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Abstract

Cross-Domain Few-Shot Learning (CD-FSL) aims to trans-
fer knowledge from seen source domains to unseen target do-
mains, which is crucial for evaluating the generalization and
robustness of models. Recent studies focus on utilizing visual
styles to bridge the domain gap between different domains.
However, the serious dilemma of gradient instability and lo-
cal optimization problem occurs in those style-based CD-
FSL methods. This paper addresses these issues and proposes
a novel crop-global style perturbation method, called Self-
Versatility Adversarial Style Perturbation (SVasP), which
enhances the gradient stability and escapes from poor sharp
minima jointly. Specifically, SVasP simulates more diverse
potential target domain adversarial styles via diversifying in-
put patterns and aggregating localized crop style gradients, to
serve as global style perturbation stabilizers within one im-
age, a concept we refer to as self-versatility. Then a novel
objective function is proposed to maximize visual discrep-
ancy while maintaining semantic consistency between global,
crop, and adversarial features. Having the stabilized global
style perturbation in the training phase, one can obtain a flat-
tened minima in the loss landscape, boosting the transferabil-
ity of the model to the target domains. Extensive experiments
on multiple benchmark datasets demonstrate that our method
significantly outperforms existing state-of-the-art methods.

Code — https://github.com/liwenqianSEU/S VasP

Introduction

Deep learning models have achieved significant advance-
ments in visual recognition when trained with abundant la-
beled samples. However, in many real-world applications,
such as rare disease diagnosis, large training datasets with
reliable annotations are not always feasible. To address this
limitation, Few-Shot Learning (FSL) methods have been
developed to enable models to generalize to novel classes
with only a few samples per class (Triantafillou et al. 2020;
Feng et al. 2024b). In addition to the challenge of lim-
ited data, there is often a domain gap between the source
domains and target domains in practical scenarios, which
presents a critical challenge. Consequently, Cross-Domain
Few-Shot Learning (CD-FSL) methods have been explored
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Figure 1: SVasP stabilizes the gradients and escapes from
poor sharp minima. (a) demonstrates the gradient cosine
similarity between epochs for displaying ground represen-
tations of gradient stability, and the larger the cosine simi-
larity, the more stable gradient update direction. (b) demon-
strates the proposed approach ensures that the model con-
verges to a flat minima and is robust to domain shifts.

to transfer domain-agnostic knowledge from multiple well-
annotated source domains to target domains with limited la-
beled data (Tseng et al. 2020; Feng, Wang, and Geng 2024).
Among the various CD-FSL settings, Single Source CD-
FSL addresses domain shifts more realistically by restricting
the model to access only one source domain during training.

Recent studies have explored perturbing the styles of im-
ages to facilitate models acquiring more domain-agnostic
knowledge from a single source domain (Kim and Han
2024; Zhong et al. 2022). By recognizing image styles (e.g.,
mean and standard deviation) as key domain characteris-
tics (Zhou et al. 2020), these studies aim to enhance model
generalization and mitigate domain shifts by altering these
domain-specific attributes (Feng et al. 2023; Xie et al. 2024).
Although style-based methods have demonstrated effective-
ness in Cross-Domain Few-Shot Learning (CD-FSL), they
remain suboptimal due to the inherent differences between
domains and the varied optimization paths for adversarial
perturbations. As a result, models may overfit to noise or
specific samples, becoming overly dependent on the source
domain and thereby limiting their generalization capabili-
ties.

Recently, StyleAdv (Fu et al. 2023) has addressed domain
shifts by augmenting the original styles with signed gra-



dients. Although effective in CD-FSL tasks, StyleAdv ex-
hibits significant gradient instability. As illustrated in Figure
1 (a), we measure the gradient cosine similarity between the
forward and backward gradients to assess gradient stabil-
ity. However, we observe a continuous decline and severe
oscillations in gradient cosine similarity, indicating that sta-
ble gradient optimization is unattainable. This instability is
attributed to the absence of target domains and inadequate
collection of source domain gradients, which can misdirect
adversarial style attacks (Wang and He 2021). Moreover,
StyleAdv’s strategy of employing minimal perturbations for
adversarial training tends to make the model overly sensitive
to such perturbations, thereby undermining its robustness.

