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Abstract

Pipeline parallelism has emerged as a predominant approach for
deploying large language models (LLMs) across distributed nodes,
owing to its lower communication overhead compared to tensor
parallelism. While demonstrating high throughput in request serv-
ing, pipeline parallelism often faces performance limitations caused
by pipeline bubbles, which are primarily resulted from imbalanced
computation delays across batches. Existing methods like Sarathi-
Serve attempt to address this through hybrid scheduling of chunked
prefill and decode tokens with a fixed token budget. However, such
methods may still experience significant fluctuations, arising either
from insufficient prefill tokens or uneven distribution of decode
tokens, ultimately leading to computational imbalance.

To overcome these inefficiencies, we present gLLM, a globally
balanced pipeline parallelism system incorporating Token Throt-
tling to effectively mitigate the pipeline bubbles. Our Token Throt-
tling mechanism is a fine-grained scheduling policy that indepen-
dently regulates the quantities of prefill and decode tokens, thus en-
abling balanced computation by leveraging global information from
the inference system. Specifically, for decode tokens, gLLM main-
tains near-consistent token count across processing batches. For
prefill tokens, it dynamically adjusts batch sizes based on both total
pending tokens and the memory utilization rates of key-value
cache (KV cache). Furthermore, gLLM runtime adopts an asyn-
chronous execution and message passing architecture specifically
optimized for pipeline parallelism characteristics. Experimental
evaluations with representative LLMs show that gLLM achieves sig-
nificant performance improvements, delivering 11% to 398% higher
maximum throughput compared to state-of-the-art pipeline or ten-
sor parallelism systems, while simultaneously maintaining lower
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latency. We have open-sourced our code at https://github.com/
gty111/gLLM.

CCS Concepts

« Computing methodologies — Distributed computing method-
ologies; - Computer systems organization — Parallel archi-
tectures; Real-time system architecture.
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1 INTRODUCTION

Large language models (LLMs) have demonstrated remarkable
capabilities in performing complex tasks like logical reasoning
[22, 46, 48], mathematical problem solving [10, 23, 25, 28, 41, 60] and
agent acting [9, 29, 40, 44, 49, 55]. As model sizes scale to hundreds
of billion or even trillions parameters 3, 8, 13, 14, 34, 38], distributed
serving of LLMs [4, 30, 45, 57] has become essential to overcome
GPU memory constraints. Among distributed approaches, pipeline
parallelism has emerged as a predominant method for training and
serving models of both deep neural networks (DNNs) [15, 16, 31]
and LLMs [2, 19, 24, 26, 27, 32, 35, 36, 47, 63], primarily due to its
low communication overhead that effectively mitigates bandwidth
limitations. However, this method often incurs pipeline bubbles, i.e.,
periods of GPU inactivity where subsequent pipeline stages must
wait for prior ones to complete[2]. These inefficient bubbles mainly
stem from computational imbalance between micro-batches. While
existing researches have focused on optimizing pipeline bubbles in
training scenarios [2, 19, 24, 26, 27, 32, 36, 47], recent methods like
Sarathi-Serve [2] and prefill-decode disaggregated architectures
[35, 58, 63] aim to address computational imbalances of inferences,
specifically between prefill and decode stages. Our analysis reveals
that these solutions remain insufficient for effectively resolving the
bubble issues.


https://www.acm.org/publications/policies/artifact-review-and-badging-current
https://orcid.org/0009-0005-2979-4486
https://orcid.org/0000-0003-3507-4299
https://orcid.org/0000-0003-4707-9492
https://orcid.org/0000-0002-9318-5715
https://orcid.org/0000-0002-2166-977X
https://orcid.org/0000-0001-5315-3375
https://doi.org/10.1145/3712285.3759823
https://github.com/gty111/gLLM
https://github.com/gty111/gLLM
https://doi.org/10.1145/3712285.3759823
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3712285.3759823&domain=pdf&date_stamp=2025-11-15

SC ’25, November 16-21, 2025, St Louis, MO, USA

2048

I #decode
N #prefill

1024

Token count

Sarathi-Serve

Ideal balanced system

Figure 1: A comparison of the scheduled token counts of
prefill and decode stage between Sarathi-Serve and an ideal
balanced system (horizontal axis represents iteration index
in chronological order), with the maximum batched token
count (token budget) set to 2048 for both systems.

Overall, each LLM serving request undergoes two distinct stages.
The first stage, prefill, processes the prompt tokens to compute keys
and values (KV cache), and then generates the initial output token.
The second stage, decode, produces the remaining output tokens.
The two stages exhibit markedly different computational charac-
teristics, where prefill operations typically saturate GPU capacity,
while decode operations demonstrate significantly lower compute
utilization. Therefore, to enhance hardware efficiency, multiple de-
code tokens are commonly batched together for parallel processing.
However, the interleaved execution of prefill and decode opera-
tions may lead to mutual interference. To augment the unbalanced
batching policy, Sarathi-Serve [2] proposes to apply a hybrid sched-
uling that allocates a fixed token budget between chunked prefill
and decode operations. While effective to some extent, this solu-
tion still fails to properly account for the critical prefill-to-decode
ratio. In practice, decode tokens often lack sufficient correspond-
ing prefill tokens for effective co-scheduling. Figure 1 highlights
this disparity issue by comparing Sarathi-Serve with an optimally
balanced system on batched token counts per iteration. It can be
observed that Sarathi-Serve’s scheduling results in substantially
greater token count volatility compared to the balanced counter-
part. These fluctuations can be attributed to two primary factors:
(1) missed opportunities to batch decode tokens with prefill ones,
and (2) uneven distribution of decode tokens across batches. These
inefficiencies frequently induce pipeline bubbles that significantly
degrade system performance. Whereas lowering token budget could
theoretically smooth these fluctuations, such approach would dis-
proportionately penalize prefill rates, ultimately constraining the
overall system throughput.

To balance the divergent computational demands between pre-
fill and decode stages, prefill-decode disaggregated architectures
[35, 58, 63] have been recently proposed to alleviate prefill-decode
interference and have achieved low cost budget for each stage re-
spectively. Generally, these designs allocate the prefill and decode
computations either to different nodes connected via KV cache
transmission [35, 63], or schedule them at different times [58]. De-
spite separate computation of the prefill and decode stages, compu-
tational imbalance persists across either prefill or decode batches.
Moreover, determining the optimal ratio of GPUs allocated to the
prefill stage versus the decode stage becomes challenging under
dynamically fluctuating request rates. The tight coupling between
prefill and decode nodes also raises fault tolerance concerns. A
failure in one stage could cascade to the other.

1726

Tianyu Guo, Xianwei Zhang, Jiangsu Du, Zhiguang Chen, Nong Xiao, and Yutong Lu

To effectively address the unbalanced problems and mitigate
pipeline bubbles in LLM serving, we design gLLM, a globally effi-
cient pipeline parallelism system that balances computation across
micro-batches using Token Throttling. This mechanism dynami-
cally regulates the number of tokens processed in the prefill and
decode stages based on real-time system states. For decode tokens,
gLLM distributes tokens evenly across micro-batches, while for
prefill tokens, it balances load by considering both pending prefill
tokens and KV cache utilization. By adaptively throttling token
counts, gLLM achieves better load balancing across micro-batches
and greatly alleviates the pipeline bubble issue. Moreover, con-
sidering the characteristic of pipeline parallelism, our augmented
gLLM runtime incorporates an asynchronous execution and mes-
sage passing architecture to reduce data dependency and CPU
overhead.

