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ABSTRACT

Combining simple concepts to form structured thoughts
and decomposing complex concepts into their constituents
is one key characteristic of human cognition. In this work
we extract video representations by combining multi-scale
processing with compositional constraints, i.e., we constrain
the latent space created by the network so that coarse grained
video features are composed from a set of fine-grained video
features using simple functions. We integrate the proposed
constraints in a state-of-the-art contrastive learning frame-
work. In our ablations, we evaluate different formulations of
the compositional constraints and composition functions. We
evaluate the proposed approach for the downstream tasks of
action detection in UCF-101, and video summarization in the
SumMe dataset. We achieve significant improvements over
the baseline, i.e., 3.9% and 6.3% relative improvements for
UCF-101 and SumMe respectively, showcasing the impor-
tance of compositional video representations.

Index Terms— Multimodal, Contrastive Learning, Au-
diovisual processing, Action Recognition, Compositionality

1. INTRODUCTION

Our perception of the world is multimodal. We acquire sen-
sory inputs (e.g. sight, hearing) and combine them to help
us understand and interact with our environment. Multi-
modal learning aims to create models that can leverage inputs
from multiple sources, and combine them to create powerful
representations for solving real-world tasks. Multimodal rep-
resentations improve performance on several real world tasks,
e.g. action recognition on videos [1, 2], sentiment analysis
[3, 4], or speech recognition [5, 6]. In this work, our goal is to
produce such useful multimodal representations for videos.

Structured thinking and the ability to formulate complex
ideas from simpler ones is an important facet of human learn-
ing. For example, such thinking can be used for navigation
through a neighborhood. The path to a place, say P, can be
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devised as route based on landmarks that are already known
to the traveler e.g., pass the pharmacy, turn on the large tree
on Oak St., and other similar options. Such compositional
representation allows the traveler to efficiently memorize and
devise new routes, give directions, and adapt to different sit-
uations (e.g. road closures, going by car or bike). In this
example, the robustness of human learning yields from the
ability to compose complex routes from salient segments.

Compositional learning can also be incorporated in train-
ing models that produce video representations. To this end,
in this work we incorporate notions of multi-scale process-
ing in a self-supervised instance discrimination setting, by
introducing constraints that encourage compositional video
representation learning across time-scales. Our notion of
multi-scale compositionality focuses on composing the latent
representations of the video clip from a set of fine-grained
segment representations. An end to end training scheme is
proposed, which integrates compositionality constraints in a
state-of-the-art contrastive learning framework.

Our key contributions are: (I) We introduce end to end
compositional learning for videos across time-scales, (II) we
formulate constraints in a self-supervised setting and integrate
them into a state-of-the-art contrastive framework [7], and
(III) we present experiments on two different formulations
of the proposed constraints, achieving state-of-the-art perfor-
mance for action recognition on UCF-101 and unsupervised
video summarization on SumMe when compared to models
of similar scale in the literature.

2. RELATED WORK

Self-supervised multimodal learning: Recently, the self-
supervised learning paradigm has opened avenues to building
powerful data-driven models that yield state-of-the-art perfor-
mance for challenging tasks in the fields of Natural Language
[8], Image [9] and Speech Processing [10]. The power of self-
supervised learning lies in obtaining the supervisory signals
from data itself. Thus it can scale to large networks trained
on massive amounts of data without the need of labeled data
[11]. In the field of multimodal processing, and specifically
video processing, self-supervised learning techniques range
from Masked Modeling [12], to consistency and reconstruc-
tion losses [1], temporal re-ordering [13], clustering [14],



siamese networks [2], and contrastive learning [7, 15]. An
interesting category of contrastive learning methods focus on
instance discrimination [16], i.e., learning to distinguish clips
of a video from other videos in the dataset. Qian et al. [17]
propose spatiotemporal augmentations in the context of an
instance discrimination framework. A co-training scheme is
proposed in [18], where positive instances are mined using
cross-modal similarity. AVID-CMA [7] uses a memory bank
to store exponentially moving averaged features of video
clips, and positive and negative instances are selected from
the memory bank via cross-modal agreement. In this work,
we focus on contrastive learning approaches on videos, with-
out excluding possible future adaptations for other types of
video representation frameworks.

