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Figure 1. (Left) Audiovisual scenes can be perceptually similar even as the words spoken in them differ, which may be a challenge for
self-supervised audiovisual representation learning. (Right) We propose to leverage movie dubs during training and show that it improves
the quality of learned representations on a wide range of tasks.

Abstract

Audiovisual representation learning typically relies on
the correspondence between sight and sound. However,
there are often multiple audio tracks that can correspond
with a visual scene. Consider, for example, different con-
versations on the same crowded street. The effect of such
counterfactual pairs on audiovisual representation learn-
ing has not been previously explored. To investigate this,
we use dubbed versions of movies and television shows to
augment cross-modal contrastive learning. Our approach
learns to represent alternate audio tracks, differing only
in speech, similarly to the same video. Our results, from
a comprehensive set of experiments investigating different
training strategies, show this general approach improves
performance on a range of downstream auditory and audio-
visual tasks, without majorly affecting linguistic task per-
formance overall. These findings highlight the importance
of considering speech variation when learning scene-level
audiovisual correspondences and suggest that dubbed au-
dio can be a useful augmentation technique for training au-
diovisual models toward more robust performance on di-
verse downstream tasks.

*Most of the work conducted during author’s internship at Netflix.

1. Introduction

Can two videos look similar while sounding different? Con-
sider the two scenes on the left in Fig. 1. These come
from different sources, but share elements like a violinist
in the background, other tables further away, and a cou-
ple’s voices in an upscale restaurant environment; but what
are they saying? This can vary considerably between the
two scenes, even without changing other aspects. General-
purpose self-supervised audiovisual representations are of-
ten focused on non-speech applications, evidenced by both
existing training datasets and common downstream evalu-
ation tasks. In audio alone, there is a myriad of applica-
tions beyond semantic speech processing, leading to recent
benchmarks which evaluate generalization across and trade-
offs between types of tasks [76, 81]. How then can we focus
on learning robust representations from audiovisual content
with speech mixed into it? Importantly, there are many non-
semantic, or paralinguistic, speech processing tasks of in-
terest, as speech is much more than audible text. These too
require discovering other similarities beyond words.

Imagine a movie discussion scene, as in Fig. 2. Many au-
diovisual elements are present: background chatter, glasses
clinking, music, footsteps, and characters’ voices, but a pri-
ori this scene could contain many different dialogs with-
out changing the fundamental scene attributes, beyond local
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features such as lip movements, and this indicates an explic-
itly counterfactual structure. Note that there are also other
counterfactual cross-modal structures which relate to dif-
ferent problems, such as multiple videos of dancing to the
same music. Differences in spoken words are one specific
case of this which we explore.

In this work, we hypothesize that this looking similar,
while sounding different problem, as it can occur in real-
world audiovisual data distributions, may inhibit the perfor-
mance of self-supervised audiovisual representation learn-
ers. Established approaches, such as cross-modal con-
trastive learning, where models learn to discriminate true
audiovisual pairs from false ones, could be affected; lin-
guistically different but otherwise similar audio-video pairs
could act as confounders in this case. However, counterfac-
tual versions of exactly the same scene with only different
dialog are generally not available, even if the distribution of
real-world audiovisual scenes exhibits this overall trend.

We propose to leverage a data source which naturally re-
sembles this counterfactual-like structure as a proxy: dubs.
Dubs are alternate versions of movie audio tracks where
the speech is replaced with a second-language adaptation,
and the rest of the sounds are generally unchanged. Recent
works have shown how training on movie scenes can yield
strong performance [13, 37], since they contain diverse
audiovisual mixtures, compared with popular audiovisual
datasets which are curated to focus on specific objects or ac-
tions. Although this distribution may help in learning repre-
sentations focused on overall scene attributes rather than the
dialog’s semantics, which is our goal, contrastive training
on aligned audio and video from movies does not explic-
itly account for scenes that look similar and sound differ-
ent due to linguistic variation. We improve upon this strat-
egy by leveraging multilingual dubbed versions of movies1.
Specifically, we create a dataset of movies and television
shows, each with up to seven audio tracks: English (EN),
Spanish (ES), French (FR), Japanese (JA), German (DE),
Italian (IT) and Korean (KO). We plug our training strategy
into a well-established self-supervised contrastive learning
formulation, i.e. SimCLR [14], and we show that this can
improve performance in both multimodal and unimodal se-
tups. Overall, this work contributes:

• An approach to improving self-supervised audiovisual
representation learning using dubs, secondary audio lan-
guage versions of movies.

