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Abstract

In various video-language learning tasks, the challenge
of achieving cross-modality alignment with multi-grained
data persists. We propose a method to tackle this chal-
lenge from two crucial perspectives: data and modeling.
Given the absence of a multi-grained video-text pretrain-
ing dataset, we introduce a Granularity EXpansion (GEX)
method with Integration and Compression operations to ex-
pand the granularity of a single-grained dataset. To bet-
ter model multi-grained data, we introduce an Iterative Ap-
proximation Module (IAM), which embeds multi-grained
videos and texts into a unified, low-dimensional seman-
tic space while preserving essential information for cross-
modal alignment. Furthermore, GEXIA is highly scalable
with no restrictions on the number of video-text granulari-
ties for alignment. We evaluate our work on three categories
of video tasks across seven benchmark datasets, showcasing
state-of-the-art or comparable performance. Remarkably,
our model excels in tasks involving long-form video under-
standing, even though the pretraining dataset only contains
short video clips.

1. Introduction

Video-language representation learning is crucial for
a wide range of video tasks, such as cross-modality re-
trieval [6, 39, 54], video classification [41, 44, 52], and
video question answering [25]. With the advent of CLIP-
like models [1, 8, 21, 38], video-language learning has en-
tered the ”big data” era, where video-text foundation mod-
els [2, 3, 24, 32, 43, 59] are first pretrained on large-scale
datasets consisting of diverse video-text pairs aimed at
cross-modal representation alignment and then finetuned on
small-scale datasets tailored to specific downstream tasks.

*Work was done as an intern at Amazon.

Following this paradigm, recent research primarily focuses
on two main directions: data and modeling.

On the data front, researchers have introduced larger-
scale pretraining datasets [35, 49, 55] with higher-quality
video-text pairs using scalable data collection methods. On
the modeling side, most approaches [2, 3, 24, 32, 43, 59, 61]
focus on single-grained or hierarchical video-text represen-
tation alignments. Nevertheless, a frequently overlooked
fact should be revisited: video-text data are inherently
multi-grained, i.e., videos and texts in the real world nat-
urally have variable durations and text sequence lengths,
while the same video can also be paired with texts in dif-
ferent sequence lengths, offering varying levels of detail,
and vice versa. This inherent multi-granularity presents a
major challenge for modeling video-text alignment. Previ-
ous methods [2, 12, 23, 24, 32, 43, 59, 61] often fall short of
fundamentally addressing the challenge.

In this work, we propose GEXIA: Granularity
EXpansion and Iterative Approximation to address this
challenge from both data and modeling perspectives.
Firstly, existing video-text pre-training datasets [3, 35, 49,
55] follow data collection schemas similar to image-text
datasets. As a result, these datasets either provide only
seconds-long videos with sentence-long texts [3, 49] or
minutes-long videos with audio transcriptions as texts [35,
55]. Constrained by scalability, such datasets are essen-
tially single-grained and cannot reflect the multi-granularity
of real-world video-text data, which hinders model perfor-
mance during pretraining. To this end, we introduce a scal-
able video-text Granularity EXpansion (GEX) pipeline that
generates multi-grained video-text datasets from single-
grained ones. Specifically, we propose Integration and
Compression operations on videos and texts separately to
expand two additional granularities by using only existing
samples in the dataset. These operations can be applied se-
quentially to achieve the desired number of granularities, as
shown in Figure 1.
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Figure 1. An overview of the Granularity EXpansion (GEX) pipeline, which expands a single-grained dataset into a multi-grained dataset
with video and text integration ⊕v and ⊕t and text compression Θt operations.

Secondly, most recent works [3,24,32,43,59] treat input
video-text pairs as single-grained regardless of differences
in video durations and text lengths, which limits their per-
formance in tasks that involve multi-grained data. Other
studies [2, 19, 33, 61] address the issue using hierarchical
designs to handle different granularities of data at varying
structural levels. However, such approaches face signifi-
cant limitations in scalability to new granularities or are tai-
lored for specific downstream tasks only. A comprehensive
solution for multi-grained video-text alignment across di-
verse downstream tasks with high scalability has not been
thoroughly explored. Aiming at the modeling challenge,
we propose an Iterative Approximation Module (IAM) as
a general building block for multi-grained video-text align-
ment presented in Figure 2. We formulate the multi-grained
alignment as a three-stage process: dense feature extraction,
iterative approximation, and cross-model alignment. First,
dense features of the videos and texts are extracted and ag-
gregated separately with an existing image and text encoder.
Subsequently, IAMs iteratively and adaptively approximate
these dense features into fixed-size low-dimensional em-
beddings, considering the granularity of inputs. As such,
uniform representations of multi-grained videos and texts
are embedded in the same low-dimensional space to enable
the final cross-modal alignment through conventional con-
trastive learning.

We take an existing single-grained pretraining dataset to
showcase the effectiveness of GEX and conduct extensive
evaluations of IAMs across cross-modal retrieval, video
classification, and video-question-answering tasks on seven
widely used datasets of various granularities. Our model,
enhanced by the multi-grained pretraining data, consistently
achieves state-of-the-art or comparable performance on all
tasks compared to baseline models. Notably, our model ex-
cels in scenarios requiring long-term visual-text alignment
and a deep understanding of long-form videos, highlighting
the effectiveness of our approach. In summary, our contri-
butions are as follows.

