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Figure 1. BRAVEn overview.

1. Introduction

Visual and auditory speech recognition (VSR / ASR)
scale very well with the amount of transcribed data [10—
13]. However, the cost of accurately annotating large-scale
datasets can be prohibitive, spurring significant research
into bypassing annotated data requirements. One line of
work along this direction is audio-visual self-supervised
learning, where representations are first learned by exploit-
ing the fine-grained correspondence between the visual and
auditory modalities, and then the resulting encoders are
fine-tuned on potentially less labelled data for speech recog-
nition [2,7,9, 14, 16]. In particular, RAVEn [7] uses sepa-
rate video and audio students which regress the outputs of
the teacher networks through lightweight Transformer pre-
dictors, and learns strong visual and auditory speech repre-
sentations entirely from raw data.

In this work, we extend RAVEn through modifications
that yield better representations by acknowledging the se-
mantic asymmetries between audio and video. We dub our
approach Better RAVEn, or BRAVEn. Our enhancements
are as follows: (1) We use the average of the outputs of
each Transformer encoder block as our targets [8], rather

than the output of the last block, in order to create smoother
targets; (2) We use a shallower predictor for the video stu-
dent, which encourages the video encoder to better capture
the information embedded in the predicted audio targets; (3)
We use stronger masking for the audio inputs to address the
difference in relative difficulty between VSR and ASR; (4)
Finally, we use different loss weights for the audio predic-
tors, which empirically benefits ASR performance.

We find that BRAVER scales well both with the model
size as well as the amount of unlabelled data, consis-
tently achieving state-of-the-art performance across self-
supervised methods in comparable settings.  Notably,
BRAVEn-Large trained with around 3,000 hours of unla-
belled data and only 30 hours of annotated data achieves
20.0 % / 1.7 % word error rate (WER) for VSR / ASR on the
LRS3 test set, making it competitive with methods trained
on orders of magnitude more transcribed data [10, 12].

2. Method

In the following, we describe in detail each of BRAVEn’s
design improvements over RAVEn (see Figure 1).
First, BRAVEn uses the mean of the outputs of all Trans-



Method Encoder LM Unlabhrs Lab hrs M Method Encoder LM Unlab hrs Lab hrs M
VSR ASR VSR ASR
Base models Base models
AV-HuBERT [14]  Transf X 403 30 51.8 49 AV-HuBERT [14]  Transf X - 433 44.0 -
RAVER [7] Transf X 403 30 47.0 4.7 RAVEn [7] Transf X - 433 39.1 2.2
AV-data2vec [3] Transf X 403 30 45.2 4.4 AV-data2vec [8] Transf X - 433 39.0 2.0
BRAVEn Transf X 403 30 434 4.0 BRAVEn Transf X - 433 360 19
Large models Large models
AV-HuBERT [14]  Transf X 1,729 30 325 29 AV-HuBERT [14]  Transf X 1,326 433 286 1.3
RAVEN [7] Transf X 1,729 30 325 27 RAVEnN [7] Transf X 1,326 433 27.8 14
AV-data2vec [8] Transf X 1,729 30 30.8 2.7 AV-data2vec [8] Transf X 1,326 433 28.5 1.4
RAVEn w/ ST [7] Transf X 1,729 30 24.8 2.3 RAVEn w/ ST [7] Transf X 1,326 433 24.4 1.4
BRAVEn Transf X 1,729 30 30.8 2.3 BRAVEn Transf X 1,326 433 26.6 1.2
BRAVEn Transf X 3,052 30 248 2.1 BRAVEn Transf X 2,649 433 236 1.2
BRAVEn w/ ST Transf X 3,052 30 21.3 1.9 BRAVEn w/ ST Transf X 2,649 433 20.9 1.2
BRAVEn w/ ST Transf v 3,052 30 200 1.7 BRAVEn w/ ST Transf v 2,649 433 201 1.1

(a) Low-resource.

(b) High-resource.

Table 1. LRS3 results. “Unlab hrs” / “lab hrs” denote unlabelled hours / labelled hours. Self-supervised methods use labelled data for
pre-training (without labels) along with unlabelled data (if any). “LM” denotes language model. “ST” denotes self-training.

