
Low-Rank Expert Merging for Multi-Source Domain Adaptation
in Person Re-Identification

Taha Mustapha Nehdi, Nairouz Mrabah, Atif Belal, Marco Pedersoli, Eric Granger
LIVIA, ILLS, Dept. of Systems Engineering, ETS Montreal, Canada

taha-mustapha.nehdi.1@ens.etsmtl.ca, nairouz.mrabah@gmail.com, atif.belal.1@ens.etsmtl.ca,

{marco.pedersoli, eric.granger}@etsmtl.ca

Abstract

Adapting person re-identification (reID) models to new tar-
get environments remains a challenging problem that is
typically addressed using unsupervised domain adaptation
(UDA) methods. Recent works show that when labeled
data originates from several distinct sources (e.g., datasets
and cameras), considering each source separately and ap-
plying multi-source domain adaptation (MSDA) typically
yields higher accuracy and robustness compared to blend-
ing the sources and performing conventional UDA. How-
ever, state-of-the-art MSDA methods learn domain-specific
backbone models or require access to source domain data
during adaptation, resulting in significant growth in train-
ing parameters and computational cost. In this paper, a
Source-free Adaptive Gated Experts (SAGE-reID) method
is introduced for person reID. Our SAGE-reID is a cost-
effective, source-free MSDA method that first trains indi-
vidual source-specific low-rank adapters (LoRA) through
source-free UDA. Then, a lightweight gating network is in-
troduced and trained to dynamically assign optimal merg-
ing weights for fusion of LoRA experts, enabling effective
cross-domain knowledge transfer. While the number of
backbone parameters remains constant across source do-
mains, LoRA experts scale linearly but remain negligible
in size (ď 2% per source), reducing both the memory con-
sumption and risk of overfitting. Extensive experiments con-
ducted on three challenging benchmarks – Market-1501,
DukeMTMC-reID, and MSMT17 – indicate that SAGE-reID
can outperform state-of-the-art methods while remaining
computationally efficient. Our code is available: https:
//github.com/nehdiii/SAGE-reID

1. Introduction

Person re-identification (reID) aims to match query images
of individuals captured over a network of non-overlapping
cameras against instances in a gallery. It has a wide-

Figure 1. Illustration of our SAGE-reID method. Stage 1: Single-
source UDA with LORA: each pre-trained source-specific model
is augmented with low-rank adapters, and is finetuned on the target
domain. Stage 2: LoRA fusion: a lightweight gating network pre-
dicts a linear combination of weights for each adapter and merges
them on-the-fly in a single forward pass.

ranging applications in surveillance [41], smart city [21],
and autonomous driving [34]. In recent years, supervised
person reID systems have achieved remarkable progress
[15, 24, 39, 43]. However, they often suffer from poor
generalization when applied in unseen operational target
domains due to the distribution shift between the source
(lab training) and operational target (testing) data. Col-
lecting large-scale labeled reID datasets is impractical due
to the annotation cost. To mitigate this, several unsuper-
vised domain adaptation (UDA) methods have been pro-
posed [14, 23, 33, 46, 47], transferring knowledge from la-
beled source domains to unlabeled target domains. UDA
methods for reID [4, 11, 12, 16, 20, 23, 26, 45–47, 51] typ-
ically adapt a pretrained model on a single labeled source
domain dataset and unlabeled target domain dataset. They
only rely on supervision from only one source dataset, leav-
ing the rich variation of other source domains untapped.

MSDA for person reID was introduced [1] to leverage
supervision across varying environmental conditions, like

This WACV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

1809



background, camera viewpoint, illumination, and occlu-
sion. By integrating complementary knowledge from mul-
tiple labeled source domains, MSDA produces more robust
and discriminative target-domain representations than UDA
approaches [1, 36]. Early MSDA methods assume that all
domains share the same label set [3, 9, 29, 40]. How-
ever, in person reID, each dataset has distinct identities,
so this shared-label premise fails and often causes negative
transfer. To address this, RDSBN [1] employs a two-stage
pipeline: first, Rectified Domain-Specific Batch Normal-
ization (RDSBN) adjusts each sample’s features to remove
dataset bias; second, a graph-based Multi-Domain Infor-
mation Fusion (MDIF) module merges knowledge from all
source domains. However, MDIF requires access to source
data during adaptation, and this is often infeasible in real-
world deployments due to privacy regulations, proprietary
restrictions, and bandwidth constraints. CDR [36] is the
only source-free MSDA method for person reID. Given pre-
trained expert models on each source domain, CDR adapts
each expert to the target by self-training its mean-teacher
model through clustering-based pseudo-labels. To ensure
consistent features from each expert, a dual similarity con-
sistency and decorrelation losses are used. However, its dis-
tillation stage requires full-backbone training, and during
inference, each image is processed through all experts, re-
sulting in substantial computational and memory costs that
grow linearly with the number of sources.

