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BrownoutServe: SLO-Aware Inference Serving
Under Bursty Workloads for MoE-Based LLMs
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Abstract—In recent years, the Mixture-of-Experts (MoE) ar-
chitecture has been widely applied to large language models
(LLMs), providing a promising solution that activates only a
subset of the model’s parameters during computation, thereby
reducing overall memory requirements and allowing for faster
inference compared to dense models. Despite these advantages,
existing systems still face issues of low efficiency due to static
model placement and lack of dynamic workloads adaptation.
This leads to suboptimal resource utilization and increased
latency, especially during bursty requests periods. To address
these challenges, this paper introduces BrownoutServe, a novel
serving framework designed to optimize inference efficiency and
maintain service reliability for MoE-based LLMs under dynamic
computational demands and traffic conditions. BrownoutServe
introduces ‘“united experts” that integrate knowledge from mul-
tiple experts, reducing the times of expert access and inference
latency. Additionally, it proposes a dynamic brownout mechanism
to adaptively adjust the processing of certain tokens, optimizing
inference performance while guaranteeing service level objectives
(SLOs) are met. Our evaluations show the effectiveness of
BrownoutServe under various workloads: it achieves up to 2.46 x
throughput improvement compared to state-of-the-art systems
and reduces SLO violations by up to 90.28%, showcasing its
robustness under bursty traffic while maintaining acceptable
inference accuracy.

Index Terms—MOoE, LLM inference serving, SLO, brownout,
requests burst.
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I. INTRODUCTION

OE [1] architecture has garnered widespread attention

in the field of LLMs, with a surge of research and
applications in recent years, such as Mixtral [2], Qwen3 [3],
DeepSeekV3 [4], and their variants. MoE architectures signif-
icantly reduce training and inference costs by activating only
a subset of model parameters (experts) during computation
[5]. However, efficient inference for MoE models remains a
challenging problem in both industry and academia.

LLM inference is divided into two stages: prefill and decod-
ing [6]. During the prefill stage, the model processes the user’s
input to generate the first output token, caching the generated
key-value pairs in the key-value (KV) cache to avoid redundant
computation. This stage involves processing a large number
of tokens, activating almost all experts, and often becomes a
performance bottleneck. In the decoding stage, each request
processes only one token at a time, but when the model is under
high load (i.e., the current batch size approaches the maximum
batch size), the MoE module can still become a bottleneck.
Studies [5], [7], [8] have shown that due to the varying activity
levels of different experts, only a few experts handle a large
number of tokens (hot experts), while most experts handle
very few tokens (cold experts). This imbalance prevents these
cold experts from fully utilizing GPU parallelism, leading to
decreased resource utilization. Fig. 1 illustrates that in the prefill
stage, the latency of the MoE accounts for around 81.23% of
the total latency of the transformer layer (including attention
and MoE), and in the decoding stage, the MoE latency accounts
for about 93.89% of the total latency of the transformer layer.
Therefore, reducing the latency of the MoE module is crucial
to reducing the overall inference latency.

Existing MoE inference systems, such as vLLM [9] and
DeepSpeed-MoE [10], have introduced techniques like ten-
sor parallelism and expert parallelism to accelerate inference.
While these systems incorporate certain dynamic scheduling
mechanisms (e.g., continuous batching [11]), they lack fine-
grained, model-level adaptation specifically designed to handle
the internal dynamics of MoE architectures under bursty loads.
Consequently, they struggle to mitigate sudden load spikes and
request fluctuations effectively, often leading to SLO violations.
In low-resource GPU clusters, with a limited number of GPUs,
restricted memory capacity, and constrained communication
bandwidth, MoE inference faces several key challenges: uneven
expert load causing computational bottlenecks, high cross-GPU
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Fig. 1. Cumulative distribution function (CDF) of latency for the prefill and
decoding stages of the MoE module and transformer layer using the Qwenl1.5-
MoE-A2.7B model with a batch size of 64 on the alpaca dataset, utilizing
four A100-40GB-PCIE GPUs. The left plot illustrates the latency distribution
for the prefill stage, and the right plot shows the latency distribution for the
decoding stage.

communication costs exacerbated by parallelism techniques,
and large model size making it costly and inflexible to scale up
(e.g., by changing the tensor parallelism degree, which requires
service restart) in response to bursty requests. These challenges
significantly limit the usability and practicality of MoE models
in small-to-medium-scale deployment environments with lim-
ited resources.

To address these challenges, we introduce the concept of
united experts and brownout approach to reduce inference la-
tency of MoE module. United experts integrate the knowledge
of multiple experts into a single expert of equivalent parame-
ter size, reducing the times of expert access during inference,
increasing the average number of tokens processed by each ex-
pert, and fully leveraging GPU parallelism to reduce latency and
improve throughput. The brownout approach is inspired by the
brownout strategies in power systems. This approach has also
been applied in cloud computing environment that can dynam-
ically activate or deactivate optional application components
based on different workloads [12]. In this work, the brownout
approach is used to determine which tokens are processed by the
original experts and which are processed by the united experts
with accuracy and efficiency trade-offs. To mitigate this, based
on the brownout approach, we propose the SLO-Aware Latency
Control algorithm, which can dynamically adjust the brownout
configuration to minimize accuracy loss while ensuring infer-
ence latency meets SLO, even under fluctuating request rate and
bursty workloads.

In this paper, we present BrownoutServe, an efficient MoE
inference serving framework designed for small-to-medium-
scale GPU clusters. The core design of BrownoutServe includes
two key mechanisms: First, the united expert model, which
integrates the knowledge of multiple experts into a united expert
to reduce expert access during inference. Second, the dynamic
brownout mechanism (brownout approach and SLO-Aware La-
tency Control algorithm), which dynamically routes a subset of
tokens to the united experts under resource constraints or bursty
workloads, reducing expert access overhead and helping main-
tain SLO attainment. Our evaluations demonstrate the effective-
ness of BrownoutServe in various workloads. Our contributions
are as follows:
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e We have developed an efficient inference framework
for MoE-based LLMs, featuring the united experts-
based MoE module and an SLO-Aware Latency Control
algorithm-driven scheduler.

e We have designed the concept of united experts, the
brownout approach and the SLO-Aware Latency Con-
trol algorithm, all of which can be flexibly adapted in
scenarios with bursty workloads, and elaborate on three
brownout strategies: zero-brownout, full-brownout, and
partial-brownout.

e We have comprehensively evaluated BrownoutServe’s per-
formance across various realistic workloads. Compared
to state-of-the-art systems, BrownoutServe achieves up to
2.46x higher throughput and reduces SLO violations by
up to 90.28%.

