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Abstract

Low-Rank Adaptation (LoRA) enables
parameter-efficient fine-tuning of Large
Language Models (LLMs), and recent
Mixture-of-Experts (MoE) extensions further
enhance flexibility by dynamically combining
multiple LoRA experts. However, existing
MoE-augmented LoRA methods assume
that experts operate independently, often
leading to unstable routing, expert dominance.
In this paper, we propose TalkLoRA, a
communication-aware MoELoRA framework
that relaxes this independence assumption
by introducing expert-level communication
prior to routing. TalkLoRA equips low-rank
experts with a lightweight Talking Module
that enables controlled information exchange
across expert subspaces, producing a more
robust global signal for routing. Theoreti-
cally, we show that expert communication
smooths routing dynamics by mitigating
perturbation amplification while strictly
generalizing existing MoELoRA architec-
tures. Empirically, TalkLoRA consistently
outperforms vanilla LoRA and MoELoRA
across diverse language understanding and
generation tasks, achieving higher parameter
efficiency and more balanced expert rout-
ing under comparable parameter budgets.
These results highlight structured expert
communication as a principled and effective
enhancement for MoE-based parameter-
efficient adaptation. Code is available at
https://github.com/why0129/TalkLoRA.

1 Introduction

Large language models (LLMs), pre-trained on
massive corpora (Team, 2024; Yang et al., 2024;
OpenAl, 2023), have achieved remarkable per-
formance across a wide range of natural lan-
guage processing tasks (Qin et al.,, 2023; Mu
et al., 2024). However, adapting such models to
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Figure 1: Average expert weights of different experts
during inference in the MoELoRA architecture on the
OBQA (Mihaylov et al., 2018) dataset.

domain-specific downstream tasks via full fine-
tuning requires updating all parameters, incurring
prohibitive memory and computational costs. To
address this challenge, parameter-efficient fine-
tuning (PEFT) methods (Houlsby et al., 2019)
such as low-rank adaptation (LoRA) (Hu et al.,
2022) has become a standard approach for adapt-
ing LLMs. By injecting low-rank updates into pre-
trained weights, LoRA enables efficient adapta-
tion while largely preserving the original model’s
capabilities. However, standard LoRA employs
a single global low-rank update shared across
all inputs, which may limit its flexibility under
highly heterogeneous prompt and reasoning dis-
tributions. (Feng et al., 2024; Ma et al., 2024).

A natural extension is to introduce multiple
low-rank adapters within a Mixture-of-Experts
(MoE) framework (Cai et al., 2025), where each
LoRA module is treated as an expert and a train-
able router dynamically combines experts for each
input token (Zhang et al., 2025; Luo et al., 2024;
Lin et al., 2025). While such MoE-augmented
LoRA (MoELoRA) architectures improve flexi-
bility and enable partial disentanglement of task-
shared and task-specific knowledge, they implic-
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itly assume that experts operate independently.
In practice, this independence amplifies routing
noise, induces sharp and low-entropy gating dis-
tributions, and causes the routing mass to con-
centrate on a small subset of experts (Zuo et al.,
2022). As illustrated in Figure 1, this effect inten-
sifies with network depth: a few experts consis-
tently dominate the routing decisions, while oth-
ers receive negligible gradient signals, resulting in
an ineffective contribution to the model’s overall
capacity. Moreover, because experts are trained
independently under identical supervision signals
and without any explicit coordination mechanism,
they tend to learn highly overlapping representa-
tions (Liu et al., 2024a). This representational re-
dundancy substantially reduces the effective ex-
pressivity per parameter, ultimately undermining
the goal of parameter-efficient adaptation.

To address these limitations, we draw inspira-
tion from communication mechanisms that relax
independence assumptions among model compo-
nents (Misra et al., 2016; Shazeer et al., 2020). In
particular, talking-head attention (Shazeer et al.,
2020) demonstrated that enabling controlled in-
formation exchange among otherwise independent
components can significantly improve expressiv-
ity and stability. Motivated by this insight, we
advocate expert-level communication as a princi-
pled extension to MoELoRA. By allowing LoRA
experts to exchange compact, task-relevant infor-
mation during adaptation, such communication fa-
cilitates coordination among experts, encourages
meaningful specialization while reducing repre-
sentational redundancy, and smooths parameter
updates across expert boundaries.

Building on this idea, we propose TalkLoRA,
a communication-aware MoELoRA framework
that explicitly relaxes the independence assump-
tion among LoRA experts. TalkLoRA introduces
a Talking Module that enables information ex-
change across low-rank experts. Specifically, we
use their internal low-rank projected features as
input to the Talking Module, which aggregates
global expert information prior to routing. A
dense router then assigns weights to all experts
and combines their outputs to form the final adap-
tation added to the frozen pre-trained weights.
In addition, TalkLoRA incorporates a parameter-
sharing mechanism that shares a subset of low-
rank factors across layers to reduce the number
of trainable parameters. Together, these designs
enable TalkLLoRA to achieve more expressive and

better-balanced routing, resulting in more efficient
parameter-efficient adaptation.

Our main contributions can be summarized as
follows:

* We propose TalkLoRA, a communication-
aware MoELoRA framework that introduces
a lightweight Talking Module to enable in-
formation exchange among low-rank experts,
effectively relaxing the independence as-
sumption in MoELoRA.

