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Abstract

Video-language pre-training for text-based video retrieval
tasks is vitally important. Previous pre-training methods suf-
fer from semantic misalignments. The reason is that these
methods ignore sequence alignments but focus on critical to-
ken alignment. To alleviate the problem, we propose a video-
language pre-training framework, termed video-language
pre-training For 1Earning sEmantic aLignments (FEEL), to
learn semantic alignments at the sequence level. Specifically,
the global modality reconstruction and the cross-modal self-
contrasting method are utilized to learn the alignments at the
sequence level better. Extensive experimental results demon-
strate the effectiveness of FEEL on text-based video retrieval
and text-based video corpus moment retrieval.

Introduction

Text-based video retrieval tasks, including text-based video
retrieval (Luo et al. 2020; Zhu and Yang 2020; Li et al.
2020) and text-based video corpus moment retrieval (Li
et al. 2020) have shown significant potential and alluring
technological value. Thanks to the ability of cross-modality
alignments, video-language pre-training shows effectiveness
on these retrieval tasks (Wang et al. 2022b; Huang et al.
2022). Cross-modal alignment is the key challenge in learn-
ing video-language pre-training.

Previous pre-training methods learn cross-modality align-
ments in two manners. Matching tasks are widely used for
cross-modality alignments, such as using the special token
[CLS] for binary classification with a cross-modal Trans-
former (Sun et al. 2019b; Zhu and Yang 2020; Luo et al.
2020) and contrastive learning between video and language
with two unimodal Transformers (Miech et al. 2019, 2020;
Ging et al. 2020; Patrick et al. 2020; Xu et al. 2021b; Wang
et al. 2022b). Besides, reconstruction tasks (Li et al. 2020;
Xu et al. 2021a; Luo et al. 2020) also prove their effective-
ness in learning cross-modality alignments.
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(a)

yeah it's been a while since I've battled chickens
while I was fixing mowers but we're gonna do
that today give you guys some entertainment

today have a Toro lawnmower
(b)

Figure 1: (a) shows a case of alignment on important to-
kens but not on the video sequence. (b) shows a case of a
not wholly aligned video-language pair. The aligned objects
are marked in red, and the misaligned objects are marked
in blue. The narration words “battled chickens” are irrele-
vant to the visual content, while the important visual objects
“stool” and “signboards” are not described by the words.

Despite the promising performances, previous methods
suffer from semantic misalignments (the information ex-
pressed by video and language is inconsistent at the semantic
level) in downstream tasks. The reason is that previous meth-
ods focus on major information but ignore secondary infor-
mation. Secondary information includes verbs (Hendricks
and Nematzadeh 2021) and secondary objective concepts
(e.g., position, size) (Salin et al. 2022). Secondary informa-
tion unalignment leads to semantic unalignment in down-
stream tasks. For example, in Figure 1 (a), previous models
align “a soldier is laying down” with the wrong video due to



the sole alignments of critical tokens, “solider” and “lying
down,” but lost the sequence semantic.

To alleviate the semantic unalignment issue, this pa-
per proposes a novel video-language pre-training method,
termed video-language pre-training For [Earning sEmantic
aLignments (FEEL) to learn better video-language semantic
alignments. Specifically, the global modality reconstruction
module in FEEL is utilized to convert the representation of
a whole video (text) into text (video). Global modality re-
construction reconstructs the entire text and video sequences
from another modality, not solely major tokens, thus enhanc-
ing the sequence alignment.

Despite the promising performances, the global modal-
ity reconstruction suffers from semantic over-alignment. Se-
mantic over-alignment means aligning semantics in two
modalities too strictly. The reason is that texts and videos
is pre-training data are not perfectly aligned. For example,
in Figure 1 (b), “chickens” solely exists in the text, while
“stool” and “signboards” solely exist in the video. In the
example, the global modality reconstruction forces align-
ments of inconsistent information, thus leading to the se-
mantic over-alignment issue. To alleviate the issue, Miech
et al. (2020) consider a set of multiple text candidates. Be-
sides, DECEMBERT(Tang, Lei, and Bansal 2021) com-
pletes missing texts by providing extra dense captions.
These methods can only deal with the text loss issue while
the video loss issue is ignored. To alleviate the issue, the self-
contrasting method in FEEL is proposed to constrain the
global modality reconstruction from over-alignment. Specif-
ically, the representation in the original modality is con-
verted to the other modality, and then converted back to the
original modality. The distance between the original repre-
sentation and the twice-converted representation is expected
to be smaller than the one between the original represen-
tation and the once-converted representation. The reason is
that the information in one modality is more consistent than
in two modalities. To this end, the triplet loss is utilized by
regarding the original representation as an anchor. Thus, the
self-contrasting method alleviates the over-alignment issue
in the global modality reconstruction.

