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Abstract

Domain generalization remains a critical challenge for de-
ploying neural networks, particularly in out-of-distribution
object detection. The distributional discrepancy between
training (e.g., daytime-sunny) and the realistic condition (e.g.,
night-rainy) inevitably produces imprecise localization and
wrong classification. To address these issues, we propose a
unified interaction consistency learning (UICL) framework,
a novel single-source domain-generalized method designed
to learn intra-class domain-invariant representations. Specif-
ically, we put forth a cross-domain interaction mechanism to
exchange region proposals between original and augmented
pipelines, enriching the diversity of instance-level represen-
tations. Building upon this, we propose prediction-guided
consistency learning to unify the interaction mechanism and
harmonize the cross-domain representations, contributing to
a discriminative prediction distribution under domain shift.
In addition, we devise a cyclic interaction resilient detec-
tion strategy, which mitigates inaccurate predictions suffering
from partial occlusion and ambiguous boundaries among dif-
ferent domains. Extensive experiments evidence that UICL
significantly improves the robustness of detectors over sev-
eral target domains, achieving state-of-the-art generalization
performance on the diverse weather benchmark.

Code — https://github.com/zhangpeng2001/uicl.git

Introduction
Mainstream detectors (Tian et al. 2019; Zhu et al. 2020;
Zhang et al. 2022a; Yuan et al. 2023; Cheng et al. 2023;
Wang et al. 2024a; Cheng et al. 2025) deliver strong re-
sults with consistent training and testing distributions, but
suffer degraded performance in the presence of a domain
gap (Chen et al. 2018; Wu and Deng 2022; Cao et al. 2023;
Vidit, Engilberge, and Salzmann 2023; Zhang et al. 2025).
For example, it is arduous to recognize the instances under
adverse weather when the detectors are trained on clean im-
ages, as shown in the top left of Figure 1.

Recent advances for alleviating the domain shift have
focused on two strategies: domain adaptation and domain
generalization. Typically, domain adaptation methods (Zhao
and Wang 2022; Cao et al. 2023; Gao et al. 2023; VS, Oza,
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Figure 1: A novel framework for single-source domain gen-
eralized object detection. Top-Left: Detectors trained on the
source domain (daytime-sunny) generalize to four target do-
mains: daytime-foggy, dusk-rainy, night-sunny, and night-
rainy. Top-Right: The baseline detector (Ren et al. 2015)
produces overlapping category-specific distributions across
four target domains, struggling to yield separable category
boundaries. Bottom-Left: The diagram of our proposed uni-
fied interaction consistency learning (UICL), exemplified by
the enlarged figure from the top-right corner, narrows cate-
gory boundaries to generate a distinct feature distribution.
Bottom-Right: Quantitative comparison with the baseline
verifies the superior generalization performance of UICL on
the diverse weather benchmark (Wu and Deng 2022). D-S:
Daytime-Sunny, D-F: Daytime-Foggy, D-R: Dusk-Rainy, N-
S: Night-Sunny, N-R: Night-Rainy.

and Patel 2023; Zhang et al. 2023; Weng and Yuan 2024)
transfer domain-invariant knowledge from the source do-
main to a specific target domain, while the demand for un-
labeled target images severely hinders their development.
In contrast, the latter set of approaches (Zhou et al. 2022;
Zhang et al. 2022b; Chen et al. 2023; Tan, Yang, and Huang
2024; Qiao, Zhao, and Peng 2020; Wang et al. 2021b; Qu
et al. 2023; Cheng, Gokhale, and Yang 2023) presents a
promising solution in this challenging scenario, owing to
their target domain-free setup. Furthermore, improving gen-
eralization ability from a single source-domain training set
poses an even greater challenge.
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Figure 2: Comparison of alignment strategies in single-source domain-generalized object detection: (a) Category-level methods
align samples within the same category using vanilla knowledge distillation or contrastive loss. (b) Region-level methods
employ standard distillation loss to align samples from augmented images with their original counterparts by leveraging regions
generated by the original data. (c) Our proposed unified consistency learning employs prediction-guided distillation loss for
bidirectional alignment between corresponding regions of original and augmented images, while prediction-guided contrastive
loss is leveraged to align samples with their correctly predicted counterparts.

