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Abstract

Domain Adaptation (DA) and Semi-supervised Learning
(SSL) converge in Semi-supervised Domain Adaptation
(SSDA), where the objective is to transfer knowledge from
a source domain to a target domain using a combination
of limited labeled target samples and abundant unlabeled
target data. Although intuitive, a simple amalgamation of
DA and SSL is suboptimal in semantic segmentation due
to two major reasons: (1) previous methods, while able to
learn good segmentation boundaries, are prone to confuse
classes with similar visual appearance due to limited super-
vision; and (2) skewed and imbalanced training data distri-
bution preferring source representation learning whereas
impeding from exploring limited information about tailed
classes. Language guidance can serve as a pivotal seman-
tic bridge, facilitating robust class discrimination and mit-
igating visual ambiguities by leveraging the rich seman-
tic relationships encoded in pre-trained language models
to enhance feature representations across domains. There-
fore, we propose the first language-guided SSDA setting for
semantic segmentation in this work. Specifically, we har-
ness the semantic generalization capabilities inherent in
vision-language models (VLMs) to establish a synergistic
framework within the SSDA paradigm. To address the in-
herent class-imbalance challenges in long-tailed distribu-
tions, we introduce class-balanced segmentation loss for-
mulations that effectively regularize the learning process.
Through extensive experimentation across diverse domain
adaptation scenarios, our approach demonstrates substan-
tial performance improvements over contemporary state-of-
the-art (SoTA) methodologies. Code is available: GitHub.

1. Introduction

The remarkable progress in deep learning has significantly
enhanced the performance of visual understanding tasks, in-
cluding image classification [7], object detection [103], and,
more recently, semantic segmentation [61, 71]. These ad-
vancements have been particularly notable when a wealth
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Figure 1. Major contributions of SemiDAVil: (1) We propose
the first language-guided SSDA framework for semantic segmen-
tation, (2) Utilizing spatial context via dense language guidance
(DLG) improves segmentation performance, (3) Our proposed
DyCE loss dynamically reweighs imbalanced class distributions,
resulting in precise segmentation of minority classes.

of labeled training data is available. However, as noted in
[68], their performance degrades precipitously when con-
fronted with annotation-scarce environments, especially in
the context of semantic segmentation, where dense pixel-
wise annotations are essential. Furthermore, these sophisti-
cated models exhibit substantial vulnerability when tasked
with generalizing across domains characterized by signifi-
cant distributional shifts [30, 36] - a challenge particularly
evident in real-world applications where models trained on
synthetic data must maintain robust performance in nat-
uralistic settings, such as autonomous navigation systems
[19, 66]. This inherent limitation in cross-domain general-
ization has catalyzed the emergence of two pivotal research
paradigms: Domain Adaptation (DA) and Semi-supervised
Learning (SSL).

The confluence of DA and SSL has given rise to Semi-
supervised Domain Adaptation (SSDA), a hybrid approach



that strategically leverages three distinct data streams: com-
prehensively labeled source domain data, sparsely labeled
target domain samples, and a wealth of unlabeled target do-
main instances [42, 65]. While SSDA holds intuitive ap-
peal for real-world applications, existing methods encounter
critical limitations when applied to semantic segmentation
tasks. Specifically, (1) despite achieving accurate segmen-
tation boundaries, current approaches [52, 92] often suffer
from misclassification among visually similar classes, due
to restricted supervision within the target domain; (2) the
SSDA framework tends to over-prioritize source domain
features, driven by abundant source labels, while generat-
ing error-prone pseudo-labels for target data, which ham-
pers adaptation performance; (3) class-imbalance, a com-
mon issue in real-world datasets, exacerbates these chal-
lenges, limiting effective exploration and representation of
minority (tail) classes in the target domain.

To address the identified SSDA challenges, we aug-
ment the SSDA paradigm with vision-language (VL)
guidance using VLMs (e.g., CLIP [60]) to enrich
semantic representation, leveraging their large-scale
image-caption pretraining. By incorporating VLM fea-
tures into a global-local context exploration module, we
mitigate misclassification among visually similar classes.
To tackle the over-reliance on source features, we introduce
a joint embedding space guided by language priors, enhanc-
ing instance separability and reducing domain bias, unlike
traditional divergence-based alignment methods [41, 94].
Finally, to combat class imbalance, we design a tailored
cross-entropy loss that dynamically reweighs minority
classes, thereby facilitating more equitable exploration
and representation of tail classes in the target domain.
Specifically, our contributions can be summarized as:

1. Language-Guided SSDA Framework: We pioneer the
first language-guided SSDA framework for semantic
segmentation by harnessing the rich semantic knowl-
edge encoded in pre-trained Vision-Language Models
(VLMs). Our novel attention-based fusion mecha-
nism seamlessly integrates visual features with dense
language embeddings, establishing a robust semantic
bridge between source-target domains while providing
enhanced contextual understanding.

2. Enhanced Feature Localization: Recognizing that VL
pre-training primarily operates at the image level, we ad-
dress the critical challenge of feature localization in se-
mantic segmentation through targeted fine-tuning. To
mitigate the risks of overfitting and semantic knowl-
edge degradation inherent in limited-annotation scenar-
ios, we develop a sophisticated consistency regulariza-
tion framework that preserves the rich semantic repre-
sentations acquired during pre-training.