FEEL is evaluated on two video retrieval tasks: text-based
video retrieval (Xu et al. 2016) and text-based video corpus
moment retrieval (Lei et al. 2020). The experimental results
demonstrate the effectiveness of FEEL on 5 benchmarks
compared to state-of-the-art methods. Our contributions can
be concluded as follows:

* We propose a novel pre-training method, termed FEEL,
to learn a better video-language pre-training model for
retrieval-based tasks.

* We propose two novel video-language pre-training tech-
niques to solve semantic misalignments in downstream
tasks.

* We conduct extensive experiments on text-based video
retrieval and text-based video corpus moment retrieval.
The experimental results show the effectiveness of FEEL
on 5 benchmarks.
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Related Work

Thanks to the success of BERT (Devlin et al. 2019), video-
language pre-training works have shown promising ability
in cross-modality alignments. Previous pre-training meth-
ods learn cross-modality alignments in two manners. First,
matching tasks are widely used for cross-modality align-
ments. VideoBERT (Sun et al. 2019b), ActBert (Zhu and
Yang 2020), DECEMBERT (Tang, Lei, and Bansal 2021),
and VIOLET (Fu et al. 2021) pre-train matching tasks us-
ing the special token [CLS] for binary classification (Ruan
and Jin 2022) with a cross-modal encoder (Vaswani et al.
2017). Some methods (Zellers et al. 2021; Ge et al. 2022;
Miech et al. 2019, 2020; Ging et al. 2020; Wang et al. 2022b;
Yang, Bisk, and Gao 2021; Yan et al. 2021; Luo et al. 2021;
Patrick et al. 2020; Cai et al. 2022; Li et al. 2020; Xu et al.
2021b; Cai et al. 2022; Cao et al. 2022) pre-train matching
tasks with two-stream encoders by forcing the paired sam-
ples closer while pushing different ones away (Ruan and
Jin 2022). The others (Luo et al. 2020; Li et al. 2022)
combine cross-modal Transformer matching tasks and two-
stream encoders matching tasks for more vital learning abil-
ity. Second, reconstruction tasks are also widely used (Li
et al. 2020; Xu et al. 2021a; Sun et al. 2019b; Tang, Lei,
and Bansal 2021; Fu et al. 2021), and some of them show
solid abilities for cross-modality alignments. Some meth-
ods (Li et al. 2020; Xu et al. 2021a; Fu et al. 2021) recon-
struct masked tokens by surrounding tokens with the same
modality and information from another modality. Moreover,
UniVL (Luo et al. 2020) and Victor (Lei et al. 2021a) in-
troduce the video captioning task to strengthen the abil-
ity of text generation. Though the reconstruction process is
sequence-oriented, the learning method is based on token-
level vocabulary prediction. VLM (Xu et al. 2021a) argues
that the information of the same modality accounts for too
much and affects the cross-modality alignments in previ-
ous reconstruction tasks. Based on this, VLM (Xu et al.
2021a) proposes MMM to encourage the reconstruction
tasks only using information from another modality. Despite
the promising performances, previous reconstruction tasks
focus on alignments of tokens(words/frames/objects) but fail
in sequence alignments. However, the methods above fo-
cus on major information but ignore secondary informa-
tion. This paper proposes global modality reconstruction,
extending the token reconstructions to global reconstruc-
tions for better sequence alignments. Besides, we introduce
self-contrasting to avoid semantic over-alignment.

Methodology
Model Architecture

Model architecture of FEEL is illustrated in Figure 2, which
takes the frames of a video clip and the textual tokens of sub-
title sentences as inputs. They are fed into a Video Encoder
and a Language Encoder to extract initial representations.
FEEL computes cross-modal embeddings with a cross-
modal transformer. Modal Converting Block is utilized to
convert features in one modality into the other modality.

