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Abstract

Semantic segmentation is used in safety-critical applications such as autonomous driving
and cancer diagnosis |11, 24, 5], where accurately identifying small and rare objects is
essential. However, pixel-level annotations are expensive and time-consuming, and distribu-
tion shifts (e.g. daytime to snowy weather in self-driving, color variations between tumor
scans across hospitals) between datasets further degrade model generalization capabilities
[79, 21, 23]. Unsupervised domain adaptation for semantic segmentation (DASS) addresses
this challenge by training models on labeled source distributions and adapting them to
unlabeled target domains [95, 22, 21, 82, 79].

Existing DASS methods rely on either vision-only approaches or language-based tech-
niques. Vision-only frameworks, such as masking [23] and utilizing multi-resolution crops
[22], implicitly learn spatial relationships between different image patches but often suffer
from noisy pseudo-labels biased toward the source domain [53]. To mitigate noisy predic-
tions, language-based DASS methods leverage generalized representations from large-scale
language pre-training. However, those approaches use generic class-level [53] prompts (e.g.,
"a photo of a {class}") and fail to capture complex spatial relationships between objects,
which are key for dense prediction tasks like semantic segmentation.

To address these limitations, we propose LangDA, a language-guided DASS framework
that enhances spatial context-awareness by leveraging vision-language models (VLMs).
LangDA generates scene-level descriptions (e.g., "a pedestrian is on the sidewalk, and the
street is lined with buildings") to encode object relationships. At an image-level, LangDA
aligns an image’s feature representation with the corresponding scene-level text embedding,
improving the model’s ability to generalize across domains. LangDA eliminates the need
for cumbersome manual prompt tuning and expensive human feedback [15, 26, 89, 13],
ensuring consistency and reproducibility.

LangDA achieves state-of-the-art performance on three DASS benchmarks: Synthia
— Cityscapes, Cityscapes — ACDC, and Cityscapes — DarkZurich, surpassing existing
methods [23, 53] by 2.6%, 1.4%, and 3.9%, respectively. Ablation studies confirm the
effectiveness of context-aware image-level alignment over pixel-level alignment. These results
demonstrate LangDA’s capability to leverage spatial relationships encoded in language to
accurately segment objects under domain shift.
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Chapter 1

Introduction

Machine learning (ML) has driven technological advancements across diverse fields, including
medical diagnostics |11, 24, 5], robotics |33, 18], and autonomous driving [31, 63, 39]. Its core
aim is to develop models that extract generalizable patterns from training data, enabling
accurate predictions on previously unseen data during testing and deployment.

1.1 Semantic Segmentation

Computer vision is the subfield of machine learning responsible for the perception of the
world. Often cited as fundamental tasks |11, 75, 50], computer vision heavily focuses
on classification, object detection, and semantic segmentation [3|, as seen in Figure 1.1.

P(car) = 0.62
P(person) = 0.23

P(tree)= 0.06

Image Classification Object Detection Semantic Segmentation

Figure 1.1: Fundamental Modern Computer Vision tasks. Classification, Detection,
and Semantic Segmentation, on Cityscapes |1 1] dataset



Image Ground Truth (manually labeled!)

Figure 1.2: Manual Annotation for Semantic Segmentation. The white boxes
highlight the detailed, dense polygonal boundaries that a human annotator must trace
around every object—a costly, inefficient, and time-consuming process. The image is from
Cityscapes [1 1] dataset.

Classification assigns a single label to an entire image, identifying the dominant object or
scene. Object detection extends this by localizing and classifying multiple objects within
an image using bounding boxes. Among these tasks, semantic segmentation is particularly
challenging—it involves partitioning an image into distinct regions and assigning a semantic
label to each pixel, producing a dense, pixel-wise annotation of the scene.

Because semantic segmentation enables a fine-grained and detailed understanding of
the scene, it is essential in safety-critical applications such as cancer diagnosis |11, 21, 5]
and autonomous driving [31, 63, 39|, where accurately segmenting small and rare objects
is crucial. However, pixel-level annotations required for training segmentation models are
expensive and extremely time-consuming, as demonstrated in Figure 1.2. This challenge is
further exacerbated by domain shifts—differences between the training (source, e.g., daytime
for self-driving) and deployment (target, e.g., snowy weather in winter) environments—which
degrade model performance when new data distributions emerge [79, 21, 23]. Collecting
sufficient annotated data to cover all potential domain shifts is often impractical and costly.
To address this, unsupervised domain adaptation for semantic segmentation (DASS) trains
segmentation models on labeled source domains and adapts them to unlabeled target
domains— usually based on the student-teacher architecture as illustrated in Figure 2.1
[95, 22, 21, 82, 79].



Source

Normal

Figure 1.3: Typical domain shifts in autonomous driving. 7op: Training data
contains images of well-lit daytime streets |1 1], whereas the target domain depicts a similar
urban context at night. The shift in illumination alters color distribution, introduces motion
blur and head-light glare, and obscures object boundaries—factors that drastically change
the visual contextual clues segmentation models rely on. [65]. Center: A network trained for
clear weather struggles when encountering snowy or rainy scenes [67]. Snowfall and ice hide
texture cues and change scene geometry (e.g., snowbanks), producing a weather-induced
domain shift that confuses models trained on sunny conditions. Bottom: Training on
synthetic imagery [03] and deploying on real-world scenes |1 1] introduces a texture and
appearance gap that degrades performance.

1.2 Domain Shift

The success of supervised learning, where an image and its ground truth label are used to
train the deep neural network, relies on 1) the vastly available labeled training data and
2) the independent and identically distributed (i.i.d.) assumption between training and
testing data [19]. However, when deep learning models are deployed in the real world, the



Accurate Segmentation on Source Performance Degradation on Target

Figure 1.4: Performance degradation under domain shift. As shown on the right
side of this figure, target domain segmentation results deteriorate when directly applying
source-trained models on target data: object boundaries blur (e.g., trees), small classes
vanish (e.g,. traffic signs), and misclassifications proliferate (e.,g. cars, roads, vegetation).
This drop in accuracy underscores how distribution shifts between source and target data
compromise segmentation performance.

i.i.d. assumption rarely holds [33, 19].

Domain shift, also called distribution shift, is common in real-world settings (Section 1.1).
Differences in illumination, weather, camera pose, image quality, or visual style between
training and test datasets invalidate the learned decision boundaries [33, 19]. In self-driving,
a segmentation network trained on bright daytime road scenes, for example, may face
nighttime, rain, or snow at deployment, and its accuracy can deteriorate significantly.

Applying a source-trained model directly to the target domain yields substantial degra-
dation (Figure 1.4). Simpler solutions such as fine-tuning with mixed source—target aug-
mentations — e.g., CutMix or ClassMix [90, 54| — offer only limited gains and still demand
careful target image selection and hyperparameter tuning. These limitations motivate more
principled methods that exploit both richly annotated source data and unlabeled target
data, leading to the UDA and DASS techniques investigated in this thesis.

1.3 Domain Adaptive Semantic Segmentation

Unsupervised domain adaptation (UDA) for semantic segmentation aims to bridge the
domain gap by learning invariant feature representations that generalize across different
domains. A key challenge in UDA is capturing context—the spatial relationships between
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Figure 1.5: Synthia — Cityscapes: Progress of DASS over time. Improvements in
UDA methods have plateaued in the last two years. Compared to MIC [23], which tries to
learn spatial relationships only on vision domains, and CoPT [53], which employs generic
language-priors, our proposed method LangDA uses contextual information from descriptive
captions, achieving state-of-the-art performance.

objects in each domain—which is critical for accurate segmentation [23].

Existing vision-only UDA methods [22, 23, 21] (Fig. 2.1a) attempt to enhance context
awareness by implicitly learning spatial relationships between image patches. For example,
HRDA [22] uses a combination of high-resolution crops and low-resolution images to
capture both fine-grained and long-range context dependencies. MIC [23] improves context
awareness by masking target images, encouraging the model to infer missing information
based on the surrounding context. However, these methods are prone to noisy pseudo-labels,
which are biased toward the source domain |53, 23].



(a) Prior work: Generic Prompts & Pixel-level alignment (b) LangDA: Scene-aware Captions & Image-level alignment
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Figure 1.6: (a) Existing language-guided DASS method aligns pixel-level image features
with generic prompts. (b) LangDA, our proposed method, explicitly induces spatial context
by aligning scene captions containing both relational words (purple) and object names (blue
and orange) with image-level features to drive context-aware image segmentation.

1.4 Language-guided Domain Adaptive Semantic Seg-
mentation

To mitigate noisy predictions caused by domain gaps, recent self-training methods begin
leveraging generalized representations from language models. CoPT [53], in particular,
introduces language-based guidance by aligning class-level text embeddings with pixel
features. Specifically, CoPT minimizes the cosine similarity between the covariance matrices
of text representation (e.g., CLIP [59] embedding of the phrase "a photo of a class") and its
corresponding average-pooled pixel features, such as for the class "car." While this improves
domain alignment, CoPT and similar approaches focus on class-level alignment and fail
to capture the broader context between different objects (e.g., the relationship between a
car and a pedestrian). However, capturing these inter-object relationships is crucial for
complex scene understanding and robust segmentation.

