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Abstract

Domain adaptation has been extensively studied in com-
puter vision but typically requires access to target im-
ages during training, which may not always be practi-
cal. Zero-shot domain adaptation overcomes this limita-
tion by adapting CLIP-based model trained on a source do-
main using only a natural language description of the tar-
get domain, i.e., a prompt, eliminating the need for target
domain images. Existing approaches depend on domain
IDs and domain-specific models, requiring prior knowl-
edge to choose the correct model and train separate mod-
els for each target domain using CLIP text embeddings,
limiting their flexibility. To address these limitations, we
propose PiCaZo, a novel Pixel-aligned Contrastive Learn-
ing Approach for Zero-shot Adaptation. To capture multi-
perspective representations in the style of potential target
domains and incorporate local contextual cues across di-
verse domains, we introduce VOLT-PIN alongside Con-
trastive NightVision Learning. During model adaptation,
Contrastive Domain Alignment (CDA) ensures alignment
of text-rectified rain and fog features, while Fog-Adaptive
Contrastive Training (FACT) improves decoder adaptation.
These components operate in synergy to refine the simula-
tion process, ensuring better alignment between simulated
features and target text for more effective adaptation. Ex-
tensive semantic segmentation experiments show that Pi-
CaZo surpasses the baseline by an average of 3.6% across
three benchmark datasets, all while preserving inference-
time model complexity. It also achieves superior perfor-
mance compared to state-of-the-art methods.

1. Introduction
Deep learning models for semantic segmentation must be
resilient to domain shifts and exhibit strong generalization

*Equal contribution.

Figure 1. Comparison of PiCaZo with other models on the source
domain (Cityscapes) and target domain (ACDC), showing consis-
tent improvements. ULDA further improves with our VOLT-PIN
tuning.

capabilities, supporting applications in autonomous driv-
ing [6, 42] and robot navigation [2]. A robust segmen-
tation model should consistently perform well across di-
verse lighting [36], weather [37, 38], and geographic con-
ditions [34, 35]. However, these models often suffer sub-
stantial performance drops when target domain test data di-
verges from the training distribution, highlighting their lim-
ited generalization across diverse domains. In particular,
when tested on out-of-distribution data, they tend to suffer
substantial performance drops [27], limiting their effective-
ness in real-world scenarios such as autonomous driving in
dynamic and unpredictable environments.

Unsupervised Domain Adaptation (UDA) aims to bridge
the domain gap by learning domain-invariant representa-
tions that align a labeled source domain with a predefined,
unlabeled target domain [15, 16, 25, 40, 41]. However,
practical constraints such as privacy and security concerns,
cost and logistical challenges, or data scarcity can limit di-
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rect access to target data [42]. Moreover, even when tar-
get domain data is available, it may not sufficiently cap-
ture the diverse variations encountered in real-world scenar-
ios, thereby constraining the scalability and effectiveness of
these approaches and presenting a fundamental challenge
for robust generalization.

Recent progress in vision-language foundational models
[3, 24, 28] has greatly improved the interaction between
image-text pairs, enabling robust adaptation to novel con-
cepts. CLIP [28], a vision-language model (VLM) trained
on 400 million internet-sourced image-text pairs, exempli-
fies these advancements. VLMs excel in adaptability, open-
set recognition, and cross-domain transfer, as highlighted
by LCA [33], demonstrating superior generalization over
vision-only models. This has inspired numerous studies that
harness the zero-shot capabilities of VLMs to address do-
main adaptation challenges [15, 18, 22].

Notably, Prompt-driven Zero-shot Domain Adaptation
(PØDA) [12] stands out by generating representative target
domain features without requiring target domain images,
while preserving pixel-wise semantics for effective adap-
tation to unseen domains. By using language embeddings
from CLIP [28] to simulate target domain visual represen-
tations and adapting the model accordingly, PØDA elimi-
nates the need for target images and introduces zero-shot
adaptation to create novel domains using text embeddings,
relaxing the constraints of UDA. However, a key limitation
of PØDA is its reliance on prior knowledge, specifically the
domain ID, to select the appropriate domain-specific model.
Separate models are trained for each target domain, leverag-
ing CLIP text embeddings for guidance. During inference,
the system first determines the current target domain using a
Domain ID and then selects the corresponding model. How-
ever, the reliance on domain-specific customization imposes
constraints on flexibility, hindering the model’s seamless
adaptability across diverse and dynamic scenarios.