The primary challenge lies in the entanglement of seman-
tic features across different categories in unseen domains,
even when their visual appearances differ significantly (e.g.,
bike, motor, and rider), as illustrated in the top right of Fig-
ure 1. It indicates that when presented with images from
the unseen target domain, the detector fails to capture suffi-
ciently discriminative representations, making it challenging
to establish clear classification boundaries. Consequently,
the model exhibits extremely limited generalization ability,
struggling to adapt effectively to domain shifts.

To this end, previous efforts mainly resort to augmenta-
tion in image space (Danish et al. 2024; Liu et al. 2024;
Ahn et al. 2024) or semantic space (Li et al. 2024a; Chen
et al. 2024; Addepalli et al. 2024), leveraging either tex-
tual descriptions or visual transformations to provide di-
verse distributions. Despite partially alleviating the afore-
mentioned barriers, they still fail to deliver consistent predic-
tions. Worse still, detectors are commonly prone to produc-
ing trivial solutions, generating multiple highly overlapped
predictions with different categories for the same instance.
We argue that the core issue is primarily from two folds: the
mismatch of proposals and the entangled feature distri-
bution, both of which suffer from domain shift. It inspires
us to ask: can we narrow the authentic category boundaries
to generate a more consolidated distribution?

With this goal, we propose a unified interaction con-
sistency learning (UICL) framework that unifies a cross-
domain interaction mechanism (CDIM) and a prediction-
guided consistency learning (PGCL) strategy. The CDIM
exchanges the region proposals between original and aug-
mented pipelines to generate adequate instance-level fea-
tures, and the PGCL further leverages classification scores
to guide the alignment. As shown in Figure 1 (bottom-left),
UICL selects true positive samples to shrink the category
boundaries and aligns others toward their semantic centers.
These two operations support networks to obtain unified

consistency instead of solely category-level (Lee et al. 2024)
or region-level alignment (Danish et al. 2024), in which the
former seeks to learn the invariant distribution of the same
category, while the latter maintains similar predictions for
the high-quality regions, as shown in Figure 2. Moreover, we
observe that detectors produce erroneous predictions in tar-
get domains characterized by partial occlusion or ambiguous
boundaries. To alleviate this problem, we propose a cyclic
interaction resilient detection (CIRD) strategy that randomly
perturbs the coordinates of predicted bounding boxes and re-
fines them using cross-domain features. Building upon the
unified alignment, UICL significantly enhances generaliza-
tion (see Figure 1, bottom-right). Ultimately, our primary
contributions are summarized as follows:

• We devise a cross-domain interaction mechanism, which
provides diverse instance-level distributions for consis-
tency learning and exchanges the region proposals across
original and augmented pipelines.

• We propose a prediction-guided consistency loss that
shrinks the category boundaries and pulls misclassified
samples toward their corresponding centers.

• We design a cyclic resilient detection strategy to refine
positive instances and maintain spatial coherence under
distributional discrepancy introduced by domain shift.

• Experimental results validate that our proposed UICL
framework significantly enhances the generalization of
detectors across diverse weather conditions.

Related Works
Out-of-Distribution Object Detection
Many domain adaptation methods (Li et al. 2022; Hoyer,
Dai, and Van Gool 2022a,b; Li et al. 2024b; Kennerley et al.
2024; Khanh et al. 2024) train networks utilizing labeled
source-domain data and unlabeled target-domain images to
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address accuracy degradation influenced by the distribution
discrepancy. Chen et al. (2018) employed an adversarial
training strategy to mitigate the domain shifts at both the im-
age and instance levels. Cai et al. (2019) enhanced the mean
teacher paradigm to bridge the domain gap by integrating
object relations into the measure of consistency cost. How-
ever, the assumption of accessible target-domain images re-
stricts their practical application and generalization.

