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Abstract

Domain adaptive object detection (DAOD) aims to general-
ize an object detector trained on labeled source-domain data
to a target domain without annotations, the core principle of
which is source-target feature alignment. Typically, existing
approaches employ adversarial learning to align the distribu-
tions of the source and target domains as a whole, barely
considering the varying significance of distinct regions, say
instances under different circumstances and foreground vs
background areas, during feature alignment. To overcome the
shortcoming, we investigate a differential feature alignment
strategy. Specifically, a prediction-discrepancy feedback in-
stance alignment module (dubbed PDFA) is designed to adap-
tively assign higher weights to instances of higher teacher-
student detection discrepancy, effectively handling heavier
domain-specific information. Additionally, an uncertainty-
based foreground-oriented image alignment module (UFOA)
is proposed to explicitly guide the model to focus more on
regions of interest. Extensive experiments on widely-used
DAOD datasets together with ablation studies are conducted
to demonstrate the efficacy of our proposed method and re-
veal its superiority over other SOTA alternatives.

Code — https://github.com/EstrellaXyu/Differential-
Alignment-for-DAOD

Introduction

As one of the fundamental tasks in computer vision, ob-
ject detection plays a vital role in a wide spectrum of ap-
plications, such as autonomous driving (Li, Chen, and Shen
2019), video surveillance (Nascimento and Marques 2006),
and person re-identification (Ye et al. 2021), to name a
few. With the significant development of deep learning and
the availability of large-scale annotated datasets, it has ex-
perienced remarkable performance improvements in recent
years (Girshick 2015; Ren et al. 2017; Redmon et al. 2016;
Carion et al. 2020; Zhao et al. 2024). Despite such advance-
ments, the detection environment is not always as expected
in practice, leading to performance discrepancies between
the training and testing domains, a.k.a. the domain shift is-
sue (Chen et al. 2018; Wang et al. 2021). This shift, driven by
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Figure 1: Different from previous methods adopting equal
attention feature alignment (upper part), our design manip-
ulates features from the backbone and ROI head with dif-
ferential attention (lower part). Different colors represent
different alignment weights/attentions.

variations in illumination, weather, background, and other
factors, frequently degrades the performance of detection.
To mitigate this issue, a straightforward way is to acquire
and annotate ample and diverse real-world data for training.
Nevertheless, even if this manner were possible, it would be
extremely laborious and time-consuming.

As a more appealing option, domain adaptive object de-



tection (DAOD) (Li et al. 2022b; Cai et al. 2019; Chen et al.
2022; Wang et al. 2021; Huang et al. 2022; Zhao et al. 2023;
Chen et al. 2018) has emerged to solve the challenge by fol-
lowing the principle of source-target feature alignment. The
goal is to generalize the model trained on labeled source-
domain data to the unlabeled target domain, thus alleviating
the reliance on target-domain annotations. In recent years,
several methods (Chen et al. 2018; Li et al. 2022b; Wang
et al. 2021; Huang et al. 2022; Zhao et al. 2023) have been
proposed in the literature, which employ adversarial learn-
ing to align the distributions of the source and target do-
mains as a whole. Despite having made advancements, they
hardly account for the varying importance of different re-
gions in feature alignment. For example, foreground objects
like cars and persons should be prior to background elements
such as roads and sky; and instances in different haze den-
sities should be treated unequally during alignment. Thus, it
is desired to design a differential alignment mechanism that
can effectively adjust attention to regions of different impor-
tance, instead of treating all the regions uniformly.

To achieve the goal, we delve into the differential align-
ment strategy via investigating cues to prioritize the treat-
ment of critical features during the adaptation. This study
presents two modules to respectively cope with (1) instances
under different circumstances, and (2) foreground vs back-
ground areas. More concretely, a Prediction-Discrepancy
Feedback instance-level Alignment module (PDFA), is pro-
posed to dynamically adjust the model’s attention on dif-
ferent instances. It can automatically assess the amount
of domain-specific information contained in a given in-
stance, which in turn determines the level of alignment ef-
fort required for that instance. In addition, an Uncertainty-
based Foreground-Oriented image-level Alignment module
(UFOA) is customized to explicitly guide the model to
concentrate more on foreground regions than background
ones. In other words, UFOA can sense regions of higher
interest/importance and concern more on such regions than
the others to overcome the deficiency of traditional feature
alignment, i.e., identical attention on foreground and back-
ground features. Please see Fig. 1 for illustration. Through
these two designs, our method can address the varying im-
portance of different regions in feature alignment with sig-
nificant performance gains over other SOTA alternatives.