To overcome these limitations, we introduce Source-free
Adaptive Gated Experts for person reID (SAGE-reID), an
MSDA framework for person reID. Starting from s indepen-
dently pre-trained source models, we adapt each one to the
unlabeled target domain by only fine-tuning a lightweight
low-rank adapter (LoRA) [17] appended to its frozen back-
bone (Fig. 1a). Pseudo-labels on the target domain are
generated via DBSCAN clustering and are iteratively re-
fined until convergence [7]. These pseudo-labels are used to
train each LoRA expert independently, aligning the model
to the target distribution. In the subsequent domain-fusion
stage, all backbone and LoRA parameters are kept frozen.
A “fused” backbone is initialized by averaging the weights
of s source backbones corresponding to s source domains,
while each LoRA expert retains its target-adapted weights.
A compact gating network then predicts a linear combina-
tion of weights per sample and performs only a single for-
ward pass to merge the s LoRA experts on-the-fly (Fig. 1b).
This dynamic composition narrows the inter-domain gaps
and reduces the computational and memory cost.

The contributions of this paper are summarized as fol-
lows. (1) A source-free MSDA method called SAGE-reID
is introduced that merges low-rank adapters to adapt
each pre-trained expert to the target distribution, lever-
aging low-rank adapters to elegantly and efficiently cap-
ture target-domain characteristics. (2) A lightweight gat-

ing module is designed that learns, in a ”single” forward
pass, an optimal linear combination of weights to merge
the LoRA experts on-the-fly. (3) Extensive experiments
are conducted on standard image-based person reID bench-
marks, show that a significant gain in adaptation perfor-
mance can be achieved with a cost-effective method.

2. Related Works
UDA for Person ReID. UDA methods for person ReID aim
to mitigate the domain gap between the source and the tar-
get domains. These methods can be categorized into two
groups: generative methods and self-training. The first
category of approaches [5, 33] employs generative mod-
els, like Generative Adversarial Networks (GANs) [13]
to translate source images into target style images with
identity-preserving techniques [5]. The generated images
are then used to train a re-ID model using supervised learn-
ing. These approaches often suffer from unstable training
of GANs [22] and involve large parameter counts. The sec-
ond line of work [4, 12, 16, 20, 23, 26, 45, 46, 50] relies
on pseudo-label self-training, where a model trained on the
source domain extracts features from the unlabeled target
domain. These features are clustered, assigning pseudo-
identity labels to each cluster. The quality of pseudo-labels
significantly impacts re-ID performance on the target do-
main. Several studies [45, 46, 50] refine these labels by
ensembling multiple re-ID models and enforcing prediction
consistency [45, 46]; to mitigate camera bias, where clus-
ters may contain images from a single camera, they em-
ploy cluster-weighting techniques [23]. Rather than adapt-
ing in one step, [4] progressively bridges domains by gen-
erating intermediate representations through cross-domain
feature mixing [32]. Despite their impressive performance,
all UDA methods use only a single source domain, under-
utilizing the abundance of available labeled datasets.
MSDA for Person ReID. MSDA aims to adapt the model
using multiple labeled source datasets and an unlabeled tar-
get dataset. Only two work addresses MSDA for person re-
ID: MSUDA [1] and CDR [36]. MSUDA [1] applies Recti-
fication Domain-Specific Batch Norm (RDSBN) to neutral-
ize dataset-specific artifacts and uses a graph convolution
network to blend features via domain-agent nodes, yield-
ing substantial gains over single-source baselines. How-
ever, MSUDA requires access to source data during adap-
tation, which might not be available due to privacy rea-
sons. Source-free MSDA (MSFDA) eliminates the need
for source dataset access at adaptation time by leveraging
only pre-trained source models and unlabeled target sam-
ples. CDR [36] assigns each source domain its mean-
teacher expert. After adapting each expert to the target
domain, the features from all experts are concatenated to
form a single embedding, and dual-similarity distillation
and representation-decorrelation losses are employed to en-
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force complementary information. While [36] achieves
high performance, it trains all the parameters of each expert,
causing computational cost to scale linearly with the num-
ber of sources. In contrast, our method only trains LoRA
parameters, resulting in a significant reduction in computa-
tional overhead for the re-ID model regardless of the num-
ber of sources.
Merging Low-Rank Experts. Merging refers to the pro-
cess of integrating separately fine-tuned low-rank adapters
into a single model instance without full retraining. A con-
ventional strategy for multi-skill learning involves training
on a concatenation of datasets, often referred to as data
mixing. While conceptually straightforward, this approach
becomes increasingly impractical as the number of skills
grows, since each new skill addition requires full model
retraining on an updated mixture of datasets. To over-
come this limitation, recent methods explore model merg-
ing as a scalable alternative. Rather than retraining, these
techniques first independently fine-tune LoRA modules per
skill and then merge them for composition. One family
of approaches, known as the concatenation of LoRAs, lin-
early combines LoRA updates via layer-wise coefficients
[2, 8, 27, 28, 35]. A second class of methods focuses on lin-
ear merging of LoRA parameters, which combines LoRA
matrices before computing the final weight update. Exam-
ples include TIES [38] and DARE [42], which incorporate
sparsity and sign consistency to improve merge quality, and
LoRA Hub [18], which assigns static coefficients based on
a few-shot target task. While these methods have primar-
ily been studied for multi-task performance, we investigate
their potential in MSDA.