* We provide a theoretical analysis of Talk-
LoRA, showing that expert communica-
tion strictly enlarges the function class of
MOoELoRA by enabling cross-expert interac-
tions, and formally demonstrating that such
communication promotes more balanced ex-
pert routing under mild assumptions.

* We conduct extensive experiments on mul-
tiple datasets and LLMs, confirming the ef-
fectiveness of TalkLoRA. In particular, it
achieves 87.8% accuracy on commonsense
reasoning with LLaMA3-8B, while demon-
strating improved parameter efficiency and
more balanced expert routing.

2 Related Works

LoRA and its variants. LoRA (Hu et al,
2022) freezed the pre-trained weights and injects
trainable low-rank decomposition matrices into
each transformer layer, effectively approximating
weight updates through low-dimensional adapta-
tions (AW = BA). This design preserves infer-
ence efficiency (as the low-rank matrices can be
merged into the original weights during deploy-
ment) while maintaining competitive downstream
performance. Building on this, numerous variants
emerge. For example, DoRA (Liu et al., 2024b)
decomposed pre-trained weights into magnitude
and direction components, enabling LoRA to fo-
cus solely on directional updates. Additionally,
DenseLoRA (Mu et al., 2025) compressed LoRA
updates into a compact dense matrix to mitigate
redundancy in LoRA matrix pairs. HiRA (Huang
et al., 2025) addressed this by using a Hadamard
product to retain high-rank update parameters, im-
proving the model capacity.

MoELoRA. Methods that integrate the
Mixture-of-Experts (MoE) paradigm with LoRA
have recently garnered considerable research
attention. LoRAMOE (Dou et al., 2024) freezed
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Figure 2: Framework comparison of LoRA(left) and TalkLoRA(right).

the backbone model and forces a portion of
LoRAs to focus on leveraging world knowledge
to solve downstream tasks, to alleviate world
knowledge-edge forgetting. @ MoSLD’s (Zhao
et al., 2025) core idea was to share the matrix
A as the general-feature matrix and keep matrix
B as specific-feature matrix and applies dropout
to mitigate the imbalance in parameter updates.
TeamLoRA (Lin et al., 2025), consisting of a
collaboration and competition module for experts,
thus achieving the right balance of effectiveness
and efficiency. MTL-LoRA (Yang et al., 2025)
introduced additional task-adaptive parameters
to distinguish task-specific information and
captures shared knowledge across tasks in a
low-dimensional space.

Unlike existing MoELoRA architectures where
experts operate in isolation, TalkLLoRA introduces
an expert-level communication mechanism. This
facilitates inter-expert collaboration and effec-
tively resolves the load imbalance issue.

3 Methodology

In this section, we elaborate on the technical de-
tails of TalkLoRA. An overview of the proposed
architecture is presented in Figure 2.

3.1 Background

Low-Rank Adaptation. The core idea of LoRA
(Hu et al., 2022) is to freeze the original model
parameters and inject a low-rank decomposition
into the weight updates. Specifically, a pretrained

weight matrix Wy, € R¥*? is frozen, and two
trainable low-rank matrices A € R™*? and B €
R*¥*" in LoRA handle the parameter updates. The
rank r is much smaller than d and k£ (i.e. r <<
min(d, k)). Given an input z € R? to the LLMs,
the output y € R¥ after LoRA is expressed as:

y= Wo+ AW)x = Wox + BAz, (1)

where matrix A undergoes Kaiming initializa-
tion (He et al., 2015), while matrix B receives
zero initialization, ensuring that fine-tuning ini-
tially preserves the original output. During in-
ference, AW merges with Wy (i.e. W o=
Wy + AW), eliminating additional latency in the
adapted model.

Mixture-of-Experts LoRA (MoELoRA).
MoE (Jacobs et al., 1991; Shazeer et al., 2017)
models constitute a neural network architecture
designed to enhance model capacity and compu-
tational efficiency. The core principle activates
a subset of expert for a given input or employs
dense routing to activate all experts with assigned
weights.

LoRA integrates with MoE by treating the prod-
uct of matrices 4; € R=*% and B; € RF*% as a
single expert. Each MoELoRA layer contains n
LoRA experts. The forward process of the layer is
expressed as:

y=Wox+ AWz = Woz + > gi(z)BiAix.

i=1
(2)
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To balance the contribution of these experts,
MOoELoRA use a gate function g, which acts as a
router network. This network is a fully connected
layer with trainable weights W, € R™%. Tt is
followed by a softmax function that takes a z as
input.

g(x) = softmax(Wyx). 3)

3.2 TalkLoRA Architecture

To address experts operating in isolation and the
load imbalance in traditional MoELoRA architec-
tures. TalkLoRA incorporates a Talking Mod-
ule to enable information exchange among ex-
perts and direct the assignment of routing weights.
Additionally, inspired by DenseLoRA (Mu et al.,
2025), we adopt a parameter sharing strategy for
a subset of trainable parameters to reduce redun-
dancy and refine experts. The following details the
integration of TalkLoRA into LLMs.

Expert Component: We decompose the orig-
inal LoRA into n sub-LoRA experts. We fur-
ther parameterize the up-projection matrix of each
LoRA expert as the product of matrix E; € R#*n
and matrix B; € R**%. Each 4; € R=*% and E;
learns domain-specific knowledge. Subsequently,
B, restores the expert dimension to match the
original weight matrix output dimension, ensuring
compatibility with the LLMs. We use = € R? as
the input to each expert, and y; € R”* denotes the
corresponding expert output. This process is for-
mulated as:

yi = BiE; Az, @

where ¢ ranges from 1 to n. Here, r denotes the
total rank of TalkLLoRA, and n represents the num-
ber of experts.