Our primary contributions can be summarized as follows:

* We propose an instance-level alignment module (PDFA)
to dynamically adjust the focus of model based on the
prediction-discrepancy feedback, which enables differ-
ential alignment of different instances according to their
richness in domain-specific information.

We develop an image-level alignment module (UFOA)
to adaptively prioritize foreground-object areas, which
mitigates the limitation of traditional equal feature align-
ment by balancing foreground and background through
an uncertainty factor.

Extensive experiments are conducted to verify the effi-
cacy of our design, and show that our proposed method
remarkably outperforms existing approaches by more
than 4% in APsq on three DAOD benchmarks.
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Related Work

In recent years, various DAOD schemes have been de-
vised to alleviate the performance degradation when apply-
ing models trained on a source domain to data from another
domain with different distributions. Existing methods can
be roughly grouped into three classes, i.e., domain transla-
tion, self-training, and domain alignment approaches. Do-
main translation methods realize the adaption purpose by
transforming the source-domain data to resemble the tar-
get domain, typically adopting generative models. Although
valid in aligning distributions to some extent, these schemes
are fundamentally constrained by information loss, and sub-
stantial computational requirement, limiting their applicabil-
ity and performance in comparison with approaches in the
other two categories. Given the focus of this work, we will
primarily review representative methods in self-training and
domain alignment families.

Self-Training with Pseudo Labels. Methods in this
group, typically built upon teacher-student architectures,
utilize pseudo labels for unlabeled data, whose effective-
ness has been witnessed by several works. To be specific,
AT (Li et al. 2022b) arms the self-training paradigm with
weak-strong data augmentation, yielding noticeable increase
in accuracy. While PT (Chen et al. 2022) further lever-
age the uncertainty of pseudo-labels to promote adapta-
tion during training. Alternatively, new advances in gen-
eral object detection have also promoted the development of
DAOD. As a consequence, MTTrans (Yu et al. 2022) con-
structs an end-to-end cross-domain detection Transformer
based on the teacher-student framework. From the per-
spective of capturing context relations within target-domain
images, MIC (Hoyer et al. 2023) and MRT (Zhao et al.
2023) introduce the masked image consistency into the self-
training framework to generate high-quality pseudo-labels.
Besides, HT (Deng et al. 2023) enhances the quality of
pseudo labels via regularizing the consistency of classifica-
tion and localization scores. ALDI (Kay et al. 2024) intro-
duces a unified benchmarking and implementation frame-
work built upon the teacher-student framework. Although
significant progress has been made, the aforementioned
methods overlook meaningful information conveyed by dif-
ferent degrees of discrepancy between predictions. That is
to say, greater discrepancy of prediction shall reflect heav-
ier domain-specific information existed in corresponding re-
gions. Our approach harnesses this potential by designing a
prediction-discrepancy feedback mechanism.

Domain Alignment via Adversarial Learning. Domain
alignment approaches advocate the use of adversarial learn-
ing to align distributions across domains. As two classic
works, DA-Faster (Chen et al. 2018) and SADA (Chen et al.
2021) propose image-level and instance-level alignment
modules to alleviate the domain discrepancy. In addition to
strong data augmentation, AT (Li et al. 2022b) also lever-
ages image-level domain adaptive learning. MGA (Zhang
et al. 2024) introduces a unified multi-granularity alignment-
based detection framework to learn domain-invariant rep-
resentations and explore the relationship between features
of different granularities in alignment. More recently, RE-
ACT (Li et al. 2024) adaptively compensates the extracted
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Figure 2: Overview of our method. Our approach is built upon the adaptive teacher-student framework. PDFA adjusts weights
to different instances with respect to the discrepancy between predictions of the teacher and the student, while UFOA consists
of a mask generator and an image-level discriminator. The mask generator produces a foreground-indicating mask to roughly
separate the features of the last stage of the FPN into foreground and background parts.