Motivated by the above, this thesis proposes LangDA, where we explicitly build con-
textual scene understanding through text. Unlike existing language-guided methods
[53, 26, 13, 89] using generic class-level prompts (Figure 1.6a), LangDA aligns image
scenes with descriptive captions (e.g., "a {pedestrian} is on the {sidewalk}, and the street
is lined with {buildings}..."; see Figure 3.2a). These captions encode semantic context
structure using spatial phrases ("on the", "next to", "in front of") and logical connectors
("and", "with"), which are not captured from class names alone (Figure 1.6b). To fully
leverage the spatial relationships in the caption, we introduce an image-level consistency
module, bringing the entire image’s features closer to the corresponding caption. We



demonstrate that leveraging scene relationships in language allows the model to generalize
much better to target images.

We validate LangDA on three
different DASS settings: Syn-
thia — Cityscapes, Cityscapes
— ACDC, and Cityscapes —
DarkZurich. LangDA achieves
state-of-the-art performance in
all three UDA settings, surpass-
ing existing methods |23, 53| by
2.6%, 3.9%, and 1.4% respec-

tively, for the challenging seman-
Figure 1.7: Existing DASS methods struggle with seg- tic segmentation tasks with do-

menting visually similar classes (e.g., misclassifying the nain shifts (Figure 1.8). Our ab-
interior of the sidewalk pixels as road). LangDA, our pro- lation studies further highlight
posed scene-aware approach, mitigates this by leveraging the superiority of context-aware
spatial cues in language to improve class separability. image-level alignment over pixel-

Target Image Prior SOTA Pred. LangDA Pred.(Ours)

.........................

.................................

_________

@

level alignment. These results
confirm LangDA’s capacity to extract spatial relationships encoded in language representa-
tions for robust domain adaptation.

1.5 Thesis Contribution

This thesis contributes a more accurate and robust language-guided framework for domain
adaptive semantic segmentation (DASS), which captures rich object relationships at the
scene level and operates without manual prompt engineering or human feedback. Specifically,
this thesis introduces LangDA, which aligns a descriptive scene embedding with the
corresponding image embedding, thereby encoding rich contextual relationships that existing
class-level alignment methods cannot exploit.

Another key contribution of this thesis is the ability of LangDA to adapt to unknown
domain gaps, in contrast to existing methods that assume knowledge of the domain shift.
To achieve this, we propose a context-aware caption generator that automatically produces
image-specific descriptions using a Vision—Language Model (VLM) and a Large Language
Model (LLM), both initialized with a fixed random seed to ensure reproducibility. This
removes the need for predefined textual supervision to describe domain gaps (e.g., “daytime
photo” vs. “nighttime photo”), which proves unreliable in real-world scenarios where domain
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shifts are unpredictable, such as tumor scans exhibiting color and spatial variations across
hospitals [24, 11, 5].

Furthermore, this thesis contributes standardized caption generation for reproducibility
and consistent benchmarking in DASS. We release the first captioning datasets for Synthia
[63] and Cityscapes [11], enabling future research in language-guided semantic segmentation
with or without domain shifts. By standardizing the captioning process, LangDA eliminates
the inconsistencies introduced by handcrafted prompt engineering and supports robust
comparative evaluation.

Additionally, this thesis contributes an automated and scalable captioning framework
that removes reliance on manual prompt tuning [20, 89, 13, 53] and resource-intensive
human feedback [15]. The proposed context-aware caption generator produces captions
automatically without requiring manual prompt-specific tuning describing the same scene

(e.g., “a daytime photo”, “a bright image”, or “a sunlit road”), thus ensuring consistency
across domain descriptions and eliminating subjective prompting choices.

From a systems perspective, this thesis also
contributes an architecture that is as fast at
inference as existing vision-only models, while
delivering significantly improved segmentation
performance. Unlike many cross-modal meth-
ods that require language input at both train-
ing and inference time, LangDA uses text only s . acock ] +3.0
during training as an auxiliary learning signal.
At inference, it relies solely on the visual model,

Prior SOTA

cs - ozk 1+ 1.4 LangDA (ours)

making it lightweight and practical for real-  syn - csf 1+ 2.6
world deployment. Notably, the method shows : ‘ : ]
substantial improvements on difficult classes >0 - miﬁu %) ® 0

such as person, road, and sidewalk, which are
often misclassified under domain shift.
Figure 1.8: LangDA sets the new state-of-

Furthermore, LangDA does not require fine- the-art in DASS in three settings.

tuning a VLM or LLM, setting it apart from
existing methods that often depend on compu-
tationally expensive fine-tuning and learning from human feedback. By leveraging a frozen
pre-trained VLM and LLM, our approach reduces training cost while preserving strong
adaptation performance.

Finally, this thesis contributes a new state-of-the-art method in the field of DASS. The
method proposed in this thesis, LangDA, achieves 70.0%, 67.6%, and 57.6% mean Jaccard



Index on Synthia — Cityscapes, Cityscapes — ACDC, and Cityscapes — DarkZurich,
respectively, surpassing the previous state-of-the-art by 2.6%, 3.9%, and 1.4% , as seen in
Figure 1.5. These results demonstrate the effectiveness of LangDA in improving segmentation
performance under a range of challenging domain shifts while maintaining efficiency and
scalability.

1.6 Overview

Chapter 2 establishes the background and academic context of this thesis, reviews existing
literature in domain adaptive semantic segmentation, and positions this work within the
broader research landscape.

Chapter 3 describes the methodology of the proposed architecture, LangDA, for language-
guided domain adaptive semantic segmentation, as illustrated in Figure 3.1. LangDA consists
of source-target distillation for learning domain-invariant visual features, a context-aware
caption generator for creating scene descriptions, and image-level consistency alignment for
integrating language and vision features into the network.

Chapter 4 details the experimental setup, datasets used, and both quantitative and
qualitative results, including ablation studies. Notably, the proposed method achieves state-
of-the-art performance on all three standard benchmarks: synthetic-to-real, day-to-night,
and normal-to-adverse-weather.

Chapter 5 summarizes the contributions, discusses limitations, and outlines potential
future research directions.



Chapter 2

Background

This chapter reviews existing domain adaptation literature relevant to this thesis, highlights
gaps in current knowledge, and positions this work within the broader academic context to
establish its significance.

Modern domain adaptation algorithms aim to learn representations that generalize
across both labeled source and unlabeled target domains, enabling robust performance
despite domain gaps. Section 2.1 examines unsupervised domain adaptation (UDA) methods
for vision, which primarily use statistical minimization to reduce distribution differences
between image domains or adversarial training to learn domain-invariant representations.
Section 2.2 discusses recent self-training-based UDA approaches that distill source domain
information into the target domain. Section 2.3 explores the zero-shot setting, where
no target image is available, but alternative information such as language informs the
source domain about the target domain. Finally, Section 2.4 reviews language-guided UDA
methods for classification, detection, and semantic segmentation, positioning our work
within the existing literature and highlighting its significance.

2.1 Vision-only Unsupervised Domain Adaptation

Before the advent of UDA, models trained solely on a labeled source domain were directly
applied to an unlabeled target domain under domain shifts. This naive transfer typically
resulted in significant performance degradation, particularly in dense prediction tasks like
semantic segmentation.

10



(a) Vision-only (b) CoPT (ECCV’24) [53] (¢) LangDA (Ours)

Figure 2.1: Unsupervised Domain Adaptation Methods: An Overview. (a) Vision-only
UDA leverages an EMA-updated teacher-student framework with consistency losses to
segment unlabeled target data. (b) CoPT uses LLM-generated class-wise text prompts
and performs pixel-level alignment (aligns pixel features to corresponding class prompts),
not focusing on spatial relationships in language. They also require additional supervisory
text prompts for target domain. (c) Our proposed method LangDA utilizes context-aware
image captions and performs image-level alignment (aligns image features to the image
captions) to facilitate context-aware domain-invariant adaptation. Words providing context
are highlighted in green.

Early efforts in UDA focused on data-level mixing strategies, such as CutMix [90] and
ClassMix [54], which blended source and target images to encourage domain-invariant
learning. These approaches laid the groundwork for more principled UDA methods.

Modern UDA techniques adapt a model trained on a labeled source domain to an
unlabeled target domain by leveraging one or more of the following approaches: discrepancy
minimization [51, 72, 71, 82, 17|, adversarial training [32, 16|, or self-training |7, 21, 32,
40, 76]. Discrepancy minimization reduces the domain gap using statistical distance
functions such as maximum mean discrepancy [51], correlation alignment [72, 71|, or
entropy minimization |32, 17|. Adversarial training uses a learned domain discriminator
within a GAN framework [1(] to promote domain-invariant inputs, features, or outputs
[82]. Self-training generates pseudo-labels [10] for the target domain based on confidence
thresholds [21], with consistency regularization |76, 79] often applied to ensure robustness
across different data augmentations [23, 4| and domain-mixup [54, 90, 32, 79]. Other works
also apply consistency regularization using prototypes [93] and auxiliary task correlation
[34].
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2.2 Unsupervised Domain Adaptation with Self-Training

In particular, self-training has shown strong results in segmentation when attempting
to learn spatial relations using self-supervised objective. To better leverage ImageNet’s
real-world high-level semantic classes, DAFormer [21]| proposes a transformer-based DASS
method and regularizes the bottleneck image features with ImageNet features. HRDA
[22] uses high-resolution crops in conjunction with low-res crops to improve fine-grained
representation, while MIC [23] leverages masked image modeling to try to implicitly learn
spatial relationship in images. Although self-training based methods are more stable and
outperform other UDA approaches [21], they remain vulnerable to noisy pseudo-labels
dominated by source features, limiting target domain performance [53].

