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Abstract
Mixture-of-experts (MoE) architectures have emerged as a popu-

lar strategy for scaling large language models (LLMs), enabling

substantial increases in parameter counts without proportional

growth in per-token FLOPs. Existing analyses often model MoE

inference as an attention backbone followed by a routing layer that

is used to route tokens to multiple Feed-Forward Network (FFN).

MoE-based LLMs expand the design space across sparsity and scal-

ing dimensions, such as top-k routing, expert intermediate size

and prompt-dependent expert activation whose systems implica-

tions remain underexplored especially for the decode-phase, despite

decode dominating interactive inference workloads. We systemat-

ically study how MoE design choices influence inference latency

during the decode phase, which is the primary latency bottleneck in

LLM workloads. We analyze latency behavior across varying batch

size, expert intermediate sizes, and numbers of activated experts.

Our results reveal that expert intermediate size, batching behavior,

and expert activation patterns interact in non-trivial ways: latency

scales near-linearly with expert width, batching gains plateau for

wider experts due to early GPU saturation, and activating addi-

tional experts increases latency through memory pressure rather

than compute overhead. These findings expose critical system-level

trade-offs in MoE design that are invisible to FLOP-centric analyses.
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1 Introduction
Transformer-based architectures have become a dominant choice

for sequence modeling tasks due to their ability to efficiently cap-

ture long-range dependencies using self-attention [3, 25, 29]. To-

day, transformer-based architectures form the backbone of highly

capable foundation models such as GPT-5 [27], Gemini [8], and

Claude [1], which power a wide range of modern AI applications.

As these models are scaled to improve performance, their parameter

counts and associated resource requirements increase substantially.

This presents challenges for inference, particularly in large-scale

deployments that are constrained by hardware availability.

Mixture-of-experts (MoE) [6, 16] is a promising approach to ad-

dress these inference challenges. MoE increases model capacity

without proportionally increasing computational inference costs

and are increasingly integrated in the architecture of machine

learning (ML) models. By sparsely activating subsets of experts,

MoE models reduce per-token compute cost, but introduce input-

dependent execution behavior due to token routing and additional

communication requirements between GPUs [9, 14]. As a result,

the iteration time of MoE workloads exhibits significant variabil-

ity, complicating performance modeling and system-level resource

management [13].

While MoE architectures reduce per-token compute cost, they

simultaneously introduce an additional layer of systems complex-

ity. Unlike dense transformers, whose execution characteristics are

largely static and predictable, the performance of MoE inference

largely depends on routing decisions that determine which experts

are activated for each token. Performance therefore not only de-

pends on the batch size and model parameter count, but also on

the size of each expert, the employed expert parallelism strategy,

and the number of activated experts per token. These parameters
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interact in non-trivial ways, influencing computation time, memory

overhead, kernel efficiency, and load balance between GPUs.

With the growing adoption of MoE architectures, substantial

effort has been devoted to optimizing MoE inference. Prior systems

work has primarily focused on mitigating performance inefficien-

cies arising from sparse expert execution and runtime imbalance.

For example, MegaBlocks [7] reduces kernel launch overheads by

introducing block-sparse fused kernels that enable efficient par-

allel execution of expert computations on GPUs. HarMoEny [5]

improves runtime efficiency by addressing expert load imbalance

through dynamic token redistribution and asynchronous expert

prefetching. DeepSpeed-MoE [26] explores expert placement, shard-

ing strategies, and communication optimizations to improve dis-

tributed MoE execution. These approaches typically model MoE

layers as attention followed by multiple FFN and target end-to-end

latency by optimizing imbalance-driven bottlenecks such as skewed

routing and uneven expert utilization.

