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Abstract

Retrieval-augmented generation (RAG) has
emerged as a critical paradigm for deploying re-
liable and knowledge-intensive large language
model (LLM) applications. Its unique execu-
tion pipeline introduces large overhead in sys-
tem retrieval, such as massive context loading
and document dependencies. To reduce this
overhead, existing work on RAG serving sys-
tems often relies on generic LLM inference
traces or synthetic RAG datasets. However,
these approaches fail to capture authentic tem-
poral reuse patterns of RAG workloads, result-
ing in a disconnect between theoretical opti-
mization and real-world deployment efficiency.

To bridge this gap, this paper introduces
RAGPULSE, an open-source RAG workload
trace dataset that preserves authentic tem-
poral information missing in existing traces.
Collected from a production-grade university
Q&A system serving over 40,000 students
and faculty members since April 2024, the
dataset comprises 134K requests over 389
days. It unveils key RAG dynamics includ-
ing time-sensitive document reuse, skewed
access patterns over long time scales, and
bursty temporal locality. By capturing these
temporal reuse patterns, RAGPULSE empow-
ers the systems community to develop and
validate next-generation optimization tech-
niques, offering practical guidance for effi-
cient RAG serving. The trace is available at
https://github.com/flashserve/RAGPulse.

1 Introduction

Large language models (LLMs) (Huang et al.,
2025; Qin et al., 2025; Xiao et al., 2025) face persis-
tent challenges in production settings, most notably
knowledge cutoff and hallucination. Retrieval-
augmented generation (RAG) (Hsia et al., 2025;
Lu et al., 2024; Wang et al., 2025a) mitigates these
limitations by grounding model generation in exter-
nal knowledge sources. As illustrated in Figure 1,
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Figure 1: Workflow of RAG.

a RAG request traverses a multi-stage pipeline en-
compassing retrieval, augmentation, and genera-
tion. Today, RAG stands as the dominant paradigm
for knowledge-intensive LLM applications.

Although RAG significantly improves answer
accuracy, its system-level performance (Jin et al.,
2025; Shang et al., 2025; Wang et al., 2025d) re-
mains hindered by the lack of representative traces.
Both generic LLM (Wang et al., 2025c¢; shareAl,
2023; Wu et al., 2025; Yang et al., 2025; Sreeram
et al., 2025) and synthetic RAG (Katsis et al., 2025;
Qiu et al., 2024; Zhong et al., 2021) datasets miss
RAG-specific dynamics. Most synthetic datasets
are generated via random independent sampling or
fixed-interval arrivals, destroying the bursty, time-
varying structure of real user behavior. Thus, three
temporal dimensions are missing: bursty arrival
patterns, document popularity drift, and multi-turn
session continuity. These are central to modern
serving optimizations like Position Independent
Caching (PIC) (Yao et al., 2025a; Hu et al., 2024),
prefix-aware attention (Yi et al., 2026), content-
aware scheduling (Qin et al., 2025), and KV cache
management (Touzeau et al., 2019; Shah and Sid-
diqui, 2023). Consequently, systems designed with
generic traces show a substantial performance gap
in production RAG workloads.

In this paper, we address this gap by present-
ing RAGPULSE, an open-source RAG workload
trace dataset that preserves authentic temporal in-
formation missing in existing traces. Through a
empirical study, we provide the first systematic
characterization of authentic RAG workloads and
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demonstrate how their distinctive temporal proper-
ties inform specialized serving optimizations. Our
contributions are summarized as follows:

¢ Workload Characterization (§3). We re-
lease a public RAG trace consisting of 134K
real user requests and identify key workload
properties, including highly skewed document
reuse and bursty temporal locality. These ob-
servations are essential for RAG-specific serv-
ing system optimization, including content-
aware scheduling and KV cache management.

e System Infrastructure (§4). We describe
the trace collection methodology of TWEN,
a large-scale production RAG system that is
representative of canonical RAG systems. Re-
lying on RAG techniques, this system has
served over 40,000 students over 389 days.