II. RELATED WORK

In this section, we discuss the related work on inference
optimization for LLMs. Current work can be categorized into
two classes as follows:

Optimization for MoE-based LLMs. As MoE-based archi-
tectures evolve and model parameters expand exponentially, a
multitude of optimization approaches have emerged. Represen-
tative work includes GShard [13] which significantly improves
computational efficiency and scalability by distributing expert
modules of the MoE layer across multiple devices. Switch
Transformer [8] simplified routing by activating only one expert
per token. Lina [14] uses dynamic resource scheduling and
expert popularity estimation to balance the workload across
devices and improve inference efficiency. MPMoE [15] intro-
duces adaptive pipeline parallelism and memory-reuse strate-
gies to accelerate training and reduce memory overhead. Effi-
cientMoE [16] uses dynamic scheduling and capacity adjust-
ment to optimize the training efficiency of MoE models. Tutel
[17] presents a highly scalable stack design and implementa-
tion for MoE, featuring dynamically adaptive parallelism and
pipelining. Pre-gated MoE [18] introduces a novel pre-selection
mechanism (pre-gating function), which predicts the set of
experts to be activated before inference. This allows for pre-
loading necessary parameters, thereby reducing the overhead
of dynamic scheduling during inference. MoE-Lightning [19]
implements CPU-GPU-I/O pipeline scheduling and a Hierar-
chical Roofline Model, enabling high-throughput MoE infer-
ence on memory-constrained GPUs. Although these optimiza-
tion techniques have accelerated inference to some extent, they
lack the ability to handle bursty requests, thereby causing SLO
violations. Our work addresses these limitations by introducing
novel mechanisms such as united experts and the brownout
approach to dynamically optimize inference performance and
maintain service reliability under fluctuating workloads.

Optimization for generic LLMs There are many related
works focused on optimizing inference for generic LLMs. For
KV cache optimization, vVLLM [9] proposes PagedAttetion for
KV cache management, which reduces GPU memory frag-
mentation. InfiniGen [20] reduces data transfer overhead by
dynamically selecting and prefetching only the essential KV
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cache entries instead of loading all of them. For parallelism
strategies optimization, LoongServe [21] provides an Elastic
Sequence Parallelism strategy, which effectively improves re-
source utilization when serving long-context LLMs. alpaServe
[22] leverages model parallelism: even when a model fits on
a single device, it can be partitioned across multiple devices
to enable statistical multiplexing, allowing better handling of
bursty requests. DistServe [6] and Splitwise [23] decouples the
prefill and decoding phases to eliminate interference between
them and applies separate parallelism strategies for each stage.
For scheduling optimization, Orca [11] proposes iteration-level
scheduling, a more fine-grained scheduling approach where
completed requests are removed from the batch after each it-
eration, and new requests can be added to the batch for the
next iteration. Luminix [24] introduces a dynamic scheduling
mechanism inspired by context switching in operating systems,
which enables real-time reallocation of requests among multiple
model instances, achieving better load balancing and resource
isolation. These optimization techniques, while originally de-
signed for generic LLMs, are still applicable to MoE-based
LLMs. BrownoutServe is orthogonal to these techniques and
can work in conjunction with them. Therefore, BrownoutServe
integrates some of these techniques, such as using PagedAtten-
tion to optimize KV cache management and adopting iteration-
level scheduling to improve the scheduler performance. These
integrations help BrownoutServe achieve better overall opti-
mization for MoE-based LLMs.

III. BACKGROUND AND MOTIVATION

In this section, we briefly introduce MoE-based LLMs and
the theoretical foundations of service. We then reveal the two
main challenges currently faced by MoE-based LLMs in real-
world deployment.

A. Mixture-of-Experts

The MoE-based LLMs replace the feed-forward networks
(FFNG5) in standard Transformer-based [7] LLMs with a gating
function and multiple small-parameter FFNs, enabling sparse
activation and improved computational efficiency. Compared to
traditional dense models [25], [26], [27], MoE offers a solution
to reduce computational and memory requirements by activat-
ing only a subset of the model’s parameters, known as “experts”,
during computation. This selective activation mechanism can
reduce the overall memory footprint and computational load,
enabling more efficient use of resources and facilitating the
training and deployment of models with trillions of parameters.

The experts in the MoE layer typically consist of two types:
shared experts and routed experts. The shared experts are a
small, fixed set of experts that process every token, providing
a common computational base to preserve essential model ca-
pacities and stabilize training. In contrast, the routed experts
form the majority and are sparsely activated. For each incoming
token, a gating function computes a score against each routed
expert, and only the top-k experts with the highest scores are
activated to process the token. The end-to-end token routing
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process within an MoE layer can be summarized in the follow-
ing steps:

e Gating Computation : For a given token, the gating
network calculates an affinity score between the token’s
hidden state and each routed expert.

e Expert Selection : The top- £ routed experts with the
highest scores are selected. The token is then replicated
and sent to these experts.

o Expert Computation : Each of the selected routed experts
processes the token through its local FFN. In parallel, the
shared experts (if present) also process the token.

e Output Aggregation : The outputs from the activated
routed experts and shared experts are combined, typically
through a weighted sum based on their gating scores, to
form the final output of the MoE layer for that token.

Like dense models, the inference process for MoE typically
involves two stages: the prefill stage, where the model generates
an initial output token based on the user’s input, and the decod-
ing stage, where subsequent tokens are generated one at a time.
The MoE architecture is particularly beneficial during these
stages as it can adjust the number of active experts based on
the input data, leading to more efficient processing and reduced
latency compared to dense models. Each expert represents a
small portion of the knowledge contained within the model, thus
for each incoming token, it first needs to undergo computation
by a gating function to determine which experts should process
1t next.

B. Theoretical Foundations of LLM Service Modeling

Request Modeling: In LLM services, user requests arrive
randomly and can be modeled as a Poisson process, where
the inter-arrival times follow an exponential distribution. This
assumption is widely adopted in network and distributed system
analysis. Given that the inference time per request is nearly
constant (especially when the batch size is 1), the system can be
modeled as a classic M/D/1 queue [28], and the total average
response time W can be approximately expressed as:

2
AT Rt (1)

V=i

where ) is the average request arrival rate, and 7 is the fixed
service time per request. This expression captures both the wait-
ing time (the first term) in the queue and the actual processing
time (the second term), and it highlights that as the system
approaches saturation (i.e., A7 — 1) the response time grows
rapidly.

System Optimization: According to Amdahl’s Law [29],
the overall system speedup is limited by the proportion of the
workload that is not optimized. The formula is as follows:

1
T+ g’
where o represents the fraction of execution time consumed by
the bottleneck component in the original system, K denotes the
speedup factor achieved by optimizing that same component.

This law emphasizes that the overall performance improvement
of a system depends on the extent to which the performance

Speedup = 2)
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bottleneck is optimized. For example, suppose the bottleneck
component accounts for a = 0.6 (i.e., 60%) of the total pro-
cessing time. If we optimize it by a factor of K = 3 through
parallelization, kernel fusion, or communication optimization,
the overall system speedup would be:

1
Speedup = =

— ~1.67. (3
(1-0.6) + %° @

1 1
04402 0.6
This result illustrates that focusing on a single bottleneck can
substantially enhance system performance.