1. We propose Granularity EXpansion (GEX), a scalable
method to automatically expand single-grained video-
text datasets into multi-grained ones without additional
data collection, addressing the multi-grained pretrain-
ing data bottleneck;

2. We introduce the Iterative Approximation Module
(IAM), which embeds multi-grained data into a uni-
fied, low-dimensional space, enabling efficient and
scalable cross-modal alignment;

3. Our approach achieves state-of-the-art or comparable
results across multiple benchmarks. We also provide
detailed ablations and insights.

2. Related work
2.1. Single-grained Video-Language Learning

Early works [3, 24, 32, 45, 59] have treated input video
and text pairs as in single granularity regardless of the video
duration and text length. Due to the overlook of inher-
ent multi-granularity, such approaches are not only limited
to tasks that involve multi-grained video-text data but also
sacrifice performances on general video-text alignments.
More specifically, CLIPBert [24] proposes to apply sparse
sampling on videos in a universal manner, which leads to
poor performance on long-form video understanding tasks.
TACo [59] relies on heuristics that nouns and verbs are
more likely to be aligned with visual contents, which sac-
rifices the performance on long, complicated video scenes
and texts. Frozen [3] views images as static video clips and
pretrain on images and videos simultaneously, whose per-
formance is limited on long videos with large temporal dy-
namics. Clip4clip [32] empirically studies the approaches
of aggregating image-level CLIP features for video retrieval
tasks through mean-pooling, LSTM, or single transformer
block, which is largely limited to video retrieval tasks
and only achieves coarse alignments between videos and
text. LF-VILA [43] focuses on single granularity video-
text alignment for long-form video understanding. Despite
the fact that LF-VILA is limited to long-form videos only,
our approach uses only 1/6 of video-text pairs for pretrain-
ing while achieving comparable or better performance than
LF-VILA on multiple long-form video understanding tasks
as shown in Section 4.

2.2. Multi-grained Video-Language Learning

Observing the inherent multi-granularity in video-text
alignment, A few recent works [2, 19, 33, 61] address the
multi-grained video-text alignment problem either with a



hierarchical design, which limits scalability or target spe-
cific downstream tasks only, which limits generalizability.
X-CLIP [33] targets video retrieval tasks only and proposes
a multi-grained contrastive learning loss and an attention-
over-similarity-matrix-module to aggregate multi-grained
features, which is limited to retrieval tasks only and un-
able to extend to video-text granularities beyond seconds-
long videos and sentence-long texts. HierVL [2] builds hi-
erarchical video-text embeddings for multi-level video-text
alignments and studies two aggregation designs to acquire
features of long context windows. This method heavily de-
pends on a high-quality multi-grained video-text pretrain-
ing dataset, which is often hard to acquire from the public
domain, and can not be well extended to new granularities
(HierVL is built on Ego4D, whose videos are specifically
collected from non-public domain and texts are written by
human narrators). HiTeA [61] proposes to achieve multi-
grained video-text alignments by designing two new pre-
training tasks, namely cross-modal moment exploration and
multi-modal temporal relation exploration. Such tasks ex-
tensively extract temporal information from input video se-
quences, while leading to limitations on long-form videos
and more video-text granularities. VideoRecap [19] specifi-
cally targets the video captioning problem and also employs
a hierarchical design to process multi-grained data.

3. Methodology

3.1. Granularity EXpansion (GEX)

In real-world application scenarios, videos and texts ex-
hibit various levels of granularity. However, due to the
scalability constraints of data collection processes, existing
large-scale video-text pretraining datasets [3, 35, 49, 55] are
mostly single-grained. To overcome the challenge of insuf-
ficient multi-grained pretraining data, we introduce a simple
and scalable Granularity EXpansion (GEX) pipeline to en-
hance the granularity of an existing single-grained dataset,
as illustrated in Figure 1. The GEX pipeline comprises two
main operations: Integration and Compression, which can
be further categorized based on the input data type as Video
Integration (⊕v), Text Integration (⊕t), Video Compression
(Θv), and Text Compression (Θt).
Integration (⊕v and ⊕t): The Integration operation com-
bines multiple input video-text pairs of the same granu-
larity into one data sample to create a new granularity.
Specifically, we exploit meta-information to identify exist-
ing video-text pairs originating from the same source and
concatenate (⊕v and ⊕t) them to generate longer video-text
pairs. When meta-information is unavailable, random sam-
ples can also be concatenated in a similar manner, which
still enhances the performance, as shown in Appendix A.
Compression (Θv and Θt): The Compression, in contrast,
condenses individual data samples into more compact forms

to create a new granularity. Specifically, we utilize text
summarization via a large language model (LLM) as Θt

to condense ⊕t-applied long texts. The summarized texts
are much shorter but remain aligned with the corresponding
⊕v-applied long videos, thereby creating a new granularity.
The summarized text is verified to be similar with the orig-
inal long texts, as demonstrated in Appendix B. We do not
perform the video compression Θv in the main study, since
⊕v , ⊕t, and Θt are sufficient to transform a single-grained
dataset into a multi-grain dataset for pretraining. Additional
exploration of video compression (Θv) is included in Ap-
pendix F.

GEX is highly scalable and does not rely on human anno-
tation. Both Integration ⊕ and Compression Θ operations
have no limits to the input data and can be applied sequen-
tially or recursively to expand the granularities of the given
dataset to a desired scale. Using GEX, we can generate a
multi-grained video-text pretraining dataset (vmulti, tmulti)
from a single-grained dataset (v, t), as shown in Figure 1.

