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Abstract: Objective Scene text video question answering is a critical task in multimodal understanding that aims to reason

over both dynamic visual content and fine-grained textual information embedded in videos to answer natural language ques-
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tions. Unlike general video question answering tasks that primarily rely on coarse visual semantics, scene text video ques-
tion answering requires precise perception and temporal reasoning over scene text, which is often sparse, transient, and
highly sensitive to frame selection. With the rapid development of multimodal large language models, such as Qwen2. 5-
VL, recent approaches have demonstrated promising capabilities in unified vision—language reasoning. However, these
models are constrained by limited visual input capacity when processing long videos. Directly feeding all video frames
incurs prohibitive computational cost, while conventional uniform frame sampling strategies frequently discard frames con-
taining crucial textual evidence, leading to incomplete or incorrect reasoning. Moreover, scene text in real-world videos is
often affected by motion blur, occlusion, illumination variation, and cluttered backgrounds, making it difficult for models
to reliably attend to text regions. Existing methods typically treat frame selection and answer prediction as independent pro-
cesses, without explicitly leveraging semantic feedback from candidate answers to guide visual sampling or attention alloca-
tion. As a result, the mismatch between computational efficiency and fine-grained textual reasoning remains a major bottle-
neck for scene text video question answering. To address these challenges, this paper proposes an answer-driven scene text
video question answering framework that tightly integrates scene text cues with visual semantics. The objective is to simulta-
neously reduce redundant visual computation and enhance the preservation of critical textual information by using candidate
answers as semantic anchors, while guiding the model’ s attention toward text-relevant regions through visual modulation.
The proposed approach aims to improve both accuracy and robustness in scene text—centric video question answering under
limited visual input budgets. Method The proposed framework consists of three tightly coupled components: (1) a text—
semantic collaborative keyframe selection strategy driven by candidate answers, (2) a visual semantic supplement mecha-
nism based on contrastive language—image pre-training (CLIP) similarity to ensure coverage of non-textual cues, and (3) a
text-region-aware visual guidance module that enhances textual focus and suppresses background noise during reasoning.
First, to overcome the limitations of uniform frame sampling, we introduce an answer-driven keyframe selection method
that exploits semantic feedback from the model itself. Given a video and a question, a multimodal large language model is
first prompted to generate multiple candidate answers based on a coarse visual input. These candidate answers serve as
semantic anchors that reflect potential reasoning paths. For each video frame, optical character recognition is applied to
extract scene text, forming frame-level textual representations. The relevance between each frame and the candidate
answers is then quantified using the Levenshtein edit distance, which effectively captures fine-grained character-level simi-
larity and is particularly well-suited for noisy optical character recognition outputs. Frames whose extracted text exhibits
high similarity to candidate answers are selected as keyframes, ensuring that frames containing discriminative textual evi-
dence are preserved. This design explicitly aligns visual sampling with downstream answer semantics, enabling precise
retention of fine-grained text information while significantly reducing the number of processed frames. Second, to compen-
sate for cases where critical visual cues are not directly reflected in optical character recognition text—such as logos, sym-
bols, or context-dependent objects—we incorporate a CLIP-based visual semantic supplementation mechanism. By comput-
ing cross-modal similarity between video frames and the question—answer semantics in a shared embedding space, the
framework identifies visually relevant frames that may lack explicit textual content but are nonetheless essential for reason-
ing. These frames are merged with the text-selected keyframes, forming a compact yet semantically comprehensive frame
set that balances textual precision and visual completeness. Third, to further enhance the model’ s ability to focus on text
regions during reasoning, we propose a lext-region-aware visual guidance module. Based on optical character recognition
detected text bounding boxes, a mask-guided luminance attenuation strategy is applied to the visual input, creating a “spot-
light” effect that highlights text regions while gradually suppressing irrelevant background areas. Unlike hard masking or
cropping, this soft attenuation preserves global context while biasing attention toward text-bearing regions. The modulated
frames are then fed into the multimodal model for answer reasoning. To improve robustness, the framework evaluates the
confidence distribution of generated answers across different visual inputs and dynamically selects the final answer based on
confidence divergence, further reducing the impact of noisy frames or ambiguous cues. Together, these components form
an integrated answer-driven reasoning pipeline that tightly couples frame selection, visual guidance, and answer valida-
tion. The method is fully compatible with existing multimodal large language models and does not require additional annota-

tions or retraining, making it both efficient and scalable. Result Extensive experiments were conducted on three public
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benchmark for video text visual question answering (M4-ViteVQA) , road text video question answering (RoadTextVQA) ,
news video question answering(NewsVideoQA). These datasets cover a wide range of real-world scenarios, including traf-

