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ABSTRACT

Video representation learning has been successful in multi-modal pretraining
where each sentence in a paragraph of description is trained to be close to the
paired video clips in the common feature space. For long videos, in particular,
by optimizing the sentence-clip pairs, the full video and its text description are
aligned implicitly. However, such strict optimization may ignore the temporal
context over a long time span, which inevitably limit the generalization ability. In
this paper, we propose a contrastive learning framework, TempCLR, and compare
the full video and paragraph directly. As the video (paragraph) can be formulated
as a sequence of clips (sentences), we first calculate pair-wise sentence-clip match-
ing cost. Then, under the constraint of temporal ordering, we use dynamic time
warping to calculate the minimum alignment cost, i.e., distance, between video
and the corresponding paragraph. To explore the temporal dynamics, we break
the temporal consistency by shuffling the video clips or sentences separately and
then find the distance to be maximized. In this way, we learn to extract features
for clips and sentences which are aware of the global temporal information and
are then friendly for sequence alignment. In addition to video-paragraph align-
ment, our approach can also be generalized on the matching between different
short video instances. We conduct experimental study on action step localization,
video retrieval, and few-shot action recognition, and achieved consistent perfor-
mance gain over all three tasks. Detailed ablation studies are provided to justify
the selection of each component.

1 INTRODUCTION

Representation learning on videos has achieved remarkable success (
s ) and has been extended on video-text data ( ,
) to learn a common feature space for zero-shot transfer. Given a paragraph of text descrlp—
tion for the full video, in addition to recognizing actions in a short video, the understanding of long
videos is also increasingly important such as [placeholder: example of long video understanding].

i} k]

A long video is usually formulated as a sequence of short video clips. Given a paragraph, every sen-
tence is used to describe (i.e., paired with) the consecutive video clips in a temporal segment. Then,
by training each sentence to be close to the corresponding clips locally ( ), the video
and its paired paragraph can be aligned implicitly. Similarly, by fusing the embeddings over a short
time span for text and video clips in advance, ( ) learns to align the fused embeddings
but still does not directly align the video and paragraph. Instead, as a paragraph is essentially a
sequence of sentences, by modeling the correlation between the two sequences (sequence-level), the
whole long video and the paragraph can also be compared globally (Fig. 1(a)).

In addition, obtaining good matching between individual clips and sentences (unit-level) ignores
the context of temporal dynamics, and will limit the generalization ability ( , ). For
all clips within a video segment, as the action/event progress at each clip varies, strictly matching
the sentence with all of the paired clips during pretraining, serving as a hard-label, may not always
result in an optimal solution. Also, as the visual contents are mostly dominated by background,
the clips in different temporal segments can be naturally similar. For a challenging case where two
clips are visually similar (i.e., confusing) but are supposed to be paired with different sentences
(Fig. 1(b)), the context information by temporal order can avoid the potential mismatching in unit-
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Figure 1: Previous methods assume XXX. However, directly modelling the distance between them
will be also important.

level comparison. Similarly, for the segment features which are obtained by aggregating the related
clip features, the segment feature may still be dominated by spatial information ( , )
and the temporal understanding may still be less explored during training.

In this work, we propose a contrastive learning framework to compare the full video and paragraph
directly and explore temporal dynamics TempCLR. We directly calculate the distance between full
video and paragraph during comparison, and the distance is the minimum cumulative matching cost
over the sentences and clips under the constraint of temporal dynamics. Specifically, for the para-
graph (anchor) and its paired video (positive), we calculate the pairwise distance between sentences
and clips and then use dynamic time warping (DTW) ( , ) to find the distance. Then, [to
integrate the temporal context into embedding], we emphasize the relation between units within the
same sequence and consider the cases where the consistency between video and paragraph is not
met. Without loss of generality, for each paragraph, we shuffle the order of clips in the paired video
to synthesize negative samples and then use DTW to find the minimum distance to be maximized.
Finally, we apply contrastive learning ( , ) to maximally align video and paragraph
in a positive pair. In this way, we can learn embeddings for clips and sentences which are aware of
temporal context in a long time span and are friendly for sequence matching.

