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WHAT IS THIS TUTORIAL ABOU

Deep
Learning

We will look at how Concept Learning (CL)can be used to designinterpretable Deep Neural Networks



TUTORIAL GOAL

Our main goals for this tutorial are threefold:
1.

Provide a non-exhaustive but well-rounded overview of concept
learning (CL).

Convince you thatconcept representations can be very useful
for designing powerful but interpretable neural models.

Bring together a variety of resources (surveys, method papers,
libraries, etc.) to facilitate access to the current state of CL
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WHAT IS THIS TUTORIANOTABOUT

We will not have time to dive deep into:

1. {Traditionall explainable Al (XAl)methodologies

it |
(a) Original Image (b) Guided Backprop ‘Cat’ (c) Grad-CAM ‘Cat'  (d)Guided Grad-CAM ‘Cat’ () Occlusion map ‘Cat’  (f) ResNet Grad-CAM *Cat’

Example of GradCAMand other saliency methods (taken from [2])


https://arxiv.org/abs/1602.04938
https://arxiv.org/pdf/1610.02391

WHAT IS THIS TUTORIANOTABOUT

We will not have time to dive deep Into:

1.

{Traditionall explainable Al (XAl)methodologies

Interpretable

Machine Learning

A Guide for Making
Black Box Models Explainable

Christoph Molnar

Interpretable Machine Learning
Christoph Molnar
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Link to Book


https://christophm.github.io/interpretable-ml-book/

WHAT IS THIS TUTORIANOTABOUT

We will not have time to dive deep Into:

1.

2. Deepphilosophical aspects of explaining models

C?ﬂ'.li;f
Bk

The Mythos of Interpretability
Lipton et al. (2018) [1]

To Explain or to Predict?
Galit (2018) [2]

Explanation Theory
Bromberger (1992) [3]


https://arxiv.org/abs/1606.03490
https://projecteuclid.org/journals/statistical-science/volume-25/issue-3/To-Explain-or-to-Predict/10.1214/10-STS330.full
https://arxiv.org/abs/2103.11251
https://web.stanford.edu/group/cslipublications/cslipublications/bromberger-corpus/On-What-We-Know-We-Dont-Know.pdf

WHAT IS THIS TUTORIANOTABOUT

We will not have time to dive deep Into:
1.

2.

3. Connections with Mechanistic Interpretability

Windows (4b:237) ® positive (excitation )
excite the car detec ®n b )
at the top and inhibit

at the bottom

Car Body (4b:4971)
excites the car

etector, especially at
tom.

Circuits

Wheels (4b:373) excite [N SR
the car detector at the &
bottom and inhibit at
the top.

Taken from [1]
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https://distill.pub/2020/circuits/zoom-in/

WHAT IS THIS TUTORIANOTABOUT

We will not have time to dive deep Into:
1.

2.

3. Connections with Mechanistic Interpretability
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Distill Circuits Thread Anthropic Circuits Thread
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https://distill.pub/2020/circuits/
https://transformer-circuits.pub/
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TUTORIAL WEBSITE AND MATERIA

¢ i E ¢ kliges,Edhetile, dhdresources are in our website:

https:// conceptlearning.github.id



https://conceptlearning.github.io/

TUTORIAL WEBSITE AND MATERIA

Throughout the tutorial, watch for QR codesto relevant references

CONCEPT BOTTLENECK MODELS (CBMS

CBMs decompose a DNN into two functions:
1. Aconcept encoder g(x) = € predicting concepts from the input features

2. Alabel predictor f(€) = § predicting task labels from the predicted concepts

Input Bottl?neck
¢
* 5 Cysts )¢ Prediction
i Sclerosi
i e - f ( A) Osteoarthritis
- ¢ Grade 2
i~iBone Spurs J
i(.i Narrow joint space §:{
—— OFrai0)
P(C|X) P(Y|C) 13“._?
—

Citation + Hyperlink
(if you download slides) QR code to paper/reference/extra material 17



TUTORIAL OUTLIN

1. Introduction




A SWISS ARMY KNIFE FOR ¢

Artificial Intelligence (Al) has experienceda boomin the last decade
driven by so- called Deep Neural Networks (DNNSs)

.!:2(:‘.)
HIDDEN
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OUTPUT
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https://deeplearningcourses.com/c/deep-reinforcement-learning-in-python

THE POWER OF SCA

Scaling up DNNs can lead toexpressive and generalisable models:

+ A LOT ofdata, —
money, time,
and sweat

20


https://www.nature.com/articles/nature16961
https://arxiv.org/abs/2303.08774
https://www.nature.com/articles/s41586-021-03819-2
https://arxiv.org/abs/2112.10752

HE BLACKBOX PROBLE

Scale, however, leads tonotoriously complex models!

