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Abstract

Detectors often suffer from performance drop due to do-
main gap between training and testing data. Recent meth-
ods explore diffusion models applied to domain general-
ization (DG) and adaptation (DA) tasks, but still struggle
with large inference costs and have not yet fully leveraged
the capabilities of diffusion models. We propose to tackle
these problems by extracting intermediate features from a
single-step diffusion process, improving feature collection
and fusion to reduce inference time by 75% while enhanc-
ing performance on source domains (i.e., Fitness). Then,
we construct an object-centered auxiliary branch by apply-
ing box-masked images with class prompts to extract ro-
bust and domain-invariant features that focus on object. We
also apply consistency loss to align the auxiliary and or-
dinary branch, balancing fitness and generalization while
preventing overfitting and improving performance on target
domains (i.e., Generalization). Furthermore, within a uni-
fied framework, standard detectors are guided by diffusion
detectors through feature-level and object-level alignment
on source domains (for DG) and unlabeled target domains
(for DA), thereby improving cross-domain detection perfor-
mance (i.e., Transferability). Our method achieves compet-
itive results on 3 DA benchmarks and 5 DG benchmarks.
Additionally, experiments on COCO generalization bench-
mark demonstrate that our method maintains significant ad-
vantages and show remarkable efficiency in large domain
shifts and low-data scenarios. Our work shows the supe-
riority of applying diffusion models to domain generalized
and adaptive detection tasks and offers valuable insights for
visual perception tasks across diverse domains. The code is
available at Fitness-Generalization-Transferability.

*“Equal contribution.
Corresponding author.
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1. Introduction

Distribution discrepancies between training data and real-
world environments are inevitable in practical applications
of object detection. Factors such as weather variations,
sensor differences, diverse lighting conditions, and envi-
ronmental noise contribute to domain shift between train-
ing and testing datasets. This domain gap causes even the
state-of-the-art (SOTA) detectors [55, 56, 64, 81] to suffer
from significant performance degradation when applied to
diverse and unseen domains [66, 86].

To address domain gaps in object detection, researchers
have developed two main approaches: Domain Adapta-
tion (DA) and Domain Generalization (DG). DA lever-
ages unlabeled target domain data through feature align-
ment [9, 44, 59], style transfer [21, 41, 89], and self-
training with pseudo-labels [3, 4, 80]. However, since tar-
get data is often unavailable beforehand, DG methods focus
on data augmentation [30, 85], domain-invariant feature ex-
traction [13, 37], and adversarial training [39, 90] to build
robust detectors using only source domain data that perform
well across unseen domains.

Vision foundation models offer fresh perspectives on do-
main challenges. DDT [23] and GDD [24] utilize diffusion
models [19, 28, 61] to build robust detectors for DA and
DG tasks, outperforming previous methods. However, these
approaches suffer from computational inefficiency due to
large parameters and multi-step denoising processes, lim-
iting their practical deployment. Moreover, existing frame-
works fail to fully exploit the multimodal capabilities of dif-
fusion models or develop specialized architectures for DG
and DA tasks, indicating untapped potential for improving
generalization and adaptation performance.

In this paper, we address these limitations through three
key strategies. First, unlike DDT [23] and GDD [24] which
rely on computationally expensive multi-step diffusion pro-
cesses, we implement single-step feature extraction with
optimized collection and fusion structures. Second, we de-



sign an object-centered auxiliary branch using box-masked
images and class prompts, leveraging diffusion models’
multi-modal capabilities. Finally, we align regular and aux-
iliary branch through consistency loss, enabling domain-
invariant feature learning without affecting inference speed.
Compared to SOTA method GDD [24], our approach re-
duces inference time by 75% while achieving {2.7, 0.6, 3.8,
4.8, 3.3} % mAP improvements across 5 DG benchmarks.

We also explore transferring the powerful generaliza-
tion capabilities of diffusion detectors to standard detectors.
Building upon the DDT [23] and GDD [24] approaches,
we propose a unified transfer framework that aligns at
both feature and object levels, applicable to both DA and
DG tasks. Benefiting from our improved diffusion detec-
tor, diffusion-guided detectors achieve {0.4, 1.6, 0.8, 1.8,
1.6}% mAP improvements across 5 DG benchmarks com-
pared to GDD [24], and {7.9, 6.6, 1.7} % improvements on
3 DA benchmarks compared to DDT [23].

Furthermore, we evaluate diffusion detectors on larger-
scale benchmarks, training on different proportions (1%
and 100%) of COCO [46] and testing across 11 cross-
domain datasets. Compared to advanced architectures
(ConvNeXt [50], Swin [49], VIT [16]) and pre-trained mod-
els (GLIP [40]), our method shows significant advantages,
particularly in scenarios with large domain shifts or lim-
ited data. Our results on multiple DG and DA benchmarks
demonstrate our approach offers an efficient solution to ad-
dressing domain gap challenges in detection tasks.