Talking Module: This module guides the
router in weight allocation and relaxes the inde-
pendence assumption among experts. It enables
information exchange among experts prior to rout-
ing. Formally, we define:

hi = Z Cijhj, &)
=1

where C' € R™ " is a learnable communication
matrix and h; = A;x € R serves as the internal
representation of expert j.

This operation allows each expert to integrate
compact, task-relevant signals from other experts
while preserving its own specialization. The Talk-
ing Module is lightweight, adding only O(n?) pa-
rameters.

Routing: Unlike traditional routing, which re-
lies solely on the original input x for decision-
making, TalkLoRA performs routing decisions
based on the communicated representations h e
R7. The process is formulated as follows:

g([h1, ha, ..., hy]) = softmax(Wy[hi, ha, ..., hy)),
(6)

where W, € R"*" denotes the router parameters.
By conditioning routing on globally informed ex-
pert features, TalkLoRA mitigates routing over-
confidence and reduces sensitivity to local noise.

The overall adaptation process in TalkLoRA
can be mathematically formulated as follows,
combining the frozen pre-trained weights Wy €
R**d with the improved experts and router:

y=Woxr+ AWz
~ (7

= W().T + Zg([};h h~27 ) hn])yl
=1

Initialization Strategies: Similar to LoRA’s
initialization strategy, we apply Kaiming initial-
ization (He et al., 2015) to matrices 4; € Rn*¢
and E; € R=*% in the expert component of Talk-
LoRA, and zero initialization to B; € RF¥*n,
ensuring that initial training preserves the origi-
nal output. For the routing component, matrices
C € R™"™ and W, € R™" also receive Kaiming
initialization.

Notably, B; is shared across different adapta-
tion layers, whereas A; and F; remain unique to
each layer. This strategy substantially reduces
computational cost while preserving overall per-
formance.

3.3 Analysis of TalkLoRA

Expressive Power Analysis. In MoELoRA, each
expert operates within an independent low-rank
subspace, which limits the expressivity of the re-
sulting parameter updates to isolated expert con-
tributions. By contrast, TalkLoRA introduces
expert-level communication that enables linear in-
teractions across experts prior to routing, thereby
allowing parameter updates to span mixed expert
subspaces.

* When C;; = 0 for all ¢ # j, TalkLoRA
degenerates to MOELoRA, where experts re-
main fully independent..

* When C;j; # 0 for some i # j, the rep-
resentation of expert h; can incorporate in-
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LLM Method #Param(%) BoolQ PIQA SIQA ARC-c ARC-e OBQA HellaS. WinoG. Avg.
LoRAT (r = 16) 0.4 600 736 700 717 859 744 786 75.8 73.8

Qwen2.5-7B HiRAT (r = 16) 0.4 69.0 883 80.8 887 954 880 923 81.0 854
' TeamLoRAT (r = 16) 0.4 74.6 900 823 885 959 922 954 89.0 88.5
TalkLoRA (r = 16) 0.2 736 909 83.0 896 965 928 955 89.9 89.0

LoRA (r = 32) 0.8 69.8 799 795 647 798 81.0 83.6 826 177.6

DoRA (r = 32) 0.8 71.8 837 760 682 837 824 89.1 82.6 79.7

HiRA (r = 32) 0.8 712 834 795 738 86.7 846 881 84.0 814

LLaMAZ2-7B MixLoRA (r = 16) 2.9 727 832 780 581 777 81.6 93.1 76.8 776
MoELoRA (r = 16) 0.3 68.0 835 704 615 868 832 90.6 825 783

TeamLoRAT (r = 32) 0.9 70.6 828 790 724 8.0 814 86.2 83.3 80.2

TalkLoRA (r = 16) 0.2 72.6 839 815 735 88.0 86.0 895 852 825

TalkLoRA (r = 32) 0.4 73.1 848 809 757 879 848 892 86.5 829

LoRA (r = 32) 0.7 70.8 852 799 712 842 790 917 84.3 80.8

DoRA (r = 32) 0.7 746 893 799 804 905 858 955 856 852

HiRA (r = 32) 0.7 754 897 812 829 933 883 954 87.7 86.7

MixLoRA (r = 16) 3.0 750 876 788 799 865 848 933 82.1 835

LLaMA3-8B MoELoRA' (r = 32) 0.7 74,6 89.1 823 828 927 876 953 88.5 86.6
TeamLoRAT (r = 32) 0.7 743 882 81.8 81.7 928 880 954 89.0 86.4

TalkLoRA (r = 16) 0.2 753 88.8 823 843 932 892 962 89.6 874

TalkLoRA (r = 32) 0.4 76.1 89.6 823 845 939 894 96.0 89.2 87.6

TalkLoRA* (r = 32) 0.4 75.1 892 836 849 939 888 964 90.1 87.8

Table 1: Accuracy(%) comparison of various methods fine-tuning Qwen2.5-7B, LLaMA2-7B and LLaMA3-8B
on the commonsense reasoning tasks. Results for LoORA, DoRA, and HiRA are sourced from (Huang et al., 2025),
MixLoRA and MoELoRA are sourced from (Li et al., 2024) and (Yang et al., 2025), respectively. T indicates
results reproduced using the same configuration as TalkLoRA. * denotes the use of 8 experts.

formation from expert h;, resulting in cross-
expert interactions that are inaccessible to
MOoELoRA.