[9216 in, 4096 out)
[384 in, 192 out]

Conv 2 - 5x5
Backward
[192 in, 64 out]

Conv 1 - 11x11
Forward
[3in, 64 out]

Conv 4 - 3x3

orwar

[384 in, 256 out]
Conv 2 - 5x5

Weight Update

Fully ConnNgted 8
Forward / Balgvard
[4096 in, 1000 Ng]

Conv 4 - 3x3
Weight Update

Conv 4 - 3x3
Backward
[256 in, 384 out]

Conv 5 - 3x3
Weight Update

Conv 2 - 5x5
Forward
(64 in, 192 out]

Fully Connected 7

Forward / Backward *
o 2055 Graphcore

21


https://www.graphcore.ai/posts/what-does-machine-learning-look-like

THE BLACKBOX PROBLE

Scale, however, leads tonotoriously complex models!

Deep Neural Networks

/A Highly parametric \
A Complex forward passes -
A Continuous activations
A Sensitive to initial states
and update rules /

Black box Functions

7 A

"N
Ny

DNNs arel | G-Adxk y COUUE
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THE FLIP SIDE OF THE CO

Blindly using black- box models can lead to all sorts of problems:

Wrongfully Accused
by an Algorithm

In what may be the first known case of its kind, a faulty facial
recognition match led to a Michigan man’s arrest for a crime he

did not commit.

Why Amazon’s Automated Hiring Predictive policing algorithms are racist.
Tool Discriminated Against Women They need to be dismantled.

23


https://www.nytimes.com/2020/06/24/technology/facial-recognition-arrest.html
https://www.aclu.org/news/womens-rights/why-amazons-automated-hiring-tool-discriminated-against
https://www.technologyreview.com/2020/07/17/1005396/predictive-policing-algorithms-racist-dismantled-machine-learning-bias-criminal-justice/

THE FLIP SIDE OF THE CO



https://www.telegraph.co.uk/technology/2018/07/27/ibm-watson-ai-criticised-giving-unsafe-cancer-treatment-advice/
https://www.nytimes.com/2020/06/24/technology/facial-recognition-arrest.html
https://www.aclu.org/news/womens-rights/why-amazons-automated-hiring-tool-discriminated-against
https://www.technologyreview.com/2020/07/17/1005396/predictive-policing-algorithms-racist-dismantled-machine-learning-bias-criminal-justice/

EXPLAINING DNNJ

Recent advances in Al came witha rise in interest in making these
y C O Uintétpretable

- How
o ° —Maklng * .
. s Opaque Decision Ild AI’ tIﬁCIa 1 I .
CIOBLOG ° s Grapple Wlth AI S p pVe C an T ntell’gence
€ ms o
Con:;giS“S:“ ations investigatind now Al solves probie MPuter Ystems neeq rust
Pr(:erox’s PARC, Capital One among 0rga" o t:gder Stand time, sp
ooer Opinion Artificial intelligence FORBES > INNOVATION > ENTERPRISE TECH WtheYdOD’t eandCaUSahty
Beware the rise of the black box Building Trust In Al: The

algorithm Case For Transparency

WHO calls for safe and ethical Al Al—and

for health

Why businesses need explainable

how to deliver it

16 May 2023 | Departmental update |Reading time: 2 min (507 words) September 29, 2022 | Article
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EXPLAINING DNNJ

This interest has manifested itself at theregulatory/legal level

General Data Protection Regulations (GDPR, 2016):
A 1¢ceu OAgA EhioUl g EéeAuua &A1 U géEUéliAété%)%)XCg gC 1 U EhiosUTg

to adecision based solely onautomated processing A 1Any affected person subject to adecision which is

i Al uhOi Ac eECeai 0i Ag "~ | | Eg: ¥* " takenby..ahigh-riskAlsystem £ E&AGG éAI U geé
A ¢ceu OAgA EhioU In@anlagﬂuE geu Ei cé g g (1o aptain from the deployerclear and meaningful

information about thelogici A1 CG1 U0l i A géeU OUIl i explagations (Art. 86)
(Art. 13 and 15)

