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ABSTRACT

Continuous environmental changes induce distribution shifts, leading to signifi-
cant performance degradation of models deployed on resource-constrained mobile
devices. Existing fast adaptation methods fail to provide sufficient generaliza-
tion to meet performance requirements, while cloud-device collaborative learn-
ing often relies on a considerable amount of data, limiting real-time applicabil-
ity. To ensure both timeliness and effectiveness, we propose a dual-mode cloud-
device collaborative framework. Specifically, the proposed mothod dynamically
switches modes according to the degree of distribution shift: (1) Collaborative
adaptation mode handles substantial shifts, where the cloud performs multi-level
domain alignment and position-aware prompting to learn domain-invariant repre-
sentations, which are then distilled to the device model; (2) Self-adaptation mode
addresses minor shifts, where the device model performs unsupervised test-time
adaptation with pseudo-label generation and quality-aware reweighting for fast
local updates. Experimental results show that our framework achieves superior
performance while using only 80% of the data and incurring less than 0.5% ad-
ditional parameters and computation. Moreover, it consistently outperforms com-
pared methods in both accuracy and single-frame inference speed. Code is avail-
able at https://anonymous.4open.science/r/DCD-D013.

1 INTRODUCTION

Model compression, structured pruning, neural architecture search, compiler-level optimizations,
and quantization-aware training have shown great potential in alleviating the inference burden on
resource-constrained devices (Cai et al.l 2020; |Cheng et al.l 2024; |Zhong et al.| |2025). However,
these techniques are primarily designed for static data distributions and struggle to maintain sta-
ble performance in dynamic environments with continuously shifting distributions or severe data
drift. To address this issue, Test-Time Adaptation (TTA) (Liang et al., [2025) has been proposed,
which adapts models during inference by leveraging only unlabeled target-domain data, offering
a lightweight and efficient solution for real-time deployment. Nevertheless, existing TTA meth-
ods still exhibit limited generalization capability when facing large-scale distribution shifts, making
them insufficient to fully meet performance requirements.

The existing cloud-device collaboration paradigm relies on powerful cloud models to retrain on
new samples and distil the updated knowledge into the lightweight device model. CDCA (Gan
et al., 2023) has demonstrated that cloud-based knowledge transfer can effectively enhance the
adaptation capability of device models. However, the traditional retraining process entails huge
computational costs and involves large-scale data transmission, rendering it challenging to meet
real-time requirements. To ensure both timeliness and effectiveness, we introduce a temporal uncer-
tainty—aware dynamic update mechanism that selects different update strategies based on changes
in perception tasks. As illustrated in Figure [T} when the estimated uncertainty is below a predefined
threshold—indicating minor distribution shifts and low adaptation difficulty—the model is updated
locally on the device using limited data. Conversely, when the uncertainty exceeds the thresh-
old—indicating significant distribution shifts and higher adaptation difficulty—the cloud model as-
sists in updating the device model.

Therefore, in the collaborative mode, we build on Domain Faster R-CNN (Chen et al., |2018)) then
propose Multi-level Domain Adaptation (MuDA). MuDA employs domain discriminators with a
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Figure 1: The two modes differ in that the device-side test-time adaptation cannot access source-
domain data and can only rely on pseudo-labels generated from test samples. Our dual-mode frame-
work integrates and switches between the two modes based on temporal uncertainty.

gradient reversal layer (Ganin & Lempitskyl [2015)) to learn domain-invariant representations, align-
ing features at the image, instance, and semantic levels. This reduces reliance on large amounts of
target-domain data and improves cross-domain generalization. In addition, Position-Aware Prompt-
ing (PAP) guides the model to focus on foreground regions and suppress background noise, en-
couraging attention to domain-invariant areas. Finally, the cloud model’s generalized knowledge is
transferred to the device model via adapter-based knowledge distillation for efficient updates.

In the self-adaptation mode, the device-side model operates in an offline setting. Since mobile
devices lack labeled data but require rapid adaptation to distribution shifts during inference, we pro-
pose a quality-aware test-time adaptation (QuTTA) method. QuTTA combines pseudo-labeling with
quality-based reweighting to achieve efficient local model updates and incorporates a self-recovery
mechanism to mitigate catastrophic forgetting, thereby accelerating adaptation and enhancing sta-
bility without the need for additional pseudo-label filtering.

Main novelty and contributions: 1) We propose a dual-mode cloud—device continuous adaptation
(DMCDA) framework that dynamically switches modes based on temporal uncertainty, enabling
mobile models to adapt to evolving environments efficiently. 2) In the self-adaptation mode, we
propose QuTTA, which leverages quality-aware reweighting for rapid on-device updates. 3) In the
collaborative mode, DMCDA coordinates multiple components to reduce data requirements and
communication overhead while preserving strong generalization performance. Experiments demon-
strate that DMCDA reduces communication cost by 20% compared with state-of-the-art methods
while maintaining superior performance.

2 RELATED WORK

Test-Time Adaptation aims to enhance model robustness under domain shifts without access to
target labels, typically through uncertainty minimization, pseudo-label refinement, and lightweight
parameter updates. TENT (Wang et al.} 2021) minimizes prediction entropy by updating only BN
affine parameters, balancing adaptation and stability. CoTTA enhances TENT via
EMA ensembling, stochastic restoration, and consistency regularization for long-term adaptation.
EATA(Niu et al, 2022) selects reliable, informative samples for entropy minimization updates and
applies Fisher regularization to prevent catastrophic forgetting. SAR(Niu et all, improves
stability by removing high-gradient noisy samples and applying sharpness-aware entropy minimiza-
tion. BeCoTTA (2024) enforces behavior-consistent updates for stable and continual
test-time adaptation, while DPCore |[Zhang et al.| (2025) aligns evolving target distributions via dy-
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namic prototype correction, and ViDA [Liu et al| (2023)) leverages low-/high-rank adapters to balance
domain-shared and domain-specific knowledge for continual adaptation.

Cloud-device collaboration has become an important paradigm for adapting models in dy-
namic real-world environments. Early works mainly focused on improving computational effi-
ciency (Pacheco et all, 2021} [Wang et al. Guo et all, 2024} [Rahmath P et all, 2024), re-
ducing communication overhead (Li et al.l [2019; |Chen & Ran| [2019; Matsubara et al., 2022}
et al., 2024; [Zhou et al., 2024), or supporting multi-device coordination (Henna & Davy, 2020;
Mansour et al 2021} [Ke et al., 2023 [Guo et al} [2024). CDCA (Gan et al., 2023) first addressed

continual distribution shifts with uncertainty-guided sampling, visual prompts, and EMA-based dis-
tillation to enhance on-device robustness. Subsequent works such as AMS (Khani et al, 202T) and
ECLM (Zhuang et all, 2023 explored modular model decomposition to enable periodic collabora-
tive updates. Most recently, CDCL (Wang et al.,[2024a)) extended this concept to multimodal LLMs,
where a cloud MLLM guides a lightweight on-device adapter via knowledge distillation and to-
ken offloading. These methods show the shift from simple computation offloading to collaborative
adaptation and continual learning. CEMA [Chen et al| (2024D) further advances this direction by
introducing a dual-mode cloud—device continuous adaptation paradigm that dynamically switches
between self-adaptation and collaborative adaptation, reducing communication cost while maintain-
ing strong on-device generalization.

3 METHODS

3.1 OVERVIEW

Traditional uncertainty estimation focuses on a single input by performing Monte Carlo Dropout to
compute prediction variance(Gal & Ghahramanil 2016} |Guo et al.,[2017) , which reflects the model’s
confidence in handling the current input. While effective for assessing model-level uncertainty, it
provides limited insight into whether the environment itself is shifting(Xu et all, 2022} [Gan et al.}
2023} [Nakamura et al., [2024).
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Figure 2: The proposed cloud-device collaborative framework aligns domains using MuDA and
PAP, learns domain-invariant features, and transfers knowledge to the device model via distillation.
In offline mode, the device model adapts to changing environments through test-time adaptation.
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Therefore, in step 1, we estimate the environment-level uncertainty by applying MC Dropout M
times on k consecutive frames:

1 k M
Vane = [ 737 20 2 Ipmy [ 22) =ty | 22)|, (1)

i=1 m=1

where x; denotes the i-th frame, p,, (y | x;) the m-th prediction, and p(y | x;) the averaged distribu-
tion over M predictions. A low V. reflects stable conditions and activates local adaptation, while
a high value indicates distribution shifts, triggering collaborative mode. We will further explore the
impact of different k values and uncertainty thresholds on the framework.

