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Abstract

Traditional Mixture-of-Experts (MoE) networks
benefit from utilizing multiple smaller expert
models as opposed to a single large network.
However, these experts typically operate inde-
pendently, leaving a question open about whether
interconnecting these models could enhance the
performance of MoE networks. In response, we
introduce GRAPHMOE, aiming at augmenting
the cognitive depth of language models via a
self-rethinking mechanism constructed on Pseudo
Graph MoE networks. GRAPHMOE employs a
recurrent routing strategy, allowing the model to it-
eratively revisit and refine intermediate reasoning
states. Simultaneously, by treating experts as inter-
connected nodes in a pseudo-graph, it facilitates
iterative information exchange among experts
rather than treating them as isolated modules. We
implement the GRAPHMOE architecture using
Low-Rank Adaptation techniques (LoRA) and
conduct extensive experiments on various bench-
mark datasets. The experimental results reveal
that GRAPHMOE outperforms other LoRA based
models, achieving state-of-the-art performance.

1 Introduction

Large Language Models (LLMs), exemplified by the
GPT series, have dramatically advanced the field of
Natural Language Processing (NLP), demonstrating
exceptional performance across a variety of tasks
including commonsense reasoning (Yang et al., 2024),
creative generation (Loakman et al., 2023), dialogue
generation (Lv et al., 2024; Zhao et al., 2023, 2024b),
and summarization (Goldsack et al., 2023; Zhao et al.,
2024a). In recent years, there has been a growing
interest in refining LLM architectures to deliver
superior performance with reduced parameters and
lower GPU memory consumption (Tang et al., 2023).
A prominent strategy in this endeavor is the Mixture-
of-Experts (MoE) architecture (Cai et al., 2024),
which pre-trains multiple Feed-Forward Networks
(FFNGs) as specialized experts, activating a select few
during inference. This strategy allows experts to
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GRAPHMOE architectures.

operate optimally within their domains of expertise,
often providing enhanced performance compared to
LLMs with a similar number of activated parameters.

Despite their effectiveness, existing MoE architec-
tures typically employ experts independently under
a linear routing strategy. Since individual experts are
optimized for distinct input distributions, such isolated
utilization may limit their collective problem-solving
potential. We argue that fostering collaboration among
experts, interconnected nodes in a graph, could further
enhance MoE reasoning capacity. Inspired by knowl-
edge aggregation mechanisms in pseudo-graphs (Tang
et al., 2023; Zequn Sun, 2020), we consider a routing
paradigm in which expert models are treated as graph
nodes that interact cyclically. We hypothesize that,
as graphical message passing among expert nodes
increases, MoE outputs can progressively narrow the
semantic gap with respect to human references.



Based on this motivation, we introduce GRAPH-
MOE (Graph Mixture of Experts), an MoE framework
that enhances the cognitive capabilities of language
models by integrating a self-rethinking mechanism
into a pseudo-graph-structured expert network.
GRAPHMOE emulates human-like iterative interac-
tion by allowing the model to continuously revisit
and refine its comprehension of input data through
multiple reasoning cycles (Ding et al., 2019; Yan et al.,
2023). This is accomplished by implementing a re-
current routing strategy on a pseudo-graph formed by
expert models. These models transmit their outputs as
signals for selecting subsequent expert batches and as
inputs encapsulating aggregated graph features from
prior reasoning rounds—a mechanism we term the
“self-rethinking mechanism”. Given the challenges
inherent in pre-training a MoE LLM from scratch,
we chose to implement the GRAPHMOE architecture
utilizing Low-Rank Adaptation (LoRA) techniques.

In Figure 1, we provide an illustration of
GRAPHMOE(LoRA) and compare it with the
conventional LORA+MoE framework. In standard
LoRA+MOoE approaches, the features of activated
expert models are integrated directly. This process
renders other inactive expert models non-contributory
to problem-solving, particularly when the model
tends to consistently select a specific set of expert
models, as evidenced by low workload balancing. In
contrast, GRAPHMOE(LoRA) conceptualizes expert
nodes as graph nodes, enabling message transmission
across these interconnected nodes through graph
activation over multiple reasoning rounds. This
approach maintains the reduced memory usage
characteristic of conventional LoORA+MoE models
(with same activation number of expert models in
each cycle) while increasing computational iterations.
Experimental results demonstrate the effectiveness of
GRAPHMOE, showing consistent improvements over
LoRA-based baselines and achieving state-of-the-art
performance across evaluated benchmarks.

The main contributions of this work are as follows:

* We introduce a self-rethinking mechanism that
enables MoE models to iteratively revisit and
refine intermediate representations, facilitating
human-like iterative reasoning.

* We present a pseudo-graph-based MoE architec-
ture that models experts as interconnected nodes,
enabling iterative information exchange across
experts rather than treating them as independent
modules.

