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Figure 1: Relationship between audio and visual elements in movies and how (a) visual captions can help tease out acoustically-
relevant factors while (b) being invariant to acoustically-irrelevant factors. (c) Captions are also a concise yet efficient way to
aggregate information across fast-paced transition in visual frames as often seen in movies.

ABSTRACT

Audio supports visual story-telling in movies through the use of
different sounds. These sounds are often tied to different visual ele-
ments, including foreground entities, the interactions between them
as well as background context. Visual captions provide a condensed
view of an image, providing a natural language description of enti-
ties and the relationships between them. In this work, we utilize
visual captions to semantically ground audio representations in a
self-supervised setup. We leverage state-of-the-art vision-language
models to augment movie datasets with visual captions at scale to
the order of 9.6M captions to learn audio representations from over
2500 hours of movie data. We evaluate the utility of the learned rep-
resentations and show state-of-the art performance on two movie
understanding tasks, genre and speaking-style classification, out-
performing video based methods and audio baselines. Finally, we
show that the learned model can be transferred in a zero-shot man-
ner through application in both movie understanding tasks and
general action recognition.
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1 INTRODUCTION

Computational media understanding [52] has gained tremendous
interest in the past few years with the rapid proliferation of mul-
timedia content including the curation of large-scale multimedia
databases from the web [3, 58]. Computational analyses of media
not only can enable automatic content characterization e.g., genre,
but offer insights into finer narrative elements like interactions
between the characters and any underlying bias in their portrayals.
Movies, in particular, are a rich source of audiovisual content —
depicting a wide variety of scenes, making it conducive for self-
supervised representation learning [28].
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Sound in movies is carefully designed to set the mood, convey
emotion and enhance the visual imagery shown on the screen.
Different elements of movie sound including background sound-
track, sound effects and ambient sounds are cohesively crafted
to augment the spoken dialogue and visual imagery to depict a
complex narrative structure [11]. In this work, we aim to leverage
this inherent multimodal structure in movies to learn robust audio
representations in a self-supervised manner.

Cross-modal supervision in multimedia using contrastive learn-
ing has been catalyzed by the availability of large-scale datasets [4].
Vision-language (VLN) models [7, 46, 47] have shown enormous
potential in diverse sets of discriminative and generative learning
tasks. These models are usually pretrained on weakly aligned data
curated from the web, thus eliminating the need for manual an-
notation. During the pretraining phase, such models can exploit
cross-modal correspondence to learn generalizable representations
that can be used for a wide array of downstream tasks including
classification, retrieval, question-answering, and generative model-
ing. Potentially, it is possible learn rich audio representations in a
similar fashion using manually-annotated audio captions describ-
ing the sounds occurring within them [13, 15, 29]. However, such
datasets do not offer the scale of data often required for pretraining.

In this work, we propose to use visual captions to learn rich au-
dio representations, leveraging large-scale vision-language models
to extract visual captions for movies at scale. As shown in Fig. 1,
visual captions can serve as comprehensive, yet condensed natu-
ral language descriptions of raw image frames in a movie-scene.
High-level audio concepts such as audio events and acoustic scenes
are strongly tied to foreground visual entities such as objects and
persons as well as the ambient visual context. We use these visual
captions to learn a semantically-aligned acoustic representation
using contrastive methods.

To this end, we outline three main contributions of our work:
1) We propose a method to learn audio representations in movies
by leveraging cross-modal supervision. We do so by augmenting
existing movie datasets with captions at scale to distill semantic
information and explore novel ways of pooling contextual informa-
tion across shots.

2) We show the first application of audio representation learning for
movie understanding applications. Our method using only audio
outperforms SotA video-based methods on two out of three movie
understanding benchmarks.

3) Finally, we leverage the use of lexical embeddings for alignment
by showing zero-shot capability of our method in both movie un-
derstanding tasks and generic action recognition datasets.

The rest of the paper is organized as follows: We provide back-
ground on related work in self-supervision and movie understand-
ing in Sec. 2. We then discuss the motivation of our approach and
the methodology adopted in learning semantically-grounded au-
dio representations (SEAR) in Sec. 4. We show the utility of these
representations on several movie understanding and general classifi-
cation tasks, which we discuss in Sec. 4.3. We also explore zero-shot
capabilities of the learned representations and show both quantita-
tive and qualitative analysis in Sec 5. Finally, we conclude in Sec. 6
by briefly discussing the limitations and fairness considerations of
our work and identify potential extension of this work.