8) iy (e OJ*¥#=10,
. Fé ‘ . .' ] ‘:r_:#‘!:‘sl:.‘ -“;’.'
(e S 5;.&«?5 %

- l} g.g. s oA -¥
ru@ ' "“”:‘*"';"E:,' -

5 @EN

GDRP EU Al Act

27


https://gdpr-info.eu/art-22-gdpr/
https://artificialintelligenceact.eu/

EXPLAINING DNNJ

Researchers in Explainable Artificial Intelligence (XAI*) have
developed a significant number ofmethods to explain DNNs

Explainable Artificial O
Intelligence (XAl) T I— R

(DARPA 2016) (EU Horizon Program)

*Not to be confused with a certain bird related company

28



FIRST THINGS FIRST: TERMINOLO

Welcome to theWild Westof XAl terminology

S
Freieslebenet al. (2023)
| D20
OEEHE

Vilone et al. (2021)

E:':.{",:_;'_-:J-H'" a
Confalonieri et al. (2020)
@e Ky
Rudin et al. (2019)

Barredo Arrieta et al. (2020)



FIRST THINGS FIRST: TERMINOLO

Here we will use some the following definitions by Gilpin et al. [1]:

A Explainability (why): the ability to answer questions of the form

why does this particular input lead to that particular output?l

Alnterpretability (how):g e U Al i ai gJ ¢gC OUEI Eil U

EJEgUY i A A 1JAJ géAg i E hAOUEEgAAO

0
fj".rl :I-u A

@k {dT:
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FEATURE ATTRIBUTIC

N

9 M yUgeéeCOE éAIr U gEAOi gi CAAGOJ Ui

estimating how important each input feature is for the output

Output =04 Output = 0.4

Age=65 — T Age =65
Sex=F —s [ 03 | Sex=F
BP =180 — BP =180
EMI=40 — 4.1 BMI = 40

Base rate = 0.1 Base rate=0.1

SHAP (Scott et al., 2017)

We call thesefeature importance or feature attribution methods


https://arxiv.org/abs/1705.07874

SALIENCY: FEATURE ATTRIBUTION IDNN

DNN- specific attribution methods are called saliency methods

(o)

These are usually computed by measuringnodel sensitivity via its gradient


https://arxiv.org/pdf/1610.02391




1. Low- level features like individual pixels are not always
semantically meaningful:

Can you guess what this is?

34
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1. Low- level features like individual pixels are not always
semantically meaningful:

35



2. Saliency maps lack ofactionability!

Original Image

What does this really tell you abouthow the model made a prediction?

36


https://arxiv.org/abs/1906.07983

Ao O

Ugzty

U A

3. Several saliency methodsfail very simple sanity checks

¥ 3%
L 5 a 28 %8
e ¢ 88 I 3% 58 58
5 ° '§§ Q s 9 &t 2o
e e 3% 8 38 28 EE
S & %4 ¢ 96 EO o
True N f 1 .
Labels | ) i ) t‘ i { ) | )
- o -
Random e ' : .‘ s }

Labels : “\ “Z A

Random training labelsdo not always
lead to random maps [1]

Gradient

Input

Guided
Back-propagation

GradCAM

Guided GradCAM

Integrated Gradients

Original Explanation

-
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L ]
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Cascading randomization
from top to bottom layers
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»
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mixed Ta
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>

mixed S5d
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mixed 5hb

conv2d_da_3x3

comi2d 3b_1x1

ceFEEROERREEAT GRS

conv2d_2bh_3x3

conv2d_2a_3x3
onvad_1a_3x3

g
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2
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Random weightsdo not always lead to random maps [1]

OF -0
L2 .‘1 23E


https://arxiv.org/abs/1810.03292

Aa° UfztY

4. Saliency methods aresusceptible to adversarial attacks [1,2]

Original Image Manipulated Image



https://arxiv.org/abs/1906.07983
https://arxiv.org/pdf/1710.10547

How can we go around the limitations of feature attribution?

