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Research context

Deep Neural Networks are powerfull tools
for predictive tasks in various domains

l

Deep Neural Networks are black-boxes:
lack of trust and reliability

—

Post-hoc By design

A 4

A 4

New metrics to evaluate interpretability
are needed

} Models interpretability

[ Model’s interpretablility is necessary
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Concept Learning (CL)

Concept Learning (CL): mapping neurons to human-understandable entities (concepts)

Input image Hidden layers Concept layer Ground truth Concepi's are:
p N\ . \ . « Top-down semantic
o (D) Pointed beak 1 4] characteristics of individual
O . \ . examples.
O 5| @ striped wing 1 B8 - Discrete attributes
>0 ) . (presence or absence).
O O (3) Long tail 1 B « Have a ground truth.
o \ J
© @ Webbed feet 0 E
. J \ J
\ 4
s A
1 = present, 0 = absent Output: prediction
\ J
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Meta-Feature Definition

Meta-feature (MF): specific type of concept.

Tabular input Hidden layers Meta-features layer Ground truth MFs are:
T T TG . « Boffom-up concepfs.
X X X X X é . pe
22108 12 | 111 25 o @ Meta-feature 1 = i §peC|f|C §UbseTs of
4| o. . | from x1, x2 0.81 , mpu’r.vorlcbles.. .
51102118 | 04| 31 o\ O . . Coln’rmuous o?nvahon
- vdadlues present across
- - ]
29/06| 9 [17/24| O\ @ AEER R 2 ? all instances.
from x2, x3, x4 0.34
46|09 |15 |03|20| OO ’ + Don’t have any
1 ' 1 T | ground truth in real-
—Q O @ Meta-feature 3 ? world applications.
: @ L from x4, x5 0.62 )
'—'@ \b Not observable
[ Output: prediction }
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Motivation — Example of existing metric for CL

MUfUGl Informaﬁon GCIp Network with a concept layer Ground-truth concepts
(MIG) metric: computes k |v1 (round)|v2 (large) | v3 (red)
the difference between (x)) () ] 1 | o | 1
the highest and second- @ O e > o | 1
highest mutual information O 3 1 1 0
values between neurons o o @ 4 0 0 1
and true concept values. (x3) @

input layer concept layer

Normalized M| with concept v1

I(z) ; vk) / H({vk)

Gap for each concept

1 gap
s vl L7 @ 0.41
9 V2 —@ ®— 0.74
£ I :[ gop =041 V3 —@ ® 0.69
o 0 1
<z 0 - E=R — !(l} . Vk) /'I H(Vk}
22 z4 z1 23 MIG = mean of gaps = 0.61

Chen, R. T., Li, X., Grosse, R. B., Duvenaud, D. K. (2018). Isolating sources of disentanglement in variational autoencoders. Advances in neural information
pro-cessing systems, 31

L L ‘-\ .'l
. 1bi)c é.:.ru université  SERVIER_}

PARIS-SACLAY



Problems and Scientific Question

Interpretable models are evaluated for prediction or clustering tasks over the latent space.
Only some models have their interpretability evaluated with dedicated metrics.

A 4

ground truth factors like the metric MIG.

A 4

Existing metrics for general concepts are not adapted to MFs.

A 4

Current evaluation metrics that aim to evaluate if one neuron corresponds to one concept are based on }
How to evaluate quantitatively to what extent one hidden neuron represents one specific MF ¢ }

{ There is no specific metric defined for concepts like MFs.
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Method - Knock-Out Simulation Metric

Objective: evaluate if one neuron represents one known human-understandable MF.

Example k Activations
X1 X2 | x3 | x4 | x5 @ z before | z after | R =4 Reduction score:
iai R(Ci) = 7 _ Z(Ci)
original | 5.1 0.2 18 0.4 31 \ @ . 0.81 0.34 0.47 cpk — Zcik cik
L

\l/ knock out g(1) = {x1, x2} @ 019
perturbed | 0 0 18 0.4 31 z . 034 022 | o

@ . 0.62 058 |, 0.04

input layer meta-feature layer

QO O O O

SR SRR > R, 0N (00, < o))
1]3:1 Z]K=1 I[OCj,Ci < tO]

KOS, =

K: number of concepts.
N: number of examples.
Overlap between two concepfs: Oc)c;-
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Method - Distance Conservation Metric

Obijective: evaluate if relative distances between examples are preserved from the

original space to the latent space.