C. Challenges in MoE-Base LLMs Inference Serving

Although the MoE architecture significantly reduces com-
putation and memory costs during the training and inference
stages of LLMs, it also introduces some systemic challenges
during real-world deployment and online serving. These chal-
lenges mainly fall into the following two categories:

C1: Computational Pressure with Large Batch Size and
Experts Load Imbalance. Compared to dense models, MoE
models exhibit a much larger total number of parameters due
to the presence of multiple experts, even though each inference
path only activates a sparse subset of them. In scenarios with
large batch sizes, a high number of tokens are routed to experts
simultaneously, potentially activating nearly all experts. This
turns the inference process from sparse to quasi-dense, resulting
in intense compute and memory bandwidth pressure on the
system. Although top-k routing strategies (e.g., Top-2) used
in GShard [13] and Switch Transformer [8] aim to limit the
number of experts each token activates, higher values of k are
often required in practice to maintain model accuracy. This
leads to frequent activation of most experts, especially under
large batches, causing communication bandwidth bottlenecks
in multi-GPU or multi-node deployments. Moreover, token dis-
tribution across experts typically exhibits a long-tail pattern:
only a small portion of the experts handle more tokens than
average, while the majority are severely underutilized. This load
imbalance results in idle compute resources and exacerbates
performance degradation due to communication overhead and
synchronization latency, particularly in distributed setups.

C2: SLO Violations under Bursty Workloads. Workloads
bursty is a common scenario across various service types, and
MoE-based serving systems struggle to meet SLOs under such
conditions, especially in GPU clusters with limited resources.
Most mainstream elasticity mechanisms still rely on tradi-
tional horizontal scaling methods, such as AWS EC2 instance
spawning or Kubernetes [30] HPA-based auto-scaling, to han-
dle bursty workloads. However, these approaches suffer from
high cold start latency and substantial GPU memory overhead.
Cloud instances typically take 30-60 seconds to initialize. MoE
models often require 30-90 seconds to load weights due to their
large size (tens of GBs); Additional delays stem from container
cold starts, network topology reconstruction, requests forward-
ing. These latencies can lead to total startup latencies exceeding
1-2 minutes, which is unacceptable for latency-sensitive appli-
cations such as chatbot or real-time recommendation systems.
This untimely scaling often leads to substantial SLO violations.
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Although emerging systems such as ServerlessLLM [31] at-
tempt to reduce cold start latency through mechanisms like lazy
weight loading and model migration, these approaches often
rely on high-speed local caching and high-bandwidth environ-
ments, placing greater pressure on GPU memory capacity and
network I/0O. Additionally, horizontally scaling LLM instances
often requires provisioning multiple full copies of the model,
leading to memory consumption that is several times higher
than the unscaled baseline [32]. This results in considerably
increased hardware costs for cloud providers. What exacerbates
the problem is that bursty traffic is often short-lived. Once
the workloads decrease, the provisioned GPU instances remain
underutilized or idle, incurring inefficient resource usage and
wasted infrastructure cost. Such elasticity mismatches highlight
the limitations of traditional scaling approaches in handling
highly dynamic LLM workloads.

The fundamental distinction between the two challenges lies
in their nature and origin: C1 represents a static, inherent in-
efficiency within the MoE architecture itself, primarily char-
acterized by severe load imbalance across experts that leads
to poor GPU utilization and limited throughput, even under
stable workloads. In contrast, C2 is a dynamic, external service
reliability problem, where the system’s inability to rapidly scale
in response to sudden traffic bursts results in high latency and
SLO violations, highlighting a critical shortfall in operational
elasticity.

To tackle C1, we propose the concept of the united experts,
which merges multiple experts into a single, consolidated ex-
pert. This can reduce the number of experts involved in compu-
tation, thereby alleviating the computational pressure during in-
ference. Additionally, by combining underutilized experts that
receive relatively few tokens, we can mitigate the issue of low
GPU utilization, leading to more efficient resource usage and
better system throughput.

To tackle C2, we introduce the brownout approach along
with the SLO-Aware Latency Control (SALC) algorithm to
reduce latency. This mechanism dynamically adjusts a part of
tokens processed by united experts based on real-time inference
latency. This adaptive token routing helps reduce the overall
latency introduced by the MoE module, which is often the bot-
tleneck in the inference, while maintaining acceptable accuracy
levels. As shown in Eq. (2), since the MoE module dominates
end-to-end latency in typical LLM inference workloads, ap-
plying the brownout approach and SALC algorithm effectively
lowers total system latency, enabling the system to better meet
SLO requirements under bursty traffic conditions.

IV. DESIGN AND IMPLEMENTATION OF BROWNOUTSERVE

In this section, we present BrownoutServe, an efficient and
reliable inference framework for MoE-based LLMs, specifi-
cally designed to handle bursty workloads while maintaining
SLO attainment.

A. Overview

BrownoutServe is an end-to-end MoE-based serving frame-
work and its overview is shown in Fig. 2. BrownoutServe adopts
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Fig. 2. Overview of BrownoutServe design.

a modular design that divides the entire system into two major
parts: the control plane and the data plane. The control plane
consists of Scheduler, SLO Analyzer, and Experts
Loader, while the data plane is comprised of a highly op-
timized LLM inference engine that integrates the Browout-
MoE module mentioned in Section IV-D. Additionally, the
BrowoutMoE module includes a pluggable fused MoE [33]. It
is crucial to note that Fused MoE and our core contribution,
United Experts, address orthogonal challenges: Fused MoE
optimizes kernel launch overhead, while United Experts reduce
the memory and bandwidth pressure by decreasing the volume
of expert parameters loaded. They are complementary and can
be employed together, as we have done in the experimental eval-
uation presented in Section V. The LLM engine also incorpo-
rates existing optimization techniques, such as FlashAttention
[34], PagedAttention [9], and ContinuousBatching [11]. The
entire system is implemented using approximately 5.5k lines
of Python code.

Control Plane. Scheduler uses the first-come first-served
(FCFS) algorithm to schedule incoming requests. When the
engine reaches its maximum batch processing capacity, excess
requests are stored in a waiting queue and processed in se-
quence. The scheduler supports streaming inputs and outputs,
allowing for the dynamic insertion of new requests and the
early removal of completed requests. SLO Analyzer contin-
uously monitors the LLM engine’s inference metrics, including
time-to-first-token (TTFT) and time-per-output-token (TPOT),
and uses the SLO-Aware Latency Control algorithm to timely
adjust the brownout configuration to reduce SLO violations.
Experts Loader is responsible for loading and unloading
the united experts, as well as updating the way of united experts.

Data Plane. The LLM inference engine is primarily built
based on PyTorch [35]. For some operations, such as PagedAt-
tention and FlashAttention, they are implemented using Triton
[36] language instead of traditional C++/CUDA, because of Tri-
ton’s seamless compatibility with PyTorch. Compared to Page-
dAttention proposed in VLLM, we optimize it by moving the
block table to the GPU and implement block table operations
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as kernels (functions executed on the GPU), fully leveraging
the parallel computing capability of the GPU to effectively
reduce the additional overhead incurred by PagedAttention.
This process converts the block table from a two-dimensional
list in CPU memory to a two-dimensional tensor on the GPU,
where the first dimension indexes sequences and the second
dimension stores physical block indices of each sequence. The
MoE module introduces the brownout approach, and to further
optimize performance, we have also rewritten the MoE-related
operators using Triton.

