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WHERE WE LEFT OFF LAST TIME

LEGEND XAl
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ODAY: IN-MODEL EXPLAINABILITY

LEGEND
. Local Explanations

. Global Explanations
@ Model-Agnostic Method

& Model-Specific Method

XAl

A\ 4 © "
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OUR XAl STORY SO FAR

We have focused on exploring post-hoc XAl methods

POSSIBLY/GO/WRONG?



OUR XAl STORY SO FAR

Post-hoc methods have a clear set of important limitations:

1. They may fail to properly explain a model = potentially doubling
the source of error!
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OUR XAl STORY SO FAR

Post-hoc methods have a clear set of important limitations:

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




OUR XAl STORY SO FAR

Post-hoc methods have a clear set of important limitations:

2. They are unable to capture causal relationships between input
features, concepts, and output labels

ICE CREAM SALES

vAig =27
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_h \

HOT WEATHER

SUNBURN

'CORRELATION
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OUR XAl STORY SO FAR

Post-hoc methods have a clear set of important limitations:

3. Explanations are prone to confirmation bias (Bertrand et al., [1])!

IT'S

6!
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SO, WHO WE'RE GOING TO CALL?

In-model Explainable Neural Architectures!
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GOING IN-MODEL

Rather than explaining an already trained model,

model explain itself!
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GOING IN-MODEL

There are a few main ways to achieve this:



GOING IN-MODEL

There are a few main ways to achieve this:

1. Linearity (e.g., logistic regression)
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3. Widely lerd. understood, and revered!



GOING IN-MODEL

There are a few main ways to achieve this:
1. Linearity (e.g., logistic regression)

2. Prototypical explanations (e.g., "this looks like that")
looks like
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GOING IN-MODEL

There are a few main ways to achieve this:
1. Linearity (e.g., logistic regression)
2. Prototypical explanations (e.g., "this looks like that”)

3. And.. concepts!

Today, we will focus on concept-based interpretable architectures
but we will discuss other alternatives in future lectures!
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CONCEPT BOTTLENECK MODELS (CBMS)

KOH ET AL. (ICML 2020)

Almost all concept-based interpretable architectures can be framed in terms

of a Concept Bottleneck Model [1], or a CBM for short!



CONCEPT BOTTLENECK MODELS (CBMS)

KOH ET AL. (ICML 2020)

CBMs force some of their latent spaces to be aligned to known concepts by composing two functions:
1. The first part will predict concept activations from the input features (concept encoder g(x) = ¢)

2. The second part will predict an task label from the predicted concepts (label predictor f(€) = 9)

Concept Encoder
g9(x)
“hi hy hy
— - P
‘ ol |o 0 ~ _
Y ol |0 O Label Predictor N
- é & @) O @) © | Whiskers y
[ Ol |0 O © | Long tail
"‘m‘,‘,:-- | o Vil i bl P obeaapl » i f(é) E Cat or dog?
W ; '| 8 8 ®) © | Spotted
O O 8 O Short fur LEGEND
o] |0 O - OHidden Activation
L L) OConcept-aligned Activation

OOutput logit E
(OJTrainable & differentiable model .
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Concept Encoder
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UNDERLYING ASSUMPTIONS

\\.

h,

-] ¢

O ' SR

O

O © | Whiskers
o © | Long tail
O O | Spotted

8 © | Short fur
O -

-

Assumptions for Concept Bottleneck Models (CBMs):

Label Predictor 5’

B Cat or dog?

LEGEND
(OHidden Activation
OConcept-aligned Activation
(OOutput logit
(O Trainable & differentiable model

1. Each sample is annotated with a task label y € {0,1,---,L — 1}

2. Each sample is annotated with a vector ¢ € {0, 1}* of k binary concepts
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RAINING A CBM

How would you train such a model given a concept-annotated

dataset D = {(x, ¢, y(i))}IiV:1?

(1) Independently (2) Sequentially (3) Jointly
E(x ~p[BCE(g(x), €)] (@) Egx o-p[BCE(g(x),0)]  Ex c )~p|CE(f(9(x)),¥) + 2-BCE(g(x), )]
_IE(c,y)~D[CE(f(C):3’)] l Freeze g

(b) E(x, 3)~n[CE(f(9(®)),¥)]

Question: what does A control for in the joint training? 274



CONCEPT INTERVENTIONS (AT DADDY

What the World's Most Incorrigible Cat
Taught Me About Life, Love and Coming Clean

A\ Jackson Galaxy
s Star of Animal Planet's
My Cat from Hell

with Joel Derfner
0
%°

| am certain it
has whiskers

_« raising happy,

g fealthy cats!

