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Abstract

Domain Generalization in Semantic Segmentation (DGSS) is an attractive open research field
in Computer Vision. It tackles the semantic segmentation performance drop that arises when
predicting images of target datasets whose distribution is highly different from those of the
source dataset. Unlike Unsupervised Domain Adaptation (UDA), where the target images,
even thoughwithout their labels, can be exploited during training to facilitate the domain shift,
Domain Generalization solely relies on the source dataset at training time. In some common
settings, sincemanually labeling images for semantic segmentation is very time-consuming, the
source dataset is typically made of synthetic images coming from video games (e.g., GTA5) or
game engines (e.g., SELMA), and only during inference target datasets with real images (e.g.,
Cityscapes) are employed. Lately, Vision LanguageModels (VLMs) such as CLIP have shown
their remarkable generalization capabilities across many image classification datasets. Indeed,
the rich semantics learned from textual supervision allow them to handle much better the do-
main shift at test time. Even though some tried to use those models to improve on previous
DGSS specializedmodels, only a few exploited the text representations to drive the task. In this
work, we assess the direct contribution of language in solving the DGSS task on all the gener-
alization scenarios (i.e., synthetic-to-real, real-to-real, and synthetic-to-synthetic) by building a
model that employs VLMs as encoders to operate on image-text data and two decoders, one for
each modality, that fuse the heterogeneous representations and solve the segmentation task.
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1
Introduction

Semantic Segmentation (SS) is a Computer Vision (CV) dense prediction task requiring each
pixel in the image to be assigned a label from a set of pre-defined labels. The applications of
this task are several, from medicine diagnostics to self-driving cars exploiting the multitude of
images from environments such as indoor and satellite. One of the biggest problems in this re-
search area is tackling the domain shift that arises when the model, trained on a source dataset,
has to predict over target images having a different distribution because, captured in a different
context, position, or under different conditions specific of the application in question. In the
research subfield regarding autonomous driving, domain shifts are the main challenge when
trying to adapt themodels, trained on a specific use case, to different cities, weather conditions,
or in completely different domains, for example, when moving from synthetic images, namely
those created from video-games or game-engines, to real images.
Unsupervised Domain Adaptation (UDA) tries to bridge the gap between the different train
and test domains by exploiting, during training, target domain images without involving their
ground-truth labels. In general, UDA techniques take place at three levels of the model: in-
put level, feature level, and output level. The input level shift is typically mitigated by aligning
source images to the target image style copying a range of the spectrum of frequencies from
the latter or by training Generative Adversarial Networks (GANs) to produce source images
sharing similar visual appearances to target ones. Domain adaptation at the feature level in-
stead aims to align the different source and target pre-logit feature space (the output of the last
layer before the classifier) distributions. Common methods try to minimize distances in the
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feature space by minimizing some divergence measures, while others directly exploit class cen-
troids (prototypes), usually computed averaging the per-class feature spaces, and optimizew.r.t.
those. Finally, at the output level, self-training is typically employed and consists of retraining
the network on labels that are generated by itself (pseudo-labels) while filtering predictions hav-
ing low confidence (based on the pixel-wise logits or softmax probabilities). Otherworks, at the
output level, use adversarial learning to build a segmentation network that can fool the discrim-
inator with similar outputs for both source and target images. UDA is an effective approach
to tackle domain shifts and has recently shown its great potentiality when moving from the
synthetic to the real domain ([1]), which is of importance since synthetic images can be labeled
effortlessly compared to real images which can take hours just for a single one. Nevertheless,
UDA techniques result in being too highly engineered and of poor flexibility when trying to
adapt the model to multiple domains simultaneously. Additionally, one may need to stack
them to achieve a significant improvement, ending up in a complex and over-fitted methodol-
ogy.

Figure 1.1: Difference between Unsupervised Domain Adaptation (UDA) and Domain Generalization (DG), corresponding
to “source only”. DS andDT represent the source and target datasets, respectively. Figure excerpt from “Survey on
Unsupervised Domain Adaptation for Semantic Segmentation for Visual Perception in Automated Driving” [2].

Domain Generalization (DG) discards any attempt to adapt the model to a specific target
dataset at any of the three levels and exploits models that, on their own, have highly general-
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ization capabilities thanks to the way they have been pretrained. DG models only rely on the
source dataset at training time and are then used to perform zero-shot evaluation on the target
datasets (the difference betweenUDAandDG is illustrated in Figure 1.1). ModernDGmodels
are typically large and have their backbones pretrained with multi-modal data such as text and
image as in the case of Visual LanguageModels (VLMs) or uni-modal, and those are the Visual
Foundation Models (VFMs) since they are a solid base from which to solve many vision tasks.
VLMs are trained using Contrastive Learning (CL) strategies and learn to associate text and
image pairs by learning a shared multi-modal embedding space, while VFMs typically rely on
Self-Supervised Learning (SSL) and specifically Masked Image Modeling (MIM) to learn im-
age representations by predicting missing (masked out) parts of the images. In practice, many
of these models are based on the Transformer architecture, which has shown superior gener-
alization capabilities compared to vanilla Convolutional Neural Networks (CNNs). Despite
in DG a lot of generalization capability comes from the pretrained backbone encoder, recent
works ([3, 4, 5]), discussed in Chapter 3, have shown that it is possible to significantly enhance
the performance on the task by employingdecoder architectures thatworkwithboth visual and
language information and to surpass backbones fine-tuned solely on images with shallow de-
coders. Recently, the VLMCLIP [6] (described in Section 5.1.1) and its subsequent improved
variants togetherwith the transformer-based visiondecoderMask2Former [7] (described inSec-
tion 5.1.2), known for its generalization potential, are used in conjunction in DGSS to solve
synthetic-to-real and real-to-real domain shift problems with excellent results.
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2
Background

In 2017, the paper “Attention Is All You Need” [8] revolutionized the Deep Learning field
by promoting a new way, solely based on attention mechanisms (the Transformer, Figure 2.1),
to approach Natural Language Processing problems. The work is now a pillar in the AI com-
munity because, since then, the Transformer has been successfully adapted and applied to a
variety of different data and tasks. Indeed, in 2021, “An Image Is Worth 16X16Words” [9] in-
troduces the VisionTransformer (ViT), a novel architecture based on the Transformer encoder
that achieves state-of-the-art performance in many image classification datasets.
This chapter provides the information needed to understand the subsequent reading. In par-
ticular, Section 2.1 explains different types of attention mechanisms while Section 2.2 briefly
describes the architecture of ViT [9].

2.1 Attention

This section presents three types of attention, namely, Self-Attention in Section 2.1.1, Cross-
Attention in Section 2.1.2, and Deformable Self-Attention as in [10] in Section 2.1.3.

2.1.1 Self-Attention

Self-Attention, as in the Transformer encoder [8], is a mathematical operation that, given a
sequence, compares elements pairwise and produces a response sequence related to the original
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Figure 2.1: The architecture of the Transformer comprising Self‐Attention in the encoder part (left) and, Masked Self‐
Attention and Cross‐Attention in the decoder part (right). Figure excerpt from “Attention Is All You Need” [8].

one according to the results obtained from the comparison. In practice, a Query Q, Key K ,
and Value V matrices are obtained as linear transformations of the input sequenceX , and the
following operation, called “Scaled Dot-Product Attention” is performed:

Attention(Q,K, V ) = softmax(
QK⊺
√
dk

)V (2.1)

where dk isK dimensionality. The formula in Equation 2.1 queries a sequence Q into an-
other one K to retrieve the values in V whose information is closest to what is requested in Q.
The pairwise comparison is made via the softmax function that measures the strength of the
connections betweenqueries and keys and guarantees the correct assignment of the values. The
product is scaled by theK dimensionality to avoid small-gradient problems as dk increases, as
explained in [8]. Note thatQ,K , and V are input-dependent, differently from kernels in stan-
dard convolutions. Moreover, Attention can be seen as a generalization of convolutions that
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attends to all sequence elements instead of just a constrained receptive field. Meanwhile, simi-
larly to convolutions, the Scaled Dot-Product Attention operations can be split into multiple
groups, called heads, to obtain “Multi-Head Self-Attention”:

MultiHead(Q,K, V ) = Concat(head1, ..., headh)W
O (2.2)

where

headi = Attention(QWQ
i , KWK

i , V W V
i ) (2.3)

andWQ
i ∈ Rd×dk , WK

i ∈ Rd×dk , W V
i ∈ Rd×dv , andWO ∈ Rhdv×d are linear projection

matrices. Multi-Head Self-Attention (Equation 2.2) allows more parallelization and, unlike
single-head attention, jointly attends to information from different subspaces to increase capa-
bility.
Self-Attention can be used to predict in a causal manner so as to avoid future elements in the
sequence influencing earlier ones by masking out the formers. In the Transformer decoder [8],
this is accomplished by setting future tokens (elements) to−∞ so that Equation 2.1 becomes:

Attention(Q,K, V ) = softmax(
QK⊺ + U√

dk
)V (2.4)

where U is an upper-triangular matrix of−∞ values. Equation 2.4 with U as said is gener-
ally called “Masked Self-Attention” even though the term is rather general and, in practice, U
can be in any form, even learnable.