B. United Expert Model

We introduce a novel model in MoE architecture, termed
the “united expert”. This is an efficient expert model by in-
tegrating the knowledge from multiple expert models. This
innovative approach alleviates the issue of insufficient GPU
computational resources and under-utilization in some unpop-
ular experts, reduces the frequency of expert access, thereby
effectively decreasing inference latency and enhancing the ef-
ficiency of model inference services.

For each transformer layer, which contains m experts (subse-
quently called original experts), we divide these m experts into
[22] groups, where k is the way of united experts (the number
of experts in each group). For each group of original experts, we
train a united expert via knowledge distillation [37], enabling it
to take over their work within the brownout mechanism. During
the training process, all original experts in this group serve as
the teacher model and this united expert is used as the student
model [37]. The output of the original experts (i.e. hidden states)
will be used as the training target for the united experts. In
this process, by minimizing the difference between the hidden
states of the united expert and original experts in this group, the
united expert model will learn the comprehensive knowledge
of the original experts. Through this method, the united expert
model can learn to approximate the knowledge representation
of each group of original experts, thereby reducing the times of
model access and maintaining the model’s inference accuracy
across various tasks. We use the mean squared error (MSE) loss
function to measure the difference between the united expert
and the original experts, which can be mathematically described
as follows:

, 1= N
Lhise = 7 (ZHHz —ng’““\F), @)
=0

where L:lj\‘/[SE is the difference between the original experts and
the united expert for the j -th group. % is the number of original
experts in each group. H; is the hidden states of the j -th
united expert, and HI** % is the hidden states output by the
¢ -th original expert in the j -th group, since it is grouped
according to the expert index, H? *FH4 can also be understood
as the (j x k + 7)-th original expert of the transformer layer.
The range of j is from 0 to [ ] — 1. After training, we obtain
[2:] united experts in each transformer layer.

Fig. 3 shows a specific example of training process for united
experts. In this example, we have 8 original experts, and we
divide them into groups of 2, resulting in [ 5] =4 groups. We
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Group 2

Group 0

Group 1

Fig. 3. Training process of four united experts (UEO-UE3), each integrating
knowledge from eight original experts (E0-E7), color-coded to represent
different token subsets.

can use the method described above to train a united expert
for each group, which generally includes the knowledge of
all original experts in the group. For instance, for Group 0,
in a subsequent inference iteration, if the number of tokens
processed by EO and El is relatively small, we can concatenate
the tokens to be processed by these two original experts together
and provide them to the united expert UEO of the group for
processing, in order to improve GPU computing utilization.

To illustrate the detailed training procedure, the knowledge
distillation process for united experts is formalized in Algo-
rithm 1. The algorithm takes as input the set of m original
experts I, the set of united experts UE (with one UE for every
k original experts), a gating function, the training dataset, and
the learning rate. Its goal is to output the trained united experts
(lines 1-7). Each united expert and its corresponding optimizer
are initialized (lines 8-11). The core training begins by iterating
over batches of input tokens X from the dataset D. For each
batch, the gating function assigns each token to its top- K
original experts (lines 13-14). For each original expert F;, the
algorithm collects all tokens assigned to it. If there are any,
E; processes them to produce the teacher_outputs (lines 15-
18). The algorithm finds the corresponding united expert U E;
responsible for learning from E;. U E/; then processes the same
tokens to produce its student_outputs. The loss is computed as
the Mean Squared Error between the student_outputs and the
teacher_outputs, normalized by the group size k to balance
the influence of each expert (lines 19-22). The gradients are
computed via backpropagation from the loss, and the parame-
ters of the united expert U I; are updated by the optimizer. This
step minimizes the output difference, forcing UE; to mimic
FE; ’s functionality (lines 23-25).

C. Brownout Approach

The application of the brownout approach in MoE-based
serving draws an analogy from the brownout mechanisms of the
power system. In scenarios where power resources are strained
or face a surge in demand, power companies may implement
brownout strategies, temporarily disconnecting non-essential
facilities to guarantee the power supply to critical infrastructure.
Similarly, we propose the brownout approach within the MoE
architecture. When computational resources are limited or there
is a sudden bursty of user requests, the brownout strategy can be
employed to degrade the processing of certain tokens, thereby
optimizing the model’s inference efficiency and guaranteeing
SLOs. In this subsection, we introduce three brownout strate-
gies: zero-brownout, full-brownout, and partial-brownout.
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Algorithm 1 United Expert Training Process

Input:
Original experts set E = {Ey, E1, ..., E,,—1} for each layer
United experts set UE = {UEo, UEy, ..., UE| (m—1)/k) }
Gating function Gate(-) for expert routing
Training dataset D of input tokens
Learning rate n
Output: Trained united experts set UE
for each united expert UE; in UE do
Initialize U E;’s parameters
Set optimizer for U EJ; with learning rate 7
: end for

R AN A o
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12: Set loss function £ to Mean Squared Error (MSE)

13: for each training batch of input tokens X in D do

14: expert_assign < Gate(X)

15: for each original expert E; in E do

16: tokens_for_F; < get_tokens(X, expert_assign, F;)
17: if tokens_for_F); is not empty then

18: teacher_outputs < F;(tokens_for_FE;)

19: united_expert_idx < |i/k]

20: UE; < U Eunited_expert_idx]

21: student_outputs < U E;(tokens_for_E;)

22: loss % - L(student_outputs, teacher_outputs)
23: optimizer.zero_gradients()

24: loss.backward ()

25: optimizer.step()

26: end if

27: end for

28: end for

29: Return UFE

Zero-Brownout. Zero-brownout is a strategy that does not
implement any degrading measures, meaning that the number
of expert model activations is never reduced under any circum-
stances. Under this strategy, each input token is processed by
all relevant original expert models. This strategy ensures that all
tokens are processed by original experts, thereby providing the
highest theoretical accuracy in model inference. Existing MoE
inference engines can be considered as adopting zero-brownout,
suitable for environments with ample computational resources
and stable user request loads. Fig. 4(a) shows a simple example
of zero-brownout. There are a total of 8 experts and 20 tokens.
After passing through the gate unit, the tokens are allocated
to the corresponding experts for processing, and no tokens are
degraded or dropped out.

Full-Brownout. The idea of full-brownout lies in strictly
controlling the number of expert activations in the model. Con-
sidering that expert access is the bottleneck of the entire model’s
inference performance, reducing the times of expert access
appropriately can effectively reduce the inference latency to
meet user SLO requirements. This mechanism requires setting a
threshold (0 < threshold < 1) in advance, which determines
the proportion of tokens that need to be processed by original
experts, while other tokens will be ignored in current trans-
former layer. To minimize inference latency, we need to find
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Fig. 4. Two brownout strategies illustration with 8 experts (E0-E7) process-
ing 20 tokens.

fewer experts to handle more tokens. For example, if we have 8
experts, 20 tokens, and a threshold of 0.6, as shown in Fig. 4(b),
we need to select 12 tokens for their corresponding experts to
process, while ignoring the other 8 tokens. Therefore, we will
choose El, E3, E7, these three experts who can handle no less
than 12 tokens and meet the established requirements. In this
example, we processed 60% of the tokens only accessing 37.5%
of the experts.

