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Explaining Black-box Model

Model-agnostic

Interpreter

LIME

* Applicable to any .
black-box models

e Computational .
complexity
Work well on .

traditional models
(e.g., CNN), but not
on complex DNN

Input Output
x 84

SHAP
Applicable to any
black-box models

Computational
complexity

Best performance
(empirically)

Model-dependent

Input Output
x Y

\\';","(gradients, attentions)

Interpreter
1G

* Require access to .

model gradients
 Simple, fast .
*  Work well on both .

traditional and

DNN models

Attention
Rely on attention
mechanism

Simple, fast (no
additional computation)

Not clear (much debate)



Single Feature-level Explanation

Input features Importance
o " aAq
Xy ——---mmmmmoo )
xn _____________ > an

Explanation

Pos
a; =0.11 a l 0.5

a, =0.46 |lclever

a; = 0.01 piece

a, = —0.02 Of I
-0.5
Neg

0

ag = 0.06 Cinema

Input Explanation
aij




Composite Feature-level Explanation

Input features Importance
X1 === (4
___CtEE= Qg
xz me==-C T ___ > az
xn ____________ > an

When single features have
interactions, it is critical to
know the importance of the
composite feature composed
with these single features



Composite Feature-level Explanation

Input features Importance Example 1
Xq ====IIIIiIiiiTTC oy Input
lliz==aq (prediction: positive)
X _e===TTITI___ - ay -
a
Xp ——---mmm- > Ay o
journey

Explanation

Pos

d

o
I

Neg

Why does the model think
“journey” as positive?



Composite Feature-level Explanation

Input features Importance
X1 ===:::::::::" aq
__:::::==>a1,2
xz —e==- T ____ > az
xn ____________ > an

Example 1

Input
(prediction: positive)

not

d

bad

journey

Composite feature
importance

Explanation

Pos

I
I
i
|}

\
§ bad
journey I

Neg

|
1
1
1
1
1
|
|
|
|
|
|
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Composite Feature-level Explanation

Input features Importance
X1 === (4
__::::I==>a1,2
xz me==-C T ___ > az
xn _____________ > an

Example 2

Composite feature importance is more
intuitive for human understanding

Squirrel Rabbit
Concept 8 0.0140 Concept 7 0.0066
D

Concept 20 0.0054 Concept 8 0.0059

T .
-~ : o
P~ |
- z > -
- g . e
§

Concept 7 0.0044 Concept 48 0.0054
e N
ERGND Men ™

(Yeh et al., 2020)




e Contextual Decomposition (CD)

* Hierarchical Explanation via Divisive Generation (HEDGE)



Beyond Word Importance: Contextual Decomposition to
Extract Interactions From LSTMs

W. James Murdoch, Peter J. Liu, Bin Yu

(ICLR, 2018)



LSTM

* Long Short-term Memory Network (LSTM)  [Hochreiter and Schmidhuber, 1997]

Output gate

)
-

[ Forget gate J

Input gate

)
—

Source: https://www.youtube.com/watch?v=xCGidAeyS4M
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Long Short-term Memory Network (LSTM)  [Hochreiter and Schmidhuber, 1997]

[Output gate}

‘ Memory cell \ [ Forget gate J
Signal control ‘[ Input gate }

I Write information

Source: https://www.youtube.com/watch?v=xCGidAeyS4M
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Long Short-term Memory Network (LSTM)  [Hochreiter and Schmidhuber, 1997]

I Read information

Signal control —[Output gate}

A

Memory cell [ Forget gate }

7'y

Signal control ——[ Input gate }

I Write information

Source: https://www.youtube.com/watch?v=xCGidAeyS4M
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Long Short-term Memory Network (LSTM)  [Hochreiter and Schmidhuber, 1997]