To address these challenges, we leverage diverse inputs
from the source domain to enhance style diversity and pro-
pose a novel framework called Self-Versatility Adversarial
Style Perturbation (SVasP). We argue that localized crop
style gradients play a crucial role in model performance. The
core idea of SVasP is to enhance the transferability of source
domain knowledge by integrating localized crop style gra-
dients with global style optimization. Contrary to StyleAdyv,
our SVasP improves the stability of model gradient in the op-
timization phase, shown in Figure 1 (a). During training, the
issue of gradient oscillation is effectively mitigated, allow-
ing the model to escape sharp minima and achieve smoother,
flatter minima, which are more conducive to improving the
model’s generalization, as illustrated in Figure 1 (b).

Specifically, our method employs a structure of inner and
outer iterations. In each outer iteration, sections of the be-
nign image are randomly cropped and resized for use in the
subsequent inner iterations. During each inner iteration, we
iteratively generate and integrate all crop style gradients, ap-
plying them to target the global style of the benign image.
The central concept of our approach is to stabilize the gra-
dients by incorporating as much relevant gradient informa-
tion from the source domain as possible. To the best of our
knowledge, this is the inaugural study exploring the impact
of localized style gradients on model generalization.

The main contribution of our paper is three-fold:

* We propose a new framework called SVasP that incorpo-
rates crop style gradients with the global style gradients
within a image itself, which is called self-versatility, to
efficiently stabilize gradients for adversarial style attack
and escape from the sharp minima.

We design a novel objective function, named Discrep-
ancy & Consistency Optimization (DCO) to maximize
visual discrepancy between seen and unseen domains
while maintaining semantic consistency.

We conduct extensive experiments on multiple bench-
mark datasets and validate the effectiveness of our mod-
ules. The quantitative results show that our proposed
SVasP significantly improves the model’s generalizabil-
ity over other state-of-the-art(SOTA) methods.

Related Work

Cross-Domain Few-Shot Learning. Cross-Domain Few-
Shot Learning (CD-FSL) aims to train a model on source
domains that can effectively generalize to target domains,
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first introduced in (Chen et al. 2018a). Key benchmarks in-
clude BSCD-FSL (Guo et al. 2020), mini-CUB (Tseng et al.
2020), and Meta-Dataset (Triantafillou et al. 2020).
CD-FSL methods can be categorized based on access to
target domain data: Single Source CD-FSL (Zou et al. 2024;
Hu and Ma 2022), unlabeled target-domain CD-FSL (Islam
et al. 2021; ZHENG et al. 2023), and labeled target-domain
CD-FSL (Fu, Fu, and Jiang 2021). This paper focuses on the
most realistic and challenging setting, Single Source CD-
FSL, where only a source domain dataset is accessible.

Input Diversity for Domain Shift. To address domain
shift, many methods enhance input diversity. In domain gen-
eralization, MiRe (Chen et al. 2022) mixes images from dif-
ferent domains, and CreTok (Feng et al. 2024a) combines
tokens for creative generation. In object detection, Dou-
bleAUG (Qi et al. 2024) exchanges RGB channels, and RE-
CODE (Li et al. 2024) decomposes visual features into sub-
ject, object, and spatial features. In CD-FSL, LDP-net (Zhou
et al. 2023) extracts local features, TGDM (Zhuo et al. 2022)
and meta-FDMixup (Fu, Fu, and Jiang 2021) mix source and
auxiliary data, and ConFeSS (Das, Yun, and Porikli 2021)
use different augmentation methods. These augmentation
methods generate diverse input patterns and more generic
features for transfer. However, none of these works consider
the gradient instability problem, which is a critical issue in
Single Source CD-FSL.

Gradient-based Optimization. Various gradient-based
optimization methods improve model robustness and gener-
alization. GradNorm (Chen et al. 2018b) and GAM (Zhang
et al. 2023) explore gradient normalization techniques.
CGDM (Du et al. 2021) minimizes the discrepancy between
gradients from source and target samples. Fishr (Rame,
Dancette, and Cord 2022) aligns domain-level loss land-
scapes by leveraging gradient covariances, and PCGrad (Yu
et al. 2020) addresses conflicting gradients in multi-task
learning. However, these methods often overlook diverse
patterns, such as crop image style gradients, which limits
their effectiveness in addressing model overfitting.

