentX has a within-session reuse rate of 98.9%, with very little cross-session reuse. Traffic class X scheduling and capacity: in BurstGPT
a single class accounts for 77.7%, and across the four classes the median output length differs by 9.2 and the arrival coefficient of variation by 22 x [21].

Measured over 10-minute windows, the arrival rate fluc-
tuates clearly over time. In the client sample of ServeGen,
the busiest 10% of intervals contribute 53.4% of the request
volume; provisioning capacity from the all-interval average
rate alone would underestimate peak demand.

The coefficient of variation (CV) here is the standard de-
viation of the interarrival times between adjacent requests
divided by their mean, capturing the dispersion of the in-
tervals; we use a ratio rather than the variance so that two
datasets with different rates can be compared directly. Three
points deserve care: CV equal to 1 is a property of expo-
nential intervals and is not enough to establish that the pro-
cess is a fixed-rate homogeneous Poisson process; a non-
homogeneous Poisson process, because its rate varies over
time, also has an interval CV greater than 1; and a CV
greater than 1 indicates dispersion higher than the exponen-
tial distribution but does not by itself prove the presence of
clustered arrivals.

For two files from the same day and cluster of the Azure
dataset, the per-second arrival counts over the same 30-
second window are:

Conversation 358335442263

556 -

(Cv=1.09)

Code (Cv=13.15) 00 0 0 00O O0O0O0O0O0O0COO0O

The CV in parentheses is computed from per-request
interarrival times; the per-second count sequences listed
above serve only to show the difference between the two
visually, and the two are not the same statistic.

The conversation class is relatively smooth; the code
class has no requests in this 30-second window, yet its bus-
iest second sees 67 arrivals, and 73% of its seconds have no
request. The two differ by less than a factor of three in mean
rate, yet their queueing behavior is clearly different.

4.2 Recording granularity of timestamps

We use a diagnostic: the ratio of the number of distinct
timestamps to the number of records. When this ratio is low,

the timestamps may have been aggregated at the collection
or release stage. Table 4 gives the measured results.

A low ratio does not by itself mean the data are unusable,
since concurrent arrivals also produce identical timestamps;
the deciding test is whether the values fall on a regular grid.
Mooncake’s interval values concentrate on three numbers:
3000 ms occurs 651 times, 2999 ms 263 times, and 3001 ms
260 times, with the rest totaling 5; the median number of
requests per timestamp is 10. This shape is hard to explain
by chance same-instant arrivals and is closer to the result of
aggregation over a fixed window, though genuine periodic
batch submission cannot be entirely ruled out.

This yields two limitations. First, without an additional
within-bucket arrival model, this trace is not suitable for
directly replaying the queueing process or time to first to-
ken, because the order and spacing of requests within a
bucket have been lost, and queue behavior is nonlinear in
both. Second, counting arrivals or offered load over win-
dows much larger than 3 s is affected little by this aggrega-
tion. Note that this does not mean throughput conclusions
are uniformly unaffected: artificial batched arrivals likewise
change the system’s actual throughput. The coefficients of
variation the dataset reports (3.03 for conversation, 4.36 for
tool) reflect the aggregated shape and should not be read
directly as the burstiness of the original workload.

This recording granularity is not easy to see
from the schema. vLLM’s trace loader offers a
timed-trace-sec-multiplier parameter, and
its Mooncake example passes 0.001 explicitly, indicating
that the field is in integer milliseconds. The unit is declared
as milliseconds while the actual values fall on a 3-second
grid, and the loader converts timestamps by the unit it is
given, so it preserves this periodic aggregation as is.

4.3 The production traces we analyzed gener-
ally depart from the Poisson assumption

ServeGen provides the finest-grained data we have seen:
across 36,969 active intervals from 422 clients on a produc-



Table 3. Public LLM serving-workload datasets. In the “Time granularity” column, values in parentheses are our own measurements; in
the “Content representation” column, block size is the number of tokens the dataset uses to form a block index or hash. Datasets marked

o

*” are those we downloaded and whose schema we checked.

Dataset Source Time granularity Content Session Notes
representation field
(a) Production server-side traces
Azure LLM 2023 Microsoft Sub-second, absolute none none Split into conversation and code files
Azure LLM 2024 Microsoft Sub-second, absolute none none Same fields as 2023
Azure LMM 2025 Microsoft Sub-second, absolute none none The only multimodal trace to record image counts
BurstGPTx[21] University Integer seconds none In some Column counts differ across files
service files
Mooncakex[3] Moonshot Al Millisecond field Block index, block size ~ none Split into conversation, tool, and synthetic classes
(~3 s measured) 512
ServeGenx*[20] Alibaba 600-s rate table Block hash, block size In the Online and multi-turn files
16 multi-turn
file
ACDCx[19] Alibaba none (whole-batch Block index, block size none Offline batch, six files
submission) 16
Bailian trace[15] Alibaba Relative; absolute Block hash, block size Parent— Public release is a two-hour sample
removed 16 child chain
FineServe PPIO Inconsistent none none Stratified by architecture, scale, and intent
statements; internal
resolution no finer
than I s
RAGPulse RAG service Integer seconds Hashes decomposed by Yes The only retrieval-augmented service trace
semantic component
(b) Agent traces
AgentXx* Agent Relative, closed-loop Block index, block size ~ Dependency Includes inter-request dependencies
framework 64, valid within a graph
session
(c) Front-end conversation logs (not server-side)
WildChat[76] Chat Microsecond, Raw text Yes No token counts, no queueing information
front-end absolute, unquantized
ShareGPTx User-shared none Raw text Yes The de facto default length corpus
LMSYS-Chat- Chat arena none Raw text Yes No timestamp field in the corpus itself
1IMx[75]

Table 4. Measured recording granularity of timestamps. Ratio =
distinct timestamps / records.

Dataset Records  Timestamps Ratio Grid
Azure 19,366 19,366 100% none
conversation

Azure code 8,819 8,819 100% none
Mooncake 12,031 1,180 9.8% ~3s
conversation

Mooncake tool 23,608 1,180 5.0% ~3s
BurstGPT 1,404,294 767,313 54.6% Is

tion platform, the median coefficient of variation is 1.61,
with 13.3% at most 1 and 20.8% above 5; the fitted inter-
arrival distributions are Gamma (61%) and Weibull (38%),
with no exponential.

The interarrival times of multi-agent traffic were also
reported in 2026 to depart from the Poisson assumption,
with interarrival distributions conditioned on topology [70].
These results agree with classical network-traffic work [6]
and indicate that the applicability of Poisson arrivals should
be checked before adopting them in inference-serving set-
tings.

We add that the rate, CV, and marginal distribution fam-
ily cannot capture autocorrelation, long-range dependence,
or synchronization effects across clients. The diagnostics
above serve only as an initial screen, and a fuller assessment
requires point-process tests or index-of-dispersion analysis.

4.4 Arrival settings in the literature

By the coding results of Section 10, of the 13 papers in the
2020-2025 sample, 9 use Poisson arrivals and 2 replay real
timestamps.

The experimental-setup section of VLLM writes [2]:
“Since these datasets do not include timestamps, we gen-
erate request arrival times using Poisson distribution with
different request rates.” DistServe [35] and FastServe [36]
give the same rationale, and FastServe explicitly notes that
it follows prior work. The wording of the three papers is
very close, but we can only observe the repeated appear-
ance of this rationale and cannot determine its path of prop-
agation: FastServe and DistServe have overlapping authors,
and the chronological order of the versions would need to
be checked against version history to establish.

For contrast, AlpaServe [37] cuts the original trace into
time windows and fits a Gamma process within each win-
dow using two parameters, rate and coefficient of variation,
a practice inherited from earlier serving-system work. The
same paper states that no public production inference trace
existed at the time, so it substituted a function-call trace
from serverless computing instead. This contrast shows that
later work, when it adopts more realistic content or length
distributions, often does not simultaneously preserve the
statistical characteristics of the arrival process. We do not
attribute a cause for this phenomenon.

The arrival process deserves separate treatment because
the benefit of several mechanisms rests directly on its



Table 5. Median input length of each dataset.

Dataset Collected Median Relative
input

BurstGPT 2023 262 0.3x

ACDC offline a 2026 298 0.3x

Azure conversation 2023-11 1,020 1x

Mooncake conversation 2024 6,909 6.8%

AgentX 2026 201,664 198 x

shape. Scheduling work aimed at load balancing and mi-
gration [38] depends on the difference in instantaneous load
across instances, and that difference is set by the bursti-
ness of arrivals; work aimed at the streaming-output ex-
perience [39] defines user-perceived smoothness as a time-
varying quantity, and its evaluation conclusions likewise de-
pend on the distribution of requests over time; serverless in-
ference serving [40] takes cold-start overhead as its central
problem, and how often cold starts occur depends on the
long-tail shape of interarrival times. Each of these works
adopts a different arrival setting, and we did not find any
comparison among them under a unified arrival process.

