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MLAE: Masked LoRA Experts for
Parameter-Efficient Fine-Tuning

Junjie Wang , Guangjing Yang, Wentao Chen, Huahui Yi, Xiaohu Wu , Zhouchen Lin , Fellow, IEEE,
and Qicheng Lao

Abstract—In response to the challenges posed by the extensive
parameter updates required for full fine-tuning of large-scale pre-
trained models, parameter-efficient fine-tuning (PEFT) methods,
exemplified by Low-Rank Adaptation (LoRA), have emerged.
LoRA simplifies the fine-tuning process but may still struggle with
a certain level of redundancy in low-rank matrices and limited
effectiveness from merely increasing their rank. To address these
issues, a natural idea is to enhance the independence and diversity
of the learning process for the low-rank matrices. Therefore, we
propose Masked LoRA Experts (MLAE), an innovative approach
that applies the concept of masking to visual PEFT. Our method
incorporates a cellular decomposition strategy that treats rank-1
components as experts defined under the chosen LoRA param-
eterization, thus enhancing diversity among update components.
Additionally, we introduce a binary mask matrix that selectively
activates these experts during training to promote more diverse
and anisotropic learning, based on expert-level dropout strategies.
Our investigations reveal that this selective activation not only
enhances performance but also fosters a more diverse acquisition
of knowledge with a marked decrease in parameter similarity
among MLAE, significantly boosting the quality of the model.
Remarkably, MLAE achieves new state-of-the-art (SOTA) perfor-
mance with an average accuracy score of 78.8% on the VTAB-1k
benchmark and 90.9% on the FGVC benchmark, surpassing the
previous SOTA result by an average of 0.8% on both benchmarks.
Moreover, MLAE shows strong generalization across diverse
tasks, including LLM fine-tuning, semantic segmentation, and
image/video–text understanding, underscoring its versatility and
effectiveness in advancing PEFT.

Index Terms—Parameter-efficient fine-tuning, pre-trained
vision foundation models, masking, low-rank adaptation.
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I. INTRODUCTION

LARGE-SCALE pre-trained vision models [1], [2], [3],
[4], [5] have manifested outstanding performance across a

variety of downstream vision tasks [6], [7], [8], [9], [10]. How-
ever, full parameter fine-tuning poses significant challenges
to computational resources and data storage. To address this
issue, considerable efforts have been invested in developing
parameter-efficient fine-tuning (PEFT) methods [11], [12],
[13], [14], [15], [16], [17], [18], [19], which only fine-tunes
a minimal number of parameters. Among these, Low-Rank
Adaptation (LoRA) [15] stands out due to its simplicity and
efficiency, which achieves high performance leveraging low-
rank matrices. However, recent studies [20], [21], [22] have
indicated that even within low-rank matrices, a certain level
of redundancy persists, and merely increasing the rank of
the update matrix does not necessarily enhance the quality
of the model. Consequently, how to simultaneously reduce
redundancy in low-rank matrices and enhance their quality
represents a fundamental challenge.

Recent works exemplified by AdaLoRA [23] and
IncreLoRA [24] have been proposed to dynamically
adjust the matrix rank by adding or removing parameters
in different layers of the model based on importance
scores, addressing the issue of parameter redundancy in
shallow networks. Inspired by these, we conceive the idea
of temporarily removing certain parameters during the
training phase, instead of permanently eliminating them
without the chance of revitalization. This approach not
only eliminates the need for calculating parameter scores,
thereby reducing computational overhead, but also allows
all parameters to participate during inference, enhancing the
model’s expressiveness and robustness. Therefore, a natural
idea is employing masking to the parameters. However, it
is impractical to apply masking directly to parameters of
a low-rank matrix, as it may result in training instability
and inefficiency, while individual parameters within such
matrices do not carry any semantic information advocating
diverse learning. We have observed that recent efforts [25],
[26] have applied LoRA framework within the mixture of
experts (MoE) [27] architecture, where each LoRA weight
is treated as an expert, and a gating mechanism selects
experts to achieve sparsity. This motivates us to explore
applying masking to LoRA experts, rather than directly
to the parameters. However, unlike these works, our goal
is to promote diversity among fixed low-rank components
through masking. Accordingly, we refer to each rank-1
component b ja>j as an expert for brevity. These experts
are defined under the chosen LoRA parameterization rather
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than being intrinsically identifiable components of BA or
learned routing experts, and our method does not constitute
a MoE module: the backbone remains dense, no token-wise
routing is employed, and all experts participate during
inference.

In this work, we propose a novel method, MLAE (Masked
LoRA Experts), which applies the concept of masking to
the field of visual parameter-efficient fine-tuning (PEFT)
by enhancing the independence and diversity of learning
to address the issue of parameter redundancy. Specifically,
MLAE addresses redundancy and enhances the quality of
LoRA from two perspectives: First, it employs a cellular
decomposition approach, where the low-rank matrix with rank
r is further decomposed into r rank-1 experts under the
chosen LoRA parameterization; Second, building on cellu-
lar decomposition, it further introduces a mask matrix with
adaptive coefficients, applied to the decomposed expert matrix
to implement MLAE. Through in-depth exploration of fixed,
stochastic, and mixed masking with different configurations,
we have discovered that the use of expert-level dropout to
generate stochastic masks yields the best performance. Further
analysis has revealed that the parameter similarity among these
experts significantly decreases and they acquire a more diverse
range of knowledge.

In summary, our contributions are mainly as follows:
• We tackle an interesting and relevant issue in the field

of fine-tuning vision pre-trained models, specifically the
problem of parameter diversity and redundancy in LoRA,
which is a significant contribution to the domain of
parameter-efficient fine-tuning.

• We have pioneered the introduction of masking strate-
gies into the domain of visual PEFT, exploring various
masking techniques including fixed, stochastic, and mixed
masks. This innovation paves the way for future work in
the field.

