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Abstract

Video-text retrieval plays an essential role in
multi-modal research and has been widely
used in many real-world web applications.
The CLIP (Contrastive Language-Image Pre-
training), an image-language pre-training
model, has demonstrated the power of vi-
sual concepts learning from web collected
image-text datasets. In this paper, we pro-
pose a CLIP4Clip model to transfer the knowl-
edge of the CLIP model to video-language
retrieval in an end-to-end manner. Several
questions are investigated via empirical stud-
ies: 1) Whether image feature is enough
for video-text retrieval? 2) How a post-
pretraining on a large-scale video-text dataset
based on the CLIP affect the performance?
3) What is the practical mechanism to model
temporal dependency between video frames?
And 4) The Hyper-parameters sensitivity of
the model on video-text retrieval task. Ex-
tensive experimental results present that the
CLIP4Clip model transferred from the CLIP
can achieve SOTA results on various video-
text retrieval datasets, including MSR-VTT,
MSVC, LSMDC, ActivityNet, and DiDeMo.
We release our code at https://github.
com/ArrowLuo/CLIP4Clip.

1 Introduction

With the increasing of videos uploaded online every
day, video-text retrieval is becoming an emerging
requirement for people to find relevant videos effi-
ciently. Beyond the actual web application, video-
text retrieval is a fundamental research task for
multi-modal visual and language understanding.
We can distinguish the previous works directly by
their input: raw video (pixel-level) or video feature
(feature-level).

Usually, the pretrain models (Zhu and Yang,
2020; Luo et al., 2020; Li et al., 2020; Gabeur
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et al., 2020; Patrick et al., 2021; Rouditchenko
et al., 2020) are feature-level because they are
trained on some large-scale video-text datasets, e.g.,
Howto100M (Miech et al., 2019). The input is the
cached video features generated via off-the-shelf
frozen video feature extractors. If the input is the
raw video, it makes the pretrain very slow or infea-
sible. Nevertheless, benefitting from the large-scale
dataset, the pretrain models show a significant per-
formance gain for video-text retrieval.

The pixel-level approach trains the model with
raw video as input directly (Torabi et al., 2016;
Kiros et al., 2014; Yu et al., 2016a; Kaufman et al.,
2017; Yuetal., 2017, 2018). Early literature almost
belongs to this approach. This approach learns
the video feature extractor jointly with the paired
text. On the contrary, the feature-level approach
highly depends on a suitable feature extractor. It
can not propagate the learning back to the fixed
video encoder.

Some recent works begin to pretrain the model
with the pixel-level approach, making the pretrain
model learn from the raw video. The big challenge
is how to reduce the high computational overload
of dense video input. Typically, ClipBERT (Lei
et al., 2021) employs a sparse sampling strategy
to make the end-to-end pretrain possible. Con-
cretely, the model only sparsely samples a single
or a few short clips from a video at each training
step. The performance shows that the end-to-end
training can benefit the low-level feature extraction.
A few sparsely sampled clips are enough to solve
the video-text retrieval task. Frozen (Bain et al.,
2021) treats an image as a single-frame video and
designs a curriculum learning schedule to train the
model on both image and video datasets. The re-
sults show that the curriculum learning schedule
learns increasingly from image to multi frames can
increase efficiency. Our target is not to pretrain
a new model on video-text retrieval. We mainly
investigate how to transfer the knowledge from the
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image-text pretrained model CLIP (Radford et al.,
2021) to video-text retrieval in this paper.

We exploit the pre-trained CLIP and propose a
model named CLIP4Clip (CLIP For video Clip
retrieval) to solve video-text retrieval. Concretely,
the CLIP4Clip is constructed on top of the CLIP
and designs a similarity calculator to investigate
three similarity calculation approaches: parameter-
free type, sequential type, and tight type. Like our
work, the concurrent work from Portillo-Quintero
et al. (2021) is also built on the CLIP for video-text
retrieval. The difference is that their work directly
leveraged the CLIP for zero-shot prediction without
considering different similarity calculation mecha-
nisms. However, we design some similarity calcu-
lation approaches to improve the performance and
train the model in an end-to-end manner. The con-
tributions of our work are: 1) we investigate three
mechanisms of similarity calculation based on the
pretrained CLIP; 2) we further post pre-train the
CLIP on a noisy large-scale video-language dataset
to learn a better retrieval space. The extensive ex-
periments show our model achieves the new SOTA
results on MSR-VTT (Xu et al., 2016), MSVC
(Chen and Dolan, 2011), LSMDC (Rohrbach et al.,
2015), ActivityNet (Krishna et al., 2017a), and
DiDeMo (Hendricks et al., 2017) datasets.

Besides, we can conclude the following insights
from our extensive experiments:

1) One single image is far from enough for video
encoding for video-text retrieval.

2) Post-pretraining at a large-scale video-text
dataset on the CLIP4Clip model is required and
can improve the performance, especially for zero-
shot prediction by a large margin.

3) With the powerful pre-trained CLIP, it is bet-
ter not to introduce new parameters and adopt a
mean pooling mechanism on video frames for small
datasets. At the same time, it is better to introduce
more parameters, e.g., the self-attention layer, to
learn the temporal dependency for large datasets.

4) We carefully study the hyper-parameters and
report the best setting.

2 Related Works

Video Encoder Backbone Previous works
mainly focus on 2D/3D spatial-temporal convo-
lution for video representation (Tran et al., 2015;
Xie et al., 2018; Feichtenhofer et al., 2019). Re-
cently ViT (Dosovitskiy et al., 2021), a transformer-
based image encoder, has attracted much attention.

The transformer based video encoder is still in its
early stage for action classification (Bertasius et al.,
2021; Arnab et al., 2021). We mainly investigate
the effective transformer based video backbone for
multimodal video-text retrieval.

