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Abstract

Multilingual translation suffers from computa-
tional redundancy, especially when translating
into multiple languages simultaneously. In ad-
dition, translation quality can suffer for low-
resource languages. To address this, we in-
troduce Transformer Encoder Tree (TET), a
hierarchical, non-autoregressive encoder-only
architecture trained with Connectionist Tempo-
ral Classification (CTC) for multilingual trans-
lation. TET shares intermediate representa-
tions among linguistically similar target lan-
guages, improving accuracy on low-resource
languages while reducing computational redun-
dancy and enabling the generation of all tar-
get languages in a single forward pass. TET
eliminates the sequential bottleneck of autore-
gressive models and supports fully parallel de-
coding of all tokens across all target languages.
Compared to a naive one-to-many multilingual
design, TET reduces the total parameter count
by 66% and lowers inference computation by
60%. In speech translation, combining TET
with a non-autoregressive speech recognition
backbone (Wav2Vec2) shows competitive trans-
lation quality compared to autoregressive sys-
tems while speeding up inference by approxi-
mately 7-14x.

1 Introduction

We consider how to translate efficiently from a sin-
gle source language into multiple target languages
simultaneously and in real time. Our motivating
application is what we call the United Nations task,
in which both latency and accuracy of the trans-
lation are important. Translating from the source
language into each of the target languages one-
at-a-time introduces substantial computational re-
dundancy, as this approach completely ignores the
relationships among target languages. For example,
French, Spanish, and Italian all belong to the Ro-
mance family, and thus their latent representations
learned by a multilingual model can be very close
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Figure 1: Embedding clusters for last 3 layers in one
EN-X multilingual translation model, which is a Trans-
former encoder-only model trained on 8 target lan-
guages, with a task token prepended to the input rep-
resenting the language. The embeddings are averaged
over the same 5792 sentences from Multi30K. The em-
beddings cluster according to their linguistic similarity.

to each other (see Figure 1). The run-time costs
of ignoring linguistic similarity become increas-
ingly severe when the source language needs to be
translated into many languages at once.

The state-of-the-art approach to these tasks
is based on autoregression, including encoder-
decoder Transformers (e.g., Whisper (Radford
et al., 2023)) and large language models (Brown
et al., 2020; Achiam et al., 2023; Huang et al.,,
2024), offer excellent accuracy. However, autore-
gressive (AR) methods are prone to hallucination
and suffer from high latency due to their inherent
sequential decoding mechanism, which restricts the
model to unidirectional context and limits parallel
processing capabilities. To address these issues,
recent works (Inaguma et al., 2021; Peng et al.,
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2024; Ma et al., 2024) have explored how non-
autoregressive (NAR) models can be used for effi-
cient and accurate machine and speech translation.
Building upon this line of work, we address the
United Nations task by developing a hierarchical
Transformer encoder-only model for multilingual
machine and speech translation. By utilizing a tree
structure, our proposed model capitalizes on the
linguistic similarity between target languages to
improve both accuracy and speed.

In this work, we investigate how a Transformer
Encoder Tree (TET) can be used for machine
translation (MT), speech-to-text translation (S2TT),
and speech-to-speech translation (S2ST) to effi-
ciently perform one-to-many multilingual transla-
tion. Akin to ideas in Azpiazu and Pera (2020) and
Khusainova et al. (2021), we leverage language
trees to build better model architectures based on
linguistic similarities. However, these works rely
on typical AR encoder-decoder architectures; our
approach is encoder-only, thus enabling parallel de-
coding, significantly speeding up translation. More
importantly, our approach uniquely enables the si-
multaneous generation of all target languages in a
single forward pass. By constructing a hierarchical
tree of encoder-only layers, the model computes
shared intermediate representations of linguistic
similarity among related target languages. These
representations can be shared according to the de-
gree of kinship, thus circumventing redundant com-
putation. Furthermore, experiments demonstrate
that our method can benefit low-resource languages.
Our framework exhibits great potential for efficient
multilingual translation applications.

Our contributions are summarized as follows:

* We propose TET, a novel multilingual trans-
lation system based on non-autoregressive
encoder-only models using Connectionist
Temporal Classification (CTC) (Graves et al.,
2006). Our work contributes to the re-
cent growing field of non-autoregressive ap-
proaches for translation tasks.

* Inspired by common feature representations,
we devise an approach of structuring the trans-
lation process hierarchically. By constructing
a tree model, linguistically similar target lan-
guages efficiently share intermediate represen-
tations, improving accuracy for low-resource
languages and enabling parallel generation of
all target languages.

