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<Problems with low-coverage DNN tests>

c TURLRT AL L KR LTIER S, £ DRlE - RS EVPBII S 1255,
b L. REFBIZRKHOTONEma—a U BRWEERT [H ] L3> THRIIT 572613,
ETud X 5 RRWEROEZIEL < #A3 5 RN S WIZL 202D 56T,
WHEOT A MTIEAREINDTEA S,

[3 OVERVIEW)

X5 I ATRATAONE T T —
TEIZRD AN = [TRA M4 DDNN] - Hh&PREIEO =2 —o v osl
— [ERbL —a—o UEEROR KL Z HEEIZ, R ER-$ 5 X 9 iz k]
— EREHGETIADERDN

X6 I HLOBEBODNNBERRLSHNZT DX IRAN
() EEODNNMIT T LRI 61 (b) MH] & TH] &R 5014 561

* VAT AR —FHTODNNRPHELEEHT Stz R L. 5D D NN AIEe: 2
RMET DL AN ZETR LT, ZOODNNIRRDLFERZNT L S ITHAAD.

* VAT L WRBOANEE= 2 — o 2 LT
TEBEILLDoa—u 2T 52 L 2ilAH D

K7 ILERDANPOHRKLT, ZR2LELTTAMANZREMT XS 2 E D L5

(4 METHODOLOGY]
[4.1 Definitions)
<Neuron coverage>
c—a—u iR LIX. BAANXITELT
Bz hERLEma—u L 0%E, 2=a—a L THl - {E

<Gradient>

s yiE EEO=a—u VLT, NFA—Z 0DEMTTOAT xITHT 5T

« N f OFHRIE. ERTORE» DA ZHCTHAEL, HEOBE~OH LT3
MEGIE. yOWIE. ANEETHE S HOEBDES N,
vetihdd=a—uroiE (hibE. hE) »56

AN X 22T W= ANBERIZES [REBAOMEE | »OitHET5 (?)

[4.2 DeepXplore algorithm)
T A MEFOHMWX, THIFE?] & Tma—u U HEEE] ORIk



<Maximizing differential behaviors>
cHEEOT AR BEODNNITH LT, BARD5BITRD AN z2EL
- nfMODNNZX 5L LT, kHFRHDODNNIE, F kOt $4bbH,
AN LT, HDTFANEHINT DHERZRTRXT bAzihd b, &95
* TAMANERTNVITY XA
AL, kFHE § FHODNND LD x T T, BIBREBOH N & T5/87 A —4%
<Maximizing neuron coverage>
WL TRV 2 —u U Z2EHET S K S ICA N 2RI LT, MERZRAIET S
XIAAY b IEWEDXDBIED X LRIRD 7 T A {HPEN LT 2 bOZERNT L,
MR« HERIICHBERUP AWM TEDE VS T Eh?
TELEHEEL TRV 2 — 0 Y EREMES R DA N ZAENT HT ATV AL TR,
<Joint optimization>
<Domain-specific constraints>
<Hyperparameters in Algorithm 1>

(5 IMPLEMENTATION]

[6 EXPERIMENTAL SETUP]
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<Neuron coverage vs. code coverage >
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<Effect of neuron coverage on the difference-inducing inputs found by DeepXplore>
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