2. Related Work
2.1. DG and DA for Object Detection

Detectors suffer performance drop when deployed in envi-
ronments different from training data. DA approaches ad-
dress this by aligning feature distributions through adver-
sarial learning [9, 44, 59, 73] or consistency-based learning
with pseudo-labels [3, 4, 15, 44]. However, these methods
require target domain data during training. To overcome
this limitation, DG methods develop robust models with-
out accessing target data, primarily through data augmen-
tation [12, 13, 30, 85], adversarial training [39, 90], meta-
learning [1, 17], and style transfer [21, 89]. Recent works
extend these to detection tasks via multi-view learning [87],
feature disentanglement [72], augmentation [13, 37] and
causal inference [48]. Despite these advances, current
methods still struggle to effectively handle the complex do-
main shifts present in real-world environments.

2.2. Diffusion-Based Applications

Diffusion models [19, 29, 53, 57, 58, 61] have demon-
strated exceptional capabilities in image generation and rep-
resentation learning [2, 74]. Their noise-adding and de-
noising mechanism provide natural robustness against vi-
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sual perturbations [51, 63], making them promising for do-
main generalization tasks. Recent works have successfully
applied diffusion-derived features to semantic segmenta-
tion [2], panoptic segmentation [74], and image correspon-
dence [51, 63]. Specifically, DDT [23] and GDD [24] ex-
plored diffusion models for DA and DG detection task re-
spectively, achieving significant improvements that demon-
strate the potential of building robust diffusion-based detec-
tors. Our approach builds upon the work [23, 24], substan-
tially optimizing inference efficiency while enhancing both
fitness and generalization capabilities, showing strong per-
formance across complex cross-domain scenarios and vari-
ous data scales.

3. Method

3.1. Preliminaries

Object Detection: Object detection aims to locate and clas-
sify objects within images. Given an input image I, a detec-
tor outputs bounding boxes B = {b;}}¥.; with correspond-
ing class labels C = {c;}¥,, where ¢; € {1,2,..., K} for
K categories. We adopt Faster R-CNN [56] as our default
detector, which first generates region proposals via a Re-
gion Proposal Network (RPN), then uses Region of Interest
(ROI) head to extract features for classification and bound-
ing box regression.

DG and DA for Object Detection: Domain Generaliza-
tion (DG) and Domain Adaptation (DA) address distribu-
tional shift between domains. With source domain Dg
{(=f,y?)}15 and target domain Dy = {2}, the goal
is optimal performance on Dr. DG works without access-
ing target data during training, while DA leverages unla-
beled target data to adapt the model.

Diffusion Process of Diffusion Models: Diffusion mod-
els define a forward process that gradually adds Gaus-
sian noise to data samples. This forward process trans-
forms a data sample x( into noise x7 through a Markov
chain. The transition probability is given by: q(x¢|x;—1) =
N (x4; /1 = Bext—1, B:1), where 3; € (0,1) controls the
noise added at each step. Remarkably, we can sample x;
directly from x¢ using: x; = \/@;xo + /1 — aye€, where
a; = [['_,(1 — B;) accumulates the noise schedule effects
and € ~ N(0,1I) is standard Gaussian noise.

3.2. Feature Collection and Fusion

Collection: To optimize inference efficiency, we propose
to extract rich and robust features from a single-step diffu-
sion process rather than across multiple steps in DDT [23].
Given an input image xp, we apply the forward diffu-
sion process to obtain a noisy sample x; at a specific
timestep ¢. From the noise predictor Fy, we extract two
comprehensive sets of features: 12 feature groups from
ResNet blocks in the UNet upsampling structure, denoted
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Figure 1. Feature collection and fusion from UNet on single-step
diffusion process .

as Slrfg c Rcl o XH] 5 XWRS , where | € {1,2’374} indi-

cates the layer and k € {1, 2, 3} specifies the block position
within each layer; and 9 feature groups from cross—attention
blocks, denoted as sfltkt € REEWXHI W , where | €
{1,2,3}and k € {1, 2, 3}. This focused extraction strategy
captures the multi-scale semantic information while main-
taining computational efficiency as shown in the left part of
Fig. 1.

Fusion: Our feature fusion approach leverages the hier-
archical structure as shown in Fig. |. From upsampling
stages, we obtain features at four different spatial resolu-
tions F; for [ € {1,2,3,4}. Different from processing
each layer separately as in GDD [24], we concatenate all
features of the same scale into a unified representation:
F@ = ¢( ielsv ’11"62875’11‘357Sflt1t’ fzt2t7 a’tt) for each layer Z
where ¢(+) denotes channel-wise concatenation. Each con-
catenated feature group then undergoes a single bottleneck
projection: FY' = B(F}), where B(-) represents the bot-
tleneck operation that projects features to dimensions C; =
256 x 2!~1. Then we implement skip connections by adding
features of matching resolutions: F;_, = U(F}) + F/_,,
where U(-) denotes the upsamphng operation, preserving
fine-grained details that might otherwise be lost with di-
rect upsampling in GDD [24]. The final feature pyramid
Flinal = (Fr}L, with F € ROVH/2 X W/2 (where
Cy; = 256 x 2!=! for | € {1,2,3,4}) aligns structurally
with standard ResNet [25] outputs, ensuring compatibility
with detection heads while effectively compensating for the
performance limitations of single-step feature extraction.