Here, we will focus on using so- called
lconceptsl gC 1 CAEgEhT g U



WHAT ARE CONCEP T3

Concepts arehigh-level and semantically meaningful units of

Information
b ! ¢ -

Concepts are terms or units of information used by domainexperts
to communicate or explain things to each another

Task:bird species

Explanation of the prediction:
- wing color

- beak length

- tail shape

40



A MAP OF CONCEPT LEARNI

Do you have training concept labels?

No

Yes


https://arxiv.org/abs/2312.12936

A MAP OF CONCEPT LEARNI

Do you have training concept labels?

Yes

Can you modify the model?

@ In the first third of this tutorial, we will discuss supervised concept learning

42



A MAP OF CONCEPT LEARNI

Do you have training concept labels?

No

Can you modify the model?

@ The second third discusses unsupervised concept learning approaches

43



MAP OF CONCEPT LEARNI

Concept
Learning

Do you have training concept labels?

Unsupervised Supervised

Concepts Reasoning

Finally, in the last third we discuss applications of CL to symbolic reasoning



TUTORIAL OUTLIN

2. Supervised Concept Learning

45



DIFFERENT LEVELS OF SUPERVISIC

4

Il zheéeUE ildatde®termi EMA geiE ghgCEi AU+ E
11 ] (

Isupervisedl Yy UAAE A KRUDBWED §&E CAIl Ue
¥

lays eggs 1

has scales \ /0\
has wings 1
eatsonlyplants | _ | 0
eats meat 1
black wings 1

is colorful / \0/
has teeth 0

Sparse sets of images containing a concept Dense binary vector annotations

These labels could comebesides other downstreamg AE+ {1 G Al LU

46



POST-HOC CONCEPT LEARNI

We will start by looking into supervised post- hoc concept learning:

A trained DNN "ol Sparse concept annotations Concept based Explanations

Local |
KCIJ iyeCsaripdshgaeCE A éeE!I

Global |
6Cl i Ve CoiapAAgCiEE gobwd "1 «

We Want

47



WHY SHOULD WE EVEN ATTEMPT TH

Evidence suggests DNNsmay predict based onconcepts

2 5 o ¢ ¢
Q 02 7 % &
0 ¢9 %2 2 9
S 04 p @ (‘]JJ
/ ¥ 2
'_ _______



https://arxiv.org/abs/1704.05796

WHY SHOULD WE EVEN ATTEMPT TH

Evidence suggests DNNsmay predict based onconcepts

. &
2 il
ST



https://distill.pub/2017/feature-visualization/

WHY SHOULD WE EVEN ATTEMPT TH

Evidence suggests DNNsmay predict based onconcepts

Activating Samples Neuron Maximisation



https://distill.pub/2017/feature-visualization/

CONCEPTS ARE NOT ALWAYS LOCALIS

Concepts maynot be always localisedto specific neurons/maps
but they maybeOi EgEi 1l hgud AT ECEE ¢geéeuU 2 °

The same units appear to represent different concepts

This is sometimes called Polysemanticity (Olah et al., 2020) OF!


https://arxiv.org/abs/1801.03454

CONCEPTS ARE NOT ALWAYS LOCALIS

Could we then try and capturedirections in the latent
space that are associated with known concepts?



https://arxiv.org/abs/1801.03454

TESTING WITH CONCEPT ACTIVATION VECT

This is the idea behindT- CAV (Testing with concept activation vectors)

How sensitive is the prediction of zebra is to the presence of the conceptC astriges] -

= ;4(,((% « machineA Ig:::iendg model ])( Z )

(e.g., neural network)

zebra-ness
_LIE és

Was striped concept important TCAY seors for S
to this zebra image classifier?

striped not striped

ORF:10.
NP == =k L
R,
Ay
@ pm Sl g

2R A 53


https://arxiv.org/abs/1711.11279

PARTITIONING THE NETWOHJ

Step 1 Choose an intermediate layer@Y © Y with & neurons

fi:R" —» R™ hie:R™ > R

B K™ class

m


https://arxiv.org/abs/1711.11279

LEARNING CONCEPT ACTIVATION VECTC

Step 2 Learn the Concept Activations Vectors (CAVS)
A¢CEAi A A Ui AUAE T UOUAEEi & UE gC Oi Egi Ach
examples and random ones

A The CAV is thevector orthogonal to the classification boundary v

R i I @) )

| | = hE) o £
. lnMﬂ = = //(z)%l : (2) )
i' o C i
@T..a}j@
w.:"""*"z"*


https://arxiv.org/abs/1711.11279

TESTING WITH CAVS (CAV)

Step 3:Given a samplee, construct a local importance score “Yj, 5 ()
indicating how important concept 6 is for the "‘Qth output label.