3. Proposed Method
Consider s labeled source domains tSpiqusi“1 and an unla-
beled target domain T . The ith source domain holds nSpiq

image–label pairs Spiq “ tpx
piq
j , y

piq
j qu

n
Spiq

j“1 . The image xpiq
j

denotes the jth observation for the ith source Spiq, and y
piq
j

is its corresponding person identity. The target set contains
nT unlabeled samples T “ txju

nT
j“1.

In source-free adaptation, the source images are unavail-
able. Instead, the pretrained parameters of the s source
models are used. Let L be the layer count and denote by
W

pi,ℓq

0 the frozen weight matrix of layer ℓ in source model
i, with i P t1, . . . , su and ℓ P t1, . . . , Lu. We define the
parameters of backbone i as Wpiq

0 “ tW
pi,ℓq

0 uLℓ“1 and de-
fine the complete source prior as W0 “

Ťs
i“1 W

piq
0 . The

goal is to exploit W0 and T to train a target model without
revisiting any source data.
Low-rank adaptation. LoRA [17] augments each frozen
weight matrix W0 with a trainable low-rank residual ∆W.
The residual factorizes as ∆W “ A ¨ B, where A PRnˆr

and B P Rrˆm with r ! minpn,mq. This low-rank fac-

torization makes the adaptation fast and memory-efficient.
The adapted weights are expressed as follows:

W “ W0 ` A ¨ B. (1)

During fine-tuning, only the parameters A and B of each
layer are updated, while W0 stays fixed. This results in a
parameter complexity of O

`

rpn`mq
˘

for each layer, which
is drastically lower than the Opnmq cost of full fine-tuning.

3.1. Training Overview.
This subsection describes the two-stage pipeline of our
method, SAGE-reID. In the first stage, we start from the s
source backbones, each pre-trained with cross-entropy and
triplet losses on its source domain. For every source back-
bone i, we freeze all weights Wpiq

0 and attach one LoRA
pair pApi,ℓq, Bpi,ℓqq to every layer ℓ. Then, source-free
UDA is performed on T via pseudo-supervision similar
to [7]. Only the LoRA pairs are trained for each back-
bone, which produces s lightweight experts aligned to the
target domain. In the second stage, a shared backbone
is formed by averaging the weights of the source mod-
els ĎW0 “ tĎW

pℓq

0 uLℓ“1, such that ĎWpℓq

0 “ 1
s

řs
i“1 W

pi,ℓq

0 .
Then, we fuse the experts through a linear combination:

∆ĎWpℓq “

s
ÿ

i“1

αi,ℓ ∆ĎWpi,ℓq “

s
ÿ

i“1

αi,ℓ A
pi,ℓq ¨ Bpi,ℓq, (2)

where αi,ℓ P r0, 1s is a learnable coefficient for the ith

source and ℓth layer. A single gradient step on the UDA loss
estimates these coefficients while keeping the shared back-
bone and all LoRA parameters fixed. Figure 2 outlines the
second stage of SAGE-reID. The next subsections elaborate
on these two stages in full detail.

3.2. First Stage
Each source encoder is a Vision Transformer fWpiq

0
fol-

lowed by a linear classifier gΘpiq : RD ÑRCpiq

, where Θpiq

denotes the classifier weights, D is the latent space dimen-
sion, and Cpiq the number of identities in Spiq. For an image
x

piq
j , we extract the feature z

piq
j “ fWpiq

0
px

piq
j q P RD. Back-

bone and classifier are trained to minimize the joint loss:

LSpiq “

n
Spiq
ÿ

j“1

LCE
`

gΘpiq pz
piq
j q, y

piq
j

˘

` λ
ÿ

pa,p,nqPPpiq

LTri
`

zpiq
a , zpiq

p , zpiq
n

˘

, (3)

LCEpu, yq “ ´ log
exppuyq

řCpiq

c“1 exppucq
, u “ gΘpiq pzq,
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Figure 2. Illustration of the proposed low-rank expert merging stage (Stage 2) in our MSDA framework. Each source-specific LoRA
expert, trained independently in Stage 1, provides a low-rank residual update. During training, a lightweight gating network dynamically
predicts linear combination of coefficients for each expert at every transformer layer based on the input features. These coefficients are
then used to combine the residuals, enabling fusion of multi-source knowledge through a single forward pass. The backbone and LoRA
weights remain frozen, making this stage computationally light while enhancing generalization to the target domain.

LTripza, zp, znq “ max
␣

0, m` ∥za ´ zp∥2 ´ ∥za ´ zn∥2
(

,

where Ppiq is the set of mined anchor–positive–negative
triplets, the scalar m P R˚

` is the margin value, and the
scalar λ P R` balances classification and metric objectives.

