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Abstract Model interpretability has become increasingly critical in artificial intelligence research,

particularly for high-stakes applications where transparency and trustworthiness are paramount. A

Wk H#H . 2024-07-18; FELR & AT H . 2025-02-20., AR5 1) [ 5 8 s AfF & TR0 H (2023YFF0725500) [ 5 [ S8Rk 53k 45 8 5 0
H (62031003) H 5 A S FHF 3k 4w 130 H (620723800 % B . AR $RER , -0 2k , 2o Sy vl iR N T REFIAE (S B E-
mail: zyxing@mail. sdu. edu. cn.  FREEHE, WA, FEMFFTAECN BAF I FAEYE B2 . KREEGEFER 4, 202 A+ R0,
PETFELF S (CCP) M e il . BB N BIHZ A EYE S . E-mail: gxyu@sdu. edu. cn. E I8, 1+, #0421+ S
Ui, R EH LR S (CCR B R AR . EEME T M LT s B . B, Wt 207 A Sl EH e 4
(CCE)ES LA . FENGE I 10 A W5 B2 HLas 2 S M2 . B M, 202 A 0, p =L 2 (CCPO B,
TR 7 1 R S RE TR R S R TR N TR e



950 22 W - S R S 20254F

fundamental challenge in this field emerges from an intriguing phenomenon: models that achieve
comparable predictive performance often yield inconsistent feature importance scores (attribution
scores interpretations) for identical data. This interpretability dilemma, manifest in both the
Rashomon effect set (diverse models with different architectures achieving similar performance)
and its subset, the Underspecification set (identical architectures varying due to training
randomness), significantly diminishes the credibility of models’ explanations. To address this
challenge, this paper firstly explores theoretically the relationship between explanation
inconsistency and model indeterminacy factors, and then proves that due to the local accuracy
property of SHAP (SHapley Additive exPlanation), there exists an upper bound on the uncertainty
of SHAP methods for models with similar predictions. On this basis, we thoroughly investigate
experimentally the specific impacts of variables (i. e. , model training stochastic factors) on various
feature attribution methods. It finds that explanation uncertainty arising from model indeterminacy
is widespread, whereas SHAP methods exhibit lower uncertainty due to the impact of its upper
bound. Based on these findings, we propose an explanation rectification framework called ASGM
(Attribution Score Generation Method) to generate stable attribution score explanations using
standard explanations obtained from diverse models, aiming to reduce the inconsistency of
attribution score explanations and enhance the stability and credibility of model interpretations.
ASGM identifies disparities between explanations from several sampled models and standard
explanations generated from massive models on specified data. Through bias rectification deep
network, ASGM efficiently generates attribution score explanations by calibrating the
explanations of sampled models, thereby approximating the explanations representative of either
the Underspecification set or the Rashomon effect set with few model sampling. ASGM can also
predict the uncertainty between explanations of Underspecification set. Experimental results show
that ASGM can generate explanations that are less impacted by the model, particularly by
stochastic factors. Notably, the explanation evaluation frameworks differ between the two sets
under investigation: For the Rashomon effect set, which encompasses diverse architectural
designs and optimization strategies, we assess the explanation fidelity with respect to the
underlying data distribution. In contrast, for the Underspecification set, where variations arise
solely from training stochasticity within identical architectures, we evaluate the explanation
fidelity relative to the model ensemble and effectively mitigate the influence of stochastic training
processes. Our quantitative analysis reveals that ASGM consistently generates explanations with
markedly superior fidelity across both sets compared to conventional methods, such as rank
averaging of model set explanations, closely approximating the standard explanation.
Furthermore, on the Underspecification set, ASGM demonstrates multiple advantages: it exhibits
enhanced stability against data perturbations, maintaining consistent explanations when input data
undergoes minor modifications; it demonstrates superior performance in predicting explanation
uncertainty, with improvements in coefficient of determination (R-squared) varying from 4. 2% to
as high as 40.1% on different datasets when compared to traditional approaches. In addition,
compared to the standard explanations, ASGM significantly reduces the computation time by 20 %
to 30% on the Rashomon effect set and by 17% to 48% on the Underspecification set. These
results confirm that ASGM effectively enhances the stability and credibility of interpretations.
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FRtE— N RUERTERIN . FHELZ T oA Ry ik
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PR 25 . R SHAP J5 iE e k8 & 1 7 i B
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P e ke B2 TH A BE 1 — BChE Rl S . BRI
SHAP J7 W B IS AR R AT 72 1 5% e 7 1 26 9L o
D A P R S DA T S 8 i T A i B 1 T A R R
SRR, RIRSER S, FUER] T AR S 2 R RIS AL (1)

