E-mail: jig@aircas.ac.cn EPEI%%H???E 1

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS
Tel: 010-58887035 O HEERERFRIRIFE

FEGES S TP751 XERFRIREE: A XEHS: 1006-8961 (XXXX)XX-0001-15

#©325] A& : Lin Zehui, Shen Zhongwei. Compositional zero-shot learning with style debiasing and local semantic focusing[J/OL]. Journal of Image
and Graphics, XXXX:1-15. DOI: 10. 11834/jig. 260280. (BN, TLILA . KR AR 15 Jry 35 i SCR SR AL B B HEAE 2 [J/OL]. h E I 4 EE
24, XXXX: 1-15. DOI: 10. 11834/jig. 260280. ) [ DOI: 10. 11834/jig. 260280

NigERSRMBIEXRENEHAGETHFEERF

IR R 2% B S5 TR B, S 215009

M E: BH AAFRACE ] BERHUIZMBLC WAV 5P R 5B R A B B A WA IR S— A4l 4
IUA L6 T 5 OISR T () vk S B DGR 2 5 1 SCE BRI 42 Jmy B LS X 5% ARATS A7 AE XTI R IEG XU 43 A 4K
R AR, R A ) DX SR R A ), S OB R WA A Tz AR I Z R, ik B Lk e R —
Tl JRURS fitt A 5 a0 1 SR AR AR, B (A B R AR 2 O ide o AELSE SR BTy , 77 LA RUAR e DA 38 3 % e ] 45
REIE A3 T X (E RARE 22 R T BAILIR A, AR 2R 0] B €0, | SO BRI T S5 0 1A = 40 5 A SIS A8 LB B, 1833
ARG T R AR SCRAERI R G B A R 735 1% SOAR T U A 38 1 SCA 05, X AR5 patch token #EAT AL
T Top-K Hi it 01 326 R F AT, BTG 2 HH 5 2 0 18 SO DG I DGR SRy B IX 4, 76 G RE Al |, 4545 =70 SOC R Al
FEZR 5 iR IR A A B A VCEC TN . Z5 8 7E MIT-States , UT-Zappos Al C-GQA 3 P IEAERIE S b 4714
TSR IF I Sz 5 . P A 2 T L A8 05 B AE MIT-States . UT-Zappos Fl C-GQA 1Y AUC 435135 5] 22. 9%
42. 8% 1 13. 1%; TP A2 T, AUC 430135 5 7. 8% .33. 8% 1 3. 24%, B4 T I L840, TH al SC R 2 I, XUis
it AR AR R R 3R 1 R A REA R R e P BRI T, B A A G BUS RS R . &1 BT L RE A LR
R RS D B 4o 4L A5 P ) B R T, - 18 A TR S S S S 1 SRR B0 DG T i T, AT 4R TH 2 B 2R AR 2 2] R AR
BRGNP RE Rz fLRE

KEBIA : AATREA 3 O TR RS O 5 Jro BT 1 SR 5 IS RLAS X 5%

Compositional zero-shot learning with style debiasing and local semantic focus-

ing

Lin Zehui, Shen Zhongwei"
School of Electronic and Information Engineering ,Suzhou University of Science and Technology ,Suzhou ;215009 , China

Abstract: Objective Compositional zero-shot learning (CZSL) aims to recognize unseen state-object compositions by
transferring knowledge from seen states, objects and their observed combinations. Unlike conventional closed-set recogni-
tion, CZSL requires a model not only to identify primitive concepts, but also to recombine them into novel semantic compo-
sitions without direct visual supervision. Recent methods based on vision-language pre-trained models have improved CZSL
by using large-scale image-text knowledge, prompt learning and cross-modal alignment. However, two issues remain insuf-
ficiently explored. First, visual representations may still be biased toward the color, texture and background statistics of

