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Diffusion-model-guided Root Cause Analysis
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YANG Wen-Jing', WANG Ji'

'(College of Computer Science, National University of Defense Technology, Changsha 410073, China)
*(Department of Information Security, Naval University of Engineering, Wuhan 430033, China)

Abstract: Root cause analysis refers to identifying the underlying factors that lead to abnormal failures in complex systems. Causal-based
backward reasoning methods, founded on structural causal models, are among the optimal approaches for implementing root cause analysis.
Most current causality-driven root cause analysis methods require the prior discovery of the causal structure from data as a prerequisite,
making the effectiveness of the analysis heavily dependent on the success of this causal discovery task. Recently, score function-based
intervention identification has gained significant attention. By comparing the variance of score function derivatives before and after

interventions, this approach detects the set of intervened variables, showing potential to overcome the constraints of causal discovery in
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root cause analysis. However, mainstream score function-based intervention identification is often limited by the score function estimation
step. The analytical solutions used in existing methods struggle to effectively model the real distribution of high-dimensional complex data.
In light of recent advances in data generation, this study proposes a diffusion model-guided root cause analysis strategy. Specifically, the
proposed method first estimates the score functions corresponding to data distributions before and after the anomaly using diffusion
models. It then identifies the set of root cause variables by observing the variance of the first-order derivatives of the overall score
function after weighted fusion. Furthermore, to solve the issue of computational overhead raised by the pruning operation, an acceleration
strategy is proposed to estimate the score function from the initially trained diffusion model, avoiding the re-training cost of the diffusion
model after each pruning operation. Experimental results on simulated and real-world datasets demonstrate that the proposed method
accurately identifies the set of root cause variables. Furthermore, ablation studies show that the guidance provided by the diffusion model
is critical to the improved performance.

Key words: root cause analysis (RCA); diffusion model; structural causal model (SCM)
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3.2 BT BuRBHERIERE(E T

B3I 22 1 o420 v[aa)((x’] = 0, TS A B B SR 7 2 T DL TSR 1543 R ROkt A

1 B 0 6 7 Varx[ag}g()] = Vary|H(logp (0),,]. . H(log p (v),, s ARAERE A 1 7E 5. LU, A0
St B BB AS B4 4 2, 5 B 530 0 45 4 A2 S R F543 B8 SE R 10 . L0
R, S TR A A0 B 5, (X) B 5 (X) DAL o (X) 30 ARAEEIE 0 4B — R0, 2 PS4 3
RIS BB i i 5, 060 (978 5 B2 JE°F-5 0B 97728, DDIM AL F AR 258 (2) 77 B — 254 v
argmin 2 Eyy o [tru,sg @)+ 35 (x)i], L 5, () F B 45 B s, (o) HORERT LR, T tr Fo B0

FERITE. 55T J.s (x) FITFE A I ZhpI it & &, A Sciid 51 N 2815 73 ULEE (denoising score matching,
DSM)P* Bk — 5 A HETT ELAE R, B SRE, A SC@ i i R0 /MR B AR B g, (R1x) ~ N (% x, 021) FRIEEHE 2>

Al W & B A 7T LLRIEN g, (%) = fq(r (X12)* paaia () dox. BE— 2530, ULERIRAN IR 75 2 /N, TE 2
4o (%) % paua (), HETT AT AR BN A0 BB AL R I

1 - -
arg l’nﬁll’l EEKI(Y(-’?\X)IM;.M(X) [SB ()C) - Vi’ 10g 4o (x|x)§] .
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4T DDIM A B i if UG HCAS 73 R BOR BEAT R A6 7040 (9 &, A SCE A @22 DDIM I ZR R, 78 HHER Y
BUfli 5 20523 B EUK) B S PR AT X BLEARFEFE TR 1 H(log p (1)), ~ Jose(x) ;- (HASEE R, H
TN BRI T DSM [R5 ik, TG HERT ELAR R (R At v R 75 SR HEER B BUfi— ICRIAT. 2R, 25T iISCAN Hfigth
e SR 22 3K (3) 7 B B HE SLFAFAE T G M G 1719 s, BRI BT B Jim B R T B A 10 £ T A2 A
AEAZ RO BRI R SRR AR 70 B 26T LR 2508, AT N R 1 — b ey 749 R BT R A 3R
W, A A5 U T 1) e B s Al T A AR B 7T L2 AL B — IR BT R A 2SS A .

3.3 HRAIEHEREESHMAIT

d
T 56, FT DAG X R EE 7 A v DA P(X) = HP(Xj | Pa;) —FEBEAT 73 fiff, BT 50 X, AT A5 1 il
i BOFE R 749 n A, IR A00 X, iﬁﬁ)ﬁﬁ‘liﬁiﬁﬁ?ﬁj%ugf’ﬁﬂl]?.
5138 3. BYRA A0 X X, BB IR A A i R Rk
p(x,k) = l_ld P(X,Paj)

Jeld\k

HET, ASCHES: W, AT DA T ARG 40 A (7343 B AR s (x) = logp (x) € R SKHE T H BT K J5 6 & 43 A 1945 95 1R
B s(x) =logp(xy) € RE1.