The main contributions of this paper are as follows:

o Targeting LLM online serving, we highlight the observations
that pipeline bubbles caused by unbalanced computation
mainly stem from insufficient prefill tokens or reaching KV
cache limitations.

o We design a Token Throttling mechanism that dynamically
adjusts the batch sizes of the prefill and decode stage inde-
pendently, guided by real-time inference status, to achieve
balanced schedule.

e We present gLLM, a distributed serving system with Token
Throttling for effectively balancing the computation across
batches to alleviate pipeline bubbles.

e Experiments on representative LLM applications show that
gLLM enhances maximum throughput by 11% to 398% over
state-of-the-art pipeline and tensor parallelism systems, while
simultaneously achieving lower latency.

2 BACKGROUND AND MOTIVATION

2.1 The Transformer Architecture

Modern large language models (LLMs) predominantly adopt the
decoder-only Transformer architecture [51]. For such architecture,
the input begins with an embedding layer, which maps token IDs
into hidden states while incorporating positional encoding to pre-
serve sequence order. Between them, self-attention is the core of
the transformer, enabling LLMs to capture long-range contextual
dependencies. After processing through the decoder layers, a linear
projection layer transforms the final hidden states into logits, rep-
resenting the probability distribution over the vocabulary. Finally,
a sampling strategy (e.g., greedy, top-k, or nucleus sampling) is
applied to select the next token for generation.

2.2 LLM Inference Procedure

Autoregressive Decoding. The procedure of LLM inference is
autoregressive, where each token is generated based on all pre-
ceding ones through the computation of attention scores between
their keys and values. To avoid recomputations, the keys and val-
ues are retained for subsequent steps [20, 56]. Based on that, LLM
inference can be divided into two distinct phases: 1. Prefill: the
prompt’s tokens are processed in parallel to populate the KV cache
and generate the first output token. This phase fully utilizes GPU
compute resources because of high parallelism. 2. Decode: each
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new token is generated sequentially by appending to the last token
and the stored KV cache. This phase often underutilizes the GPU,
as it processes only one token per step and incurs frequent memory
bandwidth bottlenecks from KV cache accesses. The unbalanced
computation characteristic between prefill and decode stages may
impose inefficiency in LLM inference [2, 35, 63].

Scheduling Policies. Traditional inference engine like Faster-
Transformer [33] employs batch-level scheduling which selects a
group of requests and executes them until the completion of all the
sequences. Without considering variable length characteristic of
transformer architecture, this method delays early-finished and late-
joining requests. Instead, Orca [56] overcomes this issue by propos-
ing iteration-level scheduling, which allows requests to dynamically
enter or exit a batch before each model forward pass. Whereas Orca
can batch requests from both prefill and decode stages, it introduces
generation stalls for ongoing decode requests due to high prefill
computation latency. To solve the problem, Sarathi-Serve [2] allows
computing large prefills in small chunks across several iterations
and further hybrid scheduling of chunked prefill and decode to-
kens to achieve stall-free batching. Specifically, Sarathi-Serve first
schedules all decode tokens, then maximizes chunked prefill to-
kens within the fixed token budget. However, in actual situation,
decode tokens often lack the opportunity to mix with adequate
prefill tokens.

2.3 Parallelism Strategies of LLM Inference

[ | decoder layer Aall reduce 4 send/receive
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Figure 2: Comparison of data parallelism, tensor parallelism
and pipeline parallelism.

The basic parallelism strategies in LLM inference primarily con-
sist of data parallelism and model parallelism (as shown in Figure
2). Data parallelism splits the input data into multiple parts, send-
ing each part to the corresponding GPU for parallel processing.
Instead, model parallelism partitions the model itself, with each
GPU being responsible for a different portion of the model. Model
parallelism can be further classified into tensor parallelism and
pipeline parallelism, depending on how the model is partitioned.
Tensor parallelism employs intra-layer parallelism, splitting indi-
vidual operations across GPUs and requiring frequent communica-
tion to synchronize results. Pipeline parallelism adopts inter-layer
parallelism, assigning different layers to different GPUs and only re-
quiring communications to pass intermediate activations between
stages. In addition, pipeline parallelism employs multiple micro-
batches to saturate GPUs at different pipeline stages. Pipeline depth
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refers to the number of sequential stages in a pipeline, where each
stage performs a specific part of a task. Due to these differences,
tensor parallelism can reduce forward latency, albeit at the expense
of increased communication overhead. When integrated with chun-
ked pipeline parallelism (CPP) [37], pipeline parallelism can further
leverage intra-request parallelism. In online serving scenarios, ten-
sor parallelism is more suitable for low request rates, while pipeline
parallelism better handles high-throughput demands.

2.4 Challenges in Pipeline Parallelism

------- » inter-stage dependency
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Figure 3: Pipeline bubbles caused by two types of imbalance,
i.e., inter-stage and inter-batch. There are two situations (a)
and (b) for each type of imblance. The horizontal axis repre-
sents the timeline, and the vertical axis represents the two-
level pipeline stages. The number indicates the ordinal posi-
tion of the micro-batch.
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Pipeline Bubbles. Pipeline Parallelism reduces the demand for
high-bandwidth communication but can incur problems of load
imbalance and low GPU utilization. These load-balancing issues
manifest as pipeline bubbles, i.e., periods of GPU idle time. Pipeline
bubbles are mainly caused by two types of dependencies: (1) inter-
stage dependency, where a stage cannot begin computation until the
preceding stage completes, and (2) inter-batch dependency, where
the number of concurrent micro-batches is limited by the pipeline
depth. The load imbalance stems from: (1) inter-stage imbalance
due to uneven computation distribution across pipeline stages, and
(2) inter-batch imbalance caused by variation in computation re-
quirements across different micro-batches. Figure 3 illustrates how
these imbalances create pipeline bubbles. In this paper, we focus on
solving inter-batch pipeline bubbles, while the inter-stage bubbles
are left for future works.

Sarathi-Serve [2] identifies three types of pipeline bubbles, in-
cluding variations in the number of prefill tokens, differences in
compute time between prefill and decode, and variations in de-
code compute times, all of which are attributable to inter-batch
imbalance. Among these, recent TD-Pipe [58] adopts the temporal
prefill-decode disaggregation strategy and targets the second type
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of pipeline bubble, optimizing for high-throughput scenarios. Mean-
while, gLLM focuses on online serving scenarios and addresses the
first type of pipeline bubble arising in the context of chunked prefill.
Reach KV cache limits

Requests arrival No new requests
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Figure 4: Under-utilized GPU caused by unbalanced schedul-
ing.

