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Abstract

Video text-based visual question answering (Video
TextVQA) is a practical task that aims to answer questions
by jointly reasoning textual and visual information in a
given video. Inspired by the development of TextVQA
in image domain, existing Video TextVQA approaches
leverage a language model (e.g. T5) to process text-rich
multiple frames and generate answers auto-regressively.
Nevertheless, the spatio-temporal relationships among visual
entities (including scene text and objects) will be disrupted
and models are susceptible to interference from unrelated
information, resulting in irrational reasoning and inaccurate
answering. To tackle these challenges, we propose the TEA
(stands for “Track thE Answer”) method that better extends
the generative TextVQA framework from image to video.
TEA recovers the spatio-temporal relationships in a comple-
mentary way and incorporates OCR-aware clues to enhance
the quality of reasoning questions. Extensive experiments
on several public Video TextVQA datasets validate the
effectiveness and generalization of our framework. TEA
outperforms existing TextVQA methods, video-language
pretraining methods and video large language models by
great margins.

Code — https://github.com/zhangyan-ucas/TEA

Introduction
Understanding scene text in images and videos plays an im-
portant role in interpreting the physical world, and also is
the key to solving many practical applications, such as self-
driving vehicles, automatic news reporting and scene text
editing (Zeng et al. 2024b; Li et al. 2024). As a representa-
tive scene text understanding task (Zeng et al. 2024a), text-
based visual question answering (TextVQA) has attracted
much interest from the communities and witnessed tremen-
dous progress (Singh et al. 2019; Yang et al. 2021; Fang
et al. 2023; Zeng et al. 2023b; Zhang et al. 2024). A major-
ity of work focuses on TextVQA in image domain (i.e. Im-
age TextVQA), which aims at answering questions related

*These authors contributed equally.
†Corresponding authors: Yu Zhou and Can Ma.

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Time

Unrelated Frame

Question: What is written on the white sign at the back of the journey? 
Answer: SPEED LIMIT 45

(b) Temporal Recovery

Spatio-temporal Recovery 
for Visual Entities

Scene Text Aware 
Clues Aggregation

(c) Scene Text Clues

Same Instance Across 
Multiple Frames

(a) Spatial Recovery

Explicit Spatial 
Relationships

Figure 1: An example to illustrate the challenges in Video
TextVQA and the overview of our proposed method. For
this given question, the Video TextVQA model requires to
first analyze the spatial relationships to locate the answer
instance, and then capture the temporal correspondence to
track and recognize the answer content. Besides, unrelated
frames may interfere with model reasoning. To tackle these
challenges, we propose to recover the spatio and temporal
information respectively, and aggregate the scene text aware
clues for reasonable guidance.

to the text in a given image. Traditional methods (Hu et al.
2019; Zhu et al. 2021) adopt a discriminative framework,
which predicts answers from Optical Character Recognition
(OCR) tokens (Qin et al. 2023) or vocabulary words. Ben-
efiting from the powerful representation of pretrained lan-
guage model T5 (Raffel et al. 2019), recent works (Biten
et al. 2021; Zeng et al. 2023a) address this task in a genera-
tive way, thus significantly boosting the accuracy and gener-
alizability.

In this context, a new task - Video TextVQA goes one
step further, which requires reading and reasoning scene
text throughout a video. Compared to Image TextVQA, this
task is more challenging as the answer can appear any-
where in any frame of the video. To tackle it, an intuitive
solution is to adapt the most competitive method for Image

The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

10275



TextVQA to the video domain. Following it, T5-ViteVQA
(Zhao et al. 2022) introduces five Transformer blocks to
encode modality-specific features across video frames, and
then feeds them into a T5-like Transformer encoder-decoder
to infer the answer.

