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Abstract. Most existing video-language modeling methods densely sam-
ple dozens (or even hundreds) of video clips from each raw video to
learn the video representation for text-to-video retrieval. This paradigm
requires high computational overload. Therefore, sparse sampling-based
methods are proposed recently, which only sample a handful of video clips
with short time duration from each raw video. However, they still struggle
to learn a reliable video embedding with fragmented clips per raw video.
To overcome this challenge, we present a novel video-language model
called SST-VLM inspired by a Sparse Sampling-Twice (SST) strategy,
where each raw video is represented with only two holistic video clips
(each has a few frames, but throughout the entire video). For train-
ing our SST-VLM, we propose a new Dual Cross-modal MoCo (Dual
X-MoCo) algorithm, which includes two cross-modal MoCo modules to
respectively model the two clip-text pairs (for each video-text input). In
addition to the classic cross-modal contrastive objective, we devise a clip-
level alignment objective to obtain more consistent retrieval performance
by aligning the prediction distributions of the two video clips (based on
the negative queues of MoCo). Extensive experiments show that our
SST-VLM achieves new state-of-the-art in text-to-video retrieval.

1 Introduction

Video-language modeling has drawn great attention in recent years, because it
is applicable to a wide variety of practical downstream tasks, including text-
to-video retrieval [1-4], video captioning [5,1, 6], and video question answering
[7-9]. In this paper, we focus on text-to-video retrieval, and hopefully our work
can bring some inspirations to other video-language tasks. Since raw videos con-
sist of a series of image frames, processing these frames acquires tremendous
computation cost and resource consumption. Therefore, how to efficiently and
effectively utilize/integrate the video frames to obtain informative video repre-
sentation has become a great challenge in text-to-video retrieval.

Existing approaches [11-17, 10, 18, 19] address this challenge mainly by en-
coding each raw video with multiple sampled video clips. Most of them [11-14,
16, 10] sample video clips with short time duration (e.g., 1 second for each clip)
from the raw video. Since such local clips can hardly represent the holistic con-
tent of the raw video, these methods often sample them densely (i.e., sample a
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"a chef is cooking a piece of
meat in a pot "
Text "a man is preparing food"
"a man cooking meat in pot"

Sampling

Fig. 1. Comparison among different sparse sampling strategies for text-to-video re-
trieval. We draw one video-text pair from the original dataset (1st row). Note that
the video content of ‘meat’ (that appears in several captions) fails to be sampled in
ClipBERT [10] (2nd row), but it is correctly sampled in our SST-VLM (3rd row).

large number of local clips per raw video). Unlike these dense sampling meth-
ods, ClipBERT [10] applies a sparse sampling strategy to each raw video (i.e.,
only a handful of local clips are sampled), which has been reported to be effec-
tive. However, it still has limitations: the sampled local clips with short time
duration are separately matched with the query text to obtain the clip-level pre-
dictions (before aggregated into the final video-level prediction), and thus the
video content of some important concepts may be ignored by such sparse sam-
pling strategy (see Fig. 1). Therefore, matching sampled local clips to the whole
video description is not reliable for video-language modeling.

To overcome these limitations, in this work, we propose a new video sampling
strategy named ‘Sparse Sampling-Twice (SST)’ for text-to-video retrieval,
which sparsely and holistically samples two video clips from each raw video.
Our sampling strategy has two key characteristics: (1) Sparse Random Sampling
— we first subdivide a raw video into a handful of equal segments and then
randomly sample a single frame from each segment, resulting in a holistic video
clip. (2) Sampling- Twice — since sampling only one holistic clip may ignore some
key information of the raw video and make the video-text prediction unreliable,
we propose to sample two holistic clips by imposing the same sparse random
sampling strategy twice on each raw video. Note that we can easily sample more
clips per raw video, but in this work, we focus on sampling-twice due to the
GPU resource restriction. The detailed comparison between the sparse sampling
strategies used in ClipBERT [10] and our SST strategy is shown in Fig. 1.

