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Abstract
Understanding scenes in movies is crucial for a variety of
applications such as video moderation, search, and recom-
mendation. However, labeling individual scenes is a time-
consuming process. In contrast, movie level metadata (e.g.,
genre, synopsis, etc.) regularly gets produced as part of
the film production process, and is therefore significantly
more commonly available. In this work, we propose a novel
contrastive learning approach that uses movie metadata to
learn a general-purpose scene representation. Specifically,
we use movie metadata to define a measure of movie sim-
ilarity, and use it during contrastive learning to limit our
search for positive scene-pairs to only the movies that are
considered similar to each other. Our learned scene repre-
sentation consistently outperforms existing state-of-the-art
methods on a diverse set of tasks evaluated using multiple
benchmark datasets. Notably, our learned representation
offers an average improvement of 7.9% on the seven classi-
fication tasks and 9.7% improvement on the two regression
tasks in LVU dataset. Furthermore, using a newly collected
movie dataset, we present comparative results of our scene
representation on a set of video moderation tasks to demon-
strate its generalizability on previously less explored tasks.

1. Introduction
Automatic understanding of movie scenes is a challenging
problem [53] [26] that offers a variety of downstream appli-
cations including video moderation, search, and recommen-
dation. However, the long-form nature of movies makes la-
beling of their scenes a laborious process, which limits the
effectiveness of traditional end-to-end supervised learning
methods for tasks related to automatic scene understanding.

The general problem of learning from limited labels
has been explored from multiple perspectives [51], among
which contrastive learning [28] has emerged as a particu-
larly promising direction. Specifically, using natural lan-
guage supervision to guide contrastive learning [41] has
shown impressive results specially for zero-shot image-
classification tasks. However, these methods rely on image-
text pairs which are hard to collect for long-form videos.
Another important set of methods within the space of con-

trastive learning use a pretext task to contrast similar data-
points with randomly selected ones [23] [9]. However, most
of the standard data-augmentation schemes [23] used to de-
fine the pretext tasks for these approaches have been shown
to be not as effective for scene understanding [8].

To address these challenges, we propose a novel con-
trastive learning approach to find a general-purpose scene
representation that is effective for a variety of scene under-
standing tasks. Our key intuition is that commonly avail-
able movie metadata (e.g., co-watch, genre, synopsis) can
be used to effectively guide the process of learning a gen-
eralizable scene representation. Specifically, we use such
movie metadata to define a measure of movie-similarity,
and use it during contrastive learning to limit our search for
positive scene-pairs to only the movies that are considered
similar to each other. This allows us to find positive scene-
pairs that are not only visually similar but also semantically
relevant, and can therefore provide us with a much richer set
of geometric and thematic data-augmentations compared to
previously employed augmentation schemes [23] [8] (see
Figure 1 for illustration). Furthermore, unlike previous
contrastive learning approaches that mostly focus on im-
ages [23] [9] [13] or shots (§ 3 for definition) [8], our ap-
proach builds on the recent developments in vision trans-
formers [12] to allow using variable-length multi-shot in-
puts. This enables our method to seamlessly incorporate the
interplay among multiple shots resulting in a more general-
purpose scene representation.

Using a newly collected internal dataset MovieCL30K
containing 30, 340 movies to learn our scene representation,
we demonstrate the flexibility of our approach to handle
both individual shots as well as multi-shot scenes provided
as inputs to outperform existing state-of-the-art results on
diverse downstream tasks using multiple public benchmark
datasets [53] [26] [42]. Furthermore, as an important practi-
cal application of long-form video understanding, we apply
our scene representation to another newly collected dataset
MCD focused on large-scale video moderation with 44, 581
video clips from 18, 330 movies and TV episodes contain-
ing sex, violence, and drug-use activities. We show that
learning our general-purpose scene representation is crucial



Figure 1. Approach Overview – We employ commonly available movie metadata (e.g., co-watch, genre, synopsis) to define movie
similarities. The figure illustrates a pair of similar movies where movie similarity is defined based on co-watch information, i.e., viewers
who watched one movie often watched the second movie as well. Our approach automatically selects thematically similar scenes from
such similar movie-pairs and uses them to learn scene-level representations that can be used for a variety of downstream tasks.

to recognize such age-appropriate video-content where ex-
isting representations learned for short-form action recogni-
tion or image classification are significantly less effective.