Rajat Hebbar, Digbalay Bose, and Shrikanth Narayanan

2 RELATED WORK

Self-Supervision for Audio Classification: Transformer archi-
tectures [18, 30] have shown tremendous success in audio clas-
sification tasks such as Audio Event Detection (AED). Recently,
several self-supervised representation learning methods have been
proposed and shown to generalize well for audio classification.
A simple contrastive formulation involves using audio segments
within an audio clip as positive samples and those across differ-
ent audio clips as negative samples [50]. Another commonly used
approach is to leverage augmented versions of an audio clip as
positive samples, within a contrastive [54] or non-contrastive [43]
framework. More recently, inspired by success in computer vision,
masked reconstruction of audio features was proposed as a proxy
task to learn rich representations [19]. Authors show that augment-
ing standard MSE-Loss with a patch-level contrastive loss boosts
performance in downstream classification tasks.

Cross-modal supervision: Contrastive learning using cross-modal
supervision has been well-studied in recent literature, primarily
in vision-language applications [7, 46, 47]. Extension of such ideas
to audio domain has been attempted in the past, by either using
the pretrained visual CLIP encoder to distill knowledge into an
audio encoder [59], or by training a joint 3-way text-image-audio
alignment [21].

More recently, there has been prevailing work in learning text
supervised audio representations for applications of audio retrieval
and automatic audio captioning. CLAP [14] applied the contrastive
framework on audio captioning datasets and showed the zero-shot
capabilities on several audio classification tasks. In a similar vein,
MusCALL [35] leveraged a music dataset, tagged with textual de-
scriptions, to learn music representations in a contrastive manner.
While these are effective methods, they rely on manually tagged
descriptions of audio clips, which are challenging to acquire.
Movie Understanding: Several resources have been curated to
address content understanding in long-form multimedia such as
movies, including for person/action recognition [17, 20, 31, 37, 53,
56], scene understanding [6, 44, 48, 49], speech and audio under-
standing [5, 8, 23-25] and general movie understanding [3, 27, 51,
58].

There has been a few efforts recently to learn rich representa-
tions using self-supervision toward better movie understanding.
Proximity-based contrastive loss and masked reconstruction loss
have been explored to learn video-representations for movie clas-
sification tasks [58]. Contrastive learning of audiovisual represen-
tations in movies using modified negative sampling has also been
shown to be useful for action recognition tasks [28] However, this
was trained on an in-house movie dataset more than 5x the size of
the largest publicly available movie database. Language descriptions
have been used to ground visual representations in movies in two
cases. MAD [51] curated professional audio descriptions from 3rd
party services which were then automatically transcribed and used
to learn grounded visual representations. CMD [3] explored con-
trastive alignment of movie scenes to textual descriptions for video
retrieval application. However, a shortcoming of this method is that
only a single scene description was used for the entire movie scene
(~2 min), hence the model can only capture high-level concepts
and not entity-specific attributes.
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Figure 2: Schematic overview of SEAR. Audio Encoder is learned during pretraining phase and kept frozen for downstream

movie understanding tasks

3 METHOD

In this section, we motivate the use of visual captions to distill
cross-modal information to learn audio representations in Sec. 3.1.
We then describe our proposed method in detail in Sec. 3.2.

3.1 Motivation

Multimedia content such as movies showcase a diverse variety of
audiovisual scenes. These two modalities are typically complemen-
tary to each other, in order to build a cohesive narrative structure
to tell compelling stories in media. The audio profile in a visual clip
is strongly linked to foreground entities, the actions they perform
as well as the background context (See Fig. 1a). For example, hu-
man sounds are typically tied to their actions, including emotive
expressions such as crying and laughter and physical actions like
running and fighting. Similarly, sounds of things are linked to phys-
ical objects shown on screen such as a gun firing or the sound of a
door slamming shut. Finally, different visual scenes are typically
characterized by their corresponding ambient soundscapes, for ex-
ample, a library filled with a lot of people is typically associated
with a quiet audio profile, whereas a stadium filled with a crowd of
people can be assumed to sound quite noisy.

