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Abstract001

Traditional Mixture-of-Experts (MoE) networks002
benefit from utilizing multiple smaller expert003
models as opposed to a single large network.004
However, these experts typically operate inde-005
pendently, leaving a question open about whether006
interconnecting these models could enhance the007
performance of MoE networks. In response, we008
introduce GRAPHMOE, aiming at augmenting009
the cognitive depth of language models via a010
self-rethinking mechanism constructed on Pseudo011
Graph MoE networks. GRAPHMOE employs a012
recurrent routing strategy, allowing the model to it-013
eratively revisit and refine intermediate reasoning014
states. Simultaneously, by treating experts as inter-015
connected nodes in a pseudo-graph, it facilitates016
iterative information exchange among experts017
rather than treating them as isolated modules. We018
implement the GRAPHMOE architecture using019
Low-Rank Adaptation techniques (LoRA) and020
conduct extensive experiments on various bench-021
mark datasets. The experimental results reveal022
that GRAPHMOE outperforms other LoRA based023
models, achieving state-of-the-art performance.024

1 Introduction025

Large Language Models (LLMs), exemplified by the026

GPT series, have dramatically advanced the field of027

Natural Language Processing (NLP), demonstrating028

exceptional performance across a variety of tasks029

including commonsense reasoning (Yang et al., 2024),030

creative generation (Loakman et al., 2023), dialogue031

generation (Lv et al., 2024; Zhao et al., 2023, 2024b),032

and summarization (Goldsack et al., 2023; Zhao et al.,033

2024a). In recent years, there has been a growing034

interest in refining LLM architectures to deliver035

superior performance with reduced parameters and036

lower GPU memory consumption (Tang et al., 2023).037

A prominent strategy in this endeavor is the Mixture-038

of-Experts (MoE) architecture (Cai et al., 2024),039

which pre-trains multiple Feed-Forward Networks040

(FFNs) as specialized experts, activating a select few041

during inference. This strategy allows experts to042
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Figure 1: Comparison between LoRA+MoE and
GRAPHMOE architectures.

operate optimally within their domains of expertise, 043

often providing enhanced performance compared to 044

LLMs with a similar number of activated parameters. 045

Despite their effectiveness, existing MoE architec- 046

tures typically employ experts independently under 047

a linear routing strategy. Since individual experts are 048

optimized for distinct input distributions, such isolated 049

utilization may limit their collective problem-solving 050

potential. We argue that fostering collaboration among 051

experts, interconnected nodes in a graph, could further 052

enhance MoE reasoning capacity. Inspired by knowl- 053

edge aggregation mechanisms in pseudo-graphs (Tang 054

et al., 2023; Zequn Sun, 2020), we consider a routing 055

paradigm in which expert models are treated as graph 056

nodes that interact cyclically. We hypothesize that, 057

as graphical message passing among expert nodes 058

increases, MoE outputs can progressively narrow the 059

semantic gap with respect to human references. 060
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Based on this motivation, we introduce GRAPH-061

