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Abstract001

The sparse Mixture-of-Experts (MoE) archi-002
tecture of large language models (LLMs) con-003
fronts an inherent issue of load imbalance aris-004
ing from the simplistic linear router strategy,005
which ultimately causes the instability and in-006
efficient learning of LLMs. To address this007
challenge, we introduce a novel MoE graph-008
based framework GMoE, aimed at enhancing009
the collaboration among multiple experts. In010
GMoE, a graph router function is designed011
to capture the collaboration signals among ex-012
perts. This enables all experts to dynamically013
allocate information derived from input data014
by sharing information with their neighbor-015
ing experts. Moreover, we put forward two016
coordination strategies in GMoE: the Poisson017
distribution-based distinction strategy and the018
Normal distribution-based balance strategy, to019
further release the capacity of each expert and020
increase the model stability in the fine-tuning of021
LLMs. Specifically, we leverage a parameter-022
efficient fine-tuning technique, i.e., Low-Rank023
Adaptation (LoRA), to implement the graph024
MoE architecture. Extensive experiments on025
four real-world benchmark datasets demon-026
strate the effectiveness of GMoE, showing the027
benefits of facilitating collaborations of multi-028
ple experts in LLM fine-tuning.029

1 Introduction030

The Mixture-of-Expert (MoE) architecture has031

emerged as a promising approach to enhance the032

overall performance of large language models033

(LLMs) under the scaling law theory. The applica-034

tion of MoE in the fine-tuning of LLMs has drawn035

significant attention due to the substantial improve-036

ments it brings to model performance in practical037

downstream applications. In a typical MoE setup,038

a simple linear function, acting as the “router func-039

tion” or “gating function,” assigns weights to each040

expert based on the information from input tokens,041

then the top-k experts with largest assigned weights042

are activated in the fine-tuning process. However, 043

sparse MoE methods face significant challenges 044

that impede their performance and introduce model 045

instability, with a core issue being their linear router 046

strategy that creates severe load imbalance, where a 047

few experts are over-trained while others are under- 048

utilized (Fedus et al., 2022). 049

Recent studies have introduced load balance 050

losses to constrain expert allocation frequencies, 051

thereby alleviating MoE load imbalance (Fedus 052

et al., 2022; Shazeer et al., 2016; Zoph et al., 2022; 053

Luo et al., 2024; Dou et al., 2023a; Wang et al., 054

2022). However, these approaches primarily fo- 055

cus on regularization-based constraints for load 056

balancing while failing to address a critical lim- 057

itation: the absence of effective communication 058

and collaborative mechanisms among experts dur- 059

ing router allocation. Without expert collaboration, 060

the router relies solely on individual input patterns 061

instead of leveraging collective capabilities. This 062

coordination gap exacerbates inefficiencies: even 063

with balanced allocations, the lack of inter-expert 064

communication prevents dynamic optimization to 065

exploit each expert’s unique strengths. As a result, 066

experts remain underutilized, limiting the model’s 067

potential and leading to instability during LLM 068

fine-tuning. 069

These challenges highlight a critical research 070

gap: while load regularization alleviates imbalance, 071

enhancing the stability and efficiency of LLM fine- 072

tuning with MoE requires moving beyond stan- 073

dalone constraints to design architectures that en- 074

able effective collaboration among experts. To 075

address this issue, we propose GMoE, a novel 076

graph-based MoE framework that explicitly models 077

collaboration among experts. Specifically, GMoE 078

introduces a graph router to encode collaborative 079

signals among experts via a MoE Graph integrat- 080

ing input tokens and expert nodes. Using graph 081

neural networks (GNNs), the router aggregates in- 082

formation iteratively, capturing both token features 083
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and inter-expert interactions. This enables experts084

