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Abstract

Source-Free Domain Adaptive Object Detection transfers
knowledge from a labeled source domain to an unlabeled
target domain while preserving data privacy by restrict-
ing access to source data during adaptation. Existing ap-
proaches predominantly leverage the Mean Teacher frame-
work for self-training in the target domain. The exponen-
tial moving average (EMA) mechanism in the Mean Teacher
stabilizes the training by averaging the student weights over
training steps. However, in domain adaptation, its inherent
lag in responding to emerging knowledge can hinder the
rapid adaptation of the student to target-domain shifts. To
addpress this challenge, Dual-rate Dynamic Teacher (DDT)
with Asynchronous EMA (AEMA) is proposed, which im-
plements group-wise parameter updates. In contrast to tra-
ditional EMA, which simultaneously updates all parame-
ters, AEMA dynamically decomposes teacher parameters
into two functional groups based on their contributions to
capture the domain shift. By applying a distinct smooth-
ing coefficient to two groups, AEMA simultaneously enables
fast adaptation and historical knowledge retention. Com-
prehensive experiments carried out on three widely used
traffic benchmarks have demonstrated that the proposed
DDT achieves superior performance, outperforming SOTA
methods by a clear margin. The codes are available at
https://github.com/qih96/DDT.

1. Introduction

Object detection is a critical component of computer vision,
significantly contributing to a myriad of tasks [14, 24, 46].
Large-scale labeled datasets [20, 27] serve as the foundation
for successful object detection. However, due to the do-
main gap between the training and testing domains, deploy-
ing the trained detector to the unseen domain often leads
to performance degradation. Moreover, annotating large
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amounts of data for special scenes is time consuming and
labor intensive. Therefore, Domain Adaptive Object De-
tection (DAOD) [3] has been introduced. It leverages exist-
ing labeled source domain data and unlabeled target domain
data to train a well-adapted target domain detector.

In real-world applications, data security and privacy con-
cerns often restrict the re-access of DAOD to source domain
data. To address such demands, Source-Free DAOD (SF-
DAOD) [19] has been proposed, which transfers knowledge
of the pre-trained source detector to the unlabeled target do-
main, without accessing the source data during adaptation.

SF-DAOD methods [10, 17, 31] leverage the Mean
Teacher [30] to generate pseudo-labels to train the unla-
beled target domain. The Mean Teacher framework incor-
porates a teacher model that serves as a globally smoothed
version of the student model. All teacher parameters are
updated simultaneously based on the student parameters us-
ing an Exponential Moving Average (EMA) with a high
smoothing coefficient. EMA can stabilize the teacher model
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by aggregating historical student weights, which has been
proven to be valuable for noise reduction in single-domain
learning environments [28, 34, 41]. However, this advan-
tage introduces a disparity between stability and adaptabil-
ity in the context of cross-domain adaptation, particularly
within the source-free mode. The teacher model’s signif-
icant reliance on the student model’s past parameters hin-
ders its capacity to adapt swiftly to new patterns in the
target domain. Therefore, the pseudo-labels produced by
the teacher, which are informed by obsolete knowledge,
progressively contradict the adaptation efforts of the stu-
dent within the target domain. This ongoing misalignment
not only impedes the student’s ability to acquire essential
domain-specific features but also exacerbates the accumu-
lation of errors originating from inaccurate pseudo-labels.
Recent studies have identified critical limitations in rely-
ing solely on teacher-generated pseudo-labels. The utiliza-
tion of teacher knowledge associated with low-confidence
predictions is explored in LPU [4], rather than relying solely
on high-confidence pseudo-labels. In PETS [21], a dual
teacher framework with static and dynamic teachers is pro-
posed to improve the reliability of pseudo-labels, while
DRU [17] mitigates label noise through dynamic retraining-
updating strategy. However, these approaches do not ad-
dress the core problem: The synchronous update paradigm
inherent in conventional EMA is inadequate for SF-DAOD.
Unlike conventional EMA, which uniformly updates all
parameters, in this paper an Asynchronous EMA (AEMA)
mechanism is novelly proposed to quickly adapt to new
knowledge in emerging domains without sacrificing the sta-
bility of the learned knowledge structure. It dynamically
categorizes parameters according to their importance to the
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target domain and assigns group-specific smoothing coef-
ficients, as illustrated in Figure 1. Parameters with larger
gradients indicate higher impacts on reducing prediction er-
rors, which are prioritized during optimization. Inspired by
the Lottery Ticket Hypothesis [8], the parameters are delin-
eated into two categories: target-responsive and stability-
preserving parameters, which correspond to critical param-
eters for domain adaptation and those essential for main-
taining the integrity of temporal knowledge, respectively.
To prioritize rapid adaptation of these critical parameters,
a lower smoothing coefficient is assigned to the target-
responsive group, enabling agile updates in response to tar-
get domain shifts. In contrast, the stability-preserving pa-
rameters are governed by a higher smoothing coefficient,
which introduces inertia to their updates and prevents catas-
trophic forgetting. This dual-rate update strategy improves
the adaptability of the teacher model and ensures its overall
stability at the same time.