3.3. Dual-branch of Diff. Detector

Ordinary Branch: Our diffusion backbone extracts fea-
tures as described above to construct the Diff. Detector
(Fairr). Given source domain images z° and labels y°, we
process inputs through the frozen diffusion structure and
trainable feature extraction components to generate the fea-
ture pyramid F/"* These features feed into RPN and ROI

ord
heads, the training objective is:

1914

Lora = L(Faier(2%),y°) (1)
where £ combines the classification, bounding box regres-
sion, and region proposal losses of Faster R-CNN, as illus-
trated in the bottom panel of Fig. 2.

Object-centered Auxiliary Branch: Diffusion models
demonstrate powerful multimodal understanding capabili-
ties through text-conditioned image generation, yet this ad-
vantage remains unexplored in DDT [23] and GDD [24].
We propose an object-centered auxiliary branch that lever-
ages the cross-modal capabilities of diffusion to enhance
feature representation and generalization for detection.

Specifically, our Object-centered Auxiliary Branch takes
source domain images z° along with their corresponding
bounding box masks m*° and class prompts p° as inputs.
First, we generate object-centered images via z.) ..
% ® m?®, where © represents element-wise multiplication
and m?® is a binary mask derived from ground-truth bound-
ing boxes, with non-object regions set to zero. We then
feed 25 ., and class prompts p® into the diffusion model’s
conditioning process, where z = £(z mask) is the latent
representation from the image encoder and ¢ = 7 (p°) is
the semantic embedding from the text encoder. The cross-
attention mechanism facilitates interaction between textual
conditions and image features, focusing attention on regions
relevant to the prompted class.

This process enables the diffusion model to generate fea-
tures with enhanced focus on specified object categories.
We extract features F/"%! from the same positions as in
the ordinary branch and apply identical detection heads as
shown in the top part of Fig. 2. The objective function for
this auxiliary branch is:

Lowe = [’(‘Fdlﬁ( maskvps)vys) 2

By fully leveraging ground-truth labels during training,
this branch provides additional supervision that better ex-
ploits the multimodal capabilities of diffusion models, lead-
ing to more domain-invariant and object-centered represen-
tations.

3.4. Dual-branch Consistency Loss

To promote stronger domain-invariant feature learning in
the ordinary branch, we align its features and ROI outputs
with those from the Object-centered branch. This alignment
enables the inference-time model, which relies solely on
the ordinary branch, to benefit from domain-invariant fea-
tures, thereby enhancing generalization on unseen domains.
Specifically, for features F/"% and F/inal from the two

ord aux
branches, we align them using mean squared error loss:
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Furthermore, referencing CrossKD [67], we design
cross-head alignment to align the ROI outputs from both
branches, including bounding box alignment and class
alignment. The ROI outputs consist of B,,.4 and B, for
bounding box predictions, and C,,.q and C,,, for classi-
fication logits from the ordinary and auxiliary branches re-
spectively:

Efeature = ”

Ebom
Lear = Z P.q(i) log

|Bord - Baum| (4)

®)

Porali)
Plus(t)
where P, and P represent the softened probability dis-
tributions obtained by applying softmax with temperature 7
to the classification logits C,,-4 and C,,,; respectively.
The full alignment objective is formulated as a weighted
combination of feature and output consistency:

»Ccons = »Cfeature + v (['box + Ecat) (6)

where v is a weighting parameter that balances the impor-
tance between feature-level and output-level alignments.

3.5. Full Objective

Combining the ordinary branch detection loss, auxiliary
branch detection loss, and consistency loss, the full train-
ing objective of our diff. detector is formulated as:

Etotal = ACord + [/auw + )\ﬁcons (7)

where )\ is a weighting parameter that controls the contri-
bution of the consistency regularization between the two
branches.
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method shows improvements with 75%
less inference time.

3.6. Dual-branch and Consistency Loss for Gener-
alization

From a representation learning perspective, achieving do-
main generalization requires disentangling task-relevant
domain-invariant features from domain-specific features.
We can formally decompose image features as:
D(x) = a®@ipy(x) + Pype () ®)
where ®;,,,(x) represents domain-invariant features essen-
tial for detection tasks (e.g., object geometry, semantic at-
tributes), @, (x) represents domain-specific features (e.g.,
lighting conditions, background environments), and « is a
coefficient indicating the contribution weight of invariant
features.
Dual-branch Mechanism for Feature Disentanglement:
Our dual-branch architecture implements this disentangle-
ment principle through complementary learning paths. The
Ordinary Branch processes complete images, initially cap-
turing both ®;,,,, () and D, (z) with a smaller ¢, while the
Object-centered Branch emphasizes ®;,,, () with a larger
o while suppressing ®,.(z) through object masks m®
and class prompts p°, such that @4, (25, ., p°) primar-
ily contains ®;,,, (x) with enhanced c.
Consistency Loss as Knowledge Distillation: The consis-
tency loss functions as a knowledge transfer mechanism that
guides the ordinary branch toward domain-invariant repre-
sentations. By aligning features and detection outputs be-
tween branches, we guide the ordinary branch to amplify
its domain-invariant features by increasing a:
Far(x%) £2% Foin(25 auir p°)

)

From a risk minimization perspective, minimizing these
consistency losses helps reduce the domain generalization



error bound:
Rr(h) < Rs(h) +dy(Ds,Dr) + 6 (10)

The consistency loss reduces dy(Dgs, D) by encour-
aging features with domain-invariant components, ensuring
predictions become invariant across domains d 4 and dp:

min [E[Y|Far(X), D = da] = E[Y |Far(X), D = dp]]|
diff
(1)
Additionally, this loss serves as a regularization term that
mitigates overfitting on source domains:

min_ Leqsk (Faier () A Leons (Fairr(25), Faiee (25, 0sr, 7))

Faitt EF
(12)
This constraint effectively shrinks the hypothesis space,
with both branches sharing the same feature extractor of
Fife but operating on different inputs.

