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Abstract

Domain adaptive object detection (DAOD) aims to gen-
eralize detectors trained on an annotated source domain
to an unlabelled target domain. Traditional works fo-
cus on aligning visual features between domains to ex-
tract domain-invariant knowledge, and recent VLM-based
DAOD methods leverage semantic information provided by
the textual encoder to supplement domain-specific features
for each domain. However, they overlook the role of seman-
tic information in guiding the learning of visual features
that are beneficial for adaptation. To solve the problem,
we propose semantic entropy to quantify the semantic in-
Sformation contained in visual features, and design SEman-
tic ENtropy guided Domain-aware Attention (SEEN-DA) to
adaptively refine visual features with the semantic infor-
mation of two domains. Semantic entropy reflects the im-
portance of features based on semantic information, which
can serve as attention to select discriminative visual fea-
tures and suppress semantically irrelevant redundant infor-
mation. Guided by semantic entropy, we introduce domain-
aware attention modules into the visual encoder in SEEN-
DA. It utilizes an inter-domain attention branch to extract
domain-invariant features and eliminate redundant infor-
mation, and an intra-domain attention branch to supple-
ment the domain-specific semantic information discrimina-
tive on each domain. Comprehensive experiments validate
the effectiveness of SEEN-DA, demonstrating significant im-
provements in cross-domain object detection performance.

1. Introduction

Object detection [8, 33,44, 45] have been proven to at-
tain encouraging performance assisted by high-quality im-
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ages with accurate annotations. However, due to the notice-
able discrepancy between domains, they suffer severe per-
formance degradation when dealing with unseen data in dis-
tinct scenes. To alleviate this problem, domain adaptive ob-
ject detection (DAOD) [3] aims to transfer a detector trained
on the labelled source domain to a unlabelled target domain.

Traditional DAOD works [3, 30, 47] focus on reducing
domain discrepancy by aligning visual features between do-
mains to extract domain-invariant knowledge. Additionally,
[24,32,49,58] decouple the unique features of each domain,
i.e.domain-specific features, to prevent its interference dur-
ing feature alignment. Although effective, they train the
detector with domain-shared and semantically agnostic cat-
egory labels (such as one-hot encoding), which ignores the
linguistic properties of categories and inter-domain differ-
ences and commonality, i.e.semantic information. Recently,
visual-language models (VLMs) [26,43,65] are proposed to
ground visual with textual modalities. Through the textual
encoder, they align visual features with the textual prompt,
which is constructed from natural language and contains
rich semantic information. Motivated by this, recent VLM-
based DAOD methods, such as DA-Pro [23], utilize the tex-
tual encoder as detection head and tune the textual prompt
to learn domain-invariant semantics while supplementing
domain-specific semantics for each domain. However, they
freeze the visual encoder and leverage semantic information
solely in the detection head, limiting the discriminability of
visual features.

Summarily, despite promising performance, existing
methods ignore the incorporation of semantic information
to guide the learning of visual features that are beneficial
for adaptation. They typically optimize the visual encoder
with semantically agnostic category labels and adversarial
loss, or directly freeze it, resulting in two limitations. First,
they fail to filter out redundant information from visual fea-
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Figure 1. Visualization of the detection results and attention map. (a) Source and Target domain image and bounding boxes. (b) Existing
methods ignore the incorporation of semantic information to guide the learning of visual features that are beneficial for adaptation. Infected
by the redundant information and lack of domain-specific semantic information, some objects that are correctly detected on the source
image are misclassified or missed on the target image. (c) We propose semantic entropy to evaluate the importance of visual features
based on domain and category semantic information. By integrating it as domain-aware attention in SEEN-DA, we eliminate redundant
information and enhance domain-specific features, thereby improving the detector’s discriminability for DAOD.

tures, which is semantically irrelevant and can lead to incor-
rect feature alignment. Redundant information includes at-
tributes unrelated to object identification, such as color, tex-
ture, etc. Although they do not contain domain and category
semantic information, they are often extracted by adversari-
ally trained visual encoder since they exist in both domains.
Therefore, such semantically irrelevant information may in-
terfere with the alignment of domain-invariant features. In
Fig. 1(b.1), existing methods detect the bicycle covered with
a white cloth on the source image (clear day). However,
since target images (foggy day) tend to be white overall,
they misclassify the white cloth as a rider in Fig. 1(b.2).
Second, existing methods discard domain-specific features
in the visual encoder, which contain rich domain semantic
information and are important for the discriminability on
the target domain. For example, they correctly detect the
bicycle and rider on the source image Fig. 1(b.1), but miss
them in Fig. 1(b.2) due to insufficient feature learning of
domain-specific properties of target domain, e.g.fog.