In addition to compare sequences for vision-language pretraining, our TempCLR can also be gener-
alized on one-shot action recognition where different videos are compared (i.e., video-only). During
the evaluation, each video is classified through the nearest neighborhood search according to the
sequence distance. As the duration of each action is short, we formulate each video as sequence of
frames. As the frame matching between videos are not annotated, we also replace DTW with OTAM
due to a strong assumption in DTW ( ) to calculate the distance instead. In summary,
the contributions are:

e We proposed a contrastive learning framework TempCLR to directly compare sequences and the
learned representation for clips and sentences perceive temporal dynamics.

e Given an anchor, we designed a negative sampling strategy by shuffling the positive sequence and
used DTW to directly calculate sequence-wise distance. Notably, our method can be generalized
to learn representation for both video-paragraph data and video-only data.

e We conducted extensive experiments on three tasks (i.e., action step localization, video retrieval,
and few-shot action recognition) to demonstrate the effect of our training strategy. At each task,
we observed consistent performance gain and achieved state-of-the-art performance. Comprehen-
sive ablation studies are provided to justify the design of each component.

2 RELATED WORK

Contrastive learning has achieved remarkable success on images ( s ; s

) and videos ( , ). The main 1dea is to group
different views of the same 1mage/v1deo 1nstance and push away negative samples from different
instances by minimizing the InfoNCE loss ( , ) and it . It uses cosine similarity
during feature comparison and can cluster features even though no semantic class labels are not
provided ( , ), which is also theoretically analyzed in ( ). (

, ) then improves the feature clustering on imbalanced datasets. Besides, by using different
backbones to synthesis features for comparison, the image representation can also be improved (
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, ). In addition to the spatial augmentation, the temporal information in

v1deos can also be exploited. ( ) assumes the visual content of all clips
from the same video are consistent when the length is short. Then, ( ) generates
views by using different temporal length. Meanwhile, ( ) comprehensively studies

the effect of different temporal augmentation methods for contrastive learning.

Multi-modal pre-training for zero-shot transfer has been has been studied to connect vision and
language. CLIP ( , ) applied contrastive learning on image-caption pairs and learns
a common multi-modal feature space which are transferable for new tasks. Then, ( )
and ( ) further modified the negative sampling strategy such that the embeddings can be
more discriminative and can be used for object detection separately. Similarly, such pre-training has
also been extended to video understanding ( ), and the pioneering works include
( ); ( ); ( ). Multi-task pretraining has been
studied to improve the performance ( ; , ). Then, to mitigate the impact
of noise in long videos labeling, VrdeOCLIP ( , ) proposed a sampling strategy and
improved the performance. Besides video and text, the audio can also be included to benefit the
zero-shot tasks on long-videos ( s ). As an alternative, instead
of learning a feature space, the flexibility of the transformer structure ( ) can also
be utilized where the cross-attention mechanism can fuse the multi-modal information at each layer
automatically ( s ; s ; s ; , ).

Sequence alignment has been well-studied in conventional machine learning. For each unit in
the sequence/time-series, under the constraint of temporal ordering, the indexes of matched units
from the aligned sequence should be monotonically increasing. Then, an optimal matching between
aligned sequences can be found where the averaged distance over matched units is minimized. Dy-
namic time wrapping (DTW) ( ) is first proposed to find the optimal matching though
dynamic programming where canonical time warping ( ) is then used to align
sequences with different feature dimensionality and is applied in deep learning methods (

, ). Meanwhile, a pyramrd deep architecture ( , ) or attention-based mech-
anism ( , , ) can be designed to integrate multi-scale temporal
information into a single feature vector for comparison. Besides, under the regularization of the
sequence alignment, several pre- trarnrng strategies are designed for visual-audio and visual-rhythms

synchronization ( s s ) as well as video-text alignment ( ).
However, all of the training objectrves are still focus on the matching between units and assume the
sequences can be aligned implicitly. Though ( ) has considered on the order be-

tween two related actions for action localization, it does not consider the alignment with the full
video and thus does not explore the complete temporal context.

3 APPROACH

We first provide notation and task formulation in Sec. 3.1. Then, we detail the paradigm of our
method and explain how to adapt it for different tasks in Sec. 3.2 and 3.3 respectively.

3.1 PRE-TRAINING TASK FORMULATION

Given an anchor instance S, (i.e., a paragraph or a video), we aim to learn a network that can
minimize its distance with a positive instance S, (i.e., a video paired with the paragraph or a video of
the same semantic class). Since the time span for each paragraph (video) can be long, it is typically
formulated as a sequence of sentences (short video clips). Then, a network is trained to extract a
feature embedding for each sentence (short video clip), resulting in a sequence of embeddings, i.e.,

= {si}Ne and S, = = {s) } =21, where the intrinsic temporal order within S, and S, are consistent

Wrth each other (s’ sg, € Rd are the sequence units where d is the dimension of the common feature
space, N, and N, are the sequence lengths but IV, is not necessarily equal to N,). In this way, to
directly calculate the distance dys, s}, we use the minimum alignment cost over units between two

sequences S, and Sy, where d(s, s, is supposed to be small when S, and S, are aligned.

