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Abstract

In recent years, text-to-video retrieval methods based on
CLIP have experienced rapid development. The primary di-
rection of evolution is to exploit the much wider gamut of vi-
sual and textual cues to achieve alignment. Concretely, those
methods with impressive performance often design a heavy
fusion block for sentence (words)-video (frames) interaction,
regardless of the prohibitive computation complexity. Nev-
ertheless, these approaches are not optimal in terms of fea-
ture utilization and retrieval efficiency. To address this issue,
we adopt multi-granularity visual feature learning, ensuring
the model’s comprehensiveness in capturing visual content
features spanning from abstract to detailed levels during the
training phase. To better leverage the multi-granularity fea-
tures, we devise a two-stage retrieval architecture in the re-
trieval phase. This solution ingeniously balances the coarse
and fine granularity of retrieval content. Moreover, it also
strikes a harmonious equilibrium between retrieval effective-
ness and efficiency. Specifically, in training phase, we de-
sign a parameter-free text-gated interaction block (TIB) for
fine-grained video representation learning and embed an ex-
tra Pearson Constraint to optimize cross-modal representation
learning. In retrieval phase, we use coarse-grained video rep-
resentations for fast recall of top-k candidates, which are then
reranked by fine-grained video representations. Extensive ex-
periments on four benchmarks demonstrate the efficiency and
effectiveness. Notably, our method achieves comparable per-
formance with the current state-of-the-art methods while be-
ing nearly 50 times faster.

Introduction
With the explosive growth of videos uploaded online ev-
ery day from platforms like TikTok, Kwai, YouTube, and
Netflix, text-to-video retrieval is a crucial and fundamen-
tal task for multi-modal representation learning (Fang et al.
2021; Ge et al. 2022; Gorti et al. 2022; Luo et al. 2022; Ma
et al. 2022). Recently, the pre-trained text-image matching
models (CLIP (Radford et al. 2021)) from a large scale of
web-collected image-text pairs show the great success on di-
verse vision-language downstream tasks (Nichol et al. 2021;
Ramesh et al. 2022; Mokady, Hertz, and Bermano 2021; Hu
et al. 2022b; Li et al. 2022; Conde and Turgutlu 2021). In
light of the well-learned visual features, a preliminary study
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Figure 1: Effectiveness and efficiency for text-to-video re-
trieval models. We evaluate our approach under the settings
of MSRVTT-1K-Test and backbone CLIP(ViT-B/32). The
current trend of mainstream is reflected from the lower left
to the upper right corner. Our method achieves the best bal-
ance, positioned at the upper left corner.

is conducted by CLIP4Clip (Luo et al. 2022), which trans-
fers the pre-trained CLIP to video-language domain with
simple MeanPooling and achieves a certain level of promo-
tion. A problem arises where, unlike relatively less visual
information in text-image matching, aggregating the entire
video as a representation in text-to-video retrieval can lead
to over-abstraction and be misleading. As one sentence gen-
erally describes video sub-regions of interest. Therefore, a
natural idea is to consider how to align text and video rep-
resentations at a finer granularity. The development of CLIP
variants can be divided into two main categories to address
the above problem. One category focuses on designing a
heavy fusion block to strengthen the interaction between vi-
sual (video, frames) and text (sentence, words) cues for bet-
ter alignment of the two modalities (Liu et al. 2021; Ma et al.
2022). The other one optimizes text-driven video represen-
tations by keeping multi-grained features including video-
level and frame-level for brute-force search (Gorti et al.
2022; Wang et al. 2022).
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Despite the big promotion, such mechanisms bring a non-
negligible increase in computational cost for real applica-
tions, as shown in Fig.1. The computational cost here refers
to text-video similarity calculation, when a video (text) is
represented by one or more vectors. This determines the effi-
ciency of retrieval in practical applications. Additionally, we
also believe that excessively fine-grained calculations may
amplify the noise in local parts of the video, resulting in re-
duced retrieval effectiveness.