To solve these problems, we propose semantic entropy
which evaluates the importance of features based on do-
main and category semantic information, and accordingly
design SEmantic ENtropy guided Domain-aware Attention
(SEEN-DA) to eliminate redundant information and supple-
ment domain-specific features for DAOD. The semantic en-
tropy of visual features refers to the amount of semantic
information related to a certain domain. As the textual en-
coder of VLM provides rich domain and category semantic
information in textual embedding, the semantic entropy can
be expressed as the information entropy of the classifica-
tion probability between the visual and textual embedding.
Therefore, semantic entropy reflects the importance of vi-
sual features in adaptation. Low semantic entropy indicates

that visual features match the textual embedding of a cer-
tain category and are likely to be transferable foreground
objects. On the contrary, high semantic entropy means that
they are unpredictable and may be redundant or even harm-
ful for detection.

Applying semantic entropy as attention, we design the
SEEN-DA framework, introducing domain-aware attention
modules into the visual encoder to select visual features
with low semantic entropy and suppress regions with high
ones. Specifically, the domain-aware attention module uti-
lizes two parallel branches to learn inter- and intra-domain
attention with semantic entropy. The inter-domain atten-
tion branch is shared between domains and evaluates the se-
mantic entropy on domain-shared textual embedding, aim-
ing to learn domain-invariant features while eliminating re-
dundant information. The intra-domain attention branch is
private in each domain to evaluate the semantic entropy on
source/target textual embedding respectively, supplement-
ing domain-specific features for each domain. The SEEN-
DA is able to adaptively adjust visual features with the se-
mantic commonalities and disparities between domains. As
shown in Fig. 1(c), domain-aware attention map highlights
features with rich semantic information, i.e.foreground re-
gions, and hinders the negative impact of background re-
gions. Thereby, the proposed SEEN-DA correctly detects
objects misclassified by existing methods, improving the
discriminability of the detector on the target domain.

We evaluate the proposed method on four bench-
marks. The experimental results highlight the effective-
ness of our SEEN-DA, e.g., it reaches 57.5% mAP on
Cityscapes—Foggy Cityscapes, surpassing the state-of-the-
art DA-Pro [23] by 1.6%.
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2. Related Work

Visual-Languague Models Large-scale visual-language
models (VLMs) [25, 26,43] embed visual and text modal-
ities into a shared space, enabling cross-modal alignment.
Pre-trained with an astonishing scale of image-text pairs,
they demonstrate comprehensive visual understanding. As
a pioneering work, CLIP [43] trains a visual encoder and
a textual encoder with 400 million image-text pairs in a
contrastive manner, showing promising classification abil-
ity for the seen and unseen classes. Following this spirit,
[10,16,52,65] freeze the textual encoder and adapt the vi-
sual encoder into Faster-RCNN [45] as a two-stage detector.
In this work, we apply the textual encoder of CLIP [43] to
infer textual embedding that contains semantic information,
and the visual encoder of RegionCLIP [65] as the backbone.
Domain Adaptive Object Detection (DAOD) aims to
adapt the object detector [45] trained on the labelled source
domain to the unlabelled target domain. Previous ap-
proaches can be broadly divided into three categories: fea-
ture alignment, semi-supervised learning and VLM-based
domain alignment. As a fundamental direction, feature
alignment [12, 37, 39] aims to align the feature distribu-
tions of the two domains to generate domain-invariant fea-
tures [3,30,47]. Typically, the domain discriminator is pro-
posed to align feature distribution adversarially in image
level [3], instance level [47,63] and category level [29, 53].
To reduce the negative impact of aligning unique features
of each domain, [24,32,34,49,54,58] decouple the domain-
invariant and domain-specific knowledge between two do-
mains. In parallel, semi-supervised learning strives to gen-
erate unbiased training data with style transfer [6, 19, 35]
and pseudo label [2, 7,31, 50]. However, they train the
detector with semantically agnostic category labels (such
as one-hot encoding), ignoring the semantic information
inherently contained in the category name. To overcome
this, recent VLM-based domain alignment methods exploit
the semantic information provided by the textual encoder
of VLMs to learn semantic commonalities and disparities.
Pioneeringly, DA-Pro [23] tuning the textual encoder into
a domain-aware detection head, learning domain-invariant
semantics while supplementing domain-specific semantics
for each domain. Despite the promising performance, ex-
isting methods freeze the visual encoder and ignore using
semantic information to guide the learning of visual fea-
tures, which leads to two limiations. First, they fail to fil-
ter out redundant information from visual features, which
is semantically irrelevant and can lead to incorrect feature
alignment. Second, they discard domain-specific features
in the visual encoder, which contain rich domain semantic
information and are vital for DAOD.