The major drawback of Self-Attention is space complexity, which grows quadratically with
the input sequence length, but several variants that mitigate this problem have been proposed.

2.1.2 Cross-Attention

Cross-Attention [8], relies on the Self-Attention mechanism with the only difference that the
QueryQ, KeyK , and Value V matrices from Equation 2.1 can have different lengths - as they
could correspond to different sequences - even though their dimensionalities still have tomatch.
In general, Cross-Attention mixes two different sequences in input; for example, in the Trans-
former decoder [8],Q andK come from the Transformer encoder while V from the previous
layer (see Figure 2.1).
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2.1.3 Deformable Self-Attention

Apart from the quadratic complexity problem, in Self-Attention, with a proper parameter ini-
tialization, Query Q and KeyK representations follow the standard distribution causing the
attention weights (resulting from the softmax function) to be approximately 1

Nk
asNk (K di-

mensionality) increases hence producing ambiguous gradients and slowing down convergence.
In the context of images,K represents image patches, andNk can be very large. Motivated by
these issues and by the Object Detection need to work on feature maps pyramids to recognize
small objects, which implies having very largeNk values, Deformable DETR [10] introduces
Deformable Self-Attention, based on keys and values point sampling to speed up convergence
and highly reduce overall complexity. Formally, given an input feature map x ∈ RC×H×W , let
zq be a query representation and pq its 2-d reference point, (Multi-Head) Deformable Atten-
tion is calculated as follows:

DeformAttn(zq, pq, x) =
M∑

m=1

Wm[
K∑
k=1

Amqk ·W ′
mx(pq +∆pmqk)] (2.5)

whereM is the heads number,K such thatK ≪ HW is the number of sampled points,
Wm andW ′

m are linear projection matrices and,∆pmqk andAmqk such that
∑K

k=1Amqk = 1

are the sampling offset and the attention weight of the kth sampling point andmth attention
head, respectively. ∆pmqk ∈ R2 so bilinear interpolation is applied in computing x(pq +

∆pmqk). In practice,∆pmqk and Amqk are obtained via a linear projection over the query fea-
ture zq. Note that K does not depend on HW . Note also that when the sampling points
traverse all locations, Equation 2.5 denotes the standard Self-Attention. Modern dense predic-
tion task solvers benefit from feature pyramids to detect/segment small objects in the scenes,
and, to this end, Deformable Attention can be naturally adapted to multi-scale features to ob-
tain Multi-scale Deformable Attention. Equation 2.5 then becomes:

MSDeformAttn(zq, p̂q, {xl}Ll=1) =
M∑

m=1

Wm[
L∑
l=1

K∑
k=1

Amlqk ·W ′
mx

l(ϕl(p̂q) + ∆pmlqk)]

(2.6)

where M is the heads number, L is the feature levels number, K such that LK ≪ HW

is the number of sampled points, Wm andW ′
m are linear projection matrices, p̂q ∈ [0, 1]2 is

the normalized 2-d reference point and,∆pmlqk andAmlqk such that
∑L

l=1

∑K
k=1 Amlqk = 1

8



are the sampling offset and the attention weight of the kth sampling point in the lth feature
level within themth attention head, respectively. ϕl(p̂q) function rescales p̂q to the lth feature
pyramid level.

Compared to the standard Self-Attention (Equation 2.1), Deformable Self-Attention requires
only linear time w.r.t. the input sequence length as, in practice, is common to haveK = 4 and,
in multi-scale scenarios, L = 3.

2.2 ViT

The Vision Transformer (ViT) [9] is the first effective work that leverages Transformers [8] for
image classification with excellent results in comparison with the convolution-based models.
The former issue with Transformers is that they work with 1-D sequences, so ViT, following
the naïve approach, flattens images and adds a positional embedding to the sequence that en-
codes the pixels’ spatial locations. Since using all pixel representations would imply having a
very long sequence and given that Transformers suffer from the quadratic complexity problem,
ViT proposes to reduce the computational burden by splitting images into patches of fixed
dimension (e.g., 16 × 16), linearly transforming, and flattening them to a 1-D sequence. In
this way, after adding/concatenating 1-D learnable positional embeddings, the images can be
treated as sequences to solve, with feasible computational complexity, Computer Vision tasks.
The architecture of ViT is then simple: the first layer corresponds to the patchify stem, namely,
a convolutional layer with kernel size and stride corresponding to the patch dimension, while
the remaining layers are Transformer encoder layers [8], so each comprising Multi-Head Self-
Attention followed by a Feed Forward Network as in Figure 2.1. In practice, the very last layer
is fully connected - as typical in image classification - to predict the classes. ViT is trained in a
supervised fashion using a [CLASS] token to predict the classes. ViTmodels family comprises
ViT-B, ViT-L, and ViT-H corresponding to, respectively, “Base”, “Large”, and “Huge” model
variants.
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3
Related work

In this chapter are presented and explained the recent works that, from the perspective of the
methodology andmodels used, aremost similar to and onwhich ours is based. DenseCLIP [3],
presented in Section 3.1, solves the general Semantic Segmentation task but is the founda-
tion work that inspired the subsequent ones in the Domain Generalization field. Section 3.2
presents VLTSeg [4] while Section 3.3 tqdm [5], both state-of-the-art models in the Domain
Generalization Semantic Segmentation field.

3.1 DenseCLIP

DenseCLIP [3] represents the foundation work in the line of research that exploits Visual Lan-
guageModels (VLMs) to solve dense prediction tasks such as Semantic Segmentation. The au-
thors of the work recognize the potential of VLMs and, in particular, of CLIP [6] that, trained
on text-image pairs via contrastive learning, shows impressive generalization ability on dozens
of classification datasets. The aim of their work was then to adapt CLIP to dense prediction
tasks, where themodel has to provide a label for each pixel in the image since, on its own, CLIP
is not able to output dense predictions as trained at image-level instead of pixel-level. The au-
thors, therefore, crafted a novel technique inspired by the original work that allows CLIP fea-
tures to be used for dense prediction tasks. In practice, they convert the original image-text pair
matching problem into a pixel-text pair one by adding an auxiliary segmentation loss, called
Pixel-Text Matching (PTM) Loss, based on the score maps obtained from the pairwise cosine
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similarity between the pixel and contextualized text embeddings. This is possible once noticed
that the score maps themselves can be viewed as low-resolution segmentation maps. Before
that, contextualized text embeddings are obtained by passing the visual and language represen-
tations to a Transformer Decoder-based module that computes the cross-attention between
the two. In order to preserve the language priors, during training, they keep the CLIP text en-
coder frozen and learn an offset for the frozen text embedding residuals. Their simplest model
has input text prompts fixed that summarize the associated classes, i.e., in the form "a photo
of a {class_name}.". Moreover, they exploit the context in the images to learn special em-
beddings that, prompted together with the original texts to the CLIP text encoder, further
contextualize the language representations before computing the cross-attention and improve
the overall performance.

Figure 3.1: The DenseCLIP method involving language contextualization via an auxiliary Pixel‐Text Matching (PTM) seg‐
mentation loss. Figure excerpt from “DenseCLIP: Language‐Guided Dense Prediction with Context‐Aware Prompting” [3].

The DenseCLIP method is illustrated in Figure 3.1. In their work, CLIP-Base with stride
16 (CLIP-B/16) and the lightweight Semantic Feature Pyramid Network (FPN) [11] are em-
ployed, respectively, as vision encoder and vision decoder, and the performance is assessed on
the ADE20K dataset [12] - a scene-centric semantic segmentation dataset with 20k images
and 150 classes - using as metric the mean Intersection over Union (mIoU). The results in
the paper show that VLMs following the DenseCLIP method are capable of surpassing mod-
els, both convolution- and transformer-based, following the classical pre-training + fine-tuning
paradigm and using only visual data. The DenseCLIP method, which then consists of vision-
language pre-training + language-guided fine-tuning with context-aware prompting, is model-
agnostic, in fact, the authors in the paper show that the same, employing a different vision
encoder, such as ResNet101 [13] and Swin [14], is still superior to the classic supervised and
even self-supervised training + fine-tuning approach. In the paper, results are reported also
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for the method applied in the object detection and instance segmentation scenarios with sim-
ilar improvements. This work pointed out important observations that paved the way for the
subsequent works, among which the superiority of the VLM CLIP features to those of large
self-supervised models trained just on images and the hidden potential of the CLIP language
encoder which can truly play a key role in the fine-tuning stage.

