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Abstract

Mixture-of-Experts (MoE) models enhance computational efficiency during inference by

selectively activating specialized experts for each request. This approach facilitates effi-

cient model scaling on multi-GPU systems leveraging expert parallelism, without com-

promising performance. However, uneven load distribution across experts often creates

imbalances across GPUs, increasing latency due to idle waiting times. To address this,

we propose HarMoEny, a novel solution that employs two simple techniques: (i) dy-

namic token redistribution to underutilized GPUs and (ii) asynchronous prefetching of

experts from system to GPU memory. These methods achieve near-perfect load balancing

across GPUs and amortize the cost of executing experts not resident in GPU memory,

thereby reducing waiting times and latency. We implement HarMoEny and evaluate

its performance against four state-of-the-art baselines using real-world and artificially im-

balanced datasets. Under heavy load imbalance, HarMoEny improves throughput by

66.7%-68.6% and reduces time to first token by 31.8%-37.2%, compared to the next-best

baseline. Furthermore, our ablation study demonstrates that HarMoEny’s scheduling

policy reduces the GPU idle time by up to 99% relative to the baseline policies.
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Abrégé

Les modèles Mixture-of-Experts (MoE) améliorent l’efficacité computationnelle lors de

l’inférence en activant sélectivement des experts spécialisés pour chaque requête. Cette

approche permet une montée en échelle efficace des modèles sur des systèmes multi-

GPU grâce au parallélisme d’experts, sans compromettre les performances. Cependant,

une répartition inégale de la charge entre les experts engendre souvent des déséquilibres

entre les GPU, augmentant ainsi la latence à cause des temps d’attente inactifs. Pour

remédier à cela, nous proposons HarMoEny, une solution novatrice qui repose sur deux

techniques simples : (i) la redistribution dynamique des jetons vers les GPU sous-utilisés

et (ii) le préchargement asynchrone des experts de la mémoire système vers la mémoire

GPU. Ces méthodes permettent un équilibrage de charge quasi-parfait entre les GPU

et amortissent le coût d’exécution des experts non présents en mémoire GPU, réduisant

ainsi les temps d’attente et la latence. Nous avons implémenté HarMoEny et évalué

ses performances face à quatre références de pointe, en utilisant des jeux de données

réels et artificiellement déséquilibrés. En cas de fort déséquilibre de charge, HarMoEny

améliore le débit de 66,7 % à 68,6 % et réduit le temps jusqu’au premier jeton de 31,8 %

à 37,2 %, par rapport à la meilleure référence. De plus, notre étude d’ablation montre

que la politique d’ordonnancement de HarMoEny réduit le temps d’inactivité des GPU

jusqu’à 99 % par rapport aux politiques de référence.
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Chapter 1

Introduction

The growth of machine learning models is intentional, driven by the observation that

larger models consistently achieve higher accuracy [1]. In this pursuit, Mixture-of-Experts

models have gained prominence as an efficient means of scaling parameter counts without

a proportional increase in computation cost [2]–[5]. Mixture-of-Experts models partition

a neural network into multiple specialized sub-networks, or experts, each tailored to

process specific types of inputs, such as linguistic patterns or tasks. A learned routing

mechanism directs each input token to only a few experts, enabling MoEs to scale to

trillions of parameters while maintaining computational efficiency compared to dense

models. They are widely used in natural language processing tasks like translation, text

generation, and chatbots, offering superior performance in models like Google’s Switch

Transformer and Alibaba’s Qwen1.5-MoE-A2.7B. Their importance lies in achieving high

accuracy with reduced inference costs, critical for large-scale AI deployment.

Given their scale, MoE models require distribution across multiple GPUs, even those

with substantial Video Random Access Memory (VRAM), to manage memory and com-

putation. A natural approach, known as expert parallelism, assigns each GPU a subset

1



2 CHAPTER 1. INTRODUCTION

of experts, processing only the tokens routed to them by the model’s gating mecha-

nism. However, this dynamic routing often unevenly distributes workloads, as certain ex-

perts—favored for specific inputs—receive disproportionately more tokens, leaving some

GPUs overloaded while others idle, thus degrading throughput. This master’s thesis iden-

tifies expert token imbalance as a critical bottleneck in expert parallelism and proposes

HarMoEny, a practical solution to mitigate this issue. HarMoEny leverages dynamic

token redistribution and asynchronous expert prefetching to achieve near-perfect load

balancing, engineered to perform at least as well as existing baselines under all condi-

tions and offering an orthogonal enhancement that integrates seamlessly into any MoE

inference framework.

1.1 Thesis Overview

• Chapter 2: Background.

A brief history of machine learning is presented, tracing the emergence of the trans-

former model and its evolution into the Mixture-of-Experts architecture. This chap-

ter also examines prevalent multi-GPU distribution strategies and their limitations.

• Chapter 3: Related Work.

HarMoEny is contextualized alongside other efforts to optimize expert parallelism

in Mixture-of-Experts models.

• Chapter 4: Methodology.

This chapter analyzes expert parallelism, exploring the bottleneck of uneven to-

ken distribution. It introduces HarMoEny, detailing its two novel components

that address this bottleneck. Additionally, it discusses HarMoEny’s q hyperpa-
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rameter, including its derivation, and describes a novel methodology for creating

configurable, artificially imbalanced workloads to test the system.

• Chapter 5: Experimental setup.

This section outlines the selected systems, models, datasets, hardware, and metrics,

preceded by a brief overview of HarMoEny ’s implementation details.

• Chapter 6: Results.

Experimental results are presented and analyzed, highlighting significant achieve-

ments and unexpected findings. This chapter demonstrates HarMoEny ’s effec-

tiveness in addressing load imbalance challenges.

• Chapter 7: Conclusion.

A summary of findings is presented to conclude the thesis.

• Chapter 8: Future Work.

Potential avenues for extending this thesis are provided.



Chapter 2

Background

2.1 Neural networks and the transformer architec-

ture

2.1.1 Brief history

The foundations of neural networks trace back to 1943, when McCulloch and Pitts pro-

posed a mathematical model of the biological neuron [6]. This work introduced a simpli-

fied computational unit capable of performing logical operations, laying the groundwork

for artificial neural systems. In 1958, Rosenblatt advanced this concept by developing the

perceptron, a model accompanied by the first machine designed to learn from data [7].

The perceptron predicts the class of an input by computing a weighted sum of features,

w · x+ b, and applying the Heaviside step function, which outputs 1 if the result exceeds

0 and 0 otherwise:

y = H(w · x+ b)

4
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When a prediction is incorrect, the perceptron adjusts its decision boundary iteratively

using the update rule:

w ← w + α(ytrue − ypred)x

Here, α represents the learning rate, enabling the perceptron to learn a linear separation

between classes over successive data points. While the perceptron demonstrated signif-

icant potential, its limitations were exposed in 1969 by Minsky and Papert [8]. Their

seminal work highlighted cases where the perceptron fails to learn accurate mappings,

most notably the XOR problem. As shown in Table 2.1, the XOR function, which out-

puts 1 when inputs differ and 0 when they are the same, cannot be linearly separated

with a single perceptron:

x1 x2 y
0 0 0
1 0 1
0 1 1
1 1 0

Table 2.1: XOR Dataset

This limitation arises because XOR requires a non-linear decision boundary, which a

single-layer perceptron cannot capture. This challenge was overcome by stacking multi-

ple perceptrons into a multi-layer perceptron (MLP), a breakthrough that enabled the

approximation of any continuous function, as later proven by Hornik [9]. The MLP

marked a pivotal shift in neural network design, establishing the foundation for modern

architectures.
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2.1.2 Natural language processing

Neural networks are widely used to address text-based tasks, such as text classification,

text generation, sentiment analysis, and sequence transduction. Unlike images, which are

naturally represented by numerical RGB values, text lacks an inherent numerical form,

posing a challenge for neural network processing. To overcome this, text must undergo

preprocessing, beginning with tokenization. Tokenization splits text into discrete units

called tokens, commonly words, though subword or character-level tokenization is also

employed in modern approaches. Each token is then mapped to a numerical value using

a predefined vocabulary; tokens absent from this vocabulary are assigned a default value,

such as an ”unknown” token identifier.

Although tokenization yields a numerical representation, these values impose an un-

intended ordinal relationship—e.g., ”wolf” and ”cucumber” might be assigned numbers

suggesting a ranking, despite lacking intrinsic order. This issue is addressed through em-

bedding, which transforms each token into a dense vector in a latent space. For a neural

network with a hidden dimension of dmodel, each token is represented as a vector of dmodel

floating-point numbers. For instance, in a model with dmodel = 10, ”wolf” becomes a 10-

dimensional vector. Unlike a fixed mapping, embeddings are typically learned, often via

a neural network such as an MLP, either pre-trained or optimized jointly with the down-

stream task. Together, tokenization and embedding constitute the essential preprocessing

steps for training neural networks on natural language processing (NLP) tasks.

2.1.3 Transformer

In 2017, Vaswani et al. introduced the transformer to enhance neural network perfor-

mance on transduction tasks, such as machine translation, while reducing the compu-
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tational burden of then state-of-the-art recurrent neural networks (RNNs) [9]. Unlike

RNNs, which process sequences sequentially and struggle with long-range dependencies,

transformers leverage an encoder-decoder architecture reliant entirely on attention mecha-

nisms. The encoder transforms an input sequence (e.g., a source sentence) into a sequence

of continuous representations, which the decoder uses to autoregressively generate an

output sequence (e.g., a target translation), incorporating previously generated tokens.

By eliminating RNNs, transformers enable parallel processing of tokens, significantly

improving efficiency. Figure 2.1 illustrates the transformer architecture, highlighting its

encoder-decoder structure designed for sequence-to-sequence tasks such as machine trans-

lation. The left side of the figure depicts the encoder, which processes an input sequence

of tokens (e.g., a source sentence) through a stack of identical layers, each containing

two primary sub-components: a multi-head self-attention mechanism and a feed-forward

network (FFN). The right side shows the decoder, which generates the output sequence

autoregressively, incorporating both self-attention (to attend to previously generated to-

kens) and encoder-decoder attention (to focus on the encoder’s output). Both encoder and

decoder layers include residual connections and layer normalization to stabilize training,

as indicated by the ”Add & Norm” blocks. Positional encodings, added to token embed-

dings at the input, preserve sequence order, addressing the absence of recurrence in the

architecture.

The transformer’s design rests on three key innovations: positional encoding, scaled

dot-product attention, and multi-head attention. First, since RNNs inherently capture

token order, their removal necessitated a mechanism to preserve positional information.