Multi-scale processing: Multi-scale processing refers to the
analysis of a source signal at different representation lev-
els, by studying the signal at different time and/or space
resolutions. Classical machine learning approaches that ap-
plied multi-scale processing in computer vision and speech
primarily focused on the wavelet transformation [19] and
scale-space theory [20]. Recently, multi-scale approaches
have been proposed to improve performance of deep learning
approaches in a variety of tasks. Wang et al. [21] propose a
convolutional architecture to process hyper-spectral images
at different dilation rates. Bian et al. [22] utilize coarse-
grained and fine-grained image scales to produce a random
walk transition matrix between image patches. Multi-scale
transformers [23] extract hierarchical feature maps from im-
ages. They use pooling layers to modify the spatial scale of
the image features at different stages (set of layers) of the
architecture. In [24], a contrastive framework is proposed
that utilizes global and local input representations. TS2vec
[25] utilizes contrastive learning at successive pooling lay-
ers, obtaining hierarchical representations across time-scales.
BraVe [1] is a self-supervised approach based on coarse to
fine, and fine to coarse reconstruction of input signals.

Compositionality: The notion of compositionality in the
context of neural networks is a broad term, encompassing a
set of generalization properties in trained models [26]. We
focus on one compositional property, i.e., localism, which
explores how the representation of a complex notion can be
derived as a function of its constituents, or simply how the
whole can be composed from its parts. Compositionality has
been explored in the context of language processing [27, 28]
by introducing additional supervision signal to the attention
maps of a sequence to sequence model. In the context of com-
puter vision [29, 30] convolutional architectures have been
proposed, that extract a global representation from salient
objects of the image. These works highlight that composi-
tionality can improve robustness, generalization and overall
performance of trained networks.
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Fig. 1. Explicit Constraint (EC) framework with joint loss.
Video encoders for the whole clip and the segmented clip are
tied. Same for audio encoders.

3. MULTI-SCALE COMPOSITIONALITY

To define the notion of compositionality formally, let h =
φ(x) ∈ RD be a latent vector of dimensionD produced by the
network φ given the input sequence x, and h̃i = φ(xi) ∈ RD

be a set of hidden states obtained using M arbitrary contigu-
ous subsequences xi of x, where 1 ≤ i ≤M . We define com-
positionality by a composition function g as the constraint:

h = g(h̃), (1)

where the i-th row of h̃ is h̃i. Eq. (1) posits that the latent rep-
resentations h̃i of the segments can be composed to produce
h. In our notion of compositionality, g is preferably a simple
function, i.e. to have few (if any) trainable parameters and to
be a shallow mapping. The following composition functions
are explored:

g1(h̃) =
∑
i

h̃i (2a)

g2(h̃)j =

max
i
h̃ij , |max

i
h̃ij | ≥ |min

i
h̃ij |

min
i
h̃ij , otherwise

(2b)

g3(h̃) = MHA(h̃), (2c)

where g1(h̃), g2(h̃), g3(h̃) ∈ RD. g1 is the sum of M
segment representations, g2 (absmax) produces a vector,
where the j-th element (1 ≤ j ≤ D) is the j-th activation
with the maximum absolute value across the M segments
(maintaining the sign) and g3 is the Multi-Head Attention
(MHA) operation.

For this notion of compositionality, two input streams
are needed per modality, the whole video clip and a time-
segmented sequence of the input visual frames or spectro-
grams extracted from the audio stream. Let s ∈ RN×C×H×W
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Fig. 2. Implicit Constraint (IC) framework.

be the input sequence of frames for the whole video clip,
where N is the duration (number of frames), C the num-
ber of channels, H the frame height and W the frame
width. The sequence s is split into M segments of dura-
tions N1, N2, . . . , NM , yielding a tensor of fine-grained clips
s̃i ∈ RNi×C×H×W , i ∈ {1, 2, . . . ,M}. DurationsNi and the
number of segments M are sampled from a uniform discrete
distribution U{1, N} under the condition that

∑
iNi = N

(no overlap between segments). The same procedure is fol-
lowed for time-segmentation of spectrograms for audio.