• Extensive experiments showing that this approach not
only improves performance on a range of auditory and
audiovisual tasks but also yields new state-of-the-art on
multiple benchmarks.

• Additional experiments to investigate potential trade-offs.

1The pretraining data also includes episodes of television shows. To
avoid clutter, we refer to all long-form content as movies unless it is nec-
essary to specify.

Figure 2. Consider the pictured scene. Which of these dialog ex-
amples is more likely? Both are plausible within the scene, yet
their phonetic-acoustic characteristics would create differences in
the soundtrack.

These show that we can get an improvement without ma-
jorly affecting the performance on language identifica-
tion, and semantic speech tasks.

• An example pipeline for producing counterfactual pairs
in various languages; we apply the workflow to the
LVU [83] dataset and demonstrate the possibility of cre-
ating alternate audio tracks that potentially empower the
research community to further investigate the impact of
spoken words in audiovisual representation learning.

2. Related Work
Self-supervised and Multimodal Learning Self-
supervised learning relies on pretext tasks with
engineered supervision based on data structure,
rather than human labels, to learn useful representa-
tions [4, 20, 30, 32, 33, 47, 54, 88]. We focus on
contrastive learning, which has shown strong performance
by maximizing mutual information between views of the
same instance [4, 14, 26, 33, 74, 74, 75]. These can then
be adapted to novel tasks by fine-tuning, or by appending
simple (often linear) models, both with smaller-scale
task-specific supervision requirements. Cross-modal
contrastive learning specifically leverages multimodal data
like image and text [61], or, as in our case, video and
audio [1–3, 23, 34, 41, 45, 51, 52, 56, 58, 59, 80, 85, 87].

Audiovisual Learning Audiovisual learning harnesses
cross-modal correspondences for tasks like action [39, 41]
and speaker [16, 50] recognition, source separation [9, 63,
78], media synthesis [25, 31, 57, 72], audio spatializa-
tion [27, 48, 86], acoustic simulation [12, 46, 69], and more.
Much work takes a contrastive approach, recognizing that
audio and video can be treated as two complementary sen-
sory views of a single underlying phenomenon, and focuses
on learning coordinated [5] representations. Prior work has
found that cross-modal training can lead to better results
than within-modal training [49], so we use this cross-modal
setup as the basis for our framework. In this work, we rely
on multilingual audio dubs and videos from long-form con-
tent, e.g. movies and television shows. Movies contain rich
audiovisual correspondences mimicking real-world experi-
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ences, and are more diverse and novel than user-generated
videos while being abundant and scalable [13, 35, 73].

General-purpose Audio Representation Learning and
Evaluation Sound is heterogeneous, with speech, music,
and environmental sounds having very different character-
istics. Even within speech, for example, tasks like speech
recognition [15, 44] and speech emotion recognition [68]
differ dramatically. This has motivated developing general-
purpose audio representations [53, 65] and benchmarks like
HARES [81] and HEAR [76]. We focus our audio evalua-
tion on HEAR [76] since it provides a consistent API. The
central hypothesis is that if dub-augmented training in the
cross-modal setting improves the generality of the represen-
tations, performance on various tasks should increase while
avoiding a significant trade-off on language-related tasks.

Multilingual Audio Multilingual speech processing has
enabled progress in areas like speech recognition [7]
through pretraining on diverse data [17, 29]. Recently,
speech-to-speech translation has been possible as well [43].
Speech translation in audiovisual media is often referred to
as dubbing. This is a type of audiovisual translation [11] in
which speech content from a media artifact (e.g. a movie)
is re-recorded in another language. Dubs predominate over
subtitles in many cultures [10]. This provides naturalistic
multilingual data at scale, and offers a specific case for our
hypothesis about audio-visual consistency: a dub’s sound-
track differs from the original only in spoken language. We
seek to leverage dubs’ parallel primary and secondary au-
dio, differing only in speech, to learn more robust audiovi-
sual representations. We also produce a synthetic pipeline
for creating counterfactual pairs, to demonstrate the concept
of counterfactual cross-modal pairs, while enabling future
exploration and validation from the research community.

3. Pretraining Dataset
Our dataset consists of ∼20K movies and ∼33K television
episodes, which constitutes ∼59K video-hours in total. We
have paid extra attention to the diversity of titles used in
our pretraining dataset in order to minimize the potential
implicit biases in our learned representations, and limited
ourselves to only a small part of the catalog to investigate
this question. Fig. 3 provides details on the distribution of
genre, and original language of the titles included in our
dataset2. Each title contains a video track, as well as up
to seven audio tracks: English (EN), Spanish (ES), French
(FR), Japanese (JA), German (DE), Italian (IT) and Korean
(KO). Most titles have only a single audio track, which is
almost always their original language while about a quar-
ter of the dataset is multilingual where on average 2.8 au-
dio tracks are available for each title. Such a dataset al-
lows us to explore the impact of spoken words in audio for

2Further details are given in the supplementary material.