After pre-training, we append a trainable low-rank
adapter ∆Wpi,ℓq “ Api,ℓq ¨ Bpi,ℓq, with rank r !

minpn,mq, for every layer ℓ. The adapted model after in-
tegrating the low-rank modules is denoted fWpiq

0 `∆Wpiq ,

where ∆Wpiq “ t∆Wpi,ℓquLℓ“1. For every backbone i, we
freeze Wpiq

0 and update ∆Wpiq and the classification head.
At each epoch, we extract target features z

piq
j “

fWpiq

0 `∆Wpiq pxjq using backbone i and cluster them with

DBSCAN to obtain pseudo-labels ŷ
piq
j . The low-rank

adapters are trained to minimize the unsupervised losses:

Lpiq
UDA “

nT
ÿ

j“1

LCE
`

g
Θ

piq

T
pz

piq
j q, ŷ

piq
j

˘

(4)

` λ
ÿ

pa,p,nqPP̂piq

LTri
`

zpiq
a , zpiq

p , zpiq
n

˘

,

where P̂piq is the set of anchor–positive–negative triplets
formed under the current pseudo-labels for backbone i, and
Θ

piq
T denotes the target classification head for backbone i.

Each expert keeps its source prior while gradually aligning
to the target distribution through the low-rank residuals.

3.3. Second Stage
After the s experts finish target adaptation, we build a
shared backbone by averaging the frozen source weights:

ĎW
pℓq

0 “
1

s

s
ÿ

i“1

W
pi,ℓq

0 , ĎW0 “
␣

ĎW
pℓq

0

(L

ℓ“1
. (5)

This shared backbone prevents drift when the low-rank
residuals are merged in the next step.
Low-rank Expert Merging. The LoRA experts capture
complementary biases toward the target domain. We fuse
them through a lightweight, input-adaptive gate. For each
layer ℓ, we keep the averaged backbone weight ĎWpℓq

0 and
LoRA parameters frozen. Then, we combine the experts
through the coefficients αi,ℓ P r0, 1s with

řs
i“1 αi,ℓ “ 1.

Thus, we obtain the weight matrix Wpℓq:

Wpℓq “ ĎW
pℓq

0 `

s
ÿ

i“1

αi,ℓ ∆Wpi,ℓq, (6)

where ∆Wpi,ℓq “ Api,ℓq ¨ Bpi,ℓq denotes the low-rank up-
date provided by expert i at layer ℓ.
Gating Mechanism. Let the input activation to layer ℓ
through the shared backbone be xrℓs P Rκˆd (we omit the
batch index for clarity), with κ denoting the number of to-
kens and d the space dimension. Each expert produces a
residual response epi,ℓq expressed as follows:

epi,ℓq “ xrℓs ¨ ∆Wpi,ℓq P Rκˆd. (7)
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To align the scale of residuals across experts trained on di-
verse sources, we concatenate and ℓ2-normalize them:

Epℓq
γ “ Norm

`

ep1,ℓq ‘ ¨ ¨ ¨ ‘ eps,ℓq
˘

P Rsˆκˆd, (8)

where ‘ is the concatenation operation. The normalization
operation is applied with respect to the feature dimension d.
We then flatten each expert residual to form a matrix E

pℓq
γ P

Rsˆpκdq. Finally, we compute the gating coefficient vector
αℓ for layer ℓ using a trainable projection vector ppℓq P Rκd

and a learnable temperature value τ pℓq P R˚
` as expressed:

αℓ “ Softmax

˜

E
pℓq
γ ¨ ppℓq

τ pℓq

¸

“
“

α1,ℓ, ¨ ¨ ¨ , αs,ℓ

‰

P Rs.

(9)
Gate Training. To preserve both general and domain-
specific knowledge, we freeze the shared backbone and
LoRA parameters during the gate training process and op-
timize the gating coefficients ppℓq and temperature τ pℓq for
each layer ℓ along with the target classification head gΘT ,
where ΘT denotes the classifier weight matrix.

We denote the final model after averaging the back-
bones and integrating the gating mechanism as f

ĎW , where
ĎW “ tWpℓquLℓ“1 and the weight matrix Wpℓq for layer ℓ
is defined in Eq. (6). The target features zj “ f

ĎWpxjq

are extracted using the shared backbone and merged Lo-
RAs, and cluster these features with DBSCAN to obtain
pseudo-labels ŷj . The gating mechanism is trained to mini-
mize the loss:

LUDA “

nT
ÿ

j“1

LCE
`

gΘT pzjq, ŷj
˘

(10)

` λ
ÿ

pa,p,nqPP̂

LTri
`

za, zp, zn
˘

,

where P̂ is the set of anchor–positive–negative triplets
formed under the current pseudo-labels. Because of the
small number of parameters, the gate converges quickly, re-
quiring training for only one epoch on the target dataset.
Each layer learns its own gating parameters pppℓq, τ pℓqq.
Thus, the model can adaptively combine expert contribu-
tions in a depth-aware fashion.
Parameter Cost. Unlike the expert-specific gating of [35],
which flattens all dimensions in Epℓq

γ and requires s pro-
jections of dimension sκd per layer, we use a single pro-
jection vector ppℓq P Rκd per layer. This reduces the mem-
ory and computation to Opκdq instead of Ops2κdq per layer
while preserving sufficient expressiveness for multi-source
domain adaptation.