To generalize across diverse target domains without rely-
ing on explicit cues like domain ID during inference, ULDA
[45] enables a single model to adapt seamlessly, ensuring
robust performance across multiple domains. During model
adaptation with simulated features, addressing discrepan-
cies with the actual target domain is crucial, as their direct
use may shift the segmentation head from true target distri-
butions. ULDA introduces the Text-Driven Rectifier (TDR)
scheme, which addresses this issue by refining the simu-
lation process to better align simulated and target features.
However, the learnable parameters in TDR are optimized
solely with segmentation loss, receiving limited supervi-
sion. PODA and ULDA use text embeddings for adapta-
tion without target images, boosting generalization. How-
ever, both approaches rely on frozen CLIP encoders, with-
out fine-tuning on downstream datasets or tasks.

CLIP’s image-level supervision equips it with strong

global representations, making it effective for high-level vi-
sion tasks but limiting its performance in pixel-level seg-
mentation [11, 48]. Semantic segmentation demands a nu-
anced balance between global scene comprehension and
fine-grained local detail [30, 43, 46]. However, CLIP’s
lack of localized supervision often results in dense fea-
ture representations misaligned with textual embeddings,
leading to the capture of noisy and semantically inconsis-
tent regions [23, 39, 48]. Fine-tuning CLIP for segmen-
tation enhances adaptation to domain-specific variations
but frequently leads to the loss of prior knowledge [11].
Parameter-efficient fine-tuning methods adapt with mini-
mal parameter changes while keeping the pretrained back-
bone frozen, with prompt tuning methods [7, 49, 50] and
adapter-based approaches [17, 47] being constrained by ar-
chitectural limitations. In addition to the increased compu-
tational cost of full backpropagation and longer runtimes,
these methods are specifically designed for transformer lay-
ers and do not naturally extend to convolutional networks
[13].

The key challenge is effectively fine-tuning while pre-
serving out-of-domain generalization and minimizing dis-
tortion, as performance degrades under substantial distri-
bution shifts [20]. Recent work explores fine-tuning tech-
niques aimed at preserving CLIP’s robustness under distri-
bution shifts. ProLIP [13] introduces a fine-tuning approach
that surpasses state-of-the-art prompt learning and adapter-
based methods, demonstrating the effectiveness of fine-
tuning strategies. However, these methods are primarily
limited to classification tasks [14]. As observed in PODA,
making these encoders trainable frequently causes a per-
formance drop that must be mitigated. DGSS [14] adopts
a strategy that allows only the last convolutional block of
the CLIP vision backbone to be trainable, emphasizing the
significance of minimal fine-tuning. It observes a substan-
tial performance drop with vanilla fine-tuning and DP or
DP-FT strategies [31]. Fine-tuning is crucial for extend-
ing CLIP beyond image-level supervision, enhancing per-
formance, robustness, and real-world applicability. These
findings underscore the importance of strategic fine-tuning
to preserve CLIP’s effectiveness in semantic segmentation.

To address this, we propose PiCaZo, a novel Pixel-
aligned Contrastive learning Approach for ZerO-shot do-
main adaptation. During the zero-shot feature augmen-
tation stage, to train the CLIP vision encoder Eimg with
multi-perspective views of the same objects and incor-
porate local contextual information across different target
domain styles, we introduce VOLT-PIN strategy along-
side Contrastive NightVision Learning. Robustness to
distribution shifts depends on preserving domain-invariant
knowledge. However, CLIP’s image encoder generates
input-specific representations rather than being inherently
domain-invariant, with its strong generalization across
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datasets and domains primarily attributed to robust text
embeddings [1]. To bridge the gap between pretraining
and fine-tuning on supervised pixel classification, VOLT-
PIN trains only the CLIP vision encoder while keeping the
text encoder frozen. VOLT-PIN operates without introduc-
ing additional trainable parameters, leveraging high-quality
pretrained features to enable effective fine-tuning even un-
der significant distribution shifts. Contrastive NightVi-
sion Learning enhances intra-domain representation learn-
ing, refining night-specific feature adaptation. During the
model adaptation stage, Contrastive Domain Alignment
(CDA) aligns text-rectified rain and fog features, while Fog-
Adaptive Contrastive Training (FACT) further refines the
decoder for fog-specific features. It further refines the sim-
ulation process to improve alignment between simulated
and target features, providing additional supervision to the
learnable parameters in TDR. This cultivates a more distinct
embedding space, improving model adaptation as observed
in Fig. 1. The key contributions of this paper are:
• We introduce PiCaZo, a novel framework for zero-shot

domain adaptation. In the zero-shot feature augmentation
stage, we propose VOLT-PIN with Contrastive Learning
for Night-time Enhancement to tackle significant distribu-
tion shifts, enabling effective fine-tuning and enhancing
intra-domain representation learning for improved night-
specific feature adaptation.