Moreover, several works have sought to develop a robust
detection network against domain shift. Wu et al. (2024) de-
signed a generalizable neural architecture search method to
prevent over-fitting and learn predictive representations. Liu
et al. (2024) formulated single-source domain generaliza-
tion in object detection from a causal perspective and pro-
posed an unbiased Faster R-CNN to learn generalizable fea-
tures. These methods incorporate auxiliary modules to learn
domain-invariant feature representations, which limits their
extensive deployment in real-time applications.

Conversely, we propose a unified interaction consistency
learning (UICL) framework to enhance the generalization
performance of detectors without increasing the computa-
tional complexity of inference.

Cross-Domain Consistency Learning
In recent years, domain generalization methods (Shu et al.
2021; Choi et al. 2021; Yang, Gu, and Sun 2023; Cheng,
Gokhale, and Yang 2023; Guo, Qi, and Shi 2023; Li et al.
2023; Lee et al. 2024; Danish et al. 2024; Liu et al. 2024)
have utilized augmented data to enhance robustness. A the-
ory proposed in previous work (Muandet, Balduzzi, and
Schölkopf 2013) suggests that the domain shift primarily af-
fects the marginal distribution P (X) while the conditional
distribution P (Y |X) remains relatively stable. Based on
this, Ahn et al. (2024) combined covariance alignment and
semantic consistency contrastive learning to generate style-
invariant features. Wang et al. (2021a) proposed a pixel-wise
contrastive learning method that maximizes the global sim-
ilarities among labeled pixels to construct a well-structured
latent space for semantic segmentation. Both these methods
require a substantial amount of negative samples for effec-
tive consistency learning.

Considering the potential deterioration arising from data
augmentation, Lee et al. (2024) proposed an object-aware
mixing and learning strategy for object detection. As illus-
trated in Figure 2 (a), this approach only aligns features from
two independent sources, leaving the generation of numer-
ous and diverse instance-level samples a challenge. For an-
other solution, Danish et al. (2024) improved the general-
ization of detectors by aligning the augmented predictions
to the original domain and leveraging the same regions gen-
erated from the original images, as shown in Figure 2 (b).
These methods neglect the prediction scores during feature
alignment, limiting their effectiveness in the cross-domain
consistency learning framework.

In contrast, we design a cross-domain interaction mecha-
nism to enrich the diversity of instance-level representations
and a cyclic interaction mechanism to synthesize challeng-
ing samples. Moreover, a prediction-guided consistency loss
is devised to maximize the similarities among diverse repre-

sentations within the same category and minimize the dis-
crepancy between predictions from the same region.

Method
Cross-Domain Interaction Mechanism
The overall framework of our proposed unified interaction
consistency learning (UICL) is illustrated in Figure 3. We
denote the feature extractor and proposal generator as f(·),
while the region of interest (RoI) alignment and detection
head are defined as h(·). Formally, an original image X is
augmented online using a randomly selected operation to
generate an image Y with a different distribution. Both X
(via pipeline α) and Y (via pipeline β) are processed by a
shared f(·), producing original features Fα and proposals
Pα, as well as augmented features Fβ and proposals Pβ.