training images, which limits their robustness to unseen compositions. Second, state semantics are often determined by
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local regions, such as the texture of a wet dog, the surface of a rusty car or the cut surface of a sliced tomato. Global feature
interaction may introduce irrelevant background information and weaken local discriminative cues. To address these prob-
lems, this paper proposes a CZSL method based on style debiasing and local semantic focusing. Method The proposed
method is built upon a three-branch vision-language framework, including a composition branch, an attribute branch and
an object branch. To improve visual robustness, a two-dimensional style debiasing module is inserted into the visual front
end. Specifically, after the convolutional patch embedding layer of the CLIP visual encoder, the channel-wise mean and
standard deviation of intermediate feature maps are computed. The feature maps are normalized and then reconstructed
with mixed style statistics sampled from different images in the same batch. This operation perturbs feature-level style dis-
tributions while preserving the main semantic content, thereby reducing the dependence of the model on training-specific
visual styles. To enhance local semantic discrimination, a text-anchored local semantic focusing module is further
designed. Text prototypes are generated for the composition, attribute and object branches, and their aggregated represen-
tations are used as branch-level semantic anchors. The semantic anchor is matched with visual patch tokens through nor-
malized similarity calculation. A Top-K sparse selection strategy is then adopted to retain the most relevant patch tokens,
and the selected tokens are re-weighted according to their semantic relevance. The resulting weighted visual token
sequence is used for cross-modal relationship modeling. Finally, the three branches jointly predict composition, attribute
and object matching scores, and the final state-object prediction is obtained by fusing these scores. Result Experiments are
conducted on three benchmark datasets, including MIT-States, UT-Zappos and C-GQA, under both closed-world and open-
world settings. Four metrics are used for evaluation: Seen accuracy (S), Unseen accuracy (U),, Harmonic Mean (H) and
Area Under Curve (AUC). In the closed-world setting, the proposed method achieves 50. 9% S, 53.7% U, 39. 8% H and
22.9% AUC on MIT-States; 67.6% S, 74.4% U, 55.3% H and 42. 8% AUC on UT-Zappos; and 41. 7% S, 36.4% U,
30.2% H and 13. 1% AUC on C-GQA. In the open-world setting, it achieves 49. 8% S, 20.3% U, 20.9% H and 7. 8%
AUC on MIT-States; 67.4% S, 62. 1% U, 48.4% H and 33. 8% AUC on UT-Zappos; and 41. 6% S, 8.3% U, 11.7% H
and 3. 24% AUC on C-GQA. Compared with the baseline three-branch model, the proposed method consistently improves
performance on all three datasets, especially on H and AUC, indicating a better balance between seen and unseen composi-
tions. Ablation experiments on MIT-States show that adding only the style debiasing module improves the closed-world
AUC from 22. 1% to 22. 4%, adding only the local semantic focusing module improves it to 22. 6%, and using both mod-
ules further improves it to 22. 9%. These results verify the complementary effects of the two modules. Conclusion This
paper presents a compositional zero-shot learning method that combines style debiasing and local semantic focusing. The
style debiasing module alleviates the influence of training-specific visual statistics, while the text-anchored local semantic
focusing module enhances the selection of discriminative patch-level evidence. By integrating these modules into a three-
branch cross-modal framework, the proposed method improves both visual robustness and local semantic discrimination.
Experimental results, ablation studies and qualitative analysis demonstrate its effectiveness in recognizing unseen state-
object compositions. Future work will explore more fine-grained region-level semantic grounding and stronger external
knowledge constraints for difficult compositions with subtle states, weak local cues or complex backgrounds.
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L=AL,+ AL, +ALH25)
A,

K(l
L, = —zyfl") log p{"#(26)
i=1
Ku
L, = —zy,(,j) logp(n‘f)#(27)
i=i

K,
L.==> y"logp#(28)
s

v LN SN S B | 2N c 7L NI R Sl
B PR ,pi[)\p(uj)\pik) N4 softmax H—1L G
18 TR

Rt (25) BIERE LA B P03 3 RSy SR
W5 73 SCREBTE N i 2 TPIE B A2 R SR 1 53
SRS FI N RE ST, WAy S35 RPN AR E

P, 8 7 SO — P BRSSP R Z 1R A e
KA GG HTSCHR AR I 55 Ry i i SOR AL
il AR BES TR R A2 R 20 5 AR T Y IR]I , A
RS A ) XS fi 2 5 5 HH JRg v S B i, AT £ T
AR IR ZES— A LH 5 BTN RE