This multimodal correspondence has been used to learn audio
representations that are aligned to corresponding visual informa-
tion using contrastive formulations [21, 40, 59, 61]. However, the
inherent variability of images frames depicting similar semantic
context (See Fig. 1b) can make it challenging to correlate with ac-
companying audio characteristics. Modern visual captioning mod-
els are capable of capturing these visual entities reliably, acting as
an efficient "filter" to extract acoustically relevant attributes of the
image. As shown in Fig. 1a, visual captions capture information
about objects, location and actions which are linked to the sounds
that are heard. Furthermore, as shown in Fig. 1b, captions are also

effective at teasing out this information while being invariable to
changes in visual attributes such as texture, color, shape and light-
ing conditions, which typically have limited acoustic relevance.

Movie scenes typically contain faced-paced shots (typically 2-
4s), with certain sound-effects and ambient audio spanning across
several shots. This makes it harder to learn coarse audio represen-
tations due to high variation in images across shots. Captions, on
the other hand, are more convenient since they can be aggregated
in the embedding space while still retaining semantic meaning.

A past effort in using captions to learn audio-visual represen-
tations leveraged image-captioning datasets to mine additional
data in-the-wild by using similarity in the image embedding space
[41]. In our work, we address two major limitations of such an
approach: (1) Movies depict highly-variable scenes that may not
occur in natural-world domains, (2) Slight variations in image space
can exhibit vastly diverse acoustic characteristics, f.e., "a police car
driving on the road" vs "a police car driving on the road with it’s
lights on". In the first case, the audio profile might comprise generic
vehicular sound, while the latter would exhibit siren-like sounds.
Image-space similarities as used in [41] likely will not capture such
subtle variations, while captions can easily distinguish them.

Finally, an additional benefit of using language in a contrastive-
formulation is the potential to perform zero-shot transfer of learned
representations to unseen tasks and domains [46], which we explore
for our method.

3.2 SEAR: Semantically-grounded audio
representations

We present SEAR, a novel approach to learn audio representations
using cross-modal supervision with visual captions. The schematic
in Fig. 2a shows the overview of our proposed model. Given a
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segment of a movie clip of duration T seconds, we obtain audio and
textual representations in the following manner:

Audio Encoding: We use a single audio encoder to model the
entire clip. This is done in order to be able to model both short
duration sound-effects as well as longer duration sounds such as
of ambience and background music. Given an audio segment of T
second duration, we obtain token representation of 2D patches from
spectrogram representations which are then fed into a transformer
encoder. A single learnable token is appended to learn contextual
audio representations that are projected onto fixed dimension -
which we call the audio representation a.

Visual Captioning: We extract visual captions using off-the-shelf
vision-language models (VLN) for image frames corresponding to
the clip in the following manner:

toc[k] = VLN (o[k * fs]) 1)

where v - image frames for a movie clip, k = [1,2, .., T/f;] correspond
to frame indices, and f; - caption sampling rate

Since movie-shots are typically short duration (<3s), we chose the
caption sampling rate f; to be the same as the sampling rate of the
clip - hence we extract visual captions for every second of the video
(1fps). In this manner, we obtain T contextual captions for a given
movie clip. Note that since we use off-the-shelf VLNs, this method
is easily scalable and can potentially be improved with better visual
captioning systems that provide more descriptive captions.
Textual Encoding: Following this, we use pretrained language
models (LM) to obtain representations for each of the T contextual
captions:

temp [k] = LM (e [K]) @)

where k = [1,2,..T], tymp € R(TxD) are the contextual caption
embeddings and D is the dimension of the LM representations .
Finally, we can pool the multiple contextual caption embeddings
to obtain a textual representation ¢ for the movie clip. We explore
three different context-pooling mechanisms to do this:
1. Average Pooling: Here we simply pool the multiple caption
representations to obtain a single representation for the clip.

1 T
t== ; tomp k] 3)

2. Attention Pooling: We use scaled dot-product attention mecha-
nism to pool multiple caption representations. This can enable the
model to attend to more acoustically-relevant captions within a clip.