» Extensive experiments on a diverse range of
benchmarks have been conducted to validate the
effectiveness of GRAPHMOE, providing empir-
ical insights into expert collaboration in LLMs.

2 Related Work

The concept of Mixture of Experts (MoE) was first
introduced by Jacobs et al. (1991), who proposed
training multiple networks (experts) on different sub-
sets of data and aggregating their outputs. Recently,
as LLMs have become a focal point of research, MoE
layers have been integrated into Transformer-based
architectures. Specifically, researchers have replaced
standard Feed-Forward Networks (FFNs) with sparse
MOoE layers, employing novel routing strategies (Zuo
et al., 2021; Zhong et al., 2024; Wu et al., 2024a;
Mugeeth et al., 2023; Fu et al., 2024) and advanced
expert segmentation techniques (Dai et al., 2024; He,
2024; Jiang et al., 2024; Xiao et al., 2024).

Numerous studies have investigated the application
of Parameter-Efficient Fine-Tuning (PEFT) methods
to introduce additional trainable parameters for
implementing pseudo MoE structures within LLMs
(Dou et al., 2024; Luo et al., 2024; Gao et al., 2024; Li
et al., 2024; Gou et al., 2023). These models expand
the conventional single feed-forward network (FFN)
architecture and its corresponding representation
space into multiple subspaces, thereby effectively
emulating the behavior of MoE architectures.

Prominent examples include MoLA (Gao et al.,
2024), LoRAMOE (Dou et al., 2024), and MixLoRA
(Li et al., 2024), all of which have demonstrated
state-of-the-art performance compared to other
PEFT-based methods across various benchmarks.
Consequently, we integrate these three distinct LoRA
MoE methodologies into our GRAPHMOE frame-
work. The primary differences between these models
are as follows: LoORAMOE incorporates vanilla atten-
tion LoRA layers and MLP plugged with LoRA-MoE
layers; MoLA integrates plugged LoRA-MOoE layers
in both attention and MLP layers; and MixLLoRA
combines fused LoORA-MoE modules in attention and
MLP layers. Further analysis of these LoORA-MoE
implementations can be found in Li et al. (2024).

In this study, we augment MoE architectures by
enhancing their reasoning depth and demonstrate the
efficacy of our novel architecture when integrated
with PEFT-based LLM baselines. For a detailed
review of related works, including general PEFT,
Transformer architectures, and standard MoE, please
refer to the Appendix A.
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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 Method

We propose GRAPHMOE, a pseudo-graph-based
MoE framework that connects experts as graph nodes
to enable iterative information exchange, inspired by
the modular reasoning patterns of the human brain.
The overall approach includes three components:
transforming existing LoRA-based MoE architectures,
constructing a pseudo reasoning graph among experts,
and training the model with a recurrent routing mecha-
nism. As shown in Figure 2, the self-rethinking mech-
anism operates within the GraphMoE Feed-Forward
Network (FFN) layer, which replaces the original
FFN layer found in standard transformer-based LLMs.
While MixLoRA is used as the base example, the
framework is compatible with MoL A and LoRAMOoE.
Across all variants, a unified self-rethinking module
based on GRU enables reasoning across expert layers.

3.1 MoE Transformation

Incorporating multiple expert models into LoRA lay-
ers, inspired by the work of Li et al. (2024) and Dou
et al. (2024), the standard Feed-Forward Networks
(FENs) can be converted into MoE structures compris-
ing n experts, denoted as {£;}7" ;. As illustrated in
the bottom-right corner of Figure 2, for the ¢-th layer
of the LLM (1 </¢< L), we freeze the original FFN
parameters and train three pairs of low-rank matrices
for each expert: Afy,, € R™% Bl € R®2x"
Aéatei, BéGatei, Aﬁpi ,and B%Pi' Here, 7 represents the
1-th expert, and d;, do are the dimensions of the cor-

responding weight matrices W, € R%2*% with
other dimensions defined similarly. Each expert F;(-)
is constructed as a fusion of the original FFN and train-
able low-rank matrices, as shown in Equations 1 and
2, where o (-) denotes activation functions (e.g., SiLU,
ReLU), and ® denotes element-wise multiplication.
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Additionally, we introduce a trainable linear layer
R! € R™, referred to as the Router, where n
denotes the total number of experts, and d represents
the dimension of the hidden state. The Router
determines the importance of each expert during
forward propagation by computing a relevance score
for every expert. Based on the Router’s output,
we select the top k experts and normalize their
corresponding weights to ensure effective routing,
as described in Equations 3 and 4. In subsequent
experiments, unless stated otherwise, our setup
activates 2 out of 8 experts, thus setting % to 2.

&' =Softmax (RZ -X) ?3)



s =Top-k (ée )

B §'[i], if &°[d] is in the top k, )
0, otherwise.