However, our results suggest that even in the absence of routing

imbalance, MoE inference exhibits inherent performance variabil-

ity stemming from MoE-specific parameters. Architectural factors

including expert intermediate size, routing sparsity, and expert ac-

tivation diversity introduce dynamism that affects latency through

hardware utilization, memory traffic, and saturation behavior. Fur-

thermore, contemporary MoE architectures increasingly explore

alternative scaling strategies, such as varying expert width and

expert count. These design choices introduce new performance

regimes whose interactions may alter or invalidate assumptions

underlying prior optimizations. Consequently, understanding and

optimizing MoE inference latency requires systematic characteriza-

tion of fundamental parameters beyond imbalance-centric analysis.

In this work, we perform a controlled microbenchmark study

to disentangle the effects of expert size, routing configuration, and

batching on decode-phase MoE inference latency. We focus specifi-

cally on the decode phase because it dominates latency in interactive

LLM deployments and operates under small, sequential batch sizes

where hardware efficiency is most fragile [19, 28].

While prior work attributes inference performance to general

GPU bottlenecks such as memory bandwidth and kernel efficiency,

these explanations do not capture how the diversity of MoE archi-

tectural design choices shapes these bottlenecks in practice. Modern

MoE models vary widely in expert intermediate size, number of ex-

perts, and routing configurations, yet the performance implications

of these design dimensions remain underexplored. In particular,

these architectural parameters directly influence memory traffic,

cache locality, and hardware saturation behavior, leading to quali-

tatively different performance regimes across models. As a result,

simply characterizing MoE inference as “memory-bound” is insuffi-

cient to predict performance across configurations.

To address this gap, we isolate expert MLP latency — defined as

the execution time of the expert feed-forward computation exclud-

ing attention and routing overheads — and systematically study

how it varies across configurations. We intentionally isolate the

expert MLP layer to disentangle its contribution from other com-

ponents such as attention, KV cache management, and routing

imbalance. While end-to-end inference includes these interactions,

isolating the expert computation allows us to attribute performance

trends directly to architectural parameters such as expert width

and activation patterns, which are otherwise difficult to study in

full-system settings. Our results show that while expert MLP la-

tency scales predictably with intermediate size, batching efficiency

is highly configuration-dependent and may diminish or plateau for

wider experts.

Our goal is not to show that MoE inference is memory-bound,

but to identify which architectural parameters determine how and

when these bottlenecks arise.

These findings demonstrate that optimizing MoE inference can-

not rely on simple scaling rules derived from dense models. Instead,

performance is governed by architectural parameters that directly

modulate hardware behavior, requiring careful consideration of

expert width, activation patterns, and batching dynamics. Overall,

our study provides a step toward a more systematic understanding

of decode-phase MoE inference, exposing configuration-dependent

trade-offs that are not captured by existing imbalance- or compute-

centric analyses. In summary, we make the following contributions:

• We conduct a targeted microbenchmark study that isolates

decode-phase expert MLP latency in MoE LLMs across vary-

ing batch sizes, expert intermediate sizes, and routing con-

figurations (Section 4).

• We show that expert MLP latency scales proportionally with

expert intermediate size and that batching efficiency is highly

sensitive to expert width (Section 4.1.1, Section 4.1.2).

• We analyze the impact of expert activation patterns on la-

tency and discuss the implications of these findings for future

MoE system design (Section 4.2).

2 Background and Preliminaries
We first provide a brief overview of transformer models and MoE

layers, which together form the backbone of modern large language

models (LLMs). We focus on aspects of these architectures that

directly influence inference-time performance, including attention

computation, feed-forward execution, and sparse expert activation.

2.1 Transformer Models
Transformer architectures have become the dominant backbone

for a broad range of ML applications [29]. A standard transformer

consists of a stack of identical layers, or transformer blocks, each

refining token representations through attention and feed-forward

computation. This architecture is visualized in Figure 1 (left).

A token denotes the intermediate representation of an input

element, such as a word [2], subword unit [17], or character [11].

Tokens are encoded as vectors and processed jointly as a sequence.

Each transformer block contains two primary components. The self-

attention mechanism models dependencies across the sequence by

computing interactions between tokens, producing contextualized

representations. These representations are then passed to a Feed-

Forward Network (FFN), typically composed of two linear layers

separated by a nonlinear activation, which transforms features

independently for each token.