Methodology

This section introduces the proposed novel framework
SVasP, designed for CD-FSL. An overview of our method
is depicted in Figure 2.

Problem Formulation

We focus on the Single Source CD-FSL setting where only
a source dataset D° can be accessed while the target dataset
Dt is forbidden. Notably, for CD-FSL, C(D*)NC(D?) = 0,
P(D%) # P(D'), where C(-) and P(-) denote the cate-
gories and distributions of the source and target dataset, re-
spectively. Moreover, episode training is used in this work.
Specifically, to simulate the N-way K-shot problem, N
classes are selected and K samples per class are chosen to
form the support set S = {xf,y;};*,, where n, = NK.
And the same N classes with another M images are used to
construct the query set Q = {:l:f ;qul, where ng = NM.
Therefore, an episode 7 = (S, Q) is constituded, com-
prising of a support set S and a query set Q, and |T| =
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Figure 2: Overview of our proposed methods SVasP. “RB” is an abbreviation for ResNet Block. Random cropping the benign
image and generates several crop images. Then, four main modules are performed: a) Generate the gradients of both crop and
global styles (illustration with B); b) Integrate localized crop style gradients into the global style gradients; ¢) Perform adver-
sarial style perturbation based on AdalN method; d) DCO: Maximize domain visual discrepancy and global-crop consistency.

N(K 4+ M). The goal is to classify the images of the query
set by training a feature extractor and a classification head
on the support set.

SVasP

Overview. The proposed model contains a CNN/ViT
backbone F, a domain discriminator fg,,,, a global FC clas-
sifier f; and a FSL relation classifier f,. with learnable pa-
rameter 0, O4om, 04 and 0., respectively.

The network consists of four components: Style-Gradient
Generation module to produce global and crop style gradi-
ents, Self-Versatility (SV) Gradient Ensemble module to in-
tegrate the localized crop style gradients as the global pertur-
bation stabilizers, Adversarial Style Perturbation module to
simulate diverse unseen styles, and Discrepancy & Consis-
tency Optimization (DCO) to maximize the discrepancy be-
tween seen and unseen domains and maintains global-crop
semantic consistency.

Without accessing auxiliary data, SVasP moderates the
gradient instability and achieves a flatter minima, robustly
improving the model’s generalizability. Further details are
provided in the following sections.

Style-Gradient Generation. In this paper, the styles of
global and crop features are modeled as Gaussian distribu-
tions (Li et al. 2022b) and learnable parameters which will
be updated by adversarial training. Specifically, for feature
maps F' € RBXCXHXW where B, C, H and W denote the
batch size, channel, height, width of the feature maps F’, the
specific formula for calculating the style & = {u, o} is:

1 H W
"= S Focnw
h=1w=1

ey

1 H W
g = aw Z Z(FB,C,h,w - M)Q + ¢, )

h=1w=1
where € is a small value to avoid division by zero.

Unlike directly perturbing the global style, we consider

incorporating crop style gradients to stabilize the global
style gradients. For each benign image and label pair (x, y),

we randomly crop k local images by the scale parameter

s = {si,sn}, where s; and s;, denote the lower and up-
per bound for the area of the random cropped images re-
spectively and get the input set I = {¢1, ¢a, - - -, ¢, ¢ }. In-
stead of generating the adversarial style of all blocks’ fea-
tures at once, we use an iterative approach. Concretely, the

embedding module F has four blocks By, By, B3, By, and

style transformation only performs on the first three blocks,
as the shallow blocks produce more migratory features. For
each block B; of the backbone F, we obtain the crop and
F/, F;} For each
Fi € Fi, FI e RBXCOxHXW P s accumulated from

global feature maps F7 = { F{’ Fg, .

block 1 to block 7 — 1:

FI =TT (- (T 6hgy)s ), 6l ) Shy,) (3)

adv

where transferring features between block j — 1 and block j

is formulated as:

Bi(F™) — ppy
O i

rsj (Fj’ Gidv) =

and the style Gp; = {pp;, 0} of F7 is caculated by
Eq. (1) and (2). Thus, we can get the styles of the fea-
ture maps of B; to form the style set S = {&7, &%, - -

: 6%, 62}. Then, we continue to pass F7 to the remainder
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* o'idv + iu"ZLdv (4)



of the backbone and the global FC classifier without per-
forming any other operations and get the final prediction
p = fy(Bal- - (B (F"));6,).p € RP*Ne, where N,
denotes the total number of classes. Thus the total prediction
setis P = {py, Py, -, Py, P, }- Therefore the classification
loss can be written as:

&)

k
Ccls = £CE(pgvy) + Zi:l ‘CCE(pzvy)

where Lo g (-, -) denotes the cross-entropy loss.

The sequel will compute the adversarial style of block B,
we omit the subscript j for readability and calculate the gra-
dients of the mean p and the std o by loss back propagation:

G”:{gﬁb’ ga"'v Z’gl;} )
= {vulﬁclsa Vp2£clsa' ) vukﬁclsy V/.Lgﬁcls}
GU :{gif)ggv"':nggZ} (7)

= {val ‘Ccl57 vo’g £cls, Ty Vak £clsa vag £cls}
Other blocks’ style gradients can be generated likewise.

SV Gradient Ensemble. Self-Versatility (SV) Gradient
Ensemble module serves as the core part of our work, ded-
icated to bootstrapping global style gradients by integrating
localized crop style gradients. We first average and normal-
ize the style gradients of the crops to get the aggregate crop
style gradients G¢ = {G%, G7 }, where:

+G%)

gl = Norm(1 > (Gl +6h+ ®)

g7 Norm(1 Z(ga+g2 o+ Gr) O

Subsequently, a decay factor§ is introduced to finally get the
ensemble style gradients G® = {G, G7 }, where:

Gl = Norm(Gh) + £ Gl
G, = Norm(G7) + £ © G7 (11)
Adversarial Style Perturbation. We get the random ini-

tialized global styles S;nit = {Minit, Tinit} by adding
Gaussian noise N (0, I), where:

uinit:ug+5"/\[(07[) (12)
Uivlit:Ug+€'N(O;I) (13)
where ¢ is set to %35 Then, the ensemble gradients are incor-

porated into the initialized style to get the adversarial styles
Gadv = {Mady> Tadv }» Where:

Hady (14)

Oadv = Oinit + K2+ 319”(95) (15)
Notably, k1 and x9 are chosen randomly from a given set
of coefficients, which will not force a consistent change in
the degree of the perturbation of p and o, making the model
generate a more diverse range of styles. After obtaining the
adversarial styles, style migration is performed with AdaIN
method to enhance the generalizability:

F
Fadv:

(10)

= Pini + K1 - sign(GL)

g l'l'g * O gdy T Mady (]6)
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Then, the adversarial and global feature maps will together
be passed to the remainder of the backbone and the FSL
classifier to accomplish the N-way K-shot FSL, resulting
in two predictions p/*! € RP*Ne and p/5} € RNM*N,
Furthermore, we can get L fsl:

Lia=Lcr®l yra) + Lep @l yrs) (17)

where yr5 € RVM is the query samples’ logical labels.

DCO. We design a novel objective function named Dis-
crepancy & Consistency Optimization (DCO) to maxi-
mize seen-unseen domain visual discrepancy and global-
crop consistency for overall features Fy;; = {F1, Fs,- -
Fy,Fy, Fuq}. For seen-unseen domain discrepancy
maximum, we consider the global and crop features to be-
long to the seen domain and the generated adversarial fea-
tures to belong to the unseen domain. Therefore, it is pos-
sible to make the generated adversarial features located as
far away from the source domain as possible. The domain
discriminator contains a dropout layer and a fully connected
layer. The domain discrepancy loss is:

Edom = ZFE]F,,,” ECE'(fdom,(F; odom)a dF)

where dp € {0,1} is the domain label with 0 (resp., 1)
indicating F' is from the seen(resp., the unseen) domain.
Moreover, we enforce the semantic consistency between the
global and crop features as:

(18)

k
Leon Z (ALcE(Pi,py) + (1= NLep®!™ yra))

19)
where, pf st — = fre(Fy;0.c). We use Kullback-Leibler di-
vergence loss K L(-) to maximize global-adversarial consis-
tency as:

Laaw = KL(pL . pI™) (20)
Then the final objective loss of SVasP is:
L= Ecls + Efsl + Edom + [:con + Eadv (21)

More construction details and the complete adversarial
style generation pseudo-code can be found in Appendix A.