• We introduce MLAE, a method that is both simple
and flexible. MLAE has attained state-of-the-art (SOTA)
results on the VTAB-1k and FGVC benchmarks, achiev-
ing an average accuracy improvement of 0.8% over
previous SOTA results on both benchmarks. In addition,
MLAE demonstrates strong performance across diverse
tasks, including LLM fine-tuning, semantic segmentation,
and image/video–text understanding, further highlighting
its effectiveness and generalization ability. This demon-
strates its strong potential in advancing the field of PEFT.

II. RELATED WORKS

A. Parameter-Efficient Fine-Tuning
As the number of model parameters has continued to

grow, the significant computational and storage costs with the
traditional full fine-tuning have made Parameter-Efficient Fine-
Tuning (PEFT) increasingly attractive. The PEFT methods
for large-scale pre-trained models first emerged in the NLP
field [28], where they achieve comparable performance to
full fine-tuning while only requiring the fine-tuning of a
few lightweight modules. Inspired by this success in NLP,
researchers have begun applying PEFT to Pretrained Vision
Models (PVMs). Existing visual PEFT methods can be cat-
egorized into addition-based, unified-based, and partial-based
methods. Addition-based methods [11], [12], [13], [29], [30],

[31], exemplified by VPT [12], AdaptFormer [11], Fact [32]
and Prefix-tuning [31], incorporate additional trainable mod-
ules or parameters into the original PVMs to learn task-specific
information. Unified-based methods [14], [33], [34], [35],
[36], represented by NOAH [14], SPT [37] and GLoRA
[34], integrate various fine-tuning approaches into a single
architecture. Partial-based methods [15], [28], [38], [39], [40],
such as LoRA [15], Adapter [28], SSF [39], and RepAdapter
[40], update only a small portion of the inherent parameters
while keeping most of the model’s parameters unchanged
during the adaptation process. In this paper, we explore more
efficient and high-quality strategies for visual PEFT based on
partial-based methods.

B. Masking Strategies

In recent years, masking strategies have been exten-
sively employed in deep learning, primarily focusing on
self-supervised pre-training through mask modeling. Repre-
sentative works [41], [42], [43], [44], [45], [46] include
language model pre-training spearheaded by BERT [47] and
visual model pre-training exemplified by MAE [2] and Sim-
MIM [48], both of which have achieved significant success.
Typically, these works apply masking strategies to the input
sequences, retaining a portion of the input and training models
to predict the masked content. Meanwhile, a smaller body of
work [49], [50], [51], [52], [53], [54], [55], [56], [57] has
applied masking strategies to the model architecture, achieving
preliminary results in continual learning and multi-task learn-
ing. Diverging from these approaches, we innovatively apply
the masking strategy to the lightweight modules of the model
based on the PEFT methods, conducting a comprehensive
analysis that has yielded outstanding results.

III. METHODS

Unlike existing approaches that adjust the incremental
matrix rank based on importance scores or select the optimal
experts through gating mechanisms, our methodology aims
to alleviate parameter redundancy by enforcing diversity in
the learning process. The key idea of our methodology is to
enhance the capabilities of the model within a given budget
by promoting varied learning rather than merely eliminating
underutilized parameters. Therefore, we focus on achieving
independence and diversity in parameter learning through two
strategic approaches: by designing innovative model archi-
tectures and introducing masking strategy for training. The
complete process is shown in Fig. 1.

A. Preliminary

1) Low-Rank Adaptation: LoRA [15] has been demon-
strated to be a popular parameter-efficient fine-tuning approach
to adapt pre-trained models to specific tasks. It leverages
low-rank matrix decomposition of pre-trained weight matrices
to significantly reduce the number of training parameters.
Formally, for a pre-trained weight matrix W0 ∈ R

dout×din , LoRA
creates two low-rank trainable matrices A and B with rank r,
where B ∈ Rdout×r, A ∈ Rr×din , and r � min{dout, din}.

h = W0x + ∆Wx = W0x + BAx (1)
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Fig. 1. Our proposed Masked LoRA Experts (MLAE) framework. MLAE decomposes a rank-r LoRA update into rank-1 experts and applies adaptive
expert-level masking during training, encouraging diverse and less redundant learning.

During training, LoRA updates only the matrices A and B,
while W0 is frozen. The matrix A is initialized with a random
Gaussian distribution and matrix B is initialized to zero.

B. Masked LoRA Experts
Vanilla LoRA significantly reduces the fine-tuning param-

eters of over-parametrized models by updating only low-rank
matrices, nevertheless, without carefully imposed indepen-
dence and diversity constraints, a certain degree of redundancy
may still remain within these low-rank matrices.

1) Cellular Decomposition: To obtain fine-grained train-
able units, we decompose the low-rank update into rank-1
components under the chosen LoRA parameterization. We
refer to each column-row pair as an expert, while noting that
these experts are defined under this parameterization rather
than being naturally identifiable components of BA. Each
expert can be separately initialized, weighted, and masked
during training, which encourages diverse parameter updates
without introducing additional routing or gating mechanisms.
More specifically, the low-rank matrices B and A with rank r in
Equation (1) can be written as B = [ b1, b2, . . ., br ] with b j ∈

Rdout×1, and A = [ a1, a2, . . ., ar ]T with a j ∈ R
din×1. Accord-

ingly, the update matrix in the i-th layer can be expressed as
∆Wi = BiAi =

Pr
j=1 bi jaT

i j, where ∆Wi ∈ R
dout×din . For a pre-

trained model with a total of L layers, each with r experts, the
model features L × r experts in total, denoted as the matrix-
valued array E :2664

∆W1
∆W2
...