MOE (Graph Mixture of Experts), an MoE framework062

that enhances the cognitive capabilities of language063

models by integrating a self-rethinking mechanism064

into a pseudo-graph-structured expert network.065

GRAPHMOE emulates human-like iterative interac-066

tion by allowing the model to continuously revisit067

and refine its comprehension of input data through068

multiple reasoning cycles (Ding et al., 2019; Yan et al.,069

2023). This is accomplished by implementing a re-070

current routing strategy on a pseudo-graph formed by071

expert models. These models transmit their outputs as072

signals for selecting subsequent expert batches and as073

inputs encapsulating aggregated graph features from074

prior reasoning rounds—a mechanism we term the075

“self-rethinking mechanism”. Given the challenges076

inherent in pre-training a MoE LLM from scratch,077

we chose to implement the GRAPHMOE architecture078

utilizing Low-Rank Adaptation (LoRA) techniques.079

In Figure 1, we provide an illustration of080

GRAPHMOE(LoRA) and compare it with the081

conventional LoRA+MoE framework. In standard082

LoRA+MoE approaches, the features of activated083

expert models are integrated directly. This process084

renders other inactive expert models non-contributory085

to problem-solving, particularly when the model086

tends to consistently select a specific set of expert087

models, as evidenced by low workload balancing. In088

contrast, GRAPHMOE(LoRA) conceptualizes expert089

nodes as graph nodes, enabling message transmission090

across these interconnected nodes through graph091

activation over multiple reasoning rounds. This092

approach maintains the reduced memory usage093

characteristic of conventional LoRA+MoE models094

(with same activation number of expert models in095

each cycle) while increasing computational iterations.096

Experimental results demonstrate the effectiveness of097

GRAPHMOE, showing consistent improvements over098

LoRA-based baselines and achieving state-of-the-art099

performance across evaluated benchmarks.100

The main contributions of this work are as follows:101

• We introduce a self-rethinking mechanism that102

enables MoE models to iteratively revisit and103

refine intermediate representations, facilitating104

human-like iterative reasoning.105

• We present a pseudo-graph-based MoE architec-106

ture that models experts as interconnected nodes,107

enabling iterative information exchange across108

experts rather than treating them as independent109

modules.110

• Extensive experiments on a diverse range of 111

benchmarks have been conducted to validate the 112

effectiveness of GRAPHMOE, providing empir- 113

ical insights into expert collaboration in LLMs. 114

2 Related Work 115

The concept of Mixture of Experts (MoE) was first 116

introduced by Jacobs et al. (1991), who proposed 117

training multiple networks (experts) on different sub- 118

sets of data and aggregating their outputs. Recently, 119

as LLMs have become a focal point of research, MoE 120

layers have been integrated into Transformer-based 121

architectures. Specifically, researchers have replaced 122

standard Feed-Forward Networks (FFNs) with sparse 123

MoE layers, employing novel routing strategies (Zuo 124

et al., 2021; Zhong et al., 2024; Wu et al., 2024a; 125

Muqeeth et al., 2023; Fu et al., 2024) and advanced 126

expert segmentation techniques (Dai et al., 2024; He, 127

2024; Jiang et al., 2024; Xiao et al., 2024). 128

Numerous studies have investigated the application 129

of Parameter-Efficient Fine-Tuning (PEFT) methods 130

to introduce additional trainable parameters for 131

implementing pseudo MoE structures within LLMs 132

(Dou et al., 2024; Luo et al., 2024; Gao et al., 2024; Li 133

et al., 2024; Gou et al., 2023). These models expand 134

the conventional single feed-forward network (FFN) 135

architecture and its corresponding representation 136

space into multiple subspaces, thereby effectively 137

emulating the behavior of MoE architectures. 138

Prominent examples include MoLA (Gao et al., 139

2024), LoRAMoE (Dou et al., 2024), and MixLoRA 140

(Li et al., 2024), all of which have demonstrated 141

state-of-the-art performance compared to other 142

PEFT-based methods across various benchmarks. 143

Consequently, we integrate these three distinct LoRA 144

MoE methodologies into our GRAPHMOE frame- 145

work. The primary differences between these models 146

are as follows: LoRAMoE incorporates vanilla atten- 147

tion LoRA layers and MLP plugged with LoRA-MoE 148

layers; MoLA integrates plugged LoRA-MoE layers 149

in both attention and MLP layers; and MixLoRA 150

combines fused LoRA-MoE modules in attention and 151

MLP layers. Further analysis of these LoRA-MoE 152

implementations can be found in Li et al. (2024). 153

In this study, we augment MoE architectures by 154

enhancing their reasoning depth and demonstrate the 155

efficacy of our novel architecture when integrated 156

with PEFT-based LLM baselines. For a detailed 157

review of related works, including general PEFT, 158

Transformer architectures, and standard MoE, please 159

refer to the Appendix A. 160
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Figure 2: Overview of GRAPHMOE architecture. In this figure, the original Feed-Forward Network (FFN) layer in each
transformer block is modified.

3 Method161

We propose GRAPHMOE, a pseudo-graph-based162

MoE framework that connects experts as graph nodes163

to enable iterative information exchange, inspired by164

the modular reasoning patterns of the human brain.165

The overall approach includes three components:166

transforming existing LoRA-based MoE architectures,167

constructing a pseudo reasoning graph among experts,168

and training the model with a recurrent routing mecha-169

nism. As shown in Figure 2, the self-rethinking mech-170

anism operates within the GraphMoE Feed-Forward171

Network (FFN) layer, which replaces the original172

FFN layer found in standard transformer-based LLMs.173

While MixLoRA is used as the base example, the174

framework is compatible with MoLA and LoRAMoE.175

Across all variants, a unified self-rethinking module176

based on GRU enables reasoning across expert layers.177

3.1 MoE Transformation178

Incorporating multiple expert models into LoRA lay-179

ers, inspired by the work of Li et al. (2024) and Dou180

et al. (2024), the standard Feed-Forward Networks181

(FFNs) can be converted into MoE structures compris-182

ing n experts, denoted as {Ei}ni=1. As illustrated in183

the bottom-right corner of Figure 2, for the ℓ-th layer184

of the LLM (1≤ℓ≤L), we freeze the original FFN185

parameters and train three pairs of low-rank matrices186

for each expert: Aℓ
Downi ∈Rr×d1, Bℓ

Downi ∈Rd2×r,187

Aℓ
Gatei,B

ℓ
Gatei,A

ℓ
Upi

, andBℓ
Upi

. Here, i represents the188

i-th expert, and d1, d2 are the dimensions of the cor-189

responding weight matrices Wℓ
Downi∈R

d2×d1, with 190

other dimensions defined similarly. Each expert Ei(·) 191

is constructed as a fusion of the original FFN and train- 192

able low-rank matrices, as shown in Equations 1 and 193

2, where σ(·) denotes activation functions (e.g., SiLU, 194

ReLU), and⊙ denotes element-wise multiplication. 195

Eℓ
i (x)=W̃ℓ

Downi

(
σ(W̃ℓ

Gateix)⊙(W̃
ℓ
Upi

x)
)

(1) 196

197

W̃ℓ
Gatei=Wℓ

Gatei+Bℓ
Gatei ·A

ℓ
Gatei

W̃ℓ
Downi=Wℓ

Downi+Bℓ
Downi ·A

ℓ
Downi

W̃ℓ
Upi

=Wℓ
Upi

+Bℓ
Upi
·Aℓ

Upi

(2) 198

Additionally, we introduce a trainable linear layer 199

Rℓ ∈ Rn×d, referred to as the Router, where n 200

denotes the total number of experts, and d represents 201

the dimension of the hidden state. The Router 202

determines the importance of each expert during 203

forward propagation by computing a relevance score 204

for every expert. Based on the Router’s output, 205

we select the top k experts and normalize their 206

corresponding weights to ensure effective routing, 207

as described in Equations 3 and 4. In subsequent 208

experiments, unless stated otherwise, our setup 209

activates 2 out of 8 experts, thus setting k to 2. 210

ŝℓ=Softmax
(
Rℓ·x

)
(3) 211
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212

sℓ=Top-k
(
ŝℓ
)

=

{
ŝℓ[i], if ŝℓ[i] is in the top k,

0, otherwise.

