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Abstract

Learning computer vision models from (and for) movies
has a long-standing history. While great progress has been
attained, there is still a need for a pretrained multimodal
model that can perform well in the ever-growing set of
movie understanding tasks the community has been estab-
lishing. In this work, we introduce Long-range Multimodal
Pretraining, a strategy, and a model that leverages movie
data to train transferable multimodal and cross-modal en-
coders. Our key idea is to learn from all modalities in
a movie by observing and extracting relationships over a
long-range. After pretraining, we run ablation studies on
the LVU benchmark and validate our modeling choices and
the importance of learning from long-range time spans. Our
model achieves state-of-the-art on several LVU tasks while
being much more data efficient than previous works. Fi-
nally, we evaluate our model’s transferability by setting a
new state-of-the-art in five different benchmarks.

1. Introduction

Are movies just for entertainment? Arguably they offer
much more than that. Movies are a source of inspiration
for many and a force that influences societal behaviors [1].
Movies are also an active topic of study in the computer vi-
sion community [22, 13, 46, 5, 19, 3]. They have served as a
testbed for measuring progress in visual recognition [16, 6],
reasoning [36, 42], and creative editing [10, 31]. Moreover,
movie data has been also leveraged to train computer vision
[9], machine listening [7], and NLP [54] systems. Besides
entertainment, movies are surely an intriguing media that
can help AI models to understand semantics and artistic ex-
pressions encoded in a movie style.

While the quest of understanding movies has gained
steady attention, it is still an open question how to de-
velop models that leverage abundant sources of movie data
[19, 37] to tackle all the movie-related tasks that the com-
munity has grown over the last decade [5, 26, 48, 41, 3].
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Figure 1. Learning from Movie Sequences. Movie sequences
offer learning signals when observed for long-ranges. By reading
the language (dialogue), hearing the sounds, and looking at the
video, one can determine that Beethoven, the dog, was barking
and he sleeps in a white and blue wooden dog house.

But, learning from movies is not a straightforward task, es-
pecially when no labels are available.

Existing video self-supervised approaches [11, 14, 2, 50,
52], which primarily focus on learning from short clips,
would not leverage the richness of movies, as the value of
movies as training sources emerges from their long-range
dependencies. Moreover, the end-to-end learning scheme
adopted in these works can not be easily extended to movies
as it is computationally infeasible to encode long-form se-
quences in an end-to-end manner.

Recent works on long-form video understanding [48, 20,
9] have attempted to address these limitations by encod-
ing movie clips using frozen base encoders [48, 9] or state-
space models [20]. However, these works exclusively focus
on the video modality for long-range temporal reasoning,
disregarding audio and text signals, and hence are limited to
specific tasks. In this work, we argue that long-form videos
such as movies are rich in visual, auditory, and textual in-
formation, and integrating these modalities would lead to a
better and generalizable understanding.



Fig. 1 illustrates how the three core modalities in movies
(language, video, sound) can serve as a valuable source of
supervision when reasoned all together for a long time. By
analyzing the language (from the dialogue) we can under-
stand that the dog’s name is Beethoven, from the audio we
could hear he is barking, and from long-range associations,
we can infer he sleeps in a wooden dog house. This toy
example illustrates how critical is to design training strate-
gies that can effectively encode visual, audio, and language
relationships. It is equally important to effectively design
models that encode long-range dependencies.

This work presents pretraining strategy that leverages
multimodal cues and long-range reasoning in movies. We
develop a flexible model that can be easily transferred to
a range of tasks related to movie analysis and understand-
ing [48, 26, 3, 41, 5]. Our first design requirement is that
the model needs to observe over a long time span in order
to do long-range reasoning. To facilitate this, we dissect a
long video into shots and represent it as an ordered sequence
of shots. The main motivation for using shot-based input
sampling instead of uniform temporal sampling is to cap-
ture longer multi-shot content at a time since each shot will
be considered as one token irrespective of its length. Our
second design requirement is to efficiently encode the in-
put sequence by harnessing all available modalities. We do
so by representing each shot clip in the sequence in video,
audio, and language modalities. As it is computationally
inefficient to encode long-form sequences in an end-to-end
manner, we opt for using pretrained state-of-the-art mod-
els [44, 18, 4, 24] as base encoders to transform the raw
video, audio, and text sequences into their corresponding
compact feature representations.

Given a sequence of encoded base features for each
modality, our third design requirement is to perform mul-
timodal long-term reasoning in a self-supervised manner.
To do so, we make use of Transformer networks [45]. In-
stead of combining all tokens from the different modal-
ities as one long sequence like in VideoBERT [39], we
follow a hierarchical approach. We first learn long-range
context from each modality using contextual transformers
while simultaneously ensuring that the context learned over
one modality is also conditioned by another modality. We
then learn joint representations between modalities using
a cross-modal transformer network. To ensure that differ-
ent transformers in our framework serve their purpose, we
introduce a pretraining strategy that enforces intra-modal,
inter-modal, and cross-modal relationships over long-range
observations via carefully designed losses.

