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potentially compromises the ability to generalize to unseen do-
mains. To fill this gap, we provide a theoretical understanding
of the generalization ability for VLM fine-tuning, which re-
veals that training multiple parameter-efficient expert models
on partitioned source domains leads to better generalization
than fine-tuning a universal model. Inspired by this finding,
we propose a two-step domain-expert-Guided DG (GuiDG)
framework. GuiDG first employs prompt tuning to obtain
source domain experts, then introduces a Cross-Modal Atten-
tion module to guide the fine-tuning of the vision encoder
via adaptive expert integration. To better evaluate few-shot
DG, we construct ImageNet-DG from ImageNet and its vari-
ants. Extensive experiments on standard DG benchmarks and
ImageNet-DG demonstrate that GuiDG improves upon state-
of-the-art fine-tuning methods while maintaining efficiency.

Code, Appendix — https://github.com/TL-UESTC/GuiDG

Introduction

Domain Generalization (DG) (Zhou et al. 2022a) aims to
learn general knowledge from multiple source domains that
is applicable to unseen target distributions. While traditional
approaches focus on extracting domain-invariant features
(Li et al. 2018b), the emergence of general-purpose vision-
language models (VLMs) like CLIP (Radford et al. 2021) has
fundamentally changed this landscape. Thanks to extensive
pretraining, these models demonstrate remarkable zero-shot
generalization capability to novel objects and domains.
However, adapting CLIP to downstream tasks presents
a challenge: endowing the model with domain-specific
knowledge while preserving its zero-shot generalization
ability (Wortsman et al. 2022; Lai et al. 2023). Current meth-
ods tackle this by balancing specialization and generaliza-
tion during fine-tuning. One line of work employs weight
ensemble techniques, combining pretrained and fine-tuned
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Figure 1: Illustration of the specialization - generalization
balance. ERM fine-tuning fits to source knowledge at the
cost of generalization ability, while our GuiDG achieves
consistent improvements on both seen and unseen domains.

model weights (Wortsman et al. 2022) to mitigate over-fitting.
Another explores careful training paradigms to prevent catas-
trophic forgetting of pretrained knowledge (Lai et al. 2023).

Despite their effectiveness, these approaches are limited by
their design of sharing a universal model between source and
target data. Such claim is supported by real-world examples
(sampled from the ImageNet) in Figure 1, where the model
is overly fitted to limited source data but lacks adaptability
to unknown distributions. A holistic source model cannot
guarantee consistent performance across potential target do-
mains. The source fine-tuning may even harm the zero-shot
ability in pretrained CLIP. To address such challenge, we
first derive a novel upper bound for DG risks that reveals two
key insights. (1) Training with partitioned source data and
reduced hypothesis space achieves lower generalization risks
in fine-tuning. This motivates us to train multiple parameter-
efficient prompts to serve as source domain experts rather
than fine-tuning a universal model. (2) An ensemble of ded-
icated source models provides more robust generalization
than a universal model. Proper combination of experts can
dynamically handle unseen target distributions.

Based on the theoretical insights, we design a two-step
framework termed domain-expert-Guided DG (GuiDG). In
Step 1, we leverage prompt tuning (Zhou et al. 2022c¢) to
learn domain experts dedicated to model each source domain.
Prompt tuning updates less than 1% of the total parameters
in VLMs, providing a natural way to reduce the hypothesis
space while capturing domain-specific knowledge. As shown
in the left of Figure 1, GuiDG discriminates better on source
data than naive fine-tuning, which aligns with the benefits of



reduced hypothesis space. Step 2 focuses on the combination
of the domain experts. We introduce a lightweight Cross-
Modal Attention (CMAttn) module that generates weights
to determine the contribution of experts. By assigning larger
weights to more compatible experts, CMAttn guides the vi-
sion encoder to learn better representations, which in turn
enables CMAttn to learn better weighting strategies.

Only domain experts are learnable in Step 1. In Step 2,
the experts are frozen while the vision encoder and CMAttn
module are jointly optimized. Such design maintains compu-
tation efficiency while promoting cross-modal information
exchange. As illustrated in the right part of Figure 1, GuiDG
generalizes well to unseen target domain while retaining zero-
shot ability in CLIP. The contributions of this work include:

* We conduct theoretical analysis for fine-tuning VLM
and derive a novel upper bound for generalization risks.
We reveal that, contrary to end-to-end fine-tuning, prop-
erly trained and aggregated domain-specific models can
achieve better generalization than a single universal model.