SITE 4. ZEERIE. SRS B AR 7 R ECE I F RIE K R

6= 5,0 —5,(x) = _afl (Pa;) dlogp™ (X, —f,(Pa,))’
; X, X

Ho, 6, 3878 s (x) s (x ) TR & j ERIZE (e [d1\k).

UEHA: B4, BB ANM 25T s (x) Al s; (o) RIA:

i dlog p" (X; - f;(Pa,)) dfi(Pa;) dlog p" (X; - f;(Pa;))
s;(x) = ax, ~ Ziech(x;) ox, X
_ dlogp" (X; - f;(Pa;)) af;(Pa;) dlog p" (X; - f; (Pay))
8;(x) = X - Zi;ez,iem(x,) X X

piibuR N ACIEVEE £ E

_ dfi (Pa;) Ologp™ (X - fi (Pay))

0=""5x, X

EEE.

TEHE 1 IEARARE H (s (00) AR 50X, BYBCRT R 75 R SR R, B 6, = (6,04, ,, LI AT DA RIA
R

H, (logp (x))

8¢ =V, logp (x)- .
‘ 8P . (logp (1)

IEEA: R AR R E Y BT
H,;(s(x) = % [V, logp(x)]

_ Flogp™ (X, — fi (Pay)) d(x— fi (Pay))

ox? dx;
4 Flogp™ (X — fi (Pay) d(fi(Pay))
ox? dxj ’

KT kR A, TR R AP 3 R8N

dlogp™ (X, — fi (Pay))

V., logp(x) = X
k

BET, 4 j =k, AT 3
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4] &logp™ (X, — fi (P d(fi (P
a5 = (7 logpo] = P08 =P AP
k k
_ logp™ (X — fi (Pay))
- ox? '
e, BB G U DB E T RE:
Flogp™ (Xi = fi (Pay)) d(fi (Pay)) dlogp™ (X, — fi (Pay))

Hij(s(x)-Vys(x) _ ox? dx; X
Hii(s(x) - logp™ (X — fi (Pay))
ox?
_ Ologp™ (X, - fi (Pay)) . d(fi (Pay) _ -5,
- X dx; "

.
b R A A, AE W 00 B e T T U A RORP SO T L T LS B T 43 4
SIBIHER 40 R,
34 EFUHENORERIE S
S5 3.0 A1 3.3 Fof (TG FE, AT R | 4 A O A 5 1 SR B, e BT
(KIS AR TR 57, 7556, 2658 3.1 7 eb Ay MR B, — SR AS (1 AR 507 S0 2 L B 7
HCHSE 8 4 5 RS RO 202 B OB B, 0300 1 B,

BE 1 IS8R 22 B AR IR 43 #T (direct alternative root-cause analysis, DARCA).

BN TR AT R R X = (X AT XE = (X, FIRR I 2 B O RL M, Mo AT M, BIME ¢
LW T =[], S = 2.
T +0:
2. TR X7 EVNZR M, ST -G 508 23 A 1 AR HE B (0 A 1
H(log p(x));; = Jso(x) -
3. 7E X2y FXE - E A BN M A MG, SR A ER SEAR 5 ARE I 4 B 181
H'(logp(x));; = J.s5(x);,
{ H(log p(x)),, ~ Jusi(x);;
4 MRPE 5 2 AT (3) BIEE | AR, 75 203 R 7 s Ak T

L = argmin Score (j),

JelanT
HA, Score(j) = Jo55(x);;+ Jes(x); ;-
5.7 =T\{L}.
6. MR4E 512 2 a3 (3) R 2 2SR, W3R Jse(x);; < 1, ABA
S =S U{L}.
i S.

2) HE TSI T BRAEAR S ¢, FIRURE R Hh R A [ 45 s AR 98 5 20 A v A 75 R T TR

R, 13 I SO A [ 2 ) g R BB ) B A0k, VR 2 AL R A 749 3 LR B Xy, X2
Xeo o LN SR B M, My A MG, T2 S0 IR R A 1 2 At o o7 3 s 0 ) 38 i 346
BET 3 B A S I A ARG AT br. T4 3.3 T rh S Hh 0 B 1, A SO I i 2 57 BT AR - BT A A
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o B ECE S, I R E R — R B R B AT HE 3 BT RE (15 73 B R AR R

= stéi(x)r

5 =— Bty

t SH(X)L ste(x)L,L

o stn(-x)r

8 = —sp(x), - = 4
T @
>y str(-x)r

5 = —so(x), - —L

¢ T Tuss(0)L

o, rpy RO HERT HAERE ISR LAT, T 55000, A1 Jos0(x),, BRREAR R 2T RIR R, At 32 A5 AR R 7
Brsiik 5% 2). IX ELEE 2 55 6 AT A7 78 1A 2 SRAEAT 1 28 I 46 HE mT LA R AR T 55 (AR SR functorch
S IR TR A v 8 B ).

