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Abstract

Existing text-video retrieval methods mainly focus on single-
modal video content (i.e., visual entities), often overlooking
heterogeneous scene text that is ubiquitous in human environ-
ments. Although scene text in videos provides fine-grained
semantics for cross-modal retrieval, effectively utilizing it
presents two key challenges: (1) Temporally dense scene text
disrupts sync with sparse video frames, obstructing video un-
derstanding; (2) Redundant scene text and irrelevant video
frames hinder the learning of discriminative temporal clues
for retrieval. To address them, we propose a temporal scene-
text calibrating and distilling (TCD) network for text-video
retrieval. Specifically, we first design a window-OCR cap-
tioner that aggregates dense scene text into OCR captions
to facilitate feature interaction. Next, we devise a heteroge-
neous semantics calibration module that leverages scene text
as a self-supervised signal to temporally align window-level
OCR captions and frame-level video features. Further, we
introduce a context-guided temporal clue distillation mod-
ule to learn the complementary and relevant details between
scene text and video modalities, thereby obtaining discrim-
inative temporal clues for retrieval. Extensive experiments
show that our TCD achieves state-of-the-art performance on
three scene-text related benchmarks.

Demo — https://tcd365.github.io

Introduction

Conventional text-video retrieval methods often struggle to
distinguish visually similar but semantically distinct videos,
as they primarily rely on coarse-grained visual content (e.g.,
objects and actions). However, scene text, which is prevalent
in human-centric environments, often conveys fine-grained
semantic clues (e.g., street names) that play a role in disam-
biguating similar-looking videos. In light of this, researchers
have proposed scene-text aware text-video retrieval, incor-
porating scene text as a complementary modality to improve
retrieval accuracy (Wu et al. 2025).
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Figure 1: (a) Existing methods overlook fine-grained scene
text in videos. (b) SOTA method (Wu et al. 2025) treats
scene text as isolated instances, resulting in token imbalance
issue that limits fine-grained interactions. (d) Our window-
OCR captioner condenses scene text into OCR captions,
achieving better performance with lower complexity (c).

While leveraging the discriminative yet noisy scene text
in text-image retrieval is already considered a challeng-
ing task (Mafla et al. 2020), extending it to the video do-
main presents even greater difficulties. One key challenge
is how to effectively encode the temporally dense scene
text in videos for fine-grained retrieval. Existing temporal
scene text encoding methods adopt either frame-level sub-
sampling or video-level full-sampling, both of which have
limitations. Sub-sampling methods (Tom et al. 2023; Zhou
et al. 2024, 2025) typically employ uniformly spaced sam-
pling to select a fixed number of frames, with each frame
retaining a subset of its scene text instances. Nonetheless,
this strategy is often suboptimal, as it may overlook tem-
porally dense scene text in unselected frames, thereby hin-
dering cross-modal matching and compromising retrieval
performance. Therefore, full-sampling methods (Zhao et al.
2022a; Wu et al. 2025) aim to extract scene text words from
the entire video, thereby capturing a more comprehensive
representation of semantics. However, they treat redundant
scene text as independent instances, resulting in dense OCR
tokens (i.e., 200). The token imbalance between dense OCR



inputs and sparse video frames hinders fine-grained feature
interaction, leading to an incomplete understanding of video
semantics (Fig. 1(b)) and high computation (Fig. 1(c)).

Another challenge lies in the obscurity of semantic clues
across videos, making it difficult to extract query-relevant
signals for effective retrieval. In feature space, key temporal
clues are often drowned by redundant scene text and irrele-
vant video frames. Moreover, scene text in videos frequently
suffers from recognition errors caused by occlusions or mo-
tion blur, rendering it even more challenging to extract dis-
criminative and coherent temporal clues for retrieval.

In this paper, we propose a novel Temporal Calibrating
and Distilling (TCD) network that aligns scene text with
video frames while capturing discriminative temporal clues
for text-video retrieval. Concretely, we first introduce a
window-OCR captioner to transform temporal dense scene
text instances into condensed OCR captions through video
frame-centered non-overlap sliding windows. As shown in
Fig. 1, this new window-level strategy reduces the input
length from the previous 200 tokens to 12, matching the
number of video frames, thereby enabling fine-grained in-
teractions for video understanding and reducing computa-
tional cost. Then, we design a heterogeneous semantics cal-
ibration (HSC) module to align frame-level video frames
and window-level OCR captions. It leverages heterogeneous
scene text as a self-supervised signal and employs a cycle-
consistency constraint to bridge the temporal scale discrep-
ancy between these two modalities. Next, we apply the co-
attention to enable fine-grained cross-modal interactions, so
as to learn the most informative details for retrieval. In this
way, we can obtain synergistic representation from fine-
grained scene text and coarse-grained video content to dis-
tinguish visually similar videos for accurate retrieval.