to jointly process inputs and dynamically share085

knowledge, leading to more informed, collabora-086

tive routing decisions.087

To further empower the capability of each ex-088

pert and enhance their collaboration, we pro-089

pose a novel coordination strategy: the Poisson090

distribution-based distinction strategy. Specifi-091

cally, the Poisson distribution loss function pro-092

motes specialization by encouraging experts to093

handle distinct input aspects, thereby stimulating094

their unique capabilities. Concurrently, the Normal095

distribution-based balance strategy regulates acti-096

vation frequencies, naturally balancing the overall097

workload distribution. This synergistic combina-098

tion enables experts to discriminatively process099

inputs while maintaining workload balance, foster-100

ing coordinated interaction and enhancing overall101

model efficiency.102

We adopt the parameter-efficient fine-tuning103

(PEFT) technique, i,e., Low-Rank Adaptation104

(LoRA), to enable an efficient implementation of105

our graph MoE architecture for LLM fine-tuning.106

Through the expert collaboration mechanism in107

the graph router and two coordination strategies,108

our GMoE framework achieves state-of-the-art per-109

formance and remarkable stability during the fine-110

tuning of diverse benchmark datasets. Our contri-111

butions are summarized as follows:112

• We propose a novel GNNs-based MoE frame-113

work GMoE to address the instability prob-114

lem of MoE in LLMs fine-tuning. A graph115

router assigns weights to experts with consid-116

eration of their collaborative interactions on117

MoE Graph.118

• We propose a novel coordination strategies,119

i.e., the Poisson distribution-based distinction120

strategy. Along with the Normal distribution-121

based load balance strategy, our graph based122

MoE architecture, GMoE, fully unleash the123

capabilities of individual experts and signifi-124

cantly enhance their collaboration.125

• Extensive experiments conducted on four real-126

world benchmark datasets with three typical127

base LLMs demonstrate the effectiveness of128

our GMoE in terms of model Accuracy, and129

Stability, showing the benefits of empowering130

collaborations of multiple experts of LLMs.131

2 Related Work 132

2.1 Mixture-of-Expert (MoE) 133

Empowered by the collaboration of multiple ex- 134

perts, the Mixture-of-Expert (MoE) framework has 135

achieved remarkable performance in many applica- 136

tions (Chen et al., 2024; Li et al., 2024a; Lin et al., 137

2024; Li et al., 2024c; Zadouri et al., 2023). Each 138

expert in the MoE framework specializes in han- 139

dling a subset of input information and different 140

experts coordinate together to gain benefits for the 141

overall MoE framework. According to the number 142

of experts activated by the router function, the MoE 143

methods can be classified into two categories, i.e., 144

dense MoE and sparse MoE (Dou et al., 2023b; 145

Li et al., 2024b). In dense MoE, all experts are 146

activated in the learning process, which enhances 147

the model capability but suffers from high compu- 148

tational costs. In sparse MoE, only a selected sub- 149

set of experts are activated to use their specialized 150

knowledge and achieve optimal results, thereby re- 151

ducing computational overhead. The participation 152

of each expert in the computation process is as- 153

signed by a router function (or gating function), 154

ensuring an optimal blend of their specialized con- 155

tributions (Zoph et al., 2022; Tang et al., 2025). 156

Specifically, the router is usually a simple linear 157

function that controls the engagement of expert 158

computations. In the dense MoE, all experts are 159

allocated to computation depending on the weights 160

assigned by the router. In sparse MoE, only Top- 161

K experts with the highest weights are selectively 162

activated in the learning process (Shazeer et al., 163

2016). 164

For example, the typical sparse MoE approach 165

Switch Transformers (Fedus et al., 2022) routes 166

only a single expert for the input token to reduce 167

the computation costs, but it faces the load imbal- 168

ance problem due to lacking collaboration of mul- 169

tiple experts. Existing studies have incorporated 170

auxiliary losses (Bengio et al., 2015; Fedus et al., 171

2022) to maintain a balanced load among experts 172

in sparse MoE architectures. However, exploring 173

an optimal collaboration mechanism among the ac- 174

tivated experts to enhance their load distribution 175

remains an ongoing challenge in this field. In our 176

work, we propose a novel graph router to assign 177

weights to experts with consideration of their col- 178

laborative interactions on the MoE Graph, so as to 179

achieve better capability and stability in fine-tuning 180

of LLMs. 181

2



2.2 PEFT with MoE182

The aim of fine-tuning LLMs is to optimize the183

model’s performance in specific downstream tasks.184

Due to the high computational costs of updating185

