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Iñaki Arango & Ayush Noori
Harvard John A. Paulson School of Engineering and Applied Sciences
Allston, MA 02134, USA
{inakiarango,anoori}@college.harvard.edu

Yepeng Huang
Harvard Medical School
Boston, MA 02115, USA
yepeng@fas.harvard.edu

Rana Shahout & Minlan Yu
Harvard John A. Paulson School of Engineering and Applied Sciences
Allston, MA 02134, USA
{rana, minlanyu}@seas.harvard.edu

ABSTRACT

To meet high user demand, production LLM inference systems use data paral-
lelism to allocate the request pool evenly across multiple GPUs. However, in
modern AI applications like chatbots, code generation, search engines, or agents,
prompt prefixes are often shared, allowing for improved performance if requests
with shared prefixes are assigned to the same GPU and the intermediate KV cache
is reused. Previous work like PREBLE (Srivatsa et al., 2024) has developed dis-
tributed LLM serving platforms that optimize for prompt sharing; however, we
hypothesized that additional performance gains could be achieved by integrating
prefix-aware and output length-aware scheduling. To that end, we extend the adap-
tive prefix-aware scheduler of PREBLE to account for output length, which can be
estimated using a lightweight BERT model or other cheap predictor. To bench-
mark this modification to PREBLE, we also build on PREBLE’s online LLM infer-
ence simulation to support overhead tracking, variable output lengths, experiment
caching, and data analysis. This simulation platform allows us to demonstrate that
including output length in the per-GPU load calculation improves the performance
of PREBLE, with 14.31% and 28.89% reduced latency at 64 and 128 requests per
second, respectively, on 8 GPUs. Thus, considering both output length and shared
prefixes may enable improved efficiency of online LLM inference in high demand
settings.

1 INTRODUCTION

LLM inference can benefit from several parallelization approaches, including data, tensor, and
pipeline parallelism (Li et al., 2024a; Liu et al., 2024). Tensor and pipeline parallelism distribute
individual operators or model layers across multiple GPU devices, respectively (Jiang et al., 2024).
By contrast, the most popular approach, data parallelism, involves replicating model and optimizer
states across GPU devices. Model replicas can together serve requests in parallel, thereby increasing
the throughput of the inference system, and additional GPU devices can be added as needed to meet
user demand. Indeed, providers like OpenAI, Google, Anthropic, and others have built large-scale
production AI clusters with tens of thousands of GPUs (Gangidi et al., 2024; Zu et al., 2024) across
which they deploy model replicas to concurrently process user requests.

Traditional data parallelism strategies divide requests evenly and randomly across the available GPU
workers. However, in real-world LLM applications, requests exhibit patterns that can be exploited
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to improve performance over naı̈ve data parallelism. Specifically, two features of modern LLM use
cases stand out (for a detailed discussion, see Srivatsa et al. (2024)):

High prompt-to-output ratio. LLM inference can be divided into two stages: prefill and decode.
In the prefill phase, the (tokenized) input, known as the prompt, is processed by Transformer layers,
and the generated key and value (KV) vectors are cached (Pope et al., 2023). During the subsequent
decode phase, the LLM autoregressively generates new tokens based on the KV cache to produce
output. In contemporary LLM applications, prompts are often orders of magnitude longer than
outputs, including in document (Li et al., 2024b; Saad-Falcon et al., 2023) and video (Xiao et al.,
2021; Rawal et al., 2024) question answering (QA), in-context learning (Dong et al., 2024), complex
reasoning tasks (e.g., using chain-of-thought (Wei et al., 2024) or tree-of-thought (Yao et al., 2023a)
prompting), multi-agent systems (Wu et al., 2023b), and many other settings. In fact, state-of-the-
art LLMs like Gemini are equipped with context lengths up to 10 million tokens (Team et al., 2024;
Google, 2024). Since LLM inference is increasingly dominated by prompt processing rather than
output generation, optimizing prefill efficiency is critical to improving performance (Srivatsa et al.,
2024).

