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Cross-modal prior driven active learning for object detection
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Abstract: Objective Active learning for object detection commonly estimates sampling uncertainty using detector confi-
dence and localization deviation, which struggles to identify high-confidence yet semantically wrong false positives. Mean-
while, diversity sampling typically relies on global visual descriptors at the image level, making it difficult to capture
semantic structures at the category/instance level and often leading to redundant samples. To address these issues, we intro-
duce cross-modal priors so that the selection signals can be informed not only by the detector’s visual evidence but also by
language-aligned semantics. The goal is to improve the reliability (robusiness against semantic mismatch) and effective-

ness (utility per labeled image) of active sample selection under constrained annotation budgets. Method We propose

W B #7:2025-10-22; 18 [E] B #7:2026-01-26; HiEN 4 B #7:2026-02-02

#BISVEE W JF%  kaihong.huang@nudt.edu.cn

EEE : [P A ERE UL G0 H (23-22CX-JDZ-01)

Supported by : Independent Scientific Research Project of National University of Defense Technology (23-ZZCX-JDZ-01)



=, TRA, BEL, EFE, TR, H#xk, T
$31% /% 108) /2026 £ 10 A BEALRIRN B RGN ENFES]

semantic enhanced active learning (SEAL) , a cross-modal prior-driven active learning framework that leverages the con-
trastive language-image pretraining (CLIP) vision-language model to enhance uncertainty and diversity criteria without any
additional supervision. In uncertainty sampling, for each image, SEAL extracts CLIP features on candidate detection boxes
and compares the detector’ s predicted category with CLIP’ s category evidence. We design a visual-semantic consistency
score that jointly reflects the detector’s confidence, its localization quality, and the agreement between visual predictions
and cross-modal semantics. Instances with low consistency are prioritized, yielding a more robust instance-level uncer-
tainty measure that explicitly penalizes high-confidence semantic mismatches, which is precisely the failure mode that frus-
trates conventional uncertainty heuristics in diversity sampling. To reduce redundancy while preserving category coverage,
SEAL aggregates CLIP embeddings of all objects within an image and builds a category-level structural representation. We
then compute inter-image structural similarity in this semantic space and perform category-aligned diversity selection,
encouraging batches that simultaneously cover rare or under-represented classes and span heterogeneous intraclass appear-
ances. This process mitigates the tendency of global-feature methods to overselect visually similar images that contribute
limited new information. Result We conduct comprehensive experiments on MS COCO and Pascal VOC under multiple
baselines and annotation budgets. Across settings, SEAL consistently outperforms strong active learning methods, yielding
higher detection accuracy per labeled image. Representative results include the following: RetinaNet on Pascal VOC (20%
labeled data) , mAP@0.5 = 72.4%, exceeding the strongest prior method by 0.8%; RetinaNet on MS COCO (10%
labeled data) , AP@ (0.50:0.95) = 23.9%, an improvement of 0. 5% over the best baseline under the same budget;
Faster R-CNN on MS COCO (40% labeled data) , AP@(0.50:0.95) = 33. 3%, surpassing the best competing approach
by 0. 22%. These gains are attributable to two complementary effects. First, the consistency-aware uncertainty ranking cor-
rectly downweights detections that are visually confident but semantically unreliable, thereby allocating labels to genuinely
informative instances. Second, the category-aligned diversity explicitly controls semantic coverage and inter-image varia-
tion, reducing selection redundancy and ensuring that annotation efforts expand the breadth (more classes covered) and
depth (richer intraclass variation) of the training set. In practice, we observe that SEAL improves data efficiency: for a
fixed target accuracy, fewer labels are required relative to visual-only strategies, and for a fixed budget, the achieved AP is
higher. The approach remains effective across different detectors and budgets, indicating good robustness and transferabil-
ity. Beyond headline metrics, qualitative analyses show that SEAL preferentially selects images containing semantically
ambiguous contexts (e. g. , objects with occlusion, atypical viewpoints, or confusing backgrounds). This selection behav-
ior accelerates learning in regions of the data distribution where detectors typically underperform. Because CLIP embodies
large-scale language-vision alignment, the semantic signal complements the detector’s purely visual evidence and provides
a principled handle on semantic correctness, which traditional confidence/localization surrogates cannot fully capture.
Conclusion SEAL demonstrates that cross-modal priors can be harnessed to make active learning for object detection more
reliable and more cost effective. By combining a visual-semantic consistency measure for uncertainty with a category-
aligned structural criterion for diversity, SEAL systematically reduces semantic mismatch errors during selection and curbs
redundancy, leading to higher AP under the same labeling budget and, equivalently, lower labeling cost to reach a target
accuracy. Overall, our results on COCO and VOC indicate that infusing active selection with language-aligned semantics is
a practical and effective path toward scalable, label-efficient detection.

