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Abstract

Universal Cross-Domain Retrieval (UCDR) aims to retrieve
images across unseen domains and categories, a critical ca-
pability for real-world applications. While large-scale Vision-
Language Models (VLMs) like CLIP offer strong zero-shot
category generalization, they struggle with domain shifts. Ex-
isting methods often improve domain robustness at the cost of
high computational overhead or by compromising the VLM’s
inherent knowledge. To address this, we propose Decoupled
and Fused Tuning with LoRA (DeFT-LoRA), a novel and
parameter-efficient framework that integrates Low-Rank Adap-
tation (LoRA) with a Mixture-of-Experts (MoE) mechanism.
This approach resolves the intrinsic conflict between domain-
invariant and domain-specific knowledge in a single adapter,
enabling our model to construct a domain adapters for each
input image. We propose a three-stage training strategy, which
first learns a shared Base LoRA for domain-invariant fea-
tures, then derives Domain-Specific Experts to capture specific
styles, and finally fuses them dynamically with a lightweight
gating network. Extensive experiments on three UCDR bench-
marks demonstrate that DeFT-LoRA achieves comparable or
superior performance to state-of-the-art methods while requir-
ing only 1.46 percent of CLIP’s image-encoder parameters
and reducing computational overhead, thereby establishing an
exceptional balance between accuracy and efficiency.

code — https://github.com/wildboarman/DeFT-LoRA

Introduction

Universal Cross-Domain Retrieval (UCDR) (Paul, Dutta, and
Biswas 2021) is a challenging task that aims to achieve robust
performance in open-world scenarios, where query images
may originate from domains and categories entirely unseen
during training. The core challenge of UCDR lies in learning
transferable image representations from seen data while pre-
serving the generalization ability of pre-trained models (Tian
et al. 2022; Mondal and Biswas 2022), a principle that has
proven critical even in more complex tasks like video re-
trieval (Yang et al. 2022, 2021, 2024a,b; Pan et al. 2024).

*Corresponding Authors.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Figure 1: Performance and efficiency comparison on the
DomainNet benchmark under UCDR setting with Infograph
as the unseen domain. Our method not only achieves new
state-of-the-art performance but does so with a substantial
reduction in trainable parameters and FLOPs.

To address these challenges, large-scale VLMs such as
CLIP (Radford et al. 2021), pre-trained on extensive image-
text pairs, deliver robust zero-shot generalization to unseen
categories. However, they remain prone to performance degra-
dation when faced with significant domain shifts caused by
variations in style or imaging conditions. Therefore, this work
focuses on a critical objective: to enhance CLIP’s robustness
to domain shifts while maximally preserving its innate ability
to generalize to novel categories.

Existing studies indicate that, compared to full fine-tuning,
prompt-based methods (Jia et al. 2022; Zhou et al. 2022b;
Fang et al. 2024; Jiang et al. 2025) are more effective at pre-
serving CLIP’s generalization capabilities while demonstrat-
ing superior parameter efficiency (Kumar et al. 2022]). Build-
ing on this, ProS (Fang et al. 2024) introduced the innova-
tive “Prompting-to-Simulate” paradigm, which significantly
boosts CLIP’s UCDR performance. UCDR-Adapter (Jiang
et al. 2025) further refined this paradigm, achieving state-of-