Inspired by our SST, we present a novel video-language model termed SST-
VLM for text-to-video retrieval (see Fig. 2). To train our model, we propose a
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new Dual Cross-modal MoCo (Dual X-MoCo) algorithm, which includes two
cross-modal MoCo [20] modules to respectively model the two clip-text pairs
for each video-text input. For the video clip, we employ a 2D image encoder
(i.e., ViT-base [21]) to embed the sampled frames and obtain the video em-
bedding by a Transformer [22] module. For the text description, we employ a
text encoder (i.e., BERT-base [23]) to obtain its embedding. Note that making
retrieval prediction with only one sparsely sampled clip is not reliable and the
model’s performance varies significantly across different sampled clips per raw
video. Therefore, in addition to the classic cross-modal contrastive objective, we
devise a new clip-level alignment objective to obtain more consistent retrieval
performance based on the two video clips sampled by SST (per raw video).
Concretely, in each training step, the retrieval distributions of the two video
clips are aligned by minimizing the Kullback—Leibler (KL) divergence between
them. Since the retrieval distributions have actually been computed during ob-
taining the cross-modal contrastive loss, our alignment objective almost requires
no extra computation cost. Overall, our clip-level alignment objective enables
our SST-VLM to achieve more consistent performance in text-to-video retrieval.
Importantly, we find that it is even effective without using more frames per raw
video (see the ablation study in Table 1).

Our main contributions are three-fold: (1) We present a novel video-language
contrastive learning framework termed SST-VLM for text-to-video retrieval,
which is inspired by the ‘Sparse Sampling-Twice (SST)’ strategy. Different from
ClipBERT [10], our SST sparsely and holistically samples two video clips from
each raw video. (2) We propose a new Dual X-MoCo algorithm for training our
SST-VLM. It is seamlessly integrated with the SST strategy so that our model
can achieve more stable as well as better performance. (3) Extensive experiments
show that our SST-VLM achieves new state-of-the-art in text-to-video retrieval.

2 Related Work

Text-to-Video Retrieval. Text-to-video retrieval has recently become a popu-
lar video-language modeling task. Classic approaches [24,24-30] pre-extract the
video features using expert models, including those trained on other tasks such
as object recognition, and action classification. They also pre-extract the text
features using pre-trained language models [31, 23]. The major drawback of this
paradigm is the lack of cross-modal interaction during feature pre-extraction. To
tackle this problem, a number of works [11-14, 16,32, 10, 18] have proposed to
train video-language models without using pre-extracted features. Most of them
[11-14, 16] embed each raw video with densely sampled video clips. Different
from such costly dense sampling, ClipBERT [10] introduces a sparse sampling
strategy, which samples a handful of video clips with short-time duration to
learn the video representation. In this work, instead of sampling locally multi-
ple times (like ClipBERT), our SST-VLM proposes a Sparse Sampling-Twice
strategy which sparsely and holistically samples two video clips from each raw
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video. Importantly, we choose to align the clip-level prediction distributions in
the retrieval task to obtain more reliable video embeddings.

Contrastive Learning. Contrastive learning has achieved great success in vi-
sual recognition [33-37,20,38,39]. The infoNCE loss [33] has been widely used
for contrastive learning, where a large number of negative samples are proven
to be crucial for better performance. There are two ways of collecting negative
samples: (1) SimCLR [37] utilizes the augmented view of each sample to be the
positive sample and all other samples in the current batch to be negative ones.
(2) MoCo [20] and its variant [40] introduce a momentum mechanism to main-
tain a large negative queue. Since MoCo can decouple the number of negative
samples from the batch size, MoCo-based models are applicable to the setting
with a small total batch size (less GPUs are needed for training). In this work,
we thus choose to employ MoCo for video-language modeling. Interestingly, we
have also explored BYOL [39] and SimSiam[41] in text-to-video retrieval, but
found that they fail without using negative samples.

Note that contrastive learning has already been applied to text-to-video re-
trieval in the latest works [30, 28]. Concretely, TACo [28] adopts token-aware cas-
cade contrastive learning (enhanced with hard negative mining), and HiT [30]
introduces cross-modal MoCo based on both feature-level and semantic-level
matching. They both utilize pre-extracted features as their inputs, leading to
suboptimal results. Different from them, in this work, we focus on learning bet-
ter video/text embeddings directly from raw videos/texts by proposing a new
Dual X-MoCo algorithm, which includes two cross-modal MoCo modules with
both cross-modal contrastive loss and clip-level alignment loss.