¢ Benchmarking Framework (§5). We build
an end-to-end evaluation platform that sup-
ports time-calibrated execution. This enables
systematic measurement of RAG serving ef-
ficiency using industry-standard metrics, in-
cluding time-to-first-token (TTFT) and time-
per-output-token (TPOT).

* System Bottleneck Validation (§6). Using
RAGPULSE, we reveal RAG-specific system
bottlenecks that are obscured by generic LLM
traces and synthetic RAG datasets, including
content-aware scheduling policy and cache
management policy. These findings motivate
the need for RAG-aware serving and tiered
caching architectures.

To the best of our knowledge, RAGPULSE is the
first open-source, production-grade trace designed
specifically for RAG serving. By grounding system
design and evaluation in real-world RAG work-
loads, our work enables more specialized, data-
driven optimization of LLM serving systems, par-
ticularly for long-context inference and memory-
efficient serving (Zheng et al., 2026).

2 Preliminary and Motivation

2.1 Why We Need a Real-World RAG Trace
with Temporal Information?

Existing generic LLM-Specific traces are funda-
mentally inadequate for RAG serving systems.
This limitation arises from the distinctive workload
characteristics of RAG, which diverge substantially
from standalone LLLM inference and thus require
dedicated, RAG-specific traces.

First, RAG introduces an inherent multi-stage

execution pipeline. Each request traverses mul-
tiple tightly coupled phases—including retrieval,
re-ranking, and generation (Yu et al., 2025; Asai
et al., 2024; Lu et al., 2024). End-to-end latency, re-
source utilization, and cache behavior are therefore
governed by cross-stage interactions rather than by
generation alone. Generic LLM traces, which pri-
marily capture the prefilling and decoding phase,
fail to expose these composite system effects.
Second, RAG performance is highly depen-
dent on both the underlying knowledge base and
real-world query patterns (Yue et al., 2025; He
et al., 2024; Gutiérrez et al., 2024). Workload
dynamics such as query similarity and document
cache hit rates vary significantly with user behav-
ior. Moreover, practical deployments often exhibit
strong inter-request correlations, where consecu-
tive queries share overlapping contexts or retrieved
documents. Accurately capturing these temporal
and content-level dependencies is essential for op-
timizing scheduling, batching, and KV cache reuse
policies (Agarwal et al., 2025; Jin et al., 2024).
Third, most existing RAG traces are derived
from synthetic or curated chat workloads, which
typically contain limited document corpora and
lack authentic temporal locality information. Op-
timizations validated on non-representative traces
often fail to generalize to production environments,
resulting in performance gaps and unstable system
behavior. This disconnect substantially hinders the
practical advancement of RAG serving systems.
Beyond characterization, RAG-specific traces
are critical for enabling joint optimization of re-
trieval and generation. Treating these components
as independent black boxes limits the design space
of RAG serving systems. In contrast, realistic RAG
traces make it possible to co-optimize retrieval
caching, query-adaptive batching, and scheduling
decisions across pipeline stages (Wang et al., 2024).
Taken together, these limitations underscore the
need for a real-world, production-grade RAG trace
to ground system design and evaluation in realistic
workload behaviors.

2.2 'What We Can Do with a RAG Trace?

A high-fidelity RAG trace that reflects real deploy-
ment workloads enables a broad range of system-
level analyses and optimizations that are otherwise
inaccessible.

Fine-grained bottleneck analysis. The trace en-
ables precise decomposition of end-to-end RAG
latency, quantifying performance contributions and

7066



Input ---- Input Mean Output Output Mean

3647

2000 3000 4000 5000 6000 7000

Frequency (log)

250 500 750
Length (tokens)

1000 1250 1500

Figure 2: Input and output token length distribution.

bottlenecks of retrieval, re-ranking, and generation
under realistic workload conditions.

