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Abstract

The combination of Mixture-of-Experts (MoE)
and Low-Rank Adaptation (LoRA) has shown
significant potential for enhancing the multi-
task learning capabilities of Large Language
Models. However, existing methods face two
primary challenges: (1)Imprecise Routing in
the current MoE-LoRA method fails to explic-
itly match input semantics with expert capa-
bilities, leading to weak expert specialization.
(2)Uniform weight fusion strategies struggle to
provide adaptive update strengths, overlooking
the varying complexity of different tasks. To ad-
dress these limitations, we propose SAMoRA
(Semantic-Aware Mixture of LoRA Experts),
a novel parameter-efficient fine-tuning frame-
work tailored for task-adaptive learning. Specif-
ically, A Semantic-Aware Router is proposed
to explicitly align textual semantics with the
most suitable experts for precise routing. A
Task-Adaptive Scaling mechanism is designed
to regulate expert contributions based on spe-
cific task requirements dynamically. In addi-
tion, a novel regularization objective is pro-
posed to jointly promote expert specialization
and effective scaling. Extensive experiments on
multiple multi-task benchmarks demonstrate
that SAMoRA significantly outperforms the
state-of-the-art methods and holds excellent
task generalization capabilities. Code is avail-
able at https://github.com/boyan-code/
SAMoRA

1 Introduction

Large Language Models (LLMs) have achieved
impressive performance across a wide range of
domains, particularly in natural language process-
ing (NLP) tasks such as content generation and
question answering (Hong et al., 2025; Xu et al.,
2023; Chen et al., 2025a). This success largely
stems from their massive parameter counts and pre-
training on large-scale, diverse corpora, which en-
dow LLMs with strong generalization capabilities
and robust performance across diverse and complex
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Figure 1: Illustration of limitations in existing mech-
anisms. (a) MLP-based Routing: Fails to explicitly
match tasks with expert capabilities, resulting in expert
homogenization. (b) Uniform Weight Fusion: Applies a
uniform update strength across diverse tasks, ignoring
specific requirements and limiting multi-task general-
ization.

tasks (Qin et al., 2023; Raffel et al., 2020; Chen
et al., 2025b), yet inevitably imposes a substantial
parameter burden during fine-tuning.

To mitigate the computational burden of full
fine-tuning, Low-Rank Adaptation (LoRA) has
emerged as a leading Parameter-Efficient Fine-
Tuning (PEFT) strategy (Hu et al., 2022). LoRA
injects trainable low-rank matrices into the frozen
backbone and merges the updates via a uniform
scaling factor. However, while effective for sin-
gle tasks, this fixed structure limits performance
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in complex multi-task scenarios, as a single set of
parameters cannot adequately handle diverse task
requirements. To address this, recent studies have
integrated Mixture-of-Experts (MoE) architectures
with LoRA (MoE-LoRA) (Liu et al., 2024a). These
methods treat multiple LoRA modules as experts
and employ a Multi-Layer Perceptron (MLP) based
router to selectively activate them. While these ap-
proaches have demonstrated notable success in en-
hancing model capacity, they still face two critical
challenges:

(1) Current routing mechanisms fail to ex-
plicitly associate tasks with expert capabilities,
leading to imprecise routing. Existing MoE-
LoRA methods rely on MLP routers that priori-
tize learned data distributions over actual expert
proficiencies (Tian et al., 2024). As illustrated
in Figure 1(a), these strategies fail to explicitly
match input semantics with expert expertise, often
resulting in homogenized experts that lack distinct
roles. Consequently, this inability to specialize
prevents the model from handling diverse require-
ments effectively, leading to suboptimal capabili-
ties in multi-task scenarios. (2) Uniform weight
fusion strategies fail to provide adaptive adjust-
ments for diverse tasks, limiting multi-task gen-
eralization. As shown in Figure 1(b), standard
approaches employ a globally fixed scale factor
that applies a uniform update strength across all
inputs. However, multi-task scenarios involve tasks
with varying complexity, where some require sig-
nificant parameter shifts while others need only
minor adjustments. Applying a uniform strategy
ignores these distinct requirements, forcing a rigid
"one-size-fits-all" adaptation. This lack of flexibil-
ity prevents the model from effectively adapting to
specific task needs, thereby constraining its over-
all generalization capability in complex multi-task
environments.

To address these challenges, we propose
SAMoRA (Semantic-Aware Mixture of LoRA Ex-
perts), a novel framework tailored for task-adaptive
learning. Specifically, SAMoRA consists of a
Semantic-Aware Router to explicitly align input
semantics with expert capabilities, a Task-Adaptive
Scaling mechanism to dynamically regulate expert
contributions based on specific task demands, and
specialized loss constraints to enforce expert dis-
tinctiveness and ensure robust multi-task perfor-
mance.

The contributions of this work are as follows:

• We propose SAMoRA, a novel MoE-LoRA
framework enabling precise semantic-aware
expert routing and significantly enhancing
multi-task generalization capabilities.

• We introduce a Semantic-Aware Router to
enforce explicit alignment between input se-
mantics and expert capabilities, coupled with
a Task-Adaptive Scaling mechanism that dy-
namically regulates parameter updates to ef-
fectively adapt to diverse task requirements.

• We design specialized loss constraints to en-
force expert distinctiveness and regularize
scaling factors, ensuring specialized expert
roles and robust performance.

• Extensive experiments across diverse multi-
task benchmarks demonstrate that SAMoRA
consistently outperforms existing baselines,
achieving State-of-the-Art performance.