(4)213

Finally, as shown in Equation 5, the output of the214

MoE module is computed as a weighted sum of the215

selected experts. This result replaces the original216

output of the vanilla FFN module.217

yℓ=MoE(x)=
n∑

i=1

sℓ[i]·Eℓ
i (x) (5)218

3.2 Pseudo Reasoning Graph Construction219

The development of the pseudo reasoning graph rep-220

resents a pivotal step in implementing our proposed221

self-rethinking mechanism, which is designed to222

enhance the internal consistency of LLMs (Liang223

et al., 2024). The pseudocode outlining the inference224

process of GRAPHMOE is detailed in Appendix B.225

For clarity and conciseness, the terms Gate, Up, and226

Down in the subscripts are abbreviated as G, U , and227

D, respectively.228

Initially, the pseudo graph is constructed as229

illustrated in the top right corner of Figure 2. Within230

this framework, expert models are represented as231

graph nodes, each functioning according to the232

procedure described in §3.1. A distinctive virtual233

node is simultaneously established alongside these234

expert model graph nodes. Unlike other nodes, the235

virtual node is characterized by a graph feature vector236

and a GRU module. This node serves as a recurrent237

router, acting as a conduit for expert node connectivity238

and a layer for forward feature aggregation.239

In contrast to conventional knowledge graphs, there240

is no prior knowledge that defines the edges between241

nodes. Instead, the edges connecting graph nodes242

are dynamically generated at each reasoning round,243

denoted as t, with the virtual node serving as the244

intermediary, as indicated by the black dashed arrows245

in Figure 2. This process facilitates the dynamical246

activation of temporal edges between nodes, enabling247

feature transformation across nodes and the newly248

created edges. Consequently, expert nodes at each249

reasoning round can communicate and collaborate250

to address the given task effectively.251

Therefore, the core of this method lies in imple-252

menting the functionality of the virtual node. In253

this work, we employ a Low-Rank GRU to serve as254

the virtual node. Specifically, we reduce the GRU’s255

hidden size to d ≪ d and incorporate a low-rank256

linear layer to compute its output gℓt . The virtual node 257

integrates features from previous reasoning round and 258

processes the expert results yℓ, subsequently selecting 259

k experts for the next round. 260

The reasoning (self-thinking) process involves a to- 261

tal of T rounds of MoE computations. The first round 262

is processed as described in Equations 1-5. After 263

obtaining the representation yℓ
t from the MoE, it is fed 264

into the Low-Rank GRU along with the hidden state 265

hℓ
t−1 from the previous timestep (here, “round” and 266

“timestep” are equivalent since there is only one step 267

per round). A residual connection is applied by adding 268

the result to the input of the previous round, xℓ
t, to 269

produce the input for the next round, xℓ
t+1. This itera- 270

tive process extracts meta-information for subsequent 271

reasoning rounds, as shown in Equations 6-7. 272

zℓt=σ
(
Wℓ

z ·
[
hℓ
t−1,y

ℓ
t

])
, Wℓ

z∈Rd×(d+d)

rℓt=σ
(
Wℓ

r ·
[
hℓ
t−1,y

ℓ
t

])
, Wℓ

r∈Rd×(d+d)

ĥℓ
t=σ

(
Wℓ

o·
[
rℓt⊙hℓ

t−1,y
ℓ
t

]
+bℓ

o

)
hℓ
t=

(
1−zℓt

)
⊙hℓ

t−1+zℓt⊙ĥℓ
t

(6) 273

gℓt=Wℓ
g ·hℓ

t, W
ℓ
g∈Rd×d

xℓ
t+1=xℓ

t+gℓt
(7) 274

In a nutshell, from a model architecture stand- 275

point, the GRU and the Router together form the 276

aforementioned “virtual node”. Specifically, the 277

GRU functions to aggregate information from 278

multiple experts Ei, whereas the Router is responsible 279

for determining which experts should receive the 280

integrated information for further inference, as 281

depicted in Figure 1 in Appendix A. 282

3.3 GRAPHMOE Training 283

Trainable Components. As shown in Figure 2, 284

the modules marked with a flame icon represent the 285

trainable components in GRAPHMOE. Specifically, 286

we need to train 3 ·L ·n pairs of low-rank adapters 287

applied to the MoE modules, as well as a single linear 288

layer serving as the Router. Additionally, in each 289

decoder layer, the Low-Rank GRU module requires 290

training 4 linear layers: Wℓ
z, Wℓ

r, W
ℓ
o, and Wℓ

g. 291

Inspired by Li et al. (2024), we also enhance the at- 292

tention module by adding 4 pairs of trainable low-rank 293

matrices to each decoder layer. These matrices are 294

applied to the attention components Qℓ
h, Kℓ

h, Vℓ
h ∈ 295

Rd× d
H , and Oℓ

h ∈R
d
H
×d, where h and H represent 296

the h-th attention head and the total number of heads, 297
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respectively. This enhances the adaptability of certain298

attention heads to specific tasks (Zheng et al., 2024).299

In summary, as shown in Table 1, GRAPHMOE300

training involves a total of (3n + 4) · L pairs of301

low-rank adapters and 4·L linear layers.

Component Attention Head MoE GRU Total

Low-rank adapters 4·L 3·L·n 0 (3n+4)·L
Linear layers 0 0 4·L 4·L

Table 1: Summary of components to be trained.

302

Loss Design. Similar to standard continual learn-303

ing (Wu et al., 2024c) and supervised fine-tuning (Patil304

and Gudivada, 2024), the primary objective during305

training is to minimize the cross-entropy lossLCE be-306

tween the predicted token logits and the target tokens.307

However, the Router is a unique and critical compo-308

nent of the MoE architecture, as it determines which309

experts are activated during inference. Prior research310

has shown that unconstrained Router training can lead311

to over-reliance on a few specific experts (Zoph et al.,312

2022; Fedus et al., 2022), resulting in poor load bal-313

ancing. Inspired by the work of Shen et al. (2024) and314

Muennighoff et al. (2024), we introduce a Load Bal-315

ancing LossLLB (as defined in Equation 8) as an aux-316

iliary objective. This loss penalizes the Router for dis-317

proportionately selecting the same experts across the318

sequence setM, which consists of several sequences319

and the corresponding next tokens to be predicted.320

LLB=n·
n∑

i=1

fi·pi,

where fi=
1

|M|
∑

(x,y)∈M

1{sx[i]>0},

pi=
1

|M|
∑

(x,y)∈M

sx[i]