B% 2. ARALRAS AR K 4T (optimized diffusion-guided root-cause analysis, ODRCA).
N E KA EEARE X0 = (X B Xe = (Xeiyr, IR 73 Bl SO M, Mo FI MG, BIE ¢
LW T =[d], S = 2.
2. FEER X7 LR M, SEEUN TR -G B0 50 A0 M AR R R Ak 11

H(logp(x))j’j =~ Josy(x); ;-
3. AE X A X SN My A M, SEBIUR PR IR S RO AR B ol (A 7

H'(logp (x)),; = Jes5(x);,

{ He(logp(x)),; ~ J,s5(x),;

4. 8T +02:

SORRHESIEE 3. BIFE 4 ity A S S BT AL S BT 959 43 B EL

6. T A B T RS 8RS (AT ELAERE TN s, (x), JNT 57 () FJUNT 56 ()
7ARHE S HE 2 A (3) B 1 ARSI, 45 B3 [ A i S A

L = argminScore (),

JeldNT
Fr, Score (j) = J\T s3(x);; + JIT s6(x) -
8. T =T\{L}.
9. iRAE G B 2 A (3) B 2 2R, iR ST s (x) ;< 1, A4
S =S UL}
fih: S

3.5 BREDH

WIZRA AR E: 7, 4SO ODRCA 77 M BOB R WG AR R 52 100 7 35 2 PR B T, TR
RIS P R AR UCHORE %, B0 LT SO BT, 25 T VIR0t e VKU L 00 97 BOH R 51 9 B A
MR I B A TS AT A R 2R P A8 L 2080090 L BCBERL 21 ke 76 MO 965, AL, K
511 5 28 SR A B FRE L, B O .

HUR 52 78 A i : — EL BOBOR e RI0T, T80T 1B B AR B, AT 6 RN 740 2 T
i AR 252, BN TR 2 0 YA FLk, OB BE 71005 B KT 5937 s SR, %
B 19 T B SRR A0 B T T LSRR B 3 (71) 0k, LUSHE BT 210 O d) Wi 51, Bk 11
SRR O(n+ Y dx Gi+3(d—0)) = O(n+3a). BT B, WAL AREATFE AR RANE KR, HEA I O (r)
(17 ST AT BB T e ST, TR B T 9 IR S AT ALK 57 (AR 1.
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4 WA

KRN E T ARSCGEEFFN 3 A8 S8BT 0B S AV bR e, SR 5 1T SE a0t A ST ¥ 5 kAT
IR FEAT S8 45 RREAT BT i ig.
4.1 FARE

N T PP TR T ORI 5] 2 AR R 43 M s, B DARCA FIHARALSE A ODRCA M R RIRR, A3
1 S0 oy A rp T [ R T 4 AN 1] L

® RQI: A2 H ) DARCA 1 ODRCA 7592 8675 v it iR )t AR BRI AF B 45 42

® RQ2: AT i) DARCA F1 ODRCA 771/ 75 1E T ] K 5 A A HHis 1) B SEAR DA 43 A 1o 1 L 4 e |
A B AL A2

© RQ3: ASCHTH H (1 JC 75 BTAL (k1 SRE 7E AR BE BRI (B B SR R AR B A & /N AR R (4 40 e ?

© RQ4: AR SCHT RIS o0 e i A 7 i 75 2 S5 00 817 Yo 6 T v A i P M 7 AR 1) R B2
42 IGHIEE

AR 3 T BT A B AN LS (R W R 5 7 3 BT AR LR AT AR DG I SE BRI E . 7 AR A A T AR LI
R 45, B Erd os-Rényi (ER) Fl scale free (SF) K45 #4).

D7 B EA : AR SR B 45 B B3 3 B T [ 9 R L ER AN SF IS5, X2 2 AT R B AR IR 404t
N TRSC R F5e 5 P A0 b R gt g 11O 1720290 A SO I B2 1Y sk 2 IRV O B E, 7E 22 40 B P B 3dE AT 7 k. Bk
05 BT

o T HI (IEHEHE X7): A5 ER (SF) BILE M H RAE d A1 5, BARK SCM @ F FioR:

X; = Z sin(Xf)+N,.
o TG (IEHHUHE X©): ARATHENIESRE KL 0.2 |d) 171 8 H MR, K TR /T 1) SCM J7 7218 T $h3h:
X; = Z@A” sin(X?)+ N, JARBE T

X, = ZiEPA;4cos(2Xi2 -3X)+N,, BT

AR AR AR T TR 52 S, RIS AT SR A AR, (UF T s S oAl AR 7R, T S A 5
B R, ATRANEG AR E NEE T 3 M.

