Expert-Teacher-Student Collaborative Learning
for Domain Adaptive Object Detection

Supplementary Material

A. Alternative Expert Models in ETS Method

We point that ETS provides a conceptual paradigm for how
vision foundation models (VFMs) can better guide teacher-
student framework learning. Therefore, the selection of ex-
pert models is not limited to DINOv3. We also validate
Grounding DINO [16] as an alternative expert model.
Zero-Shot Performance of Grounding DINO

Since the official Grounding DINO implementation only
provides inference code and releases checkpoints for both
Swin-T and Swin-B backbones, (as illustrated in Tab. S1)
We directly evaluate their zero-shot performance on the tar-
get domain in Tab. S2.

Table S1. Official Grounding DINO released checkpoints.

Name ‘Backbone‘ Pre-Training Data ‘AP on COCO
GDINO-T| Swin-T |0365, Gold, CapAM|  48.4

COCO, 0365, Gold,
Cap4M, Openlmage,
ODinW-35,
RefCOCO

GDINO-B| Swin-B 56.7

Table S2. Zero-shot performance of Grounding DINO.

Target Domain | GDINO-T | GDINO-B
Foggy Cityscapes (0.02) | 328 | 415
BDD100k | 329 | 429

However, the zero-shot performance of the pre-trained
Grounding DINO in the target domain proves inadequate to
serve as the expert model, as it underperforms mainstream
DAOD methods. We further visualize Grounding DINO’s
detection results in Fig. S1, revealing three key limitations
of its zero-shot application in the target domain without
fine-tuning:

e Limited Scenario Adaptability: While demonstrating
generalizability across most scenes, it exhibits poor per-
formance in challenging conditions (e.g., missed detec-
tions in dense fog in Fig. S| (a) and (c), false positives in
Fig. S1 (d)).

» Tends to Over-detect: The model tends to over-identify
fine-grained objects, such as detecting vehicle occupants
(Fig. S1 (a) and (d)) or incidental human figures within
advertisements (Fig. S1 (b)).
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Figure S1. Visualization of Grounding DINO (Swin-T)’s zero-
shot detection results reveals three critical limitations: (1) signifi-
cantly degraded performance in domain-specific regions (particu-
larly dense fog areas), (2) over-detection of irrelevant details (e.g.,
vehicle drivers and advertisement figures). These observations
demonstrate its inadequacy as a teacher model, and (3) fundamen-
tal confusion exists between semantically similar categories.

¢ Semantic Class Confusion: Fundamental confusion ex-
ists between semantically similar categories (e.g., clas-
sifying both “person” and “rider” classes exclusively as
“person”).
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Figure S2. We fine-tune the pre-trained MM Grounding
DINO with both Swin-T and Swin-L backbones on the labeled
Cityscapes dataset.

Fine-tuning MM Grounding DINO

Fortunately, MM Grounding DINO [21] is proposed to ad-
dress the lack of technical details in Grounding DINO.
As an open-source, comprehensive, and user-friendly base-
line built upon the MMDetection toolbox [2]. MM
Grounding DINO incorporates abundant vision datasets for
pre-training along with various detection and grounding
datasets for fine-tuning. The method provides thorough
analyses of all reported results and detailed configuration
settings to ensure reproducibility.
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Figure S3. We only exhibit the second training epoch of MM Grounding DINO (Swin-T), significant performance improvements are

already observable in the detection results.

Table S3. Source-only performance of fine-tuned MM Grounding
DINO-L on Foggy Cityscapes.

Table S4. Source-only performance of fine-tuned MM Grounding
DINO-L on BDD100k.