Key words: active learning (AL) ; object detection; cross-modal prior; vision-language model; contrastive language-
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1 3l 2% ) S, AN 1 5 7 R AE (uncertainty
sampling ) f& fie 5L Al HLN FH )12 SR ms , HLAZ 0 2
IR BN AT 25 SR AN S AL 5 e 2 1Y)
BrfE B PR RY Ok Y TRk B R . R UL AT
S8 M 1T EE AL AT Lewis (1995) 412 H 4 5 /N '8 A5 2
J7 1 (least confident, .C) , Scheffer 28 A (2001) 42 i}
B i K 4325 8] B (margin sampling, MS) I Shannon
(1948) #& th 11 fe K4 77 7% (entropy sampling, ES) .
DU AN — 2 32874 2 7 vk (Gal 545 ,2017) K 524+
R dropout HEAT 22 YA [0 4% 14 SR A T AN B 2
FE3h2% 2] (2 2 1k (Yoo Fil Kweon , 2019) it 451 2
TR AN s VR B i 5 N E PR AL,
Z R R AL (diversity sampling) 5 76 2 £ 0 R PR AR
A UME— A/ N A RE S A B BRI
FORALIE LT RIS T7 1, B AAS [m] 4 4k 77 v e
PEFEA (Nguyen 1 Smeulders, 2004 ; Xu 45,2003 ) 5 #%
U 2E 7577 (Sener 1l Savarese , 2018 ) i F #7 .0 K—
O RARTE M B — /N4 IR
RS BB AR R A e T 1) 375 )
By R SCZ A (contextual diversity for active learn-
ing, CDAL) 1| FH 750 M 28 48 5 bR SC 2 AP (Agar-
wal 55 ,2020) o JEEEH BT JLRRES 6 5 TN
AT Z MR F 30 S 19 TAE . Prabhu % A\
(2021) 1 Zhdanov (2019 ) it 1 75 A5 B AN B 22 P4 1A
() LA IE 132 4T K-means 5830 4 -1 AS 6 2 1 A0
ZREAE . TR T Z AR PERS iR A Rt B 25 )
(Ash %,2020) H, A P 22 Pl ok e ABE AR o
Ja— Z B E I AF FH K-means++ B 3L I 77 . 2
UCRZE (Citovsky 45, 2021) 1 SEXT RAREAEA A TR
2, T LU 5 U B R 2R P AN E RUAREAS

¥ 32 2] 5N ] T H BRI AT 55 (active
learning for object detection, ALOD) kb1 H F KI5 57
FAT S5 B 44 (Budd 45,2021) . HARKIIAS 75 2
PR WIAR S 5, 38 2 5K 3 3 1 FRE R i 2 L 0K o
A, B ST RE A 75 22 AN ) 28031 AN [] RUBE AT
AN TR B FE B ) H AR 2], S SR EE 22
(EHIR %,2022) , X SCHFE AR FEAA I & P F1
ZAEMERE SRR IC Y N . 220k 32
B2z 2 BT HARKEI S (Agarwal 45,2020 ; Lyu 45,
2023 ;Sener Fl Savarese , 2018 ; Yoo F1 Kweon,2019; Yu
85,2022) , HEHCRH T RS 0 2 E8h e S k.

