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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.

1. Introduction

Can two videos look similar while sounding different?
Consider 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
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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 evalua-
tion tasks. How then can learn robust representations from
audiovisual content with speech mixed into it?

In this work, we hypothesize that this looking similar,
while sounding different problem may inhibit the perfor-
mance of self-supervised audiovisual representation learn-
ers. Linguistically different but otherwise similar audio-
video pairs could confound established methods like cross-
modal contrastive learning. We leverage a data source
which naturally resembles this counterfactual-like structure:
dubs. Dubs are alternate versions of movie audio tracks
where the speech is replaced with a second-language adap-
tation, with other sounds generally unchanged.

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.

• Extensive experiments showing this approach im-
proves performance on auditory and audiovisual tasks,
yielding new state-of-the-art on some.



• Experiments investigating potential trade-offs, show-
ing we can get such improvements without majorly
affecting language identification and semantic speech
task performance.

• An example pipeline for producing counterfactual
pairs, applied to LVU [70] to create alternate audio
tracks that could empower the research community to
further investigate this problem.

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 [75, 28, 48, 19, 42, 4, 30, 31]. We focus on
contrastive learning, which has shown strong performance
by maximizing mutual information between views of the
same instance [14, 31, 25, 62, 4, 63, 62]. 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 [54], or, as in our case, video and
audio [47, 68, 22, 74, 1, 51, 37, 49, 2, 3, 32, 46, 72, 52, 40].

Audiovisual Learning Audiovisual learning harnesses
cross-modal correspondences for tasks like action [37, 35]
and speaker [45, 15] recognition, source separation [56,
9, 66], media synthesis [29, 24, 50, 60], audio spatializa-
tion [43, 26, 73], acoustic simulation [58, 12, 41], 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 [44], 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-
ences, and are more diverse and novel than user-generated
videos while being abundant and scalable [13, 61, 33].

Multilingual Audio Multilingual speech processing has
enabled progress in areas like speech recognition [7]
through pretraining on diverse data [27, 16]. Recently,
speech-to-speech translation has been possible as well [39].
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 televi-
sion episodes, which constitutes ∼59K video-hours in to-
tal. 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
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 this kind of data could significantly benefit re-
search, and are actively investigating necessary legal steps
to potentially release a variant for non-commercial use.

4. Methodology

Our pretraining dataset, X , is constructed from non-
overlapping snippets extracted from longer videos. We gen-
erate training quadruplets (vp, ap, vs, as) where p and s de-
note primary and secondary. These quadruplets are created
through augmentation of video (v) and audio (a) snippets.
Notably, audio augmentation may include dubbing to in-
troduce different spoken languages while maintaining other
audio characteristics. To improve training, we employ a
strategy in which we deliberately sample multiple snippets
from the same source video within a mini-batch. This lever-
ages the hierarchical structure of the data, ensuring chal-
lenging negative examples that share common (e.g. stylis-
tic) elements with the positive examples.

Our training objective relies on cross-modal normalized
temperature-scaled cross-entropy. This objective function
aims to align video and audio embeddings. Within a mini-
batch, the positive pair consists of corresponding video and
audio elements (e.g., the primary video and secondary au-
dio), while negative pairs are formed across the two modal-
ities. We additionally define within-modal loss terms to
track how well video and audio representations align with
themselves. While these within-modal terms might not be
directly optimized during the initial training phase in some



cases, we monitor their values as they naturally decrease
due to minimizing the primary cross-modal term. Our
video audio models are multi-scale vision transformer [21],
specifically MViT-S, and our audio model follows a similar
architecture except a slight modification to allow process-
ing audio spectrograms as input. We use a single (weight
sharing) audio backbone which processes all audio spectro-
grams, regardless of language. As is common in contrastive
learning, we use multi-layer perceptron (MLP) projection
heads, one for each modality, to further reduce dimension-
ality.

5. Experiments
5.1. Downstream Tasks

Audio Tasks and Benchmarks We evaluate on a di-
verse set of auditory tasks to probe the quality of our
learned representations, taken from the HEAR [64] chal-
lenge benchmark. We include ESC-50 [53], FSD50K [23],
and Vocal Imitations (VI) [36] for sound/scene classifica-
tion; CREMA-D [8] for emotion recognition, GTZAN [65]
for music/speech discrimination, and LibriCount [59] for
speaker count estimation; and Speech Commands [69]
(full, keyword recognition) and VoxLingua107 Top10 [67]
(language ID) to assess potential speech/language trade-
offs. Following recent work on representation learning
from long-form content [13], we also include the LVU [70]
benchmark covering various aspects of long-form video un-
derstanding to our evaluation suite.