2 Related Work

2.1 Mixture of Experts.

MoE was initially proposed to decompose complex
tasks into simpler subtasks, where a router dynami-
cally assigns different inputs to specialized expert
subnetworks (Jacobs et al., 1991). A key later ad-
vancement was the sparsely-gated MoE, which ac-
tivates only a small subset of experts per forward
pass to significantly improve computational effi-
ciency (Shazeer et al., 2017). This sparse-gating
mechanism was subsequently extended to Trans-
former architectures, further enhancing training
efficiency and model scalability (Lepikhin et al.,
2021). Subsequent strategies have further opti-
mized routing mechanisms, such as simplified top-1
routing for stability (Fedus et al., 2022) and differ-
entiable soft routing for effective expert combina-
tion (Muqeeth et al., 2024).

Despite these architectural improvements, cur-
rent methods share a fundamental limitation: they
rely on implicit routing strategies that lack explicit
semantic guidance. These approaches typically
map inputs to experts based on learned statistical
distributions rather than establishing an explicit
association between input semantics and expert
capabilities. Consequently, the routing decision re-
mains decoupled from actual expert specialization,
hindering the model’s ability to precisely match
diverse inputs to the most suitable experts based on
their semantic features.
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2.2 LoRA for Multi-Task Learning
LoRA has attracted widespread attention due to its
ability to achieve performance comparable to full
fine-tuning under limited computational resources.
However, its performance in complex multi-task
scenarios remains suboptimal. To address this,
several extensions have been proposed to enhance
adaptability. MultiLoRA introduces a parallelized
design with learnable scaling factors to decouple
task-specific features (Wang et al., 2023), while
MTL-LoRA employs task-specific transformation
matrices to capture distinct information (Yang et al.,
2025). Furthermore, methods like MoELoRA and
HydraLoRA integrate MoE architectures, treating
LoRA modules as experts to improve generaliza-
tion and parameter efficiency (Liao et al., 2025;
Tian et al., 2024).

Despite these architectural advancements, these
methods share a fundamental limitation in their
weight fusion mechanism. Most approaches rely
on uniform scaling strategies to merge LoRA up-
dates with the pre-trained model. This fixed ap-
proach ignores the varying complexity of different
tasks, where some require significant parameter
shifts while others need only minor adjustments.
Consequently, applying the same update strength to
all tasks fails to meet specific requirements, thereby
limiting the model’s overall multi-task adaptation
performance.

3 Preliminary

3.1 PEFT for LLMs
PEFT for LLMs involves adapting pretrained mod-
els to downstream tasks by introducing a small set
of trainable parameters ∆W , while keeping the
original model weights W frozen. The model is
jointly trained on multiple tasks in multi-task sce-
narios to learn shared and task-specific representa-
tions (Wei et al., 2022). The training objective is to
fine-tune ∆W such that the conditional probability
P of autoregressively generating target sequences
across all tasks is maximized. Formally, the train-
ing loss can be written as:

Ltask(∆W ) =
∑

(sin,sout)∈D

|sout|∑

i=1

logPW+∆W

(
s
(i)
out | sin, s

(<i)
out

)
,

(1)
where D denotes the training dataset containing
input-output sentence pairs (sin, sout) from multiple

tasks. This objective formalizes the autoregressive
training process, where the model predicts target
sentence incrementally by adapting only the incre-
mental parameters ∆W .

3.2 Mixture of LoRA Experts

LoRA implements PEFT by freezing the origi-
nal pretrained weights W and introducing two
trainable low-rank matrices. For a weight matrix
W ∈ Rdout×din , these matrices are specifically de-
fined as A ∈ Rr×din and B ∈ Rdout×r, where the
rank r is significantly smaller than the original
dimensions. The resulting product BA provides
a low-rank update ∆W to W , enabling effective
adaptation with minimal additional parameters (Hu
et al., 2022). The LoRA update process is illus-
trated in Figure 1(b).

To leverage the parameter-efficiency of LoRA
for complex multi-task scenarios, a promising di-
rection in recent work has been to integrate it with
MoE (Yang et al., 2025; Liu et al., 2024b; Feng
et al., 2024). By structuring multiple LoRAs as
lightweight experts within the attention and feed-
forward layers of an LLM, the forward pass in such
a layer is formalized as:

Y = WX +
N∑

i=1

giBiAiX, (2)

where X ∈ Emb(sin) is a hidden representation
derived from the input sentence sin, and Y is the
corresponding output. The set {Ai, Bi}Ni=1 repre-
sents N distinct LoRA experts. The gating weights
gi are dynamically generated by a router condi-
tioned on input X , determining which expert to
activate.

4 Methodology

As illustrated in Figure 2, SAMoRA integrates two
core components: a Semantic-Aware Router de-
signed to explicitly match input semantics with ex-
pert expertise, and a Task-Adaptive Scaling mech-
anism that dynamically regulates update strengths
to meet specific task requirements. In the following,
we introduce these components in detail.

4.1 Semantic-Aware Router

Most existing MoE approaches rely on MLP-based
routing strategies that often fail to associate input
contents with expert capabilities. To address this,
we introduce a Semantic-Aware Router designed
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Figure 2: Overview of our SAMoRA. We design a Semantic-Aware Router and a Task-Adaptive Scaling mechanism,
integrated within an asymmetric MoE-LoRA architecture consisting of a shared Expert A and multiple Semantic
Experts B.

to explicitly match input semantics with expert ex-
pertise.

Semantic Extraction via Shared Expert. To re-
alize explicit routing, the model must first effec-
tively grasp the semantic intent of the input. In-
spired by HydraLoRA (Tian et al., 2024), we estab-
lish an asymmetric architecture by utilizing a single
shared expert A ∈ Rr×din , while maintaining mul-
tiple experts {Bi}Ni=1 to capture distinct semantic
capabilities. This shared component naturally func-
tions as a semantic encoder, eliminating the need
for a separate, decoupled routing network. This
shared module extracts a compact, unified seman-
tic representation h = AX from the input X . By
using the shared expert A, we ensure that the rout-
ing decision is grounded in the same feature space
used for expert computation, facilitating consistent
semantics aggregation. Building upon Eq. (2), the
core forward process is reformulated as:

Y = WX +

N∑

i=1

giBih = WX +

N∑

i=1

giBi(AX).

