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Abstract
Low-Rank Adaptation (LoRA) has emerged as a powerful
parameter-efficient fine-tuning method for adapting large lan-
guage models to downstream tasks. Recent studies have lever-
aged Mixture-of-Experts (MoE) mechanism to effectively in-
tegrate multiple LoRA modules, facilitating efficient parame-
ter adaptation for multi-task scenarios. It has been shown that
fostering knowledge sharing across LoRA experts can greatly
enhance parameter adaptation efficiency. However, the exist-
ing approach for LoRA expert knowledge sharing still faces
two key limitations: constrained functional specialization and
induced expert homogenization. To address these issues, we
propose a novel diversity-regulated asymmetric MoE-LoRA
decomposition framework, which achieves flexible knowl-
edge sharing through asymmetric expert decomposition and
guarantees expert diversity with a dual orthogonality regular-
ization. Extensive experiments on eight public benchmarks,
spanning both multi-task and single-task settings, demon-
strate the superiority of our approach over existing methods.

Code — https://github.com/softwavec/D2MoRA

Introduction
Large Language Models (LLMs) have demonstrated re-
markable potential in advancing a wide range of downstream
tasks, such as commonsense reasoning and question answer-
ing. However, adapting these models to specific tasks via
Full Fine-Tuning (FFT) is often impractical due to their
massive parameter counts, which incur prohibitive compu-
tational and memory overhead. To address this challenge,
Parameter-Efficient Fine-Tuning (PEFT) has emerged as a
critical area of research, focusing on optimizing a minimal
number of parameters while maintaining performance com-
parable to FFT. Among PEFT methods, Low-Rank Adap-
tation (LoRA) (Hu et al. 2022) has gained significant trac-
tion. The basic idea of LoRA is to introduce two train-
able low-rank matrices, A (down-projection) and B (up-
projection). By only updating these matrices, LoRA enables

*Corresponding author.
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efficient task-specific adaptation while keeping the original
pretrained model weights fixed.

To enhance LoRA’s performance in multi-task scenar-
ios involving heterogeneous data, recent studies have ex-
plored integrating multiple LoRA modules via the Mixture-
of-Experts (MoE) mechanism (Jacobs et al. 1991). Accord-
ing to their A-B interaction paradigms, these methods fall
into two categories: one-to-one pairing (Liu et al. 2024a)
and one-to-many pairing (Tian et al. 2024). As shown in
Figure 1, the one-to-one pairing paradigm utilizes parallel
low-rank adapters, with each A matrix exclusively paired
with a fixed B matrix forming independent experts, where
a routing function dynamically adjusts their contributions
for parameter adaptation. While effective, this isolated struc-
ture inherently limits knowledge transfer among experts, po-
tentially resulting in redundant parameters and suboptimal
adaptation performance. In contrast, the one-to-many pair-
ing paradigm employs a shared A matrix for all B matri-
ces, with routing conducted only over the B matrices. This
enables cross-expert knowledge sharing while boosting pa-
rameter efficiency.

Despite the promising progress made by the one-to-many
pairing paradigm, it still suffers from two key limitations.
L1: Constrained Functional Specialization. While the
one-to-many pairing paradigm enhances parameter adapta-
tion by facilitating knowledge sharing, it constrains all ex-
perts to operate within a single low-rank subspace defined
by the shared A matrix. This design makes a strong assump-
tion that expert functional specialization can be achieved
exclusively through the up-projection matrices (B), ignor-
ing scenarios where optimal adaptation requires specialized
transformations in both projection phases. Additionally, re-
lying on a single shared A may compromise parameter ef-
ficiency, as its rigidity could necessitate introducing addi-
tional B matrices to compensate, ultimately degrading per-
formance. L2: Induced Expert Homogenization. While
one-to-many pairing improves parameter adaptation over
one-to-one schemes, it inadvertently induces expert homog-
enization by forcing all up-projection matrices B to share
the same down-projection matrix A. This violates the core
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Figure 1: Comparison of MoE-enhanced LoRA: (a) One-to-one pairing with independent experts; (b) One-to-many pairing
enabling knowledge sharing; (c) Our D2MoRA with asymmetric many-to-many pairing for flexible cross-expert sharing.