3.2. Multi-grained Video-Text Alignment

Overview: We introduce a three-phase approach for multi-
grained video-text alignment, as illustrated in Figure 2.
First, we utilize two distinct single-modality encoders for
videos and texts to create high-dimensional representations
that encapsulate the complete information of the input data,
referred to as dense features. The dimensions of these
dense features are proportional to the granularity of the
input data, whether determined by the video durations or
text sequence lengths. In the second phase, given pairs
of dense features with variable dimensions, we aim to ap-
proximate these features using fixed-size embeddings de-
rived from a universal low-dimensional space. Apparently,
higher-dimensional features with richer semantic informa-
tion are inherently more challenging to approximate with
fixed-size embeddings. We employ cross-attention mech-
anism as the building block to construct an iterative ap-
proximation module, thereby allocating more iterations to
higher-dimensional dense features for finer approximation.
Finally, given multi-grained videos and texts embedded in
the same low-dimensional space, we apply conventional
contrastive learning to enforce cross-modal alignment.
Dense Feature Extraction: For video-text pairs with var-
ied granularity, the first step is to construct feature repre-
sentations that capture their complete semantic information.
Considering the varying lengths of videos and texts, we pro-
pose that the dimensionality of these representations should
be proportional to the input size, maintaining consistent in-
formation density and minimizing information loss. Addi-
tionally, since our goal is to create aligned representations
across modalities, it is crucial to keep each data stream sep-
arate to prevent information leakage. Therefore, we employ
pretrained image and text encoders to extract individual fea-
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Figure 2. An overview of GEXIA, which consists of Granularity EXpansion (GEX), Dense Feature Extraction, Iterative Approximation
Module (IAM), and Cross-modal Alignment. We propose GEX and IAM to address data and modeling challenges, respectively.

tures at the frame and text token levels, respectively, and
subsequently aggregate these features along the video tem-
poral and text sequential dimensions to form dense features.

Given d video frames [f1, · · · , fd] sampled from a video
in vmulti, where each frame fi ∈ RH×W×3, we first em-
ploy a ViT-based image encoder to transform each frame
into a tensor in RP×Cv , where P denotes the patch num-
ber and Cv denotes the video feature dimension. Then we
concatenate all frame-level features into a tensor FV ∈
R(d×P )×Cv . Similarly, given the corresponding text se-
quence tmulti, we tokenize it using byte pair encoding
(BPE) and then truncate or pad it into a size of m × S,
where m is the maximum number of tokens that the text en-
coder can process in a single run and S is the size of one
token. Subsequently, we apply the text encoder to trans-
form it into token-level dense feature FT ∈ Rm×Ct , where
Ct represents the size of the feature.
Iterative Approximation: Given variable-sized dense fea-
tures, we develop a novel Iterative Approximation Mod-
ule (IAM) to approximate the inputs into fixed-sized and
low-dimensional embeddings. An IAM takes a dense fea-
ture F ∈ RM×C and a learnable base embedding Abase ∈
RN×D as inputs, where N is the number of learnable base
vectors and D is the dimension. In the video IAM, the no-
tation F ∈ RM×C corresponds to FV ∈ R(d×P )×Cv , with
M = (d× P ) and C = Cv . For the text IAM, F ∈ RM×C

signifies FT ∈ Rm×Ct , where M = m and C = Ct.
The base embedding Abase is designed to capture the es-

sential semantic information of the training data and serves
as an optimized initial value of the iterative approxima-
tion process during inference. Subsequently, inspired by
the design of attention mechanism [46], which models the
relationship of features via similarity, we apply the cross-
attention module CAI to execute the approximation tak-
ing Abase as the Query and F as the Key and Value. To
align the different dimensions necessary for executing the
cross-attention between F and Abase, and to ensure that
the output maintains the same dimensionality as Abase, we
implement linear projection layers QI, KI, and VI, which
project all feature dimensions to D. We also add a self-

attention block SAI following the CAI to enhance the data
approximation. Notably, longer videos and texts, which in-
herently contain more semantic information, pose greater
challenges for effective approximation. Therefore, we re-
peat the approximation operations with CAI and SAI, ad-
justing the iteration number #iter in accordance with the
content length, with longer videos and texts assigned a
greater #iter. Through adaptive approximation iterated
for #iter times, the resultant A#iter closely approximates
F, preserving its semantic information in a compact, low-
dimensional space.

Meanwhile, inspired by [20,29, 36, 60,64] that study the
unrolling of the iterative algorithm and indicate that more
unrolled iterations lead to higher model performance but
lower computation efficiency, we unroll the iterative ap-
proximation process one time while assigning remaining
iterations to the original iterative block denoted by I to
achieve good trade-offs between model performance and
training efficiency. For clarity, we represent the cross-
attention, self-attention, linear projection layers of the
Query, Key, Value, and the output of the unrolled iteration
as CA, SA, Q, K, V, and A0, respectively, as illustrated in
Figure 2, where the output A0 serves as the base embedding
of the following iterative approximation.