all parameters in the full fine-tuning approach, the186

Parameter-Efficient Fine-Tuning (PEFT) technique187

is proposed to address this problem (Hu et al., 2021;188

Houlsby et al., 2019; Li and Liang, 2021; Lester189

et al., 2021; Tian et al., 2024). In PEFT, only a190

small subset of parameters are updated of the base191

LLMs, making it more efficient and practical in192

real applications. The most widely used PEFT193

technique is LoRA (Hu et al., 2021), which uses194

a low-rank decomposition technique and updates195

the decomposed parameter matrix in the model196

training.197

Recent studies have shown improvements of198

model performance by integrating the MoE frame-199

work with PEFT in LLMs fine-tuning litera-200

ture (Wu et al., 2024; Zadouri et al., 2023). In the201

transformer block of LLMs, each expert is a LoRA202

module working on either the FFN layer (Dou et al.,203

2023b; Wang et al., 2022; Li et al., 2024a), atten-204

tion layer (Luo et al., 2024; Gou et al., 2023; Zhu205

et al., 2023), the whole transformer block (Zadouri206

et al., 2023; Liu et al., 2023; Gao et al., 2024) and207

each layer (Wu et al., 2024). Then a router function208

of MoE is designed to blend the contributions of209

all experts. Among them, the adoption of LoRA in210

the FFN layer attracted the most attention due to211

its extensive applicability in various LLM tasks in212

recent years.213

Our work focuses on exploring the effective214

MoE collaboration mechanism to enhance the215

PEFT of LLMs in downstream tasks. The MoE216

consists of multiple LoRA components that work217

on the FFN layer in the transformer block. Differ-218

ent from the conventional router function employed219

in existing MoE studies, where the weight assigned220

to each expert is solely dependent on its own input221

information, we design a novel graph router, which222

leverages graph neural networks to learn the collab-223

oration information among all experts based on a224

MoE graph.225

3 Preliminary226

3.1 Low-Rank Adaptation (LoRA)227

Low-rank adaptation (LoRA) (Hu et al., 2021) is a228

widely used parameter-efficient fine-tuning (PEFT)229

technique in pre-trained LLMs. LoRA adopts a230

low-rank decomposition technique to update the231

parameters of the decomposed parameter matrix 232

to learn the data distribution of the specific down- 233

stream task. It works on the feed-forward layer 234

(FFN layer) in a transformer block of LLMs. For 235

a linear layer in FFN represented as h = Wx, 236

the update of the decomposed parameter matrix of 237

LoRA is defined as: 238

h = Wx+∆Wx = Wx+
α

r
BAx, (1) 239

where x ∈ RI is the representation of input infor- 240

mation, and W ∈ RO×I is the pre-trained parame- 241

ter matrix of LLMs. A ∈ Rr×I and B ∈ RO×r are 242

the low-rank matrix in LoRA with r ≪ min(I,O). 243

α represents the magnitude of the changes in W. 244

Only decomposed matrices A and B are updated 245

in the fine-tuning process. 246

3.2 Mixture-of-Expert (MoE-LoRA) 247

The illustration of MoE-LoRA is shown in Fig. 1 248

(a) and (b). Each expert network in MoE-LoRA 249

can be represented as a LoRA module worked on 250

the FFN layer in the transformer block. MoE uses 251

a router function to assign the learning weights 252

of each expert in the training process of LLMs. 253

The coordinated weights of all experts are assigned 254

by the router function in the feed-forward process, 255

defined as: 256

h = Wx+∆Wx = Wx+

N∑
i=1

R(x)iEi(x), (2) 257

where Ei is the ith expert network and N is the 258

number of experts. The router function R(·) em- 259

ploys a linear function to produce a probability dis- 260

tribution from input information, which serves as 261

the weights allocated to all experts. Following the 262

sparse-gated strategy in MoE studies (Zoph et al., 263

2022; Li et al., 2024a), which had been proposed 264

to address the computational overhead problem in 265

LLMs. The top-K experts with the highest weights 266

are selectively activated. 267

4 GMoE 268

The overview architecture of GMoE is shown in 269

Fig. 1 (d). This section introduces the details of the 270

graph router in GMoE and the propagation process 271

in the FFN layer. Besides, to empower all experts 272

to fully utilize their unique capabilities and keep 273

the load balance, we use two coordination strate- 274

gies: load balance strategy and expert distinction 275

strategy to enhance the GMoE capability. 276
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Figure 1: The overview of MoE architectures in the FFN layer. (a) The LoRA component is applied in the FFN
layer of the transformer block. (b) The typical MoE architecture with LoRA in LLMs with a linear router function
to assign weights. (c) Our proposed GMoE architecture with a graph router based on the MoE graph. For different
input information (input1 and input2), the distinctive capability of experts is optimized by the Poisson distinction
loss. For all input information, the activated frequency of each expert is balanced by the normal distribution loss.