Our expert guest for today
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CONCEPT INTERVENTIONS

As we intervene on more concepts, CBM's test error goes down!

OAIl (Nonlinear c-y)

71 —&— Control

1 =&— Sequential

Joint

—5— Independent

£
T

0 2 4 6 8 10
Number of concepts intervened

Task (y) error

0.25 A

0.20 -

0.15

0.10 1

0.05 +

CcuB

Joint, from sigmoid
Joint

—&— Sequential

—&— Independent e = T P

0 5 10 15 20 25

Number of concept groups intervened
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ARE CBMS ALL WE NEED?

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

3. They are very stable, expressive and easy to train.

So are we done?

Short Answer: No Long Answer:
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INTRODUCING CBM'S FRIENDS

Concept
Embedding
Models

Post-hoc Label-free Probabilistic
CBMs CBMs CBMs
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SPEED-DATING WITH CBM'S FRIENDS




CONCEPT EMBEDDING MODELS

ESPINOSA ZARLENGA & BARBIERO ET AL. (NEURIPS 2022)

Limitation Being Addressed

Provided concepts need to be “complete” or else we observe a trade-off!

Q#1:

Concept Encoder
CBM Concept Efficiency (CUB) (x)
g
“h;y hy; hy
3 ‘ ol o] ol | & .
9 -y @) O O Label Predictor ~
g 4 Q] ol |O O O | Whiskers
g, T l Oof |O O © | Long tail
'.J‘~~.‘.'r ST A S S R B »| i »  f(¢€) E Cat or dog?
L 3 £"| 8 8 8 O | Spotted
! O o O O Short fur LEGEND
@) O O L (OHidden Activation
10 ) ) &0 X &0 P 00 ) - ) ) OConcept-aligned Activation
Concepts Used In Training (%) ~ (OOutput logit

(OTrainable & differentiable model

which training regime do you think would perform better when concepts are incomplete?




CONCEPT EMBEDDING MODELS

ESPINOSA ZARLENGA & BARBIERO ET AL. (NEURIPS 2022)

Limitation Being Addressed

Provided concepts need to be “complete” or else we observe a trade-off!

Concept Encoder
CBM Concept Efficiency (CUB) (x)
g
“h;y h; hy,
‘ ol lo| |o < _
ot @) O O Label Predictor ~
9 o O @) O © | Whiskers
T ,‘] o O o O | Long tail
'-~“*‘"", -\ Vel o opeeapl > »  f(¢€) E Cat or dog?
.}.‘}Er £"| 8 8 8 O | Spotted
O o O O Short fur LEGEND
@) O O L (OHidden Activation
10 ) ) &0 X &0 L - - ) ) OConcept-aligned Activation
Concepts Used In Training (96) S O()utput Iogi(

Q#2: Why can't we just add a bypass from the input to the output?

(OTrainable & differentiable model




CONCEPT EMBEDDING MODELS

ESPINOSA ZARLENGA & BARBIERO ET AL. (NEURIPS 2022)

Limitation Being Addressed

Provided concepts need to be “complete” or else we observe a trade-off!

CBM Concept Efficiency (CUB) Concept Encoder A “ Hyb i d" CB M
g9(x) /
a h, h, h, ,i,
; ' I | S N o \ .
> O “ Unsupervised . y
g, O [ Extra Capacie Label Predictor
gy Ol " 8 :
. j iy it > f(€) : Bird Type
=2 L © | Long beak 8
10 O ong tail
" O hite
| 0 2 P O H @@ D H D M0 — — — 2 Ak 8,1“‘0” A
Concepts Used In Training (96) o:;:
Dlu.

Q#2: Why can't we just add a bypass from the input to the output?




CONCEPT EMBEDDING MODELS

ESPINOSA ZARLENGA & BARBIERO ET AL. (NEURIPS 2022)

Limitation Being Addressed

Provided concepts need to be “complete” or else we observe a trade-off!