Influenced by the distribution discrepancies in cross-
domain scenarios, detectors commonly produce ambiguous
representations in semantic space, resulting in numerous re-
dundant detections with erroneous classifications and impre-
cise bounding box regressions. To alleviate these challenges,
we propose a cross-domain interaction mechanism that ex-
changes region proposals between original and augmented
pipelines. As demonstrated in Figure 3, both pipelines pro-
cess their respective and exchanged proposals together. For
both pipelines, positive samples are assigned following the
standard strategy used in Faster R-CNN, which helps ensure
the quality of the selected proposals. With spatial alignment
preserved by photometric augmentations, identical predic-
tions are expected from a robust detector for different fea-
ture representations of the same regions. Moreover, the pre-
dicted coordinates of positive samples are randomly shifted
with small perturbations and then cyclically fed back into the
prediction head h(·). Consequently, the detection loss Ldet is
defined as:

Ldet = Lf
det + Li

det + Lc
det, (1)

where Lf
det,Li

det,Lc
det denote forward detection loss, interac-

tive detection loss, and cyclic detection loss, respectively.
Benefiting from cross-domain RoI alignment, UICL sup-
plies a diverse set of instance-level samples for consistency
loss (Lcl), consequently enabling robust predictive align-
ment across original and augmented pipelines. This process
produces domain-invariant features by leveraging correctly
predicted samples as positive group samples. Concretely, it
aligns classification predictions between the two pipelines,
thereby effectively reducing the discrepancy brought by the
distribution shift. Finally, the overall objective in UICL is
written as:

L = Ldet + Lcl. (2)

Cyclic Interaction Resilient Detection
Domain-specific features often lead to low-quality propos-
als in region proposal networks. To mitigate this problem,
we propose a cyclic interaction resilient detection (CIRD)
strategy that iteratively predicts positive samples to produce
stable regression results, as depicted in Figure 4. Specifi-
cally, the coordinates of corners (top-left and bottom-right)
are modified by adding random perturbations before being
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Figure 3: The unified interaction consistency learning (UICL) framework comprises three core components: Cross-domain
interaction mechanism (CDIM) exchanges region proposals between the original and augmented pipelines, generating four
feature-proposal combinations (Fα&Pα, Fα&Pβ, Fβ&Pα, Fβ&Pβ) for the detection head. Cyclic interaction resilient
detection (CIRD) reprocesses positive samples by shifting the coordinates of bounding box corners (top-left and bottom-right)
within a narrow range to generate challenging proposals for consistency learning. Prediction-guided consistency learning
(PGCL) simultaneously aligns samples at the object and region levels to enhance cross-domain generalization. Specifically,
bidirectional alignment consistency learning aligns samples with their counterparts if correctly predicted, ensuring consistency
between original and augmented pipelines. Boundary shrinking consistency learning maximizes the similarity among correctly
predicted samples within the same category, and minimizes the distances between misclassified samples and their semantic
centers, thereby guaranteeing intra-class alignment.

Figure 4: Cyclic interaction resilient detection (CIRD) re-
fines predictions by adding random perturbations to the out-
put coordinates of positive samples before reprocessing.

fed back into the network, and the shift is formulated as:{
x

′
= x+ δ · w

y
′
= y + δ · h

, (3)

where w and h are the width and height of the predicted
bounding box, while δ is a small random perturbation fac-
tor sampled independently for each coordinate. To maintain
the spatial overlap, δ is constrained within a narrow range
[−∆,∆], where ∆ is a hyperparameter controlling the max-
imum shift magnitude. Therefore, the minimum intersec-

tion over union (IoU) between these two bounding boxes is
bounded by:

IoU ≥ min

[
(1− 2∆)2,

1

(1 + 2∆)2

]
. (4)

Additionally, the perturbed coordinates (resilient posi-
tional shifts) are fed into the counterpart pipeline, generat-
ing complex synthetic samples by leveraging noisy bound-
ing boxes and cross-domain features. This operation en-
hances the robustness of detectors against partial occlusion
and improves generalization under ambiguous boundaries
commonly encountered in target domains.