On the tool side, the Gamma distribution is supported
by four tools (vVLLM’s burstiness parameter, AlPerf’s
arrival-mode option, ServeGen, and BurstGPT’s bundled
generator), Weibull by only ServeGen, and the sinusoid by
only Dynamo; among the 24 tools we examined, we found
no implementation supporting a Markov-modulated Poisson
process or a Hawkes process. SGLang is the only one of the
mainstream frameworks we examined that offers only the
exponential distribution.

The conclusion of this section is therefore that existing
tools already support a range of arrival distributions, but the
basis for choosing a distribution and the error from model
mismatch still lack systematic evaluation.

S Lengths

5.1 Differences in
datasets

input length across

Table 5 lists the median input length of each dataset by col-
lection time.

This is a range across datasets, not to be read directly
as growth over time for one business: data from different
years also correspond to different vendors, applications, and
workload classes, and AgentX is not a successor sampling
of the Azure conversation workload. The conclusion we can
support is that public datasets differ by three orders of mag-
nitude in input length, so a workload library should report
collection time and business type, and an earlier length dis-
tribution should not directly represent current long-context
workloads.

5.2 Three common length distortions

Truncation. The input-length percentiles of the Azure
code class are P95 = 7,303, P99 = 7,436, and P100 = 7,437,
three close percentiles. This shape suggests truncation on
the collection side, which can be seen only by looking at

the high percentiles and is not reflected in the mean or me-
dian.

Bimodal distribution. The output length of the Moon-
cake tool-call trace is P25 = 13, P50 = 30, P75 = 356,
with the shortest length bin holding 62%. The prefix match
depth of the same dataset is also bimodal: 61.3% of re-
quests match only one block, and 21.8% match more than
ten blocks, and the 36.6% total reuse rate the dataset reports
comes mainly from the latter. Designing a cache policy
around the mean would depart from the actual distribution.

Widely differing prefill-to-decode ratios. ACDC’s
offline traces d and e sit at opposite ends: the former has
a median input of 56 and median output of 1,468, a ratio of
about 1 to 26; the latter has a median input of 707 and an
output of 5 throughout, a ratio of about 141 to 1; AgentX is
about 395 to 1. A conclusion claimed to hold for the “typi-
cal workload” should state which part of this range it holds
for.

5.3 Correlation between input and output
length

The correlation coefficient of the Azure conversation class
is —0.112 and that of the code class is +0.001, both close
to independent; the within-class correlation coefficients of
BurstGPT’s four classes lie between +0.236 and +-0.368.
BurstGPT’s aggregate correlation coefficient is +0.243 and
its within-class weighted average is +0.248, the two being
close, which shows the correlation is not produced by class
mixing.

Input and output length should therefore neither be as-
sumed independent across the board nor assumed correlated
across the board, but measured per dataset. This matters es-
pecially in synthetic workload generation: sampling the two
independently would destroy the joint distribution present in
real data.

5.4 Unpredictability of output length and re-
lated work

Output length is unknown at a request’s arrival, a property
that gives rise to a separate line of research.

One kind of work tries to predict length to improve
scheduling. S® [56] trains a classifier to predict the output-
length bin and allocates device memory accordingly to raise
batch occupancy; sequence scheduling [57] uses the model
itself to anticipate reply length and groups requests of simi-
lar length into the same batch. Both require a way to handle
prediction error, because underestimation leads to realloca-
tion.

Another kind does not predict length but makes the sys-
tem insensitive to length uncertainty. SuperServe [58] ad-
justs model size for unpredictable workloads; tail-aware
scheduling [23] is explicitly premised on not relying on pre-
diction and is designed for tail latency rather than mean la-
tency. The premises of these two lines are mutually exclu-
sive: the benefit of the former rises with prediction accuracy,
while the value of the latter shows precisely when prediction
is unreliable. We did not find a direct comparison of the two
under the same workload.



The shape of the length distribution also determines
whether certain system forms hold. In scenarios typified by
retrieval-augmented generation and recommendation, out-
put length is extremely short, sometimes a single token, and
an engine for such workloads [59] omits the decode stage
entirely; conversely, long-context work [54, 55] targets the
case where input length far exceeds single-device memory,
and the benefit of its elastic sequence parallelism and dis-
tributed attention grows with input length. The applicable
range of these two lines is divided by the prefill-to-decode
ratio described in Section 5, and that ratio differs by more
than two orders of magnitude across public datasets.

5.5 Forced control of output length

Load-testing tools commonly force generation to a set
length by ignoring the end-of-sequence token. This set-
ting disables the model’s natural termination mechanism
and makes output length determined mainly by the load-test
configuration.

The coding results of Section 10 show that about half
the papers in the 2020-2025 sample fix or truncate output
length, of which 1 states the mechanism fully and 1 par-
tially.

Some agent work in the 2026 sample also forces the out-
put length, but for a different stated reason: to keep the
cross-turn trace consistent. SMetric [16] notes that a diver-
gence between the evaluated model’s reply and the recorded
trace breaks the KV cache reuse pattern in two ways—
the generated length may differ, and the history recorded
for later requests no longer matches the tokens the serv-
ing instance has actually cached—so it ignores the end-of-
sequence token and truncates to the recorded length, and
further rewrites part of the later requests with the generated
content.

This handling shows that, in session-replay settings, con-
tent and output length need to be controlled jointly. The
effect of this handling itself on performance measurements
has not yet been quantified in any report we found.

5.6 Length distribution affects the interpre-
tation of normalized metrics

A 2026 energy-characterization study [22] reports that, at
fixed hardware and batch size, raising output length from
10 to 512 tokens lowers per-token energy from 7.46 J to
0.72 J and raises the total energy of a single window from
1.19 kJ to 5.93 kJ; the gain of batch size 16 over batch size
1 falls from 6.31x at context 512 to 1.17x at context 4K.

A token-normalized metric therefore depends on the
workload’s length distribution, and a report of “per-token
cost” should give the length distribution alongside it, or the
number is hard to interpret.

A similar situation holds for latency metrics. A 2026
scheduling study [23] reports that, comparing shortest-job-
first against an oracle predictor, mean end-to-end latency
improves by 11.1% and P95 by 12.5%, while P99 rises by
11.2%. The mean and P99 reflect different facets of the
policy, and reporting only one of them would highlight a

different conclusion, so multiple percentiles should be re-
ported together.

6 Request Content and Its Reuse Re-
lation

The content aspect affects prefix caching, expert routing,
and speculative decoding at the same time, yet public data
retains the least about this aspect.

6.1 Content representation in public data

Among the production traces we examined, the ones that
provide content information use block indices rather than
raw text; the rest (such as Azure and BurstGPT) provide no
content field at all (see Table 3). Block indices are gener-
ated as follows: the real content is hashed into a sequence
of integers, which are then renumbered into smaller consec-
utive integers; the result of the hashing step is not retained
in the file.

We checked the range of the indices: the Mooncake con-
versation trace has 182,790 unique indices with a largest
index of 182,789; ACDC offline trace a has 625,269 and
625,268. The indices fill the interval [0, N — 1] exactly,
which shows that the indices are dense: every index is used
and there are no gaps. We note that density alone does
not prove that the indices are assigned in order of first ap-
pearance; confirming this would require separately check-
ing whether the position of each index’s first appearance is
monotone, a check we did not perform.

Two points follow. First, the indices in the file cannot be
used for hash-collision analysis, because a collision (if any)
occurs before renumbering and is not visible in the file. Sec-
ond, an index is meaningful only within the file it belongs
to, unless the publisher states that a shared counter across
files was used.

The block-level representation is a compromise between
“a single identifier for the whole request” and “the raw token
sequence”: the former cannot express partial prefix sharing,
and the latter is infeasible in both size and privacy. We stress
that the block-level representation corresponds to the en-
gine’s cache-management granularity only when the trace’s
block length matches the inference engine’s KV cache block
length; the case where the two differ is discussed in Sec-
tion 6.4.

6.2 System mechanisms that depend on con-
tent reuse

The reuse relation constitutes a separate aspect because a
body of mechanisms has formed around it, and the bene-
fit of these mechanisms is determined directly by the reuse
structure.

Organizing the cache by prefix. SGLang[45] orga-
nizes cached prefixes in a radix tree so that multiple requests
share their common part; Prompt Cache[46] further allows
reuse of non-contiguous modular segments, at the cost of
having to declare the reusable structure in advance. The



benefit of both grows with the share of cross-request shar-
ing, and this share is a property of the workload, not of the
system.

Bringing reuse into scheduling. Preble[49] makes
prefix sharing an objective of distributed scheduling, plac-
ing requests with the same prefix on the same instance;
MemServe[50] shares context across instances with an elas-
tic memory pool under a disaggregated architecture. The
evaluation conclusions of this line of work are most sensi-
tive to the sharing structure of the workload: if the requests
in the test workload are independent of one another, no dif-
ference appears between scheduling policies.