Language Encoder Following HERO (Li et al. 2020),
WordPieces (Wu et al. 2016) is utilized to tokenize words.
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Figure 2: The architecture of FEEL. T2V converts text features into the video features. V2T converts video features into text
features. Global modality reconstruction aims to minimize the distance between converted features and original features in one
modality. Cross-modal self-contrasting is utilized to avoid language-video over-alignment.

Then, the token sequence is obtained, t = [t1;...;t,],
where t is the obtained token sequence, ¢; is the ¢-th to-
ken, and n is the length of the token sequence. Tokens are
encoded with pre-trained RoBERTa (Liu et al. 2019). Then,
token embeddings are fed to a layer normalization layer. The
language embedding for t is denoted as e, € R™*¢, where
d is the embedding dimension.

Video Encoder Video frames are extracted from videos at a
fixed rate, v = [v1;...; U;;. .. ; U], Where v is the obtained
frame sequence, v; is the j-th frame, and m is the length
of the obtained frame sequence. Then, the off-the-shelf vi-
sual feature extractors are utilized to obtain features of these
frames. Following HERO (Li et al. 2020), Resnet (He et al.
2016) and SlowFast (Feichtenhofer et al. 2019) is utilized to
extract 2D and 3D visual features for video frames. A fully
connected layer converts the obtained video features to the
video embeddings. Then, the embeddings are fed to a layer
normalization layer. The video embedding for v is denoted
as e, € R™*4 where d is the embedding dimension.

Cross-modal Transformer Inspired by UniVL (Luo et al.
2020) and HERO (Li et al. 2020), a multi-layer cross-modal
Transformer (Vaswani et al. 2017) is utilized for the video-
language fusion. The cross-modal Transformer takes video
embedding and language embedding as input to generate the
video feature and language feature,

ey

where o, € R™*4 is the video feature, o, € R"*¢ is the
language feature, and T, .ss denotes the cross-modal Trans-
former.

Oy, 0t = Tcross (ev7 et) )

Modality Converting Block Modality Converting Block
(MCB) consists of two sub-modules, named MCBroy and
MCByat. MCBray and MCByor are two Transformers.
MCBray converts language features into video embedding
space, and MCBy o7 converts video features into language
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embedding space,

= MCBv2r (0,), 2

3)

where €, € is the corresponding embedding of the
video in the language embedding space, and e/, € R™"* is
the corresponding embedding of the language in the video
embedding space.

e;) = MCBTQV (Ot) s
Rmxd

Pre-training Tasks

Masked Language Modeling Masked Language
Modeling (MLM) (Devlin et al. 2019; Liu et al. 2019; Li
et al. 2020; Xu et al. 2021a; Luo et al. 2020; Xue et al. 2022;
Li et al. 2022; Wang et al. 2022a) aims to complete tokens
based on their surrounding words. Following BERT, 15%
of tokens are randomly masked. To be specific, if the ¢-th
token is chosen, the i-th token is replaced with the [MASK]
token with a probability of 80%, replaced with a random
token with a probability of 10%, and not replaced with any
other tokens with a probability of 10%. Besides, following
HERO (Li et al. 2020), video frames v are also utilized to
reconstruct masked tokens for better use of cross-modal
information by minimizing the negative log-likelihood,

EML]W (9) = _Etmaskfvt IOg P@ (tmask | tﬂmask; V) P (4)

where t,,45 18 the masked token, t—,,,4s% are the surround-
ing tokens around ¢,,,,s% and 6 denotes trainable parameters.

Masked Frame Modeling Masked Frame Modeling
(MFM) (Li et al. 2020; Luo et al. 2020; Xu et al. 2021a;
Fu et al. 2021) aims to complete video frames based on their
surrounding frames. Rather than directly frame feature re-
gression, contrastive learning is utilized to enhance the video
understanding. FEEL regards the origin features of masked
frames and the recovered features as positive samples. Fea-
tures of unmasked frames are regarded as negative samples.



Then, the noise contrastive estimate (NCE) loss (Sun et al.
2019a) is utilized,

£MFM (9) = _E’UmaskNV log NCE (Umask ‘ V-mask t) P
Q)
NCE (vmask ‘ Uﬁmask’at) =
exp (evm,ask ) O'le,ask)

)
T T

(6)

where v_,qs; 1S the surrounding frames around v,,qsk-
Other frames in the same batch are regarded as negative
cases, denoted as \V.