Prediction-guided Consistency Learning
To achieve robust performance under the domain shift, the
instance-level predictions that maintain common input char-
acteristics should remain consistent in classification outputs.
To be more specific, a detector should generate consistent
classification predictions in the same spatial regions regard-
less of visual transformations. Toward this goal, we design a
bidirectional alignment loss (Lba) by employing knowledge
distillation (Wang et al. 2024b) to align the outputs across
different detection pipelines. It forces the network to gener-
ate highly confident results even when faced with different
visual transformations. Secondly, a detector should maintain
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Methods Venues D-S D-F D-R N-S N-R Avg.
FR-CNN (NeurIPS15) 51.1 31.9 26.6 33.5 14.5 26.7
IBN-Net (ECCV18) 49.7 29.6 26.1 32.1 14.3 25.5
SW (ICCV19) 50.6 30.8 26.3 33.4 13.7 26.1
IterNorm (CVPR19) 43.9 28.4 22.8 29.6 12.6 23.4
ISW (CVPR21) 51.3 31.8 25.9 33.2 14.1 26.3
CDSD (CVPR22) 56.1 33.5 28.2 36.6 16.6 28.7
CLIP-Gap (CVPR23) 51.3 38.5 32.3 36.9 18.7 31.6
OA-DG (AAAI24) 55.8 38.3 33.9 38.0 16.8 31.8
DOCP (CVPR24) 53.6 39.1 33.7 38.5 19.2 32.6
UFR (CVPR24) 58.6 39.6 33.2 40.8 19.2 33.2
G-NAS (AAAI24) 58.4 36.4 35.1 45.0 17.4 33.5
DivAlign (CVPR24) 52.8 37.2 38.1 42.5 24.1 35.5
SECT (CVPR25) 55.4 40.6 39.2 42.0 24.5 36.6
UICL 57.0 40.1 42.2 45.2 27.4 38.7

Table 1: Comparison results with SOTA methods in domain
generalized object detection, where the best results are high-
lighted in bold. D-S: Daytime-Sunny, D-R: Dusk-Rainy, N-
S: Night-Sunny, N-R: Night-Rainy. The UICL framework
achieves the highest average mAP over four target domains
on the diverse weather dataset (Wu and Deng 2022).

consistent and discriminative representations for the same
category despite diverse appearances. To this end, we design
a boundary shrinking loss (Lbs) by utilizing supervised con-
trastive learning (Khosla et al. 2020) to enhance intra-class
compactness and inter-class variations in the latent space. It
maximizes the similarities among correctly predicted sam-
ples, while minimizing the distances between misclassified
samples and their corresponding semantic centers. As shown
in Figure 3, the detection head generates instance representa-
tions. Subsequently, a linear classifier yields predictions for
bidirectional alignment, while a non-linear projection head
produces latent features for boundary shrinking.

The bidirectional alignment loss (Lba) treats predictions
from different pipelines equally, where only correctly classi-
fied predictions are registered as positive group samples. No-
tably, no distinction is made between foreground and back-
ground regions during alignment. This loss is formulated as:

Lba =
1

N

N∑
i=1

[
σ(pβ

i )KL(pα
i ||p

β
i ) + σ(pα

i )KL(pβ
i ||p

α
i )

]
,

(5)
where i indexes the N samples, σ(·) is the selection function
to identify correctly classified samples, and KL(·) denotes
the Kullback-Leibler divergence (Hinton, Vinyals, and Dean
2015), measuring the discrepancy between predictions pα

and pβ from pipelines α and β, respectively.
The boundary shrinking loss (Lbs) flattens all samples and

calculates the similarity matrix using a dot product. It first
selects correctly predicted instances from foreground cate-
gories as positive group samples for supervised contrastive
loss and maximizes their pairwise similarities. Meanwhile,
the misclassified instances are further aligned with true pos-
itive samples to minimize the distances to their semantic
centers. In contrast, it only chooses the corresponding (re-
spective or exchanged) counterparts in the same regions for

