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Abstract

Fine-tuning Vision Foundation Models (VFMs) with a small
number of parameters has shown remarkable performance in
Domain Generalized Semantic Segmentation (DGSS). Most
existing works either train lightweight adapters or refine in-
termediate features to achieve better generalization on unseen
domains. However, they both overlook the fact that long-
term pre-trained VFMs often exhibit artifacts, which hinder
the utilization of valuable representations and ultimately de-
grade DGSS performance. Inspired by causal mechanisms,
we observe that these artifacts are associated with non-causal
factors, which usually reside in the low- and high-frequency
components of the VFM spectrum. In this paper, we explicitly
examine the causal and non-causal factors of features within
VEMs for DGSS, and propose a simple yet effective method
to identify and disentangle them, enabling more robust do-
main generalization. Specifically, we propose Causal-Tune,
a novel fine-tuning strategy designed to extract causal fac-
tors and suppress non-causal ones from the features of VFMs.
First, we extract the frequency spectrum of features from each
layer using the Discrete Cosine Transform (DCT). A Gaus-
sian band-pass filter is then applied to separate the spectrum
into causal and non-causal components. To further refine the
causal components, we introduce a set of causal-aware learn-
able tokens that operate in the frequency domain, while the
non-causal components are discarded. Finally, refined fea-
tures are transformed back into the spatial domain via inverse
DCT and passed to the next layer. Extensive experiments con-
ducted on various cross-domain tasks demonstrate the effec-
tiveness of Causal-Tune. In particular, our method achieves
superior performance under adverse weather conditions, im-
proving +4.8% mloU over the baseline in snow conditions.

Code — https://github.com/zhangyin1996/Causal-Tune

Introduction

Recently, Vision Foundation Models (VFMs), such as DI-
NOv2 (Oquab et al. 2023), CLIP (Radford et al. 2021),
EVAO2 (Fang et al. 2023, 2024), and SAM (Kirillov et al.
2023), have shown strong performance on various computer
vision tasks. Specifically, using VFMs as backbones and
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Figure 1: Visualization of DINOv2 feature maps. (a) Fea-
tures extracted from the frozen DINOv2 contain noticeable
artifacts. (b) Artifacts persist after applying existing adapter-
based fine-tuning methods. (c) Our proposed Causal-Tune
effectively suppresses these artifacts and guides the model
to focus on domain-invariant causal factors.

fine-tuning them for Domain Generalized Semantic Seg-
mentation (DGSS) (Wei et al. 2024; Zhao et al. 2025; Zhang
and Tan 2025) has led to significant improvements, even
surpassing traditional CNN-based methods trained from
scratch (He et al. 2016; Ma et al. 2018; Zheng et al. 2025).
The predominant approach for fine-tuning VFMs is
Parameter-Efficient Fine-Tuning (PEFT) (Han et al. 2024),
where VFMs are kept frozen and only lightweight adapters
are fine-tuned. Despite their superior performance compared
to CNN-based models, transformer-based VFMs are often
found to exhibit artifacts in extracted features (Darcet et al.
2023; Wang et al. 2025). As illustrated in Figure 1(a), fea-
ture extraction with frozen DINOv2 reveals such artifacts.
This phenomenon primarily arises from long-term pretrain-
ing on large-scale datasets. Although such training makes
them highly expressive, it also introduces considerable re-
dundancy in the extracted features, i.e. , artifacts. Notably,
as shown in Figure 1(b), adapter-based fine-tuning meth-
ods can improve feature map quality, yet artifacts still per-
sist. Based on these observations, we hypothesize that these
PEFT methods tend to indiscriminately fine-tune features
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Figure 2: Left: Causal factors and non-causal factors (contain explicit and implicit non-causal factors). Right: Visualization of
images adding various non-causal factors actively after DCT, high- and low-frequency filtering (H&LF), and inverse DCT.

from layers that may contain such artifacts. As a result, re-
dundant features are not effectively suppressed, hindering
the utilization of valuable representations from the VFM and
ultimately degrading DGSS performance.