• In the model adaptation stage, we propose Con-
trastive Domain Alignment (CDA) alongside Contrastive
Learning-Based Training for Fog-Mined Decoder Adap-
tation, leading to improved model robustness.

• Experimental evaluations on three public datasets show
that the proposed PiCaZo consistently outperforms state-
of-the-art models, especially under challenging weather
conditions. It achieves this while preserving the base-
line model’s complexity and delivering enhanced perfor-
mance even in the source domain.

2. Related Works
Domain adaptation Unsupervised Domain Adaptation
(UDA) seeks to minimize the domain gap by learning
domain-invariant representations, aligning a labeled source
domain with a predefined, unlabeled target domain [15, 25,
40]. Recently, One-Shot Unsupervised Domain Adapta-
tion (OSUDA) has emerged [4], posing the challenge of
adapting models with only a single target domain image.
To tackle this, Style Mixing and Patch-Wise Prototypical
Matching (SM-PPM) [44] has been introduced. For the
more challenging Zero-Shot Domain Adaptation setting,
no target images are available for adaptation. Recently,
[12] proposed Prompt-Driven Zero-Shot Domain Adapta-
tion (PODA), which eliminates the need for target domain
data by leveraging natural language descriptions to adapt
the model to new environments. ULDA [45] tackles the

challenge of refining a model’s embedding space to accom-
modate multiple domains while preserving semantic dis-
criminability across categories.
CLIP Fine-Tuning for Downstream Tasks Parameter-
efficient fine-tuning adapts models with minimal parame-
ter changes while keeping the pretrained backbone frozen.
However, these methods are tailored for transformer lay-
ers and do not seamlessly extend to convolutional networks
[13]. [20] studies lightweight fine-tuning, updating a small
model portion for better robustness, though it may distort
pretrained features and hurt OOD generalization. ProLIP
[13] uses CLIP’s text-image compatibility without introduc-
ing learnable parameters or altering the model architecture.
It trains a linear classifier on frozen features, outperform-
ing state-of-the-art prompt tuning and adapters, showcas-
ing fine-tuning effectiveness. Recent fine-tuning methods
maintain CLIP’s robustness under shifts but are limited to
classification [14]. These fine-tuning approaches depend on
the specific downstream task [14]. PODA enables zero-shot
segmentation with frozen CLIP encoders, but fine-tuning
deeper vision layers degrades performance. DGSS [14] al-
lows only the last convolutional block of the CLIP vision
backbone to be trainable, emphasizing the value of mini-
mal fine-tuning. It observes a drastic drop in performance
when following DP, DP-FT strategies [31]. The results
highlight the need for strategic fine-tuning strategies to pre-
serve CLIP’s robustness in semantic segmentation.

3. Preliminaries
We review PØDA [12], a zero-shot domain adaptation
method that uses textual prompts, TrgPrompt, eliminat-
ing the need for target domain images. In Stage-1, the
model undergoes Zero-shot Feature Augmentation to gen-
erate target domain features, while the Model Adaptation
stage fine-tunes the segmentation head using these features.
The segmentation model M consists of an encoder Mfeat

followed by a decoder and classification head Mcls, i.e.,
M=(Mfeat,Mcls). The encoder is the CLIP image encoder
Eimg (ResNet-50 backbone), while the textual prompts are
encoded using the CLIP text encoder Etext. The target do-
main embedding, denoted as TrgEmb, is defined as TrgEmb
= Etext(TrgPrompt), representing the CLIP-generated text
embedding for the target domain prompt.
Zero-shot Feature Augmentation introduces Prompt-
driven Instance Normalization (PIN), as defined in Eq. 1,
where learnable variables µ and σ are guided by a text do-
main prompt to simulate target domain characteristics, ex-
tracting style statistics from the imaginary target feature
map ft, given by,

fs→t = PIN(fs, µ, σ) = σ(
fs − µ(fs)

