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ABSTRACT

In audiovisual speech recognition (AV-ASR), for many lan-
guages only few audiovisual data is available. Building upon
an English model, in this work, we first apply and analyze
various adapters for cross-language transfer learning to build
a parameter-efficient and easy-to-extend AV-ASR in multi-
ple languages. Fine-tuning only the bottleneck adapter with
4% of encoder’s parameters and the decoder shows compa-
rable performance to full fine-tuning in French and Spanish
AV-ASR. Second, we investigate the effectiveness of various
encoder components in cross-language transfer learning. Our
proposed modular linguistic transfer learning approach excels
the full fine-tuning method for German, French, and Spanish
AV-ASR in almost all clean and noisy conditions (8/9). On
low-resourced German AV data (13h), our proposed linguistic
transfer learning achieves a 4.1% abs. WER reduction on aver-
age for clean and noisy speech, while fine-tuning only 50% of
the encoder’s parameters. Our code is at GitHub.1

Index Terms— audiovisual speech recognition, transfer
learning, adapter, multi-lingual speech recognition

1. INTRODUCTION

Audiovisual speech recognition (AV-ASR) has been proven to
be an effective approach in acoustically noisy and multi-talker
conditions [1, 2, 3]. Compared to conventional ASR based
on acoustics, AV-ASR leverages additional visual informa-
tion, such as the movements of the speaker’s lips and mouth
region, to recognize the spoken utterances. The robustness
of AV-ASR facilitates its deployment in cars or smart home
devices, enabling more natural and accurate human-machine
interactions.

Drawing upon the advancement of the all-attention-based
transformer architecture in neural machine translation [4] and
speech recognition [5, 6, 7], the transformer and its variant [8]
have also been applied to AV-ASR [2, 9, 10]. The rapid im-
provement of AV-ASR in recent years also benefits from the
availability of large public audiovisual corpora [9, 11, 12]

1https://github.com/ifnspaml/Cross_Language_
Transfer_Learning_AVASR.git

and modern pre-training approaches through self-supervised
learning (SSL) [13, 14, 15]. Shi et al. [15] proposed au-
diovisual hidden unit BERT (AV-HuBERT) as an encoder
to learn a general audiovisual representation, which is pre-
trained with SSL on unlabeled English datasets [11, 9, 12].
The AV-HuBERT encoder has shown its efficacy in various
English downstream tasks such as AV-ASR [1, 15], automatic
lip-reading [16, 17], speaker verification [18], and audiovisual
speech enhancement [19]. To explain audiovisual features
learned in AV-HuBERT, Pasad et al. [20] explore the corre-
lation between intermediate outputs and features on different
levels, such as acoustic and linguistic level. This respective
explainability of pre-trained models is expected to help with
adapting a pre-trained model in different downstream tasks.

The use of more English training data allowed further per-
formance improvements of AV-ASR [21, 22, 23]. However,
most languages are resource-constrained regarding public au-
diovisual data, which limits the deployment of AV-ASR in
further languages. Recently, a few public multi-lingual audio-
visual datasets [24, 25] as well as research on multi-lingual
visual speech recognition [26] and multi-lingual AV-ASR [24]
have emerged. Ma et al. [26] show that the model initial-
ized by an English lip-reading task improves the lip-reading
performance in low-resourced target languages compared to
training in a target language from scratch. In their solution,
an entire model needs to be stored for each language. Zadeh
et al. [25] fine-tune the AV-HuBERT encoder pre-trained on
English datasets by SSL on a multi-lingual audiovisual dataset.
A universal model is applied for different languages during
inference. However, this method has several drawbacks: First,
the multi-lingual model needs more training time compared to
monolingual AV-ASR. Second, the multi-lingual AV-ASR has
to be re-trained when extending to a new language.