(8)321

Setting a hyperparameter λ, the total loss can be322

expressed as follows:323

Ltotal=LCE+λ·LLB (9)324

4 Experiment325

4.1 Experimental Setup326

Datasets. We evaluate our method on a diverse327

range of benchmarks: ARC (Clark et al., 2018),328

OpenBookQA (Mihaylov et al., 2018), PIQA (Bisk329

et al., 2020), and SocialIQA (Sap et al., 2019) for QA330

tasks; BoolQ (Clark et al., 2019) for classification331

tasks; Hellaswag (Zellers et al., 2019) for science332

completion; and Winogrande (Sakaguchi et al., 2021) 333

for fill-in-the-blank tasks. 334

Baselines. We adopt LLaMA-3-8B as the backbone 335

for all models. To benchmark GRAPHMOE, we 336

compare it with standard LoRA (Hu et al., 2021a) and 337

three recent state-of-the-art LoRA+MoE methods: 338

MoLA (Gao et al., 2024), LoRAMoE (Dou et al., 339

2024), and MixLoRA (Li et al., 2024). As Weight- 340

Decomposed LoRA (DoRA) (Liu et al., 2024) has 341

shown to improve LoRA’s performance, we also 342

implement DoRA-enhanced variants of each baseline. 343

Evaluation Metrics. We evaluate all methods using 344

accuracy across all datasets. For Multiple-Choice QA 345

tasks, we adopt the first-token evaluation strategy, 346

which measures the probability of each option letter 347

(Yu et al., 2024). To analyze expert utilization, 348

we track the selection frequency of each expert 349

during inference and compute their selection ratios. 350

Additionally, we report several indicators: GRU 351

hidden size scale (d/d), parameter ratio (Param), and 352

normalized inference time (Infer Time). GRU hidden 353

size scale is defined as the ratio of GRU hidden size 354

to model dimension; Param denotes the proportion 355

of trainable parameters; Infer Time is normalized by 356

dividing each model’s inference time by the minimum 357

across all models. 358

Implementation Details. All methods use LLaMA-3- 359

8B1 as the backbone. Training settings follow Li et al. 360

(2024). The key hyperparameters for all methods are 361

as follows: the cutoff length is set to 512, the learning 362

rate is 2e-4, and the optimizer used is AdamW. We 363

use a batch size of 16 with 8 accumulation steps, and 364

the dropout rate is 0.05. Training is conducted for 2 365

epochs. For LoRA and DoRA methods, the rank r 366

is set to 80, and the LoRA alpha α is set to 160. For 367

MixLoRA, MixDoRA and GRAPHMOE, the LoRA 368

rank and α is set to 16 and 32, respectively. Each 369

MoE layer consists of 8 experts, with top-2 experts 370

activated during inference. For GRAPHMOE, (1) 371

reasoning round T=3 (the first round disables GRU- 372

based feature transmission); (2) a 1-layer GRU with 373

a hidden size scaled to 0.1×4096; (3) a load-balance 374

loss weight λ=0.01. All experiments are conducted 375

on a single A800 GPU using BF16 precision2. 376

4.2 Experimental Result 377

Effect of GRAPHMOE. As shown in Table 2, 378

integrating GRAPHMOE, a pseudo graph-based 379

1https://huggingface.co/meta-llama/Meta-Llama-3-8B-
Instruct

2Additional implementation details are provided in
Appendix C
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Method ARC-E ARC-C BoolQ OBQA PIQA SIQA HellaS WinoG AVG.

MoLA 86.4 77.9 74.0 84.4 86.7 76.4 93.9 83.3 82.9
GRAPHMOE (MoLA) 89.7 81.0 75.8 87.6 87.8 79.7 95.5 83.2 85.0
∆ 3.3 3.1 1.8 3.2 1.1 3.3 1.6 -0.1 2.1

LoRAMoE 87.8 79.5 72.4 85.0 87.1 74.8 94.8 83.4 83.1
GRAPHMOE (LoRAMoE) 87.7 79.9 75.9 88.8 87.8 79.4 94.8 83.4 84.7
∆ -0.1 0.4 3.5 3.8 0.7 4.6 0.0 0.0 1.6

MixLoRA 86.9 77.0 74.0 84.4 86.0 75.5 93.7 83.3 82.6
GRAPHMOE (MixLoRA) 89.2 80.9 75.8 89.6 87.8 77.0 95.4 83.2 84.9
∆ 2.3 3.9 1.8 5.2 1.8 1.5 1.7 -0.1 2.3

Table 2: Comparison of the performance between baseline LoRA+MoE models and GRAPHMOE (LoRA+MoE) models.
GRAPHMOE (·) indicates that the conventional MoE module in the baseline has been substituted with the self-rethinking
mechanism proposed in § 3.2. Scores highlighted in bold denote superior performance for each respective method. Green
and red indicate increase and decrease in performance following the application of GRAPHMOE respectively.

Method Param ARC-E ARC-C BoolQ OBQA PIQA SIQA HellaS WinoG AVG.

Base (ICL-3) 0% 90.6 76.7 45.9 73.8 61.6 71.5 64.1 59.2 65.6
Base (ICL-3, Self-cons-5) 0% 91.1 79.4 50.2 73.7 57.0 70.3 66.9 62.1 66.3
Base (ICL-3, Self-cons-10) 0% 91.6 78.1 42.8 75.3 59.8 71.3 69.9 61.4 66.2
Base (ICL-3, Self-cons-15) 0% 91.9 78.0 45.6 72.0 67.9 71.7 63.3 63.2 66.4

LoRA* 2.6% 89.0 75.7 67.2 85.0 80.7 78.3 74.2 75.3 78.2
DoRA* 2.6% 88.1 76.4 61.7 80.6 82.3 76.2 78.8 83.7 78.5
MixLoRA* 3.0% 86.5 79.9 75.0 84.8 87.6 78.8 93.3 82.1 83.5
MixDoRA* 3.0% 87.7 78.9 76.8 86.9 83.4 80.1 94.6 84.2 84.1