Visual Representation Learning from Text Su-
pervision Visual representation learning is a
challenging task and has been widely studied with
supervised or self-supervised methods. Consid-
ering semantic supervision from large-scale unla-
beled data, learning visual representation from text
representation (Radford et al., 2021; Miech et al.,
2020; Lei et al., 2021) is an emerging research topic
with the benefit of large-scale visual and linguistic
pairs collected from the Internet. The prominent
success of the CLIP (Contrastive Language-Image
Pre-training) (Radford et al., 2021) has demon-
strated its capability of learning SOTA image rep-
resentations from linguistic supervision with pre-
training on large-scale image and text pairs. The
pre-trained model can learn fine-grained visual con-
cepts for images and transfer the knowledge for
the retrieval task. Typically, MIL-NCE (Miech
et al., 2020) mainly investigated to leverage noisy
large-scale Howto100M (Miech et al., 2019) in-
structional videos to learn a better video encoder
in an end-to-end manner. Furthermore, ClipBERT
(Lei et al., 2021) proposed an efficient end-to-end
approach through sparse sampling and presented
that the pretrained by image-language dataset facil-
itated a better initialization of video-text retrieval.
Different from ClipBERT, we adopt CLIP with
transformer based visual backbone and extend
this image-language pre-trained model to video-
language pre-training for video-text retrieval. Con-
sidering the temporal sequence of video, a 2D/3D
linear embedding and a similarity calculator at-
tached to the visual transformer are used to capture
temporal sequence features.

Video-Text Retrieval Early works on video-text
retrieval (Torabi et al., 2016; Kiros et al., 2014;
Yu et al., 2016a; Kaufman et al., 2017; Yu et al.,
2017, 2018)designed intensive fusion mechanisms
for cross-modal learning. Recently, the pre-trained
models (Zhu and Yang, 2020; Amrani et al., 2021;
Luo et al., 2020; Li et al., 2020; Miech et al., 2020;
Gabeur et al., 2020; Patrick et al., 2021; Lei et al.,
2021; Dzabraev et al., 2021; Liu et al., 2021) have
dominated the leaderboard of the video-text re-
trieval with noticeable results on zero-shot retrieval



Similarity

t -

Similarity Calculator

|
Frame
representation
Text C’

representation

U

umu.

Text Encoder (Transformer) y

Frame
representation

Patch + Position T
Embedding
0 @0
* Extra learnable
[class] embedding

Video Encoder (ViT)

- ( Lmear Projectlon of Flattened Patches

“tf:bz;f,:z&g @5 @5 d @5 @5 @[5 4 = ] ‘
_',b.\fl' f/'_.__:‘ i = : “h? p
e - g Y

a cake is beingplaced on a plate

Similarity

_sfr Do

Transformer Encoder / LSTM

STy

(ii) Sequential type

= Tasa

(b) Similarity calculator

Figure 1: The framework of CLIP4Clip, which comprises three components, including two single-modal encoders
and a similarity calculator. The model takes a video-text pair as input. For the input video, we first sample the input
video into ordinal frames (images). Next, these image frames are reshaped into a sequence of flattened 2D patches.
These patches are mapped to the 1D sequence of embeddings with a linear patch embedding layer and input to the
image encoder for representation as in ViT (Dosovitskiy et al., 2021). Finally, the similarity calculator predicts the
similarity score between the text representation and representation sequence of these frames. We investigate three
types of similarity calculators in this work, including parameter-free, sequential, and tight types. ® means cosine
similarity. We initial the two single-modal encoders with CLIP (ViT-B/32) (Radford et al., 2021).

and fine-tuned retrieval. Concurrent to our work,
Portillo-Quintero et al. (2021) applied CLIP for
zero-shot prediction, and Bain et al. (2021) pro-
posed a transformer-based video backbone. We
propose to directly transfer the powerful knowledge
from the pre-trained CLIP and continue pre-train
the designed video-based CLIP4Clip on a large-
scale video-language dataset. Empirical studies
present the effectiveness of the CLIP4Clip model.

3 Framework

Given a set of videos (or video clips) V and a set of
captions 7, our target is to learn a function s(v;, t;)
to calculate the similarity between the video (or
video clip) v; € V and the caption t; € 7. The
goal is to rank all the videos (or video clips) given
the query caption according to their similarity score
in the text-to-video retrieval or rank all the captions
given the query video (or video clip) in the task of
video-to-text retrieval. The objective of the s(v;, t;)
is to calculate a high similarity for relevant video-
text pairs and a low similarity score for irrelevant
ones.

The video (or video clip) v; € V is repre-

sented as a sequence of frames (images) in this
paper. Formally, the video (or video clip) v; is

composed of |v;| sampled frames such that v; =

{v},v2,...,v/"1}. Our model is an end-to-end

manner (E2E) trained on pixels directly via taking
the frames as input. Figure 1 demonstrates our
framework, which mainly contains a text encoder,
a video encoder, and a similarity calculator. We
introduce each part in detail in this section.

3.1 Video Encoder

To get the video representation, we first extract the
frames from the video clip and then encode them
via a video encoder to obtain a sequence of features.
In this paper, we adopt the ViT-B/32 (Dosovitskiy
et al., 2021) with 12 layers and the patch size 32
as our video encoder. Concretely, we use the pre-
trained CLIP (ViT-B/32) (Radford et al., 2021) as
our backbone and mainly consider transferring the
image representation to video representation. The
pre-trained CLIP (ViT-B/32) is effective for the
video-text retrieval task in this paper.

The ViT (Dosovitskiy et al., 2021) first extracts
non-overlapping image patches, then performs a
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Figure 2: Different views of Linear Projection of Flat-
tened Patches in Video Encoder. Dotted boxes with
color are kernels.

linear projection to project them into 1D tokens,
and exploits the transformer architecture to model
the interaction between each patch of the input
image to get the final representation. Following the
ViT and CLIP, we use the output from the [c1lass]
token as the image representation. For the input
frame sequence of video v; = {v},v?, ..., vlm},

the generated representation can denote as Z; =
{z},22,... ,ZLU”}.

