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Abstract. Domain adaptive object detection (DAOD) is essential for
deploying reliable detectors in real-world environments with inevitable
domain shifts. While recent approaches rely on image-to-image transla-
tion, they often suffer from instability inherent in pixel-level domain
transformation. To address these limitations, we propose DA-F2F, a
novel framework that directly aligns domains within the feature space.
DA-F2F introduces a style-aware feature modulation (SFM) module that
extracts style statistics from the target domain to dynamically modulate
source representations. Furthermore, to improve adversarial learning, we
propose a soft-weighted proposal alignment (SPA) module that stably
separates foreground and background regions in the target domain. Ex-
tensive experiments demonstrate that DA-F2F significantly outperforms
existing state-of-the-art methods across diverse adaptation scenarios,
achieving 60.5% mAP on clear-to-adverse weather (Foggy Cityscapes),
46.9% mAP on small-to-large-scale datasets (BDD100K), and 69.9%
mAP on synthetic-to-real adaptation (SIM10K). Code is available at
https://github.com/ohhotaek/DA-F2F.
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Modulation - Region-Separable Adversarial Learning

1 Introduction

Object detection is a fundamental task in computer vision, essential for develop-
ing diverse downstream applications such as autonomous driving, surveillance,
and robotics [12,29,35,36]. While modern supervised detectors achieve remark-
able performance when trained on large-scale annotated datasets, these mod-
els often suffer from severe performance degradation when deployed in out-of-
distribution environments. Such domain shifts, arising from variations in lighting,
weather, or camera configurations, significantly hinder the real-world scalabil-
ity of object detectors. Since obtaining high-quality labels for every new target
domain is labor-intensive and often impractical, developing a robust framework
that can effectively adapt to unseen domains remains a pivotal challenge.

To address these limitations, domain adaptive object detection (DAOD) has
emerged as a promising solution, aiming to generalize models trained on a la-
beled source domain to an unlabeled target domain. Recently, the mean teacher
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Fig. 1: Conceptual comparison between conventional image-to-image (12I) translation
and the proposed feature-to-feature (F2F) translation. (a) I2I translation methods syn-
thesize target-like images from the source domain to utilize them as auxiliary supervised
data for the student detector. (b) The proposed DA-F2F achieves feature-to-feature
modulation, which directly transforms source domain representations into the target
domain within the latent feature space.

paradigm [38] has achieved compelling success in DAOD tasks [1,4,10,38,40,48].
This framework optimizes the student detector on the target domain by jointly
minimizing a standard supervised loss on the labeled source domain and a con-
sistency loss between the student’s predictions and the pseudo-labels generated
by the teacher. Subsequently, the teacher is updated through an exponential
moving average (EMA) [28,31] of the student parameters to ensure high-quality
and stable predictions. However, the teacher in this framework often generates
unstable pseudo-labels, especially under severe visual discrepancies between the
source and target domains. This occurs because the EMA-updated teacher in-
herently relies on the student’s parameters, which are inevitably biased towards
the source domain due to the supervised loss. Consequently, these noisy pseudo-
labels affect the training process, hindering steady performance optimization.

Alternatively, several straightforward methods [9, 32,40, 50] employ image-
to-image translation to synthesize a target-like domain from source images, as
shown in Fig. 1(a). Since these target-like images originate from the source do-
main, they retain their corresponding ground-truth labels and can be directly
utilized as auxiliary supervised training data for the student model. However,
these approaches typically rely on off-the-shelf style transfer networks [33,51],
introducing significant computational overhead. Furthermore, if the quality of
the synthesized image is unstable or exhibits pixel-level artifacts, the overall de-
tection performance can be severely degraded [50]|. Therefore, a more stable and
efficient domain transformation approach is needed to avoid the inherent risks
of direct pixel reconstruction while achieving computational efficiency.

In this study, we propose a novel domain adaptive object detection frame-
work, DA-F2F, faithfully designed to address the instability of pixel-level domain
transformation, as illustrated in Fig. 1(b). Rather than relying on explicit image
translation, the proposed DA-F2F achieves domain alignment through a feature-
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to-feature modulation approach using a style-aware feature modulation (SFM)
module. The proposed SFM extracts style statistics from target features to dy-
namically generate style modulation parameters, which are subsequently applied
to the source features to effectively align their representations with the target
style distribution.