* Guided by our theoretical findings, we propose GuiDG,
a two-step framework that first learns parameter-efficient
domain experts on partitioned source data, then employs
a Cross-Modal Attention module to adaptively integrate
these experts during VLM fine-tuning.

* We develop ImageNet-DG, a DG benchmark derived from
ImageNet and its variants to evaluate few-shot DG. Exten-
sive experiments demonstrate the consistent performance
gains and parameter efficiency of GuiDG.

Related Work

Vision-Language Models (VLMs) (Radford et al. 2021)
are derived from web-scale image-text pairs with contrastive
learning. VLMs generally feature a vision and text encoder to
handle image and text inputs. By comparing vision and text
representations, VLMs can make robust zero-shot inference
(Li et al. 2025¢). Efforts have been made to adapt VLMs
to downstream applications. Prompt-tuning methods (Zhou
et al. 2022¢; Khattak et al. 2023a) learn prompt embeddings
to achieve parameter-efficient adaptation in a few-shot style.
As a more practical scenario, some methods propose to distill
the pretrained VLM to a smaller model for client-side deploy-
ment or fine-tuning (Addepalli et al. 2024; Li et al. 2024b).
VLMSs’ strong zero-shot ability has attracted researches on
transfer learning tasks (Li et al. 2025b). Some works choose
to integrate domain information in prompts (Ge et al. 2023;
Du et al. 2024), while others refine the representation space
to match target distribution (Li et al. 2025a, 2024a).
Domain Generalization (DG) aims to learn general
knowledge from multiple source domains generalizes to un-
seen domains. Adversarial-based methods (Li et al. 2018c¢;
Deng et al. 2020) extract domain-invariant features from
source domains via a min-max game between a feature
extractor and domain discriminator. Augment-based meth-
ods refine source images to improve model generalization
ability (Islam et al. 2024; Zhao et al. 2024). Zhou et al.
zhou2021domain,zhou2024mixstyle mix-up images to syn-
thesize novel domains that enhance model generalization.
Inspired by meta-learning, some methods try to close domain
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shift by splitting source data into meta-train and meta-test
subsets (Li et al. 2018a; Khoee, Yu, and Feldt 2024). With
recent advances in VLMs, Chen et al. (Chen et al. 2024) pro-
pose to solve hybrid DG tasks with perturbation distillation
of VLMs. Cheng et al. (Cheng et al. 2024) utilize pretrained
large language models to disentangle text prompts of VLMs
for domain-agnostic visual features. Addepalli ef al. (Adde-
palli et al. 2024) solve white- and black-box DG settings by
aligning vision and text representations before distillation.
While there are attempts on ensemble-based DG (Zhong et al.
2022; Bai et al. 2024), we are the first to theoretically support
the benefits of such design, and propose a grounded GuiDG
framework to reveal the generalization abilities of properly
integrated domain-specific knowledge.

Robust Fine-Tuning focuses on preserving the generaliz-
ability of pretrained models while incorporating task-specific
knowledge. For VLMs, prompt-tuning-based methods pre-
serve base knowledge and learn new information (Zhang
et al. 2024), or learn instance-conditioned prompts to prevent
over-fitting (Zhou et al. 2022b). Unsupervised fine-tuning
methods (Liang et al. 2024; Tanwisuth et al. 2023) are based
on zero-shot inference results and apply regularization terms
to prevent forgetting. On the fine-tuning of large backbone
networks, weight ensemble (Wortsman et al. 2022; Cha et al.
2021) methods observe that mixing-up several weights in
model optimization trajectory improves generalization per-
formance. Adjusting learning rate also proves critical to pre-
venting catastrophic forgetting (Wortsman et al. 2022; Lai
et al. 2023). MIRO (Cha et al. 2022) proposes to constraint
newly learned feature representations by oracle representa-
tions. This paper leverages domain specifics for generaliza-
tion, which is compatible with existing fine-tuning methods.