MoE principle that experts should develop complementary,
specialized functionalities. Our t-SNE (Maaten and Hinton
2008) visualizations of expert diversity in Figures 2(a)–(c)
empirically confirm this effect: HydraLoRA (one-to-many
pairing) exhibits significant overlap in expert embeddings
(marked by distinct colors), whereas MOELoRA (one-to-
one pairing) maintains clear separation.1 This reveals a fun-
damental trade-off—shared knowledge transfer improves
parameter efficiency but risks expert homogenization, while
independent experts preserve heterogeneity at the cost of re-
duced efficiency. Thus, balancing parameter efficiency and
expert heterogeneity requires careful consideration.

To address these limitations, we propose a diversity-
regulated asymmetric MoE-LoRA decomposition frame-
work (D2MoRA) for efficient multi-task adaptation. This
framework enables flexible cross-expert knowledge shar-
ing while preserving expert-specialized parameter adapta-
tion. Unlike conventional approaches that treat each (A,B)
pair as an integral expert unit, we reformulate the ex-
pert structure through expert decomposition. Specifically,
we introduce two independent sets of base experts: A =
{Ai ∈ Rr×d2}Mi=1 and B = {Bj ∈ Rd1×r}Nj=1 for mod-
eling down-projection and up-projection patterns, respec-
tively. As shown in Figure 1(c), this decomposition facili-
tates many-to-many A-B pairing, which not only enables
flexible knowledge sharing but also reduces parameter usage
compared to the one-to-many pairing paradigm. Crucially,
D2MoRA does not require M = N , allowing the numbers
of down-projection (M ) and up-projection (N ) experts to
scale independently according to their respective complex-
ities. This flexibility supports resource-efficient allocation
tailored to the specific demands of each projection type.

Based on the independent base experts A and B, we de-
couple the integration of multiple LoRA experts for pa-
rameter adaptation into two steps: 1) Sample-Aware Down-
Projection Expert Mixture: Dynamically weights the down-
projection experts (A) based on input features to construct a
task-specific low-rank projection. 2) Low-Rank Embedding-
Aware Up-Projection Expert Mixture: Further specializes
the adaptation by weighting up-projection experts (B) con-
ditioned on the projected low-rank embeddings. To prevent
expert homogenization caused by knowledge sharing, we in-

1Detailed explanation is provided in the Methodology section.

troduce dual orthogonality regularization. This regulariza-
tion is applied separately to the two sets of base experts, A
and B, enhancing their diversity and effectively mitigating
parameter redundancy.

Our main contributions can be summarized as follows:

• We propose a novel diversity-regulated, asymmetric
LoRA decomposition framework (D2MoRA) for effi-
cient adaptation, enabling flexible cross-expert knowl-
edge sharing. To the best of our knowledge, we are
among the first to introduce an asymmetric many-to-
many pairing mechanism between down-projection (A)
and up-projection (B) matrices.

• We experimentally identify the expert homogenization
issue that arises from enabling knowledge sharing across
multiple LoRA experts. To address this, we propose
dual orthogonality regularization, which effectively en-
hances the diversity of both down-projection (A) and up-
projection (B) experts.

• We conduct extensive experiments on eight public
datasets, demonstrating the effectiveness and generaliza-
tion ability of our framework.