o N R MFrHEIER 73 4.

o N ML 53 A

o N R M7 7 o3 A

FET B, REAKL H 15 B A 5000, RFAE4E 4% 15 B TE [10,20,30,40,50] 2 AR, AR SCICHRIA 5246 45
R BENLFT-BEE N [5,50,500,5 000,50 000] R4, F 4T 2 645,

FUSTHOE U : WADL AR R — NI T 16 RIBATIE ML FKAHE = 52507 & EYER 1. A
WADI HIRSS R 123 AME A FIPAT 220 %, WADI 5t IR S REEAERT 14 RIEW BT, SRR 2 K,
WADI R4 52 T Bk, #H1, 15 AN R G TE 35 00 LI IS I 1% 245 RS 2. SWaT S 42 I — AN /K b 2
WP AR, % TG 6 M BE (FRSek) AR, I 51 MBS (82 Seik). SWaT $dl e b 7 F4t
T 11 RBEERIN 16 DR GuHb. 3t H, 6 NI B IFEMS SWaT Sl MR E I 2 AE 40 Hodli o0 A 58 I &2 2%,
N T ARSI TBOAR BT T AR PR 44T, BRIV 7E (0 5 A AN — s A, A SCHE B S B I s i R R A T SN R
55 Top-K HEFERGFE, Hoh K €[1,3,5,7,10].

43 HEF%E
AR R LA B0 A 2R i R T DLAY Oy 3 2K
o 35 1 JRIET MM MR B 237 7578, FerP 3 e-Diagnosis 753212, HAH 5% K& AE BTG A5 B 11 coefficient
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of variation (COV) J& AR AT MR K AF 4L &

o 55 2 KR T IR R BRI 04 U732, HAHS: CIRCA J73: ™, Hodad BRI J7 38, 454 Tt s s,
Xt T 4 5 i 1 DR SR B ORR DR 5 p-PC B9 BT, ik T SR (140 R S 1 TET 1o O - TR 5 4 1 S JR AT
FEEM IR, IR AR PR 43 A 1) R 1 s )3 =R i (RS T4 & RCD, R AR SR W-PC DAR I R
FIT W-T SR AT RS BEE R SR R 40 HT); MULANU 3, HA5 8 7 RGUS AT i SO H ki, i i & st
TR Bl g R 2 ) DR SR PR ARAR IR 23T UT-IGSPR vk, HLad io 9 22 S s Sk 48 2% S i PO 71, 388 1 130 %t 2 g
REEE.

o 5 3 I KRR B T I I 75 ik, HRAE: iSCAN J7vk PO HRI F 454 BR A7 22 RS AL SRR 5 T390
AR EAEAy; LinearEST J7vA N7, HAE A 2P SCM RIMBBE R, 38 1 WRWIRS F2 40 B ) 28 (SRR ot TG 3R IR B A

R, XF T CIRCA 773k, 4T A ST It i a4 A Se 3o i R R B AR, A SCl I FEE & — A% T PC
R B R BB B ok S R H N 6. A, KT MULAN J79%, % T ASCIR A A0 805 A e Sl 35 ol i K dst
BYEAT B SCAR G T, A SR 2 A N SO SRS H N
4.4 FEIER

XTI VEAERR R 43 BT BB, A S0 id F1 4380 (F1 score, %) PN T IR BRI 4E & Tny FIELS2HOHR K142
& Inv Z A Z 5

Z/_Em 1 (j € I/rﬁ)

Zif’"v ’ <j € m) + Zjelnv 1 (j € m)
Zjelnv 1 (] € I’I’Z\V)
S ey, G m)

. PrecisionxRecall

Precision =

Recall =

w. =2 Precision+ Recall
ST &R TTIETE T A SE R AR R 73 AR 00 (B 52 AR BR1 A8 AR S0, TR b 75 B30 0 2 A & Ao T
AE AR B A AR R AR &), AT I /i & AN HEFEAR RS B (G S (Precision@k) Kof LRI (X BERINEZ B E 44

B :
2 llein)

k

TERN T AR IT 1%, 3 Top-K HEF @ 0 T 5k JUNT s, (x), BIR/INEAT HE P AT A5 2 AH B2 Top-K
AHRRAS . X F A VELEAR R M BcE L8R, AR S TP BN G n A 2 AT B 18] (min) SR
45 LWRE

XTI IR 2 7, AR SIS FCAE AR B R AR RS b ) S DA R R S 8k 5 07 10 6 TR S AR v,
R, A SCR A EE FAZ G B AE ST IR (RCT™Y, 36 A8 307771 3 3 B 2, JERs 1) 25 38 7 = 100, 37 Uk
B J5 72 451 8 2 BE X 1R] [0.000 1,0.002] Z [A 2 V38 K. 7ERAERINHE, ¢ —AN35 5] 40 A0 HP g s re. X T4k
TR PN S S04, BEAN AR 22 X 24 2 FL 4% 5 226 MLP B4 42 25, 05 B 3CN LeakyReL U, Rl 76 85— 2 AL &
T J2VA—1L A1 Dropout HLHI 7. FrA fISL 4L 3EF—5 NVIDIA A100 84357
4.6 RQL: ENAEMRE SRS