Informed scheduling and caching design. By
capturing inter-request correlations and content
reuse patterns, the trace provides a principled foun-
dation for evaluating and designing advanced strate-
gies such as adaptive request batching and KV
cache management.

Realistic workload modeling and benchmark-
ing. The trace supports construction of high-fidelity
workload models, simulators, and standardized
benchmarks, improving the validity and repro-
ducibility of RAG system evaluations.
Understanding emerging RAG application be-
haviors. It enables the study of how real-world
RAG workloads evolve from simple question an-
swering to more complex behaviors, including
problem rewriting, multi-turn dialogue, and agent-
like task execution.

Collectively, these capabilities position RAG-
specific traces as a key enabler for bridging the
gap between theoretical RAG system research and
real-world deployment.

3 Open-Source RAG Trace: RAGPULSE

To bridge the gap between RAG systems re-
search and real-world deployment, we introduce
RAGPULSE, an open-source RAG workload trace
collected from a production university-wide policy
question-answering system. The service has been
continuously operating since April 2024 and serves
over 40,000 students and faculty members. We
release the core trace of RAGPULSE as a public
dataset and commit to its continuous update as the
system evolves.

3.1 Data Format and Content

Each record in the RAGPULSE trace captures key
system-level runtime information for a RAG re-

1 {

2 "timestamp”: "559285",

3 "input_length"”: 3861,

4 "output_length”: 127,

5 "hash_ids": {

6 "sys_prompt"”: [8325, 8326,

115757,
7 "passages_ids": [6123, 7239,
6124, 1167, 7250, 5448],

8 "history"”: [15215],

9 "web_search”: [20319, 20320],
10 "user_input"”: [23648]
11 To
12 "session_id": "1758081660427 -

xa8rbsd2ucol”
13| }
Table 1: Request component sample.

1{{"hash_id": 7250, "length": 328}

2| {"hash_id": 8325, "length”: 512}

3| {"hash_id”: 20319, "length”: 484}

Table 2: Token length per component.

quest. The dataset we are releasing at this time cov-
ers 134K request records over 389 days. As shown
in Figure 2, the input and output token lengths of
the RAGPULSE workload demonstrate a clear con-
centration trend. Specifically, input token lengths
primarily cluster around 3000 tokens, while output
tokens are concentrated around 300 tokens. Fur-
thermore, as detailed in Table 1, each record in the
main trace file contains the following key fields.

* timestamp: request arrival time in seconds rela-
tive to the start of the trace;

e input_length: total input token length, aggre-
gating all request components;

* output_length: total output token length;

* hash_ids: identifiers for all input components,
each mapping to a unique document chunk, with
token lengths provided as shown in Table 2;

* session_id: conversation session identifier.

* latency_breakdown: execution timestamps and
latency measurements for each processing stage,
including knowledge-base retrieval, reranking,
and generation, as shown in Table 3;

3.2 Dataset Features and Statistical Analysis

Our analysis of the RAGPULSE trace reveals four
characteristics that are particularly informative for
RAG serving system design.

Periodic load variation. The trace records precise
request arrival times. As shown in Figure 3, which
is derived from the six-week trace, request volume
exhibits clear diurnal patterns, with higher load
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1 {

2 "timestamp”: "5259",

3 "stages": [

4 {

5 "name": "
knowledge_base_retrieval”,

6 "start_ms": 1248,

7 "end_ms": 2374,

8 "latency_ms": 1126

9 }:

10 {

11 "name": "reranking"”,

12 "start_ms": 4037,

13 "end_ms": 5185,

14 "latency_ms": 1148

15 B

16 {

17 "name": "generation",

18 "start_ms": 6266,

19 "end_ms": 21062,

20 "latency_ms": 14796

21 3}

22 I

23 "total_latency_ms": 17070

24| 3}

Table 3: Latency breakdown by processing stage.
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Figure 3: Temporal periodicity in RAGPULSE.

during daytime and significantly reduced activity
at night. This behavior closely matches real-world
serving workloads (Qin et al., 2025; Wang et al.,
2025c¢) and motivates time-aware scheduling and
provisioning strategies.