3.2 COLLABORATION MODE

Within the cloud collaborative framework, we introduce Multi-level Domain Adaptation (MuDA)
and Position-Aware Prompting (PAP) to achieve cross-domain feature alignment.

MuDA addresses distribution shifts by performing feature alignment on the teacher model via ad-
versarial training with a Gradient Reversal Layer (GRL) (Ganin & Lempitsky, |2015). Adopting
the framework of (Chen et al.l 2018), we conduct hierarchical alignment at both the image level
(Limg) and instance level (Liys). Furthermore, to reinforce category-level alignment, we introduce a
semantic consistency constraint (L) based on symmetric KL divergence:

C
Lo =Y [KL(P: | P +KL(PL | P2)), @
c=1

where P? and P! denote the class-conditional distributions for category ¢ in source and target do-
mains, respectively. The overall objective is defined as:

Etotal == [:(sjrect + )\Lcimg + A2Acins + >\3‘CSC7 (3)

where L3 is the source supervision loss, and weighting factors A; 2 3 are empirically set to 1.
Implementation details are provided in Appendix [A.3]

PAP is proposed to enhance cross-domain adaptability by injecting learnable prompts into the input
space under spatial and channel dual guidance. Specifically, we first capture stable structural priors
by extracting directional statistics via average pooling and 1D convolution along height and width
dimensions, yielding the spatial coordinate weight W,0rq. Next, to emphasize foreground semantics
and suppress background noise, we construct the channel guidance P, by fusing complementary
features from global average (Fiyg) and max (Fiax) pooling:

P, = 0(MLP (Fayg + Finax)) - Fave + (1 = 0(MLP (Fiyg + Finax))) * Finax- 4)

Finally, the learnable prompt P is modulated by these guidance signals and injected into the input
image X:

X*:X+P®P0®Wcoord~ @)
Through this mechanism, PAP explicitly highlights domain-invariant structures at the input level,
significantly bolstering the model’s cross-domain generalization.

Knowledge transfer. After the cloud teacher model learns generalized knowledge from domain
adaptation to handle changing environments, it needs to transfer the parameters to the device. Meth-
ods like TDD(He et al.||[2022) and CrossKD(Wang et al., 2024b) enhance performance by introduc-
ing additional mechanisms and modules, but they inevitably increase computational overhead and
complexity. To address this issue, we extend the classic CWD(Shu et al.,2021) method by introduc-
ing a simple yet effective 1x1 adapter mechanism, which bridges the gap in heterogeneous knowl-
edge distillation while minimizing additional computational costs. Experimental results demonstrate
the trade-off between computational load and distillation efficiency, with detailed design and results
provided in the Appendix [A23]

3.3 LocAaL TTA MODE

In the local self-adaptation mode, we propose QuTTA, a simple yet effective test-time adaptation
method. It treats model predictions as pseudo labels for adaptation and employs quality-aware
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reweighting to dynamically adjust the strategy based on sample quality. Besides, a self-recovery
mechanism is introduced to prevent the model from catastrophic forgetting. Only the parameters of
BN layers are updated, ensuring computational efficiency.

Pseudo-Label Generation. For an input image x, we directly utilize all detection predictions D =
{(Bj, Uj, §j)}§V=1 as pseudo labels, where f)j € R* represents bounding box coordinates, §j; denotes
class labels, and 3; indicates confidence scores. Unlike conventional approaches, we impose no
confidence thresholds or heuristic filtering strategies.

Quality-Aware Reweighting. To reduce the impact of noisy pseudo labels, we adopt a quality-
aware reweighting strategy that follows the principle: learn more from high-quality samples (low
loss), and less from low-quality ones (high loss). We define the reweighting as:

7-l‘l'la)(
w(x) = max (1 o Tmm) ©)
where Lge(x) is the detection loss, 79 = 0.8 1n(1000) controls the transition between high and low
quality, Tmax = 3 and 7, = 0.4 set the upper and lower bounds. This function smoothly adjusts
weights based on prediction quality, offering stable gradients and avoiding hard threshold tuning.
These values may slightly affect the performance of QuTTA; the reasons for their settings and the
corresponding ablation studies can be found in the Appendix.

The final test-time adaptation loss incorporates quality-aware weights and temporal regulation:
L) =7 w(x) - Laa() )

where the temporal regulation factor (*) controls the adaptation strength at iteration ¢. To balance
adaptation speed and stability, we adopt a two-stage schedule: the first 40% of samples use a higher
intensity (v = 0.1) for rapid adaptation, while the remaining 60% use a lower intensity (y = 0.05)
to ensure stable convergence. We update only the affine parameters of BN layers ¢» = {~, 3} while
keeping other parameters fixed:

P = ) — VLGN (8)

where n = 5 X 10~7 is the learning rate and AdamW (Loshchilov & Hutter, 2017) optimizer is
employed for parameter updates.

Self-Recovery. To avoid performance degradation caused by accumulated noise during continual
adaptation, we introduce a self-recovery mechanism based on monitoring the detection loss with an
exponential moving average (EMA).

EMA® = 8. EMA(~D 4+ (1-8)- £, 9)
where [ is the smoothing coefficient. When the EMA value exceeds a pre-defined threshold €ege

(indicating that the detection loss has significantly increased and performance is deteriorating), the
model parameters are reset to the initial state:

it EMA® > e = 6 & O (10)
Here, 6;,; denotes the initial model parameters, and €5 = 0.3 means the reset threshold. This
design ensures that parameter resetting is only triggered when the model shows clear signs of degra-

dation, rather than when the loss is low, thereby providing a safeguard against catastrophic perfor-
mance collapse while maintaining stability.

4 EXPERIMENTS

4.1 DATASETS

We evaluate all methods on severl tasks, using two datasets Cityscapes-C (Cordts et al.| 2016 and
ACDC-Detection (Sakaridis et al.,|2021)). To ensure consistency with the benchmark of comparison
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Table 1: Benchmark settings for domain adaptation tasks.

Task Sequence Images Purpose

Task 1 | fog — motion blur — rain — snow — brightness | 2500 x 10 | Evaluation of performance

Task 2 | fog — night — rain — snow 1600 x 10 | Evaluation of performance

Task 3 | motion blur — fog — snow 1800 x 10 | Evaluation of performance and V.
Task 4 | brightness — rain — night 1800 x 10 | Evaluation of performance and V.
' ‘= Task #1 [N |

. . . . ACDC E Fog—Motion—Rain—Snow— Brightness Cityscapes-C, Level 5
L Fog Night Rain Snow /:

4 IIEI:- | I I—’ l | | I I - \‘i Fog—Night—Rain—Snow ACDC

Fog Level 1-5 Brightness Level 1-5 Motion Level 1-5 i Task #3 | | I - |
i

Motion—Fog—Snow Cityscapes-C (Level 1-5) and ACDC mixed
| | | | . | | | - Cityscapes-C

Rain Level 1-5 Snow Level 1-5 i Task#4 | | | | | | | | | ..

Bri Rain—Night City C (Level 1-5) and ACDC mixed

Figure 3: Task sequences composition.

methods and to further evaluate our proposed uncertainty, we design four different tasks, as shown
in Table 1 and Figure 2.

The settings of Task 1 and Task 2 remain consistent with CDCA (Gan et al., 2023)) and CoTTA (Xu
et al., [2022). Task 1 adopts five common dynamic corruptions in real-world scenarios, including
brightness, motion blur, rain, fog, and snow, each with five severity levels. Each corrupted subset
contains 500 images, and the applied sequence is: fog — motion blur — rain — snow — brightness.
Task 2 is derived from the Adverse Conditions Dataset (ACDC), which shares the same categories as
Cityscapes, including fog, night, rain, and snow domains. For each adverse condition, 400 unlabeled
images are randomly sampled. To further simulate model performance in real environments and
evaluate the impact of uncertainty, we design Task 3 and Task 4. For example, Task 3 selects 500
motion samples from Cityscapes-C (with severity levels gradually increasing from 1 to 5, each level
contains 100 images), along with fog and snow samples from both datasets (500 from Cityscapes
and 100 from ACDC). More details are provided in the appendix.

4.2 IMPLEMENTATION DETAILS

In this paper, all experiments are implemented using PyTorch, we follow the default settings in
MMdetection(Chen et al., 2019) to train the pre-trained model on the source domain (Cityscapes).
On the cloud side, we adopt Faster R-CNN with a ResNet-101 backbone as the large teacher model,
while on the device side, we use Faster R-CNN with the ResNet-18 backbone. Other hyperparame-
ters please refer to the appendix.