4.1 Graph Router277

In typical MoE-LoRA literature, all experts co-278

ordinate solely depending on the simple linear279

router function. The weight assigned to each expert280

solely depends on the input information, with no ex-281

plicit collaboration or communication mechanisms282

among the experts. This may result in the over-283

training of only a few experts and under-training of284

others stemming from its simplistic router strategy.285

The inefficient collaboration of all experts exacer-286

bates the imbalance load problem of MoE in LLM287

fine-tuning.288

To enhance the collaboration of all experts, we289

propose a graph router to replace the simple router290

function. The graph router function in GMoE291

assigns weights to each expert in collaboration292

with other experts on the MoE graph. Specifi-293

cally, given the MoE graph G = (V,E). The294

node set V = {e1, e2, ...eN , x} consists of all ex-295

pert nodes and the input-token information node296

x (after the self-attention layer and normalized297

layer in traditional transformer block). The input298

node is connected to all the expert nodes to en-299

sure all experts can receive the input information300

equally. The edges between all expert nodes are301

randomly constructed and controlled by an edge302

density hype parameter β. For the input-token303

node x and its neighborhood expert nodes Ne(x)304

in the MoE graph, we initialize their features using305

the commonly adopted Glorot uniform initializa-306

tion. Subsequently, we use a graph neural network307

(GNN) to learn their interaction information, which308

not only implies the learning capability of each ex-309

pert to the input-token node but also captures the 310

collaboration information among all experts. 311

The feed-forward process in GMoE can be for- 312

mulated as: 313

h = Wx+∆Wx = Wx+
N∑
i=1

RGNN(x)iEi(x),

(3) 314

where x is the representation of input node x, Ei is 315

the ith expert network, and RGNN (·) is the graph 316

router function in MoE graph, defined as: 317

RGNN(x)i = R(F(GNN(ei, N(ei)))), (4) 318

where GNN(·) is a two-layer graph neural network 319

that learns the representation of expert node ei us- 320

ing information from its neighbors N(ei) that con- 321

tains other experts and input token node x. F(·) 322

is a projection function, and R(·) is the Softmax 323

function that assigns probability weights to all ex- 324

perts. 325

Then we use the Top-K experts in the feed- 326

forward process of the FFN layer, defined as: 327

h = Wx+

K∑
i=1

Top-Knorm(RGNN(x)iEi(x)),

(5) 328

where the experts with the largest top-k assigned 329

weights from Softmax function R are selected, and 330

then normalized their weights for summarizing in 331

feed-forward operation. 332
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The router in GMoE takes full advantage of the333

collaborative information aggregations by GNNs334

from other expert nodes. This alleviates the load335

unbalance and localized convergence tendencies336

caused by a small number of experts activated in337

the existing MoE studies (Shazeer et al., 2016).338

Except for introducing a collaboration mechanism339

of all experts, we use two coordination strategies,340

i.e., the Poisson distribution-based expert distinc-341

tion strategy and the normal distribution-based load342

balance strategy in GMoE, to further release the343

capacity of each expert and increase the model sta-344

bility.345

4.2 Expert Distinction Strategy346

The key aspect of the MoE framework lies in347

leveraging the unique capabilities of each expert348

to collaborate effectively, thereby achieving en-349

hanced overall performance. Hence, to elicit the350

distinct capabilities of different experts, we opti-351

mize the assigned weights by the graph router to352

approximate a Poisson distribution. Specifically,353

for the output vector of the graph router, denoted354

as or ∈ RN . Each dimension of or represents355

the assigned weight for each expert to deal with356

the input information. As the order of experts has357

no practical meaning, we sort values of each di-358

mension in the vector or in descending order to359

obtain a new vector vr ⇔ sort(or). The distri-360

bution of vr ∈ RN is optimized to approximate361

the Poisson distribution vector vpoisson(λ,i). The362

Kullback–Leibler (KL) divergence distance is used363

to calculate the loss function, defined as:364

vpoisson(λ,i) = Lnorm(
λi

i!
e−λ), (6)365

366

Loss-Poisson =

N∑
i

vpoisson(λ,i) log
vpoisson(λ,i)

