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Video Captioning with Multi-Modal Correlation Uncertainty
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Abstract The core of video captioning lies in establishing a precise and semantically rich mapping
from input video sequences to natural language descriptions. This task requires deep
understanding of both visual dynamics and linguistic structure, as well as the ability to align them
coherently across modalities. However, a major obstacle in training effective video captioning
models is the widespread presence of annotation noise in commonly used datasets. Such noise
introduces significant uncertainty in the alignment between video content and corresponding

textual descriptions, which severely hinders the model’s capacity to learn accurate cross-modal
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representations and ultimately limits its performance. This alignment uncertainty manifests in two
distinct yet interrelated ways. First, in the visual modality, videos often contain redundant,
irrelevant, or background segments, which are not mentioned in the associated text. The spatial
and temporal locations of these unannotated visual elements are unpredictable, making it
challenging for models to identify which parts of the video are truly salient for description
generation. As a result, models may focus on misleading cues, leading to inaccurate or
incomplete captions. Second, in the textual modality, human-generated annotations can contain
erroneous or hallucinated phrases that refer to objects, actions, or events not actually present in
the video. These inaccuracies occur at arbitrary positions within the sentence, disrupting the
semantic coherence and weakening the reliability of supervision signals during training. This
bidirectional misalignment distorts the learning process and degrades the quality of generated
captions. To address these challenges, we propose a novel multimodal alignhment uncertainty-
aware framework for video captioning, designed to explicitly mitigate both visual and textual
uncertainties. Our approach consists of two complementary components. First, to handle visual
uncertainty, we introduce a Text-aware Video Representation module. This method starts by
clustering semantically similar video frames into scene prototypes, effectively summarizing the
video's dynamic content into a set of representative states. Then, guided by the semantics of the
textual description, the model computes cross-modal relevance scores between each prototype and
the caption, enabling selective sampling of key frames that are most aligned with the described
narrative. The resulting key frame sequence is temporally coherent, semantically focused, and
minimally redundant, thereby enhancing the fidelity of the visual representation used for caption
generation. Second, for the uncertainty in the textual modality, we introduce a Phrase-Level
Quality-aware Noise-Tolerant Training strategy. By jointly modeling the intra-modal semantic
consistency within textual annotations and the cross-modal relevance between text and video
content, we develop an unsupervised approach to estimate the multidimensional quality of text
phrases, overcoming the challenge of quality evaluation without ground-truth labels. This phrase-
level quality estimation guides the training of the video captioning model, suppressing the impact
of local annotation noise while effectively leveraging the informative value of noisy data. Our
framework is model-agnostic and can be seamlessly integrated into various encoder-decoder-based
video captioning architectures. Importantly, it introduces no additional computational overhead
during inference, ensuring practical efficiency. We conduct extensive experiments on two widely
used benchmarks, MSR-VTT and MSVD, using SwinBERT and Videol.LLaMA2 as base
models. Compared with state-of-the-art methods, our approach achieves consistent and
significant improvements across BLEU, METEOR, ROUGE-L, and CIDEr metrics. Ablation
studies confirm the effectiveness of each component, and qualitative analysis demonstrates

enhanced accuracy, fluency, and factual consistency in generated captions.

Keywords video captioning; multi-modal correlation; scene prototypes; phrase-level quality
assessment; noise-tolerant training
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PSRSIPAE BT G0 B G5 @ AT IREE IR
R T G ) B g =y e s G Ges o Lo
e 2 BT AR SCA AR 1 J 15 9 i ] i B TR
0=L[qi.q:. -, qu]'c i URRIA SRR
LR Q MR — A7 KR A — N BLIETEAS [ 45 b5
SEb) e s R N N Ll i e e A [ R a7 v
) Jo i
3.3.3  ZYEIE U A IR

AN Rl 8 bR B9 P53 0 A A7 AR 2 22 5% L 9
BLEU@4 1 b5 193 73 ¥ { Lt BLEU@1 #Y (A% .
WAk, BTl bs B B0 R BRI R BOR R SCA SR
B Y BVES o3 A0 52 e T30, B A R 2 B 1 4 R
ROV S MELL A2 A . S FE IR DA b R, A SO o £
T Q Wy B — 51 AT e/ VT R IA— A6 A5 30— 1k
E@Fﬁ%fﬁ]%i:[ 1,42 qz,./+1:|o