In natural language processing (NLP) tasks, large universal
encoders pre-trained by SSL have shown state-of-the-art per-
formance after fine-tuning in various downstream tasks [13].
In this context, adapters are introduced first in text-based
NLP [27] as an alternative to fine-tuning. During training, only
the light-weight adapters inserted into the pre-trained model
and the prediction heads are fine-tuned in downstream tasks,
while the pre-trained parameters in the encoders are frozen.
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The memory requirements for training can thus be reduced.
During inference, only the light-weight adapters and predic-
tion heads for multiple tasks are stored in addition to a single
shared pre-trained model to save storage. Inspired by this work,
various adapter topologies have been proposed to improve the
performance or to further reduce the number of trainable pa-
rameters [28, 29, 30]. With the wider deployment of large pre-
trained speech models [14, 31, 32], adapters are also applied
for different speech downstream tasks [33, 34, 35, 36, 37].
However, adapters so far have not been investigated in AV-
ASR.

In this work, we show how to apply adapters for cross-
language transfer learning in AV-ASR, which requires only
a small amount of extra parameters instead of an entirely
new fine-tuned AV-HuBERT encoder. Specifically, we are the
first to insert light-weight adapters into the AV-HuBERT en-
coder, which is pre-trained on unlabeled English data. During
fine-tuning in target languages, we only activate adapters as
trainable parameters in the encoder for a parameter-efficient
and modular cross-language transfer learning. Second, we
investigate the utility of various adapters [27, 28, 30] for cross-
language transfer learning in AV-ASR. We demonstrate that
the adapters are able to be combined with the pre-trained
AV-HuBERT to build a parameter-efficient AV-ASR, which
can be easily extended to other languages in a modular fash-
ion. Third, by investigating the contribution of different com-
ponents in cross-language transfer learning, we introduce a
parameter-efficient acoustic transfer learning and linguistic
transfer learning.

The paper is structured as follows. In Section 2, we briefly
introduce the baselines and a reference method. We revise
various adapters in Section 3, while Section 4 presents our
proposed acoustic and linguistic transfer learning approaches.
The experimental setup is described in Section 5. Section 6
comprises experimental results and discussion on the multi-
lingual MuAViC audiovisual speech recognition task [25], The
paper is concluded in Section 7.

2. BASELINE AND REFERENCE METHODS

2.1. Baseline Methods

As shown in Fig. 1, the transformer encoder-decoder model
for AV-ASR comprises an encoder (green block) and a
transformer decoder. The encoder, which consists of an
audiovisual frontend followed by positional encoding and
N serial transformer encoder blocks, utilizes the image se-
quence vT

1 = (v1,v2, ...,vT ) and audio feature sequence
a4T1 = (a1,a2, ...,a4T ) as input. Note that in our case the
frame rate is 25 Hz (video) and 100 Hz (audio), causing
the fourfold length 4T of the audio feature sequence. The
autoregressive decoder leverages the encoded audiovisual
representation and previous output token c`−1 to predict the
output token probability vector P` of the current decoding
step. The baseline model uses the original AV-HuBERT
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Fig. 1. Transformer encoder-decoder model with optional
adapters used for audiovisual speech recognition in inference.
The bottleneck adapter [27] and AdapterBias [29] are inserted
into each transformer encoder block, which are presented in
Fig. 2 (a) and Fig. 2 (b), respectively. Prefix-tuning [28] modi-
fies the multi-head attention as detailed in Fig. 3. The skipping
bottleneck adapter (again: Fig. 2 (a)) is a component of the
Mix-and-Match adapter [30] only. During training, the en-
coder is frozen except the light-weight adapters.

encoder without adapters [15]. We apply the following two
training methods as our baseline approaches:
Full fine-tuning: As the first baseline approach, the entire
pre-trained encoder and the transformer decoder are trained
on downstream tasks. The full fine-tuning is commonly
regarded as the default method for transfer learning tasks.
The AV-HuBERT encoder pre-trained on unlabeled English
audiovisual data performs the AV-ASR task adaptation and the
cross-language adaptation simultaneously when fine-tuning
on audiovisual data in other languages.
Fixed encoder: The second baseline approach freezes the
entire pre-trained encoder and trains only the transformer
decoder. If not adapting the encoder to downstream tasks, a
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Fig. 2. Adapters used in inference in Fig. 1: (a) Bottleneck
adapter [27] (b) Fully connected layer with AdapterBias b.

performance loss can be expected.