Methods Person Rider Car Truck Bus Train Motor Bicycle mAP
Domain Adaptation
OADA 47.8 46.5 62.9 32.1 48.5 50.9 34.3 39.8 45.4
CIGAR 46.1 47.3 62.1 27.8 56.6 44.3 33.7 41.3 44.9
CMT 45.9 55.7 63.7 39.6 66.0 38.8 41.4 51.2 50.3
HT 52.1 55.8 67.5 32.7 55.9 49.1 40.1 50.3 50.4

Source-Free Domain Adaptation
IRG 37.4 45.2 51.9 24.4 39.6 25.2 31.5 41.6 37.1

LPLD 38.3 42.9 52.5 28.4 42.1 43.9 33.4 41.8 40.4
Domain Generalization

FACT 26.2 41.2 35.9 13.6 27.7 3.0 23.3 31.3 25.3
MAD 34.2 47.4 45.0 25.6 44.0 42.4 30.3 40.1 38.6
UICL 58.2 62.0 69.7 34.5 53.1 40.5 46.3 61.1 53.2

Table 2: Comparison results with various domain-related
methods on the Foggy-Cityscapes dataset, where all models
adopt ResNet-50 as the backbone. In unsupervised domain
adaptation, both Cityscapes and Foggy-Cityscapes images
are accessible during training. Source-free domain adapta-
tion leverages a model trained on Cityscapes along with un-
labeled Foggy-Cityscapes images. In contrast, domain gen-
eralization uses only Cityscapes data for training.

background instances. Finally, the loss is formulated as:

Lbs =
∑
i∈I

−1

|P |
∑
p∈P

log

[
exp (sim(zi, zp)/τ)∑

a∈I\{i} exp (sim(zi, za)/τ)

]
,

(6)
where I denotes the set of predicted samples, while P rep-
resents the set of correctly predicted samples that share the
same category as the sample i. Moreover, sim(·) computes
dot-product similarity, and τ is the temperature parameter.
zi, zp, za represent anchor, positive, and contrasting sam-
ples, respectively. Finally, the consistency loss Lcl is for-
mally defined as:

Lcl = Lba + λ · Lbs, (7)

where λ is a hyperparameter that balances the bidirectional
alignment loss Lba and the boundary-shrinking loss Lbs.

Experiment
Dataset
We utilize an urban-scene diverse weather dataset (Wu and
Deng 2022) to evaluate the generalization performance of
detectors trained with the unified interaction consistency
learning (UICL) framework and other competitors. It com-
prises images from several well-known datasets (Yu et al.
2020; Sakaridis, Dai, and Van Gool 2018; Hassaballah et al.
2020). All models are trained on the daytime-sunny condi-
tion and tested on four target domains: daytime-foggy, dusk-
rainy, night-rainy, and night-sunny. Following the prior
work (Wu and Deng 2022), we focus on the common cat-
egories in driving scenes to evaluate the accuracy, including
bus, bike, car, motor, person, and truck.

Beyond the primary evaluation on the diverse weather
benchmark, we further assess the generalization of UICL
on Foggy-Cityscapes (Sakaridis, Dai, and Van Gool 2018),
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Figure 5: Visual comparison in four target domains. Top row: Detection results from the baseline. Bottom row: Results from
our proposed unified interaction consistency learning (UICL) framework.

Noise Blur Weather Digital
Methods Gauss. Shot Impulse Defocus Glass Motion Zoom Snow Frost Fog Bright Contrast Elastic JPEG’ Pixel mPC
FSCE 7.4 10.2 8.2 23.3 20.3 21.5 4.8 5.6 23.6 37.1 38.0 31.9 40.0 20.4 23.2 21.0
OA-Mix 7.2 9.6 7.7 22.8 18.8 21.9 5.4 5.2 23.6 37.3 38.7 31.9 40.2 20.2 22.2 20.8
OA-DG 8.2 10.6 8.4 24.6 20.5 22.3 4.8 6.1 25.0 38.4 39.7 32.8 40.2 22.0 23.8 21.8
UICL 28.5 30.9 29.2 31.9 21.6 26.0 14.6 13.6 37.2 44.5 40.5 38.2 41.6 25.8 38.5 31.5

Table 3: Generalization results on the Cityscapes-Corruption benchmark, where all models are trained on Cityscapes. For each
type of corruption, the average mAP is reported over five severity levels, and mPC denotes the mean value over all types.

with comparisons to different out-of-distribution methods.
Additionally, we validate its robustness against diverse cor-
ruptions on Cityscapes-Corruption (Lee et al. 2024).