Partial-Brownout. This is an improved approach based on
full-brownout. Unlike full-brownout, which ignores the pro-
cessing of some tokens, the idea of partial-brownout is del-
egating these tokens that were originally ignored in the full-
brownout to their corresponding united experts, thereby reduc-
ing inference latency while ensuring a certain level of inference
accuracy. Suppose each transformer layer has m experts, in
addition to the parameter threshold, we also need the size
of the expert group k, as well as (%W united experts trained
in advance through knowledge distillation techniques. Based
on the example mentioned in full-brownout, we assume each
transformer layer has 8 experts, EO-E7, with each expert group
consisting of 4 experts (i.e., kK = 4). The number of tokens is
20, and the number of tokens each expert needs to process is
2,4,1,5,2,1, 2 and 3 respectively. With a threshold of 0.6,
as in the example in Fig. 5(a), 12 tokens need to be processed
by the original experts. Thus, we let E1, E3, and E7 handle the
corresponding tokens, while EO, E2, E4, ES, and E6 delegate
their tokens to the corresponding united experts instead of ig-
noring them. If each group contains 4 original experts, there
are 2 expert groups. UEO needs to process the tokens of EO
and E2 (a total of 3 tokens), while UE1 needs to process the
tokens of E4, ES and E6 (a total of 5 tokens). This way, we
only need to access 5 experts (3 original experts and 2 united
experts) to process all tokens, compared to the 8 times of expert
access in zero-brownout, reducing the times of expert accesses
by 3, and also increasing the batch size that experts can process
at one time. Since the united experts integrate the knowledge
of all experts in the group, this approach not only enhances
inference efficiency, but also effectively mitigates the loss of
model accuracy caused by the full-brownout strategy.

Special Case in Partial-Brownout. In the partial-brownout
strategy, a special scenario arises when a united expert is
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Fig. 5. Two type cases of partial-brownout strategy.

designated to process tokens that originate solely from one
original expert. Under such circumstances, it becomes more
accurate to allow the original expert to handle these tokens di-
rectly rather than involving the united expert. This is because the
involvement of the united expert does not contribute to reducing
the times of expert accesses; on the contrary, it may potentially
degrade the inference accuracy. Referring to Fig. 5(b), if we set
k =3, with a total of 8 experts, they can be divided into 3 groups.
UEQ is required to process tokens from E1 and E2 (a total of 3
tokens), and UE] is tasked with handling tokens from E4 and
ES. However, the tokens from E6 are not delegated to UE2 for
processing but are instead processed directly by E6 itself.

Algorithm Design. To decide when to trigger brownout ap-
proach, we propose Algorithm 2, which illustrates the specific
execution process of the three brownout strategies mentioned
above. After passing through the gating unit of the MoE mod-
ule, we will obtain the number of tokens processed by each
expert and their hidden states. The number of original experts,
denoted as m, can be obtained from the model configuration.
The threshold in the brownout method 7 and the parameter
use_full_brownout (whether to enable full brownout) can be
obtained from the brownout configuration, which is set by the
user in advance (lines 1-5). After passing through the MoE
module, the output of these tokens is stored in the variable
Y (line 6). The input tokens are sorted and then divided into
two sets. Tokens in the set S1 are processed by the original
experts without any accuracy loss, while tokens in the set S2
are processed by the united experts, which may incur some
accuracy loss (lines 13-20). Tokens in S1 are directly processed
by the original experts (lines 21-23). For the experts in S2
they are first grouped based on m and k. All tokens in each
expert group are concatenated and processed by the united
expert (lines 24-34), including special case (lines 26-28) and
common case (lines 30-32). Clearly, when threshold equals to
1, Algorithm 2 describes the zero brownout process. When 0 <
threshold < 1 and use_ full_brownout is true, the algorithm
describes the full-brownout process. When 0 < threshold <
1 and use_full_brownout is false, it describes the partial-
brownout process.

Time Complexity Analysis. Algorithm 2 has m original
experts and [%W united experts. It sorts the input tokens first
and divides them into two sets: S1 and 52, then processes these
tokens by original experts and united experts respectively, so the
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Algorithm 2 BrownoutMoE Algorithm
1: Input:

2: Set of original experts E = {eg,e1,...,€m—1}
3: Hidden states H; and token count n; = \H1| for each expert e;
4: United expert group size k, brownout threshold 7 € [0, 1]
5: Brownout strategy flag use_full_brownout € {True, False}
6: Output: Output hidden states Y for all tokens
7: Initialize Y < 0, S;1 < 0, So < 0
8: Expert list: L < [(eg, 70, H0), - - - (€m—1, Pm—1, Hm—1)]
9: Sort L in descending order of n;
10: Niotal < ZZBI Uz
11: T < 7 - Notal
12: Naceum < 0
13: for i € {0,1,2,...,m — 1} do
14: if Nyccum < 7T then
15: S1+ S1 U {L[Z}}
16: else if not use_full_brownout then
17: SQFSQU{LM}
18: end if
19: Naceum < Naceum + 74
20: end for

21: for each (ei7ni,7-[i2 € S7 do
2 Y+ YUFEN" (7)
23: end for

24: G « group_by_index(Ss, k)
25: for each group g € G do

26 if |g| =1 then

27 Let (e;,n;, H;) be the element in g
28: Y « Y UFFN{") (74,)

29: else

30: Heoncat U(eq',7/’)/i,H'[',)€g H;

31 Jj< li/k]

32: Y«~Yu FFN§“) (Heconcat)

33: end if

34: end for

35: Return Y

total time complexity is O(mlogm + m + m + {%] ), which
equals to O(mlogm + 2m + [2]).

D. Architecture of BrownoutMoE

Compared to existing MoE architectures such as DeepSeek-
MoE, which have been widely applied in the DeepSeek series
of models, BrownoutMoE introduces united experts to assist
in inference, with the aim of reducing inference latency during
emergency periods and guaranteeing SLOs. Fig. 6 illustrates
the brownoutMoE architecture and we will provide a detailed
introduction to the architecture in this section. X; denotes the
t-th token input to the MoE module. Then, the output h; of the
MoE module can be calculated as below:

N, N, N,
hy=x; 1y _FFN{) (x0)+>_ pi PN )+ i (FN), (),
=1

i=1 i=1
)
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Fig. 6. Illustration of MoE with brownout approach.

where N, N,., N, are the numbers of shared experts, routed
experts (original experts), and united experts, respectively;
FEN'*)(x) and FFN!" (x) denote the i-th shared expert and the
i-th routed expert, respectively; FFN;% (*) denotes the united
expert corresponding to the i-th original expert. p; ; denotes the
score between the ¢-th token and the ¢-th original expert if this
token belongs to set S1. while g; ; refers to the score between
the ¢-th token and the ¢-th original expert if this token belongs
to set S2. And they can be described as:

Pis = Git) G = Git,
7,1 0’ it 07

where S1 and S2 denote the set that needs to be processed by
the original experts and that needs to be processed by the united
experts, respectively, as shown in Algorithm 2. The g; ; refers
to the score between the ¢-th token and the i-th expert, which
can be described as:

if i1,
otherwise. ’

if i € 52,

, 6
otherwise. ©)

ex (Si,t) P .
it = m, lf'LGTOpK({Sj7t|1S]SNT}7K):
' 0, otherwise.
(7N

where TopK (x, K) is the set of scores consisting of the K
highest scores among the affinity scores calculated for the ¢-
th token and all routed experts. s; ; is the affinity between the
t-th token and the ¢-th expert, which is calculated by the gate
function, and can be described as:

T
St = X; €, (8)

where e; is the centroid vector of the i-th routed expert.