Vaswani et al. proposed positional encodings added to token embeddings, defined as

sinusoidal functions:
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Input
Embedding

Inputs

+
Positional
Encoding

Multi-Head
Attention

Add & Norm

Feed
Forward

Add & Norm

N×

Output
Embedding

Outputs
(shifted right)

+
Positional
Encoding

Masked
Multi-Head
Attention

Add & Norm

Multi-Head
Attention

Add & Norm

Feed
Forward

Add & Norm

Linear

Softmax

Probabilities
Output

N×

Figure 2.1: Transformer Architecture. Reproduction of [9].

PE(pos,2i) = sin(pos/100002i/dmodel)

PE(pos,2i+1) = cos(pos/100002i/dmodel)

These encodings, summed element-wise with embeddings (see Figure 2.1, the ~ icon),

were tested as both fixed and learned functions, with comparable performance [9]. The

sinusoidal form ensures positional information persists across varying sequence lengths.

Second, the transformer employs a scaled dot-product attention mechanism:

Attention(Q,K, V ) = softmax(QKT

√
dk

)V

Here, Q, K, and V represent query, key, and value matrices, respectively. A critical
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insight was that unscaled dot products grow large with sequence length, producing small

softmax gradients. Scaling by
√
dk—the dimension of keys and queries—mitigates this,

stabilizing training [9].

Third, multi-head attention extends this mechanism by computing attention across h

parallel heads, each attending to distinct representation subspaces:

MultiHead(Q,K, V ) = Concat(head1, ..., headh)W
o

where headi = Attention(QWQ
i , KWK

i , V W V
i )

Each head projects Q, K, and V into dimensions dk, dk, and dv, respectively, using

learned matrices WQ
i , WK

i , and W V
i . The concatenated outputs are projected via W o to

dmodel, enabling the model to capture diverse linguistic relationships [9].

These innovations yielded state-of-the-art results on transduction benchmarks. On

WMT 2014 English-to-German, the transformer achieved a BLEU score of 28.4, a 2-

point improvement over prior best results, and on English-to-French, it scored 41.0, a

0.5-point gain—all with one-quarter the training computation of RNN-based models [9].

This breakthrough catalyzed a surge in transformer-based research since 2017, with most

subsequent models building on this foundational architecture.

2.1.4 The T5 transformer model

The transformer architecture introduced by Vaswani et al. [9] has inspired numerous mod-

els tailored to specific tasks, with the Text-to-Text Transfer Transformer (T5) standing

out as a versatile example. Developed by Raffel et al. at Google, T5 reframes all natural

language processing (NLP) tasks as text-to-text problems, taking text input and pro-

ducing text output regardless of the task—be it classification, generation, or translation
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Parameter Value
dim 768

n_layers 12
head_dim 64

hidden_dim 3072
n_heads 12

vocab_size 32000

Table 2.2: T5-Base Model Architecture. Information aggregated from [10].

[10]. This unified approach enables a single model to handle diverse NLP applications,

streamlining training and deployment. T5 builds on the encoder-decoder structure of the

original transformer, with its Base variant detailed in Table 2.2

Here, dmodel denotes the hidden dimension, dk the attention head dimension, and

dff the feed-forward layer size. Pre-trained on the Colossal Clean Crawled Cor-

pus (C4), T5 demonstrates strong generalization across tasks, setting a foundation for

subsequent models like the Switch Transformer, which adapts T5 for sparse computa-

tion (see Section 2.2.2). Its flexibility and performance have made T5 a cornerstone in

transformer-based NLP research.

2.2 Mixture of Experts

2.2.1 Architecture

The Mixture of Experts (MoE) concept emerged in 1991 when Jacobs et al. proposed a

model to address interference in datasets by dividing a task into specialized sub-tasks,

each handled by a dedicated expert [11]. Rather than training a single neural network to

manage a complex task holistically, Mixture of Experts posits that decomposing it into

distinct sub-tasks—each processed by a separate expert—enhances performance by mit-
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igating conflicts in learning patterns. For instance, consider training a model to classify

word pairs as synonyms or antonyms: a single model might struggle to reconcile these

opposing objectives, as features useful for identifying synonyms could clash with those

for antonyms. In the MoE framework, each expert, implemented as a neural network,

competes to process inputs assigned by a learned gating function. This competition is

optimized using a novel loss function:

Ec = −log
∑︂
i

pcie
− 1

2
||dc−oci ||2

Here, c represents a specific input case, i indexes an expert, pci is the gating function’s

probability of selecting expert i, dc is the target output, and oci is the expert’s predic-

tion. This loss encourages specialization by rewarding experts that closely match their

assigned inputs while penalizing poor performers, weighted by the gating probabilities.

The approach yielded promising early results, demonstrating improved accuracy on multi-

faceted tasks, yet it remained under-explored for nearly two decades as computational

resources and interest in scalable architectures lagged.

Renewed interest emerged as model scaling became a priority. Kaplan et al. demon-

strated that neural network performance scales with compute, dataset size, and parameter

count [1]. However, increasing parameters typically raises computational cost proportion-

ally. Sparse computation, as in MoE, addresses this by activating only a subset of the

model, enabling larger architectures without commensurate compute increases. Shazeer

et al. advanced this idea by replacing the FFN in a stacked Long Short Term Memory

(LSTM) with thousands of experts, each a neural network matching the FFN’s input-



12 CHAPTER 2. BACKGROUND

output dimensions [12]. The MoE layer’s output is computed as:

y =
n∑︂

i=1

G(x)iEi(x)

where Ei(x) is expert i’s output, and G(x)i is the gating function’s weight for that expert.

Typically a single-layer neural network with weights Wg, the gating function incorporates

sparsity and noise:

G(x) = Softmax(KeepTopK(H(x), k))

H(x)i = (x ·Wg)i + StandardNormal() · Softplus ((x ·Wnoise)i)

KeepTopK(v, k)i =

⎧⎪⎨⎪⎩
vi if vi is in the top k elements of v,

−∞ otherwise.

The noise term in H(x)i enhances load balancing by preventing over-reliance on a few

experts, while KeepTopK retains only the top k scores, setting others to zero post-softmax

[12].

In transformer architectures (see Figure 2.1), FFNs—typically MLPs—form key build-

ing blocks with no inherent limit on their number per layer. These can be scaled horizon-

tally into experts, paired with a gating function (henceforth termed a router), to increase

parameters without inflating compute costs–as seen in Figure 2.2. A load-balancing loss is

added during training to encourage even token distribution across experts. Hyperparam-

eters like the number of experts and top-k value allow customization. Top-k, the number

of experts per token, has been shown to work with a value of 1 with minimal impact [2].

The number of experts in a layer boosts downstream performance positively—though
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Figure 2.2: MoE Architecture (block view).

with diminishing returns, as evidenced by multiple studies [2], [13], [14]. This trade-off

highlights a critical design consideration: beyond a certain point, additional experts yield

marginal gains.

A key challenge in MoE training is achieving balanced expert utilization, which is

critical for efficient parallelized inference (see Section 4.1). Without intervention, a feed-

back loop emerges: early-selected experts, exposed to more data initially, optimize their

weights faster, making them more likely to be chosen by the router in subsequent it-

erations. This self-reinforcing cycle skews the gating function toward a few dominant

experts, leaving others underutilized. To address this, Eigen et al. [15] applied hard

constraints at the start of training, forcing uniform expert selection. In contrast, Bengio

et al. [16] used soft constraints, adjusting batch-wise gate averages to encourage balance.

Modern approaches favor a soft constraint, incorporating a loss term to penalize imbal-

ance, enabling autograd [17] to optimize the gating function through backpropagation.

This sparse, scalable design forms the foundation of transformer-based MoE models, as



14 CHAPTER 2. BACKGROUND

detailed in later sections.

2.2.2 Models

Switch Transformer

Building on the sparse computation principles of MoE models, the Switch Transformer,

developed by Fedus et al. at Google, adapts the T5 architecture (see Table 2.3) to en-

hance efficiency and performance [2]. This model modifies T5 by replacing the FFN in

every second encoder and decoder layer with an MoE layer, where each FFN is expanded

into multiple expert networks—typically 32 in the base configuration. This transforma-

tion leverages the scalability of MoE, increasing parameter count without proportional

compute cost, as outlined in Section 2.2.1.

The Switch Transformer introduces two distinctive innovations. First, its router—re-

branded as a ”switch”—selects a single expert per token, choosing the expert with the

highest softmax output rather than the top-k approach common in prior MoE designs.

Earlier work suggested that routing to multiple experts was necessary for effective learn-

ing by comparing their outputs [12], yet Fedus et al. demonstrated that a single-expert

switch can train effectively, simplifying token allocation [2]. Second, training is stream-

lined by retaining only the load-balancing loss, which ensures even expert utilization,

while discarding the expert importance loss previously used to weight expert contribu-

tions.

These adaptations yield significant gains. Pre-training converges seven times faster

than the T5-Base model, and downstream performance improves markedly, with a 6.7-

point increase over T5’s SuperGLUE score (from 74.6 to 81.3) [2]. By optimizing sparse

computation, the Switch Transformer not only advances T5’s text-to-text framework
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Parameter Value
vocab_size 32128

dim 768
n_layers 24

n_decode_layers 12
n_moe_layers 12
hidden_dim 3072

n_heads 12
d_kv 64

num_experts 128
expert_size (MB) 18
model_size (MB) 28286.81

Table 2.3: Switch Transformer Model Architecture with 128 experts

but also sets a precedent for efficient, high-capacity models, influencing subsequent MoE

designs like those explored in this thesis.

Qwen1.5-MoE-A2.7B

Qwen1.5-MoE-A2.7B, developed by Alibaba’s Qwen Team, exemplifies the power of MoE

architectures in delivering high-performance language models with minimal computa-

tional overhead [18]–[20]. Upcycled from the dense Qwen-1.8B model, this transformer-

based decoder-only MoE model comprises 14.3 billion total parameters, with only 2.7

billion activated per token during runtime. Built on the Qwen1.5 Transformer architec-

ture, it incorporates SwiGLU activation [21] for enhanced non-linearity, attention QKV

bias for improved attention stability, grouped query attention (GQA) [22] for efficient KV

caching, Rotary Positional Embeddings (RoPE) [23] for robust position encoding, sliding

window attention, and an adaptive tokenizer optimized for multiple natural languages

and code [18]. Supporting a context length of up to 32,768 tokens, Qwen1.5-MoE-A2.7B

achieves performance comparable to the denser Qwen1.5-7B while requiring just 25% of

the training resources and offering 1.74 times faster inference speed, making it a corner-
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Parameter Value
vocab_size 151936

dim 2048
n_layers 24

n_decode_layers 24
n_moe_layers 24
hidden_dim 1408

n_heads 16
d_kv 128

num_experts 60
expert_size (MB) 33
model_size (MB) 54610.38

Table 2.4: Qwen1.5-MoE-A2.7B architecture

stone of sparse computation strategies explored in this thesis.