We train our model using publicly available movie
dataset [37], performing additional preprocessing such as
shot boundary detection [38]. We evaluate the transferabil-
ity of our approach on six different benchmarks [48, 26,
3, 41, 5], and empirically show that long-range multimodal

pretraining provides extensive benefits in performance.

Contributions. Our goal is to train transferable models
for movie understanding. It brings two contributions:
(1) We introduce a pretraining strategy designed to leverage
long-range multimodal cues in movies. We propose a model
that captures intra-modal, inter-modal, and cross-modal de-
pendencies via transformer encoders and self-supervision.
(2) We conduct extensive experiments to validate the trans-
ferability of our model and the contributions of the pretrain-
ing strategy. The results show that our model consistently
improves the state-of-the-art across six benchmarks.

2. Related Works
Multimodal Pretraining in Long Videos. Pretraining
from long videos has recently gained lots of attention [52,
40, 2, 50]. Previous works have built upon the intuition that
modeling multimodality in long videos is key for learning.
For instance, Zellers et al. [52] introduced an end-to-end
BERT-alike model [12] that learns from sound, video, and
transcripts from narrated YouTube videos. Similarly, [2] in-
troduced multimodal models that use contrastive objectives
to train base encoders on a large-scale collection of videos.
While these approaches can offer specialized encoders for
general perception tasks, their design choice for training the
base encoders end-to-end prevents them to encode longer
sequences and effectively modeling long-range dependen-
cies. Concurrent to our work, Sun et al. introduced a frame-
work for video-language pretraining in long videos [40].
Their proposed method shares some design choices with
ours, such as including both video-language contrastive ob-
jectives, but also a cross-modal module trained with mask
language modeling objectives [12]. Our method differs
from these approaches in three key aspects: (i) we opt for
leveraging frozen base encoders to facilitate longer mod-
eling; (ii) our cross-modal objective is anchored on recon-
structing the video representations from both audio and lan-
guage modalities; and (iii) our method is specialized to
movies and is pretrained using a much smaller dataset.

Learning from Movies. Movies have served as a popular
source for training computer vision models [22, 47, 35, 51].
They have facilitated the creation of multiple datasets, en-
abling early research in action recognition [22], substantial
progress in character recognition [13], and studies in cine-
matography [51, 3, 8], among many other areas [55, 5, 41].
Besides, movies have been also leveraged to train self-
supervised models for various applications [30, 32, 33]. For
example, Learning to Cut [30] recommends the best mo-
ments to cut a pair of shots by looking at motion. Finally,
and closer to ours, recent methods have harnessed movies
to train video representations for movies [21, 49, 20, 9].
Different from our approach, these works focus on train-



ing unimodal (visual) representations [49, 9, 20] or do not
model long-range sequences [21].

Movie Understanding. There has been a growing interest
in understanding long-form videos such as movies and TV
shows with AI. To facilitate research in this direction, sev-
eral datasets and benchmarks have been proposed. Huang et
al. [19] proposed MovieNet, a dataset that contains 1,100
full movies and 60K trailers with annotations for various
tasks including scene segmentation, character recognition,
and genre prediction. Wu et al. [48] introduced the LVU
benchmark which contains a total of 9 tasks related to con-
tent understanding, metadata prediction, and user engage-
ment. Liu et al. [26] collected a large-scale dataset from
TV shows for multi-shot temporal event localization. Some
other works proposed [5, 41] movie clips-based datasets for
text-video and audio-video retrieval tasks. Pardo et al. [31]
proposed the Moviecuts dataset for studying different cut-
ting patterns in movies. Recently, Argaw et al. [3] intro-
duced the AVE benchmark for AI-assisted video editing.
Our work offers a transferable model that can be tasked to
address various movie understanding tasks.

3. Long-range Multimodal Pretraining

Given a movie M , we first dissect M into a sequence of
shots using a shot-boundary detector [38]. Then, we sample
k consecutive shots i.e. {S1, S2, . . . , Sk}, as an input to our
method. Our motivation for such a design choice comes in
twofold. First, shot-based sampling captures longer multi-
shot content at a time compared to uniform temporal sam-
pling, since each shot is considered as one token irrespective
of its length. Second, a model trained in this manner could
be easily deployed to video editing tasks [3], where shots
from different camera setups are sequentially assembled to
make an edited scene. Each shot clip in the input sequence
is represented in video (V ), audio (A), and language (L)
modalities as shown in Fig. 2. The video and audio inputs
are directly extracted from the given shot sequence. For lan-
guage input, we use all the text data spanning between the
first and the last shot in the sequence.

3.1. Base Feature Encoding

As it is computationally inefficient to encode long se-
quences in an end-to-end manner, we opt for using state-of-
the-art pretrained networks as base encoders. For the video
inputs, {V1, V2, . . . , Vk}, the corresponding base video fea-
tures, i.e. {v1, v2, . . . , vk}, are obtained by passing each
shot clip in the sequence into a frozen video backbone. In
the same manner, base audio features, i.e. {a1, a2, . . . , ak},
are encoded from the input audio sequence using an au-
dio backbone network. The base language features, i.e.
{l1, l2, . . . , ls} where s denotes the total number of word

tokens, are extracted by encoding the raw text data using
a pretrained language model. The goal of this step is to
capture local information from each source and compress
the captured information into a set of tokens to be used for
the next steps. After base feature encoding, we project the
encoded tokens across different modalities into a matching
dimension using a linear layer.

