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Abstract

Domain adaptive object detection (DAOD) aims to gen-
eralize an object detector trained on a source domain
to a target domain, where the domain gap degrades the
adaptability. Recently, large-scale vision foundation mod-
els (VFMs), pretrained on web-scale datasets, exhibit such
powerful generalization capabilities that many approaches
leverage them to bridge the domain gap. However, their
generalized knowledge is not tailored to the specific do-
main, which makes it difficult to offer precise guidance in
the target domain. In this paper, we propose an Expert-
Teacher-Student collaborative learning (ETS) framework
to synergize the generalized knowledge from VFMs with
the domain-specific knowledge from the teacher model.
Concretely, we first design an Expert-Teacher Collabora-
tive Teaching (ETCT) module, which leverages the comple-
mentary knowledge of expert and teacher models to col-
laboratively generate high-quality pseudo labels for su-
pervising student model learning. Second, we devise an
Expert-Teacher Joint Consolidating (ETJC) module, which
introduces class-wise prototype alignment among expert,
teacher, and student models, to jointly consolidate gener-
alized and domain-specific knowledge within the student
model. ETS leverages VFMs as the expert model in a free
lunch manner, thus avoiding significant additional training
costs. Extensive experiments exhibit that our method out-
performs the existing SOTA methods on three benchmarks.

1. Introduction

Object detection plays a crucial role in visual applications
such as autonomous driving and public safety. However,
detectors trained on carefully curated datasets (i.e., source
domain) tend to degenerate when deployed in real-world en-
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Figure 1. (a) Previous teacher-student DAOD methods utilize
pseudo labels generated by the teacher model to supervise the stu-
dent model. (b) The SOTA VEMs-based method DT [26] employs
a frozen DINOV2 backbone for offline pseudo-labeling and online
feature alignment. (c) Our ETS first trains an expert model with
the source domain, then generates pseudo labels and prototypes
for the target domain, and finally, expert and teacher models col-
laboratively supervise and consolidate the student model at both
the label-level and representation-level.

vironments (i.e., target domain). Domain Adaptive Object
Detection (DAOD) is proposed to address this issue, which
aims to generalize a detector trained on the source domain
to accurately detect in the target domain [9].

The dominant paradigm of DAOD employs the teacher-
student framework, where the teacher model generates
pseudo labels to supervise the student model learning in
the target domain (as shown in Fig. | (a)). The core chal-
lenge lies in generating high-quality pseudo labels to pre-
vent self-training collapse [5]. To address this, one type of
method calculates dynamic classification confidence thresh-
olds to refine pseudo labels [14, 59, 67], while another type
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of method measures the consistency between localization
and classification to filter unreliable predictions [7, 8, 16].
Despite this, their closed-loop internal knowledge and the
inherent limitations of small-scale backbones leave them
vulnerable to the domain gap, resulting in a performance
bottleneck for domain adaptation.

To overcome these limitations, recent works leverage the
pre-trained large-scale vision foundation models (VFMs,
e.g., DINOv2 [38], DINOv3 [45], Grounding DINO [37],
etc.) to provide external generalized knowledge guid-
ance [1, 20, 31]. Motivated by this, recent VFMs-based
DAOD methods, such as DT [26], decouple the teacher-
student framework by replacing the teacher model with
an offline DINOv2-based labeller, and learning more gen-
eralizable features by aligning image representations be-
tween the student and the VFMs, as shown in Fig. 1 (b).
The generalized knowledge makes VFMs excel at capturing
domain-invariant cues (e.g., using outlines to detect the ob-
scured car in Fig. 2 (a)), which can provide universal guid-
ance. However, relying solely on VFMs constrains the stu-
dent model’s adaptability to the target domain, as their gen-
eralized knowledge is not tailored to the specific target do-
main. In contrast, the teacher model gradually distills target
domain knowledge, specializing in domain-specific proper-
ties (e.g., enabling the inference of cars covered by fog in
Fig. 2 (b)). Both models have complementary knowledge
and can jointly guide the student model toward better adap-
tation to the target domain.