vr
,

(7)367

where i = {1, 2..., N} and N is the number of368

experts. vpoisson(λ,i) is Poisson distribution vector369

with L1-normalization operation (i.e., Lnorm) and370

λ is the learning parameter.371

4.3 Load Balance Strategy372

Apart from the distinct capabilities of different373

experts, one important factor in MoE training is374

keeping the load balance of all experts. Otherwise,375

greater routing weights on a small number of ex-376

perts in the early stages of the fine-tuning process377

will result in a rapid localized optimization prob- 378

lem. In GMoE, we propose the Normal distribution- 379

based load balance strategy. Specifically, as only 380

Top-K experts are activated in dealing with input 381

information, we calculate the cumulative weights 382

of each expert to represent its activation frequency. 383

Then construct the activation frequency vector of 384

all experts by normalizing the cumulative weights, 385

denoted as va in the next feed-forward step. Our 386

aim is to make the activation frequency vector va 387

follow a natural normal distribution rather than the 388

absolute equality in existing MoE literature (Li 389

et al., 2024a; Zoph et al., 2022). Formally, the Nor- 390

mal distribution-based load balance loss function 391

can be defined as: 392

vnormal(µ,σ,i) = Lnorm(
1√
2πσ

exp(−(i− u)2

2σ2
)),

(8) 393394

Loss-Normal =
N∑
i

vnormal(µ,σ,i) log
vnormal(µ,σ,i)

va
,

(9) 395

where i = {1, 2..., N} and N is the number of 396

experts. vnormal(µ,σ,i) is the normalized vector 397

that follows the Normal distribution, µ = N
2 is the 398

mean of all samples, and σ is learning parameter 399

optimized in the fine-tuning process. 400

5 Experiments 401

5.1 Experimental Settings 402

Datasets. To evaluate the performance of our 403

framework, we use four representative public 404

datasets, including the question-answering task, 405

i.e., ARC-Challenge (Clark et al., 2018), Open- 406

BookQA (Mihaylov et al., 2018), SIQA (Sap et al., 407

2019), and task classification task in BoolQ (Clark 408

et al., 2019) dataset. These datasets cover the eval- 409

uations on different domains of LLMs, such as 410

factual knowledge from Wikipedia, natural science, 411

science facts, and social interactions. 412

Baseline Methods. To verify the effectiveness 413

of GMoE, we compare the performance of typical 414

PEFT MoE methods on three popular open-source 415

LLMs, i.e., Llama3-8B1, Qwen2-7B (Yang et al., 416

2024), and Yi-1.5-9B (Young et al., 2024). 417

LoRAMoE (Dou et al., 2023b). It is a representa- 418

tive dense MoE model. A localized balancing con- 419

1https://github.com/meta-llama/llama3
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Table 1: The comparisons of model Accuracy and Stability measured by standard deviation (Std). The smaller the
standard deviation, the greater the stability of the model. The underline represents the SOTA baseline method. The
best results on Accuracy and Stability are highlighted in bold. For Stability evaluation, the superior outcomes of our
approach compared with sparse MoE methods (excluding LoRAMoE) are emphasized in italics.

Accuracy Evalution (↑) Stability Evaluation (Std↓)
LLMs Method ARC-C BoolQ OBQA SIQA Avg. ARC-C BoolQ OBQA SIQA Avg.

Llama3

LoRAMoE 76.77 74.48 87.33 79.66 79.56 0.25 0.66 1.01 0.39 0.58
MING-MoE 77.28 72.95 86.47 79.48 79.05 0.91 0.91 1.42 0.31 0.89
MoLA 76.74 73.50 84.00 78.70 78.24 0.47 0.34 1.44 0.90 0.79
MixLoRA 77.36 75.43 87.20 79.53 79.88 0.52 0.99 1.13 0.15 0.70
GMoE 77.56 75.90 88.13 80.48 80.52 0.26 0.17 0.98 0.37 0.45

Qwen2

LoRAMoE 83.50 74.80 90.53 80.54 82.34 0.44 0.03 0.23 1.15 0.46
MING-MoE 83.99 74.21 91.00 80.67 82.47 1.51 0.62 2.00 1.12 1.31
MoLA 83.19 74.48 89.93 80.59 82.05 1.34 0.75 1.79 0.83 1.18
MixLoRA 84.41 74.77 90.00 80.31 82.37 0.69 0.90 0.69 1.90 1.04
GMoE 85.10 75.40 91.67 80.98 83.29 0.48 0.57 0.64 0.24 0.48