3 Methodology

3.1 Framework Overview

The flowchart of our SST-VLM model for text-to-video retrieval is illustrated
in Fig. 2. Concretely, we are given a training set of N video-text pairs D =
{V;, T;}_,, where each video V; has S; frames of resolution H x W and each
text T; is represented by the natural language in English. Our model aims to
learn a video encoder fp, and a text encoder fy, to project each video and its
paired text into the joint embedding space so that they can be aligned with each
other. The video and text encoders of our model are presented in Section 3.2, and
our proposed Dual X-MoCo algorithm for model training is given in Section 3.3.

3.2 Video and Text Encoders

Video Encoder. Given a raw video V;, we randomly and sparsely sample N, = 2
video clips {c;,}Ne,, with s (s < S;) frames per video clip (see Section 3.3
for more details). For each sampled video clip ¢;,, we first extract the visual
embeddings F},. € R**Pv of all frames through an pre-trained image encoder f”
(e.g., the ViT-base model[21]) with an output dimension D,:

Fil,)r[k]:fv(ciﬂ“[k])vkzla"' ) S, (1)
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Fig. 2. Schematic illustration of our SST-VLM model. We sparsely and randomly sam-
ple two video clips from each raw video. Inspired by this ‘Sparse Sampling-Twice’
strategy, we devise a Dual X-MoCo algorithm to train our model. The video encoder
consists of a ViT-base model followed by a Transformer module, and the text encoder
is a BERT-base model. The momentum video/text encoders marked with dotted lines
are initialized by the video/text encoders and updated by Egs. (8) and (9).

where c¢; .[k] denotes the k-th frame of the video clip ¢;,» and F’, [k] denotes the
k-th row of F},. We then utilize a Transformer [22] module fu: to capture the
temporal correlation across all frame embeddings:

ﬁ‘iljr :fatt(Fiq:r[l]vFil,)rp]?'” ’Fil:r[s])7 (2)
where ﬁf, € R**Pv are the embeddings output by the Transformer. We finally
obtain the embedding FY, € RP of video clip ¢; . by averaging all frame embed-
dings, which is followed by a linear projection layer:

Ff, = Lincar(Avg(E, [1], B, [2), - B [s))), (3)

where ﬁ;’r [k] is the k-th row of ﬁfr and D is the common dimension for video
and text embeddings. Linear(-) denotes a linear projection layer and Avg(-)
denotes the average pooling function that computes the mean of input embed-
dings. Overall, our video encoder fy, (with parameters 6,) encodes video clips
by Egs. (1)—(3).
Text Encoder. For each text T;, we first tokenize it into a sequence of tokens
[to,th - ﬂffi], where [; denotes the length of T;. A pre-trained language model
ft (e.g., the BERT-base model[23]) is then used to map the sequence of tokens
to a D;-dimensional embedding F} € RP::
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Similar to Eq. (3), we obtain the final text embedding by:
F! = Linear(F}), (5)

where Linear(-) is a linear layer with the output dimension D. Overall, our text
encoder fp, (with parameters 6;) encodes raw texts by Egs. (4) and (5).

3.3 Dual X-MoCo

Sparse Sampling-Twice. In this work, to overcome the limitations of Clip-
BERT [10] (see Fig. 1), we propose to sparsely and holistically sample two video
clips from each raw video, noted as the ‘Sparse Sampling-Twice’ strategy. Specif-
ically, given a raw video V; with S; frames from a mini-batch B = {V;, T;}2 |,
we first subdivide it into s equal segments, where s = 4 in our implementation.
We then randomly sample one frame from each segment to form the first video
clip ¢;,1. The second video clip ¢; 2 is obtained by the same random sampling
strategy. Finally, we feed the two sparsely sampled video clips ¢; 1, ¢; 2 and paired
text T; separately into the video encoder and text encoder to obtain video clip
embeddings Fy,, Ff, and text embedding F}:

Ffy = fo,(cin), Fiy = fo,(ci2), F{ = fo,(T)). (6)

Cross-Modal Contrastive Loss. As shown in Fig. 2, our Dual X-MoCo
includes two cross-modal MoCo [20] modules to respectively model the sam-
pled two clip-text pairs for each video-text input. Concretely, in a mini-batch
B ={V;,T;}B ,, we first sample two video clips ¢; 1 & ¢; 2 from each video V; by
our SST strategy. Further, we encode the video clips ¢; 1, ¢; 2 and paired text T;
by Eq. (6). After that, we obtain the key embeddings K¢, Kf,, K} of ¢ 1, ¢ 2,
T; by the momentum encoders fgm and fgm:

K1 = forn(cin), Kio = for (ci2), Ki = for (T3), (7)

where fgm (with parameters ;) is initialized by the video encoder fp, and fom
(with parameters 6]") is initialized by the text encoder fy,. During training,
the parameters of the momentum encoders fgm and fom are updated by the
momentum-update rule as follows:

0" =m -0+ (1 —m) - 0,, (8)
0" =m0 + (1 —m) -0, 9)

where m is a momentum coefficient. After loss calculation, with the earliest B
momentum embeddings popped out, we push {K{, }/2,, {Kf,} 2, and {K[}2,
respectively into queues Qf, QS, and Q*, where Q§ = {n;l};\f:‘ll, Q5 = {n§’2}§-v:“1,
and Q' = {n ;VZ"l. Note that the queue size Ny is decoupled from B.

As a result, for each query text embedding F!, we have positive video clip
embeddings K¥;, K7, and negative video clip embeddings nj; € Qf, nj, € Q5.
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We thus define the text-to-video contrastive loss Lo, as an InfoNCE-based loss:

Py = eF] K"1/7'7 P o= eFj K"Z/T (10)
q t c q t c
N1 = ZeFi T Nio = Z efimia/T (11)
j=1 i=1
1 & P, P,
Lizg = ——= > (log — 4L 4log— 112 12
=g 2 ey N e N, 12

where 7 is the temperature, P;; (or P, ) is the similarity score between posi-
tive clip embedding K¢, (or Kf,) and query text embedding F}. Additionally,
N1 (or N;2) is the summed similarity score between negative clip embeddings
nj (or an) and query text embedding F}. Similarly, for query video clips with
embeddings FY,, Fiy computed by Eq. (6) and their positive/negative text em-
beddings K, nz-, we define the video-to-text contrastive loss L,o; as follows:

Py = efiKim Py = el KT, (13)
Nq Nq
Niy = ZeF"C*]'";/T7 Nip = ZGF;Z%;/T, (14)
j=1 j=1
Lot = —~ ZBj(lo Py +1o Pia ) (15)
v B i—1 : f’m + ﬁm ¢ ﬁi,2 + Z\Afi,Q -

The total cross-modal contrastive loss L.; is given by:
Lo = Ligy + Lyot- (16)

Clip-Level Alignment Loss. Note that different video clips sampled from the
same video should correspond to the same ground-truth text. Therefore, a good
model should have consistent retrieval performance over different video clips
sampled from each video. To this end, in addition to the cross-modal contrastive
loss, we propose to enhance the performance consistency of our SST-VLM model
by minimizing a clip-level alignment loss defined with the Symmetrical Kull-
back-Leibler (Sym-KL) divergence.

Given a video V; with two video clips ¢;, (r = 1,2) and its paired text
T;, the video-to-text retrieval probability distribution of the query video clip is

denoted as Uj =0 ?r, e ,ﬁivrq | € RNaHt1, Similarly, the text-to-video retrieval
probability distribution of the query text is U;, = [uf,,--- ,ufvf] € RNat1

Concretely, the j-th element (j =0,---, N,) of ﬁi,r or U;,, is defined as:

_ ]3 ) P
0,7 P + N 0,7 [)i,r + Ni,r (.7 ) ( )
Ff,.- tv/T FlnS /7
. e i ] . e i J,7
'lALJ = == U/J = = ] > 0 ; 18
RS Pir + i Q7 Pi,r +Ni,r (.7 ) ( )
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where ]3,»7,., ]\Afw, P, ., N, , have been computed in Egs. (13), (14), (10) and (11).
We then define the clip-level alignment loss L,; with the Sym-KL divergence:

Lo = iiND B 1 i, tog B2 (19)
U B po et zl UZ’Q 7,2 ﬁfl )
B Ng j J
- B z:: z:: i,1 %2 z 2 log U:,1 ), (20)
Ly=Lsg+ L,. (21)

Total Loss. Our SST-VLM model is trained by minimizing both the cross-modal
contrastive loss and clip-level alignment loss. We thus have the total loss:

Ltotal = Lcl + A Lal7 (22)

where A is the weight hyper-parameter.

