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Structure and statistics in conceptual representations
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Modeling structure and statistics

Structured knowledge
(symbolic models)

Causal-Model Theory
(Rehder, 2007)

Bayesian Program Learning
(Lake et al., 2015)
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(Kemp & Tenenbaum, 2008)

Emergent "statistical" knowledge
(neural networks)

ALCOVE
(Kruschke, 1992)
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Semantic Cognition Network
(Rogers & McClelland, 2003)
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Finding Structure in Time
(EIman, 1990)




Proposal:
Generative Neuro-Symbolic (GNS) Modeling

 Goal: model the compositional and causal structure in how
concepts are formed, while simultaneously modeling
nonparametric statistical relationships

 Proposal: probabillistic programs with neural network sub-routines vy =0 v, =0 v, =1
(Continue) (Continue) (terminate)
1/ | .7
procedure GENERATECONCEPT
M «+ 0 > Initialize memory state \/ \/ V
while True do / / /
x;,ri ~ plx,r | M) > Sample part and relation from neural net L N i
M < frender(xi, 5, M) > Render part to memory (differentiable) L1Y ST
v; ~ p(v | M) > Sample termination indicator ' '
if v; then /
break

return {X, R} > Return concept type




Omniglot concept learning challenge
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Human parses
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Generating new concepts
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GNS model of character concepts

procedure GENERATETYPE
Canvas ‘ *\ C + 0 > Initialize blank image canvas
C . while true do
Q&b lyi, x;] < GENERATEPART(C) © Sample part location & parameters
%\@ C' < frender(Yi, s, C) > Render part to image canvas
v; ~ p(v | C) > Sample termination indicator
iIf v; then
GENERATEPART break > Terminate sample
| < {Ks Y1ies T}
v return > Return concept type
Part S GENERATEPART(C) e
yz'v xi 1
stroke model p(x | vy, C
location model p(y | C) Py, €) “e

attention p(Ay | Ay

type level
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Generating new concepts (unconstrained)

Test loss (negative log-likelihood) Humans

| procedure GENERATETYPE | GNS model
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Generating new exemplars

Parsing

GNS parses

L v o6 &% |6 T
T b = G T bl

Human

Human drawings

W

1.9,

Target

H<

2 3§ LCeee oty M)

T RS € ¢ &=xdtdt MR

GNS

wnen ¥ 3 8 € £ gmat g M)

T 6 T YT Y

OO ko P e DD e

HoPO YO H P P T

X My 7005 ) 20 X0 M
VR Vo R VW R

Rk K& | FRIEE fRRE
=il R ol ARt R aadh; e

in Feinman & Lake (2020)

mples

More exa



Thanks

For more information, come to my poster!
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3D objects (ShapeNet)




GNS model of 3D objects

procedure GENERATETOKEN
C+ 0 > Initialize blank 3d canvas
while true do

x; < GENERATEPART(C) > Sample part from neural net
C' < fupdate(zi, C) > Update 3d canvas
/ v; ~ p(v | C) > Sample termination indicator

if v; then
GENERATEPART break > Terminate sample

0 < {Kk,T1.x}
| / ............... return ¢ > Return concept token

V- GENERATEPART(C)

instance model p(x | k, C)

kK C
category model p(k|C) [

Pk, C)
generate token -