3.2 VLTSeg

Visual-Language representation Transfer for domain generalized Segmentation (VLTSeg) [4]
introduces a new approach toDGSS starting from the results obtained inDenseCLIP [3], and
reaches the state-of-the-art in multiple tasks. The innovations the authors provide come to-
tally from the architectural side that is upgraded to meet the latest standards. In particular,
VLTSeg replaces the semantic FPN decoder [11] used inDenseCLIPwithMask2Former [7], a
robust and versatile semantic model, known for its generalization abilities as designed for solv-
ing semantic, instance, and panoptic segmentation using the same architecture. Moreover, it
initializes the backbone with EVA-CLIP [15] weights - a scaled version of CLIP [6] trained
via a MIM (Masked Image Modeling) and CL (Contrastive Learning). As in the DenseCLIP
method, VLTSeg uses the Pixel-Text Matching (PTM) auxiliary loss and keeps the backbone
text encoder frozen.

Figure 3.2: The VLTSeg architecture comprising a VLM backbone (CLIP, EVA‐CLIP), the DenseCLIP [3] Pixel‐Text Matching
(PTM) module and the Mask2Former [7] vision decoder. Figure excerpt from “VLTSeg: Simple Transfer of CLIP‐Based
Vision‐Language Representations for Domain Generalized Semantic Segmentation” [4].

The overall architecture can be visualized in Figure 3.2. The authors of the work also intro-
duce a new robustness metric inspired by the relative Performance under Corruption (rPC)
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called relative Performance under Domain shift (rPD) and defined as the ratio between the
mean mIoU of the target datasets and the source dataset mIoU, and motivate it by pointing
out that corruptions are technically one form of domain shift. In their experiments they use
as synthetic datasets GTA5 [16] and SYNTHIA [17] while Cityscapes [18], BDD100k [19],
andMapillary Vistas [20] as real datasets, and solve both synthetic-to-real and real-to-real tasks
evaluating, when possible, with their rPD metric. The results show that their method, which
involves performing transfer learning from VLMs, drastically outperforms, on average over
three challenging real-world datasets, the classic pre-train and fine-tune paradigm with Seg-
Former [21] as thebackbone. They also surpass theprevious SOTAon theGTA5→Cityscapes
benchmark and the previous unsupervised SOTA on Cityscapes → ACDC [22]. Finally, at
the time of writing, the model still represents the state-of-the-art in the supervised setting on
Cityscapes.

3.3 tqdm

Textual Query-DrivenMask transformer (tqdm) [5] represents the state-of-the-art in DGSS to
date. Based on DenseCLIP [3] and resembling VLTSeg [4] in the model architecture choice,
tqdm for the first time leverages textual object queries in the vision decoder and adds three
regularization losses that preserve the vision-language alignment of the pre-trained VLMs dur-
ing training to achieve state-of-the-art mIoU on GTA5→ Cityscapes [16, 18] improving on
the prior vision SOTA Rein [23] and vision-language SOTA VLTSeg [4]. The textual object
queries used in themethod correspond to the contextualized text embeddings discussed in Sec-
tions 3.1 and 3.2 that are transformed and, this time, passed as queries to the vision decoder
(Mask2Former [7]) to be used within the cross-attention layers. The original Mask2Former
uses 100 randomly initialized object queries so that tqdm manages to perform better using
only 19% of the original number of queries, corresponding to the 19 Cityscapes class text em-
beddings. Moreover, themethod also inserts additional cross-attention layers within the vision
decoder to obtain language-informed pixel embeddings using, under a different transforma-
tion, the contextualized text embeddings as key and value within the cross-attention mecha-
nism. As in DenseCLIP [3] and VLTSeg [4], the method uses context-aware prompting to
learn dynamic prompts based on the context of the images that are concatenated with the
static text prompts summarizing the class labels, and employs three regularization losses: one
for the image encoder alignment, another for the text encoder alignment, and a last one for
image-text encoders alignment. The first two regularization losses keep the encoders aligned
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with their original pretrained instance, while the third one keeps the two encoders alignedwith
each other w.r.t. their current instances and the original pretraining task. As in prior works,
the CLIP [6] text encoder is frozen so that the language regularization is performed at prompt
level when context-aware prompting is employed. Finally, the third regularization corresponds
to the Pixel-Text Matching (PTM) auxiliary loss introduced in DenseCLIP to keep pixel and
text embeddings aligned. As in VLTSeg, the highest mIoU are reached when the encoder is
initialized with EVA-CLIP [15] weights resulting, on average, in a 10% gain w.r.t. the encoder
initialized with CLIP weights. This pioneering work leaves room for new ideas on how to
leverage language information within a vision decoder to generalize across different domains
and possibly across different CV tasks. The overall method is depicted in Figure 3.3.

Figure 3.3: The tqdm method passing contextualized text embeddings [3] to the Mask2Former [7] vision decoder in the
form of queries (transformer decoder layers) and keys (pixel decoder layers) within the transformer cross‐attention mecha‐
nism. Figure excerpt from “Textual Query‐Driven Mask Transformer for Domain Generalized Segmentation” [5].
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4
Datasets

This chapter reports the main information needed to understand the data used in the experi-
ments. In particular, Section 4.1 presents Cityscapes [18], a real-world dataset used in litera-
ture to evaluate models trained on both synthetic and real images while Section 4.2 presents
GTA5 [16], a synthetic dataset commonly used as source dataset in both Domain Adaptation
andDomain Generalization. Section 4.3 and Section 4.4 respectively present ACDC [22] and
Mapillary Vistas [20], two real-world datasets used in practice as target datasets in DG. Finally,
Section4.5 presents SELMA[24], a synthetic dataset that canbeused for both synthetic-to-real
and synthetic-to-synthetic tasks.

4.1 Cityscapes

Cityscapes [18] is a real image dataset comprising 5000 finely annotated and 20000 coarsely
annotated images with 2048 × 1024 resolution originally captured as stereo video sequences
recorded in urban streets from 50 different cities. The annotations provided for the 30 classes
are at both pixel and instance (for vehicles and people) levels, enabling the use of the data for
semantic, instance, and panoptic segmentation. The 30 classes represent objects commonly
present in urban street scenes and can be grouped into 8 categories: flat surfaces, humans, vehi-
cles, constructions, objects, nature, sky, and void. In practice, out of 30 classes, only 19 are typi-
cally used as they are the only ones fully annotated across the dataset, and these are: road, side-
walk, building, wall, fence, pole, traffic light, traffic sign, vegetation, terrain, sky, person, rider,
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car, truck, bus, train, motorcycle, and bicycle. On the other side, the 20000 additional coarsely
annotated images can be used as a source of weakly-labeled data in weakly-supervised learning
scenarios as greater in number compared to the finely annotated ones. The biggest problem
researchers may encounter when training models using this dataset usually concerns the class
distribution (see Figure 4.1); for example, the classes road, building, and sky are present in the
majority of the images and cover big areas of the background view while rare classes such as bi-
cycle and train, and classes representing smaller objects such as traffic sign and traffic light, are
more difficult to learn and generally decrease the performance in the segmentation task. The
dataset corresponding to the finely annotated images is already split into three subsets: training
set with 2975 samples, validation set with 500 samples, and test set with 1525 samples. The test
set labels are not publicly available.

Figure 4.1: Cityscapes class frequencies. The plot highlights the rare classes of the dataset such as bus, train, and motorcy‐
cle. Figure excerpt from “The Cityscapes Dataset for Semantic Urban Scene Understanding” [18].

4.2 GTA5

GTA5 [16] is a synthetic image dataset consisting of 24966 labeled images with resolution
1914 × 1052 obtained from the open-world Grand Theft Auto 5 video game. The images
are always captured from the car perspective in the streets of American-style virtual cities (see
an example in Figure 4.2), and the labels, which are dense pixel-level annotations using the 19
semantic classes ofCityscapes [18], are used for segmentation tasks. Thedataset comeswithout
splits in a single training set and, typically, in tasks such as Domain Adaptation and Domain
Generalization, where it is ubiquitous, it is used as a source dataset to solve Semantic Segmen-
tation while the final performance is assessed on a real target dataset such as Cityscapes [18]
or, for example, ACDC [22]. Not by chance, the class frequencies of GTA5 are very close
(class-wise) to those of Cityscapes, so the shift from one to the other, in both UDA andDG, is
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attenuated by similar frequencies of the object categories in the scenes. The need for synthetic
datasets such as GTA5 was evident at that time due to the time-consuming labeling process of
real images and, to date, it remains the most used dataset, along with SYNTHIA [17], when it
comes to generalize to real data starting from synthetic ones since large-scale real segmentation
datasets are still missing.

Figure 4.2: GTA5 sample images with their corresponding ground‐truth segmentation maps. Note that, in these sam‐
ples, the ground‐truth labels do not follow the standard Cityscapes color‐map [18]. Figure excerpt from “Playing for Data:
Ground Truth from Computer Games” [16].

4.3 ACDC

The Adverse Conditions Dataset with Correspondences (ACDC) [22] is a real image dataset
thought for testing models robustness on semantic driving scene understanding against differ-
ent adverse visual conditions (sample images in Figure 4.3). The images are accurately chosen
from a set of videos recorded at 1920 × 1080 resolution while driving around with a car in
Switzerland, mostly in urban areas but also on highways and rural regions. The former version
of the dataset is divided by the adverse conditions and counts 1006 nighttime, 1000 rainy, 1000
foggy, and 1000 snowy images.
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Figure 4.3: ACDC [22] sample images show fog, night, rain, and snow adverse conditions column‐wise, respectively. Figure
excerpt from “Object Detection in Adverse Weather for Autonomous Driving through Data Merging and YOLOv8” [25].