Shared prompts. Furthermore, in many LLM applications, prompts often overlap across user
requests and may share certain prefixes. In fact, Srivatsa et al. (2024) report that, in some scenarios,
85% to 97% of tokens in a prompt are shared with other prompts. Examples of settings with frequent
prompt sharing include conversational agents (Anthropic, 2024), tool use (Schick et al., 2023; Qin
et al., 2023), code generation, question answering (Wang et al., 2024; Li et al., 2024b; Saad-Falcon
et al., 2023; Jia et al., 2024; Xiao et al., 2021; Rawal et al., 2024), complex reasoning (Zhang et al.,
2022; Wei et al., 2024; Yao et al., 2023a; Besta et al., 2024), batch inference (Li et al., 2022), in-
context learning (Dong et al., 2024), and agent systems (Chen et al., 2024; Chan et al., 2023; Wu
et al., 2023b; Gao et al., 2024b; Guo et al., 2024; Xi et al., 2023).

Given the diverse situations in which prompts may be shared for LLM inference, we and others
(Srivatsa et al., 2024; Juravsky et al., 2024) have explored how to leverage shared prompts to improve
the efficiency of online LLM inference. Notably, the first approach to benefit from prompt sharing
under a distributed LLM serving system with data parallelism across multiple GPUs was PREBLE
(Srivatsa et al., 2024). However, PREBLE sets the expected decode output length equal to the average
output length of requests during scheduling, thereby assuming low-variance response lengths. In
real-world scenarios, such as chatbot applications, output lengths are highly variable and distinct.
Therefore, PREBLE may induce imbalanced workloads on different GPUs, causing performance
degradation in certain settings. Here, we extend PREBLE by integrating its prefix-aware scheduling
with the output length-aware scheduling of S3 (Jin et al., 2024) to achieve improved performance.

2 RELATED WORK

Recently, many solutions have been proposed to leverage prompt sharing for LLM inference (Li
et al., 2024a; Wu et al., 2023a; Kwon et al., 2023; Gao et al., 2024a) across multiple levels of
abstraction: from hardware-proximal modifications of attention computation – both lossless, like
HYDRAGEN (Juravsky et al., 2024), and lossy, like PROMPTCACHE (Gim et al., 2024) – to opti-
mizations of inter-GPU scheduling (Srivatsa et al., 2024) that are built on top of existing LLM serv-
ing systems (Zheng et al., 2024; Kwon et al., 2023). Prior work, including SGLANG (Zheng et al.,
2024), HYDRAGEN (Juravsky et al., 2024), PROMPTCACHE (Gim et al., 2024) and CACHEBLEND
(Yao et al., 2024), reuse the cached KV state when prompt prefixes are shared on a single GPU.
PREBLE optimizes for KV state reuse while balancing the computational load across GPUs. The
PREBLE scheduler maintains a global prefix tree with references to all KV caches stored in each
GPU, enabling rapid matching of new requests. This tree is combined with a least recently used
(LRU) cache, which determines when to evict unused KV states and load new requests into mem-
ory. Follow-on research after PREBLE, like MEMSERVE (Hu et al., 2024) and MOONCAKE (Qin
et al., 2024), also leverage prompt sharing in multi-GPU settings. Nonetheless, PREBLE remains
state-of-the-art at the time of writing, e.g., on the LooGLE dataset with 0.7 requests per second,
MEMSERVE is outperformed by PREBLE by a factor of 6.25× for 2 GPUs and 18.18× for 4 GPUs.
Separately, previous work like S3 (Jin et al., 2024) has demonstrated the potential for performance
improvements by incorporating a decoding output length prediction module into the scheduler. The
S3 authors fine-tune a DistilBERT model to predict output sequence lengths given an input prompt,
achieving 6.49× improved throughput over worst case benchmarks. Similarly, TRAIL (Shahout
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Figure 1: We evaluate performance of PREBLE and other baseline naı̈ve schedulers across (A) re-
quest rate, (B) GPU count, (C) scheduling overhead, and (D) variance in output length.

et al., 2024) demonstrated that output length predictions can be cheaply obtained from the layer em-
beddings of the target LLM itself, achieving 2.66× lower error as compared to BERT predictions.