(3)

Explicit Matching with Expert Keys. With the
extracted semantic features h, the next step is to
align them with the specific capabilities of the se-
mantic experts {Bi}Ni=1. To this end, we assign a
trainable Expert Key ki ∈ Rr to each expert Bi.

These keys function as semantic anchors, explic-
itly representing the unique specialization learned
by each expert. During training, the keys are opti-
mized alongside the experts, ensuring that ki moves
closer to the semantic clusters that expert Bi is best
at handling. The routing score gi is then derived
by measuring the Cosine Similarity between the
input’s semantic representation h and each expert
key ki:

gi =
exp (cos (h, ki) /τ)∑N
j=1 exp (cos (h, kj) /τ)

, (4)

where τ is a temperature coefficient that regulates
the strictness of the matching. A smaller τ sharpens
the distribution, forcing the router to strictly select
only the expert with the highest semantic alignment,
while a larger τ softens this constraint, allowing
for broader expert collaboration. This mechanism
ensures that inputs are routed based on explicit
semantic similarity rather than implicit statistical
bias.

4.2 Task-Adaptive Scaling
As illustrated in Figure 1(b), standard LoRA em-
ploys a uniform scaling factor to merge the up-
dates. However, this fixed approach is problematic
in multi-task scenarios as it ignores the varying
complexity of different tasks. Some tasks require
significant parameter shifts while others need only
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minor adjustments. Consequently, applying the
same update strength to all tasks fails to meet spe-
cific requirements, limiting the model’s adaptabil-
ity. To address this, we propose a Task-Adaptive
Scaling mechanism that dynamically regulates the
update magnitude based on specific task demands.

Spectral Initialization via SVD. First, inspired
by recent work (Yuan et al., 2025; Zhao et al.,
2025), we aim to ensure our asymmetric structure
starts with a theoretically grounded scale alignment.
We introduce a trainable Diagonal Scaling Matrix
S ∈ Rr×r positioned between the shared expert
A and the semantic experts Bi. By performing
Singular Value Decomposition (SVD) on the pre-
trained weight W = UΣV ⊤, we initialize S using
the top-r singular values:

S = Σ1:r,1:r = diag(σ1, . . . , σr). (5)

This design aligns our components with the dom-
inant semantic directions of the original weights,
providing a stable structural basis for subsequent
adaptation.

Task-Dependent Dynamic Regulation. Build-
ing upon this aligned basis, we introduce a task-
driven mechanism to dynamically control the fu-
sion ratio. We assign a learnable Task Embedding
etask ∈ Rdg to each task, which captures latent task
characteristics such as complexity and domain di-
vergence. To determine the optimal update strength
for a given task, we project this embedding into a
scalar gating factor gtask ∈ (0, 1) via a non-linear
mapping:

gtask = σ(Wgateetask + bgate), (6)

where σ(·) is the sigmoid function. This mecha-
nism allows the model to dynamically adjust the
update strength based on input features. It assigns
larger scales for tasks needing significant adapta-
tion and smaller scales for those requiring only
minor adjustments, effectively meeting diverse task
requirements.

By integrating the SVD-based alignment and
task-dependent regulation into the formulations of
Eq. (2) and Eq. (3), the final output Y is derived
as:

Y = WX + gtask

N∑

i=1

giBi(SAX). (7)

4.3 Training Objective

To ensure the effective implementation of our pro-
posed mechanisms, we incorporate two specialized
regularization terms alongside the standard LLM
generation loss. Specifically, these terms are de-
signed to align Expert Keys with their correspond-
ing experts and impose the necessary SVD con-
straints for the Task-Adaptive Scaling mechanism.
The total training objective is formulated as:

Ltotal = Ltask + λorth · Lorth + λmatch · Lmatch,
(8)

where Ltask denotes the multi-task language mod-
eling loss Ep. (1), and λorth, λmatch are scalar hy-
perparameters weighting the auxiliary constraints.

Orthogonality Regularization for Scale Decou-
pling. We introduce an orthogonality regulariza-
tion term Lorth to strictly decouple directional
semantics from magnitude scaling. In our SVD-
based design, the diagonal matrix S and the gating
factor gtask are intended to handle all "scaling" ef-
fects. Specifically, we force the rows of the shared
encoder A and the columns of each semantic expert
Bi to be orthonormal:

Lorth = ∥AA⊤ − I∥2F +
N∑

i=1

∥B⊤
i Bi − I∥2F , (9)

where I ∈ Rr×r is the identity matrix. By enforc-
ing this constraint, A and Bi focus purely on learn-
ing distinct semantic directions, ensuring that the
control of adaptation strength remains exclusively
within the purview of our Task-Adaptive Scaling
mechanism.

Semantic Match Regularization via KL Diver-
gence. The effectiveness of our Semantic-Aware
Router hinges on the semantic consistency between
the learnable key ki and the functional specializa-
tion of the expert Bi. Any misalignment between
ki and Bi inevitably leads to erroneous expert selec-
tion. To mitigate this, we introduce a regularization
loss that explicitly minimizes the divergence be-
tween ki and the semantic representation derived
from Bi. We detail the specific implementation
steps as follows.

(1) Extracting Representative Vectors. Since the
expert Bi ∈ Rdout×r is a matrix while the key ki ∈
Rr is a vector, we obtain a representative vector
bi from each expert. This is achieved by mean-
pooling the row vectors of Bi, which aggregates

28177



Method TP (%) BoolQ PIQA SIQA WinoG ARC-C ARC-E OBQA HellaS CSQA Avg.