Entropy Optimization Information entropy was first uti-
lized as entropy minimization in [15] for semi-supervised
learning to learn decision rules for unlabelled data. Con-

sidering its effectiveness, recent works introduce entropy
optimization into DAOD. [40,41,46,62] propose minimiz-
ing entropy on unlabelled data to make decisions consistent
in the source and target domains. [55] apply entropy as
metrics to measure the transferability of data samples. [38]
employs entropy as attention to control the uncertainty of
the classifier predictions, alleviating the effect of negative
transfer. Instead of directly minimizing entropy, [60] fur-
ther introduces diversity maximization to explore close-to-
ideal domain adaptation solutions. However, the compu-
tation of entropy in existing methods is inherently seman-
tically agnostic. Based on the output probabilities from a
classifier, they treat categories merely as identifiers and con-
vert the category labels into one-hot encoding. Therefore,
they ignore the rich semantic information embedded within
the category names, which is vital for DAOD. In this pa-
per, we propose a novel semantic entropy, evaluating the
transferability of visual features through the semantic com-
monalities and disparities between domains, improving the
discrimination of the visual encoder.

3. Methodology

In this section, we present a novel SEmantic EN-
tropy guided Domain-aware Attention (SEEN-DA) for
DAOD, which introduces domain-aware attention mod-
ule to eliminate redundant information and supplement
domain-specific features, guided by the proposed seman-
tic entropy. Semantic entropy quantifies the amount of
semantic information within visual features, providing a
measure of their importance in domain adaptation. Utiliz-
ing semantic entropy as attention, the domain-aware atten-
tion module adopts an inter-domain attention branch to ex-
tract domain-invariant features and eliminate semantically
irrelevant redundant information, and an intra-domain at-
tention branch to supplement the domain-specific semantic
information discriminative on each domain. As shown in
Fig. 2(a), given input image x, the visual encoder of SEEN-
DA is divided into N frozen visual block {V;}¥,, and each
domain-aware attention module {A4;}Y¥ | is attached to V;
as a lightweight learnable module:

hy = &(x);h; = A;(Vi(hi—1)), (D

where & is the stem layer.

3.1. Semantic Entropy (SEEN)

Generally speaking, given feature f, the probability that
this feature belongs to a specific object category is:
senf) - Ep(elD)
’ e exp(ve(f))’
where ¢, v.(-) represents an object category and its corre-
sponding classifier. p(-,f) is the probability distribution
function, expected to output 1 on the corresponding cate-
gory and 0 on other category, i.e.one-hot vector.
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Figure 2. (a) Overview of the proposed SEEN-DA for DAOD, where the semantic entropy is utilized as attention in domain-aware attention
module. (b) The architecture of domain-aware attention module, consisting of an inter-domain and an intra-domain attention branch.

Tradition DAOD approaches focus on reducing domain
discrepancy by aligning f between the source and target do-
main. Although effective, as shown in Eq. 2, they treat
categories merely as one-hot vectors, which is inherently
semantically agnostic. Therefore, they ignore the rich se-
mantic information inherently embedded within the cate-
gory names. As feature alignment relies heavily on a pro-
found understanding of the semantic disparities between the
source and target domains, this limitation hinders the learn-
ing of visual features for adaptation.