E. SLO-Aware Latency Control Algorithm

Tradeoff Analysis. In the brownout configuration, the pa-
rameters k and threshold determine the effectiveness of the
brownout mechanism. A larger £ and a smaller threshold typi-
cally yield greater improvements in inference latency. However,
they also lead to increased accuracy degradation. Intuitively,
a larger k means that each united expert needs to integrate
knowledge from more original experts, while its parameter
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capacity remains fixed, thus reducing the amount of knowl-
edge it can capture from each individual expert. A smaller
threshold implies that more tokens are routed to united experts.
Therefore, a trade-off must be made between inference latency
and prediction accuracy. A common goal is to maximize the
average prediction accuracy while ensuring that each token’s
latency meets the predefined SLO, as expressed in the following
formula:

1 ,
imize — » A *(threshold, k
maximize n; ccuracy’ (threshold, k),
subject to Latency}(threshold, k) < SLO,
Vie{1,2,...,n}Vje€{1,2,...,mi}, )

where n is the total number of requests to be processed,
Accuracy’(, %) denotes whether the i-th request’ answer is
correct, Latencyé(*,*) is latency of the ¢-th request’s j-th
token, and m; is the i-th request’s output length. In actual
inference scenarios, the parameter k£ for brownout approach
changes much less frequently than threshold. This is because
a change in & implies unloading the current united experts
from the GPU memory to CPU memory or disk, and then
loading the new united experts back into GPU memory. This
incurs non-trivial GPU bandwidth overhead. On the other hand,
the overhead introduced by changes in threshold is negligi-
ble, and as we will see in the following sections, threshold
can be reconfigured at each iteration. Therefore, during a cer-
tain inference period, k can be treated as a constant value.
% Dy Accuracy’ (threshold, k) is a monotonically increas-
ing function with respect to threshold. Consequently, our tar-
get is to maximize threshold while ensuring that each token’s
latency meets the predefined SLO.

Algorithm Design. Given that the factors affecting inference
latency are diverse and unpredictable, including fluctuations in
the request rate, the variability in request input/output lengths,
and interference from other services located on the same ma-
chine with the LLM inference service, it is challenging to
determine an optimal threshold in advance to satisfy Eq. (9).
Therefore, we need to dynamically adjust threshold according
to real-time latency feedback during serving. Based on this
insight, we design the SALC algorithm, shown as Algorithm 3.

The core idea of SALC is to keep latency slightly below the
SLO level, as excessively low latency offers little benefit to the
service and may result in a significant loss of prediction accu-
racy. Therefore, SALC introduces a SLO warning line called
warning_line, which is a fraction of the SLO, defined with
warning_factor (line 3). When the recent latency exceeds the
SLO, threshold is much reduced to lower the latency below
the SLO through multiplying it by shrink_ratio (lines 7-8).
When the latency becomes too low (i.e., below the warning
line), we increase threshold linearly (lines 5-6). This ensures
that the inference latency is kept within the range between the
SLO warning line and the SLO. This design inherently provides
robustness against performance interference (e.g., from co-
located workloads). Since the SALC algorithm reacts to any la-
tency increase, regardless of its source, it will proactively lower
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Algorithm 3 SLO-Aware Latency Control Algorithm

1: Input: Current brownout threshold threshold, requests’
SLO slo, SLO warning line factor warning_factor, re-
cent time window tw, the linear increment of threshold
increment, the multiplicative shrinkage ratio of threshold
shrink_ratio.
Output: updated threshold threshold.
warning_line < slo X warning_factor
latency <—get_recent_P99_latency(threshold, tw)
if latency < warning_line then

threshold < threshold + increment
else if latency > slo then

threshold <+ threshold x shrink_ratio
end if
Return threshold

R A A o

_.
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the threshold to mitigate the effects of resource contention,
ensuring SLO compliance under unpredictable conditions.

Time Complexity Analysis. Algorithm 3 processes n tokens
in recent time fw (at line 4). To get P99 latency of all tokens,
it needs to sort them first (O(nlogn)), and get the value at the
99th percentile (O(1)). The time complexity of lines 3, 6 and
8 are O(1). Therefore, the total time complexity is O(nlogn +
1 x 4), which equals to O(nlogn).

V. EVALUATIONS

In this section, we introduce our experimental settings and
evaluate the performance under a variety of workloads.

A. Experimental Setup

Model and server configurations. We use Qwenl.5-MoE-
A2.7B-Chat [38] for evaluations. The model has a total of 14.3B
parameters, with 60 experts per transformer layer. Compared to
other popular MoE models, such as Mixtral-8x7B, which has
only 8 experts per layer, Qwenl.5-MoE-A2.7B-Chat contains
more experts in each layer, making the brownout approach more
effective for this type of model. All experiments are run on a
machine equipped with 4 NVIDIA A100-PCIE-40GB GPUs
(40GB memory per GPU) and an Intel Xeon Gold 6238 pro-
CESSOr.

Workloads. To evaluate the prediction accuracy of the model
adopting the brownout approach, We use four few-shot tasks:
PIQA [39], COPA [40], CEVAL [41], and OBQA [42]. These
datasets are widely used as standard benchmarks for model ac-
curacy evaluation in related works [4, 20]. For fine-grained eval-
uations of model inference performance, we use the ShareGPT
[43] and Alpaca [44] datasets, which are also used in the eval-
uation of vLLM. The ShareGPT dataset is a collection of user-
chatbot conversations with ChatGPT. The Alpaca dataset, is an
instruction tuning dataset designed for fine-tuning or evaluating
language models. Both datasets serve as typical representations
of real-world LLM services. As shown in Fig. 7, the input of
ShareGPT is approximately 4.3 x longer than that of Alpaca,
and the output of ShareGPT is approximately 13.7 x longer
than that of Alpaca.
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Fig. 7. The input and output tokens length distributions of (a) ShareGPT
datasets, (b) alpaca datasets.

Baseline: We compare BrownoutServe against two high-
performance inference engines: vLLM [9] and LightLLM [45].
Both are designed for high-throughput, low-latency LLM serv-
ing. For each baseline, we evaluate two variants to comprehen-
sively assess our approach:

e Native: The official release, utilizing fused MoE! by de-

fault, to measure gains on highly optimized models.

e Non-fused: A modified version where the fused MoE
module is replaced with a standard implementation, to
evaluate effectiveness on models without this specific op-
timization.