I Read information

Signal control ——[Output gate}
Forget information

Memory cell [ Forget gate }i Signal control

Signal control ——[ Input gate }

I Write information

Source: https://www.youtube.com/watch?v=xCGidAeyS4M
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* Long Short-term Memory Network (LSTM)  [Hochreiter and Schmidhuber, 1997]

Input word embeddings: x;, -+, x; € R%
Cell: ¢, € R%

‘ ; (ho = ¢co = 0)
State vector: h; € R%2



* Long Short-term Memory Network (LSTM)  [Hochreiter and Schmidhuber, 1997]

Input word embeddings: x;, -+, x; € R%
Cell: ¢, € R%

(ho = co = 0)
State vector: h, € R%

(Output gate) o = O'(W:-J;;-:+ Vi ht 1 —+ b,)

Foreet sate _ Wx + V. h + b X¢: current input
(Forgetgate)  f; = o e V-1 /) h¢_,: previous output

(Input gate) i, =o(W; xt -rI— Vht 1+ by)



* Long Short-term Memory Network (LSTM)  [Hochreiter and Schmidhuber, 1997]

Input word embeddings: x;, -+, x; € R%
Cell: ¢, € R%

(ho = co = 0)
State vector: h, € R%

(Output gate) oy = a(W xe + V ghe_q + bOD
(Forget gate) fr = O'(fot + tht 1 + bf> W,V,b are model parameters
(Input gate) ip = a(W xt + Vht 1+ b D!



* Long Short-term Memory Network (LSTM)  [Hochreiter and Schmidhuber, 1997]

Input word embeddings: x;, -+, x; € R%
Cell: ¢, € R%

(ho = co = 0)
State vector: h, € R%

o(+): sigmoid function
(Output gate) oy = o(Wpx; + Vohe—q + by)

(Forget gate) ft = U(fot + Veheg + bf) ﬁ Range:0to 1
(Input gate) [t =§_U_§Wixt + Vihi_1 + by) | J




* Long Short-term Memory Network (LSTM)  [Hochreiter and Schmidhuber, 1997]

Input word embeddings: x;, -+, x; € R%
Cell: ¢, € R%

(ho = co = 0)
State vector: h, € R%

(Output gate) oy = o(W,x; + V,he—1 + b,)
(Forget gate) ft = O'(fot + Veheq + bf)
(Input gate) iy = 0c(W;xs +Vihe_q + b;)

g = tanh(l/l(gxt + Vyhe—1 + bg)

---------

h; = 0,Otanh(c;)



* Long Short-term Memory Network (LSTM)  [Hochreiter and Schmidhuber, 1997]

Input word embeddings: x;, -+, x; € R%
Cell: ¢, € R%

(ho = co = 0)
State vector: h, € R%

(Output gate) oy = o(W,x; + V,he—1 + b,)
(Forget gate) ft = O'(fot + Veheq + bf)
(Input gate) iy = 0c(W;xs +Vihe_q + b;)

g = tanh(l/l(gxt + Vyhe—1 + bg)

____________

h; = 0,Otanh(c;)



* Long Short-term Memory Network (LSTM)  [Hochreiter and Schmidhuber, 1997]

Input word embeddings: x;, -+, x; € R%
Cell: ¢, € R%

(ho = co = 0)
State vector: h, € R%

(Output gate) oy = o(W,x; + V,he—1 + b,)
(Forget gate) ft = O'(fot + Veheq + bf)
(Input gate) ir =0oW;x; + Vihe_q + b;)
Ji = tanh(l/l(gxt + Vyhe—1 + bg)
¢t = [tOCt—1 + 1t OG:

h; = o,®Otanh(c;) Current output



* Long Short-term Memory Network (LSTM)  [Hochreiter and Schmidhuber, 1997]