Dynamic Time Wrapping (DTW) is introduced by ( ) and aims to find an optimal
alignment over units between sequences where the sum of costs over matched units is minimum.
We set a matching matrix M € RYe*N» where M (i, j) = 1 indicates s’ and s, are matched. Then,
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Figure 2: Illustration of our approach. Without loss of generality, we first extract the embedding for
each caption (blue) and each clip (green) to build the anchor S, and positive S,, sequences [update
caption]. Then, we generate negative samples by shuffling the embeddings in S,, but still keep the
order. Then, for the anchor, the training objective is to maximize its agreement with the positive one
and maximize its distance with each of the negative sequences.

every s/, in S, is supposed to be matched with at least one unit in S, i.e., di<icn, M(3,5) > 1 for

Vj € {1...Np}, and vice versa. Under the constraint of sequence order, the index of matched unit

should be monotonously increasing, i.e., if SZ matches s;* where 1 < m < N, and 1 < n < N,
SZ“ cannot be matched with any unit in {s?, f’;}l, ie., Zl§i<m M(i,7) = 0.

Firstly, DTW calculates the pair-wise matching costs between units D € RNa*Ne where D(i, j)

is the cost, e.g., cosine distance ( , ), between sfl and s{,. Then, DTW employs a
dynamic programming strategy and sets a matrix C' € RNe*Np to record the minimum cumulative
cost until s}, and sgj ( s ; s ), i.e.,

Then, the sequence distance is dys, 5,3 = C(Na, Np) and M can be recorded at the same time.

3.2 TEMPORAL ALIGNMENT REPRESENTATION WITH CONTRASTIVE LEARNING

The temporal dynamics naturally exhibited in each sequence (i.e., paragraph or video) are represen-
tative. As S, and S,, are of similar semantic meaning and their temporal orders are consistent, when
a global optimal alignment between S, and S,, is found, the units (s?,, sf,) in each matched pair are
also assumed to be semantically close to each other. As such, when the features in S, are hard to be
distinguished due to redundant information such as visual background, the network may utilize the

global temporal order to find a proper alignment between S, and S,.

In contrast, when the temporal consistency w.r.t. S, is not preserved, i.e., a negative sequence
S,, whose semantic meaning is different or temporal order is not consistent with S,, the distance
dys, s,y between S, and S,, should be high. After all, S, cannot be aligned with S,,, and the units
in every matched pair derived by DTW are not guaranteed to be of high correlation.

Specifically, we consider the importance of temporal order and aim to obtain feature embeddings
that preserve the order information and thus can benefit the alignment between two sequences. Thus,
as shown in Fig. 2, we propose TempCLR to learn representations that can facilitate the temporal
alignment with S,,. We first generate negative sequences by randomly shuffling the units within S,,
and then follow the contrastive learning ( s ) framework.

Contrastive learning (CT) is a self-supervision approach by learning to group the samples with
high correlation. CT treats different views of the same instance as correlated (positive) and builds
negative pairs by sampling views from different instances. As each instance is an image in (

, ), each view can be generated by performing augmentation on the low-level pixels, i.e.,
adding effects such as flipping and color distortion. In practice, given a set B with Ny instances,
for each instance I € B, another view I’ is generated and is then used to build a positive pair with I
where the other instances in B are used to build negative pairs with 7. Then, the training objective
is to minimize the InfoNCE loss ( ),

exp(z7 - 21/ /T)
exp(zr - 21 /T) + Y xep, exp(zr - 2x/T)

L:CT(IaI/aBn) = —IOg (2)

4
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where B, = B\ {I}, zx € R? is the feature for instance X after lo-normalization and 7 is a
hyperparameter to rescale the affinity scores. In this way, CT is performing pair-wise comparison
where the disagreement between the two features in a positive pair is induced by the variation of
augmentation. Then, for our approach, we can derive the training objective, i.e.,

exp(d{swsp}/T)
exp(dys, s,1/7) + 2s, cs, exP(d(s, s,}/T)

»Cseq(saa Spv Sn) = - IOg (3)

where §,, = {SEZ )}f\;”l is the set of V,, negative sequences derived from S,,. As a complementary
component, the sequences which are from other instances unpaired or uncorrelated with S, can
also be included in S,,. However, it introduces more computation workload but does not improve
performance (analyzed in Sec. 5.1) effectively. As such, for each S,, we only use the shuffling
strategy for negative sample generation. By minimizing L., S, and S, are trained to be close to
each other while both of them are pushed away from all negative sequences in S,,.

