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Abstract

Prefix caching is a key technique for reducing Large Language Model (LLM) infer-1

ence costs. However, the prevalent least-recently-used (LRU) eviction algorithm2

has a large gap to the optimal algorithm. This paper introduces LPC, the first3

learned method to perform LLM prefix cache eviction. LPC leverages conversa-4

tional content analysis to provide predictive guidance for eviction, determining5

which conversations are likely to continue. These insights, combined with last ac-6

cess timestamps, inform more effective cache management. Extensive evaluations7

across three real-world datasets demonstrate that LPC achieves 18–47% reductions8

in required cache sizes for equivalent hit ratios and has an 11% improvement in9

LLM prefilling throughput in an emulated environment.10

1 Introduction11

Prefix caching has been recently proposed as an optimization for reducing inference latency and12

compute cost in Large Language Model (LLM) serving systems [Gim et al., 2024, Gao et al., 2024].13

By storing and reusing internal Key-Value (KV) states from previously processed input prefixes,14

prefix caches can avoid redundant computation during the expensive prefilling phase of inference,15

especially in multi-turn conversations where historical context is repeatedly reused. A cache hit on a16

long context can reduce Time-To-First-Token (TTFT) latency by 74% as shown in Section 4.5 and17

high hit ratio can significantly increase its server throughput.18

Figure 1: A substantial gap between
the hit ratios achieved by LRU and
an idealized Oracle policy with per-
fect knowledge of future conversa-
tion continuation (LMSys dataset).

Despite these benefits, the effectiveness of current prefix19

caching systems [Kwon et al., 2023, Zheng et al., 2024] is20

constrained by their least-recently-used (LRU) eviction strat-21

egy, which discards the least recently accessed KV blocks.22

Although simple and widely adopted, LRU’s performance is23

far from optimal for LLM prefix caching. As illustrated in24

Figure 1, there is a large gap between the hit ratios achieved25

by LRU and an idealized Oracle policy that possesses perfect26

knowledge of future conversation continuations.27

The success of learned caching policies in other domains,28

such as Content Delivery Networks (CDNs), suggests that29

learned cache designs can significantly outperform LRU and30

other heuristics on hit ratios [Song et al., 2020, Yang et al.,31

2023, Song et al., 2023]. However, the fundamentally different32

nature of LLM workloads prevents a direct transplantation of33

these techniques. LLM prefix caches manage semantically34

interconnected, variable-length segments of conversational context, which are far more complex35

than the relatively independent, often fixed-size objects handled by traditional learned caches in36

other domains. This disparity necessitates the development of novel, specialized learned approaches37

tailored to the unique characteristics of LLM workloads.38
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To bridge this gap, we introduce LPC, a lightweight learned prefix caching framework specifically39

designed for LLM conversational systems. LPC addresses two primary challenges inherent in this40

domain. The first is to achieve substantially higher cache hit ratios over LRU-based approaches,41

by accurately predicting the likelihood of conversation continuation. The second is ensuring the42

learning component incurs negligible memory and computational overhead—a critical requirement43

for practical deployment within resource-constrained LLM serving environments—in order to deliver44

an overall lower inference latency and higher inference throughput.45

Our contributions are as follows: (1) We propose the first learned prefix cache to leverage the46

opportunity to improve LLM inference efficiency by increasing prefix reuse. (2) We design a method47

to learn and predict conversation continuation probability with negligible memory and computational48

overhead. (3) Our evaluations of an implemented prototype system shows that LPC consistently49

outperforms LRU, achieving 18–47% reductions in the required cache size to achieve the same hit50

ratio. In an emulated disaggregated serving [Zhong et al., 2024] and reasoning [Snell et al., 2024]51

environment, this translates to LPC delivering up to 11% higher prefilling throughput and reducing52

the first token latency of up to 7% of requests by 42–75%.53

2 Background54

LLMs employ caching mechanisms to store internal representations of the input sequence, known as55

the KV cache and the prefix cache. This section describes the roles of the KV cache and the prefix56

cache in LLM inference, and presents the challenges in prefix cache eviction.57

Figure 2: An example of the use of the KV cache and the prefix cache in LLM inference.

KV cache for LLM inference. The KV cache stores Key-Value (KV) states to support autoregres-58

sive LLM inference. These KV states are computed representations of the contextual information of59

each token. The KV cache is heavily used during the two phases of LLM inference. Initially, the60

prefilling phase processes the entire input prompt. For each token in this prompt, say tokeni, its61

corresponding KV states, kvi, are computed and stored in the KV cache. This phase concludes with62

the generation of the first output token. Subsequently, the decoding phase utilizes KV states in the KV63

cache for all previous tokens of this sequence, representing the full context seen so far, to generate64

the next token. For efficient memory management and to reduce fragmentation, the KV cache often65

organizes these states into fixed-size “KV blocks”, where the block size is typically around 16 tokens66

[Kwon et al., 2023]. Upon completion of a sequence, the KV states associated with that sequence67

are typically cleared from the KV cache. The primary role of this KV cache is thus to eliminate68

redundant computations for token contexts within an individual generation sequence.69

Prefix caching. The standard KV cache typically discards KV states upon request completion. This70

prevents reuse across related requests, such as requests continuing a previous conversation, forcing71

costly re-prefilling of shared contexts. The prefix cache addresses this by retaining KV states from72

completed sequences. When a new request arrives, the system queries the prefix cache for the longest73

matching prefix, for example token1, . . . , tokenm, of the input. If its KV states (kv1, . . . , kvm) are74

found, they are made available to the KV cache for the current request. Prefilling is then only required75

for the remaining, unmatched portion of the input, from tokenm+1 onwards, significantly reducing76

computation. An example is shown in Figure 2 where the prefilling of “What can” is skipped because77

it matches in the prefix cache.78

Prefix cache eviction. The prefix cache has limited capacity as it uses precious GPU memory.79

When the prefix cache becomes full or the KV cache demands more memory, the system must evict80

existing KV blocks. The choice of which blocks to evict is crucial: a well-designed eviction policy81
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directly improves the prefix cache’s hit ratio—the fraction of future requests that find a matching82

prefix—thereby reducing redundant computation and improving throughput and latency.83

However, existing systems use the LRU policy, which evicts the least-recently used blocks. This84

approach, while reasonably effective in traditional caching domains, falls short in LLM serving85

environments. Prefix cache workloads exhibit different temporal and spatial locality patterns. In86

human-LLM interactions, users naturally pause between turns to read, think, or compose follow-up87

queries, meaning useful prefixes may go untouched for extended periods despite being highly relevant.88

Furthermore, LRU fails to capture the semantic or task-related context of a conversation—factors89

that are often more predictive of future reuse than recency alone. A conversation centered around a90

complex, unresolved task is more likely to continue than one involving a brief, close-ended exchange.91