5
benchmarks for scene text — centric video question answering: multi-category multi-frame multi-resolution multi-modal

fic scenes, news broadeasts, and complex outdoor environments, where scene text plays a critical role in question answer-
ing. The proposed method achieved Accuracy scores of 65.55%, 72.03%, and 75.54% on M4-ViteVQA, RoadText-
VQA, and NewsVideoQA, respectively. Compared with uniform frame sampling baselines under the same visual input bud-
get, the proposed approach improved performance by 3. 04%, 0. 76%, and 1. 08%, demonstrating consistent gains across
diverse datasets. In addition, the method outperformed several existing state-of-the-art scene text video question answering

approaches, highlighting the effectiveness of answer-driven frame selection and text-aware visual guidance. Ablation stud-

ies further validate the contribution of each module. Removing the answer-driven keyframe selection leads to notable perfor-
mance degradation, confirming that semantic alignment between candidate answers and scene text is crucial for preserving
discriminative frames. Moreover, disabling the text-region-aware visual guidance module results in increased attention dis-
persion and incorrect reasoning, particularly in cluttered backgrounds, underscoring its role in suppressing irrelevant
visual noise. Qualitative analysis reveals that the proposed method successfully focuses on frames containing critical textual
evidence, such as street signs, captions, and subtitles, while ignoring redundant or misleading frames. Visualization of
attention patterns shows that the spotlight-based guidance effectively directs the model’s attention toward text regions, lead-
ing to more accurate and explainable reasoning outcomes. Conclusion This paper presents an answer-driven scene text

video question answering framework that effectively addresses the long-standing trade-off between computational efficiency
and fine-grained textual reasoning in scene text—centric video question answering. By leveraging candidate answers as
semantic anchors, the proposed text—semantic collaborative keyframe selection strategy ensures that frames containing criti-
cal textual information are retained under limited visual input constraints. The integration of CLIP-based visual semantic
supplementation further enhances robustness by preserving essential non-textual cues, while the text-region-aware visual
guidance module suppresses background noise and promotes focused reasoning. Extensive experiments across multiple
benchmarks demonstrate that the proposed method consistently improves accuracy and robustness over uniform sampling
and existing approaches, without requiring additional annotations or model retraining. These results highlight the impor-
tance of incorporating answer-level semantic feedback and text-aware visual modulation into multimodal reasoning pipe-

lines. Overall, this work provides a scalable and effective solution for scene text video question answering and offers new

insights into answer-driven visual sampling and attention guidance for multimodal large language models. The proposed
confidence fusion

Liu

and multimedia information retrieval , where accurate understanding of dynamic scene text is essential.

framework has strong potential for real-world applications such as intelligent transportation systems, news video analysis,
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X PR A BT y € (A A, FATH S
TUAE F [0 51 A i e v g e ) S ok A L
R Bz FORBETUAE R A Y Logits [0 38,
W R BT 1A 32, kR 1) 2 Y token K51, WU 4 i

token y, E"Jﬁit&ﬁ%%p(y, Yers G V)ﬂil:
p(v]yeaV) = ow(z[r.] (11)

- exp(z[K])
Ay KRG 0 Z BT E 4 U token ¥ 51

1 T e A il R B D LR AR SR FT RE S | ALK
JE i ., FATR R bR IC B AR BEAT P 9 9 B
{%‘FifgfﬁC(y)

1 L
Cly)= ZZP(%
A LR A P K
IR AEZE AT I BB AE B R B ) B
32 P i Sy A B AR ) 6 M ROk i e R
LR

V) (12)

oo Aac(a)> e(a)
A,,..-otherwise
M C(A, )i, F W CHE W (5 ek HL Y
7] A o JBE R O 8 SCAR R, A 5 B 45 L g o 4 2
G5 R R A e M C(A, ) BARHT, 8
IR RO P RECURE B AR, I &
g gt b A1 1R 2 T4 R BT B BB R AL

(13)

