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Abstract. We address the problem of data augmentation for video ac-
tion recognition. Standard augmentation strategies in video are hand-
designed and sample the space of possible augmented data points either
at random, without knowing which augmented points will be better, or
through heuristics. We propose to learn what makes a “good” video for
action recognition and select only high-quality samples for augmenta-
tion. In particular, we choose video compositing of a foreground and a
background video as the data augmentation process, which results in
diverse and realistic new samples. We learn which pairs of videos to aug-
ment without having to actually composite them. This reduces the space
of possible augmentations, which has two advantages: it saves computa-
tional cost and increases the accuracy of the final trained classifier, as the
augmented pairs are of higher quality than average. We present experi-
mental results on the entire spectrum of training settings: few-shot, semi-
supervised and fully supervised. We observe consistent improvements
across all of them over prior work and baselines on Kinetics, UCF101,
HMDB51, and achieve a new state-of-the-art on settings with limited
data. We see improvements of up to 8.6% in the semi-supervised setting.
Project Page: https://sites.google.com/view/learn2augment/home

Fig. 1. Standard video augmentation techniques generate data using hand-designed
heuristics (left). We propose to learn to select videos for augmentation, based on how
effective they will be for learning to classify (middle). Our approach, Learn2Augment,
improves classification across datasets and settings, including UCF101 (right).

https://sites.google.com/view/learn2augment/home
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1 Introduction

Large-scale datasets have played a key role in the progress of research across
AI problems. In computer vision, neural networks have existed for decades, but
one of the enabling factors for the current revolution was the development of
the large ImageNet [8]. In the video domain, manually collecting and annotating
data can be a prohibitively expensive process. In video action recognition, for
example, collecting data requires an immense amount of manual labor, as it
involves finding suitable videos, trimming them and classifying them.

Recent efforts in video focus on relieving the strong dependency of current
methods to the size of labeled datasets. Some of these efforts [33,43] involve in-
creasing the number of data samples through data augmentation. This strategy
aims to create new videos in the training set by performing transformations on
the original annotated videos, where labels are known. This process adds diver-
sity to the training data, while new videos are still realistic and plausible. In the
simplest version of data augmentation in video, new data samples are generated
by flipping the input video horizontally, or by cropping a subsection of the video.
New methods [43,38] propose more sophisticated processes like combining two
videos. VideoMix [38] randomly crops regions of one video and pastes them onto
another. ActorCut [43] goes one step further and uses the bounding box detec-
tions of humans on one video to paste them onto the background of another
video. This increases the diversity of the new videos, and despite the lack of
visual realism of the resulting videos, this strategy helps.

However, as datasets become larger, such data augmentation strategies be-
come computationally expensive. The search space of possible video pairs and
transformations is enormous and difficult to explore. The solution is often to
sample the space randomly, or to manually design augmentation heuristics. Any
exploration process is particularly burdening in the context of video data, where
the augmentation process needs to be repeated in every frame, which may be
orders of magnitude more expensive than for images.

In this paper we address the problem of sampling for data augmentation, and
propose to learn to select pairs of videos. We show that this reduces the search
space of augmented data points by orders of magnitude and improves the final
accuracy of the classifier significantly. We leverage two observations. First, not
all data points are as useful for classification. This idea has been exploited in the
context of frame or clip selection [11,20,16]. Second, we can learn to predict which
data points will be useful without actually generating them. This is essential, as
the space of transformations is huge, and if we needed to create each candidate
augmented video, the process would be prohibitively expensive.

More concretely, we propose a data augmentation method which we call
Learn2Augment. The proposed method contains a “Selector” network, which
predicts a score of how useful a combination of two videos will be, without hav-
ing to actually composite them. The Selector is trained using the accuracy of
the classification as the cue. Since this metric depends on the classifier, it is not
differentiable with respect to the Selector’s parameters. Therefore we optimize
the network using reinforcement learning. Once the Selector network is trained,
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we use it to choose good pairs of videos, composite them, and train a classi-
fication network. In our experiments, for example in the case of the UCF101
dataset, using the Selector reduces the number of augmented videos by 92%
while increasing the classification accuracy.

In the proposed method, each augmented video is created from a pair of
videos using a composition of the segmented foreground of one video, including
actor and objects, onto the background of the other video. This process yields
diverse and realistic new data samples, which we demonstrate is important for
learning. More concretely, results show an improvement of 4.4% over using a
simpler transformation.