To make a better trade-off between effectiveness and effi-
ciency for text-to-video retrieval, this paper proposes a novel
method, namely EERCF, towards coarse-to-fine adaptive vi-
sual representations learning following a recall-then-rerank
pipeline. Towards coarse-to-fine adaptive visual represen-
tations, we adopt the basic framework of CLIP4Clip (Luo
et al. 2022) and design a parameter-free text-gated interac-
tion block (TIB) for fine-grained video representation learn-
ing, which further refines the granularity from frame to patch
compared with other methods. Concretely, TIB can adjust
the weights of different frame-level features or patch-level
features given a text and aggregate them into a video repre-
sentation, making the matching between text and video more
accurate. In the learning process, we employ a joint inter-
and intra-feature supervision loss following DRL (Wang
et al. 2022), satisfying both cross-modal feature matching
and redundancy reduction across feature channels. Inspired
by the success of Pearson Constraint in knowledge distilla-
tion (Huang et al. 2022), we adapt it to reduce redundancy
across feature channels.

Taking efficiency into consideration, a two-stage retrieval
strategy is adopted when using coarse-to-fine visual repre-
sentations in practice. There are three levels of video rep-
resentations, including text-agnostic features without text
interaction and text-driven aggregation of frame-level and
patch-level features generated from TIB module. The text-
agnostic video representations are used for fast recall of top-
k candidates, which are then reranked by another two fine-
grained video representations. Besides, we found that us-
ing coarse-grained features in the recall stage can avoid the
noise introduced by overly fine-grained features which typi-
cally pay more attention to visual details, thereby improving
retrieval performance.

Therefore, our approach is towards Efficient and Effective
text-to-video Retrievl with Coarse-to-Fine visual represen-
tation learning and is coined EERCF. We summarize our
main contributions as follows:

1) We introduce a text-gated interaction block without ex-
tra learning parameters for multi-grained adaptive represen-
tation learning, whilst introducing a combination of inter-
feature contrastive loss and intra-feature Pearson Constraint
for optimizing feature learning.

2) We propose a two-stage text-to-video retrieval strategy
that strikes the optimal balance between effectiveness and
efficiency, facilitating the practical implementation.

3) Our method EERCF achieves comparable performance
with the current state-of-the-art(SOTA) methods while our
FLOPs for cross-modal similarity matching in MSRVTT-
1K-Test, MSRVTT-3K-Test, VATEX, and ActivityNet are
14, 39, 20 and 126 times less than the SOTA.

Related Work
Cross-model Representation Optimization
The pioneering work, CLIP (Radford et al. 2021), collects
400M public image-text pairs on the internet and demon-
strates the great power of visual-linguistic representation
on various downstream tasks, including text-to-image gen-
eration (Nichol et al. 2021; Ramesh et al. 2022), image
caption (Mokady, Hertz, and Bermano 2021; Hu et al.
2022b) and vision understanding (Li et al. 2022; Conde
and Turgutlu 2021). Benefiting from the pre-trained CLIP
model, CLIP4Clip (Luo et al. 2022) adapts it to video-
text retrieval with MeanPooling for aggregating video fea-
tures while still outperforming models pre-trained on video
data (Bain et al. 2021; Xu et al. 2021; Xue et al. 2022). CLIP
and its variants all employ contrastive learning for cross-
modal feature alignment. Recently, DRL (Wang et al. 2022)
demonstrates the optimization of correlation reduction for
video-text retrieval via a regularization trick. Therefore, We
embed the extra Pearson Constraint as a trick to reduce cor-
relation among different cross-modal feature channels, re-
sulting in optimized video and text features.

Boosting Video Representation from Text
Interaction
Note that some CLIP variants, such as CLIP4Clip, TS2-Net,
and CLIP-VIP (Luo et al. 2022; Xue et al. 2023), for video-
text retrieval utilize two independent encoders to represent
the two modalities for efficient deployment. For lack of text
interaction, the video representation can be over-abstract and
misleading to match the common sub-cues depicted by mul-
tiple corresponding texts. To address this gap, recent works,
such as X-CLIP, TS2-Net, X-Pool and DRL (Ma et al. 2022;
Liu et al. 2022; Gorti et al. 2022; Wang et al. 2022), pay
attention to adaptive video features with different text inter-
action mechanisms. X-CLIP and TS2-Net (Ma et al. 2022)
design a heavy interaction block with multi-grained atten-
tion for joint video and text representation learning. X-Pool
and DRL (Gorti et al. 2022; Wang et al. 2022) improve per-
formance by redesigning the interaction block with a few
learning parameters while computing similarity measures
between multiple frame features and the query sentence fea-
ture for exhaustive search. Our approach goes one step fur-
ther, developing a text-gated interaction block without extra
learning parameters and generating more fine-grained levels
of video features, including a text-agnostic version and text-
driven aggregation of patch-level and frame-level versions.
The introduction of more fine-grained features has a worse
impact on efficiency. Therefore, it is inevitable to adopt an
efficient two-stage strategy.