LoRA 2.6% 86.2 76.7 70.2 78.2 82.9 74.2 80.1 50.7 74.9
DoRA 2.6% 87.6 76.8 69.3 80.8 84.2 76.8 85.3 50.4 76.4
MoLA 2.7% 86.4 77.9 74.0 84.4 86.7 76.4 93.9 83.3 82.9
MoDA 2.7% 86.4 78.0 74.0 84.8 87.4 76.4 95.5 84.1 83.3
LoRAMoE 3.2% 87.8 79.5 72.4 85.0 87.1 74.8 94.8 83.4 83.1
DoRAMoE 3.2% 87.9 80.1 74.6 85.8 86.3 74.5 94.0 83.1 83.3
MixLoRA 3.0% 86.9 77.0 74.0 84.4 86.0 75.5 93.7 83.3 82.6
MixDoRA 3.0% 86.7 76.7 75.5 84.8 85.2 76.9 93.0 83.1 82.7

GRAPHMOE (MixLoRA) 5.9% 89.2 80.9 75.8 89.6 87.8 77.0 95.4 83.2 84.9
GRAPHMOE (MixDoRA) 5.9% 90.3 80.6 75.9 88.2 88.8 79.4 95.3 83.7 85.3

Table 3: Performance of LoRA-based SFT methods across benchmarks. ICL-n” indicates n in-context examples;
Self-cons-5” denotes 5 samples for self-consistency. Param” is the number of trainable parameters. Results marked with *
are from Li et al. (2024) and use full precision (FP32); all others use BF16. DoRA-based variants are denoted by replacing
L” with “D” in model names.

MoE with recurrent routing, consistently improves380

performance over all SOTA LoRA+MoE baselines.381

This demonstrates GRAPHMOE’s ability to enhance382

expert collaboration by simply replacing the original383

MoE module, enabling more effective feature384

exchange among experts. Performance gains vary385

across base models due to differences in how LoRA386

and MoE are combined. As noted by Li et al. (2024),387

MoLA and LoRAMoE use a “plugged-in” design,388

injecting LoRA modules into attention or MLP389

outputs, while MixLoRA adopts a “fused” strategy390

that embeds LoRA experts directly into the network391

layers—yielding stronger integration and performance392

boost when enhanced by GRAPHMOE. Across all393

tasks, GRAPHMOE consistently improves or at least394

maintains accuracy. Notably, on SocialIQA, applying395

GRAPHMOE to LoRAMoE improves accuracy from 396

74.8 to 79.4 (+4.6, over 6%). These observations 397

underscores the effectiveness of the GRAPHMOE 398

approach within this architectural framework. 399

Main Comparison Results. The experimental 400

results are presented in Table 3. We compare the 401

performance of four base models (LLaMA-3-8B) 402

incorporating in-context learning (ICL-n) (Dong et al., 403

2024) and self-consistency (Self-cons-n) (Wang et al., 404

2023). While increasing the number of samples for 405

self-consistency to 5, 10, and 15 shows minimal vari- 406

ation in performance (scores of 66.3, 66.2, and 66.4, 407

respectively), these models still fall short compared 408

to those using LoRA-based SFT methods. Due to 409

computational constraints, we use BF16 precision 410

for training and inference. However, we include full 411
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Figure 3: Normalized expert workloads across routing steps. Red and blue dashed lines mark the max and min workloads;
green indicates the average. The workload std is 0.0313 for MixLoRA and 0.0215 for GRAPHMOE.

（a）Accuracy vs. Reasoning Round （b）Accuracy vs. GRU hidden size scaling factor （c）Infer. Time Latency vs. Reasoning Round

Figure 4: Sensitivity analysis of GRAPHMOE hyperparameters. Subfigure (c) shows how inference time scales with
reasoning round (T ), where the first round’s time is set as the unit. “Infer. Time” denotes the relative time per round.

precision MixLoRA results for comparison. Despite412

a significant performance drop in all models when413

using reduced precision, our GRAPHMOE models414

with MixLoRA and MixDoRA still outperform full415

precision models, demonstrating the efficacy of our416

architecture. Moreover, MixLoRA does not represent417

the optimal base model with the LoRA+MoE frame-418

work, as MoLA and LoRAMoE have better accuracy419

scores. This indicates that the performance gains420

achieved by GRAPHMOE surpass those of existing421

methodologies applied within the LoRA+MoE422

framework. The self-rethinking mechanism enhances423

the MoE approach, evident in both LoRA and424

DoRA settings. This suggests that the improvements425

carried by the PRG are not merely a result of simple426

adjustments on additional trainable parameters, but427

rather arise from the effective collaboration among428

diverse expert models facilitated by our approach.429

Analysis of Workload Balance. The main difference430

between MixLoRA and GRAPHMOE (MixLoRA)431

is the self-rethinking mechanism enabled by the re-432

current router. We analyze the impact of expert model433

selection at each routing stage. Figure 3 compares 434

the workload distribution across expert models in 435

MixLoRA and GRAPHMOE (MixLoRA) for various 436

tasks. Results show that GRAPHMOE achieves more 437

balanced expert selection, with standard deviations of 438

0.0313 for MixLoRA and 0.0249 for GRAPHMOE 439

(MixLoRA), a 20% reduction. This indicates that the 440

reasoning process in GRAPHMOE activates a broader 441

range of experts, enhancing MoE’s representation 442

learning. In each reasoning step, a distinct set of 443

expert models is more likely to be activated to incre- 444

mentally construct the representations within the MoE. 445

This approach allows more expert models to operate 446

in their optimal conditions, sequentially addressing 447

complex problems. It is as if a chain-of-thoughts 448

(CoT) is implicitly formed, using different expert 449

models to fit features at different stages. 450

Sensitivity Analysis and Overhead. We further 451

conduct sensitivity analysis on ARC-E and ARC-C to 452

provide insights into the efficacy of our self-rethinking 453

mechanism. In subfigure (a) of Figure 4, increasing 454

the Reasoning Round T improves accuracy for both 455

7



Method Param ARC-E ARC-C BoolQ OBQA PIQA SIQA HellaS WinoG AVG

LoRA 1.9% 87.5 78.9 69.8 84.4 84.4 77.1 88.4 49.1 77.5
LoRA 2.6% 86.2 76.7 70.2 78.2 82.9 74.2 80.1 50.7 74.9
LoRA 5.9% 84.7 78.6 63.6 82.2 82.1 32.9 84.1 50.4 69.8
LoRA 7.9% 83.9 73.1 62.2 84.4 82.5 74.6 92.7 49.5 75.4
LoRA 9.9% 85.9 73.3 70.0 82.0 85.7 32.1 89.1 49.6 71.0

