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ABSTRACT

In the last several years, end-to-end (E2E) ASR models have
mostly surpassed the performance of hybrid ASR models. E2E
is particularly well suited to multilingual approaches because
it doesn’t require language-specific phone alignments for train-
ing. Recent work has improved multilingual E2E modeling
over naive data pooling on up to several dozen languages by
using both language-specific and language-universal model pa-
rameters, as well as providing information about the language
being presented to the network. Complementary to previous
work we analyze language-specific parameters in the attention
mechanism of Conformer-based encoder models. We show
that using language-specific parameters in the attention mech-
anism can improve performance across six languages by up
to 12% compared to standard multilingual baselines and up
to 36% compared to monolingual baselines, without requiring
any additional parameters during monolingual inference nor
fine-tuning.

Index Terms— Multilingual, CTC, self-attention

1. INTRODUCTION

The last several years have seen a seismic shift in automatic
speech recognition (ASR) as the field has moved from multi-
component hybrid models that utilize a phoneme-based acous-
tic model with a language model, lexicon and HMM decoder to
all-neural (end-to-end) models that can map speech (or speech
features) directly to text. Besides being less complicated (due
to fewer independently trained components), end-to-end mod-
els have surpassed hybrid models in terms of overall perfor-
mance in many areas [1][2].

One of the applications that has greatly benefited from the
shift from a hybrid to an end-to-end approach is multilingual
modeling. Previously, multilingual hybrid models required
linguistic expertise to map each language’s unique sets of
phonemes to a canonical superset to allow for pooled train-
ing [3][4], or complicated architectures that utilized different
output layers for each language, for example [5]. Due to the
text-based targets typically being used for training modern
end-to-end ASR systems, multilingual models can be built
by simply pooling all data and ensuring that each language’s
alphabet is represented in the inventory of text-based tokens

[6]. This greatly simplifies multilingual training, and as such,
this area of research has made impressive strides as its focus
has shifted from hybrid to end-to-end models.

In end-to-end multilingual training, there is typically an
imbalance of data across languages [7], and the amount of
training data is usually inversely related to the improvement
seen over monolingual models trained on the same amount
of data (i.e. languages with less training data see the most
improvements) [8]. Thus much of the focus of multilingual
research has been leveraging high-resource languages to im-
prove performance on low-resource languages. However, high-
resource languages can see degradation over their monolingual
baselines [9][10], although increasing model size can over-
come this degradation [10]. But, such models can be unwieldy
to train and almost impossible to use for inference due to their
size, particularly in a production environment. Alternatively,
pooled-data models can be fine-tuned on individual languages
to improve performance, but this requires nlang + 1 rounds of
training and produces as many models as there are languages
[11].

A potential bridge between these two scenarios that mit-
igates each of their downsides is to incorporate language-
specific parameters into a model during pooled-data training.
This could remove the need for additional fine-tuning but also
limit model size during inference by simply selecting those
language-specific parameters trained using the target language
(at the cost of increased model size during training, which may
or may not be acceptable, depending on the use case). The
self-attention mechanism, which has become state-of-the-art
in many ASR models, is a prime candidate for exploring the
effect of language-specific parameters due to its powerful se-
quence learning ability and the discrete yet specific functions
of its component operations. Indeed, incorporating domain-
specific and/or language-specific self-attention parameters
has already been explored somewhat in the context of NMT
[12][13][14][15] and ASR [16][17][15]. These works have
mostly focused on domain/language-specific parameters in the
entire self-attention mechanism, by using language/domain-
specific attention heads or by entire language-specific encoder
layers with self-attention. However, given the very different
functions of the linear operations in attention, using language-
specific parameters in the entire attention module or encoder
layer may be parameter-inefficient and lead to unnecessarily
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large models during training.
In this paper, we take a systematic approach to explore

the self-attention module in the context of a CTC-based, mul-
tilingual ASR model. We show that incorporating language-
specific parameters into the several constituent linear transfor-
mations in self-attention can result in individual improvements
of up to 12% on six languages compared to standard multilin-
gual baselines. Importantly, there are also consistent improve-
ments in all languages, with a mean improvement of 7% across
languages containing differences in training data amounts of
an order of magnitude. We also explore the dependency of
this effect on the encoder layers in which the language-specific
parameters are used. This work demonstrates the potential
of an approach to multilingual modeling in which language-
universal and language-specific parameters are trained jointly
to improve performance, especially on low-resource languages,
without requiring additional fine-tuning or increased model
size during inference.