The Selector is indeed useful to reduce the number of videos for training the
classifier. However, we also need to reduce the space of possible pairs for training
the Selector network itself. For example, the number of possible pairs of videos
in video datasets can be in the order of millions for small datasets or billions
for large datasets. For this, we leverage the natural correlation between the
occurrence of foreground activities and background scenes [5]. This is, it is more
likely to find someone playing football in a football field than at a restaurant.
Instead of sampling at random the pairs of videos to train the Selector on,
we sample pairs from classes that are semantically similar. In particular, we
use the class names to obtain a semantic embedding, and match each class
to their nearest neighbor in this space. Experiments show that this extremely
simple design choice of Semantic Matching reduces the space of possible pairs of
videos by several orders of magnitude (from quadratic to linear on the number
of videos). This yields better results than choosing pairs at random, which may
result in non-plausible scenarios, or choosing pairs from the same class, which
may not add as much diversity.

In summary, the proposed Learn2Augment contains three core compo-
nents: a Selector that learns to choose good videos to augment, a Semantic
Matching method that improves optimization, and a Video Compositing that
composites video pairs for augmentation. Experimental results show that all
components contribute to the performance of the system in different ways, and
the overall method obtains state-of-the-art in all datasets, and in all settings
that involve limited training data. In addition, in the setting which considers
the full training set, the proposed data augmentation technique improves upon
the baseline on all datasets, including UCF101, HMDB51, and the large-scale
Kinetics-400.

2 Related Work

Data Augmentation for Video Action Recognition. Standard data augmentation
techniques in action recognition include horizontal flip and cropping, where new
videos are created by selecting a box at each frame, and then resizing the result-
ing video to have the same size as the original one. While this strategy helps,
generated videos do not add much diversity to the training set. Recent efforts
such as ActorCut [43] and VideoMix [38] increase the diversity of new video
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Fig. 2. Overview of the proposed Learn2Augment. Given a pair of videos and their
labels, a Selector network gives a score ω of the quality of the potential composited
video. At training time, the Selector is trained with the validation loss of the classifi-
cation network. Once the Selector is trained, pairs of videos are sampled, and only the
promising combinations with high score ω are composited and used for training the
classifier.

samples by cutting and pasting the foreground of one video onto another. This
general technique of combining two data samples has proven to be quite effec-
tive, even in the image domain [37]. However, the resulting videos are not very
realistic, and are used for training regardless of their quality. Zhang et al. [42] go
one step further and synthesize new samples using GANs, and use “self-paced
selection” to train, starting with easy samples and progressively choosing harder
samples. Instead, we propose to create realistic data samples by segmenting,
inpainting and blending the foreground of one video onto the background of an-
other. Crucially, we learn to discard novel video samples that are not expected to
be useful for classification, overall producing a more accurate data augmentation
strategy.

Learning to Augment Data. The idea of learning to augment data has been
used in other computer vision problems. In the image classification domain,
this strategy has been done using the final classification loss as the training
criterion [25], augmenting in feature space [9], and learning data augmentation
policies [6]. As in this paper, in the image domain it has been noted that the
search space for data samples can be large and thus expensive [7].

Other computer vision domains like low level vision, also struggle with data
dependency, as creating ground truth is particularly hard. In optical flow, Aut-
oFlow [33] recently introduced the strategy of learning to generate good training
data for a target dataset.

Semi-supervised Video Action Recognition. Semi-supervised learning (SSL) also
aims to reduce data dependence by learning from large sets of unlabeled samples
and a small set of labeled ones. SSL in images has been widely explored. For
example, some strategies include giving pseudo-labels [1,24] to samples where
the classifier has high confidence, and adding these to the labeled training data.
Other common approaches use consistency regularization [22,23,34]. Approaches
that combine consistency regularization and entropy minimization [13] have
shown to be very effective in tackling the SSL task in images such as MixMatch
[3] and RemixMatch [2].

SSL in videos however, has not been explored as much. One of the early
works used extreme learning machines [17] to perform SSL on videos. Recently,
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Fig. 3. Pipeline for compositing a single frame. The foreground is from the class “soccer
juggling” and the background from the class “soccer penalty”, which are semantic class
neighbors. We can see objects such as ‘person’ and ‘ball’ are detected as objects of
interest.