IAM enables a single model to handle variable-length
videos and texts by modulating #iter, thereby maintaining
a fixed low-dimensional output space for cross-modal align-
ment. Additionally, the output embedding A#iter ∈ RN×D

of the IAM is not only more compact than dense features
in size but also retains a high fidelity approximation of the
original dense feature F ∈ RM×C , leading to improved
model performance on downstream tasks after alignment.
Cross-modal Alignment: Given a batch (batch size B)
of video and text pairs, IAMs produce paired embeddings
A#iter

V angA#iter
T ∈ RB×N×D after the iterative approx-

imation. Since A#iter
V and A#iter

T have the same size re-
gardless of the input granularity, conventional contrastive
learning [38] can be directly applied to build alignments.
We process paired embeddings with average pooling along
dimension N , yielding vectorized features AV and AT ∈



RB×D to minimize the Video-to-Text Contrastive (VTC)
loss LVTC = 1

2 (Lv2t+Lt2v), which encompasses both video-
to-text and text-to-video losses:

Lv2t = −Ev

[
log

f(v, t)∑
t′∈AT

f(v, t′)

]
,

Lt2v = −Et

[
log

f(v, t)∑
v′∈AV

f(v′, t)

]
,

where f(v, t) = es(v,t)/τ . s is the cosine similarity and
τ is a learnable scaling parameter. This loss function aims
to maximize the cosine similarity between matching video-
text pairs while minimizing it for non-matching pairs.

4. Experiments
4.1. Experimental Setups

Multi-grained Pretraining Data: We utilize the
InternVid-10M-FLT [49] as the base pretraining dataset
which consists of ten million short video clips collected
from four million YouTube videos. Based on the statistics
in [49], we treat video-text pairs in this dataset as single
granularity, labeled short-video-short-text (SVST). In
alignment with the data distribution of targeted downstream
tasks, we choose to expand this base dataset with two
additional granularities: long-video-long-text (LVLT) and
long-video-short-text (LVST) pairs. More specifically, we
perform Video and Text Integration (⊕v and ⊕t) through
video concatenation and text concatenation on 4.5 million
SVST pairs to build 1 million LVLT video-text pairs. These
4.5 million SVST pairs are selected by their source video
IDs and timestamps, excluding those with fewer than four
SVST pairs. The concatenation is performed only on
videos sharing identical source IDs in time order, along
with their corresponding texts. Subsequently, we apply
the Text Compression (Θt) through text summarization on
the 1 million generated long texts using a self-hosted large
language model (LLM) (Vicuna 13b-v1.5 [9, 50]) to build
1 million LVST pairs. As demonstrated in Appendix B,
the summarized short texts are shown to be semantically
similar to the original long texts. Further details on the
selection of the LLM and the potential use of Video
Compression (Θv) are provided in Appendix A and F.
Model Pretraining: During the pretraining phase, we
initialize our video and text feature encoder with CLIP
weights [38] (VIT-B/32 model). The pretraining is con-
ducted on 32 NVIDIA Tesla-V100 GPUs and takes approx-
imately 2.5 days, covering 5 epochs on our multi-grained
dataset. We employ the AdamW optimizer [31], using a
batch size of 512. The learning rate for the video and text
encoders is set to 1e−6, while for other components it is
set to 1e−4, accompanied by a cosine learning rate sched-
ule [30]. We process d = 16 frames for short videos
and d = 32 frames for longer ones and empirically set
#iter = 1 for short videos/texts and #iter = 3 for long

videos/texts. The ablation on the #iter setups is in Sec-
tion 4.4. τ is initially set to 0.07 [38].

4.2. Cross-modal Retrieval

Setting: We finetune the pretrained model on ActivityNet
Captions (paragraph-to-video) [22], MSR-VTT (9k) [15,
54], and LSMDC [39] datasets for text-to-video and video-
to-text retrieval tasks. Following previous work [32, 49],
we report both zero-shot and finetuning retrieval perfor-
mance with recall@K (R@K) and median rank (MdR).
We finetune our pretrained model for 50 epochs on 8
NVIDIA Tesla-V100 GPUs. We adopt an AdamW [31] op-
timizer [31] and set the learning rate of the video and text
encoders to 1e−7, and the other part 1e−5 with a cosine
annealing scheduler [30]. Based on the average video dura-
tions and text length of the datasets, we empirically deter-
mine MSR-VTT and LSMDC as SVST, ActivityNet Cap-
tions as LVLT and set the #iter accordingly (see statistics
and the #iter setups in Appendix E).
Retrieval Results: Due to the complexity of training strate-
gies and model backbones design, we present our compar-
isons from multiple perspectives, as outlined in Table 1.

Compared with models of using the same ViT-B/32
backbone or having similar FLOPs, our approach outper-
forms other baselines [32, 45, 56] on the long video Activi-
tyNet Captions dataset. PerceiverVL [45] uses a similar it-
erative module, but our approach achieves T2V R@1 gains
of +11.4% on ActivityNet, +14.2% on MSR-VTT, and
+5.4% on LSMDC. Notably, in zero-shot settings, our ap-
proach surpasses the finetuned PerceiverVL on ActivityNet
(R@1 +1.4%) and MSR-VTT (R@1 +4.7%), highlighting
the superior multi-grained data modeling capability of our
IAM module. Compared to CLIP-based models, our model
significantly outperforms CLIP4Clip [32] on ActivityNet
(T2V/V2T R@1 +4.8%/+2.5%). Although pre-trained on a
dataset (10M) which is much smaller than CLIP4Clip [32]
and CLIP-ViP [56] (136M), our model performs compa-
rably on the short video MSR-VTT and LSMDC, demon-
strating the effectiveness of our approach in expanding data
granularity and aligning multi-grained features.