Although the applicability of this vanilla pipeline has been
demonstrated, there are still some limitations to consider. As
illustrated in Fig. 1, answering a Video TextVQA question
often requires a comprehensive understanding of contextual
information from multiple frames. On the one hand, the spa-
tial relationships between entities within a frame (e.g., the
two white signs in the first frame) should be correctly inter-
preted, and on the other hand, the instance correspondence
between different frames (e.g., the sign “SPEED LIMIT 45”
appearing in both the first and second frames) should be cap-
tured. Following general VideoQA’s practice, current efforts
tend to employ absolute-location embedding and temporal
index to represent spatio and temporal information respec-
tively. However, they ignore that Video TextVQA deviates
from general VideoQA because a large amount of scene text
will be involved. Considering scene text is relatively small
and exhibits rich layout characteristics, this implicit learn-
ing method is hard to obtain satisfactory results. Besides,
videos often involve a lot of information that is not related
to answering the question (e.g., the unrelated third frame).
This redundancy complicates the reasoning process, lead-
ing to challenges in analyzing intricate scenarios and filter-
ing useless contents. Previous methods disperse the atten-
tion across the entire video and ignore the importance of
question-guided reasoning cues, thus tending to predict in-
accurate answers.

To overcome the two aforementioned issues, we propose
the TEA (stands for “Track thE Answer”) method, which
promotes the application of the T5-based generative frame-
work to Video TextVQA in two aspects. 1) Recover the
spatio-temporal information. We contend that previous
generative Video TextVQA architectures organizing all vi-
sual entities into a 1-D sequence as input disrupt the spatio-
temporal relationships that exist in the video. To this end,
TEA recovers the spatio-temporal information in a comple-
mentary way. First, a temporal convolution module is uti-
lized to fully exploit the continuity characteristics of vi-
sual entities in the temporal dimension, so as to capture
the dynamic evolution of scene text across video frames.
Then, we incorporate multi-granularity relative spatial re-
lationships among scene text and explicitly encode them
in the attention computation. In this manner, the composi-
tion of words inside each text instance and the spatial in-
teraction between different entity instances can be easily at-
tained. 2) Aggregate the essential clues. Understanding the
intent of question and following a rational reasoning route
are prerequisites for language model to generate correct an-
swers. Following it, we design the scene text aware clues
aggregation module, which progressively aggregates use-
ful clues driven by the given question, suppressing the re-
dundant message passing. Extensive experimental results on
multiple public datasets underscore the effectiveness of our
proposed framework. TEA significantly outperforms exist-
ing methods, including image and video TextVQA meth-

ods, video-language pretraining methods and video large
language models (LLMs), marking a considerable advance-
ment in the field of Video TextVQA.

The contributions of our work are threefold:

• Motivated by the development of Image TextVQA meth-
ods, we propose TEA, a generative Video TextVQA
model that enables language model to understand 3-D
video features and generate reasonable answers.

• To track the dynamic evolution of answers in the video, a
temporal convolution module and an OCR-enhanced rel-
ative spatial module are developed to explicitly model
spatio-temporal information among visual entities. To
avoid interference from irrelevant information, a scene
text aware clues aggregation module is utilized to extract
the question-related reasoning clues.

• Extensive experiments verify the effectiveness and su-
periority of our method TEA on several representative
Video TextVQA datasets.

Related Work
Text-based Visual Question Answering
Image TextVQA. Image TextVQA task aims to answer
questions by reading and understanding the textual contents
in images. Early Image TextVQA approaches (Hu et al.
2019; Kant et al. 2020; Gao et al. 2020) predominantly
predict answers from a fixed vocabulary list and OCR to-
kens (Qiao et al. 2021, 2020; Wang et al. 2022c; Du et al.
2024; Zheng et al. 2024) present in the images. M4C (Hu
et al. 2019) leverages a Transformer-based multi-modal ar-
chitecture and decodes answers auto-regressively with a dy-
namic pointer network. Built on the top of M4C, SA-M4C
(Kant et al. 2020) incorporates the self-attention mask to en-
hance the spatial relationships among visual entities. Mo-
tivated by the success of visual-language multi-modal pre-
training, TAP (Yang et al. 2021) designs Image TextVQA-
specific pre-training tasks to align visual entities for scene
text understanding. Recently, generative Image TextVQA
approaches (Biten et al. 2021; Zeng et al. 2023a; Fang et al.
2023) have emerged which enhance the performance by
leveraging powerful reasoning abilities and world knowl-
edge from T5 (Raffel et al. 2019). For instance, Biten et al.
(2021) utilizes T5 to initialize the proposed LaTr model and
address the question-answering problem in a text generation
way.