Another prominent DAOD approach is adversarial learning [5, 6, 16,42, 47],
which employs a domain discriminator on the image features and induces the
network to deceive this discriminator, thereby alleviating feature discrepancy
between domains. Some recent methods [6,16,42,47] advance this paradigm by
distinguishing the foreground and background regions within the image features
to achieve more precise alignment. We also adopt this distinguishing strategy,
while addressing the unstable separation of foreground and background in the
target domain using a soft-weighted proposal alignment (SPA). Extensive ex-
periments demonstrate that the proposed DA-F2F outperforms the other state-
of-the arts in multiple adaptation scenarios, including the weather adaptation
(Cityscapes [7] — Foggy Cityscapes [37]), the small-to-large scale dataset adap-
tation (Cityscapes [7] — BDD100K [44]), and the synthetic-to-real adaptation
(Sim10k [20] — Cityscapes [37]). To summarize, the main contributions of our
work are threefold:

— We develop the style-aware feature modulation that effectively implements
feature to feature modulation to transform source domain representations
into the target domain within the feature space.

— We also introduce the soft-weighted proposal alignment that advances ad-
versarial learning by stably separating foreground and background regions
in the target domain.

— Extensive experiments across various domain shift scenarios demonstrate
that the proposed framework achieves outstanding performance in DAOD.

2 Related Work

2.1 Mean Teacher Self-Training Methods

Domain adaptive object detection (DAOD) aims to mitigate the performance
degradation of object detectors across domains with different data distribu-
tions. Recently, mean teacher self-training has achieved compelling success in
DAOD tasks [1,4,10,38,40,48]|. Specifically, AT [28] uses a self-training paradigm
with weak-strong data augmentation, yielding a noticeable increase in accuracy.
HT [10] improves pseudo-label quality by regularizing the consistency between
classification and localization, and PT [4] performs reliability-based selection
by quantifying pseudo-label uncertainty. CMT [1] strengthens representation ro-
bustness through object-level contrastive learning, and MRT [48] refines feature
representations by integrating masked reconstruction with selective retraining.

Mean Teacher Methods with Image-to-Image Translation. To address
the considerable model bias inherent in mean teacher self-training methods, sev-
eral approaches [9, 32,40, 50] employ image-to-image translation to synthesize
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a target-like domain from source images. UMT [9] utilizes image translation by
cross-domain distillation for the teacher model and pixel-level adaptation for the
student model. DDT [40] creates source-style and target-style images from the
target and source samples using the CycleGAN [51], and initializes the teacher-
student framework with labeled source and target-style images. However, these
approaches typically rely on off-the-shelf style transfer networks [33,51], intro-
ducing significant computational overhead and performance degradation caused
by unstable pixel-level artifacts. In contrast, we utilize a more efficient and stable
domain transformation approach based on feature-to-feature modulation.

2.2 DAOD with Adversarial Learning

Another representative domain alignment strategy in DAOD is adversarial learn-
ing. As a pioneering work, DA-Faster [5] learns domain-invariant representations
by inverting the gradient direction during backpropagation to confuse the do-
main discriminator at both image and instance levels. Subsequently, OADA [43]
mitigates domain discrepancies at the localization level by leveraging bounding
box regression offsets. Furthermore, methods such as SIGMA [26], CIGAR [30],
and CAT [21] introduce relation-based approaches with adversarial learning to
alleviate class-conditional distribution shifts.

Adversarial Learning with Transformer. Several methods bring adversar-
ial learning into the transformer-based detector. O2Net [13], AQT [18], and
SFA [41] adopt adversarial learning at the object, query, and sequence levels,
respectively. BIADT [15] explicitly disentangles domain-invariant and domain-
specific tokens using adversarial learning. DA-DETR [46] executes alignment by
integrating CNN and Transformer representations, while DATR. [3]| further in-
troduces class-wise prototype alignment and dataset-level adaptation within a
DETR-based framework to enhance instance-level cross-domain feature consis-
tency. Recently, the research paradigm has expanded to leverage vision-language
models (VLM). For instance, DA-Pro [22] applies domain-aware prompt tun-
ing based on a frozen VLM to learn a domain-adaptive detection head. SEEN-
DA [25] isolates domain-specific semantic representations through a semantic
entropy-based attention mechanism. Furthermore, DA-Ada [23] inserts domain-
aware adapters into a frozen VLM backbone to jointly learn domain-invariant
and domain-specific knowledge.