R s AR SCHRE H TR 2R SR S A [R] 18 SCAR
IR BT AT SSRGS Gl R B AL E B R
A ST A T EUAS B 0 SO A R B VP o IR



488 it A

Pl

Eitd 2026 4F:

L
&

FIE A% 38 B (1R J5T 1 DY 23 % AR s 18 il o8 & T4
AREET G R R et S . B HL, Xt
T AT 5 8 g s g R I TIALAR 54T 2h 25 Rl
B =5 R

a = Sigmoid( Linear(Concat(q..,,q.,)))

67::0‘*6:,1 +(1 — a)”ﬁz,z

Horfr, Linear (o) 7B 5 A 1) S B — AN bR i .
MR E T —A i 43 Fcai BEOM ) Rk B3
P JTT R A I — A A5 B b RS U VT 45
g ¥ Y, B BT 1 o PE A B B A B i PR3
qn :[(]1, Q2> s C]z}o
3.4 ERESISMBENIIZ

AT AR FH G 53 IS 38 A USSR Sy
fift A5 A, A3 45 3L T Transformer (19 #5145 £ ( 40
SwinBERT) # 3t F K i 7 B A i 45 # o
VideoLLaMA2). LA SwinBERT ] , H: 2R F 5 45
AIRA HER 1 SISO S i A R TR BT
SCRA . BRI 32 AR B R 7% )2 Transformer #523
¥4 1 s B> Transformer SEHUI L& £ 5k A E 1L
il )2 RN Bl AR HT N 4% 2 . 38 )2 R E g AL
il s BERLE A R 22 ROBE I 25 RRAE e 28 A LSO H
o FERUR A A A A A BT R VORI B
P S v, BEAT DHE S AR R A P AR A 1Y
TN —A~1A] y .

AR SO R TR DA B (PCED TR H i
TGN I SR BT A 5 | 15 5 Bl % pR AR
TS SR NSRS AE I SRt R vh g | A
RUPE A2 > e o it %) SCAH A | [ INE A 4550 22 i e
T SCAHE AR A T4 5 DT b 2 9 o R M 7 X A 78
PR AlE s

A AR AR ST VR A - SRS IR X H
By S 38 S A G g, 8 TE 28 SO R BRI 1R
BRI 25 .

T _
E(ap:_ZQI*log(pl(y/b}l:/*l?V)) (6)
t=1

36D Hp AR5 B A9 SCAS PR T B A 0 B £
540 s AT SRR ARR 1 S 28 52 T R 5 52 )

(5

4 ZLWERSHH

4.1 SWBEF
(D % s % . A SCF H MSR-VTT™ Fi
MSVD"™ JAS T 72 i FH A B0 5 % P04 47 3R 1) 42

REFEATIEA . Horh MSR-VTT %4 4 49 10 000
AN B BN IC AT 20 > 2 RER ) A I
AL T 41 H 224 LA LU BRI N 25 . 5 R AR
TR S X1 40 . AR SOl 6513 A48 F Il 25, 497
A HFIRAE 2990 M~ H F L. MSVD s 46 7
1970 MM R B, B4 i B 29 40 HARIE H ”
T AR N SRS T SERERI 9 —F
A 1200 S FEASH F Y125 L 100 A H F 5 11E . 670
A HF M

) VEAG H8 b« A T 4 1 PP Ak AR 0 A R ) 4
A AR ) T A SCOR L A R AT 55 B A
PEAL R AR, B BLEU®Y \METEOR™* .ROUGE-L"
A CIDEr 5 - PEAG AR R