∆WL

3775 =

2664
B1A1
B2A2
...

BLAL

3775 =

26664
Pr

j=1 b1 jaT
1 jPr

j=1 b2 jaT
2 j

...Pr
j=1 bL jaT

L j

37775
into array

=⇒ E =

26664
b11aT

11 b12aT
12 . . . b1raT

1r
b21aT

21 b22aT
22 . . . b2raT

2r
...

...
. . .

...
bL1aT

L1 bL2aT
L2 . . . bLraT

Lr

37775
(2)

where bi jaT
i j corresponds to the j-th expert in the i-th layer.

Here, E should be interpreted as an L× r matrix-valued array
rather than an ordinary block matrix: its (i, j)-th entry is the
rank-1 matrix bi jaT

i j ∈ R
dout×din . Accordingly, for any scalar

matrix C = [ci j] ∈ RL×r, the product C�E is defined blockwise
by

(C � E)i j = ci jbi jaT
i j.

The multiplication by 1r then denotes summation over the r
matrix-valued entries in each layer.

2) Masking Rank-1 LoRA Experts: On the basis of cellular
decomposition, we introduce a mask matrix M ∈ BL×r, where
B denotes the binary set {0, 1}, and each element mi j of M is
a member of this set. The update matrices across L layers are:

∆Wi =

rX
j=1

mi j bi jaT
i j, i = 1, . . ., L. (3)

[∆W1 ∆W2 . . . ∆WL]T=
�
M � E

�
1r, 1r := [ 1, . . ., 1 ]> (4)

where � is the blockwise Hadamard product defined above.
During the parameter initialization phase, each aT

i j and bi j
is initialized separately to ensure that each expert starts the
updating process in a distinct initial state, with aT

i j being drawn
from a random Gaussian distribution and bi j set to zero.

C. Adaptive Masking Through Expert-Level Dropout
1) Adaptive Coefficients: We hypothesize that the contri-

bution of each expert to the model’s performance varies,
thus necessitating the allocation of unique weights to each
component. Specifically, ∆Wl =

Pr
j=1 λl jbl jaT

l j. Thus, the total
update matrices are:

[∆W1 ∆W2 . . . ∆WL]T = (M � Λ � E) 1r

=

0BB@M �

2664
λ11 λ12 . . . λ1r
λ21 λ22 . . . λ2r
...

...
. . .

...
λL1 λL2 . . . λLr

3775 � E
1CCA 1r

(5)
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Fig. 2. Different masking strategies. The top row shows five representative fixed masking patterns, where selected experts are permanently discarded. The
bottom row presents the corresponding stochastic masking variants, where different numbers of marked experts are used to illustrate different masking
probability distributions across layers. For clarity, the unmarked experts in the bottom row do not indicate permanent retention, but are only shown to visualize
the layer-wise probability patterns.

TABLE I
FULL RESULTS ON VTAB-1K BENCHMARK. “# PARAM” SPECIFIES THE TOTAL NUMBER OF TRAINABLE PARAMETERS IN BACKBONES. AVERAGE

ACCURACY (%) AND # PARAM ARE AVERAGED OVER GROUP-WISE MEAN VALUES. THE BEST RESULT IS IN BOLD, AND THE SECOND-BEST
RESULT IS UNDERLINED. GLORA† INDICATES THE CONFIGURATION WITH A PARAMETER COUNT COMPARABLE TO MLAE

where Λ is the adaptive coefficient matrix, λi j denotes the
weight assigned to the j-th expert in the i-th layer, and all
the elements in Λ are initialized to 1 to ensure that all
experts contribute equally during the initial phase. Notably,
IncreLoRA [24] has also adopted a similar strategy of scaling
coefficients. However, their primary goal is to enable the
update matrix to be decomposed in a manner similar to SVD in
AdaLoRA [23], facilitating subsequent incremental allocation.
In their approach, the initial values of the scaling coefficients
λ are set to zero.

2) Fixed Masking: Drawing inspiration from MoLA [20],
which explores layer-wise expert allocation under the MoE
framework, we specifically design fixed masks to investigate
which layer (lower, middle, or upper) requires a more dense
application of masks, as the five representative masks shown in
Fig. 2. When fixed masking is applied, the masked experts are
permanently discarded, meaning they do not undergo gradient
updates and are not utilized during inference.

3) Stochastic Masking: Similar to the fixed patterns, we
have implemented five variations of stochastic masking by
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Fig. 3. Domain-wise average scores on VTAB-1k benchmark. Our MLAE performs best in all three domains, especially in Structured domain, surpassing
GLoRA by 3.2% under a similar budget.

employing expert-level dropout to Λ and adjusting the dropout
rate p across different layers, as illustrated in the bottom of
Fig. 2. Accordingly, the total update matrix is given by:

[∆W1 ∆W2 . . . ∆WL]T =
�
Dropout(Λ, p) � E

�
1r (6)

where p represents the probability of an element being set
to zero. During the training process, experts are randomly
discarded, and the outputs of the remaining experts are scaled
up to maintain the expected output magnitude. Consequently,
these discarded experts do not undergo gradient updates during
that iteration. During the inference, all experts are activated
and used without any scaling.

4) Mixed Masking: Building on the aforementioned fixed
masking and stochastic masking, we further propose mixed
masking. In this strategy, certain experts are permanently
masked, while stochastic masking is applied to the remaining
experts. Accordingly, there are also five representative masks.

IV. EXPERIMENTS

A. Vision Pre-Trained Model Fine-Tuning

1) Image Classification: We now describe our experimental
setup, including backbone, implementation details, and train-
ing strategies, to ensure reproducibility and fair comparison.