the-art results. However, these methods rely on numerous
prompts and attention-based modules, which substantially
increase the input token count. Given that Transformer’s self-
attention mechanism has O(n?) computational complexity
relative to token count, this results in significantly higher
computational overhead during inference as the number of
tokens grows quadratically. We argue that UCDR necessitates
a more efficient paradigm that retains strong generalization.
Low-Rank Adaptation (LoRA) (Hu et al. 2022) preserves
computational efficiency by avoiding the introduction of addi-
tional computational modules during fine-tuning. Moreover,
its principle of minor intervention not only preserves this
efficiency but also minimizes catastrophic forgetting of the
pre-trained knowledge (Kumar et al. 2022]). Nevertheless,
a naive application of LoRA struggles to enhance CLIP’s
UCDR performance. We argue that this difficulty stems from
the forced coupling of general and domain-specific knowl-
edge within a single LoRA module (Yang et al. 2024c; Wang
et al. 2023). This intrinsic conflict hinders the single adapter
from learning transferable representations. A logical exten-
sion is to employ multiple low-rank experts, but a naive
Mixture-of-Experts (MoE) (Dou et al. 2023) approach still
fails to resolve the underlying issue. By training independent
experts in parallel, the network results in multiple, poorly
decoupled experts, where each module still learns a redun-
dant and uncoordinated mixture of shared and specialized
knowledge (Xu et al. 2025; Komatsuzaki et al. 2022).
To address the above challenges, we propose DeFT-LoRA,
a novel framework that strategically decouples domain-
invariant and domain-specific knowledge before dynamically
fusing them for domain adaptation. DeFT-LoRA implements
a carefully designed three-stage training strategy. In the Base
Expert Learning stage, we train a base lora module on all
trainable source data to capture domain-invariant represen-
tations. In the subsequent Domain Expert Learning stage,
we build upon this shared foundation of the Base Expert by
learning incremental domain experts. Our key insight is to
decouple the adaptation: for each source domain, its dedi-
cated expert inherits the general knowledge structure from
the base, while being trained exclusively on that domain’s
data to learn a unique component modeling specific styles.
This strategy forces each expert to capture domain-specific
knowledge as an incremental addition built upon the common
foundation. Finally, in the Joint Optimization of Gating and
Experts stage, with knowledge now cleanly decoupled into
a reusable base and specialized components, we introduce a
lightweight gating network to achieve dynamic Fusing. This
gate composes a tailored adaptation for each image by blend-
ing the foundational knowledge from the base expert with the
different stylistic knowledge from the domain experts. Fur-
thermore, DeFT-LoRA demonstrates exceptional parameter
efficiency and computational efficiency while maintaining
superior performance compared to existing approaches, as
shown in Figure 1. Unlike prompt-based methods, we do
not introduce any large additional modules into the image
encoder. This paper has the following key contributions:
* We first analyze the limitations of existing prompt-based
methods for UCDR, particularly their high computational
cost, and identify LoRA as a more efficient paradigm.
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* We reveal the intrinsic conflict of naive LoRA-based tun-
ing, showing that neither a single adapter nor a naive
LoRA-MOoE approach can effectively separate domain-
invariant from domain-specific knowledge. The latter
leads to poorly decoupled experts, each still suffering
from the same underlying knowledge conflict.

* We propose DeFT-LoRA, a novel framework featuring
an innovative three-stage training strategy. This strategy
first decouples knowledge into a shared Base Expert and
multiple Domain-Specific Experts, and then fuses them
dynamically for each input.

Extensive experiments show that DeFT-LoRA achieves
state-of-the-art performance on major UCDR benchmarks.
Compared to strong baselines like UCDR-Adapter, it dras-
tically reduces the number of trainable parameters (from
2.36M to 1.29M) and computational overhead (from 6.1G
to 3.69G FLOPs), demonstrating superior efficiency.

Related Works

Universal Cross-Domain Retrieval. Universal Cross-
Domain Retrieval (UCDR) (Paul, Dutta, and Biswas 2021)
is a challenging task requiring generalization across unseen
domains and categories, combining principles from Domain
Generalization (DG) (Wang et al. 2025b,a, 2024) and Zero-
Shot Learning (ZSL) (Pourpanah et al. 2022). Early ap-
proaches (Paul, Dutta, and Biswas 2021; Tian et al. 2022)
tackled this by designing specialized architectures that in-
tegrated data augmentation strategies or learned categorical
prototypes to bridge the domain and semantic gaps.

CLIP (Radford et al. 2021) has established a new paradigm
for UCDR with their strong zero-shot capabilities. Current
state-of-the-art methods (Fang et al. 2024; Jiang et al. 2025)
are built upon a “prompting-to-simulate” paradigm. However,
these prompt-based approaches introduce substantial compu-
tational overhead and parameter count via costly additional
modules. In contrast to prior works, our DeFT-LoRA is the
first to apply LoRA to UCDR, featuring a novel architecture
specifically designed for its distinct properties.