To address this, we propose semantic entropy, which
quantifies the semantic information embedded in visual
features by leveraging textual embeddings from Visual-
language models (VLMs). VLMs utilize a textual encoder
to encode textual prompts that describe category attributes
into textual embeddings, aligning them with visual features.
As a result, textual embeddings inherit rich semantic infor-
mation from natural language, making them effective rep-
resentations of the semantics of visual features. Motivated
by this, we first infer textual embedding T = {t.}X for K
categories by feeding prompts like “A photo of [Class] in
[Domain]” into a textual encoder, where each t. contains
semantic information of category c and its domain. Thus,
the probability distribution that f corresponds to certain se-
mantics can be estimated by the similarity between the vi-
sual feature f and textual embedding T:

exp(sim(tc, £)/7)

p(te,f) = p ) 3)

> exp(sim(te, f)/7)

where sim(-, -) is the cosine similarity, and 7 is a learnable

temperature parameter. Though p(t.,f) provides a mea-

sure of semantic relevance, it does not directly quantify the

amount of semantic information embedded in f. Therefore,

we draw inspiration from the concept of information en-

tropy, which is widely used to measure the uncertainty and

informativeness of a probability distribution. Formally, the

proposed semantic entropy is defined as the information en-

tropy of the probability distribution p(t., f) to evaluate the
semantic uncertainty of f:

SE(T,£) = = > plte, f) log(p(te, £)), )

In the framework of DAOD, we apply semantic en-
tropy as attention to select high discriminative visual fea-
tures. According to Eq. 4, features with low semantic en-
tropy exhibit clear and definite semantic information, ex-
pected to be foreground features suitable for transfer. Con-
versely, features with high semantic entropy indicate high
semantic uncertainty, suggesting they may contain semanti-
cally irrelevant redundant information, which should be de-
emphasized during adaptation. To achieve this, we regulate
Eq. 4 to propose semantic entropy-guided attention:

SEAttention(T, f) = Zp(tc, f) log(p(tc, f)) + log K,
’ 5)

where K is the number of categories. Based on semantic
entropy, Eq. 5 effectively adjusts the weight of visual fea-
tures, focusing on features with rich semantic information
while minimizing the influence of redundant information.

3.2. Domain-aware Attention Module

The domain-aware attention module is designed to adap-
tively refine visual features of each domain by utilizing
the semantic entropy. As shown in Fig. 2(b), the mod-
ule incorporates two complementary branches: an inter-
domain attention branch to learn domain-invariant features
and eliminate semantically irrelevant information, and an
intra-domain attention branch to supplement the domain-
specific features unique to each domain.

Inter-domain Attention The inter-domain attention is
designed to modify domain-invariant features of the frozen
visual encoder with semantic information. Specifically, for
the output visual features f; = V;(h;_1) of the i-th visual
block, we first forward it to a domain-shared convolution
module C to capture task-related knowledge:

f=C(f), (6)

where d € {s,t} denotes whether f; belongs to source do-
main s or target domain t.

Simultaneously, the visual feature f; is forwarded to the
SEEN module S to obtain attention map w guided by se-
mantic entropy. With the help of VLM, we can represent the



domain-invariant semantic information through domain-
shared prompts. Technically, we input textual prompts such
as “A photo of [Class|” to the textual encoder to retrieve
domain-invariant textual embedding T. As described in
Eq. 4, the similarity of visual features and textual embed-
dings is needed to calculate semantic entropy attention. To
facilitate this, a projection layer P is firstly introduced to
map f; from the visual feature space to the textual embed-
ding space:

f, = P(fa), (7

Then we calculate the semantic entropy-guided attention of
the visual feature f; over text embedding T:

w = S(T, f;) = SEAttention(T, f,), (8)

With the attention map w, we can focus on semantically
informative features and suppress redundant information
in domain-invariant features. Typically, w is applied to f
via an element-wise product, and the weighted feature is
summed with the original visual feature:

f'=w-f+1y, €))

Expecting to be domain-invariant, the extracted f’ is for-
warded to a domain discriminator D, which aligns the
source and target domain adversarially.