®1 MEARELARRBRS EMSBRBRHBELCESE(ESC)

ST RO A 1K

T AT S BUESY AN LIME

0.01446. 6e-04
0.02045. 1e-04
0.01345. 6e-04
0.02148. 4e-04

0.010+3. 5e-04
0.014+5. 6e-04
0.010=%5. 2e-04
0.014+6. le-04

0.015+5. 5e-04
0.020+6. le-04
0.015+4. 7e-04
0.020==5. 8e-04

0.00346. 6e-05
0.003+1. 1e-04
0.002+7. 3e-05
0.003=%=1. 2e-04

0.200=£8. 6e-05
0.341=5. 3e-05
0.200=£5. 4e-05
0.341=6. 5e-05

0. 267+6. 6e-05
0.392+1. 8e-05
0.28017. 4e-05
0.4112=2. 2e-04

0.216+8. 9e-05
0.359=+=7. 2e-05
0.216==7. 4e-05
0. 359==5. 2e-05

0.168=£1. 1e-05
0.285x4. 8e-05
0.182=x4. 0e-05
0.305=£2. 2e-05

iR a A SHAP
0.8 0.8 0.02618. 5¢-04
0.8 0.2 0.03412. 6e-04
Swiss-Prot
0.2 0.8 0.026%x1. 1e-03
0.2 0.2 0.03413. 3e-04
0.8 0.8 0.272%5. 2e-05
0.8 0.2 0. 41116. 0e-05
MNIST
0.2 0.8 0.27749. 06e-05
0.2 0.2 0.41716. 1e-05
0.8 0.8 0.01211. 8e—04
) 0.8 0.2 0.01912. 2¢-04
Fashion MNIST
0.2 0.8 0.01211. 7e-04

0.2

0.2

0.019%1. 8e-04

0.009=8. 7e-05
0.015=41. 6e-04
0.00941. 7e-04
0.015+1. 1e-04

0.009=£1. 9e-05
0.016+1. 1e-04
0.009+1. 5e-04
0.016+1. 2e-04

0.008=£7. 1e-05
0.015=1. 3e-04
0.008=9. 2e-05
0.015+7. 0e-05

0.006=£5. 0e-05
0.006=£6. 5e-05
0.005=4. 6e-05
0.006+6. 4e-05
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BRI IHIRE T 120 IR, H 1 Ner, 5 Nery, 1) figt B AH
8L B & sim (Net, » Nety) s Net, F1 Net - 84 A DL EE A
sim (Net,s Nete) s sim (Net,s Nety) KT sim (Net,

Net ) WIRESE RIA e e 5 TN AH (URE 2 B IE ARG, A2
)1 5% w1 & . Hod MNIST Al Fashion
MNIST fi# P& {d FH 45 # 4 8L B SSIM (structural
similarity) PEAf AL BE L SSIM == 22 F iy 1 K15 1)
AL » B R -1 21 1 22 ), 58 4 A ) 1 TR A0
LR 1. Swiss-Prot i F fig BEAR AL PE 43 B (ESC)
WAl . SR WME 2R, AN EEBIRENEL T,
T[] — 0008 4 1 A AN 2 DN i R 1 1 2 52 2
AU P 5 ) T B AT A RS TR S R A R T A AL
I 24 T 5 4 AR ] 5, SHAP A4 AS 8 72 P62
— AU/ o T AR LR X SHAP (B A 5 1 4 1E 16
SO0, AL WE T SHAP B 09 5 38 vE AR 7 L BE 6%
PETERUAE A L E A R sl BR il 7E — e 1y IX.
Bl X — & B S 4. 135 A HERT AT AT L AR B T AL
FFUI ™ SHAP (AN & 1 L AT LT SHAP
(B — 20

K2 AREMESEEHTNX SHAP BRI FT

FIE/IES AR FEAKE HE (0) RS2 S T S R 1) L
Fashion MNIST 60 79.5+1. 8e-01 70%
MNIST 60 90. 0=£5. 0e-01 67%
Swiss-Prot 100 97.0==3. 0e-06 70%

