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How should we evaluate explanations?

 Explainability methods generally do not correlate with each other

* Most explanations do not help to predict the model’s outputs and/or failures

Evaluating Explanations: How much do explanations from the teacher aid students? Pruthi et. al. 2021. (TACL)
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How should we evaluate explanations?

Explainability methods generally do not correlate with each other

Most explanations do not help to predict the model's outputs and/or failures

Simulability: "can we recover the model’s output based on the explanation?"
v aligns with the goal of communicating the underlying model behavior
v is easily measurable (both manually and automatically)

v puts all explainability methods under a single perspective

Pruthi et al. (2021) proposed a framework for measuring simulability that

disregards trivial protocols &
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Simulability

cross entropy

(training time) 0* = argmaxy E; p,,.. [ﬁsim( T(CB) , So (33) )}

teacher student

(test time) SIM(T7 Se) = [y D [1{ T(w) = Sg(w) H

agreement

Introducing explanations: Teacher and Student explainers Ep(z), Es(x)
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Simulability

cross entropy

(training time) 0* = argmaxy E; p,,.. [ﬁsim( T(CB) , So (33) )}

teacher student

(test time) SIM(T7 Se) = [y D [1{ T(w) = 30(5’3) H

agreement

Introducing explanations: Teacher and Student explainers Ep(z), Es(x)

0 = argmaxy By p,,, [Lsm(T(2), So(x)) + BLexpi( Er(z), Es, ()]

simulability loss
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(test time) SIM(T, Se) = [y D [1{ T(w) = 59(5’3) H
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Introducing explanations: Teacher and Student explainers Ep(z), Es(x)

0 = argmaxy By p,,,, [Lsm(T(2), So(z)) + BLexpi( Er(z), Es,(2))]

simulability loss explainer regularizer (e.g.. KL)
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= Cross entropy

(training time) 0* = argmaxy E; p,,.. [ﬁsim( T(CB) , So (CB) )}

teacher student

(test time) SIM(T, Sp) = Epp,., [1{ T(z) = So(x) H

agreement

Introducing explanations: Teacher and Student explainers Ep(z), Es(x)

0 = argmaxy K, p,,;, [‘Csim( T(:B) , S0 (w) ) T /8£eXp1( Er (:I}) , Es, (w))}

simulability loss explainer regularizer (e.g.. KL)

N~

(standard simulability) ~ SIM(T', Sp-)
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Simulability

= Cross entropy
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simulability loss explainer regularizer (e.g.. KL)

N~

(standard simulability) ~ SIM(T', Sg-) < SIM(T, Sg: ) (scaffolded simulability)
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Simulability

= Cross entropy

(training time) 0* = argmaxy E; p,,.. [ﬁsim( T(CB) , So (CB) )}

teacher student

(test time) SIM(T, 59) = [y D [1{ T(w) = 59(5’3) H

agreement

Introducing explanations: Teacher and Student explainers Ep(z), Es(x)

0 = argmaxy By p,,,, [Lsm(T(2), So(z)) + BLexpi( Er(z), Es,(2))]

simulability loss explainer regularizer (e.g.. KL)

N~

(standard simulability) ~ SIM(T', Sg-) < SIM(T, Sg: ) (scaffolded simulability)

Can we learn explainers ¢(E) that optimize simulability?

(scaffolded simulability) SIM(T, SQE) < SIM(T, Sg¢(E)) (optim. scaffolded simulability)
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Optimizing Explainers for Teaching

 Scaffold-Maximizing Training (SMaT) framework

Estudent (w; T7 ET) 597 ES) — Esim( T(LE) ’ S@(x) ) + /Bﬁexpl( ET (LE) ’ ES@ (CC))

16



Optimizing Explainers for Teaching

 Scaffold-Maximizing Training (SMaT) framework

Estudent (w; T7 ET) 597 ES) — Esim( T(LB) ’ Sﬁ(x) ) + /Bﬁexpl( ET (LB) ’ ES@ (33))