σ(fs)
) + µ (1)

where, µ(fs) and σ(fs) denote the mean and standard
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Figure 2. Target extraction from the source image through zero-
shot feature augmentation. The source image is processed through
the CLIP image encoder to obtain f̄s → t CLIP embedding.
PROJV OLT projects the features, enabling the concurrent extrac-
tion of multiple target style variations, aligning with correspond-
ing TrgEmb for different domains { τnight, ..τrain}. Contrastive
NightVision Learning (CNL) applies LCL for pixel-level super-
vised contrastive learning, enhancing night-specific feature adap-
tation.

deviation of the source input features, (fs). This is depicted
as the augment(·) operation in Fig. 2, which integrates tar-
get domain style into fs, generating fs→t while preserv-
ing its dimensions and semantic integrity. PIN transforms
source domain features into the target domain fs→t. Fi-
nally, these features are projected into the CLIP latent space,
resulting in f̄s→t. For style mining, the loss function in
Equation 2 is optimized for (µ, σ) to enhance the similar-
ity between f̄s→t and the CLIP text embeddings TrgEmb,
given by,

Lµ,σ(f̄s→t, T rgEmb) = 1− f̄s→t.T rgEmb

∥ f̄s→t ∥∥ TrgEmb ∥
(2)

This promotes alignment between the transformed features
and textual representations, supporting successful adapta-
tion from the source to the target domain. In order to pre-
serve the CLIP latent space, Mfeat is frozen in PODA.
Model Adaptation PODA fine-tunes the segmentation
head to improve the model’s adaptation to target domain.
During this stage, only source domain images and the mined
target style (µ, σ) are used, selected based on the specific
domain. The simulated target domain features are leveraged
to fine-tune the segmentation head Lseg , refining the classi-
fier Mcls for effective adaptation to the target domain. The
training in this stage is guided by the segmentation loss, i.e,
cross-entropy loss between the predictions and the ground-
truth labels. During the backward pass, only the weights of
Mcls are updated using the loss gradients, resulting in the
adapted model, M

′
= (Mfeat,M

′

cls).

4. Methodology
Problem Formulation UDA requires target domain data,
which may not always be feasible. Zero-shot domain adap-
tation enhances a model’s generalization without the need
for actual target data. Model M is trained on the source
domain Ds using xs training samples with pixel-level la-
bels for semantic segmentation task, without access to tar-
get domain data Dt, across n such use unseen target do-
mains. M uses pre-defined textual prompts TrgPrompt, to
interpret target domain scenarios. The objective is to ex-
tract relevant information from textual descriptions to adapt
source visual features across different domains while pre-
serving the meaningful semantic consistency of the source
domain. Unlike PODA, which uses separate models for in-
dividual scenarios, our goal is to train a single model capa-
ble of adapting to a broad spectrum of domain conditions
without relying on specific domain IDs.

4.1. PiCaZo: Pixel-aligned Contrastive learning for
Zero-shot adaptation

Zero-shot Feature Augmentation To train the CLIP vision
encoder Eimg , with multi-perspective about same objects,
incorporating local contextual information for different tar-
get domains, we propose the VOLT-PIN along with Con-
trastive NightVision Learning (CNL).
(i) VOLT-PIN (Vision-Only, Locked-Text with PIN): Seman-
tic segmentation relies on the sophisticated understanding
of both global context and local context for fine-grained de-
tails [30, 43, 46]. However, CLIP’s image-level supervision
often results in dense local features that capture noisy re-
gions for a given concept [23, 39, 48]. To refine the en-
coder for the downstream task, we fine-tune it on the source
training data using the VOLT-PIN (Vision-Only, Locked-
Text with PIN) strategy.

Since CLIP’s strong generalization ability is largely at-
tributed to its robust text embeddings [1], we keep the CLIP
text encoder Etext frozen while fine-tuning all layers of the
CLIP vision encoder Eimg on the source training data. Un-
like PODA [12] and ULDA [45], which use frozen encoders
relying on noisy local features within the CLIP embedding
space for segmentation, we fine-tune the entire CLIP vi-
sion encoder, including the first layer used for style mining
by PIN, to enhance local context perception. During each
training iteration, n target style variations are mined con-
currently, and the features for each potential target domain,
obtained after the attention pooling layer of Eimg , are pro-
jected into the text embedding space via a projection layer,
denoted by

f̄s→t = ProjV OLT (f̄s→t) (3)