4. Results and Discussion
4.1. Experimental Methodology
Datasets and Evaluation Metrics. Experiments are car-
ried out on four widely used person reID benchmarks:

Market-1501 (M) [49], DukeMTMC-reID (D) [30],
CUHK03 (CU) [25], and MSMT17 (MS) [33]. Statistics
of these datasets are provided in Appendix A (Suppl. Mat.).
Performance is reported with mean Average Precision
(mAP) and Cumulative Matching Characteristic (CMC) at
Rank-1, following the standard evaluation protocol.

Implementation Details. We use the Vision Transformer
(ViT) [6] pre-trained on ImageNet-21K and fine-tuned on
ImageNet-1K as a backbone network, following the proto-
col in [15]. During the first stage, each backbone is trained
on a source dataset, followed by a 1-D BatchNorm, an L2-
normalization layer, and a classification head. After that,
LoRA adapters are inserted into all projection layers of each
transformer block (query, key, value, output, up, and down
projections). For Market-1501 and DukeMTMC, the rank
and scaling coefficient of the low-rank adapters are set to
r=4 and β=16, respectively. These hyperparameters are set
to r=8 and β=32 for MSMT17. A LoRA dropout of 0.05 is
applied across all datasets. All backbones are trained for 70
epochs with SGD and a fixed learning rate of 0.008. Input
images are resized to 256ˆ128 and augmented with random
horizontal flip, random crop, and random erasing following
the protocol in [52]. Each mini-batch consists of 64 images
from 16 identities (4 images per identity). The hyperparam-
eters remain unchanged for the second stage, except for the
number of epochs, which is reduced to one. All experiments
are conducted on two A100 GPUs.

Baselines Methods. Table 1 groups the competing ap-
proaches into four tiers that progressively relax domain-
adaptation assumptions: (i) Source-Only (No Adaptation).
A ViTB/16 backbone is trained on a single labelled source
with the supervised loss LS of Eq. (3) and evaluated di-
rectly on the target domain. This baseline constitutes a
lower bound because no adaptation is performed on the
target; (ii) Single-Source UDA. It includes classical un-
supervised domain adaptation (UDA) methods, such as
MMT [11], UNRN [46], GLT [48], IDM [4], SpCL [12],
and PUL [7]. MMT, UNRN, GLT, and PUL adhere to a
two-stage paradigm, first pre-training on a single labeled
source dataset and then fine-tuning on the unlabeled target.
In contrast, IDM and SpCL employ joint training, optimiz-
ing on both source and target images within every train-
ing mini-batch rather than running a separate source-only
pre-training step. We add a baseline, LUDA + ViTB/16
(LoRA), which freezes a ViTB/16 backbone after source
pretraining, inserts LoRA adapters, and optimises these
adapters with the unsupervised loss of Eq. (4); (iii) Multi-
Source UDA (MSDA). Approaches such as MSUDA [1]
and CDM [36] exploit multiple heterogeneous sources dur-
ing training to capture complementary domain cues before
adapting to the target. To isolate the benefit of multi-source
awareness, we include, blending + LUDA + ViTB/16 (LoRA),
a baseline that simply pools all sources, pretrains on the
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merged dataset and then performs low-rank adaptation. Our
full model, SAGE-reID, adds the second-stage merging and
gating mechanism described in Sec. 3.3; (iv) Supervised
Methods. The final block reports fully-supervised ResNet-
50 and ViTB/16 trained directly on target labels. This cat-
egory indicates the upper bound performance achievable
with complete supervision.

4.2. Comparison with State-of-the-Art Methods

MSMT17. In this benchmark, Market1501 (M),
DukeMTMC-reID (D), and CUHK03 (CU) are used as
source domains, while MSMT17 (MS) is used as the tar-
get domain. This setup is particularly challenging due to
the large scale of the target dataset. In the single-source
UDA setting, our LoRA-equipped ViT attains 39.0% mAP
for MÑMS and 41.0% mAP for DÑMS, exceeding IDM
by 5.5 pp and 7.5 pp, respectively. When all three sources
are leveraged simultaneously, the full SAGE-reID pipeline
achieves 44.1% mAP and 69.8% Rank-1, outperforming
MSUDA by +9.2 mAP and +5.1 Rank-1. These results
demonstrate that (i) parameter-efficient LoRA adapters en-
able Vision Transformers to generalize in large-scale re-ID
transfer, and (ii) the proposed expert-merging stage effec-
tively consolidates heterogeneous source knowledge.
DukeMTMC-reID. In this setting, Market1501 (M),
MSMT17 (MS), and CUHK03 (CU) datasets are used as
source domains, while the DukeMTMC-reID (D) dataset is
used as the target domain. As shown in Table 1 (middle),
under the UDA setting, replacing the ResNet50 backbone of
PUL with a frozen ViTB/16 + LoRA raises mAP from 60.1%
to 69.2% for MÑD and from 61.2% to 71.2% for MSÑD).
These results can be explained by LoRA capacity to allevi-
ate overfitting and confirm the benefit of low-rank adapta-
tion even without cross-domain fusion. In the source-free
MSDA setting, the complete SAGE-reID pipeline yields
72.7% mAP and 84.1% Rank-1 and improves over the pre-
vious SOTA method, CDM, by +1.9 mAP and +1.8 Rank-1.
This margin showcases the effectiveness of the proposed ex-
pert averaging and lightweight gating mechanism.
Market1501. In this setting, DukeMTMC-reID (D),
MSMT17 (MS), and CUHK03 (CU) are used as the source
domains, while the Market1501 (M) dataset serves as the
target domain. This scenario is challenging due to the
small scale of the target dataset, which can cause strong
overfitting, particularly when no source images are avail-
able during adaptation. As shown in Table 1 (left), re-
placing PUL’s ResNet-50 with a frozen ViTB/16 + LoRA
lifts mAP from 72.4% to 81.5% for D Ñ M and from
73.5% to 82.6% for MS Ñ M. Rank-1 shows similar gains.
These results highlight the capacity of LoRA in reducing
overfitting, particularly for a small training dataset. IDM
(single-source) and MSUDA (multi-source) score higher
than our methods, but both of them retain and replay the

