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Frigatebirds seem black albatrosses with white or red pouch.
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The human recognition system is fundamentally compositional, so
unseen visual complex concepts are recognized from the composition
of simple visual primitives according to well-defined rules.
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Albatrosses are birds with hooked beak and large wingspan.
Which one is a frigatebird?

complex concepts from simple visual primitives?
! Can we develop an algebra for composition of primitives?

-

Albatross Frigatebird

The human recognition system is fundamentally compositional, so
unseen visual complex concepts are recognized from the composition
of simple visual primitives according to well-defined rules.
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How to synthesize classifiers for arbitrary compositions of visual primitives ?

Primitive Visual Concepts Complex Visual Concepts
Large wingspan (iw) A = lw AND hb Albatross (A)

[Wm.: Byl

Neural
Algebra of Classifiers

Other Birds

G = (NOT Iw) AND hb
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e Visual primitives (p): known simple visual concepts.
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e Visual primitives (p): known simple visual concepts.
e Composition rules: (A, AND) conjunction, ( v, OR) disjunction, and
(=, NOT) negation.
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e Visual primitives (p): known simple visual concepts.
e Composition rules: (A, AND) conjunction, ( v, OR) disjunction, and
(=, NOT) negation.

e Expressions (e): visual concepts expressed as multiple compositions
of primitives and composition rules.
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e Visual primitives (p): known simple visual concepts

e Composition rules: (A, AND) conjunction, (v, OR).disjunction and
(=, NOT) negation.

e Expressions (e): visual concepts expressed as multiple compositions
of primitives and composition rules.
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The current state-of-the-art models for recognition follow a laborious data-
driven approach, where complex concepts are learned using thousands of
manually labeled examples.
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We propose to learn a function fg(-) that maps the space of expressions to
the space of binary classifiers:

A =Ilw and hb

Primitive Visual Concepts Complex Visual Concepts
Large wingspan (lw) A = lw AND hb Albatross (A)

[wm.: byl

Large
wingspan (lw)

Albatross (A)

beak Gull (G)

G = (NOT Iw) AND hb

G = (NOT Iw) and hb

We use a relative small subset of training expressions and rely on the classifier
similarity to generalize for unknown expressions.
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We represent images in a feature space, e.g., CNN features.
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We model our function as a set of composition functions and simplify them using
simple analytical relations and De Morgan’s laws.
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We parse the expression tree applying the composition functions recursively.

Forward Backpro
— ik

www.rfsantacruz.com ARC CENTRE OF EXCELLENCGCE FOR ROBOTIC VISION www.roboticvision.org



ROBOTIC Australian
OREIHAS Approach =, Rivona

; University

, Neural Algebra of Classifiers
Expression (e)

- o =

a0 gi-.) Fle gi-.-h gi-)

0w 150
[w;l; o “;J I_ 15020 I - ] o _ _ 0
—_—————— * :
Primitives —bl I I I ‘ - \ I

“Blue or Red Socks without Holes®

———t

Images (x, y)
Positives Negatives

JUS

he(x) 5 -
—p= Minimize:

T
fole)" holx) A(s,y) + 0.5]fs(e)||?+ R(O, ®)

=

Forward Backpro
—l ek

www.rfsantacruz.com ARC CENTRE OF EXCELLENCGCE FOR ROBOTIC VISION www.roboticvision.org



® ROBOTIC
VISION

Expression (e)

Primitives

“Blue or Red Socks without Holes®

Images (x, y)
Positives Negatives

JUS

=

20

o —

Australian
National
7 University

Approach

Neural Algebra of Classifiers

gi-- 0 gi-.) gi
0 x 150
15020 i I - l o ) i
I
e wa| |
| I
B b0 s _— A
i T S Minimize:
I ] fole)" holx)|  A(s,y) + 0.5]fs(e)||?+ R(O, ®)

Forward Back
, JBeckor |

\

We minimize the classification loss of batches of positive and negative images for

different training expressions.
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Our method...

® Synthesizes classifiers for any concept that can be expressed as a boolean
expression of primitives.