To address these limitations in Mean Teacher, a Dual-
rate Dynamic Teacher (DDT) framework is proposed for
SF-DAOD, which harmonizes model stability and adapt-
ability through the AEMA mechanism. Following the pre-
vious work DRU [17], DDT takes weak, strong, and masked
images as inputs to leverage the advantage of weak-strong
augmentation. To capture comprehensive domain knowl-
edge, the pseudo-labels of the teacher and the student for
weak images are integrated. The importance of each param-
eter is quantified by the magnitude of its backpropagated
gradient through the teacher detection loss function, which
measures the discrepancy between the predictions from the
teacher and the integrated pseudo-labels. The parameter
grouping of AEMA is guided by the above parameter im-



portance. The teacher is updated via AEMA to perform an
asynchronous update with the student. The student is op-
timized with the detection loss between predictions (strong
and masked images) and integrated pseudo-labels. By ad-
justing the smoothing coefficients based on the importance,
DDT can quickly adapt to new knowledge in emerging do-
mains without sacrificing the stability of the learned knowl-
edge structure.

The contributions are summarized as follows:
Dual-rate Dynamic Teacher with AEMA is proposed for
SF-DAOD, which implements a dual-rate updating mech-
anism to balance the stability of historical knowledge and
adaptability of emerging domain knowledge.
AEMA dynamically decomposes the teacher parameters
into target-responsive and stability-preserving parame-
ters, which accelerates the adaptation of new knowledge
and maintains the stability of old knowledge.
Experimental results demonstrate that the proposed DDT
achieves state-of-the-art performance in SF-DAOD and
shows effectiveness in other domain adaptation tasks.

2. Related works

2.1. Source-Free Domain Adaptation

Source-Free Domain Adaptation (SFDA) aims at trans-
ferring knowledge from the source domain to the target
domain without accessing the data from the source do-
main. All SFDA approaches utilize pseudo-labeling tech-
nology to adapt the source pre-trained model to the tar-
get domain. These methods can be grouped into two cat-
egories: non-contrastive and contrastive. Non-contrastive
methods [29, 45] use pseudo-labels to align a few sam-
ples with trusted pseudo-labels with other data or leverage
the target data manifold to generate high-quality pseudo-
labels. Contrastive methods [32, 42] use variant-enhanced
contrastive learning to improve feature representations.
The base task of SFDA is classification, while Source-
Free Domain Adaptive Object Detection (SF-DAOD) works
for object detection. The differences between two tasks are
huge, e.g., the number of objects per image. Although the
training manner of SFDA and SF-DAQOD is similar, SFDA
methods are difficult to apply directly to SF-DAOD.

