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Abstract: Out-of-distribution (OOD) detection is crucial for the reliable deployment of deep models in open environments.
Since real-world scenarios are inherently multimodal and a single modality rarely provides sufficient evidence for discrim-
ination, effectively fusing multimodal information to improve OOD detection has become an active research topic. However,
existing methods mostly rely on inducing cross-modal predictive divergence to identify unknown samples, yet they regulate
such divergence imprecisely and fail to fully exploit the complementary information across modalities, which limits their
performance at the fusion decision stage. To address these issues, this paper proposes a multimodal collaborative enhance-
ment-driven OOD detection method. At the branch level, a fine-grained divergence guidance mechanism is introduced,
which anchors a uniform prior as a reference to suppress spurious high-confidence predictions of each modality on non-
target classes, thereby enabling precise regulation of cross-modal predictive divergence. At the fusion level, a confidence
boundary constraint is introduced to upper-bound the fused prediction confidence by the minimum confidence among the
unimodal branches, thereby exploiting complementary cross-modal discriminative information while mitigating overconfi-
dence in the joint decision. Experimental results on mainstream benchmarks including HMDBS51 and Kinetics-600 show
that the proposed method markedly reduces the false positive rate and improves detection accuracy over existing baselines,
demonstrating superior robustness and effectiveness in open environments.
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Fig.1 Cross-modal response patterns in multimodal OOD detection and the limitations of existing methods
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Fig.2 The proposed multimodal collaborative enhancement framework for OOD detection
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Table 1 Partitioning and statistics of near-OOD datasets

ECEES ID K5% OOD 2% MK
EPIC-Kitchens 4 4 4871
HMDBS1 25 26 6766
UCF101 50 51 13320
Kinetics-600 -4 129 100 57205

3.1.2 iENIERR
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Table 2 Experimental results of multimodal far-OOD detection on benchmark datasets (FPR95|/AUROCT)

L 00D 4 S
ik Kinetics-600 UCF101 EPIC-Kitchens HAC ID T
MSP 39.11/88.78 46.64 / 86.40 17.33/95.99 39.91/89.10 87.23
+A2D 37.40 / 88.92 45.95/86.28 17.10/ 95.96 33.87/90.90 87.00
+MCE 34.21/91.37 40.71/87.28 11.97/97.40 23.95/93.67 87.80
+AN 29.42/90.65 40.59 / 88.00 13.45/96.43 28.62/91.57 86.89
+DPU 27.59/93.17 36.72/90.52 12.31/97.52 27.25/93.30 87.34
+MCEN 26.91/93.93 32.38/91.36 12.66 / 97.54 23.03 / 94.86 87.45
Energy 32.95/92.48 44.93/87.95 08.10 / 97.70 32.95/92.28 87.23
+A2D 31.36/92.47 39.57/88.13 10.38 / 96.46 25.20/93.41 87.00
+MCE 29.87/93.25 37.97/88.87 09.81/96.73 20.52/94.71 87.80
+AN 24.52/93.96 36.49/ 89.67 06.96 / 97.53 22.92/94.41 86.89
+DPU 21.89/ 95.81 33.30/92.76 04.33 / 98.46 20.64 / 95.39 87.34
+MCEN 22.57/95.70 28.51/93.18 05.13 / 98.86 17.10 / 96.44 87.45
ASH 51.20/87.81 53.93/84.22 19.95/95.21 42.99/90.23 86.20
+A2D 33.64/91.47 38.31/88.05 18.59 / 95.40 26.45/93.86 86.66
+MCE 22.01/94.95 38.43 / 89.60 07.87/97.46 12.66 / 96.11 87.91
+AN 27.82/93.17 38.43/89.52 06.84 / 98.23 23.03/94.45 86.20
+DPU 26.45/ 86.62 37.04/ 89.95 0433/ 98.46 20.64/95.39 87.34
+MCEN 17.45/95.81 25.88/93.07 03.76 / 98.68 16.19 / 95.92 86.55
GEN 41.51/90.34 46.18 /8791 08.21/98.26 38.31/91.28 87.23
+A2D 33.52/92.18 38.65/89.45 09.81/97.21 23.95/94.22 87.00
+MCE 31.70/ 93.37 41.73 / 89.45 04.47 /98.97 21.78 / 95.50 87.80
+AN 25.66/93.50 37.40/91.19 05.25/98.98 24.63/94.28 86.89
+DPU 07.18/98.43 36.37/90.93 03.19/99.30 21.43/95.66 87.34
+MCEN 19.73 /96.23 26.80 / 94.15 02.62 / 99.44 15.51/96.94 87.45
KNN 22.69/95.01 39.34/89.28 09.97/97.92 20.75/ 96.02 87.23
+A2D 20.41/95.07 36.15/89.48 09.69 / 97.46 16.19/96.30 87.00
+MCE 20.18/ 95.95 37.29/90.24 05.93 / 98.69 12.77/97.50 87.80
+AN 15.05/96.96 33.06/91.92 05.47/98.97 13.45/97.25 86.89
+DPU 03.08 / 99.50 31.81/92.52 05.87/98.97 14.48/97.26 87.34
+MCEN 22.35/95.26 26.34/92.53 1277/ 97.49 16.76 / 96.37 87.45
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Fig.4 AUROC curves of ablation study