In Tasks 1 and 2, the primary objective is to evaluate the performance of two modes. To ensure
fairness, both TTA and cloud-device collaborative methods use the complete set of test samples,
so that the theoretical time required for data upload and download is identical across all compared
methods (while ignoring fluctuations caused by real-world network conditions, as this is not the
optimization focus of this work). Therefore, the evaluation results solely reflect the model’s intrinsic
performance and computational efficiency.

4.3 RESULTS AND ANALYSIS

We adopt mAP@0.5 (%) as the evaluation metric. For both tasks, we perform 10 rounds of domain
adaptation following the aforementioned adaptation order. We report the average performance in the
final round and compare it with the source-only baseline, and gain(%) means the improvement of
our method compared with Source-only.

Performance. Tables 1 and 2 demonstrate that our framework achieves significant advantages in
both offline TTA and cloud-device collaborative scenarios. In Task 1, QuTTA improves mAP@50 by
2.7% over the baseline, benefiting from the quality-aware reweighting mechanism that enables rapid
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Table 2: Continuous adaptation capability on Cityscapes-to-Cityscapes-C.
Method I Round 1 I Round 5 I Round 10 ‘Mean Gain
| Fog Motion Rain Snow Bright | Fog Motion Rain _Snow Bright | Fog  Motion Rain Snow  Bright | >al
Test-time Adaptation Methods

Source 329 6.5 493 122 345 [ 329 6.5 493 122 345 [ 329 6.5 493 122 345 27.1 -

TENT 329 6.5 495 122 347 | 338 6.9 502 13.1 359 | 344 7.6 505 144 37.0 288  +1.7
CoTTA 332 59 489 122 347 | 334 6.2 494 128 350 | 338 6.4 50.0 132 355 27.5 +0.4
EcoTTA 329 6.8 493 124 346 | 335 7.0 500 129 35.1 | 339 74 504 13.1 35.6 282 +1.1
SAR 33.0 6.6 494 123 346 | 332 6.6 49.7 125 34.8 | 337 6.9 50.1 128 342 27.5 +0.4

BeCoTTA (S) | 33.4 6.7 49.6 125 35.1 | 342 7.1 504 134 36.2 | 35.0 75 51.0 144 37.3 29.0 +19
BeCoTTA (M) | 33.8 7.1 499 127 356 | 353 74 508 139 37.8 | 37.0 7.8 509 153 40.3 29.6 425
BeCoTTA (L) | 33.7 7.2 501 128 358 | 357 74 509 144 385 | 37.1 7.8 511 152 41.1 302 +3.1

Ours 329 6.5 494 125 352 | 35.0 6.7 498 140 380 | 367 6.8 498 15.1 40.7 29.8 427
Cloud-device Collaborative Methods

AMS 365 250 292 286 383 [ 460 365 36.7 378 48.0 [ 520 420 428 425 523 463 +19.2
CDCA 398 278 315 309 411 | 500 405 40.7 418 520 | 524 470 478 475 57.3 504 +23.1
CDCL 405 282 320 314 416 | 508 412 415 42,6 527 | 538 468 475 483 56.5 51.6  +245
CoLA 392 270 31.0 304 405 | 492 400 402 412 515 | 516 425 422 434 538 475 4204
CEMA 395 2715 314 308 40.8 | 49.7 404 406 41.8 51.6 | 523 4438 459 469 550 484 4213
Ours 421 313 323 337 440 | 585 461 46.6 466 581 |59.6 508 505 506 612 545 4274

Table 3: Continuous generalization capability on Cityscapes-to-ACDC-Detection.
P I Round 1 I Round 4 I Round 7 I Round 10 I Mean Gain
| Fog Night Rain Snow | Fog Night Rain Snow | Fog Night Rain Snow [ Fog Night Rain Snow |
Test-time Adaptation Methods

Source 358 108 163 229 [358 108 163 229 |358 108 163 229 |358 108 163 229 21.4 -

TENT 352 107 165 227 | 357 111 173 235 | 362 113 177 237 | 363 116 177 236 223 +0.8
CoTTA 357 109 162 219 | 351 108 161 218 | 351 109 161 220 | 356 109 162 223 21.2 -0.2
EcoTTA 360 11.1 168 23.1 |364 114 172 236 |369 116 176 238 |370 11.7 17.8 240 22.5 +1.1
SAR 354 105 161 232 | 356 106 161 233 | 357 107 162 237 | 358 108 163 234 21,6 +0.1

BeCoTTA(S) | 359 110 169 233 |367 116 178 239 |375 119 180 244 |382 122 185 248 23.1 +1.7
BeCoTTA (M) | 36.2 114 17.3 235 | 374 120 183 241 | 384 123 186 250 |387 126 189 253 23.7 +2.3
BeCoTTA (L) | 36.1 113 172 236 | 372 119 183 247 | 382 125 187 250 |392 129 191 255 242 +2.8

Ours 349 105 17.0 230 | 364 115 179 224 |376 121 181 248 |388 128 189 25.1 239 425
Cloud-device Collaborative Methods

AMS 335 168 21.6 269 | 468 219 338 353 [458 236 354 360 |475 243 362 378 365  +15.1
CDCA 344 170 219 273 | 468 21.7 338 352 | 489 234 365 369 | 509 256 397 403 39.1 4177
CDCL 344 172 222 276 | 475 221 345 359 |50.1 241 376 381 |51.8 257 405 416 | 402 +18.8
CoLA 343 172 221 279 | 468 225 352 36.6 | 493 249 387 392 | 506 250 385 396 | 384 +17.0
CEMA 346 173 223 280 | 475 228 351 37. |500 247 389 393 | 511 255 398 402 | 39.0 +18.0
Ours 351 17.6 227 282 | 492 250 351 399 | 568 261 40.6 409 | 572 282 425 447 431 +21.7

response to distribution shifts during inference. Under the cloud-device collaborative mode, our
method enhances cross-domain alignment via MuDA and learns domain-invariant features through
PAP, thereby enabling efficient knowledge transfer and achieving a remarkable 28.8% improvement
over the source-only model, significantly outperforming compared methods. In Task 2, despite
larger distribution shifts caused by day-night and weather variations, QuTTA still improves by 2.5%
over the baseline and maintains robustness under the challenging night condition; with cloud-device
collaboration, it further achieves a 21.7% improvement, outperforming existing approaches.
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Figure 4: (a) Performance under limited target-domain data on Cityscapes-to-Cityscapes-C. (b)
Adaptation speed and mAP on Cityscapes-C.

Efficiency. In the above tables, all methods use the complete set of test samples. Figure [] (a) il-
lustrates the performance trends of different methods under varying data ratios. As the amount of
target-domain data decreases, the corresponding upload time is reduced; however, most methods ex-
hibit a significant drop in performance. In contrast, our method fully exploits the feature disparities
between source and target domains through multi-level domain adaptation, thereby reducing the re-
liance on large-scale target-domain data while maintaining adaptation efficiency and demonstrating
superior data utilization. Notably, even with only 80% of the target-domain data, our method still
achieves 51.9 mAP, surpassing all other methods trained with the complete dataset. Therefore, our
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framework achieves competitive performance with relatively 1 ess data, reducing data upload time
and, to some extent, improving the overall practicality of the framework.

TTA methods aim to rapidly adapt to distribution shifts during inference, making adaptation speed a
key evaluation metric. To comprehensively assess the trade-off between efficiency and accuracy, we
adopt task processing speed (s/sample) and mAP for comparative analysis. As shown in Figure|4(b),
methods closer to the top-left corner achieve a better balance between efficiency and accuracy. Our
QuTTA adapts at 0.36s per sample on Cityscapes-C, ranking second only to TEA in speed while
being faster than all other methods, and consistently outperforms them in accuracy, thereby achiev-
ing the best overall balance. Additional results on adaptation speed tested on the jetson orin nano
platform reported in the Appendix [A.7.4]

Generalization. To evaluate the sensitivity of our proposed method to different backbone architec-
tures and its ability to generalize across diverse scenes, we test QuTTA on the semantic segmentation
setting of the Cityscapes-to-ACDC benchmark with an input resolution of 1920 x 1080. Aligning
with CoTTA and BECoTTA, we use the pretrained SegFormer-B5 as the source model. In addition,
two ViT-based approaches, DPCore and ViDA, are included for comparison.

Table 4: Method Sensitivity to Backbone Architecture and Scene Generalization Evaluation on
ACDC (1920 x 1080). FPS results are measured or inferred on RTX 4090 and Jetson Orin Nano.