5.4 ASGMEFAEHMNEURMNIERRE LK

AT [FBE S T B0 B £ 4o 2 i
i SN S0 o o i R, ARG AR A5 M S e ) A U AR
B IR B TR0, AR BRSNS 2 AR 4 S S 5
5. 4. 19 Rk, SHAP J5 ik XA R A 12 P 1Y
S/, PR TR IS 28 ASGM B X ELAA BN A5095 £
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S HETTROV 4 &L 3547 T ASGM 1Y 18 1IE 522
5. M MNIST %48 % #il B 1000 5K B4 , Fashion
MNIST $li £ 7000 5K 44 A8 SHAP J7 i i#47 i
BE o MINIST {8 FH 8 2 A 113050 07 B A 7RG 1 oy
(98.5+5.0e-01)% . f34F CNN, RF %5 3L 4 Fifi %
ZRRE  REAP BRI IR A 2 T 10 A A AR i ax 2
H5 T 3 OB VA % . A 5. 3 5 MINIST (45 U 4 4
oL BE 3 S 45 A O Bl B S AU 4R 5 . Fashion
MNIST 4 % A 7] % 0 48 155 AU RS B2 oF (91,0 +
2.0e-01)% 3L 106 4~ , 145 CNN, RF %5 4 Ffi 5 5
K, ) 5. 375 Fashion MNIST A5 45 & rh BEHL
VEHC T 5 A REARIAE AR AY A 5 . MNIST Fi

Fashion MNIST {9 %! Az [T 200 4 9 5 0 458 20 2 4y
35 Z FIAETE 1 3 25 S O PL A8 = 2 BRI IR JiE 2
> HE A, Swiss-Prot 4 5 B 45 &85 B 4 (97. 0+
3.0e-06) % » 3 120 4~ , B2 44 % F Deep TFactor™-,
g3 R PR R ot A YISk T 5 HhAER AL . Xf
500 4% J7 8 iE 47 SHAP i B¢ o 5256 rp fff IS AU 4R
B XTI 2R i 8 O S AE A M i TN 285 1) o TR A
25 AR BRI AR B 1 A ok S X 1y 508 A A 2 4 D)
Ky o WIZRTE UG B DL R il A 1
TE DA b A i B i A 20 0 81 2 B 7 9 24 i 1)
%2 MG E PCA RGN Z )2 2 E )2, kT
VAL e SIVECH R

X AN S TR A 45 %) ik R 43 A LA ELR DA
Shaikhina 55 A" HIEBH 138 32 K A Ak B 1) - 24 m]
DIAR o AR M R A SCHE S2 6 i o 2 A
I 1RO B AE AR T %) PS4 i A S A b oA
TR o e M O T ) At AR S R 1) 12046 LA B Ml i 1 e
BESPRUERRREIEAT R L o AR R R T 2 Fh
A T L2 loss T RE1R] 19 B E 25, 6 ]
5. 25 Y ESC 23 B0 PAG i B A U X MNIST
&% 8504 5 Fll Fashion MNIST B BUHRE . 5IA T
5. 3T HE B EUR A5 AR LS (SSIVD Ay i [R5 it ¢
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[R5 R AR BRI 45 RN K 3Tk . ASGM
2 S 0 ff e S AR TS REAR LE , SSIMUARALLEE FTESC
AW ETE L2 loss L2 mETREAS T 50% LA |,
JIT LA 2 At S ) i T 422 300 8 A 1D B0 B 1) B A
B o AT Y ELOAR SR ] 3 T b A R
ASGM )% A fERE » 210 Ja W FIAE AR RS Rt i A
i R D2 2 A T TN R TR TR SRR R T34 eSS
R R YIE 2 5 32 SR AR b Ry e A5 R 1) 5%
M), A BEVE A S B SR G AR IR o AT RE I =
2 A (AR SR ) i R o DAL I St b v oA
i T 150 5 b A IR BSCHE A B (R RRAIE 2 — R ELAELIR
Ao MERATI L RS BENE A R0 8 H A B, fili 2
I e 14 St TR 422 30 s O fie R [ I PR — AR X fie
(AR, 12 v A TR R R 1 » 2 M Ml P i R4 5 T LA
PR AR BR AR TR A 55 A [ ) 52 T A A AL (1 )1 [
ST BURRE s SN B A 113000 4 B ST 240 A R (b o
R LA BB A B L 3X 536 3 A SR IR 45 AR -