2. BACKGROUND

2.1. Self-attention

In the last few years, self-attention has largely replaced recur-
rent modules as the backbone of ASR models. Let X ∈ RT,Din

be a sequence of T , Din-dimensional feature or activation vec-
tors. Then, MHA is defined as:

MHA = concat
0<i<Nh

[
att(i)

]
WO (1)

att(i) = softmax

(
Q(i)K(i)T

√
dk

)
V(i) (2)

Q(i) = XW(i)
Q ,K(i) = XW(i)

K ,V(i) = XW(i)
V (3)

W(i)
Q ∈ RDin×dk , W(i)

K ∈ RDin×dk , W(i)
V ∈ RDin×Dout ,

WO ∈ RdkNh×Dout , dk is the query/key dimension 0 < (i) <
Nh is the number of the Nh discrete attention heads. The
output of the MHA module is a RT×Dout tensor of activations,
which is usually passed to a subsequent convolutional and/or
feed-forward module.

2.2. Multilingual modeling

The most basic approach to multilingual modeling is simply
pooling data and training a model to recognize across all of the
languages. Compared to monolingual models, this approach
typically improves performance on low-resource languages
and degrades performance on high-resource languages (or
languages that significantly differ from others). This pooled
model is often used as a seed model for language-specific trans-
fer learning (fine-tuning), which can result in improved per-
formance over monolingual models for even higher-resource
languages, but requires as many additional iterations of model

training as there are target languages. Two of the most common
approaches to improving over naive data pooling are append-
ing a onehot-encoded language-ID vector to input features
[9][6] and including an auxiliary LID task at the final output
layer of the encoder [11]. Both of these methods have been
shown to yield some improvements, albeit typically modest
and often inconsistent across languages.

2.3. Language-specific parameters in multilingual models

A number of studies have explored using language-specific
parameters to improve the performance of multilingual end-
to-end models. One of the most commonly explored ap-
proaches is to use lightweight ”adapters”, that consist of a
down-projection, relu and up-projection for each language
being used in training. Adapters have been shown to yield
modest improvements, at the expense of a small number of
additional model parameters [7][10]. More recent studies
have explored combining outputs from language-specific lin-
ear layers with those from multilingual attentions layers [18]
and a mixture-of-experts based approach to combine outputs
from multilingual and monolingual recurrent layers [19]. In
[17], outputs from language-specific and language-universal
attention heads were concatenated and resulted in improved
performance. However, the authors didn’t examine language-
specific matrices within the attention heads. Weight factoriza-
tion approaches have also been used in multilingual modeling
to decompose linear projections into language-universal and
language-specific parameters [16][20]. This factorization ap-
proach is applied indiscriminately to all of the linear matrix-
vector projections in the neural network, and while this results
in improved performance, it does not specifically target the
attention mechanism nor give a systematic understanding of
where language-specific parameters are useful to the network.

3. APPROACH

We first systematically explore what components of the self-
attention mechanism benefit from language-specific param-
eters, and what layers in the encoder benefit from language-
specific attention parameters. These parameters include the
head-specific Q, K, V matrices, and the final O matrix used
after head concatenation (see equations 1-3). For each matrix,
we use the one-hot language-id vector for each training exam-
ple to select the language-specific matrices, and only those are
updated during gradient descent. We compare these results
to standard multilingual baselines including onehot language
encoding, multitask LID and adapters. We also briefly ex-
plore using language-family-specific weight matrices, instead
of language-specific weight matrices in an effort to minimize
the number of additional model parameters during training.

During monolingual inference, the language’s language-
specific parameters for the attention matrices are selected using
the language’s one-hot encoding (which is also appended to the



Table 1. Data partitions (in hours)

Language Train Dev Test

French 2000 20 62
English 1000 20 139
Spanish 1000 20 49
Italian 500 20 53
Arabic 500 20 50
Portuguese 100 20 51

Total 5100 120 404

model’s input features). These parameters are combined with
the remainder of the model’s language-universal parameters
to yield a language-specific model of the same size as a fully-
multilingual (i.e. no language-specific matrices) model would
be, without any fine-tuning. Thus, a-priori knowledge of the
target language is necessary during inference. Future work
may explore alternatives to this, such as predicting the input
language using the multitask language-ID prediction module.