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, and evaluate them
on 15 different tasks across audio and video modalities.

Our three groups of model variants study the impact of
dub-augmentation, data scale, language diversity, and ar-
chitecture depth on self-supervised audiovisual representa-
tion learning. The first group (A) focuses on a small-scale
multilingual pretraining regime, with A.1 , A.2 , A.3 , and
A.4 variants, to study the effect of dub-augmentation and
the inclusion of a within-modal term L a. The second group
(B), including B.3 , B.4 , and B.5 , investigates the impact
of data scale and language diversity, with B.3 testing the
limit of multilingual pretraining without dub-augmentation.

The third group (C), with C.1 and C.2 , explores the im-
pact of deeper architectures, namely MViT-B versus MViT-
S, while keeping B variants’ data scale and diversity.

5.3. Ablation Study

Does dub-augmented pretraining help? To address this,
we look at the first (A) model variants in Table 1. We hy-
pothesized dub-augmentation should improve performance
on sound/scene classification and non-semantic speech
tasks. On HEAR [64] tasks, except CREMA-D [8], our
results confirm this. LVU [70] tasks are also considered
non-linguistic and Table 1 shows that dub-augmented vari-
ants mostly lead to large performance gains. We can see
A.4 (with dub-augmentation) underperforms A.3 on Speech
Commands and VoxLingua, showing the trade-off that we
hypothesized. Table 1 also suggests that dub-augmentation
benefits from a within-model term.

Can dub-augmented models still recognize language and
conduct linguistic tasks? Results shown in Table 1 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.

How does language diversity influence pretraining?
For this, we look at B.1 , B.2 , and B.3 , all trained with
approximately the same number of gradient steps different
number of pretraining instances, to establish a fair com-
parison. In general we observe audio and video (Table 1)
and 3)) performance gains when we maximize language
variation (ref. B.3 ). However, including English (EN) lan-
guage titles, as our most dominant original language, dur-
ing pretraining seems to be crucial. Table 1 illustrates a
clear pattern for VoxLingua and Speech Commands, where
greater language diversity during pretraining leads to sig-
nificant gains e.g. absolute 5.6% on VoxLingua.

Is a deeper architecture better? For each task in Ta-
bles 1 and 3, 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 [21] with
∼40% more parameters provides a meaningful boost over
the smaller MViT-S [21] 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 [64].



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 1. Ablation results with audio. All metrics are top-1 accuracy, except for FSD50K [23] and Vocal Imitation [36] (Mean Average
Precision).

HEAR LVU

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

Bench [64] 96.65 78.53 75.21 22.69 65.48 97.79 72.02 99.23 Obj Tr [70] 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 [71] 74.35 68.34 75.21 18.48 41.32 94.68 71.40 93.59 ViS4mer [34] 62.61 54.71 57.14 67.44 40.79 48.80 44.75
PaSST [38] 94.75 66.01 61.04 18.20 64.09 63.87 25.93 97.69 SCALE [57] 49.09 58.97 76.47 74.02 42.27 62.76 39.23
CLAP [20] 96.70 77.83 64.36 – 58.59 96.83 – 100.0 STCA [18] 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 2. State-of-the-art results across HEAR [64] (adding GTZAN Music/Speech) and LVU [70] tasks we evaluate on.

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 3. Ablation results with video (top-1 accuracy).

5.4. Comparison with State-of-the-Art

HEAR Table 2 compares our results to several strong
results on HEAR [64] 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 2, we compare our strongest models
with state-of-the-art results on 7 LVU [70] 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 studying counterfactual pairs in audiovi-
sual learning, we propose a modular pipeline that simulates
dub-like counterfactuals, mirroring the one-to-many audio-
visual distribution in our pretraining data and applicable
to arbitrary clips. The pipeline isolates speech using De-
mucs [17], transcribes and segments it with Whisper [55],
translates it into target languages using SeamlessM4T [6],
along with other steps like audio alignment, voice match-
ing, normlization and EQ. While the synthetic quality has
limitations, this pipeline offers a simple tool for researchers
working with similar studies under data constraints.
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