3. Adaptive Class-Balanced Loss: To tackle class imbal-
ance in a limited annotation scenario, we introduce a

Dynamic Cross-Entropy (DyCE) loss formulation that
dynamically calibrates the learning emphasis on tail
classes. This innovative, plug-and-play loss mechanism
demonstrates broad applicability across various class-
imbalanced learning scenarios.

4. State-of-the-Art Performance: Through detailed eval-
uation across diverse domain-adaptive and class-
imbalanced segmentation benchmarks, our methodology
demonstrates superior performance and robustness, con-
sistently surpassing contemporary state-of-the-art ap-
proaches by significant margins.

2. Related Works

2.1. Semi-supervised Domain Adaptation

Recent advances in Semi-Supervised Domain Adaptation
(SSDA) for semantic segmentation have focused on utiliz-
ing limited labeled target data and abundant unlabeled data
to bridge the domain gap at the pixel level [1, 2]. Early
approaches like MME [65] and ASDA [58] used entropy
minimization for feature alignment, but their classification-
centric strategies struggled with fine-grained segmentation
tasks, leading to suboptimal boundary delineation. To ad-
dress this, SSL-based methods such as DECOTA [91] and
SS-ADA [89] employed teacher-student frameworks with
consistency constraints, generating pseudo-labels for unla-
beled target data. However, these methods faced issues with
noisy pseudo-labels, particularly for minority and boundary
classes. More recent methods have explored novel direc-
tions: S-Depth [32] leverages self-supervised depth estima-
tion as an auxiliary task to enhance feature learning, while
DSTC [24] introduces a domain-specific teacher-student
framework that dynamically adapts to target domain char-
acteristics. IIDM [23] proposes an innovative inter-intra-
domain mixing strategy to address domain shift and limited
supervision simultaneously. However, these methods often
struggle with two critical limitations: class confusion due
to limited supervision and skewed data distribution favor-
ing source domain representations.

2.2. Vision Language Model

Vision-Language Models (VLMs), like CLIP and its ex-
tensions [34, 50, 60, 99], leverage large-scale image-text
pre-training for semantic segmentation via a shared embed-
ding space that aligns visual and textual features. Initial
zero-shot methods, such as MaskCLIP [98] and GroupViT
[87], struggled with boundary precision due to reliance on
high-level features. Later, fine-tuned models like OpenSeg
[25] and LSeg [40] improved segmentation accuracy us-
ing labeled data and text embeddings. Techniques such as
ZegFormer [17] and OVSeg [46] utilize frozen CLIP fea-
tures for mask proposal classification, while ZegCLIP [100]
aligns dense visual-text embeddings in a streamlined man-



ner. Recently, SemiVL [33] has shown that language cues
can enhance semantic insights and mitigate class confu-
sion; however, their application in domain adaptation re-
mains under-explored. The recent LIDAPS model [53] and
follow-up works [20, 37, 84] apply language guidance for
domain bridging in panoptic segmentation but rely on man-
ual thresholding for pseudo-mask filtering and a complex
multi-stage training process. Despite their improvements,
these methods still misclassify tail classes (e.g., fence, bike,
wall), posing critical risks for applications like autonomous
driving, where errors in identifying such objects can lead to
severe consequences.

2.3. Class-Imbalance Handling

Class imbalance significantly hinders real-world semantic
segmentation, as small object classes often appear less fre-
quently and cover fewer pixels than dominant background
classes, unlike balanced datasets like CIFAR-10/100, Ima-
geNet, and Caltech-101/256 [15, 26, 38]. Data-level meth-
ods like oversampling/undersampling adjust sampling prob-
abilities for minority classes but struggle in dense tasks due
to uneven class distribution [64, 101]. Algorithmic strate-
gies such as class-weighted losses address bias by penaliz-
ing rare classes more [47], but treating small object classes
equally often leads to instability [69, 88].

In unsupervised domain adaptation (UDA) for segmen-
tation, common strategies include data-level adjustments
using source domain frequencies [29-31], and adaptive
weighting based on target statistics [88], but these are
computationally costly for dense predictions. Approaches
that relax pseudo-label filtering for rare classes still inherit
source biases, causing misclassifications [102]. Most UDA
methods prioritize data-level sampling [56], overlooking
the synergy of combining data and algorithmic approaches,
which remains impractical and lacks generalizability for di-
verse tasks [68, 76, 82].