Category mAPs mAP.m mAPI1 mAPS0 Category mAPs mAP.m mAPl1 mAPS0
person 44.2 81.5 97.8 68.7 person 38.5 84.2 96.1 63.4
rider 36.3 81.5 92.5 65.0 rider 20.2 63.4 89.8 50.5
car 47.7 89.6 98.4 77.9 car 40.3 83.8 95.8 69.9
truck 1.3 355 82.1 47.6 truck 15.3 422 72.4 48.4
bus 1.8 47.7 93.6 71.4 bus 13.9 34.8 81.9 49.8
train 0.0 35.0 76.2 58.9 train - - - -
motorcycle 26.3 70.2 69.3 54.0 motorcycle 16.4 54.6 73.2 42.0
bicycle 39.9 76.5 79.1 64.0 bicycle 13.1 52.0 78.6 37.2
Average 25.9 64.7 86.1 63.4 Average 22.5 59.3 83.9 51.6

In Fig. S2, we employ pre-trained MM-Grounding-
DINO with both Swin-T and Swin-L backbones, fine-tuning
them on the labeled Cityscapes dataset. All fine-tuning ex-
periments were conducted using only four RTX 3090 GPUs.
We note that employing additional GPUs may further im-
prove performance. In Fig. S3, we visualize the detection
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Figure S4. Schematic diagram of fine-tuning MM Grounding
DINO as the expert model.

results of MM Grounding DINO (Swin-L) after the sec-
ond fine-tuning epoch, demonstrating that many issues have
been resolved: the model now accurately distinguishes be-
tween “person” and “rider” while avoiding over-detection
of drivers inside vehicles and figures in advertisements. We
evaluate the source-only performance of our Cityscapes-
finetuned MM Grounding DINO-L on the validation sets of
Foggy Cityscapes and BDD100k datasets, as quantitatively
demonstrated in Tab. S3 and Tab. S4.

MM Grounding DINO as Expert in ETS Method

Following the same process as DINOv3 expert model
implementation, it also requires three steps: (1) Fine-tuning
MM Grounding DINO on labeled source domain data, (2)
Generating offline pseudo labels using the fine-tuned MM
Grounding DINO, and (3) Executing expert-teacher-student
collaborative learning, as illustrated in Fig. S4. Notably,
due to architectural differences between MM Grounding
DINO and Faster R-CNN, we do not extract prototypes
from MM Grounding DINO. The Expert-Teacher Joint
Consolidation (ETJC) module consequently retains the pro-
totypes extracted by DINOv3.

In Tab. S5 bottom, we present the performance of our
ETS method using MM Grounding DINO as the expert
model, compared with using DINOv2 and DINOV3 as the
expert model. Since MM Grounding DINO is a vision-



Table S5. The Comparison of different expert models and they trained ETS method’s performance, respectively. Results of Cityscapes to
BDD100k. The average precision (AP, %) on all classes is presented.

Method ‘ Backbone ‘ Parameters | person rider car truck bus mcycle bicycle | mAP
Expert (DINOv2) ViT-B 86M 476 428 629 389 386 373 33.6 43.1
ETS VGG16 138M 478 443 645 408 426 @ 31.1 394 44.4
Expert (DINOv2) ViT-L 300M 489 453 655 439 416 411 31.1 453
ETS VGG16 138M 525 476 672 445 445 37.7 40.2 47.7
Expert (DINOv2) ViT-G 1,100M 543 521 674 471 454 472 40.2 50.5
ETS VGG16 138M 535 495 671 471 463 402 43.1 49.5
Expert (DINOv3) ViT-B 86M 419 407 603 37.8 420 357 29.5 41.2
ETS VGG16 138M 468 41,6 621 389 378 37.7 32.6 42.5
Expert (DINOv3) ViT-L 300M 470 483 642 458 492  50.1 37.2 48.8
ETS VGG16 138M 51.5 494 655 465 489 433 37.0 48.9
Expert (DINOv3) ViT-H+ 840M 514 524 646 472 516 498 43.1 514
ETS VGG16 138M 539 492 672 47.1 472 404 43.5 49.8
Expert (MM GDINO) | Swin-L 341M 634 505 699 484 498 420 37.2 51.6
ETS VGG16 138M 55.7 504 650 467 525 403 39.9 50.0

Table S6. Comparison of different expert models and backbones in terms of model parameters, runtime, and memory consumption on

Cityscapes—BDD100k.