These differences motivate us to design new eviction strategies that go beyond recency and account92

for the unique behavioral and semantic patterns in LLM workloads.93

3 Learned Prefix Caching94

This section presents a learned prefix caching approach to significantly advance the state-of-the-art95

in cache management for LLM inference. Our goal is to improve prefix cache effectiveness by96

intelligently selecting which Key-Value (KV) blocks to evict when space is needed, thereby reducing97

prefilling latency and increasing throughput. To achieve this, our method must satisfy three key98

requirements:99

• High Hit Ratios: The approach should consistently and substantially outperform the LRU100

baseline in terms of cache hit rate across diverse workloads.101

• Improved Latency and Throughput: The method must be efficient without introducing102

bottlenecks, enabling both lower latency and higher throughput.103

• Minimal Overhead: The system should impose negligible overhead in terms of GPU104

memory usage and computational cost.105

3.1 Overview of the LPC Framework106

Figure 3: Overview of LPC. The LPC framework contains a predictor and an eviction algorithm.

We propose LPC, a learned prefix caching to meet the requirements above. Figure 3 illustrates the107

design of LPC. The main different between this approach and a common prefix cache is that LPC108

uses a predictor to inform the replacement algorithm about which blocks to evict, instead of picking109

the least recently used ones.110

The LPC predictor takes the conversation history and outputs a probability score indicating the111

likelihood of the conversation continuing. Its steps are:112

1. Data parsing: extract the user prompts from the conversation history.113

2. Text embedding: generate a semantic embedding vector from the parsed user prompts.114

3. MLP-based classification: feed the text embedding and other features into a Multilayer115

Perceptron (MLP) classifier to predict the conversation continuation probability p.116

The LPC eviction algorithm has two running components:117

1. Cache Insertion and Eviction: insert KV blocks into a min-heap based on their updated118

probabilities p′; evict the KV block with the smallest p′ when the prefix cache is full.119
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2. Probability Update: periodically apply a decay function to the predicted continuation120

probability p to get an updated probability p′ that factors in the elapsed time.121

3.2 LPC Predictor122

This section describes the three components of the LPC predictor: data parsing, the text embedding123

model, and the MLP classifier.124

Data parsing. To provide the model with sufficient context for accurate predictions, text and125

numerical features are extracted from the conversation. These include the text of the new user prompt126

and the user prompts of the preceding N conversational turns. Our implementation uses N = 4 to127

keep much of contextual information available while keeping resource usage low. For similar reasons128

we do not include model responses because they contain less new information than user prompts.129

Additionally, the conversation length, represented as the number of turns already occurred, is included130

as a scalar feature, which is especially informative for conversations with more than N turns.131

Text embedding model. For transforming raw text into meaningful vector representations, we132

utilize the multilingual-e5-small model [Wang et al., 2024] (with MIT license) from the family133

of sentence transformer models. We choose this model because it is capable of representing important134

patterns but is highly efficient. This model has 118M parameters. Such efficient models often have135

constraints on input length; for multilingual-e5-small, this is 512 tokens. A key challenge,136

therefore, is to compress the input exceeding the length limit while preserving essential information.137

We employ a strategic token allocation as follows: the 512-token budget is distributed evenly across138

each of the N+1 user request turns. For each turn’s allocated token budget, half the tokens are sourced139

from the beginning of the prompt, and the other half from the end. This strategy is informed by140

research indicating that the most important information in textual input often lies in these extremities141

[Liu et al., 2023]. The output of the text embedding model is a vector with 384 dimensions.142

MLP-based classification Model. The classification model is a 3-layer MLP, each layer with 128143

hidden neurons. We select it because it is very efficient while having sufficient capability to learn for144

our task. It accepts a concatenated feature vector as input, which consists of the 384-dimensional145

text embedding vector and a scalar value representing the number of conversation turns. The model146

outputs a single probability value, ranging from 0 to 1, indicating the confidence that the conversation147

will continue beyond the current turn.148

We have made several design decisions to minimize the overhead of the predictor, First, we use small149

text embedding and MLP models that have low GPU memory overhead. Second, the predictor runs150

only once for each user request, where the request rate is typically lower than 10 per second per GPU.151

Third, the predictor is a stand-alone component running in parallel to LLM inference. Lastly, one152

predictor can pair with multiple LLM inference instances to further amortize the memory overhead153

and computational overhead through batching.154

3.3 Training155

This section outlines how LPC is trained, including training data collection, training configurations,156

and retraining.157

Training data. Training and validation data are collected from a dedicated partition of conversations158

from the target dataset (as described in Section 4.2). This partition is strictly isolated and excluded159

from any datasets used for online evaluation. The size of the partition is half of the dataset. A separate160

model is trained for each dataset.161

Training configurations. The training works as follows. First, during training, only the weights of162

the MLP classifier are updated; the pre-trained text embedding model is kept frozen. This partial fine-163

tuning method allows the MLP to adapt specifically to the continuation prediction task. Second, text164

embeddings for the training dataset are pre-computed and cached after the first epoch to significantly165

accelerate training. Subsequent epochs directly reuse these cached embeddings because the text166

embedding model is frozen, bypassing repeated computations and saving 90% of the training time.167

A binary cross-entropy loss function is employed. The loss is weighted with more weights for the168
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minority class to handle class imbalance. The optimizer is Adam with a learning rate of 5× 10−4.169

The training runs until convergence (within 20 epochs in our evaluation), and the checkpoint with the170

lowest loss on the validation dataset is saved for running online inference.171

Retraining. The predictor is trained offline on historical data. To adapt to gradual shifts in172

user behavior or evolving conversational dynamics, periodic offline retraining can run daily in173

production. Training takes about 10 minutes making daily retraining affordable. Real-time online174

learning is currently not performed because the general patterns of conversation continuation in175

LLM applications are relatively stable over short to medium timescales, rendering continuous online176

retraining unnecessary due to its operational complexity.177

3.4 Eviction Algorithm178

This section introduces the LPC eviction algorithm in more detail. Our design largely follows the179

LRU prefix cache eviction algorithm but uses a dynamic conversation continuation probability instead180

of the last access time to rank objects.181

3.4.1 Data Structure and Operations.182

The key data structure is a min-heap. Blocks in the heap are prioritized based on a dynamically183

calculated continuation probability of their associated conversation. The primary inputs associated184

with each sequence’s KV blocks are its initial predicted continuation probability and its last access185

timestamp.186

The operations are:187

• Insertion: When the decoding of a sequence completes, its KV blocks are removed from the188

