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mWhisper-Flamingo for Multilingual Audio-Visual
Noise-Robust Speech Recognition
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Abstract—Audio-Visual Speech Recognition (AVSR) combines
lip-based video with audio and can improve performance in noise,
but most methods are trained only on English data. One limitation
is the lack of large-scale multilingual video data, which makes
it hard to train models from scratch. In this work, we propose
mWhisper-Flamingo for multilingual AVSR which combines the
strengths of a pre-trained audio model (Whisper) and video model
(AV-HuBERT). To enable better multi-modal integration and im-
prove the noisy multilingual performance, we introduce decoder
modality dropout where the model is trained both on paired
audio-visual inputs and separate audio/visual inputs. mWhisper-
Flamingo achieves state-of-the-art WER on MuAViC, an AVSR
dataset of 9 languages. Audio-visual mWhisper-Flamingo consis-
tently outperforms audio-only Whisper on all languages in noisy
conditions.

Index Terms—Audio-visual speech recognition (AVSR), multi-
lingual.
I. INTRODUCTION

UTOMATIC Speech Recognition (ASR) has seen great
A progress thanks to large-scale training [1], [2], [3], [4],
but models still struggle with background noise [5], [6]. To im-
prove performance, Audio-Visual Speech Recognition (AVSR)
models combine lip-based video with audio inputs [7], [8], [9],
[10], [11], [12], [13], [14], [15], [16]. In particular, Whisper-
Flamingo [17] proposed an audio-visual adaptation of Whis-
per [1], a pre-trained ASR model, and showed significant im-
provements in noise robustness compared to the original audio-
only model. Whisper-Flamingo was motivated by the limita-
tion of previous AVSR systems which often lack large-scale
transcribed videos and face difficulty training models from
scratch on only a few hundred hours of data. To overcome
this, Whisper-Flamingo combines the strength of Whisper’s
audio encoder and text decoder trained on 680 k hours with
AV-HuBERT [18], a pre-trained lip-reading visual encoder. The
model integrates lip-based visual features from AV-HuBERT
into Whisper’s decoder and achieves State-of-the-Art (SOTA)
performance on English AVSR.
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In this work, we propose mWhisper-Flamingo: a novel mul-
tilingual extension of Whisper-Flamingo which achieves SOTA
performance on multilingual AVSR. mWhisper-Flamingo com-
bines Whisper’s strong multilingual audio encoder and text
decoder with a new AV-HuUBERT visual encoder pre-trained on
multilingual videos [19]. Unlike the previous Whisper-Flamingo
model which could only take English videos as input, the
new mWhisper-Flamingo model can handle videos in 9 dif-
ferent languages (including English). However, we show that
Whisper-Flamingo’s default training process applied to mul-
tilingual videos yields poor noisy multilingual AVSR perfor-
mance, despite achieving good English performance. To address
this, we propose a novel decoder modality dropout technique
by training the model both on paired audio-visual inputs and
separate audio/video inputs. We show this to be key for good
noisy multilingual AVSR performance with a thorough analysis
and ablation study.

We test our method across 9 languages in clean and noisy
conditions on the MuAViC dataset [20]. In clean audio condi-
tions, mWhisper-Flamingo outperforms previous audio-visual
methods and achieves SOTA across multilingual languages. In
noisy conditions, mWhisper-Flamingo consistently outperforms
the audio-only Whisper model on 6 different noise types and 5
levels of noise. We release our code and models.

II. METHOD

Our method builds upon Whisper-Flamingo [17], an audio-
visual extension of Whisper [1]. Whisper-Flamingo adds
new gated cross-attention layers (originally proposed for the
Flamingo vision-language model [21]) into each of Whisper’s
decoder blocks which attend to the visual features from the
AV-HuBERT visual encoder [18]. The layers are initialized as
identity functions and initially ignore the visual input, but the
weights are adjusted to integrate the visual features for AVSR
during training on audio-visual inputs.

