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Why Do We Need Explainability?
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@: Stop the cardiac pacing. @: Make an emergency turn. @: Determine as quilty.

B Trust: In high-stakes domains such as medicine, autonomous driving, and law, the deployment
of models that fail to provide interpretable outcomes is precluded

® Transparency: The black-box nature of deep models brings severe reliability risks, which drives
the rapid development of the eXplainable Artificial Intelligence (XAl) field
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I What is an explanation?
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Novell’s Microsoft attack completes Linux conversion:

Novell Inc. has completed its conversion to Linux by
launching an attack on Microsoft Corp., claiming that
the company has stifled software innovation and that

the market will abandon Microsoft Windows at some
point in the future.
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Feature Relevance

m Saliency explanation assigns an importance score to each input feature (e.g., pixels in image
classification), indicating the degree to which the model attends to specific features




Major Challenge in XAl: Lack of Ground Truth & stz x x#
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®m A core challenge in the XAl field is the absence of a universally applicable Ground Truth
concept for judging whether an explanation Is correct or incorrect.
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Faithfulness of Explanations

B Faithfulness evaluation metrics provides a proxy metric for measuring explanation quality and
avoiding biases introduced by human subjective evaluation

Which Explanation is More Faithful?
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Reference : i
Concept chest neck neck glasses hair ha:'égld RP? 0470 < 0573 < 0.596 < 0617
MCt 0734 > 0614 > 0502 > 0331
Subjective Concept Alignment Evaluation Objective Faithfulness Score

B The assessment of faithfulness varies across different perturbation-based experimental strategy,
leading to incompatible or conflicting outcomes in specific scenarios



DeepFaith

Background
Conflicting faithfulness metrics and
Inconsistent methods impede a

unified ground truth

Sample Set
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Challenges:

1. Inconsistent formalizations of faithfulness
metrics hinder unified theoretical analysis
2. Discrepant data from different methods
impede consistent data utilization
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DeepFaith:

Theory - Re-formalize metrics
and unify objectives

Data - Curate high-quality
explanations via deduplication
and filtering

Approach XAl Ground Truth at
all levels




-I Formulation and Theoretical Unification
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®m DeepFaith unifies 10 faithfulness evaluation metrics under the same theoretical framework
by extracting shared functional functions.

Faithfulness Metric Input Formula Output \

Faithfulness Correlation (FC) 1 svm, f T [(Ziel _y . (A [f(z), f(x \I)])Ig[n]} —-1,1] Fﬁ/lgg_ll'!r;gis
Faithfulness Estimate (FE) 1 SO TS 7 [(Sen, Si(a N (A [£9), 10 ] L >’ Saliency
Monotonicity Correlation (MC) 1 5.2, 1T Y+, f T[(X ez, 8 &), (A F(@), Fla\ )DL 1] [—1,1] Explanations
Infidelity (INF) 1 5,2, (T ~ P}, f T[(ZJEI s, (A (), F@\ TODY,] ~1,1] <

Deletion Score (DEL) | m;x, f z_0+ = @k S M j))} di [0, 1]

Insertion Score (INS) v = :io+ f(J) (JC U U 7(7))| di [0, 1] Eaithfulness
Negative Perturbation (NEG) 1 weisf T :=0+ AT f(r) il Ujﬂ1 <')?(j)) di 0, 1] Metric for
Positive Perturbation (POS) | T, f L A f(), f( VWL w(5)) | di 0,1] Permut§tion
Region Perturbation (RP) 1 O {=PH,  F + o (ﬂ,lﬁZ?:o Al f(x®), FleO\ -, f(:n(i))(k))]) [0,1] Explanations
Iterative Removal of Features (IROF) +  IIz; {x(W} N, f ﬁZiLg;ml_A [f( @), fz®\ UK, Hf(:r:(“'))(k))} dj [0,1] }
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-I Formulation and Theoretical Unification
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Proposition 1. Given a model f being explained and its input space X, for a fixed correlation \
measure T and perturbation effect A, suppose there exists a saliency explanation mapping S}" such

thatVx € X and V{Z; C [n]};—,, achieves
optimality across all
Sf drggnmx T[(Zjeﬂ,gf( ) s bALf), flo\T; )]) ] : (1) 4 saliency
b