Explores correlations, cooccurrences, and contextuality between visual primitives.
Leverages semantic similarity and compositionality.

Learns from a subset of expressions and relies on the classifier similarity to
generalize for unknown expressions.
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f(e) = gA (gA (wsocks, gv(‘Nblue, wred))’ gnot (wholes) )
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We model our function as a set of composition functions and simplify them using simple
analytical relations and De Morgan’s laws.

gy (wa,wy,) = Neural Network(w,, wy)
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We propose to learn a function f4(-) that maps the space of expressions to the
space of binary classifiers:
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space of binary classifiers:

Training:
S+
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Training Training
Expressions Images
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We propose to learn a function fg(-) that maps the space of expressions to the
space of binary classifiers:

Training: Test:
Training Training Training Validation Test Test
Expressions  Images Expressions  Images Expressions ~ IMages
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We use a relative small subset of training expressions and rely on the
classifier similarity to generalize for unknown expressions.
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Baselines:

Chance: Random guess. Independent Classifiers:

® P(a
SuperVIsed: Sr[ Sene G }nate ® P(a| Assume independence |[a) x P(b))
images accordir. o ns. ® P(NOTa)=1-P(a)

i i ive expressions =200 Birds '
eE

Metrics MAP AUC EER | MAP AUC EER | MAP AUC EER | MAP AUC EER
Chance 3970 50.00 50.0 | 40.60 50.00 500 | 455 500 500 | 459 500 500
Supervised 6525 74776 31.58 - - - 22.87 78.02 29.69 - - -

Independent 5873 6839 36.76 | 60.66 69.28 36.10 | 17.23 77.22 2994 | 19.16 78.00 29.28
Neural Alg. Classifiers | 70.10 77.36 29.44 | 71.18 77.76 29.04 | 23.09 8154 26.36 | 23.87 81.98 25.85

Table 2. Evaluating known/unknown disjunctive and conjunctive expressions on the AwA?2 dataset.

Disjunctive Expressions Conjunctive Expressions
Known Exp. Unknown Exp. Known Exp. Unknown Exp.
Metrics MAP AUC EER | MAP AUC EER | MAP AUC EER | MAP AUC EER
Chance 5319 50.0 50.0 | 53.04 500 500 | 18.77 50.0 500 |21.17 50.0 500
Supervised 9747 97.20 8.13 - - - 94.90 9853 6.00 - - -
Independent 9728 97.12 870 | 97.86 97.58 6.77 | 93.95 98.13 6.80 | 9390 9787 7.36
Neural Alg. Classifiers | 98.84 98.67 5.84 | 99.05 9891 524 | 9595 98.79 529 | 96.50 98.81 5.34
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Metrics MAP AUC EER | MAP AUC EER | MAP AUC EER | MAP AUC EER
Chance 3970 50.00 50.0 | 40.60 50.00 500 | 455 500 500 | 459 500 500
Supervised 65.25 31.58 - - 22.87 I-'I&DJ-I 29.69 - -

Independent 58.73 | 68.39 | 36.76 | 60.66 |69.28 |36.10 17.23 |77.22 | 29.94 | 19.16 I 78.00 I 29.28

Neural Alg. Classifiers

70.10 | 77.36 | 29.44

2

71.18 |77.76 '29.04

23.09 |81.54 ' 26.36

23.87 |81.98 I 25.85

Table 2. Evaluating known/unknown disjunctive and conjunctive expressions on the AwA?2 dataset.
Disjunctive Expressions

Conjunctive Expressions

Known Exp. Unknown Exp. Known Exp. Unknown Exp.
Metrics MAP AUC EER | MAP AUC EER | MAP AUC EER | MAP AUC EER
Chance 53.19 50.0 50.0 | 53.04 500 50.0 | 18.77 50.0 50.0 | 21.17 50.0 50.0
Supervised 97.47 8.13 - - - 94.90 6.00 - = -
Independent 97.28' 97.12' 8.70 | 97.86 I 97.58' 6.77 | 93.95 I 98.13' 6.80 | 93.90 I 97.87 I 7.36
Neural Alg. Classifiers | 98.84 | 98.67] 5.84