Recent advances in causal theory suggest that domain
generalization can benefit from eliminating non-causal fac-
tors and mining the invariance of causal ones, as only causal
factors tend to remain stable across domains (Lv et al. 2022;
Zhang et al. 2022; Xu et al. 2023; Liu et al. 2024; Zhang
et al. 2025). However, existing efforts in DGSS mainly focus
on removing explicit non-causal factors, like style-related
information. They often overlook the fact that implicit non-
causal factors may also adversely affect performance (Xu
et al. 2023). As illustrated on the left of Figure 2, commonly
used DGSS datasets contain two types of non-causal fac-
tors: (i) explicit ones, such as rain, snow, fog, and night;
and (ii) implicit ones, such as brightness, blur, noise, and
reflections. Prior works have largely ignored these implicit
factors, which may help explain the remaining artifacts ob-
served in Figure 1(b). These observations naturally motivate
our idea of removing both types of non-causal factors to pu-
rify VFM features and enhance generalization.

In this paper, we investigate two key questions and pro-
pose a method to explicitly identify and disentangle causal
and non-causal factors in DGSS, to improve our understand-
ing and enhance the performance on DGSS tasks. (1) How
can causal and non-causal factors be effectively identified
during the fine-tuning of VFMs? Frequency-based meth-
ods have long been considered effective for domain general-
ization. However, most works adopt the Fast Fourier Trans-
form (FFT) (Nussbaumer 1981) or Haar Wavelet Transform
(HWT) (Porwik and Lisowska 2004), which often fail to
identify implicitly non-causal factors and thus lead to sub-
optimal generalization performance. From a causal perspec-
tive, the frequency spectrum derived from Discrete Cosine
Transform (DCT) (Ahmed, Natarajan, and Rao 2006) has
been shown to better separate causal and non-causal fac-
tors (Xu et al. 2023). Therefore, we alternatively utilize DCT
to convert features from the spatial domain to the frequency
domain before fine-tuning, to explicitly identify both causal
and non-causal factors. (2) How can causal and non-causal
Jactors be disentangled within the frequency domain? We
actively inject various non-causal factors into images and
then apply DCT, high and low frequency filtering (H&LF),
and inverse DCT to transform images from the frequency
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domain back to the spatial domain. The results are visualized
on the right side of Figure 2. We observe that non-causal fac-
tors tend to concentrate in both the high- and low-frequency
components (second row). In contrast, residual components
(last row) preserve structural and textural patterns that are
relatively invariant across domains and are thus likely to rep-
resent causal factors.

To address the above challenges, we propose a simple
but effective method: Causal-Tune. First, we extract the
frequency spectrum of features from each layer using the
DCT. A Gaussian band-pass filter is then applied to decom-
pose the spectrum into causal and non-causal components.
Then, the non-causal components are discarded, and only
the causal components are retained for fine-tuning. A set
of causal-aware learnable tokens is introduced to refine the
causal components in the frequency domain. Finally, we use
iDCT to transform the refined features back to the spatial do-
main and pass them to the next layer. In summary, the main
contributions of this paper are as follows:

* We explore Parameter-Efficient Fine-Tuning of VFMs
for domain generalization semantic segmentation tasks
from a causal perspective.

We propose Causal-Tune, a novel fine-tuning strategy to
mine causal factors and remove non-causal factors from
the features of VFMs by a band-pass filter and then we
utilize a set of learnable tokens to refine the causal factors
from the frequency domain.

Extensive experiments conducted on various cross-
domain tasks show the effectiveness of Causal-Tune. In
particular, Causal-Tune achieves superior performance
in adverse weather conditions, improving +4.8% mloU
over the baseline in ‘Snow’ condition.

Related Work

Domain Generalized Semantic Segmentation with
Parameter-Efficient Fine-Tuning

The goal of Domain Generalized Semantic Segmentation
(DGSS) is to enhance a model’s generalization ability on
unseen domains by training only in a source domain. Re-
cently, VFMs have demonstrated strong representation abil-
ities thanks to large-scale pretraining, and DGSS methods
based on Parameter-Efficient Fine-Tuning (PEFT) have at-
tracted increasing attention. Rein (Wei et al. 2024) is the



first work to leverage PEFT for DGSS. They propose an em-
bedded fine-tuning mechanism that inserts a small number
of trainable parameters to refine feature maps between lay-
ers within the VFM. Subsequent PEFT-based DGSS works,
such as SET (Yi et al. 2024), design spectrally decomposed
tokens to learn style-invariant features, while FADA (Bi
et al. 2024) proposes a frequency-adapted learning scheme
to decouple style information from domain-invariant con-
tent. However, both of the above methods overlook an im-
portant fact: long-term pretrained VFMs often exhibit arti-
facts, and indiscriminately fine-tuning them can negatively
impact performance on downstream tasks. We observe that
artifacts are often associated with non-causal factors and
aims to investigate this issue from a causal perspective.