2.2. Reference Method: Fine-Tuning Top Blocks
Training a model from scratch is time-consuming. In addi-
tion, an entire encoder needs to be stored for each downstream
task. As the model learns structural features, and the features
learned by lower blocks are similar across tasks, fine-tuning
task-specific top (i.e., later) blocks is therefore a common
approach as an alternative to full fine-tuning. For speech
representation learning, the explainability of intermediate fea-
tures has shown that the initial acoustic frontend and trans-
former encoder blocks learn acoustic features and the top
transformer encoder blocks close to the decoder learn linguis-
tic features [38, 20]. Fine-tuning top blocks can thus adapt
linguistic patterns from the source language to the target lan-
guage for cross-language transfer learning. In this work, we
apply fine-tuning top transformer encoder blocks as reference
method in parameter-efficient transfer learning for AV-ASR.

3. PARAMETER-EFFICIENT
LANGUAGE-INDIVIDUAL ADAPTERS FOR AV-ASR

In this work, we propose to apply adapters for cross-language
transfer learning to build a modular AV-ASR in multiple lan-
guages. The AV-HuBERT encoder pre-trained with SSL in En-
glish language is shared by various languages. In the encoder,
only the light-weight adapters are updated during training and
saved as language-specific parameters for each language. In
this section, we show how to apply adapters in AV-ASR and
revisit their topologies.
Bottleneck adapter: As shown in Fig. 2 (a), the bottleneck
adapter [27] first converts the features from the original feature
dimension F to the bottleneck dimension f <F , followed by
a GeLU activation function, then projects the features back to
dimension F . The bottleneck adapters, which are designed
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light-weight by setting a small bottleneck feature dimension f ,
are inserted into transformer blocks depicted as red blocks in
Fig. 1.
Prefix tuning: Instead of inserting bottleneck adapters into
transformer blocks, prefix tuning [28] modifies the multi-head
(self-)attention (MHA) in each transformer encoder block as
shown in Fig. 3. The query Q, key K, and value V inputs,
which have a length T and a feature vector size F , are first
processed by fully connected layers with parameter matrices
W

(Q)
i ,W

(K)
i , W(V)

i ∈ RF× F
Nh , respectively. The trainable

prefix matrix P
(K)
i ,P

(V)
i ∈ RTp× F

Nh with Tp rows are then
concatenated with the projected key and value

Ki = Concat(P
(K)
i ,KW

(K)
i )∈R(Tp+T )× F

Nh
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(V)
i ,VW
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i )∈R(Tp+T )× F
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with the index i ∈ Nh = {1, . . . , Nh} of the in total Nh

attention heads. The MHA employs Nh attention heads
Zi(Q,K,V) =

softmax

(
QW

(Q)
i (Ki)
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√
d

)
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attention weights
=Gi(Q,K,P

(K)
i )
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The outputs Zi of all Nh attention heads are concatenated
and after a fully connected layer yield the output Z ∈ RT×F ,



which has the same dimension as the input query, key, and
value. The attention weights Gi∈ [0, 1]T×(Tp+T ) depend on
the trainable prefix P

(K)
i , while the value Vi ∈ R(Tp+T )× F

Nh

contains the trainable prefix P
(V)
i , both helping to adapt the

pre-trained MHA to downstream tasks.
Mix-and-Match: To leverage the benefits of the bottleneck
adapters and prefix tuning, He et al. [30] proposed Mix-and-
Match by leveraging prefixes to adapt the attention weights
Gi and by replacing the skip connection around the second
part of each transformer encoder block by a bottleneck adapter
as shown in Fig. 1, for details see Fig. 2 (a).
AdapterBias: As a highly parameter-efficient adapter,
AdapterBias [29] is inserted to each transformer encoder
block (cf. Fig. 1). As shown in Fig. 2 (b), the features are
first compressed from the feature dimension F to 1. The
compressed features are multiplied with the trainable bias
vector b ∈ R1×F to be converted back to the original feature
dimension F . The residual connection bypasses the Adapter-
Bias.