Backbone: Llama3.1-8B

LoRA† 2.09 70.43 82.97 76.00 71.11 77.56 85.77 81.60 93.00 77.40 79.54
MultiLoRA 0.26 70.95 80.81 80.91 82.15 71.70 86.12 80.60 94.01 80.34 80.84
MoORE 0.77 74.49 88.63 82.99 87.74 79.95 88.80 86.20 95.48 84.60 85.43
HydraLoRA 0.17 74.31 90.15 82.49 88.47 84.06 92.18 87.80 93.18 83.81 86.27
MTL-LoRA 0.16 74.34 89.90 82.95 88.08 84.55 93.81 88.20 95.15 83.94 86.77
SAMoRA (Ours) 0.15 74.89 90.37 83.32 88.95 86.35 94.70 89.80 95.97 84.85 87.64

Backbone: Qwen3-8B

LoRA 0.74 73.80 91.45 83.00 88.39 92.40 97.60 90.20 94.60 86.32 88.64
MultiLoRA 0.29 71.89 89.88 81.83 83.89 92.15 97.60 90.60 93.07 85.74 87.64
MoELoRA 0.56 73.90 91.18 81.47 83.10 92.49 97.34 89.60 92.30 84.43 87.31
HydraLoRA 0.16 73.14 90.69 83.21 87.92 92.90 97.47 89.40 94.60 87.01 90.33
MoORE 0.84 73.60 91.26 80.80 86.55 90.10 93.30 90.20 94.09 86.56 90.28
MTL-LoRA 0.16 73.51 91.13 82.08 88.87 92.15 97.55 91.40 95.47 86.08 90.98
SAMoRA (Ours) 0.15 74.68 92.00 83.78 88.95 92.58 97.94 91.80 96.01 87.31 91.71

Table 1: Results of comparison experiments across Commonsense Reasoning benchmarks. TP indicates Trainable
Parameters (%). †means the results from MoORE (Yuan et al., 2025). Bold: Best results; Underline: Second-best
results.

the features learned by that expert:

bi =
1

dout

dout∑

j=1

B
(j)
i ∈ Rr. (10)

(2) Alignment via Distribution Matching. To
align the routing key with the expert’s actual ca-
pability, we map both the key ki and the semantic
centroid bi into probability distributions (P (i)

k and
P

(i)
b ) via Softmax. We then minimize the Kullback-

Leibler (KL) divergence between them:

Lmatch =
1

N

N∑

i=1

DKL

(
P

(i)
b ∥ P

(i)
k

)
. (11)

Crucially, we employ the direction DKL(PExpert ∥
PKey). This effectively treats the expert’s functional
distribution P

(i)
b as the target, compelling the key

P
(i)
k to shift towards and accurately represent the

expert’s specialization. This ensures consistency
between the routing keys and the actual expert char-
acteristics.

4.4 Complexity Analysis
To demonstrate the computational efficiency and
parameter economy of our framework, we com-
pare the complexity of SAMoRA with the stan-
dard MoE-LoRA paradigm. For a comprehensive
breakdown of all baselines and the detailed analysis
process, please refer to Appendix A.

Standard MoE-LoRA architectures typically
assign independent down-projection and up-
projection matrices to each expert. This results

in a parameter complexity of O(N(din + dout)r)
and necessitates high-dimensional computations
for routing, incurring a cost of O(Ndin).

In contrast, SAMoRA optimizes both storage
and inference efficiency through its asymmetric
design and low-rank routing mechanism. Specifi-
cally, by using a shared expert A, SAMoRA elim-
inates the redundancy of learning separate input
projections, reducing the parameter complexity to
O((din +Ndout)r). Furthermore, unlike standard
methods that calculate routing scores in the high-
dimensional input space (din), SAMoRA performs
routing in the low-rank latent space (r). Given
that r ≪ din, this design significantly reduces the
routing FLOPs from O(Ndin) to O(Nr), ensuring
minimal latency overhead during inference.

Overall, SAMoRA achieves a substantial reduc-
tion in both parameter count and computational
cost compared to other MoE-LoRA baselines, of-
fering a superior trade-off between model capacity
and efficiency.

5 Experiments

5.1 Experiment Setting
Dataset We evaluate SAMoRA on two challeng-
ing multi-task benchmarks that target different ca-
pabilities of LLMs: (1) Commonsense Reason-
ing: A curated benchmark comprising nine rep-
resentative commonsense reasoning tasks: ARC-
Challenge (ARC-C), ARC-Easy (ARC-E) (Clark
et al., 2018), OpenBookQA (OBQA) (Mihaylov
et al., 2018), PIQA (Bisk et al., 2020), SocialIQA
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Model TP (%) CoLA MNLI MRPC QNLI QQP RTE SST2 Avg.
(Mcc.) (Acc.) (Acc.) (Acc.) (Acc.) (Acc.) (Acc.)

Backbone: Qwen3-8B

LoRA 0.21 64.06 91.84 88.20 96.01 91.12 91.16 96.50 88.41
MultiLoRA 0.67 58.50 90.83 80.88 94.12 89.57 85.56 97.02 85.21
MoeLoRA 0.60 67.01 91.71 83.82 95.88 90.07 91.69 96.67 88.12
HydraLoRA 0.20 67.04 91.90 85.04 90.51 90.68 75.45 96.55 85.31
MTL-LoRA 0.20 66.32 91.93 89.46 95.77 91.39 92.77 96.67 89.18

SAMoRA (Ours) 0.18 69.75 91.96 89.21 96.17 91.41 94.22 97.13 89.98
w/o Router 0.20 68.19 92.08 89.46 95.91 91.41 91.33 97.13 89.36
w/o Scaling 0.18 66.43 91.93 88.97 95.93 90.84 91.33 96.90 88.90
w/o Lorth 0.15 68.32 91.99 87.99 96.11 90.89 90.61 97.01 88.99
w/o Lmatch 0.15 68.73 91.88 87.25 95.97 90.63 91.69 97.01 89.02

Table 2: Results of comparison experiments across GLUE benchmark. The upper block presents the baselines,
while the lower block reports the performance of SAMoRA and its ablation variants. Bold: Best results; Underline:
Second-best results.