Furthermore, we design a context-guided temporal clue
distillation (CTCD) module to capture discriminative tem-
poral clues for retrieval. Concretely, we employ learnable
modality-specific clue tokens to aggregate contextual signals
from both video frames and OCR captions. These tokens in-
tegrate complementary details across modalities via inter-
modal attention, and capture intra-video and intra-OCR rel-
evance through intra-modal attention. This helps mitigate
the impact of recognition errors within OCR captions (e.g.,
“cok” and “oke” — ‘“coke”) and capture motion dynamics
across video frames. In this manner, we can obtain robust
and discriminative temporal clues for effective text-video re-
trieval. The main contributions of this paper are as follows:

* We propose TCD, a scene-text enhanced text-video re-
trieval network that aligns dense scene text with sparse
video frames while capturing discriminative temporal
clues for accurate text-video retrieval.

* We design an HSC that leverages heterogeneous scene
text as a self-supervised signal to dynamically align
video-OCR sequences with different temporal scales for
comprehensive video understanding.

Extensive experiments demonstrate the superiority of
our method on three datasets. Moreover, our window-
OCR captioner is a plug-and-play module that can endow
CLIP-based models with text-reading capability, achiev-
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ing an average gain of 13.4% on T2V-R@1.

Related Work

Text-Video Retrieval. With the success of CLIP (Rad-
ford et al. 2021), several works (Xue et al. 2022; Jin et al.
2023b,a; Liu et al. 2022b; Zhao et al. 2022b; Fang et al.
2023; Ma et al. 2024; Wang et al. 2023) have expanded
it from static images to dynamic videos for text-video re-
trieval. For example, CLIP4Clip (Luo et al. 2022) investi-
gates the feasibility of transferring the CLIP model into text-
video retrieval. X-CLIP (Ma et al. 2022) designs a multi-
grained interaction between video and text for matching the
same semantics. To extract query-related frame features, X-
Pool (Gorti et al. 2022) applies cross-attention among query
text and video frames. Cap4Video (Wu et al. 2023) brings
a new sight that the caption of videos can enhance retrieval
performance. T-MASS (Wang et al. 2024a) models text as
a stochastic embedding to enrich textual content. However,
existing methods overlook fine-grained scene text in videos,
leading to ineffectiveness in text-related scenarios. We ad-
dress this issue by integrating scene text into CLIP-based
models through the proposed window-OCR captioner.

Leveraging Scene Text in Vision and Language Tasks.
With the development of deep learning (Li et al. 2022,
2025; Zhang et al. 2024; Tu et al. 2024; Liu et al. 2022a;
Cui et al. 2025; Zhang et al. 2025; Yin et al. 2025),
scene text has gained much attention in image-language
tasks, such as Text-VQA (Singh et al. 2019; Hu et al.
2020) and Text-Caption (Sidorov et al. 2020; Yang et al.
2020). Recent works (Mafla et al. 2020; Cheng et al.
2022; Zhao et al. 2025) focus on leveraging fine-grained
scene text to enhance text-image retrieval. In video do-
main, scene text has wide applications in many VideoQA
tasks, such as TextVideoQA (Zhao et al. 2022a; Tom et al.
2023), Grounded TextVideoQA (Zhou et al. 2024), and
EgoTextVQA (Zhou et al. 2025), which target dynamic,
grounded, and egocentric video scenarios, respectively. Re-
cently, StarVR (Wu et al. 2025) introduces TextVR, a new
dataset that incorporates scene text for text-video retrieval.
However, existing methods struggle with computational ex-
plosion due to the temporal density of scene text. Therefore,
we devise a new encoding way for video scene text that sig-
nificantly reduces computational complexity.