We investigate two types of linear projections in
the Linear Projection of Flattened Patches module
shown in Figure 1a named 2D linear and 3D lin-
ear separately. a) The linear projection of flattened
patches of ViT is regarded as 2D linear, which em-
beds each 2D frame patch independently. Such a
2D linear ignores the temporal information among
frames. b) Therefore, we investigate a 3D linear
projection, similar to (Arnab et al., 2021), to en-
hance temporal feature extraction. The comparison
between 2D and 3D is shown in Figure 2. The
3D linear embeds patches across time. Concretely,
the 3D linear uses a 3D convolution with kernel
[t x h x w] as the linear instead of the kernel of
[h xw] in 2D linear, where ¢, h, and w are temporal,
height, and width dimensions, respectively.

3.2 Text Encoder

We directly apply the text encoder from the CLIP
to generate the caption representation. The text en-
coder is a Transformer (Vaswani et al., 2017) with
the architecture modifications described in (Rad-
ford et al., 2019). It is a 12-layer 512-wide model
with 8 attention heads. Following CLIP, the activa-
tions from the highest layer of the transformer at
the [EOS] token are treated as the feature represen-
tation of the caption. For the caption t; € T, we
denote the representation as w .

3.3 Similarity Calculator

After extracting the video representation Z; =
{z},22,... ,z‘iwl} and caption representation w,
the key point comes to the similarity calculation.
Since our model is built based upon a pre-trained
image-text model, we should carefully add new
learnable weights in the similarity calculator mod-
ule. It is hard to learn without weight initialization
and may hurt the performance of the pre-trained
model training with backpropagation. Therefore,
we categorize the mechanisms of the similarity cal-
culator into three categories depending on whether
the module introduces new parameters to learn.
The parameter-free approach, i.e., meaning pool-
ing, fuses the video representation without new
parameters. Additionally, two other approaches in-
troduce new weights to learn including a sequential
type and a tight type methods with different sizes
of new weights. Figure 1b illustrates the detailed
structure of the three mechanisms. The parameter-
free type and sequential type similarity calculators
belong to the loose type that adopts two separate
branches for video and text representation inde-
pendently to calculate cosine similarity. While the
tight type similarity calculator uses the transformer
model for multi-modal interaction and further cal-
culates the similarity via a linear projection, both
of which consist of new weights to learn.

Parameter-free type According to the CLIP, the
frames representation Z; and the caption repre-
sentation w; have been layer normalized and lin-
early projected into a multi-modal embedding
space through the large-scale pretraining on the
image-text pairs. The natural idea is to em-
ploy a parameter-free type to calculate similar-
ity directly with the image/frame from the video
perspective. The parameter-free type first uses
the mean pooling to aggregate the feature of
all frames to obtain an ‘average frame’, z; =
mean-pooling(z}l,z?,... ,ZLU”). Then, the
similarity function s(v;, t;) is defined as the cosine
similarity,

WjTii

S(Ui,tj) = ’ (1)

NalEal
Sequential type The mean-pooling operation ig-
nores the sequential information between frames.
In this way, we explore two methods to model
the sequential feature for Sequential type sim-
ilarity calculator. One is LSTM (Hochreiter



and Schmidhuber, 1997; Gers et al., 2002), and
the other one is Transformer encoder (Vaswani
et al., 2017) with position embedding P, Both
of which are effective models for sequence fea-
tures. We formulate them as Z; = LSTM(Z;) and
Z; = Transformer—Enc(Z;+P), respectively.
Through the encoding, the Z; already embeds the
temporal information. The subsequent operations
are the same as the parameter-free type similarity
calculator, and the similarity function is also the
Eq. (1), and z; = mean—pooling(zi).

Tight type Different from above parameter-free
type and sequential type, the tight type uses a
Transformer Encoder (Vaswani et al., 2017) for
multimodal interaction between video and cap-
tion similar to (Luo et al., 2020), and predict
the similarity through a linear layer, which intro-
duces the most uninitialized weights. First, the
Transformer Encoder takes the concatenated cap-
tion representation w; and frames’ representation

Z;, = {z},77,... ,szil} as the fused feature U;
formulated as,
1.2 |vi]
U; =[wj,2;,27,...,2, '], )

U; = Transformer-Enc(U; + P+ T). (3)

where [,] denotes concatenate operation. P is
the position embedding, and T is type embed-
ding similar to Segment Embeddings in BERT
(Devlin et al., 2019). The T contains two types
of embedding, one is for caption and the other
is for video frames. Next, we calculate similar-
ity score with two linear projection layers plus an
activation upon the first token output of the last
layer U;|0,:]. Concretely, the similarity function
s(vi,tj;) = FC(ReLU(FC(U;[0,:]))), where FC
is the linear projection, and the ReLU means ReLLU
activation function (Agarap, 2018).

3.4 Training Strategy

Loss Function Given a batch of B (video, text)
or (video clip, text) pairs, the model needs to gen-
erate and optimize B x B similarities. We use a
symmetric cross entropy loss over these similarity
scores to train the model’s parameters,

B

1 exp(s(vi, t;))
Lot = —— log NG
B zl: S5 exp(s(vist)
B
Loy = _é log ZXP(S(U“ £i)) , ()
- ijl exp(s(vj, t;)
L = Lyot + Lioy. ©6)

The loss L is the sum of video-to-text loss £,9¢ and
text-to-video loss L;o,.

Frame Sampling Since our model is trained on
pixels directly via taking the frames as input, it
is an important strategy to extract frames. An ef-
fective sampling strategy is required to consider
the balance between the information richness and
the computational complexity (especially memory
cost). To consider the sequential information in the
video (or video clip), we adopt a uniform frame
sampling strategy instead of a random sparse sam-
pling strategy used in (Lei et al., 2021). The sam-
pling rate is 1 frame per second. Besides, we also
investigate different frame lengths and different
extraction positions in our experiments.

Pre-training Although the CLIP is effective
for learning the visual concepts of images, it
is essential to learn temporal features from
video. To further transfer the knowledge to
video, our CLIP4Clip model is post-pretrained on
Howto100M dataset (Miech et al., 2019). Pretrain-
ing on the video-text dataset is extremely challeng-
ing due to efficiency consideration. We conduct
a preliminary exploration and use the ‘Food and
Entertaining’ category, around 380k videos, as the
post-pretraining dataset (called Howtol00M-380k
in the rest of the paper). We adopt the MIL-NCE
loss (Miech et al., 2020) to optimize the CLIP in
our parameter-free type. The optimizer is Adam
(Kingma and Ba, 2015), with a learning rate 1e-8.
The token length is 32, the frame length is 12, and
the batch size is 48. The training is processed on
8 NVIDIA Tesla V100 GPUs. We run 5 epochs
and it takes about 2 weeks. In this paper, the post-
pretraining test can be regarded as a preliminary
study on this direction for future work.