3.7. Unified Transfer Framework for DG and DA
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Figure 4. Unified transfer framework for DG and DA with feature-
and object-level alignment.

Given the strong generalization capabilities demon-
strated by the diffusion detector, we aim to transfer these
capabilities to ordinary detectors as shown in Fig. 4. We
present a unified transfer framework that consolidates ap-
proaches from both DDT [23] and GDD [24] and follow
their settings, establishing alignment at feature (Lg,) and
object levels (Lop;), as:

»Ctransfer = »Cdet + »Cfea + »Cobj (13)

where Lge¢ is detection loss from supervised learning on
source domain.

This framework adapts to each task differently. For DA,
it generates pseudo-labels in the target domain for object-
level alignment while aligning representations for feature-
level alignment. For DG, both alignments occur only within
source domains, creating a knowledge distillation process
that transfers domain-invariant qualities from diffusion to
ordinary detector.

4. Experiments

4.1. DG and DA Benchmarks

(1) Cross Camera: Cityscapes [11] (2,975 training im-
ages from 50 cities) to BDD100K [79] day-clear split with
7 shared categories following SWDA [59].

(2) Adverse Weather: Cityscapes to FoggyCi-
tyscapes [60] with the most challenging 0.02 split to evalu-
ate robustness under degraded visibility conditions.

(3) Real to Artistic: VOC [20] (16,551 real-world im-
ages) to Clipart (1K images, 20 categories), Comic (2K
images, 6 categories), and Watercolor (2K images, 6 cat-
egories) [34] following AT [44].

(4) Diverse Weather Datasets: Daytime-Sunny (26,518
images) to Night-Sunny (26,158 images), Night-Rainy
(2,494 images), Dusk-Rainy (3,501 images), and Daytime-
Foggy (3,775 images) following [71] and [37].

(5) Corruption Benchmark: Cityscapes-C [52] with 15
corruption types (noise, blur, weather, and digital perturba-
tions) at 5 severity levels following OADG [37].

We test our DG and DA methods on benchmarks (1)-
(5) and (1)-(3) respectively, while comparing with existing
works. Additionally, we propose a larger-scale DG bench-
mark: COCO Generalization Benchmark, trained on
COCO02017 [46] dataset and tested on 11 various datasets
as shown in Tab. 6.

4.2. Implementation Details

Experimental Settings: Our experimental settings gener-
ally align with DDT [23] and GDD [24]. Specifically, all
experiments are implemented on MMdetection [6]. We con-
sistently use SGD optimizer with a learning rate of 0.02
and a total batch size of 16, training for 20K iterations on
two 4090 GPUs. For diff. detector (Diff. Detector), we ap-
ply frozen official weights from Stable Diffusion v1.5 (SD-
1.5) and v2.1 (SD-2.1) provided by StabilityAl. In our dif-
fusion guided DG and DA experiments, we employ Faster
R-CNN [56] with R101 [25] as our baseline detector (Diff.
Guided, R101). We report AP5( for each category and mAP
across all categories. For Cityscapes-C [52], we report mPC
(average APs50.95 across 15 corruptions with 5 levels) fol-
lowing [37] as shown in Tab. 5.

Data Augmentations: We follow GDD’s [24] domain aug-
mentation strategy (Domain Aug.) in all experiments, using
image-level (color and spatial transformations) and domain-
level augmentations (FDA [78], Histogram Matching, and
Pixel Distribution Matching). For DG experiments, we ap-
ply these augmentations only on source domains, while for
DA experiments, we implement them between source and
target domains. Code and more detailed settings are pro-
vided in supplementary materials, along with additional
experimental analyses, class-wise results, and qualitative
visualizations.



4.3. Results and Comparisons

Table 1. DG and DA Results (%) on BDD100K.

Methods

‘Bike Bus Car Motor Psn. Rider Truck

mAP

DG methods (without target data)

