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Inductive biases faciliate disentanglement by paring
down the solution space, but prior works largely propose
and validate one new approach In isolation from others.

Jatents compressed and
organized via quantization
Hsu et al., 2023

decoding with

small mixed derivatives
Peebles et al., 2020

Trpod makes necessary adaptations to three
complementary inauctive biases to meld them  gkyds
iNnto a state-of-the-art disentangling autoencoder. [l

oreliminaries

e unlabelled data is generated noiselessly from independent sources

pls) = [Iwls) = =gls

e goal: learn autoencoder whose latents recover sources

v =g '(x) r = g(2)

finite scalar [atent quantization

e motivation: true sources are highly compressed and organized
e goal: Impose quantized, grid-like structure on latent space

e problem: dictionary learning destabilizes other components

¢ solution: use finite scalar gquantization (Mentzer et al., 2023)
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e motivation: true sources are collectively independent
e goal: regularize latent multiinformation

Dy, (Q(Z) T2 Q(ZJ’))

e problem: quantized latents aren't probabillistic
¢ solution: use Gaussian kernel density estimation

normalized Hessian penalty

e motivation: true sources interact minimally to generate data
e goal: regularize off-diagonal entries of decoder Hessians
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Zjﬁé]é (Hﬁ]é) Hjle 025,72,

e problem: sensitive to trivial rescalings of latents and activations
¢ solution: replace with a normalized quantity
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and associated estimator
Var [v" HMy]  v; ~ Rademacher (o)
Var [wT HMw]  w; ~ N (0, o)

experiments

¢ dJatasets

Shapes3D 6 sources
MPI3D / sources
Falcor3D / sources

|lsaac3D 9O sources

e Tripod greatly improves upon prior methods that use only one of its legs

INfoMEC: (InfoModularity, InNfoCompactness, InfoExplicitness)

aggregated Shapes3D MPI3D Falcor3D Isaac3D
(0.68 0.43 0.88) (0.86 0.45 1.00) (0.52 0.46 0.75) (0.62 0.39 0.82) (0.72 0.42 0.94)
QLAE (0.62 0.57 0.77) (0.68 0.55 0.98) (0.45 0.42 0.61) (0.71 0.71 0.72) (0.65 0.61 0.78)
Tripod (ours) (0.78 0.59 0.90) (0.94 0.59 1.00) (0.64 0.53 0.84) (0.72 0.56 0.82) (0.84 0.68 0.95)

e ablating each Tripod leg in turn shows that all three legs are necessary for best performance

aggregated Shapes3D MPI3D Falcor3D Isaac3D

ripod (ours) (0.78 0.59 0.90) (0.94 0.59 1.00) (0.64 0.53 0.84) (0.72 0.56 0.82) (0.84 0.68 0.95)
ripod w/o FSLLQ) (0.56 0.46 0.92) (0.69 0.48 1.00) (0.43 0.40 0.97) (0.54 0.41 0.84) (0.57 0.54 0.87)
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ripod w/0 (0.73 0.50 0.90) (0.89 0.57 1.00) (0.57 0.50 0.80) (0.74 0.54 0.82) (0.72 0.38 0.96)
Tripod w/o NHF  (0.70 0.48 0.89) (0.85 0.46 1.00) (0.60 0.50 0.81) (0.59 0.40 0.81) (0.75 0.57 0.93)
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e case study: naively combining Tripod's inductive biases fails to disentangle "robot x" and "robot y*

Tripod (ours) Tripod (naive)
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ObjeCt Shape 0.00 0.00 0.55 0.00 0.01 0.00 0.00 0.04 0.03 0.01 0.00 0.18 0.00 0.00 0.00 0.00 0.06 0.01 0.05 0.08 0.04 0.05 0.07 0.03 0.01 0.01 0.12 0.01 0.19 0.01 0.06 0.00 0.07 0.02 0.02 o0.00
robot x 0.00 0.00 0.34 0.01 0.02 0.00 0.00 0.01 FO6Z 0.00 0.01 0.03 0.00 0.00 0.00 0.00 0.02 0.01 0.01 0.03 0.02 0.18 0.22 0.02 0.01 0.02 0.03 0.01 0.13 0.01 0.27 0.01 0.08 0.30 0.04 o0.00
rObOty 0.00 0.00 0.01 0.00 0.03 0.00 0.00 0.00 0.03 0.00 0.00 0.01 0.00 0.00 Q.00 0.000.00 0.01 0.02 0.01 0.33 0.31 0.00 0.01 0.05 0.14 0.00 0.06 0.01 0.23 0.00 0.09 0.22 0.05 o0.00

camera helght 0.00 0.01 0.00 0.01 0.00 0.50 0.00 0.00 0.01 0.41 0.01 0.00 0.00 0.00 0.00 0.00 0.01 0.40

0.00 0.01 0.00 0.01 o0.00 0.01.0.55 0.00 0.04 0.00 0.01 0.01 0.05 0.01 0.010.01

ObjeCt scale 0.00 0.00 0.08 0.00 0.00 0.00 0.00 0.04 0.03 o0.00 0.000.00 0.00 0.00 0.00 0.01 0.00 0.15 10.62 "0¥/2" 0.01 0.00 0.12 0.01 0.01 0.05 0.01 0.01 0.01 0.01 0.00 0.06 0.00 0.01 o0.01

Ife]gitigleNMIgit=IaS(AVA 0.41 0.01 0.00 0.01 0.00 0.00 0.00 0.00 0.01 0.00 0.02 0.00 0.41 0.41 0.00 0.00 0.00 0.00

0.00 0.00 0.00 0.00 0.00 0.01 0.01 0.01 0.00 o0.08 0.000.00 0.14 0.00 0.00 0.01 0.23

Ilghtlngydlr 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.02 0.00 fO®7 0.00 0.00 0.00 0.00 0.47 0.00 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.04 0.01 0.00 0.05 0.00 0.23 0.00 pO=/S¥ 0.00 0.00 0.03 HeE:Y

object color 0.00 0.00 0.00 0.00 0.00 0.00 0.00M0.0l 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.25 0.02 0.02 0.00 0.000.00 0.01 0.01 0.01 0.00 0.00 0.00 0.01 0.01 0.00 0.00 0.00

wall color 0.00 0.01 0.00 0.01 0.00 0.00 sO##SH 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.41 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.01 o0.00 0.00 0.01 0.00 0.01 0.01 0.00 0.01 o0.00
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