3.3 ADAPTATION FOR PRETRAINING TASKS

We briefly explain how to apply the paradigm to align the video and paragraph in one semantically-
correlated pair (video-paragraph) or videos of the same class (video-only) during network training.

Video-Paragraph. For each long video, a paired paragraph consisting of short sentences is provided
and every sentence, i.e., caption, describes the visual content within a temporal segment. A text
encoder Fr : RN1Xdw — R4 is applied to extract embedding for each sentence, where {N;, d,, }
are the number of words and the dimension of word vectors respectively. Then, for each video, all
frames are grouped into non-overlapping consecutive short video clips and each clip, serving as a
visual token, has n; frames. Thus, each sentence is mapped with multiple consecutive clips. We use
a visual encoder Fy : R"*wx3xns _y R4 (g extract token embedding for each clip where {h, w}
denote the height and width of each frame.

For each sentence in the paragraph S,, we can find the clips in the annotated segment. By concate-
nating the clip embeddings for all sentences, we build S,,. Since the segments of different sentences
may have overlap, during training, without loss of generality, we will sub-select the sentences to
have S, such that there is no repeating clips in S,,, i.e., for each s, € S, with period [tf, 1] where ¢
and ¢} are the starting and ending indexes of the clips in the full video, we always have t6+1 > i,
Finally, to generate negative samples, we first change the order of the segments and then shuffle the
clips within each segment.

Video-only. Our approach can be generalized to match different video instances of the same class,
facilitating one-shot action recognition. Since the duration of action is short, we extract an embed-
ding of each frame instead to formulate sequences. According to the starting and ending frame index
as well as the sampling rate, we can determine the frames to be sampled. Then, we generate the neg-
ative sequences by directly shuffling the frames. Besides DTW, ( ) proposed OTAM,
a variant of DTW, to avoid the restrict boundary constraint DTW, i.e., M (1,1) = M (N,, N,) = 1.
The effect of DTW and OTAM in our approach can be found in Sec. 5.2

4 EXPERIMENT

4.1 EVALUATION TASK

We evaluate our TempCLR on three task types, including action step localization, video retrieval,
and one-shot action recognition.

Action step localization assumes that each video is associated with a Task consisting of multiple
steps. Each step is explained in a specific video segment and is in a form of sentence description.
Then, during inference, given a Task and its corresponding step condidates, each video clip is sup-
posed to be assigned to the corresponding step. The performance is measured by recall, i.e., number
of step assignments that fall into the correct ground truth interval, divided by the total number of
steps in the video.

Video Retrieval aims to find the matching video from a pool of videos, given the sentence query
description. As the conventional setting is to matching the caption with a video clip (caption-clip),
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( ) recently formulates a more realistic scenario, full-video retrieval. Given a set of
caption queries, i.e., paragraph, describing multiple parts of an entire long video, the task then aims
to retrieve the full video according to the paragraph. For both caption-clip retrieval and full-video
retrieval, we use recall as metrics under different ranking patience, i.e., R@1, R@5, R@10.

Since both action step localization and full-video retrieval consider the full video during evaluation.
We mainly use these two tasks to examine the importance of utilizing the temporal order/dynamics
and show how our approach benefit them.

One-shot action recognition aims to recognize action with only one labeled data. In each one-shot
Task, given N¢ classes where each class has one support video as a reference, we classify a test
video by comparing its distance with each support video through the nearest neighbor search. In a
common setting ( s ), we are first given a base dataset of classes Cpqge to pre-train
a model and a novel dataset of classes C,, oy for evaluation. As the two class sets are disjoint, ie.,
Chase UCnhover = D, and no finetuning on support videos in novel is applied, the recognition accuracy
can be used to indicate the generalization ability of our approach on new classes.

4.2 DATASET AND IMPLEMENTATION DETAILS

Video-Paragraph Pre-Training We follow ( ) and use HowTolOOM
(HT100M) ( s ) for network training. HowTolOOM contains XXX instruc-
tional videos and the videos existing in YouCooklI ( , ) have been removed for fair

comparison. Due to the computation resource limitation, we directly build our model on top of the
VideoCLIP, i.e., initialize the network parameters with the weights in a fully-trained VideoCLIP
checkpoint, and randomly select 30k videos ( 2.7%) of the full training set to update the pre-trained
network by minimizng our L,.,. Among the subset, on average, the duration of each video is
around 6.5 minutes with about 110 clip-caption pairs. The total text transcriptions is about xxx MB,
with 2.4 tokens per second on average.