Finally, as shown in Equation 5, the output of the
MoE module is computed as a weighted sum of the
selected experts. This result replaces the original
output of the vanilla FFN module.

n

y'=MoE()=)_si]-Ei(x) )
1=1

3.2 Pseudo Reasoning Graph Construction

The development of the pseudo reasoning graph rep-
resents a pivotal step in implementing our proposed
self-rethinking mechanism, which is designed to
enhance the internal consistency of LLMs (Liang
et al., 2024). The pseudocode outlining the inference
process of GRAPHMOE is detailed in Appendix B.
For clarity and conciseness, the terms Gate, Up, and
Down in the subscripts are abbreviated as G, U, and
D, respectively.

Initially, the pseudo graph is constructed as
illustrated in the top right corner of Figure 2. Within
this framework, expert models are represented as
graph nodes, each functioning according to the
procedure described in §3.1. A distinctive virtual
node is simultaneously established alongside these
expert model graph nodes. Unlike other nodes, the
virtual node is characterized by a graph feature vector
and a GRU module. This node serves as a recurrent
router, acting as a conduit for expert node connectivity
and a layer for forward feature aggregation.

In contrast to conventional knowledge graphs, there
is no prior knowledge that defines the edges between
nodes. Instead, the edges connecting graph nodes
are dynamically generated at each reasoning round,
denoted as ¢, with the virtual node serving as the
intermediary, as indicated by the black dashed arrows
in Figure 2. This process facilitates the dynamical
activation of temporal edges between nodes, enabling
feature transformation across nodes and the newly
created edges. Consequently, expert nodes at each
reasoning round can communicate and collaborate
to address the given task effectively.

Therefore, the core of this method lies in imple-
menting the functionality of the virtual node. In
this work, we employ a Low-Rank GRU to serve as
the virtual node. Specifically, we reduce the GRU’s
hidden size to d < d and incorporate a low-rank

linear layer to compute its output g¢. The virtual node
integrates features from previous reasoning round and
processes the expert results y*, subsequently selecting
k experts for the next round.

The reasoning (self-thinking) process involves a to-
tal of 7" rounds of MoE computations. The first round
is processed as described in Equations 1-5. After
obtaining the representation yf from the Mok, it is fed
into the Low-Rank GRU along with the hidden state
h.f_l from the previous timestep (here, “round” and
“timestep” are equivalent since there is only one step
per round). A residual connection is applied by adding
the result to the input of the previous round, x/, to
produce the input for the next round, x/ _1- This itera-
tive process extracts meta-information for subsequent
reasoning rounds, as shown in Equations 6-7.
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In a nutshell, from a model architecture stand-
point, the GRU and the Router together form the
aforementioned “‘virtual node”. Specifically, the
GRU functions to aggregate information from
multiple experts F;, whereas the Router is responsible
for determining which experts should receive the
integrated information for further inference, as
depicted in Figure 1 in Appendix A.

3.3 GRAPHMOE Training

Trainable Components. As shown in Figure 2,
the modules marked with a flame icon represent the
trainable components in GRAPHMOE. Specifically,
we need to train 3 - L - n pairs of low-rank adapters
applied to the MoE modules, as well as a single linear
layer serving as the Router. Additionally, in each
decoder layer, the Low-Rank GRU module requires
training 4 linear layers: Wﬁ, Wf, Wﬁ, and Wg.
Inspired by Li et al. (2024), we also enhance the at-
tention module by adding 4 pairs of trainable low-rank
matrices to each decoder layer. These matrices are
applied to the attention components Qf , wa Vf; €

Rdx%, and Ofl € R%Xd, where h and H represent
the h-th attention head and the total number of heads,



respectively. This enhances the adaptability of certain
attention heads to specific tasks (Zheng et al., 2024).

In summary, as shown in Table 1, GRAPHMOE
training involves a total of (3n + 4) - L pairs of
low-rank adapters and 4- L linear layers.

Component Attention Head MoE GRU Total
Low-rank adapters 4.L 3L'n 0 (3n+4)-L
Linear layers 0 0 4.-L 4.L

Table 1: Summary of components to be trained.

Loss Design. Similar to standard continual learn-
ing (Wu et al., 2024c) and supervised fine-tuning (Patil
and Gudivada, 2024), the primary objective during
training is to minimize the cross-entropy loss Lo g be-
tween the predicted token logits and the target tokens.
However, the Router is a unique and critical compo-
nent of the MoE architecture, as it determines which
experts are activated during inference. Prior research
has shown that unconstrained Router training can lead
to over-reliance on a few specific experts (Zoph et al.,
2022; Fedus et al., 2022), resulting in poor load bal-
ancing. Inspired by the work of Shen et al. (2024) and
Muennighoff et al. (2024), we introduce a Load Bal-
ancing Loss £, (as defined in Equation 8) as an aux-
iliary objective. This loss penalizes the Router for dis-
proportionately selecting the same experts across the
sequence set M, which consists of several sequences
and the corresponding next tokens to be predicted.

n
Lrg=n-Y_fipi
=1

1
where fizm Z 1{sx[i] >0}, 8)
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Setting a hyperparameter )\, the total loss can be
expressed as follows:

Lo =Lce+M-L1B ©

4 Experiment

4.1 Experimental Setup

Datasets. We evaluate our method on a diverse
range of benchmarks: ARC (Clark et al., 2018),
OpenBookQA (Mihaylov et al., 2018), PIQA (Bisk
et al., 2020), and SociallQA (Sap et al., 2019) for QA
tasks; BoolQ (Clark et al., 2019) for classification
tasks; Hellaswag (Zellers et al., 2019) for science

completion; and Winogrande (Sakaguchi et al., 2021)
for fill-in-the-blank tasks.