To further bridge the domain gap, recent methods such as CoPT [53] turn to CLIP-based
models to leverage its generalized world prior. Although CoPT [53] aligns the covariance
matrix of image and text features, it performs this alignment at pixel-level and does not
take advantage of the spatial relationship between objects encoded in VLM’s representation.
Our work addresses this research gap by leveraging language guidance to bridge the source
and the target domain in DASS.

2.3 Zero-shot Domain Adaptation with Language

In zero-shot domain adaption for semantic segmentation, recent works adapt to unseen
domains using textual descriptions of the unavailable target data. For instance, PODA
[13] utilizes text embedding from the CLIP [59] model to approximate the target visual
domain. ULDA [29] notes PODA requires separate segmentation heads and adaptation
steps for each target domain. Its follow-up work addresses this by enabling a single model to
adapt to multiple domain settings. However, ULDA is computationally costly and requires
simultaneous training on several domains.

2.4 Domain Adaptation with Language

Recent work in unsupervised domain adaptation (UDA) has largely focused on vision-only
strategies, including discrepancy minimization, adversarial training, and self-training, to
bridge the gap between labeled source and unlabeled target domains. While effective,
these approaches often rely solely on visual cues and may struggle to generalize under
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large appearance shifts or in the absence of fine-grained context. In contrast, language-
guided domain adaptation introduces an additional modality-—natural language-that encodes
semantic and contextual knowledge often invariant across domains. By leveraging pretrained
vision—language models, language-guided approaches offer a promising alternative to improve
robustness and interpretability in UDA, especially for classification, detection, and more
recently, dense prediction tasks.

In UDA for classification and detection, Lai et al. [38] initially formulated a pseudo-
labeling setting and active debiasing of CLIP for unsupervised domain-adaptive classification.
Following this, Du et al. [12]| exploit domain-invariant semantics by mutually aligning
visual and text embeddings for domain adaptive classification. Jin et al. [31] leverage
language to compute fine-grained relationships between different parts of an object for
UDA-detection. Lai et al. [30] design a domain-aware pseudo-labeling scheme for effective
domain disentanglement.

In semantic segmentation, Lim et al. [11] uses CLIP for adaptation when source
and target domain have different class names. CoDA [15] adapts to adverse weather by
generating additional images via text-to-image synthesis and requires costly human feedback
for image selection. Despite their success, we do not compare existing methods against [15],
as it relies on extra data and manual intervention, making direct comparison to methods
trained solely on existing data neither fair nor meaningful. CoPT [53] aligns the covariance
matrix of class-wise text embeddings (averaged from source and target domains) with
pixel-level image features for DASS. In contrast, no existing DASS method directly aligns
spatial relationships in text with visual representations. Our approach fills this research
gap by capturing object relationships in language descriptions, and aligning it with image
features to mitigate visual domain discrepancies.

2.5 Summary

Existing DASS methods typically follow either vision-only [51, 72, 71, 82, 17, 82, 16, 7,

, 32, 40, 76] or language-guided approaches [13, 31, 89, 12, 36, 44, 15, 53]. Vision-only
methods, such as masking [23] and multi-resolution cropping [22], aim to enhance context-
awareness but often suffer from noisy pseudo-labels biased toward the source domain [53].
Language-based methods, by contrast, rely on generic class-level prompts (e.g., “a photo of
a class”) to introduce semantic priors [53], but fail to capture spatial relationships between
objects—information essential for dense prediction tasks like semantic segmentation. While
recent work such as CoPT aligns image and text features, it does so only at the pixel level
and overlooks scene-level context.
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This thesis bridges these two directions by proposing LangDA, a language-guided
framework that combines the strengths of both vision-only and language-based UDA.
LangDA introduces a context-aware caption generator that produces scene-level descriptions
capturing object relationships using frozen VLMs and LLMs. These descriptions are then
aligned with global image features in the image-level alignment module, enabling the model
to incorporate spatial semantics alongside visual cues. This multimodal approach offers
more robust domain adaptation, particularly under large appearance shifts and complex
visual layouts, advancing the state of the art in semantic segmentation under domain shift.
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Chapter 3

Language-guided Domain Adaptive
Semantic Segmentation

3.1 Methodology

3.1.1 Problem Formulation

In DASS task, we learn a model fy : RT*W>x3 — [0 1]H*W*EK parameterized by 6 that
performs plxel wise classification of K classes on an unlabeled target domain dataset Dr =

{xT | ZB ) e REXWx3Y " oiven access to a labeled source domain dataset Dg = {(xs ,yg)) |

xg) € RHXWX?’,y(l) e {0, 1}>WxEL " We utilize a student model gg : RIZXW>x3
[0, 1]*WXE parameterized by 6 and a teacher model hyg : REXW>3 — [0, 1]HXWXK parame-
terized by ¢.

3.1.2 Overview

Our proposed method, LangDA | leverages an EMA-updated one-stage knowledge distillation
framework for online self-training (Sec. 3.1.3) to adapt across visual domains. The knowledge
distillation architecture consists of two models: a student model and a teacher model. The
student network is trained with two segmentation losses simultaneously: a supervised loss
on the labeled source dataset Dg, and an unsupervised loss on the unlabeled target dataset
Dr. For the unlabeled target data, the teacher network generates pseudo-labels that are
used as predictions to inform the student network on Dr.
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Figure 3.1: LangDA Architecture. LangDA is a prompt-driven UDA framework that
leverages contextual language descriptions to bridge domain gaps between labeled source
images and unlabeled target images. LangDA includes two modules: context-aware caption
generation and language-consistency alignment. Left: Context-aware generation is a two
step process. First, a captioning model generates captions that encode context relationships
for the source image (e.g. "there is a sidewalk on one side of the street"). Then, the
captions are improved by passing class names from ground truth labels into an LLM. Right:
In the image-level consistency alignment module, an adapter (explained in Section 3.1.5)
projects the image features from the trained network onto the same latent space as text
embeddings. The LangDA image encoder is trained from scratch because the CLIP image
encoder performs poorly on semantic segmentation tasks.

In addition to the supervised and unsupervised objectives for aligning image domains,
we propose a Contextual Language Consistency objective in Sec. 3.1.5. This objective
utilizes a context-aware caption generator (Sec. 3.1.4) that processes the source image to
generate scene text embeddings, which are then aligned with the visual features extracted
from the student network via image-level alignment (Sec. 3.1.5). This alignment reinforces
context awareness and domain-invariance within the student model.

Finally, the teacher network’s parameters are updated through an exponential moving
average (EMA) of the student network’s weights, ensuring gradual and stable adaptation
throughout training. Figure 3.1 summarizes LangDA’s architecture. The individual modules
are explained in the following subsections.
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( )
[ Caption Generation: Gal VLM ]

'd N\
( Caption Refinement: ® LLM J

® Query (Image): i

® Query (Text):

Describe the image in detail for semantic
segmentation tasks. Be sure to include the
class names {CLASS NAMES} and their
pixel locations.

Eal VLM:
The image depicts a busy city street with a
mix of vehicles and pedestrians. There are
several cars, including a blue car parked on
the side of the road, and a motorcycle. A
bicycle is also present in the scene. A person
is riding a bicycle, while another person is
riding a motorcycle. There are numerous
people walking along the sidewalk, some of
them carrying handbags. A few pedestrians
are also riding bicycles. The street is lined
with buildings, and there is a traffic light
visible in the scene. The sky is visible in the
background, adding to the urban atmosphere.)

\§

(a) We generate scene descriptions for source im-
ages using a VLM [17]. Class names are acquired
from ground-truth labels yg). We can see the
VLM provides contextual relationships, such as
"street is lined with buildings” and “numerous

people walking along the sidewalk”.

@ System: You are a helpful assistant for
refining and condensing detailed image cap-
tion descriptions for semantic segmentation.

® Query: Shorten the description to less
than 77 tokens. Do not use quotation marks
or parentheses. Be sure to include the class
name |[road’, ’sidewalk’, 'building’, wall’,
'fence’, 'pole’, 'vegetation’, ’sky’, 'person’,
'rider’, ’car’, 'motorcycle’, ’bicycle’, 'unla-
beled’| and their pixel locations. The de-
scription is
O LLM:
The image shows a busy city scene with road
filled with cars, motorcycles, and bicycles.
Sidewalk has pedestrians and riders. Build-
ings, fence, and pole are in the background.
Vegetation is near the edge, and sky above.
People are scattered across the scene, some
near the road, others by the buildings. Some

areas are unlabeled.
|\ J

(b) We summarize generated captions with an
LLM. We appended a system-level prompt to
inform the LLM of our semantic segmentation
objective. We can see that LLM preserves spa-
tial relationships from the VLM captions, as in
“Sidewalk has pedestrians and riders”.

Figure 3.2: Left: VLM Caption Generation. Right: LLM Caption Refinement Module.