4 Experiments

We first describe the datasets and implementation
details before presenting state-of-the-art results on
five datasets. We then ablate various settings of
our model. Finally, we discuss some aspects of
promising direction.

4.1 Datasets

We validate our model on five datasets: MSR-VTT,
MSVC, LSMDC, ActivityNet, and DiDeMo.

MSR-VTT (Xu et al., 2016) is a dataset composed
of 10,000 videos, each with a length that ranges
from 10 to 32 seconds and 200,000 captions. We



Methods TrainD E2E R@11 R@51 R@101T MdR| MnR|

MIL-NCE™ H v 99 240 324 295
Methods TrainD E2E R@1+ R@5t R@10+ MdR| MnR| ~ CLIP-straight” W v 312 537 642 4
C+LSTM+SA® M v 42 129 199 55 (b) Zero-shot
VSE? M v 38 127 171 66
SNUVL® M v 35 159 238 44 N
Kaufman et al.% M v 47 166 241 41 Methods TrainD E2E R@11 R@51 R@107 MdR| MnR|
CT-SAN¢® M v 44 166 223 35 CE° M 209 488 624 6 282
JSFusion/ M v 102 312 432 13 MMT? H+M 26.6 57.1 69.6 4 24.0
HowTo100MY H+tM v 149 402 5238 9 AVLnet? H+M 27.1 556 66.6 4 -
ActBERT" H+M 8.6 234 331 36 SSB” H+M 30.1 585 69.3 3 -
NoiseE’ H+M 174 41.6 53.6 8 MDMMT? MD+M 389 69.0 79.7 2 16.5
UniVL/ H+M 212 49.6 63.1 6 Frozen® CW+M v 31.0 595 705 3 -
HERO* H+M 16.8 434 577 - HiT“ H+M 307 609 732 26
ClipBERTl C+G+tM v 22.0 468 599 6 TT-CE+Y M 29.6 616 742 3
(Ours)-meanP W+M v 421 719 814 2 15.7 (Ours)-meanP W+M v 4311 704 80.8 2 16.2
(Ours)-seqLSTM  W+M v 417 68.8 78.7 2 16.6 (Ours)-seqgLSTM W+M v 425 70.8 80.7 2 16.7
(Ours)-seqTransf W+M v 42.0 68.6 78.7 2 16.2 (Ours)-seqTransf W+M v 445 714 81.6 2 15.3
(Ours)-tightTransf W+M v 378 684 784 2 17.2 (Ours)-tightTransf W+M v 402 71.5 80.5 2 134

(a) Training on Training-7K (c) Training on Training-9K

Table 1: Results of text-to-video retrieval on MSR-VTT dataset. Table (a) and (c) present the results on different
splits of the dataset. ‘Training-7K’ follows the data splits from (Miech et al., 2019) and ‘Training-9K’ follows
the data splits from (Gabeur et al., 2020). They have the same test set but different training sets. For each table,
the column ‘TrainD’ shows the datasets used for pre-training and training, where M, H, W, C, G denote MSR-
VTT, HowTol00M (Miech et al., 2019), WIT (Radford et al., 2021), COCO Captions (Chen et al., 2015), and
Visual Genome Captions (Krishna et al., 2017b). Besides, MD used in MDMMT(Dzabraev et al., 2021) denotes a
combined multidomain dataset including MSR-VTT, LSMDC, HowTo100M, etc., and CW means CC3M (Sharma
et al., 2018) plus WebVid-2M (Bain et al., 2021). The column ‘E2E’ with v'means training from raw video in
an end-to-end manner. The baseline methods are *C+LSTM+SA (Torabi et al., 2016), *VSE (Kiros et al., 2014),
¢cSNUVL (Yu et al., 2016b), “Kaufman et al. Kaufman et al. (2017), *CT-SAN (Yu et al., 2017), fJSFusion
(Yu et al., 2018), 9HowTo100M (Miech et al., 2019), " ActBERT (Zhu and Yang, 2020), ‘NoiseE (Amrani et al.,
2021), 7UniVL (Luo et al., 2020), *"HERO (Li et al., 2020), ‘ClipBERT (Lei et al., 2021), ™MIL-NCE (Miech
et al., 2020), "CLIP-straight (Portillo-Quintero et al., 2021), °CE (Liu et al., 2019), PMMT (Gabeur et al., 2020),
9AVLnet (Rouditchenko et al., 2020), "SSB (Patrick et al., 2021), SMDMMT (Dzabraev et al., 2021), ‘Frozen

(Bain et al., 2021), “HiT (Liu et al., 2021), YTT-CE+ (Croitoru et al., 2021).

use two types of data splits, “Training-7K’ and
‘Training-9K’, to compare with baselines. The
“Training-7K’ follows the data splits from (Miech
etal., 2019) and the ‘Training-9K’ follows the data
splits from (Gabeur et al., 2020). The test data in
both splits is ‘test 1k-A’, which contains 1,000 clip-
text pairs following JSFusion (Yu et al., 2018). We
use “Training-9K’ as the default setting if there is
no extra annotation.

MSVD (Chen and Dolan, 2011) contains 1,970
videos, each with a length that ranges from one to
62 seconds. Train, validation and, test splits contain
1,200, 100, and 670 videos, respectively. Each
video has approximately 40 associated sentences
in English.

LSMDC (Rohrbach et al., 2015) is comprised
118,081 videos, each with a length that ranges
from two to 30 seconds. The videos were extracted
from 202 movies. The validation set contains 7,408
videos, and the test set 1,000 videos from movies

independent from the training and validation splits.

ActivityNet (Krishna et al., 2017a) consists of
20,000 YouTube videos. We follow the setting
from (Zhang et al., 2018; Gabeur et al., 2020) to
concatenate all the descriptions of a video to form
a paragraph and evaluate the model with video-
paragraph retrieval on the ‘vall’ split.