3.2. Long-term Sequence Reasoning

Given a sequence of base features, we aim to design
a model that integrates all available modalities in a self-
supervised manner to perform long-term reasoning. First,
we feed the base feature sequence from each modality into
Transformer encoders [45] as shown in Fig. 2. The pur-
pose of these transformers is to learn temporal context from
the long-range input as each element in the given sequence
attends to every other element in the sequence. Thus, we
refer to them as contextual transformers. To ensure that the
contextual transformers serve their purpose, we impose the
following two constraints. First, we adopt a BERT-like [12]
pretraining, where we replace 20% of the tokens with a spe-
cial MASK token for audio, video, and text sequences. Each
transformer is then trained to match the MASKed predic-
tion with the corresponding input representation via intra-
modality masking loss. For simplicity, let ŵ denote the pre-
dicted representation for a masked input token w in a batch
of W tokens. The intra-modal masking loss is then formu-
lated as minimizing the cross entropy between ŵ and w in
all modalities as shown in Eq. (1) and Eq. (2).

Lmask(·) =
1

|W|
∑
w∈W

(
log

exp(ŵ · w)∑
w∈W exp(ŵ · w)

)
(1)

Lintra−modal = Lmask(A) + Lmask(V ) + Lmask(L) (2)

While it is crucial to learn long-range contexts in each
modality, it is equally important to ensure that the con-
text learned over one modality is also conditioned by an-
other modality in order to effectively capture the underly-
ing multimodal cues in long-form videos. For instance,
the soundtrack used in a movie often matches the visual
content (e.g. pace, scene) of the movie. To enforce this
notion in our model, we impose an inter-modal alignment
between learned representations from the contextual trans-
formers, i.e. contextual features. Using video modality
as an anchor, we define the inter-modal contrastive loss as
the sum of the InfoNCE loss [29] between audio ↔ video,
and video ↔ language representations. Given the one-to-
one alignment between contextual audio and video features
({â1, â2, . . . , âk} and {v̂1, v̂2, . . . , v̂k}), we encourage the
corresponding (positive) pairs to have high similarity and
non-corresponding (negative) pairs to have low similarity
as formulated in Eq. (3).
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Figure 2. Long-range Multimodal Pretraining. Our approach takes as input audio, video, and language observations extracted from
a sequence of k consecutive movie shots. The observations from each modality are encoded with frozen base encoders, and its outputs
are projected via projection layers. Then, a stack of transformer encoders contextualize the base features of each modality. Finally, a
cross-modal transformer is used to learn joint embeddings between the contextualized features. Our pretraining includes intra-modal,
inter-modal, and cross-modal losses to jointly train the transformer models. The pretrained model can be used as a backbone encoder for
several downstream tasks.

Lv̂→â = −
N∑
j

k∑
i

(
log

exp(S(v̂j,i, âj,i)/τ)∑N
j

∑k
i exp

(
S(v̂j,i, âj,i)/τ

)) (3)

, where j and i index batch size N and input sequence
length k, respectively, S denotes cosine similarity and τ is
a temperature parameter. The contrastive loss between con-
textual video and language features ({v̂1, v̂2, . . . , v̂k} and
{l̂1, l̂2, . . . , l̂s}) is implemented using a one-to-many align-
ment scheme, i.e. for each video feature v̂i, the correspond-
ing pair is obtained by averaging the representations of the
language tokens spanning the interval of v̂i such that:

l̄i =
1

Ci

Ci∑
c=1

l̂c (4)

, where Ci represents the number of language tokens in the
interval of shot Si. This is equivalent to matching each shot
Si to its corresponding textual representation. The resulting
loss is then formulated similarly to the loss in Eq. (3) using
v̂i and l̄i. The total inter-modal contrastive loss is computed
symmetrically as follows.

Linter−modal = Lv̂→â + Lâ→v̂ + Lv̂→l̄ + Ll̄→v̂ (5)

3.3. Cross-modal Representation Learning
Thus far, our model learns to reason over long-term se-

quences in different modalities while simultaneously ex-
ploring their correlation. Intuitively speaking, the losses
defined in Eq. (2) and Eq. (5) should be strong enough con-
straints to learn transferable representations. However, the
interaction between the different modalities is enforced only
at a loss level so far. Inspired by the success of joint en-
coding in related works [39, 2], we adopt a cross-modal
Transformer [45] network to explicitly facilitate joint rep-
resentation learning in our framework. The key motiva-
tion here is to further exploit multimodal cues from audio
and language features to guide long-form video represen-
tation learning. We accomplish this by feeding the con-
textual audio/language features as a source sequence into
the encoder, and the contextual video features as a tar-
get sequence into the decoder of the cross-modal trans-
former as shown in Fig. 2. Thus, our model decodes audio-
conditioned and language-conditioned visual features, i.e.
{v̂a1 , v̂a2 , . . . , v̂ak} and {v̂l1, v̂l2, . . . , v̂lk}, by encoding the au-
dio and language representations, respectively. To ensure
that the cross-modal transformer serves its purpose, we
introduce a cross-modal contrastive loss that encourages
alignment between the learned cross-modal representations.
It is defined as the InfoNCE loss [29] between audio-
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But you'll be wearing it 
to the Chesterton Trials. 
That's in April.
---
Uh, fur would be 
inappropriate
---
But it's my only true 
love, darling
---
I live for fur. I worship 
fur
---
After all, is there a 
woman in all this wretched 
world who doesn't?