source images during adaptation. This huge extra data reg-
ularizes the model and counters overfitting on Market1501.
In contrast, CDM and SAGE-reID are source-free. Among
source-free MSDA approaches, SAGE-reID yields the best
scores (83.7% mAP and 93.0% Rank-1), outperforming
CDM by +2.5 mAP. Furthermore, our UDA scores match
IDM and trail MSUDA by only 2.3 mAP, confirming the
effectiveness of the proposed LoRA-gate strategy without
relying on source data.

4.3. Ablation Study

Importance of Source Knowledge Separation. A central
challenge in MSDA is how to exploit source-domain knowl-
edge so that each domain contributes effectively to the tar-
get domain. Table 2 includes four baselines and shows re-
sults with respect to the number of source datasets. The four
baselines are: (i) Blend + LS + ViTB/16, all source images
are pooled, and a single ViTB/16 is trained with the super-
vised loss LS without any target fine-tuning; (ii) Avg + LS
+ ViTB/16, a separate backbone is trained on each source.
The s trained networks are merged by simple weight aver-
aging without any target fine-tuning; (iii) Blend + LUDA +
ViTB/16 (LoRA), the blended model of (i) is taken as frozen
backbone. LoRA adapters are inserted and updated on the
target via the unsupervised loss LUDA; (iv) Avg + LUDA +
ViTB/16 (LoRA), identical to (iii) but the averaged backbone
of (ii) is used instead of blending.

When only supervised pretraining is allowed, averag-
ing the backbones (row 2) surpasses the blending-based
model (row 1) by a significant margin, e.g. +3.3 mAP for
two sources and +4 mAP for three sources. These results
confirm that training with the sources independently avoids
negative interference. After unsupervised adaptation, both
LoRA variants boost mAP by more than 25 pp in mAP over
the supervised counterparts, showing that lightweight target
tuning is crucial. As we can see from the same table, ini-
tializing the adapters from the averaged backbone (row 4) is
consistently better than the blending-based model (row 3).
Furthermore, blending can even degrade performance when
the number of sources increases. This result confirms again
the negative interference caused by blending the sources.

Our model (row 5) adds a gating mechanism to fuse the
LoRA experts. This yields another gain of 0.7–1.4 mAP
over the best baseline and reaches 44.1%/69.8% (mAP/R-1)
with three sources. These results show the effectiveness of
source separation followed by learned re-composition.
Effectiveness of Low-Rank Adaptation. Table 3 disen-
tangles the contribution of (i) the backbone architecture,
(ii) parameter–efficient low-rank adapters, and (iii) the pro-
posed gating fusion. All variants share the same two-stage
protocol: supervised pre-training on the source set with
LS , followed by source–free adaptation on the target with
the pseudo-label loss LUDA. First, we observe that replac-
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Methods Target: Market1501 Target: DukeMTMC-reID Target: MSMT17
Source mAP R-1 Source mAP R-1 Source mAP R-1

¨ Lower Bound: Source-Only (No Adaptation)

LS + ViTB/16 D 34.0 61.3 M 42.4 60.9 M 12.6 32.0
LS + ViTB/16 MS 40.1 66.9 MS 51.7 68.7 D 13.1 34.5
LS + ViTB/16 D + MS + CU 49.5 75.3 M + MS + CU 56.0 71.7 D + M + CU 21.0 46.4

¨ UDA Methods

MMT [11] D 71.2 87.7 M 65.1 78.0 M 24.0 50.1
UNRN [46] D 78.1 91.9 M 69.1 82.0 M 34.2 65.2
GLT [48] D 79.5 92.2 M 69.2 82.0 M 26.5 56.6
IDM [4] D 82.8 93.2 M 70.5 83.6 M 33.5 61.3
SpCL [12] – – – – – – M 26.8 53.7
PUL [7] D 72.4 87.7 M 60.1 76.1 M 12.0 27.5
LUDA + ViTB/16 (LoRA) D 81.5 92.5 M 69.2 81.1 M 39.0 63.5