Implementation Details
For a fair comparison, we adopt the augmentation strategy of
DivAlign (Danish et al. 2024), applying universal techniques
such as ImageNet-C (Hendrycks and Dietterich 2019) cor-
ruptions and Fourier-based (Vaish, Wang, and Strisciuglio
2024) methods to source-domain images. For the diverse
weather dataset, we exclude weather-related corruption aug-
mentations during the training phase. The widely used Faster
R-CNN (Ren et al. 2015) in out-of-distribution object de-
tection serves as the baseline detector, which employs a
ResNet-101 (He et al. 2016) backbone and feature pyramid
networks (Lin et al. 2017) for feature extraction. All mod-
els are optimized using the stochastic gradient descent opti-
mizer with a learning rate of 0.002, momentum of 0.9, and
weight decay of 0.0001. Unless otherwise specified, we uti-
lize a batch size of 4 and train the models for 12 epochs. Fol-
lowing SimCLR (Chen et al. 2020), we adopt a non-linear
projection head to generate features in the latent space, with
a hidden layer size of 128 and an output dimension of 32,
and the temperature is set to 0.07 by default.

Generalization Analysis
We compare the generalization performance of our UICL
method with previous state-of-the-art (SOTA) single-source

domain-generalized object detectors (Zhang, Wu, and Han
2025) and feature normalization approaches (Pan et al. 2018,
2019; Huang et al. 2019; Choi et al. 2021). As listed in Ta-
ble 1, UICL generalizes to diverse weather conditions effec-
tively, achieving the highest average mAP of 38.7% on the
diverse weather generalization benchmark (Wu and Deng
2022). Compared to previous alignment-based methods like
OA-DG (Lee et al. 2024) and DivAlign (Danish et al. 2024),
UICL outperforms them in all conditions, highlighting its ef-
fective consistency learning. While previous methods (OA-
DG, DivAlign, and UFR) also employ data augmentation
strategies, UICL leverages them more effectively to sub-
stantially improve prediction consistency across views, ulti-
mately attaining the best performance on all target domains.

The promising generalization of UICL is further demon-
strated through comparisons with other out-of-distribution
methods, including Fourier augmentation (Xu et al. 2021)
and causal mechanism (Xu et al. 2023), as summarized in
Table 2. Without access to any target-domain images dur-
ing training, UICL outperforms unsupervised domain adap-
tation methods (Liu et al. 2023; Cao et al. 2023; Deng et al.
2023) by at least 2.9% mAP. UICL significantly surpasses
source-free domain adaptation methods (VS, Oza, and Patel
2023; Yoon et al. 2024) by over 10% mAP with a straight-
forward training setup. Furthermore, Table 3 provides clear
evidence that UICL exhibits superior robustness against di-
verse corruption conditions, significantly improving detec-
tion accuracy across multiple severity levels.
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DA DP CDIM CIRD Lba Lbs D-F D-R N-S N-R
31.9 26.6 33.5 14.5

! 36.4 37.1 41.5 22.8
! ! 37.7 38.3 43.9 24.7
! ! ! 38.3 39.7 44.6 26.5
! ! ! ! 39.4 40.6 44.2 26.4

! ! ! !
% ! 39.7 41.9 45.0 26.8
! % 39.8 42.2 45.2 27.3
! ! 40.1 42.2 45.2 27.4

Table 4: Ablation studies systematically evaluate the indi-
vidual contributions of the three core components in UICL,
where the first row denotes the baseline detector. The second
row represents the baseline detector retrained solely with
data augmentation (DA). Subsequently, the third row cor-
responds to the results of a model trained jointly on both the
original and augmented images (Dual Pipeline, DP), with
the detector architecture and loss remaining unchanged.

