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Abstract
Coding agents are becoming an important source of LLM
inference traffic, yet their workload behavior remains poorly
understood. Existing workload studies largely focus on gen-
eral LLM traffic, providing limited visibility into the charac-
teristics of agentic workloads. To bridge this gap, we study
3.7 months of production traffic from FreeInference, span-
ning 209B input tokens and 12K sessions across 13 agent
harnesses, revealing agentic workload characteristics that are
not captured by request-centric views of LLM serving.

Our analysis shows that coding-agent sessions are long-
lived and bursty, with tight LLM–tool loops separated by
longer user idle periods. Contexts grow substantially while
outputs remain short, causing cache reads to dominate token
volume and API cost. Tool execution dominates active-session
latency, yet tool parallelism remains uncommon. Prefix reuse
is high but disrupted by user idle gaps and context mutations
performed by agent harnesses. A 15-minute KV-cache reten-
tion time captures most practical reuse, while longer retention
provides diminishing returns at substantially higher storage
cost. We will release the trace alongside the paper to enable
further research on agentic workloads and serving systems.

1 Introduction
Coding agents are becoming an important workload for

large language model (LLM) serving systems. Advances
in reasoning and tool use have enabled agents such as
Codex [36], Claude Code [5], Kilo [18], and OpenCode [38]
to handle increasingly complex software-engineering tasks by
interacting with external environments. Developers are adopt-
ing these agents at an increasing rate as they become more
capable and dependable in day-to-day software development.
As their usage grows, serving these workloads efficiently is
becoming increasingly important.

Efficient serving depends on understanding the structure of
the workload being served. Prior workload studies have char-
acterized production LLM traffic to guide caching, schedul-
ing, routing, and resource management [35, 53, 55, 58]. These
studies largely focus on general or chat-oriented workloads,
providing limited visibility into the session-level structure
of agentic workloads. Consequently, we still have a limited
understanding of how agentic workloads behave in produc-

Table 1: Statistics of the FreeInference trace. We focus on coding-
agent sessions and filter out single-request API traffic and benchmark
replay, except for one SWE-Bench replay used for comparison.

Trace Summary

Time span 3.7 months Sessions 12,002
Requests 1,186,582 Tool calls 1,213,347
Input tokens 209.2 B Output tokens 552.5 M
Cached tokens 197.1 B Agent harnesses 13 (+1)

Sessions and Input Tokens by Harness

Harness Sess. Input Tokens Harness Sess. Input Tokens
Hermes 3,953 43.1B OpenCode 1,733 44.2B
Pi 1,499 61.2B SWE-Bench 1,035 1.8B
Kilo 797 8.5B Codex 763 6.1B
Oh-My-Pi 719 17.4B Claude Code 639 8.9B
Copilot 295 5.8B Zcode 197 9.4B
OpenClaw 189 1.0B Cline 86 1.3B
Zoo 75 0.4B OpenHands 22 0.1B

tion and how their characteristics should inform the design of
efficient serving systems.

Recent work has begun to characterize agentic workloads
using benchmarks such as SWE-Bench, Terminal-Bench, and
GAIA [16, 33, 34]. These benchmarks provide useful insight
into agent behavior, but they are designed primarily to run
predefined tasks in controlled settings. It therefore remains
unclear whether workload characteristics observed in these
benchmarks reflect how coding agents behave in production,
or whether serving-system evaluations based on them gener-
alize to real-world workloads.

In this work, we aim to bridge this gap with a characteriza-
tion of production coding-agent workloads using a 3.7-month
provider-side trace from FreeInference. The trace contains
12K sessions, 1.2M requests, 209B input tokens, and 1.2M
tool calls across thirteen agent harnesses. This trace provides
a production-scale view of coding-agent sessions, allowing us
to study both their workload characteristics and implications
for LLM serving. We highlight several findings:
• Cache reads dominate session cost. As a session pro-

gresses, the reusable prefix grows to hundreds of thousands
of tokens, while each step contributes relatively few new in-
put and output tokens. Among requests with reported cache
usage, cached input accounts for 97% of token volume and
73% of API cost.
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Table 2: Comparison with prior interaction datasets and production
LLM workload studies. We open-source the largest production agen-
tic workload trace with block-level and tool information to date.

Work Span Tokens Sessions Type Harnesses KV Unsampled
Release

ServeGen [58] 4 mo. – – Serving – – –
BurstGPT [55] 4 mo. 2.18B – Serving – – ✓
Qwen-Bailian [53] 2 h – – Serving – ✓ –
Mooncake [43] 1 h 356M – Serving – ✓ –
Chutes [35] 12 mo. 38.3T – Serving – – ✓
WildChat [72] 13 mo. 1.87B 1.0M Chat – – ✓
LMSYS-Chat [73] 4 mo. 577M 1.0M Chat – – –

SWE-chat [7] 3 mo. – 6.0K Agent Multi – ✓
TraceLab [78] 8 mo. 55.1B 4.3K Agent 2 – ✓
CacheWise [50] – 10M 94 Agent 1 – ✓
Copilot [27] 1 wk 95T 13.5M Agent 1 – –

Ours 3.7 mo. 209.2B 12.0K Agent 13 (+1) ✓ ✓

• Tool execution dominates active-session latency. In a
typical session, tool calls take longer than either prefill or
decoding. Halving tool latency yields a 1.38× speedup, far
exceeding the 1.09× and 1.16× gains from halving prefill
and decode time, respectively.

• Tool parallelism is underused, while synchronous sub-
agents suffer from stragglers. Parallel tool execution re-
duces repeated LLM–tool round trips, yet 84.5% of requests
issue only one tool call. Subagents are used in only 10.4%
of sessions and are mostly synchronous, with stragglers that
can take over 5× longer than the fastest sibling.

• Context mutations are widespread and drive substan-
tial recomputation, yet are necessary to control serving
cost. Although only 4.0% of requests modify prior context,
mutations occur in 56% of sessions, challenging the com-
mon assumption that agent context grows monotonically.
Even with infinite cache retention, mutations account for
62% of newly prefilled tokens, making them a major source
of recomputation. Counterintuitively, eliminating context-
reduction mutations does not generally reduce prefill or cost.
Instead, it increases context length, cache-read volume, and
the penalty of cache misses. Under a 15 minute cache re-
tention time, eliminating context-reducing mutations can
increase prefill and API cost by up to 5%.

• A 15-minute rule for prefix caching: balancing recom-
putation and storage cost. A 15-minute retention time
captures much of the available reuse while keeping provider-
side storage cost low. Capturing nearly all reuse requires a
day of retention, but incurs 25.6× higher storage overhead.
Harness-provided session-level signals can help reclaim
dead blocks and make longer retention practical.