CDSD [71] (cvrr22) 229 205 338 147 185 236 182 217
SHADE [84] (eccv22) 25.1 19.0 36.8 184 24.1 249 19.8 24.0
MAD [75] (cvrr23) - - - - - - - 28.0
SRCD [54] (tNNLS'24) 24.8 21.5 387 19.0 257 284 23.1 259
DDT (sD-1.5) [23] (mpr724) - - - - - - - 32.7
GDD (sp-1.5) [24] cver25)| 38.9 31.0 71.5 37.6 61.5 47.0 385 46.6
GDD (r101) [24] (cver25) | 38.4 334 72.0 383 603 47.0 350 463
Ours (Diff. Detector, SD-1.5) | 41.2 41.7 72.7 372 62.8 487 40.5 49.3
Ours (Diff. Guided, R101) 39.4 341 722 374 613 469 357 467
DA methods (with unlabeled target data)
EPM [32] (eccvi20) 20.1 19.1 55.8 145 39.6 268 188 27.8
TDD [26] (cvrr22) 28.8 255 539 245 39.6 389 24.1 336
PT [8] (cmr22) 28.8 33.8 52.7 23.0 405 399 258 349
SIGMA [42] (cvrr22) 26.3 236 64.1 179 469 296 202 327
SIGMA++ [43] (rramr23) | 27.1 26.3 65.6 17.8 47.5 304 21.1 33.7
NSA [88] (rccv23) - - - - - - - 35.5
HT [15] (cvrr23) 38.0 30.6 63.5 282 534 404 274 402
MTM [70] (a44r24) 28.0 28.8 68.8 23.8 537 351 23.0 373
CAT [36] (cvPr24) 346 31.7 612 244 446 415 314 385
DDT (r101) [23] (mpr24) 40.3 32.3 66.7 31.8 59.1 416 31.8 434
Ours (Diff. Guided, R101) ‘43.6 429 752 405 64.6 496 429 513
Table 2. DG and DA Results (%) on FoggyCityscapes.
Methods ‘Bus Bike Car Motor Psn. Rider Train Truck mAP
DG methods
DIDN [45] (cvrr21) 35.7 33.1 493 248 31.8 384 265 277 334
FACT [76] (cver21) 27.7 31.3 359 233 262 412 30 136 253
FSDR [33] (cvrr22) 36.6 34.1 43.3 27.1 31.2 444 119 193 31.0
MAD [75] (cvpr23) 44.0 40.1 45.0 303 342 474 424 256 38.6
DDT (SD-1.5) [23] (Mm24) - - - - - - - - 36.1
GDD (sp-1.5) [24] (cvrr25)|56.2 50.4 66.7 39.9 50.2 59.5 39.9 38.0 50.1
GDD (r101) [24] (cver25) |53.8 54.2 67.5 45.6 52.1 60.8 53.9 324 525
Ours (Diff. Detector, SD-1.5) |53.0 55.4 68.1 42.1 51.0 599 394 364 50.7
Ours (Diff. Guided, R101) 55.3 62.7 68.2 455 529 62.0 484 374 54.1
DA methods
MIC [31] (cvrr23) 524 475 67.0 40.6 509 553 337 339 47.6
SIGMA++ [43] (rpamr23) |52.2 39.9 61.0 34.8 46.4 45.1 446 321 445
CIGAR [47] (cvpPr:23) 56.6 41.3 62.1 33.7 46.1 473 443 278 449
CMT [3] (cvpr23) 66.0 51.2 63.7 41.4 459 557 388 39.6 503
HT [15] (cvpr23) 55.9 50.3 67.5 40.1 52.1 55.8 49.1 327 504
DSCA [22] (Pr>24) 54.7 549 684 40.1 554 61.0 359 351 50.7
UMGA [82] (rPamr24) 58.0 43.7 649 383 479 50.1 45.6 348 479
CAT [36] (cvrr24) 66.0 53.0 63.7 449 44.6 57.1 49.7 40.8 525
MTM [70] (Aaar24) 544 477 67.2 38.4 51.0 534 41.6 372 4389
DDT (R101) [23] (Mp24) 53.5 522 642 435 509 60.0 424 33.6 50.0
Ours (Diff. Guided, R101) ‘56.9 66.2 71.7 49.1 55.6 63.1 489 41.1 56.6

We present our DA results in Tab. 1, 2, and 3, while
DG results are shown in Tab. 1, 2, 3, 4, and 5, with
comparisons to SOTA methods. The bold values indi-
cate the best results, and Yellow Background highlights
methods achieving the best average performance. To save
space in tables, we use the following dataset abbreviations:
City. (Cityscapes), BDD. (BDD100K), Foggy. (FoggyCi-
tyscapes), Cli. (Clipart), Com. (Comic), Wat. (Watercolor),
DF (Daytime-Foggy), DR (Dusk-Rainy), NR (Night-
Rainy), and NS (Night-Sunny).
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Table 3. DG and DA Results (%) on Clipart, Comic, and Water-