(3)SEIRANN AR SCR FH W FP ELA AR 1 1 itk
FEHY, 23 51 /& SwinBERT 1 VideoLLaMA2. X T
SwWInBERT , SCAS P4 258 8 JH1 () MATU R AIE 2 3k A e epy
W5 0 TR N BB 64, Fe X SR AEWUB N %8 K
32, W se R RV IUE K3 B oA 35 H TH Al S 5000 .
FIL AT 2 1 2 e FH 7E ImageNet™ | #U Il 2k /9 Video
Swin Transformer™™ B &Y . Xof %5 15 25 o 1 JBH Y
PRI SR b, AR S0 5 CVG™ — 80, X bR i 19 SCA
TR L T e/ N AL B IR AR iR /N L2
BRARSAFS s AR R SCAR R I T 3k A &s s
[ BOS THI[ EOS J#RiC . 1alIL 36 h ASTE7E ) B i) 45
PR N [UNK JhRIC . A0 7w B ok [ 4 5
50, % T i 1K B 1 ) A T AT XN Y R
FHATH R . WA MK/ N E K 512, ZEUIZRBY
Bt AR SOl Adam P AL 2% HE1T 254> epoch [ #E71
iAo WIhR 2 R 3e-5, I EE L4t 34> epoch
Je B HLFEAR R JFOR A9 0. 8 4% . T Videol.LaMAZ2,
¥ N BEE N 16, BRI H 4% B 5 VideoL.LaMA 2-
TBURFRF—E IR B A SO AdamW 14k
#R AT 1A epoch BRI AL . W UR 27 > 2K 2e-
5, IF AR X
4.2 HRMXIWSHMH

Sk B IE AR SRR B 2% AN AR A R S LA
SwinBERT NSl AR, 7 MSR-VTT %Kik 4E b i
FTTIHR S . AR — ek, T LR Nk
B8,
4.2, 1 SCAS YA AUAURRAIE 2238 1A Rk

R T B R BT A SCAS A 2 BN B AR ALE 2R 38
R (R 50 o AR SCOGE LE 1 A AR, BIAART Hh 25
SRAE 8 M, -8 FH 1 o RN A B M| i e
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SRR LR Toi & s A Ky B ] 42
b B ORI IR 20 T LA . (EA 3
J& K=1H} BELR A R 56T CLIP AR RURE #E A 7 5 5
WO 6 5 BlE K AW R A PR RE Fr S8 7,
HH i PRt 3 K AT B T R SR WURAE 1) Z R, A
TS A B = B I 3R 5 X K=3 Bif , 15i 8 4
PP B4R T fe ol 0 3, R E AE CIDEr 4348 ik 2|
T 57,7, WA T 2.4, R HZECE FiEE
PESIE SO F5R 8 T ATl . BE KiE—29"
R BT P B T R o 32 PR S RS i 1o 22 T g
I H 3R SCAHRH B AR A IoT , 2F 17 1) 55 7 S —
otk NIMBEARBAL APERE . VAT 5 SUAS 28k
SRR AT A 8 S A P 3 ey e i S 7R - 32 6
ST 2 AR T T i SO Z TR AR DG L
A RUGE S T B — TSR W 7 ey PR, 1 — 2P S o T AR
AU A 5 A R B .

%1 MSR-VTTIIESE F375 R E M E S 3T 85 4 4 5
&R 22T
B@l  B@4 M R C
BTk 84.5  41.6  30.0  61.8 553
TAVR(K=1) 85.6  43.3  30.6  62.7 56.3
TAVR(K=2) 85.8  43.2  30.6 629  56.9
TAVR(K=3) 86.0  43.8  30.8  63.4  57.7
TAVR(K=4) 85.7  43.7  30.2  63.0  57.6
7 : Hofh B@l. B@4. M. R. C 4 % % 7~ BLEU@1. BLEU@4
METEOR.ROUGE-L.CIDEr.