Insufficient GPU Utilization. Pipeline parallelism has long
been plagued by low GPU utilization. Although Sarathi-Serve at-
tempts to mitigate this issue, under-utilization persists in current
systems. As shown in Figure 4 when serving a 32B model with 4
GPUs, their utilization follows a two-stage pattern: an initial phase
with high fluctuations followed by a stable but suboptimal phase. By
correlating these observations with request timing, we see that the
initial stage coincides with incoming requests, forcing the system
to handle both prefill and decode tokens. Once no new requests
arrive, the system shifts to decoding only, leading to steadier but
still inefficient utilization. Notably, batched token counts (Figure 4b)
fluctuate throughout execution, particularly upon requests arrival
or reaching KV cache limits. These irregular batch sizes introduce
severe pipeline bubbles, which directly contribute to poor GPU
utilization in both stages.

2.5 Scheduling Demands

Balanced Scheduling. Pipeline parallelism relies on the balanced
computation across micro-batches, but current scheduling strategy
fails to meet this requirement: (1) Prefill Imbalance. The fluctua-
tions of batched prefill tokens count within the current scheduling
strategy primarily stems from two key factors. First, prefill tokens
depend on waiting requests. When no requests are available to pre-
fill, the batched token count fluctuates. Second, prefill operations
are constrained by KV cache utilization. If insufficient space exists
to store the computed KV cache, the system halts the scheduling of
prefill tokens. However, current scheduling method fails to account
for these factors, resulting in unbalanced prefill scheduling. (2) De-
code Imbalance. To achieve balanced processing during the decode
stage, we aim to distribute the total decode requests as evenly as
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Figure 5: Comparison between coupled and decoupled sched-
uling.

possible across all available micro-batches. While current schedul-
ing strategy lacks explicit balancing considerations and may induce
uneven workload distribution across micro-batches.

Decoupled Scheduling. As shown in Figure 5, current method
first schedules all decode tokens @, then maximizes chunked pre-
fill tokens within the fixed token budget ®. However, we should
separately schedule balanced count of prefill and decode tokens @,
rather than limiting their total to a fixed value. This is because the
scheduled tokens count may not reach the maximum budget and
often causes the unbalanced schedule. Besides, the optimal batch to-
kens count tends to vary dynamically. Moreover, the tight coupling
between prefill and decode scheduling often leads to interference
between these stages. For instance, when numerous decode requests
are in progress, the available token capacity for prefill becomes
limited. Nevertheless, maximizing inference throughput requires
processing large batches of prefill tokens. This fundamental conflict
reveals that tightly coupling prefill and decode scheduling under a
fixed total token budget cannot effectively satisfy their respective
requirements. Thus there is a critical need to develop decoupled
scheduling mechanisms.

Dynamic Scheduling. The number of prefill tokens per batch
should adapt dynamically to the inference system’s state. For ex-
ample, at low KV cache utilization (i.e., when few requests are in
decode), we should increase prefill speed to maximize GPU uti-
lization. Conversely, during periods of high KV cache utilization,
we are expected to reduce the prefill rate to prevent preemption
of sequences for insufficient KV cache. Another concern is that if
there are few tokens to prefill, we should prefill smoothly to avoid
sudden fluctuation in batched tokens count. In the contrast, if there
are abundant tokens to prefill, we are expected to maintain high
prefill rates. However, current prefill batching is constrained by
the fixed token budget and the number of active decode requests,
rather than adapting to actual demands. This inflexibility leads to
suboptimal scheduling policy, highlighting the need for a more
adaptive scheduling approach.

3 DESIGN

In this section, we present gLLM, a global balanced pipeline par-
allelism system with Token Throttling mechanism. As shown in
Figure 7, gLLM dynamically schedules prefill and decode tokens
separately by throttling batched token counts according to real-time
inference system states. After scheduling, gLLM merges scheduled
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Figure 6: Case study (the pipeline depth is 2) of prefill Token Throttling. The number indicates the ordinal position of the
micro-batch. For the second situation, the KV cache is allocated for prefill tokens prior to the execution of each micro-batch (at
the begin of first stage). After processing a micro-batch (at the end of last stage), the KV cache usage may increase, decrease or
stay roughly the same depending on how many requests meet the termination criterion. The KV cache usage is consistent

across all GPUs since they share unified page tables.

Prefill tokens

a I,

User requests

_m,
Token Throttling
111 L, 31832

gLLM runtime
3.3

Decode tokens

Figure 7: Overview of gLLM system. Inference procedure in
gLLM consists of tokens flowing through its components.

prefill and decode tokens into a single batch. In addition, gLLM run-
time adopts asynchronous architectures, hiding CPU operations
overhead.

3.1 Prefill Token Throttling

The prefill operation is the first step in LLM inference, where the
prompt’s KV cache is computed and the first output token is gener-
ated. Therefore, prefill scheduling hinges on two factors: the number
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of tokens waiting for prefill and the system’s KV cache utilization.
First, if no requests are pending prefill, the operation cannot be
scheduled. Second, if the KV cache is near capacity, prefill cannot
proceed due to insufficient memory. Beyond these constraints, the
scale of these factors also influences scheduling decisions. When
few requests are waiting or KV cache usage is high, the system
should reduce the prefill rate to avoid pipeline bubbles or requests
preemption. Conversely, when many requests are queued or KV
cache availability is high, the system should increase the prefill rate
to maximize throughput. To balance these factors, we throttle the
prefill token count based on both the volume of pending tokens
and current KV cache pressure.

3.1.1 Throttling by Tokens Count Awaiting Prefill (WT). During
each schedule, gLLM collects the number of tokens across all awaiting
prefill requests (#WP) to determine the batched prefill token count
(#P). This decision relies on three hyperparame_ters, minimum or
maximum batched token count of prefill (#MinP/#MaxP) and the
number of iterations (#T) required to process all tokens waiting for
prefill. The batched prefill token count can be calculated as follows:

, swp
#P = mm(max(v, #MinP), #MaxP) (1)
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Figure 8: Case study (the pipeline depth is 4) of decode Token Throttling. The number indicates the ordinal position of the

micro-batch.

3.1.2 Throttling by KV Cache Utilization Rate (UT). At the begin-
ning of each schedule, gLLM also collects the KV cache free rate
(KVfree € [0,1]) to determine batched token count (#P). This de-
cision depends on two hyperparameters, minimum or maximum
tokens count batched in prefill (#MinP/#MaxP). The batched token
count is then computed as:

@

3.1.3 Threshold. Besides dynamically adjusting prefill tokens count,
we also introduce a KV cache idle threshold (KVp,sp, € [0,1]) to
regulate scheduling decisions. When current KV cache idle rate
is less than KV;p,.sp, the system automatically suspends prefill
token processing to prevent KV cache overflow. This safeguard
mechanism addresses the critical issues observed in unrestricted
prefill operations: Premature preemption of ongoing decode re-
quests causes costly recomputation time. By maintaining buffer
headroom through the threshold mechanism, we ensure adequate
resource allocation for active decode requests while maintaining
stable system.