We evaluate our method on a total of 24 downstream
tasks in two groups following VPT [12]: (1) VTAB-1k [58]
is a large-scale transfer learning benchmark consisting of a
collection of 19 vision datasets, which are clustered into three
domains: Natural, Specialized, and Structured. The final model
used for evaluation is trained using the full 1,000 examples
in each dataset. Following [12], we use top-1 classification
accuracy (%) averaged within each domain as the metric; (2)
FGVC is a benchmark for fine-grained visual classification
tasks including CUB-200-2011 [59], NABirds [60], Oxford
Flowers [61], Stanford Dogs [62] and Stanford Cars [9]. We
follow the validation splits in VPT [12]. We also report the
top-1 accuracy averaged on the FGVC datasets. The average
accuracy score on the test set with three runs is reported. For
a fair comparison, we follow SPT [37] and use ViT-B/16 [1]
pre-trained on supervised ImageNet-21K [6] as our default
backbone. We only implement our proposed MLAE in the
Q-K-V linear transformation layer across the 12 blocks of ViT-
B, and this alone enables us to surpass GLoRA [34] which
fine-tunes all linear layers in the model. However, MLAE can
be implemented in any linear layer across various network

TABLE II
RESULTS ON FGVC BENCHMARK. “TUNED/TOTAL” DENOTES

THE FRACTION OF TRAINABLE PARAMETERS

architectures. All the experiments are trained using PyTorch
on an NVIDIA GeForce RTX 3090 GPU. Following SPT [37],
we employ the AdamW optimizer [63] with cosine learning
rate decay in the training process. We set the batch size,
learning rate, and weight decay as 64, 5e-4, 1e-4, respectively.
Based on previous works [12], [14], [37], we also follow the
same standard data augmentation pipeline, e.g., processing
the image with random resized crop to 224 × 224 and a
random horizontal flip for the FGVC datasets. Additionally,
during data preprocessing, we use ImageNet inception mean
and standard deviation for normalization. The number of
training epochs is set to 500 for VTAB-1k and 300 for FGVC
to achieve better convergence. Inspired by RepAdapter [40]
for searching the hyperparameter scaling coefficient, we also
explore the initialization values of the coefficient matrices and
the dropout probability in our method. Dropout probability is
searched from [0.0, 0.1, 0.3, 0.5, 0.7, 0.9] and the initialization
value of expert coefficient is searched from [0.125, 0.25, 0.5,
1, 2, 4]. More details are provided in Table XII.

Our proposed approach achieves SOTA performance on
both VTAB-1k and FGVC benchmarks. We first compare
MLAE with the state-of-the-art PEFT methods on ViT, as
reported in Table I. We initially note that all PEFT methods
significantly surpass full fine-tuning in performance, whereas
linear probing, which involves merely adjusting the classi-
fier, yields substantially poorer results. Compared to these
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TABLE III
INFERENCE EFFICIENCY COMPARISON OF MLAE WITH EXISTING METHODS DURING INFERENCE. ∆P AND ∆F DENOTE THE ADDITIONAL PARAMETERS

AND FLOPS BY PEFT METHODS, RESPECTIVELY. THE INFERENCE THROUGHPUT IS DEFINED AS IMAGES PER SECOND (IMGS/SEC)

TABLE IV

RESULTS ON VTAB-1K WITH CONVNEXT-B AS THE BACKBONE. ALL
RESULTS EXCEPT THOSE OF MLAE ARE QUOTED FROM PRIOR WORK

[12], [37], [40]

TABLE V

RESULTS ON SEMANTIC SEGMENTATION. COMPARISONS ON ADE20K [68]
VAL WITH SETR [69] ON VIT-L BACKBONE. WE REPORT BOTH

SINGLE-SCALE (S.S.) AND MULTI-SCALE (M.S.) MIOU RESULTS.
THE BEST RESULT IS IN BOLD

methods, we can see that under a similar budget (e.g., 0.29M
trainable parameters for GLoRA [34] vs. 0.30M for MLAE),
MLAE performs better on VTAB-1k. In particular, by slightly
adjusting the dropout rates across different datasets, MLAE
can achieve SOTA performance with an average accuracy
score of 78.8%, even better than GLoRA with almost tripled
budget (78.0%). MLAE achieves the best performance in 9
out of 19 datasets in the VTAB-1k benchmark and secures
the second-best results in 7 additional datasets. Moreover,
intuitively from Fig. 3, we can see that compared to the
previous LoRA-based PEFT methods, MLAE performs the
best in all three domains, especially in the Structured domain,
surpassing the previous SOTA method GLoRA by 3.2% under

TABLE VI

RESULTS ON DOMAIN GENERALIZATION. COMPARISON OF
DIFFERENT PEFT METHODS ON FOUR DOMAIN-SHIFTED DATASETS

(IMAGENET-V2, -SKETCH, -A, -R). MLAE ACHIEVES
COMPETITIVE OR SUPERIOR PERFORMANCE OVERALL,

SHOWING CLEAR IMPROVEMENTS ON MOST
TARGET DOMAINS WHILE REMAINING

COMPARABLE ON OTHERS

a comparable budget. Notably, SPT [37] reveals that, by
measuring the maximum mean discrepancy between the source
and target domains, Structured datasets have larger domain
gaps from the pre-training source [6] compared to Natural
and Specialized datasets. The significant improvement in the
Structured domain indicates that MLAE may contribute to
mitigating domain gaps by compelling each expert to extract
more diverse information from images.