Interventions on CUB Concept Encoder A "Hybl”id" CBM
— 9(x) e
§ e h, h; h, i
= £ ~— — — O \ .
< - O “ Unsupervised . y
2 O [ Extrs Capacit Label Predictor 8
ol
< ! / J Plip> it > O f(e) O Bird Type
= S/ ! Long beak
E / Y/ O | Long il O
7 © | White nec LEGEND
__J __J L O | Bk O Hidden Activatic
o’/ e O(‘un«ptu igned
[ O( tput logit
) 10 15 .1 O Trainable & diffes
Concepts Intervened
e CBM Hybrid-CBM

Interventions do not necessarily work with Hybrid CBMs!




CONCEPT EMBEDDING MODELS

ESPINOSA ZARLENGA & BARBIERO ET AL. (NEURIPS 2022)

Proposed Solution

Learn two high-dimensional embeddings for each concept representing the concept when
it is “on” and when it is "off"

Concept Embedding Space R™




CONCEPT EMBEDDING MODELS

ESPINOSA ZARLENGA & BARBIERO ET AL. (NEURIPS 2022)

Proposed Solution

Learn two high-dimensional embeddings for each concept representing the concept when
it is “on” and when it is "off"

Input Latent Code Embedding Generators Bottleneck Label Predictor

o1 e
c, B
ik

C

x T .
h + '—)3 - Whiskers

& by el
LA & "[Qsl(h)} b 3 P V
'\n‘..,_,-—"" > ¥ix) :—< : : TR S _—) f(€) B Cat or dog?

(h=—>i} Long tail

Mix the two embeddings based on their predicted probability:  €; = ﬁiCEH + (1 - ﬁi)cg_)




SPEED-DATING WITH CBM'S FRIENDS




POST-HOC CBMS

UKSEKGONUL ET AL. (ICLR 2023)

Limitation Being Addressed

Training a CBMs requires training from scratch, leading to significant constraints and
architectural changes, and it requires all training samples to be concept annotated!




POST-HOC CBMS

UKSEKGONUL ET AL. (ICLR 2023)

Proposed Solution

Can we align a layer in a pre-trained model to concept scores obtained using T-CAV?

This would allow us to just finetune a single part of a pre-trained model using concept
annotations in potentially distinct datasets!




POST-HOC CBMS

UKSEKGONUL ET AL. (ICLR 2023)

Proposed Solution

Align a layer in a pre-trained model to concept scores obtained using T-CAV

with | Post-hoc CBM (PCBM)
Concept Activation i =
Vectors (CAVs) | Backbone Embeddings EBreiectionontothe Predictions
e e o il ! Concept Subspace r
i 5 . od d ~ . o Ne
fnf2) S g ) f: X =R f(x)eR PTS’J'J;L(*L)ERM g:RN 5y
C\m pes 1 ° \ 4"/Sln'pes: 08 \ AL
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fapm § fE7Y) . Hands: -0.5 prediction
L] Black: 0.7
) f( HA ) : .Ptdane: 29 p(Zebra) 0.8
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wd
R
v/é,u‘i])"sch;mds Cmane chluul:
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S Ce Ex\'_ <d J
Learning the Concept Bank

Make the final prediction with
an interpretable predictor




POST-HOC CBMS

UKSEKGONUL ET AL. (ICLR 2023)

Proposed Solution

Align a layer in a pre-trained model to concept scores obtained using T-CAV

with | Post-hoc CBM (PCBM)
Concept Activation t " oy o oy
Vectors (CAVs) |  Backbone Embeddings  Ereleclion onto the Predictions
e S t y - Concept Subspace N.
fond®) S0F) | EOR SRe R ol jelept IRESD | o
- % - (Sipesos Make the final prediction with
s f(m) ° Horse: 1.2 M . .
fapm § AT : Hands: 05 prediction an interpretable predictor
5 f( o ) : .Ptdane: 09 p(Zebra) 0.8
@) f(f) T
-_vr:_‘d
/éstripcsch;md‘\ cmun\: chluul:
e s

S Ce Ex\'_ <d J
Learning the Concept Bank

Question: do you see any issues with this architecture? (hint: think of our previous discussion)




POST-HOC CBMS

UKSEKGONUL ET AL. (ICLR 2023)

Proposed Solution

Align a layer in a pre-trained model to concept scores obtained using T-CAV

v l Post-hoc CBM (PCBM)

oncep Ctivation
Vectors (CAVs) | Backbone Embeddings Ereieclionontothe Predictions