The samples together sum up to 4006 pixel-level labeled images split into train, validation,
and test sets, each comprising, respectively, 1600, 406, and 2000 images. A subsequent up-
date of the dataset leveraged the camera GPS coordinates to introduce image-level correspon-
dences between normal-condition (no adverse conditions) and adverse-condition images to al-
low normal-to-adverse generalization tasks while increasing the total dataset size to 5509 im-
ages. The semantic classes are the same as Cityscapes, thus facilitating real-to-real tasks where
the dataset is often employed along with others like Mapillary Vistas [20] and BDD100K [19].
As in Cityscapes, the test set labels are not publicly available.

4.4 Mapillary Vistas

Mapillary Vistas [20] (or just Mapillary) is a real image dataset comprising 25000 pixel-level
labeled driving scene images from all around the world (it covers parts of Europe, North and
South America, Asia, Africa and Oceania) captured at different weather, season and daytime
conditions and, with different imaging devices (e.g., mobile phones and action cameras) and
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by differently experienced photographers (sample images in Figure 4.4). The images are all in
high definition, at least at FHD resolution (1920× 1080), and 5 times more than those of the
Cityscapes dataset [18].

Figure 4.4: Mapillary Vistas sample images with their corresponding ground‐truth segmentation maps. Figure excerpt from
“The Mapillary Vistas Dataset for Semantic Understanding of Street Scenes” [20].

The freely available dataset provides labels for 66 semantic classes, while the commercial one
increases the number of classes up to 100. The dataset split consists of 18000 training, 2000
validation, and 5000 test images for which the labels are not publicly available, as common
practice, for fair comparisons. Vistas is typically used, similarly to BBD100K [19], as the target
dataset for synthetic-to-real and real-to-real generalization tasks.

4.5 SELMA

SEmanticLarge-scaleMultimodalAcquisitions (SELMA) [24] is amultimodal synthetic dataset
for autonomous driving built using a modified version of the CARLA simulator [26] (game-
engine). The multi-modality resides in the multiple sensors used to acquire the data as, in fact,
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images are captured in 30909 independent locations from 7 RGB cameras, 7 depth cameras,
7 semantic cameras, and 3 LiDARs coupled with semantic information. Each acquisition is
generated in variable weather, daytime, and viewpoint conditions and across 8maps, totalizing
216 unique settings.

Figure 4.5: SELMA RGB samples from the DESK viewpoint for all weather conditions at Noon daytime (the location is
the same for all images). Figure excerpt from “SELMA: SEmantic Large‐scale Multimodal Acquisitions in Variable Weather,
Daytime and Viewpoints” [24].

Semantic labeling, for both camera and LiDAR data, is accomplished for 36 distinct classes
while maintaining a complete class overlap with the Cityscapes dataset [18]. The 30909 pixel-
level labeled samples come in 1280 × 640 resolution and are optionally split into training
(24735 samples), validation (3087 samples), and test (3087 samples) sets. The test labels are,
therefore, publicly available to the research community. The dataset is a valid alternative to the
standardGTA5 [16] forDA andDG semantic segmentation tasks with the key addition of the
better weather and daytime variability, and it has also around 6K samples more compared to
the latter. Some RGB samples from the DESK viewpoint for all weather conditions at Noon
daytime are shown in Figure 4.5.
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5
Method

In this chapter, the methodology, comprising the models and the architectures used in the
experiments, is outlined. Section 5.1 presents the models employed to solve the Domain Gen-
eralization Semantic Segmentation task, while Section 5.2 discusses the architectures and the
method chosen to tackle the problem.

5.1 Models

This section introduces the models that are used in the experiments and describes them from a
high level with a focus on the architectural side while highlighting important details useful to
understand the methodology later proposed. Section 5.1.1 presents CLIP [6], a VLMmodel
for image-textmatching, Section 5.1.2 presentsMask2Former [7], a vision decoder for segmen-
tation tasks.

5.1.1 CLIP

Contrastive Language-Image Pre-training (CLIP) [6] is an efficient method of learning images
from natural language supervision that leverages noisy image-text pairs to performContrastive
Learning (CL) and achieve excellent zero-shot performance on over 30 existing image datasets
w.r.t. prior task-specific image-only supervised models. To this end, the authors built a very
large dataset made of 400 million image-text pairs collected from a variety of publicly avail-

23



able Internet sources, calledWIT forWebImageText, and having a total word count similar to
WebText, the dataset used to train GPT-2 [27]. Following the typical CL approach, given a
batch of N (image,text) pairs, CLIP is trained to match the correct pairs among all the possi-
bleN ×N combinations, by maximizing the cosine similarity between the correctN text and
image embedding pairs while minimizing that of the remaining incorrectN2 − N ones. The
text and image embeddings lie in a sharedmulti-modal embedding spacewhere the direction of
vectors are similar when they convey similar information, in this case, similar visual concepts.
The architecture of CLIP is simple, consisting of a text and image encoders sharing the same
layer architecture, namely, the Multi-Head Self-Attention (MHSA) (Section 2.1.1). The text
encoder, named Text Transformer, and the image encoder ViT [9] (Section 2.2) are then di-
rectly updated via the last layer [CLASS] token embeddings throughwhich the similarity score
is computed. The originalwork employs, asVisionTransformer encoder, ViT-B/32, ViT-B/16,
and ViT-L/14 while the Text Transformer encoder follows [27] and uses causal attentionmask
with maximum sequence length capped at 76. Inference on image classification datasets is car-
ried out by feeding the text encoder with prompts in the form “a photo of a {label}.”
for each label and then classifying by similarity to exploit the original pre-training method.

Figure 5.1: (Left) Zero‐shot CLIP is much more robust to domain shift than any standard ImageNet model, closing the gap
with the ideal robust model (dashed line), namely the model achieving ImageNet performance on all the natural distribution
datasets, by up to 75%. (Right) The performance of the best zero‐shot CLIP in its family is compared with ResNet101 [13]
‐ a model that achieves the same ImageNet validation performance ‐ on the bananas class occurring in 5 of the 7 natural
distribution datasets. Figure excerpt from “Learning Transferable Visual Models From Natural Language Supervision” [6].

The most relevant result, w.r.t. to our work, is CLIP’s impressive zero-shot robustness to
domain shifts that strongly surpasses that of models solely trained on ImageNet [28], indeed,
as Figure 5.1 shows, the model clearly outperforms, in average on 7 natural distribution shift
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datasets, even models trained with ad-hoc robustness techniques.

5.1.2 Mask2Former

Masked-attentionMask Transformer (Mask2Former) [7] is a universal segmentationmodel ca-
pable of addressing all segmentation tasks (semantic, instance, and panoptic) using the same
architecture. Built upon its predecessor MaskFormer [29], Mask2Former solves the segmenta-
tion problembyperformingmask classification, that is, by computing a set of binarymasks and
a class probability distribution for each of them. The advantages ofmask classification over per-
pixel classification - typically used in semantic segmentation - are, of course, generalization and
adaptability to all segmentation tasks since the semantics of segments predicted in the binary
masks are arbitrary as, in fact, they can be used to represent both instances and categories.

Figure 5.2: (Left) Mask2Former architecture comprising pixel decoder and transformer decoder. (Right) Transformer de‐
coder layer architecture comprising Masked Cross‐Attention with randomly initialized queries followed by Self‐Attention.
Figure excerpt from “Masked‐attention Mask Transformer for Universal Image Segmentation” [7].

Mask2Former architecture (Figure 5.2) follows Deformable DETR [10] one so consists of
a pixel decoder comprising a stack ofDeformable Self-Attention layers followed by transformer
decoder layers composedof, inorder,Cross-Attentionwith theobject queries andSelf-Attention
(see Section 2.1 for details of these attention mechanism variants). In DETR [30] 100 feature
vectors called object queries are used as Regions of Interest (RoIs) to perform object detec-
tion and, subsequently, in MaskFormer [29] to solve the segmentation tasks. Mask2Former
improves upon its predecessor and contributes with multiple novel additions, first introduces
masked (cross) attention in the transformer decoder module to focus the attention on objects
or regions based on the segments predicted in the previous layer to improve performance and
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speed up convergence, second the authors leverage multi-scale high-resolution features to im-
prove the model ability to predict small objects/regions and, finally, let the object queries, orig-
inally zero-initialized, be learnable from the beginning. Because of the high memory require-
ments - already present in MaskFormer [29] - they also avoid computing the exact loss for the
binary masks and instead sample a few points at random and compute the loss only for those,
resulting in a 3× training memory reduction. Mask2Former performs on par or better than
specialized models in all segmentation tasks using the same architecture and generalizing well
across datasets.