Input word embeddings: x;, -+, x; € R%
Cell: ¢, € R%

(ho = co = 0)
State vector: h, € R%

(Output gate) oy = o(W,x; + V,he—1 + b,)
(Forget gate) ft = U(fot + Vehe—q + bf) ’ . Probability distribution
(Input gate) iy = 0c(W;xs +Vihe_q + b;) » p=softmax(Why)

g = tanh(l/l(gxt + Vyhe—1 + bg)
¢t = [tOCt—1 + 1t OG:
h; = 0,Otanh(c;)



Question?
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Contextual Decomposition
Goal: compute the

An arbitrary phrase: x4, -, x. (1< q<r <T) contribution of the phrase

- T model prediction
Decompose each c¢; and h; into a sum of two contributions 50 L [FEeiEe

he =B +v¢ B¢, Bf : contributions made solely by the given phrase

c: = Bf +y¢ Yt, Y£ : contributions involving elements outside of the phrase
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Contextual Decomposition
Goal: compute the

An arbitrary phrase: x4, -, x. (1< q<r <T) contribution of the phrase

- T model prediction
Decompose each c¢; and h; into a sum of two contributions 50 L [FEeiEe

he =B +v¢ B¢, Bf : contributions made solely by the given phrase

c: = Bf +y¢ Yt, Y£ : contributions involving elements outside of the phrase

p =softmax(Why) —— p =softmax(WpBr + Wyyp)

the phrase’s contribution
to the LSTM’s prediction
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Contextual Decomposition
Goal: compute the

An arbitrary phrase: x4, -, x. (1< q<r <T) contribution of the phrase

- T model prediction
Decompose each c¢; and h; into a sum of two contributions 50 L [FEeiEe

he =B +v¢ B¢, Bf : contributions made solely by the given phrase

c: = Bf +y¢ Yt, Y£ : contributions involving elements outside of the phrase

p =softmax(Why) —— p =softmax(WpBr + Wyyp)

the phrase’s contribution
to the LSTM’s prediction

How to compute

25



Contextual Decomposition

Disambiguating interactions between gates
iy = 0c(W;xs + Vihe_q + b;)
= Ls(Wix¢) + Lg(Vihe—q) + Ls(b;)
ge = tanh(Wyx, + Vyhe_1 + by)

— Ltanh(%xt) + Ltanh(Vght—l) + Ltanh(bg)

Assume we have a way
of linearizing the gates

26



Contextual Decomposition

Disambiguating interactions between gates
it Ogt

= (La(Wixt) + La(Viht—l) + La(bi))G) (Ltanh(%xt) + Ltanh(]{qht—l) + Ltanh(bg))

= (LeWixy) + Lo (ViPe—1) + Lo (Vive—1) + Le(b))® (Ltanh(%xt) + Ltanh(l{qﬁt—l)
+ Ltann (qut—l) + Ltanh(bg))
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* Contextual Decomposition

Disambiguating interactions between gates
it Ogt

= (La(Wixt) + La(Viht—l) + La(bi))G) (Ltanh(%xt) + Ltanh(l(ght—l) + Ltanh(bg))

= (LeWixy) + Lo (ViPe—1) + Lo (Vive—1) + Le(b))® (Ltanh(ngt) + Ltanh(‘(qﬁt—1)
+ Ltanh(]{gyt—l) + Ltanh(bg))

Cross-terms:

O solely from the phrase, e.g., LO'(Vi,Bt—l)@Ltanh(Vg,Bt—l)

O from some interaction between the phrase and other factors, e.g., Lo‘(Vi,Bt—l)@Ltanh(ngt—l)

A purely from other factors, e.g., La(bi)@Ltanh(Vth—1)

28



* Contextual Decomposition

Disambiguating interactions between gates
it Ogt

= (La(Wixt) + La(Viht—l) + La(bi))G) (Ltanh(%xt) + Ltanh(l(ght—l) + Ltanh(bg))

= (LeWixy) + Lo (ViPe—1) + Lo (Vive—1) + Le(b))® (Ltanh(ngt) + Ltanh(‘(qﬁt—1)
+ Ltanh(]{gyt—l) + Ltanh(bg))