Figure 3. Movies and television episodes included in our pretrain-
ing dataset are chosen from a diverse set of original languages and
genres. Our goal is to minimize potential content and story biases
that could potentially impact our self-supervised models. Note that
beyond curating the dataset, we do not use this metadata for rep-
resentation learning.

self-supervised audiovisual representation learning. Hav-
ing multiple dub options enables us to investigate trade-offs
between secondary languages, and whether “multilingual”
models might further strengthen downstream performance.

We recognize that this kind of data has the potential to
significantly benefit research. We are actively investigating
the necessary legal steps to potentially release a variant of
it for non-commercial use. Fig. 4 illustrates a few samples
but readers are encouraged to check out our supplementary
material for more examples3.

4. Methodology
4.1. Approach

Our pretraining dataset is denoted by X = {Xn|n ∈
[1 · · ·N ]}, where Xn = {xn,m|m ∈ [1 · · ·Mn]} contains
Mn non-overlapping snippets which are temporally seg-
mented from the duration of the nth title in the dataset. Q is
a function class which we use to create quadruplet train-
ing instances (vp, ap, vs, as) ∼ Q(xn,m)4 where vp and
vs are obtained through spatio-temporal augmentation of
video modality in xn,m. Similarly are ap and as for the au-
dio modality, yet, unlike video, we do have the opportunity
to further add dub-augmentation to audio instances. When
more than one language is available this would ensure that
ap and as are similar except in their spoken language.

3nikhilsinghmus.github.io/lssd
4subscripts stand for primary and secondary
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Figure 4. Example clips from our pretraining dataset, showing video stills and mel spectrograms for each of the audio tracks.

Randomly sampling negatives, the traditional approach
in metric and contrastive learning, has been observed to
be suboptimal [45, 67]. A number of recent works de-
velop methods for so-called hard negative mining, where
the goal is to populate the negative set with challenging
examples [55, 64]. In our case, the data is hierarchical;
snippets are naturally nested within source long-form ti-
tles, and those from the same title share several common
attributes including characters, places, objects, voices, and
aesthetics. Hence, following prior work [37], to create a
mini-batch B = {xi|i ∈ [1 · · ·B]}, we first uniformly sam-
ple a title, n ∼ U(1, N), and then draw multiple distinct
snippets from Xn. This ensures that for each instance in
B, there are always a sufficient number of samples from
the same title to act as hard negatives. This is important
since B ≪ N , hence for n ∼ U(1, N) and m ̸= m′,
P(xn,m ∈ B ∧ xn,m′ ∈ B) → 0. In other words, the naive
random sampling policy of xi ∼

⋃N
n=1 Xn would mainly

lead to easy cross-title negatives.

We can now formulate the training objective. Consid-
ering a cross-modal setup, B = {(vi, ai)|i ∈ [1 · · ·B]}
represents a minibatch of size B, where video and audio
modalities of the ith instance are denoted by vi and ai. We
use ziv and zia to represent their respective embeddings. For
the ith element in the minibatch, (ziv, z

i
a) serves as the posi-

tive pair, while assuming negative pairs for both modalities,
Ni = {(ziv, zja), (zjv, zia)|j ∈ [1 · · ·B], i ̸= j} constitutes
the set of negative pairs. With that, Equation 1 shows the
cross-modal normalized temperature-scaled cross-entropy

objective [14] associated with the ith instance. Since
(v, a) ∈ {(vp, as), (vs, ap)}, in practice we optimize Equa-
tion 2 which aggregates over all available instances.