We mainly evaluate the following three key metrics:

e Throughput: To provide a more comprehensive and de-
tailed evaluation of throughput, we test three different
(way, threshold) configurations: (2, 0), (4, 0.2) and (8,
0.4). We compare the throughput against the baseline at
various request rates, with a trace that requests continu-
ously sent for 10 minutes.

e Accuracy: We evaluate the accuracy loss introduced by
using the brownout approach during inference under dif-
ferent way and threshold in brownout configurations.

e SLO Violations Rate: It is defined as the proportion of
individual tokens that fail to meet the predefined SLO. This
is an important metric for assessing service reliability and
user experience in real-world production environments.

B. Throughput

According to Eq. (1), we configure clients that continuously
send requests to the server for 10 minutes with different request
rates, where the request arrival follows a Poisson distribution.
Serving throughput is defined as the ratio between the total
number of tokens generated and the total time consumed. Given
the practical value of configurations (2, 0), (4, 0.2), and (8, 0.4),
we evaluate the performance of BrownoutServe in these set-
tings. Each data point was obtained by running the experiment
10 times and reporting the average value, which was done to
mitigate the impact of runtime variances and non-deterministic
factors, such as fluctuations in GPU memory bandwidth and
other system-level noise; The same rationale applies to the
experiments presented in Section V.D. We set the maximum
batch size to 64 and the maximum sequence length to 2048.

"Fused MoE prioritizes computational efficiency, while standard MoE offers
greater flexibility and task adaptability.
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Fig. 8. Throughput comparison of models without fused-MoE on ShareGPT
and alpaca datasets.
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Fig. 9. Throughput comparison of models with fused-MoE on ShareGPT

and alpaca datasets.

As shown in Fig. 8, BrownoutServe achieves up to 2.07 x
and 2.46 x throughput improvement over vLLM (non-fused)
and LightLLM (non-fused), respectively. When equipped with
the fused MoE module, as shown in Fig. 9, BrownoutServe
achieves up to 1.32 x and 1.53 X throughput improvement
over vVLLM (native) and LightLLM (native). Compared to the
significant improvement over the non-fused versions of vLLM
and LightLLM, the gains over their native versions are more
modest, primarily because the fused MoE operator is already
highly optimized. According to Eq. (2), there is limited room
for further performance enhancement within the fused MoE, as
it is already near optimal.

C. Accuracy

Fig. 10 shows the accuracy variation on four datasets (PIQA,
COPA, CEVAL, OBQA) under different brownout configura-
tions for 5-shot tasks. We designed four brownout united expert
modes: 2-way, 4-way, 8-way, and full brownout. For each mode,
we varied the threshold from 1 to O (with a step size of 0.1),
resulting in 44 different brownout configurations (4 modes x 11
threshold values) in total. The accuracy for each configuration
was measured once. This is because the inference process for
calculating accuracy is deterministic. Given the same model,
input data, and configuration, the output is reproducible and
does not vary between multiple experiments. When the thresh-
old is set to 1, the brownout approach actually adopts the
zero-brownout strategy, which serves as the baseline’s accuracy
metric (indicated by the gray dashed line in the figure). As seen
in the figure, on the CEVAL and OBQA datasets, the accuracy
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Fig. 10.  Accuracy of Qwenl.5-MoE-A2.7B-Chat on 5-shot tasks.

TABLE 1
AVERAGE ACCURACY LOSS (%) OF QWEN1.5-MOE-A2.7B-CHAT
ACROSS DIFFERENT THRESHOLDS AND WAYS

Ways
Threshold 2 I 4 I 8 [ Full Brownout
1.0 0.00% 0.00% 0.00% 0.00%
0.9 0.06% 0.03% 1.01% 0.40%
0.8 0.88% 0.80% 1.59% 4.51%
0.7 1.52% 1.58% 2.29% 7.39%
0.6 2.34% 2.38% 2.66% 9.58%
0.5 2.81% 4.37% 3.78% 11.51%
0.4 2.92% 3.63% 35.07%
0.3 3.96% 4.43% 7.92% 59.95%
0.2 3.30% 10.71% 95.08%
0.1 4.23% 9.38% 12.60% 98.69%
0.0 11.53% | 15.77% 100.00%

decreases more significantly as the threshold decreases, com-
pared to the PIQA and COPA datasets. This may be because the
problems in these two datasets are more difficult for the model
to comprehend, making the model more sensitive to the changes
in the brownout strategy when handling these more complex
problems. For full-brownout strategy, tasks like PIQA, CEVAL,
and OBQA, a threshold above 0.2 results in different degrees of
accuracy drop (degradation). However, at or below this thresh-
old, model accuracy drops close to zero, rendering the model
non-functional for these tasks. The robustness to token dropping
varies by task. COPA, for instance, only fails completely when
the threshold is O (all tokens dropped), demonstrating a higher
tolerance.

Table I presents the average accuracy loss of model Qwen1.5-
MoE-A2.7B-Chat across 44 different brownout configurations
evaluated on four datasets. We specifically highlight three rep-
resentative settings: (2, 0), (4, 0.2), and (8, 0.4), which result in
average accuracy losses of 4.70%, 5.18%, and 4.82%, respec-
tively, around the 5% level. For short-lived bursty workloads,
tolerating an accuracy drop of approximately 5% is a practical
trade-off to meet SLO attainment. Therefore, these configura-
tions strike a practical balance between computational savings
and model performance, making them valuable for deployment.

D. SLO Violations Rate

We design a 250s request stream to evaluate traffic burst
commonly encountered in real-world applications. During this

1.0 08 06 04 02 0.0
Threshold

1.0 0.8 06 04 02 0.0
Threshold

process, we observe the robustness under sudden request pres-
sure and validate the effectiveness of the SALC algorithm by
evaluating its improvement over baseline methods in terms of
SLO violations rate. We used the ShareGPT and Alpaca datasets
as request sources, with an initial request rate of 0.5 requests per
second (RPS) for ShareGPT and 1 RPS for Alpaca, and doubled
the request rate at the 75s mark to create a bursty scenario. There
we use the identical settings of batch size and sequence length
in Section V-B.

Latency Trace Analysis. Fig. 11 illustrates a detailed record
of the prefill and decoding latency (P99 latency) over a 250s
request trace. The red dashed lines represent the SLO (0.25s for
prefill and 0.15s for decoding), while the blue dashed lines are
the SLO warning lines (0.20s for prefill and 0.12s for decoding,
with a warning factor of 0.8). Both systems initially met the
SLO requirements during the baseline phase (¢ < 75s). Upon
the 2x load surge at ¢t=75s, VLLM and LightLLM exhibited
significant latency degradation, peaking at 0.31s (24% over
SLO) for prefill and 0.24s (60% over SLO) for decoding. Regu-
lated by SALC (shrink_ratio, in Algorithm 3 is set As 0.8 and
increment as 0.1), maintained stable performance within the
warning-SLO buffer zone (prefill: 0.20-0.25s; decoding: 0.12-
0.15s).

