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Abstract

End-to-end multilingual speech translation (ST) directly models
the mapping from the speech in source languages to the text of
multiple target languages. While multilingual neural machine
translation has been proved effective in modeling the general
knowledge with shared parameters and handling inter-task in-
terference with language-specific parameters, it still lacks ex-
ploration of when and where parameter sharing matters in mul-
tilingual ST. This work offers such a study by proposing a com-
prehensive analysis on the influence of various heuristically de-
signed sharing strategies. We further investigate the inter-task
interference through gradient similarity between different tasks,
and improve the parameter sharing strategy in multilingual ST
under the guidance of inter-task gradient similarity. Experimen-
tal results on the one-to-many MuST-C dataset have shown that
the gradient-guided sharing method can significantly improve
the translation quality with a comparable or even lower cost in
terms of parameter scale.

Index Terms: automatic speech translation, parameter sharing,
multilingual translation

1. Introduction

End-to-end speech translation (ST) aims to translate the speech
of one source language into the text of another target language
[1]. Compared to traditional pipeline systems which are com-
posed of automatic speech recognition and text machine trans-
lation, end-to-end ST model can reduce time delay and error
propagation [2], so it has attracted intensive attention in recent
years. In parallel to bilingual ST, multilingual ST, where a sin-
gle model is used to translate source language speech into mul-
tiple target languages, becomes a new trend since it further re-
duces the cost of training and deploying compared to its bilin-
gual counterparts.

Currently, the multilingual ST model often follows the com-
pletely shared paradigm, in which different languages share
the same parameters. Despite the simplicity, the multilingual
model also faces a capacity bottleneck on high-resource lan-
guage pairs, which could hurt the translation accuracy [3].
Therefore, finding a proper trade-off between bilingual model
and multilingual can potentially break the capacity bottleneck
and improve model quality. In the field of multilingual neural
machine translation (NMT), researchers have investigated vari-
ous parameter sharing strategies, e.g., heuristically splitting the
model parameters into shared parts and language-specific parts
[4] or dynamically changing shared parameters into language-
specific types [5]. The multilingual model using a mixture of
shared and language-specific parameters can both preserve gen-
eral knowledge and alleviate interference among different lan-
guages.
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While the parameter sharing methods have shown promis-
ing performances in multilingual NMT, we provide the first
comprehensive study of different heuristically designed param-
eter sharing strategies in the multilingual ST model. To fur-
ther improve the translation quality, we investigate the multi-
task optimization trajectory via the gradients of different tar-
get languages on each parameter, and adopt the recently pro-
posed gradient-guided method in multilingual text translation
which improves the sharing strategy under the guidance of
gradient similarities [5]. In the gradient-guided method, the
parameters with opposite gradient directions are marked as
language-specific, while other parameters with similar gradi-
ents are shared by different target languages. Experiments on
the one-to-many MuST-C multilingual ST dataset show that the
multi-task optimization trajectory in multilingual ST is quite
different to multilingual NMT, and the traditional heuristically
designed sharing strategies can only benefit from larger parame-
ter scales compared to the complete shared model. On the other
hand, the gradient-guided sharing strategy provides more fine-
grained control of parameter sharing and significantly outper-
forms the strong baselines with comparable parameter scales.

2. Related Work

End-to-end Speech Translation is the task of converting
speech utterances to their translations in other language with-
out generating the intermediate transcriptions [1]. Although the
end-to-end ST model has achieved great success in recent years
[6, 7], it still suffers from data scarcity. Many techniques, such
as pretraining [8, 9, 10], multi-task learning [11, 12], knowl-
edge distillation [2], and generating synthesis data [13, 14] have
been proposed to exploit the data from related tasks. Perform-
ing multilingual translation also alleviates data scarcity since it
transfers knowledge across different languages, and has been
proved effective in speech translation [15, 16]. [3] focuses on
efficient fine-tuning with pretrained multilingual models, and
the performance is comparable to supervised learning in the
zero-shot translation directions. To the best of our knowledge,
existing multilingual ST methods only consider a completely
shared model but ignore the language specificity.