(Architecture) VideoCLIP ( s ) consists of two Transformer architectures for video and
paragraph separately. For videos, a backbone network is used to extract embedding for each clip,
i.e., video token, where the clip embeddings are then fed into the 6-layer video transformer. For each
sentence in the paragraph, they first obtain embedding for each token [though embedding look-up

used in BERT ( , )] and then send the tokens of each sentence into a 12-layer Trans-
former. VideoCLIP uses S3D feature ( , ) as the clip embeddings and the S3D network
has been pre-trained on HowTo100M ( , ) in a self-supervised manner (

). To align the dimension of embeddings, VideoCLIP additionally set a MLP with the Trans-
former to map the clip emedding dimension from 512 to 768. VideoCLIP is optimized by minimizng
the InfoNCE ( , ) between captions and clips, and does not clearly model the tem-
poral orders during trianing. As VideoCLIP has already been a strong baseline, we choose it for
comparison to better demonstrate the importance of temporal modelling.

For implementation, we use the script provided in VideoCLIP to extract the token embeddings for
each video. During pre-training, we update all parameters of whole network, i.e., two Transformer
and one MLP layer. We train the model on 2 NVIDIA TiTAN RTX GPUs (each with 24 GB memory)
for 10 epoches within two hours. We use the default hyper-parameters in Adam (

) optimizer with betas of (0.9, 0.98) with a small learning rate 1e~>. More details can be found
in Appendix.

Video-Paragraph Downstream Evaluation.

Action step localization is evaluted on CrossTask ( , ), which consists 83 differ-
ent Tasks over 4.7K videos. [Each frame of video is annotated with one or multiple steps as a
distribution.] We use the official testing data split which contains 1690 annotated videos over 18
Tasks and test set of CrossTask have been removed from the HowTo100M training set to avoid la-
bel leakage during pre-training. Firstly, we directly apply the model pre-trained on HT100M on
CrossTask test set for zero-shot evaluation. Meanwhile, we can finetune the pre-trained VideoCLIP
on the CrossTask train set, which contain 65 Tasks over XXX videos, and use the finetuned model
for evaluation (Supervised). To note, there is no Task overlap between the train set and the test set
and the step condidates in test set has never been seen during finetuning. For localization, for each
video token, we compare its similarity with all step candidates after softmax normalization to have
the confidence score.
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Video Retrieval is evaluated on Youcook? ( s ) which consists of 2000 cooking videos
with a total duration of 176 hours. On average, Each video is about 5.26 minutes and contains
[XX capations]. We use the pre-trained model for zero-shot evaluation and there are in total 3305
caption-clip pairs from 430 videos. In full-video retrieval, for each video, ( ) directly
concatenate the clips which have paird captions and assumes the background has been removed from
the whole video. To mimic a more realistic scenario, we do not utilize the temporal annotation of
clips and use the paragraph to retrieve the full video containing background.

Video-Only experiment is conducted on Something-Something V2 (Sth-Sth) by ( )
and uses the subset provided by ( , ). The subset contains 100 classes and each class
has 100 samples. The whole subset is then split into 64 base classes for pretraining, 24 (12) novel
classes for evaluation (validation). During evaluation, following the protocol defined in
( ), we sample 15 test videos for each class in one Task and calculate the accuracy over 15N¢
test samples. Finally, we report the mean accuracy over 1000 Tasks.
(Architecture) For fair comparison, we first use a ResNet50 model pretrained on ImageNet

( ) to extract embedding for each frame. Then, the embeddings of one video are fed into
a 6-layer Transformer and the output features are S,. To obtain S,, we set a linear layer to process
each frame embedding in S, and the linear layer is jointly learned. In this way, no action label is
used during training and the model is trained in a self-supervised manner.

4.3 EXPERIMENTAL COMPARISON

Table 1: Performance on action step localization for zero-shot (Left) and Supervised (right).