To validate the effectiveness of our method in fine-
grained visual classification tasks, we conduct experiments
on the FGVC benchmark using three random seeds. The
experimental results indicate that MLAE achieves the best
performance across all seeds, demonstrating stable perfor-
mance and parameter efficiency. As shown in Table II, the
traditional fine-tuning method FULL, despite using 100%
of the parameters, only achieves an accuracy of 88.5%. In
contrast, our method achieves an accuracy of 90.9% with
only 0.56% trainable parameters. Compared to other PEFT
methods, Adapter (85.7%), LoRA-8 (86.0%), SSF (90.7%),
and SPT-LoRA (90.1%), MLAE achieves the highest accuracy
with the fewest tuned parameters. These results highlight
our method’s capability to achieve optimal performance with
minimal trainable parameters, proving the effectiveness and
superiority of MLAE in fine-grained visual classification tasks.
More detailed experimental results can be found in XV.
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TABLE VII

RESULTS ON LLM FINE-TUNING. ACCURACY (%) COMPARISON OF LLAMA 7B [75], LLAMA2 7B [76], AND LLAMA3 8B [77] WITH VARIOUS PEFT
METHODS ON EIGHT COMMONSENSE REASONING DATASETS. RESULTS FOR ALL THE BASELINE METHODS ARE TAKEN FROM [78], [79], WHILE

RESULTS FOR MLAE ARE OBTAINED USING THE HYPERPARAMETERS DESCRIBED IN XVII.
DORA† : THE ADJUSTED VERSION OF DORA WITH THE RANK HALVED AS IN [78]

TABLE VIII

THE MULTI-TASK EVALUATION RESULTS ON VQA, GQA, NLVR2 AND
COCO CAPTION WITH THE VL-BART BACKBONE. THE REPORTED

METRICS ARE ACCURACY (%) FOR VQAv2 , GQA, AND NLVR2 ,
AND CIDER SCORE FOR COCO CAPTION

TABLE IX
THE MULTI-TASK EVALUATION RESULTS ON TVQA, HOW2QA, TVC,

AND YC2C WITH THE VL-BART BACKBONE. THE REPORTED
METRICS ARE ACCURACY (%) FOR TVQA AND HOW2QA,

AND CIDER-D SCORE FOR TVC AND YC2C

To verify the applicability of MLAE on other vision archi-
tectures, following the protocol of VPT [12], we fine-tune
ConvNeXt [67] with MLAE and compare it against LoRA,
SPT-LoRA, and RepAdapter on the VTAB-1k benchmark.
As shown in Table IV, MLAE achieves the best overall
performance, with an average accuracy of 81.6%, clearly
surpassing RepAdapter (79.0%) and SPT-LoRA (78.7%).
Moreover, MLAE consistently outperforms all baselines across
the natural, specialized, and structured task groups, with
particularly notable gains on structured tasks (+2.4 points over

RepAdapter). These results demonstrate that MLAE effectively
generalizes beyond transformer-based architectures.

2) Semantic Segmentation: To verify the feasibility of
MLAE beyond visual classification, we further apply MLAE
to the SETR-PUP [69] framework for semantic segmentation
on the ADE20k [68] dataset, following the protocol established
in VPT [12]. We report the val mIoU results in Table V.
Notably, MLAE achieves the best performance among all
compared methods, surpassing both LoRA and SPT-LoRA.
In particular, it improves the multi-scale mIoU to 47.8%,
demonstrating stronger generalization and robustness in dense
prediction tasks. These results highlight the effectiveness of
MLAE beyond visual classification, showing clear advantages
when applied to semantic segmentation.

3) Domain Generalization: The ability to generalize across
out-of-domain settings is crucial for large-scale neural net-
works [70]. Therefore, following NOAH [14], we fine-tune
models using MLAE on ImageNet [6] with 16 shots per
category, and then directly evaluate them on four ImageNet
variants that involve distinct types of domain shifts. From
Table VI, we observe that MLAE achieves the highest
accuracy on the source domain (ImageNet) and consistently
delivers competitive performance on all four domain-shifted
datasets. Notably, MLAE surpasses NOAH on the ImageNet-
Sketch [71] and ImageNet-A [72] variants by a clear margin,
reaching 28.7% and 14.0%, respectively. While NOAH per-
forms slightly better on ImageNet-V2 [73] and ImageNet-R
[74], MLAE demonstrates a more balanced improvement
across diverse shifts. These results suggest that MLAE gener-
alizes well from the source domain to unseen domains.

4) Efficiency Analysis: Following RepAdapter [40], we
present the final inference throughput of various PEFT meth-
ods in Table III, all computed on an NVIDIA RTX 3090 GPU.
In the table, we employ ViT-B/16 as the vision model. Our
method, which builds upon LoRA, maintains the same count
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TABLE X
RESULTS OF THREE MASKING STRATEGIES UNDER DIFFERENT CONFIGURATIONS ILLUSTRATED IN FIG. 2

(ALL WITH THE SAME BUDGET OF TOTAL RANK = 96)

TABLE XI
ABLATIONS ON KEY COMPONENTS IN MLAE

Fig. 4. Comparisons of average parameter similarity between MLAE and LoRA baselines. It is worth noting that LoRA+dropout refers to applying dropout
directly to the entire output of LoRA.

TABLE XII
SUBMATRIX RANK

of additional parameters, FLOPs, and throughput as LoRA
(i.e., ours: 538.5 imgs/sec vs. 539.6 imgs/sec for LoRA).
We also trained both the LoRA and MLAE methods on the

VTAB-1k benchmark for 100 epochs per dataset. We recorded
the training time for each dataset and repeated the process 5
times to calculate the average training time. Notably, the speed
of MLAE is comparable to that of LoRA, with MLAE even
demonstrating slight acceleration in certain cases. Specifically,
the average training time for MLAE was 1133 seconds, while
LoRA took 1149 seconds. The GPU memory consumption for
MLAE is 9.8 GB, compared to 9 GB for LoRA.

