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Video captioning with trajectory-based spatiotemporal perceiving
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Abstract: Objective The video captioning task aims to automatically generate natural language sentences that accurately
convey the semantic content of videos, serving as a crucial intersection between visual understanding and natural language
processing. It has shown broad potential in practical applications such as automated surveillance, assistive technologies for

the visually impaired, and video summarization. While most existing approaches adopt an encoder-decoder architecture
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and have achieved notable progress in visual representation and language generation, they still face two key challenges.
First, the video encoder often struggles to effectively model object-level motion and event information, which are essential
for expressing action-related semantics. Real-world videos frequently involve complex dynamic processes, such as rapid
motion and object deformation, making it difficult for models to capture spatiotemporal continuity. Second, the decoder
encounters difficulties in cross-modal semantic association during training, as the model often fails to consistently focus on
visual regions that are highly relevant to the current word being generated. The mapping between visual and textual modali-
ties is inherently complex and unstable, particularly when multimodal alignment is weak. These limitations severely under-
mine the quality and accuracy of generated captions in dynamic scenes. To address these issues, this study proposes a
novel video captioning method that integrates trajectory-aware spatiotemporal modeling with adaptive semantic focusing,
aiming to enhance the model’ s ability to capture object-level dynamics and improve multimodal semantic alignment.
Method To overcome the identified challenges, this study introduces a video description approach that leverages video
point trajectories as a core constraint to enhance semantic continuity and multimodal alignment. The methodology com-
prises two innovative components designed to address the limitations of existing approaches. First, a visual feature trajec-
tory aggregation method is developed to improve the modeling of target semantic continuity. This method explicitly captures
the spatiotemporal semantics of target objects by aggregating visual features along point trajectories, which represent the
temporal positions and movements of objects within a video. Through an average pooling operation, features along these tra-
jectories are integrated to generate smooth and stable trajectory representations that preserve spatial appearance and tempo-
ral continuity. This approach surpasses traditional methods relying on frame-level feature extraction or independent
sequence modeling, which often fail to maintain semantic consistency in scenarios involving occlusions or multiobject inter-
actions. By focusing on continuous representations of individual targets, the trajectory aggregation method enables the
model to track objects across frames, capture dynamic associations, and produce descriptions with enhanced temporal
coherence and robustness, particularly in complex scenes with frequent motion or visual obstructions. Second, an unsuper-
vised adaptive key trajectory focusing learning strategy is proposed to mitigate semantic misalignment between visual and
textual modalities. This method exploits the dynamic spatiotemporal information embedded in dense video point trajectories

to uncover latent semantic associations between visual and textual elements. By analyzing the distribution of attention

weights during decoding, it adaptively identifies key trajectories those most relevant to the generated description
and distinguishes them from nonkey trajectories that contribute less to semantic content. A novel unsupervised key trajec-
tory focusing loss guides the model to prioritize semantically significant regions while suppressing interference from irrel-
evant background information. Unlike conventional attention mechanisms that either struggle to align words with appropri-
ate visual regions or rely on labor-intensive manual annotations, this approach is annotation-free and avoids dependence on
fixed geometric regions, such as rectangles. Instead, it allows semantic alignment regions to flexibly adapt to the dynamic
boundaries and complex shapes of target objects, ensuring precise and contextually relevant attention. The adaptive key tra-
jectory selection process further adjusts dynamically to changes in attention weights as each word is generated, thereby
enhancing the flexibility and accuracy of semantic alignment. Together, these methods provide a comprehensive solution
that strengthens the model’ s ability to generate coherent and accurate descriptions by addressing challenges in temporal
semantic continuity and multimodal alignment. Result The proposed approach was evaluated on two widely used bench-
mark datasets, Microsoft research video to text (MSR-VTT) and Microsoft research video description corpus (MSVD) , to
demonstrate its effectiveness in generating accurate and semantically rich video descriptions. On the MSR-VTT dataset,
the model achieved a consensus-based image description evaluation (CIDEr) score of 61.2, surpassing several leading
methods such as IcoCap (60.2) and OmniViD (56.6), and attained a metric for evaluation of translation with explicit
ordering (METEOR) score of 32.0. These results indicate that our method