AR SCHA I T AR R 55 A R RE A A AR
Af e AR L I T AR B 1000 2% b o i B il
1000 25 24 fiw fiee o8 i 75 10y sk ] JHC m 4] i fe R L 456
T ASGM BN ZREstR] , 88 J5 T H8 20 i fige B XoF 1 o
fiff BE B B 1E] o L, SRS AE R ANFK 4 PR . ASGM X
o PR ERR RS 7090~80%0 BT ] o DT &2 2% B ok
B FH R S AR ) s v A R i AT Bk ) &
Z= B, T ASGM 38 3 5 | AR BE 2 2) B TR A% 1 i 25
FE I FH B BT W38 o3 Sl AR AT R R4 7 i g R 24 i A
L, 2 g i [ o0 A o i 88 1) - i [ 5 il A A A
B A AR AR S R i e L, 295 694
R 2 P8 3 I i B o PR3 AT — o 5 i Bl
2 Pl A5 R S S5 ) I A R A /D T AR TR RS L 2
F70% 0 it LL ASGM % AT 550 I [ 75 A7 o fif B 1)
70%~80% , K 1 » ASGM 7 Ab FH A B AR K5 41 4 A
52 BRI, J 80 B A (R T B8O L BRI T 1R
Ko

®3 FHENBME EXREMEERE SRR LR

A AE WA TN AR S X RS SSIM( 4 ) L2loss (V) fR B RIPE B (ESCH(A )
2 i 0.37 209.18 0. 54
Fashion MNIST ey i
2 f5 0.81 77.50 0.70
20 i 0.44 65.59 0.63
MNIST AR A WT X
25 0.76 25.21 0.78
2 fh i 23.61 0.48
Swiss-P W —
wissThrot PRt 25 2.11 0.59
SEE R 2U i Ji (0 AR AR b R
d: = ]
'* . o ;
[} i
=g — - -
-0.1 0 0.1 0.2
SHAP value

[¥13  Fashion MNIST £z 4E [ 1924 fm 25 S8 7 191)

F4 FTHEIMEE MR EIEFREE R ENRLHR
G U i ik o R A T g 14 BT 7 I ) o L
Fashion MNIST 79.2%
MNIST 74.9%
Swiss-Prot 71.3%
5.4.2 VIRERAE  HURSAS E BE bR v A Y i A

AT i ROAD Pk B i) B B S50

FE AN JE AL Y fif R AR AR 1) R . RGBS
£E 2 1 1 5 . X AT-bench X LA H P14 75 31 B 52 i
B A SCE B LAGT H AR AR R FERE 0 SRy 5 a0 11 L
SX 5 R WL VE DR G o) i S il S N X
R AE R R AR IR, AR SO i 5. 4. 1 T B
A 1 TRRUNE B T 120 A R AUV B3 1) LS i g . S
5 i 3 )2 i R AL (MLP) . /£ MNIST Al
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T 52 ), 15 J& Remove and Debias(ROAD)™ J5
%o ROAD & ryARXT AR E SR e A T ARAH
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S, FRATT 50 1SR FHAS [ 0 TR 2 S A0, AR Fl 4K
Pt R A RURLAS N I B AR 1T 349 A B AR by o A £
B, L MNIST . Fashion MNIST il CIFAR10 %%
P B M), &1 %F MNIST ., Fashion MNIST %k 4 4 fifi
T 5. 4.2 i Biks A 2 4 . 78 CIFARLO 04 46
L FRATRA T PyTorch B 7 #2449 2 2 & HU 3 2
4 3 )2 B (CNND LI & Visual Transformer
(VT 3 S5 70 357 9 288 Sy A 2 M 119 U 2 ) A
R, B e AR R SR A0 L 3k BE AL S 2R
T A3 AR BT 50 K BEAR I H AR — B A
LN RE . SRS FIH DeepSHAP J7
PR BN TR EHE A 19 4% 2100 5K R 1 i, X 2
i RN P GBE TN 2Rl mAE 42, DI 2k og ) o ot
DR AE 3000 TR EUG AT g e, IF TR X L g B, S
HEAR R 2 1] (R R RE 5, B B DAAR il T
ROAD ZE 38 bR Al i AR AL AR G AR B, DA
B5UF ASGM 2R AR o AR SO 2 M AR AR B A4 A
(&1 2 [T 7R B BT X AR AN A 1 46 R -3 S R 5 -
HEAT S0 255 () a4 A5 R -0 4 BV AR e
HMBHEE NS )ZEZ 22U ERZE . R E
AN ] RS TR B ) 35 P 45 11 ] D R0 ot e ) il R A 7Y

B, BIVEE AR B0 0 A R RO L S B BR A
TR R AR R R 1 ISR T e M A T A
F R A fR Ry 3. SR INR SR .