2.2. Domain Adaptive Object Detection

The goal of Domain Adaptive Object Detection (DAOD) is
to transfer the knowledge of data from the labeled source
domain to the unlabeled target domain in the object de-
tection task. Mainstream DAOD methods can be mainly
divided into feature alignment and self-training. Feature
alignment [25, 33] uses the Gradient Reverse Layer to align
the source and target domains. Self-training [39, 44] mainly
leverages weak-strong augmentation and mean teacher
framework for teacher-student mutual learning. CMT [1]
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optimizes object-level features via contrastive learning. To
mitigate the bias that the majority class brings to minority
classes, CAT [16] applies an instance-level mixup, which
prioritizes the model’s attention towards minority classes.
DAOD methods rely on the source data to align or cali-
brate the target domain. Since SF-DAOD does not use the
source data during adaptation, DAOD methods (which re-
quire source data) cannot be used directly to SF-DAOD.

2.3. Source-Free Domain Adaptive Object Detec-
tion

In consideration of data security and privacy protection,
Source-Free DAOD (SF-DAOD), as an extension of DAOD,
aims to adapt the source domain knowledge to the target
domain without accessing the source domain data during
the adaptation phase. Only the source pre-trained detec-
tor and unlabeled target domain data are accessible. SF-
DAOD methods [6, 17, 31] use self-training to learn the tar-
get domain data, in which weak-strong augmentation and
mean-teacher framework have shown superior advantages
in this field. IRG [31] uses a graph structure to learn bet-
ter features of the target domain under the mean teacher.
To improve the stability of the mean teacher framework,
PETS [21] proposes a multi-teacher framework to integrate
useful knowledge between dynamic and static teachers.
LPLD [37] leverages low-confidence pseudo-labels pro-
vided by the teacher to the student to explore more knowl-
edge about the target domain. Moreover, DRU [17] intro-
duces a dynamic retraining-update mean teacher to over-
come the noisy pseudo-labels provided by the teacher.

Existing methods overlook a critical flaw in the SF-
DAOD mean teacher framework. EMA updates all param-
eters synchronously, creating a conflict between preserving
learned knowledge and adapting to new domains. To ad-
dress this, our DDT assigns different smoothing coefficients
to parameters based on their roles of preserving temporal
knowledge and capturing domain shift.

3. Dual-rate Dynamic Teacher

The Mean Teacher framework and the proposed method are
outlined in this section.

3.1. Mean Teacher Framework

The Mean Teacher framework [30] has been widely used in
semi-supervised learning and unsupervised learning to pro-
vide stable self-training for unlabeled data. It consists of a
pair of identical network teacher and student. The teacher
is updated from the student using EMA, which averages the
student over the training steps. The teacher is able to re-
sist disturbances during training and produce more accurate
predictions than the student. Therefore, using the pseudo-
labels provided by the teacher to supervise the learning of
unlabeled data can cope with potential model collapse.



In SF-DAOD, the source domain data are used to train a
source detector. At the beginning of adaptation, the source
detector weights are utilized to initialize the teacher and the
student. During the adaptation phase, pseudo-labels, which
are predictions of the teacher with a high confidence (ex-
ceeding a specified threshold), are utilized to guide the stu-
dent on unlabeled data from the target domain. The student
is optimized with the gradient descent algorithm.

OL et (predss, PLy)

eseesfﬂ 89 9

e))

where 6 denotes the student parameters, (3 is the learn-
ing rate, Lgei(predss, PL;) refers to the detection loss,
which contains the classification loss (L.;s) and the regres-
sion losses (L1 and Lg;0,,), between the predictions of the
student preds; and the pseudo-labels of the teacher PL;.

The teacher updates its parameters using the EMA
weights of the student.

9t<—a~9t+(1—a)-95, (2)

where 6; denotes the parameters of the teacher, and « is the
smoothing coefficient.

3.2. Dual-Rate Dynamic Teacher

The framework of the Dual-Rate Dynamic Teacher is il-
lustrated in Figure 2. DDT classifies teacher parame-
ters into two categories: target-responsive and stability-
preserving parameters. It assigns a lower smoothing coeffi-
cient to target-responsive parameters to embrace rapid adap-
tation and gives a higher smoothing coefficient to stability-
preserving parameters to maintain historical knowledge.