2. Related Work
a. Long-Form Video Understanding: Recent work on se-
mantic understanding of long-form movies and TV episodes
have used multi-shot scenes as their processing unit. For
example in MovieNet [26], manually annotated multi-shot
scenes were used to train various recently proposed mod-
els [7] [16] to evaluate their performance on multiple tasks
related to scene tagging, e.g., recognizing places or actions
in those scenes. In [36], multi-shot clips of movies and TV
episodes were categorized into 25 event classes for their
temporal localization. The results in [36] show that state-
of-the-art event localization models [57] [59] do not per-
form as well on long-form movies and TV episodes com-
pared to their performance on short-form video datasets
like THUMOS14 [29]. A long-form video understanding
(LVU) dataset was recently proposed in [53] with nine dif-
ferent tasks related to semantic understanding of video-clips
that were cut-out from full-length movies. This work also
proposed an object-centric transformer-based video recog-
nition architecture that outperformed SlowFast [16] and
VideoBert [46] models on their LVU [53] dataset. To
complement existing datasets focusing on regular every-
day activity-categories, we collect a new dataset focusing
on video moderation of sensitive activities including sex,
violence, and drug-use, and show how our scene represen-
tation can be applied to recognize these activities.

b. Contrastive Learning: As an important subset of self-
supervised learning [30], contrastive learning [32] attempts
to learn data representations by contrasting similar data
against dissimilar data while using a contrastive loss. Re-
cent approaches for contrastive learning [23] [9] have suc-
cessfully been extended for a variety of applications in im-
age classification [47] [25] [20] as well as video understand-

ing [22] [8] [61]. More recently, various visio-linguistic
models [41] have adopted natural language supervision dur-
ing contrastive learning to learn correspondences between
image and text pairs, which has achieved impressive results
especially for zero-shot image classification tasks. Most of
these approaches however focus on images or short-videos,
and our experiments show that they do not perform as well
on tasks related to long-form video understanding.
c. Vision Transformer: Derived from the work on self-
attention [49], transformers have been extensively stud-
ied in NLP [52] [11]. Building on this line of work, re-
cently proposed vision transformer (ViT) [12] has success-
fully exceeded state-of-the-art results when pre-trained on
large-scale datasets. The data-efficiency of ViT was re-
cently improved in [48] by using token-based distillation
for model training. More recently, ViT-based architectures
were adopted for video recognition, e.g., TimeSformer [3],
ViViT [2], and MViT [14]. These models take images or
short-form videos as inputs, and therefore cannot be effec-
tively applied to longer videos without additional tuning.

3. Method
For consistency, let us define a shot as a series of frames
captured from the same camera over a consecutive period
of time [45]. We define a scene as a series of consec-
utive shots without requiring manually annotated scene-
boundaries. Note that our definition of scenes is less con-
strained than what has previously been used [26] [42] [8],
and enables our approach to work seamlessly with settings
that do [26] or do not have [53] scene boundaries available.

Our approach consists of four key steps. First, we train
a shot encoder to provide appearance-based representations
using unlabeled movie-shots. Second, we use commonly
available movie metadata (e.g., co-watch, genre or synop-
sis) to define a movie-level similarity S (see § 4.1.1 for
details). We use S as pseudo-labels to train a movie-
level encoder that maximizes the similarity between scenes



Figure 2. Movie Similarity Learning – Shots of a movie-pair m1 and m2 are first provided to Eshot and Emovie to extract d-dimensional
features with numbers of u and v shots, respectively. We take the dot-product of shot-feature matrices followed by successive pooling and
flattening operations to get an output vector V, which is then regressed against defined movie-level similarity S between m1 and m2.

Figure 3. Contrastive Scene Representation Learning – Given
a pair of similar movies m1 and m2 as determined by S, we use
a set of pre-processing operations (as shown in Figure 2) to select
similar scene-pairs (see supplementary material for more exam-
ples). This process is applied to all similar movie-pairs to get a set
of paired scenes that is used for scene-level contrastive learning.

from similar movies (as defined by S). Third, we use this
trained movie-level encoder to select similar scene-pairs for
contrastive learning of scene encoder. Lastly, we use the
learned scene representation for downstream tasks.

3.1. Movie Similarity Learning

3.1.1 Shot Encoder

As it is generally inefficient to directly train a network with
all shots from movies as input in an end-to-end manner [42]
[26] [8], we divide movie-level training into two stages,
i.e.,: (a) shot encoder training, and (b) movie encoder train-
ing. During the first stage, we train a shot encoder end-
to-end to provide features mostly focusing on appearance-
related information without much contextual meaning.

Given a query shot xt at time t, we use its neighboring
shots xt−2 and xt+2 as a pair of potential positive keys. We
train our shot encoder to distinguish a positive key shot from
randomly selected negative key shots, where the positive
logits are defined as:

max(Eshot(xt) ·Eshot(xt-2),Eshot(xt) ·Eshot(xt+2)) (1)

3.1.2 Movie Encoder

After training the shot encoder, we fix it to extract shot
representations and add a light-weight encoder on top it as
movie encoder. As illustrated in Figure 2, we divide a given
movie-pair m1 and m2 into their constituent shots [44] x1

and x2 respectively. We extract features of these shots us-
ing the fixed shot encoder Eshot, so that x1 and x2 are repre-
sented by two feature matrices Eshot(x1) and Eshot(x2) re-
spectively, which are passed through an encoder with learn-
able parameters Emovie, followed by their dot-product to
create a shot-adjacency matrix Ax1,x2

, i.e.,

Ax1,x2
= Emovie(Eshot(x1)) • Emovie(Eshot(x2)) (2)

Note that entries in Ax1,x2
represent pair-wise similarities

between shots in movies m1 and m2.