5.2 Architectures

This section describes the architectures of the models actually used in the experiments of this
work and introduces the main method chosen to solve the DGSS task that exploits language
priors information. Section 5.2.1 presents a image-only architecture that we use as the baseline
for our more advanced experiments; the results obtained from the models following this archi-
tecture are necessary in order to assess the effectiveness and validity of our method, explained
in Section 5.2.2, exploiting the language priors.

5.2.1 Image

In order to solve the DGSS problem, a vision encoder and decoder have to be chosen. In our
case, we opted, to simplify, for two different vision encoders sharing the same architecture,
namely ViT and CLIPViT, and a single vision decoder, Mask2Former.

Input Image

Mask2Former

Image
Encoder
(CLIPViT, ViT,

etc.)

K,VPixel
Decoder

Transformer
Decoder

Q

Randomly initialized embeddings

Figure 5.3: The architecture of the model for the image‐only experiments. The vision encoder can be one of choice, whilst
the vision decoder is Mask2Former. No learnable neck is employed.
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Themotivations behind these choices aremainly driven by the excellent results Transformer-
based models achieved in many vision tasks to date, and, regarding the Mask2Former decoder,
it is because of its versatility and scalability properties with the possibility of a multi-modal us-
age (as done in the current SOTA tqdm [5] and in our method, later discussed). Figure 5.3
depicts the chosen architecture for the image-only experiments. The diagram shows the sim-
plest encoder-decoder design, highlighting the interchangeability of the encoder (it can be ViT,
SegFormer, ResNet, etc.). Contrary to the common practice in literature, we do not employ
a learnable neck for upsampling the encoder feature maps. Even though this choice probably
impacts the final performance, it drastically reduces the computational need, and the resulting
model is lighter. We collect the results of various experiments to create a solid baseline for our
true method involving language priors (Section 5.2.2). Regarding the indices of the 3 features
maps passed to Mask2Former, we follow the prior literature ([3, 4, 5]) and select the 6th, 8th,
and 12th features maps (out of the 12 total ones).

5.2.2 Image-Text

Extending the architecture introduced in Section 5.2.1 to one that leverages natural language
priors and facilitates the convergence to the DGSS solution is not straight-forward but start-
ing from the results obtained from the contributions of the previous works in the field (see
Chapter 3) helps us moving to the correct direction.

Q
Text

Encoder
(CLIP Text

Transformer)

Input Image

Input Prompts

A photo of a

road
.
.
.

bicycle

K,V Mask2Former

Image
Encoder
(CLIPViT, ViT,

etc.)

Q

Text 
Decoder

(DenseCLIP ContextDecoder)

K,VPixel
Decoder

Transformer
Decoder

Figure 5.4: The architecture of the model for the image‐text experiments. The vision encoder can be one of choice whilst
the vision decoder is Mask2Former. The text encoder is CLIP Text Transformer, while the text decoder is DenseCLIP
Context Decoder. No learnable neck is employed.

DenseCLIP [3] introduces the Context Decoder, an attention-based module that leverages
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cross-attention to contextualize language priors with vision features and compute an auxiliary
segmentation loss. tqdm [5] feeds the Mask2Former Transformer Decoder with the contextu-
alized texts as batched queries. This work, on the same line as tqdm, exploits a TextDecoder for
Mask2Former as a textual queries decoder and compares the resulting method with different
vision encoders (ViT and CLIPViT) to assess its consistency across different vision features
and the contribution of the language priors as well as their generalization properties needed
in order to solve a Domain Generalization problem. The architecture leveraging the language
priors is shown in Figure 5.4. Our method, as DenseCLIP, is model-agnostic since the vision
and language encoders can be any models in literature even though, in this work, we focus
on the vision-model interchangeability, keeping the text encoder - CLIP Text Transformer -
fixed. As in recent works and in CLIP official work [6], we feed the text encoder with prompts
in the form of "a photo of a {class_name}." with class_name corresponding to the
Cityscapes class names, resulting in 19 text prompts. The text decoder contextualizes the text
embeddings with all the last-layer vision tokens features (projected into the multi-modal space
in the CLIPViT case) through 9 layers, each composed of Self-Attention, Cross-Attention,
and a FFN. Additionally, to further strengthen our model, we employ the DenseCLIP auxil-
iary segmentation loss - Pixel-Text Matching Loss - computed by multiplying the normalized
19 output contextualized text embeddings by the normalized input vision features embeddings
obtaining a small predictionmap towhichCross Entropy is applied byusing as labels the down-
sampled original labels.

Q
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K,V Mask2Former
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(CLIPViT, ViT,
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Decoder

(DenseCLIP ContextDecoder)
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Transformer
Decoder

Randomly initialized embeddings

Figure 5.5: The architecture of the model for the image‐text experiments with the Text Encoder ablated. The text embed‐
dings are replaced with randomly initialized embeddings.
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5.2.3 Image-Random

To assess the direct contribution of the text embeddings, we also experiment with a variant of
the image-text architecture with the Text Encoder ablated. In these models, the 19 text em-
beddings are replaced with 19 randomly initialized embeddings. Figure 5.5 reports the third
architecture.
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6
Results

This chapter reports the results of the experiments performed in this work. Section 6.1 lists
the main implementation details needed to understand the training settings and scenarios, Sec-
tion 6.2 discusses the results obtained by the models trained only on images which constitute
the baseline references for the rest of the work and, Section 6.3 discusses the results obtained
by the models trained with both images and texts data leveraging our contributing method for
solving the DGSS problem. Finally, Section 6.4 reports the final complete domain generaliza-
tion results for the synthetic-to-real, real-to-real, and synthetic-to-synthetic scenarios.

6.1 Implementation Details

The experiments are performed with the models from the huggingface python library. We
use as image encoders ViT/16 (ImageNet-21k pre-train) andCLIPViT/16 (WebText pre-train)
and, as text encoder, CLIP Text Transformer while we useMask2Former as image decoder and
DenseCLIP Context Decoder as text decoder. We do not use any kind of learnable neck to
upsample the image encoder feature maps so as to speed up the experiments and facilitate the
combination of the vision and language embeddings (see more details about the neck in Sec-
tion 5.2). To study the effects of the method on a smaller model first, we use TinyCLIP/16
(ViT-8M/16) [31] - a smaller distilled version of CLIP obtained via affinity mimicking and
weight inheritance strategies - with a shallow Mask2Former variant that uses 1

3
of the original

number of layers - we name it Mask2Former-Small (M2F-S). We set batch size at 2 and train
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the models on the synthetic GTA5 dataset for 40k iterations, randomly cropping images at
512 × 512 resolution with no further augmentations. The sliding-window inference is per-
formedwith the 40kth iterationweights on the Cityscapes validation set to assess the synthetic-
to-real generalization performance using the mean Intersection over Union (mIoU) as metric
- expressed in percentage. As typical in UDA, during data preprocessing, we first rescale the
GTA5 and Cityscapes images to 1024× 512 and 1280× 720 resolutions, respectively. When
no text encoder is employed, Gradient Clipping with max norm value at 0.01 is used to regu-
late theMask2Former large magnitude of gradients as in the original work. In the experiments
involving textual data, the text decoder - DenseCLIPContextDecoder - is set, unless otherwise
specified, to have 9 layers. Linear warmup of 1500 iterations and linear decay to zero schedules
are used for the backbone encoders. The base learning rate is set at 1×10−5 with the image de-
coderMask2Former learning 10× faster. Because of themodel training instability, we perform
two runs for each experiment and choose the best one based on the in-domain curves. Finally,
for the real-to-real experiments, we train the models on Cityscapes with the same training set-
tings and evaluate them on the additional target datasets ACDC and Mapillary Vistas, whose
samples are resized as in the synthetic-to-real experiments, using the mIoU and rPD (relative
Performance under Domain shift) metrics. The synthetic-to-synthetic (SELMA → GTA5)
experiments follow the same argument as the real-to-real ones.

6.2 Vision baselines

Themodels trainedonlyonvisual data follow the general architecturediscussed inSection5.2.1.
The vision encoder is either ViT or CLIPViT, while the vision decoder is Mask2Former. We
do not employ a learnable neck that upsamples the encoder feature maps, as typical in liter-
ature, because of the increased computational complexity and to create a consistent baseline
for the more advanced models used in Section 6.3. The training scenario is synthetic-to-real,
specifically, GTA5→Cityscapes generalization with the mIoU metric (details are reported in
Section 6.1). Table 6.1 (Top) reports both the in-domain (GTA5, 1th column) and domain
generalization (Cityscapes, 2th column) resulting mIoU of the image-only experiments for the
two vision encoders. Note that we obtain a validation set for GTA5 by sampling a random
subset having the same size as the Cityscapes one (500) from the dataset and keeping it unseen
during training.