Frequency-based Domain Generalization

Many works applying frequency domain transformation
methods for domain generalization have demonstrated that
frequency-based information is robust to domain shifts. For
instance, FDA (Yang and Soatto 2020) utilizes the FFT
to swap the amplitude spectrum between images, achiev-
ing strong performance in DGSS. FACT (Xu et al. 2021)
addresses domain generalization by mixing the amplitude
spectra of image pairs from different source domains. More
recently, fine-tuning VFMs in the frequency domain for
DGSS has attracted growing interest. SET (Yi et al. 2024)
transforms the features of VFMs into the frequency domain
using FFT, and learns style-invariant features through a set
of learnable tokens. Similarly, FADA (Bi et al. 2024) lever-
ages the HWT to extract style information from the fre-
quency domain. However, they overlook the fact that long-
term pre-trained VFMs often exhibit artifacts, which hinder
the utilization of valuable representations and ultimately de-
grade DGSS performance. Different from previous works,
we explore the relationship between the frequency domain
and causal factors in DGSS, aiming to enhance generaliza-
tion performance by removing non-causal factors.

Causal Mechanism in Domain Generalization

Causal mechanism suggests that domain generalization can
benefit from mining invariant causal factors while remov-
ing non-causal factors, inspiring new methodologies for im-
proving the generalization ability of models. Specifically,
(Lv et al. 2022) proposes a representation learning method
to extract causal factors from inputs, thereby boosting gen-
eralization performance. (Zhang et al. 2022) introduces a
causal intervention reasoning module to learn invariant fea-
ture representations for multiple adverse weather general-
ization. UFR (Liu et al. 2024) constructs a structural causal
model to analyze the limitations of domain generalization
and designs a causal attention learning module to address
these challenges. The most similar work to ours is MAD (Xu
et al. 2023), which removes implicit non-causal factors by a
multi-view adversarial discriminator. However, the main dif-
ference between MAD and our work is that MAD relies on
a data-augmentation strategy, whereas our method directly
fine-tunes the features of VFMs after the explicit disentan-
gle of causal and non-causal factors.
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Proposed Method
Preliminaries

Given a frozen VFM with N layers (L1, Lo, ..., Ly), the
output feature of the i-th layer L; is denoted as f;. The fea-
ture propagation from layer L; to L;, can be expressed as:

fiv1 = Lita(fi)- (D

The core idea of fine-tuning VFMs in DGSS is to refine the
features between layers to improve the generalization on un-
seen domains, which can be formulated as:

fir1 = Lipa(fi + Af). 2

As f; remains frozen, the goal is to propose a method to
generate refined features Af;. To this end, we design a
novel fine-tuning method, which formulates the refinement
as Af; CausalTune( f;). The proposed method lever-
ages causal mechanism to enhance feature representations
by identifying and preserving causal factors while filtering
out non-causal ones.

Causal & Non-causal Factors Filter

As discussed above, the spectrum obtained by the Discrete
Cosine Transform (DCT) provides a more effective repre-
sentation for distinguishing between causal and non-causal
factors. In particular, the extremely high- and low-frequency
components of the spectrum are more likely to encode non-
causal information, while the remaining parts tend to capture
more causal factors. Based on this observation, we adopt a
simple yet effective approach by applying a band-pass filter
to separate causal and non-causal components. Specifically,
as illustrated in Figure 3(a), for the output features f;(h, w)
extracted from layer L; of the frozen VFM, we first use the
DCT to transform f;(h,w) into the frequency domain. This
process is mathematically formulated as:

FiDCT( ’U

H-1W-—
u, Z Z fi(h,w)
h=0 w=0
cos ((22;1)> - cos (W(QZ]‘; DL ) )

_ \/;,u—o a(v) = \/;7’0—0
\/;,u>0 \/;,v>0

where FPCT (u,v) denotes the frequency domain features
after DCT. H and W are the height and width of the fea-
tures. o(u) and «(v) are the normalization factors that en-
sure the energy conservation of DCT and inverse Discrete
Cosine Transform (iDCT).
Then, we apply a Gaussian band-pass filter to separate
causal and non-causal factors (features):
2
) G

