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Abstract. Unsupervised Domain Adaptation (UDA) aims to adapt
models from labeled source domains to unlabeled target domains. When
adapting to adverse scenes, existing UDA methods fail to perform well
due to the lack of instructions, leading their models to overlook dis-
crepancies within all adverse scenes. To tackle this, we propose CoDA
which instructs models to distinguish, focus, and learn from these dis-
crepancies at scene and image levels. Specifically, CoDA consists of a
Chain-of-Domain (CoD) strategy and a Severity-Aware Visual Prompt
Tuning (SAVPT) mechanism. CoD focuses on scene-level instructions
to divide all adverse scenes into easy and hard scenes, guiding mod-
els to adapt from source to easy domains with easy scene images, and
then to hard domains with hard scene images, thereby laying a solid
foundation for whole adaptations. Building upon this foundation, we
employ SAVPT to dive into more detailed image-level instructions to
boost performance. SAVPT features a novel metric Severity that divides
all adverse scene images into low-severity and high-severity images. Then
Severity directs visual prompts and adapters, instructing models to con-
centrate on unified severity features instead of scene-specific features,
without adding complexity to the model architecture. CoDA achieves
SOTA performances on widely-used semantic segmentation benchmarks
under all adverse scenes. Notably, CoDA outperforms the existing ones
by 4.6%, and 10.3% mloU on the Foggy Driving, and Foggy Zurich
benchmarks, respectively. Our code is available at https://github.com/
Cuzyoung/CoDA.
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1 Introduction

Understanding all adverse scenes including fog, rain, snow, and night has become
the common goal for existing UDA methods [19,23,25,32,36]. Although current
methods show a good understanding of fog, rain, and snow scenes, when encoun-
tering the most challenging night scene which is full of unpredictable noise due
to the extremely low light conditions, their performance drops a lot. Our find-
ings in Fig. 1(a) illustrate that current SOTA methods [24,25] train models on
all adverse scenes achieve precise segmentation on details of the image shown
in white circles, but they struggle to recognize the sky in night scenes shown
in yellow circles. On the contrary, their models trained on a single night scene
can clearly segment the sky but show worse results in other details. The results
reveal that current methods are trapped in dilemmas that adapting to all adverse
scenes leads models to hallucinations while adapting to a single adverse scene
causes models to underfit.

Given the essence of UDA is knowledge distillation allowing the student net-
work to learn instructive knowledge from the teacher network [51], we argue
that for existing methods, the adaptation to all adverse scenes requires scene-
level instructions and the adaptation of a single adverse scene needs image-level
instructions to overcome hallucinations and underfitting, respectively. Address-
ing these issues, we propose CoDA (Chain-of-Domain Adaptation) methodology
focusing on these two levels to instruct and enhance models to learn domain-
invariant features through the Chain-of-Domain (CoD) strategy with Severity-
Aware Visual Prompt Tuning (SAVPT) mechanism.

The design of CoD motivated by Chain-of-Thought (CoT) is focused on pro-
viding scene-level instruction. It divides all adverse scenes into easy and hard
categories of scenes and instructs models to adapt from source to target domains,
in a step-by-step fashion [30], through extra intermediate domains as shown in
Fig. 1(b). As the adage says “Well begun is half done”, we maintain that acquir-
ing high-quality prior knowledge at the start of training is critical for iterative
learning. Thus, CoD starts by instructing models to train on easy scene images to
build a solid foundation, and then, CoD adapts to hard scene images for further
knowledge transfer. Additionally, as we argue that a large number of the origi-
nal target images are somewhat hard for models to learn, we propose a tailored
mini-dataset of adverse scenes generated by combining three Large Multimodal
Models (LMMs) to serve as a part of the easy scene images for good starts
to the training. More details are illustrated in the Sect.3.2. In summary, CoD
constructs intermediate domains according to scene-level difficulties of adverse
scenes, instructing models to adapt to mixed gaps from easy to hard.