Related Work
Parameter-Efficient Fine-tuning
Parameter-Efficient Fine-Tuning (PEFT) aims to reduce
the number of trainable parameters when adapting pre-
trained models to downstream tasks. This can be achieved
by introducing lightweight trainable components into the
model (Houlsby et al. 2019; He et al. 2021; Hu et al. 2022)
or by fine-tuning only a small subset of important parame-
ters (He et al. 2023; Lawton et al. 2023; Das et al. 2023).
Among existing PEFT methods, LoRA (Hu et al. 2022)
has attracted significant attention, spurring extensive re-
search on its enhancement. For example, AdaLoRA (Zhang
et al. 2023b) dynamically adjusts the rank during training;
DoRA (Liu et al. 2024b) decomposes pre-trained weights
into magnitude and direction for separate updates; and
MoSLoRA (Wu et al. 2024) constructs a mixture over LoRA
subspaces. Other variants, such as KD-LoRA (Azimi et al.
2024) and QLoRA (Dettmers et al. 2023), further explore
knowledge distillation and quantization to enhance parame-
ter adaptation.
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MoE-Enhanced Low-Rank Adaptation
As single-LoRA methods underperform in multi-task sce-
narios, researchers have introduced the MoE mechanism
to integrate multiple LoRA modules to improve parameter
adaptation. Indeed, heterogeneous data benefit from special-
ized modeling (Zhang et al. 2023a, 2025). Existing meth-
ods can be broadly categorized into two classes: one-to-one
pairing and one-to-many pairing. One-to-one pairing meth-
ods adopt multiple parallel LoRA experts, each with a fixed
pair of low-rank matrices (A and B). Various designs have
been proposed to improve this architecture. For example,
MOELoRA (Liu et al. 2024a) introduces a task-aware ex-
pert selection mechanism based on task labels, while Lo-
RAMoE (Dou et al. 2023) employs input-dependent routing
and additionally incorporates localized balancing constraint
to alleviate world knowledge forgetting. MixLoRA (Li et al.
2024) applies a top-k expert selection strategy along with
an auxiliary load balance loss. Octavius (Chen et al. 2023)
applies instance-level routing for multimodal learning, and
MoCLE (Gou et al. 2023) activates task-customized model
parameters based on instruction cluster. While effective,
these methods overlook knowledge sharing among LoRA
experts. In contrast, the one-to-many pairing approach, as in
HydraLoRA (Tian et al. 2024), adopts an asymmetric archi-
tecture that shares a down-projection matrix and performs
expert routing only on the up-projection matrices to enhance
adaptation efficiency.

However, this paradigm still suffers from two key limi-
tations: (1) constrained functional specialization of experts
due to the shared A matrix, and (2) induced expert homog-
enization. To address these issues, we propose D2MoRA,
which decouples the conventional (A,B) pair-based ex-
pert structure into two independent sets of base experts (A
and B). This enables flexible many-to-many interactions be-
tween A and B. Furthermore, we introduce the dual orthog-
onality regularization to preserve expert diversity and pro-
mote efficient parameter adaptation.

Preliminaries
LoRA introduces a trainable low-rank decomposition to the
pretrained weight matrix W ∈ Rd1×d2 for efficient parame-
ter adaptation as follows,

W′ = W +∆W = W +BA, (1)

where A ∈ Rr×d2 projects inputs into a low-dimensional
space, B ∈ Rd1×r projects back to the output dimension,
and r ≪ min(d1, d2). W′ ∈ Rd1×d2 is the updated weight
matrix used for forward calculation. During fine-tuning,
LoRA only updates A and B while keeping W frozen. Con-
ventionally, A is initialized with Kaiming Uniform (He et al.
2015), while B is initialized as all zeros, making W′ = W
at the beginning of fine-tuning.
MoE-LoRA (Dou et al. 2023; Liu et al. 2024a) extends
the standard LoRA by incorporating the MoE mechanism.
Rather than using a single pair of low-rank matrices, this
approach employs multiple pairs of matrices, denoted as
{(A1,B1), · · · , (AE ,BE)}, where each pair (Ai,Bi) con-
stitutes an expert and E represents the total number of LoRA

experts. The parameter adaptation is performed through a
gated combination as follows:

W′ = W +
E∑
i=1

ωiBiAi, (2)

where ωi = g(·) represents the gating weight produced by
a learnable router network g (implemented as either a linear
projection or feedforward neural network), controlling each
expert’s contribution.

Methodology
Beyond existing one-to-one and one-to-many LoRA pair-
ing paradigms, we propose D2MoRA, which simultane-
ously achieves flexible cross-expert knowledge sharing and
expert-specialized parameter adaptation. As a key innova-
tion, it decomposes the conventional (A,B) pair-based ex-
pert structure into two sets of base experts A and B. By this
design, it allows flexible many-to-many pairing between A
and B base experts. D2MoRA consists of two core compo-
nents: two-stage hierarchical adaptation and dual orthogo-
nality regularization. The former facilitates dynamic knowl-
edge sharing among LoRA experts, while the latter enhances
diversity across them.