=2 ax & 7 WA t e : S;an.enLSuhm T

Fnd®) 1) | fiXoR SRR o fa)er™  9:RY Y _ o

C,tripes ‘ . H (awposan ) zmn Make the final prediction with
E orse: 1.2 FLOM . .

sy i ) : Hands 05 prediction an interpretable predictor
. f( i ) » : Mane:o:g p(Zebra) 0.8

Hg, fUE) | ;

S flam) | f

Camestinss e S| |f the concepts are incomplete, the performance will drop significantly!

t )
|

S C € R N, xd 5
Learning the Concept Bank

Question: do you see any issues with this architecture? (hint: think of our previous discussion)




POST-HOC CBMS

UKSEKGONUL ET AL. (ICLR 2023)

Proposed Solution

Align a layer in a pre-trained model to concept scores obtained using T-CAV

with [ Post-hoc CBM (PCBM)
Concept Activation i =
Vectors (CAVs) | Backbone Embeddings  Ewieclionontothe Eneq\m]gm
i i B | f. v, Rd d  Conceot Subspace. .
f(xﬂ.{;‘ ) [ é, ) ! f:X—=R f(x)eR projc. f(z) € RV g:RY =Y
stripes | P 4‘/Sln'pes: 08
m Horse: 1.2 PCBM
f (4))))-)) 1 f( /! ) : \\’ Hands -0.5 prediction
Black: 0.7
(P f( H ) : ’ ’ Mane:09 p(Zebra) 08
-_vr:_‘d ;
‘ z Residual ~ arediction
, v 1 Fitting I
/cs“'il)c-‘chunds Crane  Chlack | 4 Ay
(e & | r:RES Y
3 C g RY-xd ¥y | Hybrid Post-hoc CBM (PCBM-h)
Learning the Concept Bank Fitting the Concept Bottleneck

A residual model can be fitted if the concept bank is incomplete!




POST-HOC CBMS

UKSEKGONUL ET AL. (ICLR 2023)

Proposed Solution

Align a layer in a pre-trained model to concept scores obtained using T-CAV

2 ( . ‘
with with Post-hoc CBM (PCBM)
Concept Activation - ¢r: Multimodal ==
Vectors (CAVs) Models Backbone Embeddings  EBrelectionontothe Predictions
Concept Subspace T
> : i T N,
Fladd) I g ) wpes f: X =R f(x)eR pojcf(z) € RN 9 RY >y
stipes “mane* : H s, | PCBM
F@)m) 1 f( i) l _ : Hands: -0.5 prediction
i -‘. \ ° Black: 0.7
f w ) f( Smeer) Enzeoxc:er "\. % .
md g dl [T : ;
R :
; PCBM-h
‘ ~— Residual ~ aradiction
) o Fitting o/
/cstripcsch;mds cmanc chluck : 4 e
*. ] r:R >y
C g R¥-xd

3 ¥ | Hybrid Post-hoc CBM (PCBM-h)
Learning the Concept Bank Fitting the Concept Bottleneck

CAVs can be learnt using language-based concepts together with a multimodal model to learn CAVs!




SPEED-DATING WITH CBM'S FRIENDS




LABEL-FREE CBMS

OIKARINEN ET AL. (ICLR 2023)

Limitation Being Addressed

CBMs and CEMs require some known concepts or we have no bottleneck at all!

And post-hoc CBMs still require one to know which concepts are potentially useful for a E]§2i[mE

downstream task! d r5

E > 295



LABEL-FREE CBMS

OIKARINEN ET AL. (ICLR 2023)

Proposed Solution

Why not simply ask GPT for a set of useful concepts for a specific class?

‘List the most important features for recognizing something as a {class}:”

E > 296



LABEL-FREE CBMS

OIKARINEN ET AL. (ICLR 2023)

Proposed Solution

Step 1: generate a concept set by "asking” an LLM

Label-free
CBM

E > 297



LABEL-FREE CBMS

OIKARINEN ET AL. (ICLR 2023)