Wil 3 FHE 4 FToR, AT 7R AR QR B, B IR B S5 M R i B2 O 00, 23 Ak 1 @B B 2R 5 F 10
T BRI B

o LT ARG IR K 23 B 7% eDiagnosis IR 22, HARA JF KIFIASCAE S 1 715 9 5] N BRI AR A 438 B9 B
AW &, RIAE SGPE I D7 v AR5 45 5y o o 31 B2 i DRI T 3 5 | b B 1) L D AR A S 1A

o FETZ A MR A CIRCA A1 WP-PC R FEIFREABEAE. 3 J5 09 J (B 8 B 2 -k S i — T B H Al

Precision@k =

=/
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PR FAFEE . A TERPIRES, RS KCI D@2 AR A T e (IR TR 2 —, (HR I FEAR R, 45914
ST BB AT, b 7 A RR AR I BOR 2 7T B IX MRAS ST 3 B AW & 2 T RO IR BKL 20 47 R e 2 32 21
PRIER A BLIZ — AR A B R 2 fA 1) 4.

o BT ANESE M LinearEST SR IMANKILE, I HABCR WA RIRELAR (CFEHRFRTE 50%-60% Fi4%). X —
BG4 Ji DR 72 e A R (X P BE AN AR A1 2 B 7 B AR AR K 5 D0 T, LinearEST HVEAS S 1 2
WAL 2 A RRAT.

o LT ARLIES T EAMIE T iISCAN HERIU T K2 HILL T, WAL T AL, BIAELE. AMK
A2 6 PR SR A BT 55 (RO RR BRL 20 5 9 R AR SRAR R /0 WTHE SR B T 1) H AR 22— SR, ISCAN AR B 6 T Hiedi 70 A1 (1 4
TR T AR S R R A T, XAt T T 17 52 2% AR 5 4 1A e A ek, HLRSCR A s it

o fJa, ASCHTIRH KA 7 ik, DARCA M ODRCA J5ik, R8N S8 B AR 1B IR B ROR.
R T OS5 2 A5 20 BB X BOR B 1A R

100 —— T b
80 e e =0
o\,\‘\_._\—‘

ER

F1540 (%)
(o))

5
(=}

100 F F F
<80 e —— N "\'\;\
SF & r 'o\./\‘*\o

e —— ——al —
Ry \
P S ——t %\j\: T ————
10 20 30 40 50 10 20 30 40 50 10 20 30 40 50
FAEHCE FAIEH RHE 2
(a) IEA i (b) 55310 (c) P h i 3 A
- ¢-Diagnosis -+ W-PC -+ UT-IGSP -+ iSCAN LinearEST

CIRCA -~ MULAN —- DARCA (43) =— ODRCA (470)

3 ETIAEEESE T 5 B, SR VAAE 07 AR AR AR R

100

10 20 30 40 50 10 20 30 40 50 10 20 30 40 50

FRHEHCE FHEHCE FHEHCE
(a) IEZS oA (b) ¥15953 15 (c) PRI 43 A
—- ¢-Diagnosis =+ W-PC = UT-IGSP -+ iSCAN LinearEST

CIRCA -+ MULAN — DARCA (4) — ODRCA (40)

B4 FE PR ACR A T 10 B, A8 SR 2 AR 07 JOAUE B AR R =
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4.7 RQ2: ENFHIEMIRE SR

AL AE (7 FHE b 23 0 O S MR AR DR 23 T RO A DG BRE DR 3R, RIVREAC B AR AE 4R E, ATt 1 B 1R
7715 (e-Diagnosis. LinearEST Fl UT-IGSP) 77752 4b, Fo 43t A 38 T IR FE 5 =1 AR BRHR 3 5 vE7E 0 FL s iz
GRiES
o I 5 Fi7R, W-PC J7i5x TREASEUR A Y KB BURK, X2 RS B A KCT M A £ 22 Bl 1R A B 1
KR J7 B IR T iSCAN A< & 7ETHI [ I 1000 AN A I 5% ) 52 4% B f R DR ~F- 77 O 0n BEL At o R B el < 5 ik
17, M BES AT ) . Bk, B 5 R H R A 3R B D F AR D7 VR K 5 A% FEFIE AT I 1) i K 35 i,

iSCAN HiEHIB /T 8] T 230 min.