Combining aforementioned factors (WT, UT and threshold), we
compute the batched token count as (when KV e = KVipresh):

#P = max(#MaxP X KVfyee, #MinP)

p KViroe — KV,
#MaxP x free thresh

), #MinP) (3)
#T 1= KVinresh

#P = max(min( #
3.1.4 Case Study. Figure 6 compares the prefill scheduling strate-
gies of Sarathi-Serve and gLLM. In the first scenario, there are
no tokens waiting to prefill at the initial state and #T is set to 3.
Upon request arrival, Sarathi-Serve eagerly processes prefill to-
kens. This leads to no prefill tokens batched in the following batch
(missing p2/4/5/6), resulting in large fluctuation in the computation.
The significant pipeline bubbles also prevent Sarathi-Serve from
processing the next batch of requests in a timely manner. Instead,
gLLM evenly distributes new prefill tokens across the following
batches, achieving better load balance.

For the second situation, there is a fixed amount of tokens wait-
ing to prefill at the start. Sarathi-Serve schedules prefill tokens
without considering KV cache utilization rates. This results in the
remaining KV cache space being insufficient to support prefill com-
putation after allocating the room to the previous batch. And, the
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following batch can only handle decode tokens (missing P2/31) until
some requests finish. In the contrast, gLLM dynamically adjusts
prefill scheduling based on KV cache occupancy, ensuring more
balanced computation. Moreover, gLLM can achieve more efficient
KV cache turnover, enabling timely processing of decode requests
and preventing their KV cache from occupying space for extended
periods.

3.2 Decode Token Throttling

3.2.1 Throttling by Tokens Count Under Decode. The scheduling for
decode Token Throttling is straightforward, since decode operations
require multiple iterations (equal to the output length of sequence)
while prefill operations typically complete in several iterations. The
variation in decode requests is relatively small, as these requests
either originate from completed prefill phase or have reached their
termination condition. Therefore, our objective is to distribute the
total decode tokens evenly across all available micro-batches. Given
that the maximal number of active micro-batches equals to the
pipeline depth (#PPgep:p), we can compute the batched decode
token count (#D) as:

#RD

#D= ——
#PPgepth

4)
where #RD is total running tokens count under decode. If the re-
maining decode tokens are fewer than #D, we schedule all of them;
otherwise, we schedule exactly #D tokens.

3.2.2  Case Study. Figure 8 compares the decode scheduling strate-
gies of Sarathi-Serve and gLLM. Sarathi-Serve fails to balance work-
loads evenly across micro-batches, leading to significant pipeline
bubbles. For inter-stage dependency, the second/sixth micro-batch
has to wait for the completion of the previous stage. For inter-batch
dependency, the fifth/sixth micro-batch has to wait for the finish
of the first/second micro-batch. These dependencies induce signifi-
cant pipeline bubbles. In contrast, gLLM optimizes scheduling by
dynamically adjusting token counts based on the total tokens under
decode, ensuring a balanced workload distribution and reducing
pipeline inefficiencies.

1P5/6 is missing in Sarathi-Serve because there are no waiting prefill tokens.
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3.3 gLLM Runtime
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Figure 9: Architecture of gLLM runtime.

Compared to tensor parallelism, pipeline parallelism requires
more sophisticated control flow to orchestrate micro-batches across
different pipeline stages. To enable Token Throttling, we develop an
asynchronous runtime system designed to manage this complexity
efficiently. As illustrated in Figure 9, our runtime architecture fol-
lows the established paradigm of mainstream and recently proposed
inference frameworks [11, 20, 58], while introducing key extensions
to support fine-grained scheduling and dynamic execution.

To support concurrent execution of multiple stages, gLLM run-
time adopts a multi-process architecture where each pipeline stage
is assigned a dedicated worker process, along with a separate front-
end process for user interaction. The workers are divided into two
roles: a driver worker and ordinary workers. The driver worker
oversees other ordinary workers, handling tasks such as receiving
new requests from the front-end, scheduling micro-batches, broad-
casting metadata for each schedule and streaming output back to
the front-end. Meanwhile, all the workers focus on model execution,
receiving activations from the previous stage, performing forward
computations, and sending activations to the next stage. The driver
worker is responsible for the KV cache management and all the
workers share the page tables like vVLLM.

The asynchronous of gLLM runtime is achieved through three
coordinated design principles:

(1) Non-blocking pipeline operations. All workers processes em-
ploy non-blocking mechanisms for core operations including re-
quest reception, metadata exchange, and activation transmission,
forming a continuous processing pipeline that eliminates idle wait-
ing between computational stages.

(2) Decoupled frontend-backend processing. We design a dedi-
cated frontend process that handles user-facing operations (request
intake and response streaming), enabling full parallelism with back-
end model execution on worker processes. This separation allows
continuous user interaction while maintaining uninterrupted model
computation.

(3) Preemptive metadata scheduling. The runtime utilizes a dual-
phase data transmission? strategy: (a) Driver workers broadcast
metadata packets to all workers (b) Workers receive corresponding
intermediate data streams. This decoupling enables workers to per-
form critical path preparation (input or attention metadata tensor
creation) using early-arrived metadata, effectively overlapping data
preparation latency with active computation cycles. The proactive

2In gLLM, metadata is transmitted via ZeroMQ, while intermediate activations are
exchanged using NCCL.
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scheduling mechanism ensures computation resources remain fully
utilized throughout the execution timeline.

3.4 Implementation

For implementation, we identify a critical design limitation in
vLLM’s pipeline parallelism architecture, where the transmission
of intermediate activations is tightly coupled with input schedul-
ing metadata. This integration introduces significant CPU over-
head during input preparation for model forwading, accounting
for approximately 17% of the total execution time and substantially
diminishing the potential benefits of pipeline parallelism.

To overcome this limitation, we have implemented essential part
of gLLM with 4K lines of Python code on top of CUDA ecosystem.
The system features a RESTful API frontend and offers core OpenAl-
compatible APIs. It incorporates vLLM’s manually optimized CUDA
kernels for key operations including activation functions, layer nor-
malization, position encoding, and KV cache management, while
also adopting flash attention [6, 7, 42]. We also integrates several re-
cent advanced LLM optimizations, including iteration-level schedul-
ing [56], PagedAttention [20], Sarathi-Serve [2], prefix caching [62]
and CPP [37]. To validate its output quality, we evaluate gLLM on
the MMLU-pro benchmark [53], with detailed results presented in
Section 4.7. Token Throttling primarily involves lightweight addi-
tional system state collection and few mathematical computations,
making its overhead moderate. Experimental results demonstrate
an average overhead of just 0.045 ms per iteration, compared to
each model forward pass’s execution time of 20-800 ms.