Yi-1.5

LoRAMoE 84.33 72.89 91.73 80.94 82.47 3.09 0.38 0.42 0.36 1.06
MING-MoE 84.58 73.32 90.07 81.56 82.38 0.61 0.58 0.50 0.39 0.52
MoLA 84.47 72.26 90.07 81.25 82.01 0.61 0.21 1.03 0.31 0.54
MixLoRA 84.36 73.32 91.80 81.89 82.84 1.75 0.39 0.40 0.31 0.71
GMoE 85.32 74.23 91.33 82.24 83.28 0.52 0.32 0.40 0.28 0.38

straint is used to alleviate the knowledge-forgetting420

problem in the model updating process.421

MING-MoE (Liao et al., 2024). It is a typical422

sparse MoE architecture without constant loss func-423

tions and designed for medical multi-task learning.424

MoLA (Gao et al., 2024). It is a recently pro-425

posed MoE-based PEFT model that applies dif-426

ferent numbers of experts in router functions in427

different layers. More experts are used at higher428

layers of the transformer block.429

MixLoRA (Li et al., 2024a). It is the SOTA430

method of PEFT in MoE literature. It adopts the431

MoE-LoRA architecture in the FFN layer of LLMs.432

To address the imbalance load problem, it uses an433

average auxiliary load balance loss.434

GMoE. Different from MixLoRA, we propose435

a novel graph router. It takes advantage of the436

collaboration of all experts learned by graph neural437

networks. Besides, two coordination strategies,438

i.e., the expert distinct strategy and load balance439

strategy, are proposed to enhance the capabilities440

of all experts.441

Parameter Settings. For each baseline method,442

a grid search is applied to find the optimal443

settings. These include learning rate from444

{0.1, 0.01, 0.001, 0.0001, 0.00001}, number of ex-445

perts from {4, 8, 12, 16}, rank of LoRA from446

{1, 2, 4, 8, 16}, Top-K experts from {1, 2, 3, 4, 5}.447

We report the results of each method with its opti- 448

mal hyperparameter settings on the validation data. 449

In our model, we adopt GCN as the graph neural 450

network (GNN). The number of aggregation layers 451

in GCN is 2, and the hidden dimension of GCN 452

layers is 256. The edge density β to construct the 453

MoE graph is 0.1. The α in Eq. 1 is 4 in the LoRA 454

component. The coefficients of the Poisson distri- 455

bution loss function and Normal distribution loss 456

function are set to 0.005 and 8 in the final loss func- 457

tion in LLM fine-tuning. The implementation code 458

will be available after the review process. 459

5.2 Main Results 460

We make comprehensive evaluations of different 461

MoE methods from both Accuracy and Stability 462

evaluations. We repeat each experiment under five 463

different random seeds, and report the mean value 464

of accuracy. The standard deviation of each model 465

is used to measure the stability of different models. 466

As shown in Table 1. The smaller the standard 467

deviation, the greater the stability of the model. We 468

can see that: 469

(1) The sparse MoE architecture with an auxil- 470

iary load balance loss in MixLoRA performs bet- 471

ter than both the sparse MoE (i.e., MING-MoE, 472

MoLA) and dense MoE methods (i.e., LoRAMoE) 473

in many cases, showing the importance of enhanc- 474

ing the coordination of experts. 475

(2) The performance of the methods varies 476

across different datasets. For example, for the eas- 477

ier task with higher model accuracy in the Open- 478
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(a) ARC-Challenge (b) BoolQ (c) OpenBookQA (d) SIQA

Figure 2: The model performance of degradation variants of GMoE on Qwen2-7B.

Expert number Top-K Rank of LoRA Edge density Initial edge
(a) ARC-Challenge Dataset

Expert number Top-K Rank of LoRA Edge density (%) Initial edge
(b) BoolQ Dataset

Figure 3: The hyper-parameters analysis in ARC-Challenge and BoolQ dataset based on Qwen2-7B.