B. LLM Fine-Tuning

To assess whether the benefits of MLAE generalize
from vision backbones to large language models (LLMs),
we conduct a comprehensive evaluation in the LLM fine-
tuning regime. Specifically, following DoRA [78], we eval-
uate MLAE against LoRA, DoRA, and several baseline
parameter-efficient fine-tuning methods [28], [31], [80], on
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Fig. 5. Confusion matrix comparison of overall parameter similarity on
CIFAR-100 (r = 8). Compared with LoRA, MLAE exhibits markedly lower
similarity, indicating reduced redundancy among experts.

the LLaMA-7B [75] model for commonsense reasoning tasks.
This benchmark consists of eight subtasks, each with its
own designated training and testing sets. In addition, we
further compare MLAE with LoRA and DoRA on the
LLaMA2-7B [76] and LLaMA3-8B [77] models. MLAE
consistently outperforms existing PEFT methods across all
three backbone models. On LLaMA-7B, MLAE achieves the
best average accuracy (78.9%), slightly higher than DoRA
(78.4%) and notably above LoRA (74.7%). On LLaMA2-7B,
MLAE reaches 80.6%, again surpassing both DoRA (79.7%)
and LoRA (77.6%). The advantage becomes clearer on
LLaMA3-8B, where MLAE obtains 86.1%, leading DoRA
(85.2%) and LoRA (80.8%). Overall, MLAE demonstrates
robust improvements in commonsense reasoning, with con-
sistent gains as model size increases.

C. Vision-Language Model Fine-Tuning

Following DoRA [78], we evaluate the effectiveness of
MLAE for multi-modal model fine-tuning. Specifically, we
conduct experiments on multi-task image/video–text under-
standing using VL-BART.

1) Image/Video-Text Understanding: We compare MLAE
with LoRA, DoRA, and full fine-tuning on VL-BART, which
comprises a vision encoder (CLIP-ResNet101 [81]) and an
encoder–decoder language model (BARTBase [82]). We eval-
uate performance on four image–text tasks—VQAv2 [83] and
GQA [84] for visual question answering, NLVR2 [85] for
visual reasoning, and MSCOCO [86] for image captioning,
as well as four video–text tasks from the VALUE benchmark
[87]: TVQA [88] and How2QA [89] for video question
answering, and TVC [90] and YC2C [91] for video caption-
ing. We follow the same framework as [92] and fine-tune
VL-BART using the same setup as LoRA outlined in [92]
when applying MLAE. See Table XVIII for the complete
hyperparameters. The results of FT, LoRA, and DoRA for
both tasks are directly quoted from DoRA [78].

As shown in Tables VIII and IX, MLAE achieves strong
results on both image–text and video–text tasks. With only
about 6% of trainable parameters, MLAE matches or slightly
surpasses full fine-tuning performance, demonstrating high
parameter efficiency. On image–text benchmarks, MLAE
improves the average score by 0.3% over DoRA, mainly
due to better visual reasoning and cross-modal alignment.
On video–text tasks, it further gains 0.4%, showing enhanced

TABLE XIII
TOTAL BUDGET

temporal modeling ability. Overall, MLAE delivers systematic
improvements with minimal parameter overhead, confirming
its effectiveness for efficient multimodal fine-tuning.

D. Analysis and Visualizations
To gain deeper insights into the underlying mechanisms

of MLAE, we first provide a theoretical intuition explaining
why expert-level dropout leads to diversified experts and
how reducing parameter similarity contributes to performance
gains. Second, we conduct analyses and visualizations from
the perspectives of parameter similarity and feature attention
maps to substantiate our findings. The results indicate that
MLAE significantly reduces parameter similarity compared to
vanilla LoRA, allowing each expert to extract more diverse
feature information, ultimately enhancing model performance.

1) Theoretical Intuition: Previous work [93], [94] has the-
oretically demonstrated that Dropout can be interpreted as an
approximation to a Bayesian posterior over network weights.
This Bayesian perspective suggests that Dropout facilitates
averaging predictions across a distribution of various network
architectures. By randomly omitting neurons during training,
Dropout effectively emulates sampling from a distribution of
different network subsets. This introduces uncertainty into
the model, enabling it to train across multiple sub-networks
[95]. Specifically, we employ different random initializations
for various experts; due to unique initial conditions and
stochasticity in the training process, each expert can con-
verge to a different basin of the posterior, thereby exhibiting
diversity. Additionally, [96], [97] enhanced the performance
of Bayesian Model Averaging (BMA) [93] by increasing the
diversity among ensemble members. Given that Dropout is a
mathematical equivalent form of BMA, reducing parameter
similarity (under rank-1 decomposition) consequently implies
increased diversity among experts which can finally lead to
performance gains.

2) Parameter Cosine Similarity Analysis: We explore the
differences in cosine similarity among parameters within the
incremental matrices learned by LoRA and our proposed
MLAE. First, we introduce how to compute the parameter
cosine similarity between MLAE and LoRA methods. Since
MLAE decomposes the incremental matrix ∆W into r param-
eter matrices of size dout × din, we can directly flatten each
expert’s parameter matrix into a one-dimensional tensor, then
calculate the cosine similarity between each pair of tensors,
and finally average the similarity values within all 12 blocks
of the model to represent the overall model’s cosine similarity.
When calculating the parameter similarity for ∆W learned
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Fig. 6. Visualization of attention patterns within Block 9 of Flowers102 model across different samples. Horizontally, different experts within the same block
attend to distinct regions of the same image, such as petals, flower centers, or background, revealing clear expert specialization. Vertically, the same expert
often exhibits consistent attention patterns across samples from the same class, while still adapting its focus when the class changes (e.g., from Sunflower to
Cosmos). These patterns highlight the diversity and complementarity of expert representations in MLAE.