4 EVALUATION

4.1 Experimental Setup

Models and Environment. We evaluate gLLM using the Qwen2.5
series [54] (14B and 32B parameter variants) and Llama-3.1-100B3
[13] for their strong multi-task performance. All models utilize
bfloat16 data type. Our experiments employ three node configura-
tions: (1) 4x NVIDIA L20-48GB GPUs (2) 4x NVIDIA A100-40GB
GPUs (3) 4x NVIDIA A800-80GB GPUs. All GPUs are connected
via PCle across three configurations. We primarily evaluate two
scenarios of intra-node deployment and cross-node deployment.
For intra-node, we use the L20 configuration. Cross-node evalua-
tions leverage the A100 and A800 setup with simulated network
conditions achieved by disabling both P2P communication (PCle-
based) and shared memory access (by setting environment variable
NCCL_SHM_DISABLE = 1 and NCCL_P2P_DISABLE = 1). Such
configuration forces all inter-GPU communication to go through
the network stack. Testing results show that the simulated net-
work communication bandwidth achieves 73.28 Gbps, whereas the
PCle-based communication bandwidth attains 20.79 GB/s.
Workloads. We synthesize workloads based on ShareGPT [1]
and Azure [35], which both comes from real LLM services. The
ShareGPT dataset is a collection of user-shared conversations with
ChatGPT. The Azure dataset is from production traces taken from
Azure LLM inference services, including the arrival time, input
size and output size. Figure 11 displays the distribution of input
and output lengths across the sampled datasets, revealing that

3This model is downscaled from Llama3.1-405B to fit in GPU memory.
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Figure 11: Distribution of input and output length of the
sampled dataset.

the Azure dataset has a notably longer average input (5.21x) and
output (1.66X) length compared to ShareGPT. We mimic the cloud
service scenario and generate request arrival times using Poisson
distribution with different request rates.

Schemes. To evaluate the effectiveness of our proposed design,
we compare gLLM against the following systems:

e VLLM [20]. We leverage vLLM (v0.8.1) as the fastest infer-
ence engines for pipeline parallelism. The framework offers
two backend engine versions, V0 and V1. While V1 demon-
strates superior speed over VO, our testing revealed it to be
less stable. As a result, we employ V1 as the default setting
but fall back to VO when encountering engine crashes.
SGLang [62]. We leverage SGLang (v0.4.3.post2) as the most
efficient inference engine for tensor parallelism implementa-
tions. While SGLang has lower CPU overhead than vLLM, it
currently lacks pipeline parallelism support.

e gLLM. Proposed global balanced pipeline parallelism sys-
tems with Token Throttling.

gLLM w/o WT. gLLM without WT (section 3.1.1).

gLLM w/o UT. gLLM without UT (section 3.1.2).
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set to the maximum without encountering out of memory error.
In the main experiment, we benchmark gLLM against vLLM and
SGLang, while the ablation study compares gLLM with its varia-
tions. For gLLM, we set the hyperparameters as follows: #T = 8,
#MaxP = 2048, #MinP = 32 and KV, .5, = 0.05. We examine the
impacts of these parameter settings in the sensitivity study.
Metrics. We use the following metrics to measure the perfor-
mance of the systems:
e Time to first token (TTFT): average time taken from when
a user sends a prompt to the LLM until the first token of the
response is generated.
e Time per output token (TPOT): average time required to
generate each subsequent token after the first one.
¢ End to end latency (E2EL): average total time from prompt
submission to the completion of the full response.
e Throughput: average input and output tokens processing
throughput.
e SLO Attainment: the SLO fulfillment rate under the given
TTFT and TPOT constraints.

4.2 Latency and Throughput

To compare the performance of vLLM, SGLang and gLLM, we
conduct experiments based on ShareGPT and Azure dataset using
models from 14B to 100B with the results? illustrated on Figure

41 indicates higher values are better, while | means lower values are preferable.
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Figure 13: Variation of maximum throughput as the number
of GPUs/nodes (horizontal axis) increases. The numbers (X)
on the bar illustrate the multiples compared to single/two-
card/node(s) performance.

10 (intra-node) and Figure 12 (cross-node). We can summarize a
few key points from the figure: As request rates increase, (1) la-
tency rises while throughput gradually plateaus. This plateau rep-
resents the system’s maximum processing capacity. (2) TTFT will
rise significantly at some point due to requests queuing. At the
most situations, gLLM reaches its turning point at 2-6x higher
request rates compared to other systems. (3) E2EL shows an ap-
proximately linear increase trend. Mostly, gLLM achieves 0.14-
0.92x lower slope compared to the other two systems. (4) In most
cases, benefiting from the more efficient scheduling policy and
runtime, gLLM significantly outperforms vLLM on both latency
and throughput across the tested scenarios (processing capacity
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(processing capacity improves 0.11-3.98x) (6) Compared to Azure,
gLLM is better at handling ShareGPT. The reason is that gLLM can
balance prefill tokens across different requests, whereas in Azure,
sequences with longer inputs weaken inter-request parallelism.

4.3 Scalability Study

To evaluate the scalability of gLLM, we conduct maximum throu-
ghput tests against vLLM and SGLang by incrementally increasing
request rates until system throughput stabilizes. Our results shown
in Figure 13 reveal distinct scaling patterns across systems. While
gLLM demonstrates marginally lower throughput than vLLM and
SGLang when serving 14B model on single GPU configurations
(attributed to incomplete optimizations), it achieves near-linear
scaling efficiency as GPU counts increase. In contrast, vLLM ex-
hibits sub-linear scaling with the 14B model but maintains linear
scaling with the 32B variant. SGLang demonstrates sub-linear scal-
ing within a single node, but experiences performance degradation
as GPUs count increase in cross-node deployments due to high
inter-GPU communication overhead. Notably, gLLM’s performance
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advantage becomes progressively more pronounced with more
GPUs, suggesting superior architectural scalability.

4.4 SLO Attainment

Request Rate (reqs/s)

(a) ShareGPT with SLO TTFT:3000ms and TPOT:150ms
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(b) Azure with SLO TTFT:4000ms and TPOT:200ms

Figure 14: SLO attainment in cross-node deployments of
Llama3.1-100B with A800.

To evaluate SLO attainment, we compare gLLM and vLLM in
cross-node deployments of Llama3.1-100B. As shown in Figure 14,
gLLM achieves 64% higher SLO attainment coverage than vLLM across
various request rates. Under 80% SLO attainment, gLLM can sustain
79% higher request rate compared to vLLM. While at low request
rate, gLLM exhibits slightly lower SLO attainment due to a marginal
increase in TTFT caused by Token Throttling, which occasionally
exceeds the time constraint. To address this, we can fine-tune the
hyperparameter #T to balance TTFT and TPOT performance.

4.5 Ablation Study
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Figure 15: An ablation study on the design choices of gLLM.
The dashed line marks the optimal value under each metric.

To evaluate the effectiveness of our design, we conduct ablation
experiments on gLLM, with the results shown in Figure 15. Notably,
gLLM w/o WT achieves 10% lower TTFT compared to gLLM, as
WT’s balanced scheduling approach slightly compromises prefill
speed. However, this comes at the cost of 44% higher TPOT and
20% longer E2EL. The absence of UT leads to even more significant
performance degradation, increasing TTFT by 22%, TPOT by 91%,
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and E2EL by 38%, demonstrating UT’s crucial role in balancing com-
putation. Meanwhile, even with Sarathi-Serve’s basic scheduling
strategy, gLLM w/CK achieves 10% higher throughput and 8% lower
E2EL compared to vLLM. This demonstrates that gLLM runtime is
more efficient than that of vLLM.

