This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

TITAN: Query-Token based Domain Adaptive Adversarial Learning

Tajamul Ashraf
MBZUAI
Masdar City, Abu Dhabi, UAE

tajamul.ashraf@mbzuai.ac.ae

Abstract

We focus on source-free domain adaptive object detection
(SF-DAOD) problem, where the model has to adapt to an un-
labelled target domain without using source data. Majority
of existing frameworks for the problem employ a student-
teacher (ST) framework where pseudo-labels are generated
via a source-pretrained model for further fine-tuning. We
observe that the performance of a student model often de-
grades drastically, due to the collapse of teacher model,
primarily caused by high noise in pseudo-labels, resulting
from domain bias, discrepancies, and a significant domain
shift across domains. To obtain reliable pseudo-labels, we
propose a Target-based Iterative Query-Token Adversarial
Network (TITAN) which separates the target images into
two subsets that are similar to the source (easy) and those
that are dissimilar (hard). We propose a strategy to esti-
mate variance to partition the target domain. This approach
leverages the insight that higher detection variances corre-
spond to higher recall and greater similarity to the source
domain. Also, we incorporate query-token based adver-
sarial modules into a student-teacher baseline framework
to reduce the domain gaps between two feature represen-
tations. Experiments conducted on four natural imaging
datasets and two challenging medical datasets have sub-
stantiated the superior performance of TITAN compared
to existing state-of-the-art (SOTA) methodologies. We re-
port an mAP improvement of +22.7, +22.2, +21.1, and
+3.7 percent over the current SOTA on C2F, C2B, S2C,
and K2C benchmarks, respectively. Code is available at
https://github.com/Tajamul2 1/TITAN

1. Introduction

Object Detection. Object detection is a well-studied prob-
lem in computer vision [6, 22, 101, 109, 118]. The advance-
ment of deep learning methods in object detection has been
significantly enabled by large-scale datasets with detailed
annotations [15, 23, 27, 60, 105], which provide a solid
foundation for supervised model training.
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Figure 1. The core idea of our framework (TITAN) is that higher
detection variances signal high recall and similarity to the source
domain, enabling us to divide the target domain into easy and hard
subsets.

Unsupervised Domain Adaptation (UDA). It has been
widely observed that, despite their effectiveness in familiar
visual contexts, deep object detection models often struggle
to generalize to new visual domains. Unsupervised Domain
Adaptation (UDA) has emerged as a widely adopted approach
for addressing domain shifts [11, 25, 37, 38, 65, 79, 84], pri-
marily by aligning the feature representations between the
source and target domains [10, 36, 42, 43, 81, 87, 113]. De-
spite its effectiveness, a major drawback of this method is its
reliance on access to source-domain data during the adapta-
tion process, which can pose significant practical limitations
[59, 63, 96]. To overcome this, our work concentrates on
the more practical and challenging setting of Source-Free
Domain Adaptive Object Detection (SF~DAOD).

Source-Free Domain Adaptive Object Detection (SF-
DOAD). For image classification tasks, SE-DAOD has re-
ceived significant attention in recent years [21, 40, 45, 95,
102, 103, 111]. However, there are relatively fewer works
specifically addressing SF-DAOD [13,40, 62,71, 88]. Given
the complexities of cluttered background, viewpoint varia-
tions, and many negative samples in an object detection



problem, directly applying traditional SFDA methods for
classification tasks to SF-DAOD often leads to unsatisfac-
tory performance.

Problems in Current SF-DOAD Approaches. Multiple
state-of-the-art Source-Free Domain Adaptive Object Detec-
tion (SF-DAOD) methods adopt a self-supervised learning
strategy based on a student-teacher (ST) paradigm. In these
methods, pseudo-labels generated by a model trained on
the source domain are used to guide the training of a stu-
dent model [13, 53, 56, 86, 98]. However, when the source
data contains inherent biases or there is a significant domain
shift between the source and target domains, the quality of
pseudo-labels deteriorates, leading to noisy supervision [19].
This noise can negatively affect the student model’s learn-
ing. Furthermore, in such cases, the Exponential Moving
Average (EMA) mechanism, which updates the teacher model
using the student’s weights, may propagate these errors, ul-
timately degrading the teacher model as well. Unlike in
standard Unsupervised Domain Adaptation (UDA), where
access to labeled source data helps stabilize training and
mitigate pseudo-label noise, the SE-DAOD setting lacks this
anchor, making it more susceptible to cumulative errors and
model drift during adaptation.