3. Proposed Method

In our SSDA setting, we utilize image-label pair from
the source domain DS™: {(257,yS")}°] | a limited set

of labeled target samples {(x] =, y] 7'5)}2\:{5, and a
large pool of unlabeled target data {(z7™)}" " where

N7mu > NT72_ Qur proposed SemiDAViL framework ef-
fectively tackles the challenges of SSDA by leveraging VL-
pretrained encoders (subsection 3.1) for enriched semantic
representation learning from Sr U T'rp U T'ry, address-
ing the issue of misclassification among visually similar
classes. We incorporate dense semantic guidance from lan-
guage embeddings (subsection 3.2) to enhance instance sep-
arability and reduce domain bias. Consistency-regularized
SSL (subsection 3.3) mitigates over-reliance on source fea-
tures, while the class-balancing DyCE loss (subsection 3.4)
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Figure 2. Overview of SemiDAViL: We leverage Vision-Language
(VL) Pre-training (top) to initialize the language encoder £, and
vision encoders S{ES’T} in a semi-supervised setting (bottom),
where S and T denote the student and teacher branches, respec-
tively. To bridge image-level VL features for dense pixel-level
tasks, we utilize a captioning model C to generate text descrip-
tions of images and a Dense Language Guidance (DLG) module.
The framework is trained with a supervised loss Lpyck for la-
beled data and a consistency loss L¢7 for unlabeled data.

combats class imbalance by reweighting tail classes. The
overall architecture of SemiDAViL is outlined in Figure 2.

3.1. Vision-Language Pre-training

Previous regularization-based SSDA methods have shown
effectiveness in semi-supervised semantic segmentation by
enforcing stable predictions on unlabeled data. However, as
discussed in section 2, they often struggle with distinguish-
ing visually similar classes, especially when only a lim-
ited set of labeled target samples { (<, y/%)} is available.
The primary issue arises due to the lack of diverse seman-
tic coverage, leading to errors in class discrimination. To
address this, we leverage Vision-Language Models (VLMs)
like CLIP [60], which are trained on large-scale image-text
datasets, D, = {(z,t)}, where  and ¢ are images and
their associated captions. CLIP consists of a vision encoder
&y and a language encoder £., optimized jointly using a
contrastive loss:

N
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Figure 3. Overall architecture of our proposed DLG module: it is
based on dense similarity maps of the vision and text embeddings.
More details are provided in subsection 3.2.

where (-, -) denotes the cosine similarity and 7 is a temper-
ature parameter. This objective aligns the visual and textual
embeddings into a shared semantic space, learning robust,
class-agnostic representations that generalize across diverse
classes. Unlike conventional ImageNet pre-training that
relies on manually annotated labels, CLIP’s training with
web-crawled image-caption pairs allows it to capture richer
semantics without restricting to a fixed set of categories.

To mitigate the limited semantic knowledge in standard
consistency training in our SSDA framework, we initialize
our (student-teacher) segmentation encoders 5{{,87” with
CLIP’s pre-trained vision encoder £y, rather than using an
ImageNet-trained backbone. This transfer of rich seman-
tic priors enables enhanced feature extraction and better se-
mantic differentiation (as found in Table 3 and well sup-
ported in [33]), particularly for visually ambiguous classes,
leading to more robust segmentation performance.

3.2. Dense Language Guidance (DLG)

Most prior VLM methods employ a standard attention
mechanism for multi-modal feature integration [16, 49, 96],
i.e., features from two modalities (query and key) gener-
ate an attention matrix to aggregate vision features based
on language-derived weights. However, this approach only
utilizes the language feature to compute attention scores,
without directly incorporating it into the fused output, ef-
fectively treating the result as a reorganized single-modal
vision feature. Consequently, the output vision feature dom-
inates the decoder, leading to a substantial loss of language
information. Based on our empirical findings (provided in
supplementary file, and well supported in [49]), we argue
that while generic attention effectively processes value in-
puts, it fails to fully exploit query features for deep cross-

modal interaction, resulting in insufficient fusion of vision
and language modalities.

To address this, we utilize Dense Language Guidance
(DLG) that transforms both the vision and language fea-
tures into key-query pairs and treats them equally, as shown
in Figure 3. First, visual features Fy, € RAXwXe with h x w
dimension and ¢ channels for image X are extracted through

£y with frozen weight dy: Fy + Ey(X; ;). To further
utilize language embeddings F, € R™£*¢ we extract text
description with n. tokens for X’ using off-the-shelf cap-
tioning model C, followed by CLIP-initialized language en-

coder £, with frozen weights ¢z: Fr  E,(C(X); ¢Zk ).
This is followed by projection of Fyy 3 to key-value pairs
using linear layers: -7:{{52/}} < Linear(F{y r}). Next,
multi-modal key values are used to generate an attention
matrix A € Rnexhxw,

L
R

Instead of applying attention to a single modality as in con-
ventional methods, we normalize across both dimensions
and compute cross-attention on vision and language fea-
tures. Specifically, we employ a SoftMax activation fol-
lowed by attention over ]-'\‘,/ and ]-'X to generate language-
attended vision features and vision-attended language fea-
tures, respectively, ensuring balanced and comprehensive
feature fusion:

A= —FK (FT @)

Fi = softMax|[A]FY
FA = softMax|[A]FY

3)

Finally, these two attended feature maps are combined to
generate a true multimodal feature representation Faq €
Rrexhxw, Foo— FA L (FA), which is the basis of our
VL-guided SSDA pipeline. This is thereafter passed to the
student-teacher decoders D;{,S’T} for consistency training.