3 RESULTS

3.1 CHARACTERIZATION OF PREBLE SCALABILITY

First, we extend the simulator of LLM inference and scheduling created by Srivatsa et al. (2024) to
evaluate and benchmark PREBLE and our proposed improvements. We added support for overhead
tracking, variable output lengths, and experiment caching. This environment also facilitated running
entire experiment suites and performing detailed data analysis, serving as the primary testbed for
our experiments. Using this simulator, we evaluated PREBLE and other baseline naı̈ve schedulers
under multiple configurations to identify opportunities for performance improvement by integrating
output length-aware scheduling. We focused on the scalability of PREBLE as the number of GPUs
and requests increased. Tests were conducted on 4, 8, and 16 GPUs wtih request rates in the range
2n for n ∈ {0, 1, . . . , 7}. Unless otherwise stated, all experiments were performed on our modified
simulator with A6000 GPUs, FlashInfer (FlashInfer Contributors, 2024) enabled, and with artificial
datasets constructed from the ReAct training data (Yao et al., 2023b) configured with 10 workloads
and 4 in-context examples.

We find that, at high request rates, PREBLE is outperformed by other non-prefix-aware schedulers
(Figure 1A). This effect is exacerbated by an increase in the number of GPUs available for inference.
In the 4-GPU setup, PREBLE performs comparably to baseline naı̈ve schedulers, including random,
round robin, or least outstanding requests (LOR), as measured by average normalized latency (i.e.,
the average latency per token). However, PREBLE demonstrates a disadvantage at the highest re-
quest rate of 128 requests per second (RPS). Further, as the rate of requests inbound to the server
grows, the latency increases faster for PREBLE than for the naı̈ve scheduling methods. In the 8-GPU
configuration, PREBLE’s falls behind all naı̈ve methods at 32 RPS, and is still outperformed by the
random scheduler at the highest rate of 128 RPS. Under the 16-GPU configuration, PREBLE falls
behind the baselines with a 1.6× higher latency at both 64 RPS and 128 RPS. We also investigated
how PREBLE performance changes based on the number of available GPUs (Figure 1B). We ob-
serve that latency growth for PREBLE accelerates with the number of GPUs faster than for the LOR
scheduler. With 4 GPUs, PREBLE achieves comparable latency to LOR across all tested request
rates. However, with both 8 and 16 GPUs, PREBLE’s latency exceeds that of LOR at 64 RPS and
128 RPS.

Further investigation revealed that PREBLE performance is hampered by overhead introduced by its
E2 scheduler (Figure 1C). This scheduling overhead scales with both the number of GPUs and the
request rate, disproportionately impacting PREBLE’s ability to maintain low latency. Concretely, in
the 4-GPU setup, PREBLE’s average scheduling overhead increases from 6× 10−4 to 12× 10−4 as
the request rate rises from 8 RPS to 64 RPS, and remains above 11× 10−4 at 128 RPS. By contrast,
the LOR baseline shows only a slight increase, from 2×10−4 to below 3×10−4 over the same range.
Similar trends are observed in the 8-GPU setup, where PREBLE’s overhead grows from 8× 10−4 to
20 × 10−4 from 8 RPS to 128 RPS, while the LOR baseline rises only marginally from 2 × 10−4
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Figure 2: Output length-aware scheduling improves performance of PREBLE on 8 GPUs.

to 3 × 10−4. The disparity is more pronounced in the 32-GPU setup, where PREBLE’s overhead
increases from 8× 10−4 to 25× 10−4 over the same request rate range, compared to a more modest
increase from 2× 10−4 to 5× 10−4 for the LOR baseline.

Additionally, as we initially hypothesized, decode length heterogeneity adversely impacts the perfor-
mance of PREBLE (Figure 1D). Despite the fact that PREBLE incorporates a scheduler that estimates
future GPU load based on historical output lengths, both naı̈ve schedulers and PREBLE schedulers
suffer from increased request latency when there is high variance in the length of decoded request
responses (Appendix A.2 and Figure 3), supporting the need for an output length-aware scheduler.