Ablation Studies
In this section, we conduct experiments to evaluate the in-
dividual contributions in UICL, as detailed in Table 4. Al-
though the improvement yielded by augmentations is evi-
dent, a substantial gap still exists among different domains.
Moreover, the gains achieved by the strategy of training a
detector on the dual pipeline deliver the potential of inter-
action consistency learning. Visually, our UICL enables the
detector to produce reliable results, as shown in Figure 5.

Analysis of CDIM. We first evaluate the cross-domain
interaction mechanism (CDIM), which exchanges propos-
als between original and augmented pipelines, encouraging
networks to generate consistent predictions across different
domains and providing abundant negative samples for con-
sistency loss. As summarized in Table 4, employing CDIM
significantly improves detector generalization, especially in
the most challenging scenario (night-rainy).

Analysis of CIRD. To mitigate misclassified results from
coarse region proposals and partial occlusions, we develop
the CIRD strategy, which iteratively refines positive sam-
ples. To maintain overlap, the maximum perturbation ∆ of
the bounding boxes in CIRD is set to 0.1. As reported in Ta-
ble 4, CIRD enhances accuracy in daytime-foggy and dusk-
rainy scenes but leads to a slight decline in night conditions.
This observation underscores the necessity of aligning cross-
domain samples with their positive counterparts.

Analysis of PGCL. In prediction-guided consistency
learning (PGCL), we integrate bidirectional alignment and
boundary shrinking consistency learning. We utilize bidirec-
tional alignment consistency learning to align multi-domain
samples with their correctly classified counterparts. For
boundary shrinking consistency learning, we select correctly
predicted samples as the positive group to shrink category
boundaries and further align misclassified samples toward
their semantic centers. As reported in Table 4, both losses
enhance generalization, which suggests that the region-level
alignment for object detection plays a critical role in mitigat-
ing domain shift. In PGCL, we set λ in Eq. (7) to 0.1 during

Method D-S D-F D-R N-S N-R
VCL 56.5 39.5 41.8 44.7 27.2

PGCL 57.0 40.1 42.2 45.2 27.4

Table 5: Comparison of two consistency learning variants
(vanilla consistency learning, VCL vs. prediction-guided
consistency learning, PGCL).

Figure 6: The t-SNE visual comparison between VCL and
our proposed PGCL, using randomly selected images from
the daytime-foggy condition.

training to balance the two losses.
We conduct experiments to evaluate prediction-guided

consistency learning. Compared to VCL, which aligns in-
stances without considering classification scores, PGCL em-
ploys correct predictions to accomplish this goal. As listed
in Table 5, aligning with samples predicted accurately en-
hances detection accuracy across all domains. Moreover, we
visualize the instance-level feature distribution from the tar-
get domain (daytime-foggy). As shown in Figure 6, PGCL
generates a distinct distribution by shrinking the category
boundaries and aligning the wrong predictions toward their
semantic centers, e.g., the bus is far from the similar car.

Conclusion
In this paper, we designed a unified interaction consis-
tency learning (UICL) framework for single-source domain-
generalized object detection. Firstly, the interaction between
the original and augmented pipelines allows the network to
generate consistent predictions across different distributions.
Secondly, prediction-guided consistency learning advances
knowledge distillation and contrastive learning in a unified
manner to better align samples with their authentic semantic
centers. Finally, reprocessing resilient coordinates via cyclic
detection prevents overfitting to easy-to-learn samples, im-
proving the performance under occlusions and ambiguous
boundaries. Extensive empirical results validate its robust-
ness against diverse adverse weather conditions, achieving
SOTA generalization performance across all target domains.
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