3.4 Model Pre-Training

Note that our model can be readily applied to the image-text retrieval task
when the temporal Transformer module is removed. Therefore, similar to Clip-
BERT [10], our model (excluding the temporal Transformer module) is pre-
trained on a widely-used image-text dataset (with overall 5.3M image-text pairs),
which consists of CC3M [42], VisGenome [43], SBU [44], COCO [45], and Flickr30k
[46]. In this work, we do not pre-train our model on a large-scale external video-
text dataset like HowTol00M [12] due to the limited computation resources.
Although only pre-trained on an image-text dataset rather than a large-scale
video-text dataset, our model still achieves new state-of-the-art on several bench-
mark datasets for text-to-video retrieval (see Table 3).

4 Experiments

4.1 Datasets and Settings

Datasets. We evaluate our SST-VLM on three benchmarks: (1) MSR-VTT [1]
contains 10k videos with 200k descriptions. We first follow recent works [24, 47,
18], using the 1k-A split of 9k training videos and 1k test videos. Further, we
also adopt the split in [10, 28] (called 7k-1k split in our work), having 7k training
and 1k test videos. (2) MSVD [2] consists of 80k English descriptions for 1,970
videos from YouTube, and each video has around 40 captions. As in [29,47, 18],
we use the standard split: 1,200 videos for training, 100 videos for validation,
and 670 ones for test. (3) VATEX [3] includes 25,991 videos for training, 3000
videos for validation, and 6000 ones for test. Since the original test set is private,
we follow [29, 48] to randomly split the original val set into two equal parts with
1500 videos for validation and the other 1500 videos for test.
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Table 1. Ablation study for our SST-VLM model. Text-to-video retrieval results are
reported on the MSR-VTT 1K-A test set.

Ly L Frames R@1 1 R@5 1 R@10 1
X X 4 31.4 59.5 69.8
X X 8 31.3 59.3 70.1
v X 4+ 4 32.1 61.5 71.8
v v 444 33.4 62.5 73.5

Evaluation Metrics. We evaluate the text-to-video retrieval performance with
the widely-used evaluation metrics in information retrieval, including Recall at
K (shortened as R@K with K=1, 5, 10) and Median Rank (shortened as MedR).
R@K refers to the percentage of queries that are correctly retrieved in the top-
K results. MedR measures the median rank of correct answers in the retrieved
ranking list, where lower score indicates better performance.

Implementation Details. We adopt ViT-base [21] as the frame feature extrac-
tor of our video encoder and BERT-base [23] as the text encoder. For visual aug-
mentation at the training stage, we apply random-crop, gray-scaling, horizontal-
flip, and color-jitter to the input video frames that are resized to 384x384 (but
only frame-resizing and center-crop are deployed at the evaluation stage). Due to
the computation constraint, we empirically set the hyperparameters as: 7 = 1,
A = 0.1, and the initial learning rate is 5e-5. We only update the last 8 layers
of the video and text encoders (but the other layers are frozen) during training.
It takes about 2 hours per epoch to train our model on MSR-VTT with 8 Tesla
V100 GPUs. In addition, different from the SST strategy (4 frames per clip) used
for model training, we sample two video clips with 8 frames from each video V;
at the evaluation stage. With two clip embeddings Fy;, F 5 obtained by Eq. (6),
we have the final embedding of V; for evaluation by averaging F; and F,.

4.2 Ablation Study

Contributions of Contrastive and Alignment Losses. We analyze the con-
tributions of cross-modal contrastive loss L. and clip-level alignment loss Ly
used in our SST-VLM. The obtained ablative results are shown in Table 1. The
baseline model (1st row) is formed with a single cross-modal MoCo framework
where only one video clip (with frames = 4) is sampled for each video. Based
on our SST strategy (with frames = 4 + 4), we obtain another baseline method
by removing the clip-level alignment loss L,; from our Dual X-MoCo (3rd row).
To further demonstrate the effectiveness of our full model, we train a baseline
model (2nd row) based on single cross-modal MoCo with frames = 8. We can
observe that: (1) Sampling one video clip with 4 or 8 frames leads to comparable
performance (2nd row vs. 1st row). (2) With our SST strategy (4 + 4 frames per
video), our model achieves significant improvements (3rd row vs. 1st/2nd row).
This suggests that our SST-VLM model is even effective without using more
frames per raw video. (3) The clip-level alignment loss can further improve the
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Table 2. Comparative results obtained by different alignment methods used in
Eq. (21). Text-to-video retrieval results are reported on the MSR-VTT 1K-A test set.