Region Separable Adversarial Learning. To overcome the limitations of
global alignment, recent methods [6,16,42,47] advance the adversarial learning
paradigm by explicitly distinguishing the foreground and background regions.
HMT [42] extends this separable adversarial learning within the Transformer-
based DETR architecture by complementing the pseudo-labeling strategy and
matching mechanisms. Similarly, DADAOD [16] and REACT [24] propose se-
lective alignment strategies to refine the adaptation process. We also adopt a
region-separated distinguishing strategy, while addressing the unstable separa-
tion of foreground and background in the target domain using a soft-weighted
proposal alignment.
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Fig. 2: Overview of proposed DA-F2F framework. DA-F2F adopts a teacher-student
architecture with an EMA-updated teacher. The style-aware feature modulation (SFM)
module transforms source features into target-aligned representations by utilizing the
style statistics extracted from target features. The soft-weighted proposal alignment
(SPA) module facilitates region-separated adversarial learning for both source and
target domains, specifically employing a soft-weighted region separation strategy to
robustly distinguish foreground and background regions within the target features.

3 Method

3.1 Preliminarie

In the DAOD framework, we are given Ny labeled source domain samples S%¢ =
N

{(X3,y%)}Y:, and N; unlabeled target domain samples St = {X¢} Nt where
X denotes an image and y = (b, 0) represents the annotation labels including
the bounding box coordinates b and the object class 0. The primary goal of
DAOD is to train a domain invariant detector by leveraging both S'¢ and S*¥*.

As shown in Fig. 2, the proposed DA-F2F adopts the teacher-student self
training paradigm. In this paradigm, the teacher and student share the backbone
and detector network structure. The teacher processes each weakly augmented
target image X' to generate pseudo-labels y*, while the student is optimized
based on the supervision provided by the ground-truth labels of the source do-
main S¢ and the pseudo-labels of the target domain samples. Then, the teacher
network is updated via an exponential moving average (EMA) [28,31] of the stu-

dent parameters:
Oten < liea + (1 - a)astuv (1)
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where 6ic, and 6y, denote the parameters of the teacher and student, respec-
tively. @ € [0,1) is the momentum hyperparameter of the EMA, which is set to
0.9996. Through this iterative process, the student progressively distills domain-
invariant features, eventually emerging as a robust detector capable of general-
izing effectively across both source and target domains.

3.2 Framework Overview

Fig. 2 illustrates the overall framework of DA-F2F. During the training process,
the student model in DA-F2F processes pairs of a source image X® and a target
image X*. DA-F2F then employs backbone networks F to extract source features
Fs € REXWXC and target features F* € RTXWXC where (H, W) denotes the
spatial size of the feature map and C represents the channel dimension. Note
that we describe the process using a single scale of backbone features for clarity,
although the framework operates across multiple scales in practice.

To integrate the target representation into the source features, the style-aware
feature modulation (Section 3.3) transforms the source features F* into target-
aligned features Fs7t € REXWXC ysing the style statistics of the target features
Ft. This feature-to-feature modulation transfers domain-specific attributes di-
rectly within the feature space, which alleviates the mode collapse and compu-
tational overhead typically associated with high-dimensional image spaces. The
soft-weighted proposal alignment (Section 3.4) employs region-separated adver-
sarial learning for both source and target features by distinguishing between
foreground and background regions within each feature map. While partitioning
these regions in source features is straightforward due to the available ground
truth annotations, isolating each region within the target features introduces
instability due to its dependency on noisy pseudo-labels generated by a teacher
model. Therefore, the proposed soft-weighted proposal alignment adopts a soft
weighted region separation strategy for the target features.

Finally, the student estimates predictions y* for the source domain sample
and y* for the target domain sample from the target-aligned source features Fs—*
and the target features F*, respectively. Concurrently, the teacher estimates the
pseudo-labels y* from the target image X'. Given the final predictions y*,3*
and labels y®*, ¥*, the student and teacher are iteratively optimized based on the
teacher-student training paradigm. Through these proposed feature alignment
strategies, DA-F2F achieves highly aligned representations for robust DAOD.