Re-ranking for Cross-Modal Retrieval
Re-ranking in cross-modal retrieval is not uncommon. For
instance, in text-image retrieval tasks, (Wei et al. 2020) pro-
poses in the embedding space MVSE++ to rerank the re-
called candidates using k nearest neighbors. This is a typi-
cal unsupervised re-ranking method, as the re-ranking pro-
cess is independent of the text modality. However, in the
field of text-video retrieval, there are not many methods
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Figure 2: Overview of the proposed EERCF framework. EERCF mainly consists of two parts: 1) Coarse-grained and fine-
grained visual representations obtained from the TIB module for the recall-reranking pipeline. 2) Inter- and intra-feature super-
vision loss for optimizing representation learning. Best viewed in color.

for re-ranking. Our method provides a paradigm for imple-
menting re-ranking. Specifically, the text-agnostic coarse-
grained video features are used for fast recall, and the text-
driven fine-grained features benefit to high-performance re-
ranking, thus making a better trade-off between efficiency
and effectiveness. As the re-ranking process is related to the
text modality, we refer to it as text-supervised re-ranking.

Task Formulation
This paper mainly focuses on the task of text-to-video re-
trieval (t2v), while also taking into consideration the task of
video-to-text retrieval (v2t). In t2v, the objective is to rank
all videos from a video gallery set V given a query text t
based on a similarity score function s(t, v). The v2t task is
the reverse of t2v. In both tasks, the gallery set is provided
ahead of time for retrieval. Specifically, a video v consists of
T sequential frames {f1, f2, ..., fT |fi ∈ RH×W×C }, where
each frame is divided into N patches {f1

i , f
2
i , ..., f

N
i |fn

i ∈
RP×P×C } with P × P size. A text t is defined as a sequence
of tokenized words.

Methodology
In this section, we first introduce the overall architecture
of coarse-to-fine visual representation learning in ”Over-
all Architecture”. Then we provide a detailed exposition of
the parameter-free text-gated interaction block(TIB). Next,
we explain the joint inter- and intra-feature supervision
loss function to optimize cross-modal feature learning. Fi-
nally, we present a two-stage retrieval strategy utilizing well-
extracted multi-grained features.

Overall Architecture
Fig.2 illustrates the overall architecture of the proposed
EERCF framework. There are three levels of video repre-
sentations that need to be learned. The first one is a text-

agnostic video representation. We follow the same setting
of CLIP4Clip (Luo et al. 2022), which utilizes a spatial en-
coder (SE) with 12 transformer layers initialized by the pub-
lic CLIP checkpoints, followed by a temporal encoder (TE)
with 4 transformer layers to model temporal relationship
among sequential frames and a MeanPooling layer (MP) to
aggregate all frame-level features into a text-agnostic feature
vector. The procedure above can be formulated as follows:

φ([f0
i ; f

1
i ; ...; f

N
i ]) = SE([f0

i ; f
1
i ; ...; f

N
i ] + Espos) (1)

ϕ([f1; f2; ...; fT ]) = TE([φ(f0
1 ); ...;φ(f

0
T )] + Etpos) (2)

vL1 = MP(ϕ(f1), ϕ(f2), ..., ϕ(fT )) (3)

where φ(fn
i ) ∈ RD denotes the nth patch feature of the

ith frame except that φ(f0
i ) is the [CLS] token prediction

to encode all patch features within ith frame, ϕ(fi) ∈ RD

denotes the ith frame feature, and vL1 ∈ RD is the resulted
text-agnostic video feature. We add spatial position embed-
dings Espos ∈ RD to all the patch embeddings. Then all
the outputs φ(f0