* By employing an encoder-only design, TET
can generate all target language tokens si-
multaneously in one forward pass, alleviating
computational redundancy across languages
and eliminating the sequential bottleneck of
conventional autoregressive models (Gu et al.,
2018), thereby significantly reducing both la-
tency and overall computational cost.

2 Background

2.1 Non-autoregressive Translation

Conventional autoregressive methods generate to-
kens sequentially from left to right, entail high la-
tency. Non-autoregressive (NAR) models generate
all target tokens simultaneously, greatly accelerat-
ing inference (Gu et al., 2018; Libovicky and Helcl,
2018; Kasai et al., 2021; Xiao et al., 2023). In con-
trast to autoregressive methods, NAR models are
based on a conditional independence assumption
among target tokens:

T

P(Y|X;0) = [[ P(wl X 0), (1
t

where 6 is the model parameters, and F; is the
probability in position ¢.

Recent research has explored applying NAR
methods to translation tasks to improve generation
speed while preserving translation quality, such as
iterative decoding, glancing sampling, or diffusion
(Lee et al., 2018; Qian et al., 2021; Chen et al.,
2023). The NAR models can significantly speed up
the inference process with parallel decoding, while
the vanilla NAR translation method always lags
behind its autoregressive counterpart in translation
quality (Xu et al., 2023).

2.2 CTC-based Non-autoregressive
Translation

Connectionist Temporal Classification (CTC)
(Graves et al., 20006) is a sequence modeling al-
gorithm designed to learn monotonic alignments
between sequences by introducing a blank token e
to handle length mismatches. Although originally
designed for the chronological nature of automatic
speech recognition (ASR) (Graves and Jaitly, 2014;
Chen et al., 2020; Lee and Watanabe, 2021; Cao
et al., 2025), recent works have successfully ex-
tended CTC to NAR translation tasks by mapping
source segments to target tokens (Shao and Feng,
2022; Inaguma et al., 2021; Xu et al., 2023). CTC
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is a natural fit for NAR architectures because it re-
duces subsequences of repeated tokens into a single
token. This mechanism mitigates the token repeti-
tion issues caused by the conditional independence
assumption, and enables NAR models to generate
sequences robustly.

Notably, OWSM-CTC (Peng et al., 2024) pro-
poses a unified CTC-based encoder-only model
for multilingual ASR, speech translation, and lan-
guage identification, improving both accuracy and
latency. Other recent advances based on CTC
include Ma et al. (2024) for end-to-end simulta-
neous speech-to-any translation, and for textless
speech-to-speech translation using discrete units
(Fang et al., 2024). Despite these advancements,
no prior CTC-based system can generate multiple
target languages simultaneously. Although running
separate NAR models for each language concur-
rently could achieve similar decoding speed, this
approach scales linearly in both computation and
memory with the number of languages, making it
highly inefficient.

Furthermore, applying CTC to translation in-
troduces inherent challenges. Unlike ASR trans-
lation often requires the word reordering, which
violates CTC’s monotonic alignment and condi-
tional independence assumptions. Various tech-
niques mitigate these issues by exploring non-
monotonic latent alignments or glancing training
(Shao and Feng, 2022; Qian et al., 2021). Unlike
these work aiming improving translation quality
for CTC-based models, we focus on a different
bottleneck: efficient simultaneous translation of
multiple languages. Therefore, our work is orthog-
onal to CTC-specific enhancements and could the-
oretically be integrated with them to further boost
performance.

2.3 Hierarchical Architectures for
Multilingual Machine Translation

Azpiazu and Pera (2020) and Khusainova et al.
(2021) exploit typological language family trees to
guide parameter sharing. Their results confirm that
this hierarchical topology facilitates knowledge
transfer among linguistically similar languages,
and is particularly beneficial for low-resource lan-
guages. However, these works employed encoder-
decoder architectures, which fundamentally limit
their parallelism.

3 Method

We propose a Transformer Encoder Tree (TET) for
multilingual translation that capitalizes on shared
linguistic structure. Our inspiration is shown in
Figure 1: When training a single Transformer-
encoder model for all EN-X translation tasks, the
learned embeddings spontaneously cluster by lin-
guistic similarity (e.g., Germanic languages vs. Ro-
mance languages). Inspired by this observation, we
consider incorporating linguistic knowledge at the
initial stage to facilitate the training of multilingual
translation models.

3.