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Model Uncertainty Measurement Based on Neuron Statistical Modeling and Analysis

LEI Ya-Jing
(School of Computer Science, Fudan University, Shanghai 200438, China)

Abstract: The uncertainty of neural networks reflects the predictive confidence of deep learning md’dei's, enabling timely
human intervention in unreliable decision-making, which is crucial for enhancing system safety. However, existing
measurement methods often require significant modifications to the mode'!l. or training process, leading to high
implementation complexity. To address this, this study proposes an uncertainty measurement approach utilizing neuron
statistical modeling and analysis with activation values within a sihgie forward propagation. An improved kernel density
estimation technology is employed to construet neuron activation distributions and stimulate neuron normal operating
range. Subsequently, a neighborhood-weighted density estimation method is utilized to calculate anomaly factors,
effectively qualifying deviations of test samples from neuron activation distribution. Finally, by statistically combining the
anomaly factors of each neuron, the cumulative anomaly factors of the sample provide a new perspective in assessing
model uncertainty. Experimental results across multiple public datasets and models visually demonstrate the significant
effectiveness of the proposed method in distinguishing between in-domain and out-of-domain samples through visualizing
feature maps. Moreover, the method exhibits exceptional performance in out-of-domain detection tasks, with AUROC
exceeding other methods across various experimental setups, validating its generality and effectiveness.
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3 SEERAHT

N T B UESE H BN E 1 B B AE A4S AFDU 196 AL
P, AR SCREUT — BB T, %5 5 RFIE B w0
1L B35k A FEAS K (out-of-domain detection) 145 1)
FARE, PEAG I T Y AN o VA R 1) e 8 TR AE X 4
N IS MRE AR 75 T PR R A SR B 2 4 A T U
8 AR AT S U0 U0 E, BOHE S LA MNTS T
CIFAR-10""1, FER2013™!, SVHN™, CIFAR-100“*,
R AR F1 4% LeNet!). VGG19%, Wide-ResNet-28-
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1011, USG5 HH R 242 (1 e

TERFAE B AT AL 2 B e, BT AV SR B4R AR |
0 o DR S 3 v T R A, T L A R e A
T S S5 A DG ) A X 3 B B AR AR R R . X R W
AR S5 e A R A R T Ak 3 A SR B I P AN
5E 1 X 15K,

TEAMEARRTMAT S5 h, R LLEE B FEARIE S
ML FIF AR S E T, NN FEARE R A
S G R DUZ S G R AR N X A SRR AR 1)
RERFR bR 8L, SLIR S B HARSCNEER —(15 L
(I VAN F6 b 45 SR A0 T B (0 A AN 1 e v P o 7 %,
AU ZAE 2 1) S P R A
3.1 $FEERRA S

T RN AR A SC AR 5 e P R E 2 g )

I FR AR B R AT 5E 1k, A SCREAT TORFAE R A4
Gt X AR AR 4 /R SR FE AN R i 42 s

i

A LTS B 59 R T 10 56 3

A5 SO U ST R TR A 252
I P, R PR 4 T A9 TR0 7 L B ) B4 i 4
TR, DK 5 W R T WU B B L, fls
LA P A 5 S A A 25 e 2 7
WO 2 5t 1 5 M 6 R 017 N
EE PR 16 791, /(25 4010 L S A B
ARAEAR B 2 6 LB (MK, B B 2 T 4T 3
S TR T E1 NS A0 PR PRI P8, S35
R T ¢ h 0 K sk e A e, L 36 TR P e, 2 0B
T - 33k o A LA e e 42 1 0 B 0 R i
P, #1R, FEIRARE AR I o, o TR A 1
S T b 10 0 (205 B 7 R AE U1 23 7 o 2 5 B
PR 56, 524 TR Tt K e L 35, LS
TR TR T, 980T T B A 1 A
.