Baselines. We adopt LLLaMA-3-8B as the backbone
for all models. To benchmark GRAPHMOE, we
compare it with standard LoRA (Hu et al., 2021a) and
three recent state-of-the-art LoORA+MoE methods:
MoLA (Gao et al., 2024), LoORAMOoE (Dou et al.,
2024), and MixLoRA (Li et al., 2024). As Weight-
Decomposed LoRA (DoRA) (Liu et al., 2024) has
shown to improve LoRA’s performance, we also
implement DoRA-enhanced variants of each baseline.
Evaluation Metrics. We evaluate all methods using
accuracy across all datasets. For Multiple-Choice QA
tasks, we adopt the first-token evaluation strategy,
which measures the probability of each option letter
(Yu et al., 2024). To analyze expert utilization,
we track the selection frequency of each expert
during inference and compute their selection ratios.
Additionally, we report several indicators: GRU
hidden size scale (d /d), parameter ratio (Param), and
normalized inference time (Infer Time). GRU hidden
size scale is defined as the ratio of GRU hidden size
to model dimension; Param denotes the proportion
of trainable parameters; Infer Time is normalized by
dividing each model’s inference time by the minimum
across all models.

Implementation Details. All methods use LLaMA-3-
8B! as the backbone. Training settings follow Li et al.
(2024). The key hyperparameters for all methods are
as follows: the cutoff length is set to 512, the learning
rate is 2e-4, and the optimizer used is AdamW. We
use a batch size of 16 with 8 accumulation steps, and
the dropout rate is 0.05. Training is conducted for 2
epochs. For LoRA and DoRA methods, the rank r
is set to 80, and the LoRA alpha « is set to 160. For
MixLoRA, MixDoRA and GRAPHMOE, the LoRA
rank and « is set to 16 and 32, respectively. Each
MoE layer consists of 8 experts, with top-2 experts
activated during inference. For GRAPHMOE, (1)
reasoning round 7'= 3 (the first round disables GRU-
based feature transmission); (2) a 1-layer GRU with
a hidden size scaled to 0.1 x4096; (3) a load-balance
loss weight A=0.01. All experiments are conducted
on a single A800 GPU using BF16 precision”.

4.2 Experimental Result

Effect of GRAPHMOE. As shown in Table 2,
integrating GRAPHMOE, a pseudo graph-based

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

Additional implementation details are provided in
Appendix C



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

MoLA 86.4 719 74.0 84.4 86.7 764 93.9 833 82.9
GRAPHMOE (MoLA) 89.7 81.0 75.8 87.6 87.8 797 95.5 83.2 85.0
A 33 3.1 1.8 32 1.1 33 1.6 -0.1 2.1

LoRAMOoE 87.8 79.5 72.4 85.0 87.1 74.8 94.8 834 83.1
GRAPHMOE (LoRAMOoE) 87.7 79.9 75.9 88.8 878 794 94.8 834 84.7
A -0.1 0.4 35 3.8 0.7 4.6 0.0 0.0 1.6
MixLoRA 86.9 71.0 74.0 84.4 8.0 755 93.7 833 82.6
GRAPHMOE (MixLoRA) 89.2 80.9 75.8 89.6 878 710 95.4 832 84.9
A 23 39 1.8 52 1.8 1.5 1.7 -0.1 23