Relaxing the ‘“exactly identical” requirement.
CacheBlend[47] targets the retrieval-augmented setting,
fusing cached segments from multiple non-prefix positions
before use and recomputing a small number of positions;
Cache-Craft[51] manages the cache of retrieved segments
in a blockwise manner. These two works show that the
range of what is reusable depends on the tolerance for loss
in generation quality, so the “reuse rate” as a number itself
depends on the reuse criterion adopted. CacheGen[48]
compresses the already-computed cache and transfers it
across nodes, and its benefit depends on the probability that
the cache is used again.

Changing how the cache is stored. vAttention[52]
points out that paging is not the only way to achieve dy-
namic GPU-memory management, and argues for keeping
tensors contiguous through a virtual-memory mechanism.
This route relates to block size differently from the pag-
ing approach, so how the block-granularity bias described in
Section 6.4 manifests under this form needs separate analy-
sis. A fuller account of KV cache management is given in a
related survey[53].

What these mechanisms have in common is that evaluat-
ing them requires a workload with a real sharing structure,
and Section 3.3 has shown that the sharing structure in pub-
lic data is given as block indices. We now explain the effect
of this representation on measurement results.

6.3 Effect of block size on reuse-rate mea-
surement

The measured reuse rate depends on the block size used
for the measurement. We ran a coarsening experiment on
ACDC offline trace a [19] (native block size 16) as the
baseline: we merge several adjacent 16-token blocks into
a larger block (hereafter coarsening), recompute the prefix
reuse rate, and fix the denominator at the true total input.
The results are given in Table 6.

We first note what this data is. It is a single offline batch
task submitted as a whole (dictionary translation, 51,429 re-
quests), with no per-request arrival time; the record order is
the order in the submitted file. We chose it for this exper-
iment because it has the finest content granularity among
the public data we examined (16 tokens), which lets it serve
as the reference point for coarsening; the cost is that pre-
fix sharing in this kind of workload comes from a uniform
task template, so the sharing fraction is higher than in inter-
active conversational workloads and the drop occurs else-

Table 6. Reuse rate as a function of block size (ACDC offline trace
a, native block size 16)

Block Block / Prefix Requests with a hit

size median input reuse

16 0.05 46.9% 100.0%

32 0.11 46.9% 100.0%

64 0.21 38.1% 100.0%

128 0.43 38.1% 100.0%
256 0.86 2.8% 2.8%
512 1.72 2.8% 2.8%

Accounting: a coarse block is formed by concatenating several consecutive 16-token
blocks; the final coarse block may be partial and is counted by the number of base
blocks it actually represents. Coarsening should not increase the reusable amount,
and the values in the table satisfy this monotonicity.
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Figure 3. Prefix reuse rate as a function of block size (ACDC
offline trace a, 51,429 records, native block size 16 tokens, median
input length 298). The dashed line marks where the ratio of block
size to median input length equals 0.5. The denominator of the
vertical axis is fixed at the true total input, so the points are directly
comparable.

where. Section 13 states the resulting limits on generaliza-
tion.

We fix the following conventions so that the measurement
can be reproduced. Cache capacity is infinite with no evic-
tion, so what we obtain is the prefix reuse resolvable by the
trace at a given block size, not the hit rate any engine could
achieve. Matching is streaming in file order, each record
being compared only against records before it. Matching is
exact-prefix, stopping at the first differing block. A coarse
block is charged by the number of native blocks it actually
represents, rather than uniformly as a full block. The de-
nominator is fixed at the total input tokens over all records
and does not vary with block size. The script, the check-
sum of the data used, and the itemized definitions above are
released alongside this paper.

The same result is shown as a curve in Figure 3. The reuse
rate does not fall smoothly with block size but in steps: as
the ratio crosses near 0.5, it drops from 38.1% to 2.8%.

The mechanism can be illustrated with the first
two records of this trace. The block sequences of
the two requests are [0,1,...,9, 10,11,...,16] and
[0,1,...,9, 17,18, ..., 24], sharing the first 10 blocks. Af-
ter coarsening to 64 the common prefix is 2 blocks, to 128
it is 1 block, and to 256 it is O blocks: a 256-token coarse
block spans the original blocks 0 through 15, which con-
tains both the shared blocks 0 through 9 and the differing
parts from block 10 onward, and as soon as a single po-
sition within the block differs, the coarse block cannot be
counted as a hit.



On this trace, the reuse rate drops markedly when the ra-
tio of block size to median input length increases from 0.43
to 0.86. The ratio 0.5 can serve as a warning value for a
sensitivity analysis, but this threshold comes from two ad-
jacent values on a single trace and is not enough to serve as
a general criterion. A more appropriate reference quantity
would be the distribution of shared-prefix lengths, not the
median input length; obtaining that distribution requires re-
computation per trace, and we did not complete this step for
all datasets.

6.4 Three classes of bias from the block-level
representation

The block-level representation introduces bias in three
places. The three have different reference quantities, cannot
be added together, and must be treated separately. Let the
true per-token common-prefix length be S, the trace block
size be B, and the engine block size be B..

Bias 1: the trace block granularity cannot express
sharing of less than one block. The sharing observable
from the trace is T = |S/B;| - B;, which undercounts
each shared segment by .S mod B; tokens relative to S. If
the remainder is assumed to be uniformly distributed over
{0,1,..., By — 1}, its expectation is (B; — 1)/2. Whether
this assumption holds depends on the distribution of shared-
prefix lengths, and needs to be checked per trace.

We ran one such check on ACDC offline trace a: tak-
ing the measurement at block size 16 as the reference, af-
ter coarsening to 64 each hit undercounts by 31.1 tokens on
average ((8,511,920—6,911,936) /51,428, the denominator
being the number of requests with a hit on this trace). Under
the uniform-remainder assumption, the expected additional
loss from coarsening 16 to 64 would be (64 — 16)/2 = 24
tokens. The measured value is higher than this estimate,
which shows that the remainder distribution of this trace is
not uniform and that the uniform assumption is optimistic
here. We therefore do not use this assumption to back out
the “true value” for other datasets. If an estimate is still to
be given, it should be stated as an extrapolation under the
uniform-remainder model, and reported together with the
number of hit requests and a sensitivity range.

Bias 2: overcounting when counting by matched block
count times block size. If a measurement script multi-
plies the number of matched blocks directly by B; rather
than truncating at the request’s actual input length, a trailing
partial block is counted as a whole block. This is not an in-
herent property of the block-level representation: as long as
the input-length field is available, this bias can be eliminated
entirely. On ACDC offline trace a, the uncapped and input-
length-capped conventions differ by 10,600 tokens, which
against the true total input of 18,131,603 is 0.059 percentage
points. This magnitude is determined jointly by the dataset
and the block size and should not be treated as a universally
negligible constant: it depends on how many requests have a
shared prefix that ends exactly at their input boundary. The
counts in our Table 6 are already charged by the number
of base blocks actually represented and do not include this
term.

Bias 3: the engine block size limits the achievable hit.
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This term is not a measurement bias of the trace but a capa-
bility constraint of the engine, yet it determines whether the
reuse rate measured from the trace can actually be exploited
by the system. The engine indexes and allocates by whole
blocks, so the achievable reuse is E = |S/B.] - B.: when
10 tokens match but B, = 16, the block cannot be reused,
because the KV of the other 6 tokens in the block belongs
to a different request. SGLang calls this the page size, and
vLLM calls it the block size.

The relation between T and E depends on the relative
size of B; and B,, and its direction is not fixed: when B; >
B, the trace underestimates the achievable hit, and when
B; < B the trace may instead overestimate it. Therefore,
when comparing reuse rates across datasets, one must report
both the trace block size and the engine block size and state
their relative relation; reporting only one of the two makes
the direction of the bias impossible to determine.

6.5 Block-Size values in public configurations

Among the public configurations we collected, the block-
size values obtained from instrumenting production traffic
are 16 and 64: 16 appears in vVLLM’s default and in the
anonymization pipeline of one production-platform trace,
and 64 appears in AgentX’s collection agent, AIPerf’s de-
fault, and the baseline configuration of SGLang’s hierarchi-
cal cache. When OpenAl reports the number of cached to-
kens, it rounds down to a multiple of 128, reflecting an ob-
servable granularity of 128. 512 appears in the Mooncake
public trace and the default configuration of one synthetic
generator.

What can be stated from this is: 512 appears rarely
among the public configurations we collected and can-
not yet be regarded as a general production configura-
tion. Coarsening to 512 underestimates the reuse rate of
short-append workloads, which are relatively common in
agentic settings: the per-turn append length measured by
TraceLab[17] has a median of 875 tokens, equivalent to 1.7
blocks of 512 or 13.7 blocks of 64.