Give it to Anita
---
Alonso hands the drawing 
to Anita
---
Oh.
---
She smiles, the outfit 
now has a long spotted 
shawl.

Text from
Subtitle

Text from
Audio

Descriptions

Pungo waits outside for his owner light 
Snow begins to fall.
---
His ears perk as he spots SOMEONE on her 
bike, her Dalmatian at her side.
---
He watches them go by the female 
Dalmatians strides alongside SOMEONE in 
slow motion.
---
The female Dalmatian glances at him as 
he stares at her.

Able to get a car Pungo’s owner ties his leash to his 
bike, handle 
---
Come on.
---
He pedals away with Pungo walking quickly at his side.
---
Pungo!
---
SOMEONE and her dog calmly bike through the park.
---
Slow down!, (GIRLS SCREAMS) Slow down!

Figure 3. Example of the input sequence of shots taken from the movie ‘101 Dalmatians (1996)’. The corresponding raw language data
is composed of temporally aligned texts from both the subtitle data (where there is speech) and transcribed audio descriptions [37] (where
there is no speech).

conditioned ({v̂a1 , v̂a2 , . . . , v̂ak}) and language conditioned
({v̂l1, v̂l2, . . . , v̂lk}) visual features as shown in Eq. (6).

Lcross−modal = Lv̂a→v̂l + Lv̂l→v̂a (6)

While the base feature encoders stay frozen, the re-
maining modules in the proposed framework are end-to-end
trained by jointly optimizing the losses in Eq. (2), Eq. (5)
and Eq. (6). Therefore, the total pretraining loss to self-
supervise our model is defined by:

Ltotal = Lintra−modal + Linter−modal + Lcross−modal (7)

Pretraining Dataset. We use the Movie Audio Descrip-
tion (MAD) [37] dataset to train our model. The dataset
contains a diverse set of movies making more than 1200
hours of content. To ensure that every segment in a given
movie has a corresponding language modality1, we collect
the official subtitle data for each movie and temporally align
them with the textual descriptions from MAD as shown in
Fig. 3. We prepare our training data by extracting video, au-
dio, and language modalities from each full-length movie.
For video modality, we use a shot-boundary detector [38] to
segment a movie into a sequence of shot clips. We use FFm-
peg to extract the corresponding audio of each shot clip. For
language modality, we utilize the text data, including tem-
porally aligned subtitles and audio descriptions, extracted
from the beginning of the first shot to the end of the last
shot in the sequence, while excluding overlapping content.
We made sure that there is no overlap between the pretrain-
ing list and any of the videos (movies) in the test set of all
downstream tasks by comparing IMDb ids.

Implementation Details. We set the shot sequence length
k = 30 during pretraining. In other words, we use a 90-
second movie clip as an input, since the shots in the pre-
training data are approximately 3 seconds long on average.

1MAD provides textual data only for movie segments with no speech.

We use R(2+1)D-ResNet50 [44] model as the base video
encoder. For the audio signals, we concatenate features
from VGGish [18] and wav2vec 2.0 [4] networks; these
features encode soundtrack and speech content represen-
tations, respectively. For the language input, we use the
BART [24] model to encode the raw text data to base lan-
guage features. We adopt a 3-layer Transformer architec-
ture [45] for all contextual and cross-modal transformers.
We use AdamW [27] optimizer, a cosine learning rate an-
nealing strategy [43] with an initial value of 1e − 3 and
a batch size of 1024 during pretraining. For all the In-
foNCE [29] losses defined in Eq. (5) and Eq. (6) and we
use a temperature parameter τ = 0.3.

4. Experiment

In this section, we first present ablations (Sec. 4.1) and
experimental analyses (Sec. 4.2) on the widely used long-
form video understanding (LVU) benchmark [48]. We then
show the versatility of our approach (Sec. 4.3) in other five
movie benchmarks related to event localization [26], scene
understanding [3], editing pattern prediction [3], soundtrack
selection [41] and scene description retrieval [5].