Solution Strategies to Mitigate SF-DOAD Problems. To
tackle the above issues in SF—DAOD recent techniques
[13, 71] have proposed to use a larger update step size for
EMA to slow down the teacher model’s updating process
deliberately. An alternative strategy involves emphasizing
the past teacher model’s influence by adjusting its contribu-
tion, thereby preserving previous knowledge and reducing
the rate of model updates. However, such attempts have
demonstrated limited effectiveness [62].

Our Insights and Proposed Strategy. To tackle this is-
sue, we propose a query-token-driven adversarial learning
approach (TITAN). Our method employs a variance-based
detection strategy to separate target data into easy and chal-
lenging subsets, leveraging the insight that greater detection
variance aligns with higher recall and stronger resemblance
to the source domain, as illustrated in Fig. 1. Next, we
integrate query-token-driven adversarial modules within a
transformer-based student-teacher framework to bridge do-
main gaps in both local and instance-level feature representa-
tions, utilizing the FocalNet-DINO encoder and decoder
accordingly.

Contributions. (1) We draw attention to a key challenge
in the SF-DAOD setting, training instability of the student
model arising from inaccurate pseudo-labels generated by
the source-pretrained model. This issue becomes more se-
vere when the source data contains inherent biases or when
there exists a substantial domain gap between the source and
target domains. (2) We identify a strong link between detec-
tion variance and resemblance to the source data. Leveraging
this insight, we establish a method to categorize the target
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domain into easy and challenging subsets. (3) We introduce
a query-token based adversarial alignment approach to refine
the feature space, ensuring the generation of reliable pseu-
do-labels for the student-teacher framework. (4) We conduct
extensive evaluation on four natural image adaptation bench-
marks. We report an mAP of 50.2, 38.3, 59.8, and 53.2 on
C2F, C2B, S2C, and K2C benchmarks respectively, against
the performance of 40.9, 31.6, 49.4, and 51.3 by the current
SOTA [13, 62]. (5) SF-DAOD is particularly relevant for
medical imaging, where data sharing is restricted by privacy
concerns and source data often suffers from single-center
bias. We validate our approach on cross-domain mammo-
gram datasets for Breast Cancer Detection (BCD), achieving
state-of-the-art recall scores of 0.78 and 0.51 at 0.3 FPI on
RSNA-BSD1K—INBreast and DDSM—INBreast, respec-
tively, significantly outperforming the previous best (0.25
and 0.15) [87].

2. Related Work

Object Detection. In recent years, object detection, be-
ing a crucial computer vision task, has garnered consider-
able attention [12, 119]. Many object detection methods
perform box regression and category classification using
techniques such as anchors [61, 74, 75], proposals [28, 76],
and points [83, 91, 115]. Traditional object detection sys-
tems heavily rely on extensive datasets like MS—COCO [60]
and PASCALVOC [23], which necessitate significant time
investment for annotation due to the large number of sam-
ples for each object category. Weakly supervised object
detection (WSOD) methods [107, 108] leverage image-level
labeled data [67] to train object detectors. In general, WSOD
considers an image as a collection of region proposals and
applies multiple instance learning to assign the image-level
label to these proposals. [3, 4, 14, 94]. By using less ex-
pensive classification data, WSOD can expand the detection
vocabulary without requiring costly instance-level annota-
tions in object detection [17, 31, 31, 50, 89, 94, 116]. More
recently, transformer-based models [1] have been developed
for object detection, exploring token-wise dependencies for
context modeling. Following the pioneering work of Vision
Transformer (VIT) [22] and Detection Transformer (DETR)
[6], transformers have emerged as a promising architecture
in computer vision, demonstrating their efficacy in various
tasks including object detection [6, 16, 101, 109, 114, 118].
Whereas most approaches emphasize supervised learning
settings, our goal is to improve the model’s ability to adapt
to unseen domains without requiring extra annotations. To
achieve this, we employ FocalNet-DINO (FND) [101] as our
baseline detection model, chosen for its streamlined archi-
tecture and state-of-the-art transfer learning capability.
Source-Free Domain Adaptive Object Detection (SF-
DOAD). In real-world applications, accessing source data
during subsequent adaptation phases is often limited due to