(SIQA) (Sap et al., 2019), BoolQ (Wang et al.,
2019a), HellaSwag (HellaS) (Zellers et al., 2019),
Winogrande (WinoG) (Sakaguchi et al., 2021) and
CommonsenseQA(CSQA) (Talmor et al., 2019).
These datasets cover diverse commonsense chal-
lenges, including science QA, physical and so-
cial reasoning, and everyday inference, and are
widely used to evaluate the multi-task capabilities
of LLMs. (2) Natural Language Understanding:
We use widely used subset of seven tasks from the
GLUE benchmark (Wang et al., 2019b), includ-
ing CoLA, SST-2, MRPC, QQP, MNLI, QNLI, and
RTE. These tasks assess linguistic phenomena such
as grammaticality, sentiment analysis, paraphrase
detection, and textual entailment, thus comprehen-
sively evaluating general language understanding
capabilities.

Following the same train-test split protocol and
instruction prompts as in prior works (Yang et al.,
2025; Liu et al., 2024b), we conduct our evaluation.
Detailed descriptions of the data splits and prompt
formats are provided in Appendix B.1.

Implementation Details. We conduct exper-
iments using Qwen3-8B (Team, 2025) and
LLaMA3.1-8B (Team, 2024) as the backbone ar-
chitectures. We compare SAMoRA against a com-
prehensive set of competitive baselines, includ-
ing LoRA (Hu et al., 2022), MultiLoRA (Wang
et al., 2023), MoELoRA (Liu et al., 2024a), Hy-
draLoRA (Tian et al., 2024), MTL-LoRA (Yang
et al., 2025), and MoORE (Yuan et al., 2025). To

ensure a fair comparison, we modify the hyperpa-
rameters of the baselines to make the number of
trainable parameters comparable for each method.
We report detailed training settings for all baselines
in Appendix B.2.

5.2 Overall Performance

As shown in Table 1 and Table 2, SAMoRA con-
sistently outperforms existing baselines on both
Llama3.1-8b and Qwen3-8b across Commonsense
Reasoning and GLUE benchmarks, while maintain-
ing strong parameter efficiency. Compared to the
single-adapter method LoRA, SAMoRA demon-
strates clear advantages in handling diverse tasks,
underscoring the importance of multi-expert archi-
tectures in multi-task adaptation.

Compared with MTL-LoRA and HydraLoRA,
which rely on conventional MLP-based routers,
SAMoRA enables more accurate and flexible ex-
pert selection through its semantic-aware routing
mechanism. Regarding MoORE, it attempts to
leverage the original LLM weights by exclusively
training the router. However, this approach per-
forms poorly due to the limited number of train-
able parameters, which proves insufficient for effec-
tive adaptation on downstream tasks. Furthermore,
while MoELoRA introduces task-specific experts
and MultiLoRA assigns a separate trainable scale
factor to each LoRA module, they fail to account
for task-specific characteristics and varying task
complexity simultaneously. In contrast, SAMoRA
introduces a task-adaptive scaling mechanism that
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dynamically modulates this balance, enabling more
precise and efficient adaptation across diverse tasks
with fewer trainable parameters.

5.3 Ablation Study
To better understand the effectiveness of each com-
ponent in SAMoRA, we conduct a comprehen-
sive ablation study. We evaluate the impact of
the proposed semantic-aware router by comparing
it against a conventional MLP-based router (w/o
Router). We assess the contribution of the task-
adaptive scaling mechanism by removing it across
all tasks(w/o Scaling). In addition, we examine the
influence of the auxiliary losses by removing the
orthogonality loss (w/o Lorth) and semantic match
loss (w/o Lmatch), respectively. The results are
summarized in Table 2, and further implementation
details are provided in Appendix C.1.

As presented in Table 2, SAMoRA consistently
achieves the best performance across all tasks, vali-
dating the synergy of its components. Notably, re-
moving the task-adaptive scaling mechanism (w/o
Scaling) leads to the most significant performance
degradation (a sharp drop from 69.75% to 66.43%
on CoLA), underscoring its critical role in resolv-
ing task conflicts and mitigating negative transfer.
Similarly, replacing the semantic-aware router with
a standard MLP (w/o Router) results in a clear de-
cline, confirming the necessity of explicit semantic
alignment for precise expert allocation. Further-
more, excluding the auxiliary regularization terms
(w/o Lorth and w/o Lmatch) also impairs overall re-
sults, demonstrating their importance in maintain-
ing expert distinctiveness and stabilizing training.

Analysis of Semantic-Aware Router. To inves-
tigate expert specialization, we visualize the PCA
projections of the latent representations derived
from the Semantic Expert B matrices. As illus-
trated in Figure 3, the standard MLP router results
in entangled clusters with blurred boundaries. In
contrast, our Semantic-Aware Router yields dis-
tinct and well-separated clusters for the Semantic
Expert B modules, explicitly confirming that each
expert has specialized in a specific semantic sub-
space. Detailed experimental settings are provided
in Appendix C.2.

Analysis of Task-Adaptive Scaling. To validate
the effectiveness of our mechanism, we visualize
the learned scaling factors of SAMoRA trained
on Qwen3-8B. Figure 4 displays the factors for
the query (q), key (k), value (v), and output (o)

projections within the final attention layer. The
observed variations across different tasks validate
the effectiveness of our proposed mechanism.

Gate layer with naive router Gate layer with our router
Expert 0
Expert 1
Expert 2
Expert 3
Expert 4
Expert 5
Expert 6
Expert 7

Figure 3: PCA visualization of expert features extracted
from the final gate layer trained on Commonsense Rea-
soning dataset.
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Figure 4: Visualization of task scaling factors across
tasks trained on the Commonsense Reasoning dataset.