Expert Backbone Parameters Throughput GPU Memory Expert mAP Ours mAP
DINOv2 ViT-S 21M 7.77 it/s 3.82GB 355 -
DINOv2 ViT-B 86M 4.01 it/s 6.31 GB 43.1 44.4
DINOv2 ViT-L 300M 1.57 it/s 11.40 GB 45.3 47.7
DINOV2 ViT-G 1,100M 0.58 it/s 21.80 GB 50.5 49.5
DINOvV3 ViT-S+ 29M 8.36 it/s 3.37GB 36.9 -
DINOvV3 ViT-B 86M 4.75it/s 5.26 GB 41.2 42.5
DINOv3 ViT-L 300M 1.99 it/s 8.29 GB 48.8 48.9
DINOv3 ViT-H+ 840M 1.02 it/s 15.62 GB 514 49.8

MM GDINO Swin-L 341M 0.72 it/s 10.36 GB 51.6 50.0

language-based vision foundation model specifically de-
signed for object detection tasks, it has fewer parame-
ters than DINOv2 and DINOV3, yet achieves better per-
formance. MM Grounding DINO slightly outperforms the
DINOv3-based expert model on most classes, enabling the
corresponding ETS method to achieve the optimal perfor-
mance of 50.0% mAP. This demonstrate that our method
is not limited to any specific VFMs. Any advancements in
open-source VFMs can promote the progress of our method.
When better-performing VFMs become available as expert
models, our ETS method can further improve detection per-
formance. Note that, following previous baselines and us-
ing their codebases [1, 9, 14, 15], our teacher-student archi-
tecture is employed Faster RCNN and remains unchanged.

B. Ablation on Different ViT Backbones

As illustrated in Tab. S5, we conduct an ablation study on
different ViT backbones within the expert model and com-
pare their parameter counts. The results demonstrate that
expert models with larger backbones achieve better perfor-
mance, thereby transferring more knowledge to the student
model in our ETS method. We also find that the perfor-
mance of DINOv2 ViT-B is 1.9% higher than that of DI-
NOv3 ViT-B under the same parameter count. We find that
the expert model is not the performance ceiling of the ETS
method. When the backbone of the expert model employs
ViT-L or ViT-B, the performance of our student model sur-
passes that of the expert model. It demonstrates that when
the performance of the expert model is insufficient to sup-
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Figure S5. Details of our proposed ETS, which follows a three-step workflow: (a) Offline Expert Model Training, where we first train the
expert model using labeled source domain data; (b) Offline Pseudo Label & Prototype Generating, where the trained expert model processes
target domain data to generate both pseudo labels and class prototypes through its prototype network; (c) Online Expert-Teacher-Student
Collaborative Learning, implementing each-then-consolidate paradigm via two key modules: the Expert-Teacher Collaborative Teaching
(ETCT) that produces collaborative pseudo labels by detection matching from both expert and teacher models to supervise the student
model’s learning, followed by the Expert-Teacher Joint Consolidating (ETJC) module that consolidates the student model’s representations
by enforcing prototype alignment between all three models. This comprehensive approach ensures effective knowledge transfer while

maintaining robust domain adaptation capabilities.

port the learning of the student model for the target domain,
the teacher model corrects the negative impact of the ex-
pert model and guides the student model to learn the correct
representation of the target domain.

C. Details of our proposed ETS

In Fig. 3 of the main paper, we only illustrated the expert-
teacher-student collaborative learning process. Here, we
present the complete workflow of the ETS method. As
shown in Fig. S5, our proposed ETS method follows a three-
stage workflow:

1) Offline Expert Model Training: The expert model
with a prototype network is pre-trained on labeled source
data using supervised learning to learn the fundamental dis-
crimination ability.

2) Offline Pseudo Label&Prototype Generating: The ex-
pert generates pseudo labels and class prototypes for the tar-
get domain via confidence-weighted and momentum-based
prototype update.

3) Online Expert-Teacher-Student Collaborative Learn-
ing: which contains ETCT and ETJC two modules, en-
abling the student model to inherit advantageous knowledge
from both teacher and expert models through a progressive
strategy of teach-then-consolidate.