LVU Benchmark. The long-form video understanding
(LVU) benchmark [48] contains 9 tasks that cover various
aspects of long-form videos, including content understand-
ing (character relationship, speaking style, scene/place),
metadata prediction (director, genre, writer, release year),
and user engagement regression (like ratio, views). It con-
tains ∼11K videos, where each video is typically one-to-
three minutes long. We set up the LVU tasks as follows.
First, we use our pretrained model as an encoder to extract
multimodal features from a given video. Second, we time-
average the extracted sequence of features in order to get
an aggregated representation for the input video. Third, we
train a single classifier/regression layer on top of the time-



Table 1. Ablation study on the different losses during pretraining

Pretrain Lintra Linter Lcross Content ↑ Metadata ↑ User ↓
✗ ✗ ✗ ✗ 44.87 32.47 3.19
✓ ✗ ✓ ✓ 60.13 55.92 1.23
✓ ✓ ✗ ✓ 52.74 44.86 1.82
✓ ✓ ✓ ✗ 59.36 54.71 1.34
✓ ✓ ✓ ✓ 60.53 57.67 1.16

averaged feature for the different tasks in LVU.

4.1. Ablation Studies

In Table 1, we study the significance of each component
in the proposed framework by pretraining our model in dif-
ferent settings and using the pretrained models as backbone
encoders for downstream tasks. We report the average top-1
accuracy for content understanding and metadata prediction
tasks, whereas average mean-squared error is used to eval-
uate user engagement tasks.

Pretraining. To show the importance of the pretraining
step, we train the proposed model directly on downstream
tasks from scratch. This resulted in poor performance com-
pared to pretrained models as can be seen from Table 1.
This is mainly because the tasks in LVU relatively have a
small number of training samples which causes the model
to overfit. More importantly, the classification/regression
losses are not strong enough constraints to learn multimodal
reasoning from long-form inputs.

Intra-modal Masking. Here, we analyze the benefit of
the intra-modal contrastive loss (Lintra−modal) for long-
term sequence reasoning (Sec. 3.2). We do so by training
our network without masking. As can be inferred Table 1,
a model pretrained without Lintra−modal still gives a good
performance on downstream tasks. This is intuitive because
the inter-modal contrastive loss (Linter−modal) should im-
plicitly guide each contextual transformer to reason over its
input sequence, i.e. the model will effectively align the
contextual representations only when it properly learns the
context over each modality first. However, explicitly adding
Lintra−modal during pretraining gave a performance boost
as shown in Table 1.

Inter-modal Alignment. To examine the importance of
imposing inter-modality alignment over the representations
learned by contextual transformers (Sec. 3.2), we train our
model without Linter−modal. A model pretrained in this
manner gives a notably worse performance. This is most
likely because the long-term sequence reasoning will be
performed independently without inferring the intricacies
between different modalities. This in turn affects the cross-
modal representation learning (Sec. 3.3) as the cross-modal
transformer will take a shortcut by ignoring audio and lan-
guage representations. Thus, the learned representations

Table 2. Ablation study on sequence length during pretraining

Sequence length (k) Content ↑ Metadata ↑ User ↓
k = 10 59.77 56.45 1.20
k = 30 (Baseline) 60.53 57.67 1.16
k = 60 61.36 58.12 1.14

Table 3. Analysis on the contribution of different features

Features Content ↑ Metadata ↑ User ↓
vbase 48.43 45.40 2.01
vbase + abase 51.03 51.20 1.91

v̂context 56.50 53.68 1.82
v̂context + âcontext 59.43 55.75 1.39
v̂context + âcontext + v̂across 60.53 57.67 1.16

will not be robustly transferable to downstream tasks ex-
plaining the poor performance in Table 1. These results
reaffirm that inter-modality alignment is a critical loss for
long-range multimodal pretraining.

Cross-modal Transformer. We analyze the contribution
of joint representation learning by training our model with-
out the cross-modal transformer, i.e. without Lcross−modal.
As discussed in Sec. 3.3, optimizing Lintra−modal and
Linter−modal together should be a sufficient constraint to
learn multimodal cues from long-form inputs. The em-
pirical results in Table 1 also confirm this notion, where a
model pretrained with Ltotal = Lintra−modal + Linter−modal

gives a competitive performance on downstream tasks.
However, explicitly learning joint representation using the
cross-modal transformer resulted in better performance.

Sequence Length. In Table 2, we study the effect of input
sequence length during pretraining. To do so, we train 3
different models by setting the sequence length k to 10, 30,
and 60. This translates to using 30, 90, and 180-second
videos as input. As can be noticed from Table 2, there exists
a pattern where a model pretrained with longer sequences
gives better performance compared to a model pretrained
with shorter sequences. This is intuitive because pretraining
by observing longer sequences not only facilities the mining
of more multimodal cues but also makes the model robust
to various input video lengths at inference time.

4.2. Experimental Analyses

Learned Representations. Given our pretrained model
as a backbone encoder, we study the contribution of the dif-
ferent representations (features) and their combination to-
ward downstream task performance. Table 3 summarizes
the results on LVU benchmark [48]. We combine features
by simply concatenating (+) their time-averaged represen-
tation before feeding them to the classification/regression
layer. As can be seen from Table 3, directly using base



Table 4. Comparison with state-of-the-art methods on long-form video understanding (LVU) benchmark.