Multilingual Neural Machine Translation aims at achiev-
ing translation between multiple languages in a single model
[17]. In the early stage, researchers share different modules to
reduce the parameter scales in bilingual models. [18] uses a
shared encoder and separate decoders for one-to-many transla-
tion. [19] shares the attention module to bridge separate en-
coders and decoders to enable many-to-many translation. More
aggressively, [20] proposes a completely shared model, which
significantly reduces the parameter scale and enables effec-
tive knowledge transfer among languages, but lacks the abil-
ity for retaining language-specific knowledge. To improve the
model capacity while preserving effective knowledge transfer,
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researchers resort to manually designed language-specific mod-
ules with parameter sharing strategies [4, 21]. To work around
the limitation that needs to be manually designed for specific
modules, [5] proposes parameter differentiation that dynami-
cally transfers shared parameters into language-specific ones.
Since using a mixture of shared and language-specific param-
eters has been proved effective in multilingual text translation,
this work offers the first comprehensive study of various param-
eter sharing strategies in multilingual speech translation.

3. Parameter Sharing in Multilingual ST

In this section, we first briefly introduce the backbone multilin-
gual ST model (Section 3.1), followed by heuristically designed
parameter sharing strategy which pre-defines the shared compo-
nents of multiple decoders (Section 3.2). Finally, we describe
the gradient-based sharing strategy that provides a more fine-
grained parameter sharing configuration without manual design
(Section 3.3).

3.1. The Backbone Multilingual ST Model

As shown in Figure 1, we use the Transformer [22] as our back-
bone model as it has been proved successful in speech trans-
lation [7]. Different from the Transformer encoder used in
machine translation, a small convolutional neural network is
prepended to the encoder to downsample the speech feature se-
quence. The remaining part of the encoder includes multiple
identical layers and each layer is composed of two sub-layers:
the self-attention sub-layer and the feed-forward sub-layer. The
decoder is also stacked with multiple layers and each layer
has three sub-layers: the self-attention sub-layer, the encoder-
decoder attention sub-layer, and the feed-forward sub-layer.

As shown in the right part of Figure 1, in the decoder layer,
each self-attention sub-layer includes 4 parameter matrices: the
query projection Wé, the key projection W, the value projec-
tion Wi, and the final projection Wi. Similarly, the parame-
ters in each encoder-decoder attention sub-layer are Wé, Wf{,
W&, W2. The feed-forward sub-layer includes two linear pro-
jections: W, and Wp,, where the former projects the hidden
representation into a wider dimension and the latter projects the
output back to model dimension.

3.2. Heuristic Sharing Strategy

We first investigate the effectiveness of different heuristically
designed sharing strategies in multilingual ST. Since this work
mainly focuses on one-to-many translation, the most intuitive
setting is using a shared encoder for source language speech and
individual decoders for each target language. Next, we move a
step forward and introduce more shared parameters among the
different decoders to find a proper trade-off between this base
setting and the complete sharing model in which all decoders
share the same set of parameters.

Following the practice in multilingual text translation [4],
the parameter sharing strategies explored in this work are de-
scribed below:

¢ fenc: The base case includes a shared encoder and indi-
vidual decoders for each target language.

¢ fenc, Wé, Wik, W, Wi:  Apart from the encoder,
the self-attention sub-layers of the decoders are shared
among different target languages.

¢ fenc, Wé, W2, W2, W32: The parameters in the
encoder-decoder attention sub-layers are shared.
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Figure 1: The Transformer based speech translation model.

e fenc, Wi, Wy : Sharing the key projection and the
value projection in the self-attention sub-layer and the
encoder-decoder attention.

e fenc, Wo, Wik Sharing the query projection and the
key projection in the self-attention sub-layer and the
encoder-decoder attention.

e fenc, Wo, Wi, Wy Sharing the query projection, the
key projection, and the value projection in the self-
attention sub-layer and the encoder-decoder attention.

e fenc, Wo, Wk, Wy, Wr: The self-attention sub-layer
and the encoder-decoder attention sub-layer are shared
among different languages.

e fenc, Wr,,Wr,: Sharing only the feed-forward sub-
layer while keeping the attention sub-layers language-
specific.