200 | 200 |
150 2150 f
£ E
= i
1001 100t
by by

lee——— le=—r

2000 4000 6000 8000 10000

0 2000 4000 6000 8000 10000 0
FEAKE FEARH R
(a) ERGZAT IS [ L A& (b) SFAZ AT [ L A&
CIRCA -+ Y¥-PC -+ MULAN —+ iSCAN — DARCA (A 3() —— ODRCA (A7)
K5 1RO SE T 50 M, 25N F 2T VAR O RO b BRI

o Wl 6 fr7r, ARSCHTHE ¥ DARCA JE28 % T RHIE B R BONEBUR, RV BY R SO 238 B AT IS A 2
EAEREAT — IR BT B HEAT — IR BB A TI0) 5, IZ AL 1S DARCA A ZR A BE A R AE T Y . 5 1] 5
AU, B 6 BLRSE R i T AR LU R R SAE M R R s, AT I ARG 51 R A5 175 S Br L, ODRCA. HSEFR

YL RN IR T &

200 + 200 +
= 150 = 150
E £
= =
ié 100 + ii_ 100 |
19 1N
50 F 50 F
20 40 60 80 100 20 40 60 80 100
FRERE

FRAEHCE
(a) ERIZ AT LL4% (b) SFIZATIN [A] LLAL
CIRCA -+ ¥-PC -+ MULAN —+ iSCAN — DARCA (A7) — ODRCA (4)

K6 FEAESET 5000 B, #3285 vAAE 07 A B R ReR R I
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o FHXTHL, A SCTH ] DARCA P 7E AR H A, 3ETT 32 HE AR AR A vk ODRCA TG 182 Bl R fE B 1S K
ERFEARIEK, # 2D B R INIE TR, H T ARG & AT I AR IPRAS, X — A &5 AR IGAIE T A SC AT
] ODRCA J7¥%, BIVE #: N — R IR i3 B BY 4 5 BTAY J5 209 1520 bR 50X — DL A0 SRS G R

o b4, Ik 2. % 3 Fiow, FAT 1K ODRCA JHETEY BB TR SRR B THE T 4945 4n R : BT ODRCA
M B 8 NS5 — IR, HUERSARE DN, B R 4 SO 20 )1 S5 1 e R 1 @ K/ batch size, BRI AR A
SR B Y I GRS 8] (B IE)25 T = 100); B T4 BB B I 2R R I R 25 2840 (RN E 4R 1) [ 78, BRI R i 4
JEE PRI AN 25 0 52 T 21047 BSOBE 2 1 )1 et ().

2 FEOBRLYN SR [A] B AE A £ A2 4L (d = 60) (min)
FEAH n=100 n =500 n = 1000 n = 5000 n = 10000
Y25 A] 2.08 2.11 2.12 2.13 2.13

X3P BB IR R BERFAESE S AR 4L (n = 5000) (min)
FEAR%E d=20 d=40 d=60 d=80 d =100
YIIZ5 ] 1.6 1.86 2.13 2.14 2.18

o ERT LU R AT SEOT A 0 . B, SRATPRHIC AR 07 S I8 rh R AR b 75 BEUH SO AT B R A I 18] - 20T
. W 4 P, AT LA B B A R AR 24 P23 Jon, AT bR O P o SR R AR 06 I, SR TR I AR IR T ST 4 2 T Lz
) CCILAEIE A AR 2 i 5 R d < 100).

K4 fHIsEE (BR E) EASFIRFAELE B T AT O B F S 8] AR AL i 35 (s)
AL 4 JiE d=50 d =100 d =200 d =500
HERT Eb v S 8] 0.719 2.028 3.273 7272

4.8 RQ3: FFRME THIRE S HTITN: ESCHIE EREER O
R 5 MR 6 ChrkHE e UUAE) Hh A S0 45 SRR WY, A 1] 17 FL 5237 5 AR TR 23 A A 55, BIVHE A FT RE A Top-K
MR RALSS L, Fri i DARCA Al ODRCA JHERBLFEIRE 70 MUk, 1 ik — B I0AIE T AL L, Bl 1)
SR AR (R A, OB AT U o615 20 R BGIEAT A i S5 BRI, AR TR T Al T (ISCAN) A EL,
AP K 77i%, B ODRCA, [FIFEAEISAT R0 LIS 740 IS . IXFEIRIE 7 ARSI IR i e 75 BT kL, 4%
A TH A5 73 BR B30 — SRS 1R R
5 WADI H SR 55 F Gt b A i RCR FLA

7% Precision@] (%)  Precision@3 (%)  Precision@5 (%) Precision@7 (%) Precision@9 (%) Time (min)
e-Diagnosis 15.2 19.4 25.8 36.6 40.1 0.006 1
CIRCA 13.2 14.5 26.1 354 55.8 10.1

Y-PC 14.3 21.4 35.7 452 57.1 >60
MULAN 17.8 252 38.5 49.1 53.3 22.3
UT-IGSP 11.2 22.4 319 50.4 51.1 1.2

iSCAN 19.2 253 28.4 55.6 61.2 >60
LinearEST 10.1 16.3 21.4 32.7 382 0.05
DARCA (430) 21.2 32.7 33.9 58.0 73.1 12.2
ODRCA (A30) 25.8 30.5 34.6 61.2 78.5 5.7