D. Implementation Details

Due to the varying scales of different datasets, the imple-
mentation details of some parameters may differ. Therefore,
we provide detailed hyper-parameters in Tab. S7.

E. More Quantitative Results on BDD100k

Due to space constraints, we could not include more qual-
itative results in the main text. Here, as shown in Fig. S8,
Fig. S9, and Fig. S10, we present more detailed qualitative
results on the Cityscapes—BDD100k cross-domain bench-
mark, comparing with the state-of-the-art method DT [14].
The comparison will be conducted from three key aspects:
Detection Recall Capacity

In Fig. S8, we present a comparative analysis of the recall
capacity between our TES and DT. DT demonstrates signif-
icantly inferior recall rates when detecting rare categories,
particularly for buses (rows 1, 2, 5) and trucks (rows 3-5, 7).
This object omission phenomenon stems from incomplete
class-knowledge inheritance without fine-grained prototype
alignment, it becomes challenging to transfer the expert
model’s rich categorical semantic features, especially when
confronting substantial domain gaps. Notably, DT also un-
derperforms in detecting common categories. As shown
in rows 3, 6, and 7 in Fig. S8, it frequently misses “per-
son” instances that our ETS method can reliably identify.



Table S7. Detailed hyper-parameters of ETS for each benchmark

Hyperparameter Description C—F P—Cl C—B
4] Standard confidence threshold 0.8 0.8 0.8
o Strict confidence threshold 1.0 1.0 1.0

€ Discrepancy threshold 0.15 0.15 0.15
T IoU matching threshold 0.5 0.5 0.5
«a EMA update factor 0.9996 0.9996 0.9996
o Prototype EMA update factor 0.999 0.999 0.999
d Prototype dimension 128 128 128
K Number of shared categories 8 20 7
A1 Supervise loss weight 1.0 1.0 1.0
A2 Collaborative teaching loss weight 1.0 0.5 1.0
A3 E-S prototype weight 0.1 0.1 0.1
A4 T-S prototype weight 1.0 1.0 1.0
A5 C-D prototype weight 1.0 1.0 1.0
Texpert Expert pretraining iterations 40k 30k 40k
Teapertpro Extract expert prototype iterations 20k 10k 20k
Towrn Burn-in iterations 20k 20k 20k
Tatign Alignment start iter 25k 20k 25k
Trax Total iterations 100k 30k 100k
Backbone Teacher/Student VGG16 ResNet101 VGG16
Expert Backbone Frozen DINOv3-H+ DINOv3-H+ DINOv3-H+
Input size (px) Teacher/Student 600 600 600
Input size (px) Expert 592 592 592
Ir Learning rate 0.04 0.01 0.04
b Batch size (source + target) 8+8 12+12 8+8
GPUs Training devices RTX3090 4 4 4

This comprehensive superiority highlights our method’s ro-
bust capability in both rare and common category detection
through an effective teach-then-consolidate strategy.

Localization& Classification Capacity

As shown in Fig. S9, we present a comprehensive compari-
son of classification and localization accuracy between our
ETS method and DT. DT exhibits several critical misclas-
sifications: (1) mistaking a bench for a “bicycle” (row 1),
(2) identifying a traffic barrier as a “person” (row 2), (3)
classifying a billboard as a truck (row 3), and (4) detecting
reflected buildings as pedestrians (row 4). These misjudg-
ments indicate that DT fails to fully utilize the fundamental
knowledge contained in the expert model. Merely align-
ing at the image-level cannot learn fine-grained category
semantic knowledge. Meanwhile, the lack of target-domain
distillation knowledge from the teacher model results in in-
sufficient pseudo-labels, which cannot provide high-quality
supervision, thus leading to these misjudgments. In con-
trast, our ETS method effectively addresses these issues
through multi-model prototype alignment and collaborative
teaching optimization, achieving significantly more robust

cross-domain detection performance.