3.3. Consistency Training (CT)

To effectively utilize labeled and unlabeled data in our
SSDA setting, we utilize a student-teacher network [70] for
consistency training. Specifically, for unlabeled target data
{(zTu )} ¢ DT we obtain two multimodal features
FS .7-"/\7;[ (from DLG), and pass them through two identical

but differently initialized decoders {Ds, D}, } with train-

able parameters {96”,9\7; w}, respectively, and enforce
their predictions to be consistent:

hxw

1
Lor = W Z Z maa:(y]llf)ZTh CE

z;€DTu p=1

W5.u)) @

Istudent-teacher encoders EéS’T} represented as £y, for simplicity.



where 5 and y are the p™ pixel prediction from student
and teacher model: y™ <« DY (Fiy; 0% );m = {S, T},
Th is a threshold to exclude noisy pseudo-labels in Lor.
To further utilize labeled target data {DS" UDT"2}, we can
employ a supervised CE loss between ground truth y and
student prediction y°:

Nc
1
Ls=gs e 2 2 CB@w), ®
z,€{DSTuDT L} c=0

where N¢ represents the number of classes. However,
Lg might incur suboptimal performance due to inherent
class imbalance, as discussed in subsection 2.3 and evi-
dent in previous methods in Table 4, Table 5. We pro-
pose a dynamic CE loss to alleviate this shortcoming, as
detailed in subsection 3.4. The student branch is updated
using a combined consistency and DyCE loss, whereas the
teacher model is updated using an exponential moving av-
erage (EMA) of the student parameters:

0% (t)  ab,(t — 1) + (1 — )05 (t) (6)
where ¢ is step number, « is the momentum coefficient [28].

3.4. Class-balanced Dynamic CE Loss (DyCE)

The Cross-Entropy (CE) loss measures the difference be-
tween predicted probabilities and ground truth labels by
computing a negative log-likelihood for each class, aver-
aged over all instances in the mini-batch:

S Nc¢

L= =530 viclogpic, )

i=1 c¢=0

where y; . and p; . are the GT and predicted probability for
class ¢, S is the batch size. Taking the gradient of Lo g for
each instance, we have:

0Lce _ [—55 iyic=1
0, otherwise.

®)

api,c

Hence, CE loss only updates the gradient for the target class
per instance, using a uniform weight of —%. This leads to
two key problems in large imbalanced datasets: (1) equal
weighting across classes overlooks class imbalance, treat-
ing frequent and rare classes the same; (2) the gradient mag-
nitude becomes vanishingly small as [V scales to millions,
causing ineffective updates (gradient vanishing). While re-
cent studies have proposed reweighting schemes to address
the class imbalance issue [59, 73], they fail to tackle the
core problem of diminished gradient magnitudes (refer to
supporting evidence in supplementary file), limiting the
optimization efficiency in dense segmentation tasks.

To address this, we propose a Dynamic CE (DyCE) loss
that dynamically adjusts the weighting of gradients based

on the class distribution within each mini-batch, addressing
the persistent class imbalance issue that remains even after
discarding simple instances. The key idea is to adaptively
align the gradient contributions to the real-time class distri-
bution at every training step. This is formalized as:

| N | 08
Lpyce = " Z ) Z L Yie l0gpic, )
i=1

c=0 J¢

where f. = ZieH Yi,c 1s the total count of class ¢ in the
mined subset H which consists of h% hardest instances
from the batch, fi = |H| is the count of instances in sub-
set H. The loss computation involves four key steps: (1)
computing the standard CE loss for each sample; (2) creat-
ing a subset H from the batch, similar to [85]; (3) assign-
ing dynamic class weights ﬁ inversely proportional

to the mined class frequencyf and (4) scaling the loss by
a volume weight —f%, which adjusts for the batch size
H

and mined subset size. The hyperparameter w € (0,1)
acts as a weight-balancing factor, balancing the influence
of instance-level and class-level weighting. The gradient of
DyCE loss is:

OLpycE _f%ﬁpic ify; o =1,
e R o fe ’ ’ (10)
Opi.c 0 otherwise.

Here f%ﬁ > 1 as compared to Equation 8, as S >
H fe
fr > f. and hence the vanishing gradient issue is resolved.

4. Experimental Results

4.1. Dataset Description

We evaluate our proposed SSDA method on a segmentation
task by adapting from two synthetic datasets, GTAS [62]
and SYNTHIA [63], to the real-world Cityscapes dataset
[14]. The Cityscapes dataset consists of 2,975 training
images and 500 validation images, all manually annotated
with 19 classes. Since the test set annotations are not pub-
licly available, we evaluate on the validation set, and tune
the hyper-parameters on a small subset of the training set,
following previous works [4, 32]. GTAS provides 24,966
training images, and we consider the 19 classes that over-
lap with Cityscapes. The SYNTHIA dataset includes 9,400
fully labeled images, and we evaluate results based on the
16 classes it shares with Cityscapes.