One might ask “Why does the direct adaptation to all adverse scenes not
instruct models with an easy start?” We denote this kind of direct adaptation
as the traditional strategy which randomly samples all adverse scene images,
potentially treating disparate scenes as equivalent, overlooking their various dif-
ficulties. It might sample challenging night images at the onset of training caus-
ing initial errors. Concurrently, since pseudo-labels within UDA are inherently
uncertain, the initial errors easily accumulate during iterative training. Thus, the
traditional strategy is not suitable for models at the start of training. Compared
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Fig. 1. (a) Current SOTA models [24,25] trained on all adverse scenes within a target
domain can achieve good performance on other details but struggle to recognize the sky
under night scenes. These models, typically, trained on a single night scene show the
contrary results. Yellow circles in predictions denote the sky recognition and white ones
indicate other classes’ recognition. (b) Traditional strategy directly adapts from source
to target domains with chaotic gaps. Our Chain-of-Domain (CoD) strategy instructs
models to adapt from source to target domains according to the difficulties of scenes
through introducing intermediate domains. (Color figure online)

to CoD, however, the traditional strategy is less instructive but more diverse.
Therefore, to improve scene diversity, we employ CoD to guide models during
the preliminary training and activate the traditional strategy later.

Based on the solid foundation brought by the scene-level CoD strategy, we
hope to focus on a more detailed image-level perspective to further enhance the
inherent abilities of models for extracting domain-invariant features. Since the
complex architectures of existing models overfit scene-specific features, we aim
to present a method that can enhance models’ abilities without complicating
the network architecture. The seminal work of Darcet et al. [11] has significantly
inspired our approach, particularly their remarkable finding that visual prompts,
when incorporated into the input data of Vision Transformer (ViT), can be omit-
ted during inference, thereby enhancing the ViT’s performance. This finding val-
idates that visual prompts can enhance models’ inherent ability without being
a part of network structures, which aligns well with our motivation. Thus, we
present the Severity-Aware Visual Prompt Tuning (SAVPT) with an image-level
metric Severity to measure the severity differences within each image.

SAVPT contains a Severity Perception Trigger (SPT), Meta-Visual Prompts,
and Meta-Adapters. SPT classifies adverse images to low-severity and high-
severity images. The Meta-Visual Prompts and Meta-Adapters modules are
learnable components that build upon the SPT mechanism and are divided into
two severity branches. When encountering a low-severity image, the low-severity
branch will be activated. Then the Meta-Visual Prompts and Meta-Adapters
in this branch will enhance the low-severity image and optimize its features
respectively. Concurrently, another branch will be frozen without training. This
important mechanism ensures that the two branches will gradually demonstrate
different severity emphases, leading Meta-Visual Prompts and Meta-Adapters
to help models focus on severity features rather than scene-specific features. In
later experiments, we will validate that SAVPT trained with models can also be
discarded during inference.
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The whole CoDA method offers three key contributions: (1) CoDA is the
first to propose CoT-based variants, Chain-of-Domain, in UDA for adverse scene
understanding; (2) CoDA validates the findings in [11] through experiments on
the application of SAVPT during inference. This further confirms that SAVPT
empowers models to learn domain-invariant features. (3) CoDA achieves state-
of-the-art performance on multiple widely used adverse scene benchmarks. In
particular, CoDA outperforms SOTA methods by large margins with 4.6% and
10.3% mloU on Foggy Driving and Foggy Zurich benchmarks.

2 Related Work

2.1 Semantic Segmentation Under Adverse Scenes Within UDA

Since existing works [56,57,59,60,68] predominately focus on four adverse scenes
(fog, rain, snow, and night), we divide them into three branches by the scene
benchmarks that they evaluate. The first branch comprises methods focusing on
parsing foggy scenes [9,42,43] trying to generate synthetic fog images to narrow
the real-to-foggy gaps. Later works tried other paths like CuDA-Net [36] that
reported disentangling gaps by introducing an intermediate domain, and FIFO
[31] that presented an auxiliary network to help the segmentation model to
learn fog-invariant features. Since the above works generalize well to rainy and
snowy scenes, no methods are specializing in rainy and snowy scenes. Night-
specialized methods [58] are contained in the second branch and they too focus
on narrowing the gaps by introducing extra domain images like twilight images or
extra information [10,41,44]. The final branch comprises models trying to solve
multiple scenes including normal and adverse scenes. DAFormer [23] was the first
to introduce the SegFormer-based [62] architecture to this field. Subsequently,
some DAFormer-based methods [4,61] emerged like STA [19] which achieves
domain generalization in UDA, and HRDA [24] that proposes multi-scale features
fusion network. Some works also take HRDA as the baseline model, such as
MIC [25] using masks to help models learn context-level features. Different from
previous methods, CoDA is the first UDA method to focus models on differences
within adverse scenes to learn domain-invariant features.