• Benchmark replays are different from human-driven
workloads. SWE-Bench runs a fixed task based on a long,
detailed input, while humans send many short prompts to
agents. Benchmark replays produce sessions that are 9.4×
shorter in duration and 5.1× smaller in context than human-
driven sessions, and require only 5 minutes of retention for
ideal prefix reuse versus about one day in production.

Turn 1 Turn 2 · · · Turn N
User Idle

Session

Tool + LLM StepUser Step Response

Loop
Turn

Figure 1: Coding-agent execution hierarchy. A session is a sequence
of user turns separated by user idle time. Each turn begins with a
user step, and continues through a repeated LLM–tool loop.

These findings show that production coding-agent work-
loads exhibit distinct characteristics that are not captured by
request-level analyses of LLM serving. Our analysis character-
izes these behaviors across diverse production coding agents
and motivates treating sessions as the unit for designing and
evaluating efficient agent-serving systems. To support further
research, we will release the trace1 alongside our analysis.

2 Background
2.1 Coding Agents

Coding agents use LLMs to carry out software-engineering
tasks through repeated interaction with tools and their envi-
ronments [54, 64]. A user typically begins by providing a
natural-language task, such as implementing a feature. The
agent then executes a ReAct-style loop [67]. In each iteration,
it sends the current context to the model, invokes the requested
tools, incorporates their results into the context, and issues
another model request. This loop is managed by an agent
harness. The harness constructs each model request, executes
tool calls, and feeds their results back into the context for
the next request. A single user task can therefore expand into
many model requests and tool calls. For work that spans multi-
ple context windows, harnesses also manage compaction and
persistent progress records [3, 4]. We describe this execution
at three levels:
• Session. The highest-level unit, spanning the user’s end-to-

end interaction with the agent. A session contains one or
more turns, accumulating context across its lifetime.

• Turn. One user-initiated interaction within a session. A
turn begins with a user prompt, after which the agent enters
an autonomous LLM–tool loop until it produces a final
response and returns control to the user.

• Step. One model request within a turn. The first step is
triggered by the user prompt. Subsequent steps are triggered
by tool results and continue the LLM–tool loop until the
final step returns a response and ends the turn.

2.2 LLM Workload Traces
Production traces provide realistic traffic for designing and

evaluating LLM serving systems. Prior work has extensively

1We aim to release a trace containing user prompts and LLM responses
upon approval. Otherwise, we will release an anonymized trace with hashed
token blocks, tool-call information, and rich metadata.



characterized request-level traffic and multi-turn conversa-
tions [35, 41, 43, 44, 46, 53, 55, 58], but fewer studies focus on
coding-agent sessions. Evaluations of agent-serving systems
often use benchmark-driven workloads such as SWE-Bench,
Terminal-Bench, and τ -bench [16, 33, 66]. Recent characteri-
zation studies replay such benchmarks to study requests, tool
execution, context growth, and serving behavior [8,19,20,70].
However, these evaluations typically run agents on controlled
and isolated tasks, providing a partial view of human-driven
agentic workloads.

Recent trace studies have begun to examine production
coding-agent sessions. TraceLab [78], CacheWise [50], and
Copilot [27] collect client-side logs from Claude Code, Codex,
and Copilot, while SWE-chat [7] collects sessions shared
by developers. Table 2 compares these datasets. Existing
studies mainly provide client-side traces, making ours the
largest provider-side characterization of human-driven agentic
workloads with tool-call and block-level metadata to date.

3 Dataset and Methodology
We analyze 3.7 months of traffic from FreeInference, a

public LLM inference service.2 FreeInference serves 12 mod-
els through both local compute and remote APIs, processing
more than 3 million requests and 500 billion tokens per month.
Users worldwide run over 100 different agents on the service.

In this study, we focus on the most popular human-driven
production agents. Table 1 summarizes the resulting dataset,
which contains 12K sessions and 1.2M requests across thir-
teen agent harnesses. We identify the agent harness from the
user-agent field when available and from the system prompt
otherwise. All analyses exclude SWE-Bench unless otherwise
stated. Table 3 summarizes the fields available in the trace.
For each request, we record the input and output text along
with their associated tool calls. We also log metadata includ-
ing the timestamp, model, and anonymized user identifier,
together with serving measurements such as input, output,
and cached token counts, completion latency, and time to first
token (TTFT). For requests forwarded externally, we use the
reported latency measurements. As a result, metrics such as
TTFT may include internal buffering or queueing delays.

Session Reconstruction. The inference API is stateless, and
explicit session identifiers are not sent by most harnesses.
We therefore reconstruct sessions from request histories. A
natural approach is strict prefix matching, where a request is
linked to a prior request only if it preserves the full previous
input as a prefix. However, this approach splits sessions too
aggressively whenever harnesses modify earlier context and
break prefixes. We instead reconstruct sessions using replayed
LLM outputs. Although harnesses may modify earlier context,
a later request typically retains the previous LLM output
in its input history. We therefore link requests by matching

2We analyze only data from users who explicitly consented to research
data collection and sharing before using the service.

Table 3: Key fields available in the FreeInference production trace.

Field Description

request_id Request IDs
user_id Anonymized user IDs
model_id Model used
harness Harness inferred from user-agent or system prompt
session_id Reconstructed session ID
messages Prompt and response text
timestamps Request timing and latency
token_counts Input, output, and cached tokens
tool_calls Tool-call metadata and results

the earlier output against the later request’s history. For tool-
calling responses, we link requests using the tool-call ID.
Otherwise, we match the assistant message to its replay in a
later request.

We validate the reconstructed sessions on harnesses that
provide explicit session identifiers. In this subset, 95% of
reconstructed sessions match the harness-provided sessions
one-to-one. Most mismatches occur when a harness regen-
erates its session identifier after inactivity, splitting one logi-
cal conversation across multiple sessions. To preserve reuse
across long idle periods, we do not impose an inactivity cutoff
during reconstruction; such cutoffs can instead be applied
during analysis if desired.

4 Sessions
We first study coding-agent sessions in terms of turns and

the steps within them. We then examine how context grows,
where time is spent, and how users prompt agents across turns.

4.1 Session Structure

Sessions are mostly tool and LLM-driven. Figure 2a shows
that sessions contain only a few user steps but tens to hun-
dreds of steps in total, with some sessions reaching thousands.
Sessions have a median of 4 user steps, but 36 tool and 42
LLM steps per session. LLM and tool steps closely track each
other at nearly a one-to-one ratio, showing that most activity
within a session is driven by the LLM–tool loop.