2 LWHERSH

¥

2.1 HW|ESTEER
2.1.1 Bl

AR SCITVEAE = AT 3 5 SCAS U [m) 5
4E . M4-ViteVQA | RoadTextVQA Fl NewsVideoQA #f
17T 7By 5. M4-ViteVQA /& ByteDance £ 1 )
Yy 5 SCF A ) 28 BE T L A% 9 280 Y 7620 B AL
AR, 425123 4[] 2 %t ; Road TextVQA J& 25 317
S5 N BRI R A i A AR T 3222 B Bl A
F110500 4~ 25 T 18 B bR i SCF 0 [R)81; News VideoQA
U, 55 2 A BR 2217 I A5 114 3000 4% BT i HL
A 8600 224~ ) 24 %, EESR A AU 45 5 WAL Hp 1) STAR
Gk R EES RS P e S €/ SRR Ny
PUNFAHE B 37 5 SR A RE [ 2 4 ) et 2 56

UEFRATT 7 vk 1 BRAR I 34
2. 1.2 iFfliEdR

AR SC R VR A 23 98 A — Ak G A DL R
(answer normalized Levenshtein similarity, ANLS) 1E
VAN FEAR o MR 8] T A R e R RS e 1
& LN A SR (G R/ NG A S L Bbr 5455)
Je , TN 5 5 N TARE AR SE VT BRI REAS LEf
BRI — 1w AR AU BE T Levenshtein Zi 5 M 25
AL TN 5 AR Z (8] Y T SCHET T, 5T 0.5 1Y
AT I E, AR BEAR T B (B I 7500 %, AT B
B PR IEAN R SOA A= U B o
2.1.3 SEptAnT

RT3 F T PyTorch HESR 52 PR, S 6 75 Bid 7%
NVIDIA RTX PRO 6000 GPU (¥ iR 55 %% - 5¢ . Ky
TR AR S AR S, RSO S A A A
PR A L v RO St A s . A SOk
H1 25 T AR 37 5 SOAS 2 OB R ML 5 T
SCHMFEREHRZE AL, HEEA TS AT - 1) RS RIEH
FERY . K FH Qwen2. 5-VL-7B-Instruct( Bai %5 ,2025) /f
RO HERRABE AL FEHERR I B, FRATRE AR KA A
RN 128;2) 35 SRS B I8 H B AR
9l & 4t (paddle optical character recognition, Pad-
dleOCR) (Du 45, 2020) T-HL J4 147 ¥ 21 3 (14 SCAH
55U, AR B B AR BRONAE, LRAIE & A [l
R 3) ML T AR TE R T 2R CLIP A Y 145
() RE A P 2 (T A XA LS o BT A g A5 8%
20 T E 224224 KN [ SCA 28 3 o 448 1Y 4 1A
AbEE
2.2 EESW

N1 E R KA SCRY O ik — S 28 i T vk
Al 1T B S5 78 07 6 R AT T AR, AL 4 MAC (muli-
modal multi-copy mesh) (Hu £, 2020) . JustAsk (Just
ask: Learning to answer questions from millions of nar-
rated videos) (Yang %5 , 2021) . All-in-one-B (All in
one: Exploring unified video-language pre-training)
(Wang %% ,2023b) \GIT(GIT: A generative image-to-
text transformer for vision and language) (Wang %5 ,
2022a) . SINGULARITY (Revealing single frame bias
for video-and-language learning) (Lei 55 , 2023) .
Video-LLaVA* (Video-LLaVA: Learning united visual
representation by alignment before projection ) (Lin 4 ,

2024) . VideoLLLaMA2* (VideoLLLaMA 2: Advancing
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spatial-temporal modeling and audio understanding in
video-LLMs) (Cheng 4 , 2024) . NVILA* (NVILA:
Efficient frontier visual language models) (Liu 55,
2025) . T5-ViteVQA (Towards video text visual ques-
tion answering: Benchmark and baseline) (Zhao %5 ,
2022) , TEA (Track the answer: Extending TextVQA
from image to video with spatio-temporal clues) (Zhang
& 2025a) .GAT (Gather and trace: Rethinking video
TextVQA  from
(Zhang 5% ,2025b) .