CLIP. The Contrastive Language-Image Pre-training
(CLIP) (Radford et al. 2021) model has significantly ad-
vanced the field of Vision-Language Pre-training (VLP). It
learns robust semantic representations by training separate
visual and text encoders on a large-scale dataset of image-text
pairs using a contrastive objective. A key characteristic of
CLIP is its remarkable zero-shot generalization capability, al-
lowing it to adapt to unseen classes without direct training. To
further enhance its performance on specific downstream tasks,
the mainstream approaches (Zhou et al. 2022b,a; Bose et al.
2024; Khattak et al. 2023; Abdul Samadh et al. 2023; Cheng
et al. 2024; Cai et al. 2024) are to introduce a small number of
learnable parameters, while keeping the pre-trained backbone
frozen. However, standard adapters often fall short in bridg-
ing both category and domain gaps in UCDR, motivating the
development of more targeted solutions.

Low-Rank Adaptation (LoRA). LoRA (Hu et al. 2022) is
a parameter-efficient fine-tuning (PEFT) method that adapts



a pre-trained weight matrix Wy € R™*"™ by learning a low-
rank update. Specifically, it learns the AW as a product of
two much smaller low-rank matrices, A € R"™*" and B &
R™>", where the rank » < min(m,n). The effectiveness
and simplicity have led to a wide range of applications and
many variant extensions (Wang et al. 2025c; Liu et al. 2024;
Meng, Wang, and Zhang 2024; Dettmers et al. 2024; Hayou,
Ghosh, and Yu 2024; Si et al. 2025; Dong et al. 2024; He
et al. 2023; Han et al. 2025) for vision and language tasks.
Building on this foundation, recent researches have explored
multi-LoRA architectures, often using a Mixture-of-Experts
(MoE) framework for enhanced adaptability (Dou et al. 2023;
Tian et al. 2024; Wang et al. 2023; Yang et al. 2024c; Chen
et al. 2025; Wu, Huang, and Wei 2024; Wu et al. 2024).
However, both single LoRA and naive LoORA-MoE struggle
to resolve the conflict between learning domain-invariant and
specific knowledge. To this end, we propose DeFT-LoRA to
leverages a novel multi-stage training process to decouple
and fuse these knowledge components.

Method

In this section, we introduce our novel parameter-efficient
framework, Decoupled and Fused Tuning with LoRA (DeFT-
LoRA), designed for Universal Cross-Domain Retrieval
(UCDR). We begin by formally defining the UCDR prob-
lem. Subsequently, we will detail our core contribution: the
DeFT-LoRA and a three-stage training strategy, which de-
couple and fuse general and domain-specific knowledge. The
overall architecture of DEFT-LoRA is illustrated in Figure 2.

UCDR Problem Formulation

The task of Universal Cross-Domain Retrieval (UCDR) (Paul,
Dutta, and Biswas 2021) aims to learn a model that can re-
trieve relevant images from a gallery, where both query and
gallery images may come from domains and categories un-
seen during training. Formally, let Dy = Ui\f:dl"m D; be
the training dataset, comprising images from Ng,,, distinct
source domains. Each image I € Dy, is associated with
a label y from the source category set, C;.qin. The evalua-
tion is performed on a query domain dataset, D 4y,¢ry, Which
contains images from a disjoint set of categories Cyeq:. In
the testing phase, the gallery set and query set are needed to
enable image retrieval. The core assumptions of UCDR are:

* Unseen Domain: The target domain is not available dur-
ing training, i.e., query ¢ {1, ..., Ngom }-

* Unseen Categories: The categories in the query domain
are disjoint from those in the source domains, i.e., C¢pqinMN
etest =0.

There are two settings in gallery set: 1) all samples belong
to the unseen test class, termed Unseen Gallery; (2) samples
belong to both seen class and unseen class, termed Mixed
Gallery. The UCDR protocol encompasses two primary eval-
uation settings:
 Unseen-class Cross-Domain Retrieval (U‘CDR): In this
setting, the model is evaluated on a domain seen during
training, but with entirely new object categories. Formally,
query € {1, ..., Ngom }, but the category sets are disjoint:
Gtra,in N etest = @
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¢ Unseen-domain Cross-Domain Retrieval (UdCDR):
Here, the model is tested on a new domain, but the ob-
ject categories are the same as those seen during training.
Formally, query ¢ {1, ..., Naom }» but Cerain = Ctest-

DeFT-LoRA: A Three-Stage Framework

To efficiently adapt the image encoder ¢; for UCDR, we
propose DeFT-LoRA, a framework built on a novel three-
stage strategy. Our method uses LoRA “experts” and a gating
mechanism to decouple and fuse domain-specific and invari-
ant knowledge through a three-stage strategy: Base Expert
Learning, Domain Expert Learning, and Joint Optimization.