FialE 2 S E

¥ IR %4 (B2 MNIST (LeNet)

g g

N2 B4 (F57): FashionMNIST (LeNet)

o
(=)
5% [HFH Anomaly factor

5 RPE IR 5 8T AT AL 23 B — LeNet LA MNIST-FashionMNIST 1 535 A 41l 0f

5 BRI RIET LI R B W R : LeNet #4
43 BI%E MNIST %4542 A1 FashionMNIST $ ¥ $£ 347
N5, 15 2 WIAS A 2R M TR ZRAs 28, I DAX 77 (4
VRSN NIRAMEAHEAT S256. MNIST 2 F 5 57 1 fd
PR BE M, T FashionMINIST & 58 52 2% (K o 7= i €]
B, W B T AN R R s ek, 24 i 18] 5
Je 2853 9 A MNIST AE 9 il 28R B 7 25 e 235 3]

20 %it+ZfiA Special Issue

98.37% ] LeNet #28Y, |2E0 40 sk A MHAFEAR, T
o A AN AR AR, Ho o 5l s T R G BUR Sk
JARFIERE. 7E MNIST #0448 EiIIZR1) LeNet #5554 i
TE AL 3T 5 B AR I SR H U B AN B 2 1, XA
SEAG AR B T I UE. M4 T IO A R oR, X T
MNIST FEAR, S5 DA 58 HA 1 IX S B O R i, 36 B A
TS I SO A P T G A o LA BE. AT, 4 [R] — R

© TEREBIK R

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

20244 55334 7

http://www.c-s-a.org.cn

i H AR SN A

AbFE FashionMNIST FEASET, RAE B fE 7R 12 2 AN A 1Y
WO, S DR 58 HA I X308 B R AR T L 2
01, 22 PR AERY 7E X R IR i 7 o %) PR BORE AT o SR
7~ B S AN E 1, 731 FashionMNIST E{% 5 A
IR () MNIST T 5 807 BB A R AL A B
72 S AE AT M I A A i HE B 0T B s a2

FashionMNIST %454 H T I1Z% LeNet 8, A4 [H 1)
BR IIRAN I SN FEAS, 3 TR FR) B RD i K
i T R 24 MINIST a4 A 3 AN AR I, Ak P
HR IR S S X I I R ) B R L SRR G
SR IA [FH 8 £ 2 18] B B0 22 7, R n A SCHR )
AN T 1 P HE SR AR A5 Akt X 233 A RIS AR

Ve T RIE R

W ZEE R S: (157): CIFAR-10 (VGG19)

JR g

T T RFAIE

FSO

L 40

T
o
(=}

[3=3
[=}
5% R T4 Anomaly factor

—
(=}

YIgRE k4 (B8): FER2013 (VGG19)

Bl 6 RE I B T AT RAL 4T, VGG19 BL CIFAR-10-SVHN 5 FER2013-SVHN {’Ej‘yizﬁﬁﬁ\vﬂﬁﬁﬁ

SR IE T B HHAE SL B M, K 6 2ELE B 445
PR R 506 25 B FE s b, A0l VGG19
FEE TR 43 0 6 B AN AN TR B B s R 34T T )1 Zk: CIFAR-10

IR FEUR B4R, BT 43 FHER 15 5 92.86%; FER2013. |

H A FERBARE, BUH S FAE Ny 73.03%. AT, (8
Al SVHIN A8 bR HCHE S g bt g Toigorms s
L SO S R, SR T (A 6 LA b,
L UL R AT (AT A0 L5 . ST,
TR SVHN B4M SR SR BRIV, 50 T (8 5
S8 4 A A B 5 14634 R D O S
S FEL, AR e R PR LA H
R SCHIMESRAE AR F 2 B SRS L3 AU %
BB A SE AT AT I, B 4 A
PRI 25 LR ), %375 V003 1R B R A
Lo TEHOT R I 50, 0SB I T S A R
) S8, 08 R .

T R AR, P AR 5 0 T R P 01 5

R S DX SR 0 2 DR T A 2, B 6
¢%%%g§%&&%¥ﬁ%%ﬁ%&ﬁd&%%ﬁ
TRk L A4 4 2 O A 2 B, L R 6 X