3.3 Style-Aware Feature Modulation

Given pairs of source features F* and target features Ft, the style aware feature
modulation (SFM) directly transfers domain specific attributes from the target
features F* to the source features F®, consequently generating the target aligned
source features F*7*. Fig. 3(a) illustrates the detailed process of the SFM, which
consists of a style statistic block and a modulation block.
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Fig. 3: (a) SFM extracts channel-wise style statistics from target features and maps
them into affine parameters v and 8 via an MLP. Given « and 3, SFM modulates
source features into target-aligned source features F*~". (b) SPA performs region-aware
adversarial learning on source and target features, employing a label-guided alignment
for the source features and a soft-weighted alignment for the unlabeled target features.

Style Statistic Block. In deep feature representations, it is well-established
that channel-wise statistics effectively encapsulate domain-specific style char-
acteristics, such as illumination, weather conditions, and textures [19, 27, 34].
Motivated by this, the style statistic block derives the affine transformation pa-
rameters required to modulate the source features based on the style statistics
of the target domain. Specifically, the block first computes the style statistics,
specifically the channel wise mean pu € R¢ and standard deviation o € R® from
the target features F*, followed by the calculation of their c-th elements p, and
o

1 H W 1 H W
_ t . ¢ o
He = HW }; wz::l Fh,w,c , O¢= 7HW hZ:l wz::l(Fh’w’C y,c) + €, (2)

where FJ, denotes the feature value at spatial location (h, w) for the ¢-th chan-
nel, and ¢ is a small constant. Subsequently, the style statistic block concatenates
the two statistics [u, o] € R2¢ and transforms this concatenated vector into an
affine translation parameter 8 € R and a scaling offset A, € R® through a
two layer MLP with ReLU activation. The scaling offset is transformed into the
final affine scaling parameter via v = 1 + A,. These affine transformation pa-
rameters, 3 and ~y, subsequently modulate the source features in the subsequent
modulation block.

Modulation Block. The modulation block aims to align the source features
F* with the target domain using the derived affine transformation parameters,
B and ~. We specifically adopt this affine transformation because it effectively
adjusts the style distributions while strictly preserving the underlying contextual
information of the source domain, which is essential for accurate object detection.
Therefore, the modulation block yields the c-th channel of the target aligned
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features F57* as follows:

Fi7t =~ F + 3, (3)
Foot = (1— w)FS + wFE", (4)

where w is a weighting parameter to balance the modulation. These target
aligned source representations encourage the network to extract domain invari-
ant features, thereby boosting the overall robustness of the DAOD framework.

3.4 Soft-Weighted Proposal Alignment

Adversarial learning [5,6, 16,42,47] is a common DAOD paradigm to align fea-
tures across the source and target domains. Several studies [6,16,42,47] have
revealed that separating foreground and background regions during adversarial
learning achieves more robust feature alignments. Even though the separation
of these regions for the source features is guaranteed by ground-truth labels,
dividing the target features based on imperfect pseudo-labels inevitably leads to
inaccurate region assignments. To address this, we introduce the soft-weighted
proposal alignment (SPA), which replaces discrete region assignments with a
continuous soft weighting strategy as illustrated in Fig. 3(b). Specifically, it uti-
lizes two different region separation strategies for the source and target features.

Label-Guided Source Alignment. To align the source domain representa-
tions, we first forward the source features F* into a spatial domain discriminator
D consisting of sequential convolutional layers. The discriminator processes the
source features to predict a domain prediction map D® = D(F*), where each
spatial location of D* € [0, 1] *W indicates the probability of the feature be-
longing to the source domain. Instead of applying a uniform alignment objective
across the entire spatial resolution of D®, we explicitly separate the foreground
and background regions using ground-truth labels. Specifically, we define a bi-
nary spatial mask M € {0, 1}7*W  where values are assigned to 1 for locations
situated within the ground-truth bounding boxes and 0 otherwise. Finally, the
separable alignment objective can be formulated as follows:

H W
1
Lig = — > > MyulogDyj, (5)
My 3= = 7
Lie = — Mj, ) log D3}, (6)
=y :
£src = )\fgﬁfg + )\bgﬁbg (7)

where 1y € {1}7*W is a matrix of ones, and Afg and Apg are hyper parameters

balancing the relative importance of the foreground and background alignments.
We set Ags to 0.8 and Ap,g to 0.05 to enable the adversarial learning to focus more
on foreground regions, following [6, 16,42, 47].
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Soft-Weighted Target Alignment. The lack of ground-truth annotations in
the target domain makes it challenging to perform discrete region-based align-
ment. To address this, we introduce a continuous soft-weighting strategy as illus-
trated in Fig. 3(b). First, the target features F* are processed through sequential
convolutional layers to generate a spatial proposal map P € [0, 1]H W optimized
via the standard region proposal loss [36] using pseudo-labels. To mitigate the
extreme weight disparity between foreground and background regions, we rescale
the proposal map P into a bounded weight map W € [Tiin, Tmax] <" by