HT 2 145 ] DL A SCHR Y A SCAS T S [R] B
e XU B 3 5 SO AR IR B 07 321 T 5
SCTF IR AR S5 RO PERE . ERISR UL, 75 =AY
R MO B AT EESE b AR SO BT 3
A BT R o) RAEHELL

15 M4-ViteVQA i b AR SO E S T i
TRZ5 0 W 5K 5 65. 55%, ANLS iK% 73.23% .
o T AN SO T AR T SCAR -1 SO ) ) G B otk
e N LI AU SiEu R RER TSt SEP e s A
B AR EUCA ) Levenshtein 2 1 25, K 1 22 037

an instance-oriented perspective )

A1 AR B SCAR R 11 DG BT 5 [ B T 45 SO X3
TR B T SC T SRR B AT L, 5 oR S
KRER FL LA (Baseline ) AH Hb | AN SCRE TR 7R HERf R
FANLS B35l T T 3. 04% #12.27% .

7F RoadTextVQA Fudli4E I, 15 25 T OCHE i £
TR X 1 5 s SCA B A AR B A SRR oy
KENT 72.03% o SR, @ 5] AR TE X
KD FEML T A DR SCAS 35 /0 Bsf (14 T 36 (] R, AR SC T 1%
i HERREETE T 0. 76%. T #E NewsVideoQA (4
B I AR OB [RIRE J 7 1 MR (0 0 5 B P M Af 0 5k
F 75.54%, FHEE T H LA, TR T T
1.08%. X LLL5 RN, A SCHE 13 53R 510
BETE SR ZE IR B AR 124 T A R R e 5
TR & T AR S E B R RS

£ RoadTextVQA 48 45 I (% VE g 52 T & J3 A
XA B, Ryt — Rt fe i R A A ST X,
AR SR T MeNemar 46 56 X6 0 25 SR 047 48 11 1 2%
YES3HT ,p fH (p —value) 1y 0. 0433, /T 0. 05, F AT
Rede ARGt i FHoKF

£ 1 &FFiEEM4-ViteVQA .RoadTextVQA 1 NewsVideoQA HJiT L 45 R
Table 1 Evaluation results of various methods in M4—-ViteVQA , RoadTextVQA , and NewsVideoQA.

M4-ViteVQA Task1Split1 RoadTextVQA NewsVideoQA
JES Jrik KRA N ANIS. 0yt ANIS. ‘?;C) ANLS.
; (%) 1 ; (%) 1 T (%) 1
Y O R )% M4C CVPR20 18.66 24.20 28.92 3227 - -
JustAsk ICCV21 10.81 15.40 - - - -
All-in-one-B  CVPR23 11.47 15.30 - - - -
ST 7 I 2R
GIT TMLR22 - - 29.58 35.23 - -
SINGULARITY  ACL23 - - 24.62 30.79 - -
T5-ViteVQA  NeurIPS22 23.17 30.10 - - - -
Y SCF A% - TEA-Large AAAI25 37.49 46.38 48.14 54.85 - -
GAT-Large MM25 38.01 47.53 50.23 58.12 - -
Video-LLaVA  EMNLP24 15.82 17.77 30.82 40.92 - -
VideoLLaMA2 = arXiv24 20.04 21.73 25.11 36.53 - -
PR 1 5 AR NVILA CVPR25 37.89 47.67 49.98 57.22 - -
A% 3 -Baseline - 62,51 70.96 71.27 76.92 7446°  82.88
A3 - 65.55 73.23 72.03 77.24 7554  83.42

T ML PR R S R A R, 1 " R BB B By, =" SRR B T SRR
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2.3 HERZLIE

R T IR AR AR A v SN B T SCAR -1 )
F18) X BT AR B A S 5 RSB SRS B b 57 S0
TR [ 25T 55 B A5 0P [R) 36 3 0 B A6 14 ' Xof
PERE A FZIR , A SCHE M4-ViteVQA B3ESE b 717
AT
2.3.1 BRI

LY RANEE 2 Fin VRN R T R SR Ig
MIPERER I . 2F—4TFIR (Ufd X 51 RAE SR S HOA
AL AR T B ISR Ay SRR AR T 58 o M ANCR HH G gk
T3 PR AT B il S DX BB R R i A58 (1) Pk g 1
W B ERR R B 1 62.51% =
64. 23% 1 64. 08% , B iE T 33X P9 IR e 7 4t 1 5 Skt
SCARAR IR 5 SCAS BN ) R

F2 TEM4-ViteVQA IiE&E FIIE A EERME R
Table 2 Evaluate the effectiveness of different modules on
the M4—-ViteVQA validation set.