For style mining, the loss function in Equation 2 opti-
mizes (µ, σ) to align TrgEmb with the projected features.
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Unlike PODA [12], we project all features simultaneously
to align with their respective TrgEmb, as shown in Fig. 2.
As all potential target styles are mined concurrently in each
iteration, each concept is observed from multiple target per-
spectives, integrating local information from the vision en-
coder with text features for a richer understanding of vi-
sual concepts. To align f̄s→t with target text embeddings
while maintaining distinct semantic characteristics across
categories, we use the regional alignment Lr and domain
consistency (LDC) losses from ULDA [45]. These losses
are useful for training Eimg and enhancing style mining.
(ii) Contrastive NightVision Learning (CNL): To refine
intra-domain representation learning for night-specific fea-
tures, we propose pixel-level supervised contrastive learn-
ing framework for enhanced night-time feature discrimina-
tion. This process fine-tunes the Eimg to simultaneously
learn night-domain-specific style representations, which are
iteratively mined using PIN augmentation. When mining
only the night domain style specifically for the CLIP visual
features f̄s→night, we employ pixel-level contrastive learn-
ing LCL, as shown Fig. 2.

Features from first four layers are upsampled and
mapped into an embedding space via a projection head hCL.
Supervised contrastive learning [19] is employed to clus-
ter pixel embeddings of the same category while separating
those of different categories. Using pixel-wise labels, pixels
of the same class serve as positive samples, whereas pixels
from different classes are treated as negative samples. The
pixel-wise contrastive loss is given by,

LCL = −
∑

C(i)=C(j)

log
r(ei, ej)∑Np
k=1 r(ei, ej)

(4)

Here, ei denotes the ith feature map derived from the
projection head, while Np represents the total number of
pixels. The similarity measure, r, is computed using an ex-
ponential similarity function: r(ei, ej) = exp(s(ei, ej) / τ ),
where s denotes cosine similarity and τ is the temperature
parameter. While various sampling strategies can be ap-
plied, we empirically find that the semi-hard example sam-
pling strategy [9] delivers the best performance. Given that
night is the most challenging domain for model adaptation,
we prioritize training the encoder layers specifically for this
setting. Emphasizing night-domain adaptation through con-
trastive learning refines semantic representation, fostering
enhanced generalization across diverse domains.
Model Adaptation Discrepancies between simulated and
actual target features can misalign the segmentation head,
degrading performance. To address this, ULDA introduces
a text-driven rectifier (TDR) in stage 2 of the model adapta-
tion, defined as

f̃s→t = β(σ̃(
f̄s→t − µ(f̄s→t)

σ(f̄s→t)
) + µ̃) + f̄s→t (5)

where β is a learnable parameter. σ̃ and µ̃ are derived by
passing CLIP text embeddings through a projection layer
to capture the target domain features. f̃s→t are obtained
from multiple domains to fine-tune the head. TDR pre-
serves domain uniqueness, enhancing generalization and
multi-domain adaptation. However, the learnable parame-
ters in TDR are optimized solely using segmentation loss.
To further enhance training, we introduce an additional con-
trastive learning objective. Specifically, we propose Con-
trastive Domain Alignment (CDA), which comprises class-
wise contrastive learning for Text-rectified rain & fog fea-
tures and Fog-Adaptive Contrastive Training (FACT) for
fog-mined decoder adaptation.
(iii) Contrastive Domain Alignment (CDA): We aim to con-
struct a discriminative embedding space for each segmenta-
tion class, with a stronger emphasis on fog and rain-mined
styles for improved learning. To achieve this, we optimize
the text-rectified features f̃s→fog and f̃s→rain using a su-
pervised contrastive loss. The feature f̃s→fog , denoted as
F(m,n), is paired with f̃s→rain as an anchor, represented
by Fa(m,n), where (m,n) indicates the pixel position in the
feature map, as both retain the same spatial content. Neg-
ative samples are determined using a resized segmentation
label yD. The features are projected into a shared embed-
ding space via the projection head π, as shown in Fig. 3 and
trained using the loss defined below,

LCDA =
∑

LIN (F(m,n), Fa(m,n), F(p,q)) (6)

where, LIN represents the InfoNCE loss [26], where
(p,q) ∈ { (p,q) ∈ P | y(p,q) ̸= y(m,n) }, with P denoting
all pixel positions in the feature map.
(iv) Fog-Adaptive Contrastive Training (FACT): We employ
a unique approach to fine-tune Mcls using f̃s→fog . This in-
volves optimizing the text-rectified features f̃s→fog along-
side the layer preceding the prediction head in Mcls, de-
noted as Xq through a supervised contrastive loss. The
feature f̃s→fog , denoted as F(m,n), is paired with Xq as
an anchor, represented byXq

a(m,n), where (m,n) indicates
the pixel position in the feature map. Negative samples are
identified using a resized segmentation label. The features
are then mapped into a shared embedding space through
projection head, as shown in Fig. 3 and optimized using
the loss function defined below,