5.4 Sensitivity Analysis

We conduct a comprehensive sensitivity analysis on
key hyperparameters, including model architecture
(N, r, dg) and training objectives (λorth, λKL, τ ),
with detailed results provided in Appendix D. Over-
all, the model exhibits strong robustness across
varying configurations. Notably, regarding the task
embedding dimension dg, we observe that com-
pact embeddings are sufficient for effective rout-
ing; increasing dg to excessive levels introduces
unnecessary complexity that hinders convergence.

6 Conclusion

In this paper, we propose SAMoRA, a novel PEFT
framework significantly enhancing multi-task gen-
eralization. By ensuring precise expert routing and
dynamic task adaptation, our approach effectively
secures robust and superior performance across
diverse multi-task scenarios. Extensive experi-
ments demonstrate that SAMoRA consistently out-
performs existing baselines, achieving a favorable
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trade-off between performance and parameter effi-
ciency.

Limitations

In this paper, we conduct experiments on Com-
monsense Reasoning and GLUE benchmarks by
fine-tuning models at the 8B parameter scale. Due
to limited computational resources, the scalability
of our framework to significantly larger founda-
tion models (e.g., 70B scale or above) has not yet
been empirically verified. Furthermore, there is a
broader range of application scenarios unexplored,
particularly in the multimodal domain, such as vi-
sual instruction tuning and visual question answer-
ing tasks. We plan to extend our method to these
large-scale and multimodal settings in future work
to further explore its generalization capabilities.
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A Complexity Analysis

A.1 Theoretical Analysis
In this section, we analyze the theoretical com-
plexity of SAMoRA in terms of trainable param-
eters and computational overhead. We compare
our method against standard LoRA (Hu et al.,
2022) and representative MoE-based PEFT frame-
works, including MoeLoRA (Liu et al., 2024a), Hy-
draLoRA (Tian et al., 2024) and MTL-LoRA (Yang
et al., 2025).

For clarity, we define the following notations: din
and dout denote the input and output dimensions
of the adapter layer, respectively. r represents the
low-rank dimension, N is the number of experts,
and K is the number of tasks.

Parameter Efficiency. The comparison of learn-
able parameters is summarized in Table 3.

• Standard LoRA employs a single pair of low-
rank matrices per layer, resulting in (din +
dout)r parameters. It serves as the most
parameter-efficient baseline but lacks multi-
task flexibility.

• MoELoRA adopts a task-conditioned routing
mechanism. It introduces a task embedding
layer (Kdg) and a router projection matrix
(dgN ) to generate routing probabilities based
on task IDs. Unlike the asymmetric design
in SAMoRA, MoELoRA maintains fully in-
dependent low-rank experts. Consequently,

its parameter complexity for the adapters is
N(din + dout)r, which is significantly higher
than shared-weight approaches. The total pa-
rameter count is given by N(din + dout)r +
Kdg +Ndg, where dg is the task embedding
dimension.

• HydraLoRA, MTL-LoRA and SAMoRA
adopt an asymmetric expert architecture. To
optimize parameter efficiency, we share the
projection matrix on the input side (A ∈
Rdin×r), while maintaining N expert-specific
matrices on the output side (B ∈ Rr×dout).
This design reduces the complexity from the
standard MoE’s N(din + dout)r to (din +
Ndout)r.

• MTL-LoRA creates task-specific experts,
scaling the number of parameters linearly with
the number of tasks K. This results in a sig-
nificantly higher parameter count of approxi-
mately KN(din + dout)r, making it less scal-
able for scenarios with many tasks.

Computational Overhead. Our SAMoRA
framework introduces minimal computational
overhead. The Semantic-Aware Router requires
a lightweight projection from din to the rank
space r (where r ≪ min(din, dout)), adding only
O(Nr) operations. The Task-Adaptive Scaling
mechanism introduces a lightweight parameter set
of size Kdg to capture task-specific characteristics.
Since the scaling process primarily involves
element-wise multiplications, the resulting com-
putational overhead is negligible compared to the
matrix multiplications in the backbone model.

B Experimental Setup

B.1 Datasets and Prompts

Following the experimental setup in (Yang et al.,
2025), we summarize the statistics for the Com-
monsense Reasoning and GLUE benchmarks in
Table 4 and 5, respectively. The corresponding
prompt templates used are detailed in Table 7.

B.2 Implementation Details

We implement all methods using the PyTorch
framework. Detailed hyperparameter configura-
tions for our proposed SAMoRA and all baseline
methods are summarized in Table 8.
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Method # Learnable Parameters Computational Complexity

LoRA (din + dout)r O((din + dout)r)

MoELoRA N(din + dout)r +Kdg +Ndg O(N(din + dout)r + dg)

MTL-LoRA (din +Ndout)r +Kr O(r(1 + din +Ndout))

HydraLoRA (din +Ndout)r +Ndin O(din + (din +Ndout)r)

SAMoRA (Ours) (din +N +Ndout)r +Kdg + dg O((din +N +Ndout)r + dg)

Table 3: Comparison of learnable parameters and computational complexity. Notations: din/dout are input/output
dimensions, r is the rank, N is the expert number, K is the task number. dg denote task embedding sizes for
MoELoRA and SAMoRA. SAMoRA achieves a superior trade-off by combining asymmetric experts with efficient
routing.