We want"Yj (&) g T A Eogv méch would the prediction of class Q
i

I d AAcg U & M 1i AT EUARIU] T CATUéeg - i A EA

h k (fl (x) + E”lc) — hyg (fl (x))

€

Scri(x) = ll_r}(l)

(Read as how much would the prediction of label'Qchange if | take a small step in the direction of conceptd?)
@ HE
".:i‘r* o
@FEZE 56


https://arxiv.org/abs/1711.11279

TESTING WITH CAVS (CAV)

Step 3:Given a samplee, construct a local importance score “Yj, 5 ()
indicating how important concept 6 is for the "‘Qth output label.

We want"Y; (@) g € T A Bogv michwould the prediction of class Q

Il 8AAcU i M 1i ATEUARIUI T CATUeg - i A EA

This Is the same as a directional derivativel


https://arxiv.org/abs/1711.11279

TESTING WITH CAVS (CAV)

Step 3:Given a samplee, construct a local importance score “Yj, 5 ()
indicating how important concept 6 is for the "‘Qth output label.

Intermediate representation of
M at layer o

The rate of change of output function

Yia(@ 0 (@)@ =n0; (A %)) & e
Output CAV for concept
function 0 (e.g., stripes)
Intuition’ high directional derivative] | G AEc U eCEi gi1 U 1T eAAc U &inkinplt AE E
@ff’.}j@
".:ii e,

-J.'.

@FEZE: -


https://arxiv.org/abs/1711.11279

TESTING WITH CAVS (CAV)

Step 4:Get aglobal importance score (T- CAV)for each concept bycombining
the local sensitivities of samples in an evaluation set

TheT-CAV scoreis the fraction of samples with label ¢ that are positively influenced by concepto

soN W Yrp(@w TS

A#1 6. i
i W S
A anputs 5@ \‘.\7:\“
~ i /(’((\’;: @4/ \
with label @ & ¢ 0™ %
@r:h@
L *-

@ 3 5o


https://arxiv.org/abs/1711.11279

EXAMPLE: DETECTING BIASES WITH A

You can use TCAV scores toexplore/identify model biases

, o Apron TCAV in inceptionv3 DogsledTCAV in inceptionv3

o Lﬁemale. ﬁtﬁ"na.ﬂ Lbabr_.f. Irl:-rgs Izebra.ﬁiherian_husk}'
¢ceU T CATUeg Cae 1aUyAuUl 1IDAE &ChAO ¢gC 1 U EicAi.
SAT UE > i1 UEi AA éeéhE=+J A E “"hAO~n~co 1 L
¢teu I CAlUég Ce 1zil UEi AA éhE=+J| IJAE &ChAO@;Tiﬁ@IU

4
1 60


https://arxiv.org/abs/1711.11279

T-CAV LIMITATION

Assuming concepts arelinearly separable is a strong and unrealistic
assumption

Cow —Stripes

zaben -ﬁ'g!—- N x%a.%m
= N VS = TAN
= ?ﬁ.

Lion Stripes
ar Lion % —atrip
Classes can be linearly separable While concepts may not be separable
\
R
W ey

P et
OR: ki


https://arxiv.org/abs/2209.11222

CONCEPT ACTIVATION REGIO

This can be solved by usindkernel methods to perform our concept probing on
higher- dimensional space where concepts may be separable

Example x
Black-Box
7 > Model
v X
/
4 & ) E-i‘" Pled Kingfisher

E e . 1
Podsteiniiaa] |
 Classifier

(!} K ‘#':‘ b |

. Prediction y
Class = Pied Kingfisher

CAR Global Explanations

4 Yelow Oiack  Whie
Braast Colar

% *é._’_,,
| - CAR Feature Importance
Concept
Negatives N o Bl
(8 NS .
;.:‘;,"—5 I-i'E : Representation Space . .
LTV ; @ ::H. @


https://arxiv.org/abs/2209.11222

THE POSTHOC STORY SO FA

Concept
Learning

Do you have training concept labels?