Here we need to distinguish an easily confused quantity:
the minimum cacheable prefix length published by vendors
(Kimi 256, Groq 128 to 1024, OpenAl 1024 or 2048, An-
thropic 1024 to 4096) is a threshold at the commercial and
routing level and is not the same parameter as block size.
Reading the minimum cacheable prefix as the block size in-
troduces a bias of one to two orders of magnitude, as Ope-
nAI’s own 128-token reporting granularity attests.

The prefix_match_unit field recently added by
vLLM makes this distinction explicit: its documentation
states that it can be set finer than the physical KV cache
block, so that a hit can fall on a boundary inside a physical
block. A trace with a block length of 512 cannot resolve
the first divergence position inside a 512-token block, and
therefore cannot be used to evaluate the gain from a match-
ing unit smaller than 512 tokens.

6.6 The default block size and its evaluation
workloads

Section 7.2 of the vLLM paper writes[2]:



The choice of block size can have a substantial impact on the perfor-
mance of VLLM. If the block size is too small, VLLM may not fully
utilize the GPU’s parallelism for reading and processing KV cache.
If the block size is too large, internal fragmentation increases and the
probability of sharing decreases. [...] In the ShareGPT trace, block
sizes from 16 to 128 lead to the best performance. In the Alpaca trace,
while the block size 16 and 32 work well, larger block sizes signif-
icantly degrade the performance since the sequences become shorter
than the block sizes. In practice, we find that the block size 16 is large
enough to efficiently utilize the GPU and small enough to avoid sig-
nificant internal fragmentation in most workloads. Accordingly, vVLLM
sets its default block size as 16.

Three points can be observed from this. First, the opti-
mal range of block size in this experiment varies with the
dataset: on ShareGPT the difference between 16 and 128
is small, while Alpaca penalizes larger blocks. Second, the
reason the authors give for the value is a trade-off between
GPU utilization and internal fragmentation, not a single
dataset; we do not read 16 as an artifact of Alpaca. Third,
that trade-off was calibrated on 2023 workloads, whereas
the workloads used in later work are far longer than these
two datasets: Mooncake[3] has an average input of 7,955
to 19,019 tokens, and the paper-abstract dataset used by
Sarathi[33] has an input P90 of 12,985 tokens.

Two quantities also need to be kept apart here. That ex-
periment measured the physical PagedAttention block size
and its end-to-end performance, which is not the same quan-
tity as the prefix-matching granularity discussed in this sec-
tion; in some engines the latter can be set finer than the
physical block. What we can support is therefore the nar-
rower statement that the trade-off behind this default is
worth re-evaluating under current length distributions, not
that the default was chosen wrongly at the time.

Among the 29 papers we audited, we did not find any
work that re-reports a sensitivity analysis over this parame-
ter.

6.7 Mechanisms that depend on token values,
not only on the reuse relation

Section 3.2 noted that the specific values of tokens fall out-
side the five aspects: the reuse relation is an equivalence
relation that records only which segments are identical, not
what they are. Two classes of mechanism have behavior
that depends directly on the values themselves, and there-
fore cannot be derived from the reuse relation.

Routing in mixture-of-experts. Each token is as-
signed by the router to a number of experts, so the load
on each expert depends on the token values. Several sys-
tem works exist around this: improving scale efficiency
through disaggregated expert parallelism[60], partitioning
across nodes by expert activation pattern[63], and predict-
ing expert activation to move weights in advance[61]. The
benefit of all of these depends on whether routing concen-
trates on a few experts.

The predictability of routing is itself disputed. One
analysis[62] argues that the division of labor among experts
reflects the geometry of the representation space and does
not necessarily correspond to interpretable domain parti-
tions. If this conclusion holds, then a workload synthesized
from domain labels is not sufficient to reproduce the real
expert-load distribution. Our position is that this disagree-
ment has not yet been tested at the level of serving work-
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loads, and testing it requires data that has both real tokens
and real arrivals, which, by the account in Section 3.3, does
not currently exist.

Acceptance rate in speculative decoding. The frac-
tion of the draft model’s output that is accepted depends
on whether the distributions of the two models over that
content are close, and so also depends on the values. Be-
cause public traces replace the raw text with block indices,
they cannot be used to measure the acceptance rate. The
existing practice is to fix the acceptance rate at a constant,
and AgentX’s treatment described in Section 1 is one exam-
ple. This treatment decouples the evaluation of speculative
decoding from the workload content, at the cost of not re-
flecting the case where the acceptance rate varies with the
workload type.

These two classes of mechanism show that the block-
based representation of public data is not merely a matter of
precision: it makes the workload sensitivity of a whole class
of mechanisms impossible to measure from public data.

7 Session and Dependency

The first three aspects treat requests as individuals indepen-
dent of one another. In real workloads, the time at which
a request is issued often depends on when another request
finishes, and this dependency determines whether the work-
load should be replayed in an open-loop or a closed-loop
manner.

7.1 A unified expression for arrival time

Let the arrival time of request R be
t(R) = max(e(R), tan(a(R))+w(R)),

where e(R) is the scheduled issue time, a(R) is the request
that R depends on, ts,(-) is the finish time of that request,
and w(R) is the think time that follows it. Three common
forms are all special cases of this expression:

* when a(R) is empty, t(R) = e(R), i.e., open-loop replay;
» when a(R) is the previous request of the same client and

e(R) = 0, t(R) equals the previous finish time plus the

think time, i.e., closed-loop;
 when a(R) is the previous turn of the same session, w(R)

is the time spent on external processing such as a tool call,
corresponding to the multi-step execution of an agent.

Under this expression, a session is a dependency chain,
and multi-turn conversation, the agent loop, and user retries
are only differences in the shape of the chain.

The AgentX trace can verify the applicability of this ex-
pression. The dataset records, for each request, the relative
time ¢, the system time, and the think time that follows, and
the three satisfy 541 = ¢, + api_time,, + think_timey ;
in the sessions we extracted, the check residual was zero for
7 pairs of adjacent requests. The time axis of this dataset
is itself in closed-loop form, and its arrival times cannot be
given independently of the system response time.



Table 7. Think time and system time for two classes of workload

Table 8. Session information recorded by public datasets

Data source Median Median System
think time system share
time
ServeGen multi-turn conversation 308 s seconds < 1%
AgentX agentic 473 s 84s about

64%

7.2 When closed-loop is required

The choice between open-loop and closed-loop is not a mat-
ter of style. The criterion is the fraction of one round’s pe-
riod taken by the system time: if this fraction is small, a
faster system has negligible effect on the issue time of the
next request, and open-loop replay suffices; if this fraction
is large, the two cannot substitute for each other.

Table 7 gives a comparison of two public datasets.

The think times of the two differ by about 65-fold. For
multi-turn conversation, a 200 ms faster system response
changes the period of one round by only about 0.06%, and
open-loop replay against fixed timestamps introduces no ap-
preciable error; for the agentic workload, the system time
already exceeds the think time itself, a 20% faster system
makes the next turn issue about 1.7 s earlier, and open-loop
replay cannot reflect this effect.

This gives the form of a criterion: using the fraction of
one round’s period taken by the system time as the met-
ric, closed-loop should be used when the fraction exceeds
some threshold. We can only show that this fraction differs
by about an order of magnitude between the two classes of
workload; the threshold itself needs to be determined by
measurement on a specific system, and we did not perform
this measurement.

7.3 Comparability of the two setups

Open-loop and closed-loop behave differently in three re-
spects, and these differences affect experimental design.

First, capacity is defined differently. Under open-loop the
workload is independent of system performance, and when
the system saturates the queue grows without bound, giv-
ing a clear knee; under closed-loop the number of clients is
fixed, a slower system automatically lowers the request is-
sue rate, and throughput saturates smoothly with no knee.
Experiments aimed at finding the capacity limit should
therefore use open-loop.

Second, the control group receives a different request
stream. Under open-loop the two experimental groups re-
ceive the same request stream request by request; under
closed-loop a faster system receives more requests in the
same amount of time. This is not a defect of the closed-
loop setup but a direct consequence of its definition, but it
means that the premise “the two groups have exactly the
same workload” does not hold under closed-loop and should
be stated in the report.

Third, the agentic workload is closed-loop by construc-
tion. The way the AgentX benchmark is run uses the num-
ber of active sessions as the concurrency and sets no request
rate, so this dataset cannot be used to find the capacity knee.

12

Dataset Session information

ServeGen 1,616 sessions, 5,720 turns; turns per session P50 =2, P95 =

multi-turn 9

BurstGPT only two of the six released files contain a session identifier

AgentX two-level structure: main requests and sub-agent groups; re-
quests per session P50 = 94, P95 =795

Azure, no session field

Mooncake

7.4 Session structure in public data

The extent to which session structure is recorded in public
data varies widely (see Table 8).