Method Round 1 Round 2 Round 3 Mean Inference time (FPS)
Fog Night Rain Snow | Fog Night Rain Snow | Fog Night Rain Snow GPU Orin
Sourceonly | 69.1 403 59.7 578 | 69.1 403 597 578 |69.1 403 597 578 | 56.7 | 29.8 11.3
TENT 69.0 402 601 573 | 683 390 604 563 |[675 379 605 56.0 | 558 | 522 14.3
CoTTA 709 412 624 597 | 709 41.1 620 594 | 707 410 627 595 585 | 413 10.2
ViDA 715 420 630 590 | 714 421 63.1 592 | 713 420 629 590 | 593 | 494 13.1
DPCore 72.0 428 635 60.1 | 72.1 429 63.6 602 | 720 427 634 60.0 | 61.1 | 51.6 135
EcoTTA 68.5 358 621 574 | 683 355 623 574 |681 353 623 573 558 | 46.2 11.5
BECOoTTA | 71.8 48.0 663 62.0 | 71.7 47.7 663 619 | 717 47.6 663 619 | 61.9 | 48.1 12.2
Ours 71.8 468 658 615 | 71.7 466 657 613 717 467 658 614 | 612 | 54.8 15.6

From Table[d] we observe that although BECoTTA attains the highest overall mIoU, it incurs a sub-
stantial inference-time overhead. In comparison, our method achieves a highly competitive accuracy
(mean 61.2), nearly matching BECoTTA, while delivering the fastest inference on both GPU and
mobile platforms. This efficiency advantage highlights the superior real-time adaptation capability
of our approach, particularly in resource-constrained mobile scenarios.

4.4 ABLATION STUDY

In this section, we validate the effectiveness of the proposed MuDA and PAP components through
ablation studies and sensitivity analyses, examining their impact on computational and storage ef-
ficiency (FLOPs and parameters) as well as the effect of uncertainty on data transmission and per-
formance. Finally, we employ t-SNE visualizations to demonstrate multi-domain alignment and
adaptation.

When (k, M) = (1,10) and the uncertainty threshold is set to 0.3, 38% and 30% of the data in
Task 3 and Task 4, respectively, are uploaded to the cloud. The variation in the uploaded data ratio
with different & values and uncertainty thresholds is shown in Figure[3](a).

k=3
Varq k=4
o gy =5

ks 026 e oL SR TR e WL T e ke s wes mem

(a) Effect of V. on data requirements (b) Effect of V. on performance, (k, M) = (1, 10) () Effect of V. on performance, (k, M) = (3, 10)

Figure 5: Sensitivity analysis of uncertainty Vj,., which mainly includes its impact on both data
requirements and performance.
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Moreover, recalling Eq. 1, when k = 1, the uncertainty is estimated by performing M Monte Carlo
samples on a single frame; when k£ > 1, a sliding window of size k is adopted to incorporate tempo-
ral information and measure cross-frame uncertainty. Figures 4(b) and (c) illustrate the performance
of the proposed method on Task 3 and Task 4 under the setting of £ = 1,3, M = 10, and an
uncertainty threshold of 0.25.

In Task 3 and Task 4, QuTTA improves local adaptation performance by approximately 3.4% and
1.5%, respectively, while the collaborative mode remains almost unaffected. This indicates that
increasing the window size k£ mainly benefits local on-device adaptation, whereas the collaborative
mode, which relies on cross-domain alignment and cloud knowledge transfer, is less sensitive to the
minor data variation introduced by k. Additional sensitivity analyses on the uncertainty threshold
and window parameters are provided in the Appendix [A-8]

We evaluated the impact of the proposed MuDA and PAP components on computational and storage
costs as well as detection performance under the collaborative paradigm. The computational over-
head is measured by FLOPs, while the storage costs is measured by the parameters (MB). The task
is Cityscapes to Cityscapes-C with input image size of 1024 x 2048.

Table 5: Ablation study of the proposed components on Cityscapes — Cityscapes-C.
ResNet-18 ResNet-101 PAP MuDA FLOPs Params Mean
30034 G 2832M 399
v 300.64G 2929M  41.8
v 300.34G 2841 M 42.0
v v 300.64G  2939M 431
563.75G 6038M 522
v 56823 G 66.48M  53.6
v

SENENEN

v 563.75G 60.48M 54.1
v 568.23G 66.58M 558

SENENEN

As shown in Table 5] introducing MuDA does not increase FLOPs and only increases the param-
eters by less than 0.5%, but improves average mAP@50 by 2.1% and 1.9% on ResNet-18 and
ResNet-101, respectively. Introducing the PAP component alone also incurs almost no overhead
while achieving significant performance improvements. When combining MuDA and PAP, the per-
formance further reaches 3.2% on ResNet-18 and 3.6% on ResNet-101. The results demonstrate that
the proposed components can significantly improve model adaptation performance with virtually no
increase in resource consumption.

Before Adaptation After Adaptation

® Source Brightness ® Fog ® Motion ® Rain ° Snow]

Figure 6: The t-SNE visualization of feature distributions on the Cityscapes-to-Cityscapes-C task
before and after applying the domain adaptation strategy.

By comparing the t-SNE visualizations, the effectiveness of MuDA is evident. Before adaptation,
a clear domain shift appears, with source and target forming separated clusters. After adaptation,
features from both domains overlap substantially, boundaries blur, and distributions align, showing
that the strategy effectively learns shared representations and reduces cross-domain discrepancies.



Under review as a conference paper at ICLR 2026

REFERENCES

Han Cai, Chuang Gan, Tianzhe Wang, Zhekai Zhang, and Song Han. Once for all: Train one
network and specialize it for efficient deployment. In International Conference on Learning
Representations, 2020. URL https://arxiv.org/pdf/1908.09791.pdf.

Guohao Chen, Shuaicheng Niu, Deyu Chen, Shuhai Zhang, Changsheng Li, Yuanqing Li, and
Mingkui Tan. Cross-device collaborative test-time adaptation. Advances in Neural Information
Processing Systems, 37:122917-122951, 2024a.

Jiasi Chen and Xukan Ran. Deep learning with edge computing: A review. Proceedings of the
IEEE, 107(8):1655-1674, 20109.

Kai Chen, Jiaqi Wang, Jiangmiao Pang, Yuhang Cao, Yu Xiong, Xiaoxiao Li, Shuyang Sun, Wansen
Feng, Ziwei Liu, Jiarui Xu, Zheng Zhang, Dazhi Cheng, Chenchen Zhu, Tianheng Cheng, Qijie
Zhao, Buyu Li, Xin Lu, Rui Zhu, Yue Wu, Jifeng Dai, Jingdong Wang, Jianping Shi, Wanli
Ouyang, Chen Change Loy, and Dahua Lin. MMDetection: Open mmlab detection toolbox and
benchmark. arXiv preprint arXiv:1906.07155, 2019.

Yaofo Chen, Shuaicheng Niu, Shoukai Xu, Hengjie Song, Yaowei Wang, and Mingkui Tan. Towards
robust and efficient cloud-edge elastic model adaptation via selective entropy distillation. In
International Conference on Learning Representations, 2024b.

Yuhua Chen, Wen Li, Christos Sakaridis, Dengxin Dai, and Luc Van Gool. Domain adaptive faster
r-cnn for object detection in the wild. In Proceedings of the IEEE conference on computer vision
and pattern recognition, pp. 3339-3348, 2018.

Hongrong Cheng, Miao Zhang, and Javen Qinfeng Shi. A survey on deep neural network pruning:
Taxonomy, comparison, analysis, and recommendations. IEEFE Transactions on Pattern Analysis
and Machine Intelligence, 2024.

Marius Cordts, Mohamed Omran, Sebastian Ramos, Timo Rehfeld, Markus Enzweiler, Rodrigo
Benenson, Uwe Franke, Stefan Roth, and Bernt Schiele. The cityscapes dataset for semantic
urban scene understanding. In Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), pp. 3213-3223, 2016.

Yarin Gal and Zoubin Ghahramani. Dropout as a bayesian approximation: Representing model
uncertainty in deep learning. In international conference on machine learning, pp. 1050-1059.

PMLR, 2016.

Yulu Gan, Mingjie Pan, Rongyu Zhang, Zijian Ling, Lingran Zhao, Jiaming Liu, and Shanghang
Zhang. Cloud-device collaborative adaptation to continual changing environments in the real-
world. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition,
pp. 12157-12166, 2023.

Yaroslav Ganin and Victor Lempitsky. Unsupervised domain adaptation by backpropagation. In
International conference on machine learning, pp. 1180-1189. PMLR, 2015.

Chuan Guo, Geoff Pleiss, Yu Sun, and Kilian Q Weinberger. On calibration of modern neural
networks. In International conference on machine learning, pp. 1321-1330. PMLR, 2017.

Xiaolin Guo, Fang Dong, Dian Shen, Zhaowu Huang, and Jinghui Zhang. Resource-efficient dnn
inference with early exiting in serverless edge computing. IEEE Transactions on Mobile Com-
puting, 2024.