W = 7-min]-HW + (Tmax - 7—min)l:)- (8>

We set the hyper-parameters 7y, and 7pax to 0.05 and 0.8, respectively. Finally,
the target features F* are fed into the shared spatial domain discriminator D
to obtain the domain probability map D* = D(F"). Then, the soft-weighted
alignment objective can be formulated by:

H W
1
Lo =~ 3> Wilog(l-Dj ), (9)

h=1w=1

where the integration of W forces the adversarial learning to focus more on pro-
posal regions while elegantly suppressing the negative impact of the background.
The final adversarial alignment objective for the proposed SPA module is then
defined as:

Lospa = max Hgn(ﬁsrc + Ligt), (10)

where F denotes the backbone networks.

3.5 Overall Training Objective

The overall training objective of our proposed DA-F2F integrates the standard
DAOD losses with our adversarial alignment loss. The total loss Liota1 to optimize
the entire network is formulated as follows:

Etotal = )\sup‘csup + )\unsupﬁunsup + )\rpn‘crpn + )\spa'cspaa (11>

where Lg,, represents the supervised detection loss between the ground-truth
labels y® and the student predictions y* for the source domain samples, while
Lunsup represents the unsupervised detection loss between the pseudo-labels y*
from the teacher and the student predictions y* for the target domain samples.
Lypn is the region proposal loss [36] used to optimize the soft target proposal
map P of SPA, and L. denotes our proposed adversarial alignment loss. We
empirically set the scaling weights Asup, Aunsup, Arpn, and Agpa to 1, 1, 1, and
0.01, respectively. Through this joint optimization, the feature extractor learns
robust representations that are both highly discriminative for the detection task
and invariant across the source and target domains.



10 H. Oh et al.

4 Experiments

4.1 Datasets

Following state-of-the-art DAOD methods [3,16,24,42], we evaluate the proposed
DA-F2F on three widely-used benchmarks. Specifically, we perform adaptation
experiments across three common scenarios: (1) weather adaptation (Cityscapes
— Foggy Cityscapes), (2) small-to-large scale dataset adaptation (Cityscapes —
BDD100K-daytime), and (3) synthetic-to-real adaptation (Sim10k — Cityscapes).
For all experiments, we employ the mean Average Precision (mAP) with an
intersection-over-union (IoU) threshold of 0.5 as the primary evaluation metric.
Cityscapes [7] is a real-world dataset comprising urban street scenes captured
across 50 different cities under clear weather conditions. It contains 2,975 train-
ing and 500 validation images. Consistent with existing DAOD methods, we
convert the officially provided semantic segmentation labels into bounding box
annotations for our DAOD task.

Foggy Cityscapes [37] is a synthetic dataset rendered from Cityscapes images
and depth maps, simulating three fog densities (0.005, 0.01, 0.02). It inherits the
identical data split and bounding box annotations as the original Cityscapes. For
a fair comparison with previous works, we utilize the highest fog density (0.02)
as our target domain for evaluation.

BDD100K-daytime [44] is a subset of the large-scale BDD100K autonomous
driving dataset, specifically designed for daytime scenarios. It contains 36,728
training and 5,258 validation images, providing a significantly larger and more
diverse environment compared to Cityscapes.

Sim10k [20] is a synthetic dataset containing 10,000 training images rendered
from the Grand Theft Auto V (GTA-V) game engine. It provides 58,701 car
bounding box annotations, which are commonly used to evaluate the synthetic-
to-real adaptation capability of DAOD models.

4.2 Implementation Details

Network Structure. We adopt Faster R-CNN [36] as the base detector, em-
ploying ResNet-50 [14] and a Feature Pyramid Network (FPN) [29] as the back-
bone. The backbone is initialized with ImageNet [8] pre-trained weights, and its
first two stages are frozen to ensure training stability. The channel dimension of
the FPN features is set to C' = 256. The input images are resized to a resolution
of 1024 x 2048. Additionally, the modulation weight w in Eq. (4) is set to 0.3.