HEEH TEASFR bR
FHEWIER  SCFXBEURAT Ace(%)T ANLS.(%) 1
~ ~ 62.51 70.96

v - 64.23 72.02

~ y 64.08 71.87

v v 65.55 7323

VE T IR BB S U, - SRR AN S R, v
FORAL T X RS, AL AR 59 B (LA

S ILLRMERIA FE , f Ji — A7 58 24 Oy 2 o [R) s
STASE T SCA -1 SCHRR] ) 5 B ot i 5452 B A S0
DX SRR e AN LSS B T X6 2 b B SCARZR R K
HERE L, A RAMN T IC O Sl [ T4, THR
15 TR AETERE . A SCHE Y Y S8 A AL Jy RAEMER 3
F1ANLS $8 b5 b3 3R B0 W 3 AR 3, 73 ilik &) T
65.55% 1 73.23%, 7850 UE I 1 A SO g A
Pt .

2.3.2  SRBHTH AA S SOR AR 35 R 0T Al B

R T ARG AR M S AT X OB AR
SR BT, A SCHE T AS [R] i 18 SR W Fir 128 it v
A5 B ZE SRR L], JF Ge it A A T e it gl i, 235

R 3 PR,

B — AT RN T R SR B, R T B 3y
STRAEA WS BRI B T8 2 0 R, HLA 15 2 8
SCAS AT LE A o 3k R SR G AR 55 1]
BRIC LS5 B, T BOCHE SUAR LR R 1% AR

55 AT R TE S AR TZ AL 1 SCA DT
BCAEHE . AR F AR IE 2 52 5 1 5 SO 531 4
T Ay SC Il £, I FH 4% s AR RLBE 4 12 — 35 38 L
AHOCHE | 418 LM 07 16 15 008 128 25 28 Jme A G I . 3% S 0%
FHT 54 0% F B4 Levenshtein 2 55 P B 4T L3R
Eb o DT 2 BT AN [) S AR DG e 2 2 6 S S O o 35 S
(5]

S EATIRUE TA 1. 2.2 T A B SR R
R U IC B B RS A P o i R B R 2 S A
g T Sl 7 IFT R Levenshtein 2 55 HE B , #5150
TE 0 i A R RSO I e B R T . A
RoadTextVQA Fl NewsVideoQA Hi4E I, % i) 53
W FELR Y 12, 78% F1 32. 89% BRTH & 28.39% il
56. 18%, [F] A S TE IR N o A LE T8 S A
A 5% A AL BE B DT e SRS , Levenshtein 48 1 25 g
T JOI0 E  )  f 2E SUAR Z [N A
— 8 TR TR R SOAR R A T
Bie LA KO G2 AR A5 RAFAE — 5 i 22 A 00 o

SEPUAT AN T A 1.2, 3 T 5] AL TE I AMIL
il Je i e A 2 R o SR I CLIP &b 78 0L 5 AH G ot
J& L B SO LB 5 — AT A R R (EATS
T TR RS . X — AT A B, Bk
CLIP % e AL & 75 44 [0 48 R & B 4 SCOARH
2B R ST, AT AE B SR IE L 5
B e IR Z M) SEHOPA . e BAE DR
IS TR Y IR BE B T B A B % 58
HBpE
2.3.3 T CLIP MRS AR BLEE () e 45 5w o3 At

R T 58 U ASU AR 300 i - i SO B RE 2 47 DG g ot
VEFEIY SRy BRAE , FR AT T7E M4-ViteVQA R4 1 i b sk
5o BRI, FRATEHFA CLIP AR5 [R]85S
A% 55 A IR A % 5% MR ABLRE , I BEUARHRL B o e
B Top — KMi(K =1 ~ 6) %5 ABEHI I THERE 5256
ZERE 3 iR

SEILRM] BT CLIP W MTE 2 5 W 72 37 5o SO
[ AT 55 b B ASHE o BV 7 e B T3 22 (K =
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R3 KEWEFERET @SB RXAHNIL G5 BMEBXT L 5347

Table 3 Comparative analysis of the proportion of frames containing answer text and total frame counts under key frame

selection strategies.

i M4-ViteVQA Task1Split1 RoadTextVQA NewsVideoQA
s L A51l(%) ST HeA(%) ST Hel(%). i
BELL X4 5] A 10 Mt 41.14 19710 12.78 10505 32.89 9200
T SR AR BX AR DL 45.08 4075 21.3 2019 50.34 1599
Yyt SCAR S5 i JE DG it 51.36 3616 28.39 1937 56.18 1360
ST AN S S AR 4 48.7 6010 23.38 3182 51.92 2766
x4 TEMHEIEFRIEE M4-ViteVQA IIEE FiHE
L ANLSBHETOONE ] 0.2 BEXTEE

66.22
[

60

VTR (%)

b =0 ANLS (%)
&= L (Acc, %)

1 2 3 6

(.?l.lP IEFEMIH (T;p-K)
E3  1EM4-ViteVQA BTFAE_FITAE 5L T CLIP W SE AL Y
T3 S s
Fig. 3 Evaluate the frame selection strategy based on CLIP
visual similarity on the M4-ViteVQA validation set.