Two-stage Hierarchical Adaptation Based on the inde-
pendent expert sets A and B, we decouple the expert mix-
ture into two steps. 1) Sample-Aware Down-Projection Ex-
pert Mixture: A sample-aware router dynamically weights
the contributions of the low-rank A base experts to per-
form down-projection. 2) Low-Rank Embedding-Aware Up-
Projection Expert Mixture: A router conditioned on the pro-
jected low-rank embedding adaptively weights the contribu-
tions of B base experts to reconstruct the output dimension.

Step 1: Sample-Aware Down-Projection Expert Mixture.
Given an input x ∈ Rd2 , we first compute the importance
weights over the down-projection experts using a softmax-
based gating function,

α(x) = Softmax(gA(x)), (3)

where gA(·) is a router implemented as a linear transforma-
tion of size d1 ×M , α(x) ∈ RM represents the importance
scores for the M down-projection experts. The latent rep-
resentation is then obtained by aggregating the projections
from the set of A matrices as follows,

hr =
M∑
i=1

αi(x)Aix, (4)

where hr ∈ Rr represents the projected hidden feature con-
ditioned on the weighted expert composition.

Step 2: Low-Rank Embedding-Aware Up-Projection Ex-
pert Mixture. Next, we route the up-projection experts.
To better utilize the information encoded by the down-
projection experts, we use the intermediate representation
hr rather than the original input x, to combine up-projection
experts as follows,

β(hr) = Softmax(gB(hr)), (5)
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Figure 2: Expert diversity visualization of MOELoRA{M = N = 4, r = 16}, HydraLoRA{M = 1, N = 4, r = 16}, and our
D2MoRA{M = 3, N = 4, r = 16} (w/o Orthogonality) with t-SNE, where experts are learned through parameter adaptation for
LLaMA2-7B’s self-attention layers using the Commonsense 170K dataset. MOELoRA requires M = N and HydraLoRA is
constrained to M = 1, while D2MoRA has no such constraints. (a-b): visualizations of experts A and B in MOELoRA. (c)
visualizations of experts B in HydraLoRA. (d-e): visualizations of experts A and B in D2MoRA (w/o Orthogonality). Each
expert spans r points (one per rank), sharing the same color. (f): Cosine similarity of experts per layer across the three methods.

where gB(·) is the router implemented as a linear transfor-
mation of size r × N , and β(hr) ∈ RN represents the im-
portance scores over the N up-projection experts.

The final output of D2MoRA is computed as a weighted
sum of the up-projection results as follows,

∆y =
N∑
j=1

βj(hr)Bjhr,

=
N∑
j=1

βj

(
M∑
i=1

αi(x)Aix

)
Bj

(
M∑
i=1

αi(x)Aix

)
,

(6)
where ∆y is the final output of D2MoRA, which is added
to the standard output y (computed using the frozen pre-
trained weight matrix W) for downstream task loss calcu-

lation. Let Ltask denote the task-specific loss function used
during fine-tuning. Notably, only the two sets of low-rank
matrices A and B, along with the parameters of the routers
gA(·) and gB(·), are updated during fine-tuning, while W
remains frozen.

Dual Orthogonality Regularization Prior to introducing
our orthogonality regularization, we present t-SNE visual-
izations of expert diversity for three representative meth-
ods in Figure 2, including (1) standard MoE-LoRA (with-
out knowledge sharing), (2) HydraLoRA (which enables
knowledge sharing via a unified low-rank matrix A), and
(3) our D2MoRA without orthogonality constraints. Specifi-
cally, we perform parameter adaptation for LLaMA2-7B on
its Query, Key, and V alue projections using the Common-
sense 170K dataset (Hu et al. 2023). Notably, due to space
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limitations, we only show visualizations of the Query and
Key projections at Layer 5 (L5) and Layer 25 (L25).