4. EFFECTIVE AND PARAMETER-EFFICIENT
TRAINING METHODS

In this work, we investigate parameter-efficient cross-language
transfer learning methods for AV-ASR. In addition, we also
explore the contribution of different components of the
AV-HuBERT encoder during transfer learning. Recent ad-
vancements in the explainability of speech representations
learned by SSL [20, 38, 39] show that large pre-trained models
such as Wav2vec 2.0 [31] and AV-HuBERT learn struc-
tural acoustic features in the AV frontend and early transformer
encoder blocks and linguistic features in later blocks. Inspired
by this finding, we design two types of transfer learning
approaches for cross-language transfer learning in AV-ASR,
i.e., an acoustic feature transfer learning method and a linguis-
tic feature transfer learning method, exploring efficient and
effective training approaches to reduce the number of trainable
parameters and to improve performance simultaneously.

4.1. Acoustic Feature Transfer Learning
Pasad et al. [20] show that the features learned by the audiovi-
sual frontend in AV-HuBERT have a large correlation to the
acoustic features. Recent works [34, 40] adapt the acoustic
feature or reprogram the audio input to improve the perfor-
mance in downstream speech tasks. Motivated by their work,
we only introduce and fine-tune light-weight adapters in trans-
former encoder blocks and fine-tune the audiovisual frontend
simultaneously to build an acoustic transfer learning method.

4.2. Linguistic Feature Transfer Learning
Later transformer encoder blocks in AV-HuBERT are able to
capture linguistic patterns [20]. Different languages can be
acoustically similar but usually linguistically they differ a lot.

In automatic speech recognition, linguistic features learned
by later blocks are also proven to have more influence on the
performance [39, 38]. Fine-tuning top (i.e., later) blocks of
pre-trained models is thus common practice, but the resulting
performance is usually worse or similar to the full fine-tuning.
On the other hand, adapters show promising results by adapt-
ing features in different blocks with a small amount of trainable
parameters. However, the resulting performance is insensitive
to an increase of the number of adapter parameters beyond a
certain point. As an effective and efficient linguistic transfer
learning method, we propose to combine the adapters and the
method of fine-tuning top blocks to not only reduce the amount
of trainable parameters but also to improve performance.

5. EXPERIMENTAL SETUP

Databases and pre-processing: We fine-tune and evaluate
models on the German (13 hours), French (179 hours), and
Spanish (181 hours) subsets of the MuAViC dataset [25].
The MuAViC dataset [25] comprises audiovisual data in 8
languages collected from TED and TEDx talks on YouTube.
Each language has train, dev, and test set. Note that
the MuAViC dataset [25] only provides links of the YouTube
videos to download, and some original links of the train