3.2 EXTENDING PREBLE TO INCLUDE OUTPUT LENGTH-AWARE SCHEDULING

Having carefully characterized the scalability challenges associated with PREBLE, we sought to
improve its performance by leveraging both prefix-aware and output length-aware scheduling. We
build on the E2 scheduler of PREBLE by considering prefix sharing, fairness, and output length. As
a proof-of-concept, we provide PREBLE with access to a perfect oracle of true output length rather
than predicted output length. Output length could also be predicted; for example, in Appendix A.1,
we show that a lightweight BERT-based language model fine-tuned on Alpaca-52K achieves 4.8×
greater performance than random at this task.

To incorporate output length, we modify the global prefix tree maintained by the PREBLE E2 sched-
uler. In the original E2 prefix tree, each tree node represents a prefix, and is associated with three
properties: the number of tokens in the node (i.e., maximum number of new tokens), the GPUs
caching the node KV values, and the per-GPU number of requests sharing the node prefix over a
history window H . We add additional functionality to store the true output length of each tree node
by replacing the average maximum number of new tokens over all requests in H with the exact true
output length of each request. We compare this modified version of PREBLE on a dataset with high
variance in token lengths, created using our ReAct-based variance-customizable dataset generator
(Appendix A.2). When using output length for per-GPU load calculation, we improve the perfor-
mance of PREBLE in high-demand settings, with 14.31% reduced latency at 64 RPS (0.1223 vs.
0.1427) and 28.89% reduced latency at 128 RPS (0.1820 vs. 0.2559).

4 DISCUSSION

Here, we show that considering both output length and shared prefixes may enable improved ef-
ficiency of online LLM inference in high-demand settings more representative of real-world LLM
inference needs. Future work will use a BERT-based language model for output length prediction
(Appendix A.1) instead of a perfect oracle to output length, and will also benchmark PREBLE and
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other scheduling solutions under multiple hardware and load configurations to further characterize
scalability and reduce the variance in performance results.

To reduce scalability challenges due to overhead, we also propose a new, alternative strategy for
scheduling. Motivated by SPLITWISE (Patel et al., 2024) rather than the chunked prefill approach
(Agrawal et al., 2024) currently used by PREBLE, VLLM, and SGLANG, we propose splitting prefill
and decode phases across different GPU workers and scheduling accordingly in a prefix and output
length-aware manner. Specifically, by leveraging single-token activations to predict output lengths
for load-aware SPLITWISE scheduling, such a scheduler would be capable of dynamically allocating
resources between prefill and decode tasks. This approach has the potential to significantly minimize
scaling overhead on GPUs by aligning computational resources more closely with actual workload
demands. Future work can consider the development of this scheduling system for efficient online
LLM serving.
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Ruchit Rawal, Khalid Saifullah, Miquel Farré, Ronen Basri, David Jacobs, Gowthami Somepalli,
and Tom Goldstein. CinePile: A Long Video Question Answering Dataset and Benchmark, Oc-
tober 2024. URL http://arxiv.org/abs/2405.08813. arXiv:2405.08813 [cs].

Nils Reimers and Iryna Gurevych. Sentence-bert: Sentence embeddings using siamese bert-
networks. In Proceedings of the 2019 Conference on Empirical Methods in Natural Language
Processing. Association for Computational Linguistics, 11 2019. URL https://arxiv.
org/abs/1908.10084.

Jon Saad-Falcon, Joe Barrow, Alexa Siu, Ani Nenkova, David Seunghyun Yoon, Ryan A. Rossi,
and Franck Dernoncourt. PDFTriage: Question Answering over Long, Structured Documents,
November 2023. URL http://arxiv.org/abs/2309.08872. arXiv:2309.08872 [cs].