Long-distance Detection Capacity

Detecting small targets at long-distance is a challenging
task in object detection, especially in the Domain Adaptive
Object Detection (DAOD) setting with significant domain
gaps, as small targets are more susceptible to domain inter-
ference. As shown in Fig. S10 rows -3, our ETS method
performs well in recognizing small and distant cars, while
the DT misses most of the distant objects. In the blurry sce-
nario under rainy conditions in row 4, DT misses most of
the cars, while our method is the least affected.

F. Complementary Advantages of Expert and
Teacher Models

In the main text, we have already mentioned that “VFMs
excel at capturing domain-invariant cues, whereas teacher
models specialize in domain-specific regions”, but no more
observational evidence was provided. Now, we provide
additional qualitative analysis of their detection outputs
(Fig. S11). As shown in row I, the expert model leverages
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Figure S6. We present nighttime scenes from the TDND dataset, which cover real low-light environments such as dusk and night, including

various severe weather like heavy rain and snow.

its real-world generalized knowledge to distinguish mir-
rored reflections from physical objects, a critical safety ad-
vantage in autonomous driving scenarios where the teacher
model fails by misclassifying reflections. Row 2 demon-
strates the teacher’s domain-specific superiority: it reliably
detects distant cars obscured by dense fog. The expert
model’s advantage is that it can identify cars through resid-
ual rear features (as shown in the 3-th image of the right
side).

The teacher’s domain-specific detection capabilities are
further evidenced in rows 3-4 and rows 6-7 for fog-occluded
objects, with these additional detections incorporated as
unilateral detections to enrich the collaborative pseudo la-
bels for comprehensive student supervision. Conversely,
the expert model shows consistent domain-invariant perfor-
mance in low-fog regions (rows 3-5). Particularly in row
5, where domain-specific attributes (fog) are absent, the
expert detects severely occluded and small-scale ”person”
instances (while they missed by the teacher model) with
GT-comparable accuracy. This generalizability bridges the
source-target domain gap, constituting the core advantage
of our ETS method.

G. Pseudo-code

As illustrated in Algorithm 1, we present a pseudo-code
pipeline of our ETS. In the diagram, [----- | denotes the

offline operations about the expert model of steps (a) and
(b), which ensure that no additional computational cost
from the expert models is introduced during the online train-

ing phase. [----- | represents the steps associated with the
student model, whereas [- - - - - | corresponds to those of the
teacher model. [ --- ] and [----- ] indicate the proce-

dures related to the ETCT and ETJC modules, respectively.

H. Day-to-Night DAOD Benchmark

Recently, the safety of autonomous driving at night has at-
tracted growing attention from researchers, with domain
adaptation emerging as one of the most effective solutions.
To further evaluate the domain adaptation capability of our
ETS method, we test it under the day-to-night adaptation
scenario. It is worth noting that our approach is designed for
general cross-domain adaptation rather than being specif-
ically tailored for day-to-night adaptation. This scenario
is particularly challenging due to significant variations in
lighting conditions, such as low illumination, high dynamic
range, and increased noise, which severely impact percep-
tion performance. Therefore, it serves as a rigorous bench-
mark to assess the robustness and effectiveness of our ETS.
Dataset

Following [5], we evaluate our method on the TDND [17]
dataset, a large-scale benchmark specifically designed for
object detection in challenging nighttime driving scenarios
as illustrated in Fig. S6. These images encompass a va-
riety of difficult visual conditions characteristic of night-
time driving, including complex illumination changes, glare
from headlights, light refraction, and motion blur. Addi-
tionally, the dataset covers severe weather conditions such
as heavy rain and snow, which further increases the percep-
tion difficulty. In our experiments, we use 1,916 daytime
images as the source domain and 7,663 nighttime images as
the target domain, with 2,523 nighttime images reserved for
validation.

Evaluation

As illustrated in Tab. S8, our ETS demonstrates state-of-
the-art performance, achieving a remarkable mAP of 50.9%
mAP. This represents a significant improvement of 4.2%
over the previous best method, DeT [5] (46.7%), despite
that our approach is designed for general cross-domain
adaptation rather than being specifically optimized for day-



Table S8. Results of TDND dataset (daytime — nighttime). Where "D—N” denotes the method specifically designed for day-to-night.
Note that we demonstrate the performance of four different expert model variants, but we only leverage DINOv3 ViT-H+ as the expert

model’s backbone in our ETS.