x5 AEAEEBIZEM L%, HREBRESIREBEIRR
N EEE (L2 loss)
G TR R RRRS BRU S 0GB A
YR 2. 0e-04 1. 0e-04
CIFARI10 CNN B
2 6. 0e-05 6. 6e-05
. 2R 1.7¢-03 1. 2e-03
Fashion MNIST MLP
2 i J 9. 0e-04 1.0e-03
YA 6. 0e-04 4. 0e-04
MNIST MLP
2 it I 2. 0e-04 3. 0e-04
) 20 i iy 9. 2e-04 3. le-04
CIFARI10 ViT -
2 fiw J5 4. 6e-04 2. 3e-04
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22 [] ) BB 32T AR JEE DAIE B 10 2 o) 3] 1 A
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TE 1.3 5 M MAER LR 43 BN FE 3. 0<X10°.9. 0 X
10° Je 1. 5X 10" 4 it B, 3 /0 F b 7B f B% BT 75 14

1.5X10° 48 « X — 2& 5 7 Fashion MNIST
CIFARIO B a4 R FEAFELE

®6 AEMBAEEAFYEMFRETREARMEURTERELNE

sl

NIRRT R A 28 Yy e R R ARy )

3000 A P LHCH i i i BRSOV )

HAE Po | iR 1 3 5 1 3 5
origin and input  5.4e-02+2.0e-03  4.4e-02+8.0e-04 4.2e-02+6.0e-04 3.0e+03  9.0e+03 1.5e+04
MNIST MLP output 3.9e-0241.4e-03 3.4e-0241.1e-03 3.1e-0245.0e-04 3.0e+03 9.0e+03 1.5e+04
output-dropout 3. 7e-0241. 2e-03 3. 2e-02+9.0e-04 3.0e-02+5.0e-04 3.0e+03  9.0e+03 1.5e+04
origin and input 4. 2e-02+1.9e-03  3.9e¢-02+1.8e-03 3.8¢-02+1.8e-03 3.0e+03 9.0e+03 1.5e+04
Fashion MNIST MLP output 3.2e-0241.6e-03 3.9e-0241.3e-03 3.1e-0241.5e-03 3.0e+03 9.0e+03 1.5e+04
output-dropout 3. 1e-0241. 6e-03  2.8e-02+1.0e-03 2.9¢-02+1.4e-03 3.0e+03  9.0e+03 1.5e+04
origin and input 2. 8e-0142.3e-02  2.1e-01+2.3e-02 1.8¢-01+1.8e-02 3.0e+03 9.0e+03 1.5e+04
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Background

Model interpretability is a prominent topic in current deep
learning research, particularly the feature attribution explanation
of deep learning models. However, most studies on interpretable
methods concentrate on the explanation of a single model and do
not consider the specific implications of numerous models with
similar accuracy for different explanations of the same data. In
fact, research on how models influence attribute feature
attribution explanations has demonstrated that the indeterminacy
of deep learning models can negatively impact the credibility of
feature attribution explanations. For the same tasks and datasets,
there often exist deep learning models with similar performance
but drastically different explanations.

Reducing explanation uncertainty faces the following
challenges.

Firstly, selecting appropriate attribute feature

attribution  explanation methods to minimize explanation
uncertainty is essential. Secondly, balancing the impact of data
and models on feature attribution explanation is crucial. Lastly,

efficiently obtaining faithful and stable explanations using
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excellent model sets is a significant challenge.

To address these issues, this paper first proves that the
fluctuations of SHAP explanations have an upper bound under
data constraints based on the characteristic of SHAP explanation.
Furthermore, experiments demonstrate that SHAP explanations
are less impacted by model indeterminacy compared to other
interpretable methods.

In addition, this article argues that the impact of data and
models on explanation should be analyzed specifically based on
changes in the model and the purpose of explanation. Explanations
faithful to the data should ensure the stability of the explanation as
much as possible, while post hoc explanations faithful to the model
need to consider changes in the model. For the Rashomon effect
set with changes in model fixed variables or the Underspecification
set with different stochastic factors, this paper proposes a
framework called ASGM (Attribution Score Generation Method)
for inferring the explanation distribution of the overall model set

based on the feature attribution explanations of a small number of
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models. This framework conducts case-by-case discussions based
on different model sets. When the model set is a Rashomon effect
set or an Underspecification set, the explanations generated by the
framework vary accordingly, ensuring that the explanation is
faithful to the data or model set. Experiments on multiple datasets
demonstrate that ASGM is more efficient than existing methods

for obtaining feature attribution explanations on model sets.

Moreover, the framework can be used to predict explanation
consistency and is model-independent, making it applicable to most
models subject to indeterminacy.
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