6)BYIHNL T , FLHERHF (62.05% ) F1 ANLS(70. 26%)
AR T 2 50 SRAF ) L LR W1 2. (62. 51%) o Fifi 5 Bk
HROTE UL, P R S B AU R a3, MG 1
WIS, AERR SRR R 49. 82%. X FE/r M CLIP Rl
R ARAEE FH AP0 G2 D fE | R B €, {H e = X
R Y 55 SCAR IR 77 o T ARG i L3 3¢
F AR TR B A, CLIP A AL i 1] T A 2 A
A AR SRR TG 6 B i, B E B
T, M, B AR CLIP PEFT Wi i 3k J& A Al &g
1, 5 AR S s SORIE R 2 ¢ H 2,
2.3.4 K AWUECRS A N BERE R (14T LA AT

R T RS B A WS B R M A R, TR
fIIXFEE T [ 22 B Top — KMI(K = 1 ~ 5) 54 CH##
W H IR TR R RE 2 S A R K 4
FIiR

S LE FEFE i A WUEC S B M R 2 B
AT B IEAH DG R o AN IERE 1 MRS, T ASEAS
SR B AERRF AN 59. 51%. Bl WA
Rz 3 i, BAYREAE AR BUE T i S R S UAR R &K

Table 4 Performance comparison of different frame quan-

tity selection strategies on M4—ViteVQA validation set.

BRREEL D
PEPE Top—K M
Acc.(%) 1 ANLS.(%) 1
[ 7 5 Mt 64.18 72.18
[ 2 4 i 64.18 72.12
[ 7 3 ot 64.49 72.03
E 21 62.86 70.53
[T 2 17 59.51 68.04
I 325 7 T 64.23 72.02

T T FROR B R B IR A B8 R DA

WER R IA B AE 64. 49%. SR, 24 E— 2 i ] 4
DI L o N A R W R -l 1 A N 2
(64.18%) . X FH, s ifil 51 ADCECEERBAR 5]
AMBEMEFS | e A T T BB 114 1 R G

AHHZ R AR SR Y B 3 18 5K A2 AN 1%
S ] 2 WTECRE 29 S AAE DL T, LS T 64. 23% R
%, S5 r B 3 Wik M B SE AR 7 (22 1E
0. 26%) 12 5 W 3 A Xof 6 358 240 8 X6k 17 ) e
HEAT R, REAEAR M AT P9 25 19 02 4 B N8 5 1) —
Ok ShAS VR A AWUEL . SXIERA T 3 N R s RE
FEPRIIE S S A BB 55 1 [ sF, 5 3008E e T Ay Uy >k
(M s 3G, 2 — A HLZ AR RE ) s £ % .
2.3.5 SRS TS S S 800 Rl

ST 5 | AR S 1 s SCAR ) e A b
AT 3 FRATRE T AN RE 2 i 2 3 s (301 FAE
vs. o BE RN ) KN [A] 5 () 5 Seam ] S8k, 25 L
5 AR,

SR AE R ARG R R S (] i R
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x5 M4-ViteVQA RIEE FRAAXATERESSHN
R SCIE
Table 5 Ablation study of different text highlighting strat-
egies and parameters on the M4—ViteVQA validation set.