Intra-domain Attention With the inter-domain atten-
tion branch, the extracted domain-invariant features contain
sufficient semantic information shared between domains.
However, it ignores the semantic discrepancy between the
two domains, resulting in limited discriminability in the tar-
get domain. Therefore, we design the intra-domain atten-
tion branch to enrich visual features with domain-specific
semantic information. Similar to the inter-domain attention
branch, we first introduce a learnable layer C¢ to adapt vi-
sual features for to both domains:

fg = C(fa), (10)

Subsequently, we generate domain-aware textual embed-
ding that captures the semantics of each domains. Moti-
vated by DA-Pro [23], we tune learnable domain-adaptive
prompts, i.e.“[v°][v®][Class]” for the source domain and
“[v°][v*][Class]” for the target domain, to explicitly model
the domain and category semantic commonalities and dis-
parities. These prompts are forwarded to the textual en-
coder to derive domain-adaptive textual embedding Ty, T}
for each domain.

Due to the visual and semantic differences between the
source and target domain, a domain-shared SEEN module
is inadequate. To calculate the semantic entropy for each
domain, visual features must be independently mapped into

their respective textual spaces. Therefore, we apply sepa-
rate SEEN modules S* and S* with independent projection
layers P35, P and textual embedding T, T;:

Wy :SS(TS7f5)7 (11)

wi = STy, fr), (12)
where the w, and w denotes the source- and target-specific
attention maps.

The inter-domain attention branch extracts domain-
invariant features while eliminating redundant information,
whereas the intra-domain attention branch enriches visual
features with domain-specific semantics. Overall, the out-
put for the i-th domain-aware attention module A; can be
expressed as follows:

£ = A(L) = £ +w, - £, (13)

fi = Ai(f) = +wy - £, (14)
where f] and f{ are output features of .A; for the source and
target domain. Since wg and wy are involved in the com-
putation of £/ and f{, SEEN modules S* and S* will be op-
timized by the classification losses from the two domains
respectively, thereby learning domain-specific semantic in-
formation.

3.3. Optimization Objective

We introduce multiple domain-aware attention modules
into the frozen visual encoder as learnable attachments. To
this end, we expect them to capture visual features suit-
able for cross-domain adaptation and supplement domain-
specific semantic information. First, the domain discrimi-
nator D is applied to the inter-domain attention branch to
learn domain-invariant features. Formally, we minimize the
adversarial loss over the output of the inter-domain atten-
tion branch f’ for the source image xs and the target image
Tt.

N

‘Cadv = - Z[Exg

i=1

Dy(£)[[3 + Eo |ID:(f) - 1113, (15)

Second, the detection loss is calculated over both do-
mains to learn the semantic commonalities and disparities.
For the source domain, we minimize the cross-entropy L
between the logits and ground truth. For the target domain,
we use the prompt “A photo of [Class] in foggy day” to
generate high-confidence pseudo labels and minimize the
cross-entropy L. Overall, the optimization objective is:

L= Es + )\tﬁt + )\advcadv + £reg7 (16)

where L, is the regression loss, and A, Aagv are balance
ratios.



Table 1. Comparison (%) with existing methods on Cross-Weather adaptation Cityscapes—Foggy Cityscapes (C—F), Cross-Fov adapta-
tion KITTI—Cityscapes (K—C) and Sim-to-Real adaptation SIM10K—Cityscapes (S—C).