SR, 3 S B30 I 0K 7% 1 B A BURS 0AT: 55 IR BB 5 53
K G @, BCF EUR AT e & 2R R 1
Olo XHESE T LT ORI By 82 ) Rk py i
B TR B M 2% (Choi 45, 2021 BB T — > H b
R85 | A HC 2 2] JT T3 SR Il - g 0 i) e IR S
AU (Gaussian mixture model, GMM) , & J5 M\ R A5E 1Y)
GMM Fhfi 5 HY X T 55 AN B E 1 . 29000 &
82 >J (multiple instance active learning, MIAL) fifi
XFHUYIN R FEAR Y 22 5, k10 T35 AS 0 7 1
(Yuan§,2021) . ZFEALIE AT (divproto )i i
155 U O B 2 M 2 4 R B K AE H1 ] (non-maximum
suppression , NMS) 11 (46 I 73 B0k el itk AL &
AP — 21 22 P AR J 2 e R d BAR R M R A
(Wu 5§ ,2022) . R4 BP H 3 3 2% 2] (plug and play
active learning, PPAL) FXE B A5 M 1) AN ff o 4 R0 2K
SRR TR B B R R B L 3R {5 R
T FIVE 10 (Yang 55,2024)

SR, G 320 J7 v 35 A T A % A B 1Y
RO AR R EE A i 22 o A A AR 0 R i E
(Aghdam % ,2019; Yoo Fl Kweon,2019) , X Fh {3
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TN P ARy AR R B R TR LR
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HAR TS OLT , Joik R K1 B A5 (H 1
DR AR TN D A8, TR b 1 07 S O e v 1) O B A
Ao AN, BUAT B F2 Bl AT R R 2R R A SR [
B RRR . 5%, —S0r R T2 R
B R IR Y 3R 8 B O R TR HE ORI R W IR 22 R
(Sener F1 Savarese,2018) . X JSHFAIE 1 2R AE S Wk [&]
AR AARSNIAE S, (EE DL A Z im0 B A ke AT 55
FEAR ] (JCHI2 S 2 D) RO AR . XS T H bR i
M5 L FEASTR] 3 22 FEPE N2 5 5o BAR H A s 1)
Fe FCE N S5 A0 s U AH G, A 4 R 5 Ik 2 228 A 51
{91 J2 THI FR ARDRLE 1 S22 5 o LUK, R ARG DU 2%
SRR AEAE Sy ZAEVEARYE , 55 5 Z BRI 4% H &
WIZRFE ST FE B2 o 78 32357 ] 9 LI B B, A6z
BRI A i R AR A4S B 4F iz AL RE ), B it
TEXEE LA AT TR 3 S e PRI 1) L S0 A5 H4 , DATTT
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PSS T OB Az AL RE T (Du 25 ,2022) . i,
XF L F — EHER BI85 (contrastive language-
image pre-training, CLIP) i 11 75 Vi & (& SCx) b k4T
XF H A S BRI , 345 1 5 I AR AR SR
KL 5 L RAERE F) (Radford 4 ,2021) . "B REHEIE
it B ARTE AR 5 ER XSG TR SO 5 X ER
G PR XA T B eI A\ SO T SRR

PSS 7 B B X R R ) C IV T 2 R0 T
WAL o BN, FEZ A H AR A (zero-shot object
detection, ZSD)  FF¥ i 1A I H A5 &% M (open- vocabu-
lary object detection, OVD) Fll = AE A = 4EA5E Y 73 2
(zero-shot 3D classification) H' , #ff 5¢ & F| FH CLIP f)
T SONF 55 RE A I R B B oA DL 2ok A2 0] (G
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ek A, IR G 7 G I 45 1) 445 ) T LAty
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ZHo

BT ERWES AR SCRR T T MRS L T S
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enhanced active learning, SEAL) . 7E A 5] A &4k W
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1 EE#EREEE