Since MoELoRA is recovered as a degenerate case
of TalkLoRA when expert communication van-
ishes, TalkLoRA strictly subsumes the function
class of MoELoRA, yielding strictly greater ex-
pressive power.

Routing Sensitivity Analysis: Let h = (C®
I)h denote the communicated expert representa-
tions used as input to the router. When the expert
communication matrix C is non-expansive (the
experimental verification shown in the Appendix
C.), perturbations in the input are not amplified
through the communication module, resulting in
bounded changes in the router input.

Specifically, an input perturbation is first pro-
jected into the low-rank adaptation space and dis-
tributed across experts. The communication mod-
ule then aggregates expert representations via a
linear transformation. If this transformation is
non-expansive, it smooths local variations by shar-
ing information across experts rather than ampli-
fying noise. Consequently, the router operates on
more stable and less noisy representations, leading
to smoother and more robust expert selection.

In contrast, MoELoRA corresponds to the
degenerate case without expert communication,
where routing decisions depend solely on isolated
expert signals and are therefore more sensitive to
input perturbations. A formal analysis under stan-
dard boundedness assumptions is provided in Ap-
pendix A.

4 Experiments

First, we fine-tune the Qwen2.5-7B (Yang et al.,
2024), LLaMA2-7B (Touvron et al., 2023) and
LLaMA-8B (Team, 2024) models on common-
sense reasoning tasks and compare the perfor-
mance of Talkl.oRA against LoRA and its vari-
ants. Next, we evaluate smaller LLM, specifi-
cally RoBERTa-base (125M) (Liu et al., 2019).
We compare different methods for fine-tuning
RoBERTa-base on the General Language Under-
standing Evaluation (GLUE) benchmark (Wang
et al., 2019). We then identify the optimal place-
ment of TalkLoRA within the Transformer archi-
tecture. Subsequently, we conduct a robustness
analysis of TalkLoRA, examining its performance
variation across different expert ranks and num-
bers of experts. Finally, we verify the contribution
of the core module in TalkLoRA.
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Method #Param SST-2 MRPC CoLA QNLI RTE STS-B Avg
BitFit 0.1M 9404087 88.1+157 54.04307 91.00005 69.8+t151 89541035 81.1
IA3 0.06M 9344000 86.41000 57.84000 9l.14p00 73.5+000 8851000 81.8
LoReFT 0.02M 93-4i0‘64 89'2i2‘62 60-4i2.60 91.21()‘25 79-0i1.76 90~0i0.29 83.9
RED 0.02M 9394031 892140098 61.04296 90.71035 78.0+206 90441032 839
LoRA 03M  939:049 8871076 5974436 92.64010 7531079 9034051 83.4
Adapter 0.4M 93-3i0‘40 88.4i1,54 60.9i3,09 92.510.02 76~5i2.26 90~5i0.35 83.7
DeLoRA 0.3M 94.1:|:0_70 89.0:|:0496 63.6i1,52 92.8:‘:0,51 77-1:t3.65 90.9:‘:0_31 84.6
TalkLoRA 0.3M 94.2:|:0,37 89.3:|:1,37 64.2:|:2_51 93.0:(:0,32 77.6i0_15 90-9i0.52 84.9

Table 2: Performance comparison of RoBERTa-base model fine-tuned by TalkLoRA and other PEFT baseline
methods on the GLUE benchmark (without MNLI and QQP). We report Matthew’s correlation for CoLA,Pearson
correlation for STS-B, and accuracy for the remaining tasks. All baseline results are sourced from (Bini et al.,

2025).

4.1 Commonsense Reasoning

To demonstrate the performance of TalkLoRA
on commonsense reasoning tasks, which include
BoolQ (Clark et al., 2019), PIQA (Bisk et al.,
2020), SIQA (Sap et al., 2019), HellaS. (Zellers
et al., 2019), WinoG. (Sakaguchi et al., 2021),
ARC-c and ARC-e (Clark et al., 2018), and
OBQA (Mihaylov et al., 2018). Detailed descrip-
tions of these datasets appear in the Appendix B.1.

Experimental Details. For the common-
sense reasoning dataset, we fine-tune LLMs for
2 epochs, with evaluation on the validation set
every 80 steps. The best checkpoint is selected
for the final testing. We use AdamW opti-
mizer (Loshchilov and Hutter, 2019), detailed hy-
perparameter settings appear in the Table 6. We
establish LoRA and its variants as baselines, in-
cluding DoRA and HiRA, and also compare Talk-
LoRA with related MoELoRA-based methods:
MixLoRA (Li et al., 2024) and TeamLoRA (Lin
et al., 2025). All the experiments are conducted
using 4 Nvidia 24GB 3090 GPU.

Main Results. Table 1 presents the com-
monsense reasoning performance of various
parameter-efficient fine-tuning (PEFT) methods
on the Qwen2.5-7B, LLaMA2-7B and LLaMA3-
8B base models, reporting accuracy across eight
standard benchmarks and their average (Avg.).
The proposed TalkLoRA comprehensively outper-
forms most of the baselines under extremely low
parameter budgets (0.2%-0.4%), demonstrating
substantial performance gains.