17



Optimizing Explainers for Teaching

 Scaffold-Maximizing Training (SMaT) framework

Lstudent (w; T7 ET) 597 ES) — Esim( T(LB) ’ SH(x) ) + IBEGXPI( ET (LB) ’ ES@ (33))

‘Cstudent (iB; Ta Eng ) 597 Eqbg) — Esim( T(x) ) SH (w) ) -+ 5£expl( E¢T (33) ) E¢s (x))

simulability loss parameterized
explainers

18



Optimizing Explainers for Teaching

 Scaffold-Maximizing Training (SMaT) framework

Lstudent (w; T7 ET) 597 ES) — Esim( T(LE) ’ SH(x) ) + IBEGXPI( ET (113) ’ ES@ (.’13))

‘Cstudent (iB; Ta Eng ) 597 Eqbg) — Esim( T(x) ) SH (w) ) -+ B‘Cexpl( E¢T (33) ) E¢5 (CB))

simulability loss parameterized
explainers
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Optimizing Explainers for Teaching

How can we optimize this?

* Bi-level optimization:
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Optimizing Explainers for Teaching

How can we optimize this?

« Assume the explainers are differentiable

* Bi-level optimization:

(inner opt.) 0*(¢T)7 ¢g(¢T) = arg ma’X07¢S ]Eazthrain [Estudent (CE; T7 E¢T 9 S@a E¢s )}

student parameters and student explainer parameters

(outer opt.) 7 =argmaxy E, p.. [Lsim(T(2), So(4r))]

teacher explainer parameters
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Optimizing Explainers for Teaching

How can we optimize this?

« Assume the explainers are differentiable

« Explicit differentiation with a truncated gradient update
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Optimizing Explainers for Teaching

How can we optimize this?

« Assume the explainers are differentiable
« Explicit differentiation with a truncated gradient update

- Diff. through a gradient operation < JAX for Hessian-vector products

* Bi-level optimization:

(inner opt.) 0*(¢T)7 ¢g(¢T) = arg ma’X07¢S ]Eazthrain [Estudent (CE; T7 E¢T 9 S@a E¢s )}

student parameters and student explainer parameters

(outer opt.) 7 =argmaxy E, p.. [Lsim(T(2), So(4r))]

teacher explainer parameters
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Differentiable, Parameterized Explainer

« Head-level parameterization:

head 1 head 2 head H
q a4 qf

G | | A qy

9 9 I




Differentiable, Parameterized Explainer

« Head-level parameterization:

head 1 head 2 head H
1 1 1
B OKb - R Bk K KR o K
q a4 qf
1 2 H
q, q5 75
° e o
1 2 H
qL qL qL
%,/—) %{—} K—\/—J
row-wise mean row-wise mean row-wise mean
s ] SO
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Differentiable, Parameterized Explainer

« Head-level parameterization:

head 1 head 2 head H
q | a @i
% % %
e o o
9 9 a7
| | NS— -
row-wise mean row-wise mean row-wise mean
S xS x2S Xt
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Differentiable, Parameterized Explainer

« Head-level parameterization:

head 1 head 2 head H

q a4 qf
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Differentiable, Parameterized Explainer

« Head-level parameterization:

head 1 head 2 head H

q a4 qf

q; q; '

e o o

q; q; a7
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Differentiable, Parameterized Explainer

« Head-level parameterization:

head 1 head 2 head H
K K KOk - K KK
q a4 qf
q; q; '
q; q; a7
row-wise mean row-wise mean row-wise mean
LD xian s ]| ST I xian
\_ ‘ i,
sum
Softmax( ‘ ’ ‘) WA

Ar = normalize(¢r) € Ag_1
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Differentiable, Parameterized Explainer

« Head-level parameterization:

head 1 head 2 head H

q a4 qf

q; q; '

° ° ® .

q; q; a7
I'U\N-\ViSU mean I'U\N-\ViSC IIIF‘.EIII _______ I'OW'—‘Nib‘C II].L“d‘Il. _______
s D xiat <L T Ixizze S Ixiam
‘ W,

sSuIm
Softmax( ‘ ’ ‘) WA

sparsemax(z) = argmin,c,,  ||p — 2|l

Ar = normalize(¢r) € Ag_1

From Softmax to Sparsemax: A Sparse Model of Attention and Multi-Label Classification. Martins and Astudillo, 2016. (ICML)