Corpus #Train #Val. Metrics

BoolQ 9427 3270 Accuarcy
PIQA 16100 1840 Accuarcy
SocialIQA 33410 1954 Accuarcy
WinoGrande 9248 1267 Accuarcy
ARC-Challenge 1119 1172 Accuarcy
ARC-Easy 2250 2380 Accuarcy
OpenBookQA 4957 500 Accuarcy
HellaSwag 39905 10042 Accuarcy
CommonsenseQA 9741 1140 Accuarcy

Table 4: The basic information of Commonsense Rea-
soning Dataset

Corpus #Train #Validation Metrics

CoLA 8,551 1,043 Matthew’s Corr.
MNLI 392,702 9,815 Accuracy
MRPC 3,668 408 Accuracy
QNLI 104,743 5,463 Accuracy
QQP 363,846 40,430 Accuracy
RTE 2,490 277 Accuracy
SST-2 67,349 872 Accuracy

Table 5: The basic information of GLUE Benchmark

C Extended Analyses and Ablation
Studies

C.1 Setup of Ablation Variants
To rigorously evaluate the contribution of each com-
ponent in SAMoRA, we conduct ablation studies
using the Qwen3-8B model on the GLUE bench-
mark. The specific configurations of the ablated
variants are defined as follows:

• w/o Router: We replace our proposed
Semantic-Aware Router with a standard MLP-

based gating network. As analyzed in Sec-
tion A, this substitution leads to an increase
in trainable parameters due to the dense con-
nections in the MLP layers.

• w/o Scaling: We disable the dynamic scal-
ing mechanisms to verify their impact on task
adaptation. Specifically, we fix all elements of
the Diagonal Scaling Matrix S to 1.0 and set
the task-dependent scalar gtask to 1.0 through-
out the training process. Under this setting,
the scaling strategy effectively reverts to the
standard LoRA formulation.

C.2 Analysis of Semantic-Aware Router

To strictly isolate the efficacy of our routing mecha-
nism and eliminate interference from other compo-
nents, we conduct a controlled experiment based on
the asymmetric MoE-LoRA architecture (featuring
one shared matrix A and multiple semantic experts
B). In this setup, we vary only the routing module
(comparing our Semantic-Aware Router against a
standard MLP router) while keeping all other struc-
tures identical. To make the expert specialization
patterns more observable, we scale the number of
experts to N = 8 and employ Llama-3.1-8B as the
backbone, training on the Commonsense Reason-
ing benchmark.

Expert Representation Analysis. As illustrated
in Figure 3, we visualize the Principal Component
Analysis (PCA) projection of the learned expert
features. The visualization reveals a stark con-
trast in the latent structure of the experts. With
the MLP-based router, the expert representations
tend to cluster closely together with ambiguous
boundaries, indicating a high degree of functional
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overlap. In contrast, our SAMoRA framework pro-
duces highly distinct and separated expert clusters.
This explicitly demonstrates that our approach suc-
cessfully enforces expert distinctiveness, allowing
each expert to specialize in different semantic sub-
spaces.

Routing Behavior on Unseen Tasks. To fur-
ther evaluate the generalization capability of the
router, we extend our analysis to the MMLU bench-
mark (Wang et al., 2024), which serves as an un-
seen task during training. We visualize the pro-
portion of activations for each expert in Figure 5.
Here, we display a subset of six randomly selected
subjects characterized by diverse semantic distribu-
tions. The figure is organized by subject columns,
with the top row representing the MLP router and
the bottom row representing ours.

A critical observation from the top row is that
the MLP router suffers from severe representation
collapse: regardless of the input subject, it pre-
dominantly selects Expert 5, with other experts
being rarely activated. This behavior suggests that
the MLP router fails to align expert specialization
with input semantics, causing the dynamic MoE
architecture to effectively degrade into a static,
non-MoE model. Conversely, our method (bot-
tom row) exhibits diverse and balanced activation
patterns adaptive to different subjects, validating
its ability to maintain precise routing even on out-
of-distribution data.

Theoretical Rationale for Semantic Match Reg-
ularization. In our architecture, learnable Expert
Keys represent the intended specialties. However,
during unconstrained joint optimization, these keys
risk diverging from the actual parameters the ex-
perts learn. We employ KL Divergence to penalize
this structural misalignment. KL Divergence is the-
oretically optimal here because it rigorously mea-
sures the relative entropy between two probability
distributions. By forcing the expert key’s assign-
ment distribution to closely track the intrinsic ca-
pability distribution (derived from expert weights),
we steer the optimization trajectory toward a state
where routing decisions are strictly anchored in the
experts’ genuine functional capabilities, rather than
arbitrary local minima.

Theoretical Basis for Matrix B Row Averaging.

• Isolating Expert Knowledge: In our
asymmetric LoRA structure (∆W =∑N

i=1 giBiA), the shared down-projection A

acts as a universal feature extractor, leaving
matrix Bi strictly responsible for the special-
ized mapping back to the output space. Con-
sequently, Bi inherently encodes the unique
capabilities of that specific expert.

• Geometric Centroid as Capability Anchor:
The rows of Bi are transformation vectors re-
siding in the r-dimensional latent space—the
exact space where our routing occurs. By com-
puting the average of these rows, we calculate
the geometric centroid of the expert’s parame-
ter subspace. Theoretically, this centroid rep-
resents the dominant, macro-level semantic
direction of the expert’s transformations.

• Robust and Dimensional Alignment: This
aggregation smooths out localized parameter
noise, yielding a highly stable global repre-
sentation in Rr. This perfectly aligns with the
dimensionality of the Expert Keys, allowing
for a mathematically sound distance compu-
tation and ensuring the alignment loss is both
meaningful and computationally efficient.

D Hyperparameter Sensitivity

We conduct a comprehensive sensitivity analysis to
evaluate the robustness of our proposed framework
under various hyperparameter configurations. All
experiments in this section are performed on the
Commonsense Reasoning benchmark using Llama-
3.1-8B as the backbone model, trained for 1 epoch.

D.1 Hyperparameter Sensitivity Analysis
We conduct a comprehensive sensitivity analysis to
investigate how different hyperparameter configu-
rations affect SAMoRA’s performance.