Sessions last for hours, while each user turn runs for min-
utes. A session consists of multiple user turns, each beginning
with a user prompt followed by an LLM–tool loop. Figure 2b
compares the duration of individual user turns with the ses-
sions that contain them. The median user turn lasts about one
minute, while the median session lasts 30 minutes, roughly
30× longer. The longest 10% of sessions exceed 7.7 hours.
This gap is driven primarily by idle time between turns rather
than active execution. Once a turn completes, users may spend
substantial time thinking, typing, or stepping away before is-
suing the next request. Session duration is therefore made up
of two distinct components: fast LLM–tool execution loops
within turns and longer idle gaps between multiple user turns.
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Figure 2: (a) Sessions contain a few user steps but tens to hundreds of LLM requests, most of them triggered by tools. (b) A single user turn
lasts from a few seconds to more than 24 hours, while a typical session lasts from a few minutes to almost one week. (c) Requests carry long
inputs, with most tokens being cached. (d) The cost of most sessions is dominated by prefix-cache hits.
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Figure 3: Context composition changes as a session progresses.
Shaded areas show the P25–P75 ranges. (a) Cached tokens accumu-
late rapidly across steps, while uncached input and output remain
small. (b) Earlier turns are dominated by the system prompt, middle
turns are dominated by tool results, and later turns are dominated by
LLM responses.

4.2 Tokens and Cost

Fresh prefill and output per request are small; API cost
is dominated by prefix-cache hits. Figure 2c shows that
requests carry large contexts but add relatively few new tokens.
The median request contains roughly 129K input tokens, yet
only about 500 are uncached, roughly 260× fewer than the
total input. Outputs are small at about 200 tokens per request.
Thus, agentic workloads are less prefill-heavy than their raw
input sizes suggest. Figure 2d shows the consequence at the
workload level using Claude Fable 5 pricing [6], where cached
input is priced at $1/M tokens, uncached input at $10/M, and
output at $50/M. Token and cost shares use requests with
reported cache usage. Cached input accounts for 97.4% of
all tokens and 72.9% of API cost, while uncached input and
output make up only 17.4% and 9.7% of cost respectively.
Thus, although cached tokens cost 1/10th of the input price,
the high volume of reused input in agentic workloads makes
prefix cache hits a substantial component of total API cost.

Prefill concentrates in the first few steps. Figure 3a shows
that requests carry the most uncached input near the begin-
ning of a session, while deeper requests increasingly reuse an

already cached prefix. Median uncached input is about 10K
tokens in the first few steps due to the long system prompt
and repository exploration (Section 7), but falls to around 1K
and continues declining. Meanwhile, the cached prefix grows
from a few thousand tokens to hundreds of thousands, but
sublinearly: it adds about 2.5K tokens per step over the first
ten steps, and only about 330 per step after a hundred. Out-
put remains roughly constant at about 200 tokens per request.
Early requests are therefore more prefill-heavy, whereas later
requests are more cache-heavy.

Tool history peaks and is pruned, while assistant history
continues to grow. Figure 3b shows that context composition
shifts substantially over the course of a session. Early steps
are dominated by the system prompt and initial user input.
Tool results then accumulate rapidly: assistant and tool history
together grow from 32% of context tokens at 10 steps to 92%
at 1K steps. However in longer sessions tool history peaks and
subsequently declines, whereas assistant history continues to
grow and eventually becomes the largest component. This
divergence reflects a common harness policy: pruning older
tool outputs while retaining assistant messages, including
their tool calls.

Finding 1: Agentic requests repeatedly reuse large and
growing contexts while adding short new input and output
tokens. Prefix-cache reads dominate coding-agent session
costs.
Serving systems should optimize the cost of serving
prefix-cache hits. Harnesses should aim to reduce the
number of steps rather than input per turn; Users should
pay more attention to cache-read pricing.

4.3 LLM and Tool Latency
Request latency is TTFT-bound, largely due to serving
overheads. Figures 4a and 4b break down TTFT and decode
time for two externally routed models. We estimate pure pre-
fill time from each model’s throughput on cold long-context
misses and subtract it from TTFT. The remaining time, la-
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Figure 4: Request and session latency have different bottlenecks. Request latency is strongly shaped by TTFT serving overheads. (a, b) For
externally routed models like Minimax-M2.7 and Kimi-K2.7-Code, TTFT is dominated by these overheads rather than pure prefill. (c) At the
session level, tool execution and user idle time account for much of the session time. (d) With user idle time excluded and each tool gap capped
at 15 minutes, accelerating tools yields larger gains than accelerating prefill or decode.

Table 4: Example commands in each shell category, most frequent
first. ∗ denotes a shell-command category, as in Table 5.

Category Example commands

∗Interpreter python, code, node, npm run, php
∗Search grep, sed, rg, find, Select-String, awk, fd, jq
∗File Ops ls, rm, ps, cp, mkdir, Get-Content, Get-ChildItem
∗Git/VCS git diff, git log, git status, git commit, git show

∗Network ssh, curl, netstat, ss, scp, Invoke-WebRequest
∗Wait/Poll sleep, nohup
∗Build/Test pytest, cargo test, npx tsc, bun test, dotnet build

∗Packages pixi, pip, cargo fmt, cargo clippy, uv pip

beled queueing, includes both queueing and other serving
overheads. Both models process prefill at roughly 8K token-
s/s, while the median request contains fewer than 1K uncached
tokens, making pure prefill typically less than 0.1 s. As a re-
sult, serving overheads account for most of the roughly 4 s
median TTFT. Requests generate only hundreds of output
tokens, keeping median decode time to roughly 1–3 s. Thus,
serving overheads dominate request latency for these models.
Although we show only two models, we observe the same
pattern across all externally routed models.

Most time is spent outside the LLM. Figure 4c breaks ses-
sion wall-clock time into prefill, decode, tool execution, and
user idle time. We define user idle time as the time between
the final response of one turn and the next user prompt. On
average, user idle time accounts for 50.3% of session time, fol-
lowed by tool execution at 21.7%, decode at 18.1%, and prefill
at 9.9%. Decode dominates prefill because most requests are
served by locally hosted models with little queueing and high
prefix reuse. Together, tool execution and user idle time ac-
count for 72.0% of session time. In Section 6.1 we will show
that user idle time is the biggest source of cache misses.

Tool execution is the new bottleneck. While substantial
effort has been devoted to improving LLM inference through-
put, tool execution has emerged as the dominant bottleneck
in agentic systems. Figure 4d quantifies the effect of indepen-

dently doubling prefill, decode, and tool-execution through-
put on end-to-end latency. With tool gaps capped at 15 min-
utes, doubling tool-execution throughput provides a 1.38×
speedup, compared with speedups of only 1.09× and 1.16×
from doubling prefill and decode throughput, respectively.