Table 6.1 (Top) shows a much higher in-domain generalization performance by CLIPViT
compared with the ViT counterpart, even though the former reaches a lower domain gener-
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Method mIoU (%)
GTA5→Cityscapes

ViT +M2F 69.83 36.67
CLIPViT +M2F 76.05 31.34

ViT (Frozen) +M2F 66.94 33.82
CLIPViT (Frozen) +M2F 54.79 32.86

Table 6.1: In‐domain (GTA5) and domain generalization (Cityscapes) mIoU results of ViT and CLIPViT as vision encoders
and Mask2Former (M2F) as vision decoder. [Top] The backbone is fine‐tuned. [Bottom] The backbone is frozen. Gradient
Clipping with max norm 0.01 is applied as in the original Mask2Former [7] work to stabilize the training.

alization mIoU. The reasons for CLIPViT’s low DG performance could be addressed to the
setup and/or to Mask2Former training instability, which we tackle as in the original work by
using Gradient Clipping. In fact, we try a smaller variant of Mask2Former having 1 pixel de-
coder layer (instead of 6) and 3 transformer decoder layers (instead of 10) and report the results
in Table 6.2 (Top).

Method mIoU (%)
GTA5→Cityscapes

ViT +M2F-S 66.36 35.2
CLIPViT +M2F-S 73.71 36.24

ViT (Frozen) +M2F-S 58.71 30.58
CLIPViT (Frozen) +M2F-S 56.67 28.85

Table 6.2: In‐domain (GTA5) and domain generalization (Cityscapes) mIoU results of ViT and CLIPViT as vision encoders
and a smaller variant of Mask2Former (M2F‐S) having 1 pixel decoder layer and 3 transformer decoder layers as vision
decoder. [Top] The backbone is fine‐tuned. [Bottom] The backbone is frozen. No Gradient Clipping, M2F‐S learning rate
kept constant in time, no standardization.

Table 6.2 (Top) reveals, in the DG scenario, the hidden potential of CLIPViT that reaches a
similar value to its counterpart trainedwith the full version ofMask2Former. In-domain gener-
alizations are, in this case, penalized by the smaller amount of parameters, but note that the aim
of the experiment was rather to confirm the equal DG potential of both the vision encoders.
Moreover, the smaller version ofMask2Former avoids the use of Gradient Clipping sincemore
stable and allows a training with constant (base) learning rate.
To verify the zero-shot generalization capacity of the vision encoders, we perform the experi-
ments again but with the backbone frozen, limiting the set of learnable parameters during the
fine-tuning to those of Mask2Former (or Mask2Former-Small). Table 6.1 (Bottom) and Ta-
ble 6.2 (Bottom) report the results of these experiments for both versions of the vision decoder.
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In general, the results are lower when the backbone is frozen. We also notice that the ViT back-
bone, in this training setting (and in our setup), generalizes better in both domains.

6.3 Visionwith Language Priors

6.3.1 Textual queries

This section reports and exhaustively discusses the results obtained in the experiments involv-
ing the natural language priors. As in Section 6.2, we experiment with, as vision encoders, ViT
andCLIPViT and, as vision decoder,Mask2Former without a learnable neck. The addition of
the text information to the visual processing imposes the need for a secondary decoder - theText
Decoder - that somehow has to learn to join language and vision representations to produce a
meaningful and final performance-contributing output. We choose as text encoder CLIP Text
Transformer - a causal model sharing the same architecture of ViT - and, as text decoder, the
DenseCLIPContextDecodermodule comprising layers composedof, in order, Self-Attention,
Cross-Attention, and a Feed Forward Network (discussed in Section 5.2.2). The contextual-
ized textual embeddings resulting from the text decoder function are fed to the Mask2Former
Transformer Decoder as batched queries.

Method mIoU (%)
GTA5→Cityscapes

ViT + TE + TD +M2F 55.10 30.57
CLIPViT + TE + TD +M2F 77.74 37.95

ViT + TE (Frozen) + TD +M2F 69.62 39.68
CLIPViT + TE (Frozen) + TD +M2F 78.77 39.47

Table 6.3: In‐domain and domain generalization mIoU results exploiting a Text Encoder (TE) and a Text Decoder (TD) (archi‐
tecture in Figure 5.4). Neither the vision (in CLIPViT) nor the text embeddings are projected into their shared text‐image
embedding space. [Top] The text encoder, CLIP Text Transformer, is finetuned. [Bottom] The text encoder, CLIP Text
Transformer, is frozen. Note also that the text decoder is DenseCLIP Context Decoder with 9 layers. No Gradient Clip‐
ping, linear warmup, and linear decay for both vision and language encoders (details in Section 6.1), while the remaining
modules have constant learning rate, no standardization.

The first experiment consists of trying ourmethodwith both the vision encoders, evaluating
themodels on both in-domain generalization (GTA5) and domain generalization (Cityscapes)
to assess the performance in terms of the mIoU metric. As explained in Section 6.2, the val-
idation set of GTA5 consists of 500 randomly chosen samples from the dataset kept unseen
during training. Note that to achieve a fair comparison between the two vision encoders, we
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project neither the vision (in CLIPViT) nor the text embeddings into their shared text-image
embedding space. Table 6.3 (Top) reports the GTA5 → Cityscapes results (note that TE =
Text Encoder and TD = Text Decoder) with the text encoder parameters pre-trained but still
learnable during fine-tuning. It is clear, in this setting, the advantage of CLIPViT over ViT,
expressed as a mIoU difference of 7% even without using the final projections to the shared
embedding space, most probably due to the correlation in weights between CLIPViT and its
text encoder CLIP Text Transformer originally trained together via CL. In literature, the text
encoder is generally not fine-tuned to preserve the language priors, so in Table 6.3 (Bottom),
we repeat the experiments with TE weights frozen.

Method mIoU (%)
GTA5→Cityscapes

ViT + TE (Frozen) + TD +M2F-S 60.96 30.12
CLIPViT + TE + TD +M2F-S 75.07 38.95

Table 6.4: Generalization mIoU results exploiting a Text Encoder (TE) fed with prompts in the form "a photo of a
{class_name}." and a Text Decoder (TD). Neither the vision (in CLIPViT) nor the text embeddings are projected into
their shared text‐image embedding space. Mask2Former‐Small (M2F‐S) as vision decoder. Details as in Table 6.3.

The results are surprising but not in the way one may expect; in fact, the two vision en-
coders seem to perform the same in domain generalization (GTA5 → Cityscapes). The rea-
sons for that are to be investigated, but, in general, the possibilities are that either the Text De-
coder manages to fuse vision and language information even when the encoders do not share
a coupled pretraining (as in the ViT-CLIP Text Transformer case) or the Text Decoder com-
putations themselves are enough to improve the final mIoUwhenever the text embeddings are
frozen (i.e., language information is not crucial). Before trying to answer these doubts, we re-
peat again the experiments with Mask2Former-Small (introduced in Section 6.2 as a smaller
variant ofMask2Former having only 1 pixel decoder layer and 3 transformer decoder layers) to
appreciate the linkage with the vision baselines of Section 6.2. Table 6.4 shows the results.

Method mIoU (%)
GTA5→Cityscapes

CLIPViT + RandEmb + TD +M2F 78.77 39.21
CLIPViT + RandEmb (Frozen) + TD +M2F 76.82 40.68

Table 6.5: Generalization mIoUs of the model ablated of its Text Encoder (architecture in Figure 5.5). RandEmb corre‐
sponds to 19 randomly initialized (torch.randn) embeddings used in place of the frozen text embeddings. Perfor‐
mances similar to those reported in Table 6.3 (Bottom).
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Unexpectedly, when the text encoder is frozen, the models perform poorly with M2F-S
(Mask2Former-Small) as the vision decoder. Despite the results in Table 6.3 (Bottom) fore-
tell a superior efficacy of the method when TE (Text Encoder) is frozen, Table 6.4 seems to
lead to the opposite conclusion. It may be that using the full version of M2F guarantees a bet-
ter convergence and that, when using the small version of it, the models have fewer degrees of
freedom to learn Vision-Language representations, so they also rely on the TE parameters to
converge, but further experiments are needed to confirm this.
InTable 6.5, we verifywithCLIPViT that, as suggestedby the results inTable 6.3 (Bottom), the
19 text embeddings can be replaced with 19 randomly initialized vectors without affecting the
performance. Indeed, the resulting model achieves roughly the same in-domain generalization
mIoU and even higher domain generalization mIoU (when the embeddings are frozen), prov-
ing that, in this setting, the language information is not relevant or, at least, safely replaceable
with randomly initialized embeddings.

6.3.2 Pixel-TextMatching Loss

As discussed in Section 5.2.2, we strengthen our method by adding an auxiliary segmentation
loss, theDenseCLIPPixel-TextMatching (PTM) loss (Figure 3.1), computed asCross Entropy
between the matrix obtained from the normalized contextualized texts and vision embedding
matrices multiplication and, the downsampled labels - because of the vision encoder stride (16
in our experiments).

'a photo of a road.'
'a photo of a sidewalk.'
'a photo of a building.'

'a photo of a wall.'
'a photo of a fence.'
'a photo of a pole.'

'a photo of a traffic light.'
'a photo of a traffic sign.'
'a photo of a vegetation.'

'a photo of a terrain.'
'a photo of a sky.'