Base Expert Learning for Domain-Invariant Knowledge.
To capture the domain-invariant knowledge shared across
all source domains, we introduce a Base Expert, which is a
LoRA-based module designed to learn a generalizable rep-
resentation update. Specifically, we augment the pre-trained
image encoder ¢, which consists of L transformer layers.
For each attention block within every layer l € {1,..., L},
according to the settings of the LoRA paper, we introduce
LoRA matrices to adapt the query (W,) and value (W) pro-
jection matrices. The set of trainable parameters for our Base
Expert is therefore a collection of LoORA matrix pairs:

eB_U{

where (Ag?q, Bg?q

projection in layer I, and (ASB]’,)’U7 Bg?v) are for the value pro-
jection. Each pair has a rank r such that A € R"™™"™ and
B € R™*", During this stage, the original parameters of ¢

and the text encoder ¢ are kept frozen.
The forward pass through an adapted projection matrix

AW l)

GLBY) (AR BY Y, M

) are the LoRA matrices for the query

(e.g., Wo(g) in layer [ is modified as:

h) = wille + BY) (A} x). )

The Base Expert is trained on the aggregated source dataset
Dirain, ensuring it is exposed to all available domain char-
acteristics simultaneously. For an input image [; from this
mixed dataset, the adapted image encoder produces the fea-
ture z7 ; = ¢1(I;; © g). Concurrently, we utilize the learnable
text prompts {vgom } to generate a corresponding text feature
zri = ¢r(t;) (Zhou et al. 2022b). The training objective
is to align these image and text features within the shared
embedding space. This is achieved by minimizing the con-
trastive loss over each batch of M samples: The image-to-text
loss for the ¢-th image is:

M N

ZZ@/M log p(t;| 1),

11]1

3

where y; ; is the ground-truth label. The only trainable pa-
rameters in this stage are the Base Expert weights © 5 and
the prompt vectors {Udomain }- Upon completion, the opti-
mized Base Expert parameters ©7F are frozen and serve as
the foundation for subsequent stages.
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Figure 2: The three-stage training strategy of DEFT-LoRA. (1) A shared Base Expert learns a domain-invariant foundation. (2)
Specialized Domain Experts are then trained to capture unique styles upon a frozen base projection. (3) Finally, a gating network

is jointly optimized to dynamically fuse all experts.

Domain Expert Learning for Domain-Specific Knowledge.
Building upon the frozen Base Expert ©%, this stage intro-
duces a set of parameter-efficient Domain-Specific Experts
to capture specialized knowledge. Our design is motivated by
recent findings (Tian et al. 2024) that when LoRA modules
are trained on different but related tasks or domains, their
learned A p matrices tend to be similar, while the By matri-
ces capture more task-specific or domain-specific variations.

Therefore, for each domain d € {1,..., Ngom }, we em-
ploy a decoupled strategy: we introduce only a new set of B
matrices Op g = Ulel{(Bg),d,q)v (Bg)_dm)} while reusing
the frozen Ap matrices from the Base Expert. This architec-
ture forces all experts to share a common low-rank projection
space, where the shared A matrices provide a basis of fun-
damental visual edits, and each domain-specific Bp g matrix
learns a unique style for combining them. This approach
not only facilitates knowledge transfer but also drastically
reduces the number of trainable parameters.

The training process is crucial for isolating this domain-
specific learning. We employ a masked optimization
scheme (Xu et al. 2025): for a batch of images exclusively
from a single source domain d, only its corresponding Do-
main Expert © p 4 is activated for the gradient update, while
all other domain experts remain frozen. During the forward
pass, the input benefits from the combined output of the Base
Expert OF and this active Domain Expert © p 4. However,
during the backward pass, we also freeze the Base Expert’s
parameters ©7%. This dual-freezing strategy ensures that gra-
dients only update the active Domain Expert, compelling
it to learn the domain-specific residual on top of the sta-
ble, domain-invariant foundation. The update to the original
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weight matrix’s output for an input 2 from domain d is:

AWz = By (AY x) + BY, (AY2) . @
~—_——— N——

Base Expert Contribution ~ Domain-Specific Contribution

This can be simplified by factoring out the shared projection:
AWz = (BY, + BY, )(AY o). )

The total adapted image feature is z; = ¢;([;0%,0p q).
The training objective remains the loss in Equation (3).