Experiments
Datasets

Following the BSCD-FSL benchmark proposed in BSCD-
FSL (Guo et al. 2020) and the mini-CUB benchmark pro-
posed in FWT (Tseng et al. 2020), we use minilmageNet
(Ravi and Larochelle 2017) with 64 classes as the source
domain. The target domains include eight datasets: ChestX
(Wang et al. 2017), ISIC (Tschandl, Rosendahl, and Kit-
tler 2018), EuroSAT (Helber et al. 2019), CropDisease (Mo-
hanty, Hughes, and Salathé 2016), CUB (Wah et al. 2011),
Cars (Krause et al. 2013), Places (Zhou et al. 2017), and
Plantae (Van Horn et al. 2018). In our Single Source CD-
FSL setting, target domain datasets are not available during
meta-training stage.



Method FT ChestX ISIC EuroSAT CropDisease| CUB Cars Places Plantae |Aver.
GNN X 22.00+£0.46 32.0240.66 63.69+£1.03 64.48+1.08 |45.69+0.68 31.79+0.51 53.10-£0.80 35.60+0.56|43.55
FWT X 22.04+0.44 31.58+0.67 62.36+1.05 66.36+1.04 |47.474+0.75 31.614+0.53 55.77+0.79 35.95+0.58|44.14
ATA X 22.1040.20 33.21+£0.40 61.35+0.50 67.47+0.50 |45.0040.50 33.6140.40 53.574+0.50 34.42+0.40|43.84
SET-RCL X 22.7440.20 33.33+£0.40 65.534+0.60 68.43+0.50 |46.984-0.50 32.844-0.40 56.93+0.50 37.43+0.40|45.53
g StyleAdv X 22644035 33.9640.57 70.94+£0.82 74.13£0.78 |48.49-£0.72 34.6440.57 58.58-0.83 41.13+0.67|48.06
£ SVasP X 23.23+0.35 37.63+0.58 72.30-£0.82 75.87+0.73 |49.49-£0.72 35.27+0.57 59.07-0.81 41.22:0.62|49.26
ATA V' 22.15+0.20 34.9440.40 68.62+0.50 75.4140.50 |46.23+0.50 37.15+0.40 54.18+0.50 37.38-0.40|47.01
StyleAdv V' 22644035 35.7640.52 72.92:£0.75 80.69-0.28 |48.49:+0.72 35.0940.55 58.58-:0.83 41.13+0.67|49.41
SVasP v 23.23+0.35 37.63+0.63 72.304+0.83 77.4540.68 |49.4940.72 38.18+0.61 59.07+0.81 41.224-0.62|49.82
Method FT ChestX ISIC EuroSAT CropDisease| CUB Cars Places Plantae |Aver.
GNN X 25274046 43.944+0.67 83.64+0.77 87.96+0.67 |62.25+0.65 44.2840.63 70.84+0.65 52.53+0.59|58.84
FWT X 25.1840.45 43.17+0.70 83.01+0.79 87.1140.67 |66.984+0.68 44.90+0.64 73.94+0.67 53.85+0.62|59.77
ATA X 24324040 44.9140.40 83.75+£0.40 90.5940.30 |66.22:0.50 49.1440.40 75.48-£0.40 52.69+0.40(60.89
SET-RCL X 25.65+0.20 44.93+0.40 83.84-0.40 88.1140.30 |68.05:£0.50 47.954+0.40 76.23£0.40 54.70+0.40(61.18
StyleAdv X 26.07+0.37 45.7740.51 86.58£0.54 93.65+0.39 |68.72:£0.67 50.134+0.68 77.73+£0.62 61.52+0.68|63.77
SVasP X 26.87+0.38 51.10+0.58 88.72+£0.52 94.52+0.33 |68.95-£0.66 52.13+0.66 77.78-0.62 60.63-0.64|65.09
% Fine-tune v/ 25.97+0.41 48.11+0.64 79.0840.61 89.25+0.51 |64.1440.77 52.08-0.74 70.06+0.74 59.27+0.70|61.00
» BSR v 26.8440.44 54.42+0.66 80.894+0.61 92.1740.45 |69.384-0.76 57.4940.72 71.09+0.68 61.07+0.76|64.17
ATA v/ 25.08+0.20 49.7940.40 89.64-£0.30 95.44+0.20 |69.83+0.50 54.2840.50 76.64-£0.40 58.08+0.40|64.85
NSAE V' 27.10+0.44 54.054+0.63 83.96:£0.57 93.14+0.47 |68.51+0.76 54.91+0.74 71.02:£0.72 59.55+0.74|64.03
RDC \/ 25.484+0.20 49.06+0.30 84.67+0.30 93.55+0.30 |67.7740.40 53.754+0.50 74.65+0.40 60.63+0.40|63.70
StyleAdv V' 26244035 53.05+0.54 91.64+0.43 96.51+0.28 |70.90+0.63 56.44-£0.68 79.35+0.61 64.10+0.64|67.28
SVasP v 27.25+0.39 55.43+0.59 91.774+0.41 96.7940.26 |72.061-0.65 59.99+0.69 78.91+0.65 64.21+0.66 | 68.30