Finding 2: Serving overheads such as queueing domi-
nate per-request TTFT, whereas tool execution dominates
active session time. User idle time dominates end-to-end
session duration.
Serving systems should jointly optimize routing and load
balancing to preserve prefix reuse while minimizing queue-
ing delays. Hardware designers should optimize for
emerging tool-execution workloads. To shorten session du-
ration, harnesses should select lower-latency tools, mini-
mize the need for user intervention, and potentially request
user clarification promptly and asynchronously.

5 Tools
Tool execution accounts for a substantial share of active

session time, as agents autonomously invoke tools throughout
each turn. In this section, we examine how agents use tools.
Agents have two types of tools: (1) native tools provided by
the harness and (2) a bash tool that performs more diverse
functions. We normalize tool names across agents and bash
by intended function. For compound commands, we use the
final command in the chain; for pipelines, we use the first
command. Table 5 lists the resulting categories, and Table 4
gives representative shell commands for each category.

We measure the effective latency of tools as the elapsed
time between when the LLM finishes a response and the tool
result returns (excluding the estimated network round-trip
time).

5.1 Tool Overview

Tool usage is concentrated in a small set of broadly used
operations. Native tools account for 47% of all tool calls,
while shell commands account for the remaining 53%. Calls



Share (%) Batched (%)

Category Calls Sess. Tokens Time Fail Same Mixed

Read 16.3 68.2 33.9 7.2 1.0 23.9 5.5
Edit 12.2 55.5 3.8 5.6 2.1 8.1 1.3
Write 4.3 46.8 0.5 1.8 1.0 8.0 2.9
Browser 2.6 23.2 5.9 0.8 1.7 28.7 8.2
MCP 1.5 5.7 3.3 1.2 4.2 15.8 6.4
Subagent 0.4 10.4 0.8 2.0 1.5 29.8 6.5
Ask User 0.4 18.2 0.1 5.8 2.2 1.2 0.7

∗Interpreter 12.4 60.9 8.6 16.9 5.0 2.7 3.0
∗Search 11.2 56.7 7.5 6.9 1.9 4.8 6.8
∗File Ops 9.0 70.6 7.6 6.9 3.3 9.7 14.2
∗Network 3.7 31.2 2.5 2.7 6.3 5.7 5.2
∗Git/VCS 3.6 28.2 2.4 3.3 2.2 6.7 7.7
∗Wait/Poll 3.3 28.7 1.2 10.0 8.1 0.3 1.2
∗Build/Test 2.5 18.9 1.1 4.7 3.6 1.2 4.0
∗Packages 0.9 15.3 0.4 1.4 4.8 2.0 6.7

Other 15.6 80.8 20.4 22.9 5.5 9.0 5.6

All 100.0 100.0 100.0 3.3 10.0 5.5
1k 10k 100k 1M

Latency (ms)

Other
*Packages
*Build/Test
*Wait/Poll
*Git/VCS

*Network
*File Ops
*Search

*Interpreter
Ask User

Subagent
MCP

Browser
Write

Edit
Read

Mean

(a) Effective latency

10 100 1k
Tokens

Other
*Packages
*Build/Test
*Wait/Poll
*Git/VCS

*Network
*File Ops
*Search

*Interpreter
Ask User

Subagent
MCP

Browser
Write

Edit
Read

Mean

(b) Output tokens

Table 5: Tool overview. ∗ denotes bash tools.
Batched indicates how often a tool is batched with it-
self (same) or others (mixed) in one LLM response.

Figure 5: Tool categories differ substantially in both latency and output size. Boxes show
the P5–P95 range, and diamonds denote the mean. (a) Effective tool-execution latency.
(b) Number of tokens added to the context by tool execution.

are concentrated in a few categories, with Read, Interpreter,
Edit, Search, and File Ops together accounting for over 60%
of calls. These categories are also widely used across ses-
sions, with File Ops appearing in 71% of sessions and Read,
Interpreter, and Search each appearing in roughly 60%. In
contrast, more specialized categories such as Browser, MCP,
Ask User, and Subagent account for fewer calls and appear in
fewer sessions. For example, MCP and Subagent appear in
only 5.7% and 10.4% of sessions, respectively.

Tool frequency hides large differences in cost and execu-
tion behavior. Call frequency can differ substantially from
result-token and wait-time share. Read, for example, accounts
for 34% of all result tokens despite representing only 16%
of calls, while Interpreter contributes 17% of total tool wait
time from 12% of calls. The gap is even larger for some in-
frequent operations, where Ask User represents only 0.4% of
calls but contributes 5.8% of total tool wait time. Tool cate-
gories also differ in how reliably and how concurrently they
execute. Failure rates are low for common native tools such
as Read and Write, but higher for environment-dependent
operations such as Wait/Poll, Network, and Interpreter. Like-
wise, Read, Browser, and Subagent are more often issued in
batches, whereas most shell commands are issued serially.

Most tool operations are fast with a very long tail. Fig-
ure 5a shows effective latency across tool categories. Local
repository operations such as Read, Edit, Search, and File
Ops are generally fast, with median latencies between 0.9 and
1.7 s. Execution-oriented operations take longer, with median
latency reaching 2.8 s for Interpreter and 7.2 s for Build/Test.
Wait/Poll is slower still at 11.7 s as it explicitly waits for on-
going work to complete. Coordination operations have the

Table 6: Tool-call batching is widely used across sessions, but most
requests issue only one tool call. Subagent use is uncommon. Most
subagent calls spawn one child, and one-third return asynchronously.

Metric Category Share (%)

Sessions Batched 66.9
Unbatched 33.1

Tool calls 1 call 84.5
(per req.) 2 calls 8.7

3 calls 3.5
4+ calls 3.3

Batch mix Same tool 71.3
Mixed 28.7

(a) Batching profile

Metric Category Share (%)

Sessions No subagents 89.6
Uses subagents 10.4

Fan-out 1 spawn 80.6
(per req.) 2 spawns 9.2

3 spawns 5.1
4+ spawns 5.2

Fan-in Synchronous 67.0
Asynchronous 33.0

(b) Subagent profile

highest typical latency, with Subagent taking a median of 13 s
and average of 100 seconds, while Ask User reaches minutes.
These distributions are also strongly long-tailed. Even fast
operations such as Read have a mean latency of 13.2 s despite
a median below one second, while Interpreter rises from a
2.8 s median to a 30.8 s mean. Part of this tail may come from
commands that require human approval under certain harness
or user configurations. The same pattern is more pronounced
for slower operations, with Subagent and Ask User operations
reaching 8.9 and 13.3 minutes at P95, respectively.