3.1.3 Source-target Distillation for Visual Domain

To adapt from a labeled source image domain Dg to an unlabeled target image domain
Dr, we use single-stage online self-training (ST) [79, 21| to distill visual knowledge from
the source to the target. This involves simultaneously training a student model gy(-) and
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Figure 3.3: Intersection over Union, Illustrated.

a teacher model hy(-). The student segmentation network gy is trained on Dg using a
categorical cross-entropy loss:

' HxW C o )
£gh == 3"y’ log go(a) 0 (3.1)
j=1 c=1

For target data Dy with no labels, we generate pseudo-labels (pr) via teacher network hy(-),
using the argmax of the softmax output (Eq. (3.2), sg denotes the stopping gradient).

pr”? =1le = argmax sg(ho (7)) (3:2)

A quality estimate for pseudo-labels is provided based on the ratio of pixels exceeding a

confidence threshold 7 in the softmax probability.
' 1 HxW (i
qu) =Tw ]I[mcz}x hy(xq )(]’C) > 7] (3.3)

j=1
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Excellent!

=

IoU = 0.83

Figure 3.4: Examples: What is a good IoU?

These pseudo-labels and their confidence estimates are used to train gg on the target domain
to compute the unsupervised loss for the teacher model.

. HXW C . .. .
L8 == 3" > ap'pi” log gola)) 5. (3.4)
j=1 =1

Pseudo-labels can either be generated online or offline. Following [21], we opt for online
self-training due to its simplicity and single training stage, which is crucial for comparing
and ablating network architectures. In online self-training, the teacher network is updated
as the exponentially moving averages of the student network after each training step.

Gr1 ¢ ady + (1 — )b, (3.5)

3.1.4 Context-Aware Caption Generator

Capturing spatial context relations between objects is critical for dense prediction tasks
[23]. To capture contextual information in our text prompts, we generate detailed captions
describing each scene using multi-modal foundational models and utilize a Vision Language
Model (VLM) to generate image-level text prompts. Specifically, we choose the open-source
captioning model LLaVA [17], which has GPT-4V level capabilities and is trained in a
unified vision-language embedding space. LLaVA utilizes visual prompt instruction tuning
and provides rich visual and linguistic context, making it ideal for our task at hand.

We develop our captions once at model initialization and store them in a memory bank.
For each image, we obtain a caption zg) from LLaVA [17] (Fig. 3.2a), forming the caption

bank Cs = zg) | zéi) € R, where / is the number of tokens.
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To refine Cg and obtain C, = 29 | PO R¢, ¢ < 77, we design a system-level prompt
[92] (see Fig. 3.2b) to precisely guide the Large Language Model’s response style and
exg)ertise, ensuring the caption is tailored for segmentation tasks. Next, we refine each
zg € Cs using a Large Language Model (LLM) [30] to retain only the classes present in
its ground truth segmentation mask yg), as shown in Fig. 3.2b. This avoids hallucination
[3, 35], since each source image xg) may contain only a subset of all possible classes. Since
CLIP [59] accepts a maximum token length of 77, the refinement process condenses the
VLM caption from 140 tokens to approximately 70 tokens while preserving key contextual
information. See 3.2.2 for an analysis of token lengths in context descriptions.

To obtain text features for image-level alignment, we pass the refined captions C, to the
frozen CLIP encoder Fcrp [9] to obtain the set of text feature vectors,
i i i i c
Voup = {U(CI)JP | U(C%,IP = Ecup(2Y"), UéiIP € R}
where C' is the CLIP multi-modal embedding space dimension.

3.1.5 Image-level Consistency Alignment

To align source image features with generalized context-aware text features, we impose an
image-level minimization objective on the distance between CLIP textual features Vcrip
and the source image feature Fg, ]:s:{fs(l) | f(l):gg(:r;g)), fs(z) € RODW wwhere C is the
dimension of the CLIP multimodal embedding space, H and W are the height and width
of the source image features.

To enforce image features to share the same dimensions as the CLIP embeddings, we
apply attention pooling [59] and transform fs(l) into f[EZ))oD where féf}ol € R®. Since the
CLIP image encoder is trained on sparse prediction tasks such as classification, it is known
to perform poorly on segmentation tasks |9, 94]. Therefore, we train a dedicated image

encoder specifically optimized for segmentation tasks.

To ensure image and text features are in a shared latent space, we project frozen CLIP
text features and image features into the same space using a trainable multilayer perception
layer (or an "adapter"). Parameter-efficient fine-tuning works have used adapters in NLP
and multi-modal feature fusion without distribution shift [19, 69, 73]. We empirically
demonstrate its effectiveness in DASS (Sec. 4.1).

To bring text features closer to image features, we define a language consistency objective
function:
@) () f(i) 1° UgI)JIP
i 7 7 00
Eé)(fpool’ UCLIP) =1- (Iz) (i) : (36)
||fp001|| lverml
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Figure 3.5: Token Length After Refinement on Synthia [63] and Cityscapes [11].
Token lengths are shorter after refinement, averaging around 77 tokens — the maximum
context length accepted by CLIP.

To the best of our knowledge, we are the first work to employ this exact language
consistency loss in DASS. Our loss leverages the cosine similarity distance metric, used by
CLIP [59] for aligning multimodal embeddings, to explicitly align source image features
with text embeddings. The language consistency objective guides the source image features
toward the text embedding. Additionally, the global target image features are implicitly
steered towards the text feature space through the EMA model update in Eq.(3.5), further
reinforcing the learned multimodal consistency.

The overall UDA loss L is the weighted sum of the supervised loss, unsupervised loss
and language consistency loss £ = Lg + L1 + A\, L. This new loss establishes a stronger
link between visual and textual domains, driving state-of-the-art performance in DASS.
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Figure 3.6: Left: Token Length Distribution on Synthia. Token length for VLM is much
longer than token length for LLM after refinement. Most token length centered around
150 before refinement, whereas token length centered around 70 after refinement. Right:
Token Length Distribution on Cityscapes. Note the distribution of token length is much
longer and less uniform compared to Synthia. This is because Cityscapes is real-world data,
which contains varied scenes and requires more detailed description.

3.2 Explanation and Analysis on Caption Generation

3.2.1 Prompt Generation Process

Figure 3.2a illustrates the process of generating a contextual scene description using a VLM
[17] for a given source image 2! S We prompt the VLM with a source image and a prompt
including class names (shown in green) obtained from ground truth segmentation masks.
We can see that the VLM clearly characterizes the contextual relationship in the given
image.

The scene description generated by the VLM is much longer than 77 tokens, the
maximum context length supported by CLIP [59]. We further use an LLM [30] to refine the
generated captions. Figure 3.2a shows the LLM [30] refinement module of the corresponding
source image a:(si), note that the token length is less than 77 after refinement and the
contextual relationship is preserved.
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3.2.2 Analysis on Quality of Image-level Descriptors

Figure 3.5 shows the tokens before refinement have average context lengths of around 140
tokens on both Synthia and Cityscapes, which is too long for the CLIP [59] context length
that only accepts a maximum of 77 tokens. After refinement, we can see the average context
length drops down to around 77 tokens for both datasets, showcasing the necessity of our
LLM-based caption refinement process.

This is further elucidated in Figure 3.6, where the distributions of context lengths of raw
and refined captions are visualized. From this figure, we can clearly see that the distributions
of context lengths of the refined captions for both datasets are centered around 70. These
results, combined with the example refined prompt in Figure 3.2b, demonstrate that the
LLM refinement module reduced the number of tokens significantly while preserving the
context relationships.

3.3 Experiments

3.3.1 Datasets

Following standard practices in DASS, we explore three self-driving adaptation scenar-
ios: synthetic-to-real, clear-to-adverse-weather, day-to-night; using Synthia — Cityscapes,
Cityscapes — ACDC, and Cityscapes — DarkZurich, respectively (Figure 3.7). Synthia
[63] serves as the synthetic source, containing 9,400 images at 1280 x 760 resolution. Real
dataset benchmarks include Cityscapes [11] with 2,975 training and 500 validation images
at 2048 x 1024 resolution for clear weather, DarkZurich [65] with 2,416 training and 151
test images for nighttime, and ACDC [67] with 1,600 training and 2,000 test images for
adverse weather (fog, night, rain, and snow).

3.3.2 Implementation details
To evaluate LangDA’s robustness, we combine LangDA with several vision-only DASS
methods (DAFormer [21], HRDA [22], and MIC [23]) and evaluate on Synthia— Cityscapes.

For main experiments, we build on MIC, the state-of-the-art vision-only DASS method.
LangDA uses LLaVA [17] to generate spatially aware scene captions, refined with Mistral-
Large-2 [30], which supports a 128k token context window and has an Apache 2.0 license.
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Figure 3.7: Domain adaptation dataset examples. Each column shows three repre-
sentative images from Synthia [63], Cityscapes |1 1], DarkZurich [65], and ACDC [67]. The
ACDC examples correspond to fog (top), snow (middle), and rain (bottom). All images are
uniformly resized for consistency.

Refined captions are encoded using a frozen ViT-B/16 CLIP text encoder [59]. All backbones
are initialized with ImageNet [0/ pretrained.

For the default UDA setting, we follow the training scheme used by HRDA [22]. Specifi-
cally, we utilize the AdamW [52] with a learning rate of 6x10~° for the encoder and 6x1074
for the decoder, a batch size of 2, linear learning rate warmup, a loss weight A=1, an
EMA factor @=0.999, quality threshold 7 = 0.968, DACS [79]| data augmentation, Rare
Class Sampling [21], and ImageNet Feature Distance [21]. All experiments were conducted
on one NVIDIA RTX A6000 GPU. All our implementations were carried out using the
MMSegmentation framework [10].

3.3.3 Metrics

We evaluate our method using the standard semantic segmentation metric, the mean Jaccard
Index, also known as mean Intersection over Union (mloU).