Cross-terms:

@ solely from the phrase, e.g., Lo‘(Vi,Bt—l)@Ltanh(Vg,Bt—l) B

O from some interaction between the phrase and other factors, e.g., Lo‘(Vi,Bt—l)@Ltanh(ngt—l)

A purely from other factors, e.g., La(bi)@Ltanh(Vth—1)
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* Contextual Decomposition

Disambiguating interactions between gates
it Ogt

= (La(Wixt) + La(Viht—l) + La(bi))G) (Ltanh(%xt) + Ltanh(l(ght—l) + Ltanh(bg))

= (LeWixy) + Lo (ViPe—1) + Lo (Vive—1) + Le(b))® (Ltanh(ngt) + Ltanh(‘(qﬁt—1)
+ Ltanh(]{gyt—l) + Ltanh(bg))

Cross-terms:

O solely from the phrase, e.g., LO'(Vi,Bt—l)@Ltanh(Vg,Bt—l)

& from some interaction between the phrase and other factors, e.g., Lo‘(Vi,Bt—l)@Ltanh(ngt—l)

g purely from other factors, e.g., La(bi)@Ltanh(Vth—1) Ye
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Contextual Decomposition

Disambiguating interactions between gates
it Oge =B +ve
ftOct—1 = ,3{ + th
¢t = [tOCt—1 + 1t OG:
=B +vi+ B+

= B¢ +v¢



Contextual Decomposition
Disambiguating interactions between gates
it Oge =B +ve
ftOc—1 = ,3{ + th
¢t = [tOCt—1 + 1t OG:
=B +vi+ B+

= B¢ +v¢

h; = o,Otanh(c;)
= 0,Otanh(Bf + v¢)
= 0O (Ltann(BE) + Leann(v€))
= 0;OL1gnn(BE) + 0,OL1gnn (V)

= Bt + V¢



Contextual Decomposition

Disambiguating interactions between gates
it Ogt =Bt +vi he = o;Otanh(c,)
= 0,@tanh(Bf +v¢)
= 0tO(Ltann (BE) + Leann (¥E))
= 0tOL¢ann(Bt) + 0:OLeann (v¢)

= Bt + V¢

ftOct—1 = :3{ + th
ct = [tOC—1 + 11 OF;
= BE+yE+ B +v!

=Pt +ve | | |
Iteratively decomposing until we get
hr = pr+vyr
Bo=Y0=0

Be: Xt (qstsr) Vet X¢ (e>r,<q) 33



Contextual Decomposition
Disambiguating interactions between gates
it Oge =B +ve
ftOc—1 = ,3{ + th
¢t = [tOCt—1 + 1t OG:
=B +vi+ B+

= B¢ +v¢

h; = o,Otanh(c;)

= 0,Otanh(Bf + yf)
= OtG(Ltanh(IBtC) + Ltanh(ytc))

= OtGLtanh(,Btc) + OtGLtanh(ytc)

= Bt + V¢

What are the linearizing
functions L, Lignn?

34



Contextual Decomposition

Linearizing activation functions (L,, Lignn)

N

tanh (i yi> = z Leann (Vi)
i=1

i=1

(N <4)



Contextual Decomposition

Linearizing activation functions (L,, Lignn)

N

N
tanh (2 yi> = z Leann(yi) (N<4)
i=1

i=1
Telescoping sum (given a natural ordering to {y;})

k

k
Lignn (i) = tanh Eyj — tanh Yij
=1 1

1

.
I



* Contextual Decomposition

Linearizing activation functions (L,, Lignn)

N N
tanh (Z yi> = z Leann(yi) (N <4)
i=1 i=1

Telescoping sum (given a natural ordering to {y;})

k k—

Liann(Yx) = tanh 2 — tanh Yj
j=1 j=

N N N-1 -1 N-2 2
2 Leann(yi) = tanh Z yj | — tanh 2 yj | t tanh yj | —tanh yj |+ -+ tanh z
i=1 j=1 =1 1 i= =