Impact of Model Architecture (N, r, dg). We
first evaluate the impact of model capacity (N, r)
and the task embedding dimension (dg) in Fig-
ure 6(b).

• Robustness to Capacity (N, r): The perfor-
mance remains relatively stable across a broad
range of expert counts N and LoRA ranks r.
Specifically, increasing r from 8 to 64 yields
marginal gains, confirming that our method
is parameter-efficient and does not rely on
high-rank adapters. Similarly, the robustness
against N indicates that our routing mech-
anism effectively utilizes available experts
without suffering from redundancy.
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Figure 5: Visualization of expert activation patterns on the unseen MMLU benchmark. The top row (MLP Router)
exhibits severe mode collapse, while our SAMoRA (bottom row) maintains diverse and adaptive routing across
different subjects.
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Figure 6: Sensitivity Analysis on hyperparameters evalu-
ated on the Commonsense Reasoning dataset. Subfigure
(a) and (b) illustrate different ablation settings.

• Task Embedding Dimension (dg): We ob-
serve a distinct behavior regarding dg. While
the model performs well with compact dimen-
sions, there is a sharp accuracy drop when dg
is increased to 64. This suggests that overly
large task embeddings may introduce exces-
sive parameters relative to the supervision sig-
nal, hindering convergence. Thus, a compact
dg is sufficient for effective semantic encod-
ing.

Impact of Optimization Hyperparameters
(τ, λorth, λKL). We further analyze the regular-
ization terms and routing temperature. Figure 6(a)
illustrates the individual sensitivity trends for the
temperature τ , orthogonality loss weight λorth, and
KL divergence weight λKL. We observe that mod-
erate values generally facilitate better convergence,
preventing the router from collapsing or becoming

too uniform.
To identify the optimal interaction between these

terms, we report the joint ablation results in Table 6.

• Temperature (τ ): The temperature controls
the sharpness of the routing distribution. We
find that τ = 0.8 achieves the optimal perfor-
mance (84.01%). Lower temperatures (e.g.,
τ = 0.4) lead to premature expert collapse
(83.45%), while higher temperatures (e.g.,
τ = 1.0) result in an overly smooth distri-
bution (83.95%).

• Regularization Weights: Combined with
τ = 0.8, appropriate regularization weights
(λorth and λKL) are essential to balance expert
specialization and load distribution, securing
the best trade-off between plasticity and sta-
bility.

D.2 Impact of Loss Weights
Finally, we analyze the sensitivity of the regular-
ization hyperparameters: the orthogonality weight
λorth and the semantic match divergence weight
λKL.

Orthogonality Weight (λorth). This term encour-
ages diversity among experts. Comparing the rows
in Table 6:

• Removing the regularization (λorth = 0) re-
sults in a performance drop to 83.20%, con-
firming the necessity of promoting expert di-
versity.

• However, setting λorth too high (1E-2) causes
a significant performance degradation to
79.35%. This suggests that excessive con-
straints on orthogonality might hinder the op-
timization of the primary task loss.
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• A moderate value of 1E-3 proves to be the
most effective, striking a balance between ex-
pert diversity and task adaptation.

Semantic Match Weight (λKL). This term aligns
the routing decisions with semantic information.
The results show a positive correlation between λKL
and model performance within the tested range. In-
creasing λKL from 0 to 1E-2 consistently improves
accuracy (from 83.26% to 84.01%), highlighting
the benefit of guiding the router with semantic
knowledge derived from task embeddings.

λorth λKL τ Avg.

1E-3 1E-2 0.4 83.45
1E-3 1E-2 0.6 83.68
1E-3 1E-2 0.8 84.01
1E-3 1E-2 1 83.95
1E-3 1E-3 0.8 83.61
1E-3 0 0.8 83.26
1E-2 1E-2 0.8 79.35
0 1E-2 0.8 83.20

Table 6: Sensitivity Analysis (%) of regularization
weights and temperature on Commonsense Reasoning
dataset (Backbone: Llama-3.1-8B).
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Task Prompt Template

CoLA Is the following sentence “{sentence}” grammatically acceptable? Answer:

SST-2 Is the following sentence “{sentence}” sentimently positive? Answer:

MRPC Does the following sentence “{sentence1}” convey the equivalent meaning as
“{sentence2}”? Answer:

QQP Is the following question “{question1}” essentially asking the same thing as “{question2}”?
Answer:

MNLI Does the statement “{premise}” imply that “{hypothesis}”? Answer:

QNLI Based on the statement: “{question}” does the following sentence “{sentence}” have a
definitive answer? Answer:

RTE Does the text “{sentence1}” entail the statement “{sentence2}”? Answer:

Table 7: Prompt templates used for the Natural Language Understanding benchmark (GLUE). The placeholders
(e.g., {sentence}) represent the input fields from the dataset.

Hyperparameter LoRA MultiLoRA MoELoRA HydraLoRA MTL-LoRA MoORE SAMoRA

Global Training Configurations

Optimizer AdamW
Weight Decay 0
β1 0.9
β2 0.95
Learning Rate 2× 10−4/ 3× 10−4

Batch Size 8 / 64
Training Epochs 3
Warmup Ratio 0.01
Max Sequence Length 512
Target Modules Q,K,V,O

Method-Specific Architectures

Rank (r) 16 8 8 8 8 8 8
Scale (α) 32 16 16 16 16 16 -
num_experts (N ) - 3 8 3 3 3 3
Task Embedding Size (dg) - - 64 - - 64 8
Temperature (τ ) - - - - 0.8 - 0.8
λorth - - - - - - 1e-3
λmatch - - - - - - 1e-2

Table 8: Detailed hyperparameter settings for all baseline methods on Commonsense Reasoning and GLUE
benchmark. Common settings are listed in the top section, while method-specific parameters are detailed below. “-”
indicates the parameter is not applicable.
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