Whisper-Flamingo uses two-stages of training. First, all of
Whisper’s parameters are fine-tuned on noisy audio inputs,
enhancing its domain-specific performance and noise robust-
ness. Second, the gated cross-attention layers are initialized and
trained on audio-visual data. During this stage, all of Whisper’s
and AV-HuBERT’s parameters are frozen to preserve the pre-
trained knowledge and to facilitate multi-modal integration.

mWhisper-Flamingo inherits Whisper-Flamingo’s architec-
ture, except the English AV-HuBERT [18] is replaced with a
version pre-trained on multilingual videos [19]. We propose to
train mWhisper-Flamingo on multilingual videos jointly with
English, similar to Whisper’s training process. However, using
Whisper-Flamingo’s default training process on multilingual
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Fig. 1. In mWhisper-Flamingo, the AV-HuBERT and Whisper encoders ex-
tract visual and audio features from multilingual videos. Separate cross attention
layers in Whisper’s decoder attend to the visual and audio features. Decoder
modality dropout randomly replaces the audio or video features by 0, forcing
the decoder to train on video-only and audio-only inputs.

videos yielded only minor improvements in noisy multilingual
AVSR performance, despite achieving significant improvements
for English (see Section III-D). We suspect this is due to English
having on average 13.6x more data than other languages in our
dataset. To address this, we introduce decoder modality dropout
by training the model both on paired audio-visual inputs and
separate audio/video inputs.

Dropout, originally proposed to prevent overfitting in neural
networks [22], was extended to multi-modal learning as modal-
ity dropout [23]. Modality dropout randomly drops input modal-
ities during training to better capture cross-modality correlations
while preserving unique contributions of specific modalities.
Modality dropout has been used in AVSR [18], [24], [25], [26],
[27] to prevent models from over-relying on the audio modality,
which is typically easier to transcribe than the lip-based visual
modality. However, current methods mainly use early-fusion
where audio and visual features are combined and used as
input into a single Transformer [28] encoder. During modality
dropout, the Transformer encoder must handle the incomplete
input stream and output an embedding sequence which is used
as input to the decoder’s cross-attention layers. In contrast,
Whisper-Flamingo uses late-fusion where separate Transformer
encoders process audio and visual features independently. Each
encoder outputs an embedding sequence used as input to sep-
arate audio and video cross attention layers in the decoder,
where the modality fusion occurs. During modality dropout,
one of the audio and video embedding sequences is replaced
by a 0O-vector, forcing the decoder to handle the incomplete
input stream in each of the cross-attention layers corresponding
to the missing modality. This enables the encoders to remain
specialized on their specific modalities while the decoder learns
better multi-modal integration. This process is shown in Fig. 1.
Note that cross-attention with a 0-vector results in a 0-vector,
but the output from the layer incorporates the bias in the linear
transformations.

Our method is conceptually similar to LayerDrop [29], which
randomly drops Transformer layers for model pruning on text-
based tasks. However, our focus lies in enhancing the decoder’s
ability to learn better multi-modal integration and to handle
inputs where one modality may be unreliable.

We define the probabilities of using audio-visual (payv),
audio-only (p4), and visual-only (py ) inputs during training
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as follows. If audio-visual inputs are selected, both modalities
are used. If audio-only inputs are selected, visual features are
zeroed out at the decoder. If video-only inputs are selected,
audio features are zeroed out at the decoder. In Section III-D,
we show results using different probabilities. The setting p a4y =
0.5, pa = 0, py = 0.5 performs the best on noisy multilingual
AVSR, so we use it for training our main models.

III. EXPERIMENTS

A. Experimental Setup

We use the MuAViC [20] dataset of 1,141 h of videos in
9 languages. The dataset is based on the LRS3 English video
dataset [30] and mTedX dataset [31]. The hours of video per
language are: English (En): 433, Arabic (Ar): 16, German (De):
10, Greek (EI): 25, Spanish (Es): 178, French (Fr): 176, Italian
(It): 101, Portuguese (Pt): 153 and Russian (Ru): 49.