i ) along with temporal position embeddings
Etpos ∈ RD are loaded into TE to learn temporal relations
among frames of a video. To further capture particularly vi-
sual cues conditioned on the text, another two video features
are extracted based on a text-gated interaction block (TIB):

vL2 = TIB(ϕ(f1), ϕ(f2), ..., ϕ(fT ), θ(t)) (4)

vL3 = TIB(φ(f1
1 ), ..., φ(f

N
1 ), ..., φ(f1

T ), ..., φ(f
N
T ), θ(t)) (5)

where θ(t) ∈ RD denotes the sentence feature of the query
text, which drives the aggregation of all the frame features to
capture related spatiotemporal visual cues, resulting in text-
frame interaction feature vL2

∈ RD, as well as the aggrega-
tion of all the patch features to keep more fine-grained and
aligned visual cues, building text-patch interaction feature
vL3 ∈ RD. Next, we will provide a detailed introduction to
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learning finer-grained video representations using the TIB
module.

Text-Gated Interaction Block
The TIB module is a parameter-free text-gated interaction
block to align the fine-grained video features with the query
sentence feature, as shown in Fig.2. It is a simple attention
mechanism based on the Softmax function with a tempera-
ture coefficient. Then the text-driven video features can be
rewritten as follows:

vL2 =

T∑
i=1

Softmax(ϕ(fi)
⊤θ(t)/π)ϕ(fi) (6)

vL3 =

T∑
i=1

N∑
m=1

Softmax(φ(fm
i )⊤θ(t)/π)φ(fm

i ) (7)

where π is the temperature, which decides how much visual
cues will be kept for video-level feature aggregation based
on the softmax similarity from a text to all frames or patches.
A small value of π only emphasizes those most relevant vi-
sual cues, while a large value pays attention to much more
visual cues. Considering efficiency, we do not introduce any
learning parameters in TIB.

Inter- and Intra-Feature Supervision Loss
We train EERCF using mini-batch iterations with each batch
of B video-text pairs {(vb, tb)}Bb=1. In each pair, the text
tb is a corresponding description of the video vb. For each
modality, we extract a feature matrix F ∈ RB×D, where
a row vector F b,: denotes the feature representation of in-
stance b, and a column vector F :,d denotes all instances’
feature values at channel d. The two types of vectors are
separately used for inter-feature alignment and intra-feature
correlation reduction between video and text via the follow-
ing loss functions.
Contrastive Loss for Inter-Feature Supervision. Con-
trastive learning is popularly applied in multi-modal learn-
ing tasks (Radford et al. 2021; Luo et al. 2022). Similarly, we
employ the infoNCE loss by considering video-text match-
ing pairs as positives and other non-matching pairs in the
batch as negatives. Specifically, we jointly optimize the sym-
metric video-to-text and text-to-video losses:

Lt2v
inter =

1

B

B∑
b1=1

InfoNCE(F
(v)
b1,:

,F (t)) (8)

Lv2t
inter =

1

B

B∑
b1=1

InfoNCE(F
(t)
b1,:

,F (v)) (9)

Linter = Lv2t
inter + Lt2v

inter (10)

Pearson Constraint for Intra-Feature Supervision. Pear-
son Constraint is successfully exploited for knowledge dis-
tillation in research (Huang et al. 2022). In this paper,
we transfer the idea of correlation reduction among intra-
features as a trick to optimize feature learning. Concretely,
Pearson Constraint is defined as a distance measure func-
tion:

Algorithm 1: Recall and Re-ranking during Retrieval
Input: video gallery set: V = {vi}Ki=1, a query text: t
Output: the most matching video

1: Encode t as a text feature θ(t)
2: # Reacll Stage
3: for i← 1,K do
4: Encode vi as a video-level video feature vL1 ,i

5: Compute the similarity score between θ(t) and vL1 ,i

6: end for
7: Select top k highest score videos as the candidate set.
8: # Re-ranking Stage
9: for i← 1, k do

10: Encode vi as a frame-level video feature vL2 ,i

11: Encode vi as a patch-level video feature vL3 ,i

12: Compute the similarity score between θ(t) and
weighted sum (vL1 ,i,vL2 ,i,vL3 ,i)