Table 2: Comparison of the performance between baseline LoORA+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 76.7 459 738 616 715 641 592 | 656
Base (ICL-3, Self-cons-5) 0% 91.1 794 50.2 73.7 570 703 669 62.1 66.3
Base (ICL-3, Self-cons-10) | 0% 91.6 78.1 4.8 753 598 713 699 614 | 662
Base (ICL-3, Self-cons-15) | 0% 91.9 78.0 456 720 679 717 633 632 | 664
LoRA* 2.6% 89.0 75.7 672 850 807 783 742 753 782
DoRA* 2.6% 88.1 76.4 61.7 80.6 823 762 788 837 | 785
MixLoRA* 3.0% 86.5 79.9 75.0 84.8 876 788 933 82.1 83.5
MixDoRA* 3.0% 87.7 78.9 76.8 869 834 801 946 84.2 84.1
LoRA 2.6% 86.2 76.7 70.2 782 829 742 801 507 | 749
DoRA 2.6% 87.6 76.8 69.3 80.8 842 768 853 504 | 764
MoLA 2.7% 86.4 719 74.0 844 867 764 939 83.3 82.9
MoDA 2.7% 86.4 78.0 74.0 84.8 874 764 955 84.1 83.3
LoRAMOoE 3.2% 87.8 79.5 724 850 871 748 948 834 | 83.1
DoRAMOE 3.2% 87.9 80.1 74.6 85.8 863 745 940 83.1 83.3
MixLoRA 3.0% 86.9 77.0 74.0 844 860 755 937 83.3 82.6
MixDoRA 3.0% 86.7 76.7 75.5 84.8 852 769 930 83.1 82.7
GRAPHMOE (MixLoRA) | 5.9% 89.2 80.9 75.8 896 878 710 954 832 | 849
GRAPHMOE (MixDoRA) | 5.9% 90.3 80.6 759 882 888 794 953 83.7 | 853

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 improves
performance over all SOTA LoRA+MoE baselines.
This demonstrates GRAPHMOE's ability to enhance
expert collaboration by simply replacing the original
MoE module, enabling more effective feature
exchange among experts. Performance gains vary

GRAPHMOE to LoRAMOE improves accuracy from
74.8 to 79.4 (+4.6, over 6%). These observations
underscores the effectiveness of the GRAPHMOE
approach within this architectural framework.

Main Comparison Results. The experimental

across base models due to differences in how LoRA
and MoE are combined. As noted by Li et al. (2024),
MoLA and LoRAMOE use a “plugged-in” design,
injecting LoRA modules into attention or MLP
outputs, while MixLoRA adopts a “fused” strategy
that embeds LoRA experts directly into the network
layers—yielding stronger integration and performance
boost when enhanced by GRAPHMOE. Across all
tasks, GRAPHMOE consistently improves or at least
maintains accuracy. Notably, on SociallQA, applying

results are presented in Table 3. We compare the
performance of four base models (LLaMA-3-8B)
incorporating in-context learning (ICL-n) (Dong et al.,
2024) and self-consistency (Self-cons-n) (Wang et al.,
2023). While increasing the number of samples for
self-consistency to 5, 10, and 15 shows minimal vari-
ation in performance (scores of 66.3, 66.2, and 66.4,
respectively), these models still fall short compared
to those using LoRA-based SFT methods. Due to
computational constraints, we use BF16 precision
for training and inference. However, we include full
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Figure 4: Sensitivity analysis of GRAPHMOE hyperparameters. Subfigure (c) shows how inference time scales with
reasoning round (1), where the first round’s time is set as the unit. “Infer. Time” denotes the relative time per round.

precision MixLLoRA results for comparison. Despite
a significant performance drop in all models when
using reduced precision, our GRAPHMOE models
with MixLoRA and MixDoRA still outperform full
precision models, demonstrating the efficacy of our
architecture. Moreover, MixLLoRA does not represent
the optimal base model with the LoORA+MOoE frame-
work, as MoLA and LoRAMOE have better accuracy
scores. This indicates that the performance gains
achieved by GRAPHMOE surpass those of existing
methodologies applied within the LoRA+MoE
framework. The self-rethinking mechanism enhances
the MoE approach, evident in both LoRA and
DoRA settings. This suggests that the improvements
carried by the PRG are not merely a result of simple
adjustments on additional trainable parameters, but
rather arise from the effective collaboration among
diverse expert models facilitated by our approach.

Analysis of Workload Balance. The main difference
between MixLoRA and GRAPHMOE (MixLoRA)
is the self-rethinking mechanism enabled by the re-
current router. We analyze the impact of expert model

selection at each routing stage. Figure 3 compares
the workload distribution across expert models in
MixLoRA and GRAPHMOE (MixLoRA) for various
tasks. Results show that GRAPHMOE achieves more
balanced expert selection, with standard deviations of
0.0313 for MixLoRA and 0.0249 for GRAPHMOE
(MixLoRA), a 20% reduction. This indicates that the
reasoning process in GRAPHMOE activates a broader
range of experts, enhancing MoE’s representation
learning. In each reasoning step, a distinct set of
expert models is more likely to be activated to incre-
mentally construct the representations within the MoE.
This approach allows more expert models to operate
in their optimal conditions, sequentially addressing
complex problems. It is as if a chain-of-thoughts
(CoT) is implicitly formed, using different expert
models to fit features at different stages.