TABLE XIV

INITIALIZATION

TABLE XV

PROBABILITY

by LoRA, we perform a special operation by extracting a
column from matrix B (B ∈ Rdout×r) and a row from matrix
A (A ∈ Rr×din ) for matrix multiplication, resulting in a
parameter submatrix of size dout × din. We can thus obtain
r parameter submatrices, and the subsequent processing is
the same as for MLAE. Fig. 4 displays the average cosine
similarity among model parameters for 19 visual tasks on
the VTAB-1k benchmark across three different settings. After
performing the computation, Fig. 5 shows the overall param-
eter similarity confusion matrices on CIFAR-100, comparing
LoRA and MLAE (Ours), with MLAE exhibiting significantly
lower parameter similarity. We can observe from the Fig. 4:

(i) Applying dropout directly on ∆W, i.e., LoRA+Dropout,
does not always effectively reduce parameter similarity.
This interesting phenomenon suggests that directly applying
dropout to the incremental matrix may impact the learning of
model parameters due to its randomness, resulting in more uni-
form parameter updates on certain datasets and thus increasing
similarity; (ii) Our method MLAE exhibits lower average
cosine similarity across all datasets. Unlike LoRA+Dropout,
MLAE performs expert-level dropout by stochastically mask-
ing certain experts during the training process. Results from
Table I and Fig. 4 demonstrate that MLAE can effectively and
significantly reduce parameter similarity, thereby achieving
higher model performance.

3) Feature Attention-map Visualization: To visualize the
feature representations learned by each expert in MLAE,
focusing on a single block, we show a few representative
feature attention maps of the same expert across different
samples in Fig. 6 and Fig. 7. For Fig. 6, from a horizontal
perspective, there are notable variations among experts within
the same block. For instance, with the first sunflower, some
experts mainly focus on the petals (Expert 2, 3), while others
concentrate more on the center of the flower (Expert 5).
Vertically, we notice consistency among experts when focusing
on the same class. For example, Expert 1, 8 focus on the
sunflower’s petals, while Expert 4 consistently focuses on the
background, etc. When the image switches to another flower
(e.g., Cosmos), the attention distribution shifts. While some
experts still focus on the petals and background, others shift
their attention to the center (Expert 3) or the background
(Expert 7). For Fig. 7, the top two rows show the attention
patterns of the same experts for two different images of
elephants, demonstrating consistent specialization in focusing
on the body, nose, and background across similar samples.
The bottom row shows the feature maps for a kangaroo
image, showing that the attention patterns of the same experts
may vary when applied to a different class of samples. Both
figures indicate that the experts in MLAE exhibit a distinct
degree of specialization while simultaneously capturing a
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TABLE XVI

OPTIMAL VALUES FOR INITIALIZATION AND PROBABILITY ON THE VTAB-1K BENCHMARK

TABLE XVII

HYPERPARAMETERS OF MLAE FOR FINE-TUNING
VL-BART ON IMAGE/VIDEO-TEXT TASKS

TABLE XVIII

HYPERPARAMETERS OF MLAE FOR FINE-TUNING
VL-BART ON IMAGE/VIDEO-TEXT TASKS

broad spectrum of feature representations, highlighting the
diversity and complementarity of the expert modules in fea-
ture extraction and representation. We speculate that such
differentiated focus areas and consistency help the model
obtain more comprehensive and diverse feature representa-
tions when dealing with complex tasks, thereby enhancing
the overall performance and generalization ability of the
model.

To further quantify the degree of specialization observed
in the attention maps, we conduct a statistical analysis across
multiple samples. Specifically, we randomly select 200 images
from each dataset and feed them into the model. For each
sample, we compute the mean Intersection over Union (IoU)
between the output feature maps of a given expert and those of
the other experts within the same block. This metric provides
a quantitative measure of the diversity among expert outputs,
where lower IoU values indicate more diverse and specialized
representations. For instance, in Block 9 of Flowers102, the

mean IoU between expert outputs is 0.26 ± 0.04, while in
Block 10 of Caltech101 the value is 0.29 ± 0.06. An IoU of
0.26 implies that only about 26% of the pixels in the feature
maps overlap across different experts, which is consistent with
our qualitative observations and further supports the claim
that experts within the same block capture complementary and
diverse feature patterns from the dataset.

E. Masking Strategy Comparisons
We conduct an in-depth investigation of masking strategies

with different configurations for MLAE, as illustrated in Fig. 2.
Configurations:
1) Fixed Masking: Recent work such as MoLA [20] man-

ually assigns different numbers of LoRA experts to different
layers. Following this idea, we study a similar strategy
within MLAE, termed fixed masking, where certain layers are
assigned fewer experts than the uniform-allocation baseline, so
the missing experts can be regarded as permanently masked
in a fixed manner. For ViT-B, the layer-wise expert allocation
follows five representative patterns across the 12 blocks. The
incremental pattern gradually increases the number of experts,
i.e., [2, 2, 2, 6, 6, 6, 10, 10, 10, 14, 14, 14], whereas the
decremental pattern adopts the opposite trend [14, 14, 14, 10,
10, 10, 6, 6, 6, 2, 2, 2]. In contrast, the hourglass pattern
concentrates more experts at the beginning and end, i.e., [14,
14, 14, 2, 2, 2, 2, 2, 2, 14, 14, 14], while the protruding
pattern allocates more experts to the middle blocks [2, 2, 2,
14, 14, 14, 14, 14, 14, 2, 2, 2]. For the random pattern, each
layer is assigned an integer number of experts between 1 and
14, with the average across layers constrained to 8. All con-
figurations are evaluated under the same trainable parameter
budget.

2) Stochastic Masking: We further explore stochastic mask-
ing, where each layer is assigned 8 experts for fair comparison
and expert-level masking is introduced by applying dropout
to the expert coefficients so that zeroed coefficients deactivate
the corresponding experts during training. In this way, layer-
wise variation is controlled by dropout probability rather than
expert allocation, and the pattern names therefore refer to the
expected number of active experts rather than the dropout
rates themselves. For ViT-B, we define five representative
dropout profiles over the 12 blocks. The incremental profile
gradually decreases the dropout probability toward deeper
blocks, thereby retaining more active experts in later blocks,
while the decremental profile follows the opposite trend. The
hourglass profile uses higher dropout probabilities in the
middle blocks, whereas the protruding profile uses lower ones.
Their corresponding schedules are [0.8, 0.8, 0.7, 0.7, 0.6, 0.6,
0.5, 0.4, 0.3, 0.2, 0.1, 0.0], [0.0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6,

Authorized licensed use limited to: Peking University. Downloaded on July 30,2026 at 07:08:54 UTC from IEEE Xplore.  Restrictions apply. 