Joint Optimization of Gating and Experts. While the
previous stages provide robust initializations for the experts,
they are trained in isolation. It allows the expert modules to
slightly refine their parameters to be more effectively fused,
while simultaneously training the gating network to learn
content-aware routing strategies. So during this stage, all
components—the Gating Network G(+), the Base Expert O 5,

and all Domain-Specific Experts {© p 4} %" —are trainable.

At each transformer layer [, the gating module G() takes
the output feature from the previous layer, (1), as input
to compute the fusion weights. The gating module G first
generates Nj,.,, +1 scores, which are normalized via Softmax
to produce the layer-specific weights:

0.’ o), ] = Softmax(GO V). ©)

®
0

Here, o’ is the weight for the Base Expert at layer [, and

{oz((il)}ilv “em are for the Domain-Specific Experts. The total

update, AW W 2(=1) "applied to the output of the original
weight matrix (e.g., for query or value) in layer [ is a dy-
namically weighted sum of all expert contributions. This



entire process can be summarized in a single, comprehensive
equation. For clarity, we have omitted the g subscripts:

AW D L0-1)

Base Expert Shared Projection

Domain Experts

@)
The entire model is trained end-to-end on the aggregated
source dataset Dy;.q;,. The training objective is the same
image-text contrastive loss (Zhou et al. 2022b) as used in
the preceding stages. This forces the gating modules to learn
meaningful, depth-aware routing strategies, while simulta-
neously refining the expert parameters to maximize their
collective effectiveness for the contrastive task. This ensures

the emergence of a highly adaptive and cohesive system.

Experiment
Experimental Setup

DataSet. To comprehensively evaluate our method, we con-
duct experiments on three widely-used benchmark datasets:
DomainNet (Peng et al. 2019), Sketchy (Sangkloy et al. 2016;
Liu et al. 2017), and TU-Berlin (Eitz et al. 2010; Liu et al.
2017). Following established protocols (Fang et al. 2024),
we assess DeFT-LoRA under three challenging cross-domain
retrieval settings: UCDR, UdCDR, and U°CDR.

Evaluation Metrics. To ensure fair and consistent compari-
son with prior art, we employ standard retrieval metrics (Paul,
Dutta, and Biswas 2021; Tian et al. 2022). For DomainNet
and Sketchy, we report Precision @200 (Prec @200) and mean
Average Precision@200 (mAP@200). For TU-Berlin, we re-
port Prec@100 and mAP@all.

Implementation Details. Our framework is built upon the
pre-trained CLIP model, which uses a ViT-B/32 (Dosovit-
skiy et al. 2021) backbone for its image encoders. The key
hyperparameters for DeFT-LoRA are configured as follows:
we set the LoRA rank to » = 2 when Painting or Clipart are
the unseen domains and 7 = 4 for all other cases. LoRA is
applied to the W, and W,, matrices, except when Quickdraw
is the unseen domain, in which case the W, matrix is also
adapted. G() is a single linear layer followed by a Softmax
function. Following (Zhou et al. 2022b), our text prompts
use a context length of 16 with a 512-dimensional feature
vector. For the training schedule, Stage 1 and Stage 2 are each
trained for a single epoch, while Stage 3 is trained for up to
10 epochs with an early stopping patience of 2, monitored on
the validation mAP. We employ the Adam optimizer with a
learning rate of le-4 and a cosine decay schedule.

Main results

We compare with two groups of methods. The first group
comprises SnMpNet (Paul, Dutta, and Biswas 2021) and
SASA (Tian et al. 2022), which respectively adopt ResNet
and ViT as backbones. The second group includes CLIP-
Full (Radford et al. 2021), ProS (Fang et al. 2024), and

Naom
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UCDR-Adapter (Jiang et al. 2025), all of which are built
upon the CLIP backbone.