Sensitivity Analysis and Overhead. We further
conduct sensitivity analysis on ARC-E and ARC-C to
provide insights into the efficacy of our self-rethinking
mechanism. In subfigure (a) of Figure 4, increasing
the Reasoning Round 7" improves accuracy for both



Method Param | ARC-E ARC-C BoolQ OBQA PIQA SIQA HellaS WinoG AVG
LoRA 1.9% 87.5 78.9 69.8 84.4 844  77.1 884 49.1 77.5
LoRA 2.6% 86.2 76.7 70.2 78.2 829 742 80.1 50.7 74.9
LoRA 5.9% 84.7 78.6 63.6 822 82.1 329 84.1 504 69.8
LoRA 7.9% 83.9 73.1 62.2 84.4 82.5 74.6 92.7 49.5 754
LoRA 9.9% 85.9 733 70.0 82.0 857 321 89.1 49.6 71.0
MixLoRA 3.0% 86.9 77.0 74.0 84.4 86.0 755 93.7 833 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 89.5 804 80.8
GRAPHMOE ‘ 5.9% ‘ 89.2 80.9 75.8 89.6 878 770 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 79.2 739 852 853 729 950 804 | 824
MixLoRA 6.0% 87.3 79.0 749 884 8.1 767 936 825 | 838
A - 0.1 02 1 32 2.8 3.8 14 2.1 14
GRAPHMOE? | 5.9% 88.1 79.0 74.1 878 856 743 932 85.1 | 834
GRAPHMOE | 5.9% 89.2 80.9 758 896 818 710 954 832 | 849
A - 1.1 1.9 1.7 1.8 22 2.7 22 -19 15

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

experiments have 2 out of 8 experts activated.

tasks, demonstrating the self-rethinking mechanism’s
effectiveness in enhancing MoE. However, accuracy
drops significantly beyond a certain threshold (1'=4
for ARC-E and T'=3 for ARC-C), likely due to over-
fitting from "overthinking" the problem. Subfigure (b)
of Figure 4 further illustrates that increasing the GRU
hidden size does not always improve performance,
highlighting the importance of the self-rethinking
mechanism over the added GRU parameters. Finally,
subfigure (c) shows that, compared to conventional
LoRA+MoE models (MixLLoRA), which employ
a single reasoning round, the increase in inference
time for GRAPHMOE is only approximately 0.16
times for each additional reasoning round. These
findings shows the promising impact GRAPHMOE on
enhancing MoE’s cognitive depth while maintaining
acceptable computational overhead.

Analysis of PEFT Parameters. We analyze the
effect of the parameter size on model performance.
From Table 4, GRAPHMOE (MixLoRA) gains
the best overall performance, which uses 5.9%
of parameters yet achieves the highest average
score of 84.9. In addition, it can be observed that
simply increasing parameter size does not lead to
proportional improvements in SFT performance. For
instance, MixLoRA with 3.0% of parameters achieves
the best average score of 82.6%, while increasing the
parameter size to 9.0% causes fluctuations below that

score. Similarly, in Figure 4(b), performance does not
improve as the GRU hidden size increases.

Analysis of Active Expert Number. To further
investigate MoE utilization, we tested the effect of
activating additional experts in the MoE layers, as
shown in Table 5. Surprisingly, increasing the number
of active experts led to a performance decline. This
highlights that simply adding parameters does not
guarantee better reasoning performance. Instead,
the effectiveness of the neural architectural, as
demonstrated in Table 4, is a more critical factor.

5 Conclusion

In this work, we introduce GRAPHMOE, a novel ap-
proach that enhances the cognitive depth of language
models through the integration of a self-rethinking
mechanism in pseudo-graph Mixture-of-Experts
(MoE) networks. Unlike traditional MoE models
that operate independently, GRAPHMOE facilitates
communication among expert nodes, allowing for
iterative refinement and enhanced reasoning capa-
bilities. Implemented using Low-Rank Adaptation
techniques (LoRA), GRAPHMOE demonstrates
significant performance improvements across various
benchmark datasets, outperforming existing LoRA
& LoRA+MoE baseline models and achieving
state-of-the-art results.



Limitations
Despite the notable performance improvements

achieved by the GRAPHMOE framework, there are
several limitations to be acknowledged.

* While the GRAPHMOE architecture con-
sistently leads to performance gains across
diverse tasks and base models, the degree of
improvement is variable and can depend on
the interaction between the MoE and LoRA
components. This variability underscores the
need for comprehensive exploration into the
integration modalities and parameter space to
ensure maximum efficiency across different
LoRA+MOoE configurations.

* The workload distribution analysis indicates a
marked improvement in workload balance with
GRAPHMOE. However, the potential impact of
workload imbalance on model performance over
a broader range of tasks remains underexplored.
Further investigation into balancing expert
model selection and activation across diverse
scenarios could unveil additional pathways for
performance optimization.

* The sensitivity analysis indicated potential
overfitting issues when increasing the reasoning
rounds beyond a particular threshold, revealing
the necessity for careful hyperparameter tuning
to mitigate issues of over-complexity and model
overthinking.