Differentiable, Parameterized Explainer

« Head-level parameterization:

head 1 head 2 head H
1 71 1
kDKL - kL_ ko kD k?k:gkf
q a4 qf
ql 92 g4
. 5 ° ° ®
q; q; a7
%/—) %/—} K—\/—J
I'U“’-\ViSU mean I'O“’-\ViSU IIlf_‘.c':lIl _______ I'OW'—‘NiSC II].L“d‘Il. _______
s Ixia & xiggi S Ik
‘ W,
sSuIm
Softmax( ‘ ’ ‘) WA

sparsemax(z) = argmin,c,,  ||p — 2|l

Ar = normalize(¢r) € Ag_1
the quick brown fox jumps over the lazy dog

From Softmax to Sparsemax: A Sparse Model of Attention and Multi-Label Classification. Martins and Astudillo, 2016. (ICML)
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Experiments: simulability

« Text classification (IMDB)
« Image classification (CIFAR-100)

« Machine Translation Quality Estimation (MLQE-PE)

—eo— No Explainer ~-=-  Gradient x Input —+-- Attention (all layers)
Gradient L2 --#- Integrated gradients --+-- Attention (last layer)

Attention (SMAT)
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Experiments: plausibility

 Plausiblity (human-likeness) of the explainers

Text Classification Image Classification Quality Estimation

AUC Rank TrueSkill OVERALL
Grad. L2 0.65 Grad. x Input 3-4 -2.7+.67 src. gt
Grad. X Illpllt 0.51 ].H[Eg. Grad. 3-4 -2.1+.67 Gradient 1.2 0.67 0.59
Integrated Grad.  0.53 Attn. (all lx.) 2 0.7+.67 Gradient x Input 0.61 0.54
Attn. (all layers)  0.68 Attn. (SMaT) 1 4.3+70 Integrated Gradients ~ 0.62 0.53

Attn. (last layer) 0.61 Attention (all la

yers) 0.62 0.59
Atin. SMaT)  0.73 Attention (last layer) 0.54 0.50
Attn. (best layer)* 0.75 Attention (SMaT) 0.66 0.60

Attn. (best head)* 0.75 Attention (best layer)* 0.65 0.65
Attention (best head)* 0.67 0.66




Text Classification

Experiments: plausibility

 Plausiblity (human-likeness) of the explainers

Image Classification

AUC

Rank TrueSkill

Quality Estimation

Grad. L2 0.65
Grad. x Input 0.51
Integrated Grad. 0.53
Attn. (all layers) 0.68
Attn. (last layer) 0.61
Attn. (SMaT) 0.73

Grad. x Input 3-4 -2.7+.67
Integ. Grad. 3-4 -2.1+.67
Attn. (alllx) 2 0.7+.67
Attn. (SMaT) 1  4.3+70

Attn. (best layer)* 0.75
Attn. (best head)* 0.75

OVERALL
src.  tgt.
Gradient 1.2 0.67 0.59
Gradient x Input 0.61 0.54
Integrated Gradients  0.62 0.53
Attention (all layers) 0.62 0.59
Attention (last layer) 0.54 0.50
Attention (SMaT) 0.66 0.60
Attention (best layer)* 0.65 0.65
Attention (best head)* 0.67 0.66
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Experiments: plausibility

 Plausiblity (human-likeness) of the explainers

Text Classification Image Classification Quality Estimation

AUC Rank TrueSkill OVERALL
Grad. L2 0.65 Grad. x Input 3-4 -2.7+.67 src. gt
Grad. X Illpllt 0.51 Integ. Grad. 3-4 -2.1+.67 Gradient 1.2 0.67 0.59
Integrated Grad.  0.53 Attn. (all lx.) 2 0.7+.67 Gradient x Input 0.61 0.54
Attn. (all layers)  0.68 Attn. (SMaT) 1 4.3+70 Integrated Gradients ~ 0.62 0.53