Intersection over Union (IoU), illustrated in Figure 3.3, is the primary evaluation metric
in semantic segmentation, measuring the overlap between predicted segmentation masks
and ground truth. For multi-class semantic segmentation, mloU is computed as the average
[oU across all classes, providing a comprehensive measure of segmentation performance.
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Mathematically, IoU quantifies the similarity between two arbitrary shapes (A, B C S €
R™), calculated as:

|AN B

_[ p—
V=110

(3.7)

[oU is scale-invariant, meaning that its value remains consistent regardless of the size of
the space S in which A and B exists [01]. This property makes IoU a widely used metric in
computer vision tasks, ensuring robust evaluation across varying spatial scales.

Generally, an mloU score above 60%, as seen in Figure 3.4, is considered indicative
of good segmentation performance, reflecting a significant overlap between predicted and
ground truth segmentation masks.

3.3.4 Summary

This chapter presents the proposed methodology, LangDA (Section 3.1), provides additional
discussion and analysis on context-aware caption generator (Section 3.2), and outlines the
experimental setup (Section 3.3).

Section 3.1 describes the proposed methodology, which consists of three key components:
(1) source-target visual distillation (Section 3.1.3), (2) a context-aware caption generator
(Section 3.1.4), and (3) image-level alignment via a Contextual Language Consistency
objective (Section 3.1.5). Source-target distillation (Section 3.1.3) adapts across visual
domains by employing an online self-training framework, where the models are trained
using supervised loss on labeled source images and unsupervised loss on unlabeled target
images. In addition to visual supervision, we introduce an image-level alignment module
(Section 3.1.5) that promotes domain-invariant feature learning by aligning global image
features with scene-level text embeddings. These embeddings are derived from descriptive
captions generated by a context-aware caption generator, which captures rich spatial
relationships between objects. Together, these components combine visual and language-
based supervision for robust domain adaptation, as illustrated in Figure 3.1.

Section 3.2 provides additional details on the prompt generation process, including
visualizations (Figure 3.5, Figure 3.6) and preliminary analysis that justifies the necessity
of the caption refinement module. Section 3.3 outlines the four domain adaptation datasets
used (Section 3.3.1), describes the implementation details and training configurations
(Section 3.3.2), and discusses the evaluation metric-mean Intersection over Union (mloU)—
used for quantitative comparison (Section 3.3.3).
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Chapter 4

Results

4.1 Main Results

4.1.1 Quantitative Results on Synthia — CS.

To assess the proposed method LangDA, we quantitatively compare LangDA with existing
methods on synthetic-to-real adaptation benchmark, Synthia — Cityscapes. We evaluate
our method using the standard semantic segmentation metric, mean Jaccard Index (also
termed mean Intersection over Union, or, mIoU). We report the results in Table 4.1, where
it is evident that LangDA significantly outperforms the existing state-of-the-art by 2.6%.
Further, we can see that LangDA, when combined with current methods, consistently
improves their performance across the board, ranging from 0.9% to 2.7%. Moreover,
LangDA not only benefits transformer architectures like DAFormer [21] but also boosts
performance when combined with complex approaches involving additional regularization
[23] or multi-resolution processing [22]. Our results demonstrate the importance of explicitly
inducing context awareness via text.

4.1.2 Per-class IoU on Synthia — Cityscapes

We provide a detailed class-wise comparison of existing methods with LangDA in Table 4.3.
From Table 4.3, LangDA consistently achieves new SOTA on almost all classes. Specifically,
LangDA significantly outperforms existing works on the sidewalk and road classes by 14%
and 8% respectively. As seen in Figure 4.1, vision-only methods that try to build context-
awareness |23] still struggle to differentiate classes with similar visual appearances (such as
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(Ours) Ground Truth

MIC [23] LangDA

Figure 4.1: Qualitative Results: Synthia—Cityscapes. Existing vision-only DASS
approaches face difficulty discerning visually similar classes (e.g. road and sidewalk). Our
proposed method, LangDA, discerns classes with extremely similar pixels while vision-only
method struggles to do so.
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Table 4.1: Comparison with state-of-the-art methods in UDA and Zero-shot DA.
We performed our experiments on standard adaptation benchmark Synthia — Cityscapes.
Source only refers to lower bound DA baselines with no adaptation (i.e., training on source
and evaluation on target). All methods’ results are taken from the published paper except
for those labeled with {, which indicates the method was reproduced. Our method, when
plugged into 3 existing UDA frameworks, attains state-of-the-art performance.

Method Backbone Unlabeled Text mloU 1t
Target Data Prompts
Source only ResNet-50 29.3
PODAT [13] ResNet-50 v 29.5
ULDAT [39] ResNet-50 v 30.8
Source only ResNet-101 29.4
ADVENT [] ResNet-101 v 41.2
CBST [96] ResNet-101 v 42.6
DACS [79] ResNet-101 v 48.3
CorDA [31] ResNet-101 v 55.0
ProDA [93] ResNet-101 v 55.5
DAFormer' [21] MiT-B5 v 61.1
LangDA (Ours) + DAFormer MiT-B5 v v 62.0
HRDA [22] MiT-B5 v 65.8
LangDA (Ours) + HRDA  MiT-B5 v v 66.3
MIC [23] MiT-B5 v 67.3
CoPT [57] MiT-B5 v v 67.4
LangDA (Ours) + MIC MiT-B5 v v 70.0

road and sidewalk). With the proposed image-level alignment module, the image features
are aligned with textual features of the entire scene, facilitating contextual understanding of
the difference between classes via language. These results reinforce the benefit of proposed
image-level alignment module and building context through language.

Additionally, LangDA outperforms existing methods in classes that are more reliant on
context from 0.5% to 2.87%. For instance, the class rider usually appears alongside bicycles,
fence is almost always in front of buildings, and pole is often beside the road [23]. This
result provides evidence that visual-only contextual alignment is insufficient in bridging
domain gaps. Our proposed LangDA method captures additional contextual cues embedded
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Table 4.2: Performance under different weather conditions on Clear-to-Adverse-Weather
benchmark: Cityscapes—ACDC

Method Rain Snow Fog Night All
MIC [23] 74.2 60.7 56.8 57.6 63.3
CoPT [53] 74.0 60.6 60.4 56.8 63.7
LangDA (Ours) 73.3 68.3 68.9 55.7 67.6

in the latent prior of VLMs. Moreover, our method occasionally benefits classes such as
building and vegetation where context might not play a big role [23]. This showcases the
significance of language world priors in our representations in improving such classes. See
Section 4.2.4 for additional t-SNE visualization.

4.1.3 Per-class IoU comparison on other two settings

To evaluate LangDA’s generalizability, we test it on two challenging scenarios: normal-
to-adverse weather (Cityscapes — ACDC) in Table 4.5 and day-to-night (Cityscapes —
DarkZurich) in Table 4.4. LangDA outperforms existing methods by 3.9% and 1.4% mloU,
respectively, setting a new state-of-the-art. However, similar to CoPT and MIC, LangDA
struggles with the sky and wvegetation classes, where the model sometimes misclassifies
the sky as trees for each other. This is likely due to improved segmentation from the
source-trained domain, where trees frequently obscure the sky in the Cityscapes dataset.
Additionally, ground truth labels for sky and trees are likely unreliable in DarkZurich due
to the inherent difficulty for humans to distinguish trees from sky in low-light conditions.
Despite this, LangDA consistently attain top one or two performances across most classes
in both datasets. Notably, on CS — DZ, it achieves substantial improvements of 8.16%
and 8.74% mloU on the bus and motorbike classes, respectively, outperforming CoPT and
MIC. This highlights the importance of context relations, especially for smaller classes that
occupy less of the image, where understanding contextual positioning is crucial.

For CS — ACDC, LangDA outperforms existing SOTA by 3.9% in mIoU as seen in Table
4.2. LangDA substantially outperforms MIC and CoPT on the fog and snow conditions
(8.5% and 7.5% respectively) while maintaining a similar performance on the other two
conditions. This is mainly attributed to the fact that fog and snow introduce uniform
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MIC [23] LangDA (Ours) Ground Truth

Figure 4.2: Qualitative Results: CityScapes—ACDC. Existing methods struggle to
segment sidewalks when adapting from normal to adverse weather, primarily due to visual
changes (e.g., sidewalks are covered in snow during winter). By incorporating the semantic
meaning of sidewalks in language, LangDA achieves accurate segmentation even in adverse
weather conditions.
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Table 4.3: Per-class performance on Synthetic-to-Real adaptation benchmark: Synthia
to Cityscapes. Bold indicates the best score. Underline indicates second-best score. All
methods’ results are taken from publications unless otherwise indicated.

Method Road S.walk Build. Wall Fence Pole Tr.Light Sign Veget. Sky Person Rider Car Bus M.bike Bike % mlIoU 71
ADVENT [32] 85.6 422 79.7 8.7 0.4 259 5.4 8.1 80.4 84.1 579 23.8 733 364 142 33.0 41.2
DACS [79] 80.6 251 819 215 29 372 227 240 837 90.8 67.6 383 829 389 285 476 48.3
ProDA [93] 87.8 457 846 371 06 440 546 370 88.1 844 742 243 882 51.1 40.5 456 55.5
DAFormer [21] 86.2 423 882 384 86 499 556 541 869 893 734 471 878 573 531 60.2 61.1
HRDA [22] 85.2 477 888 495 4.8 572 657 609 853 929 794 528 89.0 64.7 639 64.9 65.8
MIC [22] 86.6 50.5 89.3 479 7.8 594 667 634 871 946 81.0 589 90.1 619 67.1 64.3 67.3
CoPT [53] 834 443 90.0 504 80 600 670 63.0 875 94.8 81.1 586 89.7 66.5 68.9 65.0 67.4

LangDA (Ours) 92.0 58.6 90.8 57.3 9.7 629 69.9 64.2 88.3 944 80.6 59.5 91.2 70.6 664 638 70.0

Table 4.4: Per-class performance on Day-to-Night: Cityscapes—DarkZurich. Bold indicates
the best score. Underline indicates second-best score. All methods’ results are taken from
publications except for those labeled with f, which indicates the method was retrained.