Dynamic input composition. Figure 4 analyzes
the breakdown of input tokens by component.
For short requests (below 5,000 tokens), system
prompts dominate, contributing over 40% of to-
kens. As total input length exceeds 3,000 tokens,
retrieved passages and dialogue history grow sub-
stantially, together accounting for nearly 50% of
the input. This observation highlights that context-
processing overhead in RAG systems is highly
request-dependent rather than uniform.

Skewed document reuse. Analysis of hash_ids
reveals a highly skewed access pattern for retrieved
documents. As shown in Figure 5(a), a small frac-
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Figure 5: Unique characteristics of RAG traces.

tion of knowledge chunks is repeatedly accessed
by many requests, while most chunks are rarely
used, forming a pronounced long-tail distribution.
This skew strongly motivates retrieval caching and
document-aware memory management.

High inter-request document overlap. Tempo-
ral analysis further shows substantial overlap in
retrieved documents among concurrently arriving
requests. As illustrated in Figure 5(b), which is
derived from the six-week trace, requests within
short time windows frequently reference identical
or highly similar knowledge chunks. This property
creates significant opportunities for content-aware
batching and high-reuse KV cache placement for
frequently accessed documents (Jie et al., 2025;
Willette et al., 2025; Yao et al., 2025b).

4 Data Source: TWEN System

The RAGPULSE trace dataset is sampled from
TWEN, a university-wide Q&A RAG system that
has served over 40,000 students and faculties since
April 2024. This section details TWEN’s system
architecture to provide context for how the trace
data was collected.

4.1 System Overview

The core design philosophy of TWEN is the sep-
aration of retrieval and generation. To achieve
this, TWEN adopts a Python-based microservice
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Figure 6: TWEN’s system architecture.

architecture powered by LangChain (Brace Sproul,
2024) and Docker to decouple the CPU-intensive
retrieval tasks from the GPU-intensive generation
tasks. The architecture is illustrated in Figure 6.

¢ Generator model: We use Qwen3-235B-
A22B model (Bai et al., 2023) for main Q&A
and agent interaction functions.

* Embedding model: We use the deployed
open-source model infgrad/stella-large-zh-v3-
1792d (Infgrad, 2024) for vectorizing all
knowledge base documents.

e Orchestration: LangChain (Brace Sproul,
2024) is used to build and orchestrate retrieval
flows, prompt templates, and model chains.

* Vector database: Qdrant (Qdr, 2025) is used to
store and index knowledge base vectors with
a tag-based structure, organized into global,
tagged, and user-personal databases.

* Document maintenance: The system uses
Python programs and LLM for content extrac-
tion, format standardization, and automatic
segmentation of files.

4.2 Offline Stage

As shown in Figure 7, the core task of the offline
stage is to construct the high-quality vector knowl-
edge base. This stage involves a pipeline that trans-
forms raw various documents into structured em-
beddings suitable for efficient retrieval.

The knowledge base corpus of university poli-
cies and information is acquired via three channels:
(1) Manual submission by faculty and department
leaders; (2) An upload system for authorized ad-
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Figure 7: Offline architecture in TWEN.

ministrators; and (3) Web crawlers that periodically
pull data from public department websites.

Based on their storage formats, the raw docu-
ments are categorized into two types: the first con-
sists of files like TXT, from which content can be
easily extracted by Python programs; the second
includes files like JPG, where content is not ex-
plicitly stored and requires extraction using LLM-
based OCR (Lee, 2025). The extracted raw content
often has messy formatting. To address this, we
develop a specialized agent for text normalization.
The normalized text is then intelligently segmented
using another dedicated LLM! to ensure semantic
integrity, resulting in high-quality corpus chunks
suitable for building the vector database.