4.2.2  SCASKRUE B E ST DAL A Sk

AR SCWEGE T AE 58 0 PE Al O [ i i 4
B X455 A P BB SZ MR . SE S, 3 #E T BLEU@N,
ROUGE-L.METEOR.CIDEr.BERTScore 14 %
BV LBk (V-IDAE R B s 6 br R DAL SRR
Jait . A SEER A AT SCAS PN 2SI B AR AT
FIR LI T AP b, BARSE R L3R 2.

e, W —48hr A B R E B T SUARBEE N
(1) 5 5 B 48 F7 Cin BLEU #1 CIDEr) P K fifi i &2
B — B0 (V-1 4R A5 19 SCA i 1 35 R B b 3
AR T O RS AR B R . X SR RO SCAR
T A0 AR BR B, 1T DS S AR R DA R 5 A 1Y
TR 2z 2], DT AR AR i SCAR R ik . Bk
KUt V-1 AH #5425 0K CIDEr 43 Bt & 7
2.7 TEHEF SCARBLS N 1 PEAL 45 bR METEOR
KM AMSE, LR LRTA T 40, X 2HTF
METEOR 3 i [f] S i) F1 % 3 D fe 374 3 70 =F &

&2 MSR-VIT BiF&E FX AN EBERRETEHNER,
HI A EEEIRERITH SRR

bR

B@1 R M C

PR
BERTs  V-L C
55.3
NG - - - - - 58.7
NG - - - 59.3
NG - - - - 57.9
NG - - 58.3
NG - 57.8
58.0
59.0
61.0
59.3
- NG - 59.3
NG NG - NG 61.3
F SRR A LR AR . B@1 .M. R.C.BERTs. V-
L433#R BLEU@1 .METEOR.ROUGE-L.CIDEr.BERTScore.
RS B

4
Lo L Lo L&

J&E V) F 3 BT Y BLRE O A S AR S T
BN . AN, £ 2GR BN, B A N E R
e b il A 1E— 20 4 T AU A AR R 1) P e
JuHJE 24 V-L 5 METEOR fil & i}, #5585 i) CIDEY
SPBGEE]61.0. AH LI ARLTE CIDEr 845 L2
T+ 7 5.7, Fl4 METEOR. CIDEr fil V-L =44
JE I L B PR BB CIDEr 20 50 F 32 7H 2 61. 3
I3 M BRI AE CIDEr #5458 F42TH T 6.0, X
U B A SCAE DA SOAS Joit 52 B AN 5 8 T 3k )
T RN DG T T SCA R AR 5 A PN 2 L — 3K
PEo DL SRR T £ 4 T 8 0 XA R
WS 118 A 280 A B i T SO I e iR 4 i 1 5 1 5 e
MR 25 R i T AT 34 T i B HE A P
4.3 FTLERIGLER

Ry 56 IE AR SC T HEAE ZR A R A SO S
24 FUAT VR 7 35 R F A R4 L . 98 35 SWinBERT™ .
MAN™ HMN* . CVG* . SAAT™ .CMG"™',CoCap"™
RSFD™, TextKG"*" . IcoCap*', TrackdCap" ', VCRN*"
4 22 )7 ¥, DA K VideoLLaMA2' | VALOR® |
Vid2Seq® .MELTR"", VL-Prompt™,OmniViD"*,
GIFRBR) Ik, SR NFR 3R A PR .

DFEMSR-VTT ML R 4558 . 7E MSR-VTT
R AR (M S 56 AR SO 13 2o ) A SOAR T U
AIPRATURRAIE 2 3K, OF SR A AR T (0 2 18 90 o i S 1Y)
SRR B A PERE LS. W 3TN A
F SwinBERT JEZR A AL, A SC 5 A8 T A PEAG 8 5




490 L2 R = S/ R I 14 2026 4F
R3 SEFEAFEEMSR-VIT MK E e L R4 SEFEFEEMSVD UL &R L8
. LH;%& MSR-VTT . '-HJ{JIL MSVD
WfH B@l B@4 R M C B B@l B@d R M C