3.2.1. Integration of Knowledge

To enhance the acquisition of domain knowledge, the
pseudo-labels generated by both teacher and student mod-
els are combined. The teacher model focuses on maintain-
ing stable knowledge through gradual updates, whereas the
student model rapidly adapts to new patterns in the tar-
get domain. This integration compensates for their differ-
ences caused by different learning strategies. By integrat-
ing the teacher’s capacity for long-term knowledge reten-
tion with the student’s aptitude for short-term pattern adap-
tation, this approach reduces individual model biases and
strengthens the overall learning process. In particular, the
teacher model’s historical consistency serves to mitigate the
student model’s tendency to overfit to ephemeral patterns,
while the adaptability of the student model helps alleviate
the rigidity of the teacher model. The resulting integration
of consistent historical understanding and flexible pattern
recognition fosters more reliable and robust domain knowl-
edge acquisition, ultimately bridging the gap between gen-
eralization and domain-specific adaptation.
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Given that both the teacher and the student identify a
significant number of identical objects, the Non-Maximum
Suppression (NMS) is implemented to prevent the assign-
ment of duplicate labels to a single object. Taking into ac-
count the pseudo-labels provided by the teacher PL; and
those of the student P L, the integrated pseudo-labels PL
can be described as follows:

PL = nms(cat(PLs, PLy)), 3)

where nms is NMS operation, and cat(PL;, PLs) means
concatenating detection labels from P L, and P L. Pseudo-
labels PL,; and PLg are obtained by filtering predictions
with thresholds of th; and thg, respectively.

3.2.2. Asynchronous Exponential Moving Average

AEMA achieves asynchronous updates of teacher parame-
ters by employing parameter grouping alongside a dual rate
update mechanism. It comprises two steps: gradient-aware
parameter importance ranking and group-wise updating.
The parameter importance ranking requires defining a
measurable proxy to quantify the significance of each pa-
rameter during domain adaptation. This is accomplished
by analyzing the gradient descent algorithm. The ampli-
tude of the gradients serves as an intrinsic indicator of the
contribution of a parameter to the minimization of losses.
The optimization objective minimizes the detection loss be-
tween the teacher predictions and the aggregated pseudo-
labels. As a result, the importance metric can derive from
backpropagation gradients. Parameters exhibiting substan-
tial gradient magnitudes are indicative of elevated domain
adaptation priority, thereby requiring prioritized updates to
effectively facilitate knowledge acquisition within the target
domain. In contrast, parameters with smaller gradients are
identified as stability-preserving components, which play
a critical role in maintaining the consistency of historical
knowledge. The importance s(6;) can be formulated as:

OL ger(predsy, PL)
00,

where | - | denotes the absolute value. Notably, the teacher
gradients are exclusively employed for parameter grouping
and are not utilized within the gradient descent process.

The parameters of the teacher model can be categorized
into two distinct groups based on their capacity for swift
adaptation to novel domain knowledge: target-responsive
parameters and stability-preserving parameters. Inspired by
Network Pruning [5, 8], only a few parameters are essential
for network learning. Given the importance of each param-
eter, the parameters of highest importance are selected as
target-responsive parameters Prr, and others are indicated
as stability-preserving parameters Pgp.

For group-wise asynchronous updating, a reduced
smoothing coefficient is allocated to target-responsive pa-
rameters to facilitate swift adaptation to distributional
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‘ Method Detector  person rider car truck bus train motor bicycle mAP

‘ Source Only DefDETR  40.0 412 470 13.0 29.1 6.5 21.5 38.0 29.5
SW-Faster [25] FRCNN 323 422 473 237 413 278 283 354 34.8
CR-DA-DET [35] FRCNN 329 438 492 272 451 364 303 34.6 374

TIA [43] FRCNN 348 463 49.7 31.1 521 486 377 38.1 42.3

o TDD [11] FRCNN 39.6 475 557 338 476 421 370 414 43.1
% CAT [16] FRCNN 443 571 637 408 66.0 49.7 449 53.0 52.5
a SFA [33] DefDETR 465 48.6 62.6 251 462 294 283 44.0 41.3
MTTrans [39] DefDETR 477 499 652 258 459 338 326 46.5 434
DA-DETR [40] DefDETR 499 500 63.1 240 458 375 316 46.3 43.5