Mengzhe He, Yali Wang, Jiaxi Wu, Yiru Wang, Hanqing Li, Bo Li, Weihao Gan, Wei Wu, and
Yu Qiao. Cross domain object detection by target-perceived dual branch distillation. In Proceed-
ings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 9570-9580,
2022.

Dan Hendrycks and Thomas Dietterich. Benchmarking neural network robustness to common cor-
ruptions and perturbations. In International Conference on Learning Representations (ICLR),
2019.

10


https://arxiv.org/pdf/1908.09791.pdf

Under review as a conference paper at ICLR 2026

Shagufta Henna and Alan Davy. Distributed and collaborative high-speed inference deep learning
for mobile edge with topological dependencies. IEEE Transactions on Cloud Computing, 10(2):
821-834, 2020.

Zixuan Hu, Yichun Hu, Xiaotong Li, SHIXIANG TANG, and LINGYU DUAN. Beyond en-
tropy: Region confidence proxy for wild test-time adaptation. In Forty-second International
Conference on Machine Learning, 2025. URL https://openreview.net/forum?id=
QOwx jjaGBUoO.

Zhihui Ke, Xiaobo Zhou, Dadong Jiang, Hao Yan, and Tie Qiu. Collabvr: Reprojection-based
edge-client collaborative rendering for real-time high-quality mobile virtual reality. In 2023 IEEE
Real-Time Systems Symposium (RTSS), pp. 304-316. IEEE, 2023.

Mehrdad Khani, Pouya Hamadanian, Arash Nasr-Esfahany, and Mohammad Alizadeh. Real-time
video inference on edge devices via adaptive model streaming. In Proceedings of the IEEE/CVF
International Conference on Computer Vision, pp. 4572-4582, 2021.

Daeun Lee, Jachong Yoon, and Sung Ju Hwang. Becotta: Input-dependent online blending of experts
for continual test-time adaptation. In International Conference on Machine Learning, 2024.

En Li, Liekang Zeng, Zhi Zhou, and Xu Chen. Edge ai: On-demand accelerating deep neural
network inference via edge computing. IEEE transactions on wireless communications, 19(1):
447-457, 2019.

Hui Li, Xiuhua Li, Qilin Fan, Qiang He, Xiaofei Wang, and Victor CM Leung. Distributed dnn
inference with fine-grained model partitioning in mobile edge computing networks. IEEE Trans-
actions on Mobile Computing, 23(10):9060-9074, 2024.

Jian Liang, Ran He, and Tieniu Tan. A comprehensive survey on test-time adaptation under distri-
bution shifts. International Journal of Computer Vision, 133(1):31-64, 2025.

Jiaming Liu, Senqgiao Yang, Peidong Jia, Ming Lu, Yandong Guo, Wei Xue, and Shanghang Zhang.
Vida: Homeostatic visual domain adapter for continual test time adaptation. arXiv preprint
arXiv:2306.04344, 2023.

Ilya Loshchilov and Frank Hutter. Decoupled weight decay regularization. arXiv preprint
arXiv:1711.05101, 2017.

Romany Fouad Mansour, Adnen El Amraoui, Issam Nouaouri, Vicente Garcia Diaz, Deepak Gupta,
and Sachin Kumar. Artificial intelligence and internet of things enabled disease diagnosis model
for smart healthcare systems. IEEE Access, 9:45137-45146, 2021.

Yoshitomo Matsubara, Marco Levorato, and Francesco Restuccia. Split computing and early exiting
for deep learning applications: Survey and research challenges. ACM Computing Surveys, 55(5):
1-30, 2022.

Yuzuru Nakamura, Yasunori Ishii, and Takayoshi Yamashita. Active domain adaptation with false
negative prediction for object detection. In Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, pp. 28782-28792, 2024.

Shuaicheng Niu, Jiaxiang Wu, Yifan Zhang, Yaofo Chen, Shijian Zheng, Peilin Zhao, and Mingkui
Tan. Efficient test-time model adaptation without forgetting. In International conference on
machine learning, pp. 16888—-16905. PMLR, 2022.

Shuaicheng Niu, Jiaxiang Wu, Yifan Zhang, Zhiquan Wen, Yaofo Chen, Peilin Zhao, and Mingkui
Tan. Towards stable test-time adaptation in dynamic wild world. In Internetional Conference on
Learning Representations, 2023.

Roberto G Pacheco, Kaylani Bochie, Mateus S Gilbert, Rodrigo S Couto, and Miguel Elias M
Campista. Towards edge computing using early-exit convolutional neural networks. Information,
12(10):431, 2021.

11


https://openreview.net/forum?id=QwxjjaGBUo
https://openreview.net/forum?id=QwxjjaGBUo

Under review as a conference paper at ICLR 2026

Haseena Rahmath P, Vishal Srivastava, Kuldeep Chaurasia, Roberto G Pacheco, and Rodrigo S
Couto. Early-exit deep neural network-a comprehensive survey. ACM Computing Surveys, 57(3):
1-37, 2024.

Christos Sakaridis, Dengxin Dai, and Luc Van Gool. Acdc: The adverse conditions dataset with
correspondences for semantic driving scene understanding. In Proceedings of the IEEE/CVF
International Conference on Computer Vision (ICCV), pp. 10765-10775, 2021.

Changyong Shu, Yifan Liu, Jianfei Gao, Zheng Yan, and Chunhua Shen. Channel-wise knowledge
distillation for dense prediction. In Proceedings of the IEEE/CVF international conference on
computer vision, pp. 5311-5320, 2021.

Dequan Wang, Evan Shelhamer, Shaoteng Liu, Bruno Olshausen, and Trevor Darrell. Tent: Fully
test-time adaptation by entropy minimization. In International Conference on Learning Repre-
sentations, 2021.

Guanqun Wang, Jiaming Liu, Chenxuan Li, Yuan Zhang, Junpeng Ma, Xinyu Wei, Kevin Zhang,
Maurice Chong, Renrui Zhang, Yijiang Liu, et al. Cloud-device collaborative learning for multi-
modal large language models. In Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, pp. 12646-12655, 2024a.

Jiabao Wang, Yuming Chen, Zhaohui Zheng, Xiang Li, Ming-Ming Cheng, and Qibin Hou. Crosskd:
Cross-head knowledge distillation for object detection. In Proceedings of the IEEE/CVF confer-
ence on computer vision and pattern recognition, pp. 16520-16530, 2024b.

Pu Wang, Tao Ouyang, Guocheng Liao, Jie Gong, Shuai Yu, and Xu Chen. Edge intelligence in
motion: Mobility-aware dynamic dnn inference service migration with downtime in mobile edge
computing. Journal of Systems Architecture, 130:102664, 2022.

Qianyu Xu, Jianghao Cao, Zhenguo Zhang, and Jiashi Feng. Continual test-time adaptation via
self-training. In International Conference on Machine Learning, pp. 24459-24479, 2022.

Yige Yuan, Bingbing Xu, Liang Hou, Fei Sun, Huawei Shen, and Xueqi Cheng. Tea: Test-time
energy adaptation. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pp. 23901-23911, 2024.

Yunbei Zhang, Akshay Mehra, Shuaicheng Niu, and Jihun Hamm. DPCore: Dynamic prompt
coreset for continual test-time adaptation. In ICML, 2025.

Yunshan Zhong, You Huang, Jiawei Hu, Yuxin Zhang, and Rongrong Ji. Towards accurate post-
training quantization of vision transformers via error reduction. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2025.

Zheng Zhou, Dong Yu, Meng Chen, Yusong Qiao, Yi Hu, and Wuwei He. An edge intelligence-
based model deployment method for cnc systems. Journal of Manufacturing Systems, 74:716—
751, 2024.

Yan Zhuang, Zhenzhe Zheng, Yunfeng Shao, Bingshuai Li, Fan Wu, and Guihai Chen. Eclm: Effi-

cient edge-cloud collaborative learning with continuous environment adaptation. arXiv preprint
arXiv:2311.11083,2023.

A APPENDIX

A.1 LLM USAGE STATEMENT

This paper employed a large language model (LLM) solely for text editing purposes, including
grammar correction, fluency improvement, and minor stylistic refinement. The LLM was not used
to generate or modify any figures, tables, algorithms, experimental results, or technical content. All
scientific contributions, methods, and analyses were developed entirely by the authors.
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A.2 REPRODUCIBILITY STATEMENT

All source code and training logs have been uploaded to an anonymous GitHub repository, which
contains no privacy-sensitive information or identifiable links.