Approach (Zero-shot) Recall Approach (Supervised) Recall
HT100M( , ) 33.6 Alayrac( , ) 13.3
MIL-NCE( , ) | 40.5 (36.4) Zhukov( , ) 224
MCN( s ) 35.1 Supervised( s ) 31.6
DWSA( , ) 353 VideoCLIP( , ) 47.3
UniVL( , ) 42.0 TempCLR (Ours) 51.7

VT-TWINS( , ) 40.7 Approach (Few-shot) Recall
VideoCLIP( , ) 33.9 TempCLR (Ours) w/ 10% 40.7
TempCLR (Ours) 36.9 TempCLR (Ours) w/ 20% 42.8

Action Step Localization As shown in Table 1, by adding the loss L4, our method achieves
consistent ( 9%) performance gain compared with the VideoCLIP baseline in both zero-shot and
Supervised. Though VideoCLIP has shown strong performance after finetuning, our method can
still keep increasing the performance from 47.3 to 52.5. Since VideoCLIP introduces a limited gain
over MLP-NCE and we only use 2.7% training data for pre-training, the performance gain is not as
high as SOTA 42.0 (R5) but we still improve it from 33.9 to 36.9. Meanwhile, the two values in R,
are obtained by using different feature embedings. However, by finetuning on 10 20% of training
data of CrossTask, our approach can effectively improve the performance.

Table 2: Performance comparison on video retrieval (clip-caption)

Approach backbone R@l R@5 R@10
Random - 0.0 0.2 0.3
MIL-NCE*( s ) | R152+RX101 8.1 233 323
MCN( , ) RI52+RX101 | 18.1 355 45.2
MMV( , ) TSM-50x2 11.7 334 454
ActBERT( , ) R101+Res3D 9.6 26.7 38.0
MIL-NCE( , ) I3D-G 114 306 42.0
HT100M( , ) S3D-G 6.1 173 24.8
MIL-NCE( , ) S3D-G 15.1  38.0 51.2
MMFT( , ) S3D-G 24.6 483 60.4
VideoCLIP( , ) S3D-G 227 504 63.1
TempCLR(Ours) S3D-G 233 51.0 64.5
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Video Reterival. As shown in Table 3, we first follow MCN to measure the full-video retrieval
performance while the background is removed. Since ( ) does not consider the tem-
poral ordering, given a paragraph, MCN will use the each caption to retrieve each clip first and the
video whose clips are mostly matched with the captions will be retrieved (Cap. Avg). Surprisingly,
VideoCLIP has already achieves superior performance (24). Since the our approach is to model the
temporal ordering within each sequence, TempCLR achieves similar performance (Rg). Then, we
use DTW as measurement to compare the paragraph and full video directly. As VideoCLIP does
not model temporal order, the performance is imilar to MCN ([23 5). However, our approach can
clearly improve the performance, which further demonstrate the importance of ordering in tmeporal
modeling. Then, as shown in Table 6, we evaluate the retrieval of full video with background. By
using different distance metric, our TempCLR can outperform the VideoCLIP baseline consistently.
Finally, though our approach is not specifically designed to facilitate the matching on unit-level, as
shown in Table 2, TempCLR can still benefit the matching between captions with clips. Since we are
using the Transformer to process the clip embeddings in one video, we think the reason of the gain
is that our L4 loss can include global temporal information in the embedding, which also facilitate
the matching. More explanation of implementation detail can be found in Appendix.

Table 3: Comparison on full-video retrieval. Table 4: Comparison on action recognition
Approach Measure R@1 R@5 R@10 Approach Accuracy
MIL-NCE* Cap. Avg. 43.1 68.6 79.1 TSN++* 33.6
HT100M* Cap. Avg. 46.6 743 83.7 CMN++* 344
MCN( ,2021) Cap. Avg. 534 750 814  RTRN++* 38.6
VideoCLIPY Cap. Avg. 745 945 97.9 OTAM( , ) 42.8
VideoCLIP! DTW 56.0 89.9 96.3 RTX( , ) 42.0
TempCLR(Ours) Cap. Avg. 745 946 97.0 MTFAN( , ) 454
TempCLR(Ours) DTW 835 972 99.3 Baseline(ResNet-50) 37.2
TempCLR(Ours) OTAM 834 97.3 99.3 TempCLR (ours) 449
*:reported in ( ), T our implementation *:Results are reported in ( )

One-shot action recognition is summarized in Table 4. For Baseline(R7), it use the embeddings
extracted by ResNet50 and use OTAM as measurement for action recognition. Then, our TempCLR
differs OTAM by using applying self-supervised learning and generating negative sequences though
shuffling positive sequence, while ( ) applies meta-training ( , ) and
uses action labels. RTX also employs a Transformer but only learns the temporal order between a
pair/triple of frames and the learning efficiency is limited. However, our self-supervised learning
approach is more effective and is more close to the SOTA.