4.6 Sensitivity Study
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Figure 16: Normalized metric under different setting of hy-
perparameters #T, #MaxP, #MinP and KV, esh-

To examine the effect of the hyperparameters used in gLLM, we
conduct a sensitivity study and the normalized results are shown
in Figure 16.

4.6.1 Impact of #T. The parameter #T, representing the number of
iterations to process all pending prefill tokens. As #T increases,
the number of prefill tokens per micro-batch decreases, which
generally leads to longer TTFT due to reduced prefill rate. However,
when #T grows from 1 to 4, the TTFT remains stable because gains
in computational parallelism, such as better GPU utilization and
reduced idle time, offset the smaller batch sizes. Concurrently, TPOT
improves as smaller micro-batches enable faster decoding rates.
Throughput increases and E2EL decreases with larger #T, proving
Token Throttling improve overall processing efficiency through
more evenly distributed computations.

4.6.2 Impact of #MaxP. The hyperparameter #MaxP governs the
maximum number of batched prefill tokens processed per schedul-
ing iteration. Increasing #MaxP creates a dual effect: Higher prefill
rates accelerate initial token generation (TTFT), while expanded
batch sizes prolong per-token processing latency (TPOT). How-
ever, excessively conservative #MaxP settings (e.g., 512) degrade
system throughput due to suboptimal prefill rate, which constrains
the system’s capacity to handle concurrent requests during decode
phases.

4.6.3 Impact of KVipresh- KVipresn defines the idle rate threshold
for KV cache utilization. Setting KV;p,sp to zero introduces inef-
ficiencies: TTFT, TPOT and E2EL exhibit slight increases, while
throughput declines. This occurs because a zero threshold pushes
the system toward KV cache capacity limits more frequently, forc-
ing preemption of ongoing requests to accommodate remaining
decode requests. Such preemption waste computational resources
and degrade overall performance.

4.6.4 Impact of #MinP. The minimum batched prefill token count
(#MinP) exhibits limited impact on overall system performance
across most configurations (within 2% performance fluctuations).
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4.7 Functionality Study

Table 1: Comparison of the number of lines of code and the
score of MMLU-Pro [53] (evaulated on Qwen2.5-32B-Instruct)
between gLLM, SGLang and vLLM.

Framework ‘ gLLM ‘ SGLang ‘ vLLM

Lines of code | 3874 65097 226874
MMLU-prof 68.86 68.85 69.17

Table 1 presents a comparison in lines of code and output quality
across different frameworks. Notably, gLLM achieves comparable
output quality to vLLM and SGLang while maintaining a superior
inference speed.

5 RELATED WORK

Scheduling in LLMs. Traditional DNN inference frameworks pri-
marily employ batch-level scheduling [33], which struggles to han-
dle the variable sequence lengths inherent in LLMs. To address this
limitation, Orca [56] introduces iteration-level scheduling, enabling
dynamic request admission and early exit before model execution.
However, this approach faces challenges when processing lengthy
prefill requests, as they can delay subsequent decode requests. To
mitigate this imbalance, recent work proposes Sarathi-Serve [2],
which runs prefill and decode operations together by splitting long
sequences into smaller chunks. Despite these advancements, com-
putational imbalance persists across each batch, significantly de-
grading the efficiency of pipeline parallelism.

LLM serving systems. To efficiently serve LLMs, researchers
have developed various systems. Among them, Orca [56], intro-
duces a distributed serving system with iteration-level scheduling to
improve throughput. For memory optimization, vLLM [20] employs
paged attention, imitating virtual memory mechanisms to reduce
fragmentation, while SGLang [62] leverages radix attention to elimi-
nate redundant KV cache computations across requests. To address
the divergent computational demands of the prefill and decode
stages, Splitwise [35] and DistServe [63] adopt a disaggregated ar-
chitecture, allocating specialized hardware configurations for each
phase. TD-Pipe [58] proposes temporally-disaggregated architec-
ture for pipeline parallelism which attempts to solve the unbalanced
computation in the offline scenario. In contrast, gLLM focuses on
alleviating pipeline bubbles in online serving by applying token
throttling in chunked prefill method. Additionally, frameworks like
FlexGen [43] and InfiniGen [21] tackle GPU memory constraints
through adaptive techniques such as memory compression and in-
telligent offloading, ensuring scalable performance under resource
limitations. Nevertheless, these systems fail to achieve balanced
schedule between each batch, leading to significant performance
bottleneck.

Model parallelism for LLM training and serving. Model par-
allelism has become essential for distributed training and serving
of LLMs as their sizes increase. Tensor parallelism, which demands
frequent communication between devices, is primarily employed
in environments with high-bandwidth interconnects. Recent ad-
vancements [5, 12, 17, 52] address communication idling by strate-
gically overlapping communication operations with computation.
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For pipeline parallelism, researches focus on solving unbalanced
memory consumption [19, 27, 47], pipeline bubbles [27, 36], com-
munication optimization [24] and activation checkpointing [26, 47].
Hybrid strategies combining tensor pipellelism and pipeline paral-
lelism leverage automated search algorithms [50, 59, 61] or utilize
the heterogeneous characteristics [18, 39, 50, 59], while frameworks
like Megatron-LM [32] demonstrate empirically validated config-
urations for massive-scale deployment. However, those methods
focus on optimization during training. In LLM serving, specialized
optimizations target hardware heterogeneity through GPU-aware
allocation [30, 45] and reduce pipeline bubbles using chunked prefill
mechanisms [2]. Nevertheless, pipeline bubbles are not efficiently
solved by chunked prefill and become a bottleneck for efficient
deploying.

6 CONCLUSION AND DISCUSSION

This paper presents gLLM, a globally balanced pipeline parallelism
system incorporating with Token Throttling mechanism for dis-
tributed LLM serving. Token Throttling dynamically adjusts the
token counts for prefill and decode stages, thereby achieving bal-
anced computation across micro-batches and effectively mitigat-
ing pipeline bubbles. To enable Token Throttling, we design an
asynchronous runtime tailored to the characteristics of pipeline
parallelism. Experiments on representative LLMs demonstrate that
gLLM delivers 11% to 398% higher maximum throughput over state-
of-the-art pipeline and tensor parallelism systems, while simulta-
neously maintaining lower latency.

Currently, gLLM assumes that computation time is proportional
to the number of tokens in a batch. However, the self-attention oper-
ation has a quadratic dependency on sequence length, introducing
an additional factor that influences computation time. Moving for-
ward, to better balance the computational load across micro-batches,
we should incorporate the context length of each sequence to en-
able more accurate estimation of forward pass time. For mixture-
of-expert (MoE) models, variability in expert activation introduces
additional imbalance. In this regard, future work will explore expert-
aware load balancing strategies to extend gLLM ’s applicability to
a broader range of LLM architectures.
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Appendix: Artifact Description/Artifact Evaluation

Artifact Description (AD)
A Overview of Contributions and Artifacts

A.1 Paper’s Main Contributions

C1 We highlight the observations that pipeline bubbles caused
by unbalanced computation in prefill and decode stage sig-
nificantly degrade the performance of inference systems.