ℓi(v, a) = − log
( e((z

i
v)

⊺(zi
a))/τ

e((z
i
v)

⊺(zi
a))/τ +

∑
(z′

v,z
′
a)∈Ni

e((z
′
v)

⊺(z′
a))/τ

)
(1)

L =
1

2

B∑
i=1

(
ℓi(vp, as) + ℓi(vs, ap)

)
(2)

Lv =

B∑
i=1

ℓi(vp, vs), La =

B∑
i=1

ℓi(ap, as) (3)

Equation 3 shows the within-modal variants of the loss
function for video and audio modalities. Unless explic-
itly mentioned otherwise, we train our models from scratch
and cross-modally, i.e. we compute the contrastive loss be-
tween modalities as shown in Eq. 2. We do this based on
the observation in our early experiments that, when train-
ing from scratch without tuning additional scaling parame-
ters, the within-modal contrastive task is too easy compar-
atively and results in early convergence on the correspond-
ing terms. This approach is also supported by prior litera-
ture [49]. Despite not directly optimizing for within-modal
terms, we track Lv and La during self-supervised pretrain-
ing and observe that they diminish as a byproduct of mini-
mizing L. There are variants in our modeling where Lv and
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La are included in total loss function (e.g L+λvLv+λaLa)
which we’ll discuss later in Sec. 5.2.

4.2. Architecture

As we seek to validate the effect of our data and training
approach, we rely on standard backbone architectures. Our
video model is a multi-scale vision transformer [22], specif-
ically MViT-S, and our audio model follows a similar archi-
tecture except a slight modification to allow processing au-
dio spectrograms as input. Note that we train all our models
from scratch on our pretraining dataset detailed in Sec. 3.
We use a single (weight sharing) audio backbone which
processes all audio spectrograms, regardless of language.
As is common in contrastive learning, we use multi-layer
perceptron (MLP) projection heads, one for each modality,
to further reduce the dimensionality of representations dur-
ing training, prior to computing the contrastive loss. These
additional layers are discarded after pretraining.

5. Experiments

5.1. Downstream Tasks

Audio Tasks and Benchmarks We evaluate on a diverse
set of auditory tasks to probe the quality of our learned rep-
resentations, taken from the HEAR [76] challenge bench-
mark. We subselect tasks relevant to our hypotheses, and
focus on those which use pooled (rather than temporally
dense) representations.

Sound and Scene Classification: These tasks are firmly
non-linguistic, and we hypothesize performance on them
should benefit from de-emphasizing language in training.
We include ESC-50 [60], FSD50K [24], and Vocal Imita-
tions (VI) [40]. VI is a query-by-vocalization (QBV) task,
however since it is based on AudioSet [28] ontology sound
events, we place it in this category. Non-Semantic Speech:
Many non-semantic or paralinguistic attributes of speech
or vocal signals may be shared between languages, and
such signals are important for a range of tasks. We include
here CREMA-D [8] for emotion recognition, GTZAN [77]
for music/speech discrimination, and LibriCount [71] for
speaker count estimation. We hypothesize performance
should improve, if our scheme increases focus on non-
linguistic speech attributes. Semantic Speech: To probe a
potential trade-off, we evaluate on semantic speech tasks.
We consider keyword understanding as a proxy for speech
recognition that uses pooled representations. To do so, we
employ the full version of Speech Commands [82] imple-
mented in HEAR [76]. Language: Another way to measure
a possible trade-off is by evaluating how models perform
on an audio-based language identification task, to see if fea-
tures useful for this are preserved in learned representations.
We include VoxLingua107 Top10 [79] for this reason.

# data init. (λv , λa)
original
language

avg.
# dubs

dub
augment

A.1 4.6M rand. (0,0) ESF 2.8 ✗

A.2 4.6M rand. (0,0) ESF 2.8 ✓

A.3 4.6M A.1 (0,0.2) ESF 2.8 ✗

A.4 4.6M A.2 (0,0.2) ESF 2.8 ✓

B.1 11.8M rand. (0,0) EN 1.0 ✗

B.2 9.8M rand. (0,0) U\EN 0.2 ✗

B.3 19.4M rand. (0,0) U 0.6 ✗

B.4 5.1M B.3 (0,0) U 2.8 ✓

B.5 5.1M B.3 (0.2,0.2) U 2.8 ✓

C.1 19.4M rand. (0,0) U 0.6 ✓

C.2 5.1M C.1 (0.1,0.1) U 2.8 ✓

Table 1. Details of different pretraining model variants. Here,
ESF := {EN,ES,FR} is denoting the union of three languages.
U represents the universal set including all the seven languages.

Visual and Audiovisual Tasks We also evaluate the vi-
sual representations independently, and coordinated with,
the auditory representations. Following recent work on rep-
resentation learning from long-form content [13], we in-
clude the LVU [83] benchmark covering various aspects
of long-form video understanding to our evaluation suite.
LVU [83] contains small-scale tasks covering a wide range
of aspects of long-form videos, including content under-
standing (relationship, speaking style, scene/place), and
movie metadata prediction (director, genre, writer, movie
release year). Among the LVU tasks, we explore benefits
and potential trade-offs using both visual and auditory rep-
resentations. In general, we expect improvement except for
speaking style, where it is not a priori clear whether de-
emphasizing spoken words during pretraining is harmful for
such a downstream task.