2.2 CoT and its Variants

The essential of CoT is a series of intermediate reasoning steps. CoT is proposed
by [55] as a simple and effective prompting strategy to enhance the complex rea-
soning ability of Large Language Models (LLMs) to accomplish reasoning tasks
including arithmetic, commonsense, and symbolic reasoning tasks. Recent years
have witnessed an explosive growth of CoT works in LMMs [6,18,21,27,37,40],
where they arouse LLMs’ and LMMs’ potential and boost alignment between
multimodality. Concurrently, there have been a series of works focusing on CoT
variants. Specifically, Chain-of-Thought Self-Consistency (CoT-SC) [52] samples
the CoT output multiple times and chooses the most consistent one, Tree-of-
Thought (ToT) [63] proposes tree-structured CoT allowing LLMs to consider
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different reasoning paths and self-evaluate to determine the action, Graph-of-
Thought (GoT) [3] creates graph-based CoT closing LLMs and human think-
ing, and Chain-of-Reasoning (CoR) [49] trains models to question themselves
according to an uncertainty factor, further enhancing the answer’s confidence.
However, there are no CoT variants in UDA for adverse scene understanding
currently. Thus, we hope our Chain-of-Domain (CoD) method will provide an
initial contribution in this field.

2.3 Visual Prompt Tuning in UDA

Prompt-based learning [34] initially serving as Parameter-Efficient Fine-Tuning
(PEFT) [7,22,67] is used to finetune large pre-trained models to downstream
tasks in Natural Language Processing (NLP). Subsequently, the prompt has
begun to be transferred to the field of Computer Vision (CV) bringing about
a significant academic trend. Many methods [29,38,64,69] first tried to migrate
prompt to Vision Language Models (VLM) in text form, and then VPT [28] first
introduced “visual prompt” into CV as learnable vectors (soft prompt). [17] fol-
lowed by other works [15,16,46] is the first work focusing on domain adaptation
and employing prompt. Most relevant to our work are the methods that focus on
UDA or DG for adverse scene understanding, such as [14] employs text features
to strengthen features achieving a novel style augmentation implicitly, and [50]
combines clip [38] to conduct semantic augmentation.

3 Approach

3.1 Preliminary

We denote a student network as fy and a teacher network as f. Unlike tradi-
tional UDA methods, CoDA utilizes multiple domain images including source
domain images Xg € R7s*WsxC target domain images Xp € RHTXWrxC and
intermediate domain images X, € RET*Wr*C wwhere H, W, and C represent
the height, width, and channel of images. In our experiments, we set n to 2
and X to share the same shape with Xr. Thus the union of intermediate and
target images is represented as X1 = X U Xp. Notably, only source domain
labels Yg € RHs*Ws are available. All domain images are combined to calculate
the Cross-Entropy (CE) loss to iteratively update fy. Then the parameters of fy
will be synchronized by EMA [47] to fs which has no gradient backpropagation.

3.2 Training-Free Pipeline to Generate Mini-Dataset

Our mini-dataset contains 1200 (3x400) images including fog, rain, and snow
images aiming to serve as the easiest images with slightly adverse weather factors
to construct a part of M;. Since text prompts @ are decisive for the quality of
images generated by Stable Diffusion 2 (SD2) [39], we propose a training-free
pipeline to generate and optimize @ step by step through collaborating with
CLIP [38], GPT-4V [1], and Human Feedback. The pipeline consists of 4 stages:
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Fig. 2. Four Stages Training-free Pipeline generates the mini-dataset to serve as inter-
mediate steps providing diverse difficulty levels. All images are adverse scene images
with slight weather factors generated based on ACDC adverse scene images and possess
the common features of target and source images. Notably, stages 1, 2, and 4 contain
manual processes based on human feedback.

(1) The first stage uses GPT-4V to generate the basic phrasal descriptions @4
of Xr. Notably, we aim to obtain @, to represent the basic features of Xr.
Since all X1 are captured in the same city Zurich, the generated @, of
different images are similar to each other, except for the weather factors.
Thus, we only randomly feed 6 target domain images Xg¢ (fog, rain, and
snow respectively contain 2 images) to GPT-4V with text instruction ¥y:
“Please generate some phrases to describe the scene, style, and content of
this picture, such as driving in FEurope.” Then, every image will generate
dozens of output phrases like “Foggy city street”, and “Urban commute” as
shown in stage 1 of Fig. 2.