KV cache and inserted into the prefix cache’s min-heap according to their initial predicted189

continuation probability.190

• Promotion: If a prefix of an incoming user request matches a sequence of KV blocks in the191

prefix cache, these blocks are considered “hit.” They are then promoted to the KV cache192

and are consequently removed from the prefix cache’s min-heap.193

• Probability update: The algorithm performs a periodic probability decay to be able to evict194

the KV blocks with over-estimated continuation probability. At configurable fixed intervals195

(defaulting to 10 seconds), LPC iterates through all KV blocks in the prefix cache. For each196

block, its associated continuation probability is re-evaluated using a decay function below.197

The min-heap is then reorganized to accurately reflect these updated probabilities.198

• Eviction: When the prefix cache reaches its capacity, or when memory needs to be reclaimed199

(e.g., due to expansion of the KV cache), an eviction process is triggered. The KV block200

located at the root of the min-heap is selected and removed from the prefix cache.201

3.4.2 Probability Decay Function202

To handle KV blocks with over-estimated continuation probability predictions from staying in the
cache forever we periodically update their probabilities. We implement a decay function to adjust
the conversation continuation probability as time elapses since its last interaction. This function’s
input includes the initially predicted continuation probability (proboriginal), the current system time
(timecur), and the timestamp of the last access to this KV block (timelast). Its output is the current,
time-adjusted probability (probcur), which is calculated as:

probcur =
proboriginal × decay

proboriginal × decay + (1− proboriginal)

The decay factor itself is an exponential function of the elapsed time:

decay = exp(−(timecur − timelast)× scale)

Here, scale is a hyperparameter controlling the decay rate, tuned empirically by observing typical203

conversation abandonment patterns in our workload data. This mechanism ensures that prefixes from204

inactive conversations receive progressively lower continuation probabilities, making them more205

likely eviction candidates.206
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4 Evaluation207

To evaluate how well LPC meets its design goals, we focus on three evaluation questions:208

• How much does LPC improve prefix cache hit ratios compared to LRU? (4.4, 4.3)209

• To what extent does the higher hit ratio of LPC translate into improved throughput and210

reduced latency? (4.5)211

• What are the memory and computational overheads introduced by LPC? (4.6)212

4.1 Implementation and Evaluation Environments213

We implement a prototype of LPC on top of the vLLM serving framework [Kwon et al., 2023], which214

is licensed under Apache-2.0. The conversation continuation predictor runs as an external component,215

while the cache eviction policy is integrated directly into the vLLM prefix cache. Unless otherwise216

specified, all vLLM arguments use their default values. The implementation is based on the main217

branch of vLLM as of March 10, 2025.218

We allocate 1 GB of GPU memory for the predictor used in LPC. This allocation breaks down as219

follows: approximately 560 MB for PyTorch’s CUDA context and kernel initialization, 240 MB for220

loading the multilingual-e5-small model weights in float16 precision, and around 200 MB for221

runtime memory to store inputs and attention buffers.222

All experiments were conducted on NVIDIA H100 GPUs, equipped with 80 GB of HBM3 memory.223

We use the Qwen3-32B-FP8 model [Qwen3 Team, 2025] to run inference. It is a 32-billion parameter224

reasoning model and is licensed with Apache 2.0. We use a single GPU to run the model. Considering225

the memory used by the model and pytorch, the memory available for KV cache and Prefix cache is226

40 GB in total. The other hardware usage includes 8 CPUs and 64 GB CPU memory. The baseline is227

vLLM’s LRU cache eviction algorithm.228

Our evaluations use the following metrics:229

• Hit Ratio: The average prefix cache hit ratio across all requests.230

• Time-to-First-Token (TTFT): The latency observed by the client from sending a request to231

receiving the first response token.232

• Throughput: The average number of sequences prefilling per second.233

To ensure a fair comparison with the LRU-based approach, we deduct 1 GB from LPC’s prefix234

cache size in all evaluations, to account for its GPU memory overhead.235

4.2 Workload236

We run prefix cache hit ratio comparisons on real-world conversational datasets. These include:237

• LMSys: a large-scale collection of user-chatbot dialogues [Zheng et al., 2023a].238

• ShareGPT: conversations with ChatGPT [ShareGPT Team, 2023].239

• Chatbot-Arena: a platform where users compare various LLMs [Chiang et al., 2024].240

LMSys has a limited use license. ShareGPT has a Apache-2.0 license. Chatbot-Arena has a CC241

license. Table 1 summarizes the statistics of the three datasets. The follow-up ratio is the percentage242

of requests that will receive a future request of the same conversation.243

Table 1: Dataset Properties.
Dataset Total conversations Avg. input length Avg. output length Follow-up ratio

LMSys 1× 106 63 tokens 179 tokens 35%
ShareGPT 9.5× 104 113 tokens 305 tokens 55%
Chatbot-Arena 3.3× 104 36 tokens 155 tokens 8%
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An important limitation of public datasets is the lack of timestamp information, making it difficult244

to evaluate LLM systems under realistic conversational workloads. Simple Poisson-based arrival245

models are insufficient: they ignore LLM generation times—potentially placing a user request before246

the previous response finishes—and do not account for conversation start times.247

To overcome this limitation, we introduce a two-phase strategy that separates user think time modeling248

from LLM response times and schedules conversation start times to simulate realistic server load.249

In the pre-run phase, chat intervals within each conversation are sampled from an exponential250

distribution with mean λchat, and conversation start times are spaced to keep the number of concurrent251

active conversations below a target threshold Nconv (default 200), emulating a static load balancer.252

In the runtime phase, each conversation starts at its assigned time, and subsequent requests occur253

after adding the sampled user interval to the actual completion time of the previous LLM response.254

Evaluations run for 20 minutes to avoid capturing the cool-down period at the end of the trace.255

4.3 Hit Ratios Across Varying Cache Sizes256

(a) LMSys (b) ShareGPT (c) Chatbot-Arena

Figure 4: Hit ratio vs. cache size. LPC achieves consistently higher hit ratios than LRU, which
translates to 18–47% reductions in the required cache size to achieve the same hit ratio as LRU.