particularly the introduced unsupervised

focusing loss effectively enhances the semantic association between fine-grained spatiotemporal video features and
words. Moreover, the model outperformed approaches that rely on large-scale vision-language pretraining, including
MELTR, VL-Prompt, and OmniViD, with CIDEr improvements ranging from +4. 6 to +11. 2, highlighting the practical

advantages of the proposed trajectory-guided attention mechanism. On the MSVD dataset, which features more fine-grained

and diverse video content, our model consistently outperformed all baselines across every evaluation metric. In particular,
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it achieved a BLEU@1 score of 88. 6, a BLEU@4 score of 66.0, a METEOR score of 42. 5, a ROUGE-L score of 80. 1,
and an outstanding CIDEr score of 130. 1. These scores represent a 7. 6-point gain over OmniViD and a 1. 6-point gain over
VL-Prompt on CIDEr, underscoring the robustness and effectiveness of our model in handling dynamic video scenarios.
Beyond quantitative metrics, qualitative analyses reveal that the generated descriptions exhibit strong temporal coherence,
reduced redundancy, and improved alignment with video semantics. Attention visualizations confirm that the model suc-

cessfully attends to semantically relevant moving objects while filtering out background clutter. This characteristic mitigates

issues of attention dispersion such as incorrectly identifying background elements as primary subjects demonstrat-
ing the interpretability and precision of the proposed attention mechanism. Conclusion This paper presents a robust and
interpretable video description framework that addresses two long-standing challenges: insufficient modeling of semantic
continuity and inadequate cross-modal semantic alignment. By introducing a trajectory-based visual representation
approach together with an unsupervised adaptive key trajectory focusing strategy, the proposed method strengthens the tem-
poral and semantic integrity of video representations while guiding the model toward precise alignment with textual outputs.
Requiring no additional annotations and being fully end-to-end trainable, the approach demonstrates strong generalization
across multiple datasets and proves particularly effective in complex scenarios involving occlusions, background clutter,

achieving CIDEr scores of 61.2 and

and multiobject dynamics. The substantial gains in quantitative performance

130. 1 on MSR-VTT and MSVD, respectively

along with qualitative improvements in description quality, underscore
the potential of integrating motion-aware semantics and attention guidance into video-language models. Overall, the pro-
posed method provides a scalable and efficient solution for video content description, with broad implications for applica-
tions such as automated surveillance, assistive technologies, video summarization, and content retrieval.
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Fig. 3 Overall framework of video captioning with trajectory-based spatiotemporal perceiving and adaptive semantic focusing
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Fig. 4 Adaptive key trajectory mining module
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2.1 HIR&EETMEIER
2.1.1 B

A SCTT P AE MSR-VTT (Xu 45, 2016) Fl MSVD
(Chen Al Dolan, 201 1) B4 4 B AT T 5870 IS5
MSR-VTT J&— A R MU E RS , K A YouTube 4%
TEZF- 519 10 000 2 B2 . $is AR A4
6 573 MYIZRHEA (497 B UEARE AN A 2 990 4~ i A
Ao MSVD & — AR BOEOE B , 20 i Bty
B BA N T AR SO . A MSVD HUEL/IN
T MSR-VIT, HNAE+ 5, A B 2. £
i HE 4 73 2 1200 D YIZRAEAR L 100 45 UEFE AR A
670 MIHRFEA
2.1.2 iFAlidEbR

Fi bR T 1 LA A 3R DEAG BRI, A SO A 4 Fh
A PEAG 48 br Al B il i, AL SR TS R Y
BLEU (bilingual evaluation understudy ) (Papineni 4 ,
2002) 354 7 A RLE A5 53 B9 METEOR (metric
for evaluation of translation with explicit ordering)
(Denkowski Fll Lavie, 2014) | % J* It 31 (1) CIDEr
(Vedantam %5, 2015) , A K3 i fie <28 27 )9 51 ik
it A) F A L E B9 ROUGE-L (recall-oriented under-
study for gisting evaluation — longest common subse-
quence) (Lin,2004) . F#R#§4R5351C8 B@N M .C
FUR, For N B HUE A 1704,
2.1.3 SNy

S 2% Je AL CVG (Jiang 55, 2024) (1975 15, A&
A #E ImageNet | $il Il 2% ) Video Swin Trans-
former 42 AR W& 47 10E , dk o, {8 FAE PointOdyssey 3¢