DiDeMo (Hendricks et al., 2017) contains 10,000
videos annotated with 40,000 sentences. We evalu-
ate video-paragraph retrieval following (Liu et al.,
2019; Lei et al., 2021; Bain et al., 2021), where all
sentence descriptions for a video are concatenated
into a single query.

We use standard retrieval metrics: recall at rank
K (R@K, higher is better), median rank (MdR,
lower is better), and mean rank (MnR, lower is
better) to evaluate the performance of our model.
R@ K (Recall at K) calculates the percentage of
test samples for which the correct result is found in
the top- K retrieved points to the query sample. We



Methods TrainD E2E R@11T R@51 R@10T MdR| MnR/| Methods TrainD E2E R@11 R@57T R@501 MdR| MnR|
Multi Cues® M v 203 478 61.1 6 FSE® A 182 448 8.1 7.0 -
CE? M 19.8 49.0 63.8 6 CE? A 182 477 914 6.0 23.1
SSB¢ H+M 284 60.0 729 4 HSE® A 20.5 493 - - -
NoiseE? H+M 20.3 49.0 633 6 MMT* H+A 28.7 614 945 33 160
CLIP-straight® w v 370 64.1 738 3 SSB¢ H+A 292 616 947 3.0 -
Frozen/ CW+M v 337 647 763 3 HiT® H+A 29.6 607 956 3.0
TT-CE+Y M 254 569 713 4 ClipBERTf C+G+A v 21.3 49.0 - 6.0
(OursymeanP  W+M v 462 761 846 2  10.0 TT-CE+? A 235 572 %61 40
(Ours)-seqgLSTM W+M v 462 753 845 2 10.2 (Ours)-meanP W+A v 405 724 98.1 20 74
(Ours)-seqTransf W+M v 452 755 843 2 10.3 (Ours)-seqLSTM  W+A v 40.1 722 98.1 20 73
(Ours)-tightTransf W+M v 40.0 71.5 82.1 2 13.3 (Ours)-seqTransf W+A v 405 724 98.2 20 75
(Ours)-tightTransf W+A v 19.5 47.6 93.1 60 173

Table 2: Results of text-to-video retrieval on MSVD
dataset. In the column ‘TrainD’, M, H, and W de-
note training on MSVD, HowTol00M (Miech et al.,
2019), and WIT (Radford et al., 2021), and CW means
CC3M (Sharma et al., 2018) plus WebVid-2M (Bain
etal., 2021). The column ‘E2E’ with v'means training
from raw video in an end-to-end manner. The base-
line methods are “*Multi Cues (Mithun et al., 2018),
bCE (Liu et al., 2019), °SSB (Patrick et al., 2021),
?NoiseE (Amrani et al., 2021), *CLIP-straight (Portillo-
Quintero et al., 2021), JFrozen (Bain et al., 2021), 9TT-
CE+ (Croitoru et al., 2021).

Methods TrainD E2E R@11 R@51 R@101T MdR| MnR|
CT-SAN? L v 51 163 252 46.0
JSFusion® L v 91 212 341 360 -
CE* L 112 269 348 253 968
MMT? H+L 129 299 40.1 193 75.0
NoiseE®¢ H+L 64 19.8 284 39.0 -
CLIP-straight/ L v 113 227 292 565 -
MDMMTY MD+L 18.8 385 479 123 58.0
Frozen” CW+L v 150 30.8 39.8 20.0 -
HiT! H+L 140 312 41.6 185
TT-CE+ L 172 365 463 137
(Ours)-meanP W+L v 207 389 472 13.0 653
(Ours)-seqgLSTM  W+L v 21.6 41.8 498 11.0 58.0
(Ours)-seqTransf W+L v 22.6 410 49.1 11.0 61.0
(Ours)-tightTransf W+L v* 189 37.8 46.7 13.0 61.6

Table 3: Results of text-to-video retrieval on LSMDC
dataset. In the column ‘TrainD’, L, H, and W de-
note training on LSMDC, HowTol00M (Miech et al.,
2019), and WIT (Radford et al., 2021), MD used in (Dz-
abraev et al., 2021) denotes a combined multidomain
dataset containing MSR-VTT, LSMDC, HowTo100M,
etc., and CW means CC3M (Sharma et al., 2018) plus
WebVid-2M (Bain et al., 2021). The column ‘E2E’
with v'means training from raw video in an end-to-end
manner. The baseline methods are “CT-SAN (Yu et al.,
2017), "JSFusion (Yu et al., 2018), °CE (Liu et al.,
2019), “MMT (Gabeur et al., 2020), *NoiseE (Amrani
et al., 2021), f CLIP-straight (Portillo-Quintero et al.,
2021), IMDMMT (Dzabraev et al., 2021), hFrozen
(Bain et al., 2021), *HiT (Liu et al., 2021), ’TT-CE+
(Croitoru et al., 2021).

report results for R@1, R@5, and R@10 (or R@50
for the ActivityNet). Median Rank calculates the

Table 4: Results of text-to-video retrieval on Activi-
tyNet dataset. In the column ‘TrainD’, A, H, W, C, and
G denote training on ActivityNet, HowTol00M (Miech
et al., 2019), WIT (Radford et al., 2021), COCO Cap-
tions (Chen et al., 2015), and Visual Genome Cap-
tions (Krishna et al., 2017b). The column ‘E2E’ with
v'means training from raw video in an end-to-end man-
ner. The baseline methods are “FSE,HSE (Zhang
et al., 2018), °CE (Liu et al., 2019), “MMT (Gabeur
et al., 2020), ¢SSB (Patrick et al., 2021), *HiT (Liu
et al., 2021), 7ClipBERT (Lei et al., 2021), 9TT-CE+
(Croitoru et al., 2021).