Among retrieval-specific models, which incorpo-
rate specialized retrieval structures or strategies, our
GEXIA as a general pretraining model, also outper-
forms X-CLIPB32 [33] on two datasets (T2V/V2T R@1
+1.0%/+1.1% on ActivityNet and +0.7%/+0.6% on MSR-
VTT). Furthermore, it achieves comparable results with
PromptSwitch [11] and UCOFIA [51], emphasizing the
strengths of our GEX data preprocessing method and IAM
module design. Additionally, our method demonstrates low
retrieval complexity and high inference efficiency, as de-
tailed in Appendix C.

Although models with higher computational demands
(higher FLOPs) tend to exhibit better performance, our ap-



Table 1. Text-to-video (T2V) and Video-to-text (V2T) retrieval results using Recall at K (R@K) and Median Rank (MdR) metrics across
different setups for ActivityNet Captions, MSR-VTT, and LSMDC datasets. Results for models that are not directly comparable are shown
in gray. #PT represents the size of the pretraining dataset.*Best among four setups. **No auxiliary captions.

Text-to-video (T2V) Setup Method #PT Backbone ActivityNet Captions T2V MSR-VTT T2V LSMDC T2V
R@1 R@5 R@10 MdR R@1 R@5 R@10 MdR R@1 R@5 R@10 MdR

Zero-shot

Frozen [3] 5.5M TS4mer - - - - 24.7 46.9 57.2 3.0 13.6 27.9 33.5 32.0
VIOLET [14] 185.8M SwinB - - - - 25.9 49.5 59.7 - - - - -
CLIP4Clip [32] 136M ViTB32 - - - - 32.0 57.0 66.9 4.0 15.1 28.5 36.4 28.0
LocVTP [7] 136M ViTB16 - - - - 32.7 55.7 64.9 4.0 - - - -
ViCLIP [49] 10M ViTL14 15.1 - - - 24.0 - - - 20.1 - - -
Ours 10M ViTB32 35.3 64.3 76.1 3.0 37.3 63.8 72.5 3.0 12.9 28.3 35.1 35.5
VideoPrism [65] 618M ViViTB 49.6 76.7 - - 51.4 74.4 - - - - - -

Finetuned
CLIPBert [24] 5.6M Res50 21.3 49.0 63.5 6.0 - - - - - - - -
Perceiver-VL [45] 5.5M ViTB32 33.9 62.1 76.4 - 32.6 62.1 71.6 - 15.8 37.6 40.1 -

Model with Similar FLOPs
CLIP4Clip* [32] 136M ViTB32 40.5 72.4 - 2.0 44.5 71.5 81.6 2.0 22.6 41.8 49.8 11.0
CLIP-ViP** [56] 136M ViTB32 - - - - 46.5 72.1 82.5 - - - - -
Ours 10M ViTB32 45.3 76.5 86.6 2.0 46.8 72.0 81.5 2.0 21.2 40.9 51.4 9.0

Finetuned
Frozen [3] 5.5M TS4mer 28.8 60.9 - 3.0 32.5 61.5 71.2 3.0 15.0 30.8 40.3 20.0

Finetuned X-CLIP [33] - ViTB32 44.3 74.1 - - 46.1 73.0 83.1 2.0 23.3 43.0 - -
PromptSwitch [11] - ViTB32 - - - - 47.8 73.9 82.2 - 23.1 41.7 50.5 -
UCOFIA [51] - ViTB32 45.7 76.0 - - 49.4 72.1 - - - - - -

Retrieval-specific Model X-CLIP [33] - ViTB16 46.2 75.5 - - 49.3 75.8 84.8 2.0 26.1 48.4 - -
CenterCLIP [66] - ViTB16 46.2 77.0 87.6 2.0 48.4 73.8 82.0 2.0 24.2 46.2 55.9 8.0
TACo [59] 136M Res152 30.4 61.2 - 3.0 24.5 52.8 65.5 5.0 - - - -
LF-VILA [43] 60M SwinB 35.3 65.4 - 3.0 - - - - - - - -

Finetuned VIOLET [14] 185.8M SwinB - - - - 34.5 63.0 73.4 - 16.1 36.6 41.2 -
LAVENDER [26] 30M SwinB - - - - 40.7 66.9 77.6 - 26.1 46.4 57.3 -

Model with Higher FLOPs HiTeA [61] 5M MViTB 45.1 73.5 84.2 - 44.4 69.3 78.9 - 27.1 46.2 54.5 -
LocVTP [7] 136M ViTB16 - - - - 46.3 72.8 82.0 - - - - -
ViCLIP [49] 10M ViTL14 49.8 - - - 52.5 - - - 33.0 - - -

Video-to-text (V2T) Setup Method #PT Backbone ActivityNet Captions V2T MSR-VTT V2T LSMDC V2T
R@1 R@5 R@10 MdR R@1 R@5 R@10 MdR R@1 R@5 R@10 MdR

Zero-shot ViCLIP [49] 10M ViTL14 24.0 - - - 41.3 - - - 16.9 - - -
Ours 10M ViTB32 35.0 64.9 77.6 3.0 39.5 64.6 73.0 2.0 13.0 26.8 33.9 43.0
VideoPrism [65] 618M ViViTB 47.9 75.0 - - 50.2 73.2 - - - - - -

Finetuned CLIP4Clip* [32] 136M ViTB32 42.5 74.1 85.8 2.0 43.1 70.5 81.2 2.0 20.9 40.7 49.1 11.0
Model with Similar FLOPs Ours 10M ViTB32 45.0 76.4 87.3 2.0 47.4 74.0 81.8 2.0 21.9 40.5 50.2 10.0

