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Background: Conventional Deep Learning
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[1] Deep Learning on Private Data.



Human Intelligence and Test-Time Adaptation (TTA)
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Inference with continuous learning

« TTA (online) learns from testing data
« TTA updates model via self-/un-supervised objectives before prediction

The TTA Figure is borrowed from Uncovering Adversarial Risks of Test-Time Adaptation.



Practical Use Case

Shared Knowledge Base
Cross-Device Collaborative TTA
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Multiple devices across multiple constantly changing scenarios



Limitations of Existing TTA

)'»« Principal Agent ? Follower Agent = TTA — Knowledge ¢/--/¢" Different Domain Knowledge
Shared
Knowledge

Main limitations when applying TTA to multi-device system:

1. Under continuously changing distributions, they tend to forget what it has learned in long-term scenarios.
2. Adaptation is conducted on each device independently, useful knowledge from other devices is ignored.

3. Rely on backpropagation for model updates, which 1s infeasible on resource-limited devices.




Technical Challenges to Resolve

Goal: enable cross-device and cross-scenario collaborative adaptation

so that “one device adapts, all devices benefit.”

Main Insights:

1. Resource-abundant devices: learn, accumulate, share, and utilize knowledge based on back-propagation.

2. Resource-limited devices: adaptively aggregate the shared knowledge in a forward-only manner.

Key Challenges:

1. How to adapt continuously without forgetting learned knowledge from previously encountered domains?

2. How to facilitate knowledge sharing among devices in a data-free manner for privacy preservation?

3. How to exploit various shared domain knowledge in a backpropagation-based and forward-only manner?




Methods Overview

Shared Domain Vectors T

Follower Agents — Collaborative Optimization-free TTA

Training-Free Adaptation

y for knowledge reprogramming

Determine y via domain similarities

Decoupled Optimization

a for knowledge reprogramming

A0 for new knowledge learning
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1. Domain shift detector: detects domain changes with D(qbd, qbt) > z to save/share learned vectors in T without forgetting
2. Knowledge reprogramming TTA: exploits shared knowledge and learn new knowledge by 8, = 89 + Y, a;A0; + A@
3.

Training-free TTA: aggregates shared knowledge 8, = 89 + Y, y,A0, based on domain similarities with forward only



Experiments

B Main Arguments B Main Experiments
» We learn without forgetting. » Lifelong Adaptation to verify accumulation.
» Collaboration is helpful on BP devices. ‘ » TTA vs. Collaborative TTA on BP devices.
» Collaboration is helpful on FP devices. » TTA vs. Collaborative TTA on FP devices.
» Our method is computation/memory efficient. » Extra computation/memory of our method.
B Datasets
ImageNet ImageNet-C ImageNet-V2 ImageNet-A  ImageNet-R ImageNet-S
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Experiments

B Main Arguments

» We learn without forgetting.
» Collaboration is helpful on BP devices.

» Collaboration is helpful on FP devices.

» Our method is computation/memory efficient.
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B Main Experiments

» Lifelong Adaptation to verify accumulation.
» TTA vs. Collaborative TTA on BP devices.
» TTA vs. Collaborative TTA on FP devices.

» Extra computation/memory of our method.

v" Lifelong Adaptation to verify knowledge accumulation.

Round 1 2 3 4 5 6 7 8 9 10 Average
NoAdapt 299 299 299 299 299 299 299 299 299 299 29.9
CoTTA [9] 449 40.6 358 327 304 289 2777 271 272 265 32.2
EATA [3] 604 60.0 59.6 594 593 59.1 590 588 587 3586 59.3
SAR [4] 59.1 60.6 609 61.2 613 614 583 604 608 61.1 60.5

+ CoLA (Ours) | 59.1 624 63.6 643 647 649 652 651 653 654 | 64.0135)
ETA [3] 61.4 587 545 502 462 441 388 380 36.7 35.1 46.4

+ CoLA (Ours) | 620 639 648 651 653 653 653 653 654 654 | 64.8118.4)
DeYO [2] 598 488 01 01 01 01 01 01 01 0.1 10.9

+ CoLA (Ours) | 61.7 625 636 645 650 651 653 655 655 655 | 644535

No Degradation!



Experiments

B Main Arguments

» We learn without forgetting.

» Collaboration is helpful on BP devices.
» Collaboration is helpful on FP devices.

» Our method is computation/memory efficient.