Content Understanding ↑ Metadata Prediction ↑ User Engagement ↓
Method Relationship Way-Speaking Scene Average Director Genre Writer Year Average Like Views Average

SlowFast R101 [15] 52.4 35.8 54.7 47.6 44.9 53.0 36.3 52.5 46.7 0.386 3.77 2.08
VideoBERT [39] 52.8 37.9 54.9 48.5 47.3 51.9 38.5 36.1 43.4 0.320 4.46 2.39
CLIP [34] 56.1 36.7 52.9 48.6 56.2 50.9 37.8 46.4 47.8 0.411 3.85 2.13
Object Transformer [48] 53.1 39.4 56.9 49.8 51.2 54.6 34.5 39.1 44.8 0.230 3.55 1.89
ViS4mer [20] 57.1 40.8 67.4 55.1 62.6 54.7 48.8 44.7 52.7 0.260 3.63 1.95
Movie2Scenes [9] 67.7 44.9 63.8 58.8 65.1 57.5 56.2 51.8 57.6 0.153 2.46 1.31
LF-VILA [40] 61.5 41.3 68.0 56.9 - - - - - - - -

Ours 69.4 44.4 67.8 60.5 64.9 57.7 55.8 52.3 57.7 0.163 2.15 1.16

video (vbase) and base audio (abase) features results in a
subpar performance. This is mainly because the frozen
backbones used to encode the base features (Sec. 3.1) are
specialized for capturing local information from short seg-
ments, and hence are ineffective for long-form inputs. In
contrast, the video and audio features encoded from the
contextual transformers (v̂context and âcontext) give a sig-
nificantly better performance as shown in Table 3. This
confirms the benefit of long-term sequence reasoning dis-
cussed in Sec. 3.2. We experimentally observed that su-
perior results on downstream tasks are obtained when fea-
tures from both contextual and cross-modal transformers
are combined. For instance, it can be inferred from Table 3
that the best-performing model on the LVU benchmark is
v̂context + âcontext + v̂across, where v̂across denotes the audio-
conditioned visual feature.

Comparison with State-of-the-Art. In Table 4, we com-
prehensively compare our approach with state-of-the-art
methods [15, 39, 34, 48, 20, 9, 40] on the LVU benchmark.
As can be noticed from the table, short-term models such
as VideoBERT [39] and CLIP [34] generally struggle to
perform well in contrast to the long-term models such as
ViS4mer [20], Movie2Scenes [9] or Ours. ViS4mer [20]
proposes a transformer-based model with a state-space de-
coder for long video classification and trains a unique model
from scratch for each task in LVU. In comparison, we
only train a single linear layer, on top of the representa-
tions encoded from our pretrained model, for each task.
As shown in Table 4, our model significantly outperforms
ViS4mer [20] across different tasks despite having much
fewer trainable parameters. These results highlight the
strong merit of the proposed pretraining strategy which en-
abled a robustly transferable model for various long-form
video understanding tasks.

Movie2Scenes [9] is pretrained using 30,340 movies and
their associated metadata from Amazon Prime Video’s in-
ternal database. [9] adopts a transformer network to learn
video representation using movie similarity as a supervision
signal. The comparison in Table 4 shows that our method
gives a competitive if not better performance despite be-
ing pretrained on a dataset that is approximately 50 times

Table 5. Temporal event localization on MUSES benchmark.

Method mAP0.3 mAP0.4 mAP0.5 mAP0.6 mAP0.7 mAP

Random 1.20 0.64 0.29 0.10 0.03 0.45
P-GCN [53] 19.9 17.1 13.1 9.7 5.4 13.0
Liu et al. [26] 26.5 23.1 19.7 14.8 9.5 18.7

Ours 29.5 26.9 22.8 16.6 13.3 21.8

smaller than the dataset used in Movie2Scenes. This is
most likely attributed to the inter-modal and cross-modal
constraints which enforce our model to learn the underly-
ing multimodal cues between different modalities within a
movie, thereby compensating for what it lacks in size. For
instance, the genre of a movie can be inferred from audio
signals, e.g. explosion sounds are usually associated with
action-themed movies, while unsettling background music
is usually used in horror movies. This explains the strong
performance of our model in metadata prediction tasks in
Table 4 even if it was pretrained without metadata informa-
tion. In content understanding tasks, our method outper-
forms Movie2Scenes by 3% on average.

4.3. Transferable Model for Movie Understanding

In this section, we study the capabilities of our pretrained
model beyond long-form video classification. For this pur-
pose, we make use of five movie benchmarks related to
event localization [26], editing [3], and retrieval [41, 5]. For
each benchmark task, we follow the official data split and
training (fine-tuning) settings.

Multi-shot Temporal Event Localization. Localizing
events in movies is a very challenging task due to the large
intra-instance variation caused by frequent shot cuts. This
includes actor/scene/camera change and heavy occlusions
within a single instance. We thus explore the potential
of our work for temporal event localization in multi-shot
videos. For this purpose, we use the multi-shot events
(MUSES) benchmark [26]. MUSES is an action localiza-
tion dataset with 25 categories and contains 3,697 videos
collected from more than 1000 drama episodes. Each video
in the dataset is typically five-to-nineteen minutes long.

We follow the task pipeline used by the state-of-the-art



Table 6. Cinematographic scene understanding on AVE.