Glu,0) = - ) ~o -

where Ry and Ry, denote the cutoff frequency for high- and
low-frequency, respectively. As a result, the causal features
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3)

u? 4+ v
2R?

u? +v
2R3,




(a) Causal & Non-causal Factors Filter

T

Non-causal Factors

Causal Factors

(b) Causal Factors Tune & @ Adding

® Pixel-wise product
® Softmax
Low-cutoff
High-cutoff

m{x}r
" 000 00

Causal-aware Learnable Token

# Layer L,

Input

Newe===

Head

® Layer Ly
Segmentation

Prediction

Figure 3: The pipeline of our proposed Causal-Tune. (a) The output feature f; of layer L; are first transformed to the frequency
domain feature FiD cr using DCT, and then a Gaussian band-pass filter separates it into causal factors F;** (red) and non-causal
factors F'~“*" (green). Only the causal factors are used for subsequent fine-tuning, while the non-causal factors are discarded.
(b) A series of causal-aware learnable tokens T;°** interacts with the causal factors F;°** through an attention mechanism to

refine them. The refined causal factors F£%* are then transformed back to the spatial domain ff‘“‘ using the iDCT.

F?** and non-causal features F;"~““" can be obtained from
the frequency domain by using a Gaussian band-pass filter:

Ffov = FiDCT(um) -G(u,v),

5

Frmeet = EPCT (y,v) - (1 — G(u,v)). ©)
As shown in Figure 3(a), the components below the low cut-
off frequency R, and above the high cut-off frequency Ry
are considered as non-causal factors F'~ “*" (green), while
the remaining components are considered as causal factors
FEfe" (red). The objective of our method is to mine causal
factors from the VFMs, as they contain domain-invariant
information, whereas non-causal factors primarily encode
domain-specific information. Thus, the non-causal factors
F"~¢" are discarded, and only the causal factors F;°** are
retained for fine-tuning.

Causal Factors Tune

Building on awareness of domain-invariant causal factors,
we introduce a learnable token 7°** to fine-tune these causal
factors within each VFM layer. As shown in Figure 3(b), the
learnable token of layer L; can be represented as:

Ticau — B7114717 Ecau c Rmxc, (6)
where B; € R™*" and A; € R"*¢, with m representing the
length of the sequence T7°**, and c denoting the dimension-
ality of the feature f;.

To allow each learnable token to capture task-specific
knowledge and improve segmentation performance, we uti-
lize an attention-based mechanism to enhance the semantic
clarity of causal factors (Pak et al. 2024; Yi et al. 2024).
Specifically, we consider causal factors F;** as Query,
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causal-aware learnable token T;°** as Key and Value. The at-
tention weights W, are computed through a pixel-wise prod-
uct between 7" and T77*“. Then, the token T;** (Value)
are projected into the feature space of F;°** using a multi-
layer perceptron M L P;. Additionally, a residual connection
is incorporated to better align the token 77°** with the cor-
responding causal factors F;°*“. Finally, an additional MLP
layer, denoted as M L Ps, is applied for flexible feature re-
finement. Residual connections are incorporated to mitigate

vanishing gradient issues. The refined causal factors Ff‘“‘ in
the frequency domain are computed as follows:

cau Tg:auT
W; = Softmax ( i X ) , (7N
e
Fy™ « FE™ 4+ W; x MLPy(T{"), ®)
Ficau _ Ficau + MLP2 (Ficau), (9)

where the softmax activation function is used to normal-
ize the attention weights. Furthermore, an inverse Discrete
Cosine Transform (iDCT) is required to convert the refined
causal features from the frequency domain back to the spa-
tial domain. The detailed process is described as follows:

H-1W-1

Fre(hyw) = alwyav) Y- Y F* (u,v):

u=0 v=0
cos m( cos
2H 2W
\/E,u=0 \JEu=0
,/%,u>0 1/%,U>0

where ff““ (h,w) denotes refined causal features in the spa-
tial domain.

2h 4+ 1)u (2w 4 1)v

o(u) = (10)



| Trained on C. — ACDC

| Trainedon C. | Trained on G.