Method
Preliminaries

Problem definition. This work investigates domain gener-
alizable fine-tuning for C-class classification. We have la-
beled source data partitioned into source domains D° =
{D?}¢_ |, where d is the number of source domains and

DY = {(zf,yi)};~L, is the iy, source domain with n7

labeled samples. The unseen target domain is denoted as
DT = {z!}7" . The goal is to train a function f5 on DS
that minimizes prediction error on any unseen DT

Preliminaries on CLIP. We investigate the generalizable
fine-tuning of CLIP (Radford et al. 2021). CLIP features a
vision encoder E, that extract vision representations from
input images x: I = E,(z). For each class, one can use a
general description ¢, e.g., A photo of a [CLASS.],
for zero-shot classification task, where CLASS,. is the cat-
egory name of the ¢, possible class. The text encoder E;
takes the sentence ¢, as the input then generates text repre-
sentations by T, = E}(t.). By computing cosine similarities
(cos (, )) between the vision representation of image z and
text representations {7..}<_; of all classes, we can obtain the
probability that = belongs to class c by:

exp(cos (I, T.) /T)
ST exp(cos (1,T;) /)

Ply=cla)= (1
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Figure 2: The two-step GuiDG framework. In Step 1, we split source data according to their domain characteristics. On each
domain, a domain expert is learned with off-the-shelf prompt tuning methods. In Step 2, all domain experts are frozen. A Cross-
Modal Attention (CMAttn) module decides ensemble weights from vision and text representations. These weights aggregate the
knowledge in domain experts to guide the fine-tuning of the vision encoder, and assemble predictions for inference.

where 7 is the temperature hyperparameter.

Theoretical Formulation

Assume that each source domain follows a distribution P; =
Px ; X Py|x, where Px ; represents the marginal distribution
of features and Py |x denotes the conditional distribution of
labels given features. The entire source domains follow a
mixture distribution P = Px X Py|x, where the marginal

feature distribution Py is defined as Px = Z?:l ™ Px ;.
Similarly, the target domain follows distribution P’ = P% x

Py |x with Py = Zf 1 i Px ;. Here m;, w; > 0 holds for

alli = 1,...,d, and satisfies 0 m; = >.% | 7/ = 1. Let
n = Zle ni be the total number of source samples. We
assume that nf =mnforalli =1,..., d(Albuquerque et al.
2019). For any hypothesis h € H and distribution P;, we
define its risk as &;(h) = E; y~p, L(y, h(z)), where L(-,-)
is a loss function bounded by cy. Our goal is to find h € H
that minimizes the risk £'(h) = E; y~p/L(y, h(x)) on the
target distribution P’. The classical approach seeks to train a
universal predictor f by empirical risk minimization (ERM)
(Gulrajani and Lopez-Paz 2020) across all domains:

d

f = arg min Zﬂ'g

feH =1

@)

where & (h) = S Z;L 1 L(y}, h(x?)) denotes the empiri-

cal risk on domam 1. Instead, we propose a two-stage ap-
proach. First, for each domain ¢ with hypothesis space H;,

we find a domain-specific predictor f; = arg min fey, & (f).
Then, we aggregate these predictors {ﬁ}Z 1 using algorithm
A and an additional independent dataset DS = {D$}%_ |
where Di

from P;. Let m = Zle n; denote the total number of

= {(@,9))}; fl is also independently drawn

samples in DS with ﬁls = m;m. The aggregated predictor

f= A(fl, o fa D5) belongs to hypothesis space H. For
comparison, we redefine f as the minimizer in H of the
empirical loss on D° U D*.

Theorem 1. Assume hypothesis space H, H and H; have

VC-dimension dy, d and d; respectively. There exists constant
C > 0, such that for any 6 € (0, 1) with probability at least
1 — 3d9, the following inequality hold:

d
g =d maf) < (Zm/f )
=1
L \/Jlog(m)+1og(1/5)

cr log(l/é)

m

d;log(n?) + log(1/6)
ny ’

+CZ

and denote N = n + m, with probability at least 1 — dJ the
following inequality hold:
+ log(1/90)

d
- owe) < 0y oloeN) 4

Denote~ the right-hand side of Eq. (3) and Eq. (4) as
Upp(&'(f), ) and Upp(E’(f), ), we have corollary:

Corollary 2. Assume m = n, ¢, = Y.\, wi/\/m and
Z?Zl miV/2d;/\/Ti < c(6)V/do, where for specified § €

g(2n) + (1/do) log(1/9)
c(0) mf\/ log(n?) 4 (1/d;)log(3/5)"