Alignment Method R@1 1 R@5 1 R@10 1
NC 32.8 62.0 1.7
L2 324 62.2 71.5
Asym-KL 33.2 62.2 72.1
Sym-KL (ours) 33.4 62.5 73.5

performance of our SST-VLM model, yielding around 1% improvement on all
R@K (K=1, 5, 10) results over our SST-VLM model with only contrastive loss
(4th row vs. 3rd row).

Comparison to Alternative Alignment Methods. We further analyze the
impact of alternative methods used for our clip-level alignment loss in Table 2
Note that the alignment loss L, in Eq. (16) is defined with the Symmetric
Kullback-Leiber (Sym-KL) divergence. This Sym-KL distance can be replaced
by the negative cosine similarity (NC), L2 distance, or Asymmetric KL (Asym-
KL) divergence. Concretely, the alternative alignment losses are defined by:

B o~ o~
1 U;1-U; U;1-U;
Li\;c . _ ,1 /\12 + ,1 )2 , (23)
B = Ui |2|Ui2lle - IUirll2||Uigll2
1 B
L = EZ(”U“ Uiallz + 1Uix = Usalla), (24)
A Sl ﬁ‘jl i u] 1
;= EZZ z110g77+ug,110g7’)» (25)
i=1 j=0 ) U3 2

where (7“, Uiy, Uir, t;, are defined in Egs. (17) and (18). We can find that
SST-VLM with NC, L2 or Asym-KL leads to slightly lower performance on R@1
and R@5, and nearly 2% performance degradation on RQ10, as compared with
our SST-VLM using Sym-KL. We thus choose Sym-KL in this work.

4.3 Comparative Results

Table 3 shows the comparative results for text-to-video retrieval on MSR-VTT.
We compare our SST-VLM with a wide range of representative/state-of-the-art
methods including those [27,29, 28] pre-trained on HowTol00M and those [18,
10] pre-trained on image-text datasets. For extensive comparison, we also in-
clude methods [47,24,30] that utilize pre-extracted expert features. Although
our SST-VLM is pre-trained on the smallest dataset with only 5.3M image-text
pairs, it still achieves the best performance under both 7k-1k and 1k-A splits,
demonstrating the effectiveness of our Dual X-MoCo for video-language mod-
eling. Concretely, under the 7k-1k split, our SST-VLM outperforms the second
best competitor by 5.0% on RQ1, 5.9% on R@5, and 4.2% on RQ10. It also leads
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Table 3. Comparison to the state-of-the-art results for text-to-video retrieval on
the MSR-VTT test set. w/o PE: methods trained without using multi-modal pre-
extracted features. VLM PT: datasets for pre-training visual-language models. VL
Pairs: the number of visual-language pairs in the pre-training datasets.

Method w/o PE VLM PT VL Pairs R@1 1 R@5 1 R@10 + MedR. |
7k-1k Split:

JSFusion [11] v - - 10.2 31.2 43.2 13.0
HT MIL-NCE [12] v HowTo100M >100M 14.9 40.2 52.8 9.0
ActBERT [13] v HowTol00M >100M 16.3 42.8 56.9 10.0
HERO [14] v HowTo100M >100M 16.8 43.4 57.7 -
VidTranslate [16] v HowTo100M >100M  14.7 - 52.8 -
NoiseEstimation [26] HowTol00M >100M 174 41.6 53.6 8.0
UniVL [27] HowTo100M >100M  21.2 49.6 63.1 6.0
ClipBERT [10] v COCO, VisGenome 56M 220  46.8 59.9 6.0
TACo [28] HowTol00M >100M 24.8 52.1 64.5 5.0
SST-VLM (Ours) v CC3M, Others 53M 29.8 58.0 68.7 3.0
1k-A Split:

CE [47) . - 209 488 624 6.0
AVLnet [25] HowTol00M >100M 27.1 55.6 66.6 4.0
MMT [24] HowTo100M >100M  26.6 57.1 69.6 4.0
Support Set [29] HowTo100M >100M 30.1 58.5 69.3 3.0
HiT [30] HowTol00M >100M  30.7 60.9 73.2 2.6
TACo [28] HowTo100M >100M 28.4 57.8 71.2 4.0
Frozen in Time [18] v CC3M, WebVid-2M 5.56M 31.0 59.5 70.5 3.0
SST-VLM (ours) v CC3M, Others 53M 33.4 625 73.5 3.0

Table 4. Comparison to the state-of-the-arts on MSVD for text-to-video retrieval.