The structure of AgentX deserves separate comment. The
sessions of this dataset are not a single chain but a two-level
tree: below a main-agent request, sub-agent groups can
unfold, and requests within a group execute concurrently.
We found while processing this data that if one reads only
the top-level requests without recursing into the sub-agent
groups, every request inside those groups is missed: by
the dataset’s own summary statistics there are 56,798 main
turns and 42,029 sub-agent inner requests, 98,827 in total,
so the missed share is 42.5%. The missed portion is con-
centrated in the requests that use a different model; in the
subset we took, about 53% of sessions call multiple models
within a single session.

We should state the sample basis for the AgentX figures
in this section. The dataset releases 393 sessions, of which
we parsed 53 in full locally. Apart from the missed share
above, which is quoted from the publisher’s own summary,
all other AgentX figures in this paper come from those 53
sessions and are computed including nested sub-agent re-
quests. This subset is not sufficient to support a judgment
about the distribution of the dataset as a whole. In addition,
the dependency is not a strict chain: we observed 4 devia-
tions in the sample we extracted, where a positive deviation
corresponds to the main agent waiting for a sub-chain to
complete, and a negative deviation corresponds to the main
agent’s own concurrent calls.

7.5 Session setups in the literature

By the coding results in Section 10, 1 of the 13 papers in
the 2020-2025 sample models cross-turn state, and that in-
stance is a synthetic multi-turn conversation; 5 of the 8 pa-
pers in the 2026 sample model sessions. A closed-loop
setup with a concurrency count appears in O papers in the
core sample and 2 papers in the 2026 sample.

The absence of this setup is notable, because what
Schroeder et al.[5] discuss is precisely the model of a fixed
number of clients, each waiting after receiving a response
before issuing the next request. By the citation record in
OpenAlex, this paper has been cited by 4 works since 2022,
none of which is on large language model inference serv-
ing. We do not claim from this that the result has been over-
looked, only that within our search scope we did not find it
applied to this setting.

CacheWise[18] is the fullest treatment in our sample. It
runs a fixed number of coding-agent sessions concurrently



until all finish, and reports results grouped by concurrency;
its treatment of think time takes the human idle period as
the session boundary, and it separately evaluates sessions
that resume after idling—such sessions need markedly more
KV cache to be re-prefilled.

7.6 Characterization of agentic workloads
and related system work

Session and dependency appear in concentration in 2026
because agentic applications turn inter-request dependency
from an occasional case into the norm. The related work we
found can be divided into three classes.

Characterization. One group of works reports the
shape of agentic workloads in production: an analysis
of multi-turn sessions on a production platform[16], the
caching behavior of coding agents[18], the overall charac-
teristics of agentic workloads[65], and a large-scale trace
characterization of a code-completion service[66]. The last
reports a scale of 3.2 million users and 761 million calls but
does not release the trace. Another work models the traf-
fic of multi-agent systems from the angle of coordination
topology[70], concluding that inter-arrival times should be
conditioned on the topology rather than characterized by a
single distribution.

System work that exploits dependency structure.
One line of work uses the predictability of the workflow
as a basis for scheduling[64], prefetching or reserving re-
sources before a request arrives based on the known pro-
cess structure; another attends to the pressure that agentic
workloads place on storage bandwidth[69], driven by the
repeated swapping in and out of session state. Both lines re-
quire the workload to have a real dependency structure and
cannot be evaluated with an independent request stream.

Evaluation tools and simulation. A benchmark
for agentic workloads[68] and a multi-turn session
simulator[67] appeared in the same period. The latter makes
a controlled comparison within a single simulation environ-
ment, and its subsection title states directly the dependence
of the policy ranking on the reuse rate, a result we cite in
Section 10.

These three classes of work together show that session
and dependency have become a research object in their own
right. But by the account in Section 3.3, only one pub-
lic dataset contains an explicit dependency graph, so most
works can only be evaluated on their own data, and compa-
rability across works is limited.

8 Traffic Class and Model Routing

The first four aspects describe a single stream of traffic. A
real deployment carries several classes of traffic with differ-
ent characteristics at the same time, and merging them into
one average distribution changes several statistics at once.

8.1 Magnitude of differences across classes

BurstGPT is divided into four classes by model and call
type, and the statistics of each class are given in Table 9.
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Table 9. Statistics of the four BurstGPT classes (1,404,294 records
in total)

Class Share Input Output Cv
P50 P50

ChatGPT / API 77.7% 221 26 97.55

GPT-4 / API 11.9% 466 40 33.71

ChatGPT / conversation 6.9% 533 229 4.86

GPT-4 / conversation 3.4% 576 240 4.40

The median output length differs 9.2-fold across the four
classes, and the coefficient of variation differs 22-fold. Be-
cause a single class accounts for 77.7%, the aggregated
statistics are essentially determined by that class, and the
other three classes are invisible in the aggregate. The two
files of the Azure dataset show a similar situation: the me-
dian output length of the conversation class and the coding
class differs 9.9-fold, and the coefficient of variation differs
12-fold.

Merging has three effects. First, the joint structure within
a class is destroyed: if one class has both long inputs and
high burstiness, after merged sampling these two proper-
ties no longer occur together, yet their co-occurrence is pre-
cisely the worst-case operating condition. Second, the per-
class SLO loses its object: a target can only be attached to
a specific class. Third, comparison experiments are hard to
attribute: the aggregated metric is dominated by the class
with the largest share.

8.2 Class fields in public data

The class dimensions provided by the datasets differ widely:
BurstGPT provides two dimensions, model and call type;
ServeGen is organized by client, its sample contains 422
clients, divided into several groups by model scale and type;
FineServe provides three dimensions: architecture (dense or
mixture-of-experts), scale (four levels), and task intent (ten
classes); Azure and Mooncake have no class field and can
only be distinguished by file name.

8.3 Model routing

In agentic workloads, calling multiple models within a sin-
gle session is a common form. About 53% of the sessions
in AgentX involve multiple models, the typical form be-
ing a main agent using a larger model and sub-agents using
smaller models. The assumption that “a single run involves
only one model” therefore does not hold for this class of
workload.

Two kinds of information need to be distinguished: which
model a request is sent to is the client’s choice and is a prop-
erty of the request; the model’s vocabulary size, number of
experts, and the like are properties of the model and not of
the workload. Our fifth aspect includes only the former.

8.4 System work for mixed traffic

Handling traffic of different characteristics separately is it-
self a line of system design.



Separation by downstream task is an earlier kind. One
work[41] points out that when summarization and conver-
sation requests are mixed on the same instance, the two
interfere with each other, and it therefore argues for sepa-
rate deployment by downstream workload—the premise of
this argument is precisely that the traffic has distinguish-
able classes. A similar approach appears in the multimodal
setting[73], scheduling by modality to address the differ-
ences in compute across modalities.

Multiplexing at the adapter level is another kind. Work
targeting multi-adapter environments[74] caches and sched-
ules adaptively by the usage frequency of adapters. This line
of work is adjacent to but not the same as our fifth aspect:
adapters share the same base model, whereas model routing
points to different base models, and the two differ in order
of magnitude in GPU-memory footprint and switching cost.

On the measurement side, FineServe[72] stratifies along
three dimensions—architecture, scale, and task intent—and
is the public work with the finest stratification we have seen.
It reports that its platform shows no clear daily cycle, con-
trary to the shape reported by Azure and BurstGPT, and
its explanation is that the platform’s users are distributed
across many time zones worldwide. This contrast shows
that a daily cycle is not an inherent property of inference-
serving workloads but depends on the geographic distribu-
tion of those served.

8.5 Tool support

Among the 24 tools we checked, the dataset parameter and
the model parameter of mainstream load-testing tools are
both single-valued, so a single run can apply only one class
of traffic and point to only one model. As for per-class
SLOs, vLLM provides a global threshold, and SGLang pro-
vides no per-class threshold.

The three closest implementations are: Dynamo’s prior-
ity benchmark script supports three concurrent priority tiers
and reports time-to-first-token by tier; inference-perf sup-
ports distributing traffic by weight across multiple adapters
and provides per-adapter reports; and SGLang provides a
configuration option for the adapter request distribution. All
three work at the adapter level rather than the model level.

Therefore, applying multiple classes of traffic concur-
rently in a single run, with each class pointing to a different
model and setting its own SLO, is something we did not find
implemented among the tools we checked.

9 Load-Generation Tools

The previous five sections are organized by aspect. This sec-
tion takes a different view and organizes by artifact, going
through the load-generation and load-testing tools that re-
searchers can use directly. The public datasets have already
been given in Table 3 of Section 3.3.

9.1 Support for the arrival process

Table 10 summarizes the arrival-process capabilities of the
tools we checked. We checked by reading the source
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Table 10. Arrival-process support in load-generation tools. “v’”

means the option is provided, “~” means it is not.
Tool ConstantPoisson Gamma Weibull Replay
vLLM v v v - v
SGLang - v - - v
AlPerf v v v - v
guidellm v v - - v
inference-perf v v - - v
AIBrix[4] v v _ _ v
Dynamo v - - - v
ServeGen[20] - - v v
BurstGPT[21] - — v _ v

code and documentation of each tool’s current main branch,
rather than relying on its release notes.