Therefore, we propose an Expert-Teacher-Student col-
laborative learning (ETS) framework, which enables the
student model to progressively learn the complementary
knowledge from both expert and teacher models. As il-
lustrated in Fig. 1(c), we leverage VFMs trained on the
source domain as an expert model in a free lunch manner
to generate offline pseudo labels and extract class-wise pro-
totypes. Then, we introduce collaborative learning from
dual levels via a teach-then-consolidate strategy: (1) At
the label level, we design the Expert-Teacher Collabora-
tive Teaching (ETCT) module to perform detection match-
ing between the expert and teacher models, categorizing
their pseudo labels into consistent, inconsistent, and uni-
lateral detections. ETCT employs confidence-based fu-
sion and selection mechanisms to integrate these pseudo la-
bels, thereby generating high-quality collaborative pseudo
labels that provide more robust supervision for the stu-
dent model. (2) At the representation level, we devise the
Expert-Teacher Joint Consolidating (ETJC) module, which
enables the expert and teacher models to consolidate the stu-
dent model’s learned representation. Specifically, we con-
struct prototype networks for each model and align the stu-
dent model’s target domain prototypes with those from ex-
pert and teacher models to consolidate the learned general-
ization and adaptability. Additionally, the student model
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Figure 2. Visualization of detection results. We use different
box colors to denote consistent and unilateral detection results.
The expert model focuses on domain-invariant cues such as ob-
ject outlines and semantics, while the teacher model specializes in
domain-specific properties. Our framework leverages the comple-
mentary advantages of the teacher and expert models to generate
high-quality collaborative pseudo-labels, thus better teaching the
student model to adapt to the target domain.

aligns its source and target domain prototypes through a
self-assessment way to encourage the domain-invariant rep-
resentation. The experiments demonstrate the robust adap-
tation capability of our ETS over SOTA methods on three
benchmarks.

Our main contributions can be summarized as follows:

* We propose ETS to leverage the expert model’s general-
ized knowledge and the teacher model’s domain-specific
knowledge for guiding student model learning in the tar-
get domain.

* We design ETCT and ETJC modules, enabling the stu-
dent model to inherit advantageous knowledge from both
teacher and expert models through a progressive strategy
of teach-then-consolidate.

¢ Comparison and ablation experiments demonstrate that
ETS exhibits superior domain adaptation capability, out-
performing existing methods on three benchmarks. e.g., it
reaches 49.8% mAP on Cityscapes—BDD100k, surpass-
ing the state-of-the-art DT [26] by 2.0%.

2. Related Work

The rapid progress in deep learning has significantly ad-
vanced computer vision [10, 11, 17, 19, 30, 48, 52, 53,
58, 60, 63, 69] and multimedia understanding [35, 40, 47,
54, 55, 61, 62, 64, 68], particularly in DAOD [3, 7, 14,
36]. Next, we systematically review representative meth-
ods from the following perspectives:

25558



2.1. Teacher-Student Framework for DAOD

The mainstream approaches in DAOD are to introduce the
teacher-student framework. To be specific, AT [34] arms the
teacher-student framework with weak-strong data augmen-
tation, yielding a noticeable increase in accuracy. MIC [24]
and SOCCER [13] introduce the masked image consistency
between the teacher model and the student model to en-
hance the ability of context relations. The core challenge
of the teacher-student framework lies in generating high-
quality pseudo labels. Although the above approaches have
achieved significant progress, the current framework re-
mains constrained by its small-scale architecture and lim-
ited internal knowledge, making it vulnerable to domain
gaps that result in noisy pseudo labels and ultimately lead
to suboptimal adaptation performance.

2.2. Large Models Boost Object Detection

Recent advances in large-scale vision foundation models
(VFMs), including vision-based models like DINOv3 [45]
and SAM2 [42], and vision-language models like CLIP [41]
and Grounding DINO [37], have injected new vitality into
the development of object detection tasks. GT [1] em-
ploys Grounding DINO to implement an expert founda-
tional branch to supervise the student model. COIN [31] in-
troduces gradient-aligned knowledge distillation from cloud
and CLIP models for better knowledge transfer. Fur-
thermore, in DAOD tasks, DA-Pro [27] leverages CLIP
with domain-adaptive prompts to construct dynamic detec-
tion heads, capturing domain-invariant and domain-specific
knowledge. DT [26] decouples the teacher-student frame-
work by replacing the teacher model with a frozen DI-
NOvV2 backbone-trained labeller to provide supervision sig-
nals. Different from the above works, we aim to inherit the
generalization capability of rapidly developing VFMs into
a lightweight model, while simultaneously maintaining its
adaptability to the specific target domain.

3. Preliminaries

3.1. Problem Formulation

Given a labeled source domain D, = (X, Bs, Cs) and an
unlabeled target domain D; = (X;), where X, and X,
present N source images and N; target images, By =
{B;}+, denotes the bounding box annotations and C, =
{Ci}fisl denotes corresponding object class labels. The
ultimate goal is to design a detector with D and D; that
achieves robust adaptation within the unseen target domain.

3.2. Teacher-Student Framework

In the burn-in stage, the teacher model and the student
model share the same structure in the self-training frame-
work. The student model acquires the source domain

knowledge from source data by supervised training:

Loup(Xs, Bs, Cs) = L35,(CL, Cs) + LU (B, Bs) (1)

sup sup
where C? and B/, denote classes and bounding boxes in X,
predicted by the student model.