Our method consistently outperforms the baselines in two attributes datasets (CUB200

and AWA2).
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Disjunctive Expressions Conjunctive Expressions
Known Exp. Unknown Exp. Known Exp. Unknown Exp.
Metrics MAP AUC EER | MAP AUC EER | MAP AUC EER | MAP AUC EER
Chance 5319 soo0.50.0 | 53.04 500 500 | 18.77 50.0 500 | 21.17 50.0 500
Supervised 9747 97.20 8.13 - - - 94.90 9853 6.00 - - -
Independent 9728 97.12 870 | 97.86 97.58 6.77 | 93.95 98.13 6.80 | 9390 9787 7.36
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Supervised 9747 97.20 8.13 - - - 94.90 9853 6.00 - - -
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Complex Unknown Expressions: (p, v q,) A (p, V 0,) A ... where p and

g are visual primitives which may appear negated and ¢ (complexity) is the
number of simple terms in those expressions.

0.7 *\ == Chance 0.50 1 pr—mmmfpmm P m e ¢
A S == Independent 0.48 1
506f =§- Chance
S 0.6 s == Neural Alg. Cls.
Z ‘\ \\ \\ Q@ 0.461 =& Independent
g 0.51 o S < 0.44] == Neural Alg. Cls.
[} \\ s o )
2 0.4 N ) SN £0.42;
ja ~ ~ w
j>2 \\ SS w T 0.40 ‘______‘-____-A---_-‘ _____ i
c 03 B ey e, Ty 0,38
o \\ ~ *-—--
0.2 A ST e T { 0.36] et PEETE LY
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-
01 B ¢ 0.34] p="
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Complexity Complexity

Figure: Performance of the proposed method and baselines on classifying images of CUB-200 dataset according to unknown
expressions of different complexity in conjunctive normal form.
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Figure: Performance of the proposed method and baselines on classifying images of AWA2 dataset according to unknown
expressions of different complexity in conjunctive normal form.
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Birds with crown and breast of different color (e.g., blue, yellow, or red. )
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Birds with crown and breast of the same color (e.g., blue, yellow, or red. )

(RB AND RC) OR (BB AND BC) OR (YB AND YC)
0 o 1 0 (20 I AT DR P

Birds with crown and breast of different color (e.g., blue, yellow, or red. )

(RB AND BC) OR (RB AND YC) OR (BB AND RC) OR BB AND YC) OR (YB AND RC) OR (YB AND BC)

YNNG NIATACRES 25

l'r;\
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(RB AND RC) OR (BB AND BC) OR (YB AND YC)
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Birds with crown and breast of different color (e.g., blue, yellow, or red. )
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Birds with crown and breast of the same color (e.g., blue, yellow, or red. )

(RB AND RC) OR (BB AND BC) OR (YB AND YC)
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Birds with crown and breast of different color (e.g., blue, yellow, or red. )

(AL AL BC) OR (RB AND YC) OR (BB AND RC) OR BB AND YC) OR (YB AND RC) OR (YB AND BC)
-- !En n-.. >
-~ < ‘\‘ ;‘ﬂ

Big and fast animals that are not hunters:
(B AND F) AND (NOT H) = (NOT (S OR SL)) AND (NOT H)
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-

'f;\
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Birds with crown and breast of different color (e.g., blue, yellow, or red. )

(RD AND BC) OR (RB AND YC) OR (BB AND RC) OR BB AND YC) OR (YB AND RC) OR (YB AND BC)

YN NRTA SRS =

Big and fast animals that are not hunters:
(B AND F) AND (NOT H) = (NOT (S OR SL)) AND (NOT H)

BANDFAND NOT H)
TP: i FP: i f
—— S . 8 ' -, wis 4.’_ ;
E .. 7 m m . i _‘.. . . - . “ ! g
2 = B 4 v.f- o [
FP: FN: TN:
F - <> e Y
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v
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(NOT (S OR SL)) AND (NOT H)
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