Using ka contiguous shots as scenes, we convert the
shot-adjacency matrix Ax1,x2

into a scene-adjacency ma-
trix Bx1,x2

by applying average pooling with kernel size ka
and stride sa on Ax1x2

to calculate the average values in
each ka × ka window in Ax1,x2

. Furthermore, we apply
max pooling with kernel size km and stride sm on Bx1,x2

followed by flattening the output to get the vector Vx1,x2 .
Intuitively, this step finds the most similar scene-pairs be-
tween x1 and x2, where each value in Vx1,x2

represents
the highest similarity of the scene-pair in a neighborhood of
km × km scenes in Bx1,x2

. Finally, we learn the projection
between Vx1,x2 and the output using layer Loutput, where
our goal is to predict if x1 and x2 are similar at movie-
level. That is, if x1 and x2 are shots from similar movies
as defined by S, our target label is 1, and 0 otherwise. Dur-
ing training, we use cross-entropy loss to update Emovie and
Loutput while Eshot remains unchanged.

A useful way to interpret our movie similarity learning
step is to view it from a multiple instance learning (MIL)
perspective [5]. The shot-adjacency matrix Ax1,x2

can
be considered as a bag, while similar scene-pairs can be
thought of as positive instances. Unlike some recent MIL-
based approaches [1] [17] [34], we simplify our learning
process by adopting standard network operations and loss
function instead of specially designed ones, which allows
us to use existing well-engineered implementations to get
better efficiency and scalability in practice.



3.2. Scene Contrastive Learning

Given a similar movie-pair as defined by S, we apply
Emovie(Eshot(·)) to their constituent shots, followed by suc-
cessive pooling operations to find the scene adjacency ma-
trix B, which is used to rank the similarity of scene-pairs.
We apply this selection process to all pairs of similar movies
to get a collection of paired scenes Pscene that is used for
scene-level contrastive learning. Our contrastive learning
approach is shown in Figure 3, and explained below.

3.2.1 Scene Encoder

As the inputs to our encoder Escene for scene contrastive
learning are multi-shot sequences, it is important to design
Escene so that it can effectively model the various relation-
ships among input shots. To this end, we build on recent
work of ViT [12], and propose a transformer based Escene
that treats patches in input shots as tokens.

Specifically, following [12] [41], for a k-frame shot of
dimension (k,w, h, c), we first divide it into a sequence
of (k, w

p ,
h
p , c) patches, where (p, p) is the size of each

patch. To input the shot to a transformer with latent vector
size of D dimensions, we apply D×c convolutional kernels
with kernel size (p, p) and stride (p, p) to the (k, w

p ,
h
p , c)

patches. This converts the shot into patch embeddings
with dimension (k, h

p ,
w
p ,D), which is further flattened to

a (k,N,D)-dimensional tensor where N = (w · h)/p2. Fur-
thermore, we prepend a learnable embedding to the patch
embeddings similar to the class token used in [11]. Af-
ter permutation, the result is (N+1,D)-dimensional patch
embeddings for each of the k frames. We add (N+1,D)-
dimensional positional embeddings to patch embeddings to
retain positional information, and pass them to successive
multi-headed self-attention (MSA) layers as done in [12].

Similarly, for the input of a scene with n shots, we first
divide it into a sequence of (n · k, w

p ,
h
p , c) patches. After

convolution and flattening, we get (N ·n ·k,D)-dimensional
patch embeddings. Notice that this is different from the di-
mension of a frame, and does not match with the dimen-
sion of positional embeddings. Inspired by [12] where they
mentioned that positional embeddings can be interpolated
to take input of higher resolutions, we propose to gener-
alize this property from frame to shot and scene. That is,
we interpolate the N-dimensional positional embeddings to
N · n · k, excluding the 1 dimension corresponding to class
token, and add the interpolated positional embeddings to
patch embeddings before providing them to MSA layers.

This operation offers flexibility and efficiency for down-
stream tasks. That is, using 2-D interpolation to the posi-
tional embeddings of our encoder allows it to take variable-
length shot-sequences as inputs. This enables our approach
to be applicable to the common setting where the lengths
of multi-shot sequences in contrastive learning are different

from those available in downstream tasks. Moreover, as us-
ing 2-D interpolation to the positional embeddings of our
encoder does not add extra computation along the temporal
dimension, it allows us to perform training efficiently which
is particularly important for large-scale settings.