Cycle-Consistency Learning. Leveraging the transitive
nature of relationships, cycle-consistency provides a valu-
able learning signal for various computer vision tasks,
including image alignment and translation (Zhu et al.
2017; Zhou et al. 2016, 2015), spatial-temporal align-
ment (Dwibedi et al. 2019; Wang et al. 2019; Jabri, Owens,
and Efros 2020), visual question answering (Shah et al.
2019), and image captioning (Guo et al. 2019; Wang, Deng,
and Jia 2024). COOT (Ging et al. 2020) adopts cycle-
consistency into video-text domain for video representa-
tion learning. TCC (Dwibedi et al. 2019) employs cycle-
consistency to align two video sequences at frame level. Dif-
ferent from them, we leverage the heterogeneous scene text
as a bridging learning signal to calibrate sequences of vari-
ous temporal scales across different modalities.
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Figure 2: Pipeline of TCD. Window-OCR captioner condenses abundant scene text into OCR captions. Heterogeneous seman-
tics calibrating leverages scene text present in both video and OCR captions as a self-supervised signal for temporal alignment.
Context-guided temporal clue distilling employs clue tokens to learn clear temporal clues from inter- and intra-modal contexts.

Methodology

Prellmlnarles Scene- text aware text-video retrieval dataset

= {Tl (V¢ Ol)}‘ | consists of a text query T", a target
v1deo V%, and its associated OCR information O? extracted
by a video OCR model. Given a text query T*, the objective
is to find the most similar video-OCR pair (V'?, O*) from the
gallery {(V*, 0%)}'P! by computing similarity scores.
Overview. The structure of TCD framework is depicted in
Fig. 2. Concretely, we first employ the proposed window-
OCR captioner to aggregate raw OCR information into con-
densed OCR captions. Then, window-level OCR features
and frame-level video features are extracted separately. To
align these features with different temporal scales, we intro-
duce a heterogeneous semantics calibration module. Next,
video-OCR co-attention is employed to enable fine-grained
cross-modal interactions. To capture discriminative tempo-
ral clues, we devise a context-guided temporal clue distilla-
tion module that learns complementary and relevant video-
OCR features. Finally, we perform multi-modal matching to
obtain similarity scores with multiple perspectives.

Window- & Frame-level Feature Extraction

In this section, we introduce our window-OCR captioner and
describe the process of feature extraction.

Window-OCR Captioner. Current frame-level and video-
level encoding strategies treat scene text as separate in-
stances, leading to a large number of OCR tokens (e.g., 12
frames x 15 = 180 or 200), which hinders fine-grained inter-
actions between video and OCR elements. To address this,
we propose a window-OCR captioner to reduce the num-
ber of OCR tokens from 200 in previous methods (Wu et al.
2025) to Np = 12. Given a raw video V', we first obtain the
OCR results consisting of N,, words and their frame indices

13325

by a video OCR model as O = {0%"% ofr@me} v "here
N,, is usually larger than 200. Then, we group these Words
around selected video frames into N scene text groups,

Gp={o/"|ieN}, m=12,...,No, (D)

by non-overlap sliding windows with length At = L/No,
where L denotes the video’s duration, resulting in Np =
Ny 12, as illustrated in Fig. 2. If there is no scene text,
G, can be an empty set ¢. Note that if repeated scene text
words appear within the same window, they are merged into
one word, which helps reduce redundancy. Moreover, repre-
senting scene text as a complete sentence enables more com-
pact and informative expression without semantic loss. In-
spired by this, we transform each sampled scene text group
into an OCR caption to reduce the token length. For each
group, we construct an OCR caption using the pre-defined
template: There are scene texts: [G,,] in this frame. If G,
is ¢, we instead use There is no scene text in this frame.
Thereafter, we obtain Np window-level OCR captions.
Feature Extraction. We adopt the powerful CLIP model
as our backbone. The backbone is used to extract features
from text query, video frames, and OCR captions by their
[CLS] token, formulating feature sequence 7 € RIxD,
Y € RVWXD gnd © € RNoxP where Ny, No are the
number of video frames and OCR captions, D is the fea-
ture dimension. Video frames and OCR captions often con-
tain semantics that are irrelevant to the text query. To ad-
dress this, we utilize the text query as a conditioning signal
to extract the most relevant semantic features. Concretely,
given video frames V = {V1, Vs, ..., Vn, } and OCR cap-
tions O = {01, 04, ...,On, }, we compute their relevance
to the text query 7 via temperature parameter 7T as:

pn = —SPUD) Vu/7) _ () Ou/7)
S exp((T) T Va/7)] (T 0u/)



where p,, and ¢,, are the importance scores of the n-th frame
and caption, respectively. Each frame-level video feature is
then re-weighted as V,, < p,V,, and each window-level
OCR feature as O,, < ¢, O,,.