Methods TrainD E2E R@11 R@51 R@10T MdR| MnR|
S2VT® D v 119 336 - 13.0

FSE? D 139 360 - 110 -
CE° D 16.1  41.1 - 83 437
ClipBERT*f C+G+D v 204 480 608 60 -
Frozen®! CW+D v 346 650 747 3.0

TT-CE+/ D 216 486 629 6.0

(Ours)-meanP W+D 434 702 806 2.0 175
(Ours)-seqgLSTM ~ W+D 434 699 802 20 175
(Ours)-seqTransf ~ W+D 428 685 792 20 189
(Ours)-tightTransf W+D 25.8 528 663 50 273

ANENENEN

Table 5: Results of text-to-video retrieval on DiDeMo
dataset. In the column ‘TrainD’, D, H, W, C, and G de-
note training on DiDeMo, HowTo100M (Miech et al.,
2019), WIT (Radford et al., 2021), COCO Captions
(Chen et al., 2015), and Visual Genome Captions (Kr-
ishna et al., 2017b), CW means CC3M (Sharma et al.,
2018) plus WebVid-2M (Bain et al., 2021). The column
‘E2E’ with v'means training from raw video in an end-
to-end manner.  means that the candidate video is con-
catenated using ground truth proposals. The baseline
methods are *S2VT (Venugopalan et al., 2015), *FSE
(Zhang et al., 2018), °CE (Liu et al., 2019), “ClipBERT
(Lei et al., 2021), °Frozen (Bain et al., 2021), / TT-CE+
(Croitoru et al., 2021).

median of the ground-truth results in the ranking.
Similarly, Mean Rank calculates the mean rank of
all correct results.
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Figure 3: Retrieval results on different batch sizes, frame length, freeze layer, and learning rate. Batch size: freeze
layer is 6. Learning rate: batch size is 128, freeze layer is 6, frame length is 12. Freeze layer: Fz-[NO.] means
freeze layers below [NO.]-th layer (inclusive), Fz-Linear means only freeze the linear layer at the bottom, No-Fz
is training without freeze, batch size is 128, frame length is 12, learning rate is Se-8. Frame length: batch size is

128, freeze layer is 6, learning rate is Se-8.

4.2 Experimental Details

We initial the text encoder and video encoder with
CLIP (ViT-B/32) (Radford et al., 2021) in this pa-
per. The practical question is how to initialize the
parameters in the similarity calculator, e.g., param-
eters in sequential type. Our solution is to reuse
similar parameters from the CLIP (ViT-B/32). Con-
cretely, for the position embedding in sequential
type and tight type, we initialize them by repeating
the position embedding from CLIP’s text encoder.
Similarly, the transformer encoder is initialized by
the corresponding layers” weight of the pretrained
CLIP’s image encoder. The rest of the parameters,
e.g., LSTM and linear projection, are initialized
randomly. The temporal dimension ¢, height di-
mension A, and width dimension w of 3D linear
and 2D linear in Section 3.1 are set to 3, 32, 32, re-
spectively. For 3D linear, we set stride and padding
with 1 at the temporal dimension. We initialize
the 3D linear following (Arnab et al., 2021) with
a ‘central frame initialization’ strategy from the
pretrained 2D linear of CLIP. Concretely, we use
[0, E2p, 0] from the 2D weight E;p of CLIP” im-
age encoder.

We finetune the model with the Adam optimizer
(Kingma and Ba, 2015). For the learning rate, we
decay it using a cosine schedule (Loshchilov and
Hutter, 2017) following the CLIP (Radford et al.,
2021). If no otherwise specified, the initial learn-
ing rate is le-7 for text encoder and video encoder
(including linear projection) and 1e-4 for new mod-
ules, e.g., LSTM, the caption token length is 32,
the frame length is 12, the batch size is 128, and
running 5 epochs. The layer of LSTM is 1, and the
layer of Transformer Encoder in both sequential
type and tight type is 4 in our experiments. All
finetune experiments are carried out on 4 NVIDIA

Tesla V100 GPUs. Note that the ActivityNet and
the DiDeMo are regarded as video-paragraph re-
trieval, so we set the caption token length and the

frame length 64. The experiments on them are
carried out on 16 NVIDIA Tesla V100 GPUs.

4.3 Comparison to the State of the Art

We compare all types of similarity calculator based
on the pretrained CLIP against the state-of-the-art
(SOTA): ‘-meanP’, ‘-seqLSTM’, ‘-seqTransf’, and
‘-tightTransf” are short for parameter-free type (i.e.,
mean pooling), sequential type of LSTM, Trans-
former Encoder, and tight type mentioned in Sec-
tion 3.3. Table 1-5 present the text-to-video re-
trieval results of our model on MSR-VTT, MSVC,
LSMDC, ActivityNet, and DiDeMo. The baselines
of each dataset are listed in the caption of each table
for clarification. We achieve the SOTA results on
all five datasets by a large margin compared with all
baselines. We find that the growth of retrieval per-
formance benefits from the pretrained CLIP via our
results and the concurrent CLIP-straight (Portillo-
Quintero et al., 2021). Besides, the improvement
from our end-to-end finetune proves the potential
of the image-text pretrain model on video-text re-
trieval.

For the MSR-VTT dataset, the model with the
parameter-free type (-meanP) achieves the best re-
sults for the ‘Training-7k’ data split, while the
model with the sequential type (-seqTransf) out-
performs other methods for the ‘Training-9k’ data
split. We think that it is hard to learn extra pa-
rameters beyond the pre-trained parameters given
a small dataset. With a large dataset, it is capable
of learning the extra parameters. For the LSMDC
dataset, the model with the sequential type per-
forms better than the other two types. The two se-
quential types, -seqLSTM and -seqTransf, achieve



Frame Selection R@17 R@57 R@107 MdR| MnR|
MSR-VTT

Head 42.3 70.8 80.8 2 15.7

Tail 40.5 67.9 774 2 18.8

Uniform 42.6 704 80.1 2 16.3
MSVD

Head 457  75.1 84.1 2 10.2

Tail 456 753 84.3 2 10.2

Uniform 46.0 753 84.5 2 10.1
LSMDC

Head 20.3 39.2 46.8 13 63.3

Tail 20.7 382 46.4 14 63.6

Uniform 20.7 39.0 47.1 13 63.4

Table 6: Study on sampling strategy. ‘Head’, ‘Tail’ and
‘Uniform’ are three sample strategies to select frames
from a video. Batch size is 128, freeze layer is 0, frame
length is 12, and learning rate is 5e-8.

comparable results. For the MSVD dataset, the per-
formance of the parameter-free type is the best. We
notice that the MSVD training data is smaller than
the MSR-VTT and MSVD datasets at least 2 times,
and consider the reason is that the extra parame-
ters need extra large dataset to keep the advance
from pretrained weight. The performance of video-
paragraph retrieval on the ActivityNet and DiDeMo
further proves the advantage of the parameter-free
type when utilizing the pretrained model. Among
five datasets, almost all the results of the tight type
(-tightTransf) are the worst among all calculators.
We think that the tight type is still hard to learn the
cross-modality interaction without enough dataset.