Method | Night Snow Fog Rain Avg. | =B. — M. |—-C —B — M.
Resnet-based:

IBN (Pan et al. 2018) 21.2 496 63.8 504 463 | 4856 57.04 | 3385 3230 37.75
Itenorm (Huang et al. 2019) 23.8 499 633 501 469 | 4923 5626 | 31.81 32770 33.88
IW (Pan et al. 2019) 21.8 476 624 524 46.1 | 4849 5582 | 2991 2748 29.71
ISW (Choi et al. 2021) 24.3 498 643 560 48.6 | 50.73 58.64 | 36.58 3520 40.33
DIRL (Xu et al. 2022) - - - - - 51.80 - 41.04 39.15 41.60
Transformer-based.:

HGFormer (Ding et al. 2023) 52.7 68.6 699 720 658 | 5340 66.90 - - -
CMFormer (Bi, You, and Gevers 2024) | 33.7 643 778 67.6 609 | 59.27 71.10 | 5531 4991 60.09
VFM-based.:

Rein (Wei et al. 2024) 55.9 70.6  79.5 72,5 69.6 | 63.54 74.03 | 6640 60.40 66.10
SET (Yi et al. 2024) 57.3 73.6 80.1 748 715 | 65.07 75.67 | 68.06 61.64 67.68
FADA (Bi et al. 2024) 57.4 73.5 802 750 715 | 65.12 7586 | 68.23 61.94  68.09
Ours 56.2 754 813 752 72.0 | 6628 76.05 | 66.22 61.80  68.21
Comparison with Baseline (Rein): | 03 +48 +1.8 427 424 | 4274 4202 | -0.18 +1.40 +2.11

Table 1: DGSS performance of our proposed Causal-Tune. G., C., B. and M. denotes GTAS, Cityscapes, BDD100K and

>

Mapillary datasets, respectively. ‘-

indicates that the results are not reported in the original paper and no source code is

available. Note that in order to be consistent with previous methods, only report one decimal official results under C. — ACDC
setting. Blod and underline results represent best and second-best performance, respectively.

Experiments
Benchmarks and Training Setting

Datasets and Metric. We evaluate the performance of
Causal-Tune on five driving-scene datasets that share 19
categories for DGSS. Cityscapes (Cordts et al. 2016) is
a widely used dataset for autonomous driving, which con-
tains 2975 training images and 500 validation images with a
resolution of 2048 x1024. GTAS (Richter et al. 2016) pro-
vides 24966 images with 1914x 1052 resolution obtained
from the game engine. ACDC (Sakaridis, Dai, and Van Gool
2021) comprises 406 images for validation, which covers
four adverse conditions, i.e. , night, snow, fog, and rain.
BDD100K (Yu et al. 2018) is a large-scale dataset that
consists of 70k training images and 10k validation images.
Mapillary (Neuhold et al. 2017) has 18000 and 2000 images
for training and validation, respectively. Following previous
works (Wei et al. 2024; Yi et al. 2024), we adopt the mean
Intersection of Union (mlIoU) as the evaluation metric.

Implementation details. Following previous VFM-based
fine-tuning methods on DGSS, we choose DINOv2 (Oquab
et al. 2023) and Mask2Former (Cheng et al. 2022) as the
default VFM and segmentation head. AdamW is usd as the
optimizer with a base learning rate of le-4. We set Rp,
0.2 and Ry = 0.7 in Gaussian band-pass filter. The model
is trained 40000 iterations with a batch size of 4 and all the
resolution of input images is 512 x 512. Our method is im-
plemented based on MMSegmentation (Contributors 2020)
with a single RTX3090 GPU, occupying 14 GB memory.

Comparison with SOTA Methods

We use Rein (Wei et al. 2024) as baseline and following
by Rein, we compare our method with existing DGSS on
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three setups: i) Cityscapes (C.) — ACDC, ii) Cityscapes
(C.) —» BDDI00OK (B.), Mapillary (M.) and iii) GTAS (G.)
— Cityscapes (C.), BDD100K (B.), Mapillary (M.). In ad-
dition, we also compare with three types of DGSS methods:
1) ResNet-based, 2) Transformer-based, and 3) VFM-based
methods, to verify the effectiveness of our Causal-Tune. All
of our experiments are implemented and averaged by three
independent repetitions.