4.3 Online Stage

As shown in Figure 8, the online stage handles
user requests and generates the RAGPULSE trace
records in the process.

We have developed our agentic RAG system, a
comprehensive framework where a central large
language model, which we refer to as the Agent
LLM, acts as an autonomous controller. When
a request arrives, this Agent LLM autonomously
plans the optimal processing strategy based on user
information and prompts. It can interpret queries
from multimodal perspectives (images, audio, text,
etc.) and dynamically orchestrates a suite of tools,
including web search, RAG, and a series of pre-
defined external tools (API calls, programming,
etc.) to comprehensively solve problems. Fur-
thermore, it supports proactive self-reflection: the
Agent LLM first assesses its own response, and

'We use a variety of LLM models ranging from 8B to
235B for different sub-tasks such as problem rewriting for
cost efficiency.
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if it deems the current answer insufficient, it will
employ various tools in a multi-hop manner until
reaching the final response.

The system calls Qwen3-235B model
asynchronously in streaming mode using
LangChain’s AsyncIteratorCallbackHandler.
During this call, the Langfuse (Clemo, 2024)
CallbackHandler is activated, capturing the
call metadata, including latency, token lengths,
user id, session id, and retrieved chunk ids. This
captured data is sent to Langfuse database, forming
RAGPULSE trace dataset analyzed in this study.

5 Dataset Usage and Applications

To validate the effectiveness of proposed RAG-
PULSE dataset for evaluating system performance
in real-world environments, we have constructed
a dedicated benchmarking platform. This section
provides a detailed description of this platform’s
specific implementation, the composition and us-
age methodology of the dataset, and the perfor-
mance evaluation metrics employed.

5.1 Implementation

We constructed a prototype system for an online
RAG service to simulate real-world applications.
The system’s core is built upon vLLM (v0.10.1)
and LMCache (v0.3.1) (Kwon et al., 2023; Cheng
et al., 2024; Liu et al., 2024; Yao et al., 2025a), a
widely adopted open-source inference framework.
To emulate a typical RAG workflow, the system
integrates an end-to-end pipeline, encompassing
user request reception, text processing, and final
result generation. All experiments are conducted
on a server equipped with a single NVIDIA A100
GPU with 80GB VRAM. We deploy Qwen3-8B as
the generator component of RAG pipeline.

5.2 Scaling RAGPULSE to Any Scale

RAGPULSE’s trace data is characterized by a sig-
nificant temporal span. This property provides re-
searchers with high flexibility, allowing them to

slice or scale the trace data according to specific
experimental goals. For example, a high-traffic pe-
riod (e.g., one hour) can be isolated to benchmark
the system’s peak concurrent processing capabili-
ties. Conversely, the entire long-term trace can be
used to assess the long-term efficacy of caching
policies, such as the KV cache management. More-
over, an analysis of throughput fluctuations in the
trace enables a deeper comprehension of the sys-
tem’s behavioral patterns under varying loads.

5.3 Performance Metrics

We evaluate the RAG serving system using two
standard LLM-serving metrics that capture perfor-
mance across prefill and decoding phases: (1) Time
to First Token (TTFT), measuring end-to-end la-
tency from request arrival to the first generated
token and reflecting user-perceived responsiveness;
and (2) Time Per Output Token (TPOT), measur-
ing the average latency of subsequent tokens and
reflecting generation throughput. This distinction
is vital as prefill is compute-bound, whereas decod-
ing performance is primarily limited by memory
bandwidth (Agrawal et al., 2024; Qin et al., 2025).

5.4 Demo Use

The RAGPULSE benchmark employs a client-
server architecture for workload replay. The
server, built on VLLM, handles inference tasks
via an OpenAl-compatible API, supporting both
streaming and non-streaming modes to capture
key metrics such as TTFT and TPOT. An asyn-
chronous, concurrent design ensures stability and
high throughput under heavy load.