In the mutual-learning stage, by forcing the student
model to imitate the deep representations of the teacher
model, the student model can learn the target domain
knowledge from the pseudo labels Y (B, C):

(C.C)+ Lyes

unsup

['unsup(Xt) B) é) = [’Cls

unsup (B 2? B ) )
2
where C and B} denote classes and bounding boxes in X}
predicted by the student model, C and B denote the cate-
gories and bounding boxes of objects in a pseudo label. In
addition, to filter out the noisy pseudo label, we apply a con-
fidence threshold § to filter low-confidence bounding boxes.
The teacher model is updated by Exponential Moving Av-

erage (EMA) from the weights of the student model:
Ht < a9t + (1 — 04)95 N (3)

where 6, and 0, denote the model parameters of teacher and
student, respectively, and « is an update hyper-parameter.

3.3. VFMs-based Expert Models

We use a frozen DINOv3 ViT-H+ [45] as the backbone
of Faster R-CNN, and we train the object detection head
(RPN and ROI head) using only the source domain data
through Eq. (1). We utilize the above detector as the ex-
pert model to generate all pseudo labels Y (B, C) in a sin-
gle forward pass over the target training data. To filter un-
certain detections, we apply a confidence threshold 9§, the
same as the teacher model. Both the pseudo labels gener-
ation and the prototype extraction (detailed in Sec. 4.3.1)
are conducted offline, thereby incurring no computational
cost during the ETS training. We exhibit the expert model’s
performance on each target domain in Tab. 9. Additionally,
we employ DINOvV2 [38] and MM Grounding DINO (MM
GDINO) [66] as expert models discussed in Sec. 5.4.

4. Methodology

4.1. Overview

The proposed ETS introduces the VFM as the expert model
to collaborate with the teacher model for better guiding stu-
dent model learning. It consists of two modules, i.e., ETCT
and ETJC, as illustrated in Fig. 3. Concretely, we first de-
sign the ETCT module to exploit the complementary advan-
tages of expert and teacher models for collaboratively gen-
erating high-quality pseudo labels to supervise the student
model. Then, we devise the ETJIC module that utilizes pro-
totype alignment among models to bring the class feature
spaces closer, consolidating the student model’s generaliza-
tion and adaptation capabilities.
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Figure 3. Overview of the proposed ETS, which implements dual-level collaboration between expert and teacher models to guide student
model learning. 1) Expert-Teacher Collaborative Teaching (ETCT) integrates detections from both expert and teacher models to generate
high-quality pseudo labels (PL), collaboratively supervising the student model’s learning. 2) Expert-Teacher Joint Consolidating (ETJC)
aligns prototypes across models to consolidate the student model’s learned knowledge.

4.2. Expert-Teacher Collaborative Teaching

To better integrate knowledge from expert and teacher mod-
els, inspired by [31], we categorize their pseudo labels via
detection matching into three types: consistent, inconsis-
tent, and unilateral detections. For consistent detections,
we reweight box coordinates to enhance the pseudo label
localization quality. For inconsistent detections, we reduce
model disagreement by reassigning classes based on confi-
dence scores. For unilateral detections, we selectively in-
corporate high-confidence objects, maximizing the reten-
tion of generalized and specific knowledge.

4.2.1. Detection Matching.

Given the target image X, its offline pseudo label gener-
ated by the expert model is f’(é, C ), and its online pseudo
label generated by the teacher model is Y (B, ). To find
the matched boxes, we define a matching matrix M, ;,
where M, ; = 1 if the JoU > 7 between the i-th box
B, from the expert and the j-th box B]‘ from the teacher,
otherwise M; ; = 0. For the i-th expert-generated box B;
(or the j-th teacher-generated box Ej), the class confidence
score §; (or 5;) is obtained from the maximum probability
of the predicted class distribution: §, = max(g;), §; =
max(q;), where §; € [0,1]% and ¢; € [0,1]¥ denote the
K -dimensional class probability vectors for the respective
detections. Then the initial consistent detections set P,
initial inconsistent detections set 77}”“, and initial unilateral
detections set P are defined as follows:

,Pz'nit — {(17“%) | Mi,j = 1,@1 = éj}7
fPlznzt — {(Y'“}/j) | Mi,j = 1,01 7é Cj}a
Pinit — (v, | M;. =0}y U{Y; | M.; = 0}.