Video TextVQA. Video TextVQA requires models to an-
swer questions by jointly reasoning textual and visual in-
formation in a given video. Compared to Image TextVQA,
Video TextVQA is more challenging as the answer can ap-
pear anywhere in any frame of the video. Additionally, the
scene text in videos exhibits richer layout characteristics and
more varied scales and forms. Motivated by the develop-
ments in generative Image TextVQA methods, T5-ViteVQA
(Zhao et al. 2022) employs absolute-location embedding and
temporal index to represent spatio-temporal among visual
entities. However, T5-ViteVQA fails to establish explicit
spatio-temporal relationships among visual entities and ef-
ficiently process redundant visual entities in videos.
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Figure 2: (a) Overall architecture of TEA. Blue and green token Stok
i,j represents the jth OCR and object token in ith frame,

respectively. (b) Illustration of spatio-temporal recovery for visual entities.

Video Question Answering
Video question answering (VideoQA) is a crucial task in
the visual-language domain, significantly enhancing AI sys-
tems’ ability to interpret and interact with multimedia con-
tent. In recent years, VideoQA has attracted substantial inter-
est from the research community, leading to various method-
ological advancements. Recent VideoQA methods can be
categorized into several prominent approaches: 1) Memory
Networks-based Methods: Gao et al. (2018) leverage mem-
ory networks to store and process long-term relationships
across video frames. 2) Hierarchy Reasoning-based Meth-
ods: Le et al. (2020); Xiao et al. (2021) hierarchically de-
compose questions and videos into sub-questions and video
clips as well as derive the final answer based on the reason-
ing associated with each sub-question. 3) Transformer-based
Methods: Gao et al. (2022) take advantage of the Trans-
former architecture in long-term relationships modeling to
facilitate VideoQA research (Wang et al. 2025).

Despite significant advancements in VideoQA, a common
limitation persists: the focus predominantly remains on mo-
tions and events occurring in videos, disregarding textual in-
formation present in videos. Addressing this gap is crucial
for developing AI systems capable of fully comprehending
and interacting with a broader spectrum of visual content.

Method
Overview Framework of TEA
Fig. 2 illustrates the overall architecture of TEA, which pri-
marily comprises visual external systems for extracting fine-
grained visual entities and a T5-like Transformer encoder-
decoder architecture for reasoning questions. For a given
video, we uniformly sample it into multiple T frames and
utilize an OCR system (Wu et al. 2021; Fang et al. 2021; Ye
et al. 2024) to determine the location and content of scene
text while concurrently employing an object detector (Ren

et al. 2015) to extract objects as auxiliary information to bet-
ter understand the scene text.

Following Image TextVQA methods (Zeng et al. 2023a),
we leverage a pre-trained language model (Raffel et al.
2019) as the foundational model for the Video TextVQA
task. To harness the reasoning capabilities and world knowl-
edge of the foundational model, we convert the fine-
grained features for Video TextVQA into a textual sequence
to achieve input alignment. Specifically, a TEA-Baseline
method is proposed, where we concatenate the contents of
scene text and the labels of visual entities frame by frame
into a sequence, as shown in Fig. 2. Consequently, in TEA-
Baseline, the video is represented as v ∈ RT (M+N)×d,
where T indicates the number of frames, d denotes the fea-
ture dimension of visual entities, M and N indicate the num-
ber of scene text and objects within each video frame. How-
ever, simply feeding a sequence of Video TextVQA features
into the foundational model leads to two issues: the dis-
ruption of spatio-temporal relationships among visual enti-
ties and the inability to effectively process long video se-
quences that include redundant fine-grained features. There-
fore, TEA proposes two significant modules in the following
section to recover the spatio-temporal relationships and gen-
erate scene text-aware clues to assist in generating answers.