WER (%)
VSR ASR
RAVEn 47.0 4.7

+ average blocks 453 1.7 4.6 j0.1
+ shallower video predictor 44.1 112 4.6
+ stronger audio masking 43.5 106 4.2 104

+ different loss weights = BRAVEn  43.4 0.1 4.0 102

Table 2. Ablations. We show results for the low-resource setting
using the Base model.

former blocks rather than only the final block’s output [8].
This averaging operation likely results in smoother and
higher-quality targets, which can aid the training dynam-
ics [6]. Moreover, we apply instance normalisation [15] to
the averaged targets to prevent representation collapse [3].
In RAVER, the layer normalisation [1] that follows the fi-
nal block in the Transformer architecture serves a similar
purpose.

Second, BRAVEn uses asymmetric predictor depths.
RAVEn uses two-block Transformer predictors (with atten-
tion dimension 512), shown to work optimally when us-
ing the same design for both video and audio students.
BRAVEn instead uses a one-block Transformer predictor
for the video student (which predicts the audio targets),
while retaining the original design of the audio predictors.
The intuition is that audio is more relevant to speech recog-
nition than video, and thus a shallower predictor leads to
visual representations that more closely match the informa-
tion in the audio targets.

Third, BRAVEn applies stronger masking to the audio
inputs. Each corresponding video frame index has a 40 %
probability of being picked as the start of a mask for au-
dio, while a probability of 20 % is used for video. In con-
trast, RAVEn uses a probability of 20 % for both modalities,
which was chosen based on the assumption that both modal-

ities would equally benefit from the same masking strategy.
BRAVEn’s masking asymmetry is beneficial likely due to
the difference in difficulty between VSR and ASR: Stronger
masking for audio leads to more context-aware representa-
tions, but for video, it may make the pretext task overly
difficult.

Finally, BRAVEn uses asymmetric loss weights. In
RAVERD, the weights of the two losses associated with the
audio student are equal. BRAVEn instead uses a larger
weight for the audio-to-audio (\,—,, = 2) than the audio-
to-video loss (Aq—, = 1), which we empirically find leads
to improvements for ASR.

3. Main results
3.1. Low-resource setting

We provide results for the low-resource setting in Ta-
ble 1a, where we fine-tune on the 30-hour “trainval” LRS3
partition. Using BRAVEn-Base and LRS3 as the pre-
training dataset, we achieve better VSR and ASR word er-
ror rate (WER) than the previous state-of-the-the-art ob-
tained by AV-data2vec [8]. When also including an English-
only version of VoxCeleb2 for pre-training, BRAVEn-Large
achieves 30.8 % and 2.3 % WER for VSR and ASR respec-
tively, demonstrating BRAVEn’s strong scalability. We are
also the first to experiment with pre-training on a combina-
tion of LRS3, VoxCeleb2 [4], and AVSpeech [5], consisting
of 3,082 hours of unlabelled data. This results in significant
WER improvement for VSR (30.8 %—24.8 %) and mod-
est improvement for ASR (2.3 %—2.1 %). Finally, using
self-training and a language model during inference leads
t0 20.0% / 1.7 % WER for VSR / ASR.



3.2. High-resource setting

The results for the high-resource setting, where we fine-
tune on the full 433-hour LRS3 dataset, are shown in Ta-
ble 1b. BRAVEn achieves state-of-the-art performance
among the self-supervised methods. Our best results for the
high-resource setting are 20.1 % / 1.1 % for VSR / ASR. In-
terestingly, BRAVEn-Large coupled with self-training and a
language model yields similar VSR results (~ 20 % WER)
in both low- and high-resource settings, but better results
are obtained in the high-resource setting for ASR. This sug-
gests that high-quality transcriptions are more important for
ASR than VSR.

3.3. Ablations

We conduct an ablation study to show the effect of each
design choice on the VSR and ASR performance (see Ta-
ble 2). Each new addition improves the VSR and / or ASR
performance. We observe that averaging targets and us-
ing a shallower video predictor has a larger effect on VSR
than ASR, while stronger audio masking and different loss
weights have a more significant impact on ASR. Further-
more, using even stronger audio masking or using the aver-
age of the last 6 Transformer blocks as targets lead to worse
performance.

4. Conclusion

We have proposed some design improvements to the re-
cent RAVEn method, which cumulatively have a signif-
icant impact on the downstream VSR and ASR perfor-
mance and achieve state-of-the-art results for audio-visual
self-supervised methods in various settings. Furthermore,
we experiment with doubling the amount of unlabelled
data during pre-training as used in other self-supervised
works and observe strong scaling behaviour, even when
fine-tuning with only 30 hours of labelled data. Our work
provides compelling evidence that readily accessible unla-
belled audio-visual data can effectively substitute costly an-
notated samples.
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