1.1 jE) &R

AR A5G SCHK (Choi 45, 20215 Wu 45, 2022;
Yuan 55, 2021) , A SCR I 45X 32 327 2J (batch-
mode active learning) [ 1% B 17 A AR . 51550
B REAREFEA ) i SO E e B R R U R
PR b —HE R TARTE

WA — P RKANHNBIIGEX, = {xf},;ewj*l]—
ARANFN, B IAEEE X, = {2} 0 % BR BB
TE4 rie Eahv 2] i AR EREARSRIC T X, RbpiE
WicHh X XN X = QH XU X] = Xoo

—ZEC 01 H ARG IR £ 7 X7 EIZR,
HAE X, ERVERE R Z(X,| £;), 38 %58 i - BRE REH)
{& (mean average precision ,mAP)JEF7f &, 45 %€ T
Bb, sl A Bk R — A K/ b B A 4R
X, C X[ i A7ThR1E

SEMAREST, Sr + 1RAEAREL X" = X] +
Xy PR BREEGE XD = Xy - Xpo TR L K B0
X7t BN ZR LR A B — S RO R £y, R RE O
ZOX| f7)e Gt kS E IR TR L S
SR RIPERESE TIOR8 VERER 450

AZH = Z(X\| f5) = Z(X\| f7) (1)

P Z(X| S FORWERR %A HR T DL i 32
gy ) AR BRIV BE A BRSO RS . it e B
AR A £ ) SR, 15 7 70 AR [R) PSR T AR 75 3 R Y
AZR, TS B Bl ) Sk R AL .
1.2 ERHESR

BRI ARHESR AN IR 1 BT 7R o 55 r B 232 T
TESF r FE WY AR bR b, A % R AT HE PRS2 o 2k
RE 50 o A A2 p ISR BRI B e M IRIET,
CLIP X fi 3 DX 3 3558 S 53 A A4 p™, W 25 15
Ao B S G Rl AN E L $R A 0 HE PP IS 8 X top-4
BEAMEELE . AR THEAR ZHEE A SCR A KR
A2 CLIP KR, #4280 G 2 AR REL R, 0 e T
SR TR 1) 118 45 A6 A RA P |, O D B K30 B A DG 330
(maximal marginal relevance , MMR ) M 1t £ H 2
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WNGRAE AT AL LI 25, E AR — %8 327 > AR
it/
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2 SLIEE

2.1 HiESRE

AR SRS 0 b G D KA dh A x4t
SEAL J7 & #E4T R G SL R Bk, 735 MS COCO
(Microsoft common objects in context) Fll Pascal VOC
(pattern analysis, statistical modelling and computa-
tional learning visual object classes) . 7E-52Z Hi Y T.
VEBEAT LUR N, A S 30 AT AH R B 504k 4 Jal o e
(Wu%,ZOZZ;Yang%,2024;Yuan§’§r,2021 ), LAB AR
AT HE.

X T COCO Kui 4R, A S B (] train2017 4
7%k, IFAE mini-val 82 EPFAEBAY . IR0 4R B B
BEAILIE L 2% B EEATE w0 iR AR 4R, sl )t
AT A% RERe AR 2% WUREAS o PPAL T8 bR R 2T
H (intersection over union, loU ) [{E & 0. 5~0. 95 fY
SRR ( average precision, AP).

XF T Pascal VOC % i £ , A% ¢ 4% fiff H
train2007+ train2012 FEA7 1%k , i F test2007 HE4T
Ko A HITE R SC8GTE Pascal VOC _E#E4T, RS
— P B I G0 Ih B B B AL B 5% 19 R AE
WIRAR AR, Eahe A gk AT o f A A A iR 2. 5%
HUREAS o DA bR B2 E (ToU) B{EL N 0. 5 1Y
S HPRE B (mAP) o

NI WA AR TE AR E AL B 52, A S 56 X
COCO LA Pascal VOC #2348 [+ (9400 4 DIl
SRR AT AT 5256 F i SR PERE
2.2 tHENgE

ARSI RetinaNet (Lin 45 ,2017) Ky 354t H
PRAGINASE Y, B+ 9 2%}y ResNet-50 (He 55, 2016) .
[@ BF 6 fi F L4 ResNet-50 & T M 2% 1) Faster R-
CNN (Ren 45, 2015) fE g K AR Y o 3 SCIFA A B
51 CLIP B, 5% FH ViT-B/32 75k W5 2 65 75, IF:
I F PR H bR A DI HE 22 MMDetection (Chen %,
2019) LB AR RERL LR .