These components exhibit distinct computational properties.

Self-attention introduces sequence-length-dependent costs and sig-

nificant memory access, while the FFN contributes substantial com-

pute through dense matrix multiplications. As models scale, FFN

computation often dominates FLOPs, motivating alternatives such
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Figure 1: A transformer block (left) and aMoE block, contain-
ing the MoE logic (right). MoE-based models replace the FFN
with a router and multiple experts implemented as FFNs.

as MoE layers. Understanding this division is important for infer-

ence analysis, as performance bottlenecks depend on sequence

length, batch size, and architectural configuration.

2.2 Mixture-of-Expert Models
MoE models are a class of transformer architectures designed to

improve computational efficiency by activating only a subset of

model parameters during inference. Instead of applying fully dense

feedforward layers to all tokens, MoE architectures replace these

layers with multiple expert networks and a routing mechanism that

assigns each token to a small number of experts. This sparse activa-

tion reduces computation while maintaining high model capacity.

For a given layer, only the selected experts are executed, reducing

computation compared to dense models with equivalent parameter

counts. In practice, MoE layers are commonly configured with top-

k routing, expert capacity limits, and load balancing objectives to

mitigate expert overload. State-of-the-art MoE models, such as Mix-

tral [16], OpenAI GPT-4 [20], GPT-OSS [21] and DeepSeek v3 [4],

exemplify this architecture.

From a systems perspective, MoE execution differs from dense

layers in two key ways. First, expert activation is input-dependent,

causing the amount of computation per iteration to vary across

inputs. Second, expert execution requires communication to dis-

patch tokens to experts and to combine expert outputs, typically

implemented using all-to-all collectives. These properties introduce

variability in execution time that is absent in dense models.

Although MoE layers are commonly described as sparse alter-

natives to dense FFN, contemporary MoE-based LLMs span a rich

design space. Expert width, expert count, routing sparsity (top-𝑘),

and expert-sharing mechanisms vary widely across models. These

parameters alter not only theoretical FLOPs but also hardware uti-

lization, memory pressure, routing overhead, and latency scaling.

2.3 Motivation
Existing performance intuitions derived from dense transformers

do not necessarily extend to MoE inference. In particular, decode-

phase execution introduces distinct bottlenecks where memory

traffic and expert activation dynamics dominate. Understanding the

latency implications of these design variations therefore requires

targeted empirical analysis, motivating the study presented in this

work.

3 Evaluation Setup
All experiments are conducted on a system equipped with 2×

NVIDIA A100 GPUs with 80 GBs of DRAMWe use PyTorch 2.10 and

vLLM 0.12.0 as the inference framework. Our evaluation focuses on

the decode phase, where latency directly impacts interactive infer-

ence performance. We isolate the cost of the MoE expert layer by

timing vLLM’s FusedMoE function. This measurement captures the

latency of fused expert MLP execution, including routing-induced

token permutation, expert computation, and output aggregation

overheads. We benchmark a single decode step while sweeping the

decode batch size over 8,16,32,64,128. We fix the hidden size to 2048

to perform our experiments. For each configuration, we vary MoE

design parameters expert intermediate size and number of experts

activated at runtime. Unless otherwise stated, we distribute tokens

uniformly across active experts to remove load imbalance effects

and isolate architectural influences on latency. Each experiment is

timed using CUDA Events. We include warm-up iterations followed

by repeated timed runs, and we report averaged latency values in

milliseconds.

4 Baseline Expert MLP Latency Scaling
We characterize decode-phase latency of the MoE expert MLP using

targeted microbenchmarks that isolate its execution while varying

expert intermediate size, batch size, and expert activation patterns.

We address three questions: (i) how expert size impacts latency, (ii)

how batching efficiency depends on expert width, and (iii) how the

number of activated experts affects runtime.

4.1 Effect of Expert Size Across Batch Sizes
4.1.1 Latency Scaling with Expert Intermediate Size. We examine

how expert intermediate size affects expert MLP latency. Figure 2

shows that latency scales approximately linearly with the interme-

diate dimension across batch sizes. For example, at batch size 128,

latency increases from 0.77ms (size 512) to 6.35ms (size 6144).