Table 1: Quantitative comparison to state-of-the-arts methods on eight target datasets based on ResNet-10, which is pretrained

on minilmageNet. Accuracy of 5-way 1-shot/5-shot tasks with 95 confidence interval are reported. “FT” with v/ means finetun-
ing is used, vice versa. “Aver.” means “Average Accuracy” of the eight datasets. The optimal results are marked in bold.

Implementation Details

Using ResNet-10 (He et al. 2016) as the backbone and GNN
as the N-way K-shot classifier, the network is meta-trained
for 200 epochs with 120 episodes per epoch. ResNet-10
is pretrained minilmageNet using traditional batch training.
The optimizer is Adam with a learning rate of 0.001. Ad-
ditionally, using ViT-small (Dosovitskiy et al. 2020) as the
feature extractor and ProtoNet (Laenen and Bertinetto 2021)
as the N-way K-shot classifier, the network is meta-trained
for 20 epochs with 2000 episodes per epoch. The optimizer
is SGD with a learning rate of Se-5 and 0.001 for E and
fre, respectively. ViT-small is pretrained on ImageNet1K by
DINO (Caron et al. 2021). We evaluate the proposed frame-
work during testing by average classification accuracy over
1000 episodes with a 95% confidence interval. Each class
contains 5 support samples and 15 query samples. Hyper-
parameters are set as follows: £ = 0.1, k = 2, A = 0.2
and choose k1, ko from [0.008,0.08,0.8]. The probability
to perform style change is set to 0.2. The details of the fine-
tuning are attached in Appendix A. All the experiments are
conducted on a single NVIDIA GeForce RTX 3090.
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Experimental Results

Comparison to SOTA methods on ResNet-10. We com-
pare the proposed SVasP with state of the art methods with
ResNet-10 as the backbone in Table 1. For a fair comparison,
all the competing methods follow the single source train-
ing scheme, which is more realistic and difficult. Concretly,
nine representative single source CD-FSL methods are in-
troduced including GNN (Garcia and Bruna 2018), FWT
(Tseng et al. 2020), ATA (Wang and Deng 2021), SET-RCL
(Zhang et al. 2022), StyleAdv (Fu et al. 2023), Fine-tune
(Guo et al. 2020), BSR (Liu et al. 2020), NSAE (Liang et al.
2021) and RDC (Li et al. 2022a). As shown, under whether
setting, our method outperforms the second-best approach
in terms of average accuracy with a clear margin and builds
a new state of the art in the majority of domains. More pre-
cisely, under 1-shot setting on ResNet-10, SVasP performs
better in all domains and surpasses the strongest competi-
tor StyleAdv significantly by +0.59%, +3.67%, +1.36%,
+1.74%, +1.00%, +0.63% on ChestX, ISIC, EuroSAT,
CropDisease, CUB, Cars, respectively. Under 5-shot setting
on ResNet-10, SVasP performs better in 7 out of 8 domains,



Method FT ChestX ISIC

EuroSAT CropDisease |

CUB Cars Places Plantae |Aver.