2 ZWERSH

2.1 HEE

R RAE T IR B B TS5 P A
BVE AR SCHE MIT-States , UT-Zappos F1 C-GQA 3 4~
FEWERCE A LRSI o 3 B0 4 40 S 1o 3
JE R A AR S S TR DA R
BAY G, BENE AN [R) A1 B DPAR AR B X6 oA D 2
B HIZACTE T o AR SCEAE AT 323 TAE A9 b vfE 1)
4% FETE AR S TRt R R s R T 5 — 1T
M, oA, MIT-States £, 7 24 53 753 W& &% (115 4
RS 245 MR BB A AR BT RE 5 K
W6 AR AR S A R AR A ARl b i A
HZALRE J1 . UT-Zappos 8 50 025 Mg #ES K 1% |
16 AARAH 12 WA, 250 25 (0] A8/ IMB 200k B 22
S I A VAR AR SR g AP B
C-GQA H77F GQA s EI a1, A5 39 298 i
FUE 453 AR F 870 A, HAT K IW I L8
() T A2 2 O 2E 455G 3, AT HH T B A5 280 7 TR AR
HAWHUE S5 T ek S et
2.2 EEE

RBSUE AW TR SRR S — AR T
#E AT, % I A NVIDIA RTX 4090 & &, 3f & T
PyTorch HEZR S B . UG 4 i 45 55 SCAS G iy i 1 %
AP ZRAY CLIP ViT-L/14, Yl Zhid B h i 45 £ F &
B, s ASHE A Transformer 45 2 1E & 1 T2
BB 2 5 1Y Adapter #FATE IR, [R] A0 BE J 1k
A3 SRR 43 326 B BY Disentangler #iEk  Adapter
B IR A2 B 15 Bk 64, dropout I 'E R 0. 1; UAHER
K JE 1 “a photo of "X N (14 18] 0] fE 40 iR AL 4L & )
PERYIA = 253 30 R SCROR

JRUHE 7 i AR Bk A F CLIP M5 2 B i 4 A
Patch Embedding J& i Z4ERRE , FEALAE VI 25 B Be g
Mo XFRAIIGAK, DR p = 0. 5807 X% 4t
THRA IR G REXFR Beta 43 Beta(a, o) 12K
B H A o BN 0. 1, JryiBi SCR AR A5 2
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fih#% 4 1Y 256 4~ Patch Token H , HEHN 5 43 372 SCAR
1 SUR AR M R 1 K =641 Token, R R 25%
(4 Jry AL OE X . 20 A BRI R = 5500 X AE T
B SCA Al 5 5 BE Token B AR EE I, J6LEE 2 803
MEEN 7, =7,=7,=0.07 . FRSEIKIELE
HEEE AUCHIE XA S 5 SRR #E.

WGP BeR A G R PE IR = 5553 3158
SR TG AL, = A S i R AR ¥ 1%
BN L0, RESR R =I5y S R 2, HERR B
BT A L JE A R AR = 45 43 ST TR AS 4y 164 T A
R, = A7 STl G ACE R AR 23 D 1.0,
FRLR ] Adam OEAL &R, WIIR 2 > RIE 2 % 107,
I RERR 5 5042 ) PO JFORIY 0. 50 TFRl 7
W N, 32 R 5 3 T i — S0 T AT PR HE
Fems, LI s L AR EN RS, £
AR B UEAR AUCIEREBAE ISR A IR TS 2
KBEHLRD T2 17 - 4551
2. 3 iFfHIERR

N AT B AR 5 T REAS 7 S AR 55 TP T
RE , A< SCEAE A TAE 1@ S, >R Seen(S) |
Unseen(U) . Harmonic Mean (H) #1 Area Under Curve
(AUC)4 TR bR EAT I . b, S R i iifE e I
HE ERRBIERR, U RRBERITER WA S By
PUNMERR 2, 5390 S WRASE 0 X5 )11 273 A1 A AS FoBT
HEFEAR U GE

H1 T2 G B REA S 2] vh % 3 A7 7E 2 U2 5 D
B RS ST U MELLE W S AR A 1Y 25
e, L itE— 20 R A E 1A s AR e ) L4
ARG Z A RE T, HoE Ll

28U
S+U

AN, AR SR AUC $8 5 %) Seen-Unseen [l 25
B T AR AT B B DT 4 T s S A TR A AN [ i
BRI R RRIAR I, AUC UK, SRR AR AN [
PR B T Y BE AR 1 ) W—A WP P g

ARSI Pt AT it S P R s R
IRFERR . WA AE TS SO A A 25 R N A T T
N, o 2 D) 5 A B R A s 1) rh o iR DR e L
Pehfv: o 38 o [ B R A P AR E R S ULH R
AUC, BERZ R 4 1 M PPAG B $2 77 76 i 215 U e
T 5z ebERg .