PE4E LI 25 19 PIPs++45 1 ( Zheng 45 , 2023 ) 52 #i
P8 i RS o 6 LS 1 SOAS A R Ay b 2 ) T
b PR A0SR SCAR A NG R BR AR AT T (R
Al AR B I Sk RS R 3 il s n [ BOS I A LEOS [
12, X T AL R T AR IR A SCAS , PLLUNK JARiC 8
oo FrA IR G —B0E ) TR 50, %8 T
JE B0 RO, R 2 A U AR R R B E B4R
K. ARICRYE CVG (Jiang 55, 2024) K8 A [7]
(9 368 2 B8, P A0 SRR IR R SCAS R IR 1) i A 4 BE S
SV E N 512 F1 768, ZBLZS Transformer (1 )72 44 L
WEN12, NG, BB Adam (LA AR
PEAT 15 1> epoch WAL, 1 4R 27 ) R B R 3
107, % 34~ epoch 5 0. 8175 .
2.2 SRR
2.2.1 MSR-VIT [95644

R LRSS T ARSI M 15 Fse k) i PERE .
H. 71, RSFD (refined semantic enhancement towards
frequency diffusion for video captioning) (Zhong % ,
2023) . Cocap (accurate and fast compressed video cap-
tioning) (Shen %% , 2023) F IcoCap (improving video
captioning by compounding images) (Liang 5% , 2024)
{ I 2D 45 BURf 28 (0 265 482 HOUL 52 54 5 LSRT (long
short-term relation Transformer for video captioning)
(Li%%,2022) MELTR (meta loss transformer for learn-
ing to fine-tune video foundation models) (Ko 4§ ,
2023) . HMN (learning hierarchical modular networks
for video captioning) (1i %%, 2024) 1 VCRN (visual
commonsense-aware representation network for video
captioning) (Zeng &, 2025) fifi FH] 3D 45 FHpf 25 ] 25 42
B 58 45 A 5 SwinBERT (Lin %5 , 2022) |, VL-Prompt
(Yan %%, 2023) . OmniViD (generative framework for
universal video understanding) (Wang 45 2024) MAN
(memory-based augmentation network for video cap-
tioning) (Jing %5 , 2024 ) F1 HSRA (hierarchical seman-
tic representation and aggregation) (Han %5 , 2025) fifi
A Transformer & BT FEAE ; CMG (cross-modal
graph with meta concepts for video captioning) (Wang
&, 2022) . CVG (Jiang % , 2024) Fl Track4Cap
(tracking-guided information augmentation for caption-
ing) (Luo 45, 2025) il Fl Z2 R 5 4 i1 s 412 R 45 L
BRI .

FIr 47 B B S A MSR-VTT 544 FH 5y
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Cap (60.2) #l OmniVID (56. 6) 45 fe 7 )7 45 W 2
$ETt, [T, 7E METEOR f8 45 Lk %) 32. 0. Frgl A
R SR AR A RO 5 T AT AT B e 2 AR 5 ]
2 [ T8 SOGHK

BEAR AR SC 7 i Al 2 8 T ) RS AL i
g & B 4 59 MELTR . VL-Prompt I OmniViD
(CIDEr 73 KU Th+4. 6~+8.4) o X WA I i 1 28
FEPR AT A AT 55 vh B T BURAEH . 3
Se 55 B0 AT B0 UE T A ST IR R LR

2.2.2 MSVD FRyscuiss

P21 HA P MSVD B dis 45 FaEfT T
PEREIEAL o WNZR VAT 7R 3% 5 VR A6 I A PEAL 4
b B HAS T ERARE R . b BLEU@1 5% 88. 6,
BLEU@4 ik %] 66. 0, METEOR ik % 42. 5, ROUGE-L
5% 80. 1, CIDEr B 23K % 130. 1 /& 47, BB AL T
XF . G HTE CIDEr 45 45 b, % 5 ¥ M 1t
OmniViD #2£ 7+ T 7. 6, # Ht VL-Prompt $2 7} i £ 15 )
2.0, 757 BT BRI A RO . X R RE (4T,
o g T4 0 RAERURALE] , 72 i B b FE 0042
P T RUATE R G 25 R s BhER R s Ak T AR
BB ASRHE 5 42 JRy i L2 ] 1 SCORHK .