Global Modality Reconstruction To explicitly model the
alignments between video and language at the sequence
level, a global modality reconstruction is introduced based
on masked modality modeling. As for the video reconstruc-
tion, the MCBroy is utilized to construct the video em-
bedding e}, with the language feature o;. For global video-
language alignments at the sequence level, €] is expected
to be close to the original video embedding e,. The Mean
Squared Error (MSE) loss is utilized to calculate the distance
between two video embeddings e/, and e,

EGtQU = MSE (Hl (ev) , M (e;)) ) @)

where m is the mean-pooling operation, and Lg,,, is the
MSE loss between €/, and e,,.
Similarly, Lg,,, is calculated,

Lq,,, = MSE (m(e;),m(e})),

where L¢,,, is the MSE loss between e} and e;.

For global modality reconstruction, the sum of the above
two losses is utilized as the global modality reconstruction
loss,

®)

v2t

Lg= EGtZU + ‘CGvZ" ©)

Cross-Modal Self-Contrasting The cross-modal self-
contrasting is introduced to avoid the over-alignment. For
language features, language features are converted twice by
MCB. Specifically, language feature o, is firstly converted to
video embedding €/, and then e, is converted to language
embedding e},

sc-t sct __
0, 7,04

Tcross (e;;» et) ) (10)

ei’ = MCB\/QT (Ozc’t) ;

(11
where 05! and 07" are the features obtained by encoding

e/, and e; with the cross-modal Transformer, e} donates the
language embedding converted twice by MCB.

To avoid over-alignments, the distance between e} and
original language embedding e; are expected to be less than
the distance between e} and e;. The reason is that the source
information of the former is more consistent. A triplet loss
is utilized,

=4 (m(e}),m(e),m(e})),

where § is the triplet loss.

L5y, (12)
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Similarly, for video features, the triplet loss is calculated,

Of;ava Ofav = Teross (evv e:‘) s (13)
e, = MCBrav (0;“"), (14)
‘Cscufzt :5(M (e;/)aM(ev)’M(e;))v (15)

where 0", 0" are the features obtained by encoding e,
and e} with the cross-modal Transformer, €/ donates the
video embedding converted twice by MCB.

For cross-modal self-contrasting, the total loss is calcu-
lated as the sum of the above two losses,

Lsc = L5Cu, +LSCy0:- (16)

Experiments
Pre-training Datasets

The method is pre-trained on Howto100M (Miech et al.
2019), which is collected from YouTube and widely used
for video-language pre-training (Li et al. 2020; Xu et al.
2021a,b; Yang, Bisk, and Gao 2021; Gabeur et al. 2020).
The videos are cut into 60-second clips and exclude videos
in non-English languages and appearing in the downstream
tasks to avoid contamination in evaluation. Finally, a subset
of 7.56M video clips with ASR (Automatic Speech Recog-
nition) transcripts are obtained.

Application to Text-based Video Retrieval

Fine-tuning Datasets Text-based video retrieval tasks are
typical for industry and academia. For a given query, text-
based video retrieval needs the model to find the most rel-
evant one from lots of videos. We conduct experiments on
two benchmarks, MSR-VTT (Xu et al. 2016) and TVR (Lei
et al. 2020).

MSR-VTT (Xu et al. 2016) is a popular dataset for text-
based video retrieval.

“Training-7K” follows the data splits from (Yu, Kim, and

Kim 2018; Miech et al. 2019, 2020; Tang, Lei, and Bansal
2021; Luo et al. 2020; Li et al. 2020), and “Training-9K”
follows the data splits from (Gabeur et al. 2020; Xu et al.
2021a,b; Patrick et al. 2020). The two splits have the same
test set but different training sets.
TVR (Lei et al. 2020) is drawn from 6 long-running TV
shows, consisting of 109K queries on 21.8K videos ac-
companied with timestamped subtitles. The average length
of videos of TVR is 76.2 seconds. For each video, there
are 5 corresponding queries. The dataset is split into four
parts: 80% training, 10% validation, 5% testing-public, 5%
testing-private.