SAATH! 2020 79.6 39.9 61.2 27.7 51.0 APML™MY 2021 86.4 58.0 76.2 39.2 108.3
APML™MY 2021 82.9 43.8 63.6 30.3 52.2 SwinBERT' 2022 - 58.2 77.5 41.3 120.6
SGN!? 2021 - 40.8 60.8 28.3 49.5 Cocap™® 2023 - 60.1 78.2 41.4 121.5
SwinBERT™ 2022 83.1 41.9 62.1 29.9 53.8 TextKGH" 2023 - 60.8 75.1 38.5 105.2
LSRT™I 2022 - 42,6 61.0 28.3 49.5 VL-Prompt™ 2023 - 63.5 78.9 41.6 128.1
CMGH 2022 83.5 44.9 62.9 29.6 53.0 MAN™ 2024 - 60.1 74.2 37.3 101.5
Cocap™™™ 2023 - 44.4 63.4 30.3 57.2 TeoCap™*® 2024 - 59.1 76.5 39.5 110.3
RSFD! 2023 - 43.4 62.3 29.3 53.1 HMN® 2024 - 59.7 74.3 37.3 101.5
TextKGH 2023 - 46.6 64.8 30.5 60.8 OmniViD"™ 2024 - 59.7 78.1 42.2 122.5
HMN® 2024 81.3 43.5 62.7 29.0 51.5 HSRA® 2025 - 62.2 78.4 39.2 110.1
TcoCap™® 2024 - 47.0 64.9 31.1 60.2 Track4Cap™’ 2025 - 62.1 79.8 42.5 127.2
MAN' 2024 - 43.5 62.2 28.9 50.9 VCRN™ 2025 - 59.1 74.6 37.4 100.8
CVGY 2024 84.8 - 64.6 31.2 60.2 A3 (+SwinBERT) 2025 89.6 65.2 81.2 43.8 138.5
HSRA™® 2025 - 46.9 64.8 30.9 55.3 VL-Prompt™™ 2023 - 63.5 78.9 41.6 128.1
Track4Cap™”! 2025 - 44.6 63.6 30.5 57.7 OmniViD"™ 2024 - 59.7 78.1 42.2 122.5
VCRNP 2025 - 415 61.2 28.1 50.2 Vid2Seq™! 2023 - - - 45.3 146.2
3L (+ SwinBERT) 2025 86.8 48.3 65.4 31.7 63.6 MA-LMM™ 2024 - - - 49.8 179.1
MELTR" 2023 - 44.2 62.4 29.3 52.8 COSA®! 2024 - 76.5 - - 178.5
VL-Prompt™ 2023 - 43.2 62.7 30.1 55.3 Videol.LLaMA2" 2024 - 73.9 85.9 49.3 174.3
OmniViD™ 2024 - 44.3 62.7 29.9 56.6 VALOR-LPY 2025 - 80.7 87.9 51.0 178.5
Vid2Seq® 2023 - - - 30.8 64.6 A (+Videol.LaMA2) 2025 -  77.4 87.9 51.8 179.1
MA-LMM* 2024 - - - 334 746 ¥ :B@1.B@4.M.R.C 4} §I% 7% BLEU@1. BLEU@4.METEOR.
COSA™! 2024 - 53.7 - - 747 ROUGE-L.CIDEr,

VideoLLaMA2™ 2024 88.1 52.5 67.2 33.1 72.6

VALOR-LPY 2025 - 54.4 68.0 32.9 74.0 MSVD ¥ #E4E FfT 70 0. tE4R,.ZEF
ASC(+ VideoLLaMA2) 2025 88.3 54.4 68.1 33.6 76.8

I : B@l. B@4. M. R. C 43 %l % /5 BLEU@I1. BLEU@4.
METEOR.ROUGE-L.CIDEr.

BRI Ay 58 JUHAE CIDEr f6 5 | U
63. 6, 50 Y BT R AR R TextKG 27} 2. 8, A48 #5
WIS 0. 555 LA AT 55 R MR e A 55 s
) APML J7iE A b » A SCFE CIDEr 4845 LS8 11, 1
(248 %50 3 2 o 3K A5 £ TR SRR AL 5 SR IR Bl Y vt
VEPER IS ILFAME ] o ifE— 20 X B ) S A A, AR
SCOT R R SR R AL AT CVG T 3.4,
IcoCap #2 Ft 3. 4, HSRA #2 7t 8. 3, Track4Cap #2 Ft
5.9, HMN #2712, 1. 15 —4 02, AR SOy %)
[t MAN F1 VCRN _E 4T+ 2, 43 il 7t 1 12, 7 F0
13.4, T VideoLLaMA2 JL i #5578 , Al [, Bk £ 4
TIZE CIDEr #6845 B4R 4. 2. %F He HUA 5L T R p A
WE5E - 18 5 B2 0 Vid2Seq ($2: T+ 12. 2) . COSA
(F&F+ 2. DA VALORUGEF 2. 8) A J5 A1 e B i1
R