SLO Violation Rate Analysis. We evaluate the SLO viola-
tions rate of vLLM under bursty traffic conditions. As shown in
Fig. 12, on the ShareGPT dataset, VLLM exhibits SLO viola-
tions rate of 73.68% and 98.85% during the prefill and decoding
stages, respectively, while maintaining significantly lower rates
of 7.14% and 8.57%, corresponding to reductions of 66.54%
and 90.28%. On the Alpaca dataset, vVLLM’s SLO violations
rate reaches 94.29% and 98.86%, while BrownoutServe’s rates
are only 4.55% and 9.14%, with reductions of 89.74% and
89.72%, respectively. As shown in Fig. 11, BrownoutServe
also demonstrates consistent advantages over LightLLM. These
results collectively demonstrate that BrownoutServe exhibits
stronger robustness under bursty loads compared to existing
LLM serving systems.

Threshold Variations Analysis. We also record the thresh-
old variations of in this trace. As shown in Fig. 13. During
requests burst (¢t > 75s), results show that on the ShareGPT
dataset, the prefill phase achieved an average threshold of 0.635
(with <2.66% accuracy loss at way = 8, known from Table I)
while the decoding phase averaged 0.524 (<3.78% accuracy
loss). For the Alpaca dataset, the prefill threshold rose to 0.760

Authorized licensed use limited to: Shenzhen University of Advanced Technology. Downloaded on April 16,2026 at 08:52:48 UTC from IEEE Xplore. Restrictions apply.



HU et al.: BROWNOUTSERVE: SLO-AWARE INFERENCE SERVING UNDER BURSTY WORKLOADS

1647

—— VLLM (non-fused) LightLLM (non-fused) —— BrownoutServe
0.40 0.30 0.40 0.30
z i |
> 0.25 4 L 0.209 0.25 1 0.20
2 o020+ 1 0154 0.20 0.15 1
3 i 0.10 010
© 1
- i
0.00 - ™ : ™ ™ ™ ™ 0.00 -— ™ ™ ™ ™ ™ 0.00 +— ™ ™ ™ ™ ™ 0.00 ™ ™ ™ ™ ™
0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250
Time (s) Time (s) Time (s) Time (s)
(a) ShareGPT, Prefill (b) ShareGPT, Decoding (c) Alpaca, Prefill (d) Alpaca, Decoding
Fig. 11. P99 latency comparison between different LLM serving systems and BrownoutServe under 8-way united experts.

. VLLM Prefill BrownoutServe Prefill

190.28% Ill, 74./Ill!72’/o

Alpaca

N VLLM Decoding I BrownoutServe Decoding

100 A

75 A

50 A

25 A

SLO Violation Period Rate (%)

ShareGPT

Fig. 12. SLO violations rate comparison between VLLM and across
ShareGPT and alpaca datasets.

1.00 1.00 \r’i \jJ
0.75 MJ—\[WU—”J—\_’—[ 0.75 \—\17
0.50 0.50
0.251 — Prefill 0.251 — Prefill

Decoding Decoding
0.00 0.00

0 50 100 150 200 250 0 50 100 150 200 250
Time (s) Time (s)
(a) ShareGPT (b) Alpaca
Fig. 13.  Threshold variations in BrownoutServe.

(£2.29% accuracy loss) with decoding stabilizing at 0.514
(<£3.78% accuracy loss). These findings demonstrate that the
brownout approach effectively mitigates resource overload dur-
ing traffic bursts through dynamic threshold adaptation while
meeting SLO.

To summarize, BrownoutServe achieves up to 2.46 x higher
throughput and reduces SLO violations by up to 90.28% under
bursty workloads compared to state-of-the-art systems. This is
accomplished by introducing united experts and the dynamic
brownout mechanism. And using these techniques, this frame-
work alleviates the limitations of static MoE inference systems
and improves serving scalability under bursty requests.

VI. DISCUSSION

In this section, we further discuss the advantages and limita-
tions of BrownoutServe as follows:

Generalizability of BrownoutServe. The design of
BrownoutServe is architected for generalizability beyond the
specific Qwenl.5-MoE-A2.7B model used in our evaluation.
Its core mechanisms are fundamentally decoupled from any
particular MoE configuration: the united experts are formed
through a general-purpose knowledge distillation process
applicable to any expert group, and the brownout mechanism

functions as a generic, latency-driven controller for managing
computational load. Consequently, the framework is applicable
to any MoE-based model where the expert layer constitutes a
performance bottleneck.

Trade-off between Hyperparameters. The hyperparame-
ters of our SALC algorithm, namely the increment increment
and shrinkage ratio shrink_ratio, entail a trade-off between
responsiveness and stability. A smaller shrink_ratio enables
quicker recovery from SLO violations but may induce insta-
bility, while a larger increment accelerates the restoration of
accuracy at the risk of overshooting the latency target. The
values used in our evaluation (e.g., 0.8 and 0.1) were empirically
chosen to balance this trade-off for our workloads, yet their
optimal setting may vary and is a point for future investigation.

Memory-Constrained Scenario. Our proposed Brownout-
Serve framework demonstrates particular efficacy in memory-
constrained GPU environments. Under such conditions, where
the complete set of experts cannot be fully accommodated
within GPU memory, the system incurs significant overhead
from frequent expert swapping between GPU and CPU memory
(or disk). BrownoutServe’s united expert mechanism directly
addresses this challenge by reducing the total number of distinct
experts required during inference. By consolidating multiple
original experts into fewer united experts, our approach min-
imizes the frequency of expensive memory transfer operations,
thereby substantially reducing inference latency. This benefit
is most pronounced in resource-limited deployment scenarios
common in small-to-medium-scale GPU clusters, where mem-
ory constraints often become the primary performance bottle-
neck.

Model Parameters Calibration. BrownoutServe is de-
signed as an inference-serving system, which precludes online
calibration of its model during serving. The model remains
static with pre-trained weights, as real-time calibration would
introduce unpredictable latency that violates our core objective
of guaranteed low-latency inference. While certain MoE frame-
works support online model updates, BrownoutServe main-
tains fixed model parameters throughout serving. Any model
re-training can be conducted offline and redeployed, ensuring
runtime stability and predictable performance.

VII. CONCLUSION AND FUTURE WORK

In this paper, we present BrownoutServe, an innovative
serving framework for MoE-based LLMs that incorporates the
brownout approach to optimize inference efficiency while main-
taining service reliability under bursty workloads. Through the
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introduction of the united expert models and the brownout
mechanism, BrownoutServe effectively reduces inference la-
tency and enhances throughput by dynamically adjusting the
allocation of computational resources based on real-time work-
loads. BrownoutServe’s robustness and efficiency have been
validated through extensive experiments under various datasets
and traffic conditions. As future work, we would like to extend
our framework to multiple MoE-based LLMs, such as Mix-
tral and DeepSeek. Additionally, extending BrownoutServe to
multi-node clusters and integrating a prefill-decoding separa-
tion architecture will be critical to address system-level bottle-
necks and further optimize SLO in production environments.

SOFTWARE AVAILABILITY

The codes of BrownoutServe have been open-sourced
to https://github.com/beyondHIM/BrownoutServe for research
usage.
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