'a photo of a person.'
'a photo of a rider.'

'a photo of a car.'
'a photo of a truck.'

'a photo of a bus.'
'a photo of a train.'

'a photo of a motorcycle.'
'a photo of a bicycle.'

Figure 6.1: Similarity map obtained via matrix multiplica‐
tion of the normalized text embeddings (output of the
text encoder). The y‐axis reports the original correspond‐
ing prompts for each Cityscapes class.

Random embedding 1
Random embedding 2
Random embedding 3
Random embedding 4
Random embedding 5
Random embedding 6
Random embedding 7
Random embedding 8
Random embedding 9

Random embedding 10
Random embedding 11
Random embedding 12
Random embedding 13
Random embedding 14
Random embedding 15
Random embedding 16
Random embedding 17
Random embedding 18
Random embedding 19

Figure 6.2: Similarity map obtained via matrix multipli‐
cation of the normalized random embeddings belonging
to the standard normal distribution created using the
torch.randn function.

In this new setting, we project the text [CLASS] token and all the vision tokens (in the ViT
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case, we exploit the ViT pooler final layer) to their shared multi-modal embedding space (origi-
nally used to performContrastive Learning), as done in DenseCLIP [3]. We notice that CLIP
Text Transformer’s final linear projection follows a Layer Normalization (LN), so we know
that the raw text vectors follow aNormal distribution. We then visualize the 19×19 similarity
maps obtained by normalizing the embedding vectors over the channel dimension and multi-
plying each other in a matrix multiplication (recall that Cityscapes has 19 classes). The plots
are reported in Figure 6.1 and Figure 6.2, respectively, for the text embeddings and the random
embeddings obtained from the torch.randn function as standard normal vectors.

Method mIoU (%)
GTA5→Cityscapes

ViT + TE (Frozen) + TD + PTM+M2F 72.32 38.78
CLIPViT + TE (Frozen) + TD + PTM+M2F 73.73 41.77
CLIPViT + RandEmb + TD + PTM+M2F 69.16 33.29

CLIPViT + RandEmb (Frozen) + TD + PTM+M2F 69.23 38.22

Table 6.6: Generalization mIoU results exploiting the DenseCLIP Pixel‐Text Matching (PTM) auxiliary segmentation loss.
[Top] The text embeddings are frozen. [Bottom] The text embeddings are replaced with randomly initialized embeddings
created using the torch.randn function.

Wekeep theText Encoder (TE) frozen as in literature and perform the experimentwith both
the vision encoders using the new training loss defined as follows:

Lmodel = LM2F + λPTMLPTM (6.1)

whereM2F stays for Mask2Former and PTM stays for Pixel-Text Matching. As the prior
work [4] advises, to avoid overfitting any dataset, we set λPTM = 1. Therefore, the loss in
Equation 6.1 becomes:

Lmodel = LM2F + LPTM (6.2)

Table 6.6 (Top) reports the results. We see how, compared to the results in Table 6.3 (Bot-
tom), the in-domain generalization decreased by about 5%mIoUwith a domain generalization
improvement of around 2% mIoU, indicating a better generalization capacity of the overall
method which this time exploits the CLIP final projections layers and an additional segmenta-
tion loss. Table 6.6 (Bottom) reports the experiments with CLIPViT in the same setting but
with randomly initialized embeddings (both in the learnable and frozen case) in place of the
text embeddings to appreciate the contribution of the language information. Conversely to
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the results found in Table 6.5, in this setting, the model using random embeddings does not
reach the performance of that using the text embeddings.

4000 8000 12000 16000 20000 24000 28000 32000 36000 40000

1.8

2.0

2.2

2.4

2.6

CLIPViT+TextEmb
CLIPViT+RandEmb
CLIPViT+RandEmb (Frozen)

Figure 6.3: Pixel‐Text Matching (PTM) loss on the GTA5
validation set. Evaluations are performed every 4k itera‐
tions.
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Figure 6.4: Pixel‐Text Matching (PTM) loss on the GTA5
validation set. The three proposed solutions to improve
on the baseline mIoU decaying problem are tested. Evalu‐
ations are performed every 4k iterations.
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Figure 6.5: Pixel‐Text Matching (PTM) mIoU on the GTA5
validation set. Evaluations are performed every 4k itera‐
tions.
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Figure 6.6: Pixel‐Text Matching (PTM) mIoU on the GTA5
validation set. The three proposed solutions to improve
on the baseline mIoU decaying problem are tested. Evalu‐
ations are performed every 4k iterations.

To visualize the efficacy of the auxiliary loss, Figure 6.3 and Figure 6.5 plot, respectively, the
loss andmIoUof the small segmentationmap, obtained as explained before (see Figure 3.1), on
the GTA5 validation set. Note that we evaluate our models every 4k iterations during training.
Even if, in this training settings, the text embeddings allow for higher performance on the final
task (as Table 6.6 shows), it could not be said, at least apparently, for the inner segmentation
task. In fact, the PTM loss with text embeddings is smoother, but the corresponding mIoU is
lower and decaying after around 20k iterations, probably due to the vision projection layer that,
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during fine-tuning, loses correlation with the text projection one (which is frozen). To tackle
this, we propose three solutions: first, we try freezing the vision final projection, second we
try to regularize the vision projection by theMean Square Error (MSE) between its predictions
and those of its pretrained original version (implying the use of another instance of the encoder
which remains frozen) and, third, we try to fine-tune also the text final projection at the same
learning rate keeping the rest of the text encoder frozen. In the second solution, the total final
loss can be formulated as follows:

Lmodel = LM2F + LV Reg + LPTM (6.3)

whereM2F stays forMask2Former,V Reg stays forVisionRegularization and,PTM stays
for Pixel-Text Matching. Again, analogously to Equation 6.1 and Equation 6.2, we do not
employ a multiplier forLV Reg to not overfit. Figure 6.4 and Figure 6.6 show, respectively, the
PTMloss andPTMmIoUof the three proposed solutions alongwith the baseline to appreciate
the differences.

Method mIoU (%)
GTA5→Cityscapes

I: Frozen Vision Projection 71.38 37.30
II: Regularized Vision Projection 66.82 28.21
III: Learnable Text Projection 77.54 37.13

Table 6.7: Generalization mIoUs of the three proposed solutions for the decaying PTM mIoU problem.

The plots, as expected, lead to the conclusion that fine-tuning both the vision and text fi-
nal projection layers at the same learning rate yields the best results. Nevertheless, Table 6.7
reports poor domain generalization mIoUs for all three solutions, particularly for the regular-
ization solution, indicating, in this case, a low correlation between the PTM mIoU and the
final generalization mIoU.
For the sake of completeness, Table 6.8 (Top) shows that, in practice, it is possible to achieve

the performance of the models in Table 6.6 (Top) using randomly initialized embeddings in
place of the text embeddings by feeding theTextDecoderwith the last hidden layer tokenswith-
out involving the final vision projection layer (conversely to the standardDenseCLIPmethod).
By comparing the model using frozen random embeddings in Table 6.8 (Top) with that in Ta-
ble 6.6 (Top) using the text embeddings we see equal domain generalization performances but
a difference of almost 5% in the in-domain mIoUmay indicating a better train-to-test general-
ization capacity of the model exploiting language priors. In general, we note that the models
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Method mIoU (%)
GTA5→Cityscapes

CLIPViTw/oProj + RandEmb + TD + PTM+M2F 78.29 39.42
CLIPViTw/oProj + RandEmb (Frozen) + TD + PTM+M2F 78.27 41.64

ViTw/oPooler + RandEmb + TD + PTM+M2F 70.39 38.45
ViTw/oPooler + RandEmb (Frozen) + TD + PTM+M2F 68.23 39.39

Table 6.8: Generalization mIoU results exploiting the DenseCLIP Pixel‐Text Matching (PTM) auxiliary segmentation loss.
The text embeddings are replaced with randomly initialized embeddings created using the torch.randn function. [Top]
CLIPViTw/oProj means using the encoder without involving its final projection layer originally used in pretraining to per‐
form CL. [Bottom] ViTw/oPooler means using the encoder without involving its final pooler layer originally used in pretrain‐
ing for classification.

exploiting frozen representations generalize better independently of the nature of the repre-
sentations (both random and textual representations can work). These constant vectors act
as external priors (or initializers, in the random case) that supervise the segmentation task and
stabilize the training, leading to faster and better convergence. This is particularly true for the
CLIP model, probably because of its pretraining, and thinking about achieving the same re-
sults on a text-encoder-decoupled vision encoder such as ViT with ImageNet pretraining may
not be realistic in practice but, of course, further study is needed to confirm this fully. Again,
for completeness, we also report the results of the experiments with ViT as the vision encoder
and random embeddings in place of the text embeddings in Table 6.8 (Bottom).