At small batch sizes, we observe a brief plateau (e.g., 512 to 1024

at batch size 8), indicating that fixed launch and memory overheads

dominate before the kernel reaches sufficient arithmetic intensity.

Overall, expert intermediate size is a primary determinant of

decode-phase latency: increasing expert width introduces predictable

compute overhead while pushing the GPU toward saturation earlier.

Key Takeaway. Expert MLP latency scales approximately lin-

early with expert intermediate size.

4.1.2 Batching Efficiency Across Expert Intermediate Sizes. We next

analyze how batching efficiency varies with expert width. Figure 3

compares latency across batch sizes for expert intermediate sizes

of 512 and 6144.
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Figure 2: Expert MLP latency vs. expert intermediate size
across decode batch sizes.

For smaller experts, increasing batch size reduces latency per

token through improved utilization and amortization of fixed over-

heads. In contrast, larger experts exhibit diminishing batching ben-

efits: latency improvements plateau early as the GPU approaches

saturation.

This behavior arises because wider experts increase both com-

pute and memory demands, exhausting hardware resources at

smaller batch sizes. As a result, batching primarily improves through-

put rather than reducing absolute latency for large experts.

These results show that batching efficiency depends strongly on

expert width, and assumptions of consistent batching gains do not

hold for large experts.

Key Takeaway. Batching benefits diminish for wider experts,

which reach hardware saturation at smaller batch sizes.

4.2 Effect of Activated Experts
We analyze how the number of activated experts affects decode-

phase latency by varying the number of active experts while keep-

ing hidden size fixed and distributing tokens uniformly.

Figure 4 shows that increasing the number of activated experts

consistently increases expert MLP latency. This effect is driven

primarily by memory behavior rather than compute: activating

more experts increases the volume of parameters accessed per step,

reducing cache locality and increasing weight loading overhead.

These results suggest that decode-phase performance is often

memory-bound under realistic configurations. To mitigate this, sys-

tems can improve locality by grouping tokens with similar routing

patterns and reducing expert churn across decode steps.

Key Takeaway. Activating more experts increases latency due

to memory pressure, even under uniform load.

5 Discussion
Our results show that expert MLP latency in MoE models is in-

fluenced by factors beyond those typically considered in dense ar-

chitectures. While prior work largely attributes MoE performance

variability to expert token routing imbalance, our measurements in-

dicate that latency is also strongly governed by expert intermediate

size, and the number of activated experts. These factors introduce
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Figure 3: Expert MLP latency across batch sizes for different
expert widths.
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Figure 4: Expert MLP latency vs. number of activated experts.

performance effects that are not captured by imbalance-centric anal-

yses. Although MoE architectures are often justified by constant

theoretical FLOPs via sparse activation, the latency trends observed

in fig. 2 demonstrate that hardware efficiency and saturation ef-

fects play a dominant role in determining the runtime behaviour

of this architecture in practice. The contrast between small and

large expert intermediate sizes reveals distinct execution regimes.

Narrower experts benefit more consistently from batching, with

modest latency growth as batch size increases. This suggests that

batching effectively amortizes kernel overheads and improves GPU

utilization when expert compute remains relatively lightweight.
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Table 1: Architectural characteristics of representative MoE
models.

Model Experts Top-𝑘 Hidden Expert Int. Size

Mixtral 8×7B[16] 8 2 4096 14336

Qwen1.5-MoE[24] 128 4 2048 1408

Qwen3-MoE[30] 128 8 2048 768

In contrast, wider experts exhibit sharply increasing latency, indi-

cating that larger intermediate dimensions rapidly drive the GPU

toward saturation. Beyond this point, batching yields diminishing

returns and latency scaling becomes governed by compute through-

put and memory bandwidth constraints. These findings highlight

that expert width shapes not only raw MLP cost but also batch-

ing efficiency. Scaling expert capacity through larger intermediate

sizes therefore introduces non-linear latency trade-offs, particularly

during decode where batch sizes are inherently limited.