To understand how LPC performs under different memory budgets, we compare its prefix cache hit257

ratio with LRU’s while varying total token capacity. We vary the combined size of the prefix and KV258

caches from 60K to 160K tokens (approximately 15.6 GB to 40 GB). They are allocated across the259

prefix and KV caches dynamically by vLLM. The chat interval parameter λchat is fixed at 100.260

Figure 4 shows that LPC consistently outperforms LRU across all datasets and cache sizes. The261

improvement relative to LRU is 13% to 38% on LMSys (Figure 4a), 14% to 98% on ShareGPT262

(Figure 4b), and 15% to 30% on Chatbot-Arena (Figure 4c).263

To achieve the same hit ratio as LRU, LPC requires significantly less memory across all three datasets.264

For example, on Chatbot-Arena, LPC reaches a 30% hit ratio with only 85 K tokens—just 57% of the265

150 K tokens required by LRU. Similar memory savings are observed on LMSys (up to 18% less) and266

ShareGPT (up to 30% less). This is a 7.2–18.8 GB GPU memory saving for a 40 GB cache. These267

results show LPC substantially improves memory efficiency in prefix caching.268

4.4 Impact of Chat Intervals on Hit Ratio269

To evaluate the robustness of LPC under varying user interaction patterns, we fix the cache size to270

40 GB (the full available GPU memory) and vary the chat interval parameter λchat to simulate different271

user think times. Shorter intervals represent more frequent user interactions, which may increase272

cache contention, while longer intervals simulate slower-paced conversations. with potentially higher273

reuse of cached prefixes.274

As shown in Figure 5, LPC consistently outperforms LRU across all datasets and interval settings,275

achieving 5% to 18% higher hit ratios. Specifically, improvements range from 5% to 18% on LMSys276

(Figure 5a), 11% to 15% on ShareGPT (Figure 5b), and 7% to 16% on Chatbot-Arena (Figure 5c).277

These results show that LPC maintains strong performance across diverse conversational workloads,278

adapting well to varying user behaviors.279
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(a) LMSys (b) ShareGPT (c) Chatbot-Arena

Figure 5: Hit ratio vs. chat intervals. LPC has consistently higher hit ratio than LRU, with 5–18%
relative improvements.

4.5 Throughput and Latency280

To evaluate the impact on throughput and latency by the improved hit ratios, we use a microbenchmark281

that emulates a prefilling-only server in a disaggregated inference framework. This method is widely282

used in industry and is becoming a next-generation standard [Zhong et al., 2024, Patel et al., 2024,283

Hu et al., 2024, Qin et al., 2025].284

We use a synthetic workload with longer context lengths to reflect the recent trend of test-time scaling285

related to the wide adoption of reasoning models [Snell et al., 2024, Chen et al., 2025]. Recent286

studies show that the generation length significantly increases from around 10 tokens generated by287

non-reasoning models to around 1,000 tokens generated by reasoning models [Han et al., 2024, Sun288

et al., 2025]. This increase in the generation lengths means an increase in the lengths of the matched289

contexts, because generated text is part of the context of the input of the next conversation round.290

Figure 6: Prefilling throughput
(req/s) as a function of hit ratio.

Figure 7: Time To First Token (TTFT) comparison for context
cache miss vs. hit across varying context and prompt lengths.

Figure 6 shows the prefilling throughput gain as the hit ratio improves. In this microbenchmark, every291

input has a 1000-tokens context and a 50-token new prompt. The x-axis is the prefix cache hit ratio292

of the full contexts, including the new prompts that always miss. A hit ratio boost from 35 percent to293

42 percent, which LPC achieves in Figure 5a, leads to an increase in throughput from 10.01 req/s to294

11.11 req/s, indicating an 11.10% relative higher prefilling throughput in the emulated environment.295

Figure 7 quantifies the reduction in TTFT achieved by a context cache hit. It shows that a context hit296

can keep the TTFT low regardless of the context length, which reduces TTFT by up to 73% compared297

to a context miss. It also shows that the TTFT of a hit barely increases when the new prompt length is298

smaller than 500, emphasizing the advantage of a context hit. These result indicate that a 7 percent hit299

ratio increase can translate to 7% of requests seeing their TTFT reduced by 42–75% in the emulated300

environment.301

4.6 Memory and Computational Overhead302

We reserved 1 GB of GPU memory for LPC’s predictor and deduct 1 GB from LPC’s prefix cache303

as described in Section 4.1. In this case, LPC takes about 1.25% of the GPU memory running our304
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evaluations. A sensitivity study analyzing the impact of using varying memory for LPC is provided305

in the appendix.306

The GPU computational overhead of LPC is minimal due to the high efficiency of the predictor307

model, which can process up to 1,000 predictions per second per GPU. A detailed instrumentation is308

also presented in the appendix.309

5 Related Work310

Prefix Caching and Eviction Policies. Many works have explored optimizing LLM inference311

with prefix caching, but none have placed an emphasis on how eviction policies adjust to the LLM312

workloads. PromptCache [Gim et al., 2024] reuses common prompt segments with precomputed313

attention states. RAGCache [Jin et al., 2024] proposes prefix-aware Greedy Dual-Size Frequency314

eviction policy for RAG but not for conversational workload. CacheBlend [Yao et al., 2025] uses315

prefix cache and cross SGLang [Zheng et al., 2024] builds RadixAttention to cache KV sequences in316

a radix-tree for efficient prefix matching, while vLLM [Kwon et al., 2023] maps logical KV blocks to317

a global physical cache. Both adopt a least-recently used (LRU) eviction strategy. Dynamo [NVIDIA318

Research Team, 2025] uses first-in-first-out (FIFO) eviction, while CachedAttention [Gao et al.,319

2024] presents a scheduler-aware eviction scheme based the queue of incoming requests for offline320

batched inference. Marconi [Pan et al., 2025] factors in computational savings for LRU eviction, but321

the approach is tailored to state-space models and does not extend to transformer architectures.322

ML-based Caching Algorithms. Existing caching research explores machine learning as an323

approximate to optimal eviction decisions. LeCaR [Vietri et al., 2018] and CACHEUS [Rodriguez324

et al., 2021] apply online learning and expert-ensemble frameworks to further learn cache eviction325

policies. LRB [Song et al., 2020] , MAT [Yang et al., 2023], and HALP [Song et al., 2023] leveraging326

machine learning in content delivery networks, demonstrates a 10% to 20% hit ratio improvement327

and cost saving over the best heuristic algorithm and LRU. However, these algorithms cannot be328

directly applied to LLM prefix caches due to the large difference in their caching paradigms.329

Learned Optimizations for LLM Inference. Recent LLM inference systems use learned ap-330

proaches to improve performance. [Zheng et al., 2023b] adds instructions for predicting prompt331

length in order to group requests with similar latencies, leading to a throughput increase compared to332

regular batched inference. Fu et al. [2024] and Qiu et al. [2024a,b] train smaller separate models to333

predict output length, finding that shortest-job-first batching reduces per-token latency significantly334

compared to first-come-first-serve. Finally, Jain et al. [2025] explores a heuristic-guided reinforce-335

ment learning-based router for workload-aware scheduling. Our work on LPC complement this work336

by focusing its learned optimizations on a different component of LLM inference: prefix caching.337

6 Conclusion and Future Work338

This paper presents the first learned prefix cache LPC to improve LLM inference efficiency. It uses339