privacy laws, data transfer restrictions, or proprietary con-
cerns, especially in medical imaging. Source-Free Domain
Adaptive Object Detection (SF-DAOD) enables knowledge
transfer from pre-trained source models to the target domain
without relying on sensitive source data [66]. The complex-
ity of object detection, due to region diversity, multi-scale
features, and deep architectures—combined with the lack
of source data and reliable pseudo-labels, makes SF-DAOD
significantly more challenging than traditional DAOD. As a
result, SF—-DAOD has emerged as a distinct and necessary
focus within domain adaptation research. The Source-Free
Object Detection (SFOD) method proposed in [56] leverages
self-entropy descent to generate reliable pseudo-labels for
self-training. SOAP [98] applies domain perturbations to the
target data, enabling the model to learn domain-invariant fea-
tures that remain robust against variations. LODS [53] incor-
porates a style enhancement module alongside a graph align-
ment constraint to promote the extraction of domain-agnostic
features. A2SFOD [13] separates target samples into source-
aligned and non-aligned groups and applies adversarial adap-
tation within a student-teacher setup. IRG [87] proposes
an instance-level graph network with a contrastive learning
objective to improve feature discrimination. PETS [62] en-
hances the ST framework by introducing a dynamic teacher
model and a consensus module that fuses outputs from both
static and dynamic teachers. However, these methods still
struggle with training instability and local optima, largely
due to relying on a single teacher update path.

3. Methodology

Source-free domain adaptive object detection (SF—~DAOD)
aims to adapt a detector, initially trained on a source do-
main, to an unlabeled target domain without direct access
to source data. Given an unlabeled target dataset { X!}V |
(where NN denotes the total number of images) and a detec-
tor F' initialized with source-trained parameters 6, (e.g., a
FocalNet-DINO model [101]), the objective is to refine
these parameters to 6, for effective performance in the target
domain. In this work, we introduce a novel approach, TI-
TAN, whose overall framework is depicted in Fig. 2. Our
method categorizes target samples into two groups: source-
similar (easy) and source-dissimilar (hard), using prediction
variance from the source-trained detector Fj,_. These groups
are subsequently aligned using query-token-based adversar-
ial learning within a ST framework. The following sections
provide a detailed explanation of each stage.

3.1. Target Domain Division

Aligning the source and target domains is a central goal
in domain adaptation [47, 92, 117]. This alignment can
typically be achieved either in the input data space [8] or
within the learned feature space [80]. However, in scenarios
where source data is unavailable, domain alignment becomes
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considerably more challenging.

Although direct access to source data is restricted, the
model trained on that domain inherently captures its under-
lying structure. To exploit this, we propose dividing the
target dataset into two distinct subsets by evaluating how the
pre-trained model responds to target instances. Specifically,
we use a criterion based on prediction variance: the model’s
output variance on each target sample reflects how closely
that sample resembles the source domain. A higher variance
indicates greater uncertainty, which often occurs when the
target sample shares characteristics with the source domain.
Conversely, more familiar (and thus easier) target samples
result in lower variance. This allows us to explicitly differ-
entiate between source-similar and source-dissimilar target
samples, using the pre-trained model as a proxy for source
knowledge. The variance is calculated as:

vi = E[(Fp, (X;) — E[Fy, (Xi)])?), (D

where, Fy_(X;) denotes the prediction output for image X;
generated by the source-pretrained model. Computing the
exact variance of these predictions is generally computa-
tionally intractable. To approximate this, we adopt a Monte
Carlo sampling approach using dropout during inference,
as introduced by Gal and Ghahramani [24]. Specifically,
we perform M stochastic forward passes through the model
while keeping its parameters fixed [5], allowing us to esti-
mate the predictive uncertainty efficiently.

Since the outputs Fy_(X;) = (b, ¢;) consist of bound-
ing box coordinates and class scores, the detection vari-
ance is defined as the product of the bounding box variance
vp; and the class score variance v.;. For a given predic-
tion with /V; bounding boxes and K classes, where {bij =

N; N;
(leﬁyilj?mzzjvyi?j)}j:ll and {c;; = (Czljvczzjw~acil§)}j;1’
we can express vp; and v.; as follows:

| N
v = == Y Y |IbfF — byl )
" MN; 4 Y I
j=1m=1
TR
vei = I7N 22 e =&l 3)
j=1m=1

where bi}' and ¢;}' represent the localization coordinates and
classification scores of the m-th forward pass for the j-th
bounding box in X, respectively, and l_)ij, Cij denote their
corresponding average values over all M forward passes.
The detection variance for an image X; is computed as
v; = UpiUs- We then rank the images based on their vari-
ances, where r; represents the rank of X;. The variance level
vl; for the i-th image is given by vl; = . If vl; > o, the
sample X; is classified as source-similar; otherwise, it is
treated as source-dissimilar, where o € (0, 1) is a predefined
threshold. This criterion enables us to split the target do-
main into two subsets—those resembling the source domain
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Figure 2. Overview: Target-based Iterative Query-Token Adversarial Network (TITAN)

and those that do not—facilitating query-driven adversarial
alignment between domains.