Evaluation Once the self-supervised pretraining is over,
we discard the projection heads and use the backbone ar-
chitectures to extract features from audio and video as-
sets. Unless mentioned otherwise, we do spatio-temporal
mean pooling on the output tensors in order to obtain a d-
dimensional vector embedding for each data instance in the
downstream tasks. We then train either an MLP or linear
probe on these representations following the prescribed ap-
proaches in the relevant benchmarks. More implementation
details can be found in the supplementary material.

5.2. Models

In total, we train 11 model variants, detailed in Table 1, and
evaluate them on 15 different tasks across audio and video
modalities.

First (A) group of model variants demonstrates a small-
scale multilingual pretraining regime, as a first study of
the impact of dub-augmentation. We sample English (EN),
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HEAR LVU

ESC LibCnt CREMA VI FSD Speech VoxLng Director Genre Relation Scene Speak Writer Year

A.1 77.20 67.29 59.52 10.37 44.52 74.83 27.16 44.86 54.42 36.59 45.12 42.86 38.10 41.84
A.2 75.95 67.94 59.76 11.14 44.23 73.80 23.87 47.66 56.63 36.59 41.46 40.74 33.33 41.84
A.3 82.00 67.87 62.69 11.39 48.90 79.47 28.70 49.53 57.65 43.90 39.02 43.92 33.93 46.10
A.4 83.05 68.65 61.95 12.57 49.42 74.38 26.55 44.86 59.01 46.34 45.12 48.15 29.17 47.52

B.1 84.15 67.12 61.00 13.05 50.29 82.31 24.69 47.66 57.14 51.22 41.46 42.33 32.14 45.39
B.2 82.00 67.10 61.98 11.86 49.07 82.90 28.09 42.99 55.95 48.78 42.68 47.62 30.36 44.68
B.3 85.60 66.31 62.79 11.55 53.69 83.82 30.35 50.47 60.20 46.34 42.68 48.68 37.50 45.39
B.4 83.75 68.88 63.18 10.82 51.61 77.12 28.19 51.40 59.69 56.10 46.34 49.21 38.10 44.68
B.5 85.25 69.16 63.27 11.38 52.48 76.99 27.98 51.40 58.33 51.22 52.44 48.68 36.31 45.39

C.1 84.10 67.57 63.70 12.12 51.96 81.88 29.42 42.99 58.84 48.78 46.34 41.27 38.69 41.13
C.2 85.50 68.90 64.28 11.90 52.55 77.14 29.94 48.60 57.65 48.78 51.22 50.79 39.88 49.65

Table 2. Ablation results with audio. All metrics are top-1 accuracy, except for FSD50K [24] and Vocal Imitation [40] (Mean Average
Precision). We have followed the prescribed evaluation strategy from HEAR [76] benchmark; training an MLP on frozen embeddings of
the downstream tasks. For LVU [83], we use the official data splits and train a linear probe. Results are shown on the test split where the
best epoch to report is chosen based on the same metric on the validation set. All model variants obtained 100.0 top-1 accuracy on GTZAN,
hence we did not include that task here. We denote the top performance(s) within each ablation group with bold. The HEAR [76] tasks
from left to right are ESC-50, LibriCount, CREMA-D, Vocal Imitation, FSD-50k, SpeechCommands (Full), and VoxLingua107 Top10.

HEAR LVU

ESC LibCnt CREMA VI FSD Speech VoxLng GTZAN Director Genre Relation Scene Speak Writer Year

Bench [76] 96.65 78.53 75.21 22.69 65.48 97.79 72.02 99.23 Obj Tr [83] 58.90 56.10 54.70 60.00 40.30 35.10 40.60
Bench (SSL) 80.50 78.53 75.21 18.48 50.88 96.87 71.40 96.86 M2S [13] 70.90 55.90 71.20 68.20 42.20 53.70 57.80
GURA [84] 74.35 68.34 75.21 18.48 41.32 94.68 71.40 93.59 ViS4mer [36] 62.61 54.71 57.14 67.44 40.79 48.80 44.75
PaSST [42] 94.75 66.01 61.04 18.20 64.09 63.87 25.93 97.69 SCALE [66] 49.09 58.97 76.47 74.02 42.27 62.76 39.23
CLAP [21] 96.70 77.83 64.36 – 58.59 96.83 – 100.0 STCA [19] 66.70 56.62 59.25 69.15 41.62 52.93 53.30