[

[

2

~.
Il
[y



* Contextual Decomposition

Linearizing activation functions (L,, Lignn)

N N
tanh (Z yi> = z Leann(yi) (N <4)
i=1 i=1

Telescoping sum (given a natural ordering to {y;})
k k-1
Lignn (i) = tanh 2 — tanh 2 Yj
N N 1 1
z Lignn(y;) = tanh (Z y]> — tan&) + tanh\(X) - tanh(&) + -+ tak@\y > - tan;@@ + tani?@@
i=1 j=1 =1 =1 =1 j=1 j=1



Contextual Decomposition

Linearizing activation functions (L,, Lignn)

N N
tanh (Z yi> = z Leann(yi) (N <4)
1 =1

i=

Telescoping sum (given a natural ordering to {y;})

k k-1
Lignn (i) = tanh 2 Vi | — tanh 2 Yj
=1 =1

{Bt—1,Yt-1, X} have
no clear ordering

39



* Contextual Decomposition

Linearizing activation functions (L,, Lignn)

N N
tanh (Z yi> = z Leann(¥:) (N<4)
i=1 i=1
Telescoping sum (given a natural ordering to {y;})
k = All permutations: 7y, =+, Ty,
Ltann(yr) = tanh 2 yj | — tanh Yj n; 1 (k): the position of yy in m;
j=1 J=1
Average over
all orderings | My i 71 (k) m; (k)1
Leann(Yx) = M_z tanh Ym(j) | — tanh z Y (j)
N =1 ] ]=1 _]=1 ] 40




e LSTM

Input word embeddings: x, -+, x; € R%1

0 = o(Wox; + Voheq + by)

fe = o(Wrxe + Vehe_y + by)

iy = o(Wix; + Vihe_y + b;)

g = tanh(l/l{gxt + Vyhe—1 + bg)
¢t = ftOc—1 + 110G,

h: = o,®Otanh(c;)

* Contribution of an arbitrary phrase:
Xg X (1=q<r<T)

p = softmax(W By + Wyr)
0() = ) Lo,tanh() = ) Ligwn | t=1,+,T P

the phrase’s contribution
he = Be + Ve to the LSTM’s prediction

v




Question?
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Visualizations

Text
“used to be my favorite” (negative)
“not worth the time” (negative)

Attribution Method ) Heat Map

Gradient used to .-: not time
Leave One Out (Liet al.| - to be my favorite the time
2016)

Cell decomposition (Mur- used to be my -m
doch & Szlam, 2017) e ) B : g
Integrated gradients (Sun- - to be my favorite . worth the time
dararajan et al., 2017) S S ) [ : 8
Contextual decomposition | my the time

Legend - Negative Neutral Positive -



Visualizations

The first phrase is positive, but the second one is negative

CD is the only method that accurately captures this dynamic

Attribution Method Heat Map
Gradient

but it gets harder and harder to understand her choices.
Leave one out It’s easy to love Robin Tunney — she’s pretty and she can act —

£k o f e s e
Cell decomposition  It’s easy to love Robin Tunney — she’s pretty and she can act —
Murdoch &  Szlam,

2017 s

Integrated gradients  It’s easy to love Robin Tunney — she’s pretty and she can act —

(Sundararajan et al.|

2017) butit gts harder and harder t0 understand her choicss.
Contextual decomposi- It’s easy to love Robin Tunney — she’s pretty and she can act —
tion

chend_ Negative Neutral Positive -



* CDis model-dependent

 Decomposing complex DNN (e.g., transformer) is not trivial



Beyond Feature Attribution

e Contextual Decomposition (CD)

* Hierarchical Explanation via Divisive Generation (HEDGE)

46



Generating Hierarchical Explanations on Text Classification
via Feature Interaction Detection

Hanjie Chen, Guangtao Zheng, Yangfeng Ji

(ACL, 2020)



HEDGE

Why we need hierarchical explanations?