'(1):6/3) < Upp(€'(f).6) + ¢,

3

“

(0,1), We have

Upp(€ (5)

where

£= CWW n C\/2dlog(N/2)A;r 210g(3/0)
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Remark 3. When H is a parameterized neural network
space, assume the number of parameters as n(H). The
VC-dimension of H is approximately n(H)log{n(H)}
(Bartlett and Maass 2003). When d < dy, which is

equivalent 1o n(H) < n(H), ¢ in inequality (5) is
a very small item compared with Upp(E'(f),0) as dy
is usually large. Corollary 2 suggests that we should

seek ways to make Z?Zl min/2n(H;) log{n(H:)}/ /i <
c(0)\/n(H)log{n(H)}, thereby ensuring the upper bound
of ensemble risk is much smaller than that of a universal

~ ~

model, i.e., Upp(E'(f),0/3) < Upp(E'(f),0).

With carefully constructed H,; that satisfies condition in
Corollary 2, when g’l(ﬁ) < g}(f) (each f; is trained to
minimize empirical risk of its domain with a much smaller
hypothesis space, leading to lower empirical risk compared
to the universal model fthat needs to compromise across

all domains), £'(f) has a tighter upper bound than &’ (f) on
P’. The proofs on Theorem 1 and Corollary 2, as well as an
illustrative toy example on Remark 3 are in Appendix.

Learning Domain Experts

Current methods (Wortsman et al. 2022) fully fine-tune a uni-
versal model on all source data. However, Remark 3 indicates
that an ensemble of parameter-efficient domain-specific mod-
els brings better generalization ability. Motivated by such
finding, we propose to learn dedicated function f; from
each carefully designed #; to ensure Zle mi/2d; [/ <
c(8)v/do. More details are in Appendix. The learned experts
incorporate more specific domain knowledge into the default
text description, e.g., A [real/art/... ] photo of a [CLASS].
We learn the domain experts in a few-shot style (Zhou
et al. 2022c¢), while any prompt-tuning method is viable. On
domain Df , we construct the learnable prompt for class j as:

ts = [pir][piz]---[pim][CLASS;], (6)
where p; = [pi1][pi2]...[Pim] is domain expert, m is length
of expert, and [CLASS;] is embedding of class j. The text
embedding of class j in domain i is obtained: T} = E;(t}).
The probability of image ¢ belonging to class j is obtained:
exp(cos (B, (2"),T}) /7)

— - (
Sy exp(cos (By(a1), T?) /)
Standard cross-entropy loss is used to learn p;:

n? C
Ly==> >y, =d -log Pyl | 2}, t1.c), (3
j=1c=1
where [-] is indicator function. Both F, and E; are frozen
during the optimization of Eq. (8). The iy domain expert is
obtained by optimizing Eq. (8): p; = argmin £},.
Pi

Domain-Expert-Guided Fine-Tuning
With trained domain experts p; to serve as dedicated domain
predictors f;, we proceed to learn algorithm A that aggre-

gates the domain knowledge in {f;}%_, to guide the fine-
tuning of CLIP. As shown in Step 2 of Figure 2, we design a
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Cross-Modal Attention (CMAttn) module to approximate the
aggregation algorithm 4. CMAttn is composed of a linear
layer L, that transforms vision features into query embed-
dings: ¢(z) = Ly(E,(x)), and a linear layer Ly, to transform
text features into key embeddings: k; = Ly (E¢(t;)). We then
compute the normalized cosine similarities between a query
embedding and key embeddings of all domain experts to
obtain ensemble weights:

w(z) = Softmax(cos (q(x), [k1, k2, - ,ka])), (9)

where w(z) = (w1 (z), wa(z), ..., wq(x)) is the weight vec-
tor, and [-] is the concatenation operation. CMAttn learns
to assign larger weights to more compatible experts, and
smaller weights to irrelevant experts. The training data in
Step 2 include data from all available source domains, there-
fore CMAttn can learn various weighting scenarios that are
generalizable to unseen target domains. For an image input,
different classification results are obtained from each domain
expert via Eq. (7). Instead of computing their weighted aver-
age before optimization, we propose to weight the training
losses. We observe that such design brings more direct and ef-
fective optimization for both the image encoder and CMAttn
module. As i~nstructed in Theoretical Formulation, we train
CMAttn on D® with m samples that are i.i.d with D°. Com-
bining Eq. (7), the training loss for Step 2 is defined:

d 7y c
Lp=22% wilz)) ( > lyj = cllog Pc<@|x;,tizc>> :
i=1 j=1 c=1

(10)

During the optimization of Eq. (10), only the CMAttn and
the vision encoder are trainable.