2)FE MSVD M4 b g 28 AR Scilt— B 1

SwinBERT & Al AL, A SC 07 A 76 fir A $8 45 L3456
B A fEvEAe , AR I CH . BLEU@I 43 %% 89. 6,
BLEU@4 4341 65. 2, METEOR 434 43. 8, ROUGE-
L3481, 2, CIDEr 234 138. 5. i —% it
TSI AR SO IR RS AR 4IE  AH T HSRA L A SC
7£ CIDEr 5 #7 I #& 7+ 28. 4, Track4Cap #2 7+ 11. 3,
VCRN$ETF 37,7, 0 —$E 8 AR AH Y i
FIA OmniVIDHEZLSZIR 16. 040 1y BEHk = HE T, 388
SR AL - 5 W2 20 VL -Prompt 45 8-, B
1510. 45709 i E L3 BT VideoLLaMA2 FEfili
R, A H R LR AR U FE CIDEr 46 45 427 4. 8, ik 3|
179.1, 5 MA-LMM $§°F- . fH METEOR & 3 & T
MA-LMM. 5HAEE T REARI Vid2Seq . COSA.
VALOR %5 J5 ¥ A0 H, A5 16 e 30— S0 Pk g A
B X T A UE BRI R AW PN 25 R 8 S e A U2
URAR TR T T A 5
4.4 FWIFLEELE

AR SCAE MSR-VT T il AR i BEAILAH R 100 A4~
AT N T VEAR o IO S 0 = 5 4 A 3 xof 2
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AR (SwinBERT) A SCBL R (14 F000 25 S 14 7 X6
b A oA e 2R A A AR A A B T A
SRS RS e g R F e el A g P N =i ]
R TR o FLAARHL B A AT R X 7 Y A~
R A A CREALER IC 0 A R B B 7R 45 3 AN
(] B DAk A D B2 SR AULAT] 43 3] AR SR 0 = a4 7
AN A A B AR T0TE X 4 = A BRI
HHEATRERE . GEit RO y «  EA AR ARAS E
G VRN BT 22, D00 A A2 0 R W M7 5 5 PR A AR AR 1Y)
A PN ECR AR R W S < TEk X 4. AFRS
Hn] DUE ) FRATT AR R AR DG A A
i b B B 1 B34 2 AR R AR

#z5 MSR-VTT ik & EARPIFNRE R

FiA F iEBS
SwinBERT H 19% 24%
AT 33% 35%
Toik X4y 48% 41%

4.5 IHESHEE

AR 8 SR P 25 TR ) AR A DG B R A
TSCASBRTE A S 0 5 A T LAFE DI 2RI B B B
— UM 58 8 S A A R P I e R v sk
B, AN Ghad B rp L 5 LR AR AN 2 =X
B R AL — A iR I R0 LT

S S B AN U B Ul BRI HE A AR B

WEAN 2 X #: PHL AR o8 A (T A 48

F6 WA T AR S5 5 A MSR-
VTT $44E FtERe b . eI Be, A SOy
BAES G LA B ERI A N T 0. 1 M, X /& i
TR 51 Bk Rl A SR A ARG
IR U o) NS T o I O N1 NG 7 N B 7 = M
TEHUAS 63. 6 1Y CIDEr 730 8 (4 CoCap #2715 6. 4) 1)
] 5, 2 5008 Al CoCap 1Y 51. 2% , i ik T MAN
SRR R (B8 1500 M) LR BL T B 4 A4 B
A5V BE Y -
4.6 WIS

(DT 50 AR WOR AR B nT Ak

&l 4 7 T AR SO A WR A J T R A R 3

#6 MSR-VITHIEE LSHEMLE

A Eit CIDEr
SwinBERT 225.7M 53.8
CoCap 441M 57.2
MAN 1500 M 50.9
SRS 225.8 M 63.6