ML on history data to predict conversation continuation probability to improve the cache hit ratio340

over LRU based approach.341

Our evaluations show that LPC consistently outperforms the baseline in all three workloads, achieving342

up to 43% lower cache size utilization. The improved high-ratios translate to substantially lower343

latency and an 11% prefilling throughput increase. This is a step towards intelligent and adaptive344

memory management in LLM serving systems.345

While our approach demonstrates significant improvements over LRU, this study has several limita-346

tions that we plan to address in future work. First, our evaluation relies on workloads augmented347

with synthetic timestamps due to the lack of public datasets with real interaction timing, which may348

not fully capture real-world user behavior. Second, our comparison is primarily against the LRU349

policy; evaluating against a broader range of heuristic eviction strategies (e.g., LFU, size-aware, or350

semantic-aware policies) would offer a more comprehensive view. Finally, we explored a single351

lightweight prediction model; examining alternative architectures or ensemble methods could further352

improve prediction accuracy and caching performance. These directions represent promising next353

steps for advancing learned prefix caching in LLM serving systems.354
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A Additional Experiments456

A.1 LPC Computational Overhead457

In this section, we extend Section 4.6 to address the research question on the computational overhead458

of our proposed method LPC.459

Metrics. We evaluate GPU computational activity using three fine-grained metrics collected by460

NVIDIA Data Center GPU Manager: SM Active, SM Occupancy, and Tensor Pipe Active. SM Active461

indicates the proportion of cycles during which at least one warp was assigned to any Streaming462

Multiprocessor (SM), reflecting overall SM computational engagement. SM Occupancy measures463

the ratio of active resident warps to the theoretical maximum warps per SM, averaged across SMs.464

Tensor Pipe Active represents the ratio of cycles where any tensor pipe was active.465

Setup. We run three configurations: our proposed LPC method, the baseline LRU method, and the466

LRU w/ predictor configuration. The LRU w/ predictor configuration integrates the LPC predictor467

with the standard LRU policy; this setup is specifically designed to measure the predictor’s intrinsic468

computational overhead while maintaining a cache hit ratio comparable to the baseline LRU. The469

experiments are conducted on the LMSys dataset with a 40 GB cache size. The chat interval parameter470

λchat is 100.471

Table 2: GPU computational activity on LMSys with 40 GB cache size.
Metric LPC LRU LRU w/ predictor

SM Active (%) 39.70 41.74 42.04
SM Occupancy (%) 7.63 8.05 8.12
Tensor Pipe Active (%) 11.42 12.05 12.07
Hit Ratio (%) 46.50 40.90 40.90

Results. The results in Table 2 show that LPC reduces the overall GPU computations by about472

5%. Specifically, LPC achieves a 4.89% decrease in SM Active, a 5.22% decrease in SM Occupancy,473

and a 5.23% decrease in Tensor Pipe Active, underscoring its effectiveness in reducing the overall474

computational load due to its higher prefix cache hit ratio. Second, to assess the computational475

overhead introduced by the LPC predictor, we compared the LRU baseline with and without running476

an LPC predictor. The results indicate that the predictor’s overhead is minimal: SM Active increased477

by only 0.72%, SM Occupancy by 0.87%, and Tensor Pipe Active by a mere 0.17% when the predictor478

was added to LRU. This confirms that the LPC predictor can be integrated to LPC with a marginal479

computational overhead.480

A.2 LPC Memory Overhead Sensitivity Analysis481

(a) LMSys (b) ShareGPT (c) Chatbot-Arena

Figure 8: Sensitivity of LPC’s cache hit ratio to its internal GPU memory overhead, compared with
LRU. LPC (N×) denotes LPC configured with N times of its actual GPU memory requirement.

To understand the impact of LPC’s internal GPU memory overhead on its performance, we conduct a482

sensitivity analysis. We vary the GPU memory specifically reserved for LPC’s predictor, evaluating483
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configurations where this reserved memory is 0×, 1×, 2×, and 4× times the actual GPU memory484

requirement for LPC’s predictor, which requires 1 GB GPU memory. Figure 8 illustrates the resulting485

cache hit ratios for LPC under these varying levels GPU memory overhead, compared against LRU,486

across three distinct datasets. The evaluation setup is the same as in Section 4.3.487

The results show that the GPU memory allocated to LPC’s predictor has a 0.6% to 8.1% impact488

on its hit ratio. This is observed by comparing LPC (0×) with LPC (1×). The hit ratio sees a489

reduction ranging from 0.6% to 2.4%, at a cache size of 16 × 104 tokens (40 GB for H100 after490

loading Qwen3-32B-FP8). The hit ratio impact is more pronounced at smaller cache capacities, as491

the reduction in hit ratio when moving from LPC (0×) to LPC (1×) ranges from 2.3% to 8.1%,492

at a cache size of 6.4× 104 tokens (16 GB). These findings indicate that though LPC’s prediction493

mechanism is fundamentally superior to LRU, minimizing its direct GPU memory overhead is crucial494

for maximizing its cache hit ratio benefits, especially when GPU memory resources are limited.495

Despite the internal overhead variations, LPC consistently outperforms LRU. When varying LPC’s496

predictor overhead from 0× to 4×, LPC achieves 4.3% to 16.7% higher hit ratios than LRU at the497

cache size of 16× 104 tokens (40 GB). At the smaller cache size of 6.4× 104 tokens (16 GB), LPC498

achieves 5.8% to 119.0% higher hit ratios than LRU. These findings indicate that LPC’s prediction499

mechanism is fundamentally superior to LRU.500

A.3 LPC Predictor Accuracy and Ablation Study501

To evaluate the effectiveness of LPC predictor on predicting whether the conversation will continue,502

we measure its binary classification metrics including Matthews Correlation Coefficient (MCC) and503

macro-averaged F1 score (F1 macro). The Matthews Correlation Coefficient (MCC) is a robust504

metric for binary classification when classes are imbalanced, ranging from -1 (total disagreement)505

to +1 (perfect prediction), with 0 indicating random performance. The macro-averaged F1 score506

(F1 macro) computes the F1 score (harmonic mean of precision and recall) independently for each507

class and then averages them; it ranges from 0 to 1 (best). LPCturns is an ablation study using only the508

number of turns as the input, without the conversation text. It bins the training data by the number of509

turns and predicts the label as the majority of the training labels in the corresponding bin.510

Table 3: Prediction correctness of LPC predictor and an ablation study using only the number of
turns as the input (LPCturns). Higher values are better for all metrics.