Two key innovations define Qwen1.5-MoE-A2.7B’s approach to efficient scaling. First,

its upcycling process transforms the dense Qwen-1.8B model by replacing FFN layers with

MoE layers, each containing multiple specialized experts that are selectively activated via

learned routing. This method retains the linguistic knowledge of the dense model while

enabling sparse computation, significantly reducing training and inference costs compared

to traditional MoE training from scratch. Second, the model benefits from an improved

tokenizer, adaptive to diverse natural languages and programming code, which enhances

its multilingual and coding capabilities without requiring architectural modifications.

These advancements allow Qwen1.5-MoE-A2.7B to support a wide range of tasks, with

frameworks like LLaMA-Factory [24] and Axolotl enabling optional post-training via

supervised fine-tuning (SFT) and reinforment learning from humand feedback (RLHF)

[25] for tailored alignment.
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2.2.3 Parallelism

The scalability of MoE models, where parameter count grows linearly with the number of

experts, necessitates parallelism to manage computational and memory demands across

multiple GPUs. This is particularly critical as models like the Switch Transformer (Sec-

tion 2.2.2) exceed single-GPU capacity. Four established strategies—data parallelism,

model parallelism, tensor parallelism, and expert parallelism—are explored, each tailored

to specific scaling challenges.

Data Parallelism

This strategy scales data processing by replicating the model across multiple GPUs, each

handling a distinct subset of training data or inference requests [26]. During training, each

GPU computes gradients independently, which are then averaged and synchronized across

devices to update model weights. In inference, no inter-GPU communication is required,

making it a straightforward approach to leverage additional GPUs. Its effectiveness lies

in maximizing throughput without altering model architecture or loss functions.

Model Parallelism

When a model exceeds a single GPU’s memory capacity, model parallelism distributes

its components—such as attention mechanisms, FFNs, or entire layers—across multiple

devices [27]. Processing a request requires inter-GPU communication, as outputs from

one component (e.g., a layer on GPU 0) become inputs to another (e.g., a layer on GPU

1). This can be refined into pipeline parallelism, where consecutive layers are assigned

to distinct GPUs, creating a sequential dependency chain [28]. For instance, a six-layer

model on six GPUs assigns one layer per device, reducing memory load but introducing
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latency from data transfers.

Tensor Parallelism

Addressing large models differently, tensor parallelism splits individual tensors within

layers across GPUs, rather than dividing architectural components [29]. For example,

an FFN’s weight matrix might be partitioned into four submatrices for a tensor group

size of four. Each GPU computes its portion, and results are recombined as if from a

single operation. This approach demands frequent communication—more than model

parallelism—due to tensor dependencies, but it integrates seamlessly with data or model

parallelism for hybrid scaling.

Expert Parallelism

Designed specifically for MoE models, expert parallelism reduces per-GPU memory foot-

prints by distributing experts across devices [30]. As a specialized form of model paral-

lelism, it shards experts while duplicating non-expert components (e.g., attention layers)

or splitting them via other parallelism types. During a forward pass, each GPU receives

input data—often via data parallelism—and the router assigns tokens to experts (see

Figure 2.3). Tokens assigned to experts on remote GPUs, such as token t1 routed from

GPU 0 to expert e4 on GPU 2, require an all-to-all communication step, implemented

as an optimized scatter-gather primitive [31]. Post-execution, results return via a sec-

ond all-to-all exchange. This process, illustrated in Figure 2.3, balances memory use but

incurs latency from cross-device transfers.

Expert placement strategies remain underexplored. Early works assumed one expert

per GPU [30], yet with fewer GPUs than experts, co-location becomes essential. A

common practice, adopted by systems like DeepSpeed and FastMoE, employs round-
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Figure 2.3: Example of Expert Parallelism data movement.

robin assignment [32]–[36]. This router-agnostic approach, while simple, overlooks token

distribution imbalances, leading to inefficiencies detailed in Section 4.1. These limitations

underscore the need for adaptive scheduling, as addressed by HarMoEny.
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Related Work

The emergence of trillion-parameter MoE models has catalyzed the development of spe-

cialized frameworks to manage their complexities: dynamic token routing, load imbalance

across experts, and high communication costs in distributed environments. This sec-

tion examines seven prominent systems—FastMoE, FasterMoE, DeepSpeed, Tu-

tel, ExFlow, SmartMoE, and MegaBlocks—detailing their architectures, opti-

mizations, and performance characteristics. Sections and Figures are cited from the

respective paper for ease of access.

3.1 FastMoE: A flexible foundation for MoE execu-

tion

FastMoE [33], introduced in a arXiv preprint from Tsinghua University, is one of the

first open-source PyTorch framework designed for distributed training of MoE models

on GPU clusters. It replaces Transformer feedforward layers with sparse MoE layers,

integrating seamlessly with Megatron-LM via a plugin-style module to leverage its DP

20



3.2. FASTERMOE: OPTIMIZING DISTRIBUTED MOE TRAINING 21

and TP (Section 3.1). FastMoE employs EP by distributing experts across GPUs, using

NCCL all-to-all communication to dispatch tokens to assigned experts and gather results

(Section 3.2). A lightweight gate module, based on a top-k routing strategy (e.g., top-2),

dynamically assigns tokens to experts, supported by custom CUDA kernels to optimize

sparse computation (Section 4).

FastMoE enhances GPU utilization through a batched execution model, grouping

tokens for each expert to improve matrix multiplication efficiency (Section 4, Figure 4).

Evaluated on a single NVIDIA V100 GPU, it outperforms a naive PyTorch baseline for an

MoE layer with 64 experts, maintaining stable latency as the number of experts increases

(Figure 5). On an 8-GPU cluster, FastMoE scales sub-linearly, achieving a throughput

increase from 10 TFLOPs to 25 TFLOPs (Figure 6).

3.2 FasterMoE: Optimizing distributed MoE train-

ing

FasterMoE [34], presented at PPoPP’22, is a distributed training system from Ts-

inghua University that extends FastMoE to optimize trillion-scale MoE models on GPU

clusters. Its architecture introduces a DDL-Roofline model (Section 3.3) to analyze per-

formance bottlenecks across different distribution strategies, dynamically balancing com-

putation and communication [34]. FasterMoE employs dynamic expert shadowing,

replicating high-demand experts across nodes to reduce all-to-all communication costs

(Figure 4.1, Figure 6), and an asynchronous scheduling engine that overlaps expert com-

putation with token dispatches using a fine-grained timeline (Section 4.2). The routing

mechanism features a congestion-aware gate, adjusting token assignments based on net-
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work latency and expert load via a topology-aware selection strategy (Section 4.3).

Built on PyTorch with NCCL, FasterMoE supports hybrid parallelism by parti-

tioning experts across GPUs and nodes, enabling scalable expert counts with hardware

resources (Section 2.3). Evaluated on 64 NVIDIA V100 GPUs, FasterMoE achieves

a 17.87× end-to-end training speedup over ZeRO stage 3 (Section 5.4). Dynamic shad-

owing and smart scheduling contribute significantly, achieving up to 1.95× and 1.40×

speedups, respectively, over baseline FastMoE (Section 5.5), demonstrating substantial

efficiency gains for large-scale MoE training.

3.3 DeepSpeed MoE: Bridging training and inference

for scalable MoE

DeepSpeed MoE [32] introduced at ICML 2022, is a comprehensive framework within

the DeepSpeed ecosystem, designed to optimize both training and inference for MoE

models at trillion-parameter scales. Its architecture leverages a multi-dimensional paral-

lelism strategy, integrating DP, TP, ZeRO [37], and EP to distribute computation across

GPU clusters (Section 5.1). A key innovation is the Pyramid-Residual MoE (PR-MoE)

structure, which increases the number of experts as you go deeper into the network and

passes each token to not just a single expert but to the chosen expert and an MLP, a

form of residual connection. For scalability, DeepSpeed MoE employs a hierarchical all-

to-all communication approach, splitting token dispatches into smaller, GPU-group-level

operations, and fuses computation kernels (e.g., gating function) to minimize overhead

(Section 5.1). It also introduces Mixture-of-Students (MoS), distilling MoE knowledge

into smaller, inference-ready models, achieving up to 12.5% parameter reduction while



3.4. TUTEL: ADAPTIVE PARALLELISM AND PIPELINING FOR DYNAMIC MOE23

retaining 99.3% the performance of the teacher.

Evaluated on 256 NVIDIA A100 GPUs, it achieves a 7.3× latency improvement over

PyTorch baselines [38], serving a 1T-parameter model under 25ms latency.

3.4 Tutel: Adaptive parallelism and pipelining for

dynamic MoE

Tutel [35], presented at MLSys 2023, is a full-stack MoE system designed to handle

dynamic workloads, such as the 4.38× workload variation observed in SwinV2-MoE–an

MoE version of [39]–training (Figure 1). Built atop PyTorch and integrated with Fairseq

[40] and DeepSpeed [32], its architecture combines adaptive parallelism and pipelining to

optimize both training and inference across distributed GPU clusters. Tutel’s adaptive

parallelism dynamically switches between DP and a hybrid of EP, DP, and MP, controlled

by a tunable parameter r (Section 3).

To optimize communication, Tutel employs adaptive pipelining, overlapping All-

to-All operations with expert computation using two algorithms: Linear All-to-All for

smaller scales and Two-Dimensional Hierarchical (2DH) All-to-All for larger scales (Sec-

tion 3.2). These strategies are precomputed in a dictionary for efficient runtime scheduling

(Section 3.3), yielding 1% to 107% average throughput improvement over static pipelin-

ing for Linear and 11% to 106% for 2DH (Table 6a). Tutel’s 2DH All-to-All improves

bandwidth utilization and scales better than NCCL’s Linear All-to-All at large scales by

aggregating small messages, reducing latency overhead compared to point-to-point com-

munication (Appendix A). Fast encode/decode kernels optimize token-to-expert routing,

saving 20% to 90% GPU memory (Appendix B). Flexible All-to-All ensures consistent
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expert computation efficiency across scales (Figure 11).

Evaluated on Azure clusters with up to 2,048 A100 GPUs, Tutel achieves 4.96×

and 5.75× speedup for a single MoE layer on 16 and 2,048 GPUs, respectively, over

Fairseq/DeepSpeed baselines (Section 5). For SwinV2-MoE, Tutel delivers 1.55×

training and 2.11× inference speedup over Fairseq (Section 5).