4.4 Hyperparameters and Learning Strategy

We run extensive experiments on studying the hy-
perparameters and learning strategies to search for
the best settings. Figure 3 shows the resulting chart.
With increasing of Batch size in 3a, the perfor-
mance increases and it achieves comparable result
for batch size 128 and 256. In our experiment,
we set the batch size to 128. About the study on
frame length in 3d, we can see a significant in-
crease between 1 and 6 frames which shows that
it is required for video to actually model with a
sequence of multiple frames instead of one single
frame. We sampled 12 frames for our experiment,
which is both efficient and effective. We also study
whether we should freeze the parameters of each
layer pre-trained by CLIP. From the Figure 3c, it
is better to fine-tune all the transformer encoder
layers at a small learning rate and keep the bottom
linear layer. About the Learning rate shown in 3b,

Pretrain P-PT R@1+ R@57 R@10f MdR| MnR]

MSR-VTT
YA 306 544 64.3 4 41.8
A v 320 570 66.9 4 34.0
FT 43.1 70.4 80.8 2 16.2
FT v 435 707 80.5 2 16.3
MSVD
A 362 638 73.5 3 20.4
YA v 385 669 76.8 2 17.8
FT 462 176.1 84.6 2 10.0
FT v 46.6  76.1 84.8 2 9.9
LSMDC
YA 136 279 355 32 134.5
A v 15.1 28.5 36.4 28 117.0
FT 20.7 389 47.2 13 65.3

FT v 217 395 49.1 11 61.2

Table 7: Test on post-pretraining (P-PT) on (Ours)-
meanP model with HowTol00M-380k dataset. ZS:
zero-shot, FT: fine-tuning.

2D/3D R@11 R@5t R@107 MdR| MnR}
MSR-VTT

2D 43.1 70.4 80.8 2 16.2
3D 41.6 699 79.5 2 17.3
MSVD
2D 46.2  76.1 84.6 2 10.0
3D 440 73.6 83.0 2 11.3
LSMDC
2D 20.7 389 47.2 13 65.3
3D 20.8 406 49.3 11 61.0

Table 8: Test 2D and 3D patch linear on (Ours)-meanP.

the best learning rate is 1e-7, which can not be too
large or too small.A large learning rate hurts the
performance. Even more, it can not leverage the
advantage of pre-trained weights.

4.5 Post-pretraining on Video Dataset

Our model is built on the pre-trained CLIP, which
is an image pre-training model. To solve this data
type (image v.s. video) variance, we conduct a
preliminary exploration on the post-pretraining of
our model on Howto100M-380k video dataset, and
report the results for both zero-shot and fine-tune.
From the table 7, we can see that the performance
increases for both zero-shot and fine-tuning setting.
The increase of zero-shot is much larger, which
shows that post-pretraining with the same data type
(video) can learn general knowledge and directly
transfer to the task. In addition, the fine-tuning on
the post-pretrained model also improves the perfor-
mance on both LSMDC and MSVD datasets and
achieves approximate results for the MSR-VTT



dataset. In future work, we will explore the capa-
bility of pre-training with an even larger dataset.

4.6 Sampling strategy

We conduct three different sampling strategies for
video. ‘Head’ is to sample the first frames at the
beginning of the video, ‘Tail’ is to select the last
frames at the end of the video, and ‘Uniform’ is to
sample the whole frames of the video uniformly.
The experimental results show that ‘Uniform’ is
relatively a good choice, and ‘Head’ is comparable.
The ‘Tail’ sampling strategy is unlikely to be used.

4.7 2D/3D Patch Linear

We conduct the comparison on 2D and 3D lin-
ear mentioned in Section 3.1. Table 8 presents
the performance of them. Against our expectation
that 3D patch linear can extract temporal informa-
tion among frames and generate better discriminant
features and performance, the 3D linear generate
worse results than 2D linear on both MSR-VTT and
MSVD. We suppose that the CLIP is trained for
2D linear instead of 3D linear, and the discrepant
initialization on 3D linear makes it hard to learn
the temporal information. We will pretrain on a
large video-text dataset to unleash its potential in
future work.

5 Conclusion

In this paper, we use the pretrained CLIP as our
backbone to solve the video clip retrieval task from
frame-level input. We employ parameter-free type,
sequential type, and tight type similarity calculator
to obtain the final results. The experimental results
demonstrate the effectiveness of our model and
achieve the SOTA results on MSR-VTT, MSVC,
LSMDC, ActivityNet, and DiDeMo. Besides, we
give serval insights from our empirical studies: 1)
image feature can also promote the video-text re-
trieval, 2) post-pretrain on even outstanding image-
text pretrained CLIP can further improve the per-
formance on video-text retrieval, 3) 3D patch lin-
ear projection and sequential type similarity are
promising approaches on the retrieval task, and 4)
The CLIP used on video-text retrieval is learning-
rate sensitivity.
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A Video-to-Text Retrieval

Table A1-A3 present the video-to-text retrieval
results of CLIP4Clip on MSR-VTT, LSMDC,
MSVD, ActivityNet, and DiDeMo.