Results on UCDR. The detailed results of UCDR on the
DomainNet dataset are presented in Table 1. Our DeFT-LoRA
framework demonstrates superior performance among all
CLIP-based competitors. On average, DeFT-LoRA achieves
the highest scores across both two gallery settings, which
represents a notable improvement over the strongest prompt-
based baselines. Specifically, our method outperforms UCDR-
Adapter by 1.41% in average mAP200, highlighting its en-
hanced generalization capability. What’s more, the superior-
ity of DeFT-LoRA is particularly pronounced on domains
with significant distribution shifts. We highlight its perfor-
mance on two notably challenging unseen domains: Info-
graph and Quickdraw. The Infograph domain characterized
by complex scenes and object co-occurrences. Here, our
method achieves an mAP@200 of 0.6093 on the Unseen
Gallery, substantially outperforming the strongest competitor
by a significant margin of 2.95%. Conversely, the Quickdraw
domain presents an extreme case of information scarcity.
Even under this challenging condition, DeFT-LoRA estab-
lishes a new state-of-the-art with an mAP @200 of 0.3012,
surpassing all other methods.

Result on U‘CDR. We now evaluate our method under
the UCDR setting, where the model is tested on unseen do-
mains but with categories seen during training. As shown in
Table 1, DeFT-LoRA achieves a new state-of-the-art average
mAP@200 of 0.6547. While the ViT-based SASA method is
highly competitive in this setting—as the need for zero-shot
category generalization is removed, leveling the playing field
for non-CLIP models—our DeFT-LoRA still demonstrates
superior robustness. This is particularly evident in semanti-
cally complex domains like Infograph, where our method
achieves an mAP@200 of 0.6454, significantly outperform-
ing all rivals. This result underscores our model’s strong
capability in aligning high-level semantic features even when
faced with significant stylistic shifts.

Result on UCDR. We now evaluate our method under the
U°CDR setting. The detailed results on the two datasets are
presented in Table 2. DeFT-LoRA achieves state-of-the-art
U°CDR performance on both the Sketchy and TU-Berlin
benchmarks. This leading performance demonstrates our
method’s superior ability to capture discriminative features
from the complex, multi-source domain inputs present during
training. More importantly, achieving these top results on
an unseen-class task strongly confirms that our structured,
parameter-efficient approach successfully preserves and lever-
ages CLIP’s foundational zero-shot generalization capability.

Discussion

Ablation Study

To validate the architectural choices behind DeFT-LoRA, we
systematically ablate its key components. We conduct experi-
ments on the DomainNet (Peng et al. 2019) benchmark under
the UCDR setting with Infograph as the unseen domain. The
results are summarized in Table 3. We observe the following
from the ablations:



UCDR UYCDR
Query Domain Method Unseen Gallery Mixed Gallery
mAP@200  Prec@200 mAP@200 Prec@200 TAP@200  Prec@200
SnMpNet 0.3007 0.2432 0.2624 02134 0.3529 0.1657
SASA 0.5262 0.4468 0.4732 0.4025 0.5733 0.5290
Sketch CLIP-Full 0.5367 0.4666 0.4788 0.4136 0.6128 0.3806
ProS 0.6457 0.6001 0.5843 0.5463 0.7385 0.4911
UCDR-Adapter 0.6591 0.6142 0.6073 0.5707 0.7332 0.4893
DeFT-LoRA(Ours) 0.6663 0.6207 0.6014 0.5643 0.7496 0.5021
SnMpNet 0.1736 0.1284 0.1512 0.1111 0.1077 0.0509
SASA 0.2564 0.1970 02116 0.1651 0.1805 0.1549
. CLIP-Full 0.2011 0.1522 0.1622 0.1196 0.1820 0.0723
Quickdraw ProS 0.2842 0.2544 0.2318 0.2127 0.2889 0.1186
UCDR-Adapter 0.2794 0.2534 0.2317 0.2154 0.2900 0.1181
DeFT-LoRA(Ours) 0.3012 0.2668 0.2522 0.2279 0.3010 0.1194
SnMpNet 0.4031 0.3332 0.3635 0.3019 0.4808 0.4424
SASA 0.5898 0.5188 0.5463 0.4804 0.5596 0.5178
Painting CLIP-Full 0.6558 0.5923 0.6083 0.5478 0.6189 0.3688
ProS 0.7516 0.6955 0.7120 0.6612 0.7227 0.4615
UCDR-Adapter 0.7538 0.6974 0.7203 0.6693 0.7306 0.4634
DeFT-LoRA(Ours) 0.7551 0.6994 0.7135 0.6639 0.7415 0.4752
SnMpNet 0.2079 0.1717 0.1800 0.1496 0.1957 0.1764
SASA 0.2823 0.2425 0.2491 02113 0.2340 0.2093
Infograph CLIP-Full 0.5332 0.4893 0.4718 0.4309 0.5311 0.3330
ProS 0.5798 0.5442 0.5219 0.4956 0.6056 0.3962
UCDR-Adapter 0.5714 0.5364 0.5315 0.5022 0.6064 0.3922
DeFT-LoRA(Ours) 0.6093 0.5735 0.5521 0.5242 0.6454 0.4171
SnMpNet 0.4198 0.3323 0.3765 0.2959 0.5520 0.5074
SASA 0.5392 0.4300 0.4902 0.3886 0.6840 0.6361
Clipart CLIP-Full 0.6880 0.6200 0.6423 0.5755 0.6922 0.4174
ProS 0.7648 0.7186 0.7228 0.6815 0.8105 0.5298
UCDR-Adapter 0.7718 0.7263 0.7391 0.6979 0.8251 0.5392
DeFT-LoRA(Ours) 0.7739 0.7276 0.7259 0.6851 0.8358 0.5389
SnMpNet 0.3010 0.2418 0.2667 0.2144 0.3378 0.2685
SASA 0.4388 0.3670 0.3941 0.3296 0.4462 0.4094
Average CLIP-Full 0.5230 0.4641 0.4727 0.4175 0.5274 0.3144
ProS 0.6052 0.5626 0.5546 0.5195 0.6332 0.3994
UCDR-Adapter 0.6071 0.5655 0.5660 0.5311 0.6370 0.4004
DeFT-LoRA(Ours) 0.6212 0.5776 0.5690 0.5331 0.6547 0.4105