13: end for
14: Select the highest score video as the most matching

video

dp(F
(v)
:,d1

,F
(t)
:,d2

) = 1− ρp(F
(v)
:,d1

,F
(t)
:,d2

) (11)

where ρp(F
(v)
:,d1

,F
(t)
:,d2

) is the Pearson coefficient1 among
normalized intra-feature channels between video and text.
Finally, we define the intra-feature loss function as follows:

Lintra =

D∑
d=1

∥∥∥dp(F (v)
:,d ,F

(t)
:,d)

∥∥∥2

+ α

D∑
d1=1

∑
d2 ̸=d1

∥∥∥1− dp(F
(v)
:,d1

,F
(t)
:,d2

)
∥∥∥2

(12)

where ∥...∥2 denotes L2-norm regularization and α controls
the magnitude of correlation reduction term. Lintra can ben-
efit the model by learning particular and orthogonal cues
among each feature channel. Pearson Constraint achieves a
relaxed correlation reduction by allowing each feature chan-
nel to have the strongest correlation with itself, without
needing to be completely independent of other channels. It
benefits the model by learning compact video features.
Total Loss Function. As a result, the overall training loss
Lall can be composed of the inter-feature and intra-feature
supervision losses, i .e.,

Lall =
∑

v∈{vL1
,vL2

,vL3
}

λv(Linter + βLintra) (13)

where β weights the loss importance between Linter and
Lintra , and λv balances the contribution of each level of
video feature learning.

Two-stage Strategy in Retrieval
To balance the efficiency and effectiveness for text-to-video
retrieval, we utilize vL1 for fast recall of top-k condidates

1https://en.wikipedia.org/wiki/Pearson correlation coefficient
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Model t2v Retrieval v2t Retrieval FLOPs
(k=1000)R@1 R@5 R@10 Mean R@1 R@5 R@10 Mean

Backbone model: ViT-B/32
TeachText (Croitoru et al. 2021) 29.6 61.6 74.2 55.1 32.1 62.7 75.0 56.6 0.8k
SEA (Li et al. 2020) 37.2 67.1 78.3 60.9 - - - - 10.2k
W2VV++ (Li et al. 2019) 39.4 68.1 78.1 61.9 - - - - 2.0k
BridgeFormer (Ge et al. 2022) 44.9 71.9 80.3 65.7 - - - - 0.5k
LAFF (Hu et al. 2022a) 45.8 71.5 82.0 66.4 - - - - 4.1k
CLIP4Clip† 42.8 71.6 81.1 65.2 41.4 70.6 80.5 64.2 0.5k
CenterCLIP (Zhao et al. 2022) 44.0 70.7 81.4 65.4 42.9 71.4 81.7 65.3 1.5k
X-CLIP† 46.3 72.1 81.8 66.7 45.9 72.8 81.2 66.7 220.9k
TS2-Net† 46.7 72.6 81.2 66.8 43.6 71.1 82.7 65.8 6.1k
CLIP-VIP (Xue et al. 2023) 46.5 72.1 82.5 67.0 40.6 70.4 79.3 63.4 0.5k
X-Pool (Gorti et al. 2022) 46.9 72.8 82.2 67.3 44.4 73.3 84.0 67.2 275.0k
DRL (Wang et al. 2022) 47.4 74.6 83.8 68.6 45.3 73.9 83.3 67.5 220.4k
EERCF (ours) 47.8 74.1 84.1 68.6 44.7 74.2 83.9 67.6 16.0k

Backbone model: ViT-B/16
CLIP4Clip† 46.4 72.1 82.0 66.8 45.4 73.4 82.4 67.1 0.5k
X-CLIP† 49.3 75.8 84.8 70.0 48.9 76.8 84.5 70.1 220.9k
DRL (Wang et al. 2022) 50.2 76.5 84.7 70.5 48.9 76.3 85.4 70.2 220.4k
DRL* (Wang et al. 2022) 53.3 80.3 87.6 73.7 56.2 79.9 87.4 74.5 220.4k
EERCF (ours) 49.9 76.5 84.2 70.2 47.8 75.3 84.2 69.1 0.8k
EERCF* (ours) 54.1 78.8 86.9 73.2 55.0 77.8 85.7 72.8 0.8k

Table 1: Comparison of retrieval efficiency and effectiveness on the MSRVTT-1K-Test. The best results are shown in bold and
the results unavailable are left blank. Methods marked with † are reproduced in this paper with the same experimental settings
for fair comparison. * denotes we add the DSL or Q-Norm trick to achieve the best performance in comparison.

and then rerank them via vL2
and vL3

. Note that all video
and text features are L2 normalized for similarity measure.
It is worth mentioning that we consider using a two-stage
method, partly due to its efficiency improvement, and partly
due to the fact that overly fine-grained features may lead to
an excessive focus on local noise. The two-stage approach
strikes a good balance between overly abstract and overly
detailed video representations.