Train and Inference
As shown in Figure 2, GuiDG consists of two training
steps. In Step 1, we train d independent domain experts
P1,P2, -+, P4 by optimizing Eq. (8). In Step 2, CMAttn
and the vision encoder are trained by minimizing Eq. (10).
Step 2 is compatible with existing regularization terms (de-
tailed in Appendix) for robust fine-tuning, therefore we have:
0g,,00,,0L, = arg min Ly + al,, a1
0r,.00,.0L,
where HEU,HLq, 01, are parameters in the vision encoder
and CMALttn, L, is off-the-shelf regularization loss for fine-
tuning, and « controls the regularization effects.

During inference, the VLM generates d sets of logits from
each domain expert given target data z*. CMAttn assigns
proper weights w; for each output. Assume hidden variable
Z (') indicating the index of f; that best predicts y*. For class
¢, by conditioning on {f;}¢_; we have P (y! = c | z2!) =
S P(Z(xt) = i) P(yt = ¢ | 2, Z(z") = 4). In our de-
sign, weight w;(z?) is an estimator of P (Z(x?) =) and
cos (Ey(z'),T}) /7 is an estimator approximately propor-
tion to P (y* = ¢ | ', Z(2") = i). Thus, the weighted aver-
age of outputs serve as the final inference results §:

d
j! = arg max Zwi(act) ccos (E,(z"),T!) /7. (12)
¢ i=1



M OfficeHome \ DomainNet
ethod A .

rt  Clp Prod RW Avg. clp inf pnt qdr rel skt Avg.
CLIP-zeroshot 829 67.8 89.0 89.8 82.4 70.1 46.4 61.7 137 829 626 56.2
Full data
MIRO (Cha et al. 2022) 83.6 757 89.7 902 84.8 79.7 435 674 246 792 684 60.5
WIiSE-FT (Wortsman et al. 2022) | 852 762 929 91.0 86.3 76.8 495 694 201 817 672 60.8
VL2V-SD (Addepalli et al. 2024) | 87.3 78.6 920 91.7 87.4 80.0 490 71.1 233 821 714 62.8
ERM (WF)* 849 712 924 920 85102 | 745 495 69.6 161 845 66.7 602101
ERM (WF) + GuiDG* 859 717 926 923 85.6402 | 76.0 531 709 173 848 682 61.740.2
UEO (WF)* (Liang et al. 2024) 856 728 932 925 86.0403 | 755 50.8 702 169 84.6 66.8 60.840.1
UEO (WF) + GuiDG* 86.8 73.6 929 934 86.7i103 | 765 529 711 17.8 850 689 62.0+0.2
CLIPood* (Shu et al. 2023) 87.8 738 927 929 86.8+02 | 77.6 54.6 727 20.8 852 697 63.4+01
CLIPood + GuiDG* 89.1 746 921 93.6 874402 | 777 543 725 204 853 699 634102
16-shot
ERM (WF)* 86.0 69.5 923 93.0 852403 | 739 498 683 163 846 656 59.8102
ERM (WF) + GuiDG* 864 70.0 93.1 916 853403 | 742 516 685 150 849 66.8 602402
UEO (WF)* (Liang et al. 2024) 854 68.1 927 928 848103 | 741 529 683 149 851 669 604102
UEO (WF) + GuiDG* 872 711 932 926 86.0102 | 754 529 699 176 854 683 61.640.2
CLIPood* (Shu et al. 2023) 862 71.7 927 932 86.0+03 | 77.3 53.0 709 193 851 682 623401
CLIPood + GuiDG* 87.6 729 934 934 86.8.04 | 76.8 53.7 717 203 852 689 628,02
8-shot
ERM (WF)* 829 653 905 922 827+04 | 715 463 662 139 838 639 57.640.2
ERM (WF) + GuiDG* 858 69.7 93.0 921 852403 | 739 515 684 149 850 662 60.0+0.2
UEO (WF)* (Liang et al. 2024) 85.1 674 922 923 843402 | 743 516 687 151 849 665 602402
UEO (WF) + GuiDG* 862 721 923 927 858403 | 76.1 527 702 179 853 679 61.7403
CLIPood* (Shu et al. 2023) 868 699 9277 939 858103 | 769 51.7 705 189 847 680 61.8+0.2
CLIPood + GuiDG* 86.6 735 924 929 864,03 | 76.1 531 71.0 188 852 68.5 62.1.0>

* Results based on our own runs.