At PGS
Acc%) T ANLS.(%) 1
Johb 3 64.23 72.02
RSO KB 52 5ok 0.8 64.49 72.14
AR SCAR IR R 52 0.5 64.08 71.87
AESCAR X IR 52 B 0.3 63.72 71.38
L1 FAE bR ) SOA 63.01 71.10
LRI FHHERR H SOA 63.12 70.79

T 1 VIR B B KL A B B AR

HE) R . ( FH 2T 0 ol €2 30 A ATE AE 2 SCAR IX
IS BRI SR A BB 2 63. 01% 1 63. 12%, 1%
TUTALHE " HRELR (64.23%) . X A fERE I W2 Ay
JUMAHES T AT &S Ass 90, 3R T R B H
SRTE SURFTIE

HWR FE T 52 B Y R R R s R U T
Sofi BRI ARRE o PR AR SCAS DX B TR it
B 0. 8 I, BERLZE LR FF IR BT T 30T WL [
A5 SR A T SOA HERR R IR B B Y 64, 49%., SR
1M, B 15 e B — AL REAIR (0.5 22 0. 3) , LA M
RETFIR . Rl MR 2 0. 3 I, HERf 322k
2 63.72%. X R H AR SCAR T S AR
MR B, 3 B A 1S Sl & S EOCH R CE
Ko PRI, SR R TR R 8 B 30 (0. 8) & Ml SUAR R
52 RBRAMN AT R
2.3.6 R SHE RIS I BRI RE Y S0

T A R A S R (K ) 7E 5 |5 O B it e 4%
HVE R, FRATIN T 76 F 38 R WUR S A A
A B A B 2 (K o= 1 ~ 5) JEA7 HE 2 AY 1 g
LA AR 6 PR o SO 52 B0 B Y SR
TR R TG I 2 SR B R A PR Tt
RN AR RAE T o M {UKH Top — 1 &1
(K = 1) I B UER R AR AR 59. 51%. X
JE R R o — e 2 e — BB L) B e R, SR 2R
SCAR DEBEER K0 1k 5 R 2 1 B Y S i, S 80
PRAE WL . BEAE KA 2 3G 3] 5, HERA A
ANLS $8ApEa B0 K . YK = S, BERGA S| T e fd:
PEBE (HERE R 64.23%, ANLS 72.02%) , X —45 %

KU, W5 AT ZRRES S, A A RS R T
XL A 1 SCAS I 38 s ), AT i vy 17 4 [l kA
SRR A 0l S5 AR SO A S B AL, X
P B R TR RERE N 221 T RE AL A SR S AL 5T
TEAE , DTSR SRR A i [ 25

F6 Md-ViteVQAWIEE FIRIAE R EXTERIERER
Fm
Table 6 Impact of the number of candidate answers on

model performance on the M4-ViteVQA validation set.

. AL PR
i e A S R
Ace.(%) 1 ANLS.(%) 1

1 A /::u 2z

MR 59.51 68.04
2 MR R 61.69 69.95
3 MR 63.06 71.07
4 MR % 63.32 71.22
5 A A % 64.23 72.02

T 1 RN B R B, R Ak 8 R DA

2.4 HEMESH
2.4.1  [Al%m AW E T A PEREXT HE

R T G A [R) i A B X AR R 1 i 1) 52
M), % ST 920 36— B B A iR i 2 e
5% AR T PR

ARSI IER . 10+3 it fic & (BPEE — B BeX o) %
BE 10 WA B e 24 28, 5 B Bk B 3 MRS MR dE
), AR T AR (HAH IR Y 10 idi A
WS I TSN SRR . S — B B A TS
/A3 7 itak 5 Withst (BRI 743 A1 543 Bic &) , BRI PERE
A /M B AR T35 R I

REIE 5+3 BoE, AT 8 Wity A BISE 3T
64. 89% HIHERMRFN 72. 73% A9 ANLS, 43 5 H 5L
28 2.38 1 1. 77 N E 40 15 R SO AR BRI
SR B[R] B AT e R S 3 B MR RE A 3
2.4.2 TREERRE S

R it — 2 AR AR SO R AT ITRY , R 8 L
TE R FIHLE G £ BE AT T AR TR i A TS B R A3
HAE . TR E S HRN | 32 AL
TR 2% B 55 AT 91 FE 11 J7 BUE [, A SC LA
HE token £ (V) A EFWHAT M (V> Q, Hi Q
A token B0) o FE 10+3 B E T, MXFHEIT4S Ky
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Table 7 Performance comparison of different input frame

configurations on M4-ViteVQA validation set.