3.5 ExFlow: Exploiting inter-layer expert affinity for

inference acceleration

ExFlow [41], developed at The Ohio State University, is a system designed to accel-

erate GPT-based MoE inference on distributed GPU clusters. Its architecture exploits

inter-layer expert affinity (Figure 2), a statistical observation that tokens routed to a

specific expert in one MoE layer are likely to select the same expert in subsequent layers.

This reduces cross-GPU token movement, a bottleneck in traditional expert parallelism.

ExFlow introduces context-coherent expert parallelism, replacing the conventional all-

to-all communication with an AllGather operation to maintain token contexts across

GPUs. By grouping tokens with shared expert assignments into context-coherent batches

(Figure 5a), it halves the number of all-to-all operations per layer (Figure 5b)—from two

(dispatch and gather) to one—while preserving full expert utilization. To optimize expert

placement, ExFlow employs an offline Integer Linear Programming (ILP) solver (Equa-

tions 8-12), minimizing cross-GPU routing costs by assigning affinity-correlated experts

to the same device. The ILP formulation balances computation load (Equation 9) and

communication overhead (Equation 10), solved using Gurobi (Section V.A).

Evaluated on the Wilkes3 cluster, a Tier-2 cluster of A100 GPUs at Cambridge,
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ExFlow reduces cross-GPU routing latency by up to 67% and achieves 2.2× higher

inference throughput over DeepSpeed MoE for GPT MoE models with 8 to 64 experts

(Section V.C). Its affinity-aware design shines in multi-node settings—where communi-

cation costs dominate (Figure 9), though AllGather’s scaling with GPU count introduces

overhead beyond 16 GPUs (Section V.B).

3.6 SmartMoE: Two-Stage hybrid parallelism for sparse

MoE training

SmartMoE [42], presented at USENIX ATC 2023, is an automatic parallelization system

developed by Tsinghua University to optimize training of MoE models. Its architecture

tackles the dynamic, data-sensitive nature of MoE workloads (e.g., varying expert loads in

Figure 3) through a two-stage design: offline pool construction and online adaptive par-

allelization. In the offline stage, SmartMoE constructs a pool of execution plans using

a workload-aware performance model that estimates expert selection distributions—such

as GShard gate capacity factors ranging from 1.2 to infinity (Figure 6)—without requir-

ing training data. This model predicts computation and communication costs across a

hybrid parallelism space, combining DP, TP, PP, EP via an expert slot abstraction (Table

1). The online stage dynamically selects and refines these plans using two algorithms:

a lightweight greedy approach (Algorithm 1, O(NE) complexity) for rapid adjustments,

and a hybrid dynamic programming method (Algorithm 2, O(ME +N × 4M)) for more

precise optimization. These adjustments occur every 10 iterations (Figure 12), minimiz-

ing load imbalance (Equation 1) with a switching overhead of 20ms (Table 4).

Evaluated on clusters like inky (8× A100 GPUs) and blinky (64 GPUs), Smart-
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MoE achieves up to 1.88× end-to-end training speedup over FasterMoE for GPT-MoE

(4.5B–14B parameters) and Swin-MoE (0.54B–1B parameters) models (Figures 7-8). Its

offline model’s accuracy (R2 > 0.5, Figure 10) ensures robust plan generation, while

online adaptations deliver per-layer gains of up to 1.43× (Figure 11). Ablation studies

show its enlarged parallelism space yields 2.67× speedup over static plans (Figure 9),

highlighting its ability to capture diverse execution strategies ignored by prior systems.

SmartMoE excels in training efficiency, but its reliance on offline preprocessing and

periodic switching (20ms overhead, Table 4) limits its suitability for inference, where

latency is critical.

3.7 MegaBlocks: Block-Sparse dropless MoE train-

ing

MegaBlocks [43], presented at MLSys 2023, is a GPU-optimized system that reformu-

lates MoE training as block-sparse operations to eliminate token dropping and padding

overheads inherent in prior frameworks like Tutel. Built atop Megatron-LM, its ar-

chitecture constructs a large block-diagonal matrix per device (Figure 3), where experts

are grouped into variable-sized blocks. This enables parallel expert computation using

custom block-sparse GPU kernels—extending CUTLASS with a hybrid blocked-CSR-

COO format (Figure 6)—achieving 98.6% of cuBLAS throughput (Figure 9). Unlike

traditional approaches requiring serial execution or token dropping for batched matrix

multiplication, MegaBlocks avoids both, supporting dynamic, load-imbalanced token

assignments efficiently. Evaluated on Transformer MoEs with 64 experts (Table 2), it

delivers up to 4.35× end-to-end training speedup over Tutel’s padding-based dMoEs
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and 2.4× over dense Megatron-LM Transformers on 8 A100 GPUs (Figure 7).

3.8 Comparative analysis and HarMoEny ’s contri-

bution

FastMoE offers foundational flexibility, FasterMoE optimizes training scalability,

DeepSpeed MoE bridges training and inference, Tutel adapts dynamically, ExFlow

enhances inference communication, SmartMoE refines training parallelism, and MegaBlocks

eliminates token dropping. None fully address real-time inference needs. HarMoEny

integrates their strengths—flexibility, modeling, parallelism, adaptivity, affinity, workload

awareness—with dynamic scheduling and prefetching.

HarMoEny’s approach to addressing load imbalance in MoE inference through dy-

namic token redistribution and asynchronous expert prefetching is largely orthogonal

to several techniques discussed in this chapter, enabling potential integration for mu-

tual performance benefits. For instance, systems like FastMoE (Section 3.1), Faster-

MoE (Section 3.2), and DeepSpeed MoE (Section 3.3) could incorporate HarMoEny’s

load-aware token scheduling and prefetching mechanisms to mitigate the straggler effects

caused by uneven expert utilization, as these systems primarily focus on optimized ker-

nels and static expert placement without dynamic rebalancing. Conversely, HarMoEny

could benefit from adopting the specialized CUDA kernels employed by FastMoE and

FasterMoE, which enhance computational efficiency, or DeepSpeed ’s memory opti-

mization strategies, potentially reducing HarMoEny’s scheduling overhead, which cur-

rently accounts for 20-30% of layer latency (Section 6.2). Additionally, SmartMoE’s

two-stage hybrid parallelism (Section 3.6) could leverage HarMoEny’s dynamic load
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balancing to further improve its sparse model training efficiency under varying work-

loads. Similarly, MegaBlocks’ block-sparse training approach (Section 3.7) is com-

plementary, as HarMoEny could integrate its efficient sparse computation framework

to enhance inference throughput, particularly in scenarios with high expert inequality.

This orthogonality underscores HarMoEny’s versatility, allowing it to augment existing

MoE frameworks while also benefiting from their optimizations, fostering a synergistic

improvement in inference performance.
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Methodology

4.1 Expert parallelism load-imbalance

Expert parallelism, as outlined in Section 2.2.3, distributes MoE experts across GPUs

to manage memory constraints, yet its effectiveness hinges on balanced token allocation.

Despite training regimens incorporating a load-balancing loss to promote even token

distribution across experts [2], inference reveals persistent imbalances. A technical report

by NVIDIA highlights this issue, noting that some experts consistently receive more

tokens than others, even with diverse datasets [44]. Figure 4.1 illustrates this across

MMLU topics, where the most popular expert garners 40–60% more tokens than the

least popular, relative to a uniform distribution. Prompt specificity exacerbates this

skew, as shown in Figure 4.2, where Layer 31’s token distribution becomes markedly

uneven, suggesting input sensitivity outstrips training regularization.

This phenomenon persists in advanced models like the Switch Transformer [2]. Anal-

ysis on the BookCorpus dataset (Figure 4.3) reveals Layer 7’s most popular expert

receiving 26.3 times more tokens than its least popular counterpart—an imbalance of

29
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Figure 4.1: Expert token distribution over all Measuring Massive Multitask Language
Understanding (MMLU) topics. Reproduction of [44].
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Figure 4.2: Expert token distribution at layer 31. Reproduction of [44].
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Figure 4.3: Expert token distribution of Switch Transformer with 8 experts on Book-
Corpus dataset.

2,634%. Scaling to 128 experts amplifies this disparity (Figure 4.4). Excluding Layers 7

and 11, where the least popular experts receive near-zero tokens, Layer 1’s most popular

expert processes 1.1 million times more tokens than its least popular peer, indicating that

imbalance intensifies with expert count.

Similar trends emerge with Qwen1.5-MoE-A2.7B. Figure 4.5 shows Layer 0’s expert 25

receiving 180,000 times more tokens than expert 5 on BookCorpus, with only the five

most and least popular experts plotted for brevity (full data in Appendix A). Cumulative

distribution functions (CDFs) further quantify this skew. For the Switch Transformer

with 128 experts, Figure 4.6 reveals that four experts (3% of 128) handle over 50%

of Layer 7’s tokens. Likewise, Figure 4.7 shows two experts (3% of 60) in Qwen1.5-

MoE-A2.7B’s Layer 23 managing over 50%, underscoring a consistent concentration of

workload.

Such expert-level imbalance translates to GPU-level disparities under expert paral-

lelism. Round-robin expert placement, widely adopted by systems like DeepSpeed,

FastMoE, and FasterMoE [32]–[34], assigns experts agnostically, ignoring token dis-

tribution. Figures 4.8 and 4.9 (CDFs of GPU token loads) demonstrate this consequence:
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Figure 4.6: CDF of expert token distribution of Switch Transformer with 128 experts on
BookCorpus dataset. Tokens increasingly converge in a select few experts at higher
layers.
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Figure 4.7: CDF of expert token distribution of Qwen1.5-MoE-A2.7B on BookCorpus
dataset. Similarly, tokens increasingly converge in a select few experts at higher layers.
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Figure 4.8: CDF of GPU token distribution of Switch Transformer with 128 experts on
BookCorpus dataset.

GPUs hosting popular experts face disproportionate workloads, while others idle. Figure

4.10 further illustrates that static placement causes throughput fluctuations and pro-

longed waiting times under imbalanced requests. This inefficiency, rooted in router skew

and naive allocation, motivates HarMoEny ’s dynamic scheduling approach (Section

4.3).

4.2 HarMoEny

The GPU-level load imbalances identified in Section 4.1, as illustrated by Figures 4.8,

4.9, 4.10, degrade MoE inference throughput due to prolonged idle times under static

expert placement. To address this, HarMoEny is introduced—an inference system op-

timizing expert parallelism across multi-GPU setups. HarMoEny integrates two key

techniques: (i) a load-aware scheduler redistributing tokens to balance GPU workloads,



4.2. HARMOENY 35

0 1 2 3 4 5 6 7

0

50

100

GPU index

Pe
rc

en
t

of
al

lt
ok

en
s

Layer 1

0 1 2 3 4 5 6 7

0

50

100

GPU index

Pe
rc

en
t

of
al

lt
ok

en
s

Layer 7

Actual Balanced

0 1 2 3 4 5 6 7

0

50

100

GPU index

Pe
rc

en
t

of
al

lt
ok

en
s

Layer 11

Figure 4.9: CDF of GPU token distribution of Qwen1.5-MoE-A2.7B on BookCorpus
dataset.

and (ii) an asynchronous expert prefetching protocol transferring experts from DRAM to

GPU memory with minimal overhead. These mechanisms mitigate idle time without re-

quiring online profiling, enabling adaptation to dynamic workload shifts while preserving

throughput, as validated in Chapter 6.