As shown in Figures 2(a) and (b), the learned A experts
in MOELoRA exhibit high diversity: different-color points
remain well separated, indicating that each expert special-
izes in distinct transformations. In contrast, Figures 2(c)-(e)
show that the B experts in HydraLoRA and our D2MoRA
(without orthogonality constraints) tend to collapse into sim-
ilar functionalities, as points of different colors approxi-
mately overlap. This suggests that enabling knowledge shar-
ing across experts may lead to homogeneous behavior. This
trend is further supported by Figure 2(f), where MOELoRA
yields near-zero average cosine similarity, in contrast to
the higher similarity values observed in HydraLoRA and
D2MoRA. Such high similarity implies redundant parame-
terization and weak expert specialization. These findings un-
derscore the necessity of orthogonality regularization to ex-
plicitly enforce directional diversity and prevent expert col-
lapse during knowledge sharing.

To address this issue, we introduce orthogonality regular-
ization separately to the base experts {Ai}Mi=1 and {Bj}Nj=1
as follows,

Lortho =
M−1∑
i=1

M∑
u=i+1

∣∣ã⊤i ãu∣∣+ N−1∑
j=1

N∑
v=j+1

∣∣∣b̃⊤
j b̃v

∣∣∣ , (7)

where

ãi =
vec(Ai)

∥vec(Ai)∥2 + ϵ
, b̃j =

vec(Bj)

∥vec(Bj)∥2 + ϵ
, (8)

Here, vec(·) flattens the matrix into a vector, and ϵ denotes
a small constant (e.g., 10−6) to avoid division by zero. This
regularization encourages each expert to learn a distinct pa-
rameter distribution, thereby enhancing the representational
capacity of the mixture model.

Ultimately, the final optimization objective is defined as,

Ltotal = Ltask + λLortho, (9)

where Ltask is the task-specific loss, and λ controls the
strength of the orthogonality regularization.

Experiment
Experiment Setting
Benchmark Following prior work (Wu et al. 2024), we
evaluate the model on the Commonsense 170K dataset (Hu
et al. 2023), comprising eight commonsense reasoning sub-
datasets (each representing a task): BoolQ (Clark et al.
2019), PIQA (Bisk et al. 2020), SIQA (Sap et al. 2019),
HellaSwag (Zellers et al. 2019), WinoGrande (Sakaguchi
et al. 2021), ARC-c (Clark et al. 2018), ARC-e (Clark
et al. 2018) and OBQA (Mihaylov et al. 2018). These
datasets span diverse domains (e.g., Wikipedia, natural sci-
ence, physical interaction, social interaction, and video cap-
tioning) and include various task formats, such as text classi-
fication, question answering, sentence completion, and fill-
in-the-blank. This diversity enables a comprehensive evalu-
ation of our proposed model in complex multi-task scenarios
involving heterogeneous data.

Baseline We compare our approach with five baseline
methods, including three single-LoRA methods and two
MoE-enhanced multi-LoRA methods:

• LoRA (Hu et al. 2022), which employs a pair of trainable
low-rank matrices for efficient parameter adaptation;

• DoRA (Liu et al. 2024b), which decomposes the pre-
trained weights into magnitude and direction compo-
nents for fine-tuning;

• MoSLoRA (Wu et al. 2024), which decomposes LoRA
into multiple subspaces and combines them through a
fixed, input-agnostic mixer;

• MOELoRA (Liu et al. 2024a), which integrates MoE
with LoRA, where each expert is a LoRA module and a
task-identity-driven router is used for expert aggregation;

• HydraLoRA (Tian et al. 2024), which shares A across
experts while applying MoE only to B matrices.