Methods TrainD E2E R@11 R@51T R@101 MdR| MnR|
Zero-shot

CLIP-straight® w v 272 517 626 5
Training-7K

HowTol00M" H+M v 168 41.7 551 8
Training-9K

CE* M 206 503 640 53

MMT? H+M 270 575 697 3.7

AVLnet® H+M 28.5 546 652 4

SSB H+M 285 586 716 3

HiTY H+M 32.1 627 741 3

TT-CE+" M 321 627 750 3 -

(Ours)-meanP ~~ W+M v 4311 705 812 2 124

(Ours)-segLSTM W+M v 428 71.0 804 2 12.3

(Ours)-seqTransf W+M v 427 709 80.6 2 11.6

(Ours)-tightTransf W+M v* 40.6 69.5 79.5 2 13.6

Table Al: Results of video-to-text retrieval on MSR-
VTT dataset. ‘Training-7K’ follows the data splits
from (Miech et al., 2019) and ‘Training-9K’ follows
the data splits from (Gabeur et al., 2020). They have
the same test set but different training set. The col-
umn ‘TrainD’ shows the datasets used for pre-training
and training, where M, H, W denote MSR-VTT,
HowTol00M (Miech et al., 2019) and WIT (Radford
et al., 2021). The column ‘E2E’ with v'means training
from raw video in an end-to-end manner. The baseline
methods are “CLIP-straight (Portillo-Quintero et al.,
2021), "HowTol00M (Miech et al., 2019), CE (Liu
et al., 2019), “MMT (Gabeur et al., 2020), ©AVLnet
(Rouditchenko et al., 2020), / SSB (Patrick et al., 2021),
IHIiT (Liu et al., 2021), "TT-CE+ (Croitoru et al.,
2021).

Methods TrainD E2E R@11 R@51 R@101 MdR| MnR|
CLIP-straight® w v 599 852 90.7 1
TT-CE+ w 27.1 553  67.1 4

(Ours)-meanP W+M
(Ours)-seqLSTM  W+M
(Ours)-seqTransf W+M
(Ours)-tightTransf W+M

56.6 79.7 843 1 7.6
525 740 78.1 1 14.7
62.0 873 926 1 43
543 853 910 1 6.0
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Table A2: Results of video-to-text retrieval on MSVD
dataset. In the column ‘TrainD’, M and W denote train-
ing on MSVD and WIT (Radford et al., 2021), and CW
means CC3M (Sharma et al., 2018) plus WebVid-2M
(Bain et al., 2021). The column ‘E2E’ with v'means
training from raw video in an end-to-end manner. The
baseline method is *CLIP-straight (Portillo-Quintero
etal., 2021), ° TT-CE+ (Croitoru et al., 2021).

Methods TrainD E2E R@17 R@51 R@107T MdR| MnR|
JSFusion® L v 123 28,6 389 20
CLIP-straight” L v 68 164 221 73
TT-CE+¢ L 175 36.0 450 143

(Ours)-meanP W+L
(Ours)-seqgLSTM ~ W+L
(Ours)-seqTransf W+L
(Ours)-tightTransf W+L

206 394 475 13 56.7
209 40.7 49.1 11 539
208 39.0 48.6 12 542
174 367 45.0 15 653

ENENENEN

Table A3: Results of video-to-text retrieval on LSMDC
dataset. In the column ‘TrainD’, L and W denote train-
ing on LSMDC and WIT (Radford et al., 2021), MD
used in (Dzabraev et al., 2021) denotes a combined
multidomain dataset containing MSR-VTT, LSMDC,
HowTol100M, etc., and CW means CC3M (Sharma
et al., 2018) plus WebVid-2M (Bain et al., 2021). The
column ‘E2E’ with v'means training from raw video
in an end-to-end manner. The baseline methods are
@JSFusion (Yu et al., 2018), °CLIP-straight (Portillo-
Quintero et al., 2021), “TT-CE+ (Croitoru et al., 2021).

Methods TrainD E2E R@11 R@51 R@107 MdR| MnR|
FSE® A 16.7 43.1 - 7.0 -
CE? A 17.7 46.6 - 6.0 244
HSE”® A 18.7 48.1 - - -
MMT* H+A 289 6l1.1 - 40 17.1
SSB? H+A 28.7 60.8 - 20 -
TT-CE+¢ A 23.0 56.1 - 4.0
(Ours)-meanP W+A v 425 741 858 20 6.6
(Ours)-seqgLSTM  W+A v 426 734 856 2.0 6.7
(Ours)-seqTransf W+A v 414 737 853 2.0 6.7
(Ours)-tightTransf W+A v 189 49.6 65.8 6.0 163

Table A4: Results of video-to-text retrieval on Activ-
ityNet dataset. In the column ‘TrainD’, A, H, and W
denote training on ActivityNet, HowTol00M (Miech
et al., 2019), and WIT (Radford et al., 2021). The
column ‘E2E’ with v'means training from raw video
in an end-to-end manner. The baseline methods are
“FSE,HSE (Zhang et al., 2018), bCE (Liu et al., 2019),
°MMT (Gabeur et al., 2020), “SSB (Patrick et al.,
2021), “TT-CE+ (Croitoru et al., 2021).



Methods TrainD E2E R@11 R@51 R@101T MdR| MnR|

S2VTe D v 132 336 - 15.0 -
FSE? D 13.1 339 - 12.0 -
CE° D 15.6 409 - 82 424
TT-CE+¢ D 21.1 473 61.1 63 -

425 706 802 20 11.6
424 692 792 20 118
414 682 791 20 124
215 511 648 50 224

(Ours)-meanP W+D
(Ours)-seqLSTM  W+D
(Ours)-seqTransf W+D
(Ours)-tightTransf W+D

ANENENEN

Table AS: Results of video-to-text retrieval on DiDeMo
dataset. In the column ‘TrainD’, D and W denote
training on DiDeMo and WIT (Radford et al., 2021).
The column ‘E2E’ with v'means training from raw
video in an end-to-end manner. { means that the can-
didate video is concatenated using ground truth propos-
als. The baseline methods are *S2VT (Venugopalan
et al., 2015), bFSE (Zhang et al., 2018), “CE (Liu et al.,
2019), dClipBERT (Lei et al., 2021), “Frozen (Bain
etal., 2021), “TT-CE+ (Croitoru et al., 2021).