As shown in Table 1, Causal-Tune outperforms all
Resnet-based and Transformer-based methods. In addition,
by elaborately designing the causal factors tuning, our
method achieves the best results in 7 out of 10 cases and
the second-best results in 1 case compared to VFM-based
methods. The detailed results are as follows:

i) Cityscapes (C.) —» ACDC. As illustrated in the second
column of Table 1, our method has an obvious advantage in
performance owing to its Causal & Non-causal Factors Filter
and Causal Factor Tune strategy. It achieves the best results
on ‘Snow’, ‘Fog’, and ’Rain’ weather conditions, outper-
forming SET (Yi et al. 2024) and FADA (Bi et al. 2024) by
(1.8% & 1.9%), (1.2% & 1.1%), and (0.4% & 0.2%) respec-
tively. Furthermore, compared to baseline method Rein (Wei
et al. 2024) (in the last row of Table 1), Causal-Tune brings
a 2.4% improvement (72.0% vs. 69.6%) on average, where
the most notable improvement is on ‘Snow’ condition (from
70.6% to 75.4%, +4.8%). Moreover, our method achieves a
large margin improvement (from 72.5% to 75.2%, +2.7%)
on ‘Rain’ condition, an impressive improvement of +1.8%
is obtained on ‘Fog’ condition, and a satisfactory result on
‘Night’ condition (56.2% vs. 55.9%). The above compari-
son clearly demonstrates the effectiveness of our proposed
method on adverse weather conditions.



Trained on C. —+ ACDC

|
Method | Night ~ Snow  Fog Rain | Avg.
571 711 80.6 692 | 695
HWT 52.8 72.2 79.4 72.4 69.2
DCT (Ours) 56.2 75.4 81.3 75.2 72.0
| Trainedon C. | Trained on G.
Method | #B. - M. | —=C. —B. —M.
65.07 71.00 | 6522 60.56 64.77
HWT 64,43 71.52 65.77 61.08 66.66
DCT (Ours) | 66.28 76.05 66.22 61.80 68.21

Table 2: Analysis of different frequency domain transforma-
tion methods.

Frequency Filter ‘ Trained on C.

LF HF L&HF | Night Snow Fog Rain Avg.
- - - 55.9 706 795 725 69.6
v - - 573 721 732 71.1 684
- v - 54.8 737 805 741 704
- - v 562 754 813 752 720

Table 3: Ablation studies on different filtering methods for
DCT frequency spectrum. LF is low-frequency filtering, HF
is high-frequency filtering and L&HF denotes both low and
high-frequency filtering, i.e. , a band-pass filter.

ii) Cityscapes (C.) — BDD100K (B.), Mapillary ()M.).
As illustrated in the third column of Table 1, Causal-
Tune achieves a new SOTA performance under C. — B.
(66.28%) and C. — M. (76.05%) setting, respectively.

iii) GTAS (G.) — Cityscapes (C.), BDD100K (B5.), Map-
illary (M.). As shown in the fourth column of Table 1,
compared with the SOTA method FADA (Bi et al. 2024),
our method obtains the best result on G. — M. setting
(68.21%). Moreover, our method can still achieve compet-
itive results under G. — B. (61.80% vs. 61.94%) setting.

However, our method achieves a worse performance
under G. — C. setting. We think the reason is that
GTAS (Richter et al. 2016) is a synthetic dataset while
Cityscapes (Cordts et al. 2016) is obtained from real scenes.
Our method may not be able to mine causal factors effec-
tively under synthetic-to-real generalization.

In summary, our proposed method not only obtains an ex-
cellent performance in real-to-real setting (C. — ACDC and
C. — B., M.) but also maintains a satisfactory performance
in synthetic-to-real setting (G. — C'., B., M.).

Ablation Studies and Analysis

Analysis of different frequency domain transformation
methods. As mentioned earlier, the frequency spectrum
derived from the DCT has been shown to better separate
causal and non-causal factors compared to methods based on
FFT and HWT. In this section, we explore the effects of dif-
ferent frequency domain transformation methods on Causal-
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Figure 4: Accuracy matrix of cutoff frequency analysis un-
der C. — ACDC generalization. The horizontal and vertical
axis are low- and high-cutoff frequency, respectively.