Implementation Details We fine-tune the attention
projections (Query/Key/V alue) of LLaMA-7B and
LLaMA2-7B for all baselines and our method on the en-
tire Commonsense 170K dataset. All baselines are imple-
mented under the same training and inference settings as
our method. We first configure multi-LoRA methods that
involve multiple parameters, and then adjust single-LoRA
methods accordingly to ensure comparable parameter bud-
gets for fair comparison. Specifically, for multi-LoRA meth-
ods (i.e., MOELoRA, HydraLoRA, and D2MoRA), we con-
figure two M,N, r settings per backbone for comprehensive
comparison. For MOELoRA, we set {M = N = 4, r = 16}
and {M = N = 8, r = 8}; for HydraLoRA, {M = 1, N =
6, r = 16} and {M = 1, N = 8, r = 12}, all applied
to both LLaMA-7B and LLaMA2-7B. For D2MoRA, we
set {M = 3, N = 8, r = 8} and {M = 3, N = 4,
r = 16} for LLaMA-7B, and {M = 3, N = 8, r = 8}
and {M = 4, N = 3, r = 16} for LLaMA2-7B. For single-
LoRA methods, we set r = 64 for parity. We set λ to 10−4,
and adopt a dropout rate of 0.05, a learning rate of 3×10−4,
and a batch size of 4 per A100 GPU (40GB).

Experimental Results
Model Comparison Table 1 shows the performance of
different methods in adapting LLaMA-7B and LLaMA2-7B
for multi-task learning, including both per-task and average
scores. From this table, we make the following observations:
1) MoE-enhanced multi-LoRA methods generally outper-
form single-LoRA methods, highlighting the benefit of de-
composing LoRA into multiple sub-experts for more flex-
ible and efficient parameter adaptation. 2) Among single-
LoRA methods, MoSLoRA performs best, further validat-
ing the importance of LoRA decomposition even without
MoE. 3) Among multi-LoRA methods, D2MoRA attains the
highest performance across both LLaMA-7B and LLaMA2-
7B, while MOELoRA, restricted to one-to-one A-B pair-
ings, performs the worst. This underscores the effectiveness
of decoupling expert routing and applying dual orthogonal-
ity regularization, which together improve the adapter’s rep-
resentational capacity and generalization without increasing
the number of trainable parameters.
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Model PEFT Method Param BoolQ PIQA SIQA HellaSwag WinoGrande ARC-c ARC-e OBQA Avg.

LLaMA-7B

LoRA{M=1, N=1, r=64} 50.3M 68.47 80.09 76.56 78.83 78.69 60.75 76.56 74.60 74.32
DoRA{M=1, N=1, r=64} 51.7M 68.13 79.92 77.64 82.25 80.58 62.80 76.01 76.20 75.44

MoSLoRA{M=1, N=1, r=64} 50.7M 66.82 81.39 78.40 81.79 80.98 62.63 78.28 77.80 76.01
MOELoRA{M=8, N=8, r=8} 50.4M 69.39 79.90 76.21 81.14 80.76 62.41 78.53 78.70 75.88
MOELoRA{M=4, N=4, r=16} 50.4M 68.47 80.20 77.99 80.81 80.66 63.48 79.00 75.40 75.75
HydraLoRA{M=1, N=8, r=12} 45.6M 68.59 81.56 77.94 83.20 78.61 63.91 78.58 77.40 76.22
HydraLoRA{M=1, N=6, r=16} 46.4M 68.07 81.99 77.64 79.44 79.32 63.82 79.00 79.20 76.06

D2MoRA{M=3, N=8, r=8} 35.8M 69.48 81.34 78.25 83.89 79.72 64.33 79.21 78.40 76.83
D2MoRA{M=3, N=4, r=16} 45.6M 69.66 82.86 77.22 85.95 80.58 64.68 79.21 77.20 77.17

LLaMA2-7B

LoRA{M=1, N=1, r=64} 50.3M 70.91 81.34 76.20 81.41 80.19 63.99 77.31 76.80 76.02
DoRA{M=1, N=1, r=64} 51.7M 68.65 81.12 78.45 86.64 81.06 65.02 78.24 79.20 77.30

MoSLoRA{M=1, N=1, r=64} 50.7M 68.64 82.05 77.52 87.66 80.61 67.36 81.62 79.42 78.11
MOELoRA{M=8, N=8, r=8} 50.4M 70.26 82.15 78.81 86.23 80.96 65.15 82.81 78.20 78.07
MOELoRA{M=4, N=4, r=16} 50.4M 70.69 81.60 77.43 83.35 82.06 66.55 83.54 78.70 77.99
HydraLoRA{M=1, N=8, r=12} 45.6M 69.52 82.81 78.56 87.82 80.58 67.28 81.29 79.80 78.46
HydraLoRA{M=1, N=6, r=16} 46.4M 70.07 82.66 78.81 87.53 80.34 66.27 81.82 78.40 78.24