Timo Schick, Jane Dwivedi-Yu, Roberto Dessi, Roberta Raileanu, Maria Lomeli,
Eric Hambro, Luke Zettlemoyer, Nicola Cancedda, and Thomas Scialom. Tool-
former: Language Models Can Teach Themselves to Use Tools. Advances in
Neural Information Processing Systems, 36:68539–68551, December 2023. URL
https://proceedings.neurips.cc/paper_files/paper/2023/hash/
d842425e4bf79ba039352da0f658a906-Abstract-Conference.html.

Rana Shahout, Eran Malach, Chunwei Liu, Weifan Jiang, Minlan Yu, and Michael Mitzenmacher.
Don’t Stop Me Now: Embedding Based Scheduling for LLMs, October 2024. URL http:
//arxiv.org/abs/2410.01035. arXiv:2410.01035 [cs].

Vikranth Srivatsa, Zijian He, Reyna Abhyankar, Dongming Li, and Yiying Zhang. Preble: Ef-
ficient Distributed Prompt Scheduling for LLM Serving. October 2024. URL https://
openreview.net/forum?id=meKEKDhdnx.

7

http://arxiv.org/abs/2203.07814
http://arxiv.org/abs/2203.07814
http://arxiv.org/abs/2401.02038
http://arxiv.org/abs/2311.18677
https://proceedings.mlsys.org/paper_files/paper/2023/hash/c4be71ab8d24cdfb45e3d06dbfca2780-Abstract-mlsys2023.html
https://proceedings.mlsys.org/paper_files/paper/2023/hash/c4be71ab8d24cdfb45e3d06dbfca2780-Abstract-mlsys2023.html
http://arxiv.org/abs/2407.00079
http://arxiv.org/abs/2307.16789
http://arxiv.org/abs/2307.16789
http://arxiv.org/abs/2405.08813
https://arxiv.org/abs/1908.10084
https://arxiv.org/abs/1908.10084
http://arxiv.org/abs/2309.08872
https://proceedings.neurips.cc/paper_files/paper/2023/hash/d842425e4bf79ba039352da0f658a906-Abstract-Conference.html
https://proceedings.neurips.cc/paper_files/paper/2023/hash/d842425e4bf79ba039352da0f658a906-Abstract-Conference.html
http://arxiv.org/abs/2410.01035
http://arxiv.org/abs/2410.01035
https://openreview.net/forum?id=meKEKDhdnx
https://openreview.net/forum?id=meKEKDhdnx


ICLR 2025 Workshop on Sparsity in LLMs (SLLM)

Rohan Taori, Ishaan Gulrajani, Tianyi Zhang, Yann Dubois, Xuechen Li, Carlos Guestrin,
Percy Liang, and Tatsunori B. Hashimoto. Alpaca: A strong, replicable instruction-
following model. Stanford Center for Research on Foundation Models. https://crfm. stanford.
edu/2023/03/13/alpaca. html, 3(6):7, 2023.