Yes

Can you modify the model?

63



THE POSTHOC STORY SO FA

Post- hoc methods have a clear set ofimportant limitations::

1. They may fail to properly explain a modelA potentially doubling
the source of error!

64



THE POSTHOC STORY SO FA

Post- hoc methods have a clear set ofimportant limitations::

1. They may fail to properly explain a modelA potentially doubling
the source of error!

In fact, these methods often disagreewith each other [1] '-%#
d


https://arxiv.org/abs/2202.01602

THE POSTHOC STORY SO FA

Post- hoc methods have a clear set ofimportant limitations::
2. Explanations are prone toconfirmation bias [1]



https://dl.acm.org/doi/10.1145/3514094.3534164

GOING INMODE

Rather than explaining an already trained modellet the
model explain itself!

Prediction

Explanation



GOING INMODE

Concept
Learning

Do you have training concept labels?

Supervised

Can you modify the model?

68



ALIGNING MACHINES AND HUMAN

M = Machine H = Human
Representational Space Representational Space

el -
(3

U  'O=Humanlike Concepts

@
"‘"’-?ﬁ!‘

-j:u
Tl
A

%’
- :.!.1-I.I
ki

=|i;'_, m

2:

4 69
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https://arxiv.org/abs/2310.16410

ALIGNING MACHINES AND HUMAN

M = Machine
Representational Space

H = Human
Representational Space


https://arxiv.org/abs/2310.16410

CONCEPTBASED REASONIN(

Concept based reasoning can be framed as a&Concept Bottleneck Model[1]

0(6hDs®) V(6 sL(WSO)

= Sample Features 6 =Humani AGQUEe EUg Al U U® Fargeh Tatkd adpéls!

------

®

sl [O

> b "
v ey
j:'a-f.


https://arxiv.org/abs/2007.04612

CONCEPT BOTTLENECK MODELS (CB

CBMs decompose a DNN intdwo functions:

1. Aconcept encoder'@e) 1= predicting concepts from the input features
2. Alabel predictor "@) & predicting task labels from the predicted concepts

| nput Bottleneck

C

i Cysts )< Prediction

Sl
O_ wosis/ Osteoarthritis
f Grade 2
O= Bone Spurs J

Q Narrow joint spacex

i
FeEy
1®

EiGexll)

~
N

0(6 goo) 0(DsH)


https://arxiv.org/abs/2007.04612

TRAINING A CB

Given aconcept-annotated datasef ~ {(e(’hlt )hcf))}  we can
train a CBM in three different forms:

(1) Independently (2) Sequentially (3) Jointly
—\4<-ﬁ49r; [* # Odte)fp] () Merpy [" #OHORP] Moo [# GXAO))Y)  _t" #Oe)hp]
M i o [# %Q{})Fm)] Freeze "Q
(b) Meoi o [# RN o) Do
\ _ﬂ' e
s

O


https://arxiv.org/abs/2007.04612

CONCEPFLEVEL INTERVENTION

Concept based reasoning enables powerfulhuman- Al interactions

~

X C

Concept Encoder Label Predictor
X Cysts
| /| Sclerosis .
X s C OA Grade 2 (mild
&m—»} @) (il
X | Narrow Joint Space

Human Expert
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CONCEPFLEVEL INTERVENTION

Concept based reasoning enables powerfulhuman- Al interactions

L abel Predictor
f(c) OA Grade 2 (mild)

61&0 - L= Sclerosus
5 (l 5 OA Grade 3 (moderate)
< | Bone Spurs

Human Expert Narrow Joint Space
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CONCEPT INTERVENTIO
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https://arxiv.org/abs/2007.04612

ARE CBMS ALL WE NEED

CBMs are great in a lot of ways:
1. They are simple to understand and providehigh- level explanations.
2. They enabletest-time interventions that improve their accuracy.

3. They are verystable, expressive andeasy to train.

So, are we done?