D2MoRA{M=3, N=8, r=8} 35.8M 70.40 82.26 78.76 87.72 81.53 70.65 84.01 78.80 79.27
D2MoRA{M=4, N=3, r=16} 45.6M 71.31 82.86 78.40 90.11 81.68 67.06 83.38 81.00 79.48

Table 1: Performance (%) comparison of different methods across eight benchmarks for adapting LLaMA-7B and LLaMA2-7B
in multi-task learning. Param: number of trainable parameters. The best results are shown in bold.

PEFT Method Param BoolQ PIQA SIQA HellaSwag WinoGrande ARC-c ARC-e OBQA Avg.

D2MoRA (w/o Orthogonality) 45.6M 71.25 82.05 78.81 85.79 80.43 67.66 83.50 78.60 78.51

D2MoRA (w/o Orthogonality for A) 45.6M 70.43 83.46 77.12 88.37 81.45 67.83 82.11 80.60 78.92

D2MoRA (w/o Orthogonality for B) 45.6M 72.08 82.75 77.94 89.14 80.51 66.47 81.40 79.80 78.76

D2MoRA 45.6M 71.31 82.86 78.40 90.11 81.68 67.06 83.38 81.00 79.48

HydraLoRA 45.6M 70.07 82.66 78.81 87.53 80.34 66.27 81.82 78.40 78.24

HydraLoRA (w/ Orthogonality) 45.6M 70.70 82.26 78.76 86.01 81.06 68.26 83.17 79.80 78.75

Table 2: Ablation of dual orthogonal regularization across eight benchmarks for adapting LLaMA2-7B in multi-task learning.

Ablation Study In this part, we first evaluate the effect of
our dual orthogonality regularization through three variants:
D2MoRA (w/o orthogonality), D2MoRA (w/o orthogonality
for A), D2MoRA (w/o orthogonality for B), where the cor-
responding orthogonality regularization terms are removed.
To further assess the generalization ability of our regulariza-
tion, we apply it to HydraLoRA, a model that shares a sin-
gle A across experts without explicit diversity constraints,
resulting in a new variant: HydraLoRA (w/ Orthogonality).

Table 2 presents the performance of these models in
adapting LLaMA2-7B for multi-task learning, where we set
{M = 4, N = 3, r = 16} for D2MoRA and {M = 1, N =
6, r = 16} for HydraLoRA. The results show that remov-
ing the orthogonality regularization from either the A or B
experts in D2MoRA leads to performance drops, while ap-
plying dual regularization yields the best results without in-
creasing the number of trainable parameters. This demon-
strates that encouraging orthogonality in either expert set
promotes expert diversity and expert specialization. Further-
more, HydraLoRA (w/ Orthogonality) outperforms the orig-
inal HydraLoRA, validating the generalization ability of our
orthogonality regularization.

We also visualize the expert distributions of D2MoRA and
HydraLoRA (w/ Orthogonality) using t-SNE, where experts
are learned from the Query/Key adaptation in LLaMA2-
7B, as shown in Figure 3. To ensure comparability with Fig-
ure 2, we use the same setup for HydraLoRA: {M = 1,
N = 4, r = 16}. The results show that orthogonality reg-
ularization produces well-separated expert representations,
in contrast to the overlapping distributions observed in mod-
els without regularization (Figure 2). This demonstrates the
effectiveness of our dual orthogonality regularization in pro-
moting expert specialization.