&y = GPT — 4V (Xq, V1) (1)

(2) Since the dataset is the intermediate step between source and target, the
second stage aims to select the most appropriate text phrases @, that repre-
sent both features of Xg and Xp by aligning @, and Xg. We input ¢; and
all of Xg into the CLIP text encoder 7 and image encoder V respectively
to calculate cosine similarity. Then we select #; with high similarity.

7@ % PXs)] (2)

&y = argmaxc(

where C’ is the number of @5 for each image in Xg and we set it as 1 or 2.
Since many phrasal prompts have similar semantic information, we manually
filter the redundant based on human feedback to choose 5 texts to build @,:
“hazy street view, passing cars, pedestrian crossing, cyclists on city lane, car
Perspective.”

(3) The third stage recurs to GPT-4V to enhance ®2. We employ GPT-4V
to enrich the semantic representation of @5 by this instruction ¥: “Please
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enrich the description of <®5>, requiring to maintain the simplicity and the
semantic information.” We denote enhanced @, as @3: “street view with fog,
car swiftly passing on a city street, busy crossing with diverse pedestrians,
cars and cyclists parked on a quiet road, inside view of a car on a busy road.”

(4) Before conducting image-to-image at stage 4, we first finetune the &3
based on human feedback. In detail, we adjust the < fog> in &3 to “slight
<fog/rain/snow>" to generate different scene images. Besides, we found
that SD2 is sensitive for cyclists and it always generates a huge number of
cyclists, so we changed the cyclists to motorbikes and controlled their num-
ber. Thus, the final @4 used to prompt SD2 consists of: “street view with
slight <AdverseW eather>, car swiftly passing on a city street, busy cross-
ing with diverse pedestrians, single car and motorbike parked on a quiet
road, inside view of a car on a busy road.” We feed &4 and Xt to SD2
to generate 3 images as candidates and choose the one with the highest
SSIM [53] with X7 to be final images X¢. More details are attached to the
supplementary material.

Xg = argmax( SSIM(SD2( X7, $4))) (3)

3.3 Instructive Chain-of-Domain Adaptation

The first key point in scene-level CoD aims to simply divide all adverse scenes
into Easy and Hard two-level scenes to construct two intermediate domains,
My and M,. Take Cityscapes to ACDC experiment as an example, ACDC
representing the target domain T consists of fog, rain, snow, and night scenes,
so we directly choose daytime scene images (fog, rain, snow, and X¢g) as easy
scene images to construct X, and use night images to build X ,. The data
composition of Cityscapes to ACDC can be represented as Fig. 3(a). Thus, the
CoD adaptation process transforms from S — T into S — M; — My — T".
The second pivot is how to train models during the CoD adaptation process.
As our motivation in the Intro that “easy before difficult”, we first train models
on M with 1.2k iterations and then we train models on My with 4k iterations.
Since My is a tougher scene than M7, we advocate models to spend more time
on Ms. The first 1.2k iterations can instruct good prior knowledge to models,
which makes models robust enough when they first encounter tough images.
Then, we repeat this process until iterations come to 12k. We also emphasize
that although the traditional strategy is not suitable for the start of training,
it is still advantageous as scene diversity to enhance models’ performance upper
bound. Thus, from 12k to the end of the training, we activate the traditional
strategy to conduct random sampling from X7, formulated as Eq.4 and 5.

1.2k, when S — M,
ITterations = 4k, when Mp — My (4)
co, when My —T'

S — My — My, when Iter <12k

Cob = {Mg — T, until training EOF (5)
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Fig. 3. (a) shows the data composition in experiments of Cityscapes to ACDC. (b)
demonstrates the visualization of SPT and Meta-Visual Prompts. The purple pixels
are severe pixels and the green pixels are the nonsevere. (¢) and (d) shows the details
of CoDA’s architecture and pipeline. (Color figure online)

3.4 Severity-Aware Visual Prompt Tuning

SAVPT consists of a Severity Perception Trigger (SPT) mechanism, Meta-Visual
Prompts, and Meta-Adapters. According to SPT, Meta-Visual Prompts, and
Meta-Adapters are divided into two branches to focus on images with two sever-
ity levels. Both of these two branches share the same structure and initial param-
eters but train alternately.