LFACT =
∑

LIN (F(m,n), X
q
a(m,n), X

q
a(p,q)) (7)

where (p,q) ∈ { (p,q) ∈ P | y(p,q) ̸= y(m,n) }, with P de-
noting all pixel positions in the feature map.
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Figure 3. Model adaptation with simulated features. Contrastive
Domain Alignment (CDA) aligns fog and rain features from
TDR, while Fog-Adaptive Contrastive Training (FACT) fine-tunes
MCLS using fog-mined features.

Overall loss function: During the zero-shot feature aug-
mentation stage, Eimg remains fully trainable, and the over-
all loss function L for this stage is defined as follows,

L = Lµ,σ(f̄s→t, T rgEmb) + Lr + LDC + LCL (8)

Once the styles are effectively mined, we adopt PODA’s
strategy for model adaptation, training only Mcls to ensure
optimal adaptation. The overall loss function during this
stage is,

L = Lseg + LCDA + LFACT (9)

where, Lseg represents the segmentation loss, which is com-
puted using the cross-entropy loss. The proposed frame-
work generates an adapted model M

′
, which doesn’t re-

quire prior knowledge of upcoming domains and maintains
the same complexity as the baseline model.

5. Experiments
5.1. Experimental Setup
Datasets and Evaluation For the experimental evaluation,
Cityscapes [10] is used as the source domain, containing
2,975 training images and 500 validation images. The eval-
uation is conducted on three datasets: ACDC [32], GTA5
[29], and MUSES [5]. The evaluation is conducted us-
ing the official validation sets, with ACDC comprising 406
samples. Evaluation on GTA5 is conducted using 1000 im-
ages, adhering to the protocol in [12, 45]. Additionally, we
validate it on the MUSES dataset using the official valida-
tion set, which consists of 250 images. Both ACDC and
MUSES comprise urban scenes captured under challenging
weather conditions, including snow, rain, fog, and night-
time settings. Consistent with previous works, all datasets

utilize a shared set of 19 semantic classes. We evaluate all
models on target images at their original resolutions. For
PiCaZo and other reproduced results, we report the mean
performance across three models trained with different ran-
dom seeds. Mean Intersection over Union (mIoU %) is used
to evaluate adaptation performance on target images. *

Implementation Details. The base segmentation model
(source model), DeepLabv3+ [8], with a pre-trained CLIP-
ResNet-50 backbone [28] , is adopted and thoroughly
trained on the source domain following the configuration
of [12]. ImageNet templates from [28] are used to encode
the target descriptions in TrgPrompt. For zero-shot feature
augmentation, we adopt the training procedure of PODA
[12] for PIN, using a batch size of 4. During the model
adaptation stage, we fine-tune the pre-trained source model
with augmented PIN features, focusing on Mcls for 2000
iterations with a batch size of 4, following the approach in
[12]. The SDG optimizer is used to optimize different learn-
able layers in both stages. The projection layer ProjV OLT

projects the feature maps to R256×1×1, while hCL maps
them to R256×192×192. Meanwhile, the projection layer π
further projects them to R19×10×512.

5.2. Comparison with state of art
Comparison with 0-shot adaptation methods Tables 1
and 2 present a comparison of state-of-the-art models with
PiCaZo on MUSES, ACDC, and GTA5, including the
source-only model, CLIPstyler [21] for zero-shot style
transfer, as well as zero-shot adaptation methods such as
PODA [12] and ULDA [45]. TrgPrompt denotes prompts
that describe each target domain, as shown in both tables.
CLIPstyler generates images reflecting the input text’s style
but often introduces artifacts that hinder their usability for
segmentation tasks. PiCaZo surpasses PODA by an average
of 2.965 % and ULDA by 1.825 % on the ACDC dataset,
highlighting its effectiveness. This highlights the model’s
adaptability to challenging rain and fog scenarios.
Comparison to one-shot UDA PiCaZo is evaluated against
the state-of-the-art OSUDA method, SM-PPM [44], which
uses a single unlabeled target domain image as an anchor
point for target style mining, as shown in Table 7. SM-
PPM requires separate images for each domain to adapt
three domain-specific models. Due to differences in back-
bone (ResNet-101 vs. ResNet-50) and segmentation frame-
work (DeepLabv2 vs. DeepLabv3+), the models’ absolute
results are not directly comparable. Instead, we assess each
method’s improvement over its source-only baseline. Pi-
CaZo surpasses SM-PPM in both absolute and relative gains
over the source-only baseline, achieving superior perfor-
mance despite being purely zero-shot.
Effects of Irrelevant Prompts Following PODA [12], we
query six irrelevant prompts using ChatGPT, such as “mes-