Gemini Team, Rohan Anil, Sebastian Borgeaud, Jean-Baptiste Alayrac, Jiahui Yu, Radu Soricut,
Johan Schalkwyk, Andrew M. Dai, Anja Hauth, Katie Millican, David Silver, Melvin Johnson,
Ioannis Antonoglou, Julian Schrittwieser, Amelia Glaese, Jilin Chen, Emily Pitler, Timothy Lilli-
crap, Angeliki Lazaridou, Orhan Firat, James Molloy, Michael Isard, Paul R. Barham, Tom Hen-
nigan, Benjamin Lee, Fabio Viola, Malcolm Reynolds, Yuanzhong Xu, Ryan Doherty, Eli Collins,
Clemens Meyer, Eliza Rutherford, Erica Moreira, Kareem Ayoub, Megha Goel, Jack Krawczyk,
Cosmo Du, Ed Chi, Heng-Tze Cheng, Eric Ni, Purvi Shah, Patrick Kane, Betty Chan, Manaal
Faruqui, Aliaksei Severyn, Hanzhao Lin, YaGuang Li, Yong Cheng, Abe Ittycheriah, Mahdis
Mahdieh, Mia Chen, Pei Sun, Dustin Tran, Sumit Bagri, Balaji Lakshminarayanan, Jeremiah
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Mostafa Dehghani, Fangyu Liu, Sid Mittal, Junhyuk Oh, Seb Noury, Eren Sezener, Fantine Huot,
Matthew Lamm, Nicola De Cao, Charlie Chen, Sidharth Mudgal, Romina Stella, Kevin Brooks,
Gautam Vasudevan, Chenxi Liu, Mainak Chain, Nivedita Melinkeri, Aaron Cohen, Venus Wang,
Kristie Seymore, Sergey Zubkov, Rahul Goel, Summer Yue, Sai Krishnakumaran, Brian Al-
bert, Nate Hurley, Motoki Sano, Anhad Mohananey, Jonah Joughin, Egor Filonov, Tomasz Kepa,
Yomna Eldawy, Jiawern Lim, Rahul Rishi, Shirin Badiezadegan, Taylor Bos, Jerry Chang, Sanil
Jain, Sri Gayatri Sundara Padmanabhan, Subha Puttagunta, Kalpesh Krishna, Leslie Baker, Nor-
bert Kalb, Vamsi Bedapudi, Adam Kurzrok, Shuntong Lei, Anthony Yu, Oren Litvin, Xiang Zhou,
Zhichun Wu, Sam Sobell, Andrea Siciliano, Alan Papir, Robby Neale, Jonas Bragagnolo, Tej
Toor, Tina Chen, Valentin Anklin, Feiran Wang, Richie Feng, Milad Gholami, Kevin Ling, Lijuan
Liu, Jules Walter, Hamid Moghaddam, Arun Kishore, Jakub Adamek, Tyler Mercado, Jonathan
Mallinson, Siddhinita Wandekar, Stephen Cagle, Eran Ofek, Guillermo Garrido, Clemens Lom-
briser, Maksim Mukha, Botu Sun, Hafeezul Rahman Mohammad, Josip Matak, Yadi Qian, Vikas
Peswani, Pawel Janus, Quan Yuan, Leif Schelin, Oana David, Ankur Garg, Yifan He, Oleksii
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A APPENDIX

A.1 PREDICTING DECODE OUTPUT LENGTH

We trained a request output length predictor to enable more accurate and efficient schedul-
ing. To limit the overhead incurred by the scheduler, we utilized the lightweight 6-
layer BERT-based all-MiniLM-L6-v2 language model (Wang et al., 2021), which is a
sentence-transformers model Reimers & Gurevych (2019) with 80 million parameters
contrastively trained on over a billion sentences to map text to vectors in R384. We fine-tuned this
language model on paired (request, output length) data from the training split of the
Alpaca-52K dataset curated by Stanford (Taori et al., 2023). As suggested by prior work Jin et al.
(2024), for BERT models, framing output length prediction as a binned classification task yields bet-
ter results than regression. We used 20 bins for output length (i.e., a 20-class classification problem)
and partitioned the data into a 60% training set, 20% validation set, and 20% test set. On the inde-
pendent test set, the model achieved 4.8× greater performance than random. Model performance
metrics are reported in Table 1.

Table 1: Performance metrics for the fine-tuned BERT-based all-MiniLM-L6-v2 language
model on the independent Alpaca-52K test set.

Performance Metric Value
Accuracy 0.24
F1 Score 0.22
Precision 0.23
Recall 0.24
AUROC 0.85
MCC 0.20

A.2 GENERATING VARIANCE-MAXIMIZING BENCHMARKS

To understand how decode length heterogeneity impacts the performance of PREBLE, we generated
artificial benchmarking datasets from ReAct whose output lengths can follow any user-specified
discrete distribution, then used this to create a variance-maximizing benchmark with high variance
in token lengths (Figure 3). For this dataset, all requests were created with a maximum new token
length of 300 tokens. With 50% probability, requests had a true output length of 1 token, and with
50% probability, they had a true output length of 300 tokens. We used the same number of workloads
and in-context examples as in previous evaluations (10 and 4, respectively).

Figure 3: We generated artificial benchmarking datasets from ReAct whose output lengths can fol-
low any user-specified discrete distribution; for example, here we generate a variance-maximizing
benchmark.
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