StyleAdv X 22.92::0.32 33.05:£0.44 72.15:£0.65
» SVasP X 22.6840.30 34.49+0.46 72.50+0.62

81.22+0.61
80.8240.62

84.0140.58 40.48+0.57 72.64+0.67 55.524+0.66
85.56+0.57 40.51+0.59 75.93+0.66 56.25+0.65

57.75
58.59

FPMF v 2173030 3036036 70.74-£0.63
StyleAdv v/ 22.92+0.32 33.99-£0.46 74.93+0.58
SVasP v/ 22.680.30 34.49-£0.46 75.51+0.57

80.7940.62
84.11+0.57
83.98+0.55

78.13+0.66 37.244+0.57 71.11£0.71 53.60+0.66
84.0140.58 40.48+0.57 72.64+0.67 55.524+0.66
85.56+0.57 40.51+0.59 75.93+0.66 56.25+0.65

55.46
58.57
59.36

Method FT ChestX ISIC

EuroSAT CropDisease

| CUB Cars Places Plantae |Aver.

StyleAdv X 26.97+0.33 47.73£0.44 88.57+0.34
SVasP X 26.77+0.34 49.75£0.46 88.69+0.35

hot

94.85+0.31
93.25+0.36

95.824+0.27 61.734+0.62 88.33+£0.40 75.55+0.54
95.95+0.23 62.60+0.61 89.19+0.39 76.49+0.50

72.44
72.84

2 PMF v 2727 50.12 85.98
StyleAdv v/ 26.97-+0.33 51.23£0.51 90.12-0.33
SVasP v/ 26.7740.34 51.6240.50 90.55--0.34

92.96
95.99+0.27
96.17+0.30

95.824+0.27 66.02+0.64 88.33+£0.40 78.01+0.54
95.95+0.23 66.47+0.62 89.19+0.39 78.67+0.52

74.06
74.42

Table 2: Quantitative comparison to state-of-the-arts methods on eight target datasets based on ViT-small, which is pretrained
on ImageNet1K by DINO. Accuracy of 5-way 1-shot/5-shot tasks with 95 confidence interval are reported.

Method | SV Liom Leon | Aver. (%)

Baseline | - - - \ 62.07
v 62.61

Proposed v v 63.69
v v 64.05
v v v 65.09

Table 3: Ablation study of the proposed method with differ-
ent component combinations. “SV” indicates SV Gradient
Ensemble module.

and the superiority of SVasP is even larger with higher ac-
curacy by +0.80%, +5.33%, +2.14%, +0.87%, +2.00%
on ChestX, ISIC, EuroSAT, CropDisease, Cars, respectively.
Despite being trained on one dataset, SVasP has good gener-
alization ability, thus producing the optimal style-based aug-
mentation policies for the unseen target domains.

Comparison to SOTA methods on ViT-small. To further
evaluate the effectiveness of our proposed technique, we ap-
ply the proposed SVasP idea to ViT models and compare
their performance over other methods on the eight datasets
with ViT-small as the backbone and ProtoNet as the classi-
fier. As shown in Table 2, our SVasP is compared with meth-
ods like StyleAdv and PMF. SVasP achieves 58.59% and
72.84% top 1 average accuracy on either 5-way 1-shot or 5-
way 5shot setting, which outperforms StyleAdv by 0.84%,
0.40%, respectively.

Qualitative Evaluation

We have performed an exhaustive and fair experimental
analysis of the proposed method SVasP and the experimen-
tal results with ResNet-10 as the backbone and GNN as the
classifier under the 5-way 5-shot setting are reported. More
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Figure 3: Performances on different numbers of crops k.

experimental results are attached in Appendix B.