Severity Perception Trigger. Different from CoD which conducts scene-level
classification, the SPT mechanism focuses on image-level dividing and guides the
whole SAVPT by measuring the severities of all adverse scene images. First of all,
images are input to SPT will be transformed into gray-scale maps X, € RZ>W
and then all pixels will be divided into severe pixels and nonsevere pixels. In
SPT, the pixel values lower than the gray-scale value o are severe pixels. If the
ratio of severe pixels in an image passes the severity threshold 7, this image will
be classified as a high-severity image; otherwise, it will be recognized as a low-
severity image. We show the visualization in Fig. 3(b) that the purple regions are
severe pixels with high severity and the green pixels are nonsevere pixels with
low severity.

high, if 3257 > T

Severity = {low olse (6)

Meta-visual Prompts and Adapters. We denote Meta-Visual Prompts as
8, € REoXWoxC wwhich is explicitly added to the images similar to the adversarial
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reprogramming [13]. We set default C' = 3, H,, = W,, = 64, and the number of 4,
for every image is 5. To avoid 6, overly masking useful information of images, the
5 ¢, are added to the four corners and the center of images visualized in Fig. 3(b).
Notably, since we aim to instruct models understanding adverse scenes, d,, is set
to be activated only on X7/ rather than Xg. Thus, we denote the augmented
images as X and augment equation as below:

X = XfUXf, Xih=Xp+5-0), Xfo=Xp+5-6,  (7)

where X" X! 5t 5L XH and XL respectively means that high-severity images,
low—severlty images, hlgh—severlty visual prompts, low-severity visual prompts,
augmented X", and augmented X'. The pipeline of Meta-Visual Prompts adding
to images is shown in Fig. 3(c).

The design of Meta-Adapters shown in Fig. 3(d) is lightweight consisting of a
vanilla adapter [22] with residual connection [20], and common attention layer.
The adapter layer will absorb the input feature F; of X by downsampling
and output an optimized feature by upsampling. Then, the feature will pass an
attention layer Att again with layer normalization LN to obtain a new robust F;.
During this process, Meta-Adapters aim to absorb the prompt information from
Meta-Visual Prompts. The pipeline of using Meta-Adapter can be formalized as
below:

FIE — LN (A#H/E( Adapter™/E( FE/E YY) (8)

where H/L denotes two severity branches and F; denote one of the multi-scale
features shown in Fig. 3(c) and (d).

3.5 Loss for Training

As we said above, only student network fj is trainable and the function of teacher
network f4 is generating pseudo-labels Y7,. The whole CoDA architecture is
updated by calculating CE Loss. The student loss Lg as following:

Ls=— Y ZYS logfo(Xs) (9)

Hs,Ws

Y = (¢ = argmazecofo(Xr) ] (10)

where [] denotes the Iverson bracket. Before calculating the teacher loss L,
we still need to obtain a confidence estimate ¢ [23-25] to limit the pseudo-
labels which are not completely believable. Expect for Lg and Ly, we follow
our baseline setting of feature distance loss Lpp. The summary training loss
function L is as below:

- > Z q Y log fo(Xrv) (11)

Hpr Wr

L=Ls+Lr+ Lrp (12)
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Table 1. Comparision with existing methods on all adverse scene benchmarks. Bold
denotes the best mloU, underline means the second-best mIoU, and italics denotes the
performance tested by ourselves.

Models Backbone Adverse Scenes (mIoU)
Foggy Nighttime Rainy Snowy All
ACDC-FoglFZ [FD |ACDC-NightDZ [ND [BD |ACDC-Rain/ ACDC-Snow ACDC-All
Scene-Specialized Models
SFSU [43] RefineNet [33] |- 35.7 46.3)- - - - - -
CMAda3 [9] RefineNet - 46.8 49.8)- - - - - -
CuDA-Net [36]  |DeepLab-v2 [5]55.6 49.1(53.5)- - - - - -
FIFO [31] RefineNet - 48.4 150.7- - - - - -
FogAdapt [26] ResNet-38 - 50.6 [53.4/- - - - - -
SAM-EDA [54] |ViT-H [12] |- - |s6.4) - -
GCMA [41] RefineNet - - - - 42.0 145.6 33.2 |- -
MCGDA [44] RefineNet - . 42.5149.4 34.9 - . .
DANNet [58] RefineNet - - - - 44.3 |47.7 - - - 50.0
Scene-Agnostic Models
AdaptSeg [48] DeepLab-v2 |- 26.1 37.6/- 30.4 34.5 22.0 |- - -
DAFormer [23]  |SegFormer [62]48.9 40.8 - 447 48.5 151.8 |33.9 59.9 53.7 55.4
SePiCo [61] SegFormer 58.5 - - 50.5 54.2 56.9 |40.6 |66.1 57.9 59.1
STA [19] SegFormer 60.2 46.9 54.9/48.4 - - - 61.3 58.0 60.9
HRDA [24] SegFormer 69.9 46.0 |- 53.1 55.9 |- - 73.6 69.5 68.0
MIC [25](baseline) SegFormer 67.0 58.8|56.657.2 60.2 58.641.3|72.3 66.6 70.4
CoDA (Ours) SegFormer 71.8 60.9/61 66.4 61.2/59.2141.9|75.3 70.9 72.6