Furthermore, to validate our DyCE loss’s effectiveness,
we evaluate on an extremely imbalanced medical dataset,
Synapse [39]. The Synapse dataset comprises 30 CT
scans covering 13 different organs (i.e., foreground classes):
spleen (Sp), right and left kidneys (RK/LK), gallblad-
der (Ga), esophagus (Es), liver (Li), stomach (St), aorta
(Ao), inferior vena cava (IVC), portal and splenic veins
(PSV), pancreas (Pa), and right and left adrenal glands



Table 1. Quantitative comparison of our proposed method with
existing unsupervised domain adaptation (UDA), semi-supervised
learning (SSL), and semi-supervised domain adaptation (SSDA)
methods on GTAS — Cityscapes benchmark. We report 19-class
mloU scores on the Cityscapes validation set across 0, 100, 200,
500, 100, and 2975 (100%) labeled target images. Our results are
highlighted whereas the previous best and second-best results are
marked in red and blue.

Labeled Target Samples
Type Methods 0 100 200 500 1000 2975
Supervised ~ DeepLabV2 [8] - 43.0 483 548 583 66.1

PRoDA [97] 57.5 -
DaFormer [29] 56.0 -

UDA CONFETI [45] 622 - . .
DIGA [67] 62.7 - . ,
CowMix [22] - 508 548 617 648
ClassMix [57] - 544 586 621 643
SSL CPS (S) [10] - 550 595 630 657
CPS (E) [10] - 553 600 636 663
DusPerb [92] - 618 667 684 721
ASS [86] - 542 560 602 645 69.1
DECOTA (S)[91] - 607 61.8 642 663 69.2
DECOTA (B) [91] - 613 623 647 670 699
DLDM [9] - 612 605 643 666 69.8
SSDDA [13] - 601 629 657 668 @ -
DSTC (S) [24] - 645 658 692 703 719
SSDA DSTC (E) [24] - 652 664 700 709 726
S-Depth [32] - 661 673 699 705 717
IIDM [23] - 695 700 706 728 733

Ours w/oDyCE 669 703 718 721 739 747
Oursw/DyCE 677 711 725 729 748 752

(RAG/LAG). In this dataset, foreground voxels make up
only 4.37% of the entire dataset, with 95.63% background,
and the right adrenal gland contributes a mere 0.14% of
foreground, whereas liver consists of 53.98% foreground,
underscoring the severe class imbalance. Following the
setup of [76], we split the dataset into 20 scans for train-
ing, 4 for validation, and 6 for testing.

4.2. Implementation Details

Following SemiVL [33], we utilize ViT-B/16 vision en-
coder [18] and a Transformer text encoder [74], both ini-
tialized with CLIP pre-training [60] and generate dense em-
beddings following [98]. The initial learning rate is set to
10~*, decaying exponentially with a factor of 0.9. We set
the weight decay to 2x 10~ and momentum to 0.9. Follow-
ing [35], we use BLIP-2 [43] as our off-the-shelf captioning
model C for all domains. T'h, «is set to 0.95, 0.999, follow-
ing [28, 33]. Following [23, 72], source images are resized
to 760 x 1280 and target images to 512 x 1024, followed
by random cropping to 512 x 512. SemiDAViL is trained
for 40k iterations which takes ~ 15 hours on an NVIDIA
RTX4090 GPU using Python environment.

4.3. Findings and Comparison with SoTA

Our proposed SemiDAViIL framework demonstrates
significant gains on both GTA5—Cityscapes and

Table 2. Quantitative comparison of our method with existing
UDA, SSL, and SSDA methods on Synthia — Cityscapes bench-
mark. We report 16-class mloU scores on the Cityscapes valida-
tion set and follow the same settings as in Table 1. DACS++"
represents implementation of DACS [72] from UDA to SSDA.

Labeled Target Samples

Type Methods 0 100 200 500 1000 2975
Supervised ~ DeepLabV2 [8] - 530 589 610 675 708

DaCS [72] 548 - - - B B

PRoDA [97] 620 - - - - -

UDA DaFormer [29] 58.8 - - - - -

DIGA [67] 679 - - - - -

CowMix [22] - 613 -

SsL ClassMix [57] - 6l4 676 723 731

DMT [21] - 597 -

DusPerb [92] - 684 714 742 76.1 -
ASS [86] - 621 648 698 730 771
ComplexMix [12] -  70.6 75.6
DACS++7 [72] - 649 677 713 728 744

DLDM [9] - 684

SSDDA [13] - 706 718 726 740 -

ALFSA [81] - 689 735 775 790 79.9
SSDA SLA [95] - 637

S-Depth [32] - 724 735 754 763 711
IIDM [23] - 742 764 770 788 792

Ours w/oDyCE 695 749 768 777 792 79.6
Ours w/DyCE 702 769 772 786 79.7 80.5

Table 3. Ablation experiments using three different SSDA set-
tings on GTAS— Cityscapes and Synthia— Cityscapes to iden-
tify the contribution of individual components: Consistency Train-
ing (CT), Dynamic Cross-Entropy loss (DyCE), Vision-Language
Pre-training (VLP), and DenseLanguage Guidance (DLG).

Components GTAS — Cityscapes
CT DyCE VLP DLG 100 200 500 1000 100 200 500 1000

- - - 545 582 623 646 602 653 715 720
v - - 633 645 659 682 687 701 722 747
v - 65.6 668 69.1 699 719 730 747 759
v v 703 716 721 739 749 768 717 7192
v v 711 725 729 748 769 712 786 79.7

Synthia — Cityscapes

AN NN

Synthia—Cityscapes benchmarks (Table 1, Table 2).
We compare against state-of-the-art UDA, SSL, and SSDA
techniques, highlighting its robustness with varying levels
of target annotations.