Heterogeneous Semantics Calibrating

We propose heterogeneous semantics calibrating (HSC) to
align video and OCR sequences with different time-scales.
Ideally, the cycle of the nearest semantics between these two
sequences should form a closed-loop mapping (Vo — Os —
V5). However, due to the time-scale differences in sampling
strategies, OCR caption may include irrelevant scene text
from other video frames (i.e., “Jason Kenny Gold”), leading
to incorrect mappings (Vo — Oz — Vj). Inspired by this,
we propose leveraging the above cycle consistency and us-
ing heterogeneous scene text as a self-supervised signal to
achieve temporal alignment and preserve prior knowledge.
Given a video sequence {V,,}), and an OCR sequence

{On}ffgl, starting from node V;, its nearest semantics Oy
is calculated as 0c{o.No, dist(Vi,O)],

where dist is a distance function (e.g., cosine similarity
or L2 distance). However, this hard matching operation is
non-differentiable. To enable end-to-end optimization, we
adopt a soft nearest neighbor formulation (Rocco et al. 2018;
Goldberger et al. 2004; Dwibedi et al. 2019):

diSt(Vi, O])
SN dist(Vi, On)
here «; is the similarity score between V; and O;. Then,

similarly, we map the fused OCR representation Oy, back
to the video sequence {Vn}NV obtaining a soft index

n=1>
Zyjy:leSt(@Vl ) Vn)

{Ok = arg min

_ No
Oy, = >;2,2;0;, where a;

» 3)

“

)

N .
n= Zj:vlﬁjjy‘”here 53' =

here f3; is the similarity score between Oy, and V;. After
that, we complete the semantic alignment cycle from the
start index ¢ to the end index . According to their index,
this process is optimized by the calibration loss as:

Lise = |li — u])?, )

so as to learn a semantically consistent representation.

Video-OCR Co-attention

To help cross-modal matching, we apply co-attention (Lu
et al. 2019) to learn discriminative video and OCR represen-
tations through bidirectional interaction. We first take text-
condition video and OCR features V and O as inputs, and
then compute video-to-OCR and OCR-to-video attention.

Video-to-OCR Attention. Video frames can alleviate the
semantic polysemy of scene text, enabling more accurate
understanding. For example, the word “Apple” has distinct
meanings in a mobile store and a fruit shop. Surrounding
information from video frames can help clarify such differ-
ences. Specifically, we first project them into the common
feature space as Qy = VWgq, Ko = OWkg, Vo = OWy,
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where Wq, Wi, Wy € RP*P are projection matrices, then
the refined OCR features O € RVo*P are calculated:
(%57

O-
vD

OCR-to-Video Attention. Scene text also carries vital clues

for grasping video semantics. For instance, the words “Eif-

fel Tower” in a sign indicate its location, providing context

about the video’s background. Therefore, we leverage OCR-
1%

to-video attention as below:
W,
( VD ) Y

where V € RNV XD are refined video features and Qo
OWg, Ky = VWi, Vi = VW, are projected by the learn-
able matrices Wc/g Wi, Wy, € RP*P respectively.

O = Softmax

(6)

V = Softmax

QoK

)

Context-guided Temporal Clue Distilling

We propose context-guided temporal clue distilling (CTCD)
to capture a discriminative context-guided temporal clue for
accurate retrieval. To aggregate contextual information, we
initialize the modal-specific clues as learnable embedding
vectors Cyy € R™P and Cp € R P for video features and
OCR features, respectively. We regard these modal-specific
clues as another modality and then add different type embed-
dings, étype c RIXD, f}type c RNVXD’ @type c RNoxD
as:

& %[ Sl o G

V/ O/ % O Vtype Otype
Then, instead of performing vanilla cross-attention, which
neglects intra-modality relevance within the query itself, we
concatenate the modal-specific clue C,, € R1*2 with OCR
features O € RNv*P o leverage the intra-modality rele-
vance within the query. Subsequently, we employ a multi-
head cross-attention (MHCA) (Vaswani 2017) to mine the
inter-modality complementary features with video V e
RNv*D  Above process leverages both intra- and inter-
interactions to obtain the context OCR-domain hybrid clue
Ci € RIXD:

[C5; 0] = MHCA([Cp; O'], V), V),
Co + [Co; 0] - éo,

where ép = [1,0,...,0]" € R'*No is a one-hot vector
to extract Cg,. In this manner, OCR-domain hybrid clue is
encouraged to leverage intra-modality relevance to alleviate
OCR recognition errors caused by object occlusion or mo-
tion blur (e.g., ‘coff’ and ‘offee’ in adjacent OCR captions
are associated as ‘coffee’). The video-domain hybrid clue
C3 € RY™P also follows the same procedure as:

[C; V'] = MHCA([C}; V'], 0, 0),

Cy  [Cy; V'] - ey,
here &y, = [1,0,...,0]T € R*Nv and V* € RNv*D,
In this way, the video-domain hybrid clue aids in captur-

ing detailed motion across intra-modality relevant continu-
ous video frames. Finally, we integrate them into the tempo-

] (8)

(€))

(10)



Method TextVR M4-ViteVQA

R@IT R@5T R@I0T MdR, MnR| | R@lt R@5t R@I0T MdR| MnR|
Transformer-based
ClipBERT (Lei et al. 2021) 6.3 16.3 26.7 30.0 183.3 - - - - -
Frozen (Bain et al. 2021) 7.4 22.7 32.5 26.0 132.3 - - - - -
StarVR (Wu et al. 2025) 19.2 38.2 47.5 13.0 138.2 | 22.5 443 55.9 8.0 479
CLIP-based (ViT-B/32)
CLIP4Clip (Luo et al. 2022) | 25.4 47.6 56.2 7.0 97.1 26.0 44.2 54.4 8.0 42.0
DiCoSA (Jin et al. 2023b) 26.4 48.7 58.0 6.0 75.6 | 40.9 61.7 70.0 3.0 25.8
X-CLIP (Ma et al. 2022) 28.3 50.2 58.0 5.0 108.4 | 41.5 61.1 69.7 3.0 35.6
X-Pool (Gorti et al. 2022) 23.5 42.5 51.7 9.0 104.8 | 40.5 58.8 67.5 3.0 38.4
TS2-Net (Liu et al. 2022b) 279 49.8 59.0 6.0 945 | 364 57.1 65.0 3.0 33.1
UATVR (Fang et al. 2023) 28.5 50.0 58.9 5.0 774 | 41.1 59.3 67.8 3.0 33.1
UCoFiA (Wang et al. 2023) 27.7 50.5 60.4 5.0 83.1 | 38.6 60.7 69.3 3.0 31.7
TeachCLIP (Tian et al. 2024) | 25.3 46.3 55.1 7.0 87.1 | 329 51.1 60.3 5.0 33.6
T-MASS (Wang et al. 2024a) | 28.4 48.9 57.7 6.0 1133 | 445 62.4 72.1 2.0 25.3
+ Our Window-OCR Captioner
CLIP4C11p (LllO et al. 2022) 33.5+3_] 57.8_‘_1().2 66.34,11),1 3.0 69.8 41.7+15.7 61.7+17_5 70~2+15.8 3.0 31.4
X-CLIP (Ma et al. 2022) 374,01 61.7.115 71.0.30 3.0 51.1 | 474,59 664,55  75.8.6.1 2.0 23.2
X-Pool (Gorti et al. 2022) 36.3:128 59.61171 67.8:161 3.0 62.3 | 584,170 74.0,15, 816,41 1.0 16.0
T-MASS (Wang et al. 2024&) 45-0+16.6 66.8.,.17.9 74»4+16,7 2.0 459 65.6+21,1 78.5+16.1 83.9.,.11.8 1.0 17.2
TCD (Ours) 60.4 82.8 88.2 1.0 8.0 68.8 854 894 1.0 8.2

Table 1: Text-to-video (T2V) retrieval performance on scene-text aware text-video retrieval (TVR) datasets, TextVR (Wu et al.
2025) and M4-ViteVQA (Zhao et al. 2022a). Green numbers indicate performance gains achieved through our window-OCR

captioner by incorporating OCR information for retrieval.

ral hybrid clue C € R P to enhance the clarity of the video
event signal for further retrieval:

C=(Ch+Ch)/2. (11)

Training Objective
Multi-modal Matching. To enhance retrieval robustness,

we perform multi-modal matching, including text-video,
text-OCR, and text-hybrid matching. As shown in Fig. 2,

given processed features 7, C?, f/f and O', we apply mean
pooling to obtain V! = Niv >, Vi and O Nio >, OL.
Then, similarity function S(77, (V¢, O%)) is defined as:

S(T",(V',0%) = (Sru + Stv + Sro)/3,  (12)
where Sty STV, and S7o are calculated as:
TH = TV = - — OTO = =
I IICZH Il 70 HOZ(‘1|3)