Method | Venues | D—N | car  person  bus  minibus  truck  t-sign | mAP
SADA [3] JCV’21 X 72.4 35.7 36.9 14.7 14.9 30.1 34.1
MIC [10] CVPR’23 X 79.6 28.0 42.4 17.2 22.9 27.5 36.3
2PCNet [13] CVPR’23 v 77.4 39.3 52.5 8.4 10.5 25.9 35.6
ISP-Teacher [20] AAATI24 v 72.3 44.5 37.5 15.4 27.0 26.2 37.2
SOCCER [4] MM’24 X 73.9 17.4 514 16.2 38.7 26.5 37.4
CoS [12] ICME’24 v 74.8 49.3 53.1 17.6 27.2 31.2 42.2

DeT [5] ICCV’25 v 79.8 48.3 57.6 20.9 40.8 32.8 46.7

ETS - X 82.3 45.6 67.1 26.1 47.0 37.6 50.9
Expert| DINOv3virs: - X 72.1 40.6 47.4 15.2 30.6 22.7 38.1
Expert| DINOV3virs - X 75.2 45.3 44.8 22.4 36.2 27.5 41.9
Expert| DINOv3virs - X 80.0 50.4 67.9 26.3 46.1 33.8 50.7
Expert| DINOvV3vir- - X 81.3 45.3 66.8 33.7 53.2 32.2 52.2

Table S9. Results of FLIR dataset (RGB — Thermal). Where "R—T” denotes the method specifically designed for RGB-to-Thermal
adaptation. Note that we demonstrate the performance of four different expert model variants, but we only leverage DINOv3 ViT-H+ as
the expert model’s backbone in our ETS. Following [7], we report all results with two decimal places for a precise comparison.

Method ‘ Venues ‘ R—T ‘ person bicycle car ‘ mAP
DANN [8] JMLR’16 X 32.02 30.52 48.88 37.14
SWDA [18] CVPR’19 X 30.91 36.03 47.94 38.29
EPM [11] ECCV’20 X 40.97 38.95 53.83 44.60

HT [6] CVPR’23 X 70.87 48.11 78.45 65.81

D3T [7] CVPR’24 v 70.77 57.44 79.68 69.30

ETS - X 65.81 61.47 82.55 69.94
Expert| DINOv3virs: - X 40.35 48.95 64.15 51.15
Expert| DINOv3virs - X 66.71 55.98 78.61 67.10
Expert| DINOv3virs - X 68.18 60.12 83.12 70.47
Expert| DINOV3virs- - X 68.17 62.10 82.60 70.95

to-night scenarios. ETS consistently outperforms all com-
peting methods across most object classes, with particularly
notable gains in challenging classes such as “bus”, “truck”,
and “traffic signs”. This proves that our method effectively
utilizes the generalization knowledge derived from VFMs.
Notably, ETS achieves performance comparable to the ex-
pert model employing DINOv3 ViT-L backbone and ap-
proaches the capability of the largest expert model (i.e., DI-
NOv3 ViT-H+) which attains 52.2% mAP. The progressive
performance improvement observed across different expert
model variants further validates the critical role of founda-
tion model capacity in addressing challenging domain adap-
tation scenarios. These results collectively demonstrate that
ETS effectively bridges the domain gap between daytime
and nighttime driving conditions, establishing new state-of-
the-art performance on this benchmark.

I. RGB-to-Thermal DAOD Benchmark

Thermal imaging provides crucial capabilities in low-
visibility conditions where RGB sensors fail, but transition-
ing from RGB to thermal domains presents significant chal-
lenges. The two modalities exhibit substantial domain gaps
due to their different imaging principles—RGB captures re-
flected light while thermal detects heat signatures. This
cross-modal shift, combined with limited annotated thermal
data, makes RGB-to-thermal adaptation an ideal benchmark
for evaluating domain adaptation methods.