3.2.2 Contrastive Learning

Our scene contrastive learning step follows some of the re-
cent works [23] [8] with two key differences: (a) unlike
the image or shot-augmentation focused pretext tasks pre-
viously used, we define scene-level pretext task that uses
commonly available movie metadata making it more effec-
tive for long-form video understanding, and (b) our use of
ViT-based [12] scene encoder allows variable-length inputs
and the possibility to adopt large-scale pre-trained models,
which is not something that previously used ResNet-based
encoders [8] could offer.

Specifically, we define our pretext task as a dictionary
look-up for the scenes selected at the end of our movie sim-
ilarity learning step. That is, given a query scene q, its pos-
itive key scene k0 is determined in Pscene, and the objective
is to find k0 among a set of random scenes {k1, k2, ..., kK}.
The problem is converted to a (K + 1)-way classification
task by calculating similarity with dot-product, and we use
InfoNCE as the contrastive loss function [40]:

Lq = −log
exp(f(q|θq) · g(k0|θk)/τ)

K∑
i=0

exp(f(q|θq) · g(ki|θk)/τ)
(3)

where f(·|θq) is the query encoder with parameters θq up-
dated during back-propagation, g(·|θk) is the key encoder
with parameters θk learned by momentum update as done
in [23], and τ is the temperature as illustrated in [55].

During contrastive learning, the scene encoder Escene is
the query encoder q without the last fully-connected layer,
and is updated based on the selected similar scenes Pscene.
After training converges, Escene is the outcome from this
stage, which can then be used for downstream tasks.

4. Experiments
We first discuss one of our newly collected movie datasets
MovieCL30K that we used to learn our scene representa-
tion followed by describing the implementation details of
our algorithm. We then present comparative results on mul-
tiple benchmark datasets [53] [26] [42] demonstrating sig-
nificant gains of our approach over existing state-of-the-art
models for a diverse set of downstream tasks in LVU [53]
and MovieNet [26]. To further demonstrate the generaliz-
ability of our learned scene representation, we test it on an-
other newly collected dataset MCD focused on large-scale
moderation of age-sensitive activities and show substantial
gains over existing state-of-the-art approaches.



4.1. Dataset and Implementation

4.1.1 MovieCL30K

We compiled a new dataset called MovieCL30K with
30, 340 movies from 11 genres with the genre-distribution
of [action, drama, comedy, horror, doc, foreign, animation,
kids, sci-fi, romance, other] being [27.4%, 21.6%, 17.5%,
6.5%, 4.6%, 4.6%, 4.1%, 3.1%, 2.8%, 1.2%, 6.1%]. We
empirically compare commonly available movie metadata
including: (i) co-watch, (ii) genre, and (iii) synopsis.

We collect movie co-watch information based on the
watch history of movies. That is, for each movie m1, we
keep records of movies that are watched after m1, and then
rank the records to build a set of movies that are most fre-
quently watched after m1. To use genre to find movies sim-
ilar to an input movie, we randomly select movies with the
same genre as the input movie. Lastly, to use synopsis for
movie-level similarity, we first extract textual-embeddings
of synopsis using a pre-trained natural language processing
model [37], and then compute pair-wise movie-similarities
as the dot-product of their textual-embeddings followed by
selecting the closest movies. When using any of the afore-
mentioned movie-similarity measures, we select three most
similar movies on average for each movie in MovieCL30K.

4.1.2 Implementation Details

We divide movies in MovieCL30K into their constituent
∼33 million shots, and only keep one frame per shot for ef-
ficiency. We first use ViT [12] as our shot encoder Eshot and
train it with 30% of all shots forming query and key pairs.
Then we fix and use Eshot to extract representations of all
shots as shown in Figure 2. The movie-level encoder Emovie
comprises of two fully-connected layers each with 512 di-
mensions, and a dropout layer with 0.5 probability between
them. We keep length of each movie to be 1, 024 shots, and
zero-pad the movies shorter than that. Kernel size for both
max and average pooling are set to 16, with a stride of 8.

After movie-level similarity learning (Figure 2), we only
keep the top 50% of most similar scene-pairs selected in
each movie-pair because we empirically found that the
scene-pairs can get noisier and become less informative be-
yond this ratio. We follow the implementation in [23] for
momentum contrastive learning and use ViT [12] as our
scene encoder instead of ResNet [24] used in [23]. More-
over, we optimize with AdamW [38] instead of SGD [19].
For scene representation learning, we interpolate the posi-
tional embeddings (see § 3.2.1) so that the encoder can take
variable-length multi-shot sequences as input.

For supervised learning on downstream tasks, unless oth-
erwise specified, we use a simple multilayer perceptron
(MLP) with two hidden layers, where the output layer is
modified for each various classification or regression task.