The client acts as the load generator. Its three-
stage workflow includes: (1) preprocessing the
trace file; (2) dispatching requests strictly adher-
ing to original timestamps, with an optional time-
scaling factor to adjust replay speed; and (3) record-
ing performance metrics for subsequent analysis.

6 System Optimization Validation

While §5.1 demonstrates the basic integration of
RAGPULSE in a prototype environment, this sec-
tion provides a large-scale performance validation
on authentic temporal traces to expose system be-
haviors that general-purpose traces fail to capture.

The experimental framework scales from the ini-
tial prototype to a high-performance cluster, utiliz-
ing eight NVIDIA A100 GPUs. Unlike the single-
instance setup in our application examples, we de-
ploy multiple Qwen3-8B instances to simulate a
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Figure 9: Hit rate across datasets.

high-concurrency production environment. To rig-
orously stress-test system’s capability of handling
long-context requests identified in RAGPULSE, we
implement a strict memory partitioning strategy:
30 GB of VRAM per GPU is explicitly reserved
for a dedicated KV cache pool. This setup allows
us to quantitatively evaluate the storage-compute
trade-offs and memory sensitivity under intensive,
authentic RAG retrieval scenarios.

We compare RAGPULSE against two represen-
tative baselines. The first is BurstGPT (Wang et al.,
2025c), a generic LLM inference trace. The sec-
ond is MTRAG (Katsis et al., 2025), a synthetic
RAG dataset. To ensure fair comparison we se-
lect approximately 6,000 requests with around 5K
input tokens from all three datasets. This length
is chosen because it represents a common operat-
ing region where RAG and non RAG workloads
overlap, enabling clean separation of system perfor-
mance from input length effects. All experiments
are conducted on the open source LMCache RAG
serving framework (Yao et al., 2025a; Cheng et al.,
2024).

6.1 Anatomy of Dataset Characteristics

We first analyze the intrinsic properties of the three
datasets. As shown in Figure 9 and Figure 10,
the prefill time and cache hit rate exhibit stark dif-
ferences across datasets. Under the CacheBlend
policy alone, RAGPULSE achieves a hit rate of
37.46%, which is substantially higher than Burst-
GPT’s 7.03% and MTRAG’s 10.12%. This dis-
crepancy stems from fundamental differences in
dataset characteristics. BurstGPT is a generic LLM
trace where requests lack structured prompt compo-
nents, limiting prefix based caching due to its strict
exact matching requirement. MTRAG is a syn-
thetic RAG dataset where request arrival patterns
are artificially generated, resulting in low document
overlap (10.15%) across requests and limited reuse
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Figure 10: Prefill time across datasets.

opportunities despite being RAG oriented. In con-
trast, RAGPULSE captures temporal reuse patterns
from user behavior. Its traces preserve fine grained
request arrival times and inter request document
affinity, enabling document level KV reuse that
neither BurstGPT nor MTRAG can provide.

6.2 Scheduling in PIC Systems

Recent RAG serving systems such as CacheBlend,
TurboRAG and EPIC (Lu et al., 2024; Hu et al.,
2024) have demonstrated that KV cache can be
reused at the document level independent of its
absolute position in the input sequence, a tech-
nique widely adopted in production RAG deploy-
ments. Building on this foundation, we evaluate
how scheduling strategies perform in this Position
Independent Caching (PIC) enabled serving sys-
tems using the three datasets. And we consider two
scheduling strategies. The first is hit rate aware al-
location which prioritizes caching documents with
the highest observed access frequency. The second
is Global Aware Dispatch (GAD) which consid-
ers both cache hit rate and request level document
overlap between dispatching requests. As illus-
trated in Figure 9 and Figure 10, applying GAD on
top of CacheBlend yields a dramatic improvement
only for RAGPULSE. Specifically, RAGPULSE’s
hit rate increases from 37.46% to 46.73%, while
its prefill time decreases by 13.33%. For Burst-
GPT, the hit rate improves marginally from 7.03%
to 9.03%, with prefill time decreasing from 0.24
to 0.21. For MTRAG, the hit rate increases from
10.12% to 15.45%, with prefill time decreasing
from 0.25 to 0.22. The limited improvement on
BurstGPT and MTRAG reflects their inherent lack
of authentic document overlap. BurstGPT has no
document retrieval mechanism, while MTRAG’s
synthetic nature produces documents that are in-
dependent and lack temporal correlations. Only
RAGPULSE captures real time sequence based doc-
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ument overlap across requests, enabling GAD to ef-
fectively anticipate and dispatch requests that share
document contexts. These results demonstrate that
authentic temporal workload is essential for evalu-
ating and optimizing PIC scheduling strategies.