Table 1: UCDR and UYCDR evaluation results on DomainNet. UCDR has two different gallery settings as we introduced in
Preliminaries. The best performance is bolded, and the suboptimal performance is underlined.

Sketchy TU-Berlin
Method m@200 P@200 m@All P@100
SnMpNet 05781 02155 03568 05226
SASA 0.6910  0.6090 04715  0.6682
ProS 06991 06545 06675 0.7442
UCDR-Adapter ~ 0.7285  0.6888 06581  0.7317
DeFT-LoRA(Ours) 07331  0.6914  0.6700  0.7476

Table 2: UCDR results on Sketchy and TU-Berlin. The best
performance is bolded, and the suboptimal is underlined.
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Decoupling is Essential: Removing the decoupling mecha-
nism entirely and reverting to a single LoRA adapter (Single
LoRA) causes a severe performance drop to an mAP @200 of
0.5909 on Unseen Gallery, a decline of nearly 1.9 percentage
points. This empirically confirms that a single adapter cannot
resolve the intrinsic conflict of learning both general and
specific knowledge, validating our core motivation.

Structured Decoupling is Superior: A Naive LoRA-MoE
approach (LoRA-MoE), which lacks our structured Base
and Domain Expert design, achieving an mAP @200 of only
0.5970. While better than a single LoRA, it still falls short of



Unseen Gallery Mixed Gallery
Method m@200 P@200 m@200 P@200
DeFT-LoRA  0.6093 05735 05521  0.5242
SingleLoRA  0.5909  0.5541  0.5363  0.5064
LoRA-MoE  0.5970 05614  0.5398  0.5115
w/o Base Expert  0.6014 05681  0.5426  0.5160
wlo Gate 0.6019 05655 0.5464  0.5170
Independent A 0.6070  0.5714 05477 05219

Table 3: Different components evaluated on DomainNet un-
der UCDR setting with Infograph as the unseen domain.

N Unseen Gallery Mixed Gallery
Position m@200 P@200 m@200 P@200
zero-shot CLIP  0.5007 04474 04501  0.3990
Shallow(1-6) 0.5558  0.5150  0.5022  0.4666
Deep(7-12) 0.6068 05706 05476  0.5212
ALL(DeFT-LoRA)  0.6093  0.5735 0.5521  0.5242

Table 4: Resuls of adaptation within different layers under
UCDR setting with Infograph as the unseen domain.