1 OKT )
t=— softmax(— v,
T 2 VD @
Q= embWQ;K = tembWK;V = tembWV
where, W2, WK and WV € R(PXD) are learned during training.
We can now use a standard contrastive loss objective - infoNCE

[57] as shown below to learn audio representations that are seman-
tically aligned to visual caption embeddings,
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elai’t)]z

Z?I:l elailty)/t

1 N
Lnce=-% Z log ®)
i=1
where g; and ¢; are the audio and text representations for a clip, 7
is the temperature parameter, and N is the batch size.

3. MIL-NCE: Finally, we also explore a third way to pool represen-
tations from multiple captions. Here, we incorporate the pooling
within the objective using a multiple instance learning formulation
[38] in the following manner:

1 N Zz . e(airtik)/f
Lyip =—— ) log = (6)
N ; N Z£=1 elaiTtin) /T

where T is the number of text captions for a single clip, and #;;,
refers to the k!/ caption representation for the i*" sample.

As we can see from the objective function, the MIL-NCE formula-
tion posits multiple positive pairs for each sample in a batch. Since
sequential captions can capture information about transitions and
hence different sound-profiles, we use this formulation to account
for multiple acoustically-relevant captions within a movie clip.

4 EXPERIMENTS

We employ SEAR for several movie understanding tasks as well
as general classification tasks and probe zero-shot capabilities. In
this section, we will describe the datasets used for pretraining
and downstream classification in Sec 4.1. We will then discuss
implementation details for pretraining and evaluation strategies
for downstream classification in Sec 4.2. We will then discuss the
results for different movie and general classification tasks in Sec
4.3.

4.1 Datasets

4.1.1 Training: To train SEAR, we use the following two movie
data sources:

Movie Clips: We use the Condensed Movie [3] dataset, which
is a set of movie scenes from the Fandango MovieClips YouTube
channel. The dataset consists of roughly 33K clips from over 3K
movies. Accounting for attrition, i.e., YouTube videos being taken
down or made private, we were able to use a total of 31K movie
scenes for development.

Full-length Movies: We also use a set of 684 full-length (Holly-
wood) movies from the years 2014-19. We use the most-popular
movies by box-office ratings in order to source movies across a
variety of diverse genres.

4.1.2  Downstream Classification: We probe the utility of the pre-
trained audio encoder via several downstream classification tasks.
We organize our evaluation along two dimensions: I. in-domain
(movies) and out-of-domain tasks, and II. predominantly audio,
audiovisual and predominantly visual tasks. We hope to uncover
the utility of the pretrained model for both movie and non-movie
applications via the experiments along dimension L. Furthermore, al-
though we only use the audio encoder for downstream application,
we use the classification of tasks along dimension II to study the
performance of our model in tasks that are typically characterized
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Table 1: Movie training data statistics

Attribute Values
# Movies 684 (full) + 3605 (clips)
# Hours 2512
# Captions 9,620,380
# Unique 1,449,402
# words/caption 9.95 + 1.64
# nouns/caption 3.24 +0.8
# verbs/caption 0.97 + 0.49

by fine-grained audio features (e.g., speaking-style classification,
audio event detection), in comparison to tasks that are typically
audiovisual [AV] in nature (genre classification, acoustic scene clas-
sification), and tasks that are generally model using visual features
[V] (visual scene classification, action recognition).
LVU: Long-form Video Understanding [58] benchmark comprises
several video classification tasks for movies. We show results for
two content understanding tasks, i.e., scene and speaking-style
classification and one metadata understanding task, i.e., genre-
classification. We chose these subset of tasks since audio plays
a direct role in each of these tasks. In fact, to the best of our knowl-
edge, this is the first effort toward movie understanding using audio
as a primary signal. Along II, we categorize speaking-style as the
primarily audio task, genre classification as the audiovisual task
and scene classification as the primarily visual task. Due to attrition
in YouTube videos, a small fraction of videos are not available since
the original release. Details about dataset size, number of classes
and evaluation protocol are shared in the Supplementary section.
General Classification: In order to perform comprehensive
evaluation of the pretrained audio encoder, we chose different audio
classification tasks - including fine-grained audio event detection
(AED), which is a predominantly audio task, acoustic scene classifi-
cation which is an audiovisual task, and action recognition which
is a predominantly visual task. We show results on the following
four datasets (details included in Supplementary) :
ESC-50 [45] is an environmental sound classification dataset used
to benchmark AED models. It comprises 50 different fine-grained
sound classes, varying based on source; including human and ani-
mal sounds, indoor and outdoor sounds and natural sounds.
TUT2017 [36] is an acoustic scene classification dataset consisting
of recordings collected from distinct locations (both indoor and
outdoor).
Moments in Time [39] is a large-scale action recognition dataset,
developed to understand short-duration (~3s) actions and events
in videos in the wild.
Kinetics-Sounds [1] is a subset of the larger Kinetics-400 dataset,
consisting of 36 action classes that have characteristic audio profiles.
Due to attrition, we show results on 29 classes that we were able to
download.

