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Task and Problems

« Train: Seen attribute-object pairs

« Test: Seen(Familiar compositions) + Unseen(New compositions)

« Distribution-shift: train: red tomato; test: tomato > red
« Entanglement: white-cauliflower: which attribute is white and which is

cauliflower
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Solution

Most standard models:

p(Attr = a,0bj = o | Image = x)

The author model the causal direction: Physical entities “cause” image features

p(Image = x | Attr = a,0bj = 0) White

Cauliflower
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Confounding

The spurious correlation of attr-obj varies between different domains.

Intervention: pdel4=a0=0)(y)
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Generation

Given interdependent attribute and object: a € A,0 € 0

p(pqla), p(¢,|0): Gaussian distribution, ¢, ~ N (h,, 21)
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Inference

(4,6) = argmax pdo(4=®0=0)(x)

a,0cAxO

How to maximize the log likelihood of the conditional distribution?

p(x]a,0) = / / D(X, us Gola, 0) = / /
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' Train
L = Edata + )\indepﬁz’ndep + )\invertﬁinvefr’t

Independence loss:

Lindep = Lon + ArepLlrep
Lo — I(éa,O|A)+I($O,A|O)
Lrep = (cﬁa,cﬁolA) +I(<Ba,03o\0)

Hilbert-Schmidt Information Criterion
Invertible embedding loss:

Linvert = CE(a, fa(ha))+CE(0, fo(ho))+Ag [CE(a, fga(9(ha. o)) +CE(a. fao(g(ha: ho)))]
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Experiments

Data bases: Zappos (real), AO-CLEVr (synthetic)

Seen-Unseen Acc. @5:5 Harmonic Acc.
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60 70 80 90 2:8 37 46 55 64 7:3
Acc. Seen Unseen:Seen Ratio
UNSEEN SEEN HARMONIC CLOSED AUSUC
WITH PRIOR EMBEDDINGS
LE 1074+08 529413 17.84+1.1 551+23 194403
ATTOP 226+29 352427 265+14 522+18 203+1.8
TMN 97406 51.94+24 1644+10 60.9+1.1 24.6+0.8
NO PRIOR EMBEDDINGS
LE* 156+06 52.0+1.0 240+07 58.1+12 220+09
ATTOP* 165+1.5 158+1.9 158+14 4234+15 16.7+1.1
TMN* 63+14 553+1.6 11.1+23 584+15 245+0.8
CAUSAL Njpaep,=0 225420 455+£37 294+15 553+£1.1 2224009
CAUSAL 266 +1.6 39.7+22 31.8+1.7 554+08 23.3+0.3
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Summary

A new causal perspective: "which intervention on attribute and object caused

the image".

Disentangled representations of attributes and objects.

The attributes and objects have distinct and stable generation processes.

Attributes and objects are fully disentangled.
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