“)

4.2.2. Consistent Detections.

For one pair of matched boxes B; and Bj (including
Pinit and Pinit), we employ confidence scores to perform
weighted box fusion, as the scores are generally propor-

tional to the localization accuracy of the boxes:

§lBZ+§JBJ
§i+§j

; ®)

n

where B,, denotes the n-th fused box. Thus, the final con-
sistent detections set P. can be denoted as P. = (B, C),
where C' = C, as the predicted classes are consistent.

4.2.3. Inconsistent Detections.

For inconsistent detections, the final class assignment fol-
lows the teacher model when its predicted class confidence
exceeds the expert model’s by a confidence discrepancy
threshold e, otherwise adopts the expert model’s prediction:

¢

Ci

~ lij—giZE

n

(6)

otherwise

where C,, is finally reconciled class of n-th box. the final in-
consistent detections set P; can be denoted as P; = (B, C).

4.2.4. Unilateral Detections.

Finally, for the expert model’s unilateral detections, we
retain all detections above the base confidence threshold
0. For the teacher model’s unilateral detections, we apply
a stricter confidence threshold ¢’ (where &' > §) to en-
sure quality. The final unilateral detections set is P, =
(B,C)U {(B,C’) | § > 6}

4.2.5. Collaborative Supervising.

Therefore, the final collaborative pseudo labels can be rep-
resented as:
Ycol = 7)(: U P1 U Pu~ (7)

We utilize the collaborative pseudo labels to supervise the
student model for better target domain knowledge learning:

Ecolsup = Eunsup (Xt7 BCOl7 CCOl)7 (8)

where By, C.o; denote the set of bounding boxes and
classes in Y,,;.
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4.3. Expert-Teacher Joint Consolidating

To further consolidate the knowledge learned by the stu-
dent, we leverage class-conditioned alignment to minimize
prototype distance between the student and both the expert
and teacher models in the target feature space. Concur-
rently, the student model enhances domain-invariant rep-
resentations by self-aligning prototypes across source and
target domains.

4.3.1. Prototype Formulation

We attach a lightweight prototype network to the ROI fea-
tures of each model to obtain class-level prototypes. This
network maps the ROI features to d-dimensional feature
vectors. We use p®“ to denote the prototype of the k-th
class within the current mini-batch, which is a confidence-
weighted average of all ROI features predicted as that class:

new __ Zn Skﬂb P(R(F(X)an))
P = S o , ©)

where P is a 2-layer MLP prototype network, R is the
Faster R-CNN ROI head, F' is the backbone, B,, is the
bounding box, and sj , is the confidence score of the n-
th object for class k. The prototype update follows a
confidence-weighted EMA scheme:

pt+1 o mk pk + s Y
k

a'mb + sp ’ (10)

mit =o' mi + sy,

where m;, denotes the accumulated confidence for class
k, and o = 0.999 is the momentum coefficient. s;, =
> . Sk is the aggregated confidence score for class k
within the current batch. This confidence-weighted ap-
proach ensures that high-confidence predictions contribute
more to the prototype formation, leading to more robust and
representative class prototypes.

4.3.2. Expert-Student Prototype Alignment

To preserve the intrinsic generalization representation of ex-
pert prototypes, we extract and freeze expert model proto-
types from 20,000-th training iterations as the alignment tar-
get of the student model. This enables the student model
to inherit visual generalization representations from large-
scale models. The expert—student alignment loss is com-
puted only for classes whose prototypes have been suffi-
ciently updated:

E-S exrpigt Stutgt
EProt - |V| Z < COS( b apk ))7 (1])

keV

where V = {k | m{"""" > ()/\mgtu’g’ > 0} represents the
set of valid classes w1th updated prototypes in both models.

4.3.3. Teacher-Student Prototype Alignment

The teacher and student models progress together, grad-
ually improving their capabilities to extract class-specific
prototypes. By introducing alignment constraints between
the teacher and student models, the student can better imi-
tate the deep representations of the teacher model through a
prototype-level alignment for robust class representation:

T-S 2
’CProt - ‘V‘ Z ( — COs (pkeatgt

kev

i), a2

where V = {k | m,"*""" > 0 A m; """ > 0} denotes the
valid class set for allgnment

4.3.4. Cross-Domain Prototype Alignment

We enhance the capability of the student model to extract
domain-invariant features by aligning its source and target
domain prototypes:

(570 = X (1o ™)) 9

keVvV

stuigt

where V = {k | mj"7* > 0 Am, > 0} ensures both
domains provide vahd prototypes for class k. tgt and src
denote the target and source domains, respectively.

4.4. Overall Objective Function

The overall objective function is:

L= Al[’éul)+)‘2£0015UP+)‘3£P70t +A4LP70t +A5£g70?,
(14)

where \; 5 are loss weights associated with each term. We

provide the detailed pseudocode of ETS in Appendix G.