MRT [44] DefDETR  52.8 51.7 687 359 58.1 545 410 471 51.2

SED (Mosaic) [19] FRCNN 332 40.7 445 255 390 222 284 34.1 335
AZSFOD [6] FRCNN 323 441 446 28.1 343 290 318 389 35.4

LODS [18] FRCNN 340 457 488 273 397 196 332 37.8 35.8

8 PETS [21] FRCNN 42.0 487 563 193 393 55 342 41.6 359
g IRG [31] FRCNN 374 452 519 244 39.6 252 315 41.6 37.1
a3 LPLD [37] FRCNN 39.7  49.1 56.6 29.6 463 264 36.1 43.6 40.9
” SF-UT [10] FRCNN 409 480 589 29.6 519 502 362 441 45.0
DRU [17] DefDETR 483 515 625 262 432 341 342 48.6 43.6

DDT (ours) DefDETR 493 53.0 654 258 43.0 397 40.0 47.9 45.5

Table 1. Comparison with the state-of-the-art methods for the adaptation task of Foggy Adaptation. “Source Only” refers to the source-
trained model. “FRCNN” denotes Faster R-CNN [23], and “DefDETR” represents Deformable DETR.

changes within the target domain, while an elevated
smoothing coefficient is designated for stability-preserving
parameters to maintain the integrity of historical knowl-
edge. This dual-rate strategy reflects their distinct roles,
where target-responsive parameters prioritize agility, which
dynamically aligns with evolving target patterns. Because
stability-preserving parameters emphasize inertia, they mit-
igate abrupt deviations from consolidated historical knowl-
edge. By decoupling update rates based on parameter roles,
the proposed approach balances plasticity for adaptation
and stability for long-term consistency. The update of each
parameter by AEMA can be described as follows.

{ 0i <y -0i+ (1 —a1)- 0L, if 0} € Prg,

0 n- 0+ (1—an)-6., if 00 cPsp, O

where 6% and 6% denote the i-th parameter of the teacher
and the student, respectively. a; and ag are the smoothing
coefficients for Prr and Pgp, respectively.

3.2.3. Training Objective

Following previous work DRU [17], the Masked Image
Consistency (MIC) [12] is used to facilitate the learning
of context relations of unlabeled data in the training phase.
Given the strong augmented image x°, the masked image
oM is generated by ™ = M ® 2%, where M is a patch
mask sampled from a uniform distribution, and ® denotes
element-wise multiplication.
The total training objective is formulated as follows.

E = Eget(pred‘sf?PL) + ‘C(]i\gt(predséwa PL)7 (6)

where preds? and predsM denote predictions of the stu-
dent with 2 and ™, respectively.

4. Experiments

4.1. Experimental Setup

Datasets. Following previous works [6, 17, 21], DDT
is validated on four datasets: Cityscapes [7], Fog-
gyCityscapes [26], BDD100K [38], and Sim10K [15].
Cityscapes consists of real-world urban scenes and includes
eight common categories. FoggyCityscapes is a real-world
urban scene with foggy, which is generated by applying
a synthetic fog filter to the original Cityscapes images.
BDD100K comprises 100,000 real-world images under six
different conditions. Similarly to previous work [6, 17, 21],
the “daytime” subset is extracted, with 36,728 training im-
ages and 5,258 validation images. Sim10K is a simulation
dataset generated by the GTA-V game engine.

Adaptation Tasks. DDT is applied to three widely
used adaptation tasks. 1) Normal to Foggy Adaptation:
Cityscapes— FoggyCityscapes, which means Cityscapes as
the source domain and FoggyCityscapes with the highest
fog density (0.02) as the target domain, 2) Cross Scene
Adaptation: Cityscapes—BDDI00OK, and 3) Synthetic to
Real Adaptation: Siml0K— Cityscapes.