Prediction: Negative

Neg
LIME Explanation [Ribeiro et al., 2016] I
of [LLLN |performance
CD Explanation [Murdoch et al., 2018]
o
Pos
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HEDGE

Why we need hierarchical explanations?

Prediction: Negative

Neg
LIME Explanation [Ribeiro et al., 2016] I
of NLLLE |performance

CD Explanation [Murdoch et al., 2018]

B good periormarce [l

Pos

How the word “good” or a phrase
related to “good” contributes to
the model prediction?
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HEDGE

Why we need hierarchical explanations?

Prediction: Negative

Neg
LIME Explanation [Ribeiro et al., 2016] I
of NLLLN | performance

CD Explanation [Murdoch et al., 2018]

o good perormarce [l

Pos

Hierarchical Explanation

a waste of good performance

._\
N\
\

waste of good performance

/'/ \\
\

waste of good performance

d
4
/
d

//
\\\\
waste N0
/'//Y \\
¢ a RERCHE of BGLLN performance

/£
/
d

performance

50



Hierarchical explanation via divisive generation (HEDGE)

* Where is the dividing point? 1
* Which text segment should be split? a

a waste of good performance

:
a of lelsM performance

 How to quantify feature importance?

performance

51



HEDGE

Definition

Hierarchical Explanation
A text with n words: x = (xq, -+, Xp,) P

a waste of good performance
Atext span: X(s; s;,,] = (x5i+1’ T x5i+1)
waste of good performance
A partition: P = {x(o,sl]»x(sl, Sz "°,x(sp_1,n]}

WER(Ne l-(elesll performance

Interaction score: ¢ (+,-) ¢
perrormance

/

Importance score: P (+) . . of —
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HEDGE

* Where is the dividing point?

The local weakest interaction point:

~ min
JE(Si, Si+

P (Xes1 X500 1P)

!

vV Vv v

a waste of good performance

\ A /

waste of good performance

b g

waste of good performance
waste || of good || performance
waste | of | good | performance
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HEDGE

* Where is the dividing point?

The local weakest interaction point:

min & (X501 X, 514111 P)

JE(Si, Si+

* Which text segment should be split?

The global weakest interaction point:

min  min
X(s;, 5;411€P JE(Si Sit1)

O (X(s3j1 %, 514411 P)

!

a waste of good performance

!

waste of good performance

!

waste of good performance

}

waste || of good || performance

waste | of | good | performance
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HEDGE

* Where is the dividing point?
The local weakest interaction point:

min (.b(x(si,j]' X3, sit1] |‘73)

JE(Si) Sit+1)
* Which text segment should be split?

The global weakest interaction point:

min  min (X i1, X(i s 1| P
x(si’si+1]eg)]e(si15i+1) ( (siJ1’ U, Si+1l )

 How to quantify feature importance?

Feature importance score: Y (+)

!

a waste of good performance
1 Pos
a waste of good performance I
a waste of good performance

a waste
a BWeNeH of

!

performance I

performance

55
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HEDGE

* Where is the dividing point?
The local weakest interaction point:

je(rsril»lgilﬂ)ﬂx(si’j]' X3, si41] |P)

* Which text segment should be split?
The global weakest interaction point:

min min )ﬂxm,ﬂ' X(j,s1411P)

X(s;, si41]1€P JE(SD Sit1

 How to quantify feature importance?