Method Road S.walk Build. Wall Fence Pole Tr.Light Sign Veget. Terrain Sky Person Rider Car Truck Bus Train M.bike Bike % mlIoU 1
ADVENT [32] 85.8 37.9 55.5 27.7 145 23.1 14.0 21.1 321 8.7 2.0 39.9 16.6 64.0 13.8 0.0 588 28.5  20.7 29.7
MGCDA [66] 80.3 493 662 7.8 11.0 414 389 39.0 64.1 180 558 521 535 747 66.0 0.0 375 291 227 42.5
DANNet [87] 90.0 54.0 748 41.0 21.1 250 26.8 30.2 72.0 26.2 84.0 47.0 339 682 19.0 0.3 664 38.3 236 44.3
DAFormer [21] 935 655 733 394 19.2 533 44.1 44.0  59.5 345 66.6 534 52.7 821 527 9.5 893 50.5 385 53.8
HRDA [22] 90.4 56.3 72.0 395 195 578 52.7 43.1 593 29.1 70.5 60.0 58.6 84.0 755 11.2 90.5 51.6 409 55.9
MICH [23] 86.2 57.9 81.0 516 21.4 61.2 237 55.1 57.3 42.0 59.0 622 554 652 786 522 90.0 53.4 423 55.2
CoPT [53] 92.7  66.1 80.0 49.0 19.3 63.2 51.7 52.0 50.9 43.1 559 61.7 56.5 59.6 79.4 296 90.8 50.0 42.5 56.2

LangDA (Ours) 920 68.4 796 53.4 199 617 32.1 54.7 447  44.0 509 62.7 60.0 84.1 782 15.4 92.1 58.7 43.8 57.6

Table 4.5: Per-class performance on Clear-to-Adverse-Weather: Cityscapes—ACDC. Bold
indicates the best score. Underline indicates second-best score. All methods’ results are
taken from publications unless otherwise indicated.

Method Road S.walk Build. Wall Fence Pole Tr.Light Sign Veget. Terrain Sky Person Rider Car Truck Bus Train M.bike Bike % mloU 1
ADVENT [32] 729 143 405 166 21.2 9.3 174 21.2 638 23.8 183 326 19.5 69.5 36.2 345 46.2 269 36.1 32.7
MGCDA [66] 73.4 287 699 193 263 368 53.0 533 75.4 320 846 51.0 26.1 776 432 459 539 327 415 48.7
DANNet [87] 843 542 776 38.0 30.0 189  41.6 352 713 39.4 86.6 487 292 762 41.6 43.0 586 326 43.9 50.0
DAFormer [21] 584 51.3 84.0 42.7 351 50.7  30.0 57.0 74.8 52.8 51.3 583 32,6 827 583 549 824 441 50.7 55.4
CoPT [53] 49.1 70.3 83.6 59.4 42.4 58.5 48.3 67.2 735 60.7 450 69.3 452 834 76.3 745 88.2 544 614 63.7

LangDA (Ours) 84.7 63.0 88.2 564 409 57.5 42.9 64.7 75.4 594 828 69.8 46.6 89.1 748 83.2 88.2 55.9 61.8 67.6

domain shifts primarily in terms of texture and visibility, rather than drastic and uneven
changes in lighting or color. However, a setting like night introduces uneven sources of
lighting (streetlights) when compared to a daytime urban dataset like Cityscapes. Since
CoPT uses domain knowledge of the target data, they have slightly better performance
in such settings. This shows that our domain-agnostic objective may be more useful for
uniform domain shifts.
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Figure 4.3: t-SNE of DAFormer (Left) and LangDA (Ours, Right) After aligning
language and visual features, we observe more well-defined boundaries and improved class
clustering.

4.2 Qualitative Results

4.2.1 Qualitative Results: Cityscapes

Figure 4.1 presents the qualitative results of LangDA in comparison to existing vision-only
DASS methods. LangDA demonstrates superior performance, particularly in distinguishing
visually similar classes, such as road and sidewalk, by leveraging contextual language scene
descriptions. This is evident in the areas highlighted by the dashed white box.

4.2.2 Qualitative Results: ACDC and DarkZurich

Figure 4.2 and Figure 4.4 depict qualitative comparisons of LangDA with existing SOTA
methods on CS—ACDC and CS—DarkZurich respectively. Specifically, for snowy scenes in
ACDC, existing works |23] are less robust and cannot distinguish the snow-covered sidewalks
from road, whereas LangDA can accurately segment sidewalks even when the sidewalks are
covered by snow. This showcases the significance of language-guided context relations in
comparison to implicitly learned visual context relations.

Furthermore, for DarkZurich in day-to-night adaptation, current works fail in extremely
dark scenarios with uneven sources of lighting and misclassify dark background pixels as cars.
This results in a significant number of false positives for the car class. However, LangDA
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MIC [23] LangDA (Ours) Ground Truth

Figure 4.4: Qualitative Results: CityScapes—DarkZurich. Prior methods often
mistaken dark pixels (row 3) and reflected lights (row 4) as cars due to the challenge of
visually differentiating car lights from streetlights in low-light conditions. By leveraging
additional contextual information through language, the proposed LangDA method accu-
rately segments cars even in the dark.
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Table 4.6: Qualitative Results: Captions Generated by Context-Aware Generator for Synthia
[63]. Each row shows an image (left), its raw VLM-generated caption (middle), and the
LLM-refined caption (right). The refined captions are more concise while preserving key
spatial and semantic information.

VLM Generated Description LLM Refined Caption

Image

The image depicts a busy city street with a large
number of people walking and riding bicycles.
There are several cars and a motorcycle on the | The image shows a city street
street, and a bicycle is also visible. The street is | with people, bicycles, cars, and a
lined with buildings, and there is a fence nearby. | motorcycle. People are near the
There are numerous people in the scene, some | center and right, with bicycles.
walking and others riding bicycles. A person on | Cars are on the left and right,
a bicycle is located near the center of the image, | with a motorcycle parked left.
while another person on a bicycle is closer to the | Buildings line the street, and a
right side. A person walking is also present in | fence is nearby. Also, a bench
the scene, near the center. In addition to the | is right, a traffic light center,
people, there are several cars and a motorcycle | and a handbag near the center.
on the street. A car is located on the left side | Classes and locations: person
of the image, while another car is further back | (center, right), bicycle (center,
on the right side. A motorcycle is parked on the | right), car (left, right), motorcy-
left side of the street. The scene also includes a | cle (left), building (street edge),
few objects such as a bench, a traffic light, and | fence (nearby), bench (right),
a handbag. A bench is located on the right side | traffic light (center), handbag
of the street, while a traffic light is situated near | (center).

the center. A handbag is placed on the ground,
close to the center of the image.

The image depicts a busy city street with a large
crowd of people walking on the sidewalk. There
are several cars and a motorcycle parked or driv-
ing along the street. A bicycle can also be seen
among the crowd. The scene is set in a town
square with a mix of buildings, including a tall
building in the background. There are numerous
people in the scene, with some walking closer
to the camera and others further away. A few
individuals are carrying handbags, and a per-
son is holding a cell phone. The street is lined
with a fence, and there are multiple traffic lights
visible in the area. The sky is visible in the back-
ground, and the overall atmosphere of the scene
is bustling and lively.

City street with people on side-
walk. Cars, motorcycle, bicycle
on road. Buildings, fence, pole,
sky visible.
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can accurately segment dark pixels and cars even in low-light settings, demonstrating the
significance of context-aware language representations.

4.2.3 Qualitative Results: Captions

Table 4.6 and Table 4.7 present example captions for Synthia [63] and Cityscapes [11],
respectively. The VLM-generated captions provide detailed and accurate descriptions, while
the LLM-refined versions offer concise summaries that retain essential scene understanding.

In Table 4.6, both captions in Row 1 correctly identify key objects such as the car on the
left and pedestrians near the center and right. While some hallucinations (e.g., mention of
a handbag) appear in the raw captions, they have limited effect on segmentation since the
model relies primarily on vision, with text used only as auxiliary supervision in a closed-set
setting (i.e. unknown classes are not segmented).

In Table 4.7, captions for real-world images are more grounded. For example, Row
1 correctly identifies a bus on the road and parked bicycles, while Row 2 describes the
walking person, motorbikes, and a white van on the left, demonstrating accurate spatial
and semantic understanding.

4.2.4 t-SNE Visualization

t-SNE [20] is a non-linear dimensionality reduction method that embeds high-dimensional
data into a low-dimensional space by minimizing the Kullback—Leibler divergence between
pairwise similarity distributions. t-SNE is widely used to visualize high-dimensional data.