3.2. Query-based Domain Adversarial Learning

We introduce query-based domain adversarial learning to
align both easy and hard features globally. Specifically, on
the encoder side, a query embedding ¢3¢ is concatenated
with the token sequence to form the input z to the trans-

former encoder, i.e.,
1.
0= [q fe )

where E,,s € R(V+DXC g the positional embedding,
Ejever € RIVTDXC g the feature level embedding [118].

During the encoding phase, the query adaptively aggre-
gates domain-specific features across the entire sequence.
It captures the global context from the input images and
focuses more on tokens with larger domain discrepancies.
This query is then passed through a domain discriminator
Depc, for efficient feature representations, i.e.,

2.

e

enc,

d : ;feN] + Epos + Elevela (4)

0
‘Cencq

= dlog Dene, (z?) +(1—d)log (1 — Dene, (219)) ,

(5
where / = 1. .. L¢y. denotes the layer indices in the encoder,
and d is the domain label, taking the value O for source
images and 1 for target images. Similarly, we append a

query g5 to the object queries to form the input sequence
for the transformer decoder:
g = [q5“:q" % 1dM] + B (6)

where E,,, € RM+D*C s the positional embedding and
q' is the i-th object query in the sequence. During the decod-
ing phase, the query combines contextual information from
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each object query in the sequence, capturing the relation-
ships among objects. This query is subsequently processed
through the domain discriminator Dygec, to obtain more ef-
fective feature representations.

4
Edecq

+ (1 —d)log (1 — Dgec, (a7))
(7
where ¢ = 1... Lg.. indexes the layers in the transformer
decoder.

-

= dlog D, (qg)

~

'V The query-based domain adversarial learning fa-
cilitates better feature representations in both encoder
and decoder but with distinct roles—aggregating global
scene layouts in the encoder and encoding object rela-
tionships in the decoder. Leveraging attention and ad-
versarial learning, it prioritizes aligning features with
significant domain gaps while minimizing effort on well-

aligned ones.

N

3.3. Token-wise Domain Adversarial Learning

While query-based global adversarial learning effectively
bridges the global domain gap in scene layout and inter-
object relationships, it faces challenges in handling domain
shifts due to local textures and styles. To address this, we in-
troduce token-wise domain adversarial learning, which is ap-
plied to both the encoder and decoder of FocalNet -DINO.

In particular, each token embedding in the encoder se-
quence is passed through a domain classifier Dy, for ad-
versarial training.



LZ

ency

= f% Z [d 10g Denc,, (25) + (1 — d) log (1 — Denck(z}))]
(3)
Likewise, a domain discriminator Dye,, is applied on the
decoder side to align each token embedding in the decoder,

i.e.,

£, =—4

decy, M f\il [leg Daec,, ((J(lf) + (1 —d)log (1 — Dyec,, (qz))]
©)
Query-based domain adversarial learning cannot be re-
placed by token-wise adversarial learning. While tokens in
transformers focus more on local features due to their ori-
gin from image patches or object instances, domain queries
aggregate global context without focusing on local details.
This allows them to better address domain gaps related to

scene layout and inter-object relationships.

'Y” While both the FocalNet-DINO encoder and de-
coder use token-wise adversarial learning, the encoder
focuses on local texture and appearance, while the de-
coder aligns domain gaps at the object-instance level.

3.4. Cascaded Feature Alignment

To ensure thorough feature alignment, we implement cas-
caded feature alignment, progressively aligning source-
similar and source-dissimilar features from shallow to deep
layers. In the transformer encoder, this is expressed as:

Lene
Lone = 3 (Lo + Aenes e, ) 10

where Ay, is a hyperparameter balancing query-based and
token-based alignment losses, set to 0.1 in our experiments.
Similarly, in the transformer decoder, we have:

Lgec

Liec = Z (‘Cde('k + Adecqﬁflecq> ’

=1

(1)

with Agec, also set to 0.1. 3-layer MLPs are used as dis-
criminators for both encoder and decoder, improving feature
alignment.

