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1. Neuro-Symbolic Reasoning 2. Continual Learning
Object properties The labels Y depend on concepts C, Learning is divided in tasks Task 1 Task 2 Task 3

in accordance to knowledge K Fine-tuning the models leads to y={01} || y=1{23} || y = {45} |o°°

Concepts C are learned input X, via Catastrophic F ttino-
—_— neural networks. ArastIopTE TOTSEHHE,
d ) 1

CL Strategies make use of memory

NeSy predictors are static.

and/or regularization to prevent it.

pick(red cube)

ElnEEnEN
move_over(yellow_face) No method makes use of prior °oc
leave(red cube) know/edge

3. Neuro-Symbolic Continual Learning

Task 2 Examples Future Task

We introduce Neuro-Symbolic Continual Learning (NeSy-CL), a new machine Task 1 Examples
learning problem, where the machine has to:

1. Learn over a sequence of NeSy tasks;

Y = 0 V=1

2. Acquire high-quality concepts, avoiding reasoning shortcuts;

' Pred e
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3. Preserve the knowledge on the concepts and labels. O
H B

True

4. Problem Statement 7. COOL: a new strategy for Continual Learning
We denote input x € R¢ concepts ¢ € N* labels y € N”, and prior knowledge K. We prove (Theorem 4.1) that in NeSy-CL we must
Data are distributed according to: . COOL optimizes for this:
1
p(X,C,Y;KY) = p"(Y | C;KY) - p(C | X) - pl(X) Looon =7 - KL(ps(C [ %) [| @) — 8- logpa(Y =y | x;KD)]
mb (x,q.,.y)eM

Example: MNIST-Addition consists of sums between digits, i.e. -+ H = 1.
We extend it to a class/concept-incremental NeSy-CL benchmark.

Task 1 Task 2

8. Experimental Verification

Task 8 Task 9

y = {D.l} Yy = {2,3} y = {14,15} y = {16.1?}
. New NeSy-CL benchmarks: CLE4EVR benchmark
8-' B Task  COLORs SHAPES
C{) & 1) MNAdd_Seq 1 red, gray sphere, cube
@ E 0 00 A 2 green, blue cylinder, tetrahedron
O w 2 MNAdd-Short Cut* 3 brown, purple cone, triangular prism
g E ) 4 yellow, cyan pyramid, toroid
5 ink di d, ]
= E E 3) CLE4EVR* frOm CLEVR orange, pin iamond, star prism
.E Y € {same color,same shape, both, neither}
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Q ]. . KﬂOWlEdge hElpS STRATEGY Crass-ILY () CLass-IL C (1) FWTiT)
« ResTRr 107801 29701 7440
. . _ _ _ = LwE 15.08 = 1.8 63.2 + 4.4 —4.74+ 1.1
5. Reasoning with DeepProblLog We compare different strategies paired s e 1157206 87406  T.6+04
= ER 13.20 = 0.4 135+ 2.0 13.4 4 1.6
to Concept Bottleneck Models and 3 o, &ifis  sudso  esiis
sge . . . . COOL 38.0 1.9 78.1 1+ 2.5 29.0 £+ 4.8
DeepProblLog = probabilistic logic programming + neural predicates: DeepProblLog — = e
9 RESTART 9.6 £ 0.3 0.24+0.1 6.9+ 0.8
= LWE 6.8 £ 0.5 10.8 & 4.6 18.3 0.2
=) EWC 6.8 = 0.1 7.8 0.6 6.1 £ 0.3
. - K SEIJIIE_CG]_GI' — () E E.R_ -’1-’].I3:|:9.? fSE.i]:I:-E‘.G i-:f"?r.;::f;:l:-’l..l.
po(ylx; K) = > uk(yle) - po(clx) [ F B, San EaE W
C T COOL T1.9+29 84.5 4+ 1.9 83.2 4+ 0.9

uk(y|c) = Z(i <) I{(c,y) F K}

(.T )
For each task, we learn the parameters [ nn ]”-

6 via maximum likelihood.

Q2: Addressing Reasoning Shortcuts
B We show that supervising concepts + replay strategies is not enough.
B Only cooL avoids reasoning shortcuts

Crass-1L (Y) Crass-IL (C) OOD AccurAcy (Y)
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6. NeSy predictors fall prey of Reasoning Shortcuts ©xo & + 30 T 30
18] ? Gl Gl
A Reasoning Shortcut is an optimal solution with incorrect concepts. 40 40 40
20 mm oer | 20 R 20 ‘ ks ‘ ‘
Theorem (3.2): A model with parameters 6 attains maximal likelihood, i.e. o : m=coor | *' G
0 € ©*(K, D), if and only if, for all (x,y) € D, it holds that py(C | x) = K|Y /y|. E e e e e IR
_ _ - PREDICTED PREDICTED
Example: Consider MNIST-Addition with only = 1 and = 2. Then: O _ _
B0 O 1 H-? - = = =[u
-1 H-0 H-! = = m g B0 00w §
. . m = - g — ;| m
are two optimal solutions. - - -
Mitigation with concept supervision. Q3: We show that only few is sufficient! l. l.
B COOL el DER BN COOL el DER
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