4.2 Implementation Details

4.2.1 Pretraining: To generate visual captions, we use a BLIP-based
model [32], made available for open-source use through the LAVIS
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Table 2: Movie Classification Results on LVU Benchmark.
Top-1 Classification Accuracy averaged over 5 repeated runs
for genre and 10 runs for speaking-style/scene for audio base-
lines and proposed method. Self-supervised audio baselines
include hubert, wav2vec2, SSAST-(A/M). AST is the fully-
supervised audio baseline

Method Modality ~ Speaking-Style Genre Scene
VideoBERT [55] v 37.9+0.9 51.9+0.6 54.9+1.0
Object Transformer [58] V 39.4+1.2 54.6+0.6 56.9+1.4
Movie2Scenes [9] A% 42.2 55.9 68.2
hubert [26] A 37.98+2,18 47.20+£0.83  31.20+0.65
wav2vec2 [2] A 38.19+3.39 43.07+£1.48 30.6+2.36
SSAST-A [19] A 36.06+2.73 53.11+2.58 28.92+1.32
SSAST-M A 38.83+1.26 53.86+1.31 30.84+1.72
AST A 40.9+2.12 53.24+2.62 40.84+3.90
Random - 22.89 25.41 18.36
SEAR-ZS A 29.79 47.6 49.4
SEAR A 47.66+1.39 56.76+1.5 48.67+t1.45

library!. We extract visual captions at 1 fps for video snippets of
T=10 seconds each, resulting in a total of 10 captions per clip during
training. Table 1 shows additional details about caption statistics.
Text Encoder: We use three different text encoders for our experi-
ments. We evaluate two language models, BERT [12] and RoBERTa
[33], since these have been shown to be powerful for learning audio
representations using acoustic captions [60]. We also evaluate CLIP
[46] which was originally trained for learning image and language
representations with web-scraped text-image pairs. In our early
experiments, we find that keeping the text encoder frozen results
in better learned audio representations, so we entirely freeze each
of these encoders and only learn a single text-projection layer to
map to the audio encoder dimensions.

Audio Encoder: We use the SSAST architecture [19] inspired from
vision transformers, which uses mel-spectrograms as inputs and
a patch-based 2D-CNN to learn token embeddings as input to the
transformer.

We use AdamW [34] optimizer with an initial learning rate of
1le-4. We perform linear warmup for 12K training iterations with a
batch size of 180 and subsequently use an exponential-decay sched-
uler with gamma parameter of 0.8. Similar to previous contrastive
methods [46], we initialize the temperature parameter in Eq. 5 to a
value of 0.07 and learn its value during training.

4.2.2  Downstream Classification Tasks: For the movie understand-
ing tasks, classification is performed at scene level, which are
around 2 min long. We use the trained audio encoder as a feature
extractor to extract segment-level features. A single-layer LSTM
model with a hidden dimension of 512 is trained for each of the
classification tasks (See Fig. 2b). Genre classification performance
is reported as the average of 5 repeated runs, and speaking style
and scene classification results are reported over 10 repeated runs.
We use top-1 classification accuracy as the evaluation metric [58].

For the general-domain classification tasks, we perform full-
finetuning of the pretrained audio encoder in order to account
for domain mismatch. We show comparison with training from
randomly-initialized weights (scratch) to highlight the benefit of
pretraining.