Implications for InferenceConfiguration. For latency-sensitive
deployments, expert intermediate size should be treated as a systems-

critical parameter. Excessively wide experts may degrade utilization

efficiency and limit batching gains, while moderate widths may

provide more favorable latency–throughput trade-offs.

Our findings can be interpreted in the context of evolving MoE

design strategies. Table 1 lists the popular models today that have

an MoE architecture. Mixtral [16] exemplifies a configuration with

relatively wide experts and a small number of experts per layer.

In such designs, expert MLP computation is sufficiently large that

even modest decode batch sizes can drive high GPU utilization.

While this can yield strong compute efficiency, it also causes earlier

hardware saturation, reducing the marginal benefits of batching

and increasing latency sensitivity to expert activation.

In contrast, more recent MoE architectures like Qwen3 [30] and

Qwen1.5 [24] increasingly scale model capacity by expanding the

number of experts while employing narrower expert intermediate

sizes. This approach reduces per-expert compute intensity, poten-

tially delaying saturation and preserving batching efficiency. How-

ever, increasing expert count introduces new systems challenges,

including higher routing overhead, greater expert activation di-

versity, and amplified memory traffic due to more irregular expert

weight accesses. Consequently, optimalMoE inference performance

depends on jointly balancing expert width and expert count in ac-

cordance with hardware characteristics and workload properties.

Limitations.Our study relies on targetedmicrobenchmarks that

isolate expert MLP behavior under controlled routing assumptions.

End-to-end serving systems may introduce additional overheads,

including scheduling effects and cross-layer interactions. Our eval-

uation does not model routing imbalance or cross-layer interac-

tions such as attention and KV cache effects, which can influence

end-to-end latency. In particular, scheduling effects and inter-layer

dependencies may amplify or attenuate the trends observed in iso-

lation. However, our goal is to characterize the intrinsic behavior

of expert computation, which remains a dominant component of

decode-phase latency in MoE models.

6 System-Level Implications and Future
Directions

While the previous discussion focused on inference configuration

trade-offs at the expert-layer level, we now consider implications for

multi-GPU execution, scheduling, and system architecture. Beyond

single-layer latency effects, our findings have broader implications

for distributed MoE inference and emerging LLM serving architec-

tures.

The latency sensitivities observed in this work have important

implications for distributed MoE inference and multi-tenant de-

ployments. In multi-GPU settings, expert execution relies on token

dispatch and aggregation, typically implemented via all-to-all com-

munication. Architectural choices that increase expert MLP latency

— such as wider experts or higher expert activation — may there-

fore amplify communication overhead and synchronization delays.

Decode-phase inference is particularly sensitive to latency variabil-

ity. Fluctuations in expert activation and batching efficiency can

introduce unpredictable per-step latency, which may propagate

across devices and degrade tail performance. These effects compli-

cate scheduling, performance modeling, and service-level objective

(SLO) enforcement.

The insights from this study are especially relevant in the con-

text of disaggregated serving architectures, which decouple prefill

and decode execution across specialized resources. Systems such as

Splitwise [22], TetriInfer [12] and DistServe [33] separate compute-

intensive and latency-sensitive stages to improve utilization and

responsiveness. However, decode-phase MoE variability, driven by

expert activation patterns, memory traffic, and hardware saturation,

may introduce additional scheduling complexity in such designs.

Understanding how expert-layer latency interacts with disaggre-

gated pipelines remains an important direction for future systems

research.

In multi-tenant environments, MoE inference may generate ir-

regular memory traffic and expert weight movement, producing

interference patterns that differ from dense-model workloads. Incor-

porating MoE-aware metrics into scheduling and admission control

policies may therefore improve latency stability and resource uti-

lization. Collectively, these observations motivate the design of

systems explicitly optimized for sparse expert execution, including

routing-aware batching, expert locality optimization, and adaptive

scheduling strategies.