Feature importance score: Y (+)

Hierarchical Explanation

a waste of good performance

_

waste of good performance

waste of good

/
RN st [

performance

performance

performance
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* Feature interaction score ¢(-,*)

Calculate the interaction between j; and j, via Shapley interaction index
[Fujimoto et al., 2006, Lundberg et al., 2018]



Shapley

Quantifying the contribution of each player

e m m e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e =

e e o o e e e e e - - - ———
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Shapley Interaction Index

Quantifying the interaction between players

e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e - -

Game
Player 1 «----------ommmmmmmmomm oo
[

e e o o e e e e e - - - ———

59



Shapley Interaction Index

Coalitions Payoff

__________________

~ e e -

__________________

e -

__________________

e -

__________________

N e -
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Shapley Interaction Index

Coalitions Payoff

__________________

~ e -

__________________

N -

__________________

e

__________________

N o e
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Shapley Interaction Index

Coalitions Payoff

__________________

~ e -

__________________

. ¥

N -

e

__________________

N o e

Marginal contribution
with player 3

P, AP,
P, AP,
P’ AP;
P, AP,
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Shapley Interaction Index

Coalitions Payoff
& ¥ -
@ M po-
® EETRD I
@ 0 -

e = ——

Marginal contribution
with player 3

P,’ AP,
P,’ AP,
P’ AP,
P, AP,

Payoff

Q1

Q>

Q3

Q4
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Shapley Interaction Index

.. Marginal contribution Payoff Marginal contribution
Coalitions Payoff with player 3 without player 3
§ . - P APy ¢ — O A
i . M P, — P AP, Q, — 0, A
:I __________________ : '@ Q‘ M ! /
: i * & P3 - P3 AP3 Q3 - Q3 AQ3
' 1) P, — P/ AP, Qs — Qi AQy

e - = - ———
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Shapley Interaction Index

.. Marginal contribution Payoff Marginal contribution
Coalitions Payoff with player 3 without player 3
§ . - P APy ¢ — O A
i . M P, — P AP, Q, — 0, A
:I __________________ : '@ Q‘ M ! /
: i * & P3 - P3 AP3 Q3 - Q3 AQ3
' 1) P, — P/ AP, Qs — Qi AQy

e - = - ———
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Shapley Interaction Index

.. Marginal contribution Payoff Marginal contribution
Coalitions Payoff with player 3 without player 3
§ . - P APy ¢ — O A
M P, — P AP, Q, — 0, A
:I __________________ : '@ @‘ M ! /
: i * & P3 - P3 AP3 Q3 - Q3 AQ3
1) P, — P/ AP, Qs — Qi AQy
by g = Z AP, — AQ interaction
1,3 = i — A
$31+ P13

9’53,1 = ¢1,3
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Feature interaction score ¢ (+,+)

Calculate the interaction between j; and j, via Shapley interaction index
[Fujimoto et al., 2006, Lundberg et al., 2018]

ISItP =S| = 1)!
P!

(p(illjZl:P) = y(jl!jZlS)

SEN\{1.J2}
YU1,J2,8) = E[f (xDIS U {j1, j23 — E[f (xD[S U {jz}] — E[f(x)IS U {j1}] = E[f(x)ISD

The influence of j; on the model without j, considered
output with j, considered
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* Feature interaction score ¢(-,*)

Calculate the interaction between j; and j, via Shapley interaction index
[Fujimoto et al., 2006, Lundberg et al., 2018]

ISItP =S| = 1)!
P!

(p(illjZl:P) = y(jl!jZlS)

SEN\{j1.Jz2}
YU 2, S) = E[f(xDIS U {j1, j23] — E[f (x)IS U {j2}] = (E[f (x)IS U {j1}] — E[f (x")IS]D

The influence of j; on the model without j, considered
output with j, considered

* Feature importance score Y (:,*)

Il)(x(si’ Si+1]) = fi(x(si»si+1]) — y! ;g}é;,xey y' (x(Sl Sl+1])

Predicted label on x
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Input text x

A

\ HEDGE
0
'Af” 2 spaniare ——— 1) Find local weakest interaction point
single words: 2) Find global weakest interaction point
3) Split the text span and calculate importance scores
l 4) Add new partition to the hierarchy
Yes

Output hierarchical
explanation



Question?
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Qualitative Analysis