6.4 Domain generalization

In this section, we evaluate the best visionmodels of Section 6.2 and vision-languagemodels of
Section 6.3 onmultiple real target datasets to assess their effective synthetic-to-real domain gen-
eralization capability. Moreover, we also re-train the models on Cityscapes and SELMA [24]
to assess their real-to-real and synthetic-to-synthetic generalization performances, respectively.
Apart from the mIoU scores, for each model, we also compute the rPD (relative Performance
under Domain shift) metric, introduced in VLTSeg [4] to assess the domain shift resilience of
models, that given a source dataset S and a set of target datasets {Tk} is defined as:

rPD =
1
K

∑K
k=1mIoUTk

mIoUS
(6.4)
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6.4.1 Synthetic-to-Real

For the models in Section 6.2 (image) and Section 6.3 (image-text) the source dataset is GTA5,
sowe evaluate themwith their 40kth iterationweights on the real target datasets ACDC (night,
fog, rain, snow) andMapillary Vistas (more about these datasets in Chapter 4) in terms of final
mIoU and rPD (Equation 6.4) percentages reporting again also the in-domain and Cityscapes
mIoUs in order to visualize all the results together.

Synthetic-to-Real

Method [Table] mIoU (%) rPD (%)
G→G G→C G→A G→V DGAvg

CL
IP
V
iT

CLIPViT [6.2] 76.13 38.70 31.00 45.32 38.34 50.36
CLIPViT + Text [6.6] 73.73 41.77 30.01 46.55 39.44 53.49
CLIPViT + Text [6.6]* 73.62 40.68 34.04 46.67 40.46 54.96

CLIPViT + Random [6.8] 78.27 41.64 33.81 48.60 41.35 52.83
CLIPViT + Random [6.8]* 74.26 38.58 33.06 46.42 39.35 52.99

V
iT

ViT [6.1] 70.71 36.82 30.28 42.18 36.42 51.51
ViT + Text [6.6] 72.32 38.78 28.92 43.87 37.19 51.42

ViT + Random [6.8] 68.23 39.39 31.05 45.19 38.54 56.49

Table 6.9: Synthetic‐to‐Real generalization final results of the best models found in Section 6.2 (image) and Section 6.3
(image‐text) that are trained on GTA5 (G) and evaluated after 40k iterations on Cityscapes (C), ACDC (A), and Mapillary
Vistas (V). Performance comparison is expressed in terms of both mIoU and rPD (relative Performance under Domain shift)
metrics. The rPD metric consists of the ratio between the mean mIoU on the target datasets and the mIoU on the source
dataset. The * mark means that we used a 3‐layer Text Decoder (instead of a 9‐layer one) as in the original DenseCLIP [3]
work. Note also that G→ G represents the in‐domain generalization.

Table 6.9 hence reports the final domain generalization (synthetic-to-real) results for both
metrics. It is clear the advantage of using CLIPViT as the vision encoder instead of ViT, es-
pecially when the Text Decoder is employed. Regarding CLIPViT, from Table 6.9, we un-
derstand how much our method improves the final DG mIoU even though it is still not clear
whether the text embeddings are superior to the randomones. Of course, they achieve a similar
DG mIoU score, but, in general, we notice that the gap between the in-domain and the DG
mIoUs is larger for the models trained with the text embeddings, as the rPD scores show. This
may be attributed to the language priors and their superior train-to-test generalization capacity.

6.4.2 Real-to-Real

We re-train the models of Section 6.2 (image) and Section 6.3 (image-text) on Cityscapes for
40k iterations and evaluate them with their last iteration weights on the remaining real target
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datasets ACDC (all adverse conditions) and Mapillary Vistas (more about these datasets in
Chapter 4) in terms of final mIoU and rPD (Equation 6.4). We also report the in-domain
mIoU in order to understand the rPD score.

Real-to-Real

Method [Table] mIoU (%) rPD (%)
C→C C→A C→V DGAvg

CL
IP
V
iT CLIPViT [6.2] 69.22 39.27 49.55 44.41 64.16

CLIPViT + Text [6.6] 67.98 40.65 51.54 46.09 67.80
CLIPViT + Text [6.6]* 66.46 40.15 46.67 43.41 65.32

CLIPViT + Random [6.8] 66.59 39.71 49.35 44.53 66.87

V
iT

ViT [6.1] 59.65 36.81 44.24 40.52 67.94
ViT + Text [6.6] 60.59 37.83 44.40 41.11 67.86

ViT + Random [6.8] 54.92 36.91 43.50 40.20 73.21

Table 6.10: Real‐to‐Real generalization final results of the best models found in Section 6.2 (image) and Section 6.3 (image‐
text) re‐trained on Cityscapes (C) and evaluated after 40k iterations on ACDC (A) and Mapillary Vistas (V). Performance
comparison is expressed in terms of both mIoU and rPD (relative Performance under Domain shift) metrics. The rPD
metric consists of the ratio between the mean mIoU on the target datasets and the mIoU on the source dataset. The *
mark means that we used a 3‐layer Text Decoder (instead of a 9‐layer one) as in the original DenseCLIP [3] work. Note
also that C→ C represents the in‐domain generalization.

Table 6.10 then reports the final domain generalization (real-to-real) results. Again, as in the
synthetic-to-real results (Table 6.9), CLIPViT remains superior toViT in all the configurations
tried. In this real-to-real scenario, we notice a higher performance of the model using the text
embeddings over the random ones that also results in a higher rPD score, indicating a larger
gap between in-domain and DG mIoUs (as found also in the synthetic-to-real experiments,
Section 6.4.1). Regarding ViT, we notice a very high rPD score when using the method with
random embeddings (the same holds inTable 6.9 for the synthetic-to-real results), proving that
the method, in general, brings benefits and is superior to the baseline vision model. In the ViT
case, we note that it is not expected for the text embeddings to work better than the random
ones since the vision and text encoders are decoupled (they do not share a coupled pretraining).

6.4.3 Synthetic-to-Synthetic

For the sake of completeness and to assess the superiority of the text embeddings over the ran-
dom ones, we also test the models on the synthetic-to-synthetic scenario. We then re-train the
models of Section 6.2 (image) and Section 6.3 (image-text) on SELMA (information about this
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dataset in Section 4.5) for 40k iterations and evaluate them with their last iteration weights on
GTA5 in terms of final mIoU and rPD (Equation 6.4). We also report the in-domainmIoU in
order to understand the rPD score.

Synthetic-to-Synthetic

Method [Table] mIoU (%) rPD (%)
S→ S S→G

CL
IP
V
iT CLIPViT [6.2] 69.28 36.60 52.82

CLIPViT + Text [6.6] 75.68 39.32 51.96
CLIPViT + Text [6.6]* 75.81 44.60 58.83

CLIPViT + Random [6.8] 76.13 41.17 54.08

V
iT

ViT [6.1] 63.59 33.23 52.26
ViT + Text [6.6] 68.97 35.22 51.07

ViT + Random [6.8] 69.47 36.66 52.77

Table 6.11: Synthetic‐to‐Synthetic generalization final results of the best models found in Section 6.2 (image) and Sec‐
tion 6.3 (image‐text) re‐trained on SELMA (S) and evaluated after 40k iterations on GTA5 (G). Performance comparison
is expressed in terms of both mIoU and rPD (relative Performance under Domain shift) metrics. The rPD metric consists
of the ratio between the mean mIoU on the target datasets and the mIoU on the source dataset. The * mark means that
we used a 3‐layer Text Decoder (instead of a 9‐layer one) as in the original DenseCLIP [3] work. Note also that S→ S
represents the in‐domain generalization.

Table 6.11 then reports the final domain generalization (synthetic-to-synthetic) results. In
this scenario, the text embeddings work very well, outperforming, in the CLIPViT case, the
random ones by ≈ 3.5% DG mIoU and the baseline vision model by 8% DG mIoU, thus
achieving the highest rPD score. However, we note that these results do not imply a superiority
of the text embeddings over the random ones since the synthetic-to-synthetic scenario is not
used in practice and since these depend on our setup and on the specific architectures chosen.
RegardingViT,wenotice the same trend of the synthetic-to-real (Section 6.4.1) and real-to-real
experiments (Section 6.4.2), with the highest scores achievedwhen the randomembeddings are
employed, since, in this case, the vision and text encoders do not share a coupled pretraining.
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7
Conclusion

The aim of the work was to assess the contribution of VLMs text embeddings in solving the
DGSS task onmultiple generalization scenarios over a variety of different autonomous driving
datasets. The results of the experiments proved that ourmethod, involving an architecture that
exploits the Vision-Language features from the CLIP VLM, applied to the DGSS task, brings
benefits and increases the performances, outperforming the baseline vision models fine-tuned
solely on images. This holds true for all three generalization tasks, particularly for the real-to-
real and synthetic-to-synthetic tasks for which the method seems to suit the most. We tried
to apply our method to ViT, which does not share a coupled pre-training with a text encoder,
and, as expected, achieved lower results, thus confirming the efficacy of VLMs on the task. We
compared text embeddings to random ones for initializing the Text Decoder, and the former,
overall, achieved the highest scores even though, from a computational point of view, the latter
also proved to be valid initializers. Of course, further experiments with different architectures
and models are needed to draw the final conclusions, but this is left as future work.
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