Table 1: DG results of GuiDG. Best results are in bold. Most significant improvements by incorporating GuiDG are underlined.

Experiments
Setup

Benchmark. We conduct experiments on standard domain
generalization benchmarks. All experiments are repeated 5
times with different seeds and means were reported. Office-
Home (Venkateswara et al. 2017) includes 4 domains with 65
categories of office items. VLCS (Torralba and Efros 2011)
includes 4 domains with 5 classes. PACS (Li et al. 2017) pro-
vides 4 art-style domains with 7 classes. DomainNet (Peng
et al. 2019) contains 0.6 million samples from 6 domains and
345 categories. Terralncognita (TT) (Beery, Van Horn, and
Perona 2018) includes 10 classes of animal pictures taken
in 4 different locations. We notice existing DG benchmarks
include limited classes and instances, hindering sufficient
evaluation of modern models like CLIP. Therefore, we sam-
ple data from ImageNet (Deng et al. 2009) and its variants
(Hendrycks et al. 2021b,a; Wang et al. 2019; Recht et al.
2019) to construct a new subset ImageNet-DG. We also ex-
periment on single-source DG, where the model is fine-tuned
on ImageNet and generalizes to ImageNet variants.
Implementation details. We use CLIP ViT-B/16 (Radford
et al. 2021) on all experiments. The temperature in Eq. (7),
Eq. (12) are set to 0.01 as in original CLIP. The query trans-
former L, in CMAttn is a linear layer of shape (d¢, d¢) where
d¢ is dimension of the feature representations in CLIP. Ly
is a linear layer of shape (C, 1) that transforms prompt em-
bedding of C classes to 1. These linear layers in CMAttn
introduce 1M parameters, ensuring our method’s parameter
efficiency. On all datasets, we follow leave-one-out paradigm
to test one unseen target domain with others as source do-

Method PACS VLCS TI Avg.
CLIP (Radford et al. 2021) 96.2 81.8 33.8 70.6
MIRO (Cha et al. 2022) 95.6 82.2 54.3 77.4
SWAD (Cha et al. 2021) 91.4 79.1 42.9 71.1
WISE-FT (Wortsman et al. 2022) 97.3 82.9 54.5 78.2
RISE (Huang et al. 2023) 93.3 80.6 49.6 74.5
VL2V-SD (Addepalli et al. 2024) 96.7 83.3 58.5 79.5
DSPL (Cheng et al. 2024) 97.5 86.4 57.1 80.3
ERM (WF)* 96.74+0.4 833+0.2 51.0+04 77.0
ERM (WF) + GuiDG* Mioz 83.83:0,2 mio,s 78.1
UEO (WF)* (Liang et al. 2024) 9694102 813103 51.5+03 76.6
UEO (WF) + GuiDG* 97.6102 842102 523104 78.0
CLIPood* (Shu et al. 2023) 973101 842402 60.0x06 80.5
CLIPood + GuiDG* 973101 843102 609104 80.8

* Results based on our own runs.

Table 2: DG results on PACS, VLCS and TI. Best results are
in bold. Most significant improvements are underlined.

mains each time. On VLCS, PACS and Terralncognita with
fewer classes, all data are used. On OfficeHome, DomainNet
and ImageNet-DG we adopt few-shot fine-tuning protocol
to evaluate the few-shot generalization ability. To satisfy
the data independence requirements in section Theoretical
Formulation, we randomly split each domain to construct dis-
joint D for phase 1 and D for phase 2. We adopt AdamW
(Loshchilov 2017) with learning rate 5e-6 on all tasks. The
regularization loss £, and « in Eq. (11) are set according to
original baseline methods, with more details in Appendix.