4 Experiments

4.1 Datasets and Benchmarks

Cityscapes (CS) [8] is a real-world dataset captured with normal driving scenes
in 50 urban areas. Foggy Zurich (FZ) [42] and Foggy Driving (FD) [43] are
two foggy real-world datasets. FZ contains 3808 images with light and medium
fog. Notably, only 40 images are for testing in FZ. Unlike FZ, FD is a dataset
purely for testing as it contains 101 labeled images. Dark Zurich (DZ) [41] is
captured during nighttime, twilight, and daytime including 50 validation images
and 151 test images. Nighttime Driving (ND) [10] contains 50 nighttime
images with coarsely annotated ground truth. BDD100K-Night (BD) [65] is a
subset of the BDD100K, we only use 87 test images. ND is also used for testing.
ACDC [45] is a dataset under fog, rain, snow, and night scenes. There are 400
training images, 100 validation images (106 in night), and 500 testing images in
every scene. Besides, ACDC also contains 1600 clean images called ACDC-ref.

4.2 State-of-the-Art Performance Comparison

Implement Details. Our performance experiments contain four aspects: foggy,
nighttime, all-scenes, and other benchmarks. In experiments, we divide existing
methods into two classes, the first is Scene-Specific methods and the second is
Scene-Agnostic methods. For details of network settings, we follow the default
settings of our baseline MIC [25], including the optimizer AdamW [35], encoder



140 Z. Gong et al.

Table 2. The results of MIC and MIC tained with CoDA from CS to ACDC. w/
SAVPT indicates that SAVPT is activated during inference, while w/o SAVPT indi-
cates the opposite. Bold means the best performance.

Method ‘Road S.walk Build Wall Fence Pole T.Light Sign Veget Terrain Sky PersonRider Car Truck Bus Train M.bike Bike‘mIoU

MIC ‘90.8 67.1 89.2 54.5 40.5 57.2 62.0 68.4 76.3 61.8 87.0 71.3 49.4 89.7 75.7 86.8 89.1 56.9 63.0‘ 70.4
w/ SAVPT‘93.1 72.8 90.7 57.3 47.4 59.8 69.8 69.9 87.2 59.7 954 71.1 47.3 90.2 76.7 82.9 89.8 55.0 63.7‘ 72.5
w/o SAVPT‘ 93.1 72.7 90.7 57.3 47.4 56.8 69.9 70.0 87.3 59.8 95.4 71.4 47.6 90.3 77.1 83.8 89.1 54.7 64.1‘ 72.6

Table 3. Range comparison of DAFormer, HRDA. and MIC with different strategies
and seeds. Bold denotes the best range and all scores are mloU at 40k iterations. The
results show that CoD-included strategies can enhance the stability of models.

Models Strategy |Average mIoU|[Seed =1 [Seed =2 |Seed = 38 |Range (max-min)
DAFormer [23]|Tradition |56.3 55.5 (—0.8)|57.2 (+0.9)/56.3 (+0.0)(1.7
CoD 57.7 58.6 (4+0.9)[58.5 (+0.8)[56.1 (—1.5)|1.7 (| 0%)
CoD+Tra.|57.7 57.2 (—0.5)/58.5 (4+0.8)/57.4 (—0.3)|1.3(4 24%)
HRDA [24] Tradition 64.6 64.8 (4+0.2)(62.8 (—1.8)/66.2 (+1.6)3.4
CoD 65.4 65.0 (—0.4)[64.2 (—1.2)/67.0 (+1.6)[2.8 (118%)
CoD+Tra.|65.7 65.8 (4+0.1)/65.9 (4+0.2)/65.4 (—0.3)|0.5(, 85%)
MIC [25] Tradition [65.9 67.7 (+1.8)(63.0 (—2.9)|67.1 (+1.2)/4.7
CoD 68.3 67.9 (—0.4)/68.4 (4+0.1)/68.7 (+0.4)|0.8 (| 83%)
CoD+Tra.|70.0 70.2 (40.2)/69.6 (—0.4)|70.3 (4+0.3)|0.7(] 85%)