WANG et al.: MLAE: MASKED LoRA EXPERTS FOR PARAMETER-EFFICIENT FINE-TUNING 7923

TABLE XIX
PERFORMANCE COMPARISONS ON FIVE FGVC DATASETS WITH VIT-B/16 MODELS PRE-TRAINED ON IMAGENET-21K

TABLE XX
DETAILED RESULTS OF DIFFERENT RANK SUBMATRIX ON VTAB-1K BENCHMARK VARIANTS

TABLE XXI
DETAILED RESULTS OF DIFFERENT BUDGETS ON VTAB-1K BENCHMARK

0.6, 0.7, 0.7, 0.8, 0.8], [0.0, 0.1, 0.3, 0.5, 0.6, 0.8, 0.8, 0.6,
0.5, 0.3, 0.1, 0.0], and [0.8, 0.6, 0.5, 0.3, 0.1, 0.0, 0.0, 0.1,
0.3, 0.5, 0.6, 0.8], respectively. We also consider a uniform
dropout rate across all layers (Ours).

3) Mixed Masking: Combining the two masking schemes
above, we further investigate a third strategy, termed mixed
masking, which preserves the layer-wise expert allocation of
fixed masking while applying a uniform dropout rate across
all layers. We use a shared dropout rate because stochastic
masking shows that this setting yields the best performance.
This experiment is designed to examine whether expert-level

stochastic masking can further improve fixed masking, and
more broadly, to validate the general effectiveness of our
masking design.

Results. All experiments with the above settings are con-
ducted under an identical budget. From Table X, we have
the following findings: (i) The configuration with a uniform
dropout rate applied across all layers through stochastic mask-
ing (Ours) outperforms the other configurations, achieving a
score of 78.8%. (ii) Both stochastic and mixed masking con-
sistently outperform fixed masking, indicating that dynamic
expert-level masking is preferable. These results support the
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TABLE XXII
DETAILED RESULTS OF DIFFERENT INITIALIZATIONS ON VTAB-1K BENCHMARK

TABLE XXIII
DETAILED RESULTS OF PROBABILITY ON VTAB-1K BENCHMARK (WITHOUT THE BEST INITIALIZATION)

effectiveness of stochastic masking by promoting more diverse
and complementary expert representations.

F. Ablation Study

Key Components. To thoroughly evaluate the proposed
MLAE, we conduct extensive ablation studies. In Table XI,
we evaluate the impact of three key components on model
performance. Results show that when using cellular decom-
position alone, the model achieves an average accuracy of
only 76.6%. However, the performance significantly improves
by 2.0% when both cellular decomposition and expert-level
masking techniques are applied. Employing all three tech-
niques together elevates the model’s performance to a new
SOTA accuracy of 78.8%. This indicates that while cellular
decomposition serves as a solid foundation, expert-level mask-
ing can significantly enhance performance, and the adaptive
coefficients technique further optimizes model behavior.

Submatrix Rank and Budget. While fine-tuning the matrix
∆W under the same budget of trainable parameters, we assess
the effect of different expert rank configurations. The results
in Table XII indicate that the rank-1 submatrix configuration
achieves the highest performance. Next, we explore the impact
of tuning ∆W using different numbers of rank-1 experts in
Table XIII. The results indicate that increasing the number of
rank-1 experts can significantly improve model performance,
possibly because more experts can process diverse features
more finely, thus enhancing the overall performance. However,
it is worth noting that indiscriminately increasing the number
of experts may not continuously yield performance gains

and instead can increase computational demands and resource
consumption. Therefore, choosing an appropriate number of
experts to balance performance improvement and resource
consumption is crucial.

Hyperparameters of Initialization and Probability.
Finally, inspired by RepAdapter [40] for searching the hyper-
parameter scaling coefficient, we also explore the initialization
values of the coefficient matrices and the dropout probability in
our method in Table XIV and Table XV. The first observation
is that an initialization value of 1 for the coefficient matrices
yields slightly better performance while a probability of 0.5
achieves the best performance on the VTAB-1k benchmark.
However, it is noteworthy that the optimal values for the
initialization and probability may vary across different datasets
to achieve peak performance.

V. CONCLUSION

In this paper, we propose MLAE, a novel visual PEFT
method that introduces masking into LoRA to reduce redun-
dancy and improve parameter quality. By decomposing a
low-rank update into multiple rank-1 experts and selectively
activating them during training, MLAE encourages more inde-
pendent and diverse learning. Through extensive exploration
of fixed, stochastic, and mixed masking strategies, we find
that stochastic expert-level masking via dropout achieves the
best overall performance. Further analysis shows that MLAE
reduces parameter similarity among experts and helps the
model acquire more diverse knowledge.

Extensive experiments across the VTAB-1k and FGVC
benchmarks demonstrate the effectiveness and superiority
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Fig. 7. Visualization of feature maps in Block 10 of Caltech101 model across different samples. The same experts show consistent focus on semantic
regions such as the body, nose, and background across elephant images, while shifting their attention on a kangaroo image, revealing both specialization and
adaptability to different semantic categories.

of MLAE. Moreover, MLAE also shows strong generaliza-
tion ability on LLM fine-tuning, semantic segmentation, and
image/video-text understanding, highlighting its flexibility and
potential as a simple yet effective direction for PEFT.

APPENDIX
DATASET DETAILS

See Tables XVI–XXIII and Fig. 7.
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