Method Shot Size Shot Angle Shot Type Shot Motion Shot Location Shot Subject Num People Sound Source Average

CLIP [34] 51.3 54.9 58.0 37.6 81.0 42.9 57.2 43.4 53.3
ResNet101 [17] 66.8 55.9 64.7 33.5 82.1 46.8 60.2 32.0 55.2
AVE [3] 65.0 49.5 65.3 43.2 83.7 46.7 61.4 38.9 56.7

Ours 67.4 57.7 63.8 46.1 84.2 51.2 61.8 50.1 60.3

method of Liu et al. [26]. Given a video and a set of tem-
poral proposals, the overall process in [26] consists of three
steps, i.e. feature extraction, temporal aggregation, and pro-
posal evaluation. The key difference between [26] and our
approach is the temporal aggregation step. While [26] trains
a convolution-based temporal aggregation module to miti-
gate the intra-instance variation, we instead use the features
encoded from the transformers in our pretrained model.

We use the mean average precision (mAP) metric to eval-
uate the performance of multi-shot event localization. In Ta-
ble 5, we compare our approach and state-of-the-art meth-
ods [53, 26] using different threshold values of temporal
intersection over union (IoU). As can be inferred from Ta-
ble 5, using our pretrained model as an encoder for the tem-
poral aggregation step leads to a significantly better local-
ization performance compared to the baseline model [26].
For example, our approach achieves an average mAP of
21.8 on MUSES which is approximately 16.6% better than
the state-of-the-art method. This is mainly because our pre-
trained model is capable of reasoning over a multi-shot in-
put, and hence the localization network can focus on the
proposal evaluation step unlike [26] where the network also
has to learn temporal aggregation from scratch.

Cinematographic Scene Understanding. In the film-
making process, movie scenes are created by sequentially
assembling shots. Thus, it is apparent that movie scene
understanding should be formulated by taking the build-
ing blocks, i.e. shots, into account. In this regard, cine-
matographic scene understanding aims at predicting the at-
tributes of the shots that compose a given scene. To evalu-
ate the transferability of our pretraining to this task, we use
the anatomy of video editing (AVE) benchmark [3]. AVE
introduces eight tasks related to cinematographic attributes
prediction, i.e. shot size, shot angle, shot type, shot motion,
shot location, shot subject, number of people, sound source.
The dataset contains a total of 196,176 shots obtained from
5,591 publicly-available movie scenes.

While AVE [3] formulates shot attributes classification
problem on an individual shot basis, we perform a scene-
level attributes prediction instead, where we first encode a
scene (shot sequence) using our pretrained model and then
train a single classifier layer on top of the encoded sequence
to simultaneously predict a specific attribute for each shot in
the scene. Table 6 shows the comparison of our approach
and competing baselines on cinematographic scene under-

Table 7. Editing pattern prediction on AVE.

Shot Sequence Ordering Next Shot Selection

Method Acc. Method Acc.

Random 16.6 Random 20.0
Argaw et al. [3] (late fusion) 24.4 Cosine similarity 13.4
Argaw et al. [3] (early fusion) 30.7 Argaw et al. [3] 41.4

Ours 32.5 Ours 44.2

standing. Following [3], we use the average per-class ac-
curacy metric for evaluation. As can be inferred from Ta-
ble 6, the shot sequence representations encoded from our
pretrained model result in better performance in different
tasks. These results are achieved by only training classifier
layers, while previous methods fine-tune their whole net-
work for specific tasks.

Editing Pattern Prediction. Here we evaluate the pro-
posed pretraining scheme for two tasks related to video edit-
ing, i.e. shot sequence ordering and next shot selection.
Shot sequence ordering (SSO) is defined as a classification
problem where a network is tasked to predict the order of
shots given a sequence of contagious but randomly shuf-
fled shots. Next shot selection (NSS), on the other hand,
takes a partial sequence of shots as a context and predicts
the most-likely next shot from a list of candidate shots. We
use the AVE benchmark[3], which formulates SSO as a 6-
way classification task with 3 shots at a time, and NSS as a
multiple-choice problem with a sequence of 9 shots, where
the first 4 shots are used as a context and the remaining 5
make the candidate list.

We follow the task setup used by [3]. Given a sequence
of shots, [3] extracts audio-visual features from each shot
clip and concatenates the extracted features as input to the
next layer. In our case, we pass the extracted sequence
of features into our pretrained contextual and cross-modal
transformers before concatenating them. This simple mod-
ification notably improves network performance for both
shot sequence ordering and next shot selection tasks. These
results indicate that the proposed pretrained framework is
capable of reasoning over long sequence of videos and can
capture aspects related to movie style, enabling potential
applications in automated video editing.