X-CLIP [33] - ViTB32 43.9 73.9 - - 46.8 73.3 84.0 2.0 22.5 42.2 - -
Finetuned PromptSwitch [11] - ViTB32 - - - - 46.0 74.3 84.8 - 22.0 40.8 50.3 -

UCOFIA [51] - ViTB32 46.3 76.5 - - 47.1 74.3 - - - - - -
Retrieval-specific Model X-CLIP [33] - ViTB16 46.4 75.9 - - 48.9 76.8 84.5 2.0 26.9 46.2 - -

CenterCLIP [66] - ViTB16 46.7 77.1 88.0 2.0 47.7 75.0 83.3 2.0 24.5 46.4 55.8 7.0
Finetuned, Model with Higher FLOPs ViCLIP [49] 10M ViTL14 48.1 - - - 51.8 - - - 32.5 - - -

proach often achieves comparable, and in some cases su-
perior results. For instance, it outperforms previous works
such as VIOLET [14] (T2V R@1 +12.3% on MSR-VTT
and +5.1% on LSMDC) and LAVENDER [26] (T2V R@1
+6.1% on MSR-VTT), both of which use additional masked
language modeling pretraining (MLM). Our model also sur-
passes LF-VILA [43] (T2V R@1 +10.0% on ActivityNet)
and HiTeA [61] (T2V R@1 +0.2% on ActivityNet and
+2.4% on MSR-VTT), which are specifically designed for
long-form and hierarchical video-text alignment. These
achievements highlight the critical role of the IAM in ef-
fectively aligning multi-grained video-text pairs.

In the zero-shot setting, our method significantly out-
performs ViCLIP [49] on the long-video ActivityNet Cap-
tions. ViCLIP employs a ViTL14 backbone, which de-
mands 17× more computational resources (see Appendix
D). Despite this disparity, our model achieves remark-
able gains of +20.2%/+11.0% in T2V/V2T R@1, under-
scoring the effectiveness of the GEX method in enhanc-
ing the model during pretraining, especially for long-video
datasets. Furthermore, our approach surpasses other meth-
ods in T2V retrieval on MSR-VTT, such as CLIP4Clip [32]
and LocVTP [7], both of which were pretrained on
the large-scale HowTo100M [35] datasets (136M video-
text pairs). While CLIP4Clip outperforms our model in

LSMDC zero-shot retrieval due to the closer domain sim-
ilarity between LSMDC (average clip length: 4.7 seconds)
and HowTo100M (average clip length: 4 seconds, com-
pared to our dataset’s 10 seconds per clip), our model still
achieves competitive performance after fine-tuning. We
also include VideoPrism [65] for reference but do not make
direct comparisons, as it leverages a massive (618M) non-
public dataset and uses a ViViT backbone, which is 30×
more computationally expensive than our approach (see
Appendix D).

4.3. Classification

Setting: We evaluate our GEXIA method on video-
related classification tasks using the LVU [52], COIN [44],
Charades-Ego [41], and How2QA [25] datasets. LVU
and COIN are designed for long-form video understand-
ing. Charades-Ego, an action-classification-targeted dataset
with egocentric videos, is used to evaluate the domain trans-
fer performance of our approach. How2QA is leveraged to
evaluate our approach on a cross-modal classification task.

Following the methodology of LF-VILA [43], we exclu-
sively employ the video branch and add a fully-connected
layer for classification on the LVU and COIN datasets re-
porting the results in terms of accuracy. The #iter is set to
3. We select the three content understanding tasks from the



Table 2. Classification results on the LVU, COIN, Charades-Ego,
and How2QA datasets. Results from models using larger back-
bones on the LVU and COIN datasets are shown in gray for refer-
ence. #PT denotes the size of the pretraining dataset, ZS indicates
zero-shot results, and FT refers to finetuned results.

(a) Accuracy Results on LVU dataset.
Method Relation Speaking Scene
VideoBERT [42] 52.4 37.9 54.9
Obj.T4mer [52] 53.1 39.4 56.9
LST [18] 52.4 37.3 62.8
Orthoformer [37] 50.0 38.3 66.3
ViS4mer [18] 57.1 40.8 67.4
Ours 61.9 42.7 70.9
LF-VILA [43] 61.5 41.3 68.0
S560frame [47] 61.9 41.8 69.9
S5100frame [47] 66.7 41.8 73.3
MA-LMM100frame [17] 58.2 44.8 80.3

(b) Results on COIN dataset.
Method #PT Accuracy
CLIPBert [24] 5.6M 65.4
MIL-NCE [34] 136M 70.2
SlowFast [13] 136M 71.6
VideoCLIP [53] 136M 72.5
Ours 10M 84.8
TS4mer [4] 0.37M 83.5
TS4mer [4] 136M 85.3
LF-VILA [43] 60M 85.7
S5100frame [48] 60M 90.4
MA-LMM100frame [17] - 93.2

(c) Results on Charades-Ego dataset.
Method ZS mAP FT mAP ∆FT-ZS
Actor [40] - 20.0 -
SSDA [10] - 23.1 -
I3D [10] - 25.8 -
Ego-Exo [27] - 30.1 -
EgoVLP [28] 25.0 32.1 7.1
HierVL-Avg [2] 25.2 32.6 7.4
HierVL-SA [2] 26.0 33.8 7.8
Ours 23.4 33.8 10.4