Method R@1 1 R@5 1 R@10 1 MedR |
VSE [49] 12.3 30.1 42.3 14.0
VSE++ [50] 15.4 39.6 53.0 9.0
Multi. Cues [51] 20.3 47.8 61.1 6.0
CE [47) 19.8 49.0 63.8 6.0
Support Set [29] 28.4 60.0 72.9 4.0
Frozen in Time [18] 33.7 64.7 76.3 3.0
SST-VLM (ours) 36.2 66.4 76.9 2.0

to the best MedR=3.0. Moreover, under the 1k-A split (with more training data
than the 7k-1k split), our SST-VLM outperforms the latest state-of-the-arts [18,
30] by 2.4% on RQ1 and 1.6% on R@5. In particular, as compared with HiT [30],
our SST-VLM achieves better results on R@Q1 and RQ5, and obtains competitive
results on R@10 and MedR. This is still impressive and remarkable, given that
HiT not only is pre-trained on the much larger dataset HowTol00M but also
utilizes numerous pre-extracted expert features.

Table 4 shows the comparative results on MSVD. Our SST-VLM outperforms
all competitors, especially yielding 2.5% margin on RQ1 against the latest stat-
of-the-art [18]. The results on VATEX in Table 5 further demonstrate that our
SST-VLM achieves 7.5% improvement on R@Q1, 2.9% improvement on R@5, and
1.6% improvement on R@10 over the second best competitor [29].
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Table 5. Comparison to the state-of-the-arts on VATEX for text-to-video retrieval.

Method R@1 1 R@5 1 R@10 + MedR . |
VSE [49] 28.0 64.3 76.9 3.0
VSE++ [50] 33.7 70.1 81.0 2.0
Dual [51] 31.1 67.4 78.9 3.0
HGR [47] 35.1 73.5 83.5 2.0
HANet [19] 36.4 74.1 84.1 2.0
Support Set [29] 45.9 82.4 90.4 1.0
SST-VLM (ours) 53.4 85.3 92.0 1.0

Table 6. Comparison to the state-of-the-arts on MSR-VTT (1k-A split) for video-to-
text retrieval.

Method R@1 1 R@5 + R@10 MedR |
CE [47] 20.9 48.8 62.4 6.0
AVLnet [25] 28.5 54.6 65.2 4.0
MMT [51] 28.0 57.5 69.7 3.7
Support Set [29] 28.5 58.6 71.6 3.0
SST-VLM (ours) 33.2 61.2 72.0 3.0

Table 7. Comparison to the state-of-the-arts on MSVD for video-to-text retrieval.

Method R@1 1 R@5 1 R@10 1 MedR |
VSE++ [50] 21.2 43.4 52.2 9.0
Multi. Cues [51] 315 51.0 61.5 5.0
Support Set [29] 34.7 59.9 70.0 3.0
SST-VLM (ours) 47.3 72.0 78.0 2.0

For comprehensive comparison, we also provide video-to-text retrieval re-
sults on the MSR-VTT 1k-A split in Table 6, in addition to the text-to-video
retrieval results. Our SST-VLM outperforms the latest state-of-the-art (i.e., Sup-
port Set [29] pre-trained on Howtol00M [12]) by 4.7% on R@1, 2.6% on RQ5,
and 0.4% on R@10. It also achieves the best MedR=3.0. Moreover, we present
the results for video-to-text retrieval on the MSVD [2] test set in Table 7. Our
SST-VLM outperforms the second best competitor [29] by 12.6% on R@1, 12.1%
on R@5, and 8.0% on RQ@10. It also leads to the best MedR=2.0. These results
indicate that our SST-VLM is effective for video-language modeling on both
video-to-text and text-to-video retrieval tasks.

4.4 Visualization Results

Retrieval Rank Distribution. To show the stability of our SST-VLM, we
visualize the text-to-video retrieval rank results on MSR-VTT 1k-A test set in
Fig. 3. Note that we still sample two video clips (as in the training stage) from
each raw video in the test set, resulting in two video clip sets C; = {ci’1}§£30

and Cy = {c¢;2}2°"°. To show the effectiveness of our clip-level alignment loss
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KLDiv = 1.28 x 107! KLDiv = 3.36 x 1073
MedR = 4.0 MedR = 3.0 MedR = 3.0 MedR = 3.0

| renkforvidencipey
k for video clip C;

 rnkforvidenclip,
k for video clip C,

querytext T T aueytext T T auerytex

query text @ : b)

Fig. 3. Visualization results of text-to-video retrieval on the MSR-VTT 1k-A test set.
(a) The results by our SST-VLM without using the clip-level alignment loss (but with
cross-modal contrastive loss); (b) The results by our full SST-VLM.