In summary, while the GRAPHMOE framework
shows promise in enhancing cognitive depth and
performance of MoE architectures, future research
should address computational precision limits,
explore broader integration strategies, and focus on
hyperparameter optimization to further refine and
substantiate these initial findings.
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A Related Work
A.1 Parameter-Efficient Fine-Tuning (PEFT)

LLMs have demonstrated remarkable improvements
in general natural language understanding (NLU) and
natural language generation (NLG) tasks (Guo et al.,
2023; Chang et al., 2024; Tang, 2024). However, their
performance often suffers from limited generaliza-
tion and effectiveness in domain-specific applications.
To address this, numerous studies have proposed
Parameter-Efficient Fine-Tuning (PEFT) methods,
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which optimize only a small subset of LLM parame-
ters, significantly reducing computational overhead.
One of the most popular PEFT methods is Low-
Rank Adaptation (LoRA) (Hu et al., 2021b), which
introduces two low-rank matrices to each weight
matrix W in LLMs. The product of these matrices
represents the weight adjustment AW. Building
upon LoRA, subsequent works have introduced more
efficient variants, such as VeRa (Kopiczko et al.,
2023), AdalLoRA (Zhang et al., 2023), DoRA (Liu
etal., 2024), and MoSLoRA (Wu et al., 2024b). These
methods aim to better capture task-specific features
and integrate diverse feature subspaces effectively.

A.2 Transformer & Recurrent Models

The self-attention mechanism, as a fundamental algo-
rithm within Transformers (Vaswani, 2017), facilitates
parallel sequence processing and enhances model
capacity through increased width. However, it lacks
the temporal reasoning capabilities inherent in recur-
rent architectures, which contribute to model depth,
such as Long Short-Term Memory (LSTM) networks
(Hochreiter, 1997) and Gated Recurrent Units (GRUs)
(Chung et al., 2014). To address this limitation, recent
research has investigated integrating Transformer ar-
chitectures with recurrent structures (Peng et al., 2023;
Pramanik et al., 2023; Zhang et al., 2024; Tang, 2024).
These efforts aim to blend recurrent neural network
capabilities with the ability to capture long-distance
dependencies. In this study, we likewise endeavor to
incorporate a recurrent mechanism to model multiple
expert systems. However, rather than focusing on
capturing long-distance dependencies, our primary
objective is to emulate the stepwise cognitive pro-
cesses characteristic of human cognition. To achieve
this, we employ GRUs to augment reasoning depth
by aggregating hidden representations from attention
features at each stage of the recurrent routing process.
This integration is designed to enhance the model’s
proficiency in apprehending complex dependencies
and thereby improve its overall reasoning capabilities.

A.3 Mixture of Experts (MoE)

The concept of Mixture of Experts (MoE) was first
introduced by Jacobs et al. (1991), who proposed
training multiple networks (experts) on different sub-
sets of data and aggregating their outputs. Recently,
as LL.Ms have become a focal point of research, MoE
layers have been integrated into Transformer-based
architectures. Specifically, researchers have replaced
standard Feed-Forward Networks (FFNs) with sparse
MOoE layers, employing novel routing strategies (Zuo
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et al., 2021; Zhong et al., 2024; Wu et al., 2024a;
Mugeeth et al., 2023; Fu et al., 2024) and advanced
expert segmentation techniques (Dai et al., 2024; He,
2024; Jiang et al., 2024; Xiao et al., 2024).

Numerous studies have investigated the application
of Parameter-Efficient Fine-Tuning (PEFT) methods
to introduce additional trainable parameters for
implementing pseudo MoE structures within LLMs
(Dou et al., 2024; Luo et al., 2024; Gao et al., 2024; Li
et al., 2024; Gou et al., 2023). These models expand
the conventional single feed-forward network (FFIN)
architecture and its corresponding representation
space into multiple subspaces, thereby effectively
emulating the behavior of MoE architectures.

Prominent examples include MoLA (Gao et al.,
2024), LoRAMOE (Dou et al., 2024), and MixLoRA
(Li et al., 2024), all of which have demonstrated
state-of-the-art performance compared to other
PEFT-based methods across various benchmarks.
Consequently, we integrate these three distinct LoRA
MoE methodologies into our GRAPHMOE frame-
work. The primary differences between these models
are as follows: LoORAMOE incorporates vanilla atten-
tion LoRA layers and MLP plugged with LoRA-MoE
layers; MoLA integrates plugged LoRA-MOoE layers
in both attention and MLP layers; and MixLLoRA
combines fused LoORA-MoE modules in attention and
MLP layers. Further analysis of these LoORA-MoE
implementations can be found in Li et al. (2024).

In this study, we augment MoE architectures by
enhancing their reasoning depth and demonstrate the
efficacy of our novel architecture when integrated
with PEFT-based LLM baselines.

B Pseudo Reasoning
Graph Construction Algorithm

To enhance clarity in illustrating the long processing
pipeline, we summarize the entire methodology in
Algorithm 1. The process involves T reasoning iter-
ations, referred to as self-rethinking. Initially, features
from the FFN layer of transformer blocks are derived
via a LoORA MoE forward pass. Subsequently, these
features are transmitted to the subsequent Low-Rank
GRU module, which computes both the residual
connection within the pseudo graph and the merged
feature for the input of the succeeding iteration.