Main Results

Standard benchmarks. Table 1 and Table 2 include results
on the five standard DG benchmarks in DomainBed (Gulra-
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ImageNet-DG Single-source ImageNet

Method source =1, S, V2 Av source = [ Av

A T R & A T R S V2 &
CLIP-zeroshot (Radford et al. 2021) 470 66.7 739 62.6 478 667 740 46.1 60.8 59.1
16-shot
PromptSRCJr (Khattak et al. 2023b) 51.0 721 79.1 67.4 509 713 778 496 644 62.8
Apex! (Yang, Ko, and Yun 2023) 50.6 72,5 78.7 67.3 507 72.0 76.8 485 64.7 62.5
ERM (WF)* (Gulrajani and Lopez-Paz 2020) | 489 70.7 789 662401 | 49.1 709 758 484 64.1 61.740.1
ERM (WF) + GuiDG* 50.2 728 80.8 679102 | 511 726 779 497 653 633101
UEO (WF)* (Liang et al. 2024) 505 69.8 772 658102 | 48.6 719 759 48.6 651 62.0+0.1
UEO (WF) + GuiDG* 508 729 80.7 681102 | 51.0 735 781 50.1 662 63.8.02
CLIPood* (Shu et al. 2023) 498 718 81.1 67.6401 | 504 71.6 772 493 649 627101
CLIPood + GuiDG* 509 73.0 818 68.6.01 | 496 734 777 504 663 635101
8-shot
ERM (WF)* (Gulrajani and Lopez-Paz 2020) | 49.0 69.8 774 654401 | 479 703 759 482 633 61.1401
ERM (WF) + GuiDG* 50.7 713 794 67.1401 | 509 719 781 495 648 63.010.1
UEO (WF)* (Liang et al. 2024) 505 70.0 77.0 658401 | 48.0 703 762 485 634 613402
UEO (WF) + GuiDG* 504 71.7 80.1 674101 | 505 728 780 49.8 65.6 633102
CLIPood* (Shu et al. 2023) 50.0 71.6 80.5 674402 | 455 717 752 479 648 61.040.1
CLIPood + GuiDG* 503 71.8 812 678102 | 495 730 773 502 657 63.1101

* Results based on our own runs. | Prompt-tuning baselines.

Table 3: DG results on ImageNet-DG and single-source DG on ImageNet and its variants. The ‘source’ row indicates the source
domain(s) used for fine-tuning. Best results are in bold. Most significant improvements by incorporating GuiDG are underlined.

Step 1 Step 2 results

multiple  i.i.d no learnable Av

experts data | weights  weights &

v 64.9

v v 67.0

v v 67.3

v v 66.8

v v v 67.6

v v v 67.9

Table 4: Ablation study on ImageNet-DG.

jani and Lopez-Paz 2020). On OfficeHome and DomainNet
we additionally provide few-shot results and comparisons. On
all tasks, we adopt the prompt-tuning procedure in (Zhou et al.
2022c) for training domain experts with m = 16. For regu-
larization losses in Eq. (11), we experiment with the entropy
loss in UEO (Liang et al. 2024), the Margin Metric Soft-
max loss in CLIPood (Shu et al. 2023), and ERM (Gulrajani
and Lopez-Paz 2020) (without regularization). To achieve
competitive results, we incorporate WiSE-FT (WF) (Worts-
man et al. 2022) when implementing ERM and UEO. The
Beta Moving Average in CLIPood achieves similar effects.
We provide domain-wise DG results in Table 1 and average
over all domains in Table 2. We can observe that GuiDG
provides steady improvements over the baseline methods on
all tasks, achieving new state-of-the-art. Specifically, in few-
shot settings, the significant reduce in fine-tuning data harms
the generalization effects of fine-tuning methods. GuiDG
mitigates such performance drop adaptive expert integration.

Evaluation on ImageNet. Table 3 presents DG results on
ImageNet and its variants. On ImageNet-DG, the source do-
mains are ImageNet (train split), ImageNet-S and ImageNet-
V2, and the target domains are ImageNet-A, ImageNet (eval-
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Figure 3: Bars and lines are relative accuracies (average ac-
curacy subtracted) and weights of domain experts. The right-
most bar in each group shows the gains by prompt ensemble.

uation split) and ImageNet-R. We ensure that in each task, the
label space among source and target domains are identical.
We can observe significant boosts brought by GuiDG on all
baseline methods. The 8-shot performance with GuiDG even
surpasses 16-shot performance without GuiDG, supporting
the efficacy and data-efficiency of leveraging multiple dedi-
cated domain models.We also compare with prompt-tuning
methods (Khattak et al. 2023b; Yang, Ko, and Yun 2023).
The results show the superiority of our method on both ID
(domain I) and OOD generalization tasks. To evaluate GuiDG
without domain labels, we perform single-source DG on Im-
ageNet by randomly splitting the training set of ImageNet
into 4 pseudo-domains. In such case, the domain experts tend
to be homogeneous, but GuiDG still performs better than
competing baselines. More discussions are in Appendix.