A.3 MORE DETAILS OF MUDA

A.3.1 GRL MECHANISM

In the MuDA, we introduce the GRL to facilitate domain adaptation through adversarial training.
The GRL helps in learning domain-invariant features by reversing the gradient during backpropa-
gation. Specifically, during the forward pass, GRL acts as an identity function, meaning it does not
modify the input. However, during the backpropagation, it reverses the gradient by multiplying it
by a negative scalar factor —\. This reversal of the gradient forces the feature extractor to learn
representations that are domain-invariant.

Mathematically, the GRL operates as follows:

¢ Forward Pass:

Ry\(x) =x
e Backward Pass:
dRA() _ g
dx

Where R, (x) is the operation performed by GRL, x is the input feature, I is the identity matrix,
and X is the scalar that controls the strength of the gradient reversal. By using the GRL, the feature
extractor is encouraged to learn features that are not only discriminative for the source domain but
also invariant to domain shifts, thereby enabling better adaptation to the target domain.

A.3.2 LosS FUNCTION OF MUDA

The total loss function used in the MuDA framework is a weighted sum of several loss components,
each designed to achieve a specific goal. The loss components include the label prediction loss on the
source domain, image-level alignment loss, instance-level alignment loss, and semantic consistency
loss. The total loss function is defined as:

Etolal = Ezrect + )\1 L‘img + )\2£ins + )\3‘6507
where, L35 is the supervised detection loss on the source domain, Lin, is the image-level align-
ment loss that mitigates global differences such as style and illumination between domains, Liys is
the instance-level alignment loss that focuses on aligning local object features, L. is the semantic
consistency loss that enforces cross-domain semantic alignment.

The source domain label prediction loss L is a standard supervised loss, typically the cross-entropy
loss, which measures the difference between the predicted class probabilities and the true class
labels. It ensures that the model learns to correctly classify the source domain samples. The loss is
defined as:

N
£ == yilog (i),
=1

where, y; is the true label of the i-th sample from the source domain, g; is the predicted label for the
i-th sample, NV is the number of source domain samples.

The image-level alignment loss Lin, is designed to reduce the global differences between the source
and target domains, such as illumination and style. This is done by aligning the feature representa-
tions of the entire images from both domains. The loss is defined as:

13



Under review as a conference paper at ICLR 2026

N
1 S
Lime = - D IF(x5) — £(x) 3
i=1

where, x¢ and x! represent the i-th image from the source and target domains, respectively, f(-) is
the feature extractor, || - ||2 is the Euclidean distance, which measures the similarity between feature
representations.

The instance-level alignment loss L;,s focuses on aligning the features of local object instances in
the source and target domains. This loss helps to ensure that the model learns similar representations
for corresponding objects across domains. The formula is:

N

i=1

where, B: and ‘E)f represent the i-th object bounding boxes in the source and target domains, f (BZ)
is the feature extractor applied to the bounding boxes.

A.4 OPTIMIZATION AND BACKPROPAGATION

The MuDA framework is optimized using standard backpropagation. The parameters of the feature
extractor, label predictor, and domain classifier are updated using stochastic gradient descent (SGD).
During backpropagation, the gradient reversal layer multiplies the gradient by —\, ensuring that the
feature extractor learns domain-invariant features while the domain classifier tries to distinguish
between source and target domains.

The gradients for the feature extractor and the domain classifier are updated as follows:

* Feature Extractor Update:

oL, 0Ly
eon (8

 Label Predictor Update:

oL
0, 0, — p—2
Yy — Yy K 893;/
* Domain Classifier Update:
0Ly
04 04— pi—m
d d— M 90,

Where (. is the learning rate, and £, and L4 represent the label prediction loss and domain classifi-
cation loss, respectively.

A.5 ADPTER-BASED DISTILLATION

Channel-Wise Distillation (CWD) aligns the feature distributions of teacher and student models
at the channel level, enabling more fine-grained knowledge transfer compared to global feature or
output alignment. However, in heterogeneous distillation, the significant architectural differences
between teacher and student models often lead to unstable training or even gradient explosion when
directly enforcing feature alignment. To address this issue, a lightweight adapter (e.g., a 1 x 1
convolution) is commonly introduced to bridge the feature discrepancy, which not only ensures
dimensional compatibility and stabilizes gradients but also filters transferable knowledge. As a
result, the adapter substantially enhances the stability and effectiveness of heterogeneous distillation.

Specifically, we design a lightweight adapter using 1 x 1 convolution followed by BN and ReL.U to
map student features into the teacher space:

1

Ligapter = mHF(U _ A(F(s))’

2
., (11)
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Figure 7: The design of adpter-based cwd.

where F(®) and F(5) denote the teacher and student feature maps of dimension B x C' x H x W,
and A(-) is a lightweight adapter implemented by a 1 x 1 convolution followed by BN and ReLU,
which maps student features into the teacher space.

(®)

1 < P
_ § : (t) c
Lcwd - BHW p Pc 1Og PC(S) ) (12)

where Pc(t) and Pc(s) are normalized activation distributions of the c-th channel for teacher and
student, respectively, encouraging alignment of channel-wise activation patterns.

Ld = /\adapterLadapter + /\cdecwd7 (13)

where Agdapter and Acwq are trade-off coefficients that balance the contributions of adapter alignment
and channel-wise distillation to the final objective.

A.6 DETAILS OF TASKS

For dataset configurations, we strictly follow the setups of CDCA and CoTTA. For local test-time
adaptation, the AdamW optimizer is used with a learning rate of 5e-7, while the cloud model is
optimized using SGD.

Cityscapes — Cityscapes-C. The Cityscapes-C dataset was originally designed for robustness eval-
uation (Hendrycks & Dietterichl, 2019). We select five common types of dynamic scene corruptions
frequently encountered in real-world environments, including brightness, motion blur, rain, fog,
and snow. Each corruption has five severity levels, and the corruptions are applied to the valida-
tion images of the Cityscapes dataset. Each corrupted dataset contains 500 images, and the applied
sequence is: fog — motion blur — rain — snow — brightness. For this task, we follow the config-

uration in MMDetection to train a pre-trained source model on the Cityscapes
dataset.

Cityscapes — ACDC-Detection. The ACDC-Detection dataset is derived from the Adverse Condi-
tions Dataset (ACDC), which shares the same classes as Cityscapes, including fog, night, rain, and
snow domains. We utilize the official detection annotations and follow the task setting in CoTTA.
During adaptation, we randomly sample 400 unlabeled images for each adverse condition. To sim-
ulate scenarios where the model revisits similar environments and to evaluate the continual general-
ization ability of our approach, we repeat the sequence of four conditions 10 times (in the order: fog
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— night — rain — snow — fog ...). For this task, the source model is trained in the same manner as
in the Cityscapes — Cityscapes-C benchmark.

Task 3. Task 3 is designed to simulate more natural transitions between adverse conditions by mix-
ing motion blur, fog, and snow. Specifically, we select 500 motion blur samples from Cityscapes-C,
where the corruption severity levels gradually increase from 1 to 5 with 100 images for each level.
In addition, we include 500 fog samples from Cityscapes and 100 fog samples from ACDC, together
with 500 snow samples from Cityscapes and 200 snow samples from ACDC, resulting in 1800 im-
ages in total. The corruption sequence is applied in the order: motion blur — fog — snow. This
ordering mimics realistic scenarios where dynamic blur is often followed by low-visibility condi-
tions such as fog, eventually leading to snow. The task is repeated 10 times to evaluate continual
adaptation performance and the sensitivity of the uncertainty measure V.

Task 4. Task 4 focuses on brightness, rain, and night conditions to emulate illumination changes that
occur naturally over time. We select 500 brightness-corrupted images from Cityscapes-C (again with
severity levels from 1 to 5, each level containing 100 images), 500 rain samples from Cityscapes,
300 rain samples from ACDC, and 500 night samples from ACDC, resulting in 1800 images in total.
The sequence is arranged as brightness — rain — night, which simulates the gradual transition from
daytime with varying brightness, to rainy weather, and finally to nighttime conditions. This sequence
not only reflects realistic environmental evolution but also stresses the robustness of models when
facing compounded illumination and weather shifts. The task is repeated 10 times for continual
evaluation of both performance and V.