Rl 225 T T kR VR 50 R R A R A R

A, EAK VGG19 BAYHESE/E FER2013 4 &
SR B (AT A BEAS e, (H R TR 1 T AL A AR
RE B X 4338 P R MR AIE FE ) 22 S
3.2 HAMEREN

AR AR MIAT: 55 52 VPAR AR R AN o PR AR A 2
PRI BRI 37 . TR AR B A 38 B SRR, T
HHIX O P AR 2 i L HE 5 30 A R AR A SR A T P 8 v AN i
SE PERFAE, FEAE T i Rrde v e gint & WNARE A
IR R & & s Lt EA 2R HE TG, @z
WS R A SR AN 7 N & MR B G A
— ARG E. SR AR X 5 IR
S BRORE IR TR AN HE B 10 A RURE AR, T B8 IE A SC T 2
HH AN P SR 2 1 5k
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ARTGSIBG 1) 1 58 AL 4E: (1) LeNet A1 42 44 + MNIST
WZR%E + FashionMNIST AN EE; (2) VGG19 #E R
Ky + CIFAR-10 Il 254+ SVHN/CIFAR-100 35 4h
AE; (3) WRN-28-10 574424 + CIFAR )IIZ5k£E + SVHN/
CIFAR-100 $AMNIUALE; (4) VGG19 BiY4EH) + FER2013
WIZREE + SVHN BAM IR . 1% 5256 ¥ i A5 1 ] 22
FIUEA SCIR 7R @ . 8 (2). (3) IIHLEL
AT LA BT AR R R 4 L AN [RIASE 20 2R ) F) sl b A ) 1k
iR ZE S L (2). (4) R ECBURT BA g3 B A R B8
B+ M RIS A B A A N B A 45 R 22 . PP FiR
#5188 FH AUROC (area under the receiver operating
characteristic curve), 37~/ R BI{E A8 1E 7 [X 35k
W AMEA I RE T, BUEE B 01, fH B R A5 A Y
WUl e TRk i

ASCAT LAY 1Y) Softmax @ HE A & RN &
PERIFEAETT X, IR S LJT%%E@Z%I‘%&TELUH%EW&
T 7 EAT 6 B T B 045 Energy-based”™. DDU!™,
DUQ"*!, SNGP"*, 5-Ensemble, A VU J& T B 5 1t
Tiik, JE & T B RTAN e VDAl R R A B TS
.. Energy-based B LAAR 2 H—4L (1) Softmax %5 FEAE
RN e 1, B 5 fE — J2 25 AR HE ) LogSumExp.
DDU H A = R & e e Ja — Z B Mt By g
IR AT, MR R B A AR DUQ AT SNGP
3 99 G NAZ: i) ik B 50 vy S8 R ey S L SR ke 4 R,
DUQ A At v #E 25 2 S A R AN 52 1, SNGP LAl
J1E N E G bR, 5-Ensemble i F 5 AN R4 2% 41 i i 4
FSABE TR TN AR A1 DA R ANl A1 ) 2

1 T NG MNIST 5 [ (R0 i

LeNet 7EBUAMRE Aok AT 4 05 BG4 3, K 2 W
5 ¢ LB B2 FE 0 5 MO R 0 £ 92 56
L 5L F R o S B R T A B 4
KU DA% BB 4 LY AUROC 408 2%
SR, A SCHR 1 AFDU 75 R B 5 2 HE Tl £
IR, 5T R 3 SR 3 G i, B
S5 4 SMREAS U B RG22 51, AUROC PP EBRAEL T 7
BRI, JEREE T 1. S5 B E A SCHE thHE e
AFDU {9 35 H: B K 75 45 B A e S B B 24 o )
vz & . R4S 5-Ensemble J7VERVE B 22 T i A
AL 45 e b0 0 B 1A, (EL L 52 7 VA
T LI MR O T A R i e R, )

22 HieZFIR Special Issue

RFFERFFE R = I KF . R, A SCH ) AFDU
£ AUROC PF b5 BRI T 5-Ensemble £
BT, 22 AR SCAR A SR AE LR AE SR A R O3 S VR
(R TR, e B v RO RAS AN o P

1 AMEAKT I E T bR 25 S L (MNIST+LeNet)(%)

. " , AUROC
Jiik B e KU )
(FashionMNIST)
Softmax Softmax/fj 95.46
Logits
Energy-based 95.84
LogSumExp
. 98.37 |
DDU GMM%Z % 98.67
KDE+! >
AFDU (&32) 99.94
SEET
| | N
DUQ Wit HEE B 97.86 96.35
SNGP TR 98.51 97.18
5-Ensemble A R TIU A 98.94 98.82

2 FE T CIFAR-10 #4411 S50, {5 FH AN [A] AR
RIBF] VGG19 Fil WRN-28-10, M8 %A AH o€ 1
BRI . SR as BRI, AR SCHE ) AFDU
ANHE L B AHESEAE AUROC 4848 ORI _E Sy ad
i 771%, FEAN[R] PRI o A e v TR 38 A SRR AR,
HAE VGG19 MRk R, 75 HAh 777 AUROC
ffa ks R BETE 90% M5 UL T, AFDU 13 fig ik 28 it
96% [fI7K-F-. E4X DDU 7E WRN-28-10 IR I - tH#E
BN 1) AUROC fH, {HAZTE VGG19 [FRILZE 58 A
B, XA T DDU J7 % 2 RHR 5 (feature collapse)
(BRI, 75 ZETEAGLAY G| N e 280 2 1% ) .