We use Whisper [1] small, medium, and large-v2 with 244 M,
769 M, and 1.55B parameters. We fine-tuned Whisper small and
medium on 4 A6000 GPUs with 48 GB memory, but could not
fine-tune Whisper large due to the GPU memory limits. We use
AV-HuBERT pre-trained on unlabeled multilingual videos [19]
with 325 M parameters. We selected this model instead of
other English-only lip-reading models [32], [33], [34] due to
its superiority on multilingual videos [35], [36], [37], [38].
Different to Whisper-Flamingo, we also fine-tune its parameters.
The gated cross attention layers add 82 M and 296 M for the
small and medium models, bringing the total to 651 M and
1.39B parameters for mWhisper-Flamingo small / medium. The
other dataloading details and hyperparameters closely follow
Whisper-Flamingo [27]. Spectrogram frames are used as input
to Whisper at 100 Hz while grayscale videos are used as input to
AV-HuBERT at 25 fps. The videos are cropped on the lips using
Dlib [39] and are aligned to a reference mean face [40]. Models
were trained using PyTorch [41] and PyTorch Lightning [42]
with the AdamW optimizer [43].

During training, we randomly add noise to the audio with a
Signal-to-Noise Ratio (SNR) of 0 dB. Based on prior work [13],
[20], “natural”, “music” and “babble” noise are sampled from the
MUSAN dataset [44], and overlapping “speech” is sampled from
LRS3 [30]. We monitor the token prediction accuracy on the
noisy validation set every 1 k steps to select the best checkpoints.
We normalize the text by lower-casing and removing punc-
tuation except single apostrophes. Our goal is to improve the
multilingual Word Error Rate (WER), so we compute average
WER on all languages except English. Given the data imbalance,
we also separately compute the average on the “higher resource”
languages with over 100 h of data (Es, Fr, It, Pt), and the other
“lower resource” languages (Ar, De, El, Ru) with as low as 10 h
of data.

B. Clean Results

In Table I, we show the results on MuAViC using the orig-
inal, clean audio. For previous SOTA audio-visual methods,
initial work fine-tuned pre-trained English AV-HuBERT [18]
on multilingual videos in MuAViC [20], [46]. Some methods
trained individual models for specific non-En languages [48],
[49], [50], however, they are outperformed by multilingual
models. The current SOTA models are XLLAVS-R [45] and Fast
Conformer [47]. The former adapted XLS-R [51], a multilingual
self-supervised audio model, and the latter trains a model from
scratch. Moreover, Fast Conformer achieved even better results
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TABLE I
MULTILINGUAL WER ON MUAVIC (CLEAN)