Dataset Method MCC F1 macro

LMSys LPCturns 0.3510 0.6755
LPC 0.3863 0.6923

ShareGPT LPCturns -0.0012 0.4165
LPC 0.2815 0.6407

Chatbot-Arena LPCturns 0.0775 0.4741
LPC 0.3689 0.6837

The results in Table 3 indicate that the full LPC predictor achieves 0.28 to 0.36 MCC and is511

always superior to the LPCturns ablation. This suggests that leveraging the semantic content of the512

conversation provides valuable signals for predicting continuation likelihood. For instance, on the513

Chatbot-Arena dataset, LPC shows a substantial improvement in MCC (0.3689 vs. 0.0775) and F1514

macro (0.6837 vs. 0.4741) over LPCturns. The negative MCC for LPCturns on ShareGPT indicates that515

using only turn count as a predictor is no better than random guessing for that specific dataset. The516

LMSys dataset shows comparable MCC and F1 macro between LPC and LPCturns and indicates that a517

light-weight predictor such as LPCturns may be strong enough in some scenarios. Overall, the results518

show the effectiveness of our content-aware features in predicting the conversation continuation.519

A.4 Hit Ratio Comparisons with Oracle520

To assess the upper bound for further potential improvements, we compare the hit ratio of LPC against521

an Oracle policy, which possesses perfect future knowledge of whether a conversation will continue.522
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(a) LMSys (b) ShareGPT (c) Chatbot-Arena

Figure 9: Hit ratio vs. cache size. LPC reduces the gap from LRU to Oracle by 22% to 66%.

Figure 9 presents this comparison alongside LRU across the three datasets for various cache sizes.523

The evaluation setup is the same as in Section 4.3.524

The results indicate that LPC consistently reduces the hit ratio gap between LRU and Oracle. On the525

LMSys dataset (Figure 9a), the reduction in the gap is from 22% to 30%. On the ShareGPT dataset526

(Figure 9b), the reduction is from 28% to 64%. The remaining gap to Oracle is only about 0.5 times527

the current LPC-over-LRU gain at the smallest cache size. We hypothesize that it is because LPC has528

higher accuracy in high-confidence predictions, and the small cache size is only enough to hold those529

high-confidence prefixes. For the Chatbot-Arena dataset (Figure 9c), the reduction of the hit ratio gap530

from LRU to Oracle achieved by LPC ranges from 25% to 28%.531

These observations highlight the substantial advancements LPC delivers in prefix caching. While532

a performance ceiling defined by the Oracle benchmark remains, we contend that LPC effectively533

captures the vast majority of predictive information available within the conversation text itself.534

Therefore, we believe that future efforts to substantially close the remaining gap and approach535

Oracle-level performance will likely need to incorporate new data dimensions, such as user access536

patterns, moving beyond sole reliance on textual content for prediction.537

A.5 Experiment Statistical Significance538

(a) LMSys (b) ShareGPT (c) Chatbot-Arena

Figure 10: Hit ratio vs. cache size with error bars. The variation in the hit ratio is smaller than 0.013.

To assess the statistical significance and stability of our results, we repeated the experimental runs for539

at least 5 times for each data point. Figure 10 presents the hit ratios with error bars indicating the540

observed minimum and maximum values across these runs. The analysis of this data reveals that the541

variations are consistently small. Specifically, the maximum absolute difference between the highest542

and lowest observed hit ratio for any given configuration (algorithm, dataset, and cache size) is less543

than 0.013. The relative variation (max-min difference divided by the mean hit ratio) is also small,544

always below 4.6% and in most cases lower than 1%. This low variance across repeated experiments545

indicates that the performance differences observed between our proposed method and the baseline546

are robust and not attributable to random fluctuations, underscoring the statistical significance of our547

findings.548
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B Additional Algorithm Description549

B.1 Handling KV Blocks Shared by Multiple Conversations.550

A significant challenge in prefix caching arises with KV blocks shared across multiple distinct
conversations, such as those resulting from common system prompts or identical initial user queries.
Naive metadata management that simply overwrites the score of such blocks with the latest score
can lead to suboptimal eviction decisions, because a popular prefix shared by multiple conversations
would be incorrectly evicted by the most recent related conversation if it has a low score. Our
algorithm incorporates specific logic for these shared blocks. The timelast for a shared block is
always updated to its most recent access timestamp. Furthermore, when a shared block is accessed as
part of a new or existing conversation, its effective continuation probability for eviction decisions is
set to the maximum of its probblock

cur calculated now from the previously stored metadata and probnew
cur

calculated from the incoming metadata. This max-pooling operation across all conversations sharing
the block is represented as:

probblock
cur = max(probblock

cur , probnew
cur )

This strategy ensures that a block shared by multiple conversations, where at least one is highly likely551

to continue and has been recently active, is not prematurely evicted due to association with a less552

likely-to-continue conversation.553
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paper’s contributions and scope?557

Answer: [Yes]558
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learned LLM prefix eviction using conversational analysis) and key performance results560

(e.g., 18–47% cache size reduction, 11% prefilling throughput improvement), which are561

detailed and supported in Sections 3 and 4.562

Guidelines:563

• The answer NA means that the abstract and introduction do not include the claims564

made in the paper.565

• The abstract and/or introduction should clearly state the claims made, including the566

contributions made in the paper and important assumptions and limitations. A No or567

NA answer to this question will not be perceived well by the reviewers.568

• The claims made should match theoretical and experimental results, and reflect how569

much the results can be expected to generalize to other settings.570

• It is fine to include aspirational goals as motivation as long as it is clear that these goals571

are not attained by the paper.572

2. Limitations573

Question: Does the paper discuss the limitations of the work performed by the authors?574

Answer: [Yes]575

Justification: Section 6 explicitly discusses limitations, including reliance on synthetic576

timestamps for evaluation, comparison primarily against LRU, and the use of a single577

lightweight prediction model architecture.578

Guidelines:579

• The answer NA means that the paper has no limitation while the answer No means that580

the paper has limitations, but those are not discussed in the paper.581

• The authors are encouraged to create a separate "Limitations" section in their paper.582

• The paper should point out any strong assumptions and how robust the results are to583

violations of these assumptions (e.g., independence assumptions, noiseless settings,584

model well-specification, asymptotic approximations only holding locally). The authors585

should reflect on how these assumptions might be violated in practice and what the586

implications would be.587

• The authors should reflect on the scope of the claims made, e.g., if the approach was588

only tested on a few datasets or with a few runs. In general, empirical results often589

depend on implicit assumptions, which should be articulated.590

• The authors should reflect on the factors that influence the performance of the approach.591

For example, a facial recognition algorithm may perform poorly when image resolution592

is low or images are taken in low lighting. Or a speech-to-text system might not be593

used reliably to provide closed captions for online lectures because it fails to handle594

technical jargon.595

• The authors should discuss the computational efficiency of the proposed algorithms596

and how they scale with dataset size.597

• If applicable, the authors should discuss possible limitations of their approach to598

address problems of privacy and fairness.599

• While the authors might fear that complete honesty about limitations might be used by600

reviewers as grounds for rejection, a worse outcome might be that reviewers discover601

limitations that aren’t acknowledged in the paper. The authors should use their best602

judgment and recognize that individual actions in favor of transparency play an impor-603

tant role in developing norms that preserve the integrity of the community. Reviewers604

will be specifically instructed to not penalize honesty concerning limitations.605