* Compare HEDGE in interpreting the LSTM and BERT model

* BERT gives the correct prediction “positive”, while LSTM makes a wrong prediction “negative”

 HEDGE can explain different model prediction behaviors

1.00 1.00
Step 0 1 ylels a bad journey at all Step 0 Jgles a bad journey at all
0.75 0.75

- I
Step 1l a bad 'ourney at all +0.50 Step 1{ not a bad journey at all ~ 10.50

+0.25 +0.25
Step 2 at all Step 21 not a bad journey at all

+0.00 —_——— e — - -0.00

| |

X —0.75 -0.75

—1.00 —-1.00

(BERT) (LSTM)
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Quantitative Evaluation

 The area over the perturbation curve (AOPC) [Nguyen, 2018, Samek et al., 2016]

1
AOPC(k) = — pal

pGlx)-p (5

-

=1

v Higher AOPCs are better

)j

~(k)
X
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Quantitative Evaluation

 The area over the perturbation curve (AOPC) [Nguyen, 2018, Samek et al., 2016]

1
AOPC(k) = — Pkl

pGlx)-p (5

i1-

v Higher AOPCs are better

)j

X

~(k)
X

Log-odds [Shrikumar et al., 2017, Chen et al., 2018]

p(9[%")

p(9]x:)

N
1
Log — odds(r) = Nz log
i=1

v’ Lower log-odds scores are better

Xi

%(T)

X1l | X2|| X3|| X4 X7| | Xg
X1 X3|| Xa Xg
X1 | Xo| | x3|| x4 X7| | xg
Xq1| [pad[| X3|| X4| *- |pad]| [ Xg

* |pad

73



Quantitative Evaluation

 AOPC and log-odds scores of the CNN model on the IMDB dataset

 HEDGE achieves the best performance under both evaluation metrics

1

0.9+
0.8+
0.7+
506"
<
05"

0.4 -

0.2

0.3

—— Leave-one-out

—e—LIME
L-Shapley

—— C-Shapley

—o—HEDGE

—e— KernelSHAP

—&— SampleShapley

5

10

15

20

25

k

30

35 40 45

50

——|eave-one-out

—e—LIME
L-Shapley

—— C-Shapley

—o—HEDGE

—=— KernelSHAP

—+—SampleShapley ||

5 10

15

20

25

30

35 40 45

50
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Quantitative Evaluation

e Cohesion-score

* Cohesion — score = —Zl 1Q {p(ylxl) P(

v" Higher cohesion-scores are better
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Quantitative Evaluation

e Cohesion-score

e Cohesion — score = —Zl 1 Q {P(ﬂxl) 14 ( )} v" Higher cohesion-scores are better

X | xq X15
 Results
Cohesion-score
Methods Models SST IMDB
CNN  0.016 0.012 v' HEDGE is better at capturing feature
HEDGE BERT 0.124 0.103 interactions

ACD ' LSTM _ 0.015  0.038
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Quantitative Evaluation

e Cohesion-score

 (Cohesion — score = —Z

i= 1Q {p(y|xl) p(

* Results

Cohesion-score

Methods Models SST IMDB

HEDGE | BERT 0.124 0.103]

ACD LSTM 0.015 0.038

v BERT is more sensitive to perturbations
on important phrases

)} v" Higher cohesion-scores are better
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Human Evaluation

 Compare human annotations and model predictions

Movie review

Not a bad movie at all
"""""""""""""""""""""" v" Higher coherence scores are better

Explanation A

bad movie

Guess predictions

A: negative

Explanation B B: positive

not a bad



Human Evaluation

* Coherence scores of different explanation methods with LSTM model on the IMDB dataset

Methods Coherence Score
Leave-one-out 0.82
ACD 0.68
LIME 0.85
L-Shapley 079
C-Shapley 073
KernelSHAP 0.56
SampleShapley 0.78

HEDGE 0.89
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