The table shows that configurability of the interval dis-
tribution is already fairly common: 8 of the 9 tools pro-
vide either Poisson or Gamma, and 4 of them provide
Gamma. Weibull is provided only by ServeGen. We note
that SGLang is the only tool among them that provides
no constant-interval option and whose trace replay supports
only a single format.

Three tools additionally provide capabilities beyond our
five aspects: Dynamo provides a sinusoidal rate func-
tion that can construct a periodic workload; inference-
perf provides dependency-graph-based session replay and
telemetry-span replay; and ServeGen provides arrival gen-
eration driven by a rate function, decoupled from the con-
tent distribution.

9.2 Whether the arrival process is decoupled
from the dataset

A commonly voiced impression is that load-testing tools
bind the arrival process to the dataset, so that choosing a
dataset also determines the arrival pattern. What we found
on checking is that this impression does not hold: all tools in
the table above except SGLang allow the arrival process and
the request-content source to be specified independently,
and AIBrix among them exposes the dataset, the arrival pro-
cess, and the target model as three independent parameters.
SGLang is the exception: in its Mooncake trace-replay path,
the arrival times and the content are taken from the same file
and cannot be replaced separately.

9.3 How blocking appears in the tools

Section 6 noted that block size affects the measurement of
the reuse rate. At the tool level, all 6 tools we checked ex-
plain the role of block size in their documentation or code
comments: one treats block size as a first-class parameter
for both analysis and synthesis; one provides a direct trace-
analysis command that reports the prefix grouping under a
given block size and the hit rate assuming an infinite cache;
one publishes two contrasting hit-rate tables, for the pure-
conversation case and the case with a hot prefix; one notes
in a code comment that different traces use different block
sizes; one warns that a shared prefix length across scenarios
causes server-side cache warming; and one provides an op-
tion to clear the cache between warm-up and measurement.



The statement that “no one reports the effect of block
size” therefore does not hold. The statement we can sup-
port is narrower: all 6 of these tools report numbers at some
fixed block size, but none of them sweeps block size as an
independent variable.

9.4 Format fragmentation

The above artifacts use at least 8 mutually incompatible
request-stream formats, including Mooncake’s line-oriented
JSON, vLLM’s timed-trace format, the SGLang simula-
tor format, Azure’s comma-separated format, the BurstGPT
format, the telemetry-span format, ServeGen’s blocked for-
mat, and several formats defined by individual research
tools. The BurstGPT format is itself internally inconsistent:
different files in the same release have different numbers of
columns.

The direct consequence of non-uniform formats is that
connecting a dataset to a new tool requires writing conver-
sion code, and the choices made during conversion (how to
handle missing output lengths, how to align block sizes) are
usually not reported in the paper.

10 A Survey of Evaluation Setups

This section reports the results of coding the experimental
setups of 29 inference-serving papers.

10.1 Sample and coding

The sample has three parts: a core sample of 13 papers from
2020-2025, a 2026 sample of 8 papers, and a supplementary
sample of 8 papers. The supplementary sample comprises
4 simulators and 4 scheduling papers, selected because the
core sample cites them as a baseline or point of compari-
son. The core sample was selected under the condition that
a paper’s conclusions depend explicitly on some workload
property; it covers the most-cited serving-system work of
the period, but it is not a random sample of that period.

For each paper, we extracted eight fields from its
experimental-setup section: dataset source, arrival process,
open- or closed-loop, experiment scale, how output length
is handled, prefix caching and block size, whether sessions
are modeled, and whether the paper states any limitation re-
garding workload realism. The extraction follows common
practice in systematic literature reviews [31]: the fields were
listed before coding began and were neither added to nor
removed during coding, so that papers remain comparable.
We note that the field list itself was settled after the search
and an initial reading, not before the search; see Section 13.
A field not mentioned in a paper is coded as “not stated,”
which is itself an observation; several of the proportions be-
low concern exactly this value.

Table 11 reports the three parts separately and does not
pool the counts: the three parts were selected differently,
and a pooled proportion would correspond to no population.
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Table 11. Coded evaluation setups for the 29 papers. Cells give
count / stratum size.

Item 2020-25 2026 Suppl.
N=13 N=8 N=8
Uses ShareGPT 6/13 2/8 4/8
Uses a production trace 6/13 718 1/8
Poisson arrival 9/13 1-2/8 4/8
Replays real timestamps 2/13 518 078
Closed-loop with concurrency 0/13 2/8 2/8
Models session state 1/13 6/8 1/8
Reports block-size sensitivity 1/13 0/8 0/8
States output-length mechanism 1/13 3/8 1/8
States workload-realism limits 3/13 4/8 1/8

States limits
oL 2020-25 (N=13)

Block-size sens. =
mm 2026 (N=8)

Output-len. mech.
Closed-loop
Session model

Timestamp replay

Poisson arrival |

Production trace —

I 1

ShareGPT

40 60 80

Share of that stratum (%)

0 20

Figure 4. Evaluation setups in the core sample versus the 2026
sample. Percentages are converted from the counts in Table 11;
for Poisson arrival, the 2026 count is 1-2 papers, and the figure
uses the midpoint, 19%. The sample is small, so the percentages
indicate direction only and are not used for population-level infer-
ence.

10.2 Coding results

Plotting the first two columns as Figure 4 shows that the
core sample and the 2026 sample move in opposite direc-
tions on several items: production traces, timestamp re-
play, and session modeling rise, while Poisson arrival and
ShareGPT fall.

Three results warrant separate comment.

Block-size sensitivity analysis: 1 of 29. This is the
vLLM experiment cited in Section 6. Two other papers
come close but do not do it: TokenSim [79] lists block-
granularity simulation as its source of accuracy, but its
sensitivity analyses cover request rate, request count, in-
put/output lengths, and hardware parameters, never block
size; Splitwise [1] moves KV by block and exploits block
contiguity, and likewise does not sweep the parameter. We
note that block size is configurable in both — TokenSim’s
public implementation exposes it as a command-line argu-
ment with default 16 — so the accurate statement is that
neither treats it as an independent variable, not that either
hard-codes it.

The output-length mechanism: few in the core sam-
ple state it. About half of the 2020-2025 sample fixes or
truncates output length; of these, 1 states the mechanism
fully and 1 states it partially. The one that states it fully is
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Sequence Scheduling, whose research question directly in-
volves truncating by predicted length and which therefore
must state it.

53 [56] needs to be separated into two parts: its topic is
output-length prediction, and it defines an oracle—one that
requires ground-truth lengths—as a control group. Where
those ground-truth lengths come from is stated in its method
section: the predictor is fine-tuned on a question-answering
dataset using the questions as inputs and the lengths of the
answers as labels. We had previously coded this as “not
stated” and correct that here. What does still hold is a nar-
rower point: the paper does not state how generation ter-
minates in its experiments, that is, whether output runs to
the end-of-sequence token or is truncated at the reference
answer length. We code that field as “not stated.”

Closed-loop with a concurrency count: 0 in the core
sample. This setup uses a fixed number of clients, each
of which waits for a think time after receiving a response
before sending its next request, matching the behavior of
real chat interfaces, editor plugins, and agent frameworks.
It appears in 2 papers in the 2026 sample.

10.3 Two evaluation practices in the 2026
sample

In the 2026 sample of 8 papers, we observe two coexist-
ing evaluation practices. Work on real systems (6 papers)
uses trace replay, explicit session structure, and forced out-
put length; simulation and analytical work (2 papers) uses
fixed input/output length points and the ShareGPT dataset.

Among the 4 simulators in the supplementary sample
(LLMServingSim [80], TokenSim [79], APEX+, Split-
wiseSim), none replays production arrival times directly,
but what they use instead differs. LLMServingSim,
APEX+, and SplitwiseSim use a synthetic Poisson process;
of these, SplitwiseSim uses the length distribution of an
Azure production trace while generating arrival times by a
Poisson process at a tunable rate. TokenSim needs to be
distinguished: it drives its experiments by queries per sec-
ond and states no arrival distribution anywhere in the paper;
its public implementation offers uniform, burst, and Poisson
intervals, defaults to uniform, and can also read per-request
arrival times from a trace. The single occurrence of “Pois-
son” in that paper describes conversation length, not request
arrivals.

We note that the real-systems side does not fully preserve
original timing either: VTC replays the LMSYS Arena trace
but rescales the timestamps to the interval [0, D] and sets
them to 150 requests per minute. A more precise descrip-
tion is therefore: in our 2026 sample, work on real systems
tends to preserve the order and session structure of the trace,
while simulation work tends to replace original timing with
a parameterized arrival process.