(d) Results on How2QA dataset.
Method #PT Accuracy
ATP [5] 400M 65.4
Hero [25] 136M 71.6
LF-VILA [43] 60M 76.1
FrozenBiLM [58] 10M 81.5
SeViLA [62] - 83.7
SiaSamRea [63] 5.6M 84.1
JustAsk [57] 69M 84.4
Ours 10M 84.8

LVU dataset (Relationship, Way of Speaking, and Scene)
as outlined in LF-VILA. For the Charades-Ego dataset, we
replicate the process used by HierVL [2], treating it as a
retrieval task across 157 distinct short action captions, and
evaluate using the mean average precision (mAP) metric,
with #iter configured per LVST settings. How2QA is a
multi-choice video question answering (VQA) dataset. It
consists of 44K short QA pairs and each question has one
correct answer and 3 wrong answers. We concatenate ques-
tions and answers as text data. For each downstream task,
our pretrained model was finetuned for 100 epochs on 8
NVIDIA Tesla-V100 GPUs. We utilized an AdamW op-
timizer [31], setting the learning rate for the video and text
encoders at 1e−7, and for other components at 1e−6 man-
aged by a cosine annealing schedule [30]. Detailed #iter
settings are provided in Appendix E.

Long-form Video Understanding: Our GEXIA method
achieves state-of-the-art performance in video classification
tasks on the LVU dataset, as shown in Table 2a, even out-
performing some models that may have been pretrained on
larger datasets or utilize backbones with higher FLOPs. No-
tably, while the recent work S560frame [48] is specifically
designed for long-form videos with state compression, our
model still demonstrates superior performance (Accuracy
+0.9% for Speaking, +1.0% for Scene), validating the suc-
cess of our proposed IAM module. Furthermore, our model
surpasses LF-VILA [43], which is also designed for long-
form video pretraining, by a considerable margin (Accuracy
+0.4% for Relationship, +1.4% for Speaking, +1.9% for
Scene). Although the MA-LMM method [17] uses a pre-
trained large multimodal model and achieves higher results
on the Speaking and Scene labels, our model still outper-
forms it on the Relationship label. Our model also attains
the highest score on the COIN dataset among comparable
methods [13,24,34,42]. The results, shown in Table 2b, are

Table 3. Retrieval results of finetuned model on ActivityNet Cap-
tions dataset across different pretraining data setups.

Data Setup Text-to-video Video-to-text
R@1 R@5 R@10 R@1 R@5 R@10

short-video-short-text (SVST) 41.6 72.8 83.7 41.2 72.6 84.0
+long-video-long-text (LVLT) 42.8 72.8 84.0 41.8 73.0 84.3
+long-video-short-text (LVST) 43.1 73.2 84.5 42.6 73.4 84.8

competitive with LF-VILA [43] and TimeSformer [4], even
though those models are pretrained on more data or utilize
backbones with higher FLOPs.

These findings highlight the effectiveness of our video
branch model in capturing long-form temporal information.
Our model’s significant advantage stems from its ability to
handle the varying information density across the temporal
dimension in long-form videos. This adaptability to differ-
ent granularities is a key factor in our model’s success.
Domain Transfer to Egocentric Video: We present the re-
sults from the Charades-Ego dataset in Table 2c to demon-
strate the robustness of our model. While our model shows
relatively lower zero-shot results compared to baseline
methods due to the domain gap between our pretrained data
and the egocentric evaluation data, it significantly outper-
forms other baselines after finetuning. Notably, it achieves
performance comparable to the HierVL [2] method, which
is pretrained on the in-domain Ego4D dataset [16]. The key
observation is the substantial disparity between our model’s
zero-shot and finetuned mAP results, highlighting its ability
to adapt effectively to different video content after finetun-
ing, even when pretrained on an out-of-domain dataset.
Cross-modal Classification: We finally show results on the
How2QA dataset in Table 2d. Our model outperforms the
baseline methods, achieving the highest accuracy. Our re-
sult significantly surpasses the video-text pretraining mod-
els [25, 43], and also outperforms the method leveraging
LLMs [62], as well as those specifically designed for VQA
tasks [57, 63]. The superior performance demonstrates that
the low-dimensional embeddings of multi-grained data gen-
erated by IAM approximate dense features well without los-
ing critical details in videos and texts.

4.4. Ablation Studies

We conduct ablation studies to investigate different set-
tings of GEX and IAM, especially pretraining data compo-
sitions and iteration numbers (#iter). We also study the
setups of the encoders, the random Integration in GEX, and
the selections of LLM in GEX detailed in Appendix A.
Pretraining Data Compositions: To validate the perfor-
mance improvement from introducing multi-grained data
with GEX, we pretrain our model with different composi-
tions of pretraining data and finetune the model on Activi-
tyNet for retrieval. We use #iter=1 to establish a fair com-
parison. As shown in Table 3, the data composition with
three different granularities works best while the training
without multi-grained data is the worst. This result demon-
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Figure 3. Zero-shot T2V retrieval results with different #iter for
long video/text data on the ActivityNet Captions dataset.

strates the effectiveness of the proposed GEX pipeline.
Iteration Number Selection for Long Videos and Texts:
We empirically study the best option of the #iter for long
videos and texts using ActivityNet Captions T2V retrieval
task as a benchmark. As shown in Figure 3, it is clear that,
ranging from 1 to 5, #iter = 3 strikes the best balance be-
tween effectiveness and efficiency for long videos and texts.
Therefore, we set #iter = 3 for long video/text data in the
training and inference stage.
Iteration Number in the Pretraining Stage: To fully un-
derstand the impact of iteration numbers in IAMs on multi-
grained information extraction and alignments, we test dif-
ferent setups of video-text #iter in the pretraining stage.
Given the optimal setup of #iter during pretraining, i.e.,
SVST: 1-1; LVLT: 3-3; LVST: 3-1, we introduce two subop-
timal setups: fixed #iter to 1-1 or 3-3 across SVST, LVLT,
and LVST regardless of their actual granularity. Subse-
quently, we conduct zero-shot retrieval experiments on Ac-
tivityNet Captions [6] and MSR-VTT [54] datasets, aiming
to evaluate the performance of the pre-trained models while
isolating the results from any influences of finetuning.