Short Answer: No Long Answer.

77



t Afz=A8 tY

Concept
Embedding
Models

Concept
Whitening

3 6 S

Post-hoc
CBMs

Probabilistic
CBMs

78



Concept
Embedding
Models

79



CONCEPT EMBEDDING MODE

Limitation Being Addressed
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CONCEPT EMBEDDING MODE

Limitation Being Addressed
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CONCEPT EMBEDDING MODE

Limitation Being Addressed
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CONCEPT EMBEDDING MODE

Limitation Being Addressed

sECI i OUO 1 CAIl ua@npleel A CEO UGIE Ul tihdd-ofll EUET U A

Interventions on CUB Concept Encoder i K j i Ei C)] - +

1 g(x)
- N\ & /

g

i
2 / g
3 / |
s /’F SINER =N
< . z
[T}
L]
P—
-"\ e

l s
r .t

ngngngng

(0000 ~ 0000)]
" L
1
EEa —
njé =
(0000 |
=
Z
2
E

/ . () Hidden Activatic
) Concept-aligned Ac
yi ) . - () Cssput bogit
0 5 0 X 5 [ Truinabie & differentiable model

Concepts Intervened

e CBM Hybnd-CBM

oree
Interventions do not necessarily work with Hybrid CBMs! 'ept--
@: ‘m JY 83


https://arxiv.org/abs/2209.09056

C

ONCEPT EMBEDDING MODE

What we want

Similar performance regardless of the
number of concepts used during training

Better performance as we
intervene in more concepts
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CONCEPT EMBEDDING MODE

Proposed Solution

We can achievecompleteness agnosticismby extending theconcept representations to
higher-dimensions

Concept
Embeddings
| nput > 4.(x) @ Cysts X
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CONCEPT EMBEDDING MODE

Proposed Solution

We can achievecompleteness agnosticismby extending theconcept representations to
higher-dimensions
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CONCEPT EMBEDDING MODE

Proposed Solution

We can achieveintervenability by decomposingsk-as the mixture between two
epresentafions T Concept Embedding Spacen
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CONCEPT EMBEDDING MODE

Proposed Solution

We can achieveintervenability by decomposingd:-as the mixture between two
representations ¢ hif :

r hoake (e AR
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CONCEPT EMBEDDING MODE

Proposed Solution

You can thenintervene on a conceptby fixing its representation to the embedding
corresponding to the ground- truth concept label:

f
A4 - .
c; ifc; =1

C;i '=19._ _
Ci) otherwise

We can randomly do theseinterventions at training time to learn more useful representations!
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=
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CONCEPT EMBEDDING MODE

A4

Proposed Solution

Learn two functions %o h
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CONCEPT EMBEDDING MODE

Proposed Solution

This gives you models that arecompleteness agnosticand intervenable*

CuUB CelebA (W)
) 100 O
. - g & — g 95 . - O‘/
£ g Z a <
2 ) § g 4 )
5 9 < g s 35 L 7
/ g 2 7 2
<»n J g ® w0 £ an * Vo)
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o ; . 75 / 2 / o/>(
] 10 20 o 2 a B @
n Concept Groups Intervened Concepts Intervened O/(
2 D 0 H O MV H 0 100 "0 10 2 » 40 0 O M HL D 100 e
Concepts Used In Training (%) Concepts Used In Training (%) e Eool-CBM Fuzzy-CBM Hybrid-CBM
e Bool Hybrid
Fuzzy e CEM (ours) X CEM (ours) CEM without Randint {ours)

*This is particularly true when, during training, you randomly intervene** on a concept with probability 1y

** These sorts of training-time interventions are useful here onIy because by usmg embeddlngswe can backpropagate
gradients to the concept encoderu1 UA 1JéUA A 1 CATUeg i E i AGUEI UAUO CA "~ A - +
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CONCEPT WHITENING (C

Limitation Being Addressed

Training a CBM hasmpractical architectural constraints and requires all training
samples to be concept annotated!