H =

#(29)

2.4 XWEM

SRy 4 T 95 BT 4R D7 A R AR SO P A
5 FF R F R PEAL BE T, 43 5 FE MIT-States |
UT-Zappos 1 C-GQA iX 3 A~ B 45 15 2 i
FRITEIATXS L, SIS R AR 1 R 2R .
R AT ETE 3 MR AR E Y25 T8 bR E
1 TR T REL A I F 0k as A, JUHAE
H N AUC P35 B G Je iz Ak e 0 5 2 W—K DL -F
i AR A R BURRE , T B T4 B XU iR O
JryER T SCERE R RB A% AT R0 TS BN A DR —
WAL A U e

e A5 E T, AR SCT 4 7E MIT-States , UT-
Zappos fil C-GQA LAY S, U.H Fl AUC 43 5] 3% £
50.9%. 53. 7% 39. 8% Fil 22.9%, 67. 6% 74. 4%
55.3% Fl1 42.8%,41. 7% .36. 4% .30. 2% 1 13. 1%,
A LU W AR SC5 A6 38 3 5 AR B MU0 DA
R R IE e G 23 [l P I DR RE T 30 L 3, 5
TE T AR5 A AR RIME REAT 45 A A itk

FEFF R S S, & 7 M BRI A T R R,
BRSO EN RS R, BAKITF , 75 MIT-
States I, &R CH LK) S U H Fl AUC 43 5] 35 |
49. 8%.20. 3%.20. 9% Fl 7. 8%; 7F UT-Zappos |43
HIKF] 67. 4% .62. 1% .48. 4% 1 33. 8%; 7E C-GQA
LAY REE] 41.6%.8. 3% 11. 7% 1 3. 24%, ik
PR R TEA IR & 2 R — 258 R EOLT A
SCOT AR IR BB PRAF R (1) oK W4 AR 51 B8 ) AR
GF I B W— WL PP e
2.5 HELXIE

R 5 UE AR SC TR H 1 XU Fie Al R R A SRy 3 i S
R BT P X 455 80 1 B Y S5 B DT Bk, AR SCHE MIT-
States 4 4 (1) P HH 5500 T SEA TR HR T fl S 5
DLV =5 SO HE SR N SR LAY FE AR I 2R s
D 28 = T FIPFAS B — B AR, 43 A XU
it D A R A iy o SCOER AR R, O 5 S B R AT
Xf o SRR A RN 3 TN

MR I FTLLAE Hy, Bl | AR i A R f |, A58
R S U H A1 AUC 43 5] i B L A B 1Y 49. 0%
53.0%.39.3% Fl 22.1% & F+ & 49. 6% 53.2%.
39. 4% 1 22. 4% X 15 B XUAK A i A B BE 6% 3 4o
P2 A AL REAE e T, RIS AL Xl 2R A
R B, SRR T S XUR AT, D T B R 5
FAE S
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Table 1 Closed—world results on MIT-States, UT-Zappos,and C-GQA

MIT=States UT-Zappos C-GQA
Jrik
S ‘U H AUC S U H AUC S U H AUC
AoP (Nagarajan Bl /010 ) 99 16 508 5402 40.8 25.9 17.0 5.6 59 0.7
Grauman,2018)
LE aeem 4
+ ( Naeem 55100 001 107 20 53.0 61.9 41.0 25.7 18.1 5.6 6.1 0.8
2021)
TMN ( Purushwalk:
N (Purushwalkam ) 001130 29 587 600 450 293 23.1 6.5 75 1.1

45 2019)
SymNet(Li%,2020) 242 252 16.1 3.0 49.8 574

CompCos  (Mancini

. 253 246 164 45 598 625
ZE 2021a)