MixLoRA 3.0% 86.9 77.0 74.0 84.4 86.0 75.5 93.7 83.3 82.6
MixLoRA 6.0% 87.3 79.0 74.9 88.4 88.1 76.7 93.6 82.5 83.8
MixLoRA 9.0% 86.7 77.0 71.7 86.2 80.5 74.0 89.5 80.4 80.8

GRAPHMOE 5.9% 89.2 80.9 75.8 89.6 87.8 77.0 95.4 83.2 84.9

Table 4: Performance Comparison of Parameter Variants. In the table, GRAPHMOE refers to the GRAPHMOE (MixLoRA)
model.

Method Param ARC-E ARC-C BoolQ OBQA PIQA SIQA HellaS WinoG AVG

MixLoRA† 6.0% 87.4 79.2 73.9 85.2 85.3 72.9 95.0 80.4 82.4
MixLoRA 6.0% 87.3 79.0 74.9 88.4 88.1 76.7 93.6 82.5 83.8
∆ - -0.1 -0.2 1 3.2 2.8 3.8 -1.4 2.1 1.4

GRAPHMOE† 5.9% 88.1 79.0 74.1 87.8 85.6 74.3 93.2 85.1 83.4
GRAPHMOE 5.9% 89.2 80.9 75.8 89.6 87.8 77.0 95.4 83.2 84.9
∆ - 1.1 1.9 1.7 1.8 2.2 2.7 2.2 -1.9 1.5

Table 5: Performance Comparison of GRAPHMOE (MixLoRA) with different activated experts. GRAPHMOE† indicates
the GRAPHMOE (MixLoRA) variant with 4 out of 8 experts activated, whereas the other LoRA MoE models in above
experiments have 2 out of 8 experts activated.

tasks, demonstrating the self-rethinking mechanism’s456

effectiveness in enhancing MoE. However, accuracy457

drops significantly beyond a certain threshold (T=4458

for ARC-E and T=3 for ARC-C), likely due to over-459

fitting from "overthinking" the problem. Subfigure (b)460

of Figure 4 further illustrates that increasing the GRU461

hidden size does not always improve performance,462

highlighting the importance of the self-rethinking463

mechanism over the added GRU parameters. Finally,464

subfigure (c) shows that, compared to conventional465

LoRA+MoE models (MixLoRA), which employ466

a single reasoning round, the increase in inference467

time for GRAPHMOE is only approximately 0.16468

times for each additional reasoning round. These469

findings shows the promising impact GRAPHMOE on470

enhancing MoE’s cognitive depth while maintaining471

acceptable computational overhead.472

Analysis of PEFT Parameters. We analyze the473

effect of the parameter size on model performance.474

From Table 4, GRAPHMOE (MixLoRA) gains475

the best overall performance, which uses 5.9%476

of parameters yet achieves the highest average477

score of 84.9. In addition, it can be observed that478

simply increasing parameter size does not lead to479

proportional improvements in SFT performance. For480

instance, MixLoRA with 3.0% of parameters achieves481

the best average score of 82.6%, while increasing the482

parameter size to 9.0% causes fluctuations below that483

score. Similarly, in Figure 4(b), performance does not 484

improve as the GRU hidden size increases. 485

Analysis of Active Expert Number. To further 486

investigate MoE utilization, we tested the effect of 487

activating additional experts in the MoE layers, as 488

shown in Table 5. Surprisingly, increasing the number 489

of active experts led to a performance decline. This 490

highlights that simply adding parameters does not 491

guarantee better reasoning performance. Instead, 492

the effectiveness of the neural architectural, as 493

demonstrated in Table 4, is a more critical factor. 494

5 Conclusion 495

In this work, we introduce GRAPHMOE, a novel ap- 496

proach that enhances the cognitive depth of language 497

models through the integration of a self-rethinking 498

mechanism in pseudo-graph Mixture-of-Experts 499

(MoE) networks. Unlike traditional MoE models 500

that operate independently, GRAPHMOE facilitates 501

communication among expert nodes, allowing for 502

iterative refinement and enhanced reasoning capa- 503

bilities. Implemented using Low-Rank Adaptation 504

techniques (LoRA), GRAPHMOE demonstrates 505

significant performance improvements across various 506

benchmark datasets, outperforming existing LoRA 507

& LoRA+MoE baseline models and achieving 508

state-of-the-art results. 509
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Limitations510

Despite the notable performance improvements511

achieved by the GRAPHMOE framework, there are512

several limitations to be acknowledged.513

• While the GRAPHMOE architecture con-514

sistently leads to performance gains across515

diverse tasks and base models, the degree of516

improvement is variable and can depend on517

the interaction between the MoE and LoRA518

components. This variability underscores the519

need for comprehensive exploration into the520

integration modalities and parameter space to521

ensure maximum efficiency across different522

LoRA+MoE configurations.523

• The workload distribution analysis indicates a524

marked improvement in workload balance with525

GRAPHMOE. However, the potential impact of526

workload imbalance on model performance over527

a broader range of tasks remains underexplored.528

Further investigation into balancing expert529

model selection and activation across diverse530

scenarios could unveil additional pathways for531

performance optimization.532

• The sensitivity analysis indicated potential533

overfitting issues when increasing the reasoning534

rounds beyond a particular threshold, revealing535

the necessity for careful hyperparameter tuning536

to mitigate issues of over-complexity and model537

overthinking.538

In summary, while the GRAPHMOE framework539

shows promise in enhancing cognitive depth and540

performance of MoE architectures, future research541

should address computational precision limits,542

explore broader integration strategies, and focus on543

hyperparameter optimization to further refine and544

substantiate these initial findings.545
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performance often suffers from limited generaliza- 825