C—F K—+C S—C
Methods Venue Person Rider Car Truck Bus Train Motor Bicycle mAP mAP mAP
DA-Faster [3] CVPR 2018 29.2 404 434 197 383 285 23.7 32.7 320 419 38.2
VDD [59] ICCV 2021 33.4 440 517 339 520 347 34.2 36.8 40.0 - -
SCAN [28] AAAT2022 41.7 439 573 287 48.6 487 31.0 37.3 42.1 45.8 52.6
TIA [64] CVPR 2022 52.1 38.1 497 377 348 463 48.6 31.1 423 440 -
LRA [42] TNNLS 2024 45.6 47.1 597 312 524 446 28.1 39.5 435 494 55.7
SIGMA++ [30] TPAMI 2023 46.4 451 61.0 321 522 446 348 39.9 445 495 57.7
CIGAR [30] CVPR 2023 46.1 473 621 278 56.6 443 33.7 413 449 485 58.5
OADA [61] ECCV 2022 47.8 465 629 321 485 509 343 39.8 454 478 59.2
MTM [57] AAAI 2024 51.0 534 672 372 544 416 38.4 477 48.9 - 58.1
AT [31] CVPR 2022 56.3 519 642 385 455 551 54.3 35.0 50.9 - -
SOCCER [5] ACMMM 2024  51.7 577 68.6 382 516 475 41.6 51.7 51.1 - 63.8
DSD-DA [11] ICML 2024 49.0 59.6 653 357 610 465 439 57.3 523 493 52.5
CAT [22] CVPR 2024 44.6 57.1 63.7 40.8 66.0 49.7 449 53.0 52.5 - -
NSA-UDA [66] ICCV 2023 50.3 60.1 67.7 374 574 469 473 54.3 5277 556 56.3
REACT [24] TIP 2024 51.4 579 674 377 584 528 44.6 54.6 53.1 59.5 58.6
DA-Pro [23] NeurIPS 2023 554 629 709 403 634 540 423 58.0 559 614 62.9
RegionCLIP [65] CVPR 2022 49.6 550 632 341 556 483 36.0 47.0 48.6  59.1 58.9
SEEN-DA (Ours) - 58.5 645 717 42.0 612 548 47.1 59.9 575 671 66.8
Table 2. Comparison (%) with existing methods on Cross-Style adaptation task Pascal VOC—Clipart
R - . 0§ 2 2 w 2 & S & § = g
Methods 2 2 & & & 2 &8 8 86 8 & A 2 2 2 E & 3 & Z ma
UaDAN [17] 35.0 73.7 41.0 244 213 69.8 535 23 342 612 31.0 295 479 636 622 61.3 139 7.6 48.6 239 40.2
TFD [54] 279 64.8 284 295 25.7 642 477 135 475 509 508 21.3 339 60.2 656 425 15.1 40.5 455 48.6 41.2
FGRR [1] 30.8 52.1 35.1 324 422 62.8 426 214 428 58.6 335 20.8 37.2 814 66.2 503 21.5 293 582 47.0 433
UMT [6] 39.6 59.1 324 350 45.1 619 484 75 46.0 67.6 21.4 29.5 482 759 705 56.7 259 289 394 43.6 44.1
SIGMA [29] 40.1 554 374 31.1 549 543 46.6 23.0 447 656 23.0 220 428 556 67.2 552 329 40.8 450 58.6 445
ATMT [27] 37.5 634 379 29.8 45.1 62.7 412 19.5 43.7 574 229 253 39.6 87.1 709 50.6 29.1 322 584 50.5 45.2
CIGAR [30] 352 55.0 39.2 30.7 60.1 58.1 469 31.8 47.0 61.0 21.8 26.7 44.6 524 685 544 31.3 38.8 56.5 63.5 46.2
TIA [64] 422 66.0 369 373 437 71.8 49.7 182 449 589 182 29.1 40.7 87.8 674 49.7 274 27.8 57.1 50.6 463
SIGMA++ [30] 36.3 54.6 40.1 31.6 58.0 60.4 46.2 33.6 444 66.2 25.7 253 444 588 64.8 554 36.2 38.6 54.1 59.3 46.7
CMT [51] 39.8 563 387 39.7 604 350 56.0 7.1 60.1 604 35.8 28.1 67.8 84.5 80.1 55.5 20.3 32.8 423 382 47.0
RegionCLIP [65] 38.1 70.4 48.8 37.3 44.8 558 435 144 482 478 143 183 583 784 679 222 30.1 169 484 502 42.7
SEEN-DA(Ours) 44.1 73.4 54.7 47.1 45.1 76.0 51.6 204 51.7 53.0 185 17.3 61.8 86.8 72.2 22.8 37.7 21.1 58.9 52.7 479

4. Experiment

We evaluate our method on mainstream DAOD scenar-
ios, including the Cross-Weather, Cross-Fov, Sim-to-Real
and Cross-Style. Further ablation studies are conducted to
validate the effectiveness of the proposed domain-aware at-
tention module.