!https://github.com/salesforce/LAVIS
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Table 3: Results on general classification tasks, *zeroshot,
**audio-only results reported. First three rows show self-
supervised baselines, FS SotA: best fully-supervised perfor-
mance. Scratch: SEAR encoder finetuned from randomly ini-
tialized weights. All metrics shown are top-1 accuracy

Method ESC-50 TUT2017  Moments in Time Kinetics-Sounds
SSAST [19] 38.80 - - -

MS-CLAP [14] 96.70 74.63 - -
LAION-CLAP* [60]  91.00 - - -

MBT** [42] - - 8.20 52.60

FS SotA (Audio) 98.10 [10] 84.30 [22] 8.20 52.60

Scratch 54.00 64.14 8.16 45.66

SEAR 86.95 82.30 14.34 66.65

Table 4: Effect of different context-pooling methods

Context-pooling  Speaking-Style Genre Scene
Average 47.66+1.39 55.12+1.53 47.35+3.41
Attention 43.72+2.33 56.14+1.82 47.35+1.33
MIL-NCE 42.45+2.08 56.76+1.5 46.14+2.95

Baseline Models: We show comparison with previous video
based methods for the movie understanding tasks, Due to the lack of
previous audio methods, we also perform classification experiments
with three competitive self-supervised audio representation models,
namely, Hubert [26], wav2vec2.0 [2] and SSAST [19]. The first two
are masked-reconstruction based methods primarily developed
for speech applications including speech recognition and emotion
recognition, while the the third is a self-supervised method for
speech and audio classification, i.e., including audio event detection
and spoken language understanding. For fair comparison, and to
better understand the merits of movie data for pretraining, we train
a version of SSAST on our movie training data. We refer to the
original model pretrained on Audioset + LibriSpeech as SSAST-A,
and the version trained on movies as SSAST-M. Finally, we also
show competitive performance with a fully-supervised (FS) model,
AST [18], trained for AED on Audioset [16].

For the general classification tasks, we show previous methods
based on self-supervised pretraining and the fully-supervised state-
of-the-art for each task.

4.2.3 Zero-shot Task Transfer: Following training of the contrastive
method outlined in 3, we can perform zeroshot transfer of the
learned representations using the aligned text-representations. The
framework for zeroshot transfer to scene classification is shown in
Fig. 2c. Contextual prompts can be crafted for each of the classes,
following which we use simple dot-product between the audio rep-
resentation of a given sample and each of the class-embeddings
from the text encoder to ascertain the predicted class in a zeroshot
manner. Due to the discrepancy in temporal resolution of movie
clips (1-3 min instead of 10s used in pretraining), we can then ag-
gregate zeroshot predictions over multiple non-overlapping audio
segments to obtain a class prediction for a given sample. For gen-
eral classification tasks, we can directly perform zeroshot transfer
without the need for aggregation. We discuss zeroshot performance
for one action recognition dataset and also show some qualititative
analysis in Sec. 5.

Rajat Hebbar, Digbalay Bose, and Shrikanth Narayanan

Table 5: Ablation for different language models used during
pretraining

Language Model Speaking-Style Genre Scene
CLIP-Text [46] 47.66+1.39 55.12+£1.53  47.35%3.41
BERT-base [12] 43.4+3.37 55.94+1.36 45.06+£1.96

RoBERTa-base [33] 45.27+2.22 54.81+1.03  48.67+1.45

4.3 Results

4.3.1 Movie Understanding. We present the results for movie un-
derstanding on LVU in Table 2. We slightly outperform external
video baselines for genre-classification (56.76 vs 55.9) and signifi-
cantly outperform video methods for speaking-style classification
(47.66 vs 42.2). Since a movie scene is primarily a visual depiction, it
is not surprising that the audio based methods significantly under
perform compared to the video methods (48.67 vs 68).