This limits our ability to exploit powerful pre-trained models

e @t


https://www.nature.com/articles/s42256-020-00265-z

INTERPRETABLEBY-DESIGN NEURAL LAYE

Proposed Solution

Design aninterpretable- by- design layer which we can use to replace an equivalent
component in apre-trained model and quickly fine-tune it to make it interpretable

We will target the commonly used Batch Normalization (BN) layer

.,
e et
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WHITENING FOR DISENTANGLING CONCEHF

Intuition

Normalization can somewhat help disentangle conceptsi A° A 2 "+ E UAgUAg EeéA
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WHITENING FOR DISENTANGLING CONCEHF

Intuition

Whitening a latent space can allow usto properly separate conceptsin the latent space
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g
A Solution
neuron 2 A4 I neuron 2 ]
e % neuron 2
o . : ea®
Activation Space Standardized Space Whitened Space Yoo S

[ S S S

e @t


https://www.nature.com/articles/s42256-020-00265-z

ROTATING TO ENSURE CONCEPT ALIGNME

Approach

More importantly, once an input is whitened,we can apply a rotation to align a specific
concept to a specific axis!

Normalize Whiten Rotate

latent space latent space latent space
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CONCEPT WHITENING (C

Approach

Givena fine-tuning training set”™  {(e\’hif?)} and@ concept sets”
{® hd FE R }, we will learn a rotation matrix 0 N by iterating between:

1. Task training stepA make sure the downstream task prediction is accurate

2. Concept alignment stepA make sure each concept is aligned to a latent activation
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TRAININGCW. TASK TRAINING STE
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TRAININGCW. CONCEPT ALIGNMENT STE

Maximize effect of aligning the j th activation with samples from the j-th concept
Auxiliary Datasets
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FOUND PROTOTYPE

CW supports the hypothesis thaDNNs learn more complex concepts in later layers

Most Activated

CW the cing the 2" layer (BN)
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Post-hoc
CBMs



POST-HOC CBM:S

Limitation Being Addressed

CW is great but is has some key limitations:
1. It requires a batch norm layerin the pretrained model (read:architecture - specific)
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https://arxiv.org/abs/2205.15480

POST-HOC CBM:S

Proposed Solution

Given a bank of concepfactivation vectors in a pre-trained model, welearn an
interpretable mapping projected concept scoresand a downstream task of interest

A trained DNN Concept Activation VectorBank Post-hoc CBMs!

P ™
cstripesch;mds cmanc cbluck

____CeRM y
OR%O


https://arxiv.org/abs/2205.15480

POST-HOC CBM:S

Proposed Solution

Goalt learn aninterpretable model mapping concept similarity scores to task labels

Vectors (CAVs)
- 533
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POST-HOC CBM:S

Proposed Solution

Goalt learn aninterpretable model mapping concept similarity scores to task labels

Concept Activation
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Step 2 project all training samples to the concept activation space using thecavs
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POST-HOC CBM:S

Proposed Solution

Goalt learn aninterpretable model mapping concept similarity scores to task labels

with Post-hoc CBM (PCBM)
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Step 3 learn an interpretable predictor from the concept scores to the task labels
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POST-HOC CBM:S

Proposed Solution

Goalt learn aninterpretable model mapping concept similarity scores to task labels
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Step 3 learn an interpretable predictor from the concept scores to the task labels
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POST-HOC CBM:S

Goalt learn aninterpretable model mapping concept similarity scores to task labels
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Proposed Solution

Post-hoc CBM (PCBM)

P élripes: 08

fiX¥oR! fQER poiof@)erY giRT Y

Horse: 1.2 PCBM
Hands -0.5 ; prediction
Black: 0.7 b
l ‘ Mane: 0.9 ‘,.".-_'d ca 4- pl(Zebra) 08

\ v & Y

PCBM-h
Residual O prediction
Fitting

p(Zebra): 0.95

r:RY >y

" ~ Hybrid Post-hoc CBM (PCBM-h)
Fitting the Concept Bottleneck

Step 4 (optional) fit a residual model if the concepts are incomplete


https://arxiv.org/abs/2205.15480

POST-HOC CBMS WITHOUT CONCEPT S

Post- hoc CBMs can be learntwithout concept sets if we have access to
language based conceptstogether with a multimodal model
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Probabilistic
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PROBABILISTIC CBM

Limitation being addressed

CBMsmust predict concepts for all samples even they are ambiguous

gt |
The cross entropy loss does not encourage the concept predictor to be uncertain 9&‘%?
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