Read and external tools drive context growth. Figure 5b
shows substantial differences in result size across tool cate-
gories. Read produces the largest output, with a median of
441 tokens, and accounts for 33.9% of all result tokens de-
spite representing only 16.3% of calls. External and delegated
operations also return large outputs, with Browser, MCP and
Subagent typically returning around 300 tokens. In contrast,
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Figure 6: (a) Serial latency grows with the number of calls, while
batched latency remains nearly flat. (b) Subagent, Browser, and Read
are batched most frequently.

mutation operations such as Edit and Write return much less
content, with medians below 50 tokens. Result sizes are also
strongly long-tailed, with mean outputs reaching roughly 1K
tokens and P95 values of several thousand tokens.

Finding 3: Tool latency and result size show distinct char-
acteristics by category, which may provide useful signals
for scheduling and prefix-cache management. However,
both also vary substantially within each category, making
tool type alone a weak predictor.
Serving systems may combine category with historical
user- and tool-specific behavior to guide serving decisions.
Harnesses should be co-designed with serving engines to
provide hints on tool-call duration.

5.2 Tool Parallelism
Models today can issue one or more tool calls in the same

response, or delegate work to subagents.

Tool batching reduces latency. Figure 6a compares the time
to complete multiple tool calls when they are issued in one
batch versus serially. With serial execution, each additional
tool call requires another request (LLM response time and
tool execution time) before the next tool call can be issued,
so completion time is projected to grow roughly linearly.
In contrast, batched completion time remains nearly flat as
batch width grows, with P90 latency of 14–28 s across various
degrees of parallelism.

Tool batching is mostly used for read-only native tools.
Table 6a shows that 84.5% of requests issue only one tool call.
Large batches are rare, as requests issuing batches of four or
more tool calls account for only 3% of all tool calling requests.
Nevertheless, 67% of sessions use batching at least once, so
batching is common across sessions even though most tool
calls remain serial. Among batched requests, 71% contain
repeated calls to the same tool rather than a mix of different
tools. Batching also varies by tool category. Figure 6b and
Table 5 show that Subagent, Browser, Read, and MCP are
batched most often. In contrast, state-changing native tools
such as Edit and Write are rarely batched together. Shell calls
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(a) Imbalance by metric
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Figure 7: Straggler imbalance in synchronous subagent fan-out. (a)
The slowest sibling is typically about 2× slower than the fastest,
with the largest gap in tool time. (b) Role-based fan-outs exhibit
greater wall-time imbalance than work-based and mixed fan-outs.

also show little batching, as a single invocation can effectively
batch by composing multiple commands using pipes.

Subagents are uncommon and typically invoked syn-
chronously. Only 10.4% of sessions use subagents, and most
subagent calls spawn a single child rather than multiple chil-
dren in parallel. Of these calls, 67.0% are synchronous: the
parent blocks until the child finishes and receives only the
final result, limiting context growth in the parent. The remain-
ing 33.0% are asynchronous, allowing the parent to continue
while the child runs, but requiring additional coordination to
track and collect its result.

Subagents have a straggler problem. Synchronous sub-
agents are often limited by stragglers. Figure 7a shows that the
slowest sibling often takes 50% longer than the median sibling
and more than 3× as long as the fastest. Differences in tool-
execution time account for most of this imbalance. Figure 7b
further shows that role-based fan-outs (e.g., reviewer, editor,
and security experts) are more imbalanced than work-based
fan-outs (e.g., assigning each subagent one file to work with).
Because roles can require substantially different amounts of
tool work, they produce greater execution-time imbalance.

Finding 4: Parallel tool calls significantly speed up agent
progress; however, most tool calls today are issued serially.
Most subagents run synchronously, so variation in their
execution times causes severe straggler delays.
Agent harnesses should exploit parallelism more ag-
gressively, both by issuing independent tool calls concur-
rently and by encouraging the use of the shell to compose
commands. They should also schedule subagents intel-
ligently to mitigate stragglers, e.g., by launching heavy
subagents first. Serving systems and harnesses should be
co-designed to coordinate subagent execution and model
serving to reduce end-to-end latency caused by stragglers.
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Figure 8: Prefix reuse falls as inter-request gaps grow. (a) Short gaps preserve most of the cached prefix, while longer gaps are associated with
more misses. (b) Prefix retention varies across providers, ranging from minutes to beyond an hour. (c) Ordinary tool gaps are typically short,
while user idle time, Ask User tools, and subagent execution introduce longer gaps. (d) Cache loss is more common after these longer gaps.

Transition Steps Sess. Prefill
(%) (%) (%)

Append 96.00 43.6 37.5

Mutation 4.00 56.4 62.5
Injection 0.96 17.1 7.4
System prompt 0.74 20.3 26.9
Tool definitions 0.40 21.4 13.9
Dropped turns 0.36 6.5 5.3
Compaction 0.04 3.7 0.6
Tool result drop 0.51 5.9 3.2
Other 1.00 14.5 5.2
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Table 7: Context mutations by
cause under infinite retention. Mu-
tations cause a substantial amount
of new prefill.

Figure 9: Context mutations
break reuse: the hit ratio on the
step after a mutation is far be-
low the step after an append.

6 Prefix Caching
Prefix caching is a key serving primitive for agentic work-

loads as it avoids repeated prefill work over long contexts. In
this section, we first analyze hit ratios and how reuse changes
with idle time in production. We then characterize how con-
text mutations reduce reuse, the tradeoff between storage over-
head and retention time for both providers and consumers,
and whether session-level signals can help guide storage and
retention time.

6.1 Production System
We first examine how long cached prefixes remain available

between consecutive LLM requests in production. For each
request, we measure the inter-request gap since the preceding
request and its hit ratio. We separate inter-request gaps into
four categories: Tool Gap for ordinary tool execution, Ask
User for tools that explicitly request user input, User Idle
for user idle time between turns, and Subagent for delegated
subagent execution.

Cache retention times vary widely across providers. Fig-
ure 8a groups requests by the inter-request gap. Prefix reuse
remains high when requests arrive within one minute. The
hit ratio declines as the gap grows, to around 58% at 15–30
minutes and only 18% beyond an hour. However, this ag-
gregate hides substantial differences in how long providers
retain cached prefixes. Figure 8b compares retention across

providers serving the same open-weight models. As the reuse
interval increases, hit ratios decline at different rates: Provider
D falls below a 50% median hit ratio after 15 minutes and
Provider B after 30 minutes, whereas Provider A still main-
tains a high hit ratio near one hour. The shape of the decline
also differs: some providers exhibit sharp drops at particular
intervals, which may reflect time-based retention, while others
lose reuse more gradually, which may reflect load-dependent
eviction. Provider retention is therefore an important hid-
den driver of cache misses and user cost, as the underlying
retention mechanism is often opaque to users.