We do not present this as a field-wide shift. The sample
is purposive, and 8 papers are not enough to support a claim
about the population distribution; the difference in evalua-
tion practice between the two groups may also stem from
factors such as paper type, workload source, or publication
date, and we cannot separate these explanations.
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10.4 Divergent setups make conclusions in-
comparable

During coding we found several pairs of conclusions in ten-
sion, with the difference tied to the evaluation setup. The
three pairs below share a common form: two works reach
conclusions in different directions under different work-
loads or workload models, and therefore cannot be com-
pared directly. We stress that these comparisons do not
control for differences in implementation and configuration,
and cannot be used to quantify the effect of any single fac-
tor.

First, saturated-batch and isolated single-program
metrics cannot be compared directly with open-loop re-
sponse latency. For throughput, SGLang [45] runs “a suf-
ficiently large batch of program instances to compute the
maximum throughput”; for latency, it “execute[s] a single
program at a time without batching.” We note that the paper
never uses the open-/closed-loop pair of terms, and never
describes a fixed concurrency count, a think time, or an
exogenous arrival process; classifying it as closed-loop is
therefore not accurate. A better description is that it reports
throughput under saturation and single-program latency un-
der no contention, neither of which is response latency mea-
sured under a given arrival process. Preble [49] evaluates
a similar mechanism under an open-loop setup and reports
a 1.5x to 14.5x improvement in mean latency and a 2x
to 10x improvement at P99 relative to its own SGLang
baseline. We stress that these factors come from a com-
parison under the same open-loop workload within Preble’s
own experiments, not from a direct comparison with the
single-request experiments in the SGLang paper; the two
papers use different metric definitions to begin with. These
numbers therefore show only that the two papers’ evalua-
tion conventions are not directly comparable; they cannot
be used to quantify the effect of open- versus closed-loop
setups. To give that effect, one would need a controlled
comparison of open- and closed-loop on the same imple-
mentation, and we did not find such an experiment.

Second, two works from the same year use work-
loads with very different reuse characteristics. Fron-
tier [78] performs its fidelity validation on four workloads:
three fixed input/output length points (2048/256, 256/2048,
1024/1024) and one ShareGPT trace. One impression needs
correcting here: that work does model prefix caching. It
models the prefix cache as a block-hash index that marks
matched prefix blocks as already computed, and reports cu-
mulative hit ratios that match vVLLM’s — 36.98% under co-
location and 37.11% under disaggregation. It also models
stateful requests carrying thinking rounds, tool-call delays,
and per-round token plans.

In the same year, SMetric [16] measures KV reuse ex-
ceeding 80% of request tokens on a production trace, of
which more than 65% comes from later requests in the same
session.

The two figures differ by more than a factor of two, but
they are not in conflict: Frontier’s 37% is the fraction of hits
that actually occur under a given engine and a given cache
capacity, whereas SMetric’s 80% is the fraction of tokens
that could potentially be skipped under an infinite-capacity



assumption. The former is constrained by capacity, evic-
tion, scheduling, and concurrent misses; the latter is not.
Placing them side by side would simultaneously overstate
the achievability of the latter and understate the workload
intensity of the former. This is exactly why the distinction
proposed in Section 6 is needed: when reporting a reuse fig-
ure, one should state whether it is the fraction of potentially
shareable tokens, the prefix reuse resolvable by a trace at a
given block size, or the hit rate actually measured under a
named engine and configuration. In the literature we exam-
ined, all three are commonly denoted by the same word.

For Frontier itself, what we can support is a narrower ob-
servation: its Section 5 experimental setup does not state an
arrival process, and a request rate appears only once, in an
appendix (a ShareGPT trace replayed at 64 requests per sec-
ond). For a simulator whose stated goal is temporal fidelity,
the absence of an arrival process in the main experiments is
worth noting.

Third, one simulation work directly reports that
the ranking of policies depends on the reuse rate.
AgentServeSim’s subsection headings include “policy
choice matters only when the prefix reuse rate is high” and
“session affinity is essential when the cross-turn cache reuse
rate is high.” It makes a controlled comparison within a sin-
gle simulation environment, so its conclusion is more direct
than a cross-paper comparison.

11 Discussion

This section draws together three observations that cut
across the aspects.

11.1 The trade-off between privacy and re-
producibility has hardened into a repre-
sentation

Table 3 in Section 9 shows that every production server-side
trace removes the original token sequence in some way, and
the more recent ones use a block index or block hash as
a substitute. This addresses two problems at once: privacy,
since the hash is irreversible; and storage, since the 145 mil-
lion tokens of the Mooncake conversation trace would take
about 580 MB stored as text but 2.89 MB stored as block
indices.

Block-coding is therefore not a one-off choice by a sin-
gle dataset but the common representation for public data
in this area. Its cost is to replace a continuous quantity—
the number of shared tokens—with a discrete quantity in
units of the block size, and this unit differs by a factor of 32
across datasets (16 to 512). The direction of bias given in
Section 6.4 shows that when the trace block size and the en-
gine block size differ, the measured reuse rate may be either
overestimated or underestimated, with the direction depend-
ing on their relative size, so it cannot be handled by adding
a single uniform correction term.

Only one tool notes, in a code comment, that different
traces use different block sizes; the others each assume a
single fixed value.
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11.2 Configurability is widespread; the basis
for parameter values is still missing

Placing Table 10 alongside the coding results in Section 10
shows a contrast. At the tool level, interval distributions,
rate functions, and trace replay are mostly standard fea-
tures, and block size, cache flushing, and prefix length all
have corresponding parameters. At the paper level, how-
ever, the basis for these parameter values is rarely stated:
1 of 29 papers sweeps block size, none of the 4 simulators
replays production timestamps, and whether output length
is forcibly truncated is disclosed by almost no paper in the
2020-2025 sample.

This suggests that the current bottleneck is not tool capa-
bility but reporting practice. The parameters are already ad-
justable, but the reason for setting one to a particular value,
and how sensitive the conclusions are to that value, are usu-
ally outside the scope of a paper’s discussion. The checklist
in Section 12 targets exactly this level.

11.3 A lag between workload characteriza-
tion and system design

The sensitivity table in Section 3 lists the mechanisms that
each aspect affects. Comparing that table with the fields
of public data shows a systematic lag: new system mech-
anisms tend to appear before the corresponding workload
data.

Prefix caching is one example. Public traces with a block-
hash field appeared only after the mechanism became com-
mon in engines; before that, evaluation could rely only on
synthetic shared prefixes. Inter-request dependency is an-
other. There are already several agent-oriented scheduling
works, whereas only one of the public datasets we found
contains a dependency graph. Multimodality is a third: at
present only one trace records the number of images, and it
does not include attributes such as resolution that affect the
amount of computation.

What this lag means for a survey is that an aspect ne-
glected in the literature is not necessarily unimportant; it
may be that the data needed to describe it does not yet ex-
ist. Distinguishing the two requires asking whether a mech-
anism already depends on that aspect—by this criterion,
inter-request dependency and multimodality fall into the lat-
ter case.

12 A ChecKlist for Evaluation Setups

This section organizes the preceding observations into ac-

tionable checklist items.
On data.

1. Compute the ratio of distinct timestamps to records, and
check whether the values fall on a regular grid. If there
are signs of aggregation, do not report queueing or time-
to-first-token conclusions finer than that granularity.

2. The coefficient of variation should be reported only after
the previous check, stating whether it reflects the raw or
the aggregated shape.



3. Check that the data schema matches the documentation.
For example, BurstGPT’s documentation lists a session
identifier and a duration as general fields, yet only two
of its six released files contain these two columns.

4. Do not use the ratio of block size to median input length
to decide whether a dataset is safe. What governs the
reuse rate is the distribution of shared-prefix lengths, not
the input length. Two counterexamples: with a median
input of 100K but a shared prefix of only 100 tokens,
a block size of 512 passes any input-length-based test
yet observes no reuse; with a median input of 200 and a
shared prefix of 200 tokens, a block size of 128 fails that
test yet still captures 128 reusable tokens. Scan the reuse
rate over several candidate block sizes instead, and report
the reuse rate at each, the number of requests with a hit,
and the loss relative to the finest granularity available.

5. Check for duplicate workloads within a single dataset.
Under a record-by-record comparison, the two Moon-
cake files have identical output lengths.

On measurement.

6. When reporting the reuse rate, give both the trace block
size and the engine block size, and state the direction of
bias.

7. Sweep block size as a parameter rather than fixing it as a
constant.

8. When reporting a distribution, give quantiles. Workload
data is often heavy-tailed, and the mean does not sum-
marize it adequately.

9. State how output length is determined: genuine genera-

tion to the end-of-sequence token, replay of the recorded

length, or forced truncation.

State whether an open- or closed-loop workload model

is used. Under closed-loop, the two experimental groups

receive different request streams, and one cannot assume
their workloads are identical. Experiments aimed at find-
ing a capacity ceiling should use open-loop.