&1 MSR-VITHIMSVD ik & F SRIFERLERITLE
Table 1 Comparison with state-of-the-art methods on the MSR-VTT and MSVD test sets

MSR-VTT MSVD
Jrik Ay

B@1? B@4? M1 RT ct B@1T B@41 M1 R7 ct
SwinBERT 2022 83.1 41.9 29.9 62.1 53.3 - 58.2 413 775 120.6
LSRT 2022 - 42.6 28.3 61.0 49.5 - 55.6 37.1 73.5 98.5
CMG 2023 83.5 44.9 29.6 62.9 53.0 - 59.5 38.8 76.2 107.3
Cocap 2023 - 44.4 30.3 63.4 57.2 - 60.1 41.4 78.2 121.5
MELTR 2023 - 44.2 29.3 62.4 52.8 - - - - -
VL-Prompt 2023 - 43.2 30.1 62.7 55.3 - 63.5 41.6 78.9 128.1
RSFD 2023 - 43.4 29.3 62.3 53.1 - 51.2 35.7 72.9 96.7
HMN 2024 - 45.1 28.8 63.6 54.2 - 59.9 36.2 74.2 104.7
TcoCap 2024 - 47.0 31.1 64.9 60.2 - 59.1 39.5 76.5 110.3
MAN 2024 - 41.3 28.0 61.4 49.8 - 59.7 37.3 743 101.5
OmniVID 2024 - 44.3 29.9 62.7 56.6 - 59.7 422 78.1 122.5
CvVG 2024 84.8 46.5 31.2 64.6 60.2 - - - -
HSRA 2025 - 46.9 30.9 64.8 55.3 - 62.2 39.2 78.4 110.1
Track4Cap 2025 - 44.6 30.5 63.6 57.7 - 62.1 2.5 79.8 127.2
VCRN 2025 - 41.5 28.1 61.2 50.2 - 59.1 37.4 74.6 100.8
AL 2025 86.0 47.5 32.0 65.1 61.2 88.6 66.0 Q2.5 80.1 130.1

L PR A R A R . 1 " B BB B By, =" SRR B T AR

2.3 HELCI®

h T S UEAEIZ AR A rh A I R R A S ) AR £
5 X A A TR AT 55 00 A 5 (DR 38 35S 43 7
SR PERE RS, 75 MSR-VTT 5634 4T 191
ALAFSY . ELRHL , A MSR-VTT 8 42 v 0 0 i 34
SR 8 MTHEA T IH Al S5

2.3.1  BUBFHEAA R

T SRR A BOE AR A R, AR
WA B SRAE 8 WY FE LA AR o a5, I 1 e L
AR R AR . BRI AR SO A A
BUTAG AL BRI ] Ui e B, It — 25 2R
2B B, A U O BE 1] 5 AR ik B

565



566

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 2,Feb. 2026

P IPNE 2 BN ey b

WHGEE RN 2 iR, 5 IR L, BN
WMRFAE IS  BERULE i PEAS e An L 3 P o, R W
YO SR I B A B e e .
H1, ROUGE-L(+1. 2) Fl CIDEr(+0. 8) Ay 32 7}t 1y ]
8, Uh BRI A ) SCAS 7 3 AR 25 4 AR P 5 D e
DS E T Ak . R, CIDE 845 1Y 5 2 42 Tk
— 5 R R R RE A% 5 B AR B v 1 4R ERORD
TRAAT A DG BRAT R, DT 4 R A 3R SOAS 1Y i B M
A AE M
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Table 2 Evaluate the effectiveness of different modules on
the MSR-VTT validation set

ik BRLEL7R
HOEEE  RERHIS B@l Be@4 M R C

- - 845 41.6 300 618 553

J - 85.0 42.1 303 630 56.1
- N 850 428 302 632 567
J N 855 43.0 303 632 572
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Fig. 5 Effect of cumulative score threshold u on

model performance
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Table 3 Evaluation of the impact of the focus loss
coefficient A on the MSR-VTT validation set

4 TEMSR-VTT HE 5 E U6 IE 05T R A hoi 45 Y 52 Ml
Table 4 Impact of the number of sampled video frames on
the MSR-VTT validation set

