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Abstract : Effective fault diagnosis is a key link in ensuring the safe and stable operation of industrial processes and equipment.
Currently, China is undergoing a pivotal transition from an industrial powerhouse to an industrial leader. During this process, smart
manufacturing, characterized by digitalization and intelligence, is accelerating, serving as a key support for industrial transformation and
upgrading. As intelligent manufacturing advances, industrial processes are becoming increasingly complex, and fault types are becoming
more diverse, which imposes higher demands on diagnosis methods. Conventional supervised learning-based fault diagnosis methods
depend heavily on substantial labeled samples to train models, focusing on classifying faults that have encountered during training ( seen
faults) . In real scenarios, industrial fault diagnosis often faces challenges such as incomplete fault categories and significant distribution
discrepancies. Zero-sample fault diagnosis, which can diagnose unseen fault types without target fault training samples, has emerged as
a crucial research direction to address these issues. First, zero-shot scenarios are categorized into traditional and generalized zero-shot
settings. After reviewing the development of industrial fault diagnosis techniques, the concepts and connotation of traditional and
generalized zero-sample fault diagnosis are combed, and their differences are clarified from conventional methods. Second, the current

research on zero-shot fault diagnosis is systematically surveyed from perspectives such as auxiliary knowledge construction,
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methodological implementation, and application scenarios. Furthermore, key challenges and potential research extensions are discussed

for existing approaches. Finally, representative datasets and open-source code are compiled, while future trends and challenges are

outlined to provide theoretical references and technical support for zero-sample fault diagnosis.

Keywords ; industrial fault diagnosis; zero-shot scenarios; traditional zero-sample diagnosis; generalized zero-sample diagnosis; auxiliary

knowledge construction
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Fig.4 A view of traditional zero-sample fault diagnosis
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Fig. 5 A view of generalized zero-sample fault diagnosis
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HAREERTEM H84r, f6b5 H, 5 M T8 5 )y e AE Al
D B A DL e 2 (R A R R, Y — 2Rt
FEAwIA S H, B 23 B EREAR, T H, W4t 7 —Fh2x
G NS PE RIS 1 HBUE B, W7 AT DL Rk
WK Z R Az W r s . HowE L= (4) ~ (5) fis,

2 X ace, X acc,
H, :—acc‘ + ace, x 100% (4)
b, = acc, X Q, + acc, X Q,
Q, +0,

H, 0,5 Q, /5l F R AL ] LSRR R A

5 R WA AR AR Y B

x 100% (5)

3 FEHARYEISEHTRIRK

AT NI T REAR 27 ) 1 BRI JAT 55 Hh A, 51
FTREAT LW, I 4512 T L T i B Al Bl R
W S B EREAR G A 73 A SRR ARG SR
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| ) VA i S N
' ) )/ :

g i DI

1 I"‘
i
W
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Fig. 6 A famous zero-shot learning example of

zebra recognition
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TR LA 0 AR DL R e e
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B SUAF A B RS R M B AT B
e GRS Uk, 1] [o) 4832 T 7 220 i 2 531 =2 [) )
SURFFEGIASNFRRR —ME T, K 7 fis,
7] i) B 7 Y A e R A VBRI 3 — A g 4 SO (] A
T SCRHE AT AE ) 6 25 [] v A AL 2
SCA (G ) BB
) M ER A% 5
o @ Wt No Yes Yes No
4 W ) #»K No No Yes No
f Q W %4 No Yes No No

) “ KE No Yes No Yes
T X HZ Yes Yes Yes Yes

K7 SORBE AR

Fig. 7 Vectorized representation of text
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SCRYFEAT R, X T Tl 3757 T B HEA - S 4 55,
PRI SE R RETE ] W26 R WL BB 2 (BT 4%, OF A
B S B A (3 A B BRI ZEEA TR
FRIURE | 1 FE AT OGTE AT WL R WL YRR AR B, a0
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Fig. 8 Fault semantic attribute matrix
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Fig. 9  Fault composition for compound faults
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o 0) . I FE U T 0 AR A R LS R AR
BB IR AR B (D (x) — 1) FVEHREA
(D(G(2)) —0) MITEHIA MR, A 2 AIH 8 1
AL BRI (6) ~ (7) B,

minE._, ., [log(1 - D(6(2))) ] (6)
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Fig. 10 Traditional zero-sample fault diagnosis methods
max(E,_, . [logD(x)] +
E._, . [og(1 = D(6(2))]) (7

Hr, 6(z) Fom 5 BB I A AL AP AEAS 2 2
IR (U3 A p. (=) ) RAFAYMEFS [

Az T 25 N e A AT R R KT

m(,jn mDaxV(D,G) = Ewnd(,.d(x) [logD(x) ] +
E._,o [log(1 = D(6(2)))] (8)

WA AZREEAL G F D, Fe B AR R AR ST p, ()
18T LSRR M p (%) o

Lyu 557 PR T —FR A B A XL 25 0 A i
#% ( conditional adversarial denoising autoencoder, CADAE) |
T EREATLE 5328, %7 EAE GAN 1A 51 A %
T g K AREAS IS O s [ e ek, AT 2 T 1 280
A U Z2 REPE R Gr RRE BE . Zhuo 55 FEREAS A2 it
PR AR R VR S LA 5 AR ORE A 1 22 B 1 0 H)
SVE, SCELT BREAR A/ NREAR Y SR B 2] 512
Xu ZEUTHEH T —Fh L T AR S A & (label information
vector, LIV) AR Z G2 W ik, i H
B2 B A SR o R R BRSO, I LAy
S R, ) FH A IO P90 465 A i S AR Y PR AR A DA
T SR A WL AR Gl ) A R, AR, 3207 1 AR R A
A MG AT RE—E A, S B AR R AR 1) B AT A7
TFE—ERR. Xu S8 BT E Y Wasserstein GAN PR
Pt TR0 SO 5 0 AR AR G AR S i
WO 207 B o 2T R S R AR I 22 ] Y