our full model by 1.2 points, highlighting the importance of
our three-stage strategy in preventing redundant learning and
building upon a shared knowledge foundation.
The Base Expert is Irreplaceable: Removing the Base
Expert also significantly degrades performance, with the
mAP @200 dropping to 0.6014. The Base Expert acts as a cru-
cial anchor for domain-invariant knowledge and ensures ro-
bust generalization, especially for inputs that do not strongly
align with any specific domain. Without it, the model’s adapt-
ability and robustness are compromised.
Dynamic Gating is Critical: Replacing the dynamic gate
with static averaging (w/o Gating) leads to a noticeable per-
formance decline, with the mAP@200 falling to 0.6019. This
highlights the necessity of our content-aware gating mecha-
nism, which tailors the expert composition for each input to
generate a customized adapter.
Shared-A is Efficient and Effective: Training independent
LoRA experts for each domain without sharing the A-matrix
(Independent A) slightly hurts performance, resulting in the
mAP @200 falling to 0.6070, while substantially increasing
the parameter count. This confirms that sharing the A-matrix
is not only a parameter-efficient strategy but also encourages
beneficial knowledge transfer by enforcing a common low-
rank projection space (Tian et al. 2024).

In conclusion, these results collectively affirm that every
component of DeFT-LoRA is integral to achieving its state-
of-the-art performance and efficiency.

Analysis of Layer-wise Application

To investigate where domain adaptation is most effective
within the ViT-B/32 architecture of CLIP, we applied DeFT-
LoRA to different sets of encoder layers: all layers (1-12),
only the shallow layers (1-6) and only the deep layers (7-12).
The results are shown in Table 4. Notably, even when DeFT-
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LoRA is applied solely to the shallow layers, we observe a
substantial improvement over the zero-shot CLIP baseline.
However, adapting the deep layers (7-12) proves more ben-
eficial, closely approaching the performance achieved by
adapting all layers. This is consistent with the understand-
ing that shallow layers primarily extract low-level, domain-
agnostic features, while deeper layers encode high-level se-
mantic representations that are more sensitive to domain
shifts (Neyshabur, Sedghi, and Zhang 2020). By focusing
adaptation on the deeper layers, DeFT-LoRA effectively
aligns semantic information across domains without disrupt-
ing foundational features. While deep-layer adaptation ac-
counts for most gains, a modest boost is achieved when all
layers are adapted, indicating that slight adjustments through-
out the network further enhance performance.

Analysis of Performance and Efficiency

A core motivation for DeFT-LoRA is to achieve state-of-the-
art performance without the high computational overhead
of previous methods. In Figure, we present a comparative
analysis of performance (mAP@200) against both trainable
parameters and computational cost (FLOPs) for our method
and Prompt-based methods like ProS and UCDR-Adapter.
As illustrated in Figure 1, our proposed DeFT-LoRA not only
establishes a new SOTA in performance, but also achieves
this performance with remarkable efficiency. DeFT-LoRA
introduces only 1.29M trainable parameters. This is approxi-
mately 45% fewer parameters than UCDR-Adapter (2.36M)
and a staggering 93% fewer than ProS (18.3M). This demon-
strates the exceptional parameter efficiency of our structured
decoupling and Shared-A design. While the MoE architecture
requires dynamic, input-dependent routing and thus cannot
be merged into the backbone weights prior to inference like
a standard LoRA module, its computational overhead is min-
imal. The gating network is a lightweight MLP, and only a
small subset of expert weights are activated for each token. As
a result, the increase in FLOPs is negligible compared to the
substantial gains in performance. The plot clearly shows that
DeFT-LoRA’s computational cost is significantly lower than
that of prompt-based methods like ProS and UCDR-Adapter,
which introduce costly additional modules.

Conclusion

We propose DeFT-LoRA, a novel parameter-efficient frame-
work for universal cross-domain image retrieval that miti-
gates knowledge conflict. Its core innovation is a Mixture-
of-Experts (MoE) architecture that decouples general and
domain-specific knowledge via a shared base expert and
multiple domain experts. Combined with a dynamic, content-
aware gating network, this design adapts efficiently to diverse
domains. DeFT-LoRA sets a new state-of-the-art on the Do-
mainNet benchmark, achieving superior accuracy with re-
markably fewer trainable parameters. While our MoE-based
design introduces a minimal computational overhead during
inference, as experts cannot be merged into the backbone like
a standard LoRA module, we demonstrate this is a worth-
while trade-off for the substantial gains in adaptability and
performance. Future work will involve extending this strategy
to Multi-modal Large Language Models.
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