FEYIZRid B rp, Xt COCO Fl Pascal VOC B/~ 4
4R A DL L 251 25 26 4> epoch, B) 1R 27 2] &y
0. 001, %% 201> epoch J& #4521 HR LW N JFLHR 19 0. 1,
KOy ER2,X0G) T o BSH IR LR
EONO0.3M0.2, fRiEEY R AR S BE N 4,20(9)
HOE A B D 0,30 A SE B 2 £E B 5K NVIDIA

RTX 4090D GPU | 5E ..

3 LWRERSH

3.1 xfEb3LIe

S EAE AR SCHT AR HE Y SEAL J7 ¥E 78 A [R) JE£R Fn
B AE T B RE , A WFFEAE COCO Fl Pascal VOC
A F 3 H bRk IR £ L, 43 512K H Faster R-CNN
F1 RetinaNet 95 RS 0 #5617 R Ge k5206 . HAA
5,4 LR 3N E : Faster R-CNN on COCO(Wu %,
2022) . RetinaNet on COCO (Yuan Z%, 2021) Fl Reti-
naNet on Pascal VOC(Yuan%%,2021) . X T4 143
HE, ARWF5E S % Wu %8 A (2022) S BEE 4T
PIAFEUE , 2% Yuan % A (2021) (25015

FERAEET AR S ZFEa £ Jr
P HEAT X H A 6 B AL R A (Random) | 8 7 15
(Entropy) (Shannon, 1948) . CoreSet (Sener F Sava-
rese, 2018) . CDAL (Yu %, 2022) . MIAL (Yuan %%,
2021) . DivProto (Wu ££ , 2022) Fil PPAL (Yang &
2024) 11k S EREEAMFI R B S 45
BT LI AR . Lo T vk AR SR
JT A R0 1) F X G2 1) 43 20 SR S ELAE Ry RGOS T
EPE .
3.1.1 Pascal VOC EUHEAE 1Y S 56 285 S

Kl 23 5% T A X J7 B AF RetinaNet on Pascal
VOC L1 I ARl bR B R 4505 15 mAP@O. 5,
5 HAL E R EhF AR HAT . TR
F|, SEAL WA I RRAL T HoAb vk . Bk, 40l
H 7. 5% . 10% F112. 5% FEASET , 36 LBk i i)
AL 553 50 55 0. 82% . 0. 94% F10. 91%., {EAd
FH 20% B FEA T, SEAL SEEE T 72. 4% AL mAP,
T X LR T I e R A5 5 0. 8% I B T
Ji A Hofth )5 ¥k 2 b, X Be 45 g6 IE T SEAL J7 % 1
A RLNE
3.1.2  MS COCO B4 ) SL g 25 5

MS COCO & —>EA T 220 3 EX R M
TR R B AR Ak B A L 1 3 e ok T AR U AT
RetinaNet on COCO £ E I© AP@(0. 5:0. 95) Bl b v
Fb ) B AR Ak, FE5 Hofh B Y = sh 2 S BRI T
o ATLAE R, SEAL BRI PEREIE T H A k. B
T HL, 2418 FH 4% . 6% F1 8% FRIREASI , & fe I ) L 25
T 0. 84% 1% F10. 79%. TEAT T 10% HEE



$£31% /% 108 /2026 £ 10 A

T2, Ty, HES, 8RR, TSR, 5%, IE
BEACRIEN N BiraNEF )

75F
70
65 /O/O—_
G\O
S 60F
w
® -0- Random
% 351 Entropy
E <>~ Core-set
50r -4 CDAL
MIAL
ar --PPAL
40 1 1 = SE;AL (Zlgil)

1 1 1
5.0 75 100 125 150 175 200
INZREd L 1%

K2  Pascal VOC [ %:F RetinaNet (193255
Fig. 2 Experiments based on RetinaNet on Pascal VOC
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Fig.3 Experiments based on RetinaNet on MS COCO

AW, SEAL J7 ¥ 5230 T 23. 9% B IN AP, £ T Al
XF AR 0. 5%, iR E] T 100% FEAS W I 2k 45
(36.5%) 1 65. 48%.