with a learning rate of 6 x 10~°, decoder with 6 x 10~% learning rate, and a linear
learning rate warm-up. We mainly adjust one hyper-parameter that severity
threshold 7 in SPT. All experiments are conducted on a 32G Tesla V100 GPU.

Cityscapes to Foggy Scenes. We conduct experiments on CS to ACDC-Fog,
FZ, and FD. For the CS to ACDC-Fog, we first train CS to ACDC-AIl (fog,
rain, snow, night) and test on ACDC-Fog. For CS to FZ and FD, we train CS to
FZ and test on FZ and FD validation. The results in Table 1 show that CoDA
achieves SOTA performance FogAdapt and SAM-EDA with improvements of
10.3% and 4.6% mloU in FZ and FD respectively, and outperforms our baseline
MIC with 4.8% in ACDC-Fog, 7.6% in FZ, and 4.4% in FD. Notably, we set 7
to 0.38 in CS to ACDC and 0.05 to FZ and FD. We contend that the significant
discrepancies in the values of 7 can be attributed to the diverse scene composition
of ACDC requires clear distinction, unlike the singular foggy scene in FZ and
FD. For the data composition of CS to FZ, we distribute the light fog images in
FZ as the X, and medium fog images as the X, without using X¢.

Cityscapes to Nighttime Scenes. The nighttime experiments contain CS to
ACDC-Night, DZ, ND, and BD. Similar to the above, we also train CS to ACDC-
All and test on ACDC-Night. For the rest experiments, we train CS to DZ and
generalize to ND and BD. The results in Nighttime of Table 1 demonstrate that
CoDA outperforms the SOTA methods with improvements of 1% mlIoU in DZ,
2.3% in ND, and 1.3% in BD, and outperforms MIC with 9.2%, 0.6%, and 0.6%
mloU in ACDC-Night, ND, and BD respectively. From CS to DZ, ND, and BD,
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Fig. 4. Ablation studies on CS to ACDC val. The x and y axes respectively mean
the mloU and Iteration. The purple, green, and red lines respectively mean original
models with traditional strategy, CoD strategy, and CoD+traditional strategy that we
implement in CoDA. (Color figure online)

we designate the threshold 7 of 0.05. Additionally, we allocated 400 night images
in the ACDC-ref to establish My, while utilizing the original night images from
DZ to form M.

Cityscapes to Rainy, Snowy, and All Scenes. We conduct CS to ACDC-
All and test on ACDC-Rain, Snow, and All for these experiments. As shown in
Table 1, CoDA achieves 72.6% mloU on the ACDC-AIl benchmark outperform-
ing the MIC 2.2%, and demonstrates strong generalizability on ACDC-Rain
and Snow with improvements of 3.0% and 4.3% respectively compared to MIC.
For more details, we show the results of every class of CS to ACDC-AIl in
Table 2. As illustrated in the Intro section, the previous methods show weakness
in recognizing the sky under night scenes, which our CoDA alleviates with 8.4%
improvements in the sky class compared to MIC.

4.3 Ablation Study Analysis

‘Well Begun Enhances Models Stability. We defend that CoD is instructive
for models to acquire high-quality prior knowledge which is critical for mod-
els’ robustness. To validate it, we conduct CS to ACDC (val) experiments on
3 SegFormer [62]-based UDA models, DAFormer [23], HRDA [24], and MIC
[25] with 3 random seeds shown in Table 3. Every model is trained with three
different strategies, traditional strategy, Chain-of-Domain (CoD), and Chain-of-
Domain+traditional strategy (CoD+Tra.).

Notably, we mainly compare the Range in Table3 to show the stability of
models. We first focus on the range of models with traditional strategy. The
ranges escalate from 1.7 of DAFormer to 4.1 of MIC which means that with
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Table 4. Ablation studies of positions and initialization of Meta-Visual Prompts on CS
to ACDC val. All the mIoU score is the highest score during the training. d, ~ ¢/(0, 1)
and d, ~ N(0,1) mean §, samples from uniform and normal distributions respectively.