In the GTAS— Cityscapes scenario, (A) using only 100
labeled target samples, SemiDAViL achieves 71.1% mloU,
outperforming the previous best, [IDM [23], by 1.6%. The
advantage grows with 200 labeled samples, where we at-
tain 72.5% mloU, showcasing our framework’s strength
in leveraging limited annotations through language-guided
features; (B) in the fully unsupervised setting, our method
achieves 67.7% mloU, a 5% improvement over the previous
best, DIGA [67], owing to our language-guided joint em-
bedding, which provides more robust semantic alignment
than divergence-based methods like DaFormer [29]; and
(C) with 2975 labeled samples, our model reaches 75.2%



Table 4. Class-wise performance evaluation of our proposed method (with and without the proposed class-balancing DyCE loss), and
comparison with the existing class-balanced UDA and SSDA methods. We report 19-class and 16-class mloU scores on the GTAS —
Cityscapes and Synthia — Cityscapes settings, respectively with 100 labeled target samples. The segmentation performance of tailed
classes significantly improves by incorporating our DyCe loss in both settings. Our results are highlighted whereas the previous-best and
second-best results are marked in red and blue. Please refer to supplementary file for detailed class distribution and improvement analysis.

GTAS — Cityscapes

Type Methods Target

P i Labels Road Sidewalk Building Walls Fence Pole T-Light T-sign Veg Terrain Sky Person Rider Car Truck Bus Train Motor Bike mloU
Supervised UniMatch [92] Jor5 972 79.3 90.6 365 521 567 642 721 9L1 590 936 775 535 934 738 798 678 496 712 715
upervise U2PL [79] 2 976 82.1 90.7 393 534 580 642 740 909 602 937 770 498 937 648 779 479 512 736 705
CADA [90] 913 46.0 84.5 344 297 326 358 364 845 432 830 600 322 832 350 467 00 337 422 492

IAST [54] 93.8 57.8 85.1 3905 267 262 431 347 849 329 880 626 200 873 392 496 232 347 396 515

UDA DACS [72] 0 89.9 39.7 87.9 307 395 385 464 528 880 440 888 672 358 845 457 502 00 273 340 521
Shallow [4] 91.9 489 86.0 386 286 348 456 430 862 424 876 656 386 868 384 482 00 465 592 535

ProDA-+distill [44] 87.8 56.0 797 463 448 456 535 535 886 452 821 707 392 888 455 594 10 489 564 575

CPSL+distill [44] 923 59.9 849 457 297 528 615 505 879 415 850 730 355 904 487 739 263 538 539 608

ALFSA [81] 95.9 715 874 399 390 446 526 604 8.1 507 913 731 483 913 553 637 263 558 687 634
SS-ADA+UniMatch [89] 96.4 75.0 89.2 437 451 33 582 688 907 554 938 758 497 916 546 674 436 472 694 668

SSDA SS-ADA+U2PL [89] 10 965 75.5 89.7 471 477 553 606 681 906 553 921 774 525 925 670 678 412 499 708 683
Ours w/o DyCE 97.3 80.2 89.5 50.2 49.2 58.3 62.3 69.3 90.6 57.7 93.2 78.6 53.9 92.9 68.4 67.9 479 56.5 70.9 70.3

Ours w/ DyCE 98.1 80.9 90.3 51.9 51.5 60.2 62.5 71.1 90.9 59.5 93.2 79.9 56.8 93.2 71.6 68.1 49.1 58.6 71.4 71.1

Synthia — Cityscapes

Supervised UniMatch [92] 25 975 82.1 91.2 524 530 607 663 753 923 9.1 799 575 944 82.1 579 745 757
upervise U2PL [79] 2 975 817 90.0 369 509 568 599 717 916 931 765 435 936 754 452 721 710
FADA [77] 84.5 40.1 83.1 438 00 343 201 272 848 840 535 226 854 437 268 278 452

IAST [54] 81.9 415 83.3 177 46 323 309 288 834 850 655 308 865 382 331 527 498

UDA DACS [72] 0 80.6 25.1 81.9 25 26 372 227 240 837 908 676 383 829 389 285 476 483
Shallow [4] 90.4 si1 83.4 30 00 323 253 310 848 855 593 301 826 532 175 456 484

ProDA+distill [44] 87.8 45.7 84.6 37.1 06 440 546 370 881 844 742 243 882 sl 405 456 555

CPSL+distill [44] 87.2 439 855 336 03 417 574 372 878 885 790 320 906 494 508 598 579

SS-ADA+U2PL [89] 91.0 62.0 86.7 389 334 536 589 69.0 910 025 739 446 923 69.3 373 672 664

sspa  SS-ADA+UniMatch[89] oo 7.1 79.4 90.2 498 498 569 582 722 916 934 781 533 928 69.1 484 721 720
Ours w/o DyCE 985 78.9 91.6 527 528 623 639 743 915 944 797 569 931 76.6 555 749 749

Ours w/ DyCE 98.9 80.9 922 57.6 562 638 6.1 767 919 959 806 599 938 78.9 598 766 769

mloU, surpassing the previous best, IIDM by 1.9%, at-
tributed to the effective handling of class imbalance via the
DyCE loss.