4.2. Comparisons on LVU Benchmark

To ensure that there is no overlap between pre-training and
downstream evaluation, during the representation learning
step, we exclude movies from MovieCL30K that have the
same IMDb IDs as the ones in validation and test sets of
compared benchmark datasets.

We first evaluate our model using the benchmark LVU
dataset [53] which contains nine diverse tasks includ-
ing: place (scene), director, relationship, way-of-speaking,
writer, year, genre, view-count, and like-ratio. The total
number of labeled videos in LVU dataset [53] is ∼11K with
the splits of training, validation, and testing sets to be 70%,
15%, and 15%, respectively. Following [53], view-count
and like-ratio are evaluated by mean-squared-error in re-
gression (lower is better), while other seven tasks are evalu-
ated using top-1 accuracy in classification (higher is better).

4.2.1 Ablation Study

To assess the effectiveness of different components in our
model, we present the ablative comparisons in Table 1 re-
garding factors including: 1) number of movies used during
pre-training, 2) whether the shot encoder is initialized us-
ing CLIP [41] visual encoder and kept fixed or randomly
initialized and trained by our method, 3) whether the scene
encoder is initialized with CLIP [41] weights or randomly,
4) influence of number of shots in each scene and number of
frames in each shot, 5) different backbone architectures, 6)
hyper-parameters including batch size and input resolution,
7) how long it takes for the training to complete compared
to row 1 as one unit time, 8) the metadata used to define
similar movie-pairs. Results on validation-set of nine tasks
in LVU [53] are presented for each setting. The insights
from these comparisons are summarized as follows, where
the results are compared against row 1 as the base case.

a. Training scale is critical for model performance. From
rows 1 to 5 in Table 1, we compare different scales of pre-
training. We can see that our model can work with as little
as 3K pre-training movies, but it takes about 15K movies
for our method to compare favorably with previous state-
of-the-art results [53]. Since we do not need any manually
labeled data for pre-training, we can scale our approach for
better performance relatively more easily.

b. Number of shots is important. From rows 6 and 7,
comparing with row 1, the performance would be improved
when we increase the number of shots per scene. This
is reasonable since we can incorporate more information
with more shots. However, when we further increase the
number to 16 shots per scene in row 8, the performance
drops. This is possibly because with the longer context,
some scenes may cross scene boundaries, and thus provide
noisy or irrelevant information from different scenes. Also,



pre-train shot scene # of shots
backbone

hyper-params unit
metadata

classification ↑ regression ↓
movies enc. init. -frames bat.-res. time place director relation speak writer year genre view like

Various pre-training scales
1 30K random random 9-1 ViT-B/16 128-128 1 co-watch 63.2 69.8 68.7 40.1 60.1 54.1 55.5 2.62 0.161
2 15K random random 9-1 ViT-B/16 128-128 0.5 co-watch 59.1 66.3 63.3 37.5 55.9 50.3 52.7 3.02 0.254
3 7.5K random random 9-1 ViT-B/16 128-128 0.25 co-watch 55.7 60.9 59.4 35.8 52.7 48.3 48.8 3.19 0.307
4 3K random random 9-1 ViT-B/16 128-128 0.1 co-watch 45.3 49.5 52.2 34.6 47.6 41.2 43.6 3.47 0.352
5 300 random random 9-1 ViT-B/16 128-128 0.01 co-watch 31.2 29.8 35.7 27.5 30.1 28.9 34.3 4.55 0.496

Different numbers of shots and frames
6 30K random random 1-1 ViT-B/16 128-128 1 co-watch 46.5 48.2 44.1 30.3 31.1 34.4 45.8 3.89 0.401
7 30K random random 4-1 ViT-B/16 128-128 1 co-watch 55.6 60.1 57.2 33.4 50.3 49.8 51.1 3.07 0.246
8 30K random random 16-1 ViT-B/16 128-128 1 co-watch 62.4 66.2 65.3 39.7 56.2 54.3 52.4 2.93 0.173
9 30K random random 9-3 ViT-B/16 128-128 3 co-watch 63.5 70.1 69.3 40.4 59.7 54.9 54.7 2.59 0.159

Different similarity measures
10 30K random random 9-1 ViT-B/16 128-128 1 random 49.2 48.8 51.5 34.6 37.2 36.7 49.1 3.94 0.454
11 30K random random 9-1 ViT-B/16 128-128 1 genre 62.9 58.1 66.3 39.5 47.3 45.2 56.2 3.85 0.351
12 30K random random 9-1 ViT-B/16 128-128 1 synopsis 56.7 54.1 65.3 36.8 45.9 34.5 50.7 3.87 0.471
13 30K random random 9-1 ViT-B/16 128-128 1 gen.+syn. 64.1 65.5 69.6 41.5 52.3 51.1 56.7 2.94 0.199

