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Exemplar-Free Class Incremental Learning
(EFCIL)
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Limitations of current EFCIL approaches

= Current EFCIL is typically two-stage: = What we propose instead:
= Stage I: train the new backbone on current-task = make the forward and backward mappings explicit
data with cross-entropy plus during training
distillation/regularization from the frozen old = jointly learn:
backbone

. = forward adapter A: old -> new
= Stage Il: after training, freeze both backbones - backward distiller D: > old
and learn a separate adapter to map old ackward daistifler L. new -> o

features/prototypes into the new feature space = optimize them together with the backbone during the
main task training

= Why this is better:

= transport and representation co-evolve instead of being
decoupled

= old-class geometry is preserved more faithfully
= prototype transport becomes more accurate by design
= reduces forgetting without sacrificing plasticity

= Main limitation of the current two-stage recipe:

= prototype transport is learned only post hoc,
after representation learning is already finished

= this creates mismatch between representation
update and prototype transport

= residual alignment errors and cycle
inconsistencies can accumulate across tasks
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Proposed solution
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Overview:
(1) Train: the current backbone learns on new task, while frozen old backbone provides old embeddings with task loss
(2) Bidirectional alignment: jointly learn a distiller and an adapter

(3) Cycle consistency: obtain near-bijective, geometry-preserving transport. Old Gaussian prototypes are mapped
forward, and all classes are evaluated in the new space.
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Incremental and last-task average accuracy

CIFAR-100 TinyImageNet
Method T=10 T=20 T=10 T—20
Alast Aline Alast Aline Alst Alinc Alast Alinc

EWC 309419 504417 17.041.6 342421 185+1.8 343423 113+£1.9 268425
LwFEcov16 31.941.1 518415 17.641.2 392417 271415 39.642.0 15241.6 31.5+2.1
SDCovpR20 40.640.9 562413 323410 466414 295+1.1 43.841.5 263412 40.6+1.7
PASSGvPRa1 308412 483411 17.640.8 31.141.3 24.540.6 39.541.0 185414 304419
FeTrLwacvas  34.9405 512411 233414 379412 310409 45341.8 259412 39.9+1.2
FeCAMnewipsas 324405 487409 211410 345413 309409 449414 24.940.8 37.9+1.4
EFCicrr2s 435408 58.141.2 324409 47.0413 34.5+41.1 47.941.5 284412 42.1+1.6
ADC cvpras 465412 614+1.6 351414 517418 32.341.5 43.041.9 18.141.6 36.0+2.1
LDCrocvas 454416 595419 355419 51.9423 342411 46.841.6 249422 382427
AdaGaussxeypsss 46.841.2 60.941.0 37.941.0 544408 32.9409 458413 275412 39.5+1.1
DPCRicmLz02s 502407 62.841.1 398412 54.840.9 33.941.8 46.9409 25.640.7 39.34+0.6
BiCyc (Ours) 50.620.9 63.241.3 41.5+1.1 56.5+1.3 354408 49.1+1.4 302+1.1 44.2+1.3
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Incremental and last-task average accuracy

ImageNet-100 CUB-200

Method T—10 T=20 T=10 T=20

Alast Aline Alast Aline Alast Aline Alast Aline
EWC 25.142.8 40.6+3.3 13.74+2.1 29.242.5 15.840.7 32.6+0.5 12.34+0.8 27.240.6
LwFrccvie 33.4422 51.5+1.6 18.6+1.6 41.34+1.9 30.4+1.1 46.1+1.0 19.44+1.6 34.7+1.8
SDCcveRr20 354419 50.1+1.6 19.44+1.0 36.5+1.4 50.3+1.3 60.5+1.2 27.94+1.4 40.1+1.6
PASScvpR21 26.4+13 457402 14.44+1.2 31.740.4 27.0+0.9 423409 18.1+1.2 36.9+1.1
FeTrlLwacvas 36.2+1.2 52.6+0.6 26.6+1.5 42.4+42.1 36.94+0.7 48.24+0.6 34.6+1.0 45.34+0.9
FeCAMpeurips2s  38.74H1.0  54.840.5 29.04+1.3 44.6+2.0 40.24+0.8 54.9+1.0 36.2+1.1 48.9+1.3
EFCicLRr24 50.9+1.1 61.3+1.2 38.6+1.2 50.5+1.5 51.0+0.6 63.3+0.7 46.1+1.0 59.3+1.3
ADCcvpRr24 38.3+1.2 555415 25.141.3 43.441.7 49.540.9 58.841.1 354+1.4 48.3+1.4
LDCgccvaa 51.4"+1.27 69.474+0.6" 28.5+1.7 46.54+2.7 47.5+0.7 55.74+1.3 27.2+1.1 39.8+2.1
AdaGaussneuripg2a 511412 65.0+1.4 42.6+1.6 57.4+1.9 52.940.8 63.4+1.3 45.0+1.3 57.0+1.0
DPCR1cMI.2025 49.940.8 64.8+1.1 37.3+1.6 54.74+0.7 - - - -
BiCyc (Ours) 52.740.9 66.8+1.4 43.84+1.4 58.2+1.8 53.74+0.7 64.0+0.8 43.7+1.4 55.9+1.2
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Last-task average forgetting

CIFAR-100 TinylmageNet ImageNet-100 CUB-200
Method T—10 T=20 T=10 T=20 T=10 T=20 T=10 T=20

Fast Flasi Fast Flasi Fast Flasi Fast Flasi
LwFEcovie 232417 312418 21.941.9 335424 42,1423 481422 165+1.1 21.7+1.4
SDCovprao 34.841.7 359419 25.141.4 294421 44.642.0 544423 109413 17.3+1.1
EFCicLia4 23.141.1 247418 235424 30.143.0 21.541.9 23.842.5 107407 14.8+1.7
ADCevypras 21.941.1 31.041.6 30242.0 36.841.9 32.441.6 33.441.8 12.841.1 21.3+1.5
LDCgcovas 217419 25.6423 247425 30.742.1 257417 32.942.3 13.64+1.2 23.94+1.8
AdaGaussnewipsas 167414 21,0415 187412 23.141.0 20.6+0.9 22.941.1 11.6407 169413
BiCyc (Ours) 13.541.3 16.640.9 12.040.9 18.9+1.1 182416 20.8+-1.4 113409 175413
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Improved transport of old prototypes
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(left) On the fixed task-0 data, we compare Gaussian fits from models after t= 1,...,9 to the task-0 reference using
symmetric KL. Our method maintains a smaller divergence—i.e., a closer match to the original distribution.

(right) Near-isometry on task-0 under continual updates. AD-% in[0.9, 1.1] for models after t= 1,...,9; our method
consistently preserves geometry better than SOTA.
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Reduced prototype drift
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Drift between maintained prototypes and oracle prototypes (empirical class means)after completing task 9. For each of

the 90 old classes(Tasks 0—8), we measure the {2 distance in feature space between the maintained prototype and its
oracle prototype.

(left) Per-source-task average drift for the three methods.
(right) Histogram of per-class drift over all old classes.
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Find out more!

Thank you!
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