3.1. Explicit Constraint

In Fig. 1 we see the Explicit Constraint (EC) framework,
where compositionality is encouraged by introducing an ex-
plicit constraint as a joint loss. The frames and spectrograms
for the whole video clip are passed through the video and au-
dio encoders respectively to obtain theD-dimensional hidden
representations v and a. Similarly, the segments of frames
and spectrograms are passed through the video and audio
encoders, yielding the hidden representations ṽ and ã. The
compositionality loss Lc aims to minimized the distance of
the coarse-grained representations v,a and the composed
fine-grained representations g(ṽ), g(ã), given the composi-
tion function g. For a vector h and the subsequences h̃, the
compositionality loss Lc is given in Eq. (3):

Lc(h, h̃) =
1

D

D∑
j

(hj − g(h̃)j)2 (3)

Lc is the mean-squared error loss, and it encourages h to
be equal to g(h̃). The total loss is given by combining the
self-supervised loss Lss with the compositionality losses Lc

for the audio and video modalities as shown in Eq. (4). In our
experiments, the AVID-CMA loss [7] is used as Lss.

L = Lss(v,a) + λ(Lc(v, ṽ) + Lc(a, ã)) (4)

3.2. Implicit Constraint

One issue with the EC framework is that the constraint is
added explicitly as an additional loss, which raises the need
for careful tuning of the weight λ. This issue can be allevi-
ated by directly integrating the compositionality as an implicit
constraint in the contrastive loss. Fig. 2 depicts the Implicit
Constraint (IC) framework. For this, we take advantage of the
AVID-CMA framework [7]. The AVID-CMA loss performs
instance discrimination by building a large memory bank that
contains learned features for each sample in the pre-training
dataset. The positive and negative samples are sampled from
the memory bank, and then used for Noise Contrastive Esti-
mation [31, 32]. The goal of the AVID-CMA loss is to bring
the latent representations of a sample closer to stored features
of samples that have high audio and video similarity with the
original sample. The input frame and spectrogram sequences
are split into a set of random segments and compose the
encoded segments to obtain g(ṽ) and g(ã). The composed
features are passed into the AVID-CMA loss, to be compared
with the coarse-grained features stored in the memory bank.
The resulting loss is:

L = Lss(g(ṽ), g(ã)) (5)

4. EXPERIMENTAL SETUP

The proposed constraints are built on top of the AVID-CMA
framework [7]. The starting point is an AVID-CMA check-
point, provided by the original authors, pretrained on Au-
dioset [33]. Training continues using the EC or the IC frame-
work for 5 epochs using Adam optimizer with learning rate
10−4, weight decay 10−5 and batch size 64. Hyper-parameter
λ is 0.1 for the EC framework. The balanced split of Au-
dioset, containing ∼18k videos is used for this step. Inputs
are video clips of 1 second sampled at 16 fps and audio clips
of 2 seconds sampled at 24 kHz. Video frames are resized
to 224 × 224 pixels and random cropping, horizontal flip
and color jitter augmentations are applied. Audio clips are
downmixed to single channel, and then we extract spectro-
grams of size 200 × 257 (200 timesteps and 257 frequency
bands). The video encoder is R(2+1)D-18, an 18-layer con-
volutional architecture [34], while the audio encoder is a
9-layer 2D convolutional network with batch normalization.
The encoder outputs are max-pooled and projected into 128D
feature vectors using a 3-layer fully connected network with
512 hidden states. L2 normalization is applied to the 128D
feature vectors.

We evaluate our model on UCF-101 [35] for action recog-
nition, which contains 13320 clips collected from YouTube.
Clips are labeled across 101 diverse action categories (e.g.



Compositional Constraint g Acc@1
Implicit (IC) sum 94.26
Implicit (IC) absmax 94.81
Implicit (IC) MHA 93.48
Explicit (EC) sum 93.51
Explicit (EC) absmax 94.47
Explicit (EC) MHA 95.06

Baseline (AVID-CMA) [7] 91.5

Table 1. Action recognition ablations for the IC and the
EC frameworks with different composition functions in Eq. 2
(Eq. 2a: sum, Eq. 2b: absmax, Eq. 2c: MHA).