Spatio-Temporal Recovery for Visual Entities
In this section, we propose two sub-modules to separately
recover temporal and spatial relationships. Specifically, a
convolution operator is introduced to exploit the continuity
characteristics of visual entities in the temporal dimension.
Additionally, an OCR-enhanced spatial bias is incorporated
into the attention mechanism to emphasize relative spatial
relationships.

Temporal Convolution Module Typically, T5-based Im-
age TextVQA methods do not account for temporal model-
ing. To address this limitation, we design a temporal convo-
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lution module to reason about the temporal relationships be-
tween the same instance across different video frames. This
design adheres to two crucial criteria: ensuring interaction
between the same instance in different frames, and avoiding
modifying the T5 representation space to maintain its rea-
soning abilities and world knowledge. Based on these prin-
ciples, as shown in Fig. 2(b), this sub-module employs a dis-
entangled strategy to separately recover temporal and spatial
relationships among visual entities and inserts a temporal
convolution module between consecutive attention layers.

To be concrete, given the fine-grained features of a video
(v ∈ RT (M+N)×d) with two dimensions of T(M+N) and
d, we convert it into v ∈ RT×(M+N)×d with three dimen-
sions of T, (M+N), and d.. A temporal convolution module
is proposed to recover temporal relationships for the same
instance across different video frames as follows:

v′ = v + Conv2D(v ×Wdown)×Wup, (1)
where v′ ∈ RT×(M+N)×d is the temporal recovered video
feature and Conv2D denotes 2D-convolution. Wdown and
Wup indicate the projections for reducing and increasing di-
mensions. Specifically, a down-projection and up-projection
strategy is applied before and after the temporal convolu-
tion. To capture temporal relationships for all visual entities
across frames, the kernel size of the temporal convolution
is designed with consideration of both the length of visual
entities and the temporal length of videos. Furthermore, it is
worth noting that benefiting from the strategy for disentan-
gled spatio-temporal modeling, the computational complex-
ity is also significantly reduced. 1

OCR-enhanced Relative Spatial Module In the realm
of text-rich understanding analysis, relative spatial relation-
ships for visual entities are predominantly central (Hong
et al. 2021), particularly for multi-granularity spatial rela-
tionships involving scene text (Ye et al. 2024). For instance,
a representative question in Video TextVQA, such as “What
is written on the white sign at the back of the journey?” in
Fig. 1, requires the model to locate relative spatial relation-
ships between the last white sign and the text on it. Mean-
while recognizing “SPEED”, “LIMIT”, “45” belong to the
same paragraph-level bounding box allows for the establish-
ment of associated semantic information. Therefore, we pro-
pose a novel OCR-enhanced relative spatial module that ex-
plicitly recovers the multi-granularity spatial relationships
during attention calculations.

Following previous Image TextVQA methods built on the
top of T5 encoder, we apply for multi-head self-attention
mechanism to interact with multi-modal features and intro-
duce an attention bias indicating relative spatial relation-
ships, defined as:

eij =
Qi ∗KT

j√
dz

+ aij , (2)

where eij ∈ Rhead represents the multi-head attention, aij
indicates the relative spatial bias, dz represents the hidden

1Joint spatio-temporal modeling complexity O(v) = T 2(M +
N)2 vs. Disentangled spatio-temporal modeling complexity
O(v) = T (M +N)2
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Figure 3: Illustration of scene text aware clues aggregation.

dimension. Q and K denote multi-head self-attention query
and key for visual entities i, j, respectively. Note that in Im-
age TextVQA methods aij indicates 1-D relative relation-
ships, while in TEA it indicates 2-D relative relationships.