Comparisons on weight initialization and backbone
14 30K CLIP CLIP 9-1 ViT-B/16 128-128 1 co-watch 61.2 65.3 67.4 43.7 54.1 53.5 56.3 2.75 0.178
15 3K random random 9-1 MViTv2-S 32-224 1 co-watch 47.6 51.2 51.3 35.3 45.1 44.7 43.7 3.51 0.343

Table 1. Ablation study results on validation-set of benchmark LVU dataset [53]. Note that for classification tasks higher is better, and for
regression tasks lower is better.

models pre-train data modalities
frames params classification ↑ regression ↓
/scene sup. learn place director relation speak writer year genre view like

End-to-end learning approaches
1 Video Bert [46] 30K LVU movie clips visual 60 ∼8.77M 54.9 47.3 52.8 37.9 38.5 36.1 51.9 4.46 0.320
2 SlowFast R101 [16] 30K LVU movie clips visual 60 ∼44M 54.7 44.9 52.4 35.8 36.3 52.5 53 3.77 0.386
3 OT [53] 30K LVU movie clips visual 60 ∼27M 56.9 51.2 53.1 39.4 34.5 39.1 54.6 3.55 0.230
4 ViS4mer [27] 30K LVU movie clips visual 60 ∼3.6M 67.4 62.6 57.1 40.7 48.8 44.7 54.7 3.63 0.260

5
Hierarchical 240K Kinetics

visual 16 ∼27M 44.1 40.1 50.9 34.1 31.4 29.6 51.1 4.88 0.353
OT [56] +23.5K VidSitu

Representation-based approaches
6 CLIP [41] 400M image-text pairs vis.+text 9 ∼0.7M 52.9 56.2 56.1 36.7 37.8 46.4 50.9 3.85 0.411
7 Merlot Reserve [58] 20M Youtube videos vis.+text+aud. 8 ∼0.7M 59.2 54.4 60.0 41.1 38.5 49.7 54.6 3.03 0.217
8 ShotCoL [8] 2.5M movie shot pairs visual 9 ∼1.3M 45.3 49.5 46.7 31.1 29.8 36.7 43.1 4.79 0.397
9 Bridge Former [18] 3.3M image+2.5M video vis.+text 4 ∼0.4M 62.8 55.7 60.4 40.9 49.7 41.4 52.9 3.97 0.312

10 Ours 2.5M movie scene-pairs visual 9 ∼0.7M 68.2 70.9 71.2 42.2 53.7 57.8 55.9 2.79 0.192
+0.8 +8.3 +10.8 +1.1 +4.0 +5.3 +1.2 -0.24 -0.025

Table 2. Quantitative comparisons on test-set of benchmark LVU dataset [53]. Our approach is evaluated on nine diverse tasks and
compared against multiple state-of-the-art models. Note that for classification tasks higher is better, and for regression tasks lower is better.

the number of scene-pairs would decrease with more shots
per scene, and thus provide fewer training samples for scene
contrastive learning, which may further reduce the effec-
tiveness of the learned scene representations. Adding more
frames per shot as in row 9 can also increase the perfor-
mance. However, when we have more frames to process, it
takes significantly more time for training with only marginal
performance gain. Thus, we choose to use 9 shots per scene
with 1 frame per shot for all future experiments as default.

c. Movie metadata matters. In rows 10 to 12, we compare
the representations learned using different type of movie
metadata. We can see that co-watch, genre and synopsis are
all effective measures for movie similarity. Using co-watch
can achieve overall better results, which is likely due to the
fact that it can incorporate more complex relationships be-

tween movies, and thus provide more diverse scene-pairs
for representation learning. Moreover, when we concate-
nate the features separately learned by genre and synop-
sis, it offers similar or even better accuracy compared to
co-watch, which indicates that further improvements can
be achieved when combining scene representations learned
from different metadata information. However, as shown in
row 10, randomly picking movie-pairs from the 30K movies
and applying our approach to them does not offer results
that are comparable to what we get when using other types
of metadata. This indicates that informative and meaningful
metadata is necessary for our model to perform well.

d. Our method does not rely on pre-trained weights. In
row 14, we swap our shot encoder to the visual encoder in
CLIP [41] and use CLIP weights as initialization for scene



encoder. We can see that the performance is comparable
to random initialization, showing that our whole framework
can be trained from scratch using solely movie metadata.

e. Model-complexity and training-scale trade-off. When
comparing with different backbone architecture MViTv2-
S [14] [35] in row 15, we notice that while recent archi-
tectures can improve performance, it may take significantly
more time for training. For example, even when the num-
ber of parameters in ViT-B/16 (87.2M) is more than the one
in MViTv2-S (26.1M) [14] [35], the expected time to com-
plete the training of MViTv2-S with their default setting is
more than 10× that of ViT-B/16 due to smaller batch size
and larger input size. To keep ∼1 unit time for training of
MViTv2-S, we can only use 3K pre-training data. It per-
forms better than row 4 using same amount of data but only
requires 0.1 unit time, and it is not comparable with row 1
that can use 10× of data with 1 unit time. Thus, we keep
our setting on row 1 as default.