We also briefly explore a mixture-of-experts type approach,
in which the V and O matrices each have an additional set of
language-universal parameters (weights which are updated by
gradients using training examples from all languages) whose
activations are linearly combined with the output from the
language-specific V or O parameters using a learned interpola-
tion coefficient. This can be described by modifying equations
1-3 above:

MHA = concat
0<i<Nh

[
att(i)

] [
αlaWla

O + (1− αla)Wuni
O

]
(4)

att(i) = softmax

(
Q(i)K(i)T

√
dk

)
[
αlaV(i)la + (1− αla)V(i)uni

]
(5)

V(i)la = XW(i)la
V ,V(i)uni = XW(i)uni

V (6)

where 0 <= αla <= 1 is a learned, language-specific interpo-
lation coefficient, Wla

O and W(i)la
V represent language-specific

weight matrices and Wuni
O and W(i)uni

V represent language-
universal weight matrices.

4. METHODOLOGY

4.1. Data

Data from six languages were used in all experiments (Table 1).
Four of the languages are from the Romance language family
(Spanish, Italian, French and Portuguese). The data for each
language are a mix of conversational telephony, call-center,
media, news and read speech, as well as a mix of between
one and several different dialects/accents for each language.

Training data amounts were varied to simulate typical data im-
balance, with Portuguese limited to 100 total hours of training
data to represent a ”low-resource” language. All together the
amount of training data is 5100 hours (about 4.6M utterances),
with 120 hours (111K utterances) of dev data equally parti-
tioned across languages, and test partitions ranging from about
50 hours up to 140 hours. All of the languages share a written
script, except for Arabic. Unigram word-piece modeling was
used to generate a word-piece inventory of 2048 tokens from
the pooled set of training utterances using the sentencepiece
package (this inventory size was chosen to correspond with
the size of the monolingual subword inventories in order to
maintain a comparable number of model parameters in the
mono/multilingual models). The only constraint set on this
training was 100% character coverage.

4.2. Modeling

Input features to the ASR model are 80-dimensional log-mel
filterbank energies extracted using a 25 ms window and 10 ms
stride. The model itself is a 12-layer conformer-CTC encoder
where each layer has an input/output size of 384, 8 separate
attention heads and a 1024-dim, macaron-style feed-forward
subnetwork [21]. Additionally, a convolutional frontend is
used to achieve frame-level downsampling with a factor of
four and relative positional encoding is used at each layer.
To combat overfitting, several approaches are used: spectral
augmentation, dropout throughout the network with a value
of 0.1, weight decay with a value of 1e-6, intermediate CTC
regularization after layer 6 (iCTC and finalCTC are averaged
for the combined CTC loss). In addition to CTC loss, a single-
layer transformer attention-decoder with 1024 units receives
the output from the final encoder layer [22]. The CTC loss and
att-decoder loss are averaged to get the final model training
loss. The att-decoder is not used during inference. In total, the
number of model parameters is approximately 42M. Models
are optimized using ADAM with a gradient clipping value of
5.0 and bfloat16 mixed-precision, and trained using a warmup
LR scheduler with a peak LR of 0.0033 after 25k warmup
steps for a total of 60 epochs. All models are trained using
ESPNet and pytorch on 1x8 Tesla A100 GPUs. Training takes
approximately two days.

Several already-proven techniques for improving multilin-
gual performance are implemented and compared to our novel
approaches. Language information is fed into the network as a
six-dimensional, one-hot encoded language vector appended
to the filterbank features. Additionally, a multitask language-id
prediction loss is combined with the CTC loss and att-decoder
loss with a coefficient of 0.01. This segment-level LID loss is
obtained by averaging the activations at the final encoder layer
and passing them through a single, linear softmax layer. For
comparison, we also examine language adapters: after each en-
coder layer, the activations for training examples which come
from a given language are used to update the weights in each



Table 2. Effect of language-specific parameters in self-attention on WER (best result for each language and avg in bold)

Experiment Train
params

Infer
params Fr It Sp En Ar Po Avg Avg rel

to **

Monolingual 41.78M 41.78M 22.30 21.30 21.20 21.93 48.97 46.51 30.37
Pooled 41.78M 41.78M 24.23 22.39 24.20 27.06 55.15 34.30 31.22
Onehot 41.93M 41.93M 24.12 21.96 23.72 27.47 55.75 34.75 31.30
LID 41.78M 41.78M 24.34 22.27 24.45 27.29 55.42 34.11 31.31
**Onehot+LID 41.93M 41.93M 24.00 21.59 23.53 27.08 55.00 33.85 30.84
Adapter(128)+onehot+LID 42.52M 42.03M 23.71 21.15 23.40 25.66 52.90 31.43 29.71 3.67%
Adapter(64)+onehot+LID 42.23M 41.98M 23.59 21.22 23.30 25.56 52.82 31.87 29.73 3.62%
Adapter(32)+onehot+LID 42.08M 41.96M 23.65 21.17 23.37 25.77 53.16 32.26 29.90 3.06%