Dataset
Following [7] We use the updated FLIR dataset [19]
containing 5,142 aligned RGB-thermal pairs,as shown is

Fig. S7. We select 2,064 RGB images as the source do-
main and 2,064 different thermal images as the target do-
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Figure S7. Sample images from the FLIR dataset illustrating the
domain adaptation from RGB to thermal imaging.

main, ensuring no aligned pairs are used during training.
This prevents overfitting and provides a realistic evaluation
of cross-modal adaptation. We evaluate on three consis-
tently annotated categories: person, car, and bicycle, with
1,013 images reserved for testing.

Evaluation

In Tab. S9, our ETS achieves competitive performance on
the challenging RGB-to-Thermal adaptation benchmark, at-
taining 69.94% mAP without specific design for this task.
ETS demonstrates particular strength in detecting “bicy-
cles” and “cars”, highlighting its effectiveness in handling
the substantial domain shift between visible and thermal
spectra. Additionally, ETS achieves performance compa-
rable to the largest expert model (DINOv3 ViT-H+), val-
idating the guidance capabilities of VFMs in the thermal
domain are limited.



Algorithm 1 Expert-Teacher-Student Collaborative Learning (ETS)

Input: Source data Dy = { X, By, Cs}, Target data D, = {X;}

Output: Trained student detector for target domain

1: Step (a): Offline Expert Model Training

2: Train expert model (frozen backbone) on source domain using L, (X, Bs, Cs)

3. Step (b): Offline Detection&Prototype Generation

4: Generate expert pseudo labels f’(B ,C ) with confidence threshold ¢ and prototypes p**? on target domain
5. Step (c): Online Expert-Teacher-Student Collaborative Learning

6: while iter < T a0 iterations dO
7: if iter < TbuTnﬂL then

8: Burn-in Stage (Supervised Learning on Source)

9: Train student model on source domain using L, (X5, Bs, Cs)

10:  else if Ty in < tter < Tyigy then
11: Mutual-learning Stage (Supervised Learning on Source& Target)
12: Keep training student model on source domain using L, (X, Bs, Cs)
13: Initialize teacher model from copy student weights
14: Generate Teacher Pseudo Labels
15: Generate teacher pseudo labels Y from teacher model on target images
16: Label-level: Expert-Teacher Collaborative Teaching (ETCT)

17: Match Y and Y to generate collaborative pseudo labels Y,,;

18: Train student model with £ osup(X¢, Beot, Ceot)

19:  else
20: Prototype-level: Expert-Teacher Joint Consolidating (ETJC)
21: Generate prototypes p¢“P, pt¢®, pst* FROM each prototype network
22: Compute prototype alignment losses:  £E-5. . £T5 = £G-D,

23:  end if
24: Optimization and EMA Update

25: Optimize total loss:
26: L= )\l[/colsup + )\2£colsup + )\SEIED;it + )\4££_Tsot + )\5£g;€t
27 Update teacher model via EMA: 0; <+ af; + (1 — «)0;

28: end while
29: return Final student model
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Our method can identify
three out of five person,
while DT can only get the
correct identification of one.

Our method also has cases
of missed detections.

The detection capability of
DT for small objects is also
quite poor. During the
detection process, it may miss
distant cars.

(b) ETS (C) Ground Truth

Figure S8. Quantitative analysis of detection recall capacity on Cityscapes—BDD100k.
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(C) Ground Truth

Figure S9. Quantitative analysis of localization&classification capacity on Cityscapes—BDD100k.



row 2 row 1

row 3

(a) DT

Figure S10

(b) ETS (C) Ground Truth

. Quantitative analysis of Long-distance detection capacity on Cityscapes—BDD100k.



(a) Teacher (b) Expert (c) Ground Truth
Truck [BUSH Train bicyele! [ Incorrect

Figure S11. Quantitative analysis of complementary advantages of expert and teacher models on Cityscapes—Foggy Cityscapes.
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