When replaying data with session structure, state

whether sessions are flattened into independent requests.

If the data is tree-structured (for example, with sub-agent

groups), state whether it is read recursively.

On reporting.

When a single traffic class dominates, report by stratum.

In the data we examined, the largest class reaches 77.7%

of the total.

Give absolute numbers, not only relative proportions.

State the collection date and the business type of the

workload data.

10.

11.

12.

13.
14.

13 Threats to Validity and Limita-
tions

Retrospective write-up of the search and coding proto-
col. The actual process of this study was to search and
extract first and to write up the protocol afterward: the eight
coding fields and the sample-selection criteria listed in Sec-
tion 10 were written up after data collection. We used them
to re-check the entries already included, but we did not redo
an independent round of screening under the protocol. This
limits the reproducibility of the search process, and readers
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should take it into account when interpreting the proportions
below.

Coding errors and corrections. Before finalizing this
draft we re-checked a number of coded entries against the
primary sources, and corrected five of them. These correc-
tions share a cause: they were coded from a paper’s ab-
stract, figures, or a secondary description rather than from
a line-by-line reading of the relevant section. The correc-
tions are: in TokenSim the single occurrence of “Poisson”
describes conversation length rather than request arrivals,
and that paper does model multi-round conversations (both
were coded wrongly); the source of the ground-truth lengths
in 52 is stated in its method section, which we had coded as
“not stated”; SGLang’s evaluation should not be classed as
closed-loop, since the paper does not use that pair of terms;
and Frontier does model block-hash prefix caching and re-
ports hit ratios, which we had coded as not modeled. The
counts in Table 11 have been updated accordingly.

We keep this note rather than silently amending the num-
bers, for two reasons. First, the distribution of these errors
is itself relevant to our topic: they cluster on negative judg-
ments of the form “paper X does not do Y,” and it is pre-
cisely negative judgments that require line-by-line checking
of the primary source. Second, the remaining negative judg-
ments in this paper have not each been re-checked with the
same intensity, and readers should calibrate their confidence
in them accordingly.

Completeness of the search. DBLP repeatedly trig-
gered rate limits during the search, and the proceedings of
some conference years could not be enumerated exhaus-
tively. The Chinese-language databases (CNKI, Wanfang,
VIP) were inaccessible from the network environment of
this study, so our conclusions about Chinese-language liter-
ature rest on journal websites’ tables of contents, WeChat-
account indices, and cross-refutation against Crossref and
OpenAlex, and are not an exhaustive search.

Availability of primary sources. We could not obtain
the experimental-setup section of Orca [32]: its full text
is a USENIX-provided PDF that uses compressed object
streams, from which our tools could not extract text. Ev-
ery statement we make about that work’s workload setup is
marked as not verifiable from the primary source, and we
do not speculate.

Sample selection. The 29 papers were selected by in-
fluence and relevance, which is purposive rather than ran-
dom sampling. The proportions in Table 11 therefore cannot
be extrapolated to the population distribution of the field,
nor can they be used to give a confidence interval for a pop-
ulation proportion. Our wording for a result such as “1 of 29
reports block-size sensitivity” is: among these widely cited
papers we observed only 1. Obtaining a population-level
judgment would require constructing an exhaustive sam-
pling frame, or separately conducting a targeted search for
counterexamples; we did neither.

Independence of evidence sources. The production
observations look abundant but come from about eight in-
dependent sources, several of which share an origin: Serve-
Gen, Pythia, ACDC, and Aegaeon are from the same group
of authors; KVCache-in-the-Wild and SMetric are from
the same combination of institutions. These works do not



corroborate one another. We also note that three of the
sources—ByteDance’s HPCA 2026 production characteri-
zation, AWS’s SOSP 2026 serving-system work, and the
SoCC 2025 diffusion-model serving characterization from
SIAT, Chinese Academy of Sciences—have no preprint, and
searching arXiv alone would reduce the visible independent
sources from eight to five.

Limits of generalizing from a single trace. The block-
size experiment in Section 6 was carried out only on ACDC
offline trace a. That trace is special in two ways: it is an
offline batch workload, submitted as a whole and with no
arrival process, whose prefix sharing comes from a uniform
task template rather than from conversational history in an
interactive workload; and its median input length is 298 to-
kens, which is a short-input workload; on long-input work-
loads the same block size corresponds to a smaller ratio, and
the point of decline also differs. The 0.5 given in the text is
a warning value for that trace, not a universal threshold.

14 Open Questions

1. The effect of synthetic tokens on mixture-of-experts
routing. Existing public traces express content as
block indices, and reconstructing tokens usually uses a
pseudo-random sequence. Because the router depends
on token values, whether this reconstruction changes the
distribution of expert load can be answered by a con-
trolled experiment. We did not find such an experiment
within our search scope.

2. The effect of forced output length. Upstream frame-
works already provide a switch to disable this behavior,
and their documentation notes that forcing decoding past
the end-of-sequence token changes the output distribu-
tion, but we have not seen a quantitative report of the
difference between enabling and disabling it.

3. The boundary between open- and closed-loop. The
criterion we give takes the form of the ratio of system
time to one round period; two public datasets differ by
about 65x on this ratio, but the threshold itself needs to
be determined empirically.

4. Whether requests rejected under overload count in
the denominator of the service-level objective. We
did not find work that defines this explicitly, and whether
they are counted changes the attainment rate.

5. Recording of retry behavior. Retries form positive
feedback and are one of the main forms by which over-
load spreads, but none of the public datasets we exam-
ined records retries.

6. Format conventions for the request stream. On the
results side there is already standardization work, while
on the request-stream side there are several mutually
incompatible formats; Mooncake has no official replay
client, and six downstream projects each implement their
own reader.

19

15 Related Work

Surveys of inference serving. Existing surveys [8, 9, 10,
11, 12, 77] are organized around serving mechanisms; their
coverage is shown in Table 1.

The effect of workload choice. Papaioannou and
Doudali [13] point out that most systems use synthetic
datasets in evaluation, and report about a threefold through-
put difference between text-generation and summarization
workloads. Within our search scope it is the earliest work to
discuss this problem explicitly; it is an eight-page workshop
paper, concerns a single system, and does not address trace
analysis or a classification framework.

Discussion of evaluation methodology. Agrawal et
al. [14] organize common problems in inference-serving
evaluation under three headings—baseline fairness, evalua-
tion setup, and metric design—including workload choices
that fail to represent production settings. That work is aimed
at practitioners, whereas we focus on a description frame-
work for the workload itself; the two have different con-
cerns.

Production-trace characterization. Wang et al. [15]
report the KV reuse characteristics of a large cloud provider,
measuring ideal hit rates of 62% and 54% under an infinite-
capacity assumption. The aim of that work is to guide
cache-eviction policy design, so it does not describe the
matching algorithm, does not distinguish prefix-reusable
content from repetition at arbitrary positions, and does not
vary the measurement granularity; these are not flaws of that
work, but they limit the comparability of its numbers with
other work.

Characterization work on agent workloads appeared in
a cluster in 2026, including real coding-agent traces [17],
multi-turn session analysis on a production platform [16],
and session-level cache-management studies [18].

Load generation. ServeGen [20] models a production
platform by decomposing it into clients and is the most
heavily parameterized of the general-purpose load genera-
tors we examined; BurstGPT [21] characterizes burstiness
with a Gamma process and releases a long-term trace.

Earlier methods of workload characterization. Our
method draws on earlier measurement literature in network-
ing and cloud computing: Arlitt and Williamson’s [24]
extraction of invariants across traces, Crovella and
Bestavros’s [25] practice of tracing a statistical phenomenon
back to its generating mechanism, Barford and Crov-
ella’s [26] argument about the fidelity of synthetic load gen-
erators, the practice of Shahrad et al. [27] and Joosen et
al. [28] of first releasing and characterizing a trace and then
revisiting it longitudinally, and Schroeder et al.’s [5] discus-
sion of open- and closed-loop workload models. For re-
porting practice in evaluation, we draw on Heiser [29] and
Hoefler and Belli [30].

16 Conclusion
We treat the workload as an object of study in its own right,

give a five-aspect description framework with its conditions
of applicability, map how public datasets and tools cover



each aspect, and code the evaluation setups of 29 papers
uniformly.

Three results bear repeating. First, among the 29 papers
we examined, 1 reports a sensitivity analysis over KV cache
block size, a parameter whose effect on the measured reuse
rate reaches an order of magnitude on a single trace. Sec-
ond, how output length is handled is left unstated by most
of the 2020-2025 sample; the works in the 2026 sample that
do state it give reasons different from those of load-testing
tools. Third, within the 2026 sample, work on real systems
and simulation work use different workload sources and ar-
rival models.

These results do not constitute a judgment about the field
as a whole, but they are enough to show that the workload
setup should be treated, like the hardware configuration and
the model version, as an experimental condition that must
be reported in full.
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