BookQA dataset, the dense MoE method (i.e., Lo-479

RAMoE) performs better in Llama3 and Yi-1.5.480

This indicates that localized optimization of sparse481

MoE may reduce the model’s capability and lose482

its advantages in easy task learning.483

(3) GMoE achieves the best performance in most484

cases on four datasets, showing the effectiveness485

of the collaborations of multiple experts learned on486

the MoE graph.487

(4) Among sparse MoE methods (MING-MoE,488

MoLA, MixLoRA), GMoE exhibits the smallest489

standard deviation in most cases, achieving stabil-490

ity comparable to LoRAMoE, which is a dense491

MoE activating all experts for balance but with492

high computational costs.493

5.3 Ablation Studies494

We perform ablation studies to demonstrate the495

effectiveness of the graph router and the two co-496

ordination strategies used in GMoE. To verify the497

utility of each component, we individually remove498

the graph router, Poisson distinct loss (see in Eq. 7),499

and Normal balance loss (see in Eq. 9). The perfor-500

mance of the degraded variants, namely (-Graph),501

(-Normal), and (-Poisson), across four datasets is502

illustrated in Figure 2. We can see that all three 503

components make contributions to the model’s per- 504

formance. The degradation impact of removing 505

the graph router (-Graph) is most obvious in ARC- 506

Challenge and SIQA datasets in both model ac- 507

curacy and stability aspects, indicating the impor- 508

tance of using the MoE graph to enhance expert 509

collaborations. Moreover, the removal of the Pois- 510

son distribution loss (-Poisson) results in the most 511

pronounced decrease in model performance on the 512

BoolQ and OpenBookQA datasets, showing the 513

essential role of maintaining the distinct capability 514

of each expert. The normal distribution loss con- 515

tributes to keeping the load balance of all experts 516

and substantially improves the model performance. 517

5.4 Hyper-Parameter Analysis 518

The performance of GMoE is affected by many 519

hyper-parameters. We conduct analysis experi- 520

ments to show the effects of hyper-parameters and 521

present the results of ARC-Challenge and BoolQ 522

datasets on Qwen2-7B in Fig. 3. 523

The number of experts. The number of experts 524

varies from {4, 8, 12, 16, 32}. We can see that our 525

model achieves the best performance with 8 ex- 526
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(a) Llama3-8B (b) Qwen2-7B (c) Llama3-8B (d) Qwen2-7B

Figure 4: Efficiency comparisons across MoE methods. Illustrated with Trainable parameters and Throughput
(samples/second) on the x-axis and average accuracy across four datasets on the y-axis.