7 Related Work
7.1 Systems Optimizations for MoE
MoE Inference is well studied in literature from the systems per-

spective. MegaBlocks formulates MoE computation in terms of

block-sparse operations to avoid dropping tokens without increas-

ing the computation cost during MoE training [7]. Tutel [14] and

DeepSpeed-MoE [26] improve MoE model performance by combin-

ing expert parallelism, model parallelism, and tensor parallelism

to significantly boost throughput and reduce latency. These sys-

tems also propose specialized communication primitives. Lina [18]

improves MoE training and inference by prioritizing all-to-all com-

munication and opportunistic resource scheduling when expert
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activation patterns are skewed. Towards MoE-deployment [13] pro-

posed dynamic gating, expert buffering and expert load balancing

to help in deploying MoE models for inference. MoETuner[9] deter-

mines an expert-to-GPU assignment that reduces inter-GPU token

routing overhead and balances token processing across devices,

leading to lower tail latency and end-to-end execution time. While

all these works look at expert imbalance, none of them analyze the

runtime behaviour of MoE models at the granularity of number of

experts activated.

7.2 Performance Modeling for LLMs
Recent work has begun to make LLM inference performance more

predictable and interpretable by combining hardware-aware bounds

with systems-level measurements: LLM-Viewer[31] synthesizes in-

ference bottlenecks via a roofline view (notably separating prefill

and decode) and positions common optimizations as shifts in com-

pute–memory regimes; [10] provides an engine-centric account

of how KV-cache management and scheduling translate these bot-

tlenecks into realized throughput in production serving; moving

from explanation to prediction, [15] uses roofline-derived struc-

ture (often with calibration) to estimate runtime, while [23] devel-

ops a more device-agnostic analytical model aimed at forecasting

inference across heterogeneous hardware; finally, LLMCompass

[32] offers a modeling/simulation framework for evaluating in-

ference performance across hardware design points, serving as a

complementary tool for prediction and bottleneck attribution be-

yond single-device roofline bounds. However, these approaches are

largely developed and validated on dense transformers and can fall

short for MoE inference, where token-dependent expert routing

introduces highly nonuniform compute and memory demand, con-

ditional execution changes effective arithmetic intensity on the fly,

and dynamic sparsity reduces the fidelity of static roofline bounds;

moreover, expert parallelism can amplify all-to-all communication

and dispatch overheads, while load imbalance from skewed routing

(or constrained top-k selection) can dominate latency and undercut

predictors that assume smooth batching and homogeneous layer

behavior, suggesting MoE-aware models must explicitly account

for routing distributions, expert placement, dispatch/collect costs,

and tail-latency effects.

8 Conclusion
In this work, we presented an analysis of the MLP layer of MoE

transformer during the decode phase, focusing on how core archi-

tectural and routing parameters influence expert MLP performance.

Through targeted micro-benchmarks, we characterized the impact

of expert intermediate size, batching behavior, top-k routing, and

runtime expert activation on inference latency. Our results demon-

strate that decode-phase MoE latency is governed by more than

theoretical FLOPs. Expert width scalesMLP cost predictably but also

alters batching efficiency and hardware saturation behavior. Larger

experts exhibit diminishing batching benefits, while increased ex-

pert activation inflates memory traffic and weight movement over-

heads. These effects reveal distinct compute- and memory-bound

regimes that challenge simplified performance assumptions inher-

ited from dense transformers.

These findings highlight the need for MoE-aware performance

modeling and system design. Expert configuration parameters, of-

ten chosen for model quality, have direct and sometimes non-linear

implications for latency efficiency. Incorporating runtime signals

such as expert activation diversity and utilization regimes may

enable more robust scheduling, batching, and resource provision-

ing strategies. Future work should extend this characterization to

end-to-end serving stacks, distributed MoE deployments, and multi-

tenant environments, where routing variability and communication

overheads further shape inference behavior. A principled under-

standing of decode-phase MoE performance will be essential for

building predictable, efficient, and latency-aware LLM systems.
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