W SC R AR T S A S O REAS | 20 fd v TR ALY
WERE. Wang 551 7R H ARG IR 45 ] — 2
BURTHE T, B2 01— ol 5 7 S R 8 2 o A X i o 8%
(sparsity-constrained GAN, SC-GAN)) B ZFHEA il 212 W 5
o O g HER S 5 RRR S Z 1R Y 2 51 5C
FRBRY AR G TR O AE  R R  OF A A 1T
S HOR AR TO0 S B AR A0 Z 18] 1 SCHR M, DA i 4
THB 00 N RSB ERE . Liao %™ 421 T —FhJa t
— A R BT M 4% ( attribute-consistent generative
adversarial network with feature genera-tion, ACGAN-FG) , H.
Fr RUFHYREAE GRE T, W TS R FE A 5 B
W, AN, Tl SCER B AR B R 4% (cyde-consistent
generating network based on semantic distance, CycleGAN-
SD) 1O L A B R A AR TR A R ST AL
HIFREAR T HL B2 W, Shao % BT T — Fh il &
GAN 5 VAE 81 Ja P — SUPERFE 2 i 46, 76 A i
PR g AJEYE— P 2 ML LA SRS T I8 PR 15 2 A R AE
ARG R — B 29 A DR A ORI R 8 E A R A
HORE R A SO T 3k AR B 7 200 A BURE AR A TR AIE
et AT RART L 7RSI S AT 55 R R I RE
BEAI , BE T4 OB O 3 T Ay PSR 15 B B 4
P L BN T SR FEAS R W b,
RRAL A% O A T ) AR 2 o0 18 0 Ak B A2 2 Tl K
I, HA AR AR T A P 5 T . — T TR 2 0
o T~ LRI iy o] TE R REA TR 2 3 A, R L SR
a5 RO ) 22 SR PN 5 53— D7 TN TE AR AR 2 T
F ™ B 1 25 8 A URE 1, S e o 1) B A5 =X A
ZREAL B 3G SR A 4N, R R S B ) 4%
( diffusion-enhanced dual-domain adversarial network
DEDDAN ) %" Fi] 4™ Ui 70k 5 £ B R 14y e o P15 4
I, IFE5 G B IR H BRI SRR & | TR AT 2 K sk
HIRLIRAVESh 7% E 2L T 95. 71% A ZREA B 512 1B v Af
A FHR G| S8 K Y BB (knowledge guided
mega-trend diffusion, KG-MTD) """ 5 451 5 HITH 4 4k, 6
I MEAUBIR AR, /b 1 XA BR LSRR A (R RO, S B T
A T R G B REAR T RS W, T Wy B RL {7 L
BRI P12 W7 D7 2 A2 AR R A A RE S 1 e S 502
AT RIS ) PSR | 308 2ok 0 o 3 A A U R DL 1Y
P FREAS | DT 5 A L S5 50 Ok I 22 B s Y 43
B 2R A 3K Bl i T AR A T B 12 U7 5 (digital twin-
driven zero-shot transfer diagnosis, DTD-ZSTD ) [108] g 1 7
FEPLIL SRR il Rl =R TS | RE NS AE TC T W) B A
HITEOL T SCHLMER 2B, P3E B BE R A £ A
45 % % ( physics-informed attention-aided multiple autoen-
coder, PI-AMAE ) "' 57 1 = 2 2 0 6 -l -l R R 48
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BRI n] DB | o > B 04 B8l 23 A b SR AT 15 Al
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Table 2 Summary of generative traditional zero-sample industrial fault diagnosis methods

VRS FER Wy HWBER IAZERoE S Tk ace,/% RIS
CADAE™! 2020 i SR MEAERE MR T -AEE SORA TR >95
) WHE RS 85.28
AN i SRR 8T e 1 AR
FAGAN 2021 SR MEAE R R P TS T P s ] ) A R 65.01
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S HIAR EFEA, H 5
3 WE RS ) 68. 37 ’
CAN  ACGAN-FGI™ 2025 iff SUR AN ff; Ii & R — B AL G g0 PLELU,
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23[R Z (Al B A R i B AL 2 01 w4, A T e
SRR F IR DA SRRt S P, MATI A A A AT G
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( semantic-consistent embedding, SCE) , il i3 2% > i BEFEAS
55 ) ek 22 ) ) 1 SC— S B, ST A T A ]
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THIRMA RGBS Wi R HE T . Zhang %51 BT
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Wiy ¥ (fuzzy hierarchical zero-shot learning , FHZSL) 14>
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XEAR DL R RN 5 02 . 13807k H T Z N T
TR 1 &2 A B2 Wi AT 55, 4, Xing 45121 42
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Table 3 Summary of embedded traditional zero-sample industrial fault diagnosis methods
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Table 4 Summary of generalized zero-sample industrial fault diagnosis methods
Ik IR A B B INAzERGE 3 DTk Hy/% Pl g
CVAE[™ 2021 B TR B YR T GZSL 1Ry 27 36. 40
A HEE R T A3 A A S AT RS 36.72
ICMR-VAE®) 2023 i B4 e
DSECMR-VAE R b Tadfe Y VAR, & T 8n 42.05
Kss! 1) 2023 ESUBRTEAERE LT AR 2 3 R S (1) T S AR R 2 fif ol i 7% 50. 07 e AR
ce ’ Tl 3B
. b Tad#e PR BT R PR E 52.20 R4 1 pa A
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