Ours

B.3 (A) 85.60 66.31 62.79 11.55 53.69 83.82 30.35 100.0 B.3 (V) 69.16 60.88 60.98 63.41 46.03 48.81 52.48
B.4 (A) 83.75 68.88 63.18 10.82 51.61 77.12 28.19 100.0 B.4 (V) 67.29 61.73 60.98 65.85 47.62 41.67 55.32
B.5 (A) 85.25 69.16 63.27 11.38 52.48 76.99 27.98 100.0 B.5 (V) 69.16 64.29 58.54 64.63 46.03 41.07 52.48

Table 3. State-of-the-art results across HEAR [76] (adding GTZAN Music/Speech) and LVU [83] tasks we evaluate on. On HEAR, we
compare to (1) the best result on each task, on the HEAR leaderboard, (2) same as (1) but considering only self-supervised models, (3)
GURA Fuse HuBERT [84], the best performer on average, (4) CP-JKU PaSST 2lvl+mel [42], the strongest average performer after the
GURA models, (5) the recent CLAP model [21]. On LVU, we compare to the Object Transformer from the original LVU paper [83], along
with recent advances: ViS4mer [36], the SVT SCALE model [66], STCA [19], and Movies2Scenes [13]. Movies2Scenes uses movie
metadata, which introduces task-specific supervision. When reporting our results, (A) indicates audio representations only, and (V) means
video representations only.

Spanish (ES), or French (FR) titles which have at least one
dub available, so we can systematically study the effect of
dub-augmentation. For each title, we sample dubs from all
seven total languages. A.3 and A.4 variants incorporate an
explicit within-modal term, i.e La. We hypothesize that,
with dub-augmentation, λa > 0 may yield a broader gap
on linguistic and language identification tasks. This is be-
cause the optimization explicitly maximizes the similarity
of audio embeddings that are only different in their spoken
language, rather than just implicitly through L. Importantly,
the total number of pretraining steps is the same for A.3 and
A.4 , similarly when one compares A.1 and A.2 .

Second (B) group of model variants aims at understand-
ing the impact of data scale and language diversity. We

approximately double the number of pretraining instances
compared to experiments in group A and study whether this
leads to higher quality representations. This is important
since self-supervised pretraining is computationally expen-
sive and it is not clear a priori if bigger and more diverse
pretraining data necessarily leads to better models. B.3 is
trained on all pretraining instances including all languages
to test the limit of multilingual pretraining without dub-
augmentation. By comparing B.4 and B.5 , we hope to shed
light on the behavior of the within-modal objective function
which the latter uses.

Third (C) group of experiments explore the impact of
deeper architectures, namely MViT-B [22] (vs MViT-S [22]
as our default). We keep the data scale and diversity the
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Director Genre Relation Scene Speak Writer Year

A.1 53.27 54.59 43.90 52.44 34.39 36.90 42.55
A.2 53.27 55.44 41.46 50.00 41.27 35.12 42.55
A.3 57.01 57.48 46.34 57.32 39.68 38.69 46.10
A.4 63.55 57.48 36.59 53.66 36.51 33.93 47.52

B.1 60.75 55.78 48.78 53.66 38.10 35.71 42.55
B.2 54.21 57.65 46.34 51.22 37.04 38.69 44.68
B.3 65.42 57.48 41.46 53.66 39.68 38.10 45.39
B.4 62.62 58.50 36.59 59.76 43.39 35.12 46.81
B.5 62.62 58.16 43.90 59.76 39.15 37.50 49.65

C.1 63.55 55.10 43.90 57.32 40.74 39.29 45.39
C.2 61.68 56.63 46.34 60.98 40.21 36.90 43.97

Table 4. Ablation results with video. All metrics are top-1 ac-
curacy. We have followed prescribed data split from LVU bench-
mark and trained a linear probe on frozen video embeddings of
the downstream tasks. Results are shown on the test split where
the best epoch to report is chosen based on the validation set. We
denote the top performance within each ablation group with bold.

same as in the B.3 , B.4 and B.5 variants. Similarly to these,
here we initially train on the entire data, then fine-tune from
the final checkpoint of C.1 only on a subset of titles which
have more than one audio tracks. This ensures that dub-
augmentation is present in every optimization step of C.2 .

We are now set to comprehensively study various as-
pects of multilingual and multimodal representation learn-
ing, thanks to a wide variety of pretrained models and
downstream tasks across audio and video modalities.