Cache reuse drops most after longer user waits. Figure 8c
shows the latency distribution across different sources of inter-
request gaps. Most gaps come from routine tool execution,
where tool calls account for 92.7% of inter-request gaps and
have a median duration of only 1.8 s. In contrast, Ask User
tools, subagent execution, and user turns pause the session
for substantially longer. Their tails are much longer, where
ordinary tool gaps extend to 17.2 s, compared with 6.3 min-
utes for Ask User calls, 6.2 minutes for subagents, and 17.4
minutes for user turns at P90. Figure 8d shows how these
longer pauses translate into cache misses. Ordinary tool calls
maintain a high mean hit ratio of 97.5%, while reuse declines
across Ask User calls, subagents, and especially user idle peri-
ods, reaching only 84% on average. Current retention policies
thus already capture most reuse within LLM–tool loops; the
remaining challenge is preserving reuse across longer and
more variable user gaps.

Finding 5: Agentic sessions are bursty, with short inter-
request gaps during LLM–tool loops and long gaps when
control returns to the user or a subagent, triggering misses.
Serving systems should treat the session as the manage-
ment unit for KV-cache retention and prioritize retention
during active loops. Harnesses can expose activity hints
to guide retention, such as when a user is unlikely to re-
turn for eviction or offloading, or when a session resumes
for prefetching or eager prefill. Users should measure the
hidden retention time when comparing providers.
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Figure 10: Longer retention reduces prefill but increases storage
overhead. (a) New prefill remains 60.9% above the floor at 15 min-
utes, and about 1% above at one day. (b) Reusable blocks grow
slowly with TTL, while dead blocks dominate at long retention and
reach about 120× the active blocks at one day.

6.2 Context Mutation
Agent contexts are often assumed to grow monotonically,

with each request appending new content to the prior context.
However, we find that in practice, agent harnesses frequently
modify earlier context in ways that break prefix reuse. We
compare consecutive requests within a session and classify a
transition as an append when the previous context is preserved
and new content is added, and as a mutation otherwise.

Context mutations are rare per step but common over a
session. Most steps simply extend the existing context, but
harnesses periodically rewrite, truncate, or compact earlier
context. Table 7 shows mutations account for only 4.0% of
step transitions, yet are common within a session, with 56.4%
of sessions containing at least one mutation, and every cause
appears in more than roughly 4% of sessions. They are usually
triggered by user input, as user steps account for only 6.4% of
all steps but 35.4% of mutated steps, suggesting that harnesses
often perform mutation upon a new user turn. Figure 9 shows
substantially lower hit ratios after mutations than after append-
only steps, as they invalidate a large portion of cached tokens.
Table 7 quantifies the resulting new prefill tokens assuming
infinite retention, showing that mutations are a major cause
of recomputation, contributing 62% of new prefill tokens.

Context mutations vary widely in cause and severity. Ta-
ble 7 groups mutations into six common causes. The most
widespread cause is tool-definition changes, which appear in
21.4% of sessions and account for 13.9% of fresh prefill. Har-
nesses may change the set or definitions of tools offered to the
model as agent capabilities evolve across turns. Because tool
definitions are typically rendered before the system prompt,
even a small change invalidates nearly the entire cached prefix.
Among the remaining causes, context injection occurs most
frequently by mutation steps. Harnesses may attach runtime
state, such as environment information or instructions, to later
user messages, then strip or relocate this information in subse-
quent turns. Because these changes typically occur late in the
prompt, they are frequent but invalidate only a limited portion
of the cached prefix.
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Figure 11: Longer retention reduces API cost by avoiding recompu-
tation. Cost is normalized to a 1-minute TTL. (a) Most savings are
captured within 30 minutes, at 0.65×. (b) Infrastructure cost reaches
its minimum of 0.42× at 15 minutes, after which the added storage
overhead outweighs further recomputation savings.

In contrast, system-prompt rewrites occur less frequently
per step but are more expensive, appearing in 20.3% of ses-
sions compared with 17.1% for injection. Harnesses may
rewrite the system prompt to update permissions, operating
modes such as editor, planning, or review mode, or environ-
ment information. Because these changes occur near the be-
ginning of the prompt, they invalidate most of the cached pre-
fix. Harnesses also mutate context to manage its size. History
truncation drops older turns using a rolling context window
and appears in 6.5% of sessions, accounting for 5.3% of fresh
prefill. Context compaction instead replaces older history with
a shorter summary; it is less common, appearing in 3.7% of
sessions and accounting for only 0.6% of fresh prefill. Fi-
nally, tool-result mutations arise when harnesses prune old
tool outputs, update long-running tool results with progress
information, or re-serialize structured outputs such as JSON,
causing unnecessary cache misses.

Finding 6: Context mutation is common in agentic ses-
sions, invalidating otherwise reusable prefixes and causing
substantial new prefill. Some mutations are intentional,
such as environment injection and compaction, while oth-
ers result from avoidable changes such as re-serialization.
Agent harnesses should preserve stable prefixes by plac-
ing volatile state later in the prompt and serializing re-
peated state deterministically. They should batch muta-
tions into fewer, less frequent updates and quantify their
associated cost. Users should use these signals to assess
how efficiently a harness manages context.

6.3 Prefix Retention Tradeoffs
We next ask how long the KV cache should retain prefixes

after a request completes. We replay the reconstructed request
stream through a simulated prefix cache with varying time-to-
live (TTL) values, using hashed 16-token blocks.

One day of retention approaches minimum prefill, but at
considerable storage overhead. Figure 10a shows the trade-
off between retention time and new prefill. Short retention
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Figure 12: Lowering cache-read prices to reduce context mutations
does not necessarily reduce prefill or API cost as contexts become
longer and misses become more expensive. We assume harnesses
reduce mutations linearly as cache reads become cheaper, varying
retention times and compare against today’s repriced token volume.

frequently evicts prefixes before reuse, causing substantial
recomputation. At 15 minutes, retention captures much of
the available reuse, but new prefill remains 60.9% above the
infinite-retention floor. Approaching minimum prefill requires
much longer retention, with prefill falling to 35% at 30 min-
utes, 21% at one hour, 7% at six hours, and about 1% at
one day. This comes with substantial storage overhead, with
the mean storage overhead growing to 2.1× at one hour and
25.6× at one day compared to the 15-minute overhead. Fig-
ure 10b shows where this additional storage goes. We classify
retained blocks into reusable blocks that will be reused and
dead blocks that will never be reused because the session has
ended or the context has changed. At short retention times,
both remain modest. As retention increases, however, dead
blocks grow much faster than reusable blocks and eventually
dominate storage. Thus, naively extending retention increas-
ingly spends storage on unusable blocks, motivating policies
that selectively retain reusable prefixes.