tion and effectiveness in domain-specific applications. 826

To address this, numerous studies have proposed 827

Parameter-Efficient Fine-Tuning (PEFT) methods, 828
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which optimize only a small subset of LLM parame-829

ters, significantly reducing computational overhead.830

One of the most popular PEFT methods is Low-831

Rank Adaptation (LoRA) (Hu et al., 2021b), which832

introduces two low-rank matrices to each weight833

matrix W in LLMs. The product of these matrices834

represents the weight adjustment ∆W. Building835

upon LoRA, subsequent works have introduced more836

efficient variants, such as VeRa (Kopiczko et al.,837

2023), AdaLoRA (Zhang et al., 2023), DoRA (Liu838

et al., 2024), and MoSLoRA (Wu et al., 2024b). These839

methods aim to better capture task-specific features840

and integrate diverse feature subspaces effectively.841

A.2 Transformer & Recurrent Models842

The self-attention mechanism, as a fundamental algo-843

rithm within Transformers (Vaswani, 2017), facilitates844

parallel sequence processing and enhances model845

capacity through increased width. However, it lacks846

the temporal reasoning capabilities inherent in recur-847

rent architectures, which contribute to model depth,848

such as Long Short-Term Memory (LSTM) networks849

(Hochreiter, 1997) and Gated Recurrent Units (GRUs)850

(Chung et al., 2014). To address this limitation, recent851

research has investigated integrating Transformer ar-852

chitectures with recurrent structures (Peng et al., 2023;853

Pramanik et al., 2023; Zhang et al., 2024; Tang, 2024).854

These efforts aim to blend recurrent neural network855

capabilities with the ability to capture long-distance856

dependencies. In this study, we likewise endeavor to857

incorporate a recurrent mechanism to model multiple858

expert systems. However, rather than focusing on859

capturing long-distance dependencies, our primary860

objective is to emulate the stepwise cognitive pro-861

cesses characteristic of human cognition. To achieve862

this, we employ GRUs to augment reasoning depth863

by aggregating hidden representations from attention864

features at each stage of the recurrent routing process.865

This integration is designed to enhance the model’s866

proficiency in apprehending complex dependencies867

and thereby improve its overall reasoning capabilities.868

A.3 Mixture of Experts (MoE)869

The concept of Mixture of Experts (MoE) was first870

introduced by Jacobs et al. (1991), who proposed871

training multiple networks (experts) on different sub-872

sets of data and aggregating their outputs. Recently,873

as LLMs have become a focal point of research, MoE874

layers have been integrated into Transformer-based875

architectures. Specifically, researchers have replaced876

standard Feed-Forward Networks (FFNs) with sparse877

MoE layers, employing novel routing strategies (Zuo878

et al., 2021; Zhong et al., 2024; Wu et al., 2024a; 879

Muqeeth et al., 2023; Fu et al., 2024) and advanced 880

expert segmentation techniques (Dai et al., 2024; He, 881

2024; Jiang et al., 2024; Xiao et al., 2024). 882

Numerous studies have investigated the application 883

of Parameter-Efficient Fine-Tuning (PEFT) methods 884

to introduce additional trainable parameters for 885

implementing pseudo MoE structures within LLMs 886

(Dou et al., 2024; Luo et al., 2024; Gao et al., 2024; Li 887

et al., 2024; Gou et al., 2023). These models expand 888

the conventional single feed-forward network (FFN) 889

architecture and its corresponding representation 890

space into multiple subspaces, thereby effectively 891

emulating the behavior of MoE architectures. 892

Prominent examples include MoLA (Gao et al., 893

2024), LoRAMoE (Dou et al., 2024), and MixLoRA 894

(Li et al., 2024), all of which have demonstrated 895

state-of-the-art performance compared to other 896

PEFT-based methods across various benchmarks. 897

Consequently, we integrate these three distinct LoRA 898

MoE methodologies into our GRAPHMOE frame- 899

work. The primary differences between these models 900

are as follows: LoRAMoE incorporates vanilla atten- 901

tion LoRA layers and MLP plugged with LoRA-MoE 902

layers; MoLA integrates plugged LoRA-MoE layers 903

in both attention and MLP layers; and MixLoRA 904

combines fused LoRA-MoE modules in attention and 905

MLP layers. Further analysis of these LoRA-MoE 906

implementations can be found in Li et al. (2024). 907

In this study, we augment MoE architectures by 908

enhancing their reasoning depth and demonstrate the 909

efficacy of our novel architecture when integrated 910

with PEFT-based LLM baselines. 911

B Pseudo Reasoning 912

Graph Construction Algorithm 913

To enhance clarity in illustrating the long processing 914

pipeline, we summarize the entire methodology in 915

Algorithm 1. The process involves T reasoning iter- 916

ations, referred to as self-rethinking. Initially, features 917

from the FFN layer of transformer blocks are derived 918

via a LoRA MoE forward pass. Subsequently, these 919

features are transmitted to the subsequent Low-Rank 920

GRU module, which computes both the residual 921

connection within the pseudo graph and the merged 922

feature for the input of the succeeding iteration. 923

C Additional Implementation Details 924

Our hyperparameters strictly follow the configurations 925

detailed in (Li et al., 2024) including the LoRA and 926

DoRA methods and their three MoE derivatives, e.g. 927
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Algorithm 1: GRAPHMOE at Layer ℓ

Input: xℓ
1: (B,P,D) after the Post-Norm.

Output: yℓ
T : (B,P,D) the hidden states.