4.2.2 Comparing with State-of-the-art Results

In Table 2 we compare our approach with state-of-the-art
results on LVU [53] test-set. There are two main parts of
Table 2 where each model is considered as either an end-
to-end learning or representation-based approach. For end-
to-end methods, they generally use a smaller scale of pre-
training data, followed by end-to-end fine-tuning on down-
stream tasks in LVU. Thus, they require to train a higher
number of parameters during supervised training. A higher
number of frames per scene is also used in end-to-end mod-
els, which enables them to incorporate more information.

For representation-based approaches, we compare with
some recent large-scale pre-training models using various
scales and modalities of data. We extract features from their
fixed visual encoders and learn a simple MLP for down-
stream tasks, which significantly reduces the number of pa-
rameters needed during supervised learning. We can see
that our method is significantly different from other exist-
ing representation-based approaches in terms of required
modalities. That is, most existing methods rely on cross-
modality information to learn representations, and this re-
quires a more complex procedure for data process and col-
lection. The only approach using single modality is Shot-
CoL [8]. However, since they learned shot-level represen-
tations that are most effective for scene boundary detection
tasks, when applied to semantic understanding of content
with longer context, they are not performing as well.

Overall, we can see that comparing with both end-to-
end and representation-based approaches, our model can
comfortably outperform other state-of-the-art results across
different tasks, with a large margin on many of them.
These comparisons further validate the effectiveness of our
learned scene representations.

Models mAP
Fine- TSN [50] 8.33
tuning I3D [7] 7.66

ImgNet [10] 7.04
Feature Place [60] 8.76
+MLP CLIP [41] 9.26

Ours 12.17

Table 3. Comparisons with
state-of-the-art results on
MovieNet place scene tag-
ging using methods based
on: (a) action recognition
models fine-tuned for this
task, and (b) commonly used
pre-trained representations for
generic downstream tasks.

Models Pre-train data AP
SimCLR [9] same-domain 41.65
MoCo [23] same-domain 42.51

ShotCoL [8] same-domain 53.37
SCRL [54] same-domain 54.82
BaSSL [39] same-domain 57.40
LGSS [42] cross-domain 47.1
CLIP [41] cross-domain 47.4

ShotCoL [8] cross-domain 48.4
Ours cross-domain 55.03

Table 4. Comparisons with
state-of-the-art results on
SBD. Our approach outper-
forms all methods trained in
cross-domain and provides
competitive results to models
trained in same-domain.

4.3. MovieNet Benchmark

MovieNet is a large-scale movie understanding dataset with
1, 100 movies covering a variety of tasks [26]. However,
unlike LVU [53] where videos are publicly available, the
movies in MovieNet are not publicly released yet due to
copyright issues. Only keyframes from each shot are pro-
vided, which makes tasks that demand high frame-rate
(e.g., action recognition) infeasible. We therefore focus our
comparisons to two scene understanding related tasks in
MovieNet that do not demand particularly high frame-rate,
i.e.: (i) place tagging, and (ii) scene boundary detection.

a. Place Tagging: There are 90 categories of places with
19.6K place tags in MovieNet [26]. The place tagging
problem is formulated as a multi-label classification task
where each manually labeled scene can have multiple place
tags. The results are evaluated by mean average precision
(mAP) on the test-set as shown in Table 3. We compare
our approach with two sets of models: (i) fine-tuning mod-
els, and (ii) feature-based approaches. The results on fine-
tuning are reported by [26] where they mentioned that stan-
dard action recognition models were adopted. For feature-
based approaches, we compare our encoder with CLIP vi-
sual encoder [41] and ResNet50 [24] pre-trained on the
Place dataset [60]. We can see that our model can signif-
icantly outperform all other compared methods on this task.

b. Scene Boundary Detection: Scene boundary detection
(SBD) is a challenging and important problem for seman-
tic movie understanding [42] [8]. We show that our learned
general-purpose scene encoder can be seamlessly applied to
this task and provide competitive results to state-of-the-art
models. Following [8], we use the subset of 318 movies
from MovieNet [42] [26] where manually annotated scene
boundaries are provided. The training, testing and valida-
tion splits are also provided with 190, 64 and 64 movies
respectively. The problem is formulated as binary classifi-
cation to predict if a shot boundary is also a scene boundary,



Models Pre-training data sex violence drug-use average

SlowFast R50 [16] K400 [31] 63.9 46.5 49.4 53.2

SlowFast R101 [16]
K600 [6]

61.0 57.3 54.0 57.4
+AVA2.2 [33]

X3D-L [15] K400 [31] 69.2 49.4 56.4 58.3
CLIP [41] image-text pairs 78.5 62.1 55.1 65.2

Ours MovieCL30K 81.5 70.2 61.8 71.1

Table 5. Comparison of our approach with state-of-the-art pre-
trained models on MCD dataset.

and the results are evaluated by average precision (AP) [26]
[8]. Following ShotCoL [8], we use a four-shot sequence as
a sample where representations for each shot are indepen-
dently extracted and concatenated. Notice that in addition
to Place Tagging and LVU tasks where our encoder can take
multi-shot clips as input, for SBD, our encoder can take in-
dividual shots as input which demonstrates the flexibility of
our approach for different types of inputs.