features with the remainder features for generating task-
relevant features. Among Def DETR-based (Zhu et al. 2020)
attempts, SFA (Wang et al. 2021), O?net (Gong et al. 2022)
and MRT (Zhao et al. 2023) adopt domain query-based fea-
ture alignment, which is specially designed for domain adap-
tation of detection transformers. O®net introduces object-
aware alignment to emphasize foreground regions contain-
ing objects. Similar but different, our proposed strategy
takes into account not only foreground but also background
information with varying weights, as the alignment of back-
ground information is also indispensable.

Motivated by the above, this work designs a differential
feature alignment strategy to adjust the treatment of features
in light of the varying importance of different regions.

Methodology
Schematic Overview

In the context of DAOD, suppose we have a set of Ng
images with category and object bounding-box labels, i.e.,
Ds = {(Xy,L1),...,(Xn.,Ly.)}, from the source do-
main, and another set of N; unlabeled images, say D; =
{Y1,...,Yn,}, from the target domain. The goal of DAOD
is to enhance the performance of detection on the target do-
main by leveraging labeled Dy and unlabeled D;. Due to
the rationality, the adaptive teacher-student paradigm (Chen
et al. 2018) with several successful follow-ups (Li et al.
2024; Zhao et al. 2023) has become popular in the field,
which mainly adopts the self-training framework in conjunc-
tion with adversarial learning. Our proposed method also
follows this technical route, as schematically illustrated in
Fig. 2. Before launching our contributions, the core compo-
nents of the paradigm shall be briefed for clarity.
Self-training framework. As can be seen from Fig. 2, the
teacher 7 and student networks S share the backbone and
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detector structures. The teacher processes each weakly aug-
mented target image to generate pseudo-labels, while the
student is optimized based on the supervision by the ground-
truth labels of source-domain data and the pseudo labels of
target-domain samples. The teacher is then updated by Ex-
ponential Moving Average (EMA) (Arpit et al. 2022) from
the student in the following manner:

@7’(—0&@7’4‘(1—0&)@3, (D)

where ©7 and O s denote the learnable parameters of 7 and
S, respectively. In addition, the hyper-parameter o € [0, 1]
designates the smoothing factor of EMA. In our experi-
ments, setting o to 0.9996 works sufficiently well.

Discriminators for adversarial alignment. In addition to
the teacher-student framework, domain discriminators are
utilized to facilitate the alignment of feature distributions
between the source and target domains. Specifically, the do-
main discriminators are strategically positioned after certain
components to distinguish whether the feature is from the
source domain or the target, which executes an adversar-
ial learning process. In our implementation, we adopt Faster
R-CNN as the detector, and set up two discriminators for
the backbone and ROI head to assist with image-level and
instance-level alignment, respectively.

Although previous approaches have incorporated the
aforementioned strategies, they usually overlook that dif-
ferent regions within an image contain varying amounts of
domain-specific information. The failure to consider this
aspect results in suboptimal alignment, particularly when
domain-specific features differ across various spatial loca-
tions within an image. To address this limitation, this study
builds two key modules to flexibly alter the alignment atten-
tion at two different levels, including an adaptive prediction
discrepancy feedback instance-level alignment (PDFA), and
an uncertainty-based foreground-guided image-level align-



ment (UFOA), as depicted in Fig. 2. The subsequent sections
will detail these two designs.

Prediction-Discrepancy Feedback Alignment

Since the instance features generated by the ROI head of
Faster R-CNN detector are the most proximal image fea-
tures to final detection results, aligning these features seems
to be direct and rational. Again, we emphasize that different
instance regions may contain varying amounts of domain-
specific information. Figure 3 offers two examples, from
which we can see that the fog density surrounding differ-
ent cars in the images considerably differs. It is reason-
able to deem that different instances should receive varying
strengths of alignment. To this end, a prediction-discrepancy
feedback module is introduced to automatically identify how
rich domain-specific information appears in a certain in-
stance region, and determine how much alignment attention
to pay on this instance accordingly.