Proposed Solution

Step 2: Map samples to an embedding space using a VLM (e.g., CLIP) and compute

concept similarities
Step 2: Compute embedding f(x) &

concept matrix P

Input imgs x,, -, X, Embeddings
Label-free ‘o ——| |-
. JRRRTEY Backbone
CBM f0)
flx)  flxy)
'\
Image Concept Matrix
EncE Inner E(x,) E E(x,) - E
Step 1: Generate and } Sl i) - Exlty) i) - Exfty)
filter i [ Antartica L i) Edty) E (%)« Edlt,,)
a cashier | =
GPT3 | = | aseat Lo B Eft) | . Elo) Edty)
Filtering | butter -"C/r ; E , E

dirt

markings ;E'i
E > 298



LABEL-FREE CBMS

OIKARINEN ET AL. (ICLR 2023)

Proposed Solution

Step 3: Learn a linear mapping between a backbone's embeddings and a vector whose activations are

aligned with the concept scores
Step 2: Compute embedding f(x) &  Step 3: Compute CEL

concept matrix P by max similarity between f_and iP
Input imgs x,, -, X, Embeddings q ck layer (CBI ) ) . )
e o1 (O (O W, is trained to maximise the
o L — s —  CONCEPL 2 - - . . .
Label-free “ = o 3| correlation between its i-th
f(x) fo(x) = W f(x) conceptM . . )
CBM fGr)  fGw) o) felon) output and the i-th concept's
‘ [ scores
Image Concept Matrix
Step 1: Generate and 25— p:,';:i:t Ex) Edlt,) Eix) Erltu)
filter - [ Antartica e EilX) - Edlty) E/(x,) * Eqit,)
a cashier ?
| —_— a seat E,(xy) - Eqlt;) E (xy) - E;lty)
il Filtering| butter Enc,

dirt

| markings I:s"i
E Y 299
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LABEL-FREE CBMS

OIKARINEN ET AL. (ICLR 2023)

Proposed Solution

Step 4: Train a spare (interpretable) model to map predicted concept scores to tasks

Step 2: Compute embedding f(x) &  Step 3: Compute CEL . Step 4: Train a sparse FC
concept matrix P by max similarity between f_and P layer W on f(x)
Input imgs x,, -, X, Embeddings ncej ttleneck layer (CB Predicted class ¥
concept 1 o) o) = argmaXie(1.2. .| Zi
La bEI-free ‘ L e— . —  CONCEPL 2 O O —p Bridge, car, ..., cloud
U Backbone transform i : : FC layer 1 P P
CBM i F6) ) =Wf@x) conceptM O O] z=wify T T T
f(x)  flxn) fix)  folxw)
'\ )
Image Concept Matrix (Notations)
- EncE, Inner E {x,) - Eq{t,) E({x,) - Eq{t,) x; € R™
Step 1: Generate and - = product ¢ R f(x) € RY
filter i | Antartica fr—— Rl M W. € RMxd
a cashier | /,l(\) & RM
| GPT3 — a seat EIleCXE E,(xy) - Eqlt;) E (xy) - E;lty) 7z € R4z
Filtering b:F:tEf / ; W, € RéXM E JE
I

| markings ;E'i
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SPEED-DATING WITH CBM'S FRIENDS




PROBABILISTIC CBMS

KIM ET AL. (ICML 2023)

Limitation Being Addressed

CBMs must predict concepts for all samples even they are ambiguous

Class: Green Jay

Concepts:
forehead color: blue
throat color: black
belly color: yellow
tail pattern: solid

ambiguity in tail ambiguity in belly ambiguity in color

[=] gy [m]
The cross-entropy loss does not encourage the concept predictor to be uncertain
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PROBABILISTIC CBMS

KIM ET AL. (ICML 2023)

Proposed Solution

Use probabilistic embeddings that enable uncertainty estimation of each concept!

Learn a distribution over concept embeddings and use its variance to estimate uncertainty

Concept Embedding Space Class Embedding Space
PEM
(Probabilistic Embcddmg Module) °Z, concatenation
Mean head \ (V)
po 7 /0 »
Va.nance head O¢, —  sampling projection ~ p(1)
Concept c1 \-» H
Backbone : - e . o Gk
/ h(Ns) g2
'Z:V sampling (1) (V)
Hey, e Zey, zCN:
TV — —
Ocy,
'Y
Concept CN,. CNe
Concept Predictor Class Predictor
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PROBABILISTIC CBMS

KIM ET AL. (ICML 2023)

Proposed Solution

Each Probabilistic Embedding Module (PEM) generates a mean p, and a variance o, for
the concept embedding