3.5. Overall Objective

To summarize, the final training objective for TITAN is
formulated as:

>\enc£enc(Ga D) - Adecﬁdec(G7 D)

(12)
Here, G represents the object detection model, and D refers
to the domain discriminators. The hyperparameters Agpc,
Adec> and Acons control the relative importance of the different
loss terms.

min max Lsu(G) —
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3.6. Generalization Analysis

Adversarial learning is applied to establish the transforma-
tion from the target domain to the source domain, and the
success of this transformation is contingent on its general-
ization capabilities [32, 78].

Let 1 denote the distribution of the original data, while
v represents the distribution of the generated data. The em-
pirical approximations of these distributions are indicated as
fin and vy, where N is the size of the training sample. In
adversarial training, the goal is to train a generator g € G
and a discriminator f € F, where G and F are the respec-
tive hypothesis spaces. The discriminator is implemented
as a multilayer perceptron (MLP) with three layers, which
consists of fully connected units and non-linear activation
functions, as described in Section 3.4.

Theorem: Covering Bound for the Discriminator

Assume that the spectral norm of each weight matrix is
bounded, i.e., ||A4;||, < s;, and that each weight matrix A;
has a corresponding reference matrix M; such that ||A; —
M;||, < b; fori = 1,...,3. Then, the covering number
N (Fls, e, || - ||2) satisfies the following inequality:

log (2W2) [ X3 & 5o b2

log V' (Fls, e, | - [l2) < (—HS Z;zv
i=1 i=1 *

(13)

where W is the maximum dimension of the feature maps in
the algorithm.

This result is derived from [2, 33], with a detailed proof
provided in the Supplementary (§ A). The generalizability
of GANs [30] depends on the complexity of the discrimi-
nator hypothesis [110]. Building on this, we utilize simple
discriminators to enhance both generalizability and domain
adaptation performance.

4. Experiments

4.1. Experimental Setup

Datasets.. The datasets used in our experiments include:
(1) Cityscapes [15]: This dataset comprises urban scenes
with 2,975 training images and 500 validation images.
(2) Foggy Cityscapes [82]: Similar to Cityscapes, this dataset
integrates fog and depth information into street view im-
ages. (3) KITTI [27]: A benchmark dataset for autonomous
driving, containing images from real-world street scenes.
For the experiments, only 7,481 training images were used.
(4) SIM10k [46]: A synthetic dataset with 10,000 city
scenery images of cars. (5) BDD100k [105]: An open-source
video dataset for autonomous driving, including 100k images
from various times, weather conditions, and driving scenar-
i0s. Its daytime subset consists of 36,728 training images
and 5,258 validation images. (6) RSNA-BSDIK [7]: The
original RSNA dataset [] includes 54,706 mammograms with
1,000 malignancies from 8,000 patients. RSNA-BSD1K is a



Table 1. : Results of adaptation from normal to foggy weather (C2F). "SF" refers to the source-free setting. “Oracle” refers to the models

trained by using labels during training.

Method ‘ Venue ‘ ‘ Person Rider Car Truck Bus Train Mcycle Bicycle ‘ mAP
DA-Faster [9] CVPR'I8 | X | 292 404 434 197 383 285 237 327 | 320
EPM [39] ECCV’20 | X | 442 466 585 248 452 291 286 346 | 39.0
SSAL[70] NIPS’21 | X | 451 474 594 245 500 257 260 387 | 39.6
SFA [90] MM21 | X | 465 486 626 251 462 294 283 440 | 413
OMT [18] CVPR2l | X | 330 467 486 341 565 468 304 373 | 417
D-adapt [44] ICLR'21 | X | 408 471 575 335 469 414 336 430 | 430
TIA[112] CVPR22 | X | 348 463 497 311 521 486 377 381 | 423
PT [35] ICML'22 | X | 402 488 634 307 518 306 354 445 | 427
MTTrans [106] ECCV'22 | X | 477 499 652 258 459 338 326 465 | 434
SIGMA [54] CVPR22 | X | 440 439 603 316 504 515 317 406 | 442
O2net [29] MM'22 | X | 487 515 636 311 476 478 380 459 | 468
AQT [42] IICAT22 | X | 493 523 644 277 537 465 360 464 | 471
AT [57] CVPR22 | X | 437 541 623 319 544 493 352 479 | 474
TDD [34] CVPR'22 | X | 507 537 682 351 530 451 389 491 | 492
MRT [113] ICCV’23 | x | 528 517 687 359 581 545 410 471 | 512
HT [20] CVPR'23 | X | 521 558 675 327 559 491  40.1 503 | 504
CIGAR [64] CVPR23 | X | 453 453 616 321 500 510 319 404 | 447
CSDA [26] ICCV'23 | X | 466 463 631 281 563 537 331 39.1 | 458
SFOD [55] AAAT2l | v | 217 440 404 326 118 253 345 343 | 306
SFOD-Mosaic [55] | AAAI21 | v | 255 445 407 332 222 284 341 390 | 335
HCL [41] NIPS’21 | v | 269 460 413 330 250 281 359 407 | 346
SOAP [97] ms21 | v | 359 450 484 239 372 243 318 379 | 355
LoDS [53] CVPR22 | v | 340 457 488 273 397 196 332 378 | 35.8
AASFOD [13] AAAI23 | v | 323 441 446 281 343 290 318 389 | 354
IRG [87] CVPR23 | v | 374 452 519 244 396 252 315 416 | 371
PETS [62] ICCV’23 | v | 461 528 634 218 467 255 374 484 | 403
LPLD [104] ECCV'24 | v | 397 491 566 296 463 264 361 436 | 409
TITAN (Ours) | v | 528 517 680 432 655 418 460 487 | 522
Oracle \ | x| 663  61.1 808 456 688 520  49.1 549 | 59.8