Training. DA-F2F is optimized for a total of 40k iterations, comprising 10k
iterations for the burn-in stage and 30k iterations for teacher-student mutual
learning. During the burn-in stage, the network is trained solely on the labeled
source domain dataset, while the mutual learning stage utilizes both labeled
source and unlabeled target images. We employ the stochastic gradient descent
(SGD) optimizer with a momentum of 0.9. The initial learning rate is set to
0.01 and gradually decays towards the final iteration. The batch size is set to
32, consisting of 16 labeled source images and 16 unlabeled target images. Dur-
ing self-training, we apply common weak augmentation techniques in DAOD,
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Table 1: Experimental results (%) on the weather adaptation scenario: Cityscapes —
Foggy Cityscapes. We highlight the best results as a bold.

Cityscapes — Foggy Cityscapes

Method ‘ Detector ‘ person rider car truck bus train mcycle bicycle mAP
SIGMA [26] FCOS 44.0 439 60.3 31.6 504 515 31.7 40.6 44.2
OADA [43] FCOS 47.8 46.5 62,9 32.1 48.5 50.9 34.3 39.8 45.4
HT [10] FCOS 52.1 55.8 67.5 32.7 559 49.1 40.1 50.3 50.4
DA-DETR |[46] | Transformer 49.9 50.0 63.1 24.0 45.8 37.5 31.6 46.3 43.5
O2Net [13] Transformer 48.7 51.5 63.6 31.1 47.6 47.8 38.0 45.9 46.8
AQT [18] Transformer 49.3 52.3 644 27.7 53.7 46.5 36.0 46.4 47.1
BiADT [15] Transformer 52.2 58.9 69.2 31.7 55.0 45.1 42.6 51.3 50.8
MRT [48] Transformer 52.8 51.7 687 359 58.1 54.5 41.0 47.1 51.2
DATR [3] Transformer 61.6 60.4 743 357 60.3 354 43.6 55.9 53.4
HMT [42] Transformer 57.0 62.8 74.1 37.3 61.0 57.7 44.4 57.5 56.5
DA-Pro [22] RegionCLIP 55.4 62.9 709 40.3 63.4 54.0 42.3 58.0 55.9
SEEN-DA [25] | RegionCLIP 58.5 64.5 71.7 42.0 61.2 54.8 47.1 59.9 57.5
DA-Ada [23] RegionCLIP 57.8 65.1 71.3 43.1 64.0 58.6 48.8 58.7 58.5
DA-Faster [5] FRCNN 29.2 40.4 434 19.7 38.3 28.5 23.7 32.7 32.0
UMT [9] FRCNN 33.0 46.7 48.6 34.1 56.5 46.8 30.4 37.3 41.7
PT [4] FRCNN 43.2 52.4 634 334 56.6 37.8 41.3 48.7 47.1
CMT [1] FRCNN 47.0 55.7 64.5 394 63.2 519 40.3 53.1 51.9
CAT [21] FRCNN 44.6 57.1 63.7 40.8 66.0 49.7 44.9 53.0 52.5
REACT |[24] FRCNN 51.4 57.9 67.4 37.7 584 52.8 44.6 54.6 53.1
DDT [40] FRCNN 60.9 64.9 756 36.3 60.6 53.7 42.3 59.3 56.7
DADAOD [16] FRCNN 59.8 62.8 73.7 40.3 59.4 56.1 47.8 58.3 57.3
DA-F2F ‘ FRCNN ‘ 60.9 63.0 76.3 46.2 62.8 64.3 52.8 58.2 60.5

including random contrast, brightness, saturation, grayscale, and blur. For the
source images, strong augmentation consists of weak augmentations combined
with random erasing [11]. For the target domain images, strong augmenta-
tion includes weak augmentations along with the Masking Image Consistency
(MIC) [17] method. Pseudo-labels generated by the teacher model are filtered
using a confidence threshold of 0.8. All processes in this study are implemented
using four NVIDIA RTX A6000 GPUs.

4.3 Main Results

Tables 1, 2, and 3 compare the proposed DA-F2F with existing state-of-the-
art DAOD methods across three different adaptation scenarios. The notations,
FCOS, Transformer, RegionCLIP, and FRCNN indicate that the corresponding
methods utilize FCOS [39], Transformer-based detectors [2,45], RegionCLIP [49],
and Faster R-CNN [36] as their teacher-student detector. For a fair comparison,
all baseline scores are reported directly from their respective original papers.