Model gg:zins Ezu\rls‘d‘ Mod. En  Ar  De  El Es Fr It P Ru fgfiEn ﬁ‘_’ﬁ_ ﬁng'
Multilingual Audio-Visual Baselines
AV-HuBERT [18], [45] 47TM 1,141 AV 1.7 89.4 52.0 46.2 17.4 20.3 20.8 22.1 44.7 39.1 20.2 58.1
Intuitive Multilingual [46] 47TM 1,141 AV 25 90.9 48.1 424 18.0 21.5 19.7 20.8 54.1 39.5 20.0 58.9
XLAVS-R 300M [45] 452M 1,141 AV 24 81.7 44.7 243 10.9 14.4 12.8 13.2 327 29.3 12.8 459
XLAVS-R 2B [45] 2.15B 1,141 AV 1.7 79.3 444 19.0 9.1 12.3 10.6 11.2 25.0 264 10.8 41.9
Fast Conformer [47] 197M 1,141 AV - - 46.8 9.0 11.4 11.6 11.8 - - 11.0 -
Multilingual Audio-Visual Baselines (Using Extra Multilingual Training Videos)
Fast Conformer [47] 197M 4,957 AV - 23.6 8.2 10.3 104 9.9 - - 9.7 -
Our Audio-Only Whisper Zero-Shot Baselines
Whisper Small Zero-Shot 244M - A 2.6 78.9 239 235 11.4 17.7 20.0 17.1 23.7 27.0 16.6 375
Whisper Medium Zero-Shot 769M - A 23 75.6 21.3 15.7 9.5 15.6 11.6 13.1 20.7 229 12.5 333
‘Whisper Large Zero-Shot 1.5B - A 2.1 73.2 20.1 12.7 8.9 14.5 10.2 11.7 19.0 21.3 11.3 31.3
Our Models
‘Whisper Small Fine-Tuned 244M - A 1.1 73.3 26.4 18.4 9.5 13.8 12.8 12.8 21.2 23.5 12.2 348
mWhisper-Flamingo Small 651M 1,141 AV 1.2 74.9 26.6 18.9 9.6 13.8 12.7 12.9 21.2 23.8 12.3 354
Whisper Medium Fine-Tuned 769M - A 0.74 68.9 21.5 13.6 7.9 11.3 10.1 10.7 16.7 20.1 10.0 30.2
mWhisper-Flamingo Medium 1.39B 1,141 AV 0.88 70.2 22.0 14.0 8.1 11.3 10.2 10.8 16.7 20.4 10.1 30.7
| is better. Hours of video used to fine-tune each model are shown. Mod. = Modality. Avg. non-En: average WER without english. H.R. = High Resource (Es, Fr, It, Pt). L.R. = Low Resource (Ar, De, El,
Ru).
TABLE I1
MULTILINGUAL WER ON MUAVIC (BABBLE NOISE ADDED AT 0-SNR)
Model poul - FTVd Mod. En A De B B Fr It P Ra OB dve A
Small Models
‘Whisper Small Zero-Shot 244M - A 279 102 61.2 76.4 63.3 57.8 76.2 73.4 57.6 71.0 67.7 74.3
Whisper Small Fine-Tuned 244M - A 16.1 101 59.9 56.8 41.7 359 50.6 50.2 46.7 55.3 44.6 66.0
mWhisper-Flamingo Small 651M 1,141 AV 8.3 101 56.7 51.1 33.6 31.9 41.2 42.8 44.6 50.4 37.4 63.5
Relative Improvement - 484 -0.8 5.3 10.0 19.4 11.1 18.6 14.7 4.5 10.4 16.0 4.8
Medium Models
Whisper Medium Zero-Shot 769M - A 22.5 105 53.1 61.3 49.1 47.7 60.3 60.9 47.5 60.7 54.5 66.8
‘Whisper Medium Fine-Tuned 769M - A 12.3 96.4 51.8 45.7 36.1 30.4 43.5 422 37.9 48.0 38.1 58.0
mWhisper-Flamingo Medium 1.39B 1,141 AV 74 95.3 494 41.8 28 27.5 35.2 36 36.1 43.7 31.7 55.7
Relative Improvement - 39.8 1.1 4.6 85 224 9.5 19.1 14.7 4.7 10.6 16.4 4.8
Large Models
Whisper Large Zero-Shot 1.5B - A 213 96.5 51.5 54.7 46.9 41.7 56.6 58.7 41.3 56.0 51.0 61.0

Hours of video used to fine-tune each model are shown. Mod. = modality. Avg. non-En: average WER without english. H.R. = High Resource (Es, Fr, It, Pt). L.R. = Low Resource (Ar, De, El, Ru).

on the higher-resource languages by using extra multilingual
training videos from other datasets. While these methods worked
well on the higher-resource languages, their performance on
lower-resource languages is less satisfactory.

Next, we establish baselines using Whisper. Compared to
XLAVS-R 2B, Whisper small zero-shot (without fine-tuning)
achieves better performance on the lower resource languages
(37.5% vs 41.9%), while Whisper medium zero-shot achieves
better overall average non-En WER (22.9% vs 26.4%). This
shows Whisper’s strong multilingual capabilities and motivates
its selection as the foundation of our proposed models.