Prediction-discrepancy feedback. To automatically recog-
nize instances with rich domain-specific information, we at-
tempt to measure the prediction discrepancy between the
teacher and student models on the same instances. Let us
take a closer look at the right column of Fig. 3. The red
proposals stand for those of heavy prediction discrepancy
between the teacher and student models, while the blue ones
are of light discrepancy. As can be observed, those areas em-
bracing more inconsistently predicted proposals tend to be
of richer domain-specific information (denser fog in these
cases). In the sequel, we guide the instance-level alignment
by the measurement of instance-wise prediction discrep-
ancy, making the model concentrate more on the alignment
of regions with greater prediction discrepancies. Owing to
the simplicity, this work directly employs the classification
map as the prediction map. Given N instance candidates
and C classes in total, the prediction discrepancy matrix
Pgy € RV*C can be simply calculated as follows:

Py, = Square(P7 — Pg), 2)
where P € RVX¢ and Ps € RV*C represent the predic-
tion classification maps derived from the teacher and student
models, respectively.

Weighted instance-level alignment. Having Py, com-
puted, we come to the construction of instance-wise align-
ment attention. The initial weight wi,, € RV <! can be sim-
ply obtained by:

C
1
Wins = = D Pai(:,¢). 3)

By further applying the min-max normalization on wy,g, the
weight is restricted into the range of [0, 1] as follows:

Wins — min(wins)

~i s — : : 4
Win max(Wips) — Min(Wips) @

Moreover, the instance-wise adversarial loss is computed by:

fins =-do log(gl(Fins)) -do IOg(l - 91(Fins))v (5)
where © means Hadamard product. Moreover, d €
{0,1}¥*1 is the domain flag vector, and d is the comple-

ment version of d. ©(-) represents the instance discrimi-
nator whose input is the collection of N instance candidates
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Figure 3: The proposals with top 2% prediction discrepan-
cies are marked in red, while the rest are colored in blue.

Fi,, € RY*P Tts outputs the domain discriminating results
D1(Fins) € RVX1, Combining Egs. (4) and (5) yields final
weighted instance-level adversarial loss:

v

(6)

= ||Wins ®© fins“la

where || - ||1 represents the £; norm.

Uncertain-based Foreground-Oriented Alignment

As previously discussed, another functionality is required
to explicitly guide the model by prioritizing the alignment
of regions containing foreground objects. This part details
our foreground-oriented alignment scheme. It comprises a
mask generator for (approximately) indicating foreground
and background areas of an image, and splitting the feature
maps into two parts accordingly for subsequent discrimina-
tion and reweighting operations.

Mask generator. It is not difficult to divide images into
foreground and background areas, if with the help of ground-
truth annotations. However, for target-domain data, the
ground truths are absent. Alternatively, we resort to the
pseudo labels generated by the teacher model. Figure 4 ex-
hibits an example marked with the generated pseudo labels.
We can observe that, although these pseudo bounding boxes
may be inaccurate, their union can largely zone foreground
areas. Hence, we form the foreground mask M by utilizing
the union of detection boxes: for the labeled source domain,
ground-truth bounding boxes are used to construct the mask,
i.e. the elements within the regions enclosed by these bound-
ing boxes are set to 1 (and O otherwise), while for the unla-
beled target domain, detected bounding-boxes by the teacher
model (pseudo labels) are employed to accomplish the mask.
As a consequence, the image feature Fp, can be split sim-
ply via:

Tl —

img

F/% = MO Fin,

img

1\_/[ O] Fimga (7)
where the feature F_img refers to the P2 layer within the
FPN, which is the highest-resolution feature map in the FPN,

capturing fine-grained spatial details. Fifnfg and Ff’rgg corre-

spond to foreground and background feature parts, respec-

tively. In addition, M represents the complementary of M.
Uncertainty-based image-level alignment. It is worth not-

ing that, different from O?net (Gong et al. 2022), our UFOA
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Figure 4: Visualization of pseudo labels generated by the
teacher model. Despite misclassification, mislocalization
and false detection errors exist, the union of these inaccurate
bounding boxes can still largely indicate foreground areas.