5. Experiments

5.1. Datasets

Pascal VOC to Clipartlk: Pascal VOC (P) [18] as the
source domain, comprises 16,551 real-world images across
20 classes, for training. Clipartlk (ClI) [25] as the target
domain consists of 20 corresponding classes. We split Cli-
partlk into 500 training and 500 validation images.
Cityscapes to BDD100k: BDD100k (B) [56] is a large-
scale driving dataset. We extract the daytime subset of
BDD100k as the target domain, containing 36,728 training
images and 5,258 validation images. Cityscapes with seven
shared classes is adopted as the source domain.

Cityscapes to Foggy Cityscapes: Cityscapes (C) [12] is
collected from 50 urban scenes of normal weather and con-
tains 2,975 images. Foggy Cityscapes (F) [44] is a synthe-
sized dataset that simulates foggy weather at three inten-
sities (0.005, 0.01, 0.02) as the target domain. It contains
8,925 training images and 1,500 validation images.
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Table 1. Results of Pascal VOC to Clipartlk (P—Cl). The average precision (AP, %) for all classes and the mean AP (mAP) are reported.

Method ‘ Venue ‘ aero bike bird boat bottle bus car cat chair cow table dog horse mtr prsn plant shep sofa train tv ‘ mAP
UMT [15] CVPR’21 | 39.6 59.1 324 350 451 619 484 75 460 676 214 295 482 759 705 567 259 289 394 436 44.1
SIGMA [32] CVPR’22 | 40.1 554 374 31.1 549 543 466 23.0 447 656 23.0 220 428 556 672 552 329 40.8 450 58.6| 445
AT [34] CVPR’22 | 33.1 66.1 353 449 575 449 510 58 595 549 346 235 643 840 754 515 17.1 303 433 372 | 457
TIA [65] CVPR’22 | 422 66.0 369 373 437 71.8 497 182 449 589 182 29.1 40.7 878 674 497 274 278 57.1 506 | 463
SIGMA++ [33] | TPAMI'23 | 36.3 54.6 40.1 31.6 580 604 462 336 444 662 257 253 444 588 648 554 362 38.6 54.1 593| 467
CMT [4] CVPR’23 | 39.8 563 387 39.7 604 350 560 7.1 60.1 604 358 28.1 678 845 80.1 555 203 328 423 382 47.0
TFD [49] AAAT'24 | 279 648 284 295 257 642 477 135 475 509 508 21.3 339 602 656 425 151 405 455 48.6| 41.2
GIBS [39] ICASSP’25 | 325 60.1 282 37.0 383 495 375 227 382 667 278 166 425 862 63.6 499 358 226 450 31.8| 41.6
CDMT [2] TCSVT’25 | 50.0 604 38.1 423 579 422 549 83 633 506 403 263 585 805 79.6 588 250 357 344 46.6| 477
SEEN-DA [29] | CVPR’25 | 44.1 734 547 47.1 451 760 516 204 517 53.0 185 173 61.8 868 722 228 377 21.1 589 527 479
ETS (Ours) - 39.6 663 39.1 49.1 489 522 529 95 519 512 482 264 498 91.7 700 521 197 486 50.8 62.6| 49.0

Table 2. Results of Cityscapes to BDD100k (C—B).
precision (AP, %) on all classes is presented.

The average

Method ‘ Venue ‘person rider car truck bus mcycle bicycle‘ mAP
MTTrans [57]|ECCV’22| 44.1 30.1 61.5 25.1 269 17.1 23.0 | 32.6
BiADT [22] |ICCV’23| 42.0 345 599 172 192 17.8 244 | 327

MIC [24] |CVPR’23| 49.8 36.8 68.1 24.0 25.6 187 30.7 | 36.2

HT [16] |CVPR’23| 53.4 404 63.5 274 30.6 282 38.0 | 40.2
MTM [50] |AAAI'24| 53.7 35.1 68.8 23.0 28.8 238 28.0 | 373
SOCCER [13]| MM’24 | 56.8 422 73.1 31.0 29.5 26.1 33.8 | 41.8

DATR [7] TIP’25 | 58.5 42.8 73.4 269 399 242 373 | 433
MGCAMT [6]| TIP’25 | 61.2 449 753 32.5 30.0 319 378 | 448

DA [23] |AAAT’25| 61.4 454 754 33.0 362 295 367 | 458

DT [26] |CVPR’25| 51.6 47.0 66.6 44.3 459 383 408 | 47.8
ETS (Ours) - 539 492 672 47.1 472 404 435 | 49.8