“Penguins wander around” “A rocket is launching. Smoke is emerging from the base of the rocket”

Fig. 4. Attention visualization for our SST-VLM. The (attention) heatmaps are shown
for two video-text pairs sampled from the MSR-VTT test set. Texts in red denote key
objects for each video caption.

L, in enhancing stability, we evaluate two related models: model in Fig. 3(a)
is trained without L,; (but with cross-modal contrastive loss L), while model
in Fig. 3(b) is exactly our full SST-VLM model. For each model, we visualize
the retrieval rank (range from 1 to 1,000) distribution between video clip set
Cy (or C) and the same set of text queries. In addition, we report the MedR
results for each distribution and KL divergence (KLDiv) between distributions
of differently sampled video clips for each model. We find that: (1) The MedR
results in Fig. 3(b) are equal to 3.0 for both C; and Cs, while those in Fig. 3(a)
are different (4.0 for C; and 3.0 for C3). (2) The KL divergence in Fig. 3(b) is
two orders of magnitude smaller than that in Fig. 3(a). Therefore, the clip-level
alignment loss L,; indeed leads to more stable results.

Attention Visualization. To further show that our SST-VLM has learned
to understand the semantic content in videos, we adopt a recent Transformer
visualization method [52] to highlight the relevant regions of the input frames
according to the input texts. In this work, different from the original visualization
method that computes the gradients directly from the total loss backward, we
compute the separate gradients of each input frame and visualize the attention
maps of all frames. Concretely, as shown in Fig. 4, we present two video-text
pairs (and their visualization results) sampled from the MSR-VTT test set. The
left part presents a 4-frame video clip with text ‘Penguins wander around’. The
attention visualization shows that penguins in all frames have actually been
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Query Text: ‘a little girl does gymnastics’ Query Text: ‘a man speaks to children in a classroom’

‘some girls are practicing gymnastics’

Fig. 5. Text-to-video retrieval examples obtained by our SST-VLM on the MSR-VTT
1k-A test set. For each query text, we visualize the top-2 retrieved videos (with 3 frames
shown per video). We also present the original paired text under each video.

noticed by our model. Moreover, the right part presents a 4-frame video clip
with a longer text ‘A rocket is launching. Smoke is emerging from the base of
the rocket’. The attention visualization is rather interesting: with the rocket
launching, our model pays more attention to the rocket and its smoke. Overall,
these visualization results indicate that our SST-VLM has actually learned to
understand the semantic content in videos.

Text-to-Video Retrieval Examples. Fig. 5 shows the text-to-video retrieval
qualitative results obtained by our SST-VLM on the MSR-VTT 1k-A test set.
We visualize the top-2 videos (with 3 frames show per video) for each query
text. Concretely, the left part of Fig. 5 consists of a query text ‘a little girl does
gymnastics’ and the retrieved top-2 videos (with their original paired texts)
shown below, while the right part of Fig. 5 is organized similarly. For each query
text, we have the following observations: (1) The ground-truth video is correctly
retrieved at the first place. (2) The texts of the second retrieved videos are also
similar to the query text, which means that the semantic content of these videos
is still consistent with the query text. Overall, these qualitative results indicate
that our SSL-VLM has indeed aligned the video and text embeddings well in
the learned joint space (which is crucial for video-text retrieval).

5 Conclusion

In this paper, we propose a novel video-language model called SST-VLM inspired
by the Sparse Sampling-Twice (SST) strategy that sparsely and holistically sam-
ples two video clips from each raw video. For training our SST-VLM, we devise a
new Dual X-MoCo algorithm, which includes both cross-modal contrastive and
clip-level alignment losses to enhance the performance stability of our model.
Extensive results on several benchmarks show that our SST-VLM achieves new
state-of-the-art in text-to-video retrieval. The ablation study and attention visu-
alization further demonstrate the effectiveness of our SST-VLM. In our ongoing
research, we will apply our SST-VLM to other video-language understanding
tasks such as video captioning and video question answering.
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