Table 3 Experimental results of multimodal near-OOD detection on benchmark datasets (FPR95|/AUROC?/ID ACC?)

100

Jiik

Btk

HMDBS51 25/26

UCF101 50/51

EPIC-Kitchens 4/4

Kinetics-600 129/100

MSP
+A2D
+MCE
+AN
+DPU
+MCEN

44.66/87.74/ 89.32
38.78 /88.37/90.63
36.17/89.73 / 90.85
33.99/88.79 / 89.98
34.20/89.15/92.16
32.03/90.36 / 89.76

22.14/95.73/99.22
07.09/98.19/99.61
07.38/98.24/99.90
07.96/98.24/99.71
07.57/98.17/99.81
07.28 /98.26 / 99.81

76.31/67.59/71.46
66.23/67.91/71.46
65.11/73.06 / 71.27
67.91/71.52/71.64
63.81/71.47/72.39
64.74 /73.83 / 72.01

64.08/76.06/ 80.11
63.04/76.47/79.50
62.89/77.63 /7991
62.91/76.92/80.52
61.59/77.50/81.07
61.53/77.03 / 80.56

Energy
+A2D
+MCE
+AN
+DPU
+MCEN

43.36/87.46/89.32
39.22/88.84/90.63
35.51/89.32/90.85
36.38/88.91/89.98
35.07/89.52/92.16
31.59/90.49 / 89.76

22.52/96.06/99.22
09.81/98.16/99.61
07.28 /98.39/99.90
06.50/98.48 /99.71
07.48 /98.43 /99.81
06.12 / 98.49 / 99.81

76.68/68.29/71.46
66.98/72.45/71.46
64.18 /73.51/71.27
67.91/73.79/71.64
63.62/74.13/72.39
63.43/74.84 /72.01

68.75/75.49/ 80.11
64.59/76.45/79.50
62.53/77.26/79.91
63.69/77.11/ 80.52
62.56/77.40 / 81.07
60.75/77.58 / 80.56

ASH
+A2D
+MCE
+AN
+DPU
+MCEN

53.59/87.16/89.54
42.05/87.72/90.41
37.25/89.67/91.29
36.17/89.30/89.32
35.08/89.51/92.16
36.82/89.55/91.07

32.14/94.02/99.22
12.52/97.43/99.42
14.37/97.15/99.90
10.68/97.80/99.81
07.48 / 98.43 / 99.81
10.49/98.00 / 99.81

76.87/67.92/70.15
63.25/74.73 / 67.72
64.74/73.60/ 68.84
66.23/73.06/ 66.23
71.46/71.24/69.78
59.33/75.59 /72.01