For Synthia—Cityscapes, similar gains are observed
against the previous best methods like IIDM [23] and
ALFSA [81], demonstrating the strength of our dense lan-
guage guidance and adaptive DyCE loss. Competing meth-
ods, such as DACS++ [72], attempt to address class im-
balance via pseudo-label refinement, but their reliance on
multi-stage training and hyperparameter tuning limits scala-
bility. Unlike these, our end-to-end solution with DyCE loss
adaptively re-weights based on class distribution, yielding
balanced learning without the need for manual adjustments.

Overall, our framework consistently outperforms across
all benchmarks and supervision levels, demonstrating its ro-
bustness and scalability. Detailed class-wise analysis is pro-
vided in subsection 4.5.

4.4. Ablation Experiments

We conduct ablation experiments to analyze the effec-
tiveness of each component in our proposed framework:
Consistency Training (CT), Dynamic Cross-Entropy loss
(DyCE), Vision-Language Pre-training (VLP), and Dense
Language Guidance (DLG) in Table 3. (A) Starting with
CT as our baseline, we observe moderate performance with
mloU scores of 54.5% and 60.2% on GTAS and Synthia
respectively with 100 labeled samples. (B) The addition
of our DyCE loss significantly improves performance by
addressing class imbalance issues, boosting the mloU by

8.8% (to 63.3%) and 8.5% (to 68.7%) respectively. This,
along with the findings in Table 4 and Table 5 demon-
strates the effectiveness of the proposed dynamic loss func-
tion to address class imbalance. (C) When incorporating
VLP without DyCE, we achieve better results than DyCE
alone, with mloU improvements of 11.1% (to 65.6%) and
11.7% (to 71.9%) over the baseline. This demonstrates the
effectiveness of leveraging semantic knowledge from pre-
trained vision-language models. (D) The addition of DLG
further enhances performance substantially, reaching 70.3%
and 74.9% mloU, as it enables fine-grained semantic under-
standing through dense language embeddings. (E) Finally,
our full model combining all components achieves the best
performance across all settings, with notable improvements
of 16.6% (to 71.1%) and 16.7% (to 76.9%) over the base-
line with 100 labeled samples. The consistent performance
gains across different label ratios demonstrate the comple-
mentary nature of our proposed components in addressing
the challenges of SSDA for semantic segmentation.

4.5. Detailed Analysis on the DyCE Loss

We provide a comprehensive evaluation of our proposed
method (with and without the DyCE loss) against existing
UDA and SSDA methods that use various solutions on the
class-imbalance problem on the GTAS — Cityscapes and
Synthia — Cityscapes benchmarks, using 100 labeled tar-
get samples in Table 4. (A) Without DyCE, our model
already achieves competitive mloU scores, but the addi-
tion of DyCE enhances class separability by adaptively re-



Table 5. Comparative performance improvement by incorporating our proposed DyCE loss to address class imbalance in 20% labeled
Synapse dataset in SSL setting. Please refer to supplementary file for detailed class-distribution and improvement analysis.

Average Average DSC? of Each Class

Type Methods DSC+ ASD | Sp RK LK Ga Es Li St Ao e PSV PA RAG LAG

Supervised V-Net [55] 62.1 103 84.6 772 738 733 382 94.6 68.4 72.1 712 582 485 179 290

UA-MT [93] 203 717 482 317 22 0.0 0.0 812 2.1 233 275 0.0 0.0 00 0.0

URPC [51] 257 727 60.7 382 56.8 0.0 0.0 853 339 331 14.8 0.0 5.1 00 0.0

General CPS[I1] 336 412 62.8 552 454 359 0.0 911 313 419 492 8.8 14.5 0.0 00

SSL SS-Net [83] 351 50.8 627 679 60.9 343 0.0 89.9 209 617 448 00 8.7 42 00

DST [5] 345 377 577 572 464 437 0.0 89.0 339 433 469 20 210 0.0 00

DePL [78] 363 36.0 628 61.0 482 548 00 902 360 45 482 10.7 17.0 00 0.0

Adsh [27] 353 396 55.1 59.6 458 522 0.0 89.4 238 476 53.0 8.9 144 0.0 00

CReST [80] 383 29 62.1 647 53.8 438 8.1 85.9 272 544 417 144 13.0 18.7 46

Class-balanced Simis [6] 40.1 330 623 69.4 50.7 61.4 0.0 87.0 330 59.0 572 292 11.8 0.0 00