4.2. Implement Details

The proposed DDT is built on Deformable DETR [47]. The
batch size is fixed at 8 for all domain adaptation tasks. The
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‘ Method Detector  truck car rider person motor bicycle bus mAP

‘ Source Only DefDETR 189 582 283 420 15.7 18.8 21.7  29.1

DA-Faster [3] FRCNN 143 446 265 29.4 15.8 20.6 16.8  24.0

SW-Faster [25] FRCNN 152 457 295 30.2 17.1 21.2 184 253

A | CR-DA-DET [35] FRCNN 19.5 463 313 314 17.3 23.8 18.9 269

9): AQT [13] DefDETR 173 584 33.0 382 16.9 23.5 184 294

A OZ%net [9] DefDETR 204 586 312 404 14.9 22.7 25.0 305

MTTrans [39] DefDETR 25.1 615 30.1 44.1 17.7 23.0 269 326

MRT [44] DefDETR 247 63.7 309 484 20.2 22.6 255 337

SED (Mosaic) [19] FRCNN  20.6 504 326 324 18.9 25.0 234 290

a PETS [21] FRCNN 193 624 345 426 17.0 26.3 169 313

9,: A2SFOD [6] FRCNN  26.6 502 36.3 332 22.5 28.2 244 316

A LPU [4] FRCNN 245 552 389 414 20.9 30.4 232 335

& DRU [17] DefDETR 27.1 627 369 458 22.7 32.5 28.1 36.6

DDT (ours) DefDETR 28.7 66.1 40.3 494 293 341 291 396

Table 2. Results of Cross Scene Adaptation.
\ Method Detector AP of car 1) Normal to Foggy Adaptation. As weather condi-
| Source Only DefDETR 489 tions exhibit frequent fluctuations that pose substantial chal-
lenges, object detectors are required to demonstrate relia-
TI;,? [[21]1] EE(CZEE gg? bility. To address .this issue, the detecti'on model is trar'ls-
A SFA [33] DefDETR 526 ferr.ed frgm the Clt.yscapes to FoggyCityscapes scenario,
2 OZnet [9] DefDETR 54.1 which is illustrated in Table 1. Compared to DRU with the
A | DA-DETR [40] DefDETR 54.7 same detector framework, DDT improves the performance
MTTrans [39] DefDETR 57.9 for difficult categories (e.g., “train” and “motor’), in which
MTM [44] DefDETR 58.1 more pseudo-labels are generated by the teacher with better
SED(Mosaic) [19] FRCNN 43.1 adaptability. DDT achieves state-of-the-art performance.
IRG [31] FRCNN 43.2 2) Cross Scene Adaptation. The dynamic change of
a) AZSFOD 6] FRCNN 44.0 scene in real-world applications, especially within au-
2 PETS [21] FRCNN 578 tonomous driving contexts, address domain shift challenges
E LPLD [37] FRCNN 49.4 is crucial. The result of Cityscapes—BDD100K is listed in
” SE-UT [10] FRCNN 354 Table 2, in which the proposed DDT outperforms the pre-
DRU [17] DefDETR 58.7 . .

DDT (ours) DefDETR 60.6 vious SOTA method by 3% mAP and achieves the best per-

Table 3. Results of Synthetic to Real Adaptation.

teacher is updated with AEMA. The smoothing coefficients
are set to @1=0.997, a2=0.9996 for most tasks, except that
a1=0.9997, 25=0.9999 for Cityscapes—BDD100K. The
top 10% of the parameters are selected as target-responsive
parameters. The thresholds of pseudo-labels are th;=0.5,
th,=0.4. The student is optimized with the Adam optimizer
with an initial learning rate of 2e~*. Following DRU [17],
the MIC module is adopted, where the patch size b = 64 and
the mask ratio = 0.5. Mean Average Precision (mAP) with
a threshold of 0.5 is used as an evaluation metric.

4.3. Comparison with SOTA Methods

The proposed DDT is validated against state-of-the-art ap-
proaches in three challenging SF-DAOD adaptation tasks.

2072

formance in all categories.