Model Generalization To evaluate the generalization
ability of our model, we also conduct experiments in a
single-task setting, where LLaMA2-7B is fine-tuned indi-
vidually on BoolQ, SIQA, ARC-e, and PIQA. Compared
to the multi-task setup, we reduce the number of train-
able parameters accordingly. Specifically, for MOELoRA,
we set {M = N = 4, r = 8}; for HydraLoRA, we set
{M = 1, N = 4, r = 8}; and for D2MoRA, we set {M =
2, N = 3, r = 8}. For LoRA, DoRA, and MoSLoRA, we
set r = 32. Other hyperparameters remain the same as in the
multi-task setting.
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Figure 3: Expert diversity visualization of D2MoRA{M = 4, N = 3, r = 16} and HydraLoRA{M = 1, N = 4, r = 16} (w/ orthogo-
nality) for LLaMA2-7B’s Query/Key adaptation. Experts are represented as r points (one per rank) with shared coloring.

PEFT Method Param BoolQ SIQA ARC-e PIQA Avg.
LoRA{M=1, N=1, r=32} 25.2M 71.14 78.26 79.56 78.35 76.83
DoRA{M=1, N=1, r=32} 26.5M 72.20 80.12 79.34 79.22 77.72

MoSLoRA{M=1, N=1, r=32} 25.3M 72.60 79.62 81.31 79.15 78.17
MOELoRA{M=4, N=4, r=8} 25.2M 71.09 79.84 80.19 79.64 77.69
HydraLoRA{M=1, N=4, r=8} 17.3M 71.87 79.43 80.21 80.65 78.04

D2MoRA{M=2, N=3, r=8} 16.5M 72.66 80.45 81.06 81.07 78.81

Table 3: Performance (%) comparison across four bench-
marks for adapting LLaMA2-7B in single-task learning.

Table 3 reports the performance of all methods across four
datasets for adapting LLaMA2-7B under single-task learn-
ing. As shown, D2MoRA consistently achieves the best per-
formance across all tasks while using the fewest trainable
parameters. This demonstrates that our method is not lim-
ited to multi-task scenarios and can also deliver performance
gains in single-task learning. One possible explanation is
that even within a single task, the presence of diverse exam-
ples benefits from integrating multiple LoRA modules for
more effective semantic understanding.

Sensitivity Analysis We further conduct a sensitivity anal-
ysis to examine how the number of A/B base experts and
the orthogonality regularization coefficient affect the perfor-
mance of our approach. Figure 4(a) shows D2MoRA’s per-
formance for adapting LLaMA2-7B under multitask learn-
ing with different {M,N} configurations. We fix M +N =
7 and set the rank r = 16. We evaluate six settings: {M =
1, N = 6}, {M = 2, N = 5}, {M = 3, N = 4}, {M =
4, N = 3}, {M = 5, N = 2}, and {M = 6, N = 1}.
As can be seen, the most imbalanced configurations (i.e.,
{M = 1, N = 6} and {M = 6, N = 1}) perform the
worst, indicating that such extreme allocations constrain the
model’s representational capacity.

Figure 4(b) plots the model performance across dif-
ferent orthogonality regularization coefficients λ ∈
{10−2, 10−3, 10−4, 10−5, 10−6}, with {M = 4, N =
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Figure 4: Sensitivity analysis of (a) expert number {M,N}
and (b) orthogonality coefficient λ.

3, r = 16} fixed for multi-task learning on LLaMA2-7B.
The results suggest that a moderate value of λ balances ex-
pert diversity and parameter adaptation well. A large λ (e.g.,
10−2) leads to suboptimal performance due to overempha-
sizing expert diversity, whereas a small λ (e.g., 10−6) weak-
ens the effect of orthogonality regularization.

Conclusion
In this work, we propose D2MoRA, a diversity-regulated,
asymmetric MoE-LoRA decomposition framework for en-
hancing parameter adaptation in multi-task scenarios. Going
beyond existing methods, D2MoRA employs asymmetric
expert decomposition to enable flexible knowledge sharing
while promoting expert specialization. Through experimen-
tation, we identify and address the expert homogenization
phenomenon—caused by cross-expert knowledge transfer—
using dual orthogonal regularization. Extensive experiments
on eight commonsense reasoning benchmarks demonstrate
the superiority of D2MoRA over existing methods in both
multi-task and single-task settings. Additionally, quantita-
tive and visualization results confirm the effectiveness of our
dual orthogonal regularization.
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