However, we see that SEAR clearly outperforms other audio-only

(SSL and FS) baselines on all three tasks. The boost in performance
is more significant for scene classification, which seems to sug-
gest that our representation is indeed capturing visually-relevant
information.
Ablations: We also perform ablation experiments to analyze the
effect of different context-pooling methods and language models
used during pretraining. From Table 4, we see that the parametric
approach using attention performs worse than average pooling on
speaking-style classification and comparable on the other two tasks.
Similarly, the multiple-instance loss formulation MIL-NCE to pool
contextual embeddings performs slightly worse for speaking-style
classification and slightly better for genre classification. We claim
that the comparable nature of these approaches is due to the ability
of language models to robustly aggregate multiple contextual em-
beddings while retaining semantically-relevant information from
each of them. This allows for simple aggregation over captions to
be sufficient to capture contextual information.

We show results for ablation on different text encoders in Table 5.
As can be seen, there is no clear consensus on the best encoder
across tasks. This is different from previous work with acoustic
captions [60], which showed significantly worse results with clip
encoder. A reason for this discrepancy could be due to the fact that
clip [46] was trained with paired language-image pairs, which are
already tuned to visual caption style of language. However, we do
observe that model trained with RoBERTa embeddings performs
best for scene classification.

4.3.2 General Classification: Table 3 shows the results on general
classification tasks. We see that our method is subpar to competi-
tive audio-based methods for AED on ESC-50. This is understand-
able since our pretraining does not contain any information about
fine-grained sounds. On the other hand, for acoustic scene classi-
fication we are able to perform comparably to SotA (82.3 vs 84.3).
This could be because of the fact that our pretraining learns some
knowledge about scene information similar to what we observed
in the movie understanding task. Finally, for both of the action-
recognition datasets, we are able to significantly outperform the
previous SotA [42]. We can observe here the benefit of our method



SEAR: Semantically-grounded Audio Representations

MM 23, October 29-November 3, 2023, Ottawa, ON, Canada

W Top-1Accuracy M Top-5 Accuracy

08

06

04

02

0o

5.0 OO & Q& 02 O & O D & & ® P LoD S & 7 & &S P
o:?‘\,,\oi@o‘}‘\\\c‘#*\ls“"@”QQ\""Q&‘" N g‘i@ S F TS S S &“'ics’% §"‘\i¢c€‘1&“i‘° S S S
2 O @ s GRS S < 3 5 N
RO C It e S i i R

T TS 8 FL IS

Kinetics-Sounds Classes

Figure 3: Zero-shot transfer to action recognition dataset

Table 6: Effect of different prompt choices for zero-shot scene
classification

Prompt Accuracy
<scene> 25.30
a <scene> scene 34.94
a visual ambience of <scene> 38.55
a scene of a <scene> 39.76

a person standing in a <scene> 49.4

for predominantly visual tasks such as action recognition due to
the presence of actions in visual captions.

5 ZERO-SHOT TASK TRANSFER

In this section, we discuss in detail the zero-shot application of our
method through both quantitative (Sec. 5.1) and qualitative (Sec. 5.2)
analyses in order to probe the semantic information encoded by
the learned audio representations.

5.1 Quantitative Results

5.1.1 Movie Understanding: We apply zero-shot transfer using our
learned audio and text encoders for each of the movie understanding
tasks. We use the following hand-crafted prompts for each task:

scene: "A person in a <class>"

speaking-style: "A person <class>"

genre: "People in a <class> movie"

Results for the zero-shot approach on LVU are shown in Table 2.
We can notice that zero-shot performance is better than random

baseline for all of the tasks, which indicates that the model is captur-
ing relevant information for each of the tasks during training. We
can notice that performance for scene classification is comparable
and even slightly better than the feature-extraction-based approach,
and significantly outperforms all audio baselines without the need
for any training. This can be attributed to the fact that visual cap-
tions capture scene information frequently and quite reliably, and
hence the representations encode information about background
context.

Similarly, poor performance for speaking-style classification
(29.79%) can be due to the fact that the nature of labels seen (e.g.,
discuss vs explain) are not typically encoded in visual captions
and require explicit supervision in order to be able to distinguish
between them. Finally, we observe that zero-shot performance for
genre classification is also quite competitive (47.6%), outperforming
two of the four audio baselines. Since genre is an abstracted mea-
sure of different audio-visual elements, we do expect visual captions
to capture information that is correlated with different genre types
resulting in competitive zero-shot performance. Zero-shot ablation
for different LMs and pooling methods is shared in Supplementary.

