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* Unlike existing ensembling methods we train only a single expert on a
task, but perform inference using all experts

* Each expert is a deep network and a set of Multivariate Gaussian
distributions representing classes

* We utilize ensemble of Bayes classifiers for inference
* Expert diversification is obtained by training them on different data
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IDEAS | SEED - Inference
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IDEAS | SEED - Training
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We choose expert 2 because We finetune the chosen expert to
distributions of new class further increase the separability
overlap least in its latent space. of new classes' distributions.
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CIL Method CIFAR-100 (ResNet32) DomainNet ImageNet-Subset
T=10 T=20 T=50 T=12 T=24 T=36 T=10

Finetune 26.44+0.1 17.1+0.1 0.4+40.1 179+03 14.8+0.1 10.9+0.2 274404
EWC Klrkpamcket al. L017 (PNAS’17) 37.84+0.8 21.0+0.1 9.2+0.5 19.2+0.2 15.7+0.1 11.1+0.3 29.84+0.3
LwF#* (Rebuffi et al.. 2017) (CVPR’17) 47.0+0.2 38.54+0.2 18.9+1.2 20.9+0.2 15.1+£0.6 10.340.7 323404
PASS (Zhu et al.|Z021b] (CVPR’21) 37.8+1.1 245+1.0 19.3+1.7 259405 23.1+£0.5 9.840.3 -
IL2A (Zhu et al. ! 20. (NeurIPS'21) 43.5+0.3 28.3+1.7 16.4+09 20.7+=0.5 182+04 16204 -
SSRE Zhu et al., 2027] (CVPR22) 442406 32109 21.5+1.8 33.240.7 24.0+£1.0 22.14+0.7 45.01+0.5
FeTrIL ) 3] (WACV’23) 46.3+0.3 38.7+0.3 27.0x1.2 33.5+0.6 339+0.5 27.540.7 58.71+0.2
SEED 61.7+0.4 56.2+0.3 42.6+14 45.0+0.2 44.9+0.2 39.2+0.3 67.8+0.3
Joint 71.4+0.3 63.7x0.5 693+04 69.1=0.1 81.5+0.5
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Approach #Params.  20-split 50-split
HAT 6.8M 77.0 80.5
MARK 4.T™M 78.3 -
BNS 6.7M - 82.4
CoSCL(EWC+LWF) 4.6M 79.4+1.0 87.9+1.1
SEED 3.2M 86.8+0.3 91.21+0.4
SEED(1 shared) 3.2M 86.7+£0.6 91.2£0.5
SEED(11 shared) 3.1IM 85.6t0.3 89.6£0.2
SEED(21 shared) 2. ™M 82.44+04 88.1+0.5

Approach Acc.(%)
SEED(S experts) 61.7 0.4
standard ensemble 56.9+0.4
weighted ensemble 57.0+0.5
CoSCL ensemble 57.3+0.4
w/o multivariate Gauss. 53.54+0.5
w/0 covariance 54.1+0.3
w/o temp. in softmax 59.240.5
w/ RelLU 57.8+0.6
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Summary
* We introduce SEED method for CL,
that achieves state-of-the-art results

* We develop a novel selection strategy

that assigns expert to a task
Link to the paper and code:
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