On Qwen2.5-7B: The most significant observa-
tion is that TalkLoRA achieves the highest average
accuracy of 89.0%, surpassing the strong baseline
TeamLoRA (88.5%) and significantly outperform-
ing the standard LoRA (73.8%).

On LLaMA2-7B: TalkLoRA achieves 82.9%
average accuracy with only 0.4% trainable param-
eters, outperforming the DoRA by 3.2% and stan-
dard LoRA by 5.3%. Even in r = 16 (0.2% pa-
rameters), it reaches 82.5%, surpassing the HiRA
(81.4%).

On LLaMA3-8B: TalkLoRA achieves an aver-
age accuracy of 87.6%, surpassing HiRA by 0.9%
and DoRA by 2.4%. TalkLoRA with » = 16
attains 87.4%, outperforming all » = 32 base-
lines while doubling parameter efficiency. More
remarkably, with total rank » = 32 and 8 ex-
perts—yielding a per-expert rank of only 4 (half
the conventional minimum)—it further improves
the best result (87.6%) by 0.2%.

4.2 Natural Language Understanding

To evaluate TalkLoRA on smaller language mod-
els, we fine-tune RoBERTa-base (Liu et al., 2019)
and use GLUE (Wang et al., 2019) as the evalua-
tion benchmark. The benchmark comprises eight
widely used tasks covering syntactic acceptabil-
ity (CoLA), sentiment classification (SST-2), para-
phrase detection (MRPC, QQP), semantic similar-
ity measurement (STS-B), and natural language
inference (MNLI, QNLI, RTE). Due to com-
putational constraints, we exclude the resource-
intensive MNLI and QQP tasks. Detailed descrip-
tions of these datasets appear in the Appendix B.1.

Experimental Details. First, we partition the
validation set into two subsets. Detailed dataset
sizes appear in the Table 5. We then construct
hyperparameter groups comprising different learn-
ing rates, training epochs, and batch sizes. Af-
ter each training epoch, we evaluate on the first
subset; only when the highest validation score is
achieved do we assess performance on the sec-
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#Param(%) LoRA  TalkLoRA Avg. Method # Param(%) Avg,
0.74 QKVUD - 80.8 TalkLLoRA 0.4 87.6
0.17 - QKV 87.0 w/o Sharing 0.7 87.7
0.24 - UD 87.3 w/o Talking 0.4 86.5
0.41 - QKVUD  87.6
Table 4: Accuracy (%) comparison of several variants
Table 3: Accuracy(%) comparison of TalkLoRA of TalkLoRA.

with several different tuning granularity fine-tuning
LLaMA3-8B. Each module is represented by its first
letter as follows: (Q)uery, (K)ey, (V)alue, (U)p,
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Figure 3: Robustness analysis of TalkLoRA. "2e, 3e,
4e" denotes different numbers of experts.

ond subset. Finally, we apply the hyperparam-
eter configuration yielding the best result across
multiple random seeds and report the average to
ensure experimental reliability. Consistent with
prior work (Bini et al., 2025), we apply Talk-
LoRA to the Query and Value projections, set-
ting the total rank to 16 and the number of ex-
perts to 4 to ensure fairness in trainable param-
eters. We use BitFit (Ben Zaken et al., 2022),
IA3 (Liu et al., 2022), LoReFT (Wu et al., 2024b),
RED (Wu et al., 2024a), LoRA, Adapter (Houlsby
et al., 2019) and DeLLoRA (Bini et al., 2025) un-
der the identical experimental protocol as controls.
Detailed hyperparameter settings appear in the Ta-
ble 7.

Main Results. Table 2 presents performance
comparisons of TalkLLoRA and other PEFT meth-
ods on GLUE, reporting the mean and stan-
dard deviation across five random seeds for each
task. Compared with representative PEFT base-
lines, TalkLoRA obtains the best results on SST-2,
MRPC, CoLA, QNLI, and overall average score,
reaching 94.2, 89.3, 64.2, 93.0, and 84.9, respec-
tively. In addition, it delivers competitive per-
formance on the remaining tasks, demonstrating
strong generalization capability. Overall, under a

comparable parameter budget, TalkL.oRA substan-
tially outperforms existing methods and exhibits
consistent robustness across tasks.

4.3 Tuning Granularity Analysis

In this section, we analyze the effects of apply-
ing TalkLoRA to different adaptation layers in
LLMs. We specifically investigate performance
in the self-attention module and the feed-forward
network, targeting the (Q)uery, (K)ey, (V)alue,
(U)p, and (D)own weight matrices. We fine-tune
LLaMA3-8B on commonsense reasoning tasks
with rank 32 and 4 experts. The result, shown in
Table 3, highlight several key observations:

When tuning only the QKV (0.17%) or UD
(0.24%), TalkLoRA achieves average accuracies
above 87.0%, substantially higher than standard
LoRA’s 80.8% accuracy with a much larger pa-
rameter budget of 0.74%. This indicates that Talk-
LoRA is significantly more parameter-efficient.
Furthermore, when applying the full QKVUD
configuration, TalkLoRA reaches the highest ac-
curacy of 87.6% with only 0.41% parameters,
demonstrating both superior performance and
compact parameter usage. Overall, TalkLoRA
delivers more stable and effective improvements
across different tuning granularities, showcasing
its stronger parameter utilization capability and
better scalability.

4.4 Robustness of Expert Rank and Expert
Count

We evaluate the performance of TalkLoRA un-
der varying configurations. Specifically, we ex-
plore combinations of three per-expert ranks r. €
{8,16,32} (where 7. = r/n) and three expert
counts n € {2,3,4}, and fine-tune LLaMA3-8B
on commonsense reasoning tasks.

