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Figure: Neuro-Symbolic model: DeepProbLog (DPL) [1] & Logic Tensor Networks (LTN) [2]

[1] Manhaeve et al., DeepProbLog: Neural Probabilistic Logic Programming, NeurIPS (2018)
[2] Donadello et al., Logic Tensor Networks, IEEE (2018)
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Figure: Concept bottleneck models (CBM) [3]

[3] Pang Wei Koh et al., Concept bottleneck models, ICML (2020)
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Figure: Neural Network (NN) & CLIP [4]

[4] Alec Radford et al., Learning Transferable Visual Models From Natural Language Supervision, ICML (2021)
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Goal: Study supervised models that classify samples correctly but for the wrong concepts.

, c
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(a) NeSy (DPL [1] & LTN [2]) (b) CBM [3] (c)NN & CLIP [4]

[1] Manhaeve et al., DeepProbLog: Neural Probabilistic Logic Programming, NeurlPS (2018)

[2] Donadello et al., Logic Tensor Networks, IEEE (2018)

[3] Pang Wei Koh et al., Concept bottleneck models, ICML (2020)

[4] Alec Radford et al., Learning Transferable Visual Models From Natural Language Supervision, ICML (2021)
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Reasoning Shortcuts

K; = (pedestrian v red = stop)
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B Task: predict stop vs.go using concepts “pedestrian”, “red”, and “green”.



Reasoning Shortcuts

K; = (pedestrian v red = stop)

y=stop §=stop y=stop §=stop
B Task: predict stop vs.go using concepts “pedestrian”, “red”, and “green”.

Perfect accuracy by predicting pedestrians as red lights!
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rsbench: L&R tasks

Task Data Properties

Gen 00D ConL Cplxx CplxK AmbK

£ MNMath (new) v v v X v X
g MNAdd-Half X K X X X -
% MNAdd-EvenOdd X V4 4 X X -
o MNLogic (new) v v v X v X
& Kand-Logic v v v X 4 4
CLE4EVR A4 v X v

%8 BDD-0IA X X X v v v
T8 SDD-0IA(ew) V& v v v




rsbench: examples

Task Example Shortcut OOD Pred.
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Knowledge K = the traffic laws.
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rsbench: examples

Task Example Shortcut OOD Pred.
CLE4EVR - N
H-N =
O—n

Knowledge K = same color and shape?
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rsbench: features

M Challenging: require complex
perception and/or reasoning.

M versatile: supports NeSy models, CBMs,
post-hoc explainers.

M Configurable: can be easily configured
with YAML/JSON files.

M Intuitive: straightforward to use:
from rsbench import MNLOGIC
dataset = MNLOGIC(args)

train(model, dataset)
test (model, dataset)

M Model-level metrics:
» F1 and Accuracy
P Concept level confusion matrix

» Concept Collapse

M Task-level metrics:

P Formally counts the # of potential RSs
in any L&R task!
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REASONING SHORTCUTS

Goal: Study supervised models that classify samples correctly
but for the wrong concepts.

N BT =
B B
o) Nesy (0pL & L) (5) CBM (@ maar
Reasoning Shorcuts (1 P
Concept-based Models 3] and VLMs like CLIP [4] solve
Learning & Reasoning tasks by exploting semantically
misleading concepts

K= (pedestrian v red = stop)

e
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Task Prove

GEx 00D Coxt Crux x Crix K Avin K

@ Challenging: the # of RSs can be chosen a priori and
counted using countrss, allows to control task diffculty.

T > @ Configurable: data sets & generators can be easily
7 Confgured with YAHL/ JSON fils
E— - ® Intuitive: straightforvard to use:
ARG 7
vl 7 7 fron xabench saport MILOCIC
v e v
R datasst - HILOGIC arge)
! ; v “rasn(acdel, dataset)
teat (sodel, datasac)
Task  Exawme  Suwomeur 00D Prep. Tasc Exaurie  Snowrcur 00D Prip.

Y =Y ]
1@

Knowledge K = the trafic aws.

Task  Exawris

StorTovT 00D PRED.
CEY

Knowledge K = equations must hold

Kand-Logic

cLEAEVR

Tormula must hold,
patter must hold
3. Knowledge K = same color and shape?

Task-level: countras counts the # of potential RSs in any
LRR task!

KoY 0 (G ACAC) D {(0.1.0).(1.0,0)}

#RSs

Example: with 3 concepts and an exhaustive training set,
MNLogic has 6 RSs if K is a conjunction and 21 if K is 2 XOR.
This grows exponentially with the # of concepts!

Model-level: rsbench tasks induce RSs in all models!
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Quantitatively: Concept F1, accuracy and collapse
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