module retains background regions along with regions of in-
terest, which are both fed into the discriminator. This op-
eration ensures that while foreground information remains
the primary focus during alignment, background informa-
tion is also considered, preventing it from being entirely dis-
carded. Subsequently, an uncertainty factor is introduced to
balance the relative importance of these two types of infor-
mation during image-level alignment. The respective adver-
sarial losses on the separated regions of interest and back-
ground regions are obtained through:

L£l9 = —dlog(Ds(F{,)) — dlog(1 — D5(F{2)). .
£, = —dlog(D2(F}2,)) — dlog(1 — Da(F}5,)).

Note that D (+) is the image-level discriminator, which takes
the feature Fyy as input and outputs the domain discrim-

inating result D4 (F 1mg) € [0,1] for the entire image-level
feature. Here, d € {0, 1} is a domain flag. Finally, the ad-
versarial loss at the image level is a weighted sum of the
above two terms as:

Eimg

adv

+ (1 =)Ly

= ’Y‘C adv* (9)
By tuning the hyper-parameter uncertainty factor -y, we can
modulate the relative emphasis on aligning these two com-
ponents at the image level, thereby facilitating differential
alignment. Notably, when setting v = 1 in Eq. (9), only
foreground regions are taken into account in the image-level
alignment, as the alignment pattern in (Gong et al. 2022).
By contrast, our alignment pattern is a balanced foreground-
background alignment, the superiority of which will be val-

idated in the ablation study.

adv

Overall Objective Function

Combining all the presented parts, the overall objective
function turns out to be:

ns
adv

+ Lima

adv

);

where & designates the feature extractor in the network. It
includes all learnable components except for the two dis-
criminators. In our experiments, we set A as 0.01 by default.
To be clear, the supervised detection loss L., is calculated

max min Lgyp + Lunsup+A( (10)

D,,0, &
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with respect to ground truth labels, while L5, receives
supervision from pseudo labels as:

‘CSUP - £CZS(CS’CS> + E’f‘eg(b87 bs);

Eunsup = ‘Ccls(cta ét) + ’Creg(btv i)t),

where ¢, ¢, and ¢ stand for the classification ground truth
of source domain, the classification result and pseudo-
classification label, respectively. The same principle applies
to the bounding-box symbols b, b, and b. Lois adopts the
cross-entropy loss for classification, and L4 is the ¢; loss
used for regression.

Y

Experimental Validation
Datasets

Following recent DAOD approaches (Deng et al. 2023; Zhao
et al. 2023; Li et al. 2024), we evaluate our method on three
widely-used benchmarks. Specifically, we perform adapta-
tion experiments on three common scenarios: (1) weather
adaptation with Cityscapes — Foggy Cityscapes, (2) syn-
thetic to real adaptation with Sim10k — Cityscapes, and (3)
small to large-scale dataset adaptation with Cityscapes —
BDD100K-daytime.

Cityscapes (Cordts et al. 2016) comprises 2,975 training
images and 500 validation images, covering various urban
environments and traffic conditions. For our experiments,
the semantic segmentation labels provided by Cityscapes
are converted into bounding box annotations, allowing the
dataset to be repurposed for object detection tasks.

Foggy Cityscapes (Sakaridis et al. 2018) is a synthetic
dataset rendered from Cityscapes with three levels of foggy
density (0.005, 0.01, 0.02). We use the highest density (0.02)
as the target domain for a fair comparison following existing
methods (Li et al. 2024; Zhang et al. 2024; Zhao et al. 2023).

Sim10k (Johnson-Roberson et al. 2016) contains 10,000
images rendered from GTA engine. In one of our adaptation
experiments, Sim10k is used as the source domain, while the
Cityscapes dataset, representing real-world scenes, serves as
the target domain. The experiment focuses specially on the
detection of ‘car’ category, aiming to evaluate the model’s
ability to adapt from synthetic to real-world scenarios.