As illustrated in Figure 3, TalkLoRA consis-
tently outperforms existing approaches across all
tested configurations. At the lowest rank r, = 8,
it already attains 86.8% to 87.6% accuracy de-
pending on the number of experts. The strongest
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Figure 4: Visualization of the learned communication matrix C. All entries in each matrix are normalized to [-1,
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Figure 5: Router load visualization of without Talking Module (left) and TalkLoRA (right).

configuration (4 experts, 7. = 8) reaches 87.6%,
improving over HiRA by 0.9% and over stan-
dard LoRA by 6.8%. Notably, under identical to-
tal rank, increasing the number of experts yields
higher performance. For instance, at total rank
r = 32, using 4 experts achieves 87.6%, sur-
passing 2 experts (87.3%) by 0.3%. Similarly, at
r = 64, 4 experts attain 87.4%, outperforming 2
experts (86.9%) by 0.5%.

4.5 Understanding the TalkLoRA

Having demonstrated the superiority of TalkLoRA
through extensive experiments, we further conduct
studies to quantify the contribution of its internal
modules and deep understanding of the architec-
ture. Regarding this, we evaluate the importance
of the parameter sharing strategy and the Talking
Module through the following ablation settings:
1) We remove the combination of layer-unique E;
and shared B;, and instead use unshared B; matri-
ces. 2) We eliminate the Talking Module, feeding
the expert low-dimensional information inputs di-

rectly to the router. The result is shown in Table 4.

Effectiveness Analysis: TalkLoRA achieves
comparable performance to the unshared strat-
egy while using only half the trainable parame-
ters. This substantially reduces redundancy within
experts, enabling the MoE mechanism to oper-
ate effectively under resource-constrained settings
while retaining performance advantages. Remov-
ing the Talking Module causes a significant perfor-
mance drop from 87.6% to 86.5%. Despite con-
tributing a negligible number of trainable parame-
ters, the module yields substantial gains.

Stability Analysis: Figure 4 further reveals
that the learned C' matrices are neither diagonal
nor sparse, confirming extensive information ex-
change across expert. Furthermore, we examine
the routing load distribution on the Up matrix for
the OBQA dataset in the commonsense reasoning
task. Figure 5 clearly shows that models equipped
with the Talking Module effectively mitigate over-
confident routing. This prevents any single ex-
pert from dominating the selection process. The
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Talking Module significantly improves load bal-
ancing, thereby ensuring higher overall model per-
formance.

5 Conclusion

In this paper, we propose TalkLoRA, a
communication-aware MoELoRA framework
that explicitly relaxes the independence assump-
tion among LoRA experts. By introducing a
Talking Module, TalkLoRA enables structured
information exchange across low-rank experts
prior to routing, facilitating coordinated adapta-
tion and more balanced expert utilization. Both
theoretical analysis and empirical results show
that TalkLoRA enhances the effective expressivity
per parameter and improves expert routing,
leading to more efficient and robust parameter-
efficient adaptation. We believe TalkLoRA offers
a principled approach to communication-aware
adaptation and demonstrates the potential of
structured expert interaction in LLMs.

6 Limitations

While we demonstrate improvements on multi-
ple language understanding and reasoning bench-
marks, the effectiveness of expert-level communi-
cation in broader tasks—such as multi-modal pro-
cessing, extremely long-context modeling, math-
ematical reasoning, or code generation—remains
to be explored. In addition, due to hardware con-
straints, we do not evaluate TalkLoRA on very
large-scale models. Finally, the incorporation of a
MoE-based Talking Module inevitably introduces
additional inference latency, which may limit de-
ployment in latency-sensitive applications.

7 Ethics Statement

First, as a parameter-efficient fine-tuning (PEFT)
technique, TalkLoRA relies on LLMs; conse-
quently, it may inherit or even amplify biases and
toxic behaviors present in the base model or the
fine-tuning datasets. Users must exercise cau-
tion regarding data selection and model evalua-
tion to prevent the propagation of harmful con-
tent. Second, the increased accessibility of high-
performance fine-tuning on consumer-grade hard-
ware could potentially be exploited by malicious
actors to adapt models for generating misinfor-
mation or offensive content at a lower cost. We
encourage the community to prioritize responsi-
ble deployment and incorporate safety alignment

measures when utilizing this architecture in real-
world applications.
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A Analysis of TalkLoRA

We provide a formal analysis supporting the claim that expert-level communication stabilizes routing
decisions in TalkLoRA.

Setup

Let x € R? denote the input to a transformer layer. The low-rank projection is given by h = Ax, where
A € R"™*9 is a bounded linear operator. The projected representation is split into 7 expert subspaces
h = [h1, ..., hy]. TalkLoRA applies expert communication before routing:

h=(C®I)h, 3)

where C' € R™*" is the expert communication matrix.
The router produces routing probabilities via

g(z) = Softmax(Wyh), )
with router parameters W,.
Assumptions
We make the following mild assumptions:

1. Bounded projection.
[Allop < e

2. Non-expansive communication.
1Cllop < 1.

3. Smooth router.
The router logits are Lipschitz-continuous:

Wy — Wyoll < Bllu o]l
These assumptions are standard and satisfied by common parameterizations used in practice.

