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Motivation

 Abstraction is essential and natural in human intelligence

* Abstraction can be modeled as representation disentanglement:
* (Content---the information to be communicated

e Style---the particular way content is “loaded”




Motivation

e Common practice of content-style disentanglement:
* Strongly or weakly supervised
* Pretrained representations, explicit labels, or even paired data

 Rely on domain-specific knowledge

* A Human-like learning process can be more natural!
e Domain-general approach
 Generalizable to new styles

* More interpretable



I’m consistent
and unique!

Fragments

, they have distinct patterns of variation

Q
(&
c
D
-l
QD
(P
-
O N QO
a
‘- :
=
C n
U G = g
L .-—u m m
C = o
& O £
C
n\_v m W Of =
S F
- = £ O
() S B ol NN = O| =
g—
afd - B ™M) NONIF|ONDN c -
c = Holojovelo e 2
........ N0 O M|y m ~ @©
O ¥ oM 8
O O Ol NN O &b
d ........ =~ O\ O I B
N S| 1) | O
V O ||| ™M
Q
—
i

Content

Invariant
vocabulary
across samples

Because of different “roles”

The Meta




V3: Variance-Versus-Invariance

* Learning content and style through V3, on a branched autoencoder
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Experiments Results

* V3 achieves better disentanglement of content and style over unsupervised baselines
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Figure 8: t-SNE visualization of the learned pitch (content) and timbre (style) representations on
InsNotes when there 1s no codebook redundancy (K = 12).
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Table 3: Linear probing accuracies (in %) for
content (digit) classification on SVHN.

Method K z¢ 1 25|
V3 20 40.6 18.5
MINE-based 20 36.0 20.8
Cycle loss 20 16.8 21.2
3-VAE - 21.8

Raw input - 21.4

EC2-VAE (¢) - 97.0 21.2

Table 5: Linear probing accuracies (in %) for
content (phoneme) classification on Libri100.

Method K z° 7T z° |
V3 80 52.1 40.4
MINE-based 80 28.6 51.6
Cycle loss 80 16.1 50.5
B-VAE - 11.0

Raw input - 1.8

EC2-VAE (c) - 78.1 18.2




Experiments Results

* V3 surpasses weakly supervised models in few-shot OOD styles generalization

_ A few examples of new styles OOD test data \ _
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Table 7: Content classification accuracies (in %) on data with OOD styles.

Pretraining Continuous Training PhoneNums InsNotes
Method Supervision Supervision Self-boost 0-shot 1-shot 5-shot 10-shot 0-shot 1-shot 5-shot 10-shot
V3 No No No 57.8 91.3 97.1 99.0 90.5 97.6 97.8 99.2
EC2-VAE (c) Yes No No 84.2 92.1 92.2 02.77 87.1 87.2 &894 01.2
ECZ?-VAE (¢) Yes No Yes 84.2 91.8 021 02.4 87.1 946 950 05.1
CNN Classifier Yes No No 59.5 595 595 59.5 926 926 926 02.6
CNN Classifier Yes No Yes 59.5 80.2 82.2 82.7 92,6 K7.6 859 385.3
EC2-VAE (c) Yes Yes No 842 946 988 09.2 87.1 97.7 98.9 00.8
CNN Classifier Yes Yes No 59.5 81.2 824 83.5 026 919 O91.3 89.1




Experiments Results

* The learned content symbols have better interpretability
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Conclusions

* We present V3, a domain-general and intuitive method for unsupervised content-style

disentanglement

* V3 exhibits good disentanglement performance on tasks of different domains
* V3 shows better generalizability on OOD styles compared to supervised methods

* V3 achieves high interpretability of learned content symbols



Thanks for watching!
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