L ACISSMIS [3] 332 438 574 538 485 46.9 0.0 87.8 287 423 454 63 15.0 0.0 00

CLD [48] 411 22 62.0 66.0 593 61.5 0.0 89.0 317 628 494 286 185 0.0 50

DHC [75] 486 10.7 628 69.5 592 66.0 132 852 369 67.9 615 370 309 314 10.6

A&D [76] 60.9 25 852 66.9 670 527 62.9 89.6 521 830 749 418 434 448 272
UA-MT[934DyCE  48.1(+27.9) 10.9(-60.8) 55.6(+74) 52.3(+206) 534(+31.2) 49.5(+49.5) SLS(5L5) 88.7(+7.5) 46.0(+169) 48.7(+254) 473(+19.8) 35.6(+35.6) 334(+334) 39.1(+39.1) 24.4(+24.4)
sSLsour  URPCISIMDYCE  489(+232) 10.1(626) 632(125) S99(217)  594(+26) S25(+525) 522(522) 893(+40) 45.6(+117) S06(+175)  50.3¢+355) 30.0(30.1)  304(+253) 267(+26.7) 25.1(+25.1)
DyCElos  DEPLUSHDYCE  SL8+I56)  92(26.1)  659¢3.1)  642(:32)  65.1(+16.9)  595(+47)  582(:582) 905(+03) 4LIGST)  S49(+124)  S56074) 3224215  I58+I8H)  269(+26.9) 233(+233)
Y DHC[75HDYCE  57.9(+93)  64(-43) 7TI5(+147) 725(+30)  643(+5.1)  70.3(+43) 532(+400) 88.7(+35) 448(+7.9) 79.1(+112) 67.8(+63) 420(+50) 382(7.3)  348(+34)  20.1(+9.5)
A&D[T6HDYCE  65.5(+46)  58(-0.7)  873(+21) T85+11.6) 724(+54) 65.1(+124) 647(+1.8) 90.9(+13) 553(+32)  84I(+L1)  TT5(426)  47.3(+55)  49.8(+64)  48.4(+36)  30.1(+2.9)

Image Ground Truth Ours w/o DyCE Ours w/ DyCE

GTA5—>CITYSCAPES

SYNTHIA—>CITYSCAPES

Figure 4. Qualitative segmentation performance of SemiDAViL
with and without DyCE loss on 100 labeled target data.

weighting underrepresented classes based on their occur-
rence, addressing inherent dataset imbalances. (B) The
integration of DyCE loss shows significant improvements
across a variety of challenging classes, particularly in tailed
categories with high intra-class variation such as Fence,
Wall, Terrain, Rider, and Pole. We provide a quali-
tative visualization of improvement in segmentation per-
formance by incorporating DyCE loss in Figure 4. For
GTAS5—Cityscapes, the performance on tail classes like
Wall (51.9%), Fence (51.5%), and Pole (60.2%) shows sub-
stantial improvement over previous state-of-the-art meth-
ods SS-ADA+U2PL [89] (47.1%, 47.7%, and 55.3% re-
spectively) and SS-ADA+UniMatch [89] (43.7%, 45.1%,
and 53.3% respectively). (C) We observe a significant im-
provement over UDA approaches like [4, 44, 72]. (D) The
overall mloU rises from 70.3% to 71.4% by integrating
DyCE loss, showing consistent performance gains across
all label splits. Similar improvements are also evident in
Synthia—Cityscapes, demonstrating the robust superiority
of our language-guided and class-balanced approach.

To further validate the effectiveness of DyCE loss, we
evaluate it on a more challenging scenario: Synapse med-
ical dataset with severe class imbalance (95.63% back-
ground, 4.37% foreground: foreground classes vary from

53.98% to 0.14%). As summarized in Table 5, we highlight
the significant impact of our DyCE loss as a plug-in en-
hancement across various SSL methods [51, 75, 76, 78, 93].
(A) For the lowest-performing general SSL method in Ta-
ble 5, i.e., UA-MT [93], its mDSC leaps from 20.3% to
48.1%, with minority classes like Gallbladder improving
from 0.0% to 49.5%, showcasing DyCE’s impressive adap-
tive weighting. Similarly, URPC’s mDSC increases from
25.7% to 48.9%, whereas the previous best general SSL-
based DePL sees a boost from 36.3% to 51.8%, underscor-
ing DyCE’s capability to mitigate severe class imbalance
by prioritizing underrepresented organs (e.g., Right Adrenal
Gland from 0.0% to 26.9%). (B) Recent SoTA of balanced
SSL like DHC and A&D also benefit, with DHC’s DSC ris-
ing from 48.6% to 57.9%, and A&D reaching 65.5% (up
from 60.9%). Notable gains include improvements in Gall-
bladder (DHC: 66.0% to 70.3%) and Left Adrenal Gland
(A&D: 27.2% to 30.1%), demonstrating DyCE’s effective-
ness as a plug-in loss across class-imbalanced datasets. Fur-
ther experimental findings, qualitative and quantitative anal-
ysis are provided in the supplementary material.

5. Conclusion

In this work, we introduced SemiDAViL, a novel SSDA
framework that leverages vision-language guidance and
a dynamic loss formulation to address key challenges in
domain-adaptive semantic segmentation. Through com-
prehensive experiments on several SSDA and SSL bench-
marks, our method demonstrated consistent improvements
over state-of-the-art techniques, especially in low-label
regimes and class-imbalanced scenarios. The integration of
vision-language pre-training, dense language embeddings,
and the proposed DyCE loss contributes to discriminative
feature extraction, better handling of minority classes, and
enhanced semantic understanding. Overall, SemiDAViL
sets a new benchmark in SSDA, showcasing strong general-
izability across diverse domain shifts and label constraints.
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