Analytical Experiments

Ablation study. Table 4 presents ablation study of GuiDG.
We evaluate the effectiveness of key designs in Step 1 and 2
on baseline method 16-shot ERM (WF). The results indicate
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Figure 4: Vision features of source and target data before and after fine-tuning. (a),(b) Results obtained on domain ‘Art’ of
OfficeHome. (c),(d) Results obtained on domain ‘clp’ of DomainNet.
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Figure 5: Few-shot results, averaged over all target domains.

each component contributes positively. The most significant
performance drop emerges if only one prompt is trained in-
stead of multiple domain experts (‘multiple experts’). The
results support our design to ‘divide and conquer’ the large
source domain by smaller expert models. CMAttn further
guides the fine-tuning process in Step 2 by combining appro-
priate domain experts (learnable weights), achieving better
generalization than simple averaging (no weights). By utiliz-
ing i.i.d data between Step 1 and 2, the requirements of our
theory are satisfied and improvements are observed.

Weight analysis. Proper ensemble of domain experts in
GuiDG ensures minimum generalization risks. Figure 3 inves-
tigates the compatibility between domain expert accuracies
and their assigned weights, revealing the following insights.
(1) CMAttn is generalizable to unknown domains. The as-
signed weights are reasonable and compatible with the target
performance of experts without accessing target data. (2) The
ensemble process always provides positive gains. As shown
by the rightmost bars in each group, the performances by inte-
grating multiple domain experts consistently surpass the best
individual domain expert in the group (indicated by the shad-
owed parts in bars). (3) The weights take effect by reducing
negative influences of experts. While it is hard to precisely
match weights with every expert on unseen domains, CMAttn
correctly assigns the lowest weights to the worst-performing
experts in all cases to eliminate their drawbacks.

Feature visualization. We conduct t-SNE visualization
(Van der Maaten and Hinton 2008) on vision features before
and after the domain-expert-guided fine-tuning. As shown
in Figure 4, before fine-tuning the features are chaotically
distributed and cannot form compact locality structures, a
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Dataset [ CMAttn  Experts  Ratio
OfficeHome (4) | 1.050M  0.025M  0.7%
DomainNet (6) 1.052M  0.041M  0.7%

Table 5: Parameter analysis of GuiDG. In the parentheses
are the number of domains. Ratio refers to the percentage of
additional parameters by integrating GuiDG.

merit that good classification models possess (Li et al. 2019).
After our fine-tuning process, the features are more distin-
guishable and form distinct class-wise feature groups. We
observe that on the previously unseen domains, the model can
still extract discriminative features. On the most challenging
domain ‘qdr’ (Figure 4d), its features after tuning better align
with other domains compared to Figure 4c.

Few-shot performances. To evaluate GuiDG with less
fine-tuning data, we compare the performance of CLIPood
and CLIPood+GuiDG under the setting of 2-, 4-, 8-, 16-shots
and full data fine-tuning in Figure 5. The performances drop
significantly with less training data, but we can still observe
steady performance gains across all few-shot settings.

Parameter analysis. Table 5 analyzes additional param-
eters introduced by incorporating GuiDG. As the number
of source domains increase, the additional parameters main-
tain at ~1M in total. Such additional 1M parameters by in-
corporating GuiDG account for less than 1% of all tunable
parameters in current baselines, which is reasonable.

Conclusion

This work investigates domain generalization of VLMs. Cur-
rent methods train a universal model on all source domains
for generalization, which is inevitably limited by the trade-off
between model specificity and generalization ability. To ad-
dress this, we show that ensemble of multiple smaller source
expert models brings lower target risks while maintaining
source specificity. Therefore, we design a domain-expert-
guided DG framework that first learns prompt experts on
source domains to encompass source knowledge. Secondly,
a Cross-Modal Attention module is introduced to guide the
tuning of VLMs with learnable weights. Experiments on stan-
dard DG benchmarks and a newly-proposed ImageNet-DG
subset demonstrate the efficacy and efficiency of GuiDG.
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