6.3 Cache Policy Sensitivity Analysis

In RAG serving, requests are queued before pro-
cessing. Can cache eviction policies leverage the
queue’s pending requests to improve performance?
A natural hypothesis is that a cache eviction pol-
icy considering pending requests’ document needs
could outperform temporal policies. To test this,
we evaluate Queue Aware Cache Eviction (QCE),
which uses queue order to prioritize KV pairs likely
reused by upcoming requests.

When combining GAD with QCE, as shown in
Figure 9 and Figure 10, RAGPULSE continues
to show significant gains while the other datasets
plateau. RAGPULSE’s hit rate further increases
from 46.73% to 54.48%, an additional gain of 7.75
percentage points and a 17.02 percentage point
absolute improvement from the CacheBlend base-
line of 37.46%. Its prefill time drops from 0.13 to
0.11, a reduction of 15.38%. For BurstGPT and
MTRAG, the hit rate changes from 9.03% to 8.53%
and from 15.45% to 16.93%, respectively, while
prefill time remains nearly unchanged.

The striking difference stems from RAG’s re-
quest queue dynamics combined with authentic
temporal locality. Unlike the native LRU of
CacheBlend, QCE leverages queue level demand
to retain document KV pairs that are contextually
relevant to requests waiting in the queue. In pro-
duction RAG deployments, requests arriving within
short time windows often share overlapping docu-
ment needs, creating queue level reuse hotspots that
persist within specific temporal windows. RAG-
PULSE captures this phenomenon through its au-
thentic temporal sequence data, where requests
with similar document needs naturally cluster in
time. BurstGPT lacks any document overlap,
while MTRAG’s synthetic documents are inde-
pendent and lack temporal clustering, rendering
QCE ineffective. The meaningful improvement
only on RAGPULSE confirms that authentic tem-
poral queue dynamics is crucial for RAG cache
policy design.

6.4 Serving Configuration Sensitivity Analysis

To assess whether the benefits of RAGPULSE gen-
eralize beyond a single serving configuration, we
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Figure 11: Scalability sensitivity analysis.

vary model size, workload scale, and replay speed.
Specifically, we evaluate Qwen3-8B and Qwen3-
32B under 6K and 15K request workloads, re-
played at 150x and 350x speed. Figure 11 com-
pares CacheBlend against CacheBlend enhanced
with GAD and QCE in terms of cache hit rate and
Prefill time.

Across all eight configurations, GAD and QCE
consistently improve cache efficiency and latency.
The cache hit rate increases by 16.32 to 26.55 per-
centage points, while Prefill time is reduced by
14.60% to 48.27%. These gains persist for both
model sizes and workload scales, indicating that
RAGPULSE’s authentic temporal order enables
GAD and QCE to exploit pending requests and
short-window document reuse robustly. Higher
replay speeds increase queueing pressure, which
can reduce the relative Prefill time improvement in
some settings. However, they also expose more
pending requests and thus preserve substantial
cache-hit-rate gains. Although the 32B model
incurs greater KV-cache pressure and higher ab-
solute latency, the improvement remains consis-
tent, demonstrating that the effectiveness of queue-
aware cache management is not tied to a specific
serving configuration.