Generally, we leverage visual external systems (Ren et al.
2015; Ye et al. 2024) to obtain spatial locations for scene
text and visual objects. For formal description, denoting
the normalized bounding box for each visual entity as
(xtl, ytl, xbr, ybr), inspired by (Hong et al. 2021), we com-
pute relative spatial bias aij ∈ Rhead with sinusoidal func-
tions (Vaswani 2017):

aij = [fsin(xi − xj); f
cos(yi − yj)]. (3)

To enhance the semantic coherence in answering ques-
tions, we incorporate multi-granularity spatial relationships
for scene text within the relative positional embedding.
Specifically, we provide bounding boxes at the word, line,
and paragraph levels for calculating the relative positional
embeddings. Consequently, the term aij in the equation 3
can be expressed as follows:

aij =

{
aword
ij + alineij + aparaij if (i, j) ∈ scene text,

aword
ij otherwise.

(4)

Scene Text Aware Clues Aggregation
From the previous section, we can derive spatio-temporal
features for visual entities. However, directly feeding these
features into the decoder causes difficulties in answering cer-
tain questions, as it tends to focus too heavily on redundant
fine-grained visual entities. Therefore, we propose a mod-
ule that generates scene text-aware clues for the decoder to
enhance the quality of reasoning within questions. In our de-
sign, we adhere to three practically crucial criteria: (1) sim-
ple and concise clues that indicate global context, (2) rele-
vance to the question, and (3) awareness of fine-grained in-
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formation, specifically related to scene text. This module is
divided into two steps, as illustrated in Fig. 3.

Question-related Global Context In the field of image
recognition analysis, a single [CLS] token, positioned at the
beginning of the visual encoder, represents the global con-
text of an entire image. Therefore, we utilize the [CLS] to-
ken from the CLIP (Radford et al. 2021) vision encoder to
capture the global context for visual semantics in each video
frame. To guide these global context with Video TextVQA
questions, we adopt a self-attention that integrates global
features with question features.

In practice, to generalize different sampling strategies, we
design a projector to align multiple frames [CLS] token fea-
tures into a fixed length. A self attention is proposed to ex-
tract global features relevant to the question. Specifically,
we connect the video global context feature with the corre-
sponding question to form a sequence. After fusion in self-
attention, we extract the question-aware video global context
as clues: 

X = [Global;Ques],

X = SelfAttn(X),

Clues = X[: len(Global)],

(5)

where [; ] represents the concatenation of two features, and
len denotes the length of features.

Scene Text Aware Interaction Based on question-related
interaction, we obtain global features relevant to questions.
To supplement the fine-grained details that might be over-
looked by the CLIP visual encoder, we integrate them into
global contexts with the cross-attention. Specifically, we em-
ploy scene text as the fine-grained feature to emphasize its
association with the Video TextVQA questions:

X = CrossAttn(Q = X;K,V = visual entities), (6)

where Q,K, V represent the query, key, and value in cross
attention, respectively. Derived from the N -layer self-cross
attention module, scene text-aware clues are then connected
with spatio-temporal visual entities and fed into the decoder
to generate answers.

Experiments
Experiment Settings
Datasets and Evaluation Metrics Our method is rigor-
ously evaluated using two public Video TextVQA datasets:
M4-ViteVQA (Zhao et al. 2022) and RoadTextVQA (Tom
et al. 2023). 1) M4-ViteVQA includes 8,511 video clips with
24,123 question-answer pairs, where the video clips are pri-
marily collected from nine YouTube categories. Specifically,
M4-ViteVQA defines two tasks with three settings to eval-
uate Video TextVQA methods. In Task 1, Video TextVQA
methods are trained and tested across all nine categories of
M4-ViteVQA. To address different requirements for model
robustness, (Zhao et al. 2022) designates Task1Split1 for
regular testing and Task1Split2 for generalization testing,
where the content of videos within the same category varies

significantly (e.g., different shopping venues and sports). In
Task 2, Video TextVQA methods are trained using seven
categories and tested on the remaining two categories. 2)
RoadTextVQA consists of 3,222 driving videos collected
from multiple countries, annotated with 10,500 questions,
all based on text or road signs present in the driving videos.

For these datasets, we utilize the VQA Accuracy (Acc.)
metric and the average normalized Levenshtein similarity
(ANLS) to evaluate model performance of TEA.