3.3. Gradient-Guided Sharing Strategy

The heuristically designed method can help to find a better shar-
ing strategy through extensive experiments, but it still lacks
flexibility and fine-grained control of parameter sharing. As for
the flexibility, the sharing configurations are identical in each
decoder layer, which ignores the difference between different
layers since previous studies have proved that morphological
information evolves from shallower to deeper layers [23]. As
for the granularity, each parameter matrix can only be in two
states: shared by all target languages or completely language-
specific. However, considering the complicated relationship be-
tween languages, the optimal sharing strategy may include pa-
rameters shared by only parts of the languages while keeping
them language-specific for other languages.

To improve the flexibility and find the optimal parameter
sharing configuration, we investigate the optimization trajec-
tory of different target languages and adopt the recently pro-
posed parameter differentiation method in multilingual NMT
that dynamically changes the shared parameters into more spe-
cific types based on inter-task gradient similarities [5], which is
referred to as gradient-guided sharing strategy.



Method #Parameter DE ES FR IT NL PT RO RU Avg.

5 Multilingual " 76.3M (1.0X) 24.18 2828 3498 2462 2880 31.13 2322 1588 26.39
_§ Fine-tuning’ 610.4M (8.0X) 2450 28.67 34.89 2482 2838 30.73 2378 16.23 26.50
< Adapter’ 153.1M (2.0X) 24.63 28.73 3475 2496 28.80 3096 2370 1636 26.61
LNA-DT 76.3M (1.0X) 24.16 2830 3452 2446 2835 3051 2329 1584 26.18

<Zt LNA-Ef 76.3M (1.0X) 2434 2825 3442 2424 2846 30.53 2332 1589 26.18
~ LNA-E,Df 76.3M (1.0X) 2427 2840 34.61 2444 2825 30.53 2327 1592 2621
2 Bilingual® 610.4M (8.0X) 2270 27.20 3290 2270 27.30 2810 2190 1530 24.76
0 Multilingual* 76.3M (1.0X) 2450 2820 3490 2460 28.60 31.10 23.80 16.00 26.46
2 Jointly Fine-tuning 76.3M (1.0X) 2453 2834 3491 2446 2873 31.25 2355 1597 2647
Ocne 324.6M (4.3X) 25.17 28.85 3533 25.10 29.31 31.57 2397 1647 2697

Ocnc, Wé, Wk, Wi, WE 208.8M (2.7X) 25.12 28.84 3552 2477 29.14 3140 24.09 1625 26.89

2 Oene, W5, WE, WS, WE  208.8M (27X) 25.09 2858 3506 2490 29.01 3133 2392 1612 2675
& Ocnc, Wi, Wy 208.8M (2.7X) 2520 2850 3535 2492 29.11 3139 2392 1634 26.84
3 Ocnc, Wo, Wk 208.8M (2.7X) 2525 28.78 3524 2500 2898 31.44 2394 1623 26.86
= Ocnc, Wo, Wk, Wy 186.7M (2.4X) 24.86 28.79 35.10 24.80 2894 31.17 24.16 16.18 26.75
Ocnc, Wo, Wk, Wy, Wr  1647M (2.2X) 2488 28.72 3499 2478 28.83 3148 23.66 1626 26.70
Ocnc, Wi, Wro 164.7M (2.2X) 2499 28.88 3526 2476 29.01 3133 2356 1621 26.75

1.5X 114.0M 24.80 2859 3520 2478 2891 3124 2411 16.02 26.71

= 2.0X 156.3M 2476  28.67 3550 24.80 29.08 31.38 23.87 16.08 26.77
'§ 25X 190.2M 25.09 28.63 3523 2496 2929 3137 23.80 16.09 26.81
& 3.0X 228.5M 2494 2890 3530 2490 29.01 31.63 24.18 1640 2691
3.5X 252.9M 2522 2849 3537 25.11 2933 3149 2409 16.18 2691