BDD100k-daytime (Yu et al. 2020) is a subset of the
larger BDD100k dataset, specially designed for daytime sce-
narios. It contains 36,728 training images and 5,258 valida-
tion images, which provides a diverse environment that mir-
rors real-world daytime driving, making it crucial for evalu-
ating and improving detection models across domains.

Implementation Details

Network architecture. We use Faster R-CNN (Girshick
2015) as our base detector, with ResNet-50 (He et al. 2016)
pre-trained on ImageNet (Deng et al. 2009) and Feature
Pyramid Network (Lin et al. 2017) as the backbone. The
teacher model is updated only by EMA from the student
model, and we freeze the first two layers of the ResNet back-
bone network. Our implementation is based on the PyTorch
framework and the model is trained on 4 NVIDIA RTX3090
GPUs with 24 GB of memory each.



Method Detector person  rider car truck bus train  mcycle  bicycle  APYS!
FCOS (Tian et al. 2020) FCOS 29.6 26.3 37.1 7.9 14.1 6.3 12.9 28.1 20.3
EPM (Hsu et al. 2020) FCOS 41.9 38.7 56.7 22.6 41.5 26.8 24.6 35.5 36.0
SIGMA (Li et al. 2022a) FCOS 44.0 439 60.3 31.6 50.4 51.5 31.7 40.6 44.2
CSDA (Gao et al. 2023) FCOS 46.6 46.3 63.1 28.1 56.3 53.7 33.1 39.1 45.8
HT (Deng et al. 2023) FCOS 52.1 55.8 67.5 32.7 55.9 49.1 40.1 50.3 50.4
Def DETR (Zhu et al. 2020) Def DETR 37.7 390.1 44.2 17.2 26.8 5.8 21.6 35.5 28.5
SFA (Wang et al. 2021) Def DETR 46.5 48.6 62.6 25.1 46.2 29.4 28.3 44.0 41.3
O?net (Gong et al. 2022) Def DETR 48.7 51.5 63.6 31.1 47.6 47.8 38.0 459 46.8
MRT (Zhao et al. 2023) Def DETR  52.8 517 687 359  58.1 545 41.0 47.1 51.2
Faster R-CNN (Girshick 2015) FRCNN 26.9 38.2 35.6 18.3 324 9.6 25.8 28.6 26.9
DA-Faster (Chen et al. 2018) FRCNN 29.2 40.4 434 19.7 38.3 28.5 23.7 32.7 32.0
SADA (Chen et al. 2021) FRCNN 48.5 52.6 62.1 29.5 50.3 31.5 324 454 44.0
PT (Chen et al. 2022) FRCNN 40.2 48.8 63.4 30.7 51.8 30.6 354 44.5 42.7
AT™ (Li et al. 2022b) FRCNN 43.7 54.1 62.3 31.9 54.4 49.3 35.2 47.9 474
MIC (Hoyer et al. 2023) FRCNN 50.9 55.3 67.0 339 52.4 33.7 40.6 475 47.6
MGA (Zhang et al. 2024) FRCNN 47.0 54.6 64.8 28.5 52.1 41.5 40.9 49.5 474
REACT (Li et al. 2024) FRCNN 52.1 57.1 66.3 35.0 56.7 52.8 429 53.8 52.1
Ours FRCNN 59.8 62.8 73.7 40.3 59.4 56.1 47.8 58.3 57.3

Table 1: Results on adaptation from Cityscapes to Foggy Cityscapes (0.02). AT* denotes that the results of AT on Foggy (0.02)
are taken from (Zhao et al. 2023). The best results are in bold, while the second-best results are underlined.

Data augmentations. We employ common weak aug-
mentation techniques in DAOD, including RandomContrast,
RandomBrightness, RandomSaturation, RandomGrayscale,
and RandomBlur. For the source images, strong augmenta-
tion consists of the weak augmentations combined with the
RandomEFErasing (DeVries and Taylor 2017) method, while
for target domain images, it includes the weak augmentation
along with the MIC (Hoyer et al. 2023) method.