Implementation Details In our experimental setup, fol-
lowing previous Image TextVQA methods, we utilize pre-
trained language model as the foundational backbones for
processing scene text and objects as well as reasoning an-
swers. Based on the pre-trained T5 (Raffel et al. 2019),
we build two models with different capacities, namely
TEA-Base and TEA-Large, which have 12+12 and 24+24
encoder-decoder layers, respectively.

Comparison with Existing Methods
On the M4-ViteVQA Task1Split1 and RoadTextVQA
benchmarks, we evaluate TEA and compare it with exist-
ing methods (see Tab. 1). It can be observed that TEA-Large
outperforms different types of existing methods. (1) Image
TextVQA Methods. M4C (Hu et al. 2019) is unable to per-
form temporal reasoning in videos, achieving an accuracy
of 17.91% on M4-ViteVQA test set. (2) Video-language
Pre-training Methods. These methods (Yang et al. 2020;
Wang et al. 2022a,b; Lei, Berg, and Bansal 2023) lack the
ability to read and comprehend scene text in videos, result-
ing in unsatisfactory performance on the Video TextVQA
task. All-in-one-B achieves an accuracy of 10.87% on the
M4-ViteVQA test set, while GIT achieves 29.58% in accu-
racy on the RoadTextVQA validation set. (3) Video-LLMs.
Video-LLMs (Cheng et al. 2024; Lin et al. 2023, 2024)
build upon LLMs and leverage a large-scale of video-text
pairs pre-training data to align textual and video modali-
ties. To adapt these methods for Video TextVQA, we ap-
ply LoRA (Hu et al. 2021) to fine-tune on correspond-
ing dataset. A representative Video-LLMs method, Vide-
oLLaMA2, achieves an accuracy of 20.04% and an ANLS
score of 21.73% on the M4-ViteVQA validation set. As re-
ported in the results, Video TextVQA methods are generally
superior to Video-LLMs because Video-LLMs lack the ca-
pability to capture and understand massive small scene text
in videos and do not incorporate architectures specifically
designed for Video TextVQA. (4) Video TextVQA Meth-
ods. Compared with a pioneer Video TextVQA method T5-
ViteVQA (Zhao et al. 2022), TEA-Baseline shows a 3.97%
accuracy improvement on M4-ViteVQA test set. Although
T5 (Raffel et al. 2019) is our common foundation model,
TEA-Baseline better aligns multimodal inputs by utilizing
textual representation for each visual entity. Compared to
TEA-Baseline, TEA-Base recovers the spatio-temporal re-
lationships and provides instructional clues for generating
answers, resulting in significant accuracy gains of 5.56% on
the M4-ViteVQA test set and 5.23% on the RoadTextVQA
validation set. Finally, when upgrading the model capacity
to a large size, TEA-Large reaches state-of-the-art perfor-
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Method
M4-ViteVQA Task1Split1 RoadTextVQA

Validation Test Validation

Acc.(%) ANLS(%) Acc.(%) ANLS(%) Acc.(%) ANLS(%)

M4C (Hu et al. 2019) 18.66 24.20 17.91 23.80 28.92 32.27

JuskAsk (Yang et al. 2020) 10.81 15.40 10.05 14.10 – –
All-in-one-B (Wang et al. 2022a) 11.47 15.30 10.87 14.80 – –

GIT (Wang et al. 2022b) – – – – 29.58 35.23
SINGULARITY (Lei, Berg, and Bansal 2023) – – – – 24.62 30.79

Video-LLaVA* (Lin et al. 2023) 15.82 17.77 15.43 17.15 30.82 40.92
VideoLLaMA2* (Cheng et al. 2024) 20.04 21.73 20.76 23.55 25.11 36.53

T5-ViteVQA (Zhao et al. 2022) 23.17 30.10 22.17 29.10 – –
TEA-Baseline 26.79 35.16 26.14 35.14 39.20 45.36

TEA-Base 34.45 42.91 31.70 40.24 44.43 51.69
TEA-Large 37.49 46.38 34.78 43.71 48.14 54.85

Table 1: Accuracy and ANLS comparison with the latest methods on the M4-ViteVQA Task1Split1 and RoadTextVQA. The
best results are highlighted in bold. * indicates the reproduced results using the open-source code.