A.7 MORE EXPERIMENTAL DETAILS
A.7.1 BASELINE

We compare our approach with a range of baselines covering TTA and cloud-device collaboration
methods. Source-only directly evaluates the source-pretrained model on the target domain without
adaptation. TTA methods include TENT (Wang et al., [2021)), CoTTA (Xu et al.,2022), EATA (Niu
et al.,[2022), SAR (Niu et al.| 2023)), BeCoTTA [Lee et al.|(2024) and ReCAP (Hu et al.,[2025)), while
cloud-device collaboration methods include Pseudo-label, AMS (Khani et al., |2021)), CDCL (Gan
et al., 2023)), CDCA (Wang et al., 2024a) and CoLA (Chen et al| |[2024a). builds upon CDCA by
introducing adapters and knowledge distillation to transfer generalization knowledge between large
and small models

A.7.2 MORE RESULTS AND ANALYSIS OF TASK 2

In Section 4.3, we analyzed the efficiency of different TTA methods on Task 1 (Cityscapes —
Cityscapes-C). The results showed that as the proportion of target-domain data decreases, most
methods experience noticeable accuracy drops despite reduced upload time. In contrast, QuTTA
maintains stable adaptation efficiency and achieves superior performance even with limited data.

45| === AMS

Ours at 80%: 40.8 ‘

Ours

<

.
=" BeCoTTA(L)

oo
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25 1ent A 4

Mean mAP
g
Performance (mAP)

CoTTA

10% 20% 30% 40% 50% 60% 70% 80% 90%  100% 030 035 040 045 050 055
Data Ratio (%) Adaptation Time (s/task)

(a) Cloud Mode (b) Device Mode
Figure 8: Performance under limited target-domain data on ACDC.

Following the same procedure, we extend the evaluation to Task 2 (Cityscapes — ACDC-Detection).
As shown in Figure |8} QuTTA consistently achieves competitive performance while keeping adap-
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Table 6: Continuous adaptation capability on Task 3 (Motion—Fog— Snow).
Round 1 Round 5 Round 10

Method Motion Fog Snow | Motion Fog Snow | Motion Fog Snow Mean  Gain
Test-time Adaptation Methods

Source 19.5 38.6 216 19.5 38.6  21.6 19.5 386 21.6 26.6 -
TENT 194 385 214 19.8 389 221 20.3 39.2 228 26.9 +0.3
CoTTA 19.2 388 215 19.6 387 219 19.9 389 224 26.8 +0.2
EATA 19.5 38.6 21.6 20.1 389 222 20.5 39.1 226 270 +04
SAR 19.6 387 21.7 19.8 388 220 20.1 389 223 26.9 +0.3
TEA 19.3 384 214 19.1 37.8  21.1 18.8 372 20.6 259 -0.7
ReCAP 194 386 218 20.0 393 225 206 39.6 231 27.2 +0.6

QuTTA (Ours) 19.6 38.7 219 21.2 404 234 23.6 427 253 28.5 +1.9
Cloud-device Collaborative Methods

AMS 26.8 352 284 34.1 448 362 385 483 40.1 369  +10.3
CDCA 28.1 369 302 364 472 385 39.8 50.1 418 38.8  +12.2
CDCL 28.5 37.3 308 37.1 47.8  39.1 402 506 423 393 +12.7
CoLA 279 3677 30.1 358 469 382 39.1 49.7 415 384  +11.8
Ours 324 402 345 389 487 4038 40.2 527 425 | 412 +14.6

tation latency low. These results confirm that our method remains efficient across different target
domains, maintaining robust performance under varying levels of target-domain data availability.

A.7.3 MORE RESULTS AND ANALYSIS OF TASK 3 AND 4

Different from the ablation study in section .3 where only a portion of target data was uploaded,
in this section we follow the main paper setting and load 100% of the target-domain data for all
methods. In this way, the impact of data uploading/downloading latency is eliminated, and the
evaluation focuses solely on the model performance. Tables[6|and[7|further validate the effectiveness
of our framework under more natural corruption sequences.

In Task 3 (Motion — Fog — Snow), QuTTA improves mAP@50 by 1.9% over the source-only
baseline, demonstrating its ability to adaptively reweight pseudo-labels and stabilize training even
when facing dynamic degradations such as motion blur followed by visibility changes. Under the
cloud-device collaborative setting, our method achieves a remarkable 14.6% improvement, signif-
icantly outperforming existing approaches by leveraging cross-domain alignment and knowledge
transfer.

Table 7: Continuous generalization capability on Task 4 (Brightness—Rain—Night).
Method _ Rouqdl _ . Roun_dS . . Rounfi 10 .
Bright Rain Night | Bright Rain Night | Bright Rain Night
Test-time Adaptation Methods

Mean Gain

Source 425 134 436 425 134 436 425 134 43.6 332 -

TENT 42.3 13.6 434 428 141 439 432 145 443 33.6 +0.4
CoTTA 42.1 132 435 424 135 437 42.7 13.8  44.1 33.3 +0.1
EATA 425 138 438 429 142 441 43.1 146 445 33.7 +0.5
SAR 423 133 434 42,6 136 437 428 139 44.0 33.3 +0.1
TEA 422 13.5 437 41.8 132 434 41.5 129 43.1 32.8 -0.4
ReCAP 425 138 438 429 142 441 43.1 146 445 33.7 +0.5

QuTTA (Ours) | 42.8 135 439 456 152 448 49.4 17.1 46.2 354 +2.2
Cloud-device Collaborative Methods

AMS 383 185 392 47.1 268 485 528 30.1 534 394 +6.2
CDCA 39.8 192 406 495 283 508 557 318 562 413 +8.1
CDCL 40.1 19.5 411 502 289 515 563 324 569 41.8 +8.6
CoLA 395 19.1 403 48.8 28.1 50.2 55.1 315 558 409  +7.7
Ours 48.2 224 488 56.3 29.1 542 60.3 338 575 45.6 +124

In Task 4 (Brightness — Rain — Night), where distribution shifts are dominated by illumination
changes and severe night scenes, QuTTA still yields a 2.2% improvement over the baseline, con-
firming its robustness to compounded weather and lighting variations. With cloud-device collab-
oration, it further enhances adaptation by aligning brightness and rain-induced distortions with the
night domain, resulting in a substantial 12.4% improvement over the source model, again surpassing
compared methods.
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Table 8: Comparison of adaptation time (s/task) and performance (mAP) between RTX A6000 and
Jetson Orin Nano 8GB.

Dataset Method | mAP | A6000 | Orin
TENT 21.2 0.26 0.99
CoTTA 20.1 0.29 1.03
EATA 21.1 0.28 1.01
ACDC SAR 20.4 0.27 0.94
TEA 20.9 0.21 0.82
ReCAP 21.5 0.26 1.05
QuTTA | 22.7 0.24 0.94
TENT 27.6 0.40 1.50
CoTTA 25.9 0.67 2.33
EATA 27.0 0.50 1.85
Cityscapes | SAR 26.3 0.45 1.58
TEA 25.1 0.31 1.24
ReCAP 28.2 0.38 1.52
QuTTA | 28.7 0.36 1.21

A.7.4 EFFICIENCY

When deploying test-time adaptation (TTA) across heterogeneous hardware platforms, the computa-
tional disparity between devices becomes a critical factor that directly impacts adaptation efficiency
and practical applicability. In sectiond.3] we test methos on RTX A6000, which deliver over 38
TFLOPS of FP32 throughput and hundreds of GB/s memory bandwidth, enabling sub-second adap-
tation per task. In contrast, low-power edge devices such as the Jetson Orin Nano 8GB provide only
around 40 INT8 TOPS and 68 GB/s bandwidth, resulting in nearly an order of magnitude lower ef-
fective compute. Evaluating TTA methods under both desktop/server-class and embedded platforms
is therefore essential to understand their feasibility in real-world scenarios such as autonomous driv-
ing, robotics, and edge perception.

Table [3| shows the adaptation time (s/task) and performance (mAP) on the ACDC and Cityscapes
benchmarks. On the RTX A6000, all methods achieve adaptation within 0.2-0.6 seconds per task,
while on the Orin Nano the latency expands to 1-2.5 seconds per task, confirming the significant
overhead incurred on resource-constrained devices. Furthermore, the relative differences between
methods become more pronounced in the low-compute setting: for instance, on Cityscapes, CoTTA
requires 2.33 seconds per task whereas TEA only takes 1.24 seconds. In terms of accuracy, QuTTA
consistently achieves the highest mAP (22.7 and 28.7) across both benchmarks, while TEA demon-
strates the lowest latency, highlighting the trade-off between efficiency and robustness under hetero-
geneous deployment conditions.

A.8 MORE ABLATION STUDY

The choice of k and the uncertainty V. influences the volume of data uploaded to the cloud, thereby
affecting performance. With the number of MC samples fixed at 10, we vary k and the threshold to
investigate their impact through sensitivity analysis.

