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. Heavy-tailed distribution

O&ERS (Heavy-tailed ) AILADA=1"FKE [SEFHETR]
v SRlEEKES 7 ( long-tailed distributions )
v X388 70 ( subexponential distributions )

v IEE % %h (Fat-tailed distribution)
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Voxceleb & CN-Celeb & LibriSpeech data distribution
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Accumulative Momentum Effect

SGD Momentum in SGD Momentum in
Balanced Dataset Long-Tailed Dataset

-« O Global Optima for All Categories  * ---> Momentum Direction in Balanced Data
« O Local Optima for Head Categories ¢ ---> Momentum Direction in Long-Tailed Data
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. related work
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. Causal Graph

| M: Momentum D: Projection on Head |

: X: Feature Y: Prediction }
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a simple example THUHCSI
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* 0 point is the classifier’s decision boundary
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(b) One-stage Re-balancing
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. De-confound Training THUHCSI
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. counterfactual TDE inference

1

Softmax
14—-—- logits

Linear
A

0 linear classifier logits
Y; = w)"x + b,

[0 cosine classifier logits

(w;)"x

Y. =
S wl x|

[0 Causal Norm classifier logits

(Wi)Tx

Y; =
ARSIkl

BEXZANEERELEE

[0 Counterfactual TDE inference
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. Image Classification: ImageNet-LT

Methods Many-shot | Medium-shot | Few-shot | Overall
Focal Loss' [24] 64.3 37:1 8.2 437
OLTR' [8] 51.0 40.8 20.8 41.9 0 Many-shot
Decouple-OLTR [8][10] 59.9 45.8 27.6 48.7 v >100
Decouple-Joint [10] 65.9 319 1.7 44.4
Decouple-NCM [10] 56.6 45.3 28.1 47.3
Decouple-cRT [10] 61.8 46.2 204 49.6 L
Decouple-7-norm [10] 59.1 46.9 30.7 49.4 0 Medium-shot
Decouple-LWS [10] 60.2 47.2 30.3 49.9 v >=20& <100
Baseline 66.1 38.4 3.9 45.0
Cosine' [38]39] 67.3 41.3 14.0 47.6
Capsulef [8]/42] 67.1 40.0 [1.2 46.5 [1 Few-shot
(Ours) De-confound 67.9 2.9 14.7 48.6
(Ours) Cosine-TDE 61.8 47.1 30.4 50.5 v <20
(Ours) Capsule-TDE 62.3 46.9 30.6 50.6
(Ours) De-confound-TDE 627 48.8 31.6 51.8
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. Image Classification: ImageNet-LT

1 the improvement come from multi-head trick

Methods #heads A' | Many-shot | Medium-shot | Few-shot | Overall
Cosine' [5/6] 1 67.3 41.3 14.0 47.6
Cosine' [5]/6] 2 615 42.1 14.1 48.1
Capsule’ [8.[10] 1 67.1 40.0 11.2 46.5
CapsuleT [8./10] 2 614 41.3 126 47.6
(Ours) De-confound | 67.3 41.8 150 47.9
(Ours) De-confound 2 67.9 A2 T 14.7 48.6
(Ours) Cosine-TDE | 61.8 47.1 30.4 50.5
(Ours) Cosine-TDE 2 63.0 48 31.0 51.1
(Ours) Capsule-TDE | 62.3 46.9 30.6 50.6
(Ours) Capsule-TDE 2 62.4 47.9 315 512
(Ours) De-confound-TDE | 625 47.8 32.8 514
(Ours) De-confound-TDE 2 2.1 48.8 31.6 51.8




. Image Classification: ImageNet-LT THUHCSI
[0 improvement can be consistent across different backbones

Methods Backbone Many-shot | Medium-shot | Few-shot | Overall
Baseline ResNeXt-50 66.1 38.4 8.9 45.0
De-confound ResNeXt-50 67.9 42.7 14.7 48.6
De-confound-TDE | ResNeXt-50 62.7 48.8 31.6 51.8
Baseline ResNeXt-101 68.7 42.5 11.8 48.4
De-confound ResNeXt-101 68.9 44.3 16.5 50.0
De-confound-TDE | ResNeXt-101 64.7 50.0 33.0 5335




. Advantages

[0 One-stage training.
[0 Do not need to know the data distribution during training.

[0 Great performance with fewer compute resource.

¢ 1536 x T

Attentive Stat Pooling + BN

¢ 3072 x 1

FC + BN

l 10 i

AAM-Softmax

output Sx 1
\J
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