5.2. Implementation Details

We use Faster R-CNN [43] as the object detector. We em-
ploy DINOV3viru: [45] as the default expert model back-
bone. Input images are resized to 592-pixel height for ex-
pert model training (DINOv3’s patch size is 16) and 600-
pixel height for teacher-student training. We set the confi-
dence thresholds at §=0.8 and ¢’=1.0, and confidence dis-
crepancy threshold €=0.15. The expert model trains 40,000
iterations, while the teacher-student framework undergoes
a 20,000-iteration burn-in stage and an 80,000-iteration
mutual-learning stage. We begin prototype alignment at the
25,000-th iteration. For both C—F and C—B, we employ
VGG16 [46] as the teacher/student backbone with a learn-
ing rate of 0.04. For P—Cl, following [2, 4, 34], we em-
ploy ResNet101 [21] as the teacher/student backbone with
a learning rate of 0.01. All experiments are conducted on 4
RTX3090 GPUs using Detectron2 [51] with 8 source and 8
target images per batch. Additional experiment details and
parameter settings are provided in Appendix D.

5.3. Comparison with SOTA

We use the mean Average Precision (mAP) with a thresh-
old of 0.5 to evaluate the detection performance. Following
other teacher-student methods [4, 24, 26, 34], we report the
performance of the teacher as the final result of our method.
Real to Artistic Adaptation (P—Cl) In Tab. 1, due to the
large number of classes and the significant performance

Table 3. Results of Cityscapes to Foggy Cityscapes (C—F). The

average precision (AP, %) on all classes is presented.

Method ‘ Venue ‘person rider car truck bus train mcycle bicycle‘ mAP
AT [34] CVPR’22| 455 55.1 54.3 35.0 56.3 543 385 519 | 50.9
BiADT [22] | ICCV’23 | 52.2 589 69.2 31.7 55.0 45.1 42.6 513 |50.8
CMT [4] |CVPR’23| 47.0 55.7 645 39.4 632519 403 53.1 |51.9
MTM [50] | AAAT'24 | 51.0 53.4 67.2 37.2 544 41.6 384 477 | 489
REACT [28] | TIP’24 | 514 57.9 674 32.7 559 49.1 40.1 503 | 504
SOCCER [13]] MM’24 | 51.7 57.7 68.6 382 51.647.5 41.6 51.7 | 51.1
PACF [36] | arXiv’'25 | 45.6 57.1 63.2 38.7 62.553.6 442 53.6 | 52.0
CDMT [2] |TCSVT’25| 46.3 56.5 64.1 39.0 63.053.7 413 556 | 525
DATR [7] TIP25 | 61.6 60.4 74.3 35.7 60.3 354 436 559 |534
DT [26] |CVPR’25| 48.5 60.0 654 47.2 66.5529 462 56.7 | 554
ETS (Ours) - 49.0 61.8 65.8 41.7 69.9 56.8 46.7 57.7 | 56.2

variation of different methods across them, our focus re-
mains on the average performance. Our method outper-
forms the SOTA CDMT [2] by 1.3% and SEEN-DA [29] by
1.1%. Further, our ETS outperforms conventional teacher-
student methods by +3.3% over AT [34] and +2.0% over
CMT [4], which demonstrates the necessity of incorporat-
ing experts into the teacher-student framework.

Small to Large-scale Adaptation (C—B) In Tab. 2, ETS
achieves 49.8% mAP, outperforming all other models by a
considerable margin. Leveraging the fundamental gener-
alization knowledge from VFMs, our ETS effectively dis-
tinguishes between easily confused classes such as “mo-
torcycle” and “bicycle”. Furthermore, the prototype align-
ment enhances ETS’s class representations, enabling supe-
rior performance over DT across all classes.

Normal to Foggy Adaptation (C—F) In Tab. 3, our ETS
achieves the best mAP of 56.2%. Benefiting from the gen-
eralized knowledge transferred of VFMs, our ETS demon-
strates improvements on rare classes such as “bus”, “train”,
“motorcycle”, and “bicycle”. Moreover, our superior per-
formance over DT on most classes validates the effective-
ness of the collaborative learning mechanism.

5.4. Ablation Studies and Component Analysis

Ablation on components. We conduct ablation experi-
ments of each component in Tab. 4. Row I is our method’s
baseline, where the student is only supervised by the
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Table 4. Ablation study of ETS on C—B. CD, UD, and ID de-
note consistent, unilateral, and inconsistent detections, respec-
tively. CD, TS, and ES denote cross-domain, teacher-student, and
expert-student prototype alignment, respectively.

ETCT ETIC AP

" oo u | ¢ TS ES ™
1] \ | 364
2 v 43.9
3 v v 47.9
4 v v v 48.1
5 v v v v 48.6
6 v v v v v 492
7 v v v v v v 49.8

Table 5. Hyperparameter ablation of IoU threshold 7 and stricter
confidence threshold &’ on C—F. When adjusting one, the other in
the gray background remains unchanged. The symbol @ denotes
excluding the teacher model’s unilateral detections.