C Additional Implementation Details

Our hyperparameters strictly follow the configurations
detailed in (Li et al., 2024) including the LoRA and
DoRA methods and their three MoE derivatives, e.g.



Algorithm 1: GRAPHMOE at Layer ¢

Input: x: (B P.D) after the Post-Norm.
Output: yT. (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 fort<1to T do
4 /* MoE Forward */
5 S{: (B,P.N) +— Softmax (R x{);
6 s;: (B,P.N) « Top-k(s!);
7 | foriin {selected experts E'} do

8 W§ @ (D'D) « W§ +B§ *Af
9 Similarly, we can get VV& and W I
10 eS: (BPD) + Wéi*xf;

1 eV: (BpD) + ij *X4;

12 ¢t (BPD) + o(ef)oey;

13 c;: (BP.D) « Wﬁ_*cl,

14 B yi: (BP.D) < yi+st[:i]GOcs;

15 /* Low-Rank GRU */

16 ift;«éT then

17 zt (BPD)(—O’(Wﬁ*[hf 17YtD’
18 ri: (BP.D) + o(Wix[h{_,.y{]);
19 h{: (BPD+D) + [r{®Oh{_, x/];
20 h!: (B,P.D) « U(Wg*hf+bf,);
21 hY < (1—zf)®hf_1—|—zf®h£;

2 gl (BPD) Wg‘hf;

23 /* Residual Connection */

24 x{ 1: (BP.D) « x{+gf

25 return y4.: (B,P.D);

MixLoRA or MixDoRA. We summarize the settings
for LoORA/DoRA and their derivatives of MoE-based
methods, as shown in Table 6. During evaluation, the
batch size is set to 8.

Both techniques utilized a cutoff length of 512,
a learning rate of 2e — 4, the AdamW optimizer, a
batch size of 16, accumulation steps of 8, a dropout
rate of 0.05, and were trained over 2 epochs. In
LoRA/DoRA, the methods were applied to the Q, K,
V, O, Up, Down, and Gate parameters with a LoORA
rank  of 80 and a LoRA alpha « of 160. Conversely,
MixLoRA/MixDoRA targeted the same parameters
with a LoRA rank r of 16 and a LoRA alpha « of
32, incorporating 8 experts with a Top-k value of 2.

The experiments described in this paper required
a single A800 GPU for at least one month. Including
debugging and downtime, the entire process extended
to around two months. The base model, LLaMA-8B,

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 (a) 160 32
Expert Number - 8
Top-k 2
¢ KLV Of Qf. K}, Vi, 05,
Targeted Parameters WS}” Iée’[v}”vgf” W@m WC Wf)lwn s
Gate;> ¥ Up,> VY Down; W, W[ WI’ W[

Table 6: Training Settings for baselines and GRAPHMOE.

was obtained from the Huggingface repository

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

For experiments utilizing the GRAPHMOE frame-
work, the key hyperparameters were configured as
follows: (1) The number of GRU gate iterations within
the recurrent routing—referred to as the reasoning (or
self-rethinking) round 7—was set to a default of 3. In
the initial round, expert outputs are obtained without
feature transmission via the GRU gate. (2) The GRU
network consists of a single layer. (3) The GRU
hidden size was scaled to 0.1 x 4096*, where 4096
corresponds to the model dimension of LLaMA-3-8B.
(4) The hyperparameter A for the auxiliary load bal-
ancing loss L1, p was set to 0.01. (5) Unless otherwise
specified, the MoE architecture employed a total of 8
experts per module, with 2 experts activated per pass.

We address several key questions regarding our
implementation and design choices in the following
discussion:

* What is the value of % in the top-£ selection?
How is it selected? Currently, £ is treated as
a hyperparameter, with two main considerations.
First, aligning with other MoE architectures, the
number of selected experts typically maintains
fixed and sparse, with 2 out of § being a common
configuration. Second, our framework facilitates
expert collaboration, so the top k is not a critical
parameter for fully leveraging expert potential.

* Is the top-k selection in the routing operation
(Equation 4) not differentiable? Regarding the
differentiability issue of the top-% in Equation 4,
it is important to note that while the top-k
operation itself is non-differentiable, it does not
directly impact the gradient calculations. Rather,

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

“The actual hidden size is rounded to the nearest integer using
the Python function “int()”.


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

the fixed number of experts chosen through the
top-k operation contribute to the subsequent
gradient computations.

* Are some experts learning to do the initial
processing, while others more frequently do
the later processing? In this study, the MoE
is applied within each transformer block, so
the experts do not possess specific physical
significance. Therefore, we have not conducted
an analysis of individual expert usage patterns
or preferences within the reasoning process.
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