color.
DG Methods DA Methods
Methods |Cli. Com. Wat, ~ Methods Cli. Com. Wat.
" SWDA [59] (cvrr'19) 38.1 294 533
Div. [13] (cvrr24) 33.7 25.5 525 UMT [14] (cver21) 441 — 581
DivAlign [13] (cvrr24) 38.9 332 574 SADA [10] (cvany 433 — 560
DDT (sD-1.5) [23] (um24) |47.4 44.4 58.7 DBGL [5] (iccv2ny 41.6 29.7 538
GDD (sp-1.5) [24] (cvrr25)|58.3 51.9 68.4 AT [44] (cvrr22) 493 - 599
GDD (R101) [24] (cver25) [40.8 29.7 54.2 %{’:?@‘ﬁ {;ZL;QH} ig:g 42‘5 B
Ours (Diff. Detector, SD-1.5) |64.1 55.2 69.7 LODS [41] (cvPr22) 452 - 582
Ours (Diff. Guided, RIOI)  |40.5 30.0 56.6 ~ CIGAR [47](cvrr2s) 1462 - —
CMT [3] (cvrr23) 470 - -
DAVimNet [18] (arxiv24)|43.8 —  54.8
UMGA [82] (reamr24) 1499 - 62.1
CAT [36] (cvrr24) 49.1 - -
DDT (ri01) [23] (mm24) |55.6 50.2 63.7
Ours (Diff. Guided, R101) |58.2 50.5 68.0
Table 4. DG Results (%) on Diverse Weather Datasets.
Methods | DF DR NR NS | Average
CDSD [71] (cver22) 335 28.2 16.6  36.6 28.7
SHADE [84] (Eccv22) 334 295 16.8 339 28.4
CLIPGap [65] (cvrr23) 320 260 124 344 26.2
SRCD [54] (TNNLS*24) 359 288 17.0 36.7 29.6
G-NAS [72] (arar24) 364 35.1 174 45.0 335
PhysAug [77] (arxivi24) 40.8 412 231 449 37.5
OA-DG [37] (aAAr24) 383 339 16.8  38.0 31.8
DivAlign [13] (cvrr24) 372  38.1 24.1 42.5 35.5
UFR [48] (cvrr:24) 39.6 332 192 408 332
Prompt-D [38] (cvrr24) 39.1 33.7 19.2 385 32.6
DIDM [27] (arxiv'25) 393 354 192 420 34.0
GDD (sD-1.5) [24] (cvPR25) 433 42.5 27.8 47.0 40.2
GDD (Rri01) [24] (cvPr25) 44.7 37.4 21.7 48.7 38.1
QOurs (Diff. Detector, SD-1.5) 48.5 484 313 516 45.0
Ours (Diff. Guided, R101) 46.7 39.1 224 50.5 39.7

4.3.1. DG Results of Diff. Detector

Tab. 1, 2, 3, 4, and 5 show diff. detector outperforms SOTA
GDD [24] across all benchmarks. Both approaches signifi-
cantly surpass other recent methods [13, 37, 38, 48, 54, 65,
72, 75], confirming diffusion models’ effectiveness for DG.
Notably, our method achieves 3.0% average mAP improve-
ment while reducing inference time by 75% compared to
GDD [24] as shown in Fig. 3.

4.3.2. DG Results of Diff. Guided Detector

Tab. 1, 2, 3, 4, and 5 show the results of ordinary detectors
(Faster R-CNN with R101) guided by diff. detector. Fol-
lowing the settings in GDD [24], our methods achieve im-
provements {0.4, 1.6, 0.8, 1.8, 1.8} % mAP improvements
on 5 DG benchmarks compared to GDD, indicating that a
stronger diff. detector typically provides better guidance.

4.3.3. DA Results of Diff. Guided Detector

Similarly, we adopt the diff. detector as a teacher model
to generate pseudo-labels on unlabeled target domains and
guides the student model through semi-supervised learn-



Table 5. Generalization Detection Results (%) on Cityscapes-Corruption Benchmark.

Noise Blur Weather Digital
Methods Clean | Gauss. Shot Impulse | Defocus Glass Motion Zoom | Snow Frost Fog | Bright Contrast Elastic JPEG Pixel | mPC |
FSCE [62] (cvrr21) 43.1 74  10.2 8.2 233 203 215 4.8 56 23.6 37.1| 38.0 31.9 40.2 204 232 210
OA-Mix [37] (aaar24) 42.7 72 9.6 7.7 22.8 188 219 54 52 236 373 387 31.9 40.2 202 222 | 208
OA-DG [37] (aaA124) 434 82 10.6 8.4 24.6 205 223 4.8 6.1 250 384 39.7 32.8 40.2 220 238 | 218
GDD (sD-1.5) [24] (cver2s) | 347 | 203 232 172 26.8 21.7 237 34 | 166 242 325 344 30.6 337  29.1 244 24.1
GDD (R50) [24] (cvrr25) 42.1 1.0  13.6 10.8 25.0 142 214 34 54 240 39.6| 40.3 36.3 392 189 16.0| 213
Ours (Diff. Detector, SD-1.5) 23.1 26.6 20.6 297 245 255 41 | 183 282 37.2| 392 35.5 37.4 327 288 | 274
Ours (Diff. Guided, R50) 415 \ 139 166 135 24.8 142 220 3.7 59 247 40.0| 404 359 395 189 17.1 | 221

Table 6. Comparison of DG Performance on COCO Generalization Benchmark Under Different Training Data Scales.

*indicates we don’t

apply object alignment in consistency loss in FCOS and DINO detectors.