perts. The increase in the number of experts may527

potentially complicate the collaboration process of528

experts and enlarge the imbalance problem.529

Top-K experts. The number of experts activated530

by the router function with the Top-K largest as-531

signed weights. The K varies from {1, 2, 3, 4, 5}532

in our experiments. We find our model performs533

the best with K = 2.534

Rank of LoRA. The hyper-parameter rank r in535

LoRA controls the number of parameters that are536

updated in the fine-tuning process. The rank r537

varies from {1, 2, 4, 8, 16, 32}. Our model with538

r = 2 achieves the best model performance which539

is less than the rank r = 4 and r = 8 required in540

MixLoRA in two datasets.541

Edge density. The edge density controls the con-542

nection among expert nodes. The edge density is543

computed as the ratio of the number of edges in544

the MoE graph compared to the edges in the fully545

connected graph. The edge density β varies from546

{10%, 20%, 40%, 60%, 80%}. We find that with547

only 10% connected edges, the collaboration infor-548

mation shared among experts facilitates our model549

to achieve the best results.550

Initial edge connection. In our experiments, the551

edges between all expert nodes are randomly con-552

structed. To investigate whether the edge connec-553

tions among experts in the initial graph affect the554

model’s performance, we repeat experiments under555

the same edge density 10% with five random edge-556

connection settings. We can see that the initial557

connections among expert nodes have minimal in-558

fluence on the performance of our model. Initially,559

all expert nodes are considered equal to obtain the560

input information. As training progresses, each561

expert node is automatically assigned correspond-562

ing weights based on the learning tasks to achieve563

optimal allocation effects.564

5.4.1 Efficiency Analysis 565

As shown in Fig. 4, we quantify architectural effi- 566

ciency through the number of Trainable parame- 567

ters and Throughput (samples/second). Trainable 568

parameters can be used as a critical metric for mem- 569

ory and storage costs, and Throughput can serve as 570

a metric for computational speed that reflects the 571

data processing rate during inference stages. These 572

two metrics reflect the computational efficiency of 573

the training and inference stages of our method. We 574

can observe that our GMoE achieves the best model 575

performance with the least number of trainable pa- 576

rameters. This phenomenon is primarily attributed 577

to the much lower rank of LoRA required in our 578

framework. The effective expert cooperation mech- 579

anism in our graph router reduces the number of 580

parameters required by each expert, enabling our 581

method to achieve both effectiveness and efficiency. 582

In terms of model throughput, although our model 583

does not have the highest throughput, it is compara- 584

ble to other models while achieving the best model 585

performance. 586

5.5 Conclusion 587

We propose GMoE, a novel framework to address 588

the instability of LLMs caused by MoE load im- 589

balance. GMoE enhances expert collaboration 590

in parameter-efficient fine-tuning through effec- 591

tive information sharing on graph neural networks. 592

GMoE introduces a novel Poisson-based expert dis- 593

tinction strategy to promote expert specialization 594

while employing a normal-based load balance strat- 595

egy to regulate workload distribution. The com- 596

prehensive collaboration among our sparse graph 597

MoE architecture provides a solution to make trade- 598

offs among the model performance, stability, and 599

resource overhead. 600

8



5.6 Limitation601

We propose GMoE, a graph-based Mixture-of-602

Experts framework that addresses load imbalance603

and instability in LLM fine-tuning by enabling604

expert collaboration via a GNN-powered graph605

router. Despite its advancements, GMoE has sev-606

eral notable limitations: (1) due to computational607

resource constraints, the framework’s effectiveness608

and multi-expert balance mechanism have only609

been validated in downstream task fine-tuning for610

LLMs with under 10B parameters, leaving their ap-611

plicability to larger-scale pre-training settings (e.g.,612

100B+ parameters) untested; These gaps highlight613

opportunities for future research to scale GMoE to614

larger models, dynamic graph architectures, and615

expanded application domains.616
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Accuracy Evalution (↑) Stability Evaluation (Std↓)

Method (Qwen2-7B) ARC-C BoolQ ARC-C BoolQ

GMoE (Static Random) 85.10 75.40 0.48 0.57

Dynamic (Threshold τ = 0.15) 82.41(-2.69) 72.65(-2.75) 2.32 (+1.84) 2.71 (+2.14)
Periodic (Step=1000) 83.29(-1.81) 73.38(-2.02) 1.99 (+1.51) 2.33 (+1.76)
Periodic (Step=2000) 82.87(-2.23) 72.03(-3.37) 1.39 (+0.91) 1.90 (+1.33)

Table 2: Comparison between static and dynamic graph structures on Qwen2-7B. Performance is measured by
accuracy, and stability is represented by the standard deviation (Std.) of performance fluctuations across training
checkpoints. Values in parentheses denote the relative change compared to the static baseline.

A Analysis on Dynamic Graph Structures784

In this part, we provide a detailed discussion and785

experimental results regarding the potential of dy-786

namic graph structures in GMoE. While GMoE787

utilizes a static random sparse graph, a natural ex-788

tension is to consider an adaptive topology that789

evolves during the fine-tuning process.790

A.1 Experimental Setup791

To investigate the effectiveness of dynamic struc-792

tures, we implemented a threshold-based pruning793

strategy. Specifically, we monitor the average ag-794

gregation weights of edges across mini-batches795

learned by the GNN router. An edge is pruned796

if its cumulative average weight falls below a pre-797

defined threshold τ = 0.15. We evaluated two798

execution variants:799

• Periodic Pruning: Structural updates are per-800

formed at fixed training intervals (e.g., every801

1000 or 2000 steps).802

• Continuous Pruning: The topology is up-803

dated whenever an edge weight satisfies the804

pruning condition.805

Experiments were conducted on the Qwen2-7B806

model using the ARC-Challenge (ARC-C) and807

BoolQ datasets, consistent with our main exper-808

imental settings.809

A.2 Results and Discussion810

As shown in Table 2, the dynamic strategy consis-811

tently underperforms the static random baseline.812

We observe that whenever a structural change is813

enforced, the model suffers from significant perfor-814

mance fluctuations.815

The failure of dynamic structures can be at-816

tributed to optimization instability. In GMoE, the817

GNN router learns to coordinate experts based on818

the existing topology. Each structural modifica-819

tion disrupts this learned coordination, forcing the820

router to re-converge to the new connectivity pat- 821

tern. This leads to a unstable loss landscape where 822

the model fails to reach its optimal convergence 823

state within the fine-tuning period. Consequently, 824

these results reinforce our design choice of using a 825

static sparse random graph, which provides a stable 826

communication channel for expert collaboration 827

without the overhead and instability of dynamic 828

re-optimization. 829
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