A forward pass through HarMoEny ’s MoE layer is detailed in Algorithm 1, executed

on each GPU with input tensors x of shape [batch_size, sequence_length, hidden_size].

These inputs, preprocessed by attention layers in a transformer-based MoE architecture

(Section 2.2.1), are processed as follows:

Step 1: Token Routing. The router assigns each token in x to an expert, producing

mexpert, a tensor mapping tokens to their designated experts (Line 4). This mirrors

standard MoE routing (Section 2.2.1), setting the stage for load-aware adjustments.

Step 2: Metadata Exchange. Each GPU computes an expert frequency distribution

from mexpert, counting token assignments per expert. This metadata, broadcast to all
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Algorithm 1 HarMoEny MoE layer
1: require: G: set of GPUs
2: function forward(x)
3: // Step 1: token routing
4: mexpert ← router(x)
5:
6: // Step 2: metadata exchange
7: sendMetadataToGPUs(count(mexpert))
8: receive mall[i] from each GPU i ∈ G
9:

10: // Step 3: token scheduling
11: Sinitial ← initialAssign(mall)
12: S ← rebalance(Sinitial)
13:
14: // Step 4: scatter and gather tokens
15: sendTokensToGPUs(x,mexpert, S)
16: receive x′[i] from each GPU i ∈ G
17:
18: // Step 5: expert processing
19: x′′ ← experts(x′)
20:
21: // Step 6: gather tokens
22: sendTokensBackToGPUs(x′′, S)
23: receive y[i] from each GPU i ∈ G
24: x← reconstruct(y,mexpert, S)
25: end function
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GPUs via an all-to-all primitive, totals 4 × |E| × |G| bytes (assuming 32-bit integers),

where |E| is the number of experts and |G| is the number of GPUs. The resulting global

distribution, mall , aggregates frequencies across GPUs. Unlike training-focused systems

(e.g., DeepSpeed [32]), this step enables global scheduling, with negligible communica-

tion overhead offset by efficiency gains (Section 6.2).

Step 3: Token Scheduling. Using mall, an initial schedule Sinitial assigns tokens to

their resident GPUs (Line 11). Represented as a tensor of shape [|G|, |E|, |G|]; S[i, e, j]

denotes the number of tokens sent from GPU i to GPU j for expert e. Given Section

4.1’s imbalance findings, Sinitial is rebalanced via Algorithm 2 (Section 4.3), redistributing

tokens from overutilized to underutilized GPUs (Line 12).

Step 4: Scatter and Gather Tokens. The balanced schedule S governs token distri-

bution, with GPU i sending tokens to GPU j per S[i, e, j] for all experts e, guided by

mexpert (Line 15). An all-to-all communication aggregates received tokens into x′ on each

GPU (Line 16), preparing them for processing.

Step 5: Expert Processing. Tokens in x′ are executed by their assigned experts, yield-

ing x′′ (Line 19). Rebalancing may require loading non-resident experts from DRAM,

addressed by asynchronous prefetching (Section 4.4), which overlaps transfers with com-

putation to minimize stalls.

Step 6: Gather Tokens. Processed tokens x′′ are returned to their originating GPUs

via a second all-to-all communication, stored as y[i] per GPU i. Reconstruction leverages

S and mexpert to restore the output x (Line 24), completing the pass.

HarMoEny ’s scheduler (Section 4.3) and prefetching protocol (Section 4.4) syner-

gistically address load imbalance and latency, respectively, outperforming static SOTA

approaches (e.g., FastMoE [33]) under skewed workloads, as evidenced in Chapter 6.
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4.3 Load-aware token scheduler

HarMoEny ’s load-aware token scheduler is a core component designed to mitigate the

GPU-level load imbalances identified in Section 4.1, where uneven token distributions

lead to prolonged idle times under static expert placement. Operating in polynomial

time, this scheduler dynamically redistributes tokens from overutilized to underutilized

GPUs, minimizing idle time and enhancing inference throughput in multi-GPU MoE

systems. Unlike static round-robin approaches (e.g., DeepSpeed [32], FastMoE [33]),

which ignore runtime token skew, HarMoEny adapts to workload variations, leveraging

global metadata from Algorithm 1 (Section 4.2) to achieve near-optimal balance.

The scheduler refines the initial schedule Sinitial , a tensor of shape [|G|, |E|, |G|] where

S[i, e, j] denotes tokens sent from GPU i to GPU j for expert e (Section 4.2). It begins

by computing tavg, the average token load per GPU, and tg, the current load per GPU,

summing over sending GPUs and experts. Iterations continue while any GPU’s load

exceeds tavg (Line 6), redistributing tokens as follows:

1. Identify Overload: The most utilized GPU, gmax, is found via the maximum of tg.

The GPU sending the most tokens to gmax, gfrom , and its most active expert, emax,

are determined by successive summations and maxima (Lines 8, 9). The number

of movable tokens, tmove , is extracted from S.

2. Check Threshold: If tmove falls below q, rebalancing halts to avoid inefficient

transfers (Line 12), with q’s derivation detailed in Section 4.5.

3. Select Target: The least utilized GPU, gmin, is identified. Rebalancing stops if

gmin = gmax or adding q tokens to gmin exceeds tavg , ensuring feasibility.

4. Redistribute Tokens: The number of tokens to move, ts, is the minimum of tmove
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Algorithm 2 HarMoEny token rebalancing
1: require: G: set of GPU, E: set of experts, q: token transfer threshold
2: function rebalance(Sinitial)
3: S ← Sinitial

4: tavg ← ⌊S.sum()/|G|⌋ ▷ Avg tokens per GPU
5: tg ← S.sum(dim=(0,1)) ▷ Token count per GPU for processing
6: while ANY(tg > tavg) do
7: gmax ← argmax(tg)
8: gfrom ← argmax(sum(S[:,:,gmax],dim=1))
9: emax ← argmax(S[gfrom,:,gmax])

10:
11: tmove ← S[gfrom,emax,gmax]
12: if tmove < q then
13: return S ▷ Insufficient tokens to move
14: end if
15:
16: gmin ← argmin(tg) ▷ Find least utilized GPU
17: if gmin = gmax or tg[gmin] +q > tavg then
18: return S ▷ No feasible transfer possible
19: end if
20:
21: ts ← min(tmove,tavg − tg[gmin])
22: S[gfrom,emax,gmax] -= ts
23: S[gfrom,emax,gmin] += ts
24: tg[gmax] -= ts
25: tg[gmin] += ts
26: end while
27: end function
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Figure 4.11: Scheduling example with offloading

and the capacity of gmin relative to tavg . S and tg are updated by subtracting ts

from gmax’s load and adding it to gmin’s for expert emax.

Figure 4.11 exemplifies HarMoEny ’s rebalancing efforts within its load-aware token

scheduler. Following token routing and metadata exchange across GPUs (Section 4.2),

the initial schedule Sinitial maps each token to the GPU hosting its assigned expert,

as determined by the router. In this scenario, visualized in Figure 4.11, tokens are

distributed unevenly: GPU 2 is assigned 9 tokens for expert e2, exceeding the average of

5 tokens per GPU (computed as tavg = ⌊S. SUM()/|G|⌋), while GPU 0 and GPU 1 hold

2 and 4 tokens, respectively, for distinct experts. To address this disparity, Algorithm 2

identifies GPU 0 as the least utilized (gmin, with tg[gmin] = 2) and calculates its capacity to

accept 3 additional tokens without surpassing tavg. Assuming a token transfer threshold

q = 0, permitting even minimal reassignments, 3 tokens from GPU 2’s e2 workload are

transferred to GPU 0. The while loop then reevaluates tg: GPU 2 retains 6 tokens, still

above tavg, prompting a second iteration. GPU 1, now the least utilized with 4 tokens,

can accommodate 1 more; thus, 1 token moves from GPU 2 to GPU 1. A final assessment

confirms balance—each GPU processes 5 tokens—terminating the loop. Consequently,

GPUs 0 and 1 must execute e2 alongside their resident experts. This extra expert, e2

must be fetched from DRAM and this loading process, critical to minimizing idle time
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post-rebalancing, is detailed in Section 4.4.

4.4 Asynchronous expert prefetching

The GPU idle times induced by load imbalances (Section 4.1) are exacerbated under

static expert placement, where tokens must be routed to GPUs hosting their assigned

experts (Section 2.2.1). HarMoEny’s load-aware scheduler (Section 4.3) inverts this by

redistributing tokens across GPUs via Algorithm 2, necessitating the dynamic transfer of

expert weights from DRAM to GPU memory at inference time. Given expert sizes—18

MB Switch Transformer and 33 MB Qwen1.5-MoE-A2.7B—synchronous fetching would

stall computation, as PCIe bandwidth limits transfer rates. To address this, HarMoEny

introduces an asynchronous expert prefetching protocol, overlapping weight transfers with

token execution to minimize idle time, bringing total idle time to near 0% (Section 6.2).

This protocol exploits the availability of resident experts—those already in GPU mem-

ory—to mask transfer latency. For each MoE layer, every GPU executes a four-step pro-

cess guided by the balanced schedule S from Algorithm 2, a tensor of shape [|G|, |E|, |G|]

where S[i, e, j] denotes tokens sent from GPU i to GPU j for expert e:

1. Identify. Post-rebalancing, GPU i inspects S[:, :, i], the column representing tokens

it must process, and identifies required experts. These are compared against the

GPU’s current expert cache. Missing experts are queued in a fetch list, ensuring

only necessary transfers are initiated. Other experts are added to the execution list

with the fetch list concatenated at the end.

2. Fetch. When an expert finishes executing on the execution list ee, an asynchronous

transfer from DRAM to GPU memory is launched using CUDA streams to bring
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in the weights of the next expert in the fetch list, efetch, enabling non-blocking

operation. Concurrently, the next expert is executed, ee+1, while efetch is retrieved

from DRAM, leveraging the GPU’s parallel compute capabilities to overlap data

movement with execution.

3. Execute. Before executing ee, the GPU verifies if ee’s weights are already loaded,

and if not then waits. Once loaded, the expert executes the tokens corresponding

to S[:, e, i].