Q+onehot+LID 50.80M 41.93M 23.86 21.44 23.43 26.24 53.84 32.70 30.25 1.91%
K+onehot+LID 50.80M 41.93M 23.76 21.24 23.32 25.86 53.91 32.80 30.15 2.25%
QK+onehot+LID 59.67M 41.93M 23.68 21.24 23.36 26.06 53.67 32.82 30.14 2.28%
V+onehot+LID 50.80M 41.93M 23.44 20.38 22.96 25.07 52.03 30.17 29.01 5.94%
O+onehot+LID 50.80M 41.93v 23.39 20.29 22.72 24.81 51.18 29.80 28.70 6.95%
VO+onehot+LID 59.67M 41.93M 23.50 20.32 22.88 25.11 51.46 30.64 28.99 6.02%
QKVO+onehot+LID 77.41M 41.93M 23.41 20.55 22.80 25.21 51.77 31.51 29.21 5.30%

language-specific adapter module:

out = WU
l (RELU(WD

l (LayerNorml(x)))) + x (7)

where l denotes the language’s index, and WU and WD are
linear projections. In these experiments, the projected dimen-
sion size is varied from 32 to 128. With 6 adapter modules (one
for each language) after each encoder layer, the total number
of model parameters increases slightly to 42.5M. To compare
to a multilingual approach without fine-tuning, the adapters
are trained together with the rest of the model (as opposed to
fine-tuning after training the seed model).

5. RESULTS AND DISCUSSION

5.1. Baselines

For comparison, we first trained several baseline models.
These include monolingual models and multilingual models
with several well-known techniques for improving multilin-
gual performance (Table 2, rows 1-8). As has been previously
shown, higher-resource languages (e.g. French, Spanish and
English) and linguistically-dissimilar languages (e.g. Arabic),
suffer degradation in multilingual models, when compared to
monolingual baselines. Including a onehot language-ID vector
or multitask LID prediction doesn’t improve performance
over naive data pooling, but the combination of the two does
improve performance (all percent improvements in Table 2
are relative to this multilingual baseline), though not back to
level of performance of the monolingual baseline. Adding

language-specific adapters between encoder layers improves
performance beyond the monolingual baselines.

5.2. Language-specific self-attention parameters

We systematically investigated including language-specific pa-
rameters for the four self-attention matrices, namely Q, K, V
and O (see equations 1-3), and several combinations of these
matrices. All experiments show improvements over the multi-
lingual onehot+LID baseline (Table 2, rows 9-15). However,
language-specific O and V matrices show the largest WER
improvements, with language-specific O matrices improving
over the onehot+LID baseline by an average of almost 7%
across the six languages. The largest improvements are in
the low-resource Portuguese language, which shows an im-
provement of 12% over the multilingual baseline and 36%
improvement over its monolingual baseline. Importantly how-
ever, all languages, even those with more training resources,
show some improvement over the multilingual baseline, with
French being the smallest improvement at 2.5% and a me-
dian improvement across all six languages of 6.5%. Addition-
ally, language-specific V and O matrices outperform language-
specific adapters (Table 2, rows 6-8) by 2.4% and 3.4%, on
average. Although language-specific O and V matrices yielded
consistent improvements over the baseline multilingual model,
these models still only outperform monolingual baselines for
Italian and Portuguese. This is a well-known phenomenon;
higher-resource languages typically suffer degradation when
pooled with data from lower-resource languages for training a



Fig. 1. Effect of language-specific parameters by encoder layers

Fig. 2. Interpolation weight between language-specific and
multilingual O parameters by encoder layer (higher interpola-
tion weight means favoring language-specific parameters.

multilingual model, even when using approaches like adding a
onehot-encoded language-ID vector to features, as done here.

These results intuitively make sense; because Q/K matrices
are only used to generate attention scores, language-specific
parameters may not be useful in these operations (at least until
deeper layers where the model is likely learning higher levels
of abstraction, e.g. grammar - see section below). The V and
O matrices, however, benefit from language-specific param-
eters because they directly create/modify the activations that

are passed to the subsequent convolutional/feedforward sub-
layers and then the following encoder layers and thus permit
the transmission of language-specific information throughout
the model. Interestingly, neither the combination of language-
specific V and O matrices, nor using language-specific parame-
ters for the entire self-attention layer yields better performance
that the language-specific O matrix, showing that the self-
attention module does indeed benefit from parameters that
are language-universal (i.e. that are updated using training
examples from all languages during gradient descent).