Subspace g(1) = {x1, x2} Subspace meta-feature c1 Correlations between distances
X2 b Dc1 a-b
b@® T ®
C
d @ ® °
a
d a @ - ®
X1 o1 Dg 1)

cor(Dgy(qy, Dgy) = 0.86
1 ¢k
DC — Ezi=0 COT(Dg(i), Dci)
K: number of concepts.
D,)- pairwise distances between examples in the input space restricted to variables g(i).
D.,: pairwise disfances between examples in the dimension of concept ¢; of the latent space.
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Results — Experimental Tests on Synthetic Data

Neuron Simulation

Level of activation of neuron z.:

ze, = (1 — B) Z xj + ﬂi“k('Z Xj)

* (. MF entanglement coefficient

_ !
- K
Zl:l al,

* < here a;~Exp(a)

« K:number of concepts

- Ideal case: z,, depends only on variables belonging fo MF ¢; (B = 0).
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Results — Experimental Tests on Synthetic Data

Evolution of metrics KOS, DC and MIG with B evolution

Metnc valua

Neuron Simulations (N=1000, M=2000, K=300)

= DC KOS5 == MIG

 KOS: varies between 0.5 and 1.
..................................................... ° DC \/Or]es befween O Ond '|
« MIG: varies between 0 and 1.

& o

0.0 1 1 I 1 1 1 1 1 1 1 I I I 1 1 1 ] | I} I} 1 |
o' ore’e” o’ of 4:;" o ! P orere’e o’ of '::.ﬂ oo 2 R orere’o o’ o’ '::nﬁ e N
beta beta beta

Low Overlap Medium Overlap High COwerlap
mean=0.010, med=0.000 mean=0.204, med=0.041 mean=0.402, med=0.300

- KOS and DC evaluate the interpretability of neurons representing MFs more effectively than MIG.
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Results — Use case on Biological Data

Single-cell RNA-seq data

Gene, Gene, Geney
Cell, O S
Cell, 10 0
15 0
Cell,
Gene,, Geneiy, Genesgy,

Pathway,: Geneig, Gene,cqg

12

Geneqzg

VEGA

Linear
Decoder

Genes Pathways

Fully D
Connected

Neuron

OO - OO

--- Progressive addition of fully-connected (FC)
neurons

Seninge, L., Anastopoulos, I., Ding, H., & Stuart, J. (2021). VEGA is an
interpretable generative model for inferring biological network activity in
single-cell transcriptomics. Nature communications
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Results — Use case on Biological Data

Evolution of metrics KOS, DC and MIG with y evolution

VEGA

y controls the proportion of FC
neurons.

" Aty = 0: sparse architecture.
Aty = 1. FC architecture.

Ground fruth for MFs using
GSEA.

10
-+ DC = KOS5 = MIG

Metnc value
[ ]

e o] 1] i 3 o ] 5 i L] q-|.'.'
“  $ B 5 & & & @ & $
Percentage of Fully-Connected Neurons (gamma)

- KOS and DC successfully capture interpretability while MIG is not adapted to the specific
scenario of MFs.
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Conclusion and perspectives

Conclusion:

* MFs are dependent on variables and not on examples, and discrete ground truth factors can not
describe continuous MFs.

« Existing metrics such as MIG are not adapted to the specific case where neurons are constrained 1o
represent MFs.

« KOS and DC demonstrated their effectiveness and robusteness in assessing neuron'’s level of
interpretability.

Perspectives:

« Employing KOS and DC as regularization terms during model training to enforce MFs
disentanglement.
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Questions &
Answers




Results — Experimental Tests on Synthetic Data

Data simulation

. . 1

Distribution of Concept Activities Distribution of Dataset X (All Variables)

000000
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Results — Experimental Tests on Synthetic Data

Data simulation

MFs sizes distribution

Low Overlap Medium Overlap High Overlap

a0

10
i i
i i
e zii |
=N . I o N IS == = Eﬂf@j}:&_

0.0 0.z 0.4 0.6 0.8 1.0 00 0.2 04 0.6 0.8 10 0.0 0.2 0.4 0.6 0.8 1.0
Directional owerlap [Ci n Cj| / |Ci] Directional overlap [Ci n Cj| 7 |Ci| Directional everlap |Ci n Cj| f |Ci|
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