CGE (Naeem %% ,
2001) 28.7 253 172 5.1 568 63.6

Co-CGE  (Mancini

1.1 5. 64 1.1 62. 44.
4 2004) 3 5.8 62.0 3

SCEN(Li% ,2022) 299 252 184 53 63.5 63.1

CSP (Nayak 4§

.6 49. 3 194 642 2
2023) 46.6.499 363 194 6 66

DFSP (i2t) ( Lu%§ ,
474 524 372 207 642 4
2023) 74 5 37 07 6 66

Troika (Huang i

49. . 3 221 . .
2024) 9.0 53.0 393 66.8  73.8

GIPCOL (Xu % 48.5 49.6 36.6 199 650 685

2024)
HMSF(Du%%,2025) 49.1 529 39.1 22.1 65.0 -
AL 509 537 39.8 229 67.6 744

40.4 234 26.8 10.3 11.0 2.1

43.1 28.1 28.1 11.2 12.4 2.6

41.2 26.4 27.5 11.7 11.9 3.6

40.3 23.1 32.1 2.0 34 0.5

47.8 32.0 28.9 25.4 17.5 5.5

46.6 33.0 28.8 26.8 20.5 6.2

45.1 32.1 35.6 29.3 24.3 8.7

54.6 41.7 41.0 35.7 29.4 12.4

48.8 36.2 - - - -

55.3 42.8 41.7 36.4 30.2 13.1

1 : AoP(Attributes as Operators ) ; LE+(LabelEmbed+ ) ; TMN(Task—Driven Modular Networks ) ; CompCos ( Compositional Cosine Log-
its) ; CGE(Compositional Graph Embedding) ; Co—CGE( Compositional Cosine Graph Embeddings) ; SCEN(Siamese Contrastive
Embedding Network ) ; CSP(Compositional Soft Prompting ) ; DFSP(Decomposed Fusion with Soft Prompt, i2t 756 UG AFIE Rl & =
SCAHEAIE ) ; GIPCOL( Graph—Injected Soft Prompting for Compositional Learning ) ; HMSF (Hierarchical Multi—Scale Feature Fusion)

IR AR A B R A4

AN SR T SCBR SRR AR S U H
1 AUC 43 5 42 F+ = 50. 1%, 53. 5% 39. 6% £l
22. 6% , B AARSR TH I FE T R Al P XURS it A B
L FRW R SCAS i ASO6 Ry BB AL 3E token AT
AEARLRE i 16 F1E AN, BEAS AT 2428 tH 5 iR A —
YA 41 G R DG B DB Sy F DX, ik 2 T 54 N JE G 8L
BT 5 AR S DL I A 4, DATTT B s S X oK WLAH &
5 5 g

TER I 5 AP A G AR SO 2 UG f e 4
H,S.UH 1 AUC 430353 50. 9% .53. 7%.39. 8%

=T FIR AR AT

H122. 9% , A b FEL AL 5342 T 1. 9.0. 7.0.5 Fil
0.8 NIl o T IRGE R UL, KUK fift fif 155 B F1 Ry
TRE R AR A — 7 B i B R A
BRI (4 5 AR B P I o i — L R AL R TR
TR A PE PR SIE . 3 W RIVE F RE 6% A A B 5
RUAE 4 A FREAR 2 AT 5 P R B P E 52 1k
[V
2. 6 BB

k43 Wt O B S IO R AR 1 R 1) S ), AR SCHE
MIT-States ZU45 5 19 A8 T, 53 5% Jey i i X
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Table 2 Open—world results on MIT-States, UT-Zappos, and C-GQA

MIT-States UT-Zappos C-GQA

Trik
S. U H AUC S U

H AUC S U H AUC

AoP  (Nagarajan I
166 57 47 0.7 50.9 34.2
Grauman,2018)

LE+( Naeem%,2021) 142 25 27 03 604 36.5

TMN  (Purushwalkam
%,2019)

SymNet(Li%,2020a) 214 7.0 58 0.8 533 44.6

126 09 12 0.1 55.9 18.1

CompCos (Mancini 5% ,

25.4° 10. . 1. . 46.
2021a) 5 0.0 89 6 59.3 6.8

CGE(Naeem %%,2021) 324 51 60 10 617 47.7

Co—CGE"Closed (Man-

31.1 58 64 1.1 62.0 44.3
cini 45,2024 )