Figure 4.3 shows the t-SNE visualizations of feature distributions of vision-only method
DAFormer and LangDA built on top of it. After integrating language-driven feature
alignment, our method LangDA shows improved per-class clustering. For instance, in
DAFormer’s [21] t-SNE, the feature representations of walls (light orange) and traffic signs
(rose pink) overlap in the image domain, likely due to traffic signs often visually appear in
front of walls from driver’s first-person view. On the other hand, walls and traffic signs are
semantically distinguishable and do not appear together in language contextual descriptions,
contributing to improved mloU segmentation for LangDA in Table 4.3. These findings
demonstrate the importance of inducing contextual relationships in language and highlight
the advantages of LangDA for segmenting classes in UDA settings.
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Table 4.7: Qualitative Results: Captions Generated by Context-Aware Generator for
Cityscapes |1 1|. Each row shows an image (left), its raw VLM-generated caption (middle),
and the LLM-refined caption (right).

Image

VLM Generated Description

LLM Refined Caption

The image depicts a busy city street with a red
bus driving down the road, surrounded by vari-
ous vehicles and pedestrians. There are multiple
cars on the street, including a white car in front
of the bus and a few others scattered throughout
the scene. A bicycle can also be seen parked on
the sidewalk. There are several traffic lights and
traffic signs visible in the image, with one traffic
light located near the left side of the street and
another towards the right side. A person is walk-
ing on the sidewalk, and a few more pedestrians
can be seen in the background. The street is
lined with buildings, and a few parked cars are
visible on the side of the road. The overall scene
is bustling with activity, showcasing the typical
hustle and bustle of a city street.

The image depicts a city street with a man walk-
ing down the sidewalk, and a white van parked
on the side of the road. There are several cars
parked along the street, including one on the left
side, one in the middle, and two on the right side.
A motorcycle is also parked on the sidewalk near
the man. There are multiple traffic signs in the
scene, with one located near the center of the
image, another on the left side, and a third one
on the right side. A fire hydrant can be seen on
the sidewalk near the center of the image. The
man is walking on the sidewalk, and there is a
person standing near the middle of the scene.
The street appears to be a mix of brick and cob-
blestone, giving it a charming atmosphere.

Bus on road, surrounded by
cars. Bicycle parked on side-
walk. Traffic lights on left and
right. Person walking on side-
walk. Buildings line the street.

A city street scene with a person
walking on the sidewalk and an-
other standing nearby. A white
van and several cars are parked
on the road: left, middle, and
right sides. A motorcycle is
parked on the sidewalk. Traffic
signs are located at the center,
left, and right.
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4.2.5 Confusion Matrix

To further investigate the degradation in minority classes during day-to-night adaptation,

we examine sky and vegetation as representative classes and construct a confusion matrix
to investigate pixel-level misclassifications.

As shown in Fig. 4.5, LangDA demonstrates strong contextual awareness, with significant
more true positives correctly predicted along the diagonal compared to vision-only methods.
However, we observe a notable confusion between vegetation (trees) and sky in low-light
conditions. This suggests that while the model effectively learns spatial relationships—such

as vegetation appearing adjacent to the sky—it struggles to distinguish between them in
darkness, leading to misclassifications.

Ground Truth Label
Ground Truth Label

Prediction Label

Prediction Label

Figure 4.5: Confusion Matrix: MIC [23] (left) and LangDA (Ours, right). We can see the
method proposed in our thesis has higher true positive rate, indicated by lighter colored
diagonal values. The confusion matrix is computed on the validation set rather than the
test set, as the ground truth for the test set is unavailable— test set mIoU is obtained by
submitting predictions to a privately hosted server [65].
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Table 4.8: Effect of prompting and aligning techniques on Synthetic-to-Real adaptation
benchmark: Synthia — Cityscapes.

Caption Generation Alignment Technique % mloU?t
Context-aware Captions Class-level Prompts Image-level Alignment Pixel-level Alignment
1 v v 70.0
2 v v 68.9
3 v v 68.7
4 67.3

4.3 Ablation Studies

4.3.1 Effect of Prompting and Alignment Strategies.

To evaluate the impact of the proposed modules, we replace context-aware caption generator
with generic prompts and swap image-level alignment with pixel-level alignment in Tab. 4.8.
To assess the benefit of context-aware caption generator (row 2), we replace our contextual
caption with text embedding of generic class-level prompts aligned to the entire image. This
results in a 1.1% drop in mIoU, demonstrating the effectiveness of the caption generator. To
evaluate image-level alignment (row 3), we align generic class prompts (e.g. "A photo of a
{class}") to the pixel features, leading to a 1.3% mloU reduction, showing the effectiveness
of image-level alignment. While the gain from image-level alignment alone may seem modest
(row 2 and 3), combining image-level alignment with context-aware caption generator (row 1
and 4) produces a substantial boost, demonstrating the exceptional synergy of our proposed
modules.

4.3.2 Comparison of Source and Target Captions.

In our main experiments, we use image-level captions on source data for text-based su-
pervision. Table 4.9 examines whether applying our objective to target image captions
can provide further improvement. For unsupervised target captions, we omit ground-truth
masks, as these are considered unavailable. Instead, we prompt the LLM to summarize the
scene description without further class name refinement, while the VLM receives text query
not containing class names. The table shows that applying LangDA on either source or
target captions achieves state-of-the-art (SOTA) performance on Synthia — CS, supporting
our hypothesis that explicit language-induced context is advantageous. The slight perfor-
mance drop for target-only supervision may be attributed to the hallucinations of VLMs and
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Table 4.9: Ablation: contextual caption applied on source, target, and source + target

Method Image Captions % mlIoU?

MIC [23] X 67.3

CoPT [53] Source only 67.4
LangDA (Ours) Source only 70.0
LangDA (Ours) Target only 69.1
LangDA (Ours) Source + Target 68.0

LLMs without class name refinement. Furthermore, similar to CoPT [53], when applying
our objective to both source and target data, we backpropagated once after applying it
only on source data to avoid memory issues, which alters the optimization process and may
lead to lower performance.

4.3.3 Ablations on CLIP Text Encoders

To study LangDA’s dependence on text encoder, we generate text embeddings by passing our
refined context-aware captions through different text encoders [59, 27] and retrain LangDA
using each of these text embeddings individually for Synthia — Cityscapes (CS). The results
are reported in Table 4.10. From the table, it is evident that LangDA outperforms MIC
[23] (67.3%) and CoPT [53] (67.4%) irrespective of the chosen text encoder, highlighting
the significance of the proposed context-aware caption generator.

4.3.4 Hyperparameter Sensitivity

LangDA exhibits low sensitivity to \,, weight of the language consistency loss, eliminating
the need for extensive hyperparameter tuning. As shown in Table 4.11, performance
remains strong as long as )\, remains within a reasonable range and is weighted less than
the combined unsupervised and supervised losses. LangDA’s robustness to hyperparameter
changes makes it simple and practical to deploy.
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4.3.5 Ablation on Caption Refinement Module.

Table 4.12 compares direct truncation of VLM-generated captions to LLM-based refinement.
We observe improved segmentation mloU with LLM refinement—an encouraging result in
dense prediction tasks, where many recent methods achieve less than a 1% overall gains.
However, the improvement is smaller than expected.

A potential explanation lies in the limited effective context length of the CLIP text
encoder. Although CLIP supports 77 tokens, recent work suggests its effective context
length is closer to 20 tokens for image retrieval tasks using detailed captions (Figure 4.6
[91]). As a result, the refined and unrefined captions may appear similarly truncated to
CLIP at merely 20 tokens, reducing the impact of refinement. We hypothesize that using
text encoders with longer context windows may further enhance the benefits of caption
refinement.

4.4 Limitations

While the proposed method achieves state-of-the-art performance in the field of DASS,
with mIoU scores of 70.0%, 57.6%, and 67.6% on synthetic-to-real, day-to-night, and
normal-to-adverse weather benchmarks respectively, these results still fall short of the 85%
mloU typically achieved under fully supervised settings. This gap reflects a fundamental
limitation of unsupervised methods: the lack of ground truth labels leads to reliance on
pseudo-labels, which are inherently noisy and often biased toward the source domain.
Although LangDA already promotes more generalized feature representations via contexts
in language, pseudo-label quality remains a bottleneck. In the normal-to-adverse weather

Table 4.10: Ablation: CLIP-based text encoders. Table 4.11: A,

Method Text Encoder % mloU? Ay % mloU 7

MIC [23] X 67.3 2 67.9
CoPT [53] CLIP 67.4 1 69.6
LangDA (Ours) OpenCLIP 68.9 0.1 70.0
LangDA (Ours) LongCLIP 69.0 0.01 69.7
LangDA (Ours) CLIP 70.0 X 67.3
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Figure 4.6: Short context length of CLIP. Image retrieval accuracy with respect to
caption length, illustrating that CLIP’s effective context length is significantly shorter than
its nominal limit of 77 tokens. Figure is generated using data from [91].

setting, all class-level mIoUs exceed 40%—indicating that LangDA produces generalized and
consistent pseudo-labels across classes (Table 4.5). However, overall performance remains
limited by pseudo-label accuracy, suggesting that all classes could benefit uniformly from
improved pseudo-label refinement. Future work may explore strategies such as adaptive
confidence thresholds or external guidance to enhance pseudo-label quality.