Experiments
We perform experiments on the commonly used benchmark
of MSR-VTT (Xu et al. 2016), VATEX (Wang et al. 2019),
MSVD (Chen and Dolan 2011), and ActivityNet (Heilbron
et al. 2015). These datasets vary in video duration, content,
and text annotations, providing a comprehensive evaluation
of different methods. Details are listed in the supplemen-
tary material. Following existing literature (Croitoru et al.
2021; Li et al. 2020, 2019; Ge et al. 2022; Hu et al. 2022a;
Luo et al. 2022; Zhao et al. 2022; Gorti et al. 2022; Ma
et al. 2022; Xue et al. 2023; Liu et al. 2022), we report Re-
call@1 (R@1), Recall@5 (R@5), Recall@10 (R@10), and
mean result of them (Mean) for comparison. We use FLOPs
to evaluate efficiency for text-video similarity calculation,
which is calculated by THOP2. It should be noted that due
to the relatively small size of the MSVD(Chen and Dolan
2011), the results are in the supplementary material.

2https://github.com/Lyken17/pytorch-OpCounter

Implementation Details
We perform the experiments on 24 NVIDIA Tesla T4 15GB
GPUs using the PyTorch library. Similar to (Luo et al. 2022;
Ma et al. 2022), the spatial encoder and text encoder of
EERCF are initialized by the CLIP checkpoints. We train
our model via Adam optimizer and decay the learning rate
using a cosine schedule strategy. For better finetuning, we
set different learning rates for different modules, where the
spatial encoder and text encoder are set to 1e-7, owning to
CLIP initialization, and other new modules, like the tem-
poral encoder, are set to 1e-4. The max word token length
and max frame length are fixed to 32 and 12 for MSR-VTT,
MSVD, and VATEX, while the corresponding settings are
64 and 64 for ActivityNet due to longer captions of video-
paragraph retrieval. Limited by GPU memory, we set the
batch size of MSR-VTT, MSVD, VATEX, and ActivityNet
to 240, 240, 360, and 96, respectively. We train 5 epochs for
all datasets. Unless otherwise specified, the hyperparame-
ters mentioned in our equations are empirically set as fol-
lows: π = 0.1 and π = 0.01 separately for frame-level
and patch-level TIB module, {α = 0.05} in Lintra loss,
{β = 0.001, λvL1

: λvL2
: λvL3

= 5 : 5 : 1} in the to-
tal loss, and top-k=50 for our coarse-to-fine retrieval.

Performance Comparison
On all the datasets, EERCF can achieve a performance close
to or even exceed the SOTA methods while maintaining the
advantage of retrieval efficiency. We present a detailed com-
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Model MSRVTT-3K-Test VATEX ActivityNet
R@1 R@5 Mean FLOPs R@1 R@5 Mean FLOPs R@1 R@5 Mean FLOPs

TeachText 15.0 38.5 35.1 0.8k 53.2 87.4 78.0 0.8k 23.5 57.2 58.9 0.8k
SEA 19.9 44.3 40.2 10.2k 52.4 90.2 79.5 10.2k - - - -
W2VV++ 23.0 49.0 44.2 2.0k 55.8 91.2 81.0 2.0k - - - -
LAFF 29.1 54.9 49.9 4.1k 59.1 91.7 82.4 4.1k - - - -
CLIP4Clip† 29.4 54.9 50.0 0.5k 61.6 91.1 82.8 0.5k 39.7 71.0 64.7 0.5k
TS2-Net† 29.9 56.4 51.2 6.1k 61.1 91.5 82.9 6.1k 37.3 69.9 63.5 32.8k
X-CLIP† 31.2 57.4 52.2 220.9k 62.1 90.8 82.7 220.9k 44.4 74.6 68.0 2175.9k
DRL - - - - 63.5 91.7 83.9 220.4k 44.2 74.5 68.3 2175.4k

EERCF (ours) 31.5 57.4 52.2 5.7k 62.6 91.5 83.3 10.8k 43.1 74.5 67.9 17.3k

Table 2: Comparison of text-to-video retrieval efficiency and effectiveness on the MSRVTT-3K-Test, VATEX and ActivityNet.
Results on video-to-text retrieval are similar and omitted due to limited space.