Comparison with SOTA We use TVR and MSR-VTT
to evaluate the performances on text-based video retrieval
tasks. The results are shown in Tables 1(a), 2 and 3, respec-
tively. The results show FEEL has good performances on the
benchmarks. For the MSR-VTT benchmark, FEEL outper-
forms the SOTA method TACO (Yang, Bisk, and Gao 2021)
by +0.7% in R@1, +1.4% in R@5, +2.1% in R@10 with
the “training-7k” split. Besides, FEEL also shows promis-
ing results with the “training-9k” split. Following HERO (Li



| Validation Testing
Method
Mehod R@l R@5 Re@IO | R@1 R@10 R@I100 | R@l R@I0 R@100
MEE(2018) 756 2078 29.88  xXML(2020) 262 905 2247 |332 1341 3052
XML(2020) 1654 38.11 5041 RLAT(2020) 461 1129 16.24 - - -
ReLoNet(2021) 16.96 39.28 51.34 SAN(2022) 364 1532 3473 - - -
ReLoCLNet(2021) 2213 4585 5725 ReLoCLNet(2021) 415 1406 3242 - - -
Cascaded MPN(2022) 28.54 - 61.73 HAMMER(2020) 513 11.38 16.71 - - -

, Cascaded MPN(2022) | 527 1612  35.11 - - -
*HERO (Li et al. 2020)  30.11 - 62.69  *HERO(2020) 513 1626  24.55 621 1934  36.66
*FEEL 3115 55.01  64.66

*FEEL | 6.02 19.00 3292 | 691 2070 4220
(@) (b)

Table 1: Results on TVR benchmark: (a) results of text to video retrieval, (b) results of text-based corpus video moment retrieval.
* represents using a pre-trained model. CONQUER is greyed out because of unfair comparison.

Method R@l R@5 R@I10
JSFusion(2018) 102 312 432
HT(2019) 149 402 528
NoiseE(2021) 174 41.6 53.6
DECEMBERT(021) 17.5 443 58.6
HERO(2020) 20.5 47.6 60.9
EAO(2022) 21.0 493 60.1
UniVL(2020) 212 49.6 63.1
TACO(2021) 248 52.1 64.0
FEEL 255 53.5 66.1

Table 2: Results of text-video retrieval on MSR-VTT testing
set with the training-7k split.

et al. 2020) and MMT (Gabeur et al. 2020), ASR informa-
tion is used. FEEL achieves good results because global
modality reconstruction can learn the alignments at the
sequence level. Besides, cross-modal self-contrasting can
handle the misaligned information during pre-training, and
forced alignments have been avoided. Note that methods
with different pre-training data will not be compared with
our method. Some methods (Xue et al. 2022; Fu et al. 2021;
Li et al. 2022; Zellers et al. 2021; Lei et al. 2021b) use dif-
ferent dataset for pre-training. For example, ClipBERT (Lei
et al. 2021b) use image-text pairs for pre-training, and Rou-
ditchenko et al. (2020) and Gabeur et al. (2022) use addi-
tional audio modality.

Application to Text-based Video Corpus Moment
Retrieval

Fine-tuning Datasets Compared with text-based video
retrieval, text-based video corpus moment retrieval needs
to locate the most relevant moment from large video
corpus and is more difficult. Three benchmarks are
included for text-based video moment retrieval tasks:
DiDeMo (Anne Hendricks et al. 2017), How2R (Li et al.
2020), TVR (Lei et al. 2020).

DiDemo (Anne Hendricks et al. 2017) consists of 41.2K
unique moments of 10.6K videos from YFCC100M Flickr
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Method R@l1 R@5 R@I10
MMT(2020) 26.6 57.1 69.6
UniVL(2020) 272 557 68.7
VLM(2021a) 28.1 555 674
VideoClip(2021b) 30.9 554 66.8
SupportSet(2020) 30.1 585 69.3
TACO(2021) 284 578 712
FEEL 304 589 71.7

Table 3: Results of text-video retrieval on MSR-VTT testing
set with the training-9k split.

videos (Thomee et al. 2016). The average length for query
and moment is 8 tokens and 6.5 seconds, respectively. The
dataset is split into three parts: 80% training, 10% validation,
and 10% testing.

How2R (Li et al. 2020) is a new and challenging text-based
video moment retrieval benchmark collected from 9K in-
structional videos in HowTo100M. On average, each clip is
accompanied by 2-3 queries.

TVR (Lei et al. 2020) is a closed-world dataset. The moment
length is between 0.29 seconds and 123.02 seconds, with an
average of 9.1 seconds. The dataset is split into four parts:
80% training, 10% validation,5% testing-public, 5% testing-
private.

Comparison with SOTA We use TVR (Lei et al. 2020)',
How?2R (Li et al. 2020), and DiDemo (Anne Hendricks et al.
2017) to evaluate text-based video corpus moment retrieval.
The results are shown in Tables 1(b) and 4, respectively.
Compared with text-based video retrieval, text-based video
corpus moment retrieval is more challenging and requires a
more substantial alignment ability of models. Surprisingly,
the results show that our model brings significant improve-
ments on the three benchmarks compared with baselines.
For the TVR validation set, FEEL outperforms HERO by
+0.89% in R@1, +2.74% in R@10, +8.37% in R@100. For

'"We submitted the TVR leaderboard. https:/competitions.
codalab.org/competitions/22780



\ IoU=0.5 10U=0.7
Method
Method | Rel R@5 R@I0 | R@l R@5 R@I0 | R@1 R@5 R@I0
XML(2020) | 2.06 - 896 XML(2020) 2.26 - 1042 | 1.59 - 677
HERO(2020) | 3.01  6.33 857 HERO(2020) 337 879 1326 | 214 773 1143
FEEL 332 834 1027

FEEL | 402 1075 1522 | 334 967 1354

(@ (b)

Table 4: Results of text-based corpus video moment retrieval on How2R(a) and DiDeMo (b). Note that the results of HERO
on How2R are from VALUE (Li et al. 2021) based on a new version of the How2R benchmark, because the old one is noisy
due to short and respective textual queries. Following the suggestion, we also use the new version of the How2R benchmark to

evaluate our method.

DiDeMo, FEEL even outperforms CONQUER (Hou, Ngo,
and Chan 2021) on all three metrics. We think it is unfair
to directly compare FEEL with methods that optimize the
downstream task method while using a pre-trained model,
so we grey out method CONQUER, and for methods SAN
and Cascaded MPN we report the results only optimize the
downstream task method without pre-training. Some meth-
ods (Lee, Oh, and Seo 2021; Gao, Liu, and Liu 2021) ex-
plore an image-text pre-trained model CLIP (Radford et al.
2021) to a well-designed video moment retrieval architec-
ture. Besides, CUPID (Zhou et al. 2021) selects relevant pre-
training data using specific downstream tasks and changes
the distribution of the original pre-training dataset. Because
of the use of different pre-training data, the results of these
methods will not be compared. FEEL achieves promising
results on all three benchmarks. The good results prove that
our alignments are still effective in more complicated tasks.

Ablation Studies

In this section, we conduct ablation studies to verify the ef-
fectiveness of FEEL. To know the respective contributions
of two novel techniques to the final results, We conduct abla-
tion studies on four text-based video retrieval and text-based
video corpus moment retrieval. The results are shown in Ta-
ble 5.

We can see that without global modality reconstruction in
the pre-training phase (MLM + MFM vs MLM + MFM +
GMR), the results on all benchmark decreased significantly.
For the MSR-VTT benchmark, without global modality re-
construction, the results drop 6.1 % in R@1, 5.5% in R@5,
and 6.5% in R@10.

Besides, we can see that self-contrasting brings improve-
ments to quantitative results (MLM + MFM + GMR + CS
vs MLM + MFM + GMR). The results show that addressing
over-alignment is helpful for for downstream tasks. For the
MSR-VTT benchmark, cross-modal self-contrasting brings
+3.6% in R@1, +6.1% in R@5 and +4.3% in R@10.

Discussion and Analysis

How does Model Work For a more intuitive view of how
global modality reconstruction works for downstream tasks,
we use the MSR-VTT benchmark for a case study. We com-
pare some top-1 retrieval results between with and with-
out global modality reconstruction. The results are shown in
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somebody slices white onion with sharp knife on the table

u/

distinguish between slicing onions with a knife and peeling onions by hand while knife is nearby

_a W

distinguish between a soldier laying and a woman laying while a soldier appeared

a soldier is laying down

AT

x

two child playing in the house

distinguish between one child and two children

Figure 3: Comparison of cases with and without global
modality reconstruction. The text marked in red is the query.
Results with semantic alignments are on the left, while re-
sults without semantic alignments are on the right.

Figure 3. For example, in the first case is “somebody slices
white onion with sharp a knife on the table”. The model
without global modality reconstruction can align some crit-
ical tokens well, such as “knife” and “onion” but fails in
aligning “slices”. For the second case, important tokens are
well aligned, such as “soldier” and “laying down”, but the
final recall result is wrong. The reason is that the cross-
modal information is not well aligned at the sequence level.
The third case is “two child playing in the house” 2. The
model without global modality reconstruction aligns well on
“child” and “house” but fails in aligning “two”. Thus, it can
not distinguish between one child and two children. Criti-
cal tokens are well aligned for the pre-trained model with-
out global modality reconstruction, while the lack of align-
ments at the sequence level leads to incorrect semantically
misaligned results. These cases show how global modality
reconstruction improves the effect and the importance of
alignments at the sequence level in the pre-training stage.
For cross-modal self-contrasting, We verify that our
model can better identify the different information be-

The original queries in the dataset have some syntax errors.



video retrieval

‘ video corpus moment retrieval

Method DeDimo How2R | TVR MSR-VTT
|R@l R@5 R@I0 | R@l R@5 R@I0 |R@I R@5 R@I0 | R@l R@5 R@I0
MLM + MFM 191 613 947 |247 510 703 | 2265 4428 5498 | 158 419 553
MLM+MFM+GMR | 271 839 1261 | 301 819 1004 | 3050 5324 6292 | 219 474 618
MLM+MFM +GMR +CS | 334 967 1354 | 332 834 1027 | 3115 5501 6466 | 255 535 66.1

Table 5: Ablations on two video retrieval tasks and two video corpus moment retrieval tasks. GMR denotes global modality

reconstruction, and CS means cross-modal self-contrasting.

Cross-modal self-contrasting analysis
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Figure 4: Comparison of sensitivity to different information
with and without cross-modal self-contrasting.

tween the two modalities through a specific experiment on
MSR-VTT. We sample 100 cases from the testing set. We
randomly add some unrelated tokens to the queries and
construct hard negative queries (strongly related to origin
queries but semantically inconsistent ). Intuitively, the scores
between hard negative queries and origin correct videos will
be reduced in the process of inference with the same model.
If the scores decrease significantly, the model is sensitive
to different information between the two modalities, which
is important for cross-modal retrieval tasks. As shown in
Figure 4, after adding unrelated tokens, compared with the
pre-trained model without cross-modal self-contrasting, our
method significantly change the similarity score between
queries and videos. The results show that the new method
is more sensitive to misaligned information than the pre-
trained model without cross-modal self-contrasting and can
better identify the different information.

Visualization For visualization, we illustrate the similar-
ity score distribution of video-text pairs on the MSR-VTT
benchmark in Figure 5. Each row represents a query, and
each column stands for a video. Three frames are extracted
from the corresponding video to show the visual contents.
Block in row %, and column j represents the similarity score
between the ¢-th query and the j-th video. The i-th query
and the ¢-th video are matched in the testing dataset. Our
model gives the highest scores to the diagonal of the matrix.
In other words, our model can align the queries to the videos
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Figure 5: Distribution of similarity scores for video-
language pairs on the MSR-VTT benchmark. The score is
calculated based on cosine similarity and the range is [-1,1].

correctly, even though there are some hard samples like the
2-nd video and the 5-th video. The two videos are both about
potatoes and are difficult to distinguish. The results demon-
strate the effectiveness of our model on video retrieval.

Discussion on CycleGAN and MirrorGAN Our cross-
modal self-contrasting loss is different from CycleGan (Zhu
et al. 2017) and MirrorGan (Qiao et al. 2019) in two as-
pects. First, in terms of goals, CycleGan and MirrorGan are
introduced for the image-to-image translation task and text-
to-image generation task respectively, while our method is
devised to enhance video-language pre-training for two text-
to-video retrieval tasks. Second, in terms of model architec-
ture, CycleGan and MirrorGAN are based on the generative
adversarial network, while our method is mainly composed
of multi-head self-attention blocks and cross-modal trans-
formation is in the latent semantic space.

Conclusion

In this paper, we proposed FEEL to learn semantic align-
ments by video-language pre-training. We introduced the
global modality reconstruction to learn the alignments at the
sequence level. Besides, cross-modal self-contrasting was
applied to handle the misaligned information in the pre-
training video-language pairs. We conducted experiments
on 5 benchmarks to evaluate the cross-modal alignments.
The results showed that our pre-trained model maintained
promising performances on text-based video retrieval and
text-based video corpus moment retrieval.
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