Settings | Models | COCO Val | VOC City. BDD. | Foggy. | Cli. Com. Wat. | DF DR NR NS | Avg.on11 | Inf. time (ms)
ResNet-R50 [25] 204 364 26.6 18.6 8.2 10.1 6.6 143 | 106 59 1.1 6.5 13.2 -
ConvNeXt-Base [50] 32.5 539 349 28.2 29.8 18.8 14.9 269 | 256 162 59 186 24.9 -
1% COCO. Swin-Base [49] 27.7 46.0 29.0 23.1 16.3 12.9 8.1 19.8 | 16.8 103 2.1 9.0 17.6 -
Faster R—CN’N VIT-Base [16] 28.1 533 18.0 18.0 8.8 11.1 6.1 114 | 13.8 11.1 2.6 6.9 14.6 -
GLIP (Swin-Tiny) [40] 32,5 539 36.1 27.5 19.6 18.6 13.0 16.1 | 20.1 145 4.1 13.7 21.6 -
Ours (SD-1.5) 334 704  36.5 27.9 31.0 440 378 50.1 | 26.6 19.8 10.7 20.8 34.1 -
ResNet-R50 [25] 58.1 84.0 495 45.8 35.2 32.6 237 40.8 | 333 248 10.7 303 37.3 27
ConvNeXt-Base [50] 64.5 834 534 50.9 43.1 435 355 479 | 405 344 176 360 44.2 54
100% COCO Swin-Base [49] 61.5 79.6 529 48.0 38.9 37.8 294 417 | 37.6 32.1 144 33.0 40.5 55
Faster R-CNI\} VIT-Base [16] 62.7 86.3 35.1 40.4 229 383 241 489 | 31.2 29.1 124 263 359 78
GLIP (Swin-Tiny) [40] 62.0 799 540 486 41.4 389 29.6 403 | 379 315 150 349 41.1 31
Ours (SD-1.5) 67.0 86.6 54.1 51.2 45.8 646 519 66.6 | 41.7 392 21.7 40.7 513 164
100% COCO, | FCOS* [64] 64.3 85.0 503 48.3 42.0 629 521 659 | 39.6 364 19.7 39.0 49.2 171
SD-1.5 DINO* [81] 68.3 88.2 51.2 51.1 459 61.7 508 63.6 | 420 393 220 402 50.5 232

ing. Following the same settings as DDT [23], our method
achieves {7.9, 6.6, 1.7} % improvements on 3 DA bench-
marks.

4.3.4. COCO Benchmark Evaluation

As shown in Tab. 6, our diff. detector outperforms [16, 25,
40, 49, 50] on the COCO Generalization Benchmark us-
ing both 1% and 100% training data. Our method excels
particularly in Data-Scarce Scenarios, Extreme Domain
Shifts (Clipart, Comic, Watercolor [34], and Night-Rainy),
demonstrating its suitability for limited data and substan-
tial domain gaps. Results remain consistent across differ-
ent detectors (FCOS [64] and DINO [81]), confirming our
framework’s broad applicability.

4.4. Failure Cases Analysis

Although diff. detector and diff. guided detector achieved
significant improvements on DG and DA benchmarks, the
ordinary detector guided by diff. detector showed limited
gains in Real to Artistic scenarios, underperforming com-
pared to GDD [24] (by -0.3% on Clipart) and DivAlign [13]
(by -3.2% on Comic and -0.8% on Watercolor). While gen-
erating pseudo-labels works efficiently for DA tasks, frame-
works that align solely on source domains may fail when
target domains remain unseen with enormous domain gaps.

5. Ablation Studies
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5.1. Studies on Diffusion Detector

Components of Diff. Detector: We present ablation stud-
ies in Tab. 7. Domain Augmentation, Feature Collection,
and Feature Fusion improve both source domain fitness and
target domain generalization. The Auxiliary Branch builds a
more robust diffusion detector, while the Consistency Loss
enhances cross-domain generalization with minimal impact
on source domain accuracy, validating its role in balancing
fitness and generalization. The Inference Time results show
Feature Collection and Feature Fusion mitigate accuracy
drops from single-step diffusion efficiently. Domain Aug-
mentation, Auxiliary Branch, and Consistency Loss only ap-
ply during training with no impact on inference speed.

Studies of Loss Weights v and \: As shown in Tab. 8, both
~ and A demonstrate stable performance within [0.5,1.5],
because L,,s gradually decreases during the later training
steps, minimally affecting the final results.

Results and Comparisons of SD-2.1: We present results
using SD-2.1 weights in Tab. 9. Similar to SD-1.5, our
method demonstrates consistent improvements across all
settings compared to DDT [23] (average 12.3% on diff. de-
tector and 4.1% on diff. guided DA) and GDD [24] (aver-
age 5.4% on diff. detector and 3.1% on diff. guided DG),
confirming the generality of our approach.



Table 7. Ablation Studies of Proposed Components on Diff. Detector. * indicates we test the in-
ference time by applying same settings on 4090 GPU with scale (1333, 800), which may different

Table 8. Studies of loss weights ~y
in Leons (Equ. 6) and A in Liotar

from GDD [24] reported. (Equ. 7).
Detector Domain | Feature Feature| Aux. Consist. lIn-Domain Cross-Domain ) Inf. time 5 ‘ Foggy. BDD. Cli
Aug. Coll.  Fusion |Branch Loss City. VOC Foggy. BDD. Cli. (ms)
/o Noise Addi 374 749 | 308 291 382 132 00| 476 459 612
w/0 Noise mng - - - - - R . JU. . .
wl Noise Adding | - - - - - 385 747 | 349 343 436 132 05| 501 490 63.7
v 40.9+2.4 75.2+05 | 39.4+4.5 36.1+18 47.2+3.6 132 Lo 507 49.3 641
- - - - .9+2.4 J.2+0.5 4+4.5 36.1+1.8 243
- v ; ; o | 443458 773426 37.8029 352409 466:30 144 15| 508 493 64.2
Ours (T' = 1) - - v - - | 46,1476 79.4+47|38.6+37 36.1+18 49.4+58 151 20 491 491 627
w/ Noise Adding - v v - - 52.4+139 81.3+6.6 | 40.1+52 37.9+436 51.2476 164 X
A | Foggy. BDD. Cli.
- - - v - 46.9+8.4 78.9+4.2 | 40.4+55 39.0+4.7 53.3+9.7 164
- - - v v 46.0+7.5 78.8+4.1 | 43.2+83 41.3+70 57.6+140 164 00| 458 447 5938
v v v v - 624 879 | 458 447 598 164 0.5] 503 489 63.1
v v v v v 61.1-13  87.3-06 | 50.7+49 49.3+46 64.1+43 164 1.0 507 493 64.1
DD [24] T =5, wl Noise Adding 598 848 | 501 466 583  789/679* 15| 506 496 640
- T = 1, wlo Noise Adding 36.8-23.0 74.2-10.6|30.8-19.3 28.6-18.0 37.4-209 270/194* 20| 50.1  48.1 638