5.3. Ablation Study

Does dub-augmented pretraining help? To address this,
we start by looking at the first (A) group of model vari-
ants in Table 2. We’ve hypothesized that dub-augmentation
should improve the performance on sound/scene classifica-
tion and non-semantic speech tasks. On the HEAR [76]
benchmark, with the exception of CREMA-D [8], our quan-
titative results confirm this. LVU [83] tasks are also con-
sidered non-linguistic and Table 2 shows that, in most of
them, dub-augmented variants lead to large performance
gains over their baseline counterparts. Our second hypothe-
sis was that dub-augmentation should impact linguistic and
language identification tasks as it aims at diminishing the
influence of spoken words in audio representations. Indeed,
we can see A.4 which utilizes dub-augmentation is under-
performing A.3 on Speech Commands and VoxLingua. Ta-
ble 2 also suggests that dub-augmentation benefits from
within-modal objective i.e. La, and for this approach to be
effective, we actually need as expected, sufficient number of
instances with alternative audio tracks during pretraining.

Can dub-augmented models still recognize language and
conduct linguistic tasks? Results shown in Table 2 on
VoxLingua demonstrate that enforcing dub-augmentation in
both small (A variants) and large-scale (B variants) regimes

clearly affects language identification performance. We
measure this by comparing A.2 vs. A.1 , or B.4 vs. B.3 . We
observe similar behavior for Speech Commands, our proxy
for linguistic performance implemented as keyword spot-
ting. However, in both cases, the degradation is not large
enough to prevent dub-augmented models from recogniz-
ing language or conducting linguistic tasks. We hypothe-
sized this modeling trade-off, i.e. that while performance
might reduce, the significance of this would be limited.

Is the quality of video representations impacted? To
answer this, we look at Table 4 where LVU tasks are eval-
uated via a linear probe on frozen video embeddings. In
the small-scale pretraining regime, we observe a mixed pat-
tern where dub-augmented variants, i.e. A.2 and A.4 , out-
perform their counterparts in 3 tasks (”Director”, ”Speak-
ing Way”, and ”Year”) while being either worse or on par
on the rest. In the large-scale pretraining regime, we see
a more clear trend where B.4 and B.5 show improvements
over B.3 in 5 out of 7 LVU tasks demonstrating that on a
diverse evaluation set, dub-augmented pretraining is overall
helpful to even video-only tasks.

How does language diversity influence pretraining?
Properly addressing this research question demands a closer
look at B.1 , B.2 , and B.3 . It is worth reiterating that
despite a different number of pretraining instances (see Ta-
ble 1), we have trained all three of these model variants with
approximately the same number of gradient optimization
steps to establish a fair comparison. In general, across both
audio (ref. Table 2) and video (ref. Table 4) we observe
performance gains when we maximize language variation
(ref. B.3 ). However, the inclusion of English (EN) lan-
guage titles, as our most dominant original language (see
Fig 3), during pretraining seems to be crucial. Table 2 illus-
trates a clear pattern for VoxLingua and Speech Commands,
where greater language diversity during pretraining leads to
significant gains e.g. absolute 5.6% on VoxLingua.

Is a deeper architecture better? For each task in Ta-
bles 2 and 4, we can compare the strongest B model vari-
ants against C variants. With a few exceptions, our quan-
titative results do not indicate that using MViT-B [22] with
∼40% more parameters provides a meaningful boost over
the smaller MViT-S [22] to justify the significant additional
computation during pretraining. We acknowledge that this
conclusion might not have held if downstream tasks where
evaluated by fine-tuning (instead of probing), especially for
large-scale tasks in HEAR [76].

Additional Experiments In the supplementary material,
we provide additional results on a small dubbed audiovi-
sual dataset with matched smaller backbone architectures,
where we have exact parity between four languages (over
700 EN titles with all of ES, FR, and JA available). We also
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Figure 5. Pipeline to produce the synthetic counterfactual pairs.

compare to a speech-removal strategy, where we source-
separate the full dataset and remove the speech part as an
alternate strategy for de-emphasizing the speech. Since we
have language parity, we also evaluate ”bilingual” models
with specific dub-augmentation pairs (e.g. EN+ES). These
results show systematically that dub-augmented training is
beneficial even in this smaller-scale setup, that it outper-
forms the speech removal strategy, and that multilingual
models (with multiple dubs, randomly sampled as in our
main results here) can add further robustness.