4. Cleanup. Once finished executing, all resident experts that were evicted are loaded

back into the GPU memory for the next iteration.

To manage GPU memory constraints (e.g., 32 GB per V100, Section 5.5), Har-

MoEny maintains a per-GPU expert cache of capacity c, a tunable hyperparameter.

When the cache is full, the most recently used (MRU) expert is overwritten with the

new expert weights. Overwriting reduces expert loading latency by 5.5x based on a mi-

crobenchmark that reduced expert loading from 11 ms to 2 ms. Figure 4.12 illustrates

how the asynchronous fetching reduces computational stalling. It is necessary for c >= 2

otherwise the protocol executes serially.

The protocol synergizes with Algorithm 2 by enabling token redistribution without

stalling computation, amortizing DRAM latency (quantified in Section 6.2). As shown in

Section 6.2, this reduces layer latency by 9–17% over synchronous fetching, scaling with

expert size and imbalance severity, thus enhancing HarMoEny ’s throughput under

dynamic workloads.
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Figure 4.12: Execution timeline with (left) no token distribution and (right) token dis-
tribution with asynchronous fetching

4.5 Determining token threshold q

HarMoEny ’s load-aware scheduler (Section 4.3) relies on the token threshold q to de-

termine when to redistribute tokens across GPUs, as per Algorithm 2, when fetching an

expert from DRAM rather than routing tokens to the expert’s resident GPU is justified.

This threshold, a critical hyperparameter, ensures that the asynchronous prefetching pro-

tocol (Section 4.4) overlaps computation efficiently, balancing the cost of expert transfers

against load rebalancing benefits. A low q triggers excessive fetching, where transfer

latency exceeds execution time, while a high q restricts rebalancing opportunities, pre-

serving imbalances identified in Section 4.1. To establish a practical lower bound, q is

derived based on expert size, GPU compute capacity, and interconnect bandwidth, with

full details in Appendix B.

The design principle is to ensure that processing q tokens on a fetched expert takes at

least as long as transferring its weights from DRAM to GPU memory, enabling effective

overlap in Step 2 of Section 4.4. Experts are modeled as two-layer MLPs—consistent

with feed-forward networks in transformer-based MoE models like Switch Transformer

(Section 2.2.2, hidden_dim = 3072)—with layers of sizes m× p and p×m, computed as

xW 1W 2 for input x of shape [q,m]. The derivation compares FLOPs for q tokens against
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transfer time, yielding Equation 4.1:

q >
φ · dtype

2β
(4.1)

Here, φ is GPU FLOPS (e.g., 14 TFLOPS for V100, Section 5.5), β is PCIe bandwidth

(e.g., 16 GB/s for DGX-1), and dtype is bytes per parameter (e.g., 4 for FP32). The FLOPs

term, qp(2m − 1) + qm(2p − 1), accounts for matrix multiplications: xW 1 (q ×m × p)

and (xW 1)W 2 (q × p×m), approximated as 4qpm by dropping lower-order terms (e.g.,

−q(p + m)). Expert size, (mp + pm)dtype, reflects weights of both layers, simplified to

2pmdtype. For DGX-1 with FP32 parameters:

q >
14× 1012 · 4
2 · 16× 109

= 1750 tokens

4.6 Artificial imbalance generation

Real-world MoE inference exhibits significant expert imbalance (Section 3.1), with CDFs

showing 3% of experts handling over 50% of tokens in models like Switch Transformer

(Figure 4.6). To evaluate HarMoEny under controlled conditions without relying on the

natural imbalance of the router, an artificial imbalance generation method is introduced,

leveraging the Gini Index [45]. Originally a measure of wealth inequality, the Gini Index

is repurposed to quantify token distribution skew across experts within an MoE layer.

A Gini Index (G) of 0 denotes perfect equality (each expert receives identical token

counts), while G = 1 indicates perfect inequality (one expert processes all tokens). By

tuning G, this method generates controlled, variable imbalances to assess HarMoEny ’s
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load-aware scheduler (Section 4.3) and asynchronous prefetching protocol (Section 4.4),

complementing real-world dataset tests (Section 5.4).

The method designates ρ experts as overloaded, each assigned N̂ tokens, while the

remaining ϵ− ρ experts receive N tokens, where N̂ > N and ϵ is the total expert count.

The total tokens processed by the layer, χ, is:

χ = ρN̂ + (ϵ− ρ)N

For a target Gini Index G, token assignments are derived from the Gini formula

(Appendix C), yielding Equation 4.2:

N̂ =
ϵχG+ ρχ

ρ(ϵ− 2ρ)

N =
χ− ρN̂

ϵ− ρ

(4.2)

Here, ρ (where 0 < ρ < ϵ
2
) controls the number of overloaded experts, ensuring the

denominator ϵ − 2ρ remains positive and skew is feasible. For example, with ϵ = 128,

ρ = 10, χ = 10, 000, and G = 0.5, N̂ ≈ 685 and N ≈ 27, amplifying imbalance

predictably. This distribution is enforced by overriding the router’s learned output G(x)

(Section 2.2.1) during testing, assigning synthetic weights to achieve the desired N̂ and

N , as trained routers do not yield predictable consistent skew for each input request.



Chapter 5

Experimental setup

5.1 HarMoEny

HarMoEny is implemented in 1,115 lines of Python code within the PyTorch frame-

work. The load-aware scheduler operates entirely in Python without custom kernels,

while expert fetching leverages a dedicated NVIDIA CUDA stream for GPU-host com-

munication. Computation occurs on the main CUDA stream, synchronized using CUDA

events to track two critical milestones: (1) completion of expert i’s execution and (2)

completion of expert i’s loading into GPU memory. These events prevent race condi-

tions in the independent streams, ensuring experts are neither overwritten prematurely

nor executed with incorrect weights. The MoE layer is encapsulated as a PyTorch

nn.Module, optimized for expert parallelism. Designed for modularity, HarMoEny in-

tegrates seamlessly with any PyTorch-based MoE model via an injector, simplifying its

adoption (see Appendix D for setup details).

47
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5.2 MoE system baselines

HarMoEny is evaluated against four SOTA baselines: DeepSpeed, FastMoE, Faster-

MoE, and ExFlow.

DeepSpeed is a framework for distributed training and inference of machine learn-

ing models [32]. It integrates Tutel [35] to enhance inference performance. For a fair

comparison, token dropping is disabled, as its implementation is faulty and causes pro-

gram hangs [46]. Consequently, the evaluation capacity factor is set to accommodate the

worst-case imbalance scenario and adjusted per dataset. Expert parallelism is enabled

with a static round-robin expert placement. Modern variants like DeepSpeed-MII and

vLLM, which lack support for the Volta architecture (e.g., V100 GPUs) and expert

parallelism [47], are excluded from this study.

FastMoE pioneered expert parallelism for MoE models, supporting multiple experts

per GPU [33]. This flexible system accommodates any model with appropriate configu-

ration, allowing users to define gating and expert networks. Built with custom kernels,

FastMoE optimizes decision-making and data movement, assigning experts to GPUs

via a round-robin strategy.

FasterMoE extends FastMoE with load-balancing enhancements, including dy-

namic shadowing and fine-grained scheduling [34]. For overutilized experts, it broadcasts

expert weights to all GPUs for local execution, avoiding token transfers to a single GPU.

It also introduces a topology-aware gating function to prioritize local experts, reduc-

ing network congestion. A congestion-avoiding expert selection, designed for training, is

omitted here due to its adverse impact on inference performance.

ExFlow mitigates load imbalance by leveraging inter-layer expert affinity [41]. By

tracing token patterns across consecutive MoE layers, it optimizes expert placement us-
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ing offline integer programming. This process, while adaptable to online updates (e.g.,

every few minutes), incurs significant overhead: 8.5 minutes per batch for Switch Trans-

former and 45 minutes for Qwen1.5-MoE-A2.7B on a CPU. Given this cost, we implement

ExFlow within HarMoEny using its provided code, performing the affinity-based map-

ping offline using a trace of BookCorpus.

5.3 MoE models

HarMoEny is evaluated on two distinct MoE models to demonstrate its versatility:

Switch Transformer [2] and Qwen1.5-MoE-A2.7B [18]. The Switch Transformer, built

upon the T5 architecture [48], replaces each feed-forward network (FFN) with an MoE

layer by replicating the FFN across multiple experts and incorporating a learned router.

It comprises 12 encoder and 12 decoder blocks, with every second block featuring an

MoE layer, totaling 12 MoE-enabled transformer blocks. In this study, each MoE layer

contains 128 experts; we denote this configuration as Switch. Variants with 8, 16, 32,

or 64 experts exist but are not evaluated here. Qwen, developed by Alibaba Cloud, is a

series of transformer-based language models for diverse tasks. We use the Qwen1.5-MoE-

A2.7B variant, which includes 24 transformer blocks, each an MoE layer with 60 experts,

referred to as Qwen.

5.4 Datasets

Beyond the artificial Gini-Index workload (Section 4.6), three established datasets are

employed to reflect real-world scenarios: (1) BookCorpus, a large-scale collection of

up to 7,185 unique books sourced from smashwords.com [49]; (2) Wikitext, comprising
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over 100 million tokens extracted from Wikipedia’s Good and Featured articles [50]; and

(3) WMT19, a dataset of translation pairs, with the German-to-English subset (34.8

million samples) selected for this study [51].

Additionally, a synthetic dataset, Random, is introduced to model uniform token

distribution. It is generated online by concatenating random token sequences of a fixed

length, with a consistent seed ensuring reproducibility across systems.

5.5 Hardware

All experiments are conducted on an NVIDIA DGX-1 system equipped with eight V100

GPUs (each with 32 GB of memory), interconnected via NVLink. The system includes

16 DDR4 32 GB Micron memory modules rated at 2,133 MT/s and 2 20-core Intel Xeon

E5-2698 V4 CPUs.

5.6 Metrics

Two metrics evaluate HarMoEny against competing systems: throughput and Mean

Time to First Token (MTTFT). Throughput, measured in tokens per second, is computed

as the total number of tokens generated during an experiment divided by its duration

in seconds. MTTFT, expressed in milliseconds, represents the average time to process a

batch. For MTTFT, all systems use identical batch sizes to ensure comparability, whereas

throughput allows variable batch sizes to optimize performance.
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Results

6.1 Comparison to SOTA systems

The performance of HarMoEny is compared to the aforementioned systems as listed in

Section 5.2. For the comparison, two differing environments are used: (1) an artificially

skewed environment created with the Gini-Index as described in Section 4.6, and (2) more

organic datasets as described in section 5.4. Each system will be given the exact same

amount of identical data that will each be processed to only the first token. After the

first token generations these sequences are considered complete. The generation phase is

not considered as the KV cache largely discounts the need to do any form of rebalancing.