subset of 1,000 images with 200 malignant cases, annotated
by expert radiologists. (7) INBreast [69]: A smaller BCD
dataset with 410 mammography images from 115 patients,
including 87 malignancies. (8) DDSM [51]: A publicly
available BCD dataset comprising 2,620 full mammography
images with 1162 malignancies. For full detail, please refer
to the Supplementary material (§ B).

Task Settings. Building upon existing research [13, 40, 56,
62, 71, 113], we validate our method across four popular
SF-DAOD and UDA benchmarks. In addition to this, we
perform experiments on two cross-domain Medical Imag-
ing (MI) tasks. These datasets represent various types
of domain shifts, including': (1) Cityscapes-to-Foggy-C-
ityscapes (C2F) (2) Cityscapes-to-BDD100k (C2B) (3) KIT-
TI-to-Cityscapes (Car) (K2C) (4) Sim10k-to-Cityscapes
(Car) (52C) (5) RSNA-to-INBreast (R2In) (6) DDSM-
to-INBreast (D21In)

Implementation Details. We adopt FocalNet-DINO
(FND) [101] as our base detector. Initially, we set the loss
coefficients to Aepe = 1.0 and Agee = 0.9. The weight
smoothing parameter « in the Exponential Moving Average

IThe A-to-B (A2B) notation signifies the adaptation of a model pre-
trained on the source domain A to the target domain B.
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(EMR) is configured to be 0.9996. The network is optimized
using the Adam optimizer [49] with an initial learning rate
of 2 x 10~* and a batch size of 8. For data augmentation, we
employ random horizontal flipping for basic augmentation
and apply more advanced techniques such as random color
jitter, grayscaling, and Gaussian blurring. The implementa-
tion is done using PyTorch [72]. The min-max loss function
is realized through gradient reversal layers [25]. Further
details are provided in Supplementary (§ C).

Evaluation Metrics. For natural image datasets, we report
the average precision (AP) for each individual class along
with the mean average precision (mAP) score, consistent with
previous studies. For medical image datasets, we utilize the
Free-Response Receiver Operating Characteristic (FROC)
curves to evaluate detection performance, alongside F1-score
and AUC for classification results. The FROC curves visually
represent the trade-off between sensitivity/recall and false
positives per image (FPI). We consider a prediction to be a
true positive if the center of the predicted bounding box falls
within the ground truth box [73].

4.2. Comparison with Current soTA Methods

We evaluate the performance of our proposed TITAN
method against other approaches on the four natural bench-



Table 2. Results of adaptation from small-scale to large-scale dataset (C2B).