Fine-tuning Whisper on MuAViC leads to further gains.
Fine-tuned Whisper medium achieves a new SOTA non-En
average WER of 20.1%, surpassing all previous audio-visual
methods fine-tuning solely on MuAViC. Notably, the English
performance is also improved from 2.3% (zero-shot) to 0.74%,
approaching the current SOTA of 0.68% reported in Whisper-
Flamingo [17]. This shows that fine-tuning improves multilin-
gual performance without compromising English accuracy.

mWhisper-Flamingo performs similarly to audio-only fine-
tuned Whisper (20.4% vs. 20.1% WER for the medium models).
This small difference suggests that video provides limited benefit
for clean audio. However, mWhisper-Flamingo still significantly
outperforms all previous AVSR models fine-tuned solely on
the 1,141 h MuAViC videos, achieving a new SOTA on all
languages with this setup. It even surpasses Fast Conformer
trained with 4,957 h of videos on all languages except Fr and
Pt. This shows the strength of using Whisper as initialization
for AVSR. Finally, mWhisper-Flamingo medium consistently

outperforms mWhisper-Flamingo small, showing the benefit of
increased model size.

C. Noisy Results

Table IT shows the performance on MuAViC with babble noise
at 0-SNR. The babble noise is from Whisper-Flamingo [17] and
was constructed from 30 LRS3 speakers. We compare Whisper
zero-shot with Whisper fine-tuned and mWhisper-Flamingo.
The noisy results show a significant performance degradation
compared to the clean results (Table I). For example, the aver-
age non-En WER for Whisper small zero-shot increases from
27.0% in the clean setting to 71.0% under 0-SNR babble noise.
However, fine-tuning significantly improves WER. For the small
model, fine-tuning improves the average non-En WER from
71.0% (zero-shot) to 55.3%. A similar trend is observed for the
medium model, with WER decreasing from 60.7% to 48.0%.

The integration of visual features in mWhisper-Flamingo
provides further gains. mWhisper-Flamingo small achieves an
average non-En WER of 50.4%, a 10.4 % relative improvement
over fine-tuned audio-only Whisper small (55.3%). Similarly,
mWhisper-Flamingo medium achieves an average non-En WER
of 43.7%, a 10.6% relative improvement compared to fine-
tuned audio-only Whisper medium (48.0%). The relative im-
provements are better for the higher-resource languages (16.0 %
and 16.4% for small and medium models), indicating that more
video training data is helpful. The relative improvements for
English are much better at 48.4% and 39.8% for the small and
medium models, which we attribute to having more English
training data.
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Fig.2. Multilingual WER ({ is better) for different noise types averaged over
4 languages (Es, Fr, It, Pt) and 5 SNR levels {—10, —5,0,5, 10}.

TABLE III
ABLATION STUDY AND ANALYSIS ON MUAVIC (ODB SNR BABBLE NOISE)

Avg
Setup En Es Fr It Pt non-En
Whisper-Small Fine-Tuned
Whisper-Small 162 417 358 50.0 502 44.4
Decoder Modality Dropout and Fine-Tunable Visual Encoder
Mod. Drop. v, FT vis. encoder v/ 80 329 319 405 412 36.6
Mod. Drop. X, FT vis. encoder v/ 16.0 41.6 362 502 504 44.6

Mod. Drop. X, FT vis. encoder X 11,5 391 356 478 478 42.6
Mod. Drop. v, FT vis. encoder X 9.7 367 341 451 465 40.6
Decoder Modality Dropout Probabilities

AV: 0.5, A: 0, V: 0.5 8.0 329 319 405 412 36.6
AV: 1.0, A: 0, V: 0 16.0 416 362 502 504 44.6
AV: 0.5, A: 0.5, V: 0 16.0 416 36.1 503 505 44.6
AV: 0.5, A: 0.25, V: 0.25 84 337 325 421 424 37.7
AV: 0.25, A: 0.25, V: 0.5 85 345 322 415 426 37.7
AV: 0.75, A: 0, V: 0.25 8.6 339 330 413 425 37.7
AV: 0.25, A: 0, V: 0.75 83 335 327 400 415 36.9
Multilingual vs English AV-HuBERT
Multilingual AV-HuBERT 80 329 319 405 412 36.6
English AV-HuBERT 75 348 324 408 416 37.4

Performance is WER%, (| is better).

mWhisper-Flamingo medium achieves the best multilingual
WER (43.7%), even outperforming Whisper large zero-shot
(56.0%) despite having fewer parameters (1.39B vs 1.5B). This
shows that the performance gains are not only due to more
parameters but also due to the visual modality. As additional
evidence, mWhisper-Flamingo small (651 M parameters) out-
performs audio-only fine-tuned Whisper medium (769 M pa-
rameters) on the higher-resource languages (37.4% vs. 38.1%).
This highlights that smaller audio-visual models can achieve
better performance than larger audio-only models.