. , . , explanation metrics.
then the saliency explanations generated by S;’é always achieve optimal faithfulness under the FC,

FE, INF, and MC evaluation metrics. ]

s " , . _ \ The -induced
Theorem 1. Under the conditions of Proposition |I| given a fixed preservation effect A~ that is _
strictly decreasing with A, let H* ‘B[S “(-)] denote the permutation explanation mapping in- permu’_[atlon
duced by S%, then for any Sample w, 11 ( ) aiways achieve optimal faithfulness under the DEL, eXpI‘_anfatlon also
INS, NEG, POS, RP and IROF evaiuation metrics. optimizes all 6

permutation metrics.

m We discover and prove that there theoretically exists a mapping that achieves optimality
simultaneously under 10 faithfulness metrics.
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m Different explanation methods essentially reflect the functional
dependence from input features to explanations, and such
mapping patterns are generalizable across similar samples

\

}Ko .| ® We get high-quality prior explanation
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Utilization of Prior Explanation Methods

m We propose to fit existing explanations with a deep neural network , further enhancing its
faithfulness via the optimization objective

B Based on the expression of , we design an optimization objective as the loss function
1
£10(60i D, ) = 5= g5 30 7 [(Sicz, 0(@)fmr, (A @), F@\ T

B To learn the mapping patterns in , we design a supervised optimization objective as the loss function
for training the explainer

Loc(de; Z) = Z (1 -7 [¢o(), )
(x,8)EZ
B We aim to achieve the collaborative optimization of and , i.e,, minimizing the following

objective
Loi(Pe; D, f,Z) = aLlpc(ge; Z) + (1 — a)Lic(Pe; D, f).
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Utilization of Prior Explanation Methods

B We propose a dynamic joint optimization algorithm to achieve the collaborative

optimizationof  and o
2 0.6 - :

Algorithm 1 Dynamic Joint Optimization Strategy for DeepFaith 041

i In(])Jut: Training dataset D, target model f, supervised signals Z, initial explainer parameters "2 ! - = 5 = = e

é )’ variance threshold e, monitoring window e, scaling factor C' > 1, and learning rate 7 1.0 4 o T F :
2: Initialize: dynamic weight o(?) < 1, convergence flag C'F = 0, and set ¢y = 0 aad  POXAL AL N A AN A A A WA o A A
3: while not d do AVAVY A SR IRVAVA VAR A T A T 4
: while not converge % e ’ ’

4 L8 —a®OLl) + (1 —a®)Ll > Compute total loss ML

5 g+1) — gbét) — AV ¢y Lg% 3 > Update explainer parameters : = - = = o

6: JI%C — Var(ﬁgae“), AR ‘Cg)c) > Compute variance of Lpc over last e iterations 1.00 4

7k if CF = 0 then 0.75 1

8: ifgl%C < ¢ then £ 0501

9: CF + 1,{p 1t > Set Convergence Flag .

10: end if i e

11: end if 0 20 40 - 60 80 100
12: ifol, > Ce then Poce

; (t+1) .

o e s - ReserConvergente Hlng ] converges stably, while (the blue
15; if CF = 1 then . e . . .

6 ol - g > Gradually decrease a dashed line) exhibits severe oscillation
17 end if

1. end while when optimized independently




IFELKY

BEIJING INSTITUTE OF TECHNOLOGY

Explanation Faithfulness

® We compare the average rankings of DeepFaith and baseline methods across all faithfulness
evaluation metrics in 12 explanation tasks across 3 modalities