Theorem 1 (Routing Stability)

Under the above assumptions, the routing function z +— g(x) in TalkLoRA is Lipschitz-continuous.
Specifically, for any perturbation dz,

lg(x + 62) — g(z)[| < aplox]. (10)

Discussion. MoELoRA corresponds to the special case where C = I, whereas TalkLoRA allows
non-trivial but non-expansive expert communication (||C||lop < 1), which smooths perturbations across
experts and leads to more stable routing decisions.

Proof
A perturbation dx propagates through the low-rank projection and expert split, yielding

16h] < [[Alloplloz[| < afldz]]. (1D)
Applying expert communication,
152] = [(C @ D)sh|| < [[Cllopllohl < [|6R]|- (12)
By the Lipschitz continuity of the router logits,
|Wyh(z + 6z) — Wyh(z)| < BI|6R]. (13)

Finally, since the Softmax function is Lipschitz on bounded domains, the same bound applies to the
routing probabilities. Combining the above inequalities yields the stated result.
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B Experimental Setting
B.1 Dataset

Commonsense Reasoning: comprising a total
of 170,420 question-answer pairs and 120 ran-
dom entries as the validation set, and consist of
8 benchmarks and the details are described as fol-
lows:

¢ BoolQ (Clark et al., 2019): This dataset com-
prises a collection of yes/no question exam-
ples, totaling 15942 examples. These ques-
tions are naturally occurring and generated in
unprompted and unconstrained settings;

* PIQA (Bisk et al., 2020): This dataset con-
sists of questions with two solutions that re-
quire physical commonsense to answer;

* SIQA (Sap et al., 2019): This dataset focuses
on analyzing people’s actions and their social
implications;

e HellaS. (Zellers et al., 2019): This dataset
consists of commonsense Natural Language
Inference (NLI) questions, each featuring a
context and multiple endings that complete
the context;

* WinoG. (Sakaguchi et al., 2021): This dataset
presents a fill-in-a-blank task with binary op-
tions. The goal is to select the appropriate
option for a given sentence that requires com-
monsense reasoning;

¢ ARC-c and ARC-e (Clark et al., 2018):
These two datasets are the Challenge Set and
Easy Set of ARC dataset, which contains
genuine grade-school level, multiple-choice
science questions;

* OBQA (Mihaylov et al., 2018): This dataset
comprises questions that require multi-step
reasoning, the use of additional common
sense knowledge, and thorough text compre-
hension.

GLUE: benchmark (Wang et al., 2019) con-
sists of multiple tasks that target different aspects
of natural language understanding, and this study
adopts six commonly used datasets among them.

* SST-2 focuses on sentence-level sentiment
classification and is evaluated using Accu-
racy.

SST-2 MRPC CoLA QNLIRTE STS-B
Training Set 67K 3.7K 8.5K 105K 2.5K 5.7K
New Validation Set 436 204 522 1K 139 750
New Test Set 436 204 521 45K 138 750

Splits Sizes

Table 5: GLUE dataset sizes.

HyperParmaters Qwen2.5-7B LLaMA2-7B LLaMA3-8B
Rank r 16 16 32 16 32
el 16 16 32 16 32
Dropout 0.05
Optimizer AdamW
LR le-4 3e-4
LR Scheduler Linear
Batch Size 32
‘Warmup Steps 100
Epochs 2
Where Q. K, V, Up, Down

Table 6: The hyperparameters for TalkLoRA on the
commonsense reasoning tasks.

* MRPC is a paraphrase detection task that
measures whether a model can determine
whether two sentences are semantically
equivalent, with Accuracy as its evaluation
metric.

* CoLA addresses grammatical acceptability
judgment, requiring the model to determine
whether a sentence is linguistically accept-
able, and is evaluated using the Matthews
Correlation Coefficient (MCC).

QNLI is a natural language inference task
converted from a question-answering setting,
where the goal is to judge whether a sentence
contains evidence that answers the question,
and is evaluated using Accuracy.

* RTE focuses on recognizing textual entail-
ment, determining whether a premise sup-
ports a hypothesis, and is likewise evaluated
using Accuracy.

* STS-B is designed for semantic similarity as-
sessment, where the model outputs a similar-
ity score from O to 5, and its evaluation met-
rics include Pearson and Spearman correla-
tion coefficients.

Together, these tasks cover essential language
understanding abilities, including sentiment anal-
ysis, syntactic judgment, semantic similarity mod-
eling, and natural language inference. As specified
by (Wu et al., 2024a), for each benchmark task, we
split the public validation set into two parts, as de-
tailed in Table 5.

18449



1.2

1.0 S N~ e e AN R
¢ +
+
+
L
0.8 + 4 + P . ¢ o
% & °
g 3 ¢ + + ¢ %
5 °
= -+
© 0.6 o +
b=
[}
L °
n +
0.4
e Q
K
0.2 \Y%
+ Up
Down
==+ Non-expansive Threshold
0.0

0 5 10

+ e * °
+ ® o _ ° ®
® : T °
2 ° L +
+ & .
° o % s *
+ T +
+
p4 +
15 20 25 30
Layer

Figure 6: Distribution of spectral norms for the communication matrix across different layers and modules. The
red dashed line (y = 1.0) denotes the non-expansive threshold. The results demonstrate that the learned matrices
predominantly satisfy the non-expansive property, ensuring signal stability throughout the network.