4.9 RQ4: NMEMEFEER (ANM) BISZIE
K3 A 4 @R T ETFBOMER N HERERES T, KA TR Top-K TR TR FRET B T MR IAT LE.
FARIU, K K, ST I A4S R, Top-K K FE R IUAT. hAb, I X —F84r 038R T /AL T kA P E
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AT A [ YIS HE 2R (0 B TR R 7 S RO DR 23 BT 2 UL B, 4 s A s PO AL s R A i 75 R L F Bk, T
P& B 7 VR RO R IR, X U B T A SO AN SEBR R IR — B, SR, SR EE A WADI BN 7R i AR L
1) B A — 5 U DI S R 5 A, AR SC TR R AR BRI 0 5 AT SR TE T TS AR R HERE T LS TR
MR IUBOR, T IX —STE0 25 U B T A ST 38 W AR IR 20 W D7 v 4 o AR TS v e 7 i it R IR TR B
TR SRR X SRR PR AN T15 7 BB B SR R BT R e i M i I X — A I R g5 R — B, ieAh, 5
Z MXFH, LinearEST J7VE7E %N B T IR IUE 2, 1%t MU THT 18 W, AR 1 3 4 2 M 1 SCML R i 7y SR A 21
1R IAH (misspecification) S2HA MR g 75 381 =14 Mg 7 5 SR R IR A s KA 22

6 SWaT HLJRS F G & AL i RBCR ELEL (%)

Jrik Precision@] Precision@?3 Precision@5 Precision@7 Precision@9
e-Diagnosis 0.0 1.4 5.8 16.6 20.4
CIRCA 29.6 383 53.0 55.4 60.1
¥Y-PC 9.8 27.4 36.1 43.9 52.0
MULAN 17.8 25.2 34.1 44.7 49.3
UT-IGSP 134 20.3 25.6 33.8 41.2
iSCAN 20.1 27.3 38.9 45.7 53.1
LinearEST 16.4 24.4 29.8 40.1 48.7
DARCA (&) 31.2 42.7 55.9 59.2 68.9
ODRCA (43) 352 46.8 56.9 62.7 71.4

5 SCILAhFEADAR

5.1 RQS5: EMEARVMEREEBHEH LS

N T AT ARSI B R TT VAR AR IR A 8 T BB, FA TS 1B 7 LS8 (ER [, e e 7, RFAIE AR
B8 =50): 15, BATES T G0k ARSI B0l A I 0%, 0518 719 RO BB 45 > 2 FO°1T s BT, X IR 6795 i #2 R b
11 p BEHLIRE AR AL e m, BB A B SE, (2 R A 2R R B S, ZEMAE 7R
A AR AL B AR 15 EAh, ASSCHA R AR A1 A2 B AN R WL IN IR A AR B, 75 W LR ik goe A 2. AR St
LERMNZR T P, RWITR A& (0 ELGIE 40% K LUF B, B i ODRCA J7 ik I BOR ot — € & R 1L,
R WLIE 2 A8 T LBl I 40% A, ODRCA T HIRUR 23 i LUK FZ R B

KT RIS LB 34

P 0.1 0.2 0.3 0.4 0.5
F1 (%) 93.8 92.1 88.7 85.2 63.4

5.2 RQ6: I BRI T LR A H R LIS

I, PO B AN BERSTEAT BB L T SR T 250808 40 A1 AT =0 3l 2am, {3 0 LU AR AR 00 ol sl T 5 40
TR /NI, 37 OB A By (30L& 1k BE #2252 B S, SRTTT, HEEL T2 BT A A, 4140 iSCAN v A% 35 1 it i,
A SCEI GINY B R O OCH SR T T R A0 VR P RO A I R I A AR AT T B A A
HPERERIN, DhR R RGN T 1345 bR BN — D I T st 56

o 15 AL A TS L. 705 AR 1, 3@ R EdR 15 e L, FRATTVE I BB B 2 VI 455 %459 R 1Y
PAAIE DL (ER P, $EAELERE d = 30): B 50, RATEAT T ELEY BOBE ARG 11 s, (x) R ELSE 1340 BR 3L s (x) Z A 2
SRR (B3 L2 HER):

n

Ly(s) = Isy(x) = s ()l

i=1

ET, FRATT 73 50 AL S K AN N A 1 v S A R SR Y e SR A (BN 0, U5 22 o BB IR, ST
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SIS TT 220N 1.0), £S5 R IR RS f) SRR A Dy v S AR B (U mT LAGE ek ) g A9 BV AR5 20 R B RIE AT 3D,
BEMAF N 8. Ak 8 Frow, My BB ) I R B0 T- U ZREHE (e A s m S B T — 5 A B MR vk, (EL2 2 e s
FERER I — A BE (o = 2.0) I, X345 53 B B A 0L 22 2 BI5E .