Concept Embedding Space Class Embedding Space

7
PEM + )
(Probabilistic Embedding Module) *Zc, concatenation
. \ v—lu T
S —  samplin zgl) zﬁ] ) projection (1) * 9
4 “ Concept ¢1 *Zc, ping \,.h
—>| Backbone : : 3 R ) * Gk
(V:)
g \ — °9>

-ZJV sampling (1) (N,)
[ PEM |—»“ _ | e
—_— [S——) [E—

Ocy,

Concept Cn,

Concept Predictor Class Predictor

p(zclm) ~ N(NCadiag(Uc))
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PROBABILISTIC CBMS

KIM ET AL. (ICML 2023)

Proposed Solution

We learn a set of fixed anchor embeddings representing the concept when it is on vs off

"Anchor” embedding representing the concept when it is "on”

Concept Embedding Space Class Embedding Space
PEM )
(Probabilistic Embedding Module) concatenation
ey o™ .
. 7 (@l e . . 1 1 . . el
:: & O, Concept ¢1 @ sampling w,,h(l)
—>| Backbone : : 3 R ) * Gk
(N:)
f o | N . /h .gz
Loy, *Zey, sampling o L)
PEM —_— e,
[ 0’(2;\'
o2
Concept Cn, CNe
Concept Predictor Class Predictor

"Anchor” embedding representing the concept when it is “off”
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PROBABILISTIC CBMS

KIM ET AL. (ICML 2023)

Proposed Solution

The distance from the sampled embedding to each anchor can be used to predict a concept!

Concept Embedding Space Class Embedding Space

PEM
(Probablllstlc Embedding Module) concatenation
Mean head
Vanance head samplmg pI'O_] ection (1) * 91
Concept ¢1 \, .
Backbone : - I - *Jk

/h(Ns) g

+

*Zey samplin
Hey, R prng zS{) zﬁ{‘”
\> — —
UCNC
2
Concept Cx, CNe
Concept Predictor Class Predictor

p(c=1]z) =O'(a(||ZC—ZC_||2—||ZC—ZC|| ))
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PROBABILISTIC CBMS

KIM ET AL. (ICML 2023)

Proposed Solution

A concept’s distribution’s volume can be used to quantify its uncertainty!

Concept Embedding Space Class Embedding Space

PEM

(Probabilistic Embedding Module) I I I concatenation
Mean head

m / 2

1

* g1

2 e 4 Vanance head c ‘e — samp]lng projection h(l)
Wy oncept €1 \> &
Backbone P . 9k
‘F’ %‘ e, 4L i‘ /Vh(Ns) g
il *go
R + .
Reii o2,
Hoy, oM sempling
PEM 0. Hhac) ach
CN,
. z; )
Concept Cn, Ne
Concept Predictor Class Predictor

As embeddings are modelled as Gaussians, this is the determinant of the covariance!
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END OF OUR SPEED DATING!

Concept
Embedding
Models

Post-hoc Label-free Probabilistic
CBMs CBMs CBMs
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NEW DIRECTIONS

CBMs have become very popular in XAl with several active areas of research:
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NEW DIRECTIONS

CBMs have become very popular in XAl with several active areas of research:

1. Improving the effect of concept interventions (a topic of personal importance)

Input CEM Backbone Intervention Trajectory with T ~ p(T) and x(©) ~ p(x) (‘D
A

)|

Legend
(t)
H () Trainable Model
(1) B :
¢ Yt D, “(t—l)) 5',7(!) ~ p(n|w(t)); D Loss Computation
Gumbel-Softmax D Intervention
(t-1) ®) } > ()
[CE(C* Ge, ™7, 0 3), ™) ‘Croll @ I "I Sampling Operation

)/k 2 S £(@0) CE(y,¥)/(1 +7")
- &™) y Lpred
Bitoc 77 CE(, 9)/(1 +77) ®

Intervention-aware Concept Embedding Models (Espinosa Zarlenga et al., 2023)

‘Cconccpt




NEW DIRECTIONS

CBMs have become very popular in XAl with several active areas of research:

1. Generalising Concept Interventions (a topic of personal importance)

2. Understanding how to better model concept-to-concept relationships

Inference

Input Image @

Concept Concept A
Embeddings Probability
Feature ,v(—) min E concept (
) 1 1 & z,c)
Emb;ddmg Py ) O ~ Concept Energy
® ¢
O = O min
U3
Feature O Eg" (c,y)
Extractor O Concept-Class Energy
F Class Class ¢
O Embeddinis U Probability
O min Eg™ (z,y)
> 8 g Class Energy

Energy-based Concept Bottleneck Models (Xu et al., 2024)
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NEW DIRECTIONS

CBMs have become very popular in XAl with several active areas of research:

1. Generalising Concept Interventions (a topic of personal importance)

2. Understanding how to better model concept-to-concept relationships

3. Exploring the relationship between concepts, tasks, and causality

L\ﬁ

@@@@Q

Raw Features

Causal Concept Graph Models (Dominici et al.)