Method
M4-ViteVQA Task1Split2 M4-ViteVQA Task2

Validation Test Validation Test

Acc.(%) ANLS(%) Acc.(%) ANLS(%) Acc.(%) ANLS(%) Acc.(%) ANLS(%)

M4C (Hu et al. 2019) 13.58 17.20 11.36 16.60 9.16 12.80 7.52 12.50

JuskAsk (Yang et al. 2020) 7.16 10.00 5.47 8.60 4.86 6.70 3.60 6.70
All-in-one-B (Wang et al. 2022a) 6.85 9.20 5.66 7.80 4.20 5.00 3.28 4.60

Video-LLaVA* (Lin et al. 2023) 13.14 14.29 11.19 12.02 10.89 13.23 9.38 11.80
VideoLLaMA2* (Cheng et al. 2024) 18.30 19.63 18.33 20.45 19.68 23.62 16.54 21.80

T5-ViteVQA (Zhao et al. 2022) 17.59 23.10 16.68 23.80 12.30 16.10 9.29 13.60
TEA-Baseline 22.53 31.60 21.20 30.44 17.32 26.32 14.00 21.99

TEA-Base 26.66 36.61 26.29 36.00 20.73 28.18 17.28 26.03
TEA-Large 28.27 36.32 28.43 38.13 22.83 30.21 18.83 28.90

Table 2: Accuracy and ANLS comparison with the latest methods on the M4-ViteVQA Task1Split2 and Task2. The best results
are highlighted in bold. * indicates the reproduced results using the open-source code.

mance, 34.78% and 48.14% on the M4-ViteVQA test set
and RoadTextVQA validation set, respectively.

Analysis of Generalization
In this section, we investigate how TEA contributes to the
Video TextVQA from a generalization perspective. Most
VideoQA methods tend to overfit specific training sets,
achieving high accuracy on these trained video categories
while failing to predict answers in other categories. How-
ever, in practical applications, it is essential for these meth-
ods to generalize their abilities across different domains.
Following the experimental settings established by (Zhao
et al. 2022), we define two task splits to validate gener-
alization capabilities. As illustrated in Tab. 2, our method
achieves consistent improvements in accuracy and ANLS
compared to both visual-language pre-training methods and
Video-LLMs. We attribute it in two factors. With the incor-
poration of pretrained language model (Raffel et al. 2019),
TEA exploits its world knowledge in scene text descriptions.
Additionally, our devised spatio-temporal recovery for vi-

sual entities module explicitly establishes spatio-temporal
relationships among visual entities, which are shared cross
various scenarios, including even in unseen video categories.

Ablation Studies
Overall Results To empirically validate the contribution
of key components in TEA, i.e., spatio-temporal recovery
for visual entities and scene text aware clues aggregation, we
conduct ablation studies on the M4-ViteVQA Task1Split1
validation set. The corresponding modules are individually
added, and their impact on the model’s performance is mea-
sured. The overall comparative results are detailed in Tab.
3 and the specific hyperparameters for each module will be
discussed in the following sections. Firstly, we denote TEA-
Baseline, where multimodal features for scene text and ob-
jects across video frames are connected into a sequence and
fed into the foundational model T5, This approach disrupts
the spatial and temporal relationships between visual en-
tities (#a). When the temporal convolution module, which
provides temporal relationships between the same instance
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# Temporal Spatial Clue M4-ViteVQA

Acc.(%) ANLS(%)

a 26.79 35.16
b ✓ 28.56 37.51
c ✓ 31.91 40.93
d ✓ ✓ 33.69 42.91
e ✓ 29.22 38.06
f ✓ ✓ ✓ 34.45 43.35

Table 3: Overall ablation results on the M4-ViteVQA
Task1Split1 validation set. Temporal, Spatial, Clue repre-
sents temporal convolution module, OCR-enhanced relative
spatial module, and scene text aware clues aggregation, re-
spectively.