*Reported results have been reproduced using open-source code.
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Scenarios Source2Fog Source2clear Source2Rain Source2Snow
TrgPrompt driving in fog driving in clear driving under rain driving in snow

Method Ref mIoU mIoU mIoU mIoU

Mean
(mIoU)

Source* OpenAI 19.87 41.06 28.89 31.77 30.40
PODA* ICCV 2023 24.38 42.22 31.18 34.29 33.02
ULDA* CVPR 2024 26.98 39.38 30.69 34.05 32.78

PiCaZo Ours
25.70

(↓ 1.27)
41.52

(↓ 0.7))
32.29

(↑ +1.11)
36.56

(↑ +2.27)
34.023
(↑ +1)

Table 1. Performance comparison (mIoU%) of zero-shot domain adaptation for semantic segmentation against state-of-the-art models and
the source-only baseline. Cityscapes is used as the source domain, while MUSES serves as the four target domains. Mean-mIoU represents
the average mIoU across all four target domains. * indicates results reproduced using official code.

merizing northern lights display”, “playful dolphins in the
ocean”, “breathtaking view from mountaintop”, “cheerful
sunflower field in bloom”, “dramatic cliff overlooking the
ocean” and ”majestic eagle in flight over mountains”, to
assess potential negative transfer. The reported PODA per-
formance represents the average across all domains. Both
PODA and PiCaZo primarily gain from generalization via
randomization rather than adaptation when using irrelevant
prompts, as seen in Table 3, with PiCaZo exhibiting a more
substantial improvement over the source-only model. This
could be due to the enhanced capability of the CLIP vision
encoder for downstream datasets. However, using meaning-
ful prompts still yields the best performance.
Qualitative results Figure 4 presents qualitative results,
with training on Cityscapes and validation on the ACDC
dataset.

5.3. Ablation Study
Partial freezing of backbones We evaluate the impact
of freezing different encoder layers in table 6 as part of
the VOLT-PIN strategy. To ensure a systematic analysis,
we perform ablations without incorporating any contrastive
learning losses. As observed, fine-tuning all layers along
with the projection layer delivers the best overall perfor-
mance.
Contrastive learning with different domains We con-
duct an ablation study on Contrastive NightVision Learning
(CNL) during zero-shot feature augmentation across differ-
ent domain styles, as presented in table 5. Notably, the
best performance is achieved when prioritizing the night do-
main, where the model initially struggles the most.
Ablation with key components Table 4 showcases the im-
pact of different losses in PiCaZo. As observed, the combi-
nation of all losses results in the highest performance.

6. Conclusions.
This paper presents PiCaZo, a novel Zero-Shot Domain
Adaptation framework for semantic segmentation. In the
zero-shot feature augmentation stage, we introduce the

Source Target Eval. Method mIoU
TrgPrompt = ”driving at night”

CS 7→ ACDC - Night

source-only
CLIPStyler

PODA*
ULDA*
PiCaZo

18.31
21.38
23.97
21.21
22.75

TrgPrompt = ”driving in snow”

CS 7→ ACDC - Snow

source-only
CLIPStyler

PODA*
ULDA*
PiCaZo

39.28
41.09
40.59
43.01
43.94

TrgPrompt = ”driving under rain”

CS 7→ ACDC - Rain

source-only
CLIPStyler

PODA*
ULDA*
PiCaZo

38.20
37.17
39.20
41.96
44.47

TrgPrompt = ”driving in fog”

CS 7→ ACDC - Fog
PODA*
ULDA*
PiCaZo

49.34
51.53
53.82

TrgPrompt = ”driving in a game”