SpCL [12] MS 77.5 89.7 – – – – – –
GLT [48] – – – – – – – 27.7 59.5
PUL [7] MS 73.5 88.7 MS 61.2 76.0 D 12.8 29.5
LUDA + ViTB/16 (LoRA) MS 82.6 92.8 MS 71.2 82.5 D 41.0 65.8

¨ MSDA Methods

MSUDA [1] D + MS + CU 86.0 94.8 M + MS + CU 68.9 82.1 D + M + CU 34.9 64.7

¨ MSFDA: Source-free MSDA Methods

CDM [36] D + MS + CU 81.2 92.9 M + MS + CU 70.8 82.3 D + M + CU 32.9 63.8
Blend + LUDA + ViTB/16 (LoRA) D + MS + CU 80.5 92.3 M + MS + CU 65.1 79.6 D + M + CU 42.7 67.4
SAGE-ReID D + MS + CU 83.7 93.0 M + MS + CU 72.7 84.1 D + M + CU 44.1 69.8

¨ Upper Bound: Supervised Methods

ALDER + ResNet50 [44] – 88.9 95.6 – 78.9 89.9 – 59.1 82.2
DCAL + ViTB/16 [53] – 87.5 94.7 – 80.1 89.0 – 64.0 83.1

Table 1. Performance of SAGE-ReID against state-of-the-art adaptation methods on three targets: Market-1501 (left), DukeMTMC-reID
(centre), and MSMT17 (right). The table groups approaches into Source-Only, Single-Source UDA, Multi-Source UDA (MSDA), and
Supervised Methods. Best scores in each block are in bold and grey rows denote our methods.

Methods D D+CU D+CU+M
mAP R-1 mAP R-1 mAP R-1

Blend + LS + ViTB/16 13.1 34.5 15.8 37.5 17.0 39.9
Avg + LS + ViTB/16 13.1 34.5 19.1 44.3 21.0 46.4
Blend + LUDA + ViTB/16 (LoRA) 41.0 65.8 40.3 65.3 42.7 67.4
Avg + LUDA + ViTB/16 (LoRA) 41.0 65.8 41.5 67.4 43.4 68.4
SAGE-ReID 41.0 65.8 43.5 69.3 44.1 69.8

Table 2. Impact of source knowledge separation on MSMT17 with
different numbers of source domains using ViTB/16 backbone.

ing the fully fine-tuned CNN baseline (LUDA + ResNet50)
with a fully fine-tuned Vision Transformer (LUDA + ViTB/16)
yields large accuracy gains on every transfer path. For
the challenging M Ñ MS task, mAP rises from 12.0 % to
39.4 %, while for M Ñ D, it jumps from 60.1 % to 68.1 %.
These results confirm the stronger representation capacity
of ViT even when source data are no longer accessible dur-
ing adaptation. Second, inserting low-rank adapters and
freezing the ViT weights (LUDA + ViTB/16(LoRA) ) further
improves or matches the fully tuneable ViT in five out of
the nine single-source transfers. The benefit is most vis-

ible when the target is small: on MS Ñ M mAP grows
from 76.7 % to 82.6 %, and on CU Ñ M from 79.1 % to
81.6 %. These results support the finding that LoRA miti-
gates over-fitting by restricting the number of trainable pa-
rameters. Third, SAGE-reID merges three LoRA experts
with the lightweight gate of Sec. 3.3. The fused model sur-
passes the best single-source LoRA on every benchmark:
+3.1 mAP / +4.0 R-1 on MSMT17, +1.1 mAP / +0.2 R-1
on Market1501, and +1.5 mAP / +0.8 R-1 on DukeMTMC.
These steady but non-trivial margins indicate that the gate
learns to combine complementary domain-specific adapta-
tions, which can not be obtained by naive weight averaging.

Comparison with MSUDA. MSUDA [1] proposes two
architectural enhancements: (i) RDSBN, an improved
domain-specific batch-normalization layer that strengthens
domain-specific learning, and (ii) MDIF, a feature-fusion
module. Because the original model was trained with the
MMT loss [11], we re-evaluate it with the loss function
LUDA for a fair comparison. The results are presented in
Table 4. Our method outperforms MSUDA by +3.3 mAP
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Methods M D CU
mAP R-1 mAP R-1 mAP R-1

Target: MSMT17

LUDA + ResNet50 12.0 27.5 12.8 29.5 11.5 26.9
LUDA + ViTB/16 39.4 65.5 39.5 65.9 36.7 62.8
LUDA + ViTB/16 (LoRA) 39.0 63.5 41.0 65.8 38.3 64.4
Multi-Source (M + D + CU):
SAGE-ReID 44.1 69.8

Methods D CU MS
mAP R-1 mAP R-1 mAP R-1

Target: Market1501

LUDA + ResNet50 72.4 87.7 72.5 87.6 73.5 88.7
LUDA + ViTB/16 72.6 88.0 79.1 91.7 76.7 89.8
LUDA + ViTB/16 (LoRA) 81.5 92.5 81.6 92.0 82.6 92.8
Multi-Source (D + CU + MS):
SAGE-ReID 83.7 93.0

Methods M CU MS
mAP R-1 mAP R-1 mAP R-1

Target: DukeMTMC-reID

LUDA + ResNet50 60.1 76.1 60.3 76.1 61.2 76.0
LUDA + ViTB/16 68.1 80.7 65.4 78.8 68.1 80.9
LUDA + ViTB/16 (LoRA) 69.2 81.1 70.4 82.4 71.2 82.5
Multi-Source (M + CU + MS):
SAGE-ReID 72.7 83.3

Table 3. Impact of LoRA adapters, Vision Transformers, and the
gating mechanism. All results are reported after adaptation, and
no source images are used during fine-tuning.