The total number of requests gives the number of tokens which have been generated and

which is divided by the running time of the experiment to yield the throughput.

It is strongly visible that HarMoEny shines under workloads that feature high ex-

pert inequality. Figure 6.1 bottom row show the differing systems compared at different

Gini-Indexes, it can be seen that HarMoEny improves favourably as the level of in-

equality increases. At a GI of 0.5 HarMoEny attains a 1.36x improved throughput over

51
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FasterMoe, 1.38x over FastMoE, 1.53x over ExFlow, and 8.09x over DeepSpeed. These

values improve more at the GI level of 0.9 getting an improved throughput of 1.69x

over FastMoE and 15.21x over DeepSpeed. This trend is replicated for Qwen, where

increasing expert inequality leads to larger performance improvements on HarMoEny

compared to the competitors. At the GI of 0.9, HarMoEny attains a throughput gain

of 1.66x over FastMoE, 2.36x over ExFlow, and 17.98x over DeepSpeed. The larger gains

with Qwen can be attributed to the larger experts that take longer to process. Given

the same inequality, larger experts would take longer, given there are more weights to

multiply against.

There is an ever slight decline in performance for HarMoEny as the GI increases

and that can be attributed to the fact that as the GI continuously increases, the number

of tokens that each non-overloaded expert receives is less. This can create a situation

where a given expert has so few tokens that it takes longer to load the overloaded expert

than to execute the precedent expert, leading to GPU idling and thus a performance

drop. q is set to keep the pipeline working at 100% but the start, where experts that are

already loaded are executed first, may be a source of uncontrollable idling.

Furthermore, it can be seen and expected that with a GI of 0.0 each system should, in

theory, perform similarly. HarMoEny has a slight performance drop over FastMoE and

FasterMoE due to the principal fact that these two systems employ special optimized per-

formance kernels which HarMoEny does not implement. It is these other optimizations

that help bolster its throughput over HarMoEny at low expert inequality. If these other

optimizations were to be removed to uniquely compare token sharing strategy, then it

would be expected for HarMoEny to perform even better, and that is shown in Section

6.3.

Figure 6.1 also features the datasets from section 5.4 including the artificial Random



54 CHAPTER 6. RESULTS

dataset in the first row with Switch on the left and Qwen on the right. It can be seen

that HarMoEny retains the highest throughput across all datasets with FasterMoE

and FastMoE trailing behind followed by ExFlow and, trailing significantly behind is,

DeepSpeed. On average across all datasets HarMoEny’s throughput is 1.047x more than

FastMoE, 1.05x FasterMoE, 1.26x ExFlow, and 7.17x more than Deepspeed. Furthermore

the throughput of HarMoEny varies the least with a variance of 6 toks2/s2 compared

to FasterMoe at 62.7, FastMoe at 66.3, ExFlow at 212, and finally Deepspeed at 2.03. In

terms of raw throughput and variance Deepspeed is an outlier. Deepspeed is an outlier

because of a current bug in its implementation to avoid dropping tokens. Given that

functionality is incomplete and prone to program hanging it is necessary to set the eval

capacity factor to a worse case value. Setting to this value means that each GPU will

allocate that amount over the average to execute on each expert, regardless of how many

actual tokens it receives. This is a padding approach of MoE and although it removes

a communication round, it is extremly inneficient, as is visible. The time is entirely

predicated on the eval capacity factor and therefore it is expected that the running time

across datasets for Deepspeed with the same value for eval capacity factor to be close

to identical. Given that Deepspeed does not factor in imbalance, it is expected for the

variance to be close to 0.

The performance of HarMoEny is not significantly better than Fast- and Faster-

MoE due to their having specialized kernels and Switch having smaller experts. For a

more significant performance improvement, the top right quadrant of Figure 6.1 can be

viewed where Qwen is executed on the various systems across the datasets. On average

HarMoEny gets a throughput improvement of 1.25x over FastMoE, 1.62x over ExFlow,

and 8.13x over Deepspeed. This improvements over FastMoE is 20% more in the Qwen

case when compared to Switch.
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Figure 6.2: HarMoEny maintains consistent throughput regardless of input distribution
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To display the adaptability of a system a timeline plot is provided, Figure 6.2, which

at each iteration randomly selects a Gini index between 0 and 1 to artificially skew the

batch for that iteration by that amount. The bottom row of Figure 6.2 feature a plot

displaying the Gini-Index at each iteration; the left and right plots are identical. The

top row more interestingly shows the throughput as a factor of the different systems over

time affected by the Gini-Index for both the Switch and Qwen models. It is visu-

ally apparent for both Switch and Qwen that the variance between batches of same

size but different Gini-Index is significantly less. HarMoEny has a variance of 152

toks2/s2 compared to ExFlow’s 206 toks2/s2, FasterMoE’s 447 toks2/s2, and FastMoE’s

477 toks2/s2. Deepspeed has the lowest variance but that is not a fair comparison given

the fact that Deepspeed pads the input to the longest possible worse case, which in this

case is a Gini-Index of 1.0, meaning each GPU processes the same number of tokens albeit

an excessive number that negatively impacts throughput significantly with an average of

13 toks/s compared to HarMoEny’s 176 toks/s. HarMoEny does suffer some perfor-

mance drops of unknown origin but these happen infrequently compared to the opposing

systems, multiple runs were taken and each time there were drops albeit at different loca-

tions but ever present. Of which, such drops did not occur for Qwen. Looking at Qwen

HarMoEny achieves a larger variance gap with a variance of 0.59 toks2/s2 compared

to ExFlow’s 4.58 toks2/s2 (7.76x), FasterMoE’s 22.77 toks2/s2 (38.59x), and FastMoE’s

22.90 toks2/s2 (38.8x). For Qwen the variance drop for HarMoEny is higher with a

maximum of 38.8x compared to Switch’s maximum drop of 3.14x.

Another common metric measured is MTTFT, or the mean time to first token. This

experiment, Figure 6.3, is conducted by fixing the batch size for all datasets and skews

and systems unlike Figure 6.1 which has a varying batch size that is optimized for perfor-

mance. As spoken earlier, the Deepspeed inference engine has an issue which forces the
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use of unrealistically small batch sizes which would not procure interesting results, there-

fore Deepspeed inference is gray on the plot and marked with Out-of-Memory (OOM). A

batch size is set such that it does not cause OOM exceptions for any system for any run.

This is easily done by finding the largest batch size that works for each system with a

Gini-Index of 0.9 for at least 1 batch, and taking the smallest value. With small levels of

imbalance HarMoEny compares to Fast and FasterMoE and at very low levels of imbal-

ance actually performs worse with a MTTFT increase of 13% over FastMoE for Switch

and 45% over FastMoE for Qwen. However, with increasing levels of the Gini-Index

HarMoEny maintains a steady MTTFT while other systems begin to steeply increase

in latency, with HarMoEny getting a latency improvement of 62% over FastMoE for

Switch and 68% over FastMoE for Qwen. These results do no directly reciprocally

match Figure 6.1, HarMoEny gets better performances in Figure 6.1 because batch

sizes are allowed to vary and with a more balanced system it is possible to use larger

batch sizes which directly impacts throughput.

6.2 HarMoEny time breakdown

To present insights into which parts of the forward pass is taking the most time, a time

breakdown of the different operations on a forward pass for an MoE layer serviced by

HarMoEny is presented. To demonstrate significant performance, an ideal environment

is created that is similar to the Gini-Index workload except it is modified such that 10

experts get 90% of the tokens (or 9% each) with the remaining tokens allocated uniformly

across the leftover experts. Furthermore, the experts are chosen such that all overloaded

experts are present on a single GPU. To obtain precise time measurements, NVIDIA

CUDA Events are used before and after each LOC responsible for that operation of the
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forward pass. To prevent any overhead the time between events, to measure the elapsed

time, is only computed after the forward pass completes. Figure 6.4 shows the duration of

different operations in HarMoEny without any rebalancing (top), with rebalancing but

without asynchronous expert fetching (middle), and HarMoEny with both components

enabled (bottom). Given that the router statically assigns tokens to experts, each layer

will perform identically and to save space only layer 0 is presented here.

With all 10 overloaded experts present on GPU 0, without any rebalancing (see Al-

gorithm 2), all other GPUs are destined to wait a long time for all overloaded experts

to be finished executing. Specifically the other GPUs spend on average 82.7% (Switch)

and 86.5% (Qwen) of their MoE layer time waiting for GPU 0 to finish executing the

overloaded experts.

The token rebalancing algorithm reduces the waiting time across GPUs. The mean

waiting time goes from 82.7% to 3.99% (Switch) and 86.5% to 2.98% (Qwen) as seen

in the middle row of Figure 2. This reduction in waiting time significantly reduces the

overall time going from 289 ms to 149 ms (Switch) a speedup of 1.94x and 452 ms

to 164 ms (Qwen) a speedup of 2.76x. Qwen gets a larger time saving and that can

be attributed to Qwen having larger experts, which take longer to execute, making

imbalance more costly for larger experts. There is the added cost of scheduling which

takes 30% (Switch) and 20% (Qwen) of the total layer latency, but this added cost

helps to significantly reduce the overall added cost of imbalance. However, looking closely

at the middle row of Figure 2 it can be seen that GPU 0 is waiting a significant portion

(19.5% for Switch and 13.8% for Qwen) instead of the previous situation of the other

GPUs waiting. This is due to the added cost of the other GPUs taking time to load

experts not already present in GPU memory.

This waiting time can be reduced by using asynchronous expert fetching and by
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looking at the bottom of Figure 2 it can be seen that HarMoEny with both compo-

nents enabled reduces the time further over synchronous going from 149 ms to 136.6

ms (Switch) a speedup of 1.1x and 164 ms to 141.8ms (Qwen) a speedup of 1.16x.

Furthermore the time GPU 0 spends waiting is 6% (Switch) and 2% (Qwen) which is

a drastic reduction from the previous 19.5% and 13.8% respectively. Therefore, it can

be viewed that a combination of token rescheduling and asynchronous expert fetching

in HarMoEny minimizes the amount of time spent idling on each GPU which further

reduces the overall layer latency of a forward pass.

6.3 Load balancing policies

To include a more fair comparison the following ablation study on token routing policy is

included as Figure 6.5, similarly to 6.1 the top row is the datasets while the bottom row

is the artificial Gini-Index. Round-Robin encompasses the techniques of Deepspeed and

FastMoE, Expert Shadowing is not implemented given that FasterMoE saw only marginal

improvements over FastMoE. Even Split is also included which is a policy whereby each

expert’s tokens are evenly distributed across each GPU such that each GPU executes

every single expert. ExFlow and HarMoEny both present the same values from 6.1.