% 2 BT VGG IO B 192, LR AR R MR
4 CIFAR-10 H /R B4R FER2013 Ao 15 B4 1%
B S0 4 L JR R AR SCHR HA AT AFDU A 22 1 8 B
ZRTEAN [F) A 11 UG s 2 38 REA RUIX A0 S I FE AR
IS SMEAR, HAEPIDHHE 4 EIY AUROC 4845 #R1E
BT RA JTETR R AR, P RE TR M AE SR AE
AN TR ECHE S5 1) 3 FH e R I

FERN S MTREAS I 5% Go it B, VE s Bk b pE
AR GE R B TR A AR, A E) 10 A

HMEALERLTY 22 Bk 2 o b R0E (2 W1 B AW e A
HBaE A, FERE SRR ERT. 52, #
A H G BRI TR S R 2 A1 ) O B AR
JE, Jse PR ASE AR [ Xk R o0 50 B AR AN B S V7K 3K — o
ABUISE T AT 3 A A, A0 A YU AN
E~ ISR A R
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22 IRAMEAK I E B R kR4 B LR (CIFAR-10/FER2013+VGG19/WRN-28-10)(%)

DI (BUR) ik BB a s SFMTE  AUROC (SVHN) AUROC
(CIFAR-100)
Softmax Softmax /i 86.33 83.68
Energy-based Logits LogSumExp 85.46 83.87
DDU GMM % & 92.86 90.07 87.54
CIFAR-10 (VGG19) AFDU (F30) KDE + ¥ HF 97.31 96.58
DUQ R A T BE B 92.24 88.97 84.06
SNGP o0 A 93.51 87.55 85.21
5-Ensemble A& TR A6 94.27 93.43 90.36
Softmax Softmax /i 94.51 \ 89.24
Energy-based Logits LogSumExp 94.86 \ 89.32
DDU GMM% 964 L9176 ¢ 9147
CIFAR-10 (WRN-28-10) AFDU (&30) KDE + R HF 1 99.17 98.86
DUQ Refili v B 94178 5 94.86 88.43
SNGP o0 A L 9556 95.20 91.05
5-Ensemble S FRCTIIN A " 9653 97.23 93.01
Softmax Softmax 89.83 —
Energy-based Logits LogSumExp 90.94 —
FER2013 (VGG19) pDU GMM % Ji 7303 96.22 —
 AEDU (&30 KDE + R EET 98.47 —
g ¥ 5-Ensemble B8 R TI i 75.12 95.16 —

4 #Zwh5EE DO 2% B0 AL AT, oS3 v ik S A 5 MR TH 6 4

AT XA FE 2 SIS i T 3 W R ARG 3
BURFATIE . A% 2 BEOR iy UM FH 32 BR A ) 7,
SRR — T B L TR 22 U g T R T AN E 1
JE BT ik T RE S AE DR AL B AR TN AT 55 v 1 E I
HTBE N, Jo e B O R S5 Hy B SR I R, v 2 L HE B
AR TR AN G 58 1. TZHE 2R e o 2 TS IS 0 AT M AN S
WA U SO D R, R R AR R
Ge ik & DU 9B ANE € VE O B R AR bR, S B AR A

P S0t AR 3 LA THBOR, 2 9m WI ZRPEAAE R 2 T

VAL BV E A0 AR, A I 4 A 5 N AR AL
B A O S D, R B DR R
SR AR R S T s B, AT AR R S A T
TE X 43358, g A1 AR5 THT 4 2 2 260 R 1 S R AT %
o, AR SO H T R AE 2 RS U T M A 5 R A
ELA 7 125, i AR SC 7 V5 138 P e R e . R SRR 50
TR — 5 PR 2R SO AT TR T 5T 2 9 5
[P R AR, A 8 BUR LA I AR R (1) 34
TR TC 1A [ 42 2 SR SR B 2 0 A A A A
T 2 AR LS (L, R S e B 20 T R
WO A A T R RE A 20 T AV 2R 1 R B (2)
$RTF: R 5 H Al T A HL, A SR i AR T
TEAit RO S0 500 RS R, (ELZE S P o, T

T 7S HE A (3) 15 UM FH - K AR SCHR U PR ANk i 1K
JEE B iR 8 B 5 22 400, T B AR A B AR AT
55, WAL AN VAR A [R5 Hh 38 AR AN R

sEvE | |
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