Multi-granularity Acc.(%) ANLS(%)

31.06 40.02
✓ 31.91 40.93

Table 4: Ablation experiments about OCR-enhanced rela-
tive spatial module on M4-ViteVQA Task1Split1 validation
dataset.

across video frames, is added, there is a 1.77% increase in
accuracy (#b). In contrast, the OCR-enhanced relative spa-
tial module results in a more substantial improvement of
5.12% in accuracy (#c). Subsequently, jointly recovering
the spatio-temporal relationships leads to an advancement
of 6.90% in accuracy and 7.75% in ANLS (#d). To demon-
strate the ability of aggregating fine-grained features, we ab-
late the scene text aware clues aggregation module in two
settings: without and with spatio-temporal features. Specifi-
cally, there is a 2.43% accuracy increase in the former setting
(#e) and a 0.76% accuracy increase in the latter (#f).

The Effect of OCR-enhanced Relative Spatial Module
The goal of the OCR-enhanced relative spatial module is
to establish spatial relationships between visual entities,
particularly for scene text. By providing word-level, line-
level, and paragraph-level spatial relationships, the model
is guided to recognize which scene text contains relevant
semantic information. In Tab. 4, replacing these multi-
granularity relationships with only word-level ones will lead
to a decrease of 0.85% in accuracy.

The Effect of Scene Text Aware Clues Aggregation To
assess the effectiveness of this module, we explore the fea-
tures that need to be aggregated in Tab. 5. We can notice
that compared to the initial version with only global vi-
sual semantic features (#a), integrating the question brings
a 0.61% accuracy improvement (#b). This validates the piv-
otal role of questions in solving the Video TextVQA task,
while the perception of fine-grained features is still insuf-
ficient. For this reason, by further incorporating the scene
text and object features, a significant increase of 1.06% is
observed (#c). Furthermore, we find that composing fined-
grained features with scene text alone leads to an additional
0.76% improvement (#d). This might suggest that visual ob-

# Features Acc.(%) ANLS(%)

a – 26.79 35.16
b Ques 27.40 36.47
c Ques + OCR + OBJ 28.46 37.21
d Ques + OCR 29.22 38.06

Table 5: Ablation experiments about scene text aware clues
aggregation on M4-ViteVQA Task1Split1 validation dataset.

Question: How much is the cheapest milk? 
Baseline: a2; VideoLLaMA2: 2.49; Ours/GT: $2

Question: What is written on the third line of on the second sign? 
Baseline: Retral; VideoLLaMA2: Airport; Ours/GT: West Cargo Area

Figure 4: A case study on M4-ViteVQA.

jects aid in comprehending the relative location and related
semantics of scene text, yet they are ineffective in facilitat-
ing clues aggregation.

Qualitative Analysis

Case Study In Fig. 4, a representative qualitative exam-
ple is presented to provide an intuitive analysis of TEA in
comparison with TEA-Baseline and VideoLLaMA2. We ob-
serve that TEA offers advantages in the following aspects:
1) Spatial-temporal relationships for scene text. TEA deter-
mines the relative spatial relationships between the first sign
and the scene text associated with the second sign in the first
frame. Additionally, since the scene text on the second sign
in the first frame is not clearly visible, TEA establishes tem-
poral relationships between the instances of the scene text
“West Cargo Area” to enhance its visibility. 2) Aggregation
for the essential clues. TEA identifies the third frame is not
related to the question and aggregates a clue to assist in an-
swering.

Conclusion
In this paper, we present an initial investigation into extend-
ing Image TextVQA models to Video TextVQA methods
through a simple yet highly effective approach, referred to
as TEA. TEA aims to recover spatio-temporal relationships
between scene texts across different video frames. We aggre-
gate scene text aware clues to guide the model in identifying
which frames are relevant to the questions. The capability
of TEA to read and comprehend scene texts in videos also
contributes to the advancement of understanding dynamic
environments within the research community.
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