/

Concepts c;, ..., C¢c Target y
¢[‘Brown wing’]=0.82 y[‘Yellow Warbler’]=0.32
¢é[‘Yellow crown’]=0.39 y[‘California Gull’]=0.13
¢é[‘Yellow primary’]=0.40 y[‘Yellow headed Blackbird’]=0.36

| Intervention Cs I

\(a)

¢’[‘Brown wing’]=0.11 Y’[‘Yellow Warbler’]=0.73
c’[‘Yellow crown’]=0.93 y’[‘California Gull’]=0.07

c’[‘Yellow primary’]=1 y’[‘Yellow headed Blackbird’]=0.15

Stochastic CBMs (Vandenhirtz et al.)
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NEW DIRECTIONS

CBMs have become very popular in XAl with several active areas of research:
1. Generalising Concept Interventions (a topic of personal importance)

2. Understanding how to better model concept-to-concept relationships

3. Exploring the relationship between concepts, tasks, and causality
h

Producing entirely language-based bottlenecks (very recentl)

“A large feline
Vision Explanation with large hands Classifi
—> Encoder —> Decoder —® sittinginthe —» ool — “Lynx”
hy 9 snow in a field fo
of grass” Final Prediction 9

Explanation &

Explanation Bottleneck Models (Yamaguchi et al.)




ARE CBMS THE SOLUTION?

Maybe... but they still have some clear open guestions:

1. CBM-based models require serious architectural changes or unrealistic data

annotations which may not scale to very large models.

i2 @o0penal Google  coMeta Ai2 @ OpenAT @ oometa O Yandex Bailtmm
iels (>100b par 1€
The base of
ChatGPT

nviDia
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ARE CBMS THE SOLUTION?

Maybe... but they still have some clear open guestions:

1. CBM-based models require serious architectural changes or unrealistic data
annotations which may not scale to very large models.

2. Concepts are ill-defined in a lot of domains (e.g., tabular data, speech, etc)

Images Graphs Text Tabular

‘g Formal
Styl
Concepts = 4@ ﬁ e

Tyres Windshield

Image Segments Subgraph Motifs Text-level properties
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ARE CBMS THE SOLUTION?

Maybe... but they still have some clear open guestions:

1. CBM-based models require serious architectural changes or unrealistic data
annotations which may not scale to very large models.
2. Concepts are ill-defined in a lot of domains (e.g., tabular data, speech, etc)

3. Concepts are still predicted with black-box models, leading to accidental leakage

Joint model on concept: leg color
Input image Rufous Orange Red Weighted average

R
£

' Saliéncy
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ARE CBMS THE SOLUTION?

Maybe... but they still have some clear open guestions:

What can we do about it?

=

More on this in two weeks|




RECAP FOR TODAY

LEGEND
. Local Explanations

. Global Explanations
@ Model-Agnostic Method

& Model-Specific Method |

XAl

Y ©
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QUESTIONS?




MATERIAL




PROTOPNET

CHEN ET AL. (NEURIPS 2019)

Humans very often tend to explain themselves by pointing back at examples from
their past experience: “This looks like that..."

ProtoPNet [1]:
"Wouldn't it be nice if
we could learn these
prototypes in a
differentiable manner?”

We call this prototypical explanations and we construct them by looking at how
training samples can be used to explain new predictions [l



LEARNING PROTOTYPICAL EXPLANATIONS

ProtoPNet divides a neural architecture into four components:

1. We extract 3D representations of our input images through a pretrained model

P ’

.