Model R@1 R@5 R@10 Mean

EERCF 47.8 74.1 84.1 67.8
- w/o patch-level feature 47.2 73.2 82.2 67.5
- w/o frame-level feature 45.0 71.4 81.4 65.9

- w/o all text-driven features 42.8 71.6 81.1 65.2

Table 3: Ablation for fine-grained video features in EERCF
on MSRVTT-1K-Test dataset.

parison of both efficiency and effectiveness on MSRVTT-
1K-Test in Tab.1. We conclude the following observation:
• Building on ViT-B/32, EERCF achieves outstanding

results of 68.6/67.6 Mean in the t2v/v2t task, surpassing
stronger competitors such as CLIP-VIP (the baseline ver-
sion without additional data), X-Pool, X-CLIP, TS2Net and
DRL. EERCF achieves a large gain than CLIP4Clip model
by +11.7% (+5.0%) relative (absolute) improvement on t2v
R@1, and +8.0% (+3.3%) improvement on v2t R@1.
• Building on ViT-B/16, remarkably, EERCF achieves

performance comparable to that of DRL while having a
significantly lower computation cost of only 0.8k FLOPs.
Specifically, the computation cost of DRL is approximately
275 times higher than that of EERCF.

To further validate the generalization of EERCF, we eval-
uate its performance on MSRVTT-3K-Test, VATEX and Ac-
tivityNet, as presented in Tab.2. EERCF achieves consider-
able performance improvement in an efficient manner, be-
ing nearly 39, 20, and 126 times faster than the SOTAs in
MSRVTT-3K-Test, VATEX, and ActivityNet.

Complexity Analysis
Normally, we denote the computational complexity as
O(ND) for dot product retrieval, where both video and text
are represented by a D dimension vector and the gallery
set is with size N . When performing more fine-grained re-
trieval, we set the number of frames as Nv , the number of
words as Nt, the number of patches per frame as Np, and
the number of candidate set as Nr, which is much smaller
than N . Our complexity, O(ND+Nr(1+Nv +Np)D), is
significantly better than DRL’sO(NNvNtD) and X-CLIP’s
O(N(NvNt +Nv +Nt + 1)D).

65.9

65.0

66.0

67.0

68.0

69.0

top10 top20 top50 top100

with Pearson Constraint
w/o Pearson Constraint

64.7

67.4

66.7

68.7

67.8

67.9

67.6

64.0

Figure 3: Retrieval performance on MSRVTT-1K-Test based
on different number of re-ranking candidates k.

Ablation Study
Since MSR-VTT is more popular and competitive compared
to other datasets, we conduct ablation, quantitative and qual-
itative experiments on it. In this section, we carefully in-
vestigate the proposed EERCF, including the contributions
of multi-grained video representations, the effect of Pearson
Constraint, the selection of top-k re-ranking hyperparame-
ter. We further compare the differences between different re-
ranking methods and visualize how fine-grained visual rep-
resentations affect the re-ranking process.

Fine-grained text-driven features. Ablation results are
presented in Tab.3. Upon removing either the text-frame in-
teraction feature or the text-patch interaction feature from
EERCF, a decline in retrieval performance can be observed,
particularly in the removal of the text-frame feature. This
decline serves to underscore the effectiveness of both fine-
grained features, which adeptly capture distinct levels of vi-
sual and temporal cues from the query text. Furthermore,
when we exclude all text-driven video features in EERCF
and instead opt for the conventional single-stage retrieval
paradigm relying solely on the text-agnostic video feature,
a significant decrease in retrieval performance becomes evi-
dent. The phenomenon demonstrates the limitations inherent
in the text-agnostic video feature, which may tend to over-
simplify and potentially mislead the matching process for
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...
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ranking score: 0.269 ranking score: 0.268 ranking score: 0.266
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Figure 4: Visualization of the coarse-to-fine retrieval process on MSRVTT-1K-Test. Green boxes mean the ground truth video
corresponding to the query text, and red boxes denote confused videos. More results are provided in the supplementary material.