C2 We present gLLM, a distributed serving system with Token
Throttling for effectively balancing the computation across
batches to reduce pipeline bubbles.

C3 Token Throttling dynamically adjusts the batch size of the
prefill and decode stage separately to achieve balanced sched-
ule based on real-time inference system feedback.

C4 Experiments on representative LLMs show that gLLM en-
hances maximum throughput by 11% to 398% compared to
state-of-the-art pipeline or tensor parallelism systems, while
simultaneously achieving lower latency.

A.2 Computational Artifacts
A1 https://doi.org/10.5281/zenodo.15251038

Artifact ID Contributions Related

Supported Paper Elements
Al Figures 1,4
A1 Cy,C3,C4 Table 1

Figures 11-16

B Artifact Identification
B.1 Computational Artifact A,

Relation To Contributions

This artifact includes the source code of proposed gLLM system,
together with installation, examples, benchmarks and evaluations
scripts.

Expected Results

We evaluate gLLM with simulated online LLM serving scenar-
ios. The experimental outcome contains metrics including latency
(TTFT, TPOT and E2EL), throughput and SLO attainment. In most
situations, gLLM outperforms state-of-the-art pipeline or tensor
parallelism systems.

Expected Reproduction Time (in Minutes)

The installation of gLLM requires about 20 minutes (depending on
the network conditions and compilation speed). gLLM takes ap-
proximately 1-2 minutes to start up initially, primarily due to model
weight loading. Each test employs varying numbers of prompts and
request rates, taking between 2 to 20 minutes to complete, with
approximately 100 tests conducted in total.

Artifact Setup (incl. Inputs)

Hardware. Our evaluations require three types of node’: (1) 4x
NVIDIA L20-48GB GPUs (2) 4x NVIDIA A100-40GB GPUs (3) 4x

5Tt is fine to use a certain type of node during the test.
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NVIDIA A800-80GB GPUs. All GPUs are connected via PCle across
three configurations.

Software. Our experiments were conducted on NVIDIA-powered
machines with CUDA support. gLLM depends on several Python
packages such as pytorch (==2.5.1), transformers (>= 4.45.2) and so
on (detailed description is in requirements.txt).

Datasets/ Inputs. Our experiments utilize two datasets, ShareGPT®
and Azure’.

Installation and Deployment. gLLM can be installed in a Python
environment using the command ‘pip install -v -e " within a CUDA
ecosystem. We have tested it with Python v3.11.9 and CUDA v12.4.

Artifact Execution

The artifact execution consists of two stages: (1) launching the

server and (2) benchmarking the server. The command to start the

server is:

python -m gllm.entrypoints.api_server --port $PORT \
--model-path $MODEL_PATH --pp $PP_STAGES \
--gpu-memory-util $GPU_MEMORY_UTIL \
--load-format $LOAD_FORMAT

The command to benchmark the server is:

python benchmarks/benchmark_serving.py \

--port $PORT --backend $BACKEND \

--model $MODEL --dataset-name $DATASET_NAME \

--dataset-path $SHAREGPT_PATH \

--splitwise-path $SPLITWISE_PATH \

--num-prompts $NUM_PROMPTS --goodput $GOODPUT \

--request-rate $REQUEST_RATE --trust-remote-code
gLLM provides an OpenAl-compatible AP, enabling benchmarking
similar to other inference systems. For each test, we fix the request
sending duration at 128 seconds. Therefore, the number of prompts
can be determined by multiplying the request rates by the elapsed
time. We can use the following arguments to configure gLLM:

Hyperparameters Arguments
#T - -iterp
#MaxP - -maxp
#MinP - -minp
KVihresh - -kvthresh
Use scheduling policy in Sarathi-Serve - -use-naive-schedule

Artifact Analysis (incl. Outputs)

The artifact execution will output key performance metrics in-
cluding latency (TTFT, TPOT, and E2EL), throughput, and SLO
attainment. These metrics will be used to evaluate and compare
gLLM against other inference systems. In most cases, gLLM sys-
tem is expected to outperform state-of-the-art pipeline or tensor
parallelism systems.

®https://huggingface.co/datasets/anon8231489123/ShareGPT_Vicuna_unfiltered/
resolve/main/ShareGPT_V3_unfiltered_cleaned_split.json
https://github.com/Azure/ AzurePublicDataset/blob/master/data/
AzureLLMInferenceTrace_conv.csv


https://doi.org/10.5281/zenodo.15251038
https://huggingface.co/datasets/anon8231489123/ShareGPT_Vicuna_unfiltered/resolve/main/ShareGPT_V3_unfiltered_cleaned_split.json
https://huggingface.co/datasets/anon8231489123/ShareGPT_Vicuna_unfiltered/resolve/main/ShareGPT_V3_unfiltered_cleaned_split.json
https://github.com/Azure/AzurePublicDataset/blob/master/data/AzureLLMInferenceTrace_conv.csv
https://github.com/Azure/AzurePublicDataset/blob/master/data/AzureLLMInferenceTrace_conv.csv
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Artifact Evaluation (AE)

C.1 Computational Artifact A;
Artifact Setup (incl. Inputs)

Hardware. Our evaluations require three types of node: (1) 4x
NVIDIA L20-48GB GPUs (2) 4x NVIDIA A100-40GB GPUs (3) 4x
NVIDIA A800-80GB GPUs. All GPUs are connected via PCle across
three configurations.

Software. Our experiments were conducted on NVIDIA-powered
machines with CUDA support. gLLM depends on several Python
packages such as pytorch (==2.5.1), transformers (>= 4.45.2) and so
on (detailed description is in requirements.txt).

Datasets/Inputs. Our experiments utilize two datasets, ShareGPT®
and Azure’. We deploy three models, Qwen2.5-14B%, Qwen2.5-32B°
and Llama3.1-405B'°. Llama3.1-405B can be downscaled by reduc-
ing the number of layers or deployed with more GPUs.

Installation and Deployment. gLLM!! can be installed in a Python
environment using the command ‘pip install -v -e . in the main
directory of the project within a CUDA ecosystem. We have tested
it with Python v3.11.9 and CUDA v12.4. vLLM and SGLang can be
downloaded using ‘pip install vllm==0.9.1" and ‘pip install uv &&
uv pip install "sglang[all]==v0.4.3.post2". Note that, gLLM, vLLM
and SGLang are installed under different conda environments.

Artifact Execution

The artifact execution consists of two stages: (1) choose one from
gLLM, vLLM, and SGLang to launch the server (2) benchmark the
server.