Impact of different component in SVasP. To investigate
the contribution of different components, we perform an ab-
lation study on SVasP and report the result of average ac-
curacy on eight target domains in Table 3. Specifically, we
study the main technical contributions by (a) whether using
SV (means the SV Gradient Ensemble module), (b) whether
Lgom and (c) whether L.,,. Among these variants, we can
find that the SV Gradient Ensemble module effectively uti-
lizes the source domain style gradients to alleviate the do-
main shift problem. With well constrained Lg,,, and L.,
SVasP improves the generalization performance and sub-
stantially improves the accuracy up to 3.02% on average.

Impact of different crop numbers k. We investigate the
optimal solution for the number of crops and find that the
model is most robust when the number is set to 2, as illus-
trated in Figure 3. Because an insufficient number of crops
(e.g., 0, 1) fail to represent the style gradients of the source
domain and stabilize the global style perturbation. More-
over, excessive crops (e.g., 3, 4, 5) can lead to overfitting
of the model and limited by the source domain style.
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Figure 5: Performances on different scale parameters s.

Impact of different strategies for £ and \. The decay
factor ¢ controls the proportion of the crop style gradients
that are incorporated into the global style gradients. In addi-
tion, the main component crop consistency loss L., has a
large impact on the performance of the model, which con-
sists of the global-crop prediction consistency loss and the
crop FSL classification loss. Performances on different A
and ¢ are illustrated in Figure 4 (a). As shown, the accuracy
rises as & increase from O to 0.1, as the proportion increases
and provides more source domain gradients. However, the
accuracy decreases when the proportion is 1, as too high a
proportion of the crop style gradients leads to weak global
style gradients. For ), setting the value of A to 0.2 can real-
ize an increase in the mean classification accuracy compared
to other settings of approximately 1.62%.

Impact of different selection methods for ~«; and x-.
Unlike styleadv, which sets k1 and ko to the same value,
we allow 1 and ko to have different values to diversify the
style. The experimental results verify the rationality of our
setup, as shown in Figure 4 (b).

Impact of different scale parameters s. We evaluate the
impact of different scale parameters s, which determines the
the area of the crop images. It’s important to study opti-
mal values of s because when the area is large, the model
overlooks the local regions of inputs. We investigate the
performances with s; € [0.1,0.2,0.3,0.4,0.5,0.6,0.7] and
sp € 10.4,0.5,0.6,0.7,0.8], with s; < sp. The optimal re-
sult is reached when s = (0.2,0.4), as shown in Figure 5.
We observe that SVasP with smaller area of crop images per-
forms better, which demonstrates the effectiveness of our in-
troduction of localized crop style gradients.

Visualization Results. We visualize the loss landscape
following (Li et al. 2018) on the BSCD-FSL bechmark to
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Figure 6: Loss landscape visualization results of the model
without SV gradient ensemble module (first row) and our
SVasP model (second row) on the BSCD-FSL benchmark.
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Figure 7: Grad-CAM visualization results of the StyleAdv
model and our SVasP model on the BSCD-FSL benchmark.
For each target dataset, three examples are demonstrated.

verify the validity of our proposed important module, as
shown in Figure 6. SVasP achieves a stronger flatness which
can stand for the better generalization. In additon, in order to
provide a more intuitive comparison about the performance
of “SVasP”(ours) and “StyleAdv” model, we visualize the
class-activation map using the Grad-CAM (Selvaraju et al.
2017) on the BSCD-FSL benchmark, as shown in Figure 7.
We can observe that, StyleAdv may pay attention to insignif-
icant things and is disorganized. In contrast, SVasP can focus
on more key areas of the target images with the help of the
localized crop style gradients. Visualization results on the
mini-CUB benchmark can be found in Appendix C.

Conclusion

We explore the Single Source Cross-Domain Few-Shot
Learning, focusing on the limitations of style-based ap-
proaches and addressing the domain shift problem. Our
study introduces a novel network to capitalize on the local-
ized crop style gradients, achieving state-of-the-art perfor-
mance on both ResNet-10 and ViT-small backbone. To en-
hance the training process, we employ a random cropping
strategy and integrate crop style gradients as the style per-
turbation stabilizers. This approach prevents the model from
being confined to the source domain style and local loss min-
ima. Extensive experimental results demonstrate the effec-
tiveness and insights of the proposed method, highlighting
its rationality and potential for broader application.
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