KG-SP (Karthik %% ,

284 75 74 13 618 52.1
2022)
CSP(Nayak %,2023) 463 157 174 57  64.1 44.1

DFSP (i2t) ( Lu %% ,

472 182 19.1 6.7 4. .
2023) 8 9 6 64.3 53.8

Troika (Huang &

2024) 48.8 18.7 20.1 7.2 66.4 61.2

GIPCOL(Xu%5,2024) 485 160 179 63  65.0 45.0
HMSF(Du%%,2025) 492 18.3 19.7 7.1 - -

29.4 13.7 - - - o

30.5 16.3 19.2 0.7 1.0 0.08

21.7 8.4 - - - -

34.5 18.5 26.7 2.2 33 0.43

36.9 21.3 - - - -

39.0 23.1 32.7 1.8 2.9 0.47

40.3 23.1 32.1 2.0 34 0.53

42.3 26.5 31.5 2.9 4.7 0.78

38.9 22.7 28.7 52 6.9 1.20

41.2 26.4 35.6 6.5 9.0 1.95

47.8 33.0 40.8 7.9 10.9 2.70

40.1 23.5 - - - -

AL 49.8 203 209 7.8 674 621 484 338 416 - 83 117 324
¥ : KG-SP(Knowledge Guided Simple Primitives) ; R A AHE 3R 1, MM FIRFIR IR Es R =" Fon AEZ IR I
BTSSR

F3 EHREMIBER

Table 3 Ablation results

Tk WAE SR SR SCR AR S U H AUC

TR X X 49.0 53.0 39.3 22.1
S+ JRUKS i i N x 49.6 53.2 39.4 224
R+ RiTiE SRR x 50.1 53.5 39.6 22.6
RICTE N N 50.9 53.7 39.8 22.9

e N F R AR RIS A AR R

R AR 1Y Top-K 280K AT XU fiff i A5 B v iy
Beta 73 11 S 80 o AT HUSMESL I . S50 R FH 2 il A8
R, BUUBUE—ME o S8 AR 2 a1y
HELRE R 2. FIEF HMAUCRRBLEA T
WA AL YE B D2 A 5 R LA A 22 8] S i RE 7, AR
SC A AR K P IS AR 43 T S AR AR S [

& SHUERZH . TSR 3 ORI BEPL
¥~ SE86 (F Y (AR
2.6.1 Top-KZ% /M

Je S i SCBR AR AR HE 1 Top-K S MR8 5433
SCA T U AR DGR R LG Patch Token, A543

A Je 8 DX Jal B e X AR R B 114 52 i, R SORE K
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I3 B N 32.64.128 192 11256, 1T CLIP ViT-
L/14 7F 224 x 224 %1 A 53 BE3aF 4177 4 256 4~ Patch
Token, | 3R % & 43 5 XF b7 A& B 12. 5% .25% . 50%
75% F1100% A Ry Ao X k. Hod K = 256 %R
13 B8 42351 Patch Token, BIASHEATH6 G 0106 o 5086 1
FErh, Beta 734 4L o [8 72 4 0. 1, HAR L & REEA
AR EERANR A PTR

R4 TETop-KSHTHIZKRER
Table 4 Results with different Top—K values

K PR B L 15 S U H AUC
32 12.5 499 532 394 225
64 25.0 509 537 398 229
128 50.0 506  53.6 397  22.8
192 75.0 503 534 396 227
256 100.0 501 533 395 226

M 4 0] UL, B K ARG, A5 P e e A 2 8
SR THE PR A S Y KR /NET, R Ebi
B AR AR B /D Patch Token, HAR EAS A 5L
HEBR T S I, (At nT B st U 5 ) M s R SO
K A TR o Y K AR R, B 279 5 X I
AN SO B 2 5 BB R AR, 155 T
Je iRV TR E VR o K R 64 i, B B
= B H FAUC, 43 5158 510 39. 8% F122. 9%, % B
B 1 £ 1) JRy R DX S8 e 0% 7E DG BRIE AR DR BE 5 0%
TR 2 [ AR AL () - . M EE K = 256 19 FE
FBi i &, K = 64 FF AUCHE S T 0. 34 E 434, ik —
At I Top-K R B 077 198 X3 o 388 440 59145 B 4 BUEL A A
AR o PR, AR SCHAE LA S0 ol Kk 64
2.6.2 Betas3 i SH0