2 15X 114.3M 2499 2926 3560 2536 2944 3193 2395 1641 27.12
= 20X 156.2M 2526 29.16 3543 2552 29.64 3154 2385 1690 27.16
(3 25X 190.6M 2537 29.81 3588 25.61 2999 3212 24.68 17.22 27.59
'g 3.0X 228.9M 25.57 2994 3597 2589 30.09 3182 2450 17.10 27.61
3 3.5X 252.9M 25.84 2958 36.05 2558 30.04 3195 2479 16.82 27.58

Table 1: BLEU scores on the MuST-C dataset. | indicates that the corresponding results are taken from [3], while the results with * are
taken from [7]. We use the pretrained model of Multilingual* to initialize the parameters of all the following models. The best results
of heuristically designed sharing strategy are underlined and bold indicates the best result of all methods.

Specifically, the gradient-guided approach involves the fol-
lowing steps. We first build the model as completely shared
and initialize the parameters with a pretrained model'. Second,
we calculate the gradients of each task on each parameters with
a multi-way aligned data®, and evaluate the pairwise gradient
cosine similarities s between tasks ¢; and ¢, on each parameter
matrices 6; to obtain a quadruplet (6;, t;, tx, s). Third, we share
the parameters by tasks with higher similarity and make others
language-specific, e.g., the parameter 6; is shared by tasks ¢;
and ¢, if the corresponding similarity s if higher. Finally, we
continue to train the multilingual ST model on the combined
data until convergence.

4. Experiments
4.1. Dataset and Settings

We conduct experiments on the one-to-many MuST-C multilin-
gual ST dataset [25], which contains up to around 504 hours of
English speech to text of 8 European languages including Ger-
man (DE), Spanish (ES), French (FR), Italian (IT), Dutch (NL),
Portuguese (PT), Romanian (RO), and Russian (RU). We use

'We use the pretrained model in the public fairseq S2T repository
(https://github.com/pytorch/fairseq/blob/main/
examples/speech_to_text/docs/mustc_example.md).

2Similar to [5, 24], we build the multi-aligned data including trans-
lations in all target languages for each source language speech to mini-
mize the gradient variance caused by inconsistent sentence semantics.
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the MuST-C dev data for validation and the zst-COMMON for
evaluation. The multi-way aligned data includes 1, 208 speech
utterances and corresponding translations in 8 target languages.
We preprocess the audio signals following [7], in which 80-
dimensional log-mel filterbank features with 25ms window size
and 10ms step size are extracted from raw audio files. The
training samples which are larger than 3,000 frames are re-
moved. We use a shared target side vocabulary with a size of
10K jointly learned with unigram encoding algorithm [26].

We conduct our experiments with the Transformer architec-
ture and adopt the speech_transformer setting in fairseq’, which
includes 12 encoder layers and 6 decoder layers. The model
dimension is set to 512 and the inner dimension of the feed-
forward sub-layer is set to 2,048. After pretraining, we fine-
tune all models with gradient accumulation of 8 steps to simu-
late multi-GPU training and each step contains a batch of up to
40, 000 source frames and target tokens. During decoding, we
use beam search decoding with a beam size of 5 and a length
penalty of 0.6 to obtain the final translations.

4.2. Results

The results are shown in Table 1. We first investigate the base-
line methods as well as other multilingual ST methods such as
the adapter tuning [3] and the LNA tuning [27]. It is obvious
that the Multilingual model outperforms the Bilingual model by

3https://github.com/pytorch/fairseq



up to 1.7 BLEU and significantly reduces the parameter scale
(from 610.4M to 76.3M). On the other hand, introducing ad-
ditional parameters (Adapter) or continuing training for more
steps (individually Fine-tuning with bilingual data or Jointly
Fine-tuning with multilingual data) can only bring negligible
improvement on translation quality (by up to 0.22 BLEU).

We then compare heuristically designed parameter sharing
strategies with the baselines. We find that using a shared en-
coder for the English speech and individual decoders for each
target language text (Ocnc) performs best but maintains the
largest model size. The results of different heuristic sharing
methods also show a positive correlation between model size
and translation quality, i.e., a larger model usually performs bet-
ter than a smaller model.