Table 9. Comprehensive Results (%) of SD-2.1 Version.

Methods ‘ BDD. Foggy. Cli. Com. Wat. DF DR NR NS
Diff. Detector, DG Settings

DDT (sp-2.1)[23] | 34.6 - 454 428 587 - - - -

GDD (sp-2.1)[24] | 45.8 483 517 466 62.1 44.6 41.6 232 464

Ours (SD-2.1) 480 503 59.7 545 68.6 48.7 473 29.8 51.8

+Gain +2.2 420 480 479 465 441 457 +66 +54
Diff. Guided Detector, DG Settings

GDD (sp-2.1) [24] | 46.1  51.0 327 249 50.6 44.7 37.1 20.0 49.3

Ours (SD-2.1) 46.5 544 384 30.0 563 46.7 39.1 224 50.5

+Gain +0.4 +3.4 +5.7 +5.1 +57 420 420 424 +12
Diff. Guided Detector, DA Settings

DDT (sp-2.1)[23] | 42.3 - 5377 489 633 - - - -

Ours (SD-2.1) 517 56.6 563 502 662 - - - -

+Gain +9.4 - +2.6  +1.3 +2.9 - - - -

Table 10. Ablation Study on Diff. Guided Detector for DG.

Unseen Target Domain
DF DR

Domain Feature  Object ‘

Aug. AlignmentAlignment‘ BDD. Foggy. NR NS

25.4 30.7 28.8 24.1 124 314

v - - 36.2+10.8 47.9+17.239.9+11.1 34.8+10.7 16.143.741.2+9.8
v v - 39.5+3.3 48.9+1.0 42.14+22 35.2+0.4 18.2+2.143.0+1.8
v v v 46.7+72 54.1+52 46.7+4.6 39.1+39 22.4+4.250.5+7.5

Table 11. Ablation Study on Diff. Guided Detector for DA.

\ Unlabeled Target Domain
Object

Domain  Feature

Aug.  Alignment Alignment‘ BDD. Foggy. Cli. Com. Wat.
- - - 254 30.7 27.2 18.1 41.5
v - - 38.1+12.7 48.9+182 39.4+122 27.4+93 50.9+9.4
v v - 40.2+2.1  49.6+0.7 42.1+2.7 33.9+65 52.8+1.9
v v v 51.3+11.1 56.6+7.0 58.2+16.1 50.5+16.6 68.0+15.2

5.2. Diff. Guided Detector for DG and DA

We present the Diff. guided detector’s performance in DG
and DA tasks (Tab. 10, 11). Domain Augmentation brings
significant improvements (average 11.4%), while the diff.
detector enhancement is relatively minor (average 3.3%,
Tab. 7). With unlabeled target domain data, pseudo-label
generation (Object Alignment) is crucial, bringing aver-
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age 13.1% mAP. Without target domain data, both Object
Alignment and Feature Alignment are essential, contributing
average 5.43% and 1.8% mAP respectively.

5.3. Limitations

Although our work improves diffusion detector inference
efficiency, we do not implement engineering techniques
like model distillation or TensorRT acceleration due to time
constraints. Our method is only tested on official Stable-
Diffusion weights, without exploring specialized instance-
related models [7, 68, 69] that might better fit detection
tasks. Additionally, our experiments in Tab. 3 reveal that in
DG tasks where target domain data is inaccessible, transfer-
ring generalization from diffusion detectors to ordinary de-
tectors still faces limited improvement, indicating that more
efficient transfer structures deserve further investigation.

6. Conclusion

In this paper, we present a framework for domain general-
ized and adaptive detection using diffusion models. Our ap-
proach optimizes single-step feature collection and fusion
structures to reduce inference time by 75%, incorporates
an object-centered auxiliary branch and consistency loss to
enhance generalization for diff. detector. Then we transfer
the generalization capabilities to standard detectors through
feature- and object-level alignment strategies. Through
comprehensive experiments across multiple benchmarks,
we demonstrate average performance improvements of up
to 3.0% (diff. detector), 1.3% mAP (diff. guided detec-
tor) for DG tasks and 5.4% mAP for DA. When scaled to
larger datasets, our approach maintains substantial advan-
tages, particularly in scenarios with large domain shifts and
limited training data. This work offers practical solutions
for generalized and adaptive detection and provides valu-
able insights for visual perception tasks requiring strong
generalization and adaptation capabilities.
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