Method | Venue | | Person Rider Car Truck Bus Mecycle Bicycle | mAP
DA-Faster [9] | CVPR’18 | X 28.9 274 442  19.1 18.0 14.2 22.4 24.9
ICR [99] CVPR’20 | X 32.8 29.3 458 227 20.6 14.9 25.5 27.4
EPM [39] ECCV’20 | X 39.6 268 558 188 19.1 14.5 20.1 27.8
SFA [90] MM’21 X 40.2 27.6 575 19.1 234 15.4 19.2 28.9
AQT [42] 1JCAT’22 X 38.2 330 584 173 18.4 16.9 23.5 29.4
ILLUME [48] WACV’22 | X 33.2 205 47.8 20.8 33.8 24.4 26.7 29.6
O2net [29] MM’22 X 40.4 312 586 204 250 14.9 22.7 30.5
AWADA [68] arXiv’'22 X 41.5 342 560 18.7 200 20.4 29.7 31.5
MTTrans [106] | ECCV’22 | X 44.1 30.1 615 251 269 17.7 23.0 32.6
MRT [113] ICCV’23 X 48.4 309 637 247 255 20.2 22.6 33.7
SFOD [55] AAAT21 v 31.0 324 488 204 213 15.0 24.3 27.6
SFOD-M [55] AAAT21 v 324 326 504 206 234 18.9 25.0 29.0
PETS [62] ICCV’23 v 42.6 345 624 193 16.9 17.0 26.3 31.3
AASFOD [13] AAAT23 | V/ 33.2 36.3 502 266 244 22.5 28.2 31.6
TITAN (Ours) | | v | 499 356 657 246 359 315 292 | 383
Oracle ‘ ‘ ‘ 69.2 51.3 831 629 633 49.6 50.0 \ 61.3
Table 3. (Left) Results of adaptation from synthetic to real scenes Exp | Method | Venue | SF | R@0.05 R@0.3 R@0.5 R@LO | AUC Fl-score
(52C). (Right) Results of adaptation across cameras (K2C). e | X | 0% om0 op |ome i
H2FA [100] CVPR'22 | X 0.03 0.13 0.18 0.36 0.634 0.236
R2In | MRT [113] ICCV’23 X 0.32 0.52 0.69 0.72 0.741 0.352
setting Sim2City (S2C) ‘ Kitty2City (K2C) Mexformer [90] | MM’21 v 0.24 0.31 0.39 039 | 0336 0287
IRG [19] CVPR’23 | v 0.16 0.25 0.37 0.39 0.308 0.235
Method | Venue | SF|  Car (AP) | Car (AP) LPLD [104] ECCV24 | v | 025 025 045 043 | 0548  0.635
DA-Faster [9] CVPR'IS | X 41.9 418 Ours \ | ] 05 078 080 083 |0892 0850
SAPNet [52] ECCV'20 | X 44.9 43.4 Exp | Method | Venue | SF | R@0.05 R@03 R@05 R@LO | AUC Fl-score
EPM [39] ECCV’20 | X 49.0 432 D-adapt [44] ICLR21 | X 0.00 0.06 0.09 0.1 |0381 0362
GPA [9()] CVPR’20 X 47.6 479 AT [58] CVPR:ZZ 0.01 0.08 0.10 0.12 0.385 0.311
MeGA-CDA[85] | CVPR2L | X 443 430 bain | MRTOIY | 1CCV2s | X | 005 008 o012 017 |07 o5
DSS [93] CVPR’21l | X 44.5 4.7 Mexformer [90] | MM21 | v | 002 003 003 003 | 006 009
ViSGA [77] ICCV’21 X 49.3 47.6 L‘}fi]_[)l 9 (?VPR:Z,? v 0.05 0.05 0.07 0.09 0.11 0.12
N [104] ECCV'24 | v 0.09 0.15 0.35 0.35 0.548 0.635
;??2[310] i\éﬁflzz § 52_‘6 gé? Ours 036 051 075 081 |0825 0838
MTTrans [106] ECCV’22 | X 57.9 -
L.ODS [53] CVPR'22 | X - 43.9 Table 4. (left-top) Results on adaptation from large to small-scale
gé S:PE?[(?J ;:CVCPVR:ZZ; j(( gg'z 12'2 medical datasets with different modalities (R2In), (left-bottom) Re-
SFOD [g;] AAAT21 | v 03 36 sults on adaptation across medical datasets with different machine-
SFOD-Mosaic [55] | AAAI21 | v 42.9 44.6 acquisitions (D21In)
IRG [87] CVPR’21 v 45.2 46.9
AASFOD [13] AAAI'23 v 44.0 449
PETS [62] ICCV’23 v 57.8 47.0 .
LPLD [104] ECCV'24 | v 49.4 513 4.2.1. Adaptation on Natural Images
(Ours) | | v 1 598 | 532 1. (C2F): Adaptation results from clear to foggy weather
Oracle | | x| 63.9 | 62.1

marks and two medical benchmarks mentioned earlier. Since
UDA and SF-DAOD share similar task settings, we con-
ducted comparisons with both. Table 1-3 and Table 4 present
the comparison results on natural and medical images, re-
spectively. Our proposed TITAN consistently outperforms
existing state-of-the-art (SOTA) methods, demonstrating sig-
nificant improvements across both natural and medical im-
ages, highlighting its effectiveness in both domains and its
potential to advance performance in real-world applications.
This further establishes TITAN as a promising solution for
tackling domain adaptation challenges in various tasks.
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shown in Tab. 1. Our method surpasses both UDA and
SF-DAOD methods.