3. Theory assumptions and proofs606
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Question: For each theoretical result, does the paper provide the full set of assumptions and607

a complete (and correct) proof?608

Answer: [NA]609

Justification: The paper proposes an empirical method and evaluates it experimentally. It610

does not introduce new theoretical results that require formal proofs.611

Guidelines:612

• The answer NA means that the paper does not include theoretical results.613

• All the theorems, formulas, and proofs in the paper should be numbered and cross-614

referenced.615

• All assumptions should be clearly stated or referenced in the statement of any theorems.616

• The proofs can either appear in the main paper or the supplemental material, but if617

they appear in the supplemental material, the authors are encouraged to provide a short618

proof sketch to provide intuition.619

• Inversely, any informal proof provided in the core of the paper should be complemented620

by formal proofs provided in appendix or supplemental material.621

• Theorems and Lemmas that the proof relies upon should be properly referenced.622

4. Experimental result reproducibility623

Question: Does the paper fully disclose all the information needed to reproduce the main ex-624

perimental results of the paper to the extent that it affects the main claims and/or conclusions625

of the paper (regardless of whether the code and data are provided or not)?626

Answer: [Yes]627

Justification: Key details for reproducibility are provided, including implementation envi-628

ronment and hardware (Section 4.1), models used (Section 3.2, 4.1), datasets (Section 4.2),629

synthetic timestamp generation (Section 4.2), predictor architecture and training parameters630

(Section 3.2, 3.3).631

Guidelines:632

• The answer NA means that the paper does not include experiments.633

• If the paper includes experiments, a No answer to this question will not be perceived634

well by the reviewers: Making the paper reproducible is important, regardless of635

whether the code and data are provided or not.636

• If the contribution is a dataset and/or model, the authors should describe the steps taken637

to make their results reproducible or verifiable.638

• Depending on the contribution, reproducibility can be accomplished in various ways.639

For example, if the contribution is a novel architecture, describing the architecture fully640

might suffice, or if the contribution is a specific model and empirical evaluation, it may641

be necessary to either make it possible for others to replicate the model with the same642

dataset, or provide access to the model. In general. releasing code and data is often643

one good way to accomplish this, but reproducibility can also be provided via detailed644

instructions for how to replicate the results, access to a hosted model (e.g., in the case645

of a large language model), releasing of a model checkpoint, or other means that are646

appropriate to the research performed.647

• While NeurIPS does not require releasing code, the conference does require all submis-648

sions to provide some reasonable avenue for reproducibility, which may depend on the649

nature of the contribution. For example650

(a) If the contribution is primarily a new algorithm, the paper should make it clear how651

to reproduce that algorithm.652

(b) If the contribution is primarily a new model architecture, the paper should describe653

the architecture clearly and fully.654

(c) If the contribution is a new model (e.g., a large language model), then there should655

either be a way to access this model for reproducing the results or a way to reproduce656

the model (e.g., with an open-source dataset or instructions for how to construct657

the dataset).658
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authors are welcome to describe the particular way they provide for reproducibility.660

In the case of closed-source models, it may be that access to the model is limited in661

some way (e.g., to registered users), but it should be possible for other researchers662

to have some path to reproducing or verifying the results.663
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Question: Does the paper provide open access to the data and code, with sufficient instruc-665

tions to faithfully reproduce the main experimental results, as described in supplemental666
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Answer: [Yes]668
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possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not677
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benchmark).679

• The instructions should contain the exact command and environment needed to run to680

reproduce the results. See the NeurIPS code and data submission guidelines (https:681

//nips.cc/public/guides/CodeSubmissionPolicy) for more details.682
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versions (if applicable).689
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results?695
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• The experimental setting should be presented in the core of the paper to a level of detail702

that is necessary to appreciate the results and make sense of them.703

• The full details can be provided either with the code, in appendix, or as supplemental704

material.705

7. Experiment statistical significance706

Question: Does the paper report error bars suitably and correctly defined or other appropriate707

information about the statistical significance of the experiments?708

Answer: [Yes]709

Justification: The plot with error bar is included in the Appendix.710
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Guidelines:711

• The answer NA means that the paper does not include experiments.712

• The authors should answer "Yes" if the results are accompanied by error bars, confi-713

dence intervals, or statistical significance tests, at least for the experiments that support714

the main claims of the paper.715

• The factors of variability that the error bars are capturing should be clearly stated (for716

example, train/test split, initialization, random drawing of some parameter, or overall717

run with given experimental conditions).718

• The method for calculating the error bars should be explained (closed form formula,719

call to a library function, bootstrap, etc.)720

• The assumptions made should be given (e.g., Normally distributed errors).721

• It should be clear whether the error bar is the standard deviation or the standard error722

of the mean.723

• It is OK to report 1-sigma error bars, but one should state it. The authors should724

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis725

of Normality of errors is not verified.726

• For asymmetric distributions, the authors should be careful not to show in tables or727

figures symmetric error bars that would yield results that are out of range (e.g. negative728

error rates).729

• If error bars are reported in tables or plots, The authors should explain in the text how730

they were calculated and reference the corresponding figures or tables in the text.731

8. Experiments compute resources732

Question: For each experiment, does the paper provide sufficient information on the com-733

puter resources (type of compute workers, memory, time of execution) needed to reproduce734

the experiments?735

Answer: [Yes]736

Justification: Section 4.1 specifies the use of NVIDIA H100 GPUs with 80GB HBM3737

memory, a single GPU for the model, 8 CPUs, and 64GB CPU memory. Section 3.3738

mentions predictor training takes about 10 minutes. Section 4.2 mentions evaluations run739

for 20 minutes. Section 4.1 details GPU memory allocation for the predictor (1GB total).740

This provides a good overview of resources for reported runs.741

Guidelines:742

• The answer NA means that the paper does not include experiments.743

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,744

or cloud provider, including relevant memory and storage.745

• The paper should provide the amount of compute required for each of the individual746

experimental runs as well as estimate the total compute.747

• The paper should disclose whether the full research project required more compute748

than the experiments reported in the paper (e.g., preliminary or failed experiments that749

didn’t make it into the paper).750

9. Code of ethics751

Question: Does the research conducted in the paper conform, in every respect, with the752