Bro 1B 4 Ca) Hxd T A% S8 A 2 20 SRR S (55—
1) SA SO 0 7 ¥R B Wi 41 G — A1) . AT
DIREE R, AR I8 &) SRAY B8 78 o A0 01 1 R I ]
5 5 AHH S PO it 5 SCAHE IR “a man and child play
games at a theme park” B9 SCAH GRS . SR
H I MT 9 A7 7T e XS BRI 25 7 A T4, B A A
A HERRPE S IE T . ML Z T ARSCRT R Y
TSR A: SR W A 285 5 SO T SUAR B A L, 38 i
PEE A 5 B A O i ot o [R] s £ BE 37 5 2R L AL
$ETH T Wi A By s SRR S )T . B 4Mb)
HE—2PXF T ARG — 3 5 T A R S AR SO 1)
MIRERERICR . YIS RAESE SR, 6 2 WA 7 W i
SUR—F G He 2 0 T 4 Bt iy e s, ANTG
AR FAIE SUE R =5 AT, Rz
T ARSI B TEE B R -5 iR < a woman with
wings and horns flies in the sky and then lands” i X
— B[R 3 & A 2R A RO S U Y DB
AR, DN A B Ry 58 L [ 49K HL s A 3R 9007 B
TR SURAE

R BT B VAR 25 R i T AL

B ok AR MSR-VTT 5 MSVD %4z 4
e 1 POASBE R B IR AEIRL S AR T R IR R
IR . EE 5 () B IR SCA Y, “a”
“girl” Sy BT 223 51 0 0. 05 5 0. 085 1l
“driving” \ “car” %5 Jy IE A i 4 - H: 5T 5 A5 20 A0 X 45
o FSM)BHEIART . “a pig” IR AR E, IF AR
FE B AT LR B, PR B A BT A5 43R 0. 11
0,15, 2 H . & 5Ce) i “the girl” L A& 78 )5
PATT B 3 — B4R AR AT R R A A B s
MR B SDOM A 45 5 LA cut”iX — s AR 3 ik
i R 48 VR N AE S 4R m A 59 450 , A Iz )
rh i 44 1) AN Sl R AR 3 R AR . S (D iR “a
group is dancing” i, IZ 4 IR 5 WA H SEBR KA Y
P2 JFJ0 6 & . A I R e o 0 T o 5 43 5 il AT
A o

3O PRATH A 2B B 25 SR T Ak

6 JE7” T I MSR-VTT Fl MSVD %4 4 h
VEH A 2R 712 (SwinBERT) FUAS SC Y 772 A8 mi A
IR o 38 SCAS P2 BN B MR AE e 3K DL K
TG SCA A AR W PSRRI R SR W AR ST vk
AL REAS i 154 B SCA IR N AT+ L ik g
% B AT A8 AR A T SCAS 9 JRy S e 7 1) 553 M 7
s XoF AR AR (1) 52 ] DT A= 58 5 o A ) SCASHE A
Kl 6Ca-c) /R T A SCI BRI AE SCARHE AR A B F &
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A’

GT: a woman with wings and horns flies in the sky and then lands
(b)
(Herr, (a) M (b) PRES AT RPN, 5 AT IORA LI RN

B4 3T Y5 RO R WOR RS R a] B4k

- &6 " °

ik a "II’] i1s driving a race car

Hik a pig causes a  huge explosion

Jfi 13 4r]0.05 0.08 0.25 0.38 0.39 0.56 0.56

At 011 015 031 035 05 05

(al)

[47]

ISR R = |~

itk The girl cul the paper

Jinid group  js  dancing

Wi 7341 0.01 0.02 0.02 0.16 0.23

Fdeddsr] 005 007 006 0.06

(e)

F 5

Pho BIUNE 6 Ca) Bz » HEA Ty ik FU fij B 1) A Bt
R *“a man is playing ping pong ball. ™. i 4~ 3C 77 1)
AR T N=E & 30 T “in a blue shirt” X —4H 7 , iX
2 PR R AR SRS RS S BRI 5 SCAR A 250 55 19 3
Frp RIS T 1k A Bl kb N R — 2SR A T [
) Hb 53 TE o B R JT B A A0 i A 4 1 ) — S0Pk