Attn. (last layer) 0.61 Attention (all la

yers) 0.62 0.59
Atmn. (SMaT) " 0.73 Attention (last layer)  0.54 0.50
Attn. (best layer)* 0.75 Attention (SMaT) 0.66 0.60

Attn. (best head)* 0.75 Attention (best layer)* 0.65 0.65
Attention (best head)* 0.67 0.66

attention (SMaT): 1 ' ve seen river ##dance in person and nothing compares
to the video , but the show is [awesome . the dancers are amazing . the music
is impact ##ing . and the overall performance is outstanding . i ' ve never

seen anything like it ! i suggest that you see this show if you can ! ! !



Experiments: plausibility

 Plausiblity (human-likeness) of the explainers

Text Classification Image Classification Quality Estimation

AUC Rank TrueSkill OVERALL
Grad. L2 0.65 Grad. x Input 3-4 -2.7+.67 src. gt
Grad. X IIIPUt 0.51 ].Hlﬁg. Grad. 3-4 -2.1+.67 Gradient L2 0.67 0.59
Integrated Grad.  0.53 Attn. (all lx.) 2 0.7+.67 Gradient x Input 0.61 0.54
Attn. (all layers)  0.68 Attn. (SMaT) 1 4.3+70 Integrated Gradients ~ 0.62 0.53

ittn. Gaﬁ I%y 24 321 Attention (all layers) 0.62 (.59
tn. (SMaT) 0.7 Attention (last layer)  0.54 0.50
Attn. (best layer)* 0.75 Attention (SMaT) 0.66 0.60

Attn. (best head)* 0.75 Attention (best layer)* 0.65 0.65
Attention (best head)* 0.67 0.66

Input image Integ. Grad. Attn. (all 1x.) Attn. (SMaT)

B | -

L . "television"

attention (SMaT): 1 ' ve seen river ##dance in person and nothing compares

to the video , but the show is [awesome . the dancers are amazing . the music

is impact ##ing . and the overall performance is outstanding . i ' ve never

" .I F "butterfly"
.- u

seen anything like it ! i suggest that you see this show if you can ! ! !




Experiments: head projection

« Normalization functions A7 = normalize(¢r) € Ay 1
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Experiments: head projection

« Normalization functions A7 = normalize(¢r) € Ay 1

90 Simulability accuracy

.85
.80
.75
.70

Without

o Softmax Entmax Sparsemax
Normalization

« Only a small subset of attention heads are deemed relevant by SMaT

Head coefficients Head coefficients Head coefficients
0.25
1 14 1
. 0.07 0.08
21 2 21
3 0.20 34 0.06 3
4 4 0.05 4 0.06
g 51 015 5§ 51 B 5
= ) 0.04 =
8 64 8 61 : 5 61 0.0
1 0.10 71 0.03 71 -
8 8 - 8
0.02
9 0.05 9 - 9 - 0.02
10 4 10 4 0.01 10 -
11 11 11 -
, . 0.00 g0 T4 0.00
0 3 012 3 456 7 8 91011 012 3 456 7 8 91011
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head projection

Experiments

Original image (“television™)
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Conclusions

« SMarT is a framework that optimizes explanations for teaching students

- SMaT leads to high simulability

- SMaT learns plausible explanations

« We hope this work motivates the interpretability community to consider

scaffolding as valuable criterion for evaluating and designing new methods

[=] 537 [=]

(paper) arxiv.org/abs/2204.10810

(code) github.com/CoderPat/learning-scaffold

[=]
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Introduction

« Simulability is particularly appealing for evaluating explanations
v aligns with the goal of communicating the underlying model behavior
v is easily measurable (both manually and automatically)

v puts all explainability methods under a single perspective
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Introduction

« Simulability is particularly appealing for evaluating explanations
v aligns with the goal of communicating the underlying model behavior
v is easily measurable (both manually and automatically)

v puts all explainability methods under a single perspective
 Pruthi et al. (2021) proposed a framework for measuring simulability that

disregards trivial protocols

@ requires an optimization procedure
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