4.1. Datasets

Cross-Weather Cityscapes [4] contains diverse street
scenes in daylight, consisting of 2,975 training and 500
validation images annotated with eight classes. Foggy
Cityscapes [48] simulates three distinct densities of fog on
Cityscapes, containing 8,925 training images and 1,500 val-
idation images. A standard configuration for cross-weather
adaptation is to take the training set of Cityscapes as the
source domain and the training set of foggy Cityscapes as
the target domain, evaluating cross-weather adaptation per-

formance on the 1500-sized validation set in all eight cate-
gories.

Cross-FoV KITTI [14] is a crucial dataset for self-driving
that includes 7,481 photos annotated with cars. Collected
by driving in rural areas and on highways, it provides data
with a different Field of View (FoV). To fairly compare with
other methods, we migrate KITTI to Cityscapes solely on
the car category.

Sim-to-Real The synthetic dataset SIM10k [21] has 10,000
photos from the GTA V video game with bounding boxes
of the class car. We follow existing works to perform sim-
to-real adaptation and report the performance on class car.
Cross-Style Pascal VOC [9] dataset consists of 16551 im-
ages from the real world and has 20 categories. Clipart [20]
contains 1000 comical images and has the same 20 cate-
gories as Pascal VOC. Following the mainstream splitting,
we use Pascal VOC as the source domain and all Clipart
images as the target domain.



Table 3. Comparison (%) of standard attention with domain-aware
attention.

Table 5. Comparison (%) of computational efficiency on Cross-
Weather adaptation

Benchmark Self-Attention Cross-Attention Domain-aware Attention

Cross-Weather 54.8 55.5 57.5
Cross-FoV 61.9 63.5 67.1
Sim-to-Real 62.3 63.7 66.8
Cross-Style 43.1 45.2 47.9

Table 4. Ablation studies (%) of domain-aware attention on Cross-
Weather adaptation.

Inter-domain Attention L,4, Intra-domain Attention mAP Gains

526 -
v 549 +23
v v 558 +0.9
v v v 575 +1.7

4.2. Implementation Details

Following [23], we adapt RegionCLIP(ResNet-50 [18])
with the Faster-RCNN [45] as the detector. In each iter-
ation, one batch of source images with ground truth and
one batch of target domain images with pseudo labels are
forwarded to calculate the classification, adversarial and re-
gression loss. The hyperparameter \yq,, A¢ is set to 0.1 and
1.0. We set the batch size of each domain to 8 and use the
SGD optimizer with a warm-up learning rate. Mean Aver-
age Precision (mAP) with a threshold of 0.5 is taken as the
evaluation metric. All experiments are deployed on 8 Tesla
V100 GPUs.

4.3. Comparison to SOTA methods

We present representative state-of-the-art DAOD ap-
proaches for comparison, including feature alignment,
semi-supervised learning and VLM-based domain align-
ment methods.

Cross-Weather Adaptation Scenario As shown in Ta-
ble 1 (C—F), the proposed SEEN-DA outperforms all com-
pared methods in terms of mAP and advances SOTA by
1.6%, from 55.9% to 57.5%. Specifically, our method im-
proves performance over six categories (i.e. person, rider,
car, truck, train, and bicycle) ranging from 0.8% to 3.1%.
Cross-FOV Adaptation Scenario Table 1(K—C) reports
result for KITTI—Cityscapes. SEEN-DA achieves SOTA
performance of 67.1% mAP, gaining an improvement of
5.7%.

Sim-to-Real Adaptation Scenario Table 1 (S—C) shows
that the proposed method achieves the best results of 66.8%
mAP, outperforming the previous best entry SOCCER [5]
63.8% with 3.0%.

Cross-Style Adaptation Scenario Additionally, we assess
SEEN-DA on the more challenging Cross-Style adaptation,
where the semantic hierarchy has broader discrepancies. In
Table 2, SEEN-DA peaks with 47.9% mAP and improves
six categories (aeroplane, bird, boat, bus, sheep and train).