] Ak SR . PR
WL REA L3
B@1  B@4 M R C B@1 B@4 M R C

0.1 85.1 425 302 628 570 8 85.5 43.0 30.3 63.2 57.2
0.2 855 430 303 632 572 16 85.8 432 304 63.1 58.1
0.3 85.1 426 301 63.1 56.9 32 86.1 43.8 30.7 63.3 59.7
0.4 85.0 423  30.1 62.5 563 100 86.4 45.1 31.0 63.4 60.9
0.5 84.9 422 30.1 62.4 56.2 IR R R P i

T L P SRR 5 B R A4 2R

ANTRLRAE MU T X LU S50, 5L 25 R ANk 4 i .
MGERAT DLW R E Y, A RAE W G, AR
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W6 TR . SEEE5H MR A SR F S 35 1Ak
TEAS e bn IS TR R, X 15 25 T H AT
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Table 5 Impact of applying the focusing loss at different layers of the multimodal Transformer on
the MSR-VTT validation set

Y ERE LN
55102 5112 5122 B@1 B@4 M R C
N N N 85.2 425 30.2 62.8 56.8
- N N 85.3 423 30.1 63.1 57
- - N 85.5 43.0 30.3 63.2 57.2
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E-3OE R TR e SN/ I E By ALK S (U E A E R PR
THFE F B BOREE St LR & s rh X AL
il 75 5 Z B FRHIE R T, LR RE LIRS
T AR REFE N BRI BEAT B B, 5 B RS
TR RE G AT 500 SR AR R XA IS A A ) I T 2
TS TR -5 SCAS T SOOCHR B TR

%6 TEMSR-VITIRIESE FIIEHEEE & F iEBIR00
Table 6 Effects of verification trajectory aggregation
methods on MSR-VTT validation set

‘ BREEEL )
RBEHEITHK
B@1 B@4 M R C
Rtk 84.1 423 30.0 62.4 56.1
A 85.5 43.0 30.3 63.2 57.2

H & itk 84.6 425 30.4 62.7 55.9
L AR R 25 I B AR 4

2.3.8  N[A] AR EE L AR

g 6 UE AN ] B B B ) AT st 0308 %o 4
AT A 7 B BE A2, 7 MSR-VTT BaiiF4E -
BT T X e S2 56, 8 B PIPs++ (Zheng %5 , 2023) |
CoTracker3 (Ko %5 , 2023) 1 TAP-Vid (Doersch % ,
2022) 3 Ff 32 AR ER L SEIR A5 R R T R S
SHRAE IR, = H WAL R bR 25 0N A e
FZ 305 : PIPs++ 75 &8 4> 48 o5 L W& L , CoTracker3 Al
TAP-Vid W 7EF A 45 bR 45 A7 0, (H 22 B ¥ 4/
i1 0.5%. X 3N IR R EE T
(LI A BURE 7 E A LA, A B B30 7 58 B
FERME LR BEE UK. B, AR b AN ]
Seil SR R A S S IR Sy B TR
A, S AR IR Ry SE g P RE /NI D 3
2.3.9 BRI ZLE T

FEFR S, WEBIRI K /N (S5 ) RT3 A

R7 FEMSR-VTTHIEE EIIER R RERE AR R0
Table 7 Effects of verifying different point tracking
algorithms on MSR-VTT validation set

i VPG
o

B@1 B@4 M R c
PIPs++ 85.5 43.0 30.3 63.2 57.2

CoTracker3 85.0 43.1 30.5 63.0 56.6
TAP-Vid 85.3 42.5 30.4 62.7 56.8

E I P SRR 5 8 R AL 2

(V7 Iz B ) A 2L 8 (PP At 4 B ) ) 3 A
WA % BEEAT T AT b . AR SCHR HH BB
TR IR R SR AR A SR A HR 34 AT A Sy AR B TR Hedi A
2 Transformer ZEA4 A A F AR AT RS | HOXF BELR AR
AU SR AT B AR AN . X R i
i PR AR AR e {1 R 200 X O B 2 AR R, TRt
XS Y A 5 P8 1) 0 e 3 22 e (I o R ) M, 7 A 3 s
T SR AR R B PO 25 R B AL 5 | AMEfE 241
IR N g

*8 BAEMNBHEXRNZFREEEMEENE

Table 8 Parameters, floating point calculations and

operation efficiency of each method
BRI B fatR

BEEIC | R |
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