The choice of prompts also has a significant impact on zero-
shot performance. We show results from a few different prompts
for scene classification in Table 6 to highlight the impact of using
appropriate prompts. The best-performing prompt - "a person stand-
ing in a <scene>", is chosen to have a similar sentence structure
as produced by the visual captioning model, which are primar-
ily entity-driven. Therefore, prompts have to be carefully crafted
depending on the nature of captions seen during pretraining.

5.1.2  Action Recognition on Kinetics-Sounds. We perform similar
zeroshot classification on the kinetics-sounds dataset [1], which
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includes audio-centric action classes from kinetics. We obtain a
zero-shot performance of 12% compared to random baseline of
3.5%.

In order to investigate the utility of the learned representations
for different action classes, class-wise zeroshot performance (top-1
and top-5 accuracy) are shown in Fig. 3. We can see that human
expressed actions of laughing and singing perform best. This could
be due the prevalence of these actions in visual captions seen dur-
ing pretraining. Furthermore, our model performs variably on the
different musical instrument classes, being able to detect roughly
20% of keyboard, piano, saxophone and guitar/bass guitar sounds,
while completely failing for certain instruments such as xylophone,
trombone, accordion and harmonica. This discrepancy can also be
attributed to the exposure to these different instruments. Further
substantiation of this claim is shown in Supplementary based on
frequency of actions seen in captions during pretraining.

5.2 A qualitative analysis of SEAR

We use the pretrained encoders to retrieve samples for different
sound classes on movie samples from LVU. We do so by using sound
tags that frequently occur in our captions as prompts and obtain the
top-5 retrieved clips. In Fig. 4, we have shown representative frames
from each of the retrieved clips. Each of the clips was manually
tagged with the presence/absence of the corresponding sound class
and shown with green/red border in the figure.

On the left, we show sound classes that are mostly correctly
retrieved. A common characteristic across these classes is the strong
audiovisual co-occurrence of the object-sound pairs. For example,
rain shown on screen is typically accompanied by water sounds.
Similarly, if a musical instrument is shown on screen, you can
typically hear the corresponding instrument playing and so on.
While we trained the model for semantic similarity using visual
captions, the model implicitly learns to cluster in the acoustic space
as well. This is supported by the fact that "helicopter” retrieves clips
with "engine" sounds such as tractors, trains and heavy machinery.
It is also interesting to note that "telephone” tagged clips do pick up
telephonic and other atypical speech but not necessarily telephone
rings. This also means that it does pick up incorrect samples with
unnatural/muffled speech, which is not necessarily a telephone
conversation.

There are some commonly occurring sound classes that however

fail to be retrieved correctly most of the time, some of which are
shown on the right column of Fig. 4. These are sounds that typically
do not exhibit strong audiovisual co-occurrence. For example, even
though dogs and cars are commonly observed in movies, they are
less likely to be heard during their active screen time.

6 CONCLUSION

In this work, we propose a method of using visual captions to seman-
tically ground audio representations (SEAR) in a self-supervised
setup. We use state-of-the-art vision-language models to augment
movie datasets with visual captions and demonstrate the effective-
ness of our approach on several benchmark movie understanding
tasks, including genre, scene, and speaking-style classification. We
further show competitive performance in general classification
tasks, outperforming previous methods in the domain of action
recognition. Finally we uncover the information encoded by the
learned representations by performing zero-shot and qualitative
analysis. In the future, we hope to leverage large-language models
to augment information from auxiliary acoustic models.
Limitations: A limitation of our method is on the dependence
of audiovisual activations, i.e., an object being heard whenever
it is seen on screen. A potential way to mitigate this could be to
use weak information from AED models to filter instances where
relevant sounds are not heard (e.g., car is shown on screen but audio
contains only speech).

Fairness considerations: In our approach, we do not control
for any inherent biases in the visual captioning system or in the
movie-training data. Therefore, it is possible that biases that arise
due to character depictions in movies (e.g., men typically have
higher on-screen time than women) could also seep into learned
representation using SEAR. We hope to investigate potential biases
and address mitigation strategies in future work.
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