& 440 5% T A SC 7 % 7F Faster R-CNN on COCO
KM AP@(0. 5:0. 95) BfibR v LU0 A2 16, O 5 H
il F2 00 0 B 2 BT T R TLUE F,
SEAL 4G I 1 BB O T HoA ik o B, 25481
25%.30% H1 35% HIFEA I, e fixh s 3 o3l
0. 32%.0. 53% F10. 28%. 7L 40% FOEEA T,
SEALSEIL T 33. 32% B4l AP, 0L T e flixs H 25 51
0.22%, KF| T 100% FE7A W B I ZR 45 2R (37. 4%)
1 89. 1%,

ATDAWES R, 78 3 Fp AL B R, T4 SEAL U7
BAEA AR LU 1 8 3 A0 T e ik i AR F
e AT RE . IR SC I ZE S 7840 B e T Tt 7
EETEA RS AIR B A5 P R

33F
8 32F
=
()]
S 31
'\
S L -0- Random
Q@? 30 Entropy
< <> Core-set
291 -~ CDAL
MIAL
sk -0- DivProto
-+~ PPAL
- SEAL (A3)
27 b1 1 1 1
20 25 35 40
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INZRE LG 51/ %
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Fig. 4 Experiments based on Faster R-CNN on MS COCO

3.2 HRERSEIE

T AT (A7 il 52 56 38 7F Pascal VOC K4l 4E [
Ji& , K H RetinaNet Ay H A5 o A 5, 1 1 19 2% Oy
ResNet-50,

3.2.1 SEALJFERA 0

FEAR /NS K XoF o SCTR AN s MR A (SMUS)
FTE: 58 22 FE MR FE (SEDS) EAT 9 B 98 . 5K
AR | s, b a3k E8h I Y E shie
K, mAP 74 41. 3%,

ARSI SeR SMUS 7 1 FIBEALR A (Random )
L e BT 008 B R FE 73 (Entropy) E47 X e o FHor,
Entropy 7712 {5 FH G v 52 5 4 1) S (ELAE A R %
AHENE . AT LAE B, 2R AR A | entropy +
none A1 SMUS + none 3 #4145 H, SMUS J7 B K kE 1Y
FEARYI R TIMERE feAE . SR AR 5236 430 [
FE ZFEVE 1k SEDS, [ %8 AN 2 PSR AR TR
SMUS.

1 Z VR A 5 1 78 S SEDS B, A8 5245 XoF
Random | Entropy .SMUS 3 # Jy % i 47 %) L, 45 R 5&
7N SMUS J5 i e

YN 2 PR SRR T [ S SMUS B, A S 55
4 SEDS J7 i AR AL R FE (Random ) A5 2% 4= Ja) 4
214 (Global-det) . CLIP 4 Jaj A {214 ( Global-clip ) 1
7 He#E X B global-det J7 325 A AR U BE 18 5 1 B
T 2% B I — SR R BT A 5 08 A s AR AL
global-clip {f F CLIP (14 405 4 5 255 45 B %) AR A0 i

SRR A 5L AR ARLEE R4 T L4 ] A AR R B o, S
SEIBI ARSI I 2 R R AE T SEDS fE T
HoAh ZFEERFE T
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% 1 Pascal VOC _EH#EHLE b SLI6
Table 1 Module ablation experiments on Pascal VOC