It should be noted that including language-specific param-
eters linearly increases the overall number of parameters in
the model during training according to the number of lan-
guages (see table 2, column Tr#). For example, including
language-specific O matrices increases total number of param-
eters by about 20% for six languages. However, for monolin-
gual inference, the language-specific parameters can be simply
be selected out and combined with the rest of the language-
universal model parameters to form a language-specific model
with the same number of parameters as the multilingual base-
line model (i.e. the onehot+LID model; see table 2, column
Inf#). Scaling training to many more languages may become
challenging, but there are also potential trade-offs to balance
language-specific parameters and the total number of training
parameters. One such trade-off is to use language family-
specific parameters, instead of language-specific parameters.
We briefly explored this, using the same O matrix for the four
Romance languages, while English and Arabic still each had
their own O matrix. This decreased the number of additional
parameters by half, but still gave an average performance im-
provement across the six languages of 4.8% (median=5.2%)
over the multilingual baseline. Another such trade-off is to
only use language-specific parameters in a subset of encoder
layers, which is detailed in the following section.



Additionally, although the total number of training param-
eters increases, overall memory usage during training is not
greatly impacted because the vast majority of GPU memory is
used to store model activations, rather than model parameters.
The activations from language-specific matrices are gathered
by training example language ID before being passed to subse-
quent operations, and thus don’t greatly increase the overall
memory usage from model activations.

5.3. Mixture of experts

We briefly explored using a learned interpolation between
language-specific and language-universal activations for the V
and O matrices (see equations 4-6 above). Performance was
slightly better than when using the language-specific param-
eters alone; average and median WER improvement across
the six languages was 6.5% and 6.1% respectively, when us-
ing the mixed V matrix (compared to 5.9% and 5.5% for
language-specific-only parameters), and 7.2% and 6.7%, re-
spectively for the mixed O matrix (compared to 7.0% and
6.5% for language-specific-only parameters). Using the linear
combination of language-specific and language-universal O
activations gave a 13.3% improvement for Portuguese, the
best result seen through all experiments. As expected, the
interpolation weights showed dependencies on both encoder
layer and language (Figure 2). The first encoder layer favored
language-universal weights for all languages and subsequent
layers became more focused on language-specific parameters.
Across languages, Arabic typically showed the highest interpo-
lation weight across layers (i.e. language-specific parameters
favored the most). For Portuguese, layers 7-8 showed very
low interpolation weights (favoring language-universal param-
eters). This may be explained by the intermediate CTC layer
receiving the outputs from layer 6; this regularization may be
forcing the model to revert to language-universal parameters
for the low-resource languages.

5.4. Language-specific self-attention parameters by en-
coder layer

Language-specific self-attention matrices improve perfor-
mance over multilingual (and averaged monolingual) base-
lines when used in all encoder layers. However, it is useful
to understand if the effect of language-specific parameters is
dependent on encoder layers. So, we applied the language-
specific parameters to layers 3-12, 6-12 and 9-12 to compare
to the results in Table 2 (Figure 1). Language-specific O/V
and Q/K matrices show differential effects by the encoder
layers in which they were applied; while O/V give biggest
improvements when applied in all layers, Q/K give biggest
improvements when applied at the final three encoder layers.
This makes sense, as the higher layers of abstraction at deeper
levels of the encoder may benefit from language-specific
attention scores created by the language-specific Q/K ma-
trices to capture phenomena like different grammar rules,

while language-specific activations being passed between
all layers could benefit performance through all layers of
abstraction. We also briefly explored combining these effects
by using language-specific O matrices in all encoder layers but
language-specific Q/K matrices in only the final three encoder
layers. Improvements were not better than language-specific
O matrices alone (average/median improvement of 5.4% and
4.8%, respectively), suggesting that language-specific O ma-
trices are able to utilize language-universal attention scores
better than language-specific attention scores.

6. CONCLUSION

In this work, we systematically explore including language-
specific parameters in the self-attention module of a multilin-
gual model trained on about 5100 hours of data across six,
imbalanced languages. We show that language-specific O and
V matrices can improve performance by up to 12% compared
to multilingual baselines and up to 36% compared to mono-
lingual baselines. This work bridges a gap between very large
multilingual models that can outperform monolingual base-
lines for even high resource languages and smaller models
that require fine-tuning on all target languages. It does so by
including language-specific parameters that increase model
size during training, but maintains the same size at inference
as would the baseline model with all language-universal pa-
rameters. Future work will continue to address this gap with
the goal of creating multilingual models that maintain large im-
provements on low-resource languages but avoid degradation
on higher-resource languages.
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