Additionally, under-performing classes tend to be small or infrequent in the dataset.
While LangDA improves segmentation for smaller classes overall, we observe that some
categories still perform poorly: sidewalk and fence in synthetic-to-real (Table 4.3), and bus,
traffic light, and fence in day-to-night (Table 4.4). These issues are due to the long-tailed
class frequency distribution (Figure 4.7), which is not explicitly addressed in this work.
Future methods should consider incorporating domain adaptation techniques tailored to
imbalanced class distributions [58, 18, 28].
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Table 4.12: Ablation on Language Refinement on Synthia —
Cityscapes.

Caption Generation mloU 1

VLM + LLM 70.0
VLM 69.4

4.5 Summary

This chapter presents quantitative and qualitative results demonstrating the effectiveness
of the proposed LangDA framework across three standard domain adaptation benchmarks:
Synthia — Cityscapes (synthetic-to-real), Cityscapes — ACDC (normal-to-adverse weather),
and Cityscapes — DarkZurich (day-to-night). LangDA consistently outperforms prior vision-
only and language-guided DASS methods, achieving state-of-the-art mIoU of 70.0%, 67.6%,
and 57.6%, respectively (Section 4.1). Notably, LangDA yields significant improvements
in context-dependent and underrepresented classes (e.g., sidewalk, bus, motorbike) and
provides robust gains under diverse weather and lighting conditions, as evidenced by both
per-class IoU (Tables 4.3 to 4.5) and qualitative visualizations (Figures 4.1, 4.2 and 4.4).

Extensive ablation studies confirm that LangDA’s core components—context-aware
caption generation and image-level alignment—contribute complementary gains. The method
remains robust across different CLIP-based text encoders (Table 4.10) and is insensitive to
hyperparameter variations Table 4.11. Further, qualitative results (Figures 4.1, 4.2 and 4.4)
and t-SNE visualizations (Figure 4.3) show enhanced class separability and improved
segmentation boundaries. While noisy pseudo-label and long-tailed class distributions
remain limitations, LangDA provides a scalable and efficient framework that advances the
state of the art in unsupervised domain adaptation for semantic segmentation.
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Figure 4.7: Long-tailed class distribution in DarkZurich [65]. A few frequent classes (e.g.,
road, building) dominate the pixel count, while many classes (e.g., bus, pole, traffic light)
are underrepresented, posing challenges for balanced domain adaptation.
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Chapter 5

Conclusion

In this paper, we introduce LangDA, the first work to explicitly induce spatial relationships
through language to learn rich context relations and generalized representations for DASS.
LangDA achieves this by developing a) a context-aware caption generator that expresses
spatial context in images using language, and b) an image-level alignment module that
promotes context awareness via alignment between the scene caption and the entire image.
Unlike prior methods relying on pixel-level alignment, LangDA’s image-level consistency
aligns with the entire image, promoting a holistic understanding of class relationships.
Notably, LangDA is also the first language-guided DASS method that requires no supervisory
text for describing the target domain (e.g. "a {daytime} photo" to "a {snowy} photo").
As shown in extensive experiments and ablations, LangDA establishes a new SOTA on
three key DASS benchmarks, achieving significant performance improvements over existing
methods and consistently improving performance when integrated with other UDA methods.
In doing so, LangDA establishes that extracting key context relationships from language is
a promising avenue for DASS. Moreover, it also motivates future work in automatically
tailoring captions to draw critical information for a particular task.

5.1 Summary of Contributions

This thesis analyzes ways of incorporating language to address visual domain shift. It is
the first work to directly encode rich contextual object relationships in an image through
text for DASS. Unlike prior methods that align individual class embeddings (e.g., text
embedding of "car" with its pixel embedding), LangDA aligns a descriptive scene embedding
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with the corresponding image embedding (image-level alignment), capturing higher-order
object relationships.

Moreover, the proposed method eliminates the need for manually created text prompts by
automatically generating spatially aware scene descriptions using a frozen Vision-Language
Model (VLM) and Large Language Model (LLM). Manual prompt generation is often
inconsistent and difficult to reproduce, especially for complex scenes (e.g., snow-covered
roads), where slight variations in phrasing can affect results. By using a seeded VLM,
LangDA ensures standardized captions, improving reproducibility for benchmarking.

Furthermore, existing methods rely on textual domain gap supervision (e.g., aligning
"a {daytime} photo of {class}" with "a {nighttime} photo of {class}"), which fails when
domain shifts are unpredictable, such as tumor scans with varying color and location
distributions across hospitals [241, 11, 5|. LangDA overcomes this limitation by employing a
context-aware caption generator that automatically creates image-specific captions, making
it effective even in cases where the domain gap is unknown.

In addition, this work removes the need for manual prompt tuning [26, 89, 13, 53] and
human feedback citegong2024coda, which are often inconsistent and resource-intensive. This
standardizes captioning for benchmarking, eliminating variability introduced by manual
tuning and ensuring more reliable evaluations.

To further advance language-guided semantic segmentation research, this thesis intro-
duces the first captioning dataset for Synthia and Cityscapes, providing a valuable resource
for future studies, whether in the presence or absence of domain shifts.

Another contribution is that the proposed method is designed for efficient deployment,
requiring only the target-trained model at inference. Unlike many language-guided ap-
proaches, it does not require captions or language input at test time — text serves purely
as a learning aid during training. Despite its lightweight nature, LangDA significantly
improves segmentation performance, particularly for challenging classes such as person,
road, and sidewalk, without increasing model complexity.

Overall, the proposed method achieves 70.0%, 67.6%, and 57.6% mean Jaccard index
on Synthia — Cityscapes, Cityscapes — ACDC, and Cityscapes — DarkZurich, surpassing
state-of-the-art methods by 2.6%, 3.9%, and 1.4%, respectively.

5.2 Limitations

Although extensive ablation studies have been conducted, several areas remain open for
further exploration.
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One key aspect is the choice of image encoder. In this work, we trained our own image
encoder to enhance segmentation performance for dense tasks. However, an alternative
approach could involve using a frozen CLIP image encoder with a trained decoder. A
comparative study of these two strategies could provide deeper insights into the trade-
offs between leveraging a shared vision-language space with a frozen CLIP encoder and
optimizing for visual segmentation tasks with a trained encoder.

Additionally, LangDA relies on CLIP and other vision—language models (VLMs) to
provide generalized representations that facilitate adaptation. The effectiveness of our
language-guided approach depends on the ability of CLIP embeddings to capture relevant
contextual information. However, recent studies highlight several limitations of CLIP. For
instance, its effective context length is often shorter than the nominal maximum [91], and
it can struggle to differentiate spatial relations such as left versus right in images. CLIP is
also susceptible to spurious correlations—e.g., associating objects with typical backgrounds—
leading to reduced robustness under distribution shifts [35]. Moreover, it under-performs in
multi-object reasoning, often overemphasizing the first or largest object mentioned in the
prompt, which compromises scene understanding in complex contexts [1].

If CLIP fails to encode relevant semantics for a domain-specific dataset, our proposed
method will be less effective. In such cases, future work should explore extracting richer

embeddings from alternative VLM models (e.g. BLIP [13], ALIGN [29], GPT-4 |2], LLaMA
[78], Gemini [77], Mistral [30]) to improve adaptation in scenarios where CLIP is insufficient.

Furthermore, while per-class results indicate improvements for the majority of classes,
performance degradation is observed for specific classes in certain datasets, such as ACDC
and DarkZurich. Further research is necessary to understand the underlying factors
contributing to these inconsistencies to enhance the overall robustness of the proposed
architecture.

5.3 Future Works

First, the feature alignment technique between visual and language features could be
extended beyond domain adaptation to standard semantic segmentation tasks without dis-
tribution shifts. It may also be applicable to classification and detection tasks. Investigating
whether this alignment improves performance in broader vision tasks would be valuable.

Furthermore, the network architecture proposed in this thesis could be applied to
zero-shot domain adaptation, where instead of available unlabeled target data for DASS,
no target data is available during training. In this scenario, aligning source features to

46



target descriptions using our method may provide improvements, making the approach
more generalizable to settings without access to unlabeled target data.

Future work may also extend this thesis by exploring more effective alignment of
image and text features to better leverage multi-modal representations in language-guided
DASS. Broadly, this can be approached in three ways: (1) enhancing caption quality, (2)
improving multi-modal representations, and (3) refining alignment techniques. Among
these, improving the underlying multi-modal representations appears more promising than
focusing on caption refinement. Our observations show that captions summarized by
different LLMs (e.g., ChatGPT-4o vs. Mistral) tend to converge to similar content, limiting
the impact of further prompt-tuning. Moreover, since CLIP is trained for classification,
small variations in captions may not significantly affect its representation. This is supported
by our ablation results (Section 4.3.3), where replacing CLIP with stronger alternatives like
OpenCLIP [27] or LongCLIP [91] led to larger performance gains than refining captions.

Beyond cross-modal adaptation, where language enhances vision tasks, this approach
could be extended to open-vocabulary or open-set scenarios under distribution shift. We
seek to explore this direction next.

Finally, by providing a captioning dataset for Synthia and Cityscapes, we encourage
future work to leverage contextual scene descriptions for dense semantic segmentation
tasks. Future directions include integrating referring expression segmentation, where models
use text prompts to segment specific objects or regions; exploring pretraining strategies
that jointly model visual and textual data for dense prediction; and designing architec-
tures that dynamically adapt language guidance based on scene complexity. Additionally,
there is potential to extend this framework to instance and panoptic segmentation, where
understanding object-level context and relationships is critical.
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