Loss. The proposed network is trained in an end-to-end
manner. Given a batch B of triplets { 7%, (V*, O¥)}B_,, our
network will predict a B X B similarity matrix. Then we use
the InfoNCE loss to optimize the network as:

exp( Tl (V’ 0")/n)
Lrov=-p Z I3 exp(S(T?, (Vi,09)) /)’
B exp(S(T", (V', 0%) /1) (14)
Lvor = BZ S exp(S(T7, (V5,07 /)

Lee = (ﬁT—w + LyvT),

where 7 is the learnable scaling parameter, £,y and
Ly _1 represents text-to-video retrieval loss and video-to-
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text retrieval loss, respectively. Besides, the network is self-
supervised by the loss of heterogeneous semantics calibrat-
ing. Hence, the final loss function is optimized as:

L= Ece + )\»Chsca (15)

here ) is a trade-off parameter, and its effect is analyzed in
the experiments.

Experiments
Datasets and Metrics

We conduct experiments on both scene-text rich TVR
datasets (TextVR and M4-ViteVQA) and a scene-text sparse
dataset (i.e., MSR-VTT) to comprehensively evaluate our
method under scene-text related scenarios. In brief, TextVR
has 80% videos contain scene text more than 20 instances,
M4ViteVQA reaches nearly 90% scene-text videos, and the
videos in MSR-VTT only has 21% scene-text videos. For
evaluation metric, we report Recall at Rank (R@K, K={1, 5,
10}), Median Rank (MdR), and Mean Rank (MnR) to show
the retrieval performance.

Implementation Details

We use CLIP’s visual encoder (ViT-B/32) as our video en-
coder and its textual encoder as text and OCR encoder. The
feature dimension D is set to 512, the number of frames Ny
and OCR captions Ny are set to 12, temperature parameter
7 = 5. Adam optimizer (Kingma 2014) is used to train the
model with a batch size of 42 for 30 epochs. We apply a co-
sine schedule strategy with a linear warmup (Goyal 2017) to
decay the learning rate. The initial learning rate is set to le-
4. For the parameter A of the HSC loss Ly, we set A = 0.1
for TextVR and M4-ViteVQA, and A = 0.05 for MSR-VTT.
Our model is trained on one NVIDIA RTX 4090 GPU.



Core Modules Text— Video Video— Text
Row | CTCD Co-Attn Ly, | R@17T R@51 R@I10T MnR| | R@1t R@5T R@107 MnR]
1 53.3 77.5 84.1 13.8 46.0 70.7 80.3 14.4
2 v 54.9 79.2 85.2 10.8 473 76.0 84.2 9.9
3 v v 58.9 81.6 86.8 10.9 49.2 76.9 85.0 10.5
4 v v 56.0 79.3 85.8 11.7 48.9 76.1 84.5 11.0
5 v v 60.4 82.8 88.2 8.0 51.9 78.3 86.5 7.7

Table 2: Ablation study of each module on TextVR. Row 1 denotes the model where CTCD is replaced by cross-attention.

MSR-VTT
Method R@17 R@5t R@10T MnR|
CLIP-based (ViT-B/32)
CLIP4Clip (Luoetal. 2022) | 445 714  81.6 15.3
DiCoSA (Jinetal. 2023b) | 47.5 747  83.8 13.2
CapdVideo (Wuetal. 2023) | 493 743  83.8 12.0
X-CLIP (Ma et al. 2022) 461 730 831 13.2
X-Pool (Gorti et al. 2022) 469 728 822 143
TS2-Net (Liuetal. 2022b) | 47.0 745  83.8 13.0
UATVR (Fang etal. 2023) | 475 739  83.5 123
ECLIPSE (Linetal. 2022) | 449 713  81.6 15.0
TEFAL (Ibrahimi et al. 2023) | 49.4 759  83.9 12,0
T-MASS (Wang et al. 2024a) | 502 753  85.1 11.9
DIST (Wang et al. 2024b) 519 757 846 11.6
MUSE (Tang et al. 2024) 509 767 856 10.9
NarVid (Hur et al. 2025) 527 717 856 12.3
BIA (Bai et al. 2025) 521 768 863 9.7
BiMa (Le et al. 2025) 535 786 865 -
AVIGATE (Jeong etal. 2025) | 502 743 832 ;
TCD (w/o OCR) 545 715 840 85
TCD (w OCR) 597 832 893 7.2

Table 3: Text-to-video retrieval performance on MSR-VTT.