VideoSSL [18] and Temporal Contrastive Learning (TCL) [30] leverage SSL in
videos. VideoSSL [18] uses pseudo-labels and object cues from unlabeled samples
to guide the learning process. TCL [30] use a two-pathway contrastive learning
model using unlabeled videos at two different speeds with the intuition that
changing video speeds do not change the action being performed.

Data augmentation and SSL are two different families of techniques to re-
lieve the dependence on labeled data, and in this paper we experiment with the
combination of both, showing that they are actually complementary.

Sample Selection. Recent work [16] has shown that not all data samples are
as useful. Selecting a subset of high quality frames or clips at test time shows
better results than using the entire video for action recognition. In this spirit,
SMART [11] uses an attention and relation network to learn scores for each frame
in a video and then select only the high ranked ones for inference. Similarly,
SCSampler [20] uses a lightweight clip sampling model to select the salient clips
in a video and use only those. Unlike the proposed method, these learn to choose
single videos, which are already available, while we learn to choose pairs of videos
to be composited, which are not already combined.

The most relevant work to ours is data valuation in the image domain, using
RL [36], in the image domain where each sample is given a score of how effective
the sample is, and at training time the sample is multiplied by this score. In our
work, instead of learning the effectiveness of the training set, we leverage that
knowledge for augmentation.

3 Learn2Augment

In this section we describe in detail the architecture of the proposed Learn2Augment.
In a nutshell, the goal is to learn to augment novel data points which are re-
alistic and diverse, such that we can train a better classifier with them. For
this, we train a Selector network, which predicts a score of how useful a given
pair of videos is for augmentation. We pick pairs that have a high score to be
augmented. The transformation we use for augmentation is Video Compositing.
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Training the Selector using the entire dataset is infeasible, and sampling pairs of
videos at random will yield unlikely pairs. Thus we sample pairs of videos using
Semantic Matching. Figure 2 shows an overview of the proposed method and in
Sec. 4 we describe how we train our approach.

3.1 Selector

Given two input videos V 1 and V 2, the goal of the Selector is to predict a weight
!, rating the quality of the potential composited video. Note that the input to
the Selector is two putative videos instead of the composited one. This means
that at test time, we can predict how useful the composited video will be without
having to actually create it.

The architecture of the Selector includes a standard video classification net-
work to extract video features, which is ResNet3D-18 [15] followed by a simple
multi-layer perceptron (MLP) with 3 hidden layers of sizes 2048, 1024 and 512.
Two videos are input to the Selector at a time, and their features and labels are
concatenated and input to the MLP.

Since there is no ground truth of how “good” a video sample is for learning,
we train the Selector using the change in validation loss of the classifier. This
is, we argue that a “good” training sample is one which, if used for training,
improves the validation loss of the classification network. In other words, if we
take one optimization step training the classifier, after updating the weights, the
validation loss will go down. Section 4.1 describes the training process in detail.

At test time, we use the Selector by sampling pairs of videos, choosing those
pairs with high score !, and input to the Video Compositing module, which we
describe in Sec. 3.3. The resulting video is finally used to augment the training
set for the classification network.

3.2 Semantic Matching (SM)

The number of pairs in the full dataset can be very large, as it grows with the
square of the number of videos. For Kinetics [4], for example, we would encounter
360 billion pairs. Training the classifier using these is clearly infeasible, and thus
we use the Selector. But training the Selector itself with all these samples is
infeasible too. Sampling uniformly is a reasonable solution, but many video pairs
may not be useful for learning. We leverage the observation that all combinations
of actions and backgrounds are not equally likely [5]. This natural correlation
between actions and backgrounds helps to prune unlikely class combinations.

For this, we make the assumption that classes that are semantically similar
are more likely to contain a foreground and a background that are plausible in
the real world, and therefore more realistic for our data augmentation purposes.
Thus, we use the class names to extract a language embedding using sen2vec
[28], and use these embeddings to match each class to its nearest neighbor. We
sample videos V 1 and V 2 from class c1 and its closest neighbor c2 respectively.
This simple decision reduces the number of pairs to grow linearly with the size
of the dataset, and furthermore increases the accuracy significantly with respect
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