R WA U AL Al T R

TBFR o=0.1 oc=05 oc=1.0 o=15 =20
Ly (s) 0.03+£0.01 0.05+0.01 0.06+£0.02 0.09+0.02 0.11+£0.03
F1 (%) 93.7 93.7 92.1 91.6 90.3

o ORI AR A ROR. TR A RO L, S R B BB I R i R, BRAT VAR OB A 4 R AR R
IHTERITE.

2R 9 P, XM BUSE R I R R B T I ZRAE AR (KN R EL 1 — € I E R, HLNZRREARAE 500 /2
FBIRTT EAZERF 90% UL EBIAREE 208 F1 4545 R, BATHE S RIS EARAE L NI UL, AR MIHLER 2107
AR E PR BRI 2 (RBCET).

RO FEARAM OB A A

Fahr n =500 n =1000 n=1500 n =3000
Ly (s) 0.11£0.03 0.04+0.02 0.03+0.01 0.02+0.01
F1 (%) 90.5 921 93.8 94.1

o PHUE ARG S H . AT TP OB R Zhid FE P [0 T 347 T — D AR M, DRI A S
S E R AV H TS5BS H0 S0 M 45 R (0 EAUE: ER B, miig), @i 74w e 25
ST €[50,80,100, 1501, FATEAR B 737 A FACFAER 10, B VIR (25 T 19380, 157 A B &R 2,
R L, (s) BBV, TEABIL T = 100 (T = 150) F L, (s) B8 BEE VI ZRETRE T B30, #2840 M 2 f e B
TE T =50 FHFT T, X2 FAY BURBLE A 58 A MERIRSL (L, (s) BEK); TAE T = 150 FARFEGHT ¥ F1 fa4s) LT
WA R 10 PR A S O T AR ST B R) 25 (19 8 B R AE T S AR

10 AR EE T RY BUR R §E LU R AR R 2 #r Fi A

B ]2 T=150 T=280 T=100 T=150
Ly (s) 0.120.05 0.03+0.01 0.02+0.01 0.02+0.01
F1 (%) 90.2 93.9 94.1 943

o [ 5 7 22 7E FA X [A] P 28 1 38 KX — S50 2 I BIOBE RS 3k AT 40 A 0L A B 08 R 1, A SO B IX ) [0.000 1,
0.002] #2388 1 e DX J) 22 0 AR A A0 ) B 30 4748 R AT 2 A4 X () Z2 AE ZE [0.000 01,0.000 1,0.001,0.01,0.17 F#%; X
[8] 45 UAEZE [0.000 02,0.000 2,0.002,0.02,0.2] H48 22 ; 38 22 (I (R IE X 18] A2 AR /N T4 M 4E.

6 IE\ gélr

AL T — I T4y BSORERY HOORR PR e oz 75 5. kT ) DR SRS RY,, e L on T AR B 7 228 4, AR SCHE
I A O R A T 5 B K15 23 e BRI S 5 AR R AORR R3S . Oy 1 S IR R P BT R R A A R (A Y
FNZRITH, ASCHEM B T JE BB — AR AT 70 o0 Bl T S 8 07 OB A0 S0 Se ol b i seda gt SR g
UE T AR SCRT R HE 770 A RO AT i A AEARSKR AT T AR b, LR JUANTT B S8 N BB E— 25 O07E: (1) 45
B R GUBAT (K 52 b e 2t — 20 5 B AR PR A2 8 ) R0 AN e L. 7L 98 5 AR 55 4 R GEAE PN I R BB IF R e, i &
Giig AT H %5 R R E T LS REAR DR G (L A B AR B BRI, = IS5 RGO L@ reverse #AE T
PAELEAE R R L A Se B A SCHE ORI B A0 H 3545 8, I 58 88 1) DR R B T DA B e 2 ks T 2 i
PR SR L PT DA B AR SR H PR 805 | 3 AORR L 43 #7712 ODRCA BEATH IE R 56 451, A A 56 fg k=45 P BA
X R e B DR R B AT I A, A0 R H AR B AN e A, AT DUE T3 B H AR SR B st I, i R

© TEBREEEEIEDT  htp/ www. jos. org. cn



638 HAFFIR 2026 F5F 37 AF 2 B

H AR MR R4, AT HR B 2387 75 95 3EAT A5 /2 AT BR A IE AR 362, ey o AR B (R TU AR5 8, R A iz
AT, BRAEA SO AR R 2 W A B A 0 05 I8 P 9 1 PR S B P .. (2) =5 R T 0 T AR L TR A% 22 R AR
TR 3097 1B 7 = 00 PO R K1 397 S s A A % R VR 4 A 0 4 5 w00, B AT SR 7 ek 2 e AR 2. e 3 i AR 2 1)
T G, ) Fil DR SR U 3 AT SRR S5 TS o 5 e PO AR DR 43, 2 B e AR R Oy 1 2 — T,
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