Adaptation for Clear-to-Adverse Weather. Table 1 presents the quanti-
tative comparisons of DA-F2F with other state-of-the-art methods on weather
adaptation. Following the standard protocol [3,16,24,42], we utilize the images
and labels from the Cityscapes training set as the source domain, while the im-
ages from the Foggy Cityscapes training set serve as the target domain. The
final evaluation is performed on the Foggy Cityscapes validation set. As shown
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Table 2: Experimental results (%) on the small-to-large scale adaptation scenario:
Cityscapes — BDD100k-daytime. We highlight the best results as a bold.

Cityscapes — BDD100k-daytime

Method ‘ Detector ‘ person rider car truck bus mcycle bicycle mAP
SIGMA [26] FCOS 46.9 29.6  64.1 20.2 23.6 17.9 26.3 32.7
HT [10] FCOS 53.4 40.4  63.5 27.4 30.6 28.2 38.0 40.2
AQT [18] Transformer 38.2 33.0 58.4 17.3 18.4 16.9 23.5 29.4
O2Net [13] Transformer 40.4 31.2 58.6 20.4 25.0 14.9 22.7 30.5
BiADT [15] Transformer 42.0 34.5 59.9 17.2 19.2 17.8 24.4 32.7
MRT [48] Transformer 48.4 309 63.7 247 255 20.2 22.6 33.7
HMT [42] Transformer 52.6 42.5 67.8 33.7 36.3 28.6 33.7 42.2
DATR [3] Transformer 58.5 428 734 269 39.9 24.2 37.3 43.3
DA-Faster [5] FRCNN 28.9 27.4  44.2 19.1 18.0 14.2 22.4 24.9
PT [4] FRCNN 40.5 39.9  52.7 25.8 33.8 23.0 28.8 34.9
REACT [24] FRCNN - - - - - - - 35.8
CAT [21] FRCNN 44.6 41.5 61.2 31.4 34.6 24.4 31.7 38.5
DADAOD [16] FRCNN 61.4 45.4  75.4 33.0 36.2 29.5 36.7 45.8
DA-F2F ‘ FRCNN ‘ 64.9 50.0 78.6 33.9 384 35.2 39.2 48.6

in Table 1, the proposed DA-F2F significantly outperforms existing methods on
weather adaptation with 60.5% mAP. Compared to the previous model with
the best performance, DA-Ada [23], DA-F2F achieves a notable gain of +2.0%
mAP. Furthermore, when compared to methods utilizing the same base detector,
DA-F2F significantly surpasses DADAOD [16] by a large margin of 3.2% mAP.
Adaptation for Small-to-Large-Scale Dataset. Following the established
settings, we adopt the Cityscapes training set as the source domain and the
BDD100K-daytime training set as the target domain, with evaluation performed
on its validation set. As presented in Table 2, DA-F2F consistently achieves the
highest DAOD performance across various semantic classes. Consequently, DA-
F2F attains the highest overall mAP of 48.6%, outperforming DADAOD [16] by
a margin of +2.8% mAP.

Adaptation for Synthetic-to-Real. Consistent with previous studies, we em-
ploy the synthetic Sim10k dataset as the source domain and the real-world
Cityscapes training set as the target domain. The performance is evaluated
exclusively on the car category using the Cityscapes validation set. Table 3
demonstrates that the proposed DA-F2F still achieves the best results in the
synthetic-to-real adaptation scenario, yielding a state-of-the-art mAP of 69.9%.
Qualitative Results. Fig. 4 presents qualitative comparisons between DA-F2F
and DADAOD [16] across three adaptation scenarios. We generated the detection
results of DADAOD following its official code and instructions. We observe that
DA-F2F is more robust, consistently achieving high-quality detection results
across all scenarios.

4.4 Ablation Study

We analyze the contributions of the individual components within the proposed
DA-F2F framework through ablation experiments on the Cityscapes — Foggy
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Table 3: Experimental results (%) on  Table 4: Ablation study on different
the synthetic-to-real adaptation scenario: combinations of the style-aware feature
Sim10K — Cityscapes solely on car cat- modulation (SFM) and soft-weighted
egory. We highlight the best results as a proposal alignment (SPA) modules.

bold.