3) Synthetic to Real Adaptation. Due to the lower cost of
annotating synthetic data compared to acquiring real-world
data, training object detectors on synthetic datasets, fol-
lowed by the application of domain adaptation techniques
to real-world scenarios, has emerged as a cost-effective ap-
proach. As demonstrated in Table 3, our DDT framework
demonstrates superior performance compared to existing
methodologies. DDT also outperforms the DefDETR-based
DAOD methods by at least 2% mAP.

4.4. Ablation Studies

Ablation studies are conducted on the Foggy Adaptation.
Effect of individual component. The effect of the pro-
posed modules is listed in Table 4. By applying the inte-
gration of knowledge with the Mean Teacher, performance
is improved from 39.8% to 41.3%. The proposed AEMA
uses inconsistent smoothing coefficients, which improves
the mAP from 39.8% to 44.6%. When both integration
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Figure 3. The statistics of target-responsive parameters.

MT MIC Integration AEMA ‘ mAP
v v 39.8
v v v 41.3
v v v 44.6
v v v v 45.5
v 374
v v v 43.2

Table 4. The effect of each component. “MT” denotes the Mean
Teacher framework.

and AEMA are combined, it achieves a 5.7% improvement.
In addition, DDT also improves the baseline from 37.4%
to 43.2% when the MIC module is removed. This illus-
trates that each component significantly contributes to the
enhancement of adaptive capabilities.

Student gradient guidance. As listed in Table 5, the
student’s gradient remains effective in driving the AEMA
update because the teacher is an ensemble of the student
over training steps. However, the inherent local temporal
inconsistency between the teacher and the student renders
this approach less optimal compared to the direct utilization
of the teacher gradient.

Analysis for target-responsive parameters. The statis-
tics of target-responsive parameters are illustrated in Fig-
ure 3. We can see that around 70% parameters are hardly
chosen (frequency<1%) and about 9% parameters are fre-
quently selected (frequency>20%) during training. On the
right, the frequency, where it is >20%, is provided for the
backbone, encoder, and decoder of DefDETR. In the early
stage of training, the target-responsive parameters are con-
centrated mainly on the backbone to adapt to the low-level
change. They are then shifted to the encoder and decoder
to enhance semantic consistency. The experiment verifies
the effectiveness of AEMA. It demonstrates the capabil-
ity of AEMA to facilitate hierarchical parameter updating
via gradient-based decoupling, effectively addressing the
adaptability-stability dilemma.

Sensitivity for target-responsive parameters. The se-
lection ratio and the smoothing coefficient (1) are studied
for the target-responsive parameters, which are listed in Ta-
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Figure 4. EMA with different coefficients.

Methods | mAP

453
45.5

10% 15% 20%
455 452 443

| 5%
mAP | 45.1

Grouped by student gradient
Grouped by teacher gradient

Table 6. Comparison with dif-
ferent selection ratios.

Table 5. Grouping under
different guidance.

ble 6. Too few or too many target-responsive parameters
can affect the teacher update. 10% is a suitable ratio for se-
lecting target-responsive parameters. The results of AEMA
with different o; are illustrated in Figure 4 (solid lines).
A powerful adaptation in the early stage is achieved when
1=0.996. A more stable training process is obtained when
«1=0.998, which has a relatively poor result due to the accu-
mulation of errors. A suitable a1 (0.997) better harmonizes
adaptivity and stability, having the best performance.
Comparison with EMA. AEMA is compared with
EMA with different smoothing coefficients, which is shown
in Figure 4 (dashed line). The teacher model with a lower
smoothing coefficient (e.g., a=0.998) initially achieves
good performance by rapidly incorporating new knowledge
from target-domain pseudo-labels. However, in later train-
ing stages, this aggressive adaptation amplifies noise from
error-prone pseudo-labels, destabilizing historical knowl-
edge and causing performance degradation. In contrast, a
higher smoothing coefficient (e.g., @=0.9996) stabilizes the
teacher model but sacrifices adaptability. The slow teacher
updates prevent the student from learning domain-specific
features, as the pseudo-labels fail to reflect emerging knowl-
edge. This phenomenon highlights the need for a balanced
approach to harmonize stability and adaptability. Using
group-wise updates to meet demand, AEMA achieves obvi-
ous advantages compared to traditional EMA in SF-DAOD.
Sensitivity for thresholds of pseudo-labels. As shown
in Table 7, varying the thresholds for the student and teacher
models impacts performance. The combination of a thresh-
old of 0.5 for the student and 0.4 for the teacher achieves
the highest mAP. The student model lacks long-term knowl-
edge, which requires a higher threshold to effectively filter
out noisy predictions compared to the teacher model.
Effect of the number of groups. From Table 8, we can
see that two groups achieve the best performance. To main-



