Towards Robust and Efficient Cloud-Edge Elastic Model Adaptation via Selective Entropy Distillation

Yaofo Chen*, Shuaicheng Niu*, Yaowei Wang*, Shoukai Xu, Hengjie Song, Mingkui Tan'

ICLR

COMPARISONS WITH SOTA METHODS
e Comparisons with CNN-based models on ImageNet-C

OVERVIEW OF CLOUD-EDGE ELASTIC MODEL ADAPTATION

* Edge Side: To reduce the communication cost, the edge asynchronously uploads samples to

BACKGROUND

When deploying a cloud-trained model in the edge devices:
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replay buffer, we adapt the edge model g,,(-) by distilling from the foundation model fp(-). o PL 481 480 461 | 411 397 513 499 | 473 398 586 649 | 592 625 608 594 | 51.8
o Tent 472 471 451 | 400 382 504 494 | 467 401 581 649 | 590 625 605 59.2 | 51.2
MODEL ADAPTATION IN C1LOUD-EDGE COLLABORATIVE STYLE e e e e e e e e e _ o CoTTA 20 407 398 | 303 301 463 461 | 419 365 562 649 | 580 602 593 581 | 474
. [
. . — il Cioud {Wiassive Resources | o | 3R B Em s b2 osr s e @ as w0
e Local Test-time Adapttion (upper): It locally performs adaptation only in the edge with | l ‘ (Qurs) ' ' ° ' ' ' ° 8 442 601 650 6L ' 6 998 | 4
limited resources : _ : Severity Level=5 Gauss. Shot Impul. | Defoc. Glass Motion Zoom | Snow Frost Fog Brit. | Contr. Elastic Pixel JPEG | Avg.
' : ’ ' ResNet18 (baseline) | 1.5 23 1.5 114 87 111 176 | 106 162 140 515]| 34 165 233 307 | 147
' Replay Buff : (ase Ine
. . o . : €play butter i e BN Adaptationt | 166 162  17.3 186 182 259 347 | 284 298 412 585 | 222 401 453 38.0 | 30.1
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Severity Level=5 Gauss. Shot Impul. | Defoc. Glass Motion Zoom | Snow Frost Fog Brit. | Contr. Elastic Pixel JPEG | Avg.
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Challenge: Uploading all test samples to the cloud introduces a heavy communication burden. o COTTA 176 188 181 | 197 127 239 210 | 337 387 348 604 | 244 241 106 393 | 265
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Cloud-Edge Model Adaptation Solution: We exclude the unreliable (high-entropy) samples via a dynamically adjudsted threshold e CEMA (Ours) | 344 367 362 | 358 344 448 430 | 480 468 546 640 | 370 499 501 528 | 445

E! . and low-informative (low-entropy) samples via a fixed threshold Fn, e Comparisons of #uploading samples on CNN- (left) and Transformer-based (right) models

Raised Challenges: 1) The data communication cost may be heavy if uploading all samples. max
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adapt edge models to new dynamically changing environments.

REPLAY-BASED KNOWLEDGE DISTILLATION

e We reduce communication costs by devising entropy-based criteria for excluding unreliable Challenge: Vanilla distillation needs a large number of samples but we have only limited ones.

Solution: Upon receiving uploaded samples XY={x;}¥ ,, we put them into a replay buffer B=BUX.

CONTACT INFORMATION AND CODE

and low-informative samples from being uploaded. Experimental results show CEMA lowers

60% communication cost than SOTAs on ImageNet-C (Challenge 1).

Then, based on newly uploaded samples and samples from the replay buffer, we optimize the * Email: chenyaofo@gmail.com

e We improve the adaptation performance of the edge model by performing a replay-based entropy | | edge model g, (-) by distilling from adapted foundation model fy(-)
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distillation, which minimizes prediction entropy and the KL divergence between the edge e Code: https:/ /github.com/chenyaofo/CEMA

model and the foundation model using a sample replay strategy (Challenge 2). mﬁijn H(x)|0LknL(gw(x), fo(x)) + BLCE(9w (%), 9) + LENT(90(X)))]. (2)