CS 7→ GTA5

source-only
CLIPStyler

PODA*
ULDA*
PiCaZo

39.59
38.73
40.91
40.93
42.33

Table 2. Performance comparison (mIoU%) of zero-shot domain
adaptation for semantic segmentation against state-of-the-art mod-
els and the source-only baseline. Cityscapes serves as the source
domain, while ACDC and GTA5 are the target domains. PiCaZo
surpasses PODA by +2.965 and +1.42 mIoU on ACDC and GTA5,
respectively, and outperforms ULDA by an average of +1.825 and
+1.4 mIoU. TrgPrompt represents the target prompt. * denotes re-
sults reproduced using official code.
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Method ACDC
(Night)

ACDC
(Snow)

ACDC
(Rain)

Mean
IoU

Source Only 18.31 39.28 38.20 36.44
Relevant Prompts (TrgPrompt)

PODA 23.97 40.59 39.20 38.28
PiCaZo 22.75 43.94 44.47 41.25

Irrelevant Prompts
PODA 20.45 39.95 39.33 33.24
PiCaZo 21.52 43.54 43.25 36.10

Table 3. Performance comparison between relevant prompts (i.e.,
TrgPrompt) and irrelevant prompts. PiCaZo outperforms PODA
on average across both prompt types.

Method CNL CDA FACT Mean
(mIoU)

PiCaZo
✔ ✗ ✗ 40.54
✔ ✔ ✗ 41.12
✔ ✔ ✔ 41.245

Table 4. Ablation study of various losses, including Contrastive
NightVision Learning (CNL), Contrastive Domain Alignment
(CDA), and Fog-Adaptive Contrastive Training (FACT).

Method CNL CDA FACT Mean
(mIoU)

PiCaZo

Snow ✗ ✗ 40.36
Rain ✗ ✗ 39.99
Fog ✗ ✗ 40.05

Night ✗ ✗ 40.54
Night ✔ ✔ 41.245

Table 5. Ablation study of Contrastive NightVision Learning
(CNL) during zero-shot feature augmentation across different do-
main styles. Notably, applying CNL to the night domain yields the
highest overall performance on the ACDC dataset.

Method Encoder Mean
(mIoU)L 1 L 2 L 3 L 4

PiCaZo
w\o
C.L

✗ ✗ ✗ ✗ 39.41
✗ ✗ ✗ ✔ 39.63
✔ ✔ ✔ ✔ 40.10

PiCaZo ✔ ✔ ✔ ✔ 41.24

Table 6. Impact of freezing encoder layers during zero-shot aug-
mentation on the ACDC dataset (excluding contrastive learning
losses), where ✗ indicates a frozen layer and ✔ denotes a trainable
layer. Performance is reported as the average across all weather
conditions, highlighting the benefits of keeping all encoder layers
(L) trainable. (Average across all domains is reported. L1 denotes
Layer 1, and subsequent layers follow accordingly.)

VOLT-PIN strategy combined with Contrastive NightVision
Learning. The VOLT-PIN strategy enhances fine-tuning for

Figure 4. Qualitative comparison of PiCaZo and PODA on the
ACDC dataset.

Source Target
Eval.

One-shot
SM-PPM

Zero-shot
PiCaZo

CS 7→ ACDC Night 13.07 / 14.60
(∆=1.53)

18.31 / 22.75
(∆=4.44)

CS 7→ ACDC Snow 32.60 / 35.61
(∆=3.01)

39.28 / 43.94
(∆=4.66)

CS 7→ ACDC Rain 29.78 / 32.23
(∆=2.45)

38.20 / 44.47
(∆=6.27)

Table 7. Segmentation performance (mIoU %) for source/adapted
models, with ∆ indicating the improvement from adaptation. SM-
PPM uses a single target domain image to adapt three domain-
specific models, whereas PiCaZo operates without any target do-
main access.

segmentation task, enabling effective adaptation even un-
der substantial distribution shifts. During the model adap-
tation stage, Contrastive Domain Alignment (CDA) ensures
alignment of text-rectified rain and fog features, while Fog-
Adaptive Contrastive Training (FACT) further enhances the
decoder for fog-specific features. This cultivates a more
discriminative embedding space, enhancing model adap-
tation and optimizing decoder performance. PiCaZo con-
sistently delivers top performance across three open-source
datasets, outperforming the source model by an average of
3.6%, surpassing ULDA by 1.416%, and exceeding PODA
by 1.796% across all datasets. It demonstrates enhanced
overall robustness while maintaining the same model com-
plexity as the baseline segmentation model.
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