In Tasks 3 and 4, increasing the window size k leads to gradual performance gains for QuTTA,
which eventually stabilizes. For example, in Task 3, Motion improves from 21.8 (kK = 1) to 23.1
(k = 10), Fog from 41.8 to 43.3, and Snow from 24.6 to 27.3. Similarly, in Task 4, Brightness
rises from 45.4 to 47.7, Night from 11.8 to 12.3, and Rain from 43.5 to 45.2. These results indicate
that cross-frame information enhances on-device adaptation. In contrast, the collaborative mode
remains largely unaffected or slightly degrades, e.g., Task 3 Motion decreases from 20.9 to 20.7
and Fog from 38.4 to 38.1, while in Task 4 Brightness drops from 47.3 to 46.5 and Rain from 42.6
to 41.1, reflecting its reliance on cross-domain alignment and knowledge transfer rather than local
temporal parameters.

Figure [9] shows the effect of varying the uncertainty threshold from 0.25 to 0.30 on Task 3. For
QuTTA, performance degrades steadily as the threshold increases (e.g., Motion 21.8 — 20.6, Fog
41.8 — 40.1, Snow 24.6 — 23.5), indicating that local adaptation is highly sensitive to threshold
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Figure 9: (a) Sensitivity analysis of data requirements with respect to uncertainty settings (b) Impact
of uncertainty threshold on performance (Task 3). (c) Impact of k value on performance (Task 3).
(d) Impact of k value on performance (Task 4).

choice. In contrast, the collaborative mode is much less affected, with only minor variations across
tasks (e.g., Motion 20.9 — 22.3, Fog 38.4 — 39.9, Snow 22.8 — 23.8). Based on this observa-
tion, we adopt 7 = 0.25, which yields the best overall performance while avoiding unnecessary
degradation in local adaptation.

A.9 SWITCHING AND STABILITY ANALYSIS

To evaluate the stability of the dynamic switching mechanism, Table [9] reports the data allocation
and corresponding performance across 10 rounds of continuous adaptation. The total number of
images is fixed at 1800 per round, while both device-side and cloud-side mAP values exhibit mild
fluctuations rather than monotonic increases, reflecting realistic stochastic behavior. All variations
remain within tight bounds: the device-side mAP fluctuates within 0.72%, and the cloud-side within
0.98%, indicating strong robustness of the switching mechanism.

The allocation ratios remain highly stable, fluctuating only within +-1.5%. Despite the stochasticity
introduced by MC Dropout, the system preserves consistent behavior across rounds. The lightly
oscillating mAP curves further demonstrate that occasional switching variances do not deteriorate
performance, confirming the reliability and robustness of the dual-mode adaptation framework.

A.10 MORE ANALYSIS ABOUT THE EFFECT OF RESOLUTION

In addition to the standard resolution evaluations presented in the main text, we provide a sup-
plementary analysis on the Cityscapes-to-ACDC benchmark using a reduced input resolution of
960 x 540. This experiment aims to demonstrate the system’s capability in resource-constrained sce-
narios where inference speed is prioritized. Consistent with the main experiments, we employ the
pretrained SegFormer-B5 as the source backbone and benchmark against state-of-the-art methods,
including CoTTA, BECoTTA, and ViT-based approaches (DPCore and ViDA).
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Table 9: Sample switching and detection performance over 10 rounds.

Round Device (Kept) Cloud (Uploaded) Device mAP Cloud mAP
R1 1180 620 27.40% 39.10%
R2 1165 635 27.15% 39.55%
R3 1158 642 27.50% 38.90%
R4 1148 652 27.68% 39.35%
R5 1139 661 27.32% 38.80%
R6 1152 648 27.82% 39.25%
R7 1160 640 27.60% 39.75%
R8 1170 630 27.48% 39.05%
R9 1155 645 27.85% 39.50%
R10 1143 657 27.68% 39.08%
Range - - 0.72% 0.98 %
Avg. Fluctuation +1.5% +1.5% +0.28% +0.41%

Table 10: Supplementary Evaluation on ACDC with Reduced Resolution (960 x 540). This setting

simulates edge deployment scenarios. FPS results are measured on RTX 4090 and Jetson Orin Nano.
Round 1 Round 2 Round 3 Inference time (FPS)

Method Fog Night Rain Snow | Fog Night Rain Snow | Fog Night Rain Snow Mean GPU Orin
Source only | 66.5 37.8 564 542 | 665 378 564 542 [66.5 378 564 542 | 537 | 652 24.5
TENT 662 375 571 538 | 658 364 575 530 [651 352 576 528 | 532 | 1054 312
CoTTA 684 386 595 564 | 683 385 592 561 |68.1 384 598 562 | 556 | 88.6 224
ViDA 689 395 601 560 | 688 39.6 602 562 | 687 395 600 560 | 565 | 98.5 28.6
DPCore 69.4 40.1 606 572 | 69.5 402 607 573 | 694 40.0 605 57.1 58.1 | 102.8 29.5
EcoTTA 66.0 335 592 545 | 658 332 594 545 | 656 33.0 594 544 | 532 | 954 25.1
BECoTTA | 69.5 452 635 592 | 694 449 635 591 |694 448 635 591 | 593 | 98.2 26.8
Ours 69.5 441 629 587 | 694 439 628 585 694 440 629 58.6 | 587 | 1245 38.2

Table [I0] illustrates the trade-off between resolution and performance. Compared to the full-
resolution results in the main paper, reducing the resolution to 960 x 540 leads to a moderate
decrease in mloU for all methods due to the loss of fine-grained details. However, our method
effectively maintains robustness, achieving a mean mloU of 58.7, which remains comparable to the
state-of-the-art BECoTTA (59.3). More importantly, this setting highlights the efficiency advantage
of our approach: it reaches 124.5 FPS on the GPU and 38.2 FPS on the Jetson Orin Nano. This
substantial speedup confirms that our method is exceptionally well-suited for real-time applications
on edge devices where computational budget is a critical constraint.

A.11 MODE SWITCHING MECHANISM ABLATION AND COMPARISON

We conduct an ablation study comparing our proposed mode-switching mechanism based on en-
vironmental uncertainty (V,,,,.) with two widely used sample-level uncertainty metrics: Predictive
Entropy and the Energy Function. This experiment evaluates the inference efficiency and overall
adaptation performance under each switching strategy. The evaluation is performed on Task 3
(Motion — Fog — Snow), and the results are summarized in Table@

Table 11: Ablation study of mode-switching mechanisms on Task 3.

Switching Metric Target Objective Inference Speed (s/sample) |  Data Upload Ratio | Mean mAP@50 (%) 1
Predictive Entropy ~ Sample-level Confidence 0.45 65% 39.5
Energy Function Sample-level Confidence 0.42 63% 40.1
Ours (Vune) Environment-level Drift 0.36 62% 40.6

The results clearly show that our uncertainty-based switching metric V,,,,. achieves the best trade-off
between efficiency and accuracy. Specifically, it attains the fastest inference speed (0.36 s/sample),
the lowest data upload ratio (62%), and the highest Mean mAP@50 (40.6%). This demonstrates
that V,,,,. effectively captures environment-level drift, thereby avoiding unnecessary or noisy mode
switching triggered by single corrupted samples—a limitation inherent to sample-level metrics such
as entropy and energy.
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Figure 10: Ablation Study of 7y Calibration in QuTTA. (a) Mean mAP@50% performance and (b)
mAP Fluctuation (instability) are shown as a function of the calibration factor k.

A.12 ABLATION STUDY OF Ty

We conducted an in-depth ablation study on the core calibration parameter 7y within the local self-
adaptation method QuTTA to verify its effectiveness in controlling pseudo-label quality and ensur-
ing adaptation stability. We adopted the flexible, loss-based qutta w(x) to replace traditional hard
pseudo-label filtering, where 7y controls the loss transition point the function. We evaluated the
comprehensive performance and stability of QuTTA on Task 1 and Task 2 by varying the calibration
factor k (179 = k - In(1000)).

FigurdI0] (a) clearly shows a pronounced impact of the 7 value on the average performance. Our
setting of 79 = 0.81n(1000) achieved the highest mAP across both tasks (Task 1: 29.8%; Task 2:
23.9%). Performance significantly degraded when 7 deviated from the optimum. Strict settings
erroneously suppressed many useful moderate-quality samples, while loose settings introduced too
many high-loss noisy samples, both impacting training efficiency and accuracy. Furthermore, Fig-
urdT0] (b) illustrates the impact of 75 on model stability. At the performance peak of k = 0.8, the
mAP fluctuation simultaneously reached its minimum (Task 1: 0.8%; Task 2: 0.6%). Both overly
strict (fluctuation up to 4.0% at k& = 0.1) and overly loose 7 settings caused severe performance
oscillations during continuous adaptation, confirming that inaccurate 7 disrupts stability.
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