We report the AP results of the different compared ap-
proaches in Table 4, where approaches are categorized de-
pending on whether the pre-training data comes from the
same domain as the downstream task. For example, there
are four encoders in LGSS [42] pre-trained in supervised
manner on datasets that are different from MovieNet [26],
and thus it is the cross-domain setting. For SCRL [54],
BaSSL [39] and MoCo [23] implemented in [8], the rep-
resentations were learned on the full MovieNet [26] dataset
with 1, 100 movies, and then applied to the subset of 318
movies on SBD, making it a same-domain setting. Shot-
Col [8] provided results for both settings with a significant
performance gap between them.

As shown in Table 4, our approach outperforms state-
of-the-art models pre-trained in cross-domain, and provides
competitive results to models [8] [54] [39] that are dedicat-
edly designed for SBD and pre-trained in same-domain.

4.4. Video Moderation

Large-scale video moderation is one of the most press-
ing challenges faced by video streaming services. How-
ever, most existing action recognition datasets (e.g., Kinet-
ics [6, 31], THUMOS14 [29]) do not cover movies and TV
episodes well, while existing movie datasets (AVA [21],
MovieNet [26]) are not including age-sensitive activities.
To this end, we focus on video moderation particularly to
detect sex, violence, and drug-use activities (see supplemen-
tary materials for examples) in movies and TV episodes.
a. Mature Content Dataset (MCD): We constructed the
MCD dataset by using Amazon SageMaker Ground Truth
as our labeling tool. We provided annotation guidelines
to annotators consisting of 17 instructions for sex, 34 for
violence and 14 for drug-use. Examples of these instruc-
tions include: “intentional murder and/or suicide that in-
volves bloody injury” for violence, and “strip-tease or erotic
dancing with full nudity” for sex.

All our annotators were fluent English speakers which
enabled them to understand their provided instructions. All
annotators went through multiple training sessions to pre-
pare for their assignment. Each annotator was asked to label
sample-videos and received feedback on their labeling qual-
ity before they could start to label independently. Addition-
ally, 20% of the labeled samples were randomly selected
and taken through a mandatory review to ensure quality.

MCD contains 44, 581 clips from 18, 330 movies and TV
episodes with 4, 580, 8, 248, 8, 271, and 23, 482 clips con-
taining sex, violence, drug-use, and none-of-the-above ac-
tivities respectively. These clips have a mean duration of
5 seconds, and were divided into training, validation, and
testing sets with 70%, 10%, and 20% ratio respectively.
b. Results: We compare our representation with the ones
from state-of-the-art models [16] [14] [15] [41] pre-trained
on action recognition [31] [6] [21] as well as image classifi-
cation datasets [41]. Specifically, we extract embeddings of
MCD using different pre-trained encoders and use them as
input to train a 4-class MLP for predicting age-appropriate
activities. Table 5 presents the AP results on our test data,
and shows that our scene representation outperforms the al-
ternatives by a large margin. Notice that CLIP visual fea-
ture performed close to our representation on the task of
sex but not other tasks. This might indicate that in the pre-
training data of CLIP, there might be a considerable amount
of image-text pairs related to sex concepts. Similar observa-
tions [4] have been made on other large-scale datasets [43].

5. Conclusions and Future Work
We presented a novel contrastive learning approach that
uses movie metadata to learn a general-purpose scene-level
representation. Our approach adopts recent developments
in vision transformer, where by incorporating the interpo-
lation of positional embedding, we were able to train a
scene encoder that can take variable-length multi-shot in-
puts. We empirically demonstrated the effectiveness of our
approach using different types of movie metadata includ-
ing co-watch, genre, synopsis. Results on a variety of tasks
from multiple benchmark datasets highlight the strengths
of our approach. We also presented a new application of
our scene representation for video moderation focused on
three age-appropriate activities, where our approach outper-
formed state-of-the-art action recognition features.

Going forward, we will further improve the efficiency
of our approach to help it scale even more. We will also
explore other types of movie metadata to find a represen-
tation effective for additional downstream tasks. Further-
more, there are additional long-form content (e.g, music,
news articles, books) where acquiring fine-grained labels is
costly. We will apply our approach on these long-form con-
tent to enable downstream tasks from multiple domains.
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