S —

BRI
u\
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LEARNING PROTOTYPICAL EXPLANATIONS

ProtoPNet divides a neural architecture into four components:

2. Then, we will learn a prototype layer which holds m prototypical “patches”.
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LEARNING PROTOTYPICAL EXPLANATIONS

ProtoPNet divides a neural architecture into four components:

2. Then, we will learn a prototype layer which holds m prototypical “patches”.

We partition the image's latent code into small patches of the same size as our prototypes!
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LEARNING PROTOTYPICAL EXPLANATIONS

ProtoPNet divides a neural architecture into four components:

3. We compute similarities between patches in the input image and our set of
learnable prototypes to get similarities between image patches and prototypes:

3217



LEARNING PROTOTYPICAL EXPLANATIONS

ProtoPNet divides a neural architecture into four components:

4. Finally, we output a prediction from the set of similarity scores using an

interpretable classifier

5.030 | Black footed albatross

\ ~ . .
A / 4 5.443 | Indigo bunting
738 | Cardinal

~%27.895| Clay colored sparrow
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HOW TO TRAIN YOUR PROTOPNET?

We train this architecture by iterating over:

a. ITraining the prototype layer to learn prototypes that are

Equally split across all classes (all classes are assigned k prototypes)
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HOW TO TRAIN YOUR PROTOPNET?

We train this architecture by iterating over:

a. ITraining the prototype layer to learn prototypes that are
i.  Equally split across all classes (all classes are assigned k prototypes)
i. Clustered (at least one patch close to a prototype of your own class)
1 n

Clst = — - min min |z — Pj”%
n " JP; €P,. zcpatches(f(x;))

Minimise patch distance for at least one patch in the same class
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HOW TO TRAIN YOUR PROTOPNET?

We train this architecture by iterating over:

a. ITraining the prototype layer to learn prototypes that are
i. Equally split across all classes (all classes are assigned k prototypes)
i. Clustered (at least one patch close to a prototype of your own class)
ii. Separated (patches are far from prototypes from other classes)
1

Sep = —— min min 1z — p;l|5

n P J:p; Py, zEpatches( f(x;))

Maximise patch distance for all patches in other classes
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HOW TO TRAIN YOUR PROTOPNET?

We train this architecture by iterating over:

a. lraining the prototype layer.

b. Projecting learnt prototypes to their closest patch in the training set.

Protot ype
(in bounding box)
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HOW TO TRAIN YOUR PROTOPNET?

We train this architecture by iterating over:
a. Iraining the prototype layer
b. Projecting learnt prototypes to their closest patch in the training set.

c. Fine-tuning the output fully connected layer to map prototype scores to labels.

B max pool - . i
| ‘? ! " 395 N 5.030 | Black footed albatross
Can | / . /
Ve N\

S Oy —
X 4 5.443 | Indigo bunting
f 2 Elnnidt

- . y =g "1 \ ' | X
it | - | o 1447 € -l 4738 ] Cardinal
L > ‘1 /8vs e, _"
» — ° K/ e ¥27.895 “la

| —— S
\ g ¥ Clay colored spa
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|
= ) y —i i
( | 11 ¥ l)[\'l. Full |1 A ¥ |
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EXPLAINING BY EXAMPLE

ProtoPNet explains its predictions with prototypes that are highlighted in the input
image with heatmaps = More interpretable than feature attribution!

looks like

looks like

looks like

(a) Object attention (b) Part attention (c) Part attention + comparison with learned
(class activation map) (attention-based models) prototypical parts (our model)
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ON PROTOTYPICAL EXPLANATIONS

Prototypes are certainty an interesting research direction! However:

1. The are prone to complicated training pipelines as it is non-trivial to learn
"traceable” prototypes in a differentiable manner
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ON PROTOTYPICAL EXPLANATIONS

Prototypes are certainty an interesting research direction! However:

1.

2.

The are prone to complicated training pipelines as it is non-trivial to learn
"traceable” prototypes in a differentiable manner

They tend to select only single patches/parts of examples as prototypes,
complicating disambiguating the reason behind selecting that prototype




ON PROTOTYPICAL EXPLANATIONS

Prototypes are certainty an interesting research direction! However:

1.

The are prone to complicated training pipelines as it is non-trivial to learn
"traceable” prototypes in a differentiable manner

They tend to select only single patches/parts of examples as prototypes,
complicating disambiguating the reason behind selecting that prototype

Part prototypes are not very useful in a lot of domains such as language and
genomics (e.g., when trying to understand memorisation)
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QUESTIONS?