SFM SPA mAP

SIM10K — Cityscapes 573
Method ‘ Detector ‘ mAP w/o STA 57.4
SIGMA [26] FCOS 53.7 v 58.1
OADA [43] FCOS 59.2 v 59.4
HT [10] FCOS 65.5 v v 60.5
AQT [18] Trans. 53.4
O2Net [13] Trans. 54.1
DA-DETR [46] Trans. 54.7
BiADT [15] Trans. 55.8
MRT [48] Trans. 62.0
DATR [3] Trans. 64.3
HMT [12] Trans. 664 Table 5: Effect of the modulation
DA-Pro [22] Reg.CLIP |  62.9 weight w in Equation (4) on adaptation
SEEN-DA [25] Reg.CLIP| 66.8 . .
DA-Ada [23] Reg, CLIP 673 from Cityscapes to Foggy Cityscapes.
DA-Faster [5] FRCNN 38.2 w in Bq. (4) ‘ mAP
UMT [9] FRCNN 43.1
PT [4] FRCNN 55.1 0.2 60.0
REACT |[24] FRCNN 58.6 0.3 60.5
DADAOD [16] FRONN |  69.7 04 60.2
DA-F2F | FRCNN | 69.9 0.5 60.0

Cityscapes adaptation scenario. Table 4 reports the performance impact of the
style-aware feature modulation (SFM) and the soft-weighted proposal alignment
(SPA) modules. For the w/o STA setting, we replace the soft-weighted target
alignment (STA) with a conventional label-guided alignment using pseudo-label
bounding boxes. As shown in Table 4, the mAP scores exhibit significant degra-
dation when either SFM or SPA is removed. Although applying SPA without
STA marginally improves the mAP by 0.1%, the addition of STA achieves signif-
icant performance synergy, yielding a further gain of +0.7% mAP. This indicates
that SFM effectively transforms source domain representations to align with the
target domain via feature-to-feature modulation, while SPA stably separates
foreground and background regions for more robust adversarial learning.

Effect of the Modulation Weight w. Table 5 investigates the impact of
the modulation weight w within the SFM module. As defined in Eq. (4), w
balances the contribution between the original source features and the target-
aligned features. The results indicate that DA-F2F maintains robust stability
across various configurations of w. Among the tested values, we select w = 0.3
as it yields the optimal mAP, striking the best balance for feature modulation.
t-SNE Visualization for SFM. To analyze the modulation impact of the
SFM module, we visualize the t-SNE plot of the target features F* from Foggy
Cityscapes, alongside the source features F* and the target-aligned source fea-
tures F*~* from Cityscapes. Fig. 5(a) displays the t-SNE plot of F* and F® when
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Input ) DADAOD [16] DA-F2F (Ours) Ground-Truth

Fig. 4: Qualitative comparison between DADAOD [16] and the proposed DA-F2F
across three adaptation scenarios. From the first to fourth columns: input images,
detection results of DADAOD and DA-F2F, and the ground-truth annotations.

* F$(Cityscape)
F* (Foggy)

FS~Y(Cityscape)
F* (Foggy)

(a) Without SFM (b) With SFM

Fig. 5: t-SNE visualization of features from the source (Cityscapes) and target (Foggy
Cityscapes) domains. (a) Without SFM, source and target features are clearly sepa-
rated, indicating a significant domain gap. (b) With SFM, the distributions of the two
domains exhibit significantly increased overlap, demonstrating that SFM effectively
aligns the domain representations in the feature space.

DA-F2F is trained without the SFM module, clearly illustrating a substantial
distribution gap between the two domains. In contrast, Fig. 5(b) demonstrates
a significantly increased overlap between the source and target features. This
visually confirms that SFM effectively reduces the domain discrepancy at the
feature level.

5 Conclusion

In this paper, we proposed DA-F2F, a novel framework for domain adaptive ob-
ject detection designed to overcome the instability inherent in pixel-level domain
transformation. The main components of DA-F2F are the style-aware feature
modulation (SFM) and soft-weighted proposal alignment (SPA) modules. SFM
effectively transforms source domain representations to align with the target
style distribution directly within the feature space. The SPA module advances
adversarial learning by stably distinguishing foreground and background regions
in the target domain. Comprehensive experiments across various domain adap-
tation scenarios validate the superiority of DA-F2F.
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