5 DISCUSSION

5.1 NEGATIVE SAMPLE SELECTION ON VIDEO ACTION RECOGNITION

Our approach follows the contrastive learning framework and minimizes the InfoNCE ( ,

) loss. For each anchor sequence S,, we generate negative samples S,, from the positive sample
S, by shuffling the order and breaking the order consistency within (S,,S,). Then, we discuss
relevant alternatives for the regularization and summarize the results on Table 5.

Table 5: Negative sampling strategy Table 6: Full-video retrieval (w/ background)
Negative Strategy | Recall Approach Measure | R@1 R@5 R@10
un-paired 48.0 VideoCLIP DTW 56.7 93.1 98.9
all-unit 49.3 VideoCLIP OTAM 539 913 97.0
within-seg 46.4 TempCLR DTW 704 938 979
seg-only 52.1 TempCLR OTAM 722 945 97.7
seg-unit 52.5 TempCLR w/ OTAM  DTW 66.5 93.1 96.6

On Video-Paragraph pretraining, for each paragraph (anchor), besides shuffle the segments first and
then shuffle the clip embeddings within each segment (seg-unit), we can also only shuffling the
segments while maintaining the clip order within each segment (seg-only). Meanwhile, an intuitive
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strategy is to follow ( ) and use the video which is unpaired with the anchor to build
negative samples (unpaired). In addition, we can also directly shuffle all clips embeddings in S,
(all-unit), or just keep the segment order and only shuffle the clip embeddings within each segment
(within-seg)

As shown in Table 5, we compare the performance on CrossTask under Supervised. Since the dis-
tance between video and unpaired paragraph has already been high and can be easily distinguished,
unpaired does not clearly improve the performance. According to R3_s5, since each caption is sup-
posed to align with all of the clips in the paired segment, breaking the order of segments in S, is
essential for modelling the temporal dynamics. When S, is compared with S,, under DTW, we
assume the derived optimal matching can be used to indicate the most confusing case regarding the
clip-caption matching. In this way, by minimizing L.,, the network is then trained to distinguish
the confusing cases between clips due to high visual similarity. When the segment order is preserved
instead, comparing with VideoCLIP baseline (R4 in Table | (right)), purely shuffling the clip order
within each segment does not help and may even lead to less the generalization ability. In contrast,
when the segment order is broken, shuffling the clip order within each segment further can serve
as data augmentation, which can improve the test performance sligntly from 52.1 to 52.5. When
all units are directly shuffled, the performance can be improved slightly since the clips of the same
segment may have been sparsely distributed in the full sequence, and it is too hard for the model to
learn.

Meanwhile, instead of setting the paragraph as anchor, we can also build positive and negative pairs
for each sequence draw from video (visual-anchor). However, shuffling the text embeddings w.r.t. a
video sequence is equivalent to (seg-only). As such, the performance by visual-anchor is also high
and around 52.0.

For the matching between videos, as each video instance is assigned with an action class label but
no segment annotation is provided, for each anchor video, besides shuffling all frame embeddings
in S, (w/o label, used in our approach), the alternative negative generation strategy it to select video
samples from different categories (w/ label). However, as shown in Table 8, since the distance
between different video instances has already been high, the performance gain is not significant.

5.2 COMPONENT ANALYSIS AND ABLATION STUDY

Table 7: Caption-Clip Match Table 8: Ablation study on CrossTask (Left) and Sth-Sth V2 (Right)

Approach | Gorrect PT\DS | W0 Lsq W/ Ly Approach | Diff Same

pp Match VideoClip | 473 525 DTW | 375 445
VideoCLIP | 79.6% TempCLR 493 52.0 OTAM 373 449
TempCLR 91.2% PT: Pre-train, DS: Downstream

Optimal matching through DTW. When we directly measure the global distance between video
and paragraph, it is also very important to ensure the matched units are also semantically close to
each other. As shown in Table 7, we consider the full-video retrieval and check the number of
correctly matched clip-caption pairs. Our TempCLR can both improve the recall in video retrieval
than baseline VideoCLIP, and correctly match more caption-clip pair in the optimal matching derived
from DTW. As such,

Attention in Transformer with TempCLR. In summary, our approach TempCLR is capable to
provide consistent performance gain over the three task types under six different setups. atten-
tion embeds temporal background into the each single embedding, but not enough The attention
mechanism in transformer architecture has been widely applied to model the correlation for long
sequences, i.e., long videos and paragraphs. However, purely using the attention mechanism cannot
always ensure finding an optimal solution. For the attention mechanism, it is hard and may take a
lot of training data to really make the attention mechanism to pay less attention on the background
region.