7 | 025 0.5 0.75 1.0
mAP | 551 56.2 55.5 54.3
o | o8 0.9 0.95 1.0 @

mAP | 541 54.6 55.2 56.2 55.5

teacher. The performance began to decline after reaching
36.4% mAP, indicating a training collapse. From rows 2-4,
we conduct component ablations on ETCT. In row 2, intro-
ducing consistency detections effectively prevents training
collapse and achieves a continuous performance improve-
ment of 7.5% mAP. This indicates that the introduction of
the expert model guides the optimization of the teacher-
student framework in the right direction. In row 3, the uni-
lateral detections further enhance performance by 4% mAP
through the complementary knowledge provided by the ex-
pert and teacher models. With the complete ETCT module
(row 4), our model achieves 48.1% mAP, surpassing all ex-
isting SOTA methods. From rows 5-7, we perform compo-
nent ablations on ETJC. In row 5, aligning source and target
domain prototypes in the student model results in a 0.5%
mAP gain, while student-teacher prototype alignment (row
6) further enhances domain-specific representations, bring-
ing an additional 0.6% mAP improvement. In row 7, after
incorporating expert prototype alignment, the ETS achieves
the best performance of 49.8% mAP.

Ablation on hyperparameters. In Tab. 5 top, we observe
that a minimal 7 increases recall for consistent or inconsis-
tent detections, leading to redundant pseudo labels. While
an overly stringent 7 causes many correct matches to be
missed. 7 = 0.5 achieves optimal balance. In Tab. 5 bot-
tom, our experiments demonstrate that increasing the confi-
dence threshold effectively filters prediction noise from the
teacher model. Specifically, setting &' = 1.0 yields best

Table 6. Ablation on supervision from different expert models on
C—B. We also compare each expert model’s parameters, runtime,
and memory consumption.

Expert  Parameters Throughput GPU Memory mAPege: mAPous

DINOV2vr.  300M 1.57 it/s 11.40 GB 453 47.7
DINOvV3vr.  300M 1.99 it/s 8.29 GB 48.8 48.9
DINOV2vrc  1,100M 0.58 it/s 21.80 GB 50.5 49.5
DINOvV3virs.  840M 1.02 it/s 15.62 GB 51.4 49.8
GDINOswine ~ 341M 0.72 it/s 10.36 GB 51.6 50.0

Table 7. Comparison of different DAOD methods in terms of com-
putational efficiency and memory consumption on C—B.

Method Student Teacher Expert Throughput GPU Memory mAP

AT [34] v v 2.03 it/s 6.98 GB 355
DT [26] v v 1.79 it/s 8.38 GB 47.8
ETS v v v 1.82it/s 10.88GB  49.8

Table 8. Ablation of different expert prototypes on P—Cl.

Prototype From‘ Dimension Layer mAPy5.095 mAP75 mAP

DINOV2virc 128 2 225 17.7 48.5
DINOV3virn. 128 2 229 19.0 49.0

performance compared to without the teacher’s unilateral
detections (i.e., ©).

Ablation on different expert models. In Tab. 6, we re-
port the source-only performance of various expert models
and our ETS’s performance supervised by different expert
models, respectively. In this experiment, the ETJC module
remains unchanged. MM GDINO [66], fine-tuned on the
source domain (see Appendix A for details), achieves the
best performance of 51.6% mAP. DINOv3 outperforms its
DINOV2 counterpart with comparable parameters by 1-3%.
As the parameter count of the expert model increases, their
performance continues to improve; however, this comes
at the cost of reduced training efficiency and higher GPU
memory consumption. Fortunately, by leveraging experts
in a free lunch manner, our ETS framework preserves their
strong performance without sacrificing computation effi-
ciency, as shown in Tab.7 last row. We also make two ob-
servations: (1) The performance of the student is positively
correlated with that of the expert. When using GDINO as
the expert, our performance achieves 50.0%. (2) As seen in
the first two rows, the expert’s performance is not the upper
bound for the student, because when the expert’s perfor-
mance is not enough to support the student’s target domain
learning, the teacher plays a greater teaching role.
Computational efficiency comparison. In Tab. 7, we
compare our ETS with AT [34] and DT [26]. Although
our framework consumes more GPU memory, it achieves
higher throughput i.e., higher training efficiency, than DT
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Table 9. The performance of Table 10. Ablation of differ-
the expert model DINOv3vitn+ ent prototype alignment losses

on each benchmark. on C—B.
row‘ Source — Target ‘ mAP  row ‘ Loss Type ‘ mAP
1 [Pascal VOC — Clipartlk| 63.8 1 L2 loss 49.0
2 |Cityscapes — BDD100k| 51.4 2 | Contrastive loss | 49.2
3 | Cityscapes — Foggy |58.8 3 Cosine loss 49.8

Table 11. Ablation on different Figure 4. Visualization of the
supervision strategies. collaborative learning training.