JRUHE i D A5 B3 522 X FR Beta 434 Beta (o, @)
HORARTR B R B, XA TR A 1) 3 T8 Y5 (8 R bR o 22
WATH S . S B RA BB TE S XA
PENFEEE o o B HX AL PE RE A 52 ), A SCH
Sy B E 4 0.1.0.3.0.5.0. 7 F11. 0, 36 Top-K =
B E MK = 64, LIS NZFR S PR

Hy 25 5 A1 UL, B 505 Beta 43 A 2802 A — & 1)
et EART ol & T ¥R BUSL T IR
2R, Ho 24 o508 ok 0. 1, BRI e LR
HHIAUC, BN aff R RIMIR G RECEAY)
FET 038 1, DI 7= A B i Z R i g e T 44

x5 AEBetaBHSH THILIGLER
Table 5 Results with different Beta distribution param-

eters
a S U H AUC
0.1 50.9 53.7 39.8 22.9
0.3 50.7 53.6 39.7 22.8
0.5 50.4 534 39.6 22.7
0.7 50.6 53.2 39.6 22.7
1.0 50.2 53.1 39.5 22.6

BT B ARAR R RoF [ 502 11 25 XURS AU . 5 o0 4
KR A FRBOZM0E 1] v 8] DX, AN RIS 1 38 18 40
TR M Al A . IR AR TR,
A BB HI 55 AN [R]85 KU 22 ] 7 2 57, sl % 3 43
FLAT F A FH A e R A 8 3 i T, PR A
RIPERE /NI T R

ST, Top-K 2 828 Jay 5 40 5 1k 41 1) £
B, Beta 7311 S EU W 5 AR S TR S T =K
S SE I R AR A S R0 BN B Y
FasEtE, IF H K = 64.a = 0. 1 I E0% 78 5 3 3 98 57
BE XU i B 0 161 R i SRR R 22 ) A A 1Y
Ao PRI, AR SCHE E SR R ] R SR E
2.7 BEIEXEETHL

S B3 T Je 38 1 S R A AR X A0 DX 5 14 3
PERICR | 7 S0 % B MIT-States $54 52 o 14 355 23 D038
FEAS X FELAR Y 5% 37736 77 A 1) Patch 2438 S
N FEAT AT o ORI H 3 B — S SEZR B AL RN
A5 18R AR [R] 09 3 S SCAS T SCA A5, 5008
i #%4 H 7Y Patch Token 3138 10— AL 452 AH{LLJEE
FLLRASLRIGE B BT A Patch X I (1488 % i b A ER, A SC
D715 0 7 835 Top-K i 356 A1 887 5 — 46 )5 52 B
TG Token HNALAY Jay FB 18 SCALH . HAKH, ¥
256 /> Patch AL HUFHHES N 16x16 1Y 4 )i (5]
T o AR AR K 2 5 s KR R IR T
i AR b o X TRl —#EAS AN TR 7 v R0 43 SR
Bt — 1 mie) [0 3 B RH 30 €5 ST, DL DR UE AT AR 45 SR B
Al Het

P2 JB N T RELR A L KR SCIg v W iR Fn 4l
B Z R RER IR N R o X T RS B 7 LR
U PR 7 2558 Ry A3 1, $5 40 T X B P AR TS S A
SCIEME 7 3 BT 0 B e e T S HO R S
WAk 53 3 T8 2208 55 M A FARFEJEE , 25 43 S ) [R] s

11
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TR B RARE YR E R . XTI 5 &k,
JaE A 4 S P v i 7 X 38, = B AR v 7 7 U T B H
GrEEH  PIAR 53 SO B TR R R X e, Sl
FEC A R R AR DA 7 SRR A T TR
53 9 X e TR R 235 R A B DX 38 A A R e N
A4 53 S RE A eI Ry AR AR 2 2 S X g (4 )
B
ShIL R FLLR AR A /bt 5 R R O Ak

Bt 25 5 22 B35 5 DR R SO T, A
05 15 R 43 32 SCARTE: U PLSE Pateh 547 A0 S& 1 7
A FIVRR L 5 , fifT e Pk IR RN 6 43 S R AR T L
A 2= SR SR R o e JE 43 SR i ) TR
B PR A5 A S A 4IRS S 4l , B0 o SO B H A
FARSREAREGE ) 205 3 SN G i B R IS
WRIESE . RN AT A A IR UE T RER e SR
SR ) 0 5 DX RN 2 H S B 1 8 1 1
ARLE
2. 8 HWESHRESEEHER