Optimization. We optimize the network using the SGD
optimizer with a momentum of 0.9. The initial learning rate
is set to 0.01 and decreases in the final iteration. We use
a batch size of 32, consisting of 16 labeled source images
and 16 unlabeled target ones, and train the network for 25k
iterations in total, including 10,000 iterations for burn-in and
15,000 iterations for teacher-student mutual learning.

Evaluation metric. We assess adaptation performance
by reporting mean Average Precision (mAP) with an IoU
threshold of 0.5, following standard protocols on the three
aforementioned benchmarks. The results for prior methods
are based on the values reported in their original papers. '

Comparisons with Other Methods

Adaptation from normal to foggy weather. The adapta-
tion results of Cityscapes to Foggy Cityscapes are shown
in Table 1. Ours achieves the best AP5q of 57.3% and sur-
passes the second best REACT (Li et al. 2024) with 52.1%
by a margin of 5.2%. Notably, our method demonstrates
a marked improvement in the first three categories: person
(+7.7%), rider (+5.7%), and car (+7.4%). The significant

'Due to discrepancies in experimental settings between
ALDI (Kay et al. 2024) and other DAOD works, such as the use
of COCO (Lin et al. 2014) pre-trained weights in ALDI, we did
not perform a direct comparison here.
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performance gain in the long-tail category ‘rider’ further un-
derscores the efficacy of our differential alignment strategy,
which enables the model to better align regions that have a
greater impact on detection results.

Adaptation from small to large-scale dataset. Table 2
presents the adaptation performance from Cityscapes to
BDD100K. Our method achieves 45.8% APj5q, outperform-
ing all baseline models by a considerable margin. Specif-
ically, it outperforms the best performing one-stage adap-
tive detector, HT, by 5.6% APs5(, and exceeds the two-stage
DAOD approach REACT (Li et al. 2024), by 10.0% APs.
Although our method does not surpass the current state-of-
the-art in the ‘bicycle’ category, it achieves the second-best
performance, demonstrating competitive effectiveness. De-
spite this, our method shows superior performance in most
categories, underscoring its robustness and generalizability.

Adaptation from synthetic to real images. We in-
vestigate the synthetic-to-real domain adaptation scenario,
specifically evaluating the adaptation from Siml10K to
Cityscapes, with results presented in Tab. 3. Our method
achieves 69.7% APsq, surpassing previous state-of-the-art
method by a margin of 4.2%. Sim-to-Real adaptation task
requires transferring the semantics of a synthetic scene from
the GTA engine to a real scene, and our performance im-
provement on this task also demonstrates robustness in the
face of synthetic scenarios.

Ablation Studies

Ablation on network components. We conduct ablation
studies to evaluate the significance of key network compo-
nents, as shown in Tab. 4. We replace PDFA and UFOA with
standard instance-level and image-level alignment modules,
which employ an equal alignment strategy. The replace-
ments lead to 2.1% and 1.1% decreases in AP5g, respec-



Method Detector person rider car truck bus mcycle bicycle APLY!
EPM (Hsu et al. 2020) FCOS 39.6 26.8 55.8 18.8 19.1 14.5 20.1 27.8
SIGMA (Li et al. 2022a) FCOS 46.9 29.6 64.1 20.2 23.6 17.9 26.3 32.7
HT (Deng et al. 2023) FCOS 53.4 404 63.5 27.4 30.6 28.2 38.0 40.2
Def DETR (Zhu et al. 2020) Def DETR 38.9 26.7 55.2 15.7 19.7 10.8 16.2 26.2
SFA (Wang et al. 2021) Def DETR 40.2 27.6 57.5 19.1 234 154 19.2 28.9
AQT (Huang et al. 2022) Def DETR 38.2 33.0 58.4 17.3 18.4 16.9 23.5 294
O?net (Gong et al. 2022) Def DETR 404 31.2 58.6 20.4 25.0 14.9 22.7 30.5
MTTrans (Yu et al. 2022) Def DETR 44.1 30.1 61.5 25.1 26.9 17.7 23.0 32.6
MRT (Zhao et al. 2023) Def DETR 484 30.9 63.7 24.7 25.5 20.2 22.6 33.7
Faster R-CNN (Girshick 2015) FRCNN 28.8 254 44.1 17.9 16.1 13.9 22.4 24.1
DA-Faster (Chen et al. 2018) FRCNN 28.9 27.4 44.2 19.1 18.0 14.2 22.4 24.9
ICR-CCR-SW (Xu et al. 2020) FRCNN 32.8 29.3 45.8 22.7 20.6 14.9 25.5 27.4
REACT (Li et al. 2024) FRCNN - - - - - - - 35.8
Ours FRCNN 61.4 45.4 75.4 33.0 36.2 29.5 36.7 45.8