Tune. From Table 2 we can observe that HWT cannot re-
veal causal and non-causal factors well, while FFT is simply
better at removing the non-causal factor of ‘Night’. How-
ever, our proposed method outperforms FFT and HWT on
most of the DGSS setups, which demonstrates that Causal-
Tune could mine causal factors and remove non-causal fac-
tors better by utilizing DCT.

Different filtering method on DCT frequency spectrum.
To further verify the effectiveness of the DCT in our method,
we conduct an ablation study on different filtering methods
for the DCT frequency spectrum. Specifically, compared to
baseline (Wei et al. 2024) (the first row in Table 3), when
we only remove the low-frequency components (LF) in the
DCT spectrum, the performance improves under ‘Night” and
‘Snow’ condition, while it degrades under other conditions
(the second row in Table 3). Moreover, from the third row
of Table 3, removing high-frequency (HF) could enhance
the generalization of the model under ‘Snow’, ‘Fog’ and
‘Rain’ conditions. In our method, we remove both low- and
high-frequency components in the DCT spectrum, i.e. , use
a band-pass filter, we achieve the best average performance
in four conditions (72.0% in the last row).

Based on this experiment, we can observe that non-causal
factors like ‘Fog’ and ‘Rain’ are mostly concentrated in
the high-frequency of the DCT spectrum, whereas non-
causal factors of ‘Night’ are mostly concentrated in the low-
frequency of the DCT spectrum. Moreover, ‘Snow’ exists in
both low- and high-frequency and a band-pass filter could
remove these non-factors more effectively.

Analysis of the cutoff frequency parameters for the
band-pass filter. To verify the impact of the band-pass fil-
ter cutoff frequencies in our method on the DGSS task, we
conduct experiments under C. — ACDC setting with dif-
ferent cutoff frequencies and compute the corresponding ac-
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Figure 5: of feature map from different VFMs. We show the feature maps of frozen DINOv2 (Oquab et al. 2023), EVA02 (Fang
et al. 2024), CLIP (Radford et al. 2021) and after fine-tuning by our method.
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Figure 6: Visualization segmentation results under C. — ACDC generalization. Causal-Tune is compared with ISW (Choi et al.
2021) (ResNet-based), HGFormer (Bi, You, and Gevers 2024) (Transformer-based) and FADA (Bi et al. 2024) (VFM-based).

curacy matrix. As shown in Figure 4, when low-cutoff fre-
quency Ry < is 0.2 and high-cutoff frequency Ry < is
0.8, the model generalizes better under four adverse weather
conditions. However, as both cutoff frequencies increase
(Rr > 0.2, Ry > 0.8), the performance of the model de-
grades. Thus, we set Ry, = 0.2, Ry = 0.7 as the default.

Visualization Results

Feature map visualization of different VFMs. As men-
tioned before, the artifacts in the feature of VFMs may be
caused by implicit non-causal factors that are not fully elim-
inated during the fine-tuning. In Figure 5, we observe that
the artifacts in EVAO2 are significantly reduced after fine-
tuning by our method. Moreover, the artifacts in DINOv2
and CLIP are also removed. This demonstrates that remov-
ing non-causal factors can reduce artifacts in VFMs and al-
low models to focus on domain-invariant causal factors.

Visualization of segmentation results. To further show
the effectiveness of our Causal-Tune, we present some visu-
alization results on C. — ACDC setting. As shown in Fig-
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ure 6, our method shows better segmentation results not only
the ResNet-based method ISW (Choi et al. 2021) and the
Transformer-based method HGFormer (Bi, You, and Gevers
2024), but also VFM-based method FADA (Bi et al. 2024).

Conclusion

In this paper, we propose a novel VFM-based PEFT method
named Causal-Tune for DGSS from a causal perspective. In
order to explicitly mine the causal and non-causal factors
of features within VFMs for DGSS, our method incorpo-
rates two key components: i) Causal & Non-causal Factors
Filter to disentangle causal factors and non-causal factors
within the frequency domain, and ii) Causal Factors Tune,
which utilizes a set of causal-aware learnable tokens to re-
fine the causal factors to enhance the ability of general-
ization. Extensive experiments conducted on various cross-
domain tasks show the effectiveness of our method. How-
ever, the generalization of the model is somewhat sensitive
to the high- and low-cutoff frequency of the band-pass filter,
and we plan to design a dynamic cutoff frequency to allow
the model to adapt to various conditions in the future.
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