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IDEA Task recency bias in the latent space
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The representation strength of the feature extractor grows with each task, which makes the rank of covariance
of new classes higher than that of old classes. That causes the norm of the inverse of covariance matrices to
be lower for later tasks. It causes task recency bias because the inverse is utilized to sample from memorized
distributions or to calculate Mahalanobis distance when classifying.




IDEA Distributions of old classes
nesme o = I must be adapted!

Memorized distribution of the past class

Dy =0.0, Acc = 36.2%

Dk, =228.3, Acc = 22.6%

Dk =657, Acc = 48.0%

Dgr =16.7, Acc =51.1%

Frozen feature extractor

Unfrozen, no adaptation

Unfrozen, mean adaptation

Mean and covariance adaptation
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Our method: AdaGauss
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IDEA Training from scratch
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Table 1: Average incremental and last accuracy in EFCIL when training the feature extractor from
scratch. The mean of 5 runs is reported. Full results are in Tab.|5| We denote the best results in bold.

CIFAR-100 TinyIlmageNet ImagenetSubset
Method =10 T=20 7=10 T=20 T=10 17=20
A.-_'u, st A?Ln(, Afast Ainn Afust A:&nc A.-_'a st A?l:ru, Afust A:énc, Afu st A?ln(,
EWC 31.2 49.1 174  31.0 176 326 11.3 268 246 394 128 27.0
LwF [21] 328 539 174 384 26.1 451 150 329 37.7 564 18.6 40.2

PASS [52] 305 479 174 3209 24.1 393 187 320 264 457 144 317
IL2A [51] 31.7 484 230 402 253 420 19.8 355 277 484 175 3409

SSRE 304 473 175 325 229 388 173 306 254 438 163 312
FeTrIL [31] 349 512 233 385 31.0 456 2577 395 36.2 526 266 424
FeCAM [10] 324 483 206 34.1 30.8 445 252 383 387 548 290 446
DS-AL 40.8 549 31.7 432 336 472 265 41.6 46.8 58.6 36.7 485
EFC 436 58.6 322 473 341 48.0 287 421 474 599 358 499

AdaGauss 46.1 60.2 378 524 365 506 313 45.1 51.1 65.0 426 574




IDEAS | Starting from a pretrained model
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Table 2: Average incremental and last accuracy in EFCIL fine-grained scenarios when utilizing a
pre-trained feature extractor. We report the mean of 5 runs, while variances are reported in Tab. @

CUB200 FGVCAircraft

Method =5 =10 7=20 T= =10 17=20

Aia.et Ainc: Ala.st Ainc Aiast Ainc A.-fa,st Ainc Aiast Az’nc: Aﬁast Ainc
EWC [17] 21.6  38.2 15.8 32.6 12.3 27.2 243 440 143 345 10,9 27.9
LwF [21] 44.3 5777 304 4e6.1 19.4 347 39.0 552 28.0 46.5 14.7  30.5
PASS 345 486 270 423 18.1 36.9 333 489 264 41.0 139 28.1
IL2A [51] 369 513 294 455 208 35.1 394 49.1 27.3 45.1 14.2  28.7
FeTrIL [31] 419 532 369 482 346 453 46.0 585 405 534 325 433

FeCAM [10] 43.5 56.0 402 549 362 489 453 580 414 552 340 460
DS-AL [54] 494 619 458 59.1 414 538 50.6 6277 426 564 342 46.7

EFC [24] 583 689 510 633 46.1 593 50.1 632 431 576 28.1 482
AdaGauss 604 692 558 662 474 60.6 5333 640 475 35835 348 48.6
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nemc > = | strength of representations
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Distance to real-mean
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Adaptation results
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Find out more!

Grzegorz Rypes¢ =
_LinkedIn in
- grzegorz.rypesc@ideas-ncbr.pl
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