To further investigate whether the performance gain in
heuristic sharing methods comes from larger parameter scales,
we design a Random sharing strategy, in which the model ran-
domly selects parameters and share the parameters with ran-
domly selected tasks until the model size reaches a threshold
(e.g., 1.5X of the original model). By comparing the rows of
Random and Heuristic in Table 1, we find that the Random shar-
ing strategy can also bring comparable translation quality with
the heuristically designed strategies. The results prove that shar-
ing predefined specific modules does not apply to multilingual
ST, though it works out in multilingual NMT [4].

Finally, we evaluate the gradient-guided sharing strategy
with different parameter scales. Different from the Ran-
dom sharing strategy, the model selects parameters and tasks
for sharing following the order of pairwise gradient cosine
similarities instead of random selection. From the rows of
Grad-Guided, we can easily find that the gradient-guided
sharing strategy significantly outperforms the other multilin-
gual ST methods by up to 1.15 BLEU (27.61 v.s. 26.46).
When it comes to similar model sizes, e.g., the Adapter, the
Ocne, Wr,, Wi, in Heuristic, the Random 2.0X and the Grad-
Guided 2.0X, the gradient-guided sharing strategy also per-
forms better than other methods.

4.3. Analyses
4.3.1. The Effects of Model Size in Gradient-Guided Strategy

From the results of Heuristic and Random sharing strategies,
we find a positive correlation between model size and transla-
tion quality. However, a larger parameter scale indicates the
model includes more language-specific parameters which may
hurt the positive knowledge transfer among languages. To in-
vestigate the optimal trade-off between language-specific pa-
rameters and shared parameters, we alter the model size in
the Grad-Guided sharing strategy. As shown in the rows of
Grad-Guided in Table 1, the translation quality increases with
the model size grows from 114.3M to 228.9M, and then de-
creases with more language-specific parameters involved. The
model with 228.9M parameters performs best and the maxi-
mum marginal utility comes with 2.5X model size which gains
0.43 BLEU compared to the 2.0X model.

4.3.2. Why Heuristic Sharing Fails in Multilingual ST

In the literature of multilingual text translation, researchers tend
to explore layer-agnostic parameter sharing strategies and dif-
ferent layers share the same topological structure. However, in
multilingual ST, the inter-task relationship between layers may
be more distinct than that between sub-layers. We hereby inves-
tigate how gradient similarities evolve across layers.
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Figure 2: Gradient cosine similarity averaged over all target
languages across decoder layers.
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Figure 3: Cosine similarity of gradients averaged across layers
between different target languages.

As shown in Figure 2, the gradient is more similar in deeper
layers (0.701 of the last layer v.s. 0.179 of the first layer). This
observation is different from the one-to-many text translation in
which the middle layers share more inter-task gradient similar-
ities, and proves the importance to distinguish different layers
in multilingual ST parameter sharing. On the other hand, the
gradient-guided sharing strategy provides a more fine-grained
control of parameter sharing and brings significant improve-
ment over the heuristically designed strategies.

4.3.3. Gradient Similarity and Linguistic Proximity

Intuitively, the gradients should be more similar between close
languages (measured by linguistic feature like language fam-
ily or language branch). We visualize the correlation between
gradient cosine similarities and different languages in Figure 3.
Specifically, we find that the languages from the same family
(like German and Dutch of Germanic languages) share simi-
lar gradients while the ones from different family (like German
of Germanic language and Russian of Slavic language) share
distinct gradients. However, there also exist exceptions like
Portuguese, which indicates a more sophisticated relationship
among languages in the multilingual ST model.

5. Conclusion

In this work, we empirically explore various parameter sharing
methods in multilingual ST and show that the heuristically de-
signed sharing strategy in multilingual text translation cannot
work well in multilingual speech translation. We further ex-
plain how and why the heuristic sharing fails by analyzing the
difference between multilingual text translation and multilin-
gual speech translation from the view of multi-task optimization
trajectory. From the above observation, we adopt the gradient-
guided method which use the inter-task gradient similarity to
improve the sharing strategy. The results and analyses show
that the gradient-guided method can significantly improve the
translation quality over strong baselines.
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