T MSR-VIT MSR-VTT

OCR Ratiop G TR@5R@10 Method G TR@5R@10
00 (545775 840  OCR-Free Setting (wlo OCR)
0.1 [56580.1 862  Full 54.577.5 84.0
02 [57.6812 886  wioCo-Attnl49.8 75.2 84.8
04 (585803 874  wWio Lnee |53.976.4 83.6
08 [58.981.8 89.4  wioCTCD |49.3 73.0 80.9
10 |59.7832 893  woTC  |38.6 657 75.9

Table 4: Different OCR ratio. ~ Table 5: Ablation study.

Comparisons with SOTA Methods

To show the effectiveness of scene text in TVR, we evaluate
our method on TextVR, M4-ViteVQA, and MSR-VTT. As
shown in Tab. 1, adding our window-OCR captioner yields
+5.3%-21.1% gains in T2V-R@1, validating its effect. In
addition, TCD achieves SOTA performance, benefiting from
HSC’s effective temporal alignment and CTCD’s ability to
distill discriminative temporal clues from redundant scene
text. In Tab. 3, TCD surpasses existing modality-enhanced
SOTA methods (e.g., TEFAL, AVIGATE), showing the dis-
criminative value of scene text.

Ablation Study

Ablation Study of Each Module on TextVR dataset. In
Tab. 2, using heterogeneous semantics as a self-supervised
signal (rows 4-5) yields better performance, indicating that
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Method Text— Video Video— Text
R@1T R@5t R@I0} | R@IT R@5t R@I10T

Addition 57.1 78.8 85.4 48.0 73.1 82.3
AXB+A 56.4 79.8 86.2 49.3 73.9 81.9
Concat+MLP 57.4 79.7 86.0 50.5 74.3 83.2
Cross-Attention | 58.6 80.2 85.8 50.8 75.7 83.2
o) 594 802 86.2 512 713 85.0
€y +C5) 12 60.4 82.8 88.2 519 78.3 86.5

Table 6: Ablation study of CTCD on TextVR. C3; and Cf,
denote video and OCR-domain hybrid clues, respectively.

Text—Video Video—Text
60—
1 cCL
40 «F —Tﬂ— [ HSC (Ours) -
I R N |
R@wl R@5 R@10 R@w!1 R@5 R@10

Figure 3: Ablation study of HSC on TextVR. CL is short for
contrastive learning. CL regards same-index pairs as posi-
tives, all others are negatives for temporal alignment.

Lsc allows temporal alignment and preserves video-OCR
synchrony. Moreover, co-attention enables bidirectional
fine-grained interaction, producing more discriminative rep-
resentations for accurate retrieval.

Ablation Study on MSR-VTT dataset. For a comprehen-
sive evaluation, we conduct experiments on different OCR
ratios and perform ablations by removing scene text. As
shown in Tab. 4, retrieval performance consistently improves
as the OCR ratio increases, verifying the effectiveness of
our method in leveraging scene text. Moreover, the results
in Tab. 5 demonstrate the effectiveness of each component,
especially the proposed CTCD module, which captures dis-
criminative temporal clues for accurate retrieval.

Ablation Study of CTCD. In Tab. 6, we study CTCD with
different fusion strategies on TextVR. We observe that re-
placing cross-attention with a learnable video clue Cy; allows
the query to capture intra-video cues for motion, thereby
achieving better performance. Moreover, adding an OCR
clue C¢, helps model to handle recognition errors from mo-
tion blur or object occlusion. Further, the proposed CTCD
gains +1.8% R @1 over SOTA fusion designs.

Ablation Study of HSC. Fig. 3 compares our HSC mod-
ule with contrastive learning for preserving synchrony be-
tween two temporal sequences. In the setting of contrastive



Multi-modal Matching Text— Video
T-Video T-OCR T-Hybrid | R@11T R@51 R@101 MnR|
v 54.0 78.3 84.0 139
v 54.1 76.7 83.4 16.4
v 56.8 79.8 86.6 8.8
v 58.9 80.9 86.5 11.1
4 v 58.7 80.7 86.9 9.7
v v 60.0 82.1 87.0 79
4 v v | 60.4 82.8 88.2 8.0

Table 7: Ablation study of varying granularity matching for
text-to-video retrieval on TextVR dataset.