5.4. Comparison with State-of-the-Art

HEAR Table 3 compares our results to several strong
results on HEAR [76] tasks. On ESC-50, FSD50K,
and GTZAN Music/Speech, our results beat the top self-
supervised result on the HEAR Leaderboard and at least
one more result. On most tasks (except Vocal Imitation), we
beat at least one of the models, showing robustness across
these different tasks.

LVU Also in Table 3, we compare our strongest models
with state-of-the-art results on 7 LVU [83] tasks. Our mod-
els achieve new state-of-the-art performance on the Genre
and Speak tasks, showing substantial improvements over
prior results. Without considering Movies2Scenes [13],
which uses movie metadata, we also get state-of-the-art
results on Director and Year (4/7 total). On the remain-
ing tasks, our results are highly competitive. This demon-
strates that models pretrained on our dataset with dub-
augmentation can match or exceed the performance of the
best available models on a diverse range of video under-
standing benchmarks. Overall, these results highlight the
effectiveness of our approach.

6. Synthetic Counterfactual Pairs
To encourage the study of counterfactual pairs in au-
diovisual representation learning, we propose a modular
pipeline, shown in Fig. 5, for simulating dub-like coun-
terfactual pairs that are similar to the one-to-many audio-
visual distribution from our pretraining data on arbitrary
target clips. The proposed pipeline, while being limited in
terms of the synthetic quality, serves as a simple tool to al-
leviate the data constraint for the research community when
conducting a similar study.

The steps are (1) Isolate speech from background sounds
using Demucs [18], (2) Transcribe and segment the speech
using Whisper [62], producing timestamped segments (3)
Translate speech (or, optionally, text) into the target lan-
guage(s) with SeamlessM4T [6] (4) Align translations to
original segments using stretching (5) Convert voices to
match original actors’ using LVC-VC [38] (6) Loudness-
normalize and EQ-match the output with the original us-
ing Pyloudnorm [70] and matchering5 (7) re-place segments
into their original locations, remix with background audio,
and mux with original videos. The pipeline also implements
other intermediate steps, such as resampling, to bridge be-
tween the main steps.

As a proof-of-concept resource for the community, we
use this pipeline to produce a multilingual version of
LVU [83]. LVU-M demonstrates the feasibility of gener-
ating counterfactual data at scale (examples included in the
supplementary material). We open-source the pipeline to
enable creating such “looking similar, sounding different”
datasets. We also hope that future advancements can im-
prove the quality and enable deeper research of such data
structure.

7. Conclusion
In this work, we introduced the looking similar, while
sounding different problem, wherein perceptually similar
scenes can have different speech content. We showed
we can leverage a similarly structured counterfactual data
source, dubbed movies, to improve audiovisual representa-
tion learning in a well-established cross-modal contrastive
learning scheme. Our experiments with a large pretraining
dataset of movies and television shows demonstrated that
this improves performance across a range of auditory
and audiovisual tasks. Dub-augmented training is, as
such, a scalable and effective approach for learning more
robust audiovisual representations without supervision.
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bets, and Bernd Edler. Libricount, a dataset for speaker count
estimation, 2018. 5

[72] Kun Su, Xiulong Liu, and Eli Shlizerman. Audeo: Audio
generation for a silent performance video. Advances in Neu-
ral Information Processing Systems, 33:3325–3337, 2020. 2

[73] 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. 3

[74] Yonglong Tian, Dilip Krishnan, and Phillip Isola. Con-
trastive multiview coding. In European conference on com-
puter vision, pages 776–794. Springer, 2020. 2

[75] Michael Tschannen, Josip Djolonga, Paul K Rubenstein,
Sylvain Gelly, and Mario Lucic. On mutual information
maximization for representation learning. In International
Conference on Learning Representations, 2019. 2

[76] Joseph Turian, Jordie Shier, Humair Raj Khan, Bhiksha
Raj, Björn W Schuller, Christian J Steinmetz, Colin Malloy,
George Tzanetakis, Gissel Velarde, Kirk McNally, et al. Hear
2021: Holistic evaluation of audio representations. arXiv
preprint arXiv:2203.03022, 2022. 1, 3, 5, 6, 7, 8

[77] George Tzanetakis. Gtzan music/speech collection, 1999. 5
[78] Efthymios Tzinis, Scott Wisdom, Aren Jansen, Shawn Her-

shey, Tal Remez, Daniel PW Ellis, and John R Hershey. Into
the wild with audioscope: Unsupervised audio-visual separa-
tion of on-screen sounds. arXiv preprint arXiv:2011.01143,
2020. 2

[79] Jörgen Valk and Tanel Alumäe. Voxlingua107: A dataset
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