& .‘;— .‘;- -‘:- fi“ !E,

GT1: aleft hand blue tshirt person is play table tennis
(GT2: man in blue shirt is training on the table tennis game
SEHET7iE: aman is playing ping pong ball

:: aman in a blue shirt is playing table tennis

GT1: aman is cooking a dish in lhc kllchen

GT2: a person in black over shirt kept something in the bow! to boil
e 7% a man is cooking

A5 % aman in a black shirt is cooking in a pot

il .
TN | RN B B

GTI1:aman is throwing a bowling ball down a lane

GT2: the boy is playing the bowling shot

SEHE 77105 a man s playing with a ball

A T3 a man is throwing a bowling ball down an alley

(d)

AR SRR

[ [ B 2805 S 22 oA O 4075 o AT A B0 =F & 1Y
R . 6 (h) FNIEL 6 o) [Nl , B4k Jr i Ak il a
man is cooking”™ i i . 1H I FH > 1 R B4~ W4 200
W S8 B T AR ST 7 v 70 3] P HE e D 5 0 1 i
a black shirt”.“in a pot” fl“down an alley” 1% £ 2 75

W AR TN B A . X RN A Y

: ------

GTI1: a woman describes a preparation for shellfish and a creamy sauce
GT2: a woman cooks different meals in a pot in her kitchen

JEQEJr ik aperson is stirring a sauce in a pan

A3 in a kitchen someone is making a dish in a pan

FNESFSPAR

GT1: a white parrot is pecking its feathers and girl approaches it
GT2: watching a white bird with a young girl coming into view
K77k a girl plays with a toy bird

AT there is a woman playing with a parrot

GT1: an umpire is commenting about the wrestling
GT2: the boys train for wrestling competition
JEE Ty 72 a man is talking about a basketball player
A7 a group of boys are talking about wrestling

K6 ARSCE A CR R FIN 45 R nT AL X Lo
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T RN ZRAA , TE SR AR SCHE T SCAS N 25 8% R 1) A A3
TERIB T B

B 6(d-DJ7R T A SR ALTE SCARSH IR A B
HERRME . I 6 (D P s AR XA GT1
TE MR 75 H0 8 “a creamy sauce” , HELE Ty 17 HIMR 7 15
PR HL A B a sauce” , A SCAY 7 1k 45 1 D 5 Joi
SRR SCAR HEA T2 2T 5 DT B AT I 5 52 i) LA A i
R HER TG R A A 5 76 T 6 Ce) Hp, JE 2R 7 TR Al 1R b
H4“parrot” FUl 24 “a toy bird”, 3% J2& PR A 7 Mk 75 45 i
Hheg 3 22 S BN IR AU - SO Z [ T SLE R
el A5HA5E Y 0 280 A SCAHAS 2 8 E AR A A 3R L 1 AR S
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variety of applications such as assisting visually impaired
persons, video retrieval and human—-computer interaction.
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model’ s ability to accurately learn cross—modal semantic
relationships, thereby compromising the coherence and
precision of the generated captions.

To address this issue, we propose a novel video captioning
framework that integrates a Text—aware Video Representation
(TAVR) module and a Phrase-Level Quality-aware Noise—
Tolerant Training (PQNT) strategy. Specifically, the TAVR
module constructs scene prototypes by clustering video frames
and dynamically allocates sampling ratios based on the semantic

content of the associated text. This enables the selection of key
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frame sequences that are highly relevant to the text and low

resulting in semantically rich video
This
interference of redundant frames and enhances cross—modal
the PQNT

Phrase-Level Caption Evaluation (PCE) mechanism, which

in redundancy,

representations. module effectively reduces the

alignment. Meanwhile, module introduces a

quantifies caption quality from both global (semantic

clustering) and local (phrase-level alignment) perspectives. A
quality—aware loss function is further applied to guide the
model to prioritize high—quality textual annotations while
mitigating the influence of noisy data.

The experimental results demonstrate that the proposed
method achieves significant performance gains across multiple

evaluation metrics compared with most other methods.