HyperParmaters SST-2 MRPC CoLLA QNLI RTE STS-B

Rank r 16

o 32

Seed 42,43,44,45,46

Optimizer AdamW

LR Schedule Linear

Warmup Ratio 6e-2

Max Seq.Len. 512

Epochs 40 50 50 40 60 80

2e-3  2e-4 Se-4 l1e-3 Te-4 3e4
128 32 32 32 32 32

Learning Rate
Batch Size

Table 7: The hyperparameters for TalkLoRA on the
Natural Language Understanding.

B.2 Hyperparameters

Table 6 shows the detailed hyperparameters for
commonsense reasoning tasking when fine-tuning
the Qwen2.5-7B, LLaMA2-7B and LLaMA3-
8B. Table 7 shows the detailed hyperparame-
ters for GLUE benchmark when fine-tuning the
RoBERTa-base.

C Additional Experimental

C.1 Non-expansive validation

As discussed in the main text, a non-expansive
communication matrix C' ensures that pertur-
bations in the input are not amplified during
transmission. This property guarantees bounded
changes in the router’s input, which is critical for
the numerical stability of the Mixture-of-Experts

(MoE) architecture during inference. To empir-
ically verify this property in TalkLoRA, we ex-
tract the learned communication matrices from
the Talking Module across all layers of the fine-
tuned model. For each communication matrix
C € R™ " we computed its spectral norm, de-
fined as the largest singular value of the matrix:

1C]la = T (€) = max 1212

. 14
o el MY

A matrix is non-expansive in the Euclidean space
if its spectral norm satisfies ||C||2 < 1. We evalu-
ate this quantity for all projection types (Q, K, V,
Up, and Down) across all transformer layers. The
resulting distributions of spectral norms are shown
in Figure 6. where the x-axis denotes the layer in-
dex and the y-axis denotes the corresponding spec-
tral norm. We observe that the spectral norms of
the learned communication matrices consistently
remain at or below 1 across layers and projec-
tion types. These results provide empirical evi-
dence that the Talking Module in TalkLoRA learns
non-expansive communication operators in prac-
tice, supporting the stability assumptions underly-
ing our theoretical analysis of routing robustness.

C.2 Tuning Granularity Analysis

This section is a detail experiment result of adapt-
ing different weight modules using TalkLoRA.
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#Param(%) TalkLoRA BoolQ PIQA SIQA ARC-c ARC-e OBQA HellaS. WinoG. Avg.

0.17 QKV 74.9 89.4 81.2 83.3 93.4 89.4 96.2 88.4 87.0
0.24 ub 74.0 90.2 82.7 83.2 93.1 89.4 96.4 89.2 87.3

Table 8: Accuracy(%) comparison of several different tuning granularity of TalkLoRA fine-tuning LLaMA3-8B.
Each module is represented by its first letter as follows: (Q)uery, (K)ey, (V)alue, (U)p, (D)own.

#Param(%) Te BoolQ PIQA SIQA ARC-c ARC-e OBQA HellaS. WinoG. Avg.

=
S

0.2 8 2 76.1 88.4 82.6 81.5 93.7 88.0 96.0 88.5 86.8
0.3 8 3 75.7 89.0 82.4 82.6 934 89.6 95.9 89.0 87.2
0.4 8 4 76.1 89.6 82.4 84.5 93.9 89.4 96.0 89.2 87.6
0.4 16 2 75.6 89.9 82.5 83.4 93.7 88.8 96.1 88.2 87.3
0.6 16 3 74.7 88.5 81.5 82.7 94.0 89.0 95.8 89.0 86.9
0.8 16 4 76.3 89.2 82.5 83.5 93.6 88.8 95.8 89.7 87.4
0.8 32 2 74.3 88.3 82.0 84.0 93.2 90.0 95.7 87.6 87.0
1.2 32 3 74.2 88.4 82.3 81.6 91.7 86.0 94.4 87.5 85.8
1.6 32 4 74.2 88.3 82.7 84.4 93.5 88.6 95.9 89.8 87.2

Table 9: Accuracy(%) comparison of robustness for TalkLoRA fine-tuning LLaMA3-8B.

#Param(%) Method BoolQ PIQA SIQA ARC-c ARC-e OBQA HellaS. WinoG. Avg.

0.7 w/o Sharing 75.4 89.8 83.0 84.5 93.7 89.4 96.0 89.8 87.7
0.4 w/o Talking 72.6 88.8 82.2 83.4 93.0 88.4 95.7 88.2 86.5

Table 10: Accuracy(%) comparison of variant of TalkLoRA fine-tuning LLaMA3-8B.

Each module is represented by its first letter as fol-
lows: (Q)uery, (K)ey, (V)alue, (U)p, (D)own. We
conduct experiments using LLaMA3-8B with a
rank of 32 and expert count of 4 on commonsense
reasoning training samples. The result, shown Ta-
ble 8

C.3 Robustness of TalkLoRA

This section presents detailed experimental results
examining the robustness of TalkLoRA. We ex-
plore combinations of three per-expert ranks r. €
{8,16,32} (where r. = r/n) and three expert
counts n € {2,3,4}, and fine-tune LLaMA3-8B
on commonsense reasoning tasks. The result is
shown in Table 9

C.4 Ablation Study of TalkLoRA

This section presents detailed experimental results
investigating the two variants of TalkLoRA. We
conduct experiments using LLaMA3-8B with a
rank of 32 and expert count of 4 on commonsense
reasoning training samples. The result is shown in
Table 10.
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