TEAR A HEBIRREREA L mAP/%

FrBe1 FrEe2

7.50% 10% 12.50% 15% 17.50% 20%
Random None 51.3 57.7 60.4 63.8 66.1 66.4
Entropy None 50.4 58.1 61.7 62.4 64.6 66.4
SMUS None 53.9 62.8 66.4 68.6 69.6 70.3
Random SEDS 57.6 62.8 66.5 68.5 69.9 70.8
Entropy SEDS 52.9 61.4 64.3 65.1 68.1 69.5
SMUS Random 57.7 62.9 66.3 67.8 69.7 70.4
SMUS Global-det 56.1 63.2 65.6 67.5 68.5 70.2
SMUS Global-clip 56.3 62.5 65.4 68.0 69.0 70.6
SMUS SEDS 56.4 64.8 66.6 69.1 70.7 72.4

T L P SRR 5 B R A2 2R

T Rl S 56 iE— 25 R T 1 SR AN
S T SRR T 1k SMUS 518 X34 i 22 B PR R AE ik
SEDS Hy5%t 8 fA R 4 TS I SCHEAE T, 92 i
AR B AS AR e 7 R 3R T A T 3.
3.2.2 HEH

ATV (4) v e 17 58 5 PRy ST
Jre 288 Fn=X (9) A Rl G A EE S XA R Y
SRR ULE R E Y S I AR 1A 8
IS AR, mAP I 41. 3%,

Fe2 Jon T (4) g Ry g R PR Ty R
[Fi) L B X 8 A B 1 2 i), A S 3000 3 Sl i
0.5.1.2.3.5, LIS RRYT, Yy = 20, F3h%
PEREIR BB .y 3t /NHE LA 58 38 A3y e R
BRI

TR TR Y R4S B8 I A R A I

®2 yNEROEM
Table 2 Effect of v on the results

X RE R E RE BRI, A S 560K 6 70 i B 2.3 .4
5.6, LIZEREH], NS = 4mf, Eoh T MRk F
. SRR MIEIEY AT B THR TR A R 2
FEPE RN . 83 /N T EUREA 25 18] 52 BR, 6 3 K
ATRES I A MR REAS SRR RE .
R3 SWERNZM
Table 3 Effect of 6 on results

TEA R LE AR TEAEAS [ mAP/%

° 7.50%  10% 12.50% 15% 17.50%  20%
1 53.9 62.8 66.4 68.6 69.6 71.3
2 56.5 63.2 66.1 69.0 70.6 71.3
3 55.5 63.1 66.9 68.6 70.1 71.6
4 56.4 64.8 66.6 69.1 70.7 72.4
5 56.4 64.3 67.5 69.4 71.1 71.5
6 57.5 64.2 68.2 69.4 71.3 71.1

TEATF] EGIRRTEREA 1 H) mAP/%

7.50%  10%  12.50%  15%  17.50%  20%
0.5 58.4 64.2 67.7 69.5 71.1 71.1
1 59.3 64.2 67.9 68.7 70.5 71.6
2 56.4 64.8 66.6 69.1 70.7 72.4
3 579 64.1 67.1 69.0 70.5 71.7
5 58.3 64.1 66.9 68.9 70.6 71.8

T AR T RlGAUE S 80 6 R AR P RE 1Y 52
Mo , AR S8 A 4301 & 0.1.0.3.0.5.0.7.0. 9
M = 0,30, Eah2E 2 FIL IR B, SR R
SRR G B PR o 25 A ok KE /N A 4
— {5 BUR A M 5 , nT BB BUE R PERE TR

FEAR SIS A5 UL, AN )8 S 00 T R R 4
PEREA — 2 52, 18 e Bl A e E 32 I 1y
FEATE PR AR IR B2 o (H A b AR SO A
PERESE AN R 1Y o
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3.3 "k

Bl S IR T 34N MBI 50 N Ikl 45 51, 28 1.
2. 347 43 X g i S T SR IR A
BENEZHWRERY 5. ZRNTHRE(UES%),
T ARSI 1 A B TR TR0, A 0 Sk 28 CLIP 9] ] ) AN
SEVEZE SR, S AU T RIS = A R T i) H
T | DA 5 1 43 BT R A (0 AN o 14 3R 35 e

55 14T TS BN B AR 2 S0k
2T A R A LU A “bus”, e 2 H R
“person” il 1 T i EAF EEARAN G E PR B . 3X—
MG LT R BBk =5 B R A5,
Rl S AEAEXT B 2% Hhnid T A5, Z 8 T xELLSTBE
8 5 Bir.