Image Tasks Text Tasks Tabular Tasks
A A /_/H
- ~ e ~
| OCT | ImageNet | IMDb | AGNews | NAP |[WCD
Method

|DeiT EfficientNet ResNet| DeiT EfficientNet ReSNet|LSTM Transformer‘LSTM Transformer| MLP | MLP
N | OCT | ImageNet | IMDb \ AGNews | NAP [WCD
etho | DeiT EfficientNet ResNet|DeiT EfficientNet ResNet| LSTM Transformer|LSTM Transformer| MLP | MLP
DeepFaith (ours) 34 29 4.1 4.4 4.4 33 2.3 2.1 2.9 2 1.8 1.8
Integrated Grads 7.8 7.6 4.8 6.4 7.0 54 33 5.6 49 59 28| 52
Gradient SHAP N/A N/A N/A | N/A N/A N/A 4.4 4.0 2.9 4.2 47\ 1.3
DeepLIFT 5.8 7.8 8.1 7.0 6.9 8.4 6.1 6.4 7.9 59 441 2.3
Saliency 13.2 11.0 12.8 | 10.7 111 10.6 52 5.9 4.7 5.8 28| 49
Occlusion 8.5 6.5 8.4 8.9 9.6 10.9 4.6 3.6 2.9 2.7 33 59
Feature Ablation | N/A N/A N/A | N/A N/A N/A 6.4 5.1 6.6 8.5 35| 45
LIME 12.3 8.1 99 | 10.7 6.6 8.5 7.7 6.8 4.6 4.5 4.7 2.7
Kernel SHAP 4.2 10.9 12.1 7.0 5.9 8.9 5.0 5.5 6.4 3.9 39 89
Input x Gradient 3.7 12.3 12.2 5.3 12.9 10.7 N/A N/A N/A N/A N/A| N/A
Guided Backprop| 12.3 6.5 76 | 114 10.3 10.4 N/A N/A N/A N/A N/A| N/A
Grad-CAM 8.6 8.2 76 | 11.9 6.6 7.0 N/A N/A N/A N/A N/A| N/A
Score-CAM 7.0 7.9 6.0 5.8 7.2 7.1 N/A N/A N/A N/A N/A| N/A
Grad-CAM++ 5.0 10.0 74 49 7.8 8.3 N/A N/A N/A N/A N/A| N/A
Expected Grads 6.9 8.0 7.1 7.1 95 6.4 N/A N/A N/A N/A N/A| N/A
DeepLIFT SHAP| 6.9 7.3 5.6 7.5 8.7 9.3 N/A N/A N/A N/A N/A| N/A
LRP 12.0 4.5 54 |10.2 5.0 4.5 N/A N/A N/A N/A N/A| N/A
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Explanation Visualization

B By learning the patterns of existing explanations, () achieves high faithfulness while
aligning with human cognition

Input Occlusion DeepLIFT  Grad-CAM DeepFaith Predicted Label: positive (0.99) Word Importance: (s . ) Output::‘\:uit=0.9?
H . & v whenever ida lupino appeared § a film in the s s and s ;DU wereog.:uarantet;d 10 0.381 p— Age
- "-'""'-" great entertainment even if the picture was black and white ida was able to capture > 0o M ——
audiences and keep them spellbound until the very end of her pictures in this film a 50 B0 . Ewo
OCT helen gordon high sierra along with robert ryan howard wilton golden gloves she keeps - _ I—
EfficientNet you guessing just how the relationship is going to turn out and just how -mrs gordon Gk : Blood
. = will be able to have a normal and happy marriage with love and real affection if you liked roBE -—I:;iaLb-thic
ida lupino who could play the roles as a criminal in a woman s prison and prison warden
- who was -this is the film for you to Wi truly believe that ida lupino was not given 5 T
the true credit she deserved for her great talents in the movie industry T [ It
Occlusion DeepLIFT Grad-CAM  DeepFaith Predicted Label: negative (0.99) Word Importance: s . Output: Senior=0.97
' . . E when you make a film with a killer kids premise there are two ef'fe?cﬁve wayusstt) appr:)ach it g0 T L Age
! you can either make it as realistic as possible creating Believable|characters and situations 54 L Gender
or you can make it as fun as possible by playing it for laughs something which the makers i | Finess
ImageNet - L of silent night deadly night did for example on an equally controversial subject a killer A | s

DeiT . santa the people who made bloody birthday however do neither of those things they

simply rely on the shock value of the image of a kid with a gun or a knife or a noose or an s
- arrow in his her hand the result is both g land mthe whole film looks like a bad .
idea that was rushed through production and then kept from release for several years it s i
redeemed a tiny bit by good performances from the kids but it s very sloppily made .
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