API cost flattens around 30 minutes, while infrastruc-
ture cost is minimized at 15 minutes. We estimate KV
cache retention costs from both user API and infrastructure
perspectives. For API cost, we assume $10/M uncached in-
put tokens, $1/M cached input tokens, and $50/M output to-
kens, following Claude Fable 5 pricing [6]. For infrastructure
cost, we model recomputation at $1/M tokens and storage
at $30/M token-days, based on AWS DRAM pricing and a
320 KB/token KV footprint for a 70B GQA model in FP16.
Under these assumptions, Figure 11a shows that API cost
drops rapidly as the retention time increases to 15 minutes and
then largely flattens. At 30 minutes, the cost is already within
4% of its minimum. Figure 11b shows the corresponding in-
frastructure tradeoff. However, long retention still provides
diminishing returns as increasingly more storage is spent on
storing dead blocks.

Lowering cache-read prices to reduce context mutations
does not necessarily reduce user cost. Agent harnesses often
mutate context to reduce its size and lower cost, but doing
so breaks prefix reuse and introduces fresh prefill. Lower
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Figure 13: Session-level signals reclaim dead blocks invalidated
by context mutations or left behind by completed sessions before
their TTL expires. Reclaiming both sources helps on both counts in
simulation. (a) Dead blocks fall by about 36× at a one-day TTL. (b)
Infrastructure cost stays low even at long TTLs.

cache-read prices may therefore encourage harnesses to re-
tain more context and perform fewer mutations. We model
this by linearly reducing context-reducing mutations as cache-
read prices fall from $1/M tokens to zero. When a reduction
is removed, the prior context is preserved, allowing histories
to grow up to the 1M-token context limit. Figure 12a shows
the resulting prefill relative to today’s harness behavior, with
read costs repriced accordingly. With finite retention, however,
eliminating reductions leaves longer contexts in the session,
making cache misses more expensive and offsetting the bene-
fit of avoiding mutations. As a result, fresh prefill increases as
reductions are removed, peaking at about 5% with 15-minute
retention and 10% with 5-minute retention. This tradeoff is
overcome only when reads become nearly free.

Figure 12b shows a similar result for API cost. Forcing
stricter prefix reuse retains more context, which increases the
number of cached tokens reread. Even with infinite retention,
this additional read volume outweighs the savings from re-
duced prefill until cache-read prices fall to roughly $0.05/M
tokens. With finite retention, miss-induced prefill eliminates
the savings entirely, even when cache reads are free. Thus,
context reduction serves an important role in bounding both
cache-read volume and miss-induced recomputation as con-
text grows. This also implies that stateful LLM APIs [37, 51]
should provide context-management mechanisms such as
compaction to bound context growth and serving cost.

Session-level lifecycle signals reclaim dead KV blocks and
make long retention practical. Longer prefix retention turns
KV caching into a memory-management problem: blocks
from completed sessions and context mutations remain al-
located until their TTL expires, even when they will never
be reused. This resembles a memory leak, where harnesses
effectively allocate KV blocks without providing an explicit
free(). We evaluate whether simple lifecycle signals can
enable earlier reclamation. Given a session_id, a mutate
signal identifies freed blocks invalidated by a context mu-
tation, while an end signal frees all blocks belonging to a
completed session. Figure 13a shows that dead blocks ac-
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Figure 14: Benchmark replay and production sessions stress serving systems differently. (a) SWE-Bench has longer uninterrupted single-turn
execution. (b) Production sessions span multiple turns and last longer overall. (c) Production sessions accumulate larger contexts. (d) SWE-
Bench prompts are longer and more uniform, whereas production prompts are shorter and more variable. (e) Five minutes of retention brings
SWE-Bench prefill within 3% of its infinite-retention floor; production first reaches this range at one day among the evaluated TTLs.

cumulate rapidly as retention grows. Either signal reduces
this accumulation, but combining both reclaims blocks earlier
and reduces accumulated storage by up to 36× at a one-day
TTL. Figure 13b shows the corresponding cost benefit: early
reclamation keeps infrastructure cost low even with very long
retention by preventing dead blocks from accumulating. Thus,
lifecycle signals enable longer retention by giving providers
hints to keep useful prefixes longer while promptly reclaiming
blocks that are no longer reusable.

Finding 7: Longer retention improves prefix reuse,
but dead blocks from mutations and completed sessions
quickly increase storage overhead. Context reduction re-
mains necessary to control the read and miss costs of long
contexts.
Serving systems and agent harnesses should be co-
designed to selectively retain useful state and reclaim dead
blocks early. Harnesses can expose lifecycle hints such as
mutation to reclaim invalidated blocks, pause to offload
state, resume to prefetch it, and end to release it. Users
can reduce cost by compacting long sessions or starting a
new session after long breaks to avoid expensive misses.

7 Benchmark vs. Production Workloads
Benchmark replay is commonly used to evaluate agent-

serving systems, but it differs substantially from human-
driven traffic. We compare the two in terms of duration, con-
text growth, tool use, and cacheability, identifying serving
behaviors that benchmark replay might miss.
Benchmarks run shorter and miss user idle time. Fig-
ures 14a and 14b compare the execution structure of the
two workloads. The median SWE-Bench turn lasts 188 s
compared with 61 s for human-driven turns, as the bench-
mark agent receives one issue and works continuously toward
completion. Across multiple user turns, however, the median
session lasts 30 minutes overall compared with only 3.2 min-
utes for SWE-Bench. Benchmark replay therefore misses the
bursty pattern of LLM–tool execution separated by long user
idle periods. Once a SWE-Bench task finishes, there is no
need to retain context as the session has ended.
Benchmarks carry shorter contexts and understate pro-
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Figure 15: Tool usage evolves differently in benchmark and human-
driven turn trajectories. (a) SWE-Bench shifts from Read/Search
early to Execute and Build/Test later. (b) The tool mix remains more
diverse throughout the turn.

duction memory pressure. Figure 14d shows that SWE-
Bench starts with relatively large user prompts, with a median
of 1.4K tokens and little variation across tasks. Prompts in
human-driven sessions are typically shorter but have a long
tail, as users sometimes provide large inputs such as error logs
or code. Human-driven sessions span multiple turns, causing
the context to grow substantially over time. Figure 14c shows
that the median request in these sessions contains 129K input
tokens, compared with 25K for SWE-Bench, making bench-
mark requests substantially cheaper to retain in memory.
Benchmarks need minutes of retention, while produc-
tion reuse spans a day. Figure 14e replays both workloads
through the TTL simulator. For SWE-Bench, a 1-minute TTL
remains 26% above the prefill floor, while 5 minutes cap-
tures nearly all reuse. In human-driven sessions, reuse persists
across much longer gaps. Even with a 15-minute TTL, prefill
remains 61% above the floor, and roughly one day is needed
to capture nearly all reuse. Caching is further complicated by
context mutations, which can invalidate previously reusable
prefixes but are absent from SWE-Bench. Benchmark-only
evaluations therefore substantially understate the retention
requirements observed in production.
Tool trajectories are more phased in benchmark replay.
To compare tool usage between the two workloads, we merge
the categories of Table 5 into eight coarser groups by pur-
pose (Read, Search, Write/Edit, Execute, Build/Test, Git/VCS,
Browser/Web, and Other), since the SWE-Bench agent is
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Figure 16: User prompts shift from establishing tasks to guiding
execution as sessions progress. (a) Opening turns are dominated by
feature-creation requests, while later turns contain more steering
requests. (b) User intent also exhibits phased transitions.