6.5 Discussion and Broader Implications

The four sets of experiments consistently show that
BurstGPT and MTRAG fail to expose the real op-
timization opportunities and challenges present in
production RAG systems. Generic LLM traces
lack document level reuse and temporal coupling.
Synthetic RAG datasets while RAG aware are ar-
tifactually constrained by the absence of authentic
temporal arrival patterns and semantically indepen-
dent document distributions. Both lead researchers
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to overestimate or underestimate the effectiveness
of various system optimizations.

We view this work as a starting point rather than
a final answer. RAGPULSE is the first to capture
authentic temporal reuse patterns from a production
deployment spanning hundreds of days and tens of
thousands of real users. We hope the dataset serves
as a foundation for the community to develop and
rigorously evaluate next generation RAG system
optimizations including but not limited to tempo-
ral aware scheduling and semantic aware caching.
By grounding system design in realistic workload
characteristics RAGPULSE enables a shift from
heuristic driven optimization to data driven system
engineering for efficient RAG serving.

7 Related Work

General LLM Serving Traces. General
traces (Wang et al., 2025c¢; shareAl, 2023; Wu et al.,
2025) characterize request arrival and traffic bursts
to optimize dispatching and resource scaling. How-
ever, these datasets focus on dialogue-based work-
loads and do not capture the document reuse or
the data dependencies inherent in RAG serving.
Consequently, these coarse-grained profiles lack
the structured metadata required to model multi-
component RAG requests.

RAG Datasets and Accuracy Benchmarks. Ex-
isting RAG benchmarks (Hsia et al., 2025; Yang
et al., 2025; Joren et al., 2025) focus on retrieval
precision and generation correctness rather than
system metrics like KV cache residency. Their
static nature ignores dynamic request arrival pat-
terns, limiting their ability to guide infrastructure
level performance tuning.

Optimizations for RAG Serving Systems. Recent
RAG optimizations focus on KV cache manage-
ment (Wang et al., 2025a; Lu et al., 2024; Jin et al.,
2024), speculative execution (Wang et al., 2025d),
and retrieval aware scheduling (Shang et al., 2025;
Wang et al., 2025b). Despite these advancements,
evaluations rely on synthetic workloads that over-
look real world complexities. RAGPULSE fills
this gap by providing a production scale trace to
validate such systems under authentic, knowledge
intensive dynamics.

8 Conclusion

RAG has emerged as the standard paradigm for
building trustworthy, high-performance LLM appli-
cations. However, its unique retrieval architecture

introduces unprecedented challenges for system
optimization. Existing generic LLM traces and
synthetic RAG datasets fail to capture RAG spe-
cific workload dynamics, creating a significant gap
between academic research and deployment.

To bridge this gap, we introduce RAGPULSE,
an open-source RAG workload trace dataset that
preserves authentic temporal information missing
in existing traces. Through in depth analysis, we
reveal critical characteristics of production RAG
workloads including time sensitive document reuse
and bursty temporal locality. These findings pro-
vide empirical grounding for next generation RAG
optimizations such as temporal aware scheduling
and semantic aware caching, establishing a stan-
dard for efficient RAG serving.

Limitations

Although RAGPULSE captures authentic temporal
reuse patterns, several aspects remain unexplored.
First, while the trace includes multi turn conversa-
tions, it does not yet capture more complex agentic
workflows such as tool use or iterative retrieval
generation cycles across multiple reasoning steps.
Second, the trace includes only text based docu-
ments, and multimodal RAG scenarios involving
images or audio are not covered. Finally, to pro-
tect user privacy, we release RAGPULSE as an
encrypted, privacy-preserving trace. Although this
does not affect RAG system optimization, it re-
moves raw semantic information. We will explore
incorporating richer semantic metadata through
privacy-preserving techniques (Feyisetan and Ka-
siviswanathan, 2021; Meehan et al., 2022) and con-
sider releasing original content after obtaining user
consent in future versions of RAGPULSE.
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