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?753

Answer: [Yes]754

Justification: We conduct research conforming to the Code of Ethics.755

Guidelines:756

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.757

• If the authors answer No, they should explain the special circumstances that require a758

deviation from the Code of Ethics.759

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-760

eration due to laws or regulations in their jurisdiction).761

10. Broader impacts762
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Question: Does the paper discuss both potential positive societal impacts and negative763

societal impacts of the work performed?764

Answer: [NA]765

Justification: The research focuses on improving the computational efficiency of LLM766

inference systems using publicly available conversational datasets. It does not have potential767

negative societal impacts.768

Guidelines:769

• The answer NA means that there is no societal impact of the work performed.770

• If the authors answer NA or No, they should explain why their work has no societal771

impact or why the paper does not address societal impact.772

• Examples of negative societal impacts include potential malicious or unintended uses773

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations774

(e.g., deployment of technologies that could make decisions that unfairly impact specific775

groups), privacy considerations, and security considerations.776

• The conference expects that many papers will be foundational research and not tied777

to particular applications, let alone deployments. However, if there is a direct path to778

any negative applications, the authors should point it out. For example, it is legitimate779

to point out that an improvement in the quality of generative models could be used to780

generate deepfakes for disinformation. On the other hand, it is not needed to point out781

that a generic algorithm for optimizing neural networks could enable people to train782

models that generate Deepfakes faster.783

• The authors should consider possible harms that could arise when the technology is784

being used as intended and functioning correctly, harms that could arise when the785

technology is being used as intended but gives incorrect results, and harms following786

from (intentional or unintentional) misuse of the technology.787

• If there are negative societal impacts, the authors could also discuss possible mitigation788

strategies (e.g., gated release of models, providing defenses in addition to attacks,789

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from790

feedback over time, improving the efficiency and accessibility of ML).791

11. Safeguards792

Question: Does the paper describe safeguards that have been put in place for responsible793

release of data or models that have a high risk for misuse (e.g., pretrained language models,794

image generators, or scraped datasets)?795

Answer: [NA]796

Justification: The paper does not release models or datasets that would pose a high risk for797

misuse.798

Guidelines:799

• The answer NA means that the paper poses no such risks.800

• Released models that have a high risk for misuse or dual-use should be released with801

necessary safeguards to allow for controlled use of the model, for example by requiring802

that users adhere to usage guidelines or restrictions to access the model or implementing803

safety filters.804

• Datasets that have been scraped from the Internet could pose safety risks. The authors805

should describe how they avoided releasing unsafe images.806

• We recognize that providing effective safeguards is challenging, and many papers do807

not require this, but we encourage authors to take this into account and make a best808

faith effort.809

12. Licenses for existing assets810

Question: Are the creators or original owners of assets (e.g., code, data, models), used in811

the paper, properly credited and are the license and terms of use explicitly mentioned and812

properly respected?813

Answer: [Yes]814
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Justification: The paper properly cites the original papers for the datasets (LMSys, ShareGPT,815

Chatbot Arena in Section 4.2) and models/frameworks used (vLLM in 4.1, multilingual-e5-816

small in 3.2, Qwen3 in 4.1). The specific licenses (e.g., Apache-2.0, MIT, CC) and terms of817

use for these existing assets are explicitly stated in the paper.818

Guidelines:819

• The answer NA means that the paper does not use existing assets.820

• The authors should cite the original paper that produced the code package or dataset.821

• The authors should state which version of the asset is used and, if possible, include a822

URL.823

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.824

• For scraped data from a particular source (e.g., website), the copyright and terms of825

service of that source should be provided.826

• If assets are released, the license, copyright information, and terms of use in the827

package should be provided. For popular datasets, paperswithcode.com/datasets828

has curated licenses for some datasets. Their licensing guide can help determine the829

license of a dataset.830

• For existing datasets that are re-packaged, both the original license and the license of831

the derived asset (if it has changed) should be provided.832

• If this information is not available online, the authors are encouraged to reach out to833

the asset’s creators.834

13. New assets835

Question: Are new assets introduced in the paper well documented and is the documentation836

provided alongside the assets?837

Answer: [NA]838

Justification: The paper does not release a new asset.839

Guidelines:840

• The answer NA means that the paper does not release new assets.841

• Researchers should communicate the details of the dataset/code/model as part of their842

submissions via structured templates. This includes details about training, license,843

limitations, etc.844

• The paper should discuss whether and how consent was obtained from people whose845

asset is used.846

• At submission time, remember to anonymize your assets (if applicable). You can either847

create an anonymized URL or include an anonymized zip file.848

14. Crowdsourcing and research with human subjects849

Question: For crowdsourcing experiments and research with human subjects, does the paper850

include the full text of instructions given to participants and screenshots, if applicable, as851

well as details about compensation (if any)?852

Answer: [NA]853

Justification: The paper uses existing publicly available datasets (LMSys, ShareGPT, Chatbot854

Arena) which consist of prior human-chatbot interactions. The research described does not855

involve conducting new crowdsourcing experiments or new direct research with human856

subjects.857

Guidelines:858

• The answer NA means that the paper does not involve crowdsourcing nor research with859

human subjects.860

• Including this information in the supplemental material is fine, but if the main contribu-861

tion of the paper involves human subjects, then as much detail as possible should be862

included in the main paper.863

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,864

or other labor should be paid at least the minimum wage in the country of the data865

collector.866
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15. Institutional review board (IRB) approvals or equivalent for research with human867

subjects868

Question: Does the paper describe potential risks incurred by study participants, whether869

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)870

approvals (or an equivalent approval/review based on the requirements of your country or871

institution) were obtained?872

Answer: [NA]873

Justification: The research uses existing datasets and does not involve new interactions with874

human subjects. Therefore, IRB approval for the work presented in this paper itself is not875

applicable. Ethical considerations related to the original dataset collection would have been876

the responsibility of the original dataset creators.877

Guidelines:878

• The answer NA means that the paper does not involve crowdsourcing nor research with879

human subjects.880

• Depending on the country in which research is conducted, IRB approval (or equivalent)881

may be required for any human subjects research. If you obtained IRB approval, you882

should clearly state this in the paper.883

• We recognize that the procedures for this may vary significantly between institutions884

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the885

guidelines for their institution.886

• For initial submissions, do not include any information that would break anonymity (if887

applicable), such as the institution conducting the review.888

16. Declaration of LLM usage889

Question: Does the paper describe the usage of LLMs if it is an important, original, or890

non-standard component of the core methods in this research? Note that if the LLM is used891

only for writing, editing, or formatting purposes and does not impact the core methodology,892

scientific rigorousness, or originality of the research, declaration is not required.893

Answer: [NA]894

Justification: LLMs were not used in developing or implementing the core methods. The895

algorithm itself uses a text embedding model to embed the input but it is not an LLM.896

Guidelines:897

• The answer NA means that the core method development in this research does not898

involve LLMs as any important, original, or non-standard components.899

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)900

for what should or should not be described.901
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