Table 2: Results on adaptation from Cityscapes to BDD100k-daytime. The best results are in bold, while the second-best results

are underlined.

val

Method Detector carAP5;
FCOS (Tian et al. 2020) FCOS 39.8
EPM (Hsu et al. 2020) FCOS 49.0
SIGMA (Li et al. 2022a) FCOS 53.7
HT (Deng et al. 2023) FCOS 65.5

Def DETR (Zhu et al. 2020)
SFA (Wang et al. 2021)
O?net (Gong et al. 2022)
MTTrans (Yu et al. 2022)
MRT (Zhao et al. 2023)

Faster R-CNN (Ren et al. 2017)
DA-Faster (Chen et al. 2018)
MeGA-CDA (Vs et al. 2021)
D-adapt (Jiang et al. 2021)

PT (Chen et al. 2022) FRCNN 55.1
REACT (Li et al. 2024) FRCNN 58.6

Ours FRCNN 69.7

Def DETR 47.4
Def DETR 52.6
Def DETR 54.1
Def DETR 57.9
Def DETR 62.0

FRCNN 394
FRCNN 419
FRCNN 44.8
FRCNN 51.9

Table 3: Results on adaptation from Sim10k to Cityscapes
(category ‘car’).

tively, underscoring the effectiveness of our proposed differ-
ential alignment strategy. Additionally, we observe that MIC
strong augmentation significantly improve the model’s per-
ception of target domain distributions. Specifically, the base-
line consists of a teacher-student framework, image-level
and instance-level alignment modules, without the differen-
tial attention mechanisms introduced by PDFA and UFOA.

Ablation on uncertainty factor . The results of differ-
ent v in Eq. (9) is shown in Tab. 5, which highlights the
effectiveness of our foreground-oriented alignment module.
When the value of v is greater than 0.5, i.e. more attention is
given to the foreground regions, the model obtains a greater
performance improvement. But when the value of + is equal
to 1.0 (i.e. foreground alignment pattern in O%net), the per-
formance decreases due to the lack of alignment of the back-
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Baseline  Strong Aug  PDFA UFOA  APYY!
v 50.0
v v 53.9
v v v 56.2
v v v 55.2
v v v v 57.3

Table 4: Ablation of proposed modules on adaptation from
Cityscapes to Foggy Cityscapes.

¥y | 0 0.5 0.8 1.0
APZS | 55.1 55.9 57.3 55.6

Table 5: Effect of the hyper-paramter v in UFOA on adapta-
tion from Cityscapes to Foggy Cityscapes.

ground information, validating the necessity of our balanced
foreground-background alignment pattern.

Conclusion

In this paper, we tackled the issue of ineffective alignment in
domain adaptive object detection by introducing two innova-
tive modules: the adaptive Prediction-Discrepancy Feedback
instance Alignment (dubbed PDFA) and the Uncertainty-
based Foreground-Oriented image Alignment (UFOA). The
PDFA module prioritizes instances with higher teacher-
student prediction discrepancies, ensuring more accurate
alignment of critical domain-specific features. Furthermore,
the UFOA module guides the model’s attention toward fore-
ground regions, effectively mitigating the limitations of pre-
vious equal alignment strategies. Comprehensive evalua-
tions on widely used DAOD datasets, along with ablation
studies, have validated the effectiveness of our proposed
method and demonstrated its significant advantages over
other state-of-the-art approaches.
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