As shown in Table 4a, using a 3-3 only setup yields re-
sults that are comparable to the optimal setup on the short-
video-short-text (SVST) MSR-VTT dataset while using a
1-1 only setup results in a large performance drop. This re-
veals the fact that assigning smaller #iter to short inputs
is sufficient while assigning larger #iter to long inputs is
necessary during pretraining to achieve better performance.
For the long-video-long-text (LVLT) ActivityNet Captions
dataset, the optimal setup outperforms both the 1-1 only and
3-3 only setups. This underscores the importance of proper
#iter counts to the length of the input during pretraining,
as this strategy is crucial for achieving the best results in in-
formation extraction and alignment with multi-grained data.
Overall, we set the #iter = 1 for short videos/texts and
#iter = 3 for long videos/texts.
Iteration Number in the Inference Stage: We explore the
different iteration numbers and their impact in the infer-
ence stage after pretraining the model with multi-grained
data pairs. As reported in Table 4b, it becomes evident
that the number of iterations should be aligned with the
form of the video and text content. Benchmarked against
InternVid [49], which comprises short videos (average 10
sec) with short texts (9.4 words), the ActivityNet Cap-
tions dataset — characterized by an average video length
of 180 sec and an average text length of 49.2 words (see
Appendix E) — falls into the long-video-long-text (LVLT)

Table 4. Ablation study results on different setups of #iter.
(a) Zero-shot retrieval results across different pretraining
#iter setups.

Pretraining Video-Text
#iter setup

ActivityNet Captions T2V ActivityNet Captions V2T
R@1 R@5 R@10 R@1 R@5 R@10

Only 1-1 35.2 63.9 75.6 34.4 63.6 76.6
Only 3-3 35.0 64.0 76.2 34.0 64.1 76.4
1-1&3-1&3-3 35.3 64.3 76.3 35.0 64.9 77.6
Pretraining Video-Text
#iter setup

MSRVTT T2V MSRVTT V2T
R@1 R@5 R@10 R@1 R@5 R@10

Only 1-1 36.6 63.5 72.3 39.8 63.5 72.3
Only 3-3 36.7 64.8 72.3 40.0 64.3 73.4
1-1&3-1&3-3 37.3 63.8 72.5 39.5 64.6 73.0

(b) Experiment results across different inference #iter setups.
FT: Finetuned results; ZS: Zero-shot results.

Inference Video-Text
#iter setup

FT ActivityNet Captions T2V ZS MSRVTT T2V
R@1 R@5 R@10 R@1 R@5 R@10

1-1 43.1 73.2 84.5 37.3 63.8 72.5
3-1 44.8 75.5 86.0 36.3 62.5 72.1
3-3 45.3 76.5 86.6 36.3 62.8 71.7

Inference Video-Text
#iter setup

ZS LSMDC T2V ZS Charades-Ego
R@1 R@5 R@10 mAP

1-1 12.9 28.3 35.5 22.9
3-1 13.8 27.7 35.3 23.4
3-3 14.1 26.6 33.5 23.3

category. For the ActivityNet, the optimal iteration config-
uration is found to be video-text #iter=3-3. In contrast,
the MSR-VTT and LSMDC, which have average video
lengths of 14.8 sec and 4.7 sec, and average text lengths
of 9.3 and 9.7 words, respectively, fit into the short-video-
short-text (SVST) category. For these datasets, the video-
text #iter=1-1 configuration yields the best results. The
Charades-Ego, with an average video length of 31.5 sec
and an average text length of 3.9 words, is categorized as a
long-video-short-text (LVST) dataset. Here, the video-text
#iter=3-1 configuration is most effective.

We also visualize the video-text alignment with different
setups in Appendix G. These findings not only affirm the
versatility of our model in processing multi-grained data
but also highlight its ability to adapt during the inference
stage with just the modification of the #iter parameter.
This adaptability is crucial for handling various types of
video-text pairs, ensuring optimal performance across di-
verse downstream datasets.

5. Conclusion and Future Work
In this paper, we propose GEXIA for scalable multi-

grained video-text learning. We first introduce GEX, a
video-text data granularity expansion method that trans-
forms single-grained video-text datasets into a multi-
grained format. We also present a multi-grained video-text
alignment framework, which features the IAM specifically
designed to embed and align multi-grained information ef-
fectively. Remarkably, our model achieves state-of-the-art
or comparable results across seven downstream datasets,
underscoring the effectiveness of both the GEX and IAM.
In the future, we aim to develop a multi-grained video-text
benchmark to evaluate our model and other baseline ap-
proaches comprehensively. We hope that the GEXIA frame-
work will prove valuable to the broader research commu-
nity.
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