(1.a) Launch gLLM server:

python -m gllm.entrypoints.api_server --port $PORT \
--model-path $MODEL --pp $PP \
—--gpu-memory-util $GPU_MEMORY_UTIL \
--load-format $LOAD_FORMAT

‘PORT’ is an available port number. ‘MODEL'’ is the model local path

or the model name from Hugging Face. ‘PP’ is the degree of pipeline

parallelism. ‘GPU_MEMORY_UTIL’ refers to the utilization of GPU

memory excluding the model weights. LOAD_FORMAT’ can be

‘auto’ (actual model weights) or ‘dummy’ (random model weights).
(1.b) Launch vLLM server:

vllm serve $MODEL --disable-log-requests \
--trust-remote-code --no-enable-prefix-caching \
--pipeline-parallel-size $PP \
--distributed-executor-backend ray --port $PORT \
--gpu-memory-utilization $GPU_MEMORY_UTIL \
--enable-chunked-prefill --enforce-eager \
--max-num-batched-tokens $MAX_BATCH_TOKENS \
--max-num-seqs $MAX_NUM_SEQS \

--load-format $LOAD_FORMAT

The meaning of ‘LOAD_FORMAT’, ‘MODEL’, ‘PORT’ and ‘PP’ is

the same as those in gLLM. ‘GPU_MEMORY_UTIL’ refers to the

utilization of GPU memory. ‘MAX_BATCH_TOKENS’ defines the

Shttps://huggingface.co/Qwen/Qwen2.5-14B

“https://huggingface.co/Qwen/Qwen2.5-32B

Ohttps://huggingface.co/meta-llama/Llama-3.1-405B
The code of gLLM is also open-sourced at https://github.com/gty111/gLLM
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token budget, which is set to 2048. ‘MAX_NUM_SEQS’ specifies
the maximum number of concurrent requests, set to 1024.
(1.c) Launch SGLang server:

python -m sglang.launch_server --tp $TP \
--model-path $MODEL --disable-cuda-graph \
--mem-fraction-static $MEM_FRACTION \
--disable-radix-cache --port $PORT \
--chunked-prefill-size $CHUNK_SIZE \
--load-format $LOAD_FORMAT \
--enable-mixed-chunk

The meaning of ‘LOAD_FORMAT’, ‘MODEL’ and ‘PORT’ is the
same as those in vVLLM. ‘MEM_FRACTION’ is the same as
‘GPU_MEMORY_UTIL’ in vLLM. ‘CHUNK_SIZE’ is the same as
‘MAX_BATCH_TOKENS’ in vLLM. ‘TP’ is the degree of tensor
parallelism.

(2) Benchmark the server:

python benchmarks/benchmark_serving.py \
--port $PORT --backend $BACKEND \
--model $MODEL --dataset-name $DATASET_NAME \
--dataset-path $SHAREGPT_PATH \
--splitwise-path $SPLITWISE_PATH \
--num-prompts $NUM_PROMPTS --goodput $GOODPUT \
--request-rate $REQUEST_RATE --trust-remote-code

‘PORT’ is the port number of the server. ' BACKEND’ is ‘vllm’ since
vLLM and gLLM shares the same benchmarking code. ‘MODEL’
is the same as ‘MODEL’ passed to the server. DATASET_NAME’
can be ‘sharegpt’ or ‘splitwise’. ‘SHAREGPT_PATH’ is the local
path to dataset ShareGPT. ‘SPLITWISE_PATH’ is the local path
to dataset Azure. NUM_PROMPTS’ is the total number of test
requests. ‘GOODPUT’ is the constraint of TTFT and TPOT, like
‘ttft:1000 tpot:250 (the unit is milliseconds). ‘REQUEST_RATE’ is
the request arrival rate.

gLLM provides an OpenAl-compatible AP, enabling benchmark-
ing similar to other inference systems. For each test, we fix the
request sending duration at 128 seconds. Therefore, the number
of prompts can be determined by multiplying the request rates by
elapsed time. We use the following arguments to configure gLLM:

Hyperparameters Arguments
#T - -iterp
#MaxP - -maxp
#MinP - -minp

KVibresh - -kvthresh

Use scheduling policy in Sarathi-Serve - -use-naive-schedule

Artifact Analysis (incl. Outputs)

The artifact execution will output key performance metrics in-
cluding latency (TTFT, TPOT, and E2EL), throughput, and SLO
attainment. These metrics will be used to evaluate and compare
gLLM against other inference systems. In most cases, gLLM sys-
tem is expected to outperform state-of-the-art pipeline or tensor
parallelism systems.


https://huggingface.co/Qwen/Qwen2.5-14B
https://huggingface.co/Qwen/Qwen2.5-32B
https://huggingface.co/meta-llama/Llama-3.1-405B
https://github.com/gty111/gLLM

gLLM: Global Balanced Pipeline Parallelism Systems for Distributed LLMs Serving with Token Throttling

SC ’25, November 16-21, 2025, St Louis, MO, USA

Reproducibility Report

D Overview of Reproduction of Artifacts

The following table provides an overview of each computational
artifact’s reproducibility status. Artifact IDs correspond to those in
the AD/AE Appendices.

Artifact ID Available Functional Reproduced
Aq ° o o
Badge awarded yes no no

E Reproduction of Computational Artifacts

E.1 Timeline

The artifact evaluation was conducted from September 2, 2025 to
September 6, 2025.

E.2 Computational Environment and Resources

The experiments conducted for artifact evaluation were performed
on jeanzay a multiple-partition supercomputer maintained by
GENCI for the CNRS. The specific partition used for these experi-
ments — that includes A100 - is listed as gpu_p5'2.

E.3 Details on Artifact Reproduction

The instructions provided to acquire the artifact were clear. Both
the datasets and the gLLM source code are readily available.

The instructions for installing the software is clear as well. Men-
tion of distinct conda environments for each compared software
help with the setup.

I was able to install the competing software without issues i.e.
their respective packages end up listed upon calling pip list.
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This results in two conda environments named apdx173-slang
and apdx173-v1lm.

Regarding the gLLM software package ; while the instructions
are seemingly straightforward, I wasn’t able to install it. I have
installed the required packages listed in requirements.txt in a new
apdx173 conda environment — these packages are all listed upon
calling pip list. However, upon setting up gLLM, the installation
script could not find torch. The authors have been notified on
September 4, 2025.

I have done the procedure multiple times from scratch, ensuring
that executables such as python, python3 and pip are the ones
provided by the gLLM environment rather than some system-wide
executables. These tentatives were unsuccessful.

Disclaimer: This Reproducibility Report was crafted by volunteers with the goal
of enhancing reproducibility in our research domain. The time period allocated for the
reproducibility analysis was constrained by paper notification deadlines and camera-
ready submission dates. Furthermore, the compute hours in the shared infrastructure
(e.g., Chameleon Cloud) available to the authors of this report were limited and re-
stricted the scope and quantity of experiments in the review phase. Consequently, the
inability to reproduce certain artifacts within this evaluation should not be interpreted
LPhttp://www.idris.fr/jean- zay/cpu/jean-zay-cpu-hw.html
as definitive evidence of their irreproducibility. Limitations in the time allocated to
this review and the compute resources available to the reviewers may have prevented
a positive outcome. Furthermore, reviewers assess the reproducibility of the artifacts
provided by the authors; however, they are not accountable for verifying that the

artifacts support the main claims of the paper.


http://www.idris.fr/jean-zay/cpu/jean-zay-cpu-hw.html
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