The Gini-Index performance is helpful to validate the system against a myriad of

imbalance possibilities. It can be seen that in Figure 6.5 bottom row that HarMoEny

outperforms on all occasions. The performance of HarMoEny remains relatively stable

as imbalance increases while the other policies that do not do any form of load balancing

struggle with larger imbalanced workloads (minus Even Split which load balances per-

fectly). Now looking at Gini-Index of 0.0, Round-Robin is no longer peforming marginally

better thanks to the removal of all other optimizations and specialized kernels. Looking
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at the highest GI HarMoEny gets a 1.49x higher throughput over ExFlow, 1.54x over

Round-Robin, and 2.13x over Even Split. The performance gains continue with Qwen

where HarMoEny gets a 1.9x higher throughput over ExFlow, 1.92 over Deepspeed, and

1.54x over Even Split. Even Split is perfectly balanced yet performs relatively poorly,

this is since it has to load and execute each expert. The running time is more dependent

on the size of each expert and the number of experts. The loading induced by Switch

with 128 experts will perform worse compared to Qwen with 60 experts. It is possible

in certain situations for Even Split to more viable such as only 8 experts, or each ex-

pert is very small, or the PCIe bandwidth is very large. However, HarMoEny remains

adaptive and can work in any environment regardless of number of experts, expert size,

or hardware performance, as long as q is tuned correctly.

On the datasets, top row of Figure 6.5, it can be seen that HarMoEny exhibits the

highest throughput constantly by a relatively strong margin with random performing the

best. Furthermore HarMoEny features consistency across all datasets similar to Even

Split, getting a variance of only 6 toks2/s2 compared to Even Split’s 21.9, ExFlow’s 212,

and Round-Robin’s 305. When it comes to establishing SLAs, HarMoEny provides

confidence that regardless of input data, performance will be consistent. Qwen features

a similar story with HarMoEny having the best throughput across all datasets. How-

ever, to the benefit of the other strategies, larger experts decrease the variability: 0.19

HarMoEny, 0.06 Even Split, 0.75 ExFlow, 0.57 Round-Robin (305 for Switch).

Figure 6.6 is similar to 6.2 but focuses on the token routing policies. The same run for

HarMoEny and ExFlow from Figure 6.2 is used here. It is clearly apparent in Figure 6.6

that HarMoEny achieves significantly better performance to the competitors compared

to Figure 6.2. HarMoEny has a consistent lead of 71 toks/s over the next best vs Figure

6.2’s 34 toks/s lead over the next best for Switch. The same can be said for Qwen
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performance improvement over all other techniques consistently
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Figure 6.7: Focusing on how tokens are distributed yields HarMoEny maintaining a
steady reduction in latency to first token

with 15 vs 6 toks/s. The performance reduction in the competitors is due to removing all

other optimizations and focusing solely on the strategy of token placement. Interestingly

Even Split goes from being worse perfoming in Switch to best performing for Qwen.

This is due to having less experts in Qwen reducing the cost of loading every expert.

Both Round-Robin and ExFlow perform identically as given the situation of skewing a

single expert to achieve a target Gini-Index, it does not matter how experts are placed

across GPUs, it will never amortize the imbalance.

Similarly to Figure 6.3 a similar experiment is performed fixing the batch size for

all policies and finding the MTTFT. Figure 6.7 present HarMoEny and the different
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policies on a level playing field without any other optimizations and show HarMoEny

consistently outperforming across the board in all situation and mirroring performance

when the level of imbalance is low. Of note, is that HarMoEny keeps the MTTFT

consistent regardless of input imbalance: HarMoEny MTTFT increased, for Switch,

by 4.2% for GI of 0.5 and 3.2% for GI of 0.9; Round-Robin increased by 76% for GI of 0.5

and 150% for GI of 0.9; ExFlow increased by 65.8% for GI of 0.5 and 130% for GI of 0.9.

It is clear that HarMoEny outmatches other policies when it comes to adaptability and

consistent performance. Similarly for Qwen we have 5.6% and 20% for HarMoEny,

74.3% and 135% for Round-Robin, and 67.8% and 134% for ExFlow.
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Conclusion

This work presents a thorough investigation into a critical aspect of machine learning’s

evolution: Mixture-of-Experts models. Despite training strategies that employ a balanc-

ing loss on the router to distribute tokens evenly across experts, inference reveals persis-

tent imbalances. Specifically, Google’s Switch Transformer and Alibaba’s Qwen1.5-MoE-

A2.7B exhibit routers that disproportionately favor certain experts, as demonstrated in

this study. In expert parallelism, this imbalance leads to straggler effects, where GPUs

idle while awaiting a single overloaded GPU, wasting cycles and degrading E2E per-

formance. These slowdowns, varying with input data, can severely impact inference

throughput.

To address this, HarMoEny introduces selective token load balancing—redistribut-

ing tokens to underutilized GPUs and prefetching experts with minimal overhead—yield-

ing significant performance gains. Throughput improvements reach up to 1.69× in highly

imbalanced scenarios, with gains amplifying as imbalance intensifies. Moreover, Har-

MoEny maintains stable throughput across diverse inputs, offering service-level consis-

tency. Crucially, this approach complements existing techniques like specialized kernels,

67
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enabling seamless integration with systems like FastMoE and DeepSpeed. In balanced

scenarios, HarMoEny incurs no overhead, ensuring no performance degradation relative

to the base system. As datacenters prioritize GPU utilization to enhance efficiency and

reduce costs, HarMoEny offers a versatile, low-effort solution adaptable to any MoE

inference framework.
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Future Work

HarMoEny was developed as a standalone inference engine to expedite prototyping,

independent of existing frameworks. Integrating its core components—the Scheduling Al-

gorithm and Asynchronous Expert Prefetching Protocol—into widely adopted systems like

DeepSpeed would validate their speedup and orthogonality. This would leverage pre-

existing optimizations in these frameworks, offering a clearer comparison of performance

with and without HarMoEny’s enhancements. An initial ablation study (Section 6.3)

explores this, but a full integration with DeepSpeed would provide more compelling

evidence.

A natural extension involves scaling HarMoEny to multi-server environments, such

as single racks or datacenters. Higher data transfer latencies in these settings would ne-

cessitate adaptations to the current techniques, potentially unlocking new optimizations

to mitigate expert imbalance at scale.

Furthermore, HarMoEny assumes that all accelerators have the same performance

when scheduling. It would be interesting to also study the effects of expert scheduling

with a heterogeneous setup featuring different GPUs or a homogeneous one with straggler
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GPUs.

While the Gini-Index effectively stress-tests HarMoEny, real-world inference traces

from user prompts—unlike the kitchen-sink training datasets (Section 5.4)—would better

capture the unpredictability of chatbot interactions. Such traces could deepen insights

into MoE imbalance limitations and refine load-balancing strategies.

Finally, converting the PyTorch-based Scheduling Algorithm and Asynchronous Ex-

pert Prefetching Protocol into specialized CUDA kernels could reduce overhead. Schedul-

ing currently consumes 20–30% of an MoE layer’s forward-pass latency; optimized kernels

could minimize this cost, further boosting performance.
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A Routing imbalance

A.1 Total tokens
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Figure 1: Token distribution on BookCorpus run across all Switch Transformer experts.
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Figure 2: Token distribution on BookCorpus run across all Qwen1.5-MoE-A2.7B experts.
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A.2 CDF
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Figure 3: CDF of expert token distribution of Switch Transformer with 128 experts on

BookCorpus dataset for all 12 MoE layers.
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BookCorpus dataset for all 24 MoE layers.
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B q

Following is a step-by-step breakdown of getting a formula for estimating the minimal

size for q given that the expert is a 2-layer MLP. q represents the number of tokens that

are required so that its processing time is greater than the time it takes to load an expert.

Let the expert have two linear layers with the first being of size m × p, and the second

being p×m. The expert is evaluated as xW 1W 2. This can be represented as

Number of Floating Point Operations
GPU FLOPS

>
Expert Size

PCIe Bandwidth
(1)

|O|
φ

>
|E|
β

(2)

qp(2m− 1) + qm(2p− 1)

φ
>

(mp+ pm)dtype
β

(3)

(4)

On ignoring small terms and simplifying, we get

2qpm+ 2qpm

φ
>

2pm · dtype
β

(5)

q · 4pm
φ

>
2pm · dtype

β
(6)

q >
φ · dtype

2β
(7)
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C Gini Index

Taking Gini Index Formula

GINI_INDEX =

∑︁ϵ
i=1

∑︁ϵ
j=1 |Ni −Nj|

2ϵ
∑︁ϵ

i=1Ni

(8)

=
ρ(ρ0 + (ϵ− ρ)(Ṅ −N)) + (ϵ− ρ)(ρ(Ṅ −N) + (ϵ− ρ)0)

2ϵχ
(9)

=
ρ(ϵ− ρ)(Ṅ −N) + ρ(ϵ− ρ)(Ṅ −N)

2ϵχ
(10)

=
2ρ(ϵ− ρ)(Ṅ −N)

2ϵχ
(11)

Total number of tokens sum of the amount on skewed experts plus amount on non-skewed

χ = ρṄ + (ϵ− ρ)N (12)

χ− ρṄ

ϵ− ρ
= N (13)
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Substituting the two together and isolating for Ṅ

ϵχG = ρ(ϵ− ρ)(Ṅ −N) (14)
ϵχG

ρ(ϵ− ρ)
= Ṅ −N (15)

ϵχG

ρ(ϵ− ρ)
= Ṅ − χ− ρṄ

ϵ− ρ
(16)

ϵχG

ρ
= ϵṄ − ρṄ − χ− ρṄ (17)

ϵχG

ρ
− χ = ϵṄ − ρṄ − ρṄ (18)

ϵχG+ ρχ

ρ
= (ϵ− 2ρ)Ṅ (19)

ϵχG+ ρχ

ρ(ϵ− 2ρ)
= Ṅ (20)
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D HarMoEny setup

The following Python code demonstrates how to add HarMoEny to an existing model.

The replace_moe_layer function injects our MoE implementation based on user-specified

parameters.

from harmonymoe.utils import replace_moe_layer

from harmonymoe.moe_layer import MoEConfig , MoELayer

model = create_pytorch_model() # Custom model

config = MoEConfig(

rank,

world_size ,

scheduling_policy ,

expert_cache_size ,

eq_tokens ,

d_model ,

num_experts ,

)

replace_moe_layer(

model ,

moe_parent_type ,

moe_type ,

path_to_experts ,

path_to_router_linear_layer ,
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config ,

)
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