sets were unavailable when we accessed the data (April 21st,
2023); we thus have less training data in this work. The video
frame rate and the speech signal sample rate are 25 Hz and
16 kHz, respectively. In accordance with the pre-processing
pipeline of the MuAViC dataset [25], we use 26-dimensional
log-filterbank outputs as input audio features, which are ex-
tracted with a 25 ms window and a frame shift of 10 ms,
resulting in 100 audio frames per second. Regarding video
frames, we convert them to grayscale and crop them to a
region of interest measuring 96 × 96 based on face alignment.
Fine-tuning for AV-ASR: The transformer encoder-decoder
model is utilized in this work. The encoder is initialized by
the pre-trained large AV-HuBERT [1] comprising 325M
parameters in total. For a fair comparison, we apply the
same decoder architecture as the baseline method [25] for all
experiments. The decoder network consists of six transformer
decoder blocks with 152M parameters. The outputs of the
encoder-decoder architecture are subword tokens generated
by SentencePiece [41] with a vocabulary size of 1000.
The fine-tuning process is done using the PyTorch-based
fairseq toolkit. We fine-tune the trainable parameters of
the encoder-decoder model for 30k updates. The fine-tuning
process uses batches of up to 1000 tokens. The learning rate
is linearly increased to 0.001 for the first 10k updates, then
linearly decreased to 0. We apply the same data augmentation
as in the baseline method [25], where 25% of the training
data is augmented with an SNR of 0dB noise chosen from
the babble, music, natural noise, and second interfering talker
conditions. There is no speaker overlap in babble noise and
second interfering talker condition among different splits.
Evaluation in noisy environments: To add noise to our



Approach
# of

trainable params
in the encoder

WER (%)

dev test

Baseline: [25] 325M — 23.7
Baseline: [25], retrained 325M 23.8 25.5
Baseline: Fixed encoder 0 31.0 34.3

Reference method: Fine-tuning ...
... top-1 block 13M 29.3 30.9
... top-4 blocks 50M 25.4 28.6
... top-8 blocks 101M 24.1 26.0
... top-12 blocks 151M 23.4 25.8
... AV frontend 14M 29.7 32.2

Recent adapters
AdapterBias [29] 0.18M 27.6 30.0
Bottleneck adapter [27] (f = 32) 3M 25.9 27.2
Bottleneck adapter [27] (f = 64) 6M 24.9 27.2
Bottleneck adapter [27] (f = 128) 13M 24.7 26.9
Prefix tuning [28] (Tp = 10) 5M 27.4 30.5
Prefix tuning [28] (Tp = 30) 5M 27.4 30.0
Prefix tuning [28] (Tp = 100) 7M 27.6 29.6
Mix-and-Match [30] (f = 32) 7M 25.9 28.3
Mix-and-Match [30] (f = 64) 9M 25.6 27.7
Mix-and-Match [30] (f = 128) 12M 25.5 27.7

Table 1. Ablation study: WER (%) of AV-ASR on the French
(FR) dev and test split in the MuAViC dataset. The center
table segment reports on the reference method of fine-tuning
different blocks of the encoder. The results of parameter-
efficient training methods with various adapters are shown
in the bottom segment. Best results of dev and test splits
are in bold font, separately for the center and bottom table
segment. .

speech data, we follow the exact same procedure as detailed
in [25, 1]. We generate babble noise by mixing utterances
from 30 different speakers from the MUSAN dataset [42]
where each speaker is used exclusively for either the train,
dev, or the test split.

6. RESULTS AND DISCUSSION

To investigate the effectiveness of different parameter-efficient
transfer learning methods and to find their suitable hyperpa-
rameters, we perform an ablation study as shown in Table 1.
The AV-HuBERT pre-trained on English audiovisual data is
adapted to French AV-ASR. The results are evaluated with
clean speech on the French (FR) dev and test set of the
MuAViC dataset [25].

The top table segment reports the results of baselines,
where the baseline result reported by Anwar et al. [25] in
the first row is in gray color, because the MuAViC dataset [25]
we use is not directly comparable to the ”original” one, see
Section 5. Our retrained baseline in the second row fine-tunes
the entire encoder with 325M parameters and the decoder, re-
sulting in a 23.8% WER on the dev split and 25.5% on the
test split. If the encoder is fixed (fixed encoder baseline),
the performance significantly degrades compared to full fine-
tuning, with a WER of 31.0% on the dev split and 34.4% on

the test split, respectively.
The center table segment shows the results from fine-

tuning different blocks of the encoder. We observe a per-
formance improvement by fine-tuning more top transformer
encoder blocks. By fine-tuning top-12 encoder blocks, the
model already outperforms the retrained baseline on the dev
split and is only slightly worse on the test split. In addition,
fine-tuning the AV frontend is not as effective as fine-tuning
the top-1 block even with 1M more trainable parameters. This
demonstrates that adapting linguistic features learned by top
blocks is more advantageous than adapting acoustic features
extracted by the AV frontend.