Scene-Soundtrack Selection. Scene-soundtrack selec-
tion aims to retrieve a soundtrack that best matches the



Table 8. Scene-soundtrack selection
Median Rank ↓ Recall ↑

Method V → A A → V R@1 R@5 R@10

Random 1000 1000 0.05 0.25 0.50
MVPt [41] 21 21 15.03 25.74 36.56

Ours (zero-Shot) 33 29 12.54 23.03 33.61
Ours (fine-tuned) 13 10 15.72 34.96 46.80

theme of a given scene and vice versa. To evaluate the
performance of our approach on this task, we use the re-
cently proposed MovieClips-based benchmark [41]. Given
a scene (soundtrack), we follow [41] and compute the fea-
ture distance between each soundtrack (scene) in a pool of
N = 2000 target candidates not seen during model pre-
training. After sorting the candidates based on the distance
value, we evaluate the retrieval performance using two met-
rics: (i). Recall@K checks if the ground-truth pair is in
the K closest candidates and, (ii). Median Rank returns the
median value of the positions of the ground-truth pair in the
sorted list of candidates across the test set.

Table 8 shows the comparison of our work with com-
peting baselines. The results indicate that performing zero-
shot video ⇌ audio retrieval using the contextual audio and
video features already gives competitive results. The infe-
rior performance compared to the state-of-the-art method,
MVPt [41], can be attributed to the fact that our base audio
encoders (VGGish [18] and wav2vec 2.0 [4]) are not well-
suited for extracting discriminative music features, thereby
making zero-shot retrieval a challenging task. We address
this limitation by fine-tuning (on [41]) our pretrained model
using DeepSim [23], which extracts disentangled music
tagging embeddings, as our base audio encoder, i.e. we
only fine-tune the contextual video and audio transform-
ers using inter-modal contrastive loss in Eq. (3). Our fine-
tuned model achieves a new state-of-the-art performance on
scene-soundtrack selection. To examine the contribution
of the pretraining step in the achieved result, we train the
audio and video transformers from scratch using the fine-
tuning dataset. We experimentally observed that such train-
ing achieves a performance equivalent to MVPt’s [41]. This
confirms the importance of the pretrained model for video
⇌ audio retrieval task.

Scene Description Retrieval. Given a high-level seman-
tic description of a scene, this task targets to retrieve the
correct scene over all possible candidates in a dataset. To
evaluate our model on this task, we use the Condensed
movies (CDM) benchmark [5] which contains a total of
33,976 scenes and their corresponding textual description.
At test time, a feature embedding from a given text query is
compared with 6,581 scene embeddings out of which only
one is the correct pair. We compare the performance of our
approach and several state-of-the-art methods [25, 28, 5] in

Table 9. Scene description retrieval on CDM benchmark

Method R@1 R@5 R@10 Median R. Mean R.

Random 0.01 0.08 0.15 3290 3290.0
CDM [5] 5.6 17.6 26.1 50 243.9

Ours (zero-shot) 5.4 17.3 25.2 56 254.7
Ours (fine-tuned) 7.7 23.1 32.8 27 176.3

different metrics as summarized in Table 9. For zero-shot
scene description retrieval, we use the outputs of the con-
textual video and language transformers.

As can be seen from Table 9, our pretrained model
gives a competitive performance compared to previous
approaches, even though it hasn’t been specifically opti-
mized for this task. We also experimented with fine-tuning
the video and language branches of our model using the
CDM [5] train set. Our fine-tuned model outperforms the
previous state-of-the-art, CDM [5], by a significant mar-
gin. The experimental results in Table 8 and Table 9 high-
light the flexibility of the proposed approach, where differ-
ent components of our framework can be either deployed
directly or further fine-tuned for specific tasks.

5. Conclusion
We introduced a new pretraining strategy that lever-

ages multimodal cues over long-range videos. We de-
signed a model that incorporates contextual transformer lay-
ers for each modality (audio, video, language) and cross-
modal transformers to capture long-range dependencies in
movie clips. We trained the model in a modest dataset of
movies to later test it on six different movie understand-
ing benchmarks. Our extensive experimental results em-
pirically demonstrated the effectiveness of our long-range
multimodal pretraining strategy.
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deep network architecture for fast shot transition detection.
arXiv preprint arXiv:2008.04838, 2020. 2, 3, 5

[39] Chen Sun, Austin Myers, Carl Vondrick, Kevin Murphy,
and Cordelia Schmid. Videobert: A joint model for video
and language representation learning. In Proceedings of the
IEEE/CVF International Conference on Computer Vision,
pages 7464–7473, 2019. 2, 4, 7

[40] Yuchong Sun, Hongwei Xue, Ruihua Song, Bei Liu, Huan
Yang, and Jianlong Fu. Long-form video-language pre-
training with multimodal temporal contrastive learning.
arXiv preprint arXiv:2210.06031, 2022. 2, 7

[41] Dı́dac Surı́s, Carl Vondrick, Bryan Russell, and Justin Sala-
mon. It’s time for artistic correspondence in music and video.
In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pages 10564–10574, 2022.
1, 2, 3, 5, 7, 9

[42] Makarand Tapaswi, Yukun Zhu, Rainer Stiefelhagen,
Antonio Torralba, Raquel Urtasun, and Sanja Fidler.
Movieqa: Understanding stories in movies through question-
answering. In Proceedings of the IEEE conference on
computer vision and pattern recognition, pages 4631–4640,
2016. 1

[43] Hugo Touvron, Matthieu Cord, Matthijs Douze, Francisco
Massa, Alexandre Sablayrolles, and Hervé Jégou. Training
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