SR VEAS BT 7 7R 51 A BB AN ST A AR SO
FLAR AR RO R A L T 1 S8 V7 S iE
FUHE BB AT LU . T A AR S I 1 7 LK
NVIDIA RTX 4090 &~ b #47, i A BIG 53 B R 5

Patch i B AT R 16
i&i}l e

HEn¥ Top-KEE

B2 AR S A SRR SOR AR A Patch ¢ 1 1z A

Ak

Fig. 2 Patch-level response visualization of the baseline model

and the proposed local semantic focusing module

— 5B M 224 x 224, batch size BB N 1, K5 F
S — B A UK RE o AT B B AT 100 R
B 1 SEAE R 1000 IO . BRI Hip
J5 BIHAT CUDA [RIE B AT , TSR [R]AS 4045 18] 452
OB AL B AR . i TS Rl e 2 A i SOAR
FE AT DATEHE PR AG BUGTHIE A7, A I e 3 4
T BTG UG GRS Jmy BB TH SR A SRS R
BRI AAF TR R . SCas R ANZR 6 iR .

®6 ARRAMEMNERESHERRILR

Table 6 Comparison of model complexity and inference efficiency

I REBHEM ARS8 /M FLOPs/G HEPR 1) /ms FPS
Troika FE2k 4273 12.8 81.4 22.6 44.2
FEL+ IS it Hi 427.3 12.8 81.4 226 44.2
R+ R SR 4273 12.8 81.7 233 42.9
AT 4273 12.8 81.7 23.4 42.7

TE:MFERE T, G RN TR RGEH, ms RIRZFD, FPS F/R4G A0 A 31 Y RS MOEL

H1 2% 6 AT L, KUK fire i 155 DRSO I 2 i B g v
FRFE G AT RENLIR & N SRS T 22 ) &
$o, PR B UE AN I BOGHT o BRL , n AIZAR ER
&, *ﬁﬁuﬁﬁﬂ%ﬁlﬁ FLOPs FE R} [1] 45 55 BLL AR AY
PRAS—B. A5 REWT, XU A It BE 08 76 A 14 &8
%f‘fl‘ﬁxfrﬁﬁ?ﬂﬂ’d LT, B L 5E 2 7R X I kX
AR B R

Jr T SCER AR T 32 A SO TS
Patch Token 22 [8] ) AH{LLEE 1155 Top-K fifi i & Token
HIAERAE AT W] 5 ) 240, 5 R

A EE , in A Z RS H S FLOPs Hy 81. 4 G 34/ & 81. 7
G, P & 5 0 SF 25 4 BR8] i 22,6 ms 38 i1 =
23.3 ms, SR I 0 0. 37% F13. 10%., 5S¢ EE A
{14 - 357 F ST 6] A7 23. 4 ms, Xof L #fE RE R 42,7
FPS. HFHREARIANA T4 322k A CLIP ViT-
L/14 P52 40 B 4 I = 40 SC B RE AR C R A RL, R
Patch Tﬁ%ﬁﬁﬁim B AR XA RR

ZEAMERE SRR LLE AR SO IRAE AR R N
ﬂ%aé}é{ﬁzﬂﬁ BT A5 A Patch AL T
S HEF IR 8 AR S T A WAL AR BIEBE K B I
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55 25 FiT LA T SORIDR A SS B DX I, DA T 2 TR
YRS HFINEES o

[F] P, 2K W 58 491t B e R AR SO EEAT A A —
JfR e AN RPRAS Z 8 BA HLSE R B R AR
IS E W N AR TR A S e p RS D S U N
AR o 1N, R H R 7 R R A A e
T TR S R O R A 7 A BN
T S 5 B B 2 R A I I AR, BT AT i LA AR,
TEHIHT

gi b EVES R B, AR SO AR L R
AT Jr S 53 DX S P e AR A B B B )
J1ABTEARL RS AR T PRSP AR SRR 2 X
BHMR B Y5 M AAE— 2 R A

3 & i

AR X A A AR AR 2 2] e AR i B 5 R
TS S5 AR AN 1 ) R B — Pl XU 7 D
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