The lower table segment shows various recent parameter-
efficient adapters and an ablation study of their hyperparam-
eters. All experiments with adapters outperform the fixed
encoder baseline clearly on both dev and test splits, validat-
ing the effectiveness of fine-tuning light-weight adapters for
cross-language transfer learning. The bottleneck adapter with
the bottleneck dimension f = 128 shows best performance in
the lower table segment, with comparable performance to full
fine-tuning (retrained baseline), while fine-tuning only 4% of
the encoder’s parameters. The bottleneck adapter also excels
fine-tuning the top-1 block with an absolute WER reduction
of 4.6% on the dev split and 4.0% on the test split while
fine-tuning a similar amount of parameters (13M). For the
investigated adapters, the performance is insensitive to an in-
crease in the number of adapter parameters beyond a certain
point, which is also observed in text-based natural language
processing tasks [27, 28, 30]. Based on the performance on the
dev set, the bottleneck dimension f = 128 and prefix tuning
with length Tp = 30 are applied in further experiments.

In Table 2, we apply and extend our proposed methods to
other languages such as Spanish (ES) and German (DE). In
addition, we also report the performance on clean speech, and
at a signal-to-noise ratio (SNR) of 0dB and 10dB babble noise
to evaluate the robustness of the AV-ASR model. Note that
a lower SNR means a more noisy condition. The number of
trainable parameters and all parameters in the encoder are pre-
sented for each method as well. In this table, the top segment
shows the results of the baselines. The baseline [25] in the first
row (i.e., cited numbers) is out of competition due to a number
of broken YouTube links for training data, irreproducible noise
access in training and inference, and irreproducible text nor-
malization before computing the WER. The retrained baseline
of full fine-tuning (2nd row) and the fixed encoder baseline
(3rd row) are reported in the top table segment. Comparing
the three languages, more training data leads to better perfor-
mance. On the extremely low-resourced German (DE) split
with only 13h audiovisual data, the retrained baseline only
reaches a WER of 62.7% WER for clean speech on the test
split. Expectedly, the performance degrades with the increase
of the noise level (i.e., decrease of SNR) for all languages.

The bottom table segment first exhibits the results of the
parameter-efficient methods such as fine-tuning top blocks and



Method
#params in the encoder Word error rate (%)

trainable all
DE (13h) ES (181h) FR (179h)

0dB 10dB clean 0dB 10dB clean 0dB 10dB clean

Baseline: [25] 325M 325M – – 52.4 45.1 20.7 15.9 48.1 28.3 23.7
Baseline: [25], retrained 325M 325M 77.0 66.2 62.7 44.9 27.0 23.5 41.1 28.0 25.5
Baseline: Fixed encoder 0 325M 89.9 85.0 82.1 65.0 36.7 30.0 56.7 40.6 34.3

Parameter-efficient transfer learning methods:
Fine-tuning top-1 block 13M 325M 87.3 82.4 79.9 62.0 34.9 28.9 52.4 35.9 30.9
Fine-tuning top-12 blocks 151M 325M 72.9 62.9 59.5 49.2 27.2 23.6 42.3 28.4 25.8
AdapterBias [29] 0.18M 325M 84.8 79.8 77.0 56.0 32.9 28.4 48.3 33.3 30.0
Bottleneck adapter [27] (f=128) 13M 338M 80.1 73.6 71.7 48.2 28.2 24.5 43.7 29.6 26.9
Prefix tuning [28] (Tp=30) 5M 330M 84.8 80.1 78.0 57.8 33.5 28.4 49.0 33.7 30.0
Mix-and-Match [30] (Tp=30, f=128) 12M 337M 80.3 73.8 71.6 51.4 30.0 26.1 45.1 30.7 27.7