Device 1 (Adapt —)

B Main Experiments

=

» Lifelong Adaptation to verify accumulation.
» TTA vs. Collaborative TTA on BP devices.
» TTA vs. Collaborative TTA on FP devices.

» Extra computation/memory of our method.

v TTA vs. Collaborative TTA on BP devices.

Device 2 (Adapt —)

Device 3 (Adapt —)

Method | Noise Blur Weat. Digit. | Blur Noise Digit. Weat. | Weat. Digit. Blur Noise | Avg.
NoAdapt 8.2 284 36.1 41.7 284 82 4177 36.1 | 36.1 41.7 284 8.2 | 28.6
CoTTA [29] 289 413 502 476 |363 37.1 504 527 | 504 55.0 425 387 (442
EATA [17] 535 570 68.1 672 |58.1 522 670 685 | 694 677 579 515|615
SAR [18] 504 544 663 645 |55.1 483 640 664 | 665 643 554 477 | 586
+ CoLA (Ours) | 504 58.0 694 68.7 |550 550 67.1 705 | 663 653 588 555 |61.7
ETA [17] 55.2 569 675 660 598 51.7 650 674 | 703 678 580 494 |612
+ CoLA (Ours) | 55.2 600 709 693 595 563 688 709 | 702 68.1 597 553 |63.7
DeYO [13] 56.3 499 68.1 678 |[55.6 467 672 690 | 71.1 68.8 51.1 43 |563
+ CoLA (Ours) | 56.2 55.1 71.2 702 |[548 545 700 715 | 71.0 690 537 543 |62.6
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Experiments

B Main Arguments B Main Experiments
» We learn without forgetting. » Lifelong Adaptation to verify accumulation.
» Collaboration is helpful on BP devices. ‘ » TTA vs. Collaborative TTA on BP devices.
» Collaboration is helpful on FP devices. » TTA vs. Collaborative TTA on FP devices.
» Our method is computation/memory efficient. » Extra computation/memory of our method.

v TTA vs. Collaborative TTA on FP devices.

Noise Blur Weather Digital
Method Gaus. Shot Imp. Def. Glass Mot. Zoom Snow Frost Fog Brit. Contr. Elas. Pix. JPEG| Avg.
NoAdapt 9.5 6.7 82 29.0 234 339 27.1 159 265 472 5477 44.1 305 445 478 | 299
T3A [12] 9.5 7.0 87 233 233 31.2 259 119 242 440 52.2 41.0 30.1 43.0 47.0 | 28.2
T3A* [11] 9.5 6.5 8.1 298 241 343 282 160 269 49.0 555 445 33.1 445 48.2 | 30.5
LAME [2] 9.3 6.5 8.0 28.6 23.0 333 266 152 26.0 459 54.1 43.6 293 440 474 | 294

CoLA (SAR) | 552 56.0 56.8 57.3 49.1 599 585 658 658 722 77.1 662 659 722 694 | 63.2
CoLA (ETA) | 55.7 57.3 569 58.5 46.2 594 634 69.1 665 73.1 77.6 663 692 73.1 699 | 64.1
CoLA (DeYO) | 56.6 57.7 57.5 58.2 47.7 555 390 696 672 735 78.0 67.0 704 73.5 70.3 | 62.8




Experiments

B Main Arguments B Main Experiments
» We learn without forgetting. » Lifelong Adaptation to verify accumulation.
» Collaboration is helpful on BP devices. ‘ » TTA vs. Collaborative TTA on BP devices.
» Collaboration is helpful on FP devices. » TTA vs. Collaborative TTA on FP devices.
» Our method is computation/memory efficient. » Extra computation/memory of our method.

v" Extra computation/memory of our method.

Method BP Acc. Time (s) Mem. (MB)
NoAdapt X 95 50) 816.6
T3A [11] X 95 158 909.9
CoLA (Eqn. E) X 557 51 821.9
EATA [17] v 495 113 74393
SAR [1¥] v  44.0 202 7429.9
ETA [ 17] v 519 109 7429.6
+ CoLA {Eqn.ﬂ) v 543 112 7435.3



Experiments

B Other Discussions

» Effectiveness of CoLA on single-domain TTA
Robustness of CoLLA against potential harmful knowledge.
Scalability of CoLLA with more collaborative devices.
Efficiency of CoLA with increasing domain vectors.
Prompt tuning with CoL A using multiple hard prompts.
Advantages of CoLA over FedAvg in collaborative TTA.
Robustness of CoLLA under small batch sizes.

Effectiveness of CoLA in mitigating error accumulation.
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Thank you!
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