69.24/76.16/79.62
64.28/77.28/79.15
62.24/77.43 /79.82
63.77/77.44/79.44
62.57/77.41/ 81.07
60.57/77.59 / 80.56

GEN
+A2D
+MCE
+AN
+DPU
+MCEN

43.79/87.49/89.32
38.56/88.61/90.63
36.82/89.69 / 90.85
35.95/89.78 / 89.32
34.64/89.71/92.16
31.81/90.78 / 89.76

23.79/95.54/99.22
08.83/98.12/99.61
07.67/98.21/99.90
07.67/98.28 /99.71
06.41/98.41/99.81
08.16/ 98.65 / 99.81

76.87/68.52/71.46
65.86/73.05/71.46
65.67/74.39/71.27
65.30/75.17/71.64
63.06/74.22/72.39
63.99/75.56/72.01

69.03/75.33/80.11
62.28 /77.08 /79.50
61.91/77.40/79.91
62.95/76.95/80.52
62.10/78.05 / 81.07
62.20/77.58/80.56

KNN
+A2D
+MCE
+AN
+DPU
+MCEN

42.92/88.46/89.32
33.33/89.59/90.63
34.42/89.98/90.85
33.77/90.05/ 89.98
32.90/89.36/92.16
31.81/91.30/89.76

15.63/96.93/99.22
07.48/98.39/99.61
06.21/ 98.54 / 99.90
12.04/97.65/99.71
11.84/97.74 / 99.81
06.80 / 98.65 / 99.81

75.93/63.60/71.46
72.39/67.83/71.46
68.66 / 70.57 / 71.27
71.27/69.94/71.64
71.64/68.03/72.39
68.10/72.13/72.01

68.67/74.64 / 80.11
65.71/76.23/79.50
63.18/77.14 /7991
66.81/74.19/80.52
66.71/75.34/ 81.07
64.32/76.16 / 80.56
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ERMRER. FrEiG) 4SSN RETRF o,
3.2 FEWERSHHT
321 ZESEDHIMENTESG
R2LIRETAN G ESUEREEETSHINGS
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MCEN RSN ERIITES REET, 9B T BZ/0M
gefRTt. BiAm=S: (1) BEAittse: EindElg
8T, MCE —HLFRESZESESL. LLHACH
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1T 15.96%, AUROC 2F 4.57%, BHWIETH
X S5MENENRN N SESHBRTENE LR
1, (2) BESEENMIES: SINGKRDHIMER
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BT FABASFAE=ERIABNAR, £ Kinetics-600 F1
UCF101 E8#TNE FEIHRESSNNERNR;
(3) REERISAESLATUENE : TRAFHER
1B NEE NIRRT, MCE 5 MCEN =g 4EESE
BT T 2T NEIEN D B E.

3.22 SESES RN S

x 3 BUTIESMIMNERRTEGER. XSS
MRENEEEENEERELR, FHRERKARIL
RENERLE. BEAMS: (1) EEEREREH
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f@tg%s. LA HMDBS1 96, Z5& MSP ££iF5, MCE
1% FPRO5 TPE 8.49%, AUROC 12F+ 1.99%, iXZEAH
WEMRLARE DG TR RAERNE EE
B (2) EMLRBHEZE: SINFEREREE,
MCEN H—E58 i 7 EEISNASHEARIEIREESD (10
HMDBS1 ERY FPR9S H—EF&ZE 32.03%), UESL{R
ARG SRR SR 2 R RRMRSRIL
R, (3) AEDEEEN: EEERMMINESHIME
E T, MCE 5§ MCEN AMUKIFEHAEZHEEND, &
mfE ID EREGATRA (FlW] HMDB51 &FAE
90.85%) ., XHHIE T ZIEREREZESESRERS
BERERHREE T 2R 287,
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R G RIERERFEER, ERAMEFHERERE.
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M—EuH, REMRENBEMRR TR EEUESREK
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BX: HEZMCELENN, #—SREATEE
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F*4 SESHRAREERST (ERERETF Far-00D B L 4 4 00D MiXEIEERTFIIE)
Table 4 Ablation analysis of multimodal collaborative strategies (experimental results averaged across four OOD test datasets on
far-OOD benchmarks)