Fa4 AXERBZM
Table 4 Effect of A on results

TEARTE] L BIRRERE A 1 mAP/%

7.50% 10%  12.50%  15%  17.50%  20%

0.1 56.6 64.2 67.1 69.1 70.7 71.4
0.3 56.4 64.8 66.6 69.1 70.7 72.4
0.5 54.9 63.8 66.9 68.6 70.3 70.8
0.7 55.1 61.3 66.0 68.9 70.0 71.2
0.9 54.7 62.9 65.2 67.7 69.3 70.9

(a) HIEhRiE
KI5 3207 i) FUARRGIN -5 AN s P A 46

Fig. 5 Object detection and uncertainty analysis results in

(b) FMEHE BT (o) CLIP Yl J52k

three typical scenarios ((a) ground truth; (b) detector

erroneous predictions ; (¢) CLIP modulated results)

247 AR AN HARIREE T A I 45 % A< Ly
A cow” [ B AREE R HLTR A “sheep” . B ERAS I 7

f 1 ) AR R AORAR Ry AN MEAR G (S PR 3%
Gy S A A B 1Y TR, Ul B 0 85 X LA DX 73240
HEEEZE G, JUHAE AR LA I LT -

S3TREOR T ENZ A, HAh kil 25k
“diningtable” &4 K “chair” . BEIXS/NH bR GEPSH
PraliAi R 52 2 a7 5l e AR A R T R B H
FE MRS, B AR R ME H Brile = e 05

TE iR Gyserh AL Gekeil g8 O 2 BITRE (5 2%
B 0 2 B AR T 1A 27 A i B A5 FE (AR
AEER T A HE . I CLIPHEE A
B 0 B0 3 S T, RS B N AR b A P AR A A
M FN W L AR 5 XU o 207 T DA AR R
Bl AR 55 v ROMED A7 B TR SR AR A A
Xof P e 4 7 OB T B e (L RE A, AT T
377 ] AR RCR AR AL BE

4 4 &

B 2 sl 20 B BRAGI  T ZROM E  EAE E
TR A ME DL AN B i 1 B SRR L B 4 R b IR
() 22 R R AR I AN BEAR fe b 1 A AG I 75 55 R 1
& Z TR AHARLEE | AR SR S A5 S 50 3K 8l 118 79 By
B R I HESR SEAL . HAZL B 25 A CLIP ()
ML —1E 5 0 FFRE 1, 56 L Y Be LIS I 2% 55 CLIP Ay
— B A A S AN A 1, DA S A R
TRAREE RIS A T 5 55 2 B BE7E CLIP RAE LB A%
FEIN—FEALER  F 25 F A 22 A e e R 2 )
)RR DT 2 = pr T A0 115 B AR
PEo A FEUE LA S0 45 BRI 7R AN AR A el
W AAE T SEAL RRAE LU AR bR 2 B AS 5 45 T
RO f R RS B 5 6 e 1k . SEAL J7 i 78 b B S
Gy iRE AR W RAEASTE 5 LA K H AR 25 550 A 1)
Yyt A W s LS . SR, ARSI A7
—ER R, 5, RS SRR R AL REAZ R T I
WA 5 BARME S5 4 (1 X 7 F2 B, 7EAb FELEL A
AT RS ) 8 T AT (e ek YRR )
BF, G [ AR T REI S o LR, A BEHES I A FRAIE
PR SR AL 5 A A FR R A A s e b ) 2
SIABIMYTT IR o BLAh , SOARYR R 148 1 5 =X
X de 2 S5 45 SR BT — o U . 5 2 TR
FEIZE LT 7 I T 1) 55 0 2 I WL AT A ik
T, ) 2 Ak sy AR R B 25 5012 2)
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