Cumulative Percentage (%)

row| Supervision (C—B) | mAP %
40

1 Only Teacher 38.1

2 Only Expert 476 3

3 EXPCI't — Teacher 44.9 20 Consistent Detections
Expert Unilateral Detections

4 Expert = Teacher | 47.1 10 === Teacher Unilateral Detection

5 | Collaborative teaching | 49.8 {pconsisent Detections

020k 30k 40k 50k 60k Iteration

by leveraging offline-stored prototypes. This advantage
stems from DT’s reliance on DINOV2virs for online feature
alignment, which incurs significant computational over-
head. While our memory usage and throughput are not as
advantageous as those of AT, our performance outperforms
AT by 14%mAP.

Ablation on different expert prototypes. In Tab. &,
the ETCT module remains unchanged (i.e., supervised by
DINOvV3virss). The results indicate that DINOv3 is more
effective than DINOV2 at guiding student learning the gen-
eralized class representation in the target domain.

Ablation on different alignment losses. In Tab. 10, we
compare common alignment losses, i.e., L2, contrastive,
and cosine losses. While all these losses achieve perfor-
mance improvements compared to using no alignment loss
(in Tab. 4 row 4 48.1% mAP), the cosine similarity loss
demonstrates the most significant gains (+1.7%).

Ablation on different supervision strategies. As shown in
Tab. 11, we study different supervision strategies to validate
the effectiveness of collaborative teaching. Beyond relying
solely on the teacher (row I) or expert (row 2) for super-
vision, we follow DT’s setting by employing the teacher
exclusively after 25,000 iterations (row 3), as well as alter-
nately utilizing both the expert and teacher models (row 4).
The results demonstrate that neither single model can effec-
tively supervise student learning, while simple replacement
or alternation fails to inherit knowledge from both models.
The proportion of different detections. Fig. 4 illustrates
the proportion of different detections during the training
process. Initially, unilateral detections are most numer-
ous, particularly from the expert (>50%). As training pro-
gresses, the number of consistent detections increases while
unilateral and inconsistent detections decrease, demonstrat-
ing that the disagreement between the expert and teacher
diminishes and the models optimize in the correct direction.

(b) ETS

(¢) Ground Truth

........

B R ~//' v
[ Peson JRNTERY  Ca JERUIES

| Bus bicycle

Train

Figure 5. Qualitative results comparison on C—F.

Student-Sour

. 0 Teacher-Target
rt-Source
Expert-Target |~ % &

Target Image

(b) Ours

(a) Baseline (¢) Our 5k training iterations () Our 60k training iterations

Figure 6. T-SNE visualization of extracted image features.

5.5. Visualization Analysis

Qualitative Visualization The qualitative results are dis-
played in Fig. 5. Compared to DT, which discards the
teacher model, our ETS leverages domain-specific knowl-
edge distilled from the teacher model to identify objects
even in dense fog regions accurately (as indicated by the
dashed boxes). We provide more detailed qualitative analy-
sis in Appendix E and Appendix F.

T-SNE Visualization As shown in Fig. 6 (a) and (b), the
self-training collapsed baseline (i.e., Tab. 4 row I) fails
to bridge the domain gap, while ETS effectively extracts
domain-invariant image features. Fig. 6 (c) and (d) illustrate
the feature distributions extracted by each model’s back-
bone during early and late training iterations, respectively,
on C—B. The results demonstrate that the student model
gradually acquires knowledge from both expert and teacher
models, with its feature distribution progressively interme-
diate between both during training.

6. Conclusions

In this paper, we reveal that teacher models are as essen-
tial as visual foundation models for domain adaptive ob-
ject detection. To integrate their complementary strengths,
we propose Expert-Teacher-Student Collaborative Learn-
ing (ETS), which follows a teach-then-consolidate strategy.
Specifically, the expert model and the teacher model first
collaborate to generate pseudo labels, transferring both gen-
eralized knowledge and domain-specific knowledge to the
student model. Subsequently, the teacher and expert mod-
els jointly consolidate the student’s class representations
via prototype alignment, enhancing generalized feature rep-
resentation from source to target domain. Through these
operations, ETS achieves superior adaptation performance,
and we conduct comprehensive experiments to validate the
cross-domain effectiveness.
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