J7ik Local  Global | FPR95|  AUROC?H ID ACCY
Energy X X 29.73 92.60 87.23
+A2D X X 26.63 92.62 87.00
+Local \ x 2631 93.05 87.39
+Global x \ 27.36 92.79 87.34
+MCE V \ 24.54 93.39 87.80
a Reference strength b Relaxation function ¢ Pseudo-O0D synthesis
80 1 7834 78.34 7834
67 e \"s\ 76.88 76.82 76.59
75 A S
_ N1
g Jpsareee Ton
g 01 70.03
g
= ®
5659, 5.66
g I T
62.31
60
-®=FPR95 | =M= AUROC 1 -a: IDACC
55 .

T T
0.8 1.0 12
Reference scale y

Softplus

ReLU-Hinge

VOS

5 AfgitiHRER

Fig.5 Ablation results for the component designs

3.3 miEBRESEEUST
3.3.1 hEREERSHT

& 4 f0E 4 EF Energy WHRE TIZDHING
STHHERMER, WIETZHEERNEMMESE
B (1) OXRAR (+Local) : FETAMNULHEE £y
iF A2D (TLARY KIESDUIRAIRES) HENKRE
LEEIDH T FPRIS (-3.42%), RIAETEIELIRAY
— U H RE SRR MRS R RIEIR, TR
BISfmIMENEEST; (2) BIERLAR (+Global) : 37
R FRTMRFS G, P B (SN R AR GRE
RERKRMAETEBEXE; (3) XWEHE (+MCE):
BXEEEBEMUEIALBRMN (FPRIS EE 24.54%,
AUROC IX 93.39%), WIET D XRAREMERL
REEEME, SLI T SESE BB HNE L.
332 HAHFRITERISHT

AH—TERXBRITERNVEY, ATE
EPIC-Kitchens IR D INEE L, BIROXKRE

HEEE. ORNEEREREShDRIMERSHEE
I RIERLIN. SRUE 5 A,

(1) BEEEE. BoXRARYT o hEER
BT ER#y . v€{0.8,1.0,1.2}, vy = 1BSRTUERIA
=N, ARNRESSEMEE—ETE, Hfy = 1.2,
FPRYS 12F 3.35 NED M, AUROC [ 5.43 MBS
o RNy KERBE, AJeeHEENIEER
MR ; fmABy RS EEIES— MmN LR, B2
BIERRFE TSI, N SHES EMEERL ZiR,
XRIPIH B SR EA RIS TGN S5 2
g2, MIYEERADIS|ISRETIEINSERE,

(2) Softplus #3th, ¥ Softplus A ReLU-Hinge
f&, FPR95 EF+ 1.53 MBS A, AUROC TBE 1.46
B9/, ID ACC fRIFA3ZE. ReLU-Hinge FEAURIAF
SR TS, BEARBENSEEEAET, BHRMERE
RYELRBERRIIIES, Softplus RELELE S
BRI, FARISEFRTE. —EXEQUER
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&S5 EPIC-Kitchens ZIREESHIMENER R BUIRBSE

Table 5 Tri-modal near-OOD detection results on EPIC-Kitchens with a foundation-model reference

Fik P FPR95|  AUROCt IDACCH
LanguageBind-ZS FREA 96.74 45.59 26.12
Baseline BB 69.22 72.39 73.13
A2D EIZR 67.54 70.80 72.39
DPU L EIZR 68.47 72.71 71.46
MCEN BRI 62.31 78.34 72.20
82 . 75.0 .
g0l = Energy s e Energy
GEN GEN
781 70.0
2
=761 74.91 267 0753
574_ 74.05 565 6511 |
Sl 72.39 0 63.24
& 70.99 £ e 1
'
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70 60.0f
68t
57.5¢
66
. 55.0 .
Baseline MCE MCEN Baseline MCE MCEN
6 EPIC-Kitchens SEZIE S HIME N ERE
Fig.6 Tri-modal Near-OOD detection performance on EPIC-Kitchens
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Fig.7 Sensitivity analysis of the collaborative loss weights
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B t8EH Baseline £ MCE B MCEN {fRIBF, &
PERUMBELNRTERT REESES; (2) AH