1 /* B for Batch Num, P for Seq Len, D for Dim */
2 /* D′ for Upper Dim, D for GRU Hidden Dim */
3 for t←1 to T do
4 /* MoE Forward */
5 s̃ℓt: (B,P,N)← Softmax

(
Rℓ∗xℓ

t

)
;

6 sℓt: (B,P,N)← Top-k
(̃
sℓ1
)
;

7 for i in {selected experts E} do
8 W̃ℓ

Gi
: (D′,D)←Wℓ

Gi
+Bℓ

Gi
∗Aℓ

Gi
;

9 Similarly, we can get W̃ℓ
Ui

and W̃ℓ
Di

;
10 ĉG

i : (B,P,D′)← W̃ℓ
Gi
∗xℓ

t;
11 ĉU

i : (B,P,D′)← W̃ℓ
Ui
∗xℓ

t;
12 ĉi: (B,P,D′)← σ

(
ĉG
i

)
⊙ĉU

i ;
13 ci: (B,P,D)← W̃ℓ

Di
∗ĉi;

14 yℓ
t: (B,P,D)← yℓ

t+sℓt[:,i]⊙ci;
15 /* Low-Rank GRU */
16 if t≠T then
17 zℓt: (B,P,D)← σ

(
Wℓ

z∗
[
hℓ
t−1,y

ℓ
t

])
;

18 rℓt: (B,P,D)← σ
(
Wℓ

r∗
[
hℓ
t−1,y

ℓ
t

])
;

19 ĥℓ
t: (B,P,D+D)←

[
rℓt⊙hℓ

t−1,x
ℓ
t

]
;

20 hℓ
t: (B,P,D)← σ

(
Wℓ

o∗ĥℓ
t+bℓ

o

)
;

21 hℓ
t ←

(
1−zℓt

)
⊙hℓ

t−1+zℓt⊙hℓ
t;

22 gℓt: (B,P,D)←Wℓ
g ·hℓ

t;
23 /* Residual Connection */
24 xℓ

t+1: (B,P,D)← xℓ
t+gℓt

25 return yℓ
T : (B,P,D);

MixLoRA or MixDoRA. We summarize the settings928

for LoRA/DoRA and their derivatives of MoE-based929

methods, as shown in Table 6. During evaluation, the930

batch size is set to 8.931

Both techniques utilized a cutoff length of 512,932

a learning rate of 2e− 4, the AdamW optimizer, a933

batch size of 16, accumulation steps of 8, a dropout934

rate of 0.05, and were trained over 2 epochs. In935

LoRA/DoRA, the methods were applied to the Q, K,936

V, O, Up, Down, and Gate parameters with a LoRA937

rank r of 80 and a LoRA alpha α of 160. Conversely,938

MixLoRA/MixDoRA targeted the same parameters939

with a LoRA rank r of 16 and a LoRA alpha α of940

32, incorporating 8 experts with a Top-k value of 2.941

The experiments described in this paper required942

a single A800 GPU for at least one month. Including943

debugging and downtime, the entire process extended944

to around two months. The base model, LLaMA-8B,945

Setting LoRA/DoRA MixLoRA/MixDoRA GRAPHMOE

Cutoff Length 512
Learning Rate 2e-4

Optimizer AdamW
Batch Size 16

Accumulation Steps 8
Dropout Rate 0.05

Training Epochs 2

LoRA Rank (r) 80 16
LoRA Alpha (α) 160 32
Expert Number - 8

Top-k - 2

Targeted Parameters
Qℓ

h, Kℓ
h, Vℓ

h, Oℓ
h,

Wℓ
Gatei, W

ℓ
Upi

, Wℓ
Downi

Qℓ
h, Kℓ

h, Vℓ
h, Oℓ

h,
Wℓ

Gatei, W
ℓ
Upi

, Wℓ
Downi,

Wℓ
z, Wℓ

r, W
ℓ
o, W

ℓ
g

Table 6: Training Settings for baselines and GRAPHMOE.

was obtained from the Huggingface repository 946

“meta-llama/Meta-Llama-3-8B-Instruct”3. 947

For experiments utilizing the GRAPHMOE frame- 948

work, the key hyperparameters were configured as 949

follows: (1) The number of GRU gate iterations within 950

the recurrent routing—referred to as the reasoning (or 951

self-rethinking) round T—was set to a default of 3. In 952

the initial round, expert outputs are obtained without 953

feature transmission via the GRU gate. (2) The GRU 954

network consists of a single layer. (3) The GRU 955

hidden size was scaled to 0.1×40964, where 4096 956

corresponds to the model dimension of LLaMA-3-8B. 957

(4) The hyperparameter λ for the auxiliary load bal- 958

ancing lossLLB was set to 0.01. (5) Unless otherwise 959

specified, the MoE architecture employed a total of 8 960

experts per module, with 2 experts activated per pass. 961

We address several key questions regarding our 962

implementation and design choices in the following 963

discussion: 964

• What is the value of k in the top-k selection? 965

How is it selected? Currently, k is treated as 966

a hyperparameter, with two main considerations. 967

First, aligning with other MoE architectures, the 968

number of selected experts typically maintains 969

fixed and sparse, with 2 out of 8 being a common 970

configuration. Second, our framework facilitates 971

expert collaboration, so the top k is not a critical 972

parameter for fully leveraging expert potential. 973

• Is the top-k selection in the routing operation 974

(Equation 4) not differentiable? Regarding the 975

differentiability issue of the top-k in Equation 4, 976

it is important to note that while the top-k 977

operation itself is non-differentiable, it does not 978

directly impact the gradient calculations. Rather, 979

3https://huggingface.co/meta-llama/
Meta-Llama-3-8B-Instruct

4The actual hidden size is rounded to the nearest integer using
the Python function “int()”.
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the fixed number of experts chosen through the980

top-k operation contribute to the subsequent981

gradient computations.982

• Are some experts learning to do the initial983

processing, while others more frequently do984

the later processing? In this study, the MoE985

is applied within each transformer block, so986

the experts do not possess specific physical987

significance. Therefore, we have not conducted988

an analysis of individual expert usage patterns989

or preferences within the reasoning process.990
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