Position of Prompts|Initial Parameter

8y = 18y ~ U(0,1)8, ~ N(0,1)5, =0
Best mIoU results during 0~40k iteration
Random Patch 70.8 |68.6 69.0 71.1
Padding Patch 67.2 169.4 69.9 71.4
Corner+Center 67.6 169.4 69.2 71.3
Best mloU results during 40~60k iteration
Random Patch 70.8 69.6 70.2 71.8
Padding Patch 67.4 169.5 69.2 | 71.6
Corner+Center 67.7 169.7 69.6 72.1

the performance and the complexity of models improving, the instability is
worse. CoD can alleviate it by stabilizing the ranges with improvements of 18%
range in HRDA and 83% range in MIC. The results also show that the range of
DAFormer with CoD is not optimized. We argue the reason is that DAFormer
with low complexity is relatively stable. But CoD optimizes DAFormer perfor-
mances with 1.4% improvements in the average mloU. Notably, CoD with the
traditional strategy brings huge improvement to every model with 24%, 85%,
and 85% ranges in DAFormer, HRDA, and MIC respectively, which means that
the traditional strategy possessing diversity can also stabilize the models when
it is employed with CoD. To observe the tendency of Table 3, we also show the
line charts of performance from 0 to 40k iterations in Fig.4. The red shadows
demonstrate models trained CoD with the traditional strategy outperform the
single traditional strategy significantly.

SAVPT Enhances Models’ Inherent Abilities. We create SAVPT to
enhance models’ inherent abilities to learn domain-invariant features without
complicating original models’ architectures. To validate it, we conduct abla-
tion studies of the activation of SAVPT during inference time. As illustrated in
Table 2, inference w/ SAVPT and w/o SAVPT achieve similar performance, and
w/o activating SAVPT even shows superiority over w/ SAVPT by 0.1% mloU,
which shows SAVPT indeed strengthens the models themselves rather than serve
as a part of models. Concurrently, compared to the original MIC model, MIC
trained with CoDA achieves obvious improvement in road, sidewalk, wall, fence,
vegetation, and sky classes which empirically represent domain-invariant classes
shown in Fig.5. Thus, these phenomena effectively validate that SAVPT is a
knock-down composition that can lead models to learn domain-invariant fea-
tures, which aligns well with our motivation. Remarkably, our findings based
on [11] unveil another interesting phenomenon: not only can visual prompts be
discarded at the inference time without negatively impacting models’ perfor-
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Scenes

Fig. 5. Quantitative experiments between MIC, MIC trained with CoDA, and Mic
trained with CoDA but without SAVPT during inference time. The results reveal that
CoDA understands all scenes better and SAVPT enhances models’ abilities.

mance, but adapters also exhibit attributes akin to that of visual prompts. This
observation can probably be ascribed to the efficient yet potent design of both
the original adapters and our Meta-Adapters, allowing the implementation of
SAVPT without requiring additional computational costs during inference.

Although the adding position of visual prompts is discussed in [2,15,66], the
discussion of the initial parameters of visual prompts is relatively blank. Thus,
we conduct joint experiments of positions with different initializations shown in
Table4. During 40~60k, almost each experiment improves compared to their
0~40k scores and the Corner+Center shows the best performance with 72.1%
mloU. When initial §, = 1, Padding Patch and Corner+Center performances
reduce a lot contrary to Random Patch with 70.8% mlIoU. We argue that J, =
1 gives models a noisy begin and enough randomness can alleviate the noise
influences. Also, the initialization with uniform and normal distribution achieves
similar mIoU, which means MIC is not sensitive to initial parameter distributions
and results of §, = 0 demonstrate that starting from scratch is the best choice
for Meta-Visual Prompts.

5 Conclusion

In this paper, we propose a method named CoDA, which consists of a CoD
strategy with a tailored dataset and SAVPT mechanism. Extensive experiments
validate that CoD provides scene-level instructions to models for eliminating hal-
lucinations on tough scenes, while SAVPT serves as a plug-in mechanism enhanc-
ing models’ inherent abilities without complicating networks through image-level
instructions. In this paper, however, we do not detailedly discuss why the Meta-
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adapter emerges attributes akin to visual prompts that can be discarded during
training. This important phenomenon will be one of our future investigations.
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