12 Journal of Frontiers of Computer Science and Technology T HALAEI % 5 R

FPRI5 (%) |

Baseline 78.92 76.87

Baseline 71.56 71.48 73.67

73.32 72.76

72.01 72.20

% %] 5 0\ N N WeH
oL Rk L 5 b ma Pt
R O I R R UL et
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Fig.8 Tri-modal Near-OOD detection under modality corruption and missingness

FPRI5 (%) (1)

AUROC (%) (1)

ASR (%) (1)

Baseline 100.00 100.00 100.00 Baseline

A2D 98.32 97.95 100.00 A2D
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MCEN
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Fig.9 OOD detection under RGB-only adversarial perturbations

TR TIRE—BUGBE, HBHZHE SITD RE
R, RBUREERLT,; (3) HREHETEHSRE,
* 5 AP HSESEMIEE LanguageBind FIFHF
KNSR, RESZSTTAIRBESTIZ, SN
HREMEEEETESHEVIZA MCEN (FPR9S £
EEIX 34.43%), REBEAMNFRIEEAEERERAE
RBIEHFIBIAR, —EHNEEREBRENA
M.
3.3.4 SHEBRMEDIT

B7 B T X ENE SRERINE LIS
DITLRER. TUEE, BENENTEBRER
—5: FEENEM 0 18INF 0.5, FPRIS FFEETIE.
AUROC 5 ID ACC 1@518F, HNEMREEKRE 1.0
B, HMEERSBENE. &ARKH, EFNRELR
SRE R EIE RS MM BIRE NN RN RIF RS
WNOZEMEE, Hoa=p=0.5 FEATNEIE. XikA
Frig BRI ENHIXTES T EERFNRE

ESEEN.
3.3.5 HLMRERY: RSIRIASERE

LR EPERERIRE. ERAESREHES
ERESRE T EDESTEHRE., NRMERESERT
EMEFTERY, AXEL—EX R—IESEINE
LAYy, HRIESRIFAZE., Partial-25 F{] Partial-
50 DG 25%F0 S0%ANELERT A T ERESE, Missing
BEMESENT. TR EEERREEER,
REINEIRC, BRI RA.

FHE 8 FJLAMIZRE: (1) Partial-25 iR ERIR T, MCEN
FE=MMES EIRIFIHEMSE, FPRIS Y397 64.12%,
BRI T5E DPU MK 5.10 MESD R, AUROC JREHEW
5o, XRPAZIRESNRBBLHBEERT, BME
RINRAREEB BN FNES R RS IR ERAVERE;
(2) RIRELBIFZE 50%f5, MCEN EMTSFERR
IR TBEEERAEAY FPROS (98I 66.60%5 65.11%),
BESMEERTN TMIBRE., HRRET, B7RY




U E S 2 RS VI [ 4 SR OBl 1 20 AR SME I i 13

= Clean 1D (n=336) = == Clean 00D (n=1320)
a Baseline b MCEN

; -
00D median  0.828 | QOD median: 0,828 — 0,809
25 4 Overlap — 0.686 : | - Overlap: 0.686 — 0.650

1

QOD shifs left
)
I

— e e e ] i e
. =

0 = T T T 1 f T T T 1
0.25 040 0.55 0.70 0.85 1L.oo 0.25 0.40 0.55 0.70 0.85 1.00
Fusion MSP Fusion MSP

10 Baseline 5 MCEN BRISEEESH

Fig.10 Fusion-confidence distributions of Baseline and MCEN
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