Intra-Feature
Pearson Constraint

Features t2v Retrieval
vL1

vL2
vL3

R@1 R@5 Mean
No ✓ 42.8 71.6 65.2
Yes ✓ 43.6 72.0 65.7
No ✓ ✓ 47.2 73.2 67.5
Yes ✓ ✓ 47.3 73.2 67.8
No ✓ ✓ ✓ 47.8 73.0 67.8
Yes ✓ ✓ ✓ 47.8 74.1 68.7

Table 4: Ablation study of Pearson Constraint in EERCF on
MSRVTT-1K-Test dataset.

diverse query texts. It also indicates the indispensability of
the TIB, responsible for extracting fine-grained adaptive fea-
tures in the second re-ranking stage.

Top-k re-ranking hyper-parameter. As shown in Fig.3,
EERCF obtains stable retrieval performance improvement
when top-k ranges from 10 to 50. We also observe that there
is a slight decrease in retrieval performance when the top-k
increases to 100. We believe this is due to the re-ranking
stage excessively focusing on visual local details and the
noise introduced by increasing the top-k can cause more dis-
turbances to the re-ranking stage. And there is some pre-
liminary evidence that X-CLIP also benefits from two-stage
retrieval, as the original X-CLIP essentially re-ranking all
videos, whereas our experiments only re-ranking the top-50
videos as shown in Tab.2 and Tab.5. Also with Pearson Con-
straint, we have observed consistent performance improve-
ment across different top-k values in retrieval.

Intra-Feature Pearson Constraint. We also demonstrate
the effectiveness of the Intra-Feature Pearson Constrain
through experiments. As shown in Tab.4, the retrieval perfor-
mance has shown consistent improvement through the use
of the Intra-Feature Pearson Constrain from coarse to fine
video features. The above-mentioned results have proven the
effectiveness of using the Pearson Constrain to enhance the
uniqueness of features and reduce redundant information.

Different Re-ranking Methods. Our efficiency improve-
ment is primarily due to the second stage of re-ranking.

Reranking Method Performance Efficiency
(FLOPs)R@1 R@5 Mean

Text
Supervised

X-CLIP 46.8 72.8 66.9 11.5k
DRL 45.2 73.1 67.4 11.6k
EERCF(vL2

) 47.3 73.2 67.8 0.8k
Unsupervised Video Sim 42.5 68.7 63.2 1.8k

Table 5: Ablation study of different re-ranking methods on
MSRVTT-1K-Test dataset.

So we evaluate our method against previously computation-
ally expensive methods in the second stage. We also com-
pare with a commonly used unsupervised re-ranking method
named Video Sim(Wei et al. 2020). Each video in the can-
didate set undergoes a voting process based on inter-video
similarity, with the resulting vote count determining the fi-
nal re-ranking order. To clarify, we perform re-ranking on
the same candidate set. As shown in Tab. 5, our method out-
performs the alternatives in both performance and efficiency.

Visualization of Coarse-to-Fine Retrieval. We illustrate
the coarse-to-fine reranking in Fig.4, which shows text-
agnostic video features often find confused results, and TIB
can gradually dig relevant frame-level or patch-level cues for
accurate results. We observe that fine-grained information
can lead to more precise matching with query texts, but in-
evitably introduces some noise. This also highlights the ne-
cessity of two-stage retrieval, which strikes a good balance
between overly abstract and detailed video representations.

Conclusion
This paper develops a novel EERCF framework for effi-
cient and effective text-to-video retrieval with coarse-to-
fine visual representation learning. To this end, a parameter-
free text-gated interaction block is exploited to fine-grained
video representations. At the same time, we use a Pear-
son coefficient trick to optimize representation learning. Fi-
nally, using a coarse-to-fine retrieval strategy, our approach
achieves the best trade-off between performance and cost on
all popular datasets.
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