Kayaking, Knitting). Three folds are provided for evaluation,
with different train-test splits. For our evaluation, we attach
a 1-layer, fully connected classification head on top of the
video encoder and follow the full network finetuning proto-
col. Videos with 32 frames (2 seconds) are used. Predictions
for 10 uniformly sampled snippets are extracted for each
video, and then averaged to obtain video-level predictions, as
in [7]. We report the top-1 classification accuracy, averaged
over the 3 predefined folds.

The SumMe dataset [36] is used for unsupervised video
summarization, which contains 25 videos with egocentric,
static and moving cameras. Each video is accompanied by
a set of user provided summaries. We use the framework of
Zhou et al. [37] (unsupervised video summarization), by pro-
viding the features extracted by the video and / or the audio
encoder using the absmax composition function . The com-
mon evaluation protocol is followed and the F-score metric is
used for evaluation of the extracted summaries.

Model Acc@1
AVID-CMA [7] 91.5

GDT [15] 92.5
XDC [14] 93.0

CrissCross [2] 92.4
BraVe V↔A [1] 93.6

Ours (IC+absmax) 94.81
Ours (EC+MHA) 95.06

Table 2. Comparison with the state-of-the-art for action
recognition on UCF-101

5. EXPERIMENTS & RESULTS

In Table 1 we present an ablation study on the effect of differ-
ent composition functions and the loss type for action recog-
nition on UCF-101. First, observe that including the compo-
sitionality constraints yields a significant improvement over
the baseline with all configurations. The best results are high-
lighted with bold for the EC and the IC frameworks. For the
EC framework, we observe that the best composition function

Model F-score
Reinforce [37] 41.4

XDC [14] 41.4
AVID-CMA [7] 42.2

Cognizance [38] (visual) 42.7
Cognizance [38] (audio+visual) 43.5

Ours (IC+absmax) (visual) 44.86
Ours (IC+absmax) (audio+visual) 46.65

Table 3. Video summarization on the SumMe dataset

is Multi-Head Attention (MHA), while for the IC framework,
absmax function yields the best results. Interestingly, the
MHA composition function yields the worst results for the IC
framework. This indicates that, when the composition func-
tion induces additional trainable parameters, the EC frame-
work is the best choice, while if a parameter-free composition
function is used, the IC framework yields better results. One
explanation for this is that, during back-propagation in the EC
framework, the parameters of the composition function are
trained only based on the Lc loss, limiting the catastrophic
forgetting effect they could induce in the IC framework.

In Table 2 a comparison is presented with state-of-the-art
self-supervised action recognition approaches in the litera-
ture. For fair comparison, we focus on approaches that use
the same video encoder architecture, i.e., R(2+1)D-18, and
the same pretraining dataset, i.e., Audioset. Both proposed
IC+absmax and the EC+MHA frameworks yield significant
improvements over the state-of-the-art. Finally, in Table 3
we present a comparison on unsupervised video summariza-
tion results using the features extracted from the proposed
IC+absmax setting on the SumMe dataset. Incorporation of
the proposed compositionality constraints outperforms other
methods in the literature. The audio modality contributes
further in improving the F-score.

6. CONCLUSIONS & FUTURE WORK

We explore constraints that can encourage the notion of multi-
scale compositionality in video architectures trained using
self-supervised learning. Two variants of these constraints
are proposed, by introducing compositionality as a joint
MSE loss (EC), or integrating the constraint implicitly in an
instance discrimination contrastive learning framework (IC).
Furthermore, we explore the effect of choosing different com-
position functions. Our ablations show that the EC framework
is the best choice when the composition function introduces
trainable parameters, while the IC framework is better for
non-learnable composition functions. Our experiments show
significant improvement for the action recognition and video
summarization downstream tasks. In the future our approach
can be enriched by exploring cross-modal compositionality.
Furthermore, heuristics and fine-grained annotation can be
used for video segmentation.
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