restricted to performing its work through shell commands.
Figure 15 shows that SWE-Bench follows a clear sequence
of work across a user turn. Early execution is dominated
by repository exploration, with most calls spent on Read
and Search. Later, Execute, Build/Test, and Git/VCS become
more common as the agent moves from understanding the
codebase to implementing and validating a solution. Human-
driven trajectories are less structured: Read remains impor-
tant throughout the turn, although its frequency decreases over
time. Write/Edit, Execute, and other operations become more
common later in the turn. These agents also use a broader
mix of Browser/Web and other tools. These changes are less
distinct than in SWE-Bench, suggesting that evaluating tool
use only through benchmark replay can underrepresent the
diversity of tool usage patterns in production.

Users establish tasks early, then guide execution through
persistent interaction phases. We use a large language
model to label roughly 10K turns from a random sample
of 1.8K sessions, providing several few-shot examples to the
model. We classify turns into eight intents: Create starts new
work, Extend adds functionality or scope, Refine modifies
existing work, Debug addresses failures, Explain asks for un-
derstanding, Steer provides nudges such as “continue” or
“yes,” Setup configures the environment, and Other captures
remaining requests. Figure 16a shows how user intent evolves
over a session. Opening turns mainly establish what the agent
should do, with Create accounting for 35% of first turns. Cre-
ate then drops sharply, while later turns increasingly guide
work already in progress through Steer, Refine, and Extend.
Together, these task-continuing intents account for 46% of
turns after the first. Figure 16b shows that intents also fol-
low common transition patterns. After a Create request, users
often move into follow-up interaction, while Steer, Debug,
and Explain often persist across consecutive turns. This local-
ity may help harnesses detect task boundaries. When users
shift to unrelated work, harnesses could suggest starting a
new session or offloading the task to a subagent, avoiding
unnecessary context growth.

Finding 8: Evaluating serving systems only on bench-
marks can understate the storage and retention require-
ments observed in production. Human-driven sessions last
longer, carry larger contexts, contain idle gaps, and exhibit
more diverse tool and user interaction patterns.
Serving systems should evaluate on real workloads, or
augment benchmarks with an orchestrator that answers
clarification questions, writes short prompts to steer the
session, and produces idle gaps.

8 Related Work
LLM and agentic serving systems. Prior work improves
LLM serving through batching, memory management, prefill–
decode disaggregation, placement, and prefix caching. Orca,
vLLM, Sarathi-Serve, and vAttention [2, 21, 42, 68] optimize
request execution and memory use, while Splitwise, Dist-
Serve, LoongServe, and Llumnix [41, 47, 56, 76] place and
migrate work across serving resources. Recent systems target
agentic workloads more directly. Parrot, Agentix, Autellix,
and Ayo [26,31,32,48] exploit agent structure for scheduling,
while InferCept, Conveyor, Continuum, and MORI [1, 23, 57,
62] manage KV cache across tool-call gaps. KVFlow, SAGA,
and Murakkab [9, 13, 40] further use workflow structure for
KV-cache management, scheduling, and orchestration. A re-
lated body of work improves prefix reuse directly. SGLang
and Preble [45, 74] schedule around shared prefixes, while
Pensieve, MemServe, and LMCache [14, 29, 52, 69] retain or
offload KV state across requests. Prompt Cache, CachedAt-
tention, and HCache [10–12] support reusable prompt state,
while CacheGen, Cake, and Strata [17, 30, 61] reduce KV
movement cost. CacheBlend and EPIC [15, 65] extend reuse
beyond exact prefixes, while HotPrefix, Marconi, Learned
Prefix Caching, and BatchLLM [24,39,63,75] improve cache
admission, eviction, or scheduling. H2O, StreamingLLM, and
SnapKV [25, 59, 71] reduce KV-cache footprint through evic-
tion or compression, while Quest and InfiniGen [22, 49] se-
lectively load needed state. As more serving systems target
agentic workloads, representative evaluation becomes increas-
ingly important. Our study characterizes production agent
workloads and releases the underlying trace to support more
realistic benchmarks and system evaluation.

Workload analysis. Existing production LLM traces char-
acterize request arrivals, token lengths, load variation, and
prefix reuse across chat, API, and code-completion work-
loads but provide limited visibility into agent behavior
[35,41,43,44,46,53,58]. Agent workloads are commonly stud-
ied through benchmarks including SWE-Bench and Terminal-
Bench [16,33], GAIA and τ -bench [34,66], and AgentBench,
WebArena, and OSWorld [28,60,77]. More recent work exam-
ines production coding-agent sessions. Agentic Coding in the
Wild, TraceLab, CacheWise, and SWE-chat [7, 27, 50, 78] an-
alyze client-side logs or shared sessions from Copilot, Claude
Code, and Codex. However, these traces cover only a narrow



set of agent harnesses and mostly expose timing informa-
tion, limiting broader workload analysis. Our work provides
a broader provider-side characterization and releases a richer
trace with tool- and block-level information, supporting a
wider range of downstream agentic workload analyses and
characterization.

9 Limitations and Future Work
Our trace provides a provider-side view of production

coding-agent workloads, which introduces several limitations.
Because we collected data at the inference service, we do not
have access to precise client-side measurements of tool execu-
tion latency, and tool latency is also affected by users’ devices.
Most coding agents also do not expose explicit session identi-
fiers, so we must reconstruct sessions. As a result, the sessions
we reconstruct may differ from those defined by individual
clients. FreeInference does not constrain agent usage patterns
and behavior, resulting in a heterogeneous workload whose
characteristics may not fully generalize to services with more
controlled or restricted workloads.

10 Conclusion
We present a provider-side characterization of production

coding-agent workloads from FreeInference. Our analysis
shows that agentic workloads are structured around long-lived
sessions, where growing context is repeatedly reused across
bursts of LLM–tool execution but disrupted by user interac-
tion and context mutation. These session dynamics directly af-
fect serving decisions such as prefix retention, yet are not well
represented in existing general LLM workload datasets and
benchmarks. We plan to release the trace to support further
research on realistic agentic workloads and serving systems.
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