‘ ] VA48 b
Tk iy AIEL
Ace(%) 1 ANLS.(%) 1
Baseline 10 62.51 70.96
AL 10+3 65.55 73.23
e 7::3 65.14 72.96
AL 543 64.89 72.73

TE 1 ROR B B B IR A B8 R AR

109%, B e T HE4k 5 {H 7+3 Bl & 1) 3= S LA 5812,
FHXT FF 55 B 28 58%; 5+3 e B 1 iF — 2L [ % 34%.
X Uk B A S D B — B B A T, AR SOk
REASTE R B PERE UL S A [ o) d 3 A 3
2.5 S5ELA XML

7 [] — FE R A (Qwen2. 5-VL-7B) il [a] — i 5
B (10+3 MR A ) T AT A X H AR SCHh R T =
FRACERME Y BEMTIEZL 77 1% : (1) Qwen2. 5-VL#fEH
i —— 7 3 A1) ] Qwen2. 5-VL XF 10 i % A 2 47 4
B 3 IO R 3 3 RCER dee R ) 3 AR Sy O R
(2) CLIP 05 A AL EE 356 Wii——F1) ] CLIP 3155 ] 8
SCAS 5 25 ot v PR i R B 35 BEOAF L 3 v ) 3T 5
(3) Y3t SCAS K 38 BB il ——H2 B Wit 119 3 52 S0 AR
T S SCA i ARSI AR ) 8 o SCARARLEE , S5 R
FAH S 3T

W9 Fin, bk =Fp L7 vk i T REIIL T

AR H, Qwen2. 5-VL B # & Wi 1S T
63. 67% [ HE G %, CLIP JE i 63. 62%, 37 5t A
BEMU N 62. 56%. HHHZ T, AR SCT7 i 4 SCAR -
18 CH A LB Levenshtein g 5 15 25 VC fid 5 CLIP
6 SCH AMAZS G S T 65. 55% 85 L fE i
3 PR FIR LR 1088 1. 93 12, 994N F 43 A,
BOAIE T AR SCHR H R TSR W 1A S
2.6 TFIRLSHRT

K4 B R T A7 1 5 BE S B R AE DU S L0
st T E R L2 . B oe 8 28T R n o
J7- 31 LS I 25 SR D K AR T v R T 24 5% o
SO bR D € T AR R i, AER T &
AR SCHRE R Y B T SO -3 P IR] A SC B i S A
i 2 4 A O R

5, Al AR A SRR B AR T I AR A AR A ks
JESCARLR Iy i BAT W 1EW M5 SOR
A ) AT 55 b, OBV SUAR BAEAE RAE RS 45
JE N 2R I A B B AN e 2 B ES
— NFRGS Ui 437 5% (A1 : “Who has 22 hp?”) 7,
I 2R HE 22 hp " ALAE D BULWT P s T WL, B2k
BBy 3R B 51 RAE M, AT DBl 5256
AR R, ZBWiGI AT ERF R, R AR
(“karrigan”) s #H L Z T, A 5 vk 38 i T ROG S AT
P 5 | B SO 5 05 156 25 22 1) Levenshtein 2 45 25
B R A T8 T A 422 hp " FBC R A4 B %
BT (o 5, 55 BT s ), DT A B A O A R
“hunter” o ZERUHL, 747 A 09 2 BK L 3837 5 (1)
8. “What is written on the orange clothes?”) "', 48
SEIT) B ERAC ) SCF“ carlsberg” 52 3] 1z sl AR A1 458

x8 AEBMADERETHITESRENT

Table 8 Computational complexity analysis under different input frame configurations.

i At

Bt 21

i P g Kkentt CEY, (vag) TSI
Baseline 10 Q + 10V O((Q + 10V)*) = O(Q" + 20QV + 100V*) 100V? 100%
K 10s3 QTIOMIEQEIV) G0 4 10v) + (0 + 3V)) = 020 + 260V + 109V2) 1097 109%

73 (Q+7V)+(Q+3V)
e ++ * ) O((Q +7V)* +(Q +3V)*) = O(20” + 20QV + 58V*) 58> 58%
A 543 (QHSV)+(Q43V) O(Q+ 5V +(Q +3V))= 020° + 16QV + 34V) 3417 34%

SR N SR w eE
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R9  R[EEMIHK A E M4-ViteVQA I5iF & Ay MEBENTEE
Table 9 Performance comparison of different frame selec-

tion strategies on M4-ViteVQA validation set.
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- : n : 1 V
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%% dancing X
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Fig. 4 Visual qualitative comparison between our method and the baseline (red crosses denote incorrect predictions by the baseline,

Qwen2.5-VL-7B HH: reina X
& Ak YEE: carlsberg v

green checks denote correct predictions by ours)
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