Method Backbone Parm(M) Learnable Parm(M) mAP Abs. Gains
DSS [56] 26.834 26.834 409 +4.2
CSDA [13] 33.645 33.645 453 469
REACT [24] 29.812 29.812 488 479
AT [31] 39.225 18.723 509  +7.9
DA-Pro [23] 34.834 0.008 559 +33
SEEN-DA (Ours) 36.701 1.875 575 +49

4.4. Ablation Studies

We report detailed ablation studies (Table 3, 4, 5, Fig-
ure 4, 5) to validate the effectiveness of proposed SEEN.
Standard Attention vs. Domain-aware Attention We
compare the performance of domain-aware attention with
existing attention methods, including self-attention and
cross-attention, as shown in Table 3. With the guidance of
textual information, the cross-attention improves the self-
attention by 0.7% ~ 2.1%. Furthermore, the proposed
domain-aware attention gains improvements of 2.0% ~
33.6% over cross-attention, showing a superior ability to
select features with high transferability.

Ablation for Domain-aware Attention Module We con-
duct ablation experiments to further analyze the signifi-
cance of proposed domain-aware attention module in Ta-
ble 4. Introducing the inter-domain attention branch attains
an mAP of 54.9%, and optimizing with adversarial loss
Lodv gains 0.9%. Meanwhile, applying the intra-domain at-
tention branch improves 1.7% on the target domain. These
results showing the effectiveness of the domain-aware at-
tention module to eliminate redundant information and sup-
plement domain-specific semantic information.
Computational Efficiency We discussed the computational
efficiency of the proposed SEEN-DA in Table 5. Our
method yields the same parameters scale as existing meth-
ods and achieves the highest mAP. In addition, SEEN-DA
only needs to train very few parameters (1.875M), showing
remarkable efficiency.

Numbers of the Attention Module We explore the im-
pact of numbers of domain-aware attention modules in Fig-
ure 4. Starting from the last visual block, gradually in-
troducing domain-aware attention modules to each visual
block improves performance and peaks when using 3 mod-
ules. Considering efficiency, we apply 3 domain-aware at-
tention modules into the visual encoder.

Projection layer in SEEN module We explore the pro-
jection layer in the SEEN module in Figure 5. Projecting
textual embedding into visual space, denoted as T2V, only
achieves 55.1%. Projecting textual and visual embedding
into a latent space, denoted as T&V, improves performance
by 2.1%. And projecting visual embedding into textual
space achieves the best mAP of 57.5%. We analyze the rea-
son for these results as follows. Visual embedding contains
more sample noise and redundant information than textual
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Figure 3. Detection comparison on the Cross-Weather adaptation scenario. We visualize (a) the ground truth, the detection boxes of (b)

SOTA DA-Pro [23] and (c) our methods SEEN-DA.

Figure 4. Ablation (%) on the number of attention modules on
Cross-Weather adaptation.

embedding. And learning to project visual embedding to
textual space can reduce the interference of these factors.
Therefore, we adopt the V2T projection in SEEN module.

4.5. Visualization

The detection results of ground truth (a), DA-Pro [23]
(b) and the proposed SEEN-DA (c) on the target domain of
Cross-Weather adaptation are displayed in Figure 3. The
figure shows that SEEN-DA outperforms the SOTA method
in terms of the ability to detect objects. Specifically, SEEN-
DA detects the objects missed (e.g.the rider on the right of
figures in 1st row and the person on the left of figures in
2nd row) and misclassified (e.g.the bicycle on the middle of
figures in 1st row and the person on the left of figures in 2nd
row), revealing the effectiveness of domain-aware attention.
By utilizing semantic entropy to reduce redundant informa-
tion and supplement domain-specific semantic information,
the SEEN-DA improves the discriminability of the detector
on the target domain.

5. Conclusion

In this paper, we propose a novel SEmantic ENtropy
guided Domain-aware Attention (SEEN-DA) for DAOD.

Figure 5. Ablation (%) on projection layer of the domain-aware
attention module on Cross-Weather adaptation.

We design the semantic entropy to quantify the semantic
information contained in visual features. Guided by se-
mantic entropy, the domain-aware attention module is intro-
duced to adaptively refine visual features with the semantic
commonalities and disparities between domains. Precisely,
it consists of an inter-domain attention branch for extract-
ing domain-invariant features and eliminating redundant in-
formation between domains, and an intra-domain attention
branch for supplementing the domain-specific semantic in-
formation for each domain. Extensive experiments over
multiple benchmarks validate the effectiveness of SEEN-
DA in inferring a discriminative detector.
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