The EMA teacher lacks knowledge of the target domain

The student lacks long-term knowledge

Figure 5. The cyan oval dashed boxes indicate objects missed by the EMA teacher due to insufficient target-domain knowledge, while the
red oval dashed boxes show failures of the student model caused by inadequate historical knowledge preservation.

Thresholds ‘ mAP # of groups ‘ mAP
the = 0.4,thy =04 | 44.4 1 413
ths = 0.5,th, = 0.5 | 429 2 45.5
ths = 0.4,thy = 0.5 | 44.6 3 44.7
ths = 0.5,th, = 0.4 | 45.5 4 44.0

Table 7. Different thresholds of ~Table 8. Effect of the number of
pseudo-labels. groups.

tain the robustness of the hyperparameter, linear interpo-
lation between «; and « is used to obtain group-specific
a. For example, the parameter grouping follows [10%,
10%, 80%] for 3 groups, and the corresponding « are [a,
(a1 +a2)/2, as).

Generalization ability of AEMA. To study the general-
ization of AEMA, it is applied to SFDA (the same adap-
tation mode, different base tasks) and DAOD (the same
base task, different adaptation modes). 1) Application of
AEMA to SFDA. The proposed AEMA is integrated into
the Mean Teacher-based TransDA [36] for SFDA. As pre-
sented in Table 9, TransDA+AEMA improves performance.
2) Application of AEMA to DAOD. As listed in Table 10, in-
tegrated MRT+AEMA increases performance. It indicates
that AEMA is robust to the improvement of Mean Teacher
in cross-domain learning.

Qualitative visualization. The detection results are vi-
sualized to demonstrate the quality of the proposed DDT.
The EMA teacher (a«=0.9996) is updated during DDT train-
ing. As shown in Figure 5, the EMA teacher fails to de-
tect certain objects (cyan oval dashed boxes) due to insuf-
ficient emerging knowledge detected by the AEMA teacher
and the student, while the student misses others (red oval
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Method Avg

TransDA [36] 83.0
TransDA + AEMA  84.2

Method mAP

MRT [44] 51.2
MRT + AEMA  51.6

Table 9. Average accuracy on
VisDA [22] for SFDA.

Table 10. Normal to foggy
adaptation in DAOD manner.

dashed boxes) requiring historical consistency detected by
the EMA and AEMA teachers. Our AEMA resolves this du-
ality by balancing emerging knowledge learning and histor-
ical knowledge preservation. Therefore, the AEMA teacher
is capable of detecting objects that the EMA teacher and
the student do not detect, exhibiting enhanced robustness in
domain adaptation tasks.

5. Conclusion

To address the limitations of Exponential Moving Av-
erage (EMA) caused by domain adaptation, we propose
a novel Dual-rate Dynamic Teacher (DDT) framework,
equipped with an Asynchronous EMA (AEMA) updating
strategy. The AEMA strategy enables asynchronous up-
dates of teacher parameters to capture the domain change,
achieving a balance between rapid adaptation to the target
domain and retention of historical knowledge. In addition,
the integration of knowledge between the teacher and the
student captures a comprehensive domain knowledge to im-
prove the student’s optimization and teacher updating. Ex-
perimental results in three adaptation tasks validated the ef-
fectiveness of DDT, and extensive ablation studies provided
deeper insight into its mechanisms, underscoring its poten-
tial for robust domain adaptation.
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