Acoustic transfer learning:
AV frontend + bottleneck adapter (f=128) 27M 338M 81.7 74.1 71.8 48.6 29.2 24.9 42.6 29.4 26.6

Linguistic transfer learning:
Top-12 + bottleneck adapter (f=128) 164M 338M 72.5 62.1 59.0 45.1 26.2 22.8 40.5 27.2 24.7

Table 2. WER (%) on the German (DE), Spanish (ES), and French (FR) test split of the MuAViC dataset. Models are
evaluated with clean speech, and at an SNR of 0dB and 10dB babble noise. Best results in the table are in bold font. The
baseline [25] (i.e., cited numbers) is out of competition due to a number of broken YouTube links for training data, irreproducible
noise access in training and inference, and irreproducible text normalization before computing the WER.

various adapters. Fine-tuning the top-1 block with 13M param-
eters and fine-tuning the top-12 blocks with 151M parameters
are chosen as the reference methods. We apply the optimal
hyperparameters of adapters found in the ablation study on
French (FR) in Table 1 to German (DE) and Spanish (ES). All
parameter-efficient methods perform better than the fixed en-
coder baseline with clean and noisy speech. The Spanish split
(181h) and French split (179h) have similar data sizes, there-
fore the performance of parameter-efficient methods follows
the same trend: Fine-tuning the top-12 blocks outperforms all
adapters at a cost of fine-tuning 151M parameters, but it is
still slightly worse than the full fine-tuning. The bottleneck
adapter shows the best performance among the four investi-
gated adapters, demonstrating a comparative performance to
full fine-tuning while training only 4% of the encoder’s pa-
rameters. However, on the low-resourced German split (13h),
the bottleneck adapter is much worse than full fine-tuning
(71.7% WER vs. 62.7% for clean speech). Interestingly, for
low-resourced German, fine-tuning the top-12 blocks performs
better than the retrained baseline with a 3.5% absolute WER
reduction on average over clean and noisy speech.

Finally, the results of our proposed acoustic and linguistic
transfer learning methods are presented in the bottom segment
as well. The acoustic transfer learning, which fine-tunes the
AV frontend and bottleneck adapters, doesn’t show benefit
compared to only the bottleneck adapter in 6 out of 9 test con-
ditions. The linguistic transfer learning, which fine-tunes the
top-12 blocks and bottleneck adapters, achieves the best per-
formance in this table in almost all clean and noisy conditions
(8/9) and even excels the retrained baseline by fine-tuning
only 50% of the encoder’s parameters. Especially on the low-

resourced German split (13h), our proposed linguistic transfer
learning excels full fine-tuning with a 4.1% absolute WER
reduction on average over clean and noisy speech.

7. CONCLUSIONS
In this work, we first demonstrate how to apply various
parameter-efficient adapters for cross-language transfer learn-
ing to achieve a modular and parameter-efficient audiovisual
speech recognition (AV-ASR), which is easy to extend to
further languages. Compared to the full fine-tuning, we show
the effectiveness of the bottleneck adapter in French (FR)
and Spanish (ES) with comparable performance, while only
fine-tuning 4% of the encoder’s parameters and the decoder.
Second, we combine the bottleneck adapters and fine-tuning
top encoder blocks to adapt the linguistic knowledge from a
source language to a target language. Our proposed linguistic
transfer learning outperforms the full fine-tuning for French,
Spanish, and German AV-ASR in almost all clean and noisy
conditions (8/9). Surprisingly, on the extremely low-resourced
German data (13h), our proposed linguistic transfer learning
excels the full fine-tuning with a 4.1% absolute WER reduc-
tion on average over clean speech, an SNR of 10dB and 0dB
babble noise, while fine-tuning only 50% of the encoder’s
parameters.
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