. (C2B): Adaptation from small to large-scale datasets.
Please see Tab. 2.

3. (K2C): Adaptation across different cameras. Tab. 3 eval-
uates our model’s performance on domain shifts due to
different camera settings viz. resolution, quality etc.

. (S2C): Adaptation from synthetic to real images. To ex-
plore adaptation from synthetic to real scenes, we employ
a model pretrained on the complete SIM10k dataset [46]
as the source model. We then adapt this model to the
Cityscapes dataset [15], with only car images retained
and other categories discarded as shown in Tab. 3. Further
details are provided in the Supplementary (§ B).



(a) domain query-based feature alignment on the encoder side

high

low

(b) domain query-based feature alignment on the decoder side

Figure 3. "Visualization of domain queries from both the encoder and decoder sides of FocalNet-DINO, in the C2F scenario."

[ o oo | tmn | bode | pemon | car | roer | ok |

Figure 4. Qualitative results comparing Source model
(FocalNet-DINO), TITAN (ours), and ground truth visualiza-
tions. Our method shows accurate predictions.

4.2.2. Adaptation on Medical Imaging Datasets

1. (R2In): Adapting across datasets with different machine
acquisitions, using RSNA-BSD1K [7] as source and IN-
Breast [69] as the target. Our method outperforms exist-
ing approaches across FP I values (Tab. 4).

(D2In): Adapting from large to small-scale medical
datasets with different modalities, from DDSM [51] to
INBreast [69]. Our method achieves SOTA results across
FPI values (Tab. 4).

4.3. Ablation Studies

To gain deeper insights into our method, we perform ab-
lation studies by isolating each component of TITAN, as
presented in Table 5. We have the following observa-
tions: (1) both domain query-based adversarial learning
and token-wise adversarial learning can alleviate the domain
gaps and improve FocalNet-DINO transformer’s cross-
domain performance by 40.8 and 39.7 mAP, respectively; (2)
query-based domain adversarial learning and token-wise do-
main adversarial learning are complementary to each other.
Thereby, a combination of both brings further improvement;
(3) The target division (TD) based adversarial learning is
effective, resulting in a gain of 51.2 mAP.

4.3.1. Visualization of Domain Query.

The query-token domain feature alignment adaptively aggre-
gates global context in the encoder and decoder. As visu-
alized in Fig. 3, the encoder query attends to regions with
domain gaps, like dense fog, while the decoder query empha-
sizes foreground objects such as cars and bicycles, capturing
key domain shifts. More visualizations and ablations are
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Table 5. Ablation studies on query-token based domain adversar-
ial learning, without target division, are conducted on the C2F
scenario. DQ,,,. and DQ,,, are applied to the final encoder and
decoder layers, respectively. Similarly, TWen,. and TW 4. denote
TITAN applied to the last encoder and decoder layers.

Baseline DQ.,. DQu.. TWene TWgee TD \ mAP
v \ 35.2
v 37.5

v 36.7

v 38.5

v 37.9

v v 40.8

v v 39.7

v v 47.1

v v 45.6

v v v v v v \ 51.2

provided in the Supplementary Material (§ F).

4.3.2. Detection Results

Fig. 4 presents in-depth visual comparisons between
FocalNet-DINO and our framework TITAN, alongside
the ground-truth annotations. As shown, TITAN consistently
enhances detection performance across all three scenarios.
It effectively reduces false positives and identifies difficult
objects that FocalNet-DINO misses. In the first row, TI-
TAN successfully detects a car that is distant and not labeled
in the ground-truth, highlighting its strong generalization
capability to the target domain.

5. Conclusion

We introduce a novel source-free domain adaptive object
detection framework that segments the target domain into
easy and hard samples, and subsequently aligns them in the
feature space through query-token-based adversarial learn-
ing. Extensive experiments on both natural and medical
image benchmarks show that our method consistently sur-
passes existing state-of-the-art approaches. Additionally,
ablation studies validate the contribution of each component
to enhancing the model’s ability to adapt across domains.
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