Method | T2V-R@1  GFLOPs O(N?%d) Training Time
StarVR 19.2 3952 O(40,401d) 76.3h
TCD (Ours) 60.4 61.8 O(576d) 8.5h

Table 8: Complexity and performance comparison.

A | 001 005 0.1 0.5 1 5 10
RSUM | 442.6 4319 4481 446.6 4435 4463 414

Table 9: Ablation study of weight A for £, 5. on TextVR.

learning, same-index pairs are positives and others are nega-
tives. The results indicate that HSC performs better, showing
that heterogeneous scene-text semantics offer a more flexi-
ble self-supervised signal than rigid contrastive alignment.
Effect of Multi-modal Matching. Tab. 7 shows a range
of matching strategies with varying levels of granularity.
We note that hybrid modality outperforms video and OCR
alone by +2.8% and +2.7% R@1, indicating that the hy-
brid modality offers richer temporal clues by capturing con-
textual information. Notably, strategies that using the hybrid
modality consistently achieve higher performance.

Effect of Scene Text for Retrieval. Tab. 10 shows that
scene text in videos provides fine-grained, discriminative
cues for retrieval. We observe that relying solely on video
content yield low performance (25.3% and 35.8% R@1),
while adding OCR modalities significantly improves per-
formance(+9.8% and +24.6% R@1), indicating that scene
text offers complementary information. Meanwhile, the text
condition helps the model capture query-relevant semantics,
thereby outperforming SOTA methods.

Computational Comparison. Tab. 8 shows that TCD out-
performs StarVR by +41.2% with lower complexity. This
efficiency comes from our window-OCR captioner, which
reduces sequence length N from 201 to 24, thereby alle-
viating quadratic complexity O(N2d) from O(40,401d) to
O(576d) in attention, obtaining a 70x complexity reduction
and 9x speed-up in training time.

Parameter Sensitivity. Tab. 9 shows that our TCD achieves
the best results at A = 0.1 on TextVR. Moreover, we report
additional results on other datasets in appendix. The results
show that ) is a data-dependent parameter. In detail, datasets
containing more scene text need a larger A to calibrate video-
OCR sequences in the HSC module.

13329

Query: The traffic way towards Cross
Bronx Expwy looks a little bit crowded.

Query: There are two minutes and

twenty five seconds left in 3" quarter.
Video & Similarity-Score

Rankl1 OCR:0.28 Video:0.31 Hybrid:0.31

o vl S

Video & Similarity-Score
Rank1 OCR:0.19 Video:0.29 Hybrid:0.54

id:0.32

kit St )
Rank2 OCR:0.31 Video:0.22 Hybr

Figure 4: Visualization of text-to-video retrieval with top-3
ranked results on TextVR. Please zoom in for a better view.

TC  Modality | R@lt R@5f R@10T MnR|
X OCR 252 454 527 1694
X Video 253 480 565  96.3
X Video+tOCR | 35.1 579 670  64.0
v OCR 433 622 689 517
v Video 358 653 765 192
v/ VideotOCR | 604 828 882 8.0

Table 10: Ablation study of text-condition (denoted as TC)
and modality enhancement on TextVR with T2V results.

Qualitative Analysis

To better understand the proposed method, we present the vi-
sualization of retrieval results in Fig. 4. We can see that TCD
can capture fine-grained scene text in videos (e.g., “Cross
Bronx Expwy” and “2:25”) for accurate retrieval. This is at-
tributed to the window-OCR captioner that balances token
distribution between video and OCR modalities for fine-
grained video understanding. On the left, TCD retrieves the
ground truth video in rank 1 with a high hybrid similarity
score. This demonstrates that the hybrid modality provides a
discriminative temporal clue for retrieval by capturing con-
textual information between video and OCR. This demon-
strates that the hybrid modality provides a discriminative
temporal clue for retrieval by capturing contextual informa-
tion between video and OCR.

Conclusion

This paper proposes a TCD network that aligns scene text
with video frames while capturing a discriminative tempo-
ral clue for TVR. We first introduce a window-OCR cap-
tioner to aggregate abundant scene text from videos into con-
tinuous captions, thereby reducing computation complexity.
Then, we apply scene text as a signal in a cycle manner to
calibrate video-OCR sequences so as to preserve their prior
sync for accurate video understanding. Further, we devise a
context-guided temporal clue distillation module to capture
crucial temporal clues by leveraging complementarity and
relevance among redundant scene text and irrelevant video
frames for accurate retrieval. Extensive experiments show
that our TCD achieves SOTA results on three benchmarks.
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