Methods D + CU Ñ M M + CU Ñ D
mAP R-1 mAP R-1

LUDA + DSBN* 74.1 89.2 60.0 76.2
LUDA + MSUDA* 79.4 92.1 65.0 79.1
SAGE-ReID 82.7 92.8 72.2 83.2

Table 4. Multi-source adaptation under LUDA with a ViT-B/16
backbone. *Results copied from the original MSUDA paper [1].

and +0.7 top-1 accuracy and +7.2 mAP and +4.1 top-1 ac-
curacy in D + CU Ñ M and M + CU Ñ D, respectively,
which shows the effectiveness of the proposed method.
Comparison with LoRA Composition and Weight Merg-
ing. In Table 5, we benchmark state-of-the-art merging
families under our MSFDA protocol with identical ViT-
B/16 backbones, LUDA pseudo-supervision, and training
budgets (all methods fuse the same target-adapted LoRA
experts) on two (D + CU + M) Ñ MS and (CU + M
+ MS) Ñ D transfers. Task Arithmetic (TA) [19] cre-
ates task vectors (difference between the finetuned and pre-
trained weights) then merges them by summation, yield-
ing moderate results (33.5/59.4 on MS; 66.2/80.8 on D).
TIES [37] resolves sign conflicts in task-vector space but
underperforms TA on MS (23.1/49.2) while remaining com-
petitive on D (57.3/72.8). KnOTS [31] observes that LoRA
updates lie in a different subspace than full-weight task
vectors. To address this problem, KnOTS aligns the Lo-
RAs into a shared subspace, improving both TA and TIES
(KnOTS–TA: 34.8/61.6 on MS, 67.3/80.5 on D; KnOTS–
TIES: 24.8/51.6 on MS, 59.2/73.6 on D). TSV-M [10] fur-

Method Venue (D + CU + M) Ñ MS (CU + M + MS) Ñ D

mAP R-1 mAP R-1

TIES NeurIPS’24 23.1 49.2 57.3 72.8
KnOTS–TIES ICLR’25 24.8 51.6 59.2 73.6
TA ICLR’23 33.5 59.4 66.2 80.8
KnOTS–TA ICLR’25 34.8 61.6 67.3 80.5
TSV-M CVPR’25 36.6 62.9 70.0 80.3
LoRAHub COLM’24 40.4 67.4 69.4 82.3
MoLE ICLR’24 43.8 69.4 71.5 83.0
SAGE-ReID - 44.1 69.8 72.7 83.3

Table 5. LoRA and weight merging methods under our MSFDA
protocol (all methods fuse the same target-adapted LoRA experts).

ther reduces interference via singular-vector decorrelation
between task vectors. Thus, the merged directions for TSV-
M interfere less (36.6/62.9 on MS; 70.0/80.3 on D). Among
LoRA-focused composition methods with few-shot target
supervision (pseudo-labels in our case), LoRAHub [18]
learns global static and layer-shared coefficients and sur-
passes data-free approaches (40.4/67.4 on MS; 69.4/82.3
on D), while MoLE [35] performs per-token expert gat-
ing (i.e., for each token embedding, the gate predicts soft
weights across LoRA experts) and yields strong results
(43.8/69.4 on MS and 71.5/83.0 on D). However, our gating
attains the best results on both transfers with a margin over
MoLE of +1.2/+0.3 (mAP/R-1) on (CU+M+MS)ÑD (Ta-
ble 5). The gains indicate that the input-aware composition
of LoRA residuals is more effective than static or weight-
space merges, while retaining favorable compute/parameter
cost (see Suppl. Tables 4 & 5).

5. Conclusion
Current MSDA methods for person re-identification require
access to source-domain data during adaptation and train
a full backbone for each source. In this paper, we intro-
duced SAGE-reID, a source-free MSDA framework that
fine-tunes only lightweight low-rank adapters (LoRA) per
source model and leverages a compact, learnable gating net-
work to fuse them on-the-fly in a single forward pass. This
design requires training only a few parameters, significantly
reducing the computational and memory costs, and elimi-
nating the need for source data at adaptation time. Compre-
hensive experiments on Market-1501, DukeMTMC-reID,
and MSMT17 demonstrate that SAGE-reID consistently
outperforms state-of-the-art MSDA approaches in both ac-
curacy and efficiency. A potential limitation is the naive av-
eraging of source backbones for initialization. Future work
will explore fully unsupervised initialization schemes.
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