Finally, we tested the models on 6 different noise types, 5
SNR levels {—10,-5,0,5,10}, and 4 languages (Es, Fr, It,
Pt). The noise setups follow Whisper-Flamingo [17] and AV-
HuBERT [13]. Fig. 2 shows the WER for Es, Fr, It, Pt averaged
over all SNR values for each noise type. There is a clear trend
of mWhisper-Flamingo outperforming the audio-only models,
especially for the more challenging noises (3 types of babble
and side speech). Overall, these results confirm the advantage
of mWhisper-Flamingo on diverse noise types.

D. Ablation Study and Analysis

In Table III, we present an ablation study and model analysis.
Due to computational constraints, we trained and evaluated the
small model on 5 of the 9 languages. We compare the average
non-En WER between models. We show the noisy results since
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the performance differences between models in the clean results
were minor. The baseline audio-only fine-tuned Whisper small
achieves 44.4%.

First, we show that the combination of decoder modality
dropout and a fine-tunable visual encoder leads to the best
performance (36.6%). The performance is significantly worse if
decoder modality dropout is disabled using either a fine-tunable
visual encoder (44.6%) or a frozen visual encoder encoder
(42.6%). It shows that our proposed decoder modality dropout
is crucial for obtaining the best multilingual performance. Note
that the latter setup represents the default training configuration
from Whisper-Flamingo [17]. Considering that the latter setup
improved the English noisy WER from 16.2% to 11.5%, it is
reasonable that modality dropout was not necessary in the orig-
inal, English-only Whisper-Flamingo. Finally, using decoder
modality dropout with a fine-tunable visual encoder is better
than using it with a frozen visual encoder (36.6% vs 40.6%).

mWhisper-Flamingo uses decoder modality dropout proba-
bilities of pay = 0.5, pa =0, py = 0.5, meaning that the
model trains with audio-visual inputs 50% of the time and
visual-only inputs 50% of the time. Without dropout, the modal
trains only on audio-visual inputs (pay = 1, p4 = 0, py = 0),
and the performance is much worse (44.6% vs 36.6%). Using
dropout with audio-only inputs 50% of the time instead of video-
only inputs (pay = 0.5, pa = 0.5, py = 0) does not improve
performance (44.6%). It shows that it is necessary for the model
to train with video-only inputs. Trying different probabilities be-
tween AV, A, and V suchas pay = 0.5, pa = 0.25, py = 0.25
and pay = 0.25, ps = 0.25, py = 0.5, the performance is
improved to 37.7%, however the best performance is achieved
without audio-only inputs (pay = 0.5, pa =0, py = 0.5).
Our explanation is that Whisper was fine-tuned in the first stage
of training, so the model can already handle audio-only inputs
well. Training on video-only inputs allows the model to better
integrate the visual modality. We also tried other proportions of
audio-visual and video-only training suchasp 4y = 0.75, py =
0, py =0.25 and pay = 0.25, p4 =0, py = 0.75 which
performed slightly worse.

Finally, we compare multilingual AV-HuBERT [19] with AV-
HuBERT pre-trained only on English videos [18]. The model
using the multilingual AV-HuBERT encoder achieves better
multilingual performance (36.6% vs 37.4%) but worse English
performance (8.0% vs 7.5%), which is reasonable.

IV. CONCLUSION

We introduce mWhisper-Flamingo, a novel multilingual
model for AVSR. mWhisper-Flamingo outperforms all audio-
visual methods trained on MuAViC, and even surpasses a model
trained with substantially more videos on most languages.
mWhisper-Flamingo outperforms audio-only Whisper in di-
verse noise settings. Our proposed decoder modality dropout
significantly improved the noisy multilingual WER.
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