For example, as the annotation regarding time period is not always precise, it is pretty common
that the label in large-scale / videos data is noisy [(for To check, whether the noisy label will cause
significant performance difference)] By training a transformer structure directly without annotation,
the performance is not quite high.
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For the full-video retrieval, we gather the aligned sentence-clip embeddings. As shown in Fig. ??,
our method not only can better retrie the videos and more sentences can be correctly aligned with
the corresponding vide clips. As such, it can also provide proof regarding the assumption that the
matched units have learned global information from the network.

Also, when the annotation is not available, according to the visualization from OTAM, the matched
videos are also closed to each other given the action background (the visualization in OTAM

( )). As such, using OTAM or DTW can provide a weakly supervised signal for the case
where no or noisy label is provided.

(We also notice) Comparison with CRM ( , ), theirs only compare the pairs. How-
ever, ours generalize to multi-instance under InfoNCE loss form and specifically focus on the hard
negative resulted from the visual similarity to better distinguish the spatial and temporal.

(We also notice) the AlignNet ( ) has been proposed to provide dense alignment
between continuous video and audio signals. It focus on the multi-scale (for diverse distortion and
speed change) and use layers of different level to wrap and integrade the bottom layer with current
layer, which is then for cross-modal analysis. Our approach is for sparse alignment and matching.
but orthognal w.r.t. each other.

Supervised on CrossTask. For action step localization, as summarized in Table 8(Left), we study
the effect of L., in pre-training (PT) stage and downstream finetuning (DS) stage on CrossTask
train set. For TempCLR, i.e., applying L., is in PT stage, as the model has been trained to model
global temporal order of the full sequence, the performance by finetuning on CrossTask train set
can also be improved. Then, finetuning on CrossTask train set from TempCLR can underperform
slightly than finetuning from VideoCLIP. We think the reason is because the model may overfit to
HT100M as we only use 2.7% of training set for in PT. However, on both VideoCLIP and TempCLR,
applying L., in DS can improve the performance significantly.

DTW Vs. OTAM. For self-supervision for video matching, In addition to shuffling the embeddings
in the synthesized S,, we can also shuffle the embeddings of other video instances as S,. As
shown in Table 8(Right), setting negative sequences by shuffling the embeddings from other videos
does not clearly help the few-shot accuracy. As mentioned in Sec. 3.3, DTW has a strict boundary
assumption. However, as the frame sampling process can be random, the first frame in the sampled
sequence can be background or unrelated with the action. As such, using OTAM in our TempCLR
does help improve the performance slightly. However, during pretraining on HowTo100M, the way
to build positive samples has already guarantee the assumption that M (1,1) = 1 and M (N,, Np) =
1. As such, the performance by OTAM and DTW is similar (R7 g in Table 3, more results can be
found in appendix).

6 CONCLUSION

Representation learning has been successful in short video clips and has shown promising transfer
ability in downstream tasks. However, the temporal modelling for long video is still challenging
due to the temporal dynamic/dependence over a long-time span. Thus, a long video is typically rep-
resented as a sequence of clip features and compared with other sequences. [spatio can dominate,
similar visual content as shortpath, hard to disentangle temporal from spatial] In this paper, we fo-
cus on the design of representation learning strategy which is friendly to align the feature sequence
extracted from the long video with other sequences with close semantic meaning. We propose a tem-
poral alignment (Tar) loss upon contrastive learning. For every two sequence pair, we first calculates
the pairwise similarity between units in two sequences and then use the maximum matching simi-
larity through dynamic temporal wrapping as the similarity of the sequence pair. Then, to generate
negative samples, we break the order within each sequence by shuffling the units. By minimizing
the InfoNCE loss within the contrastive learning, the model is trained to [XXXX]. As the semantic
meaning can be conveyed from different modalities, i.e., vision-language, we evaluate our method on
action step localization and multi-sentence video retrieval. We also reformulate the few-shot action
recognition as sequence alignment task to measure the sequence matching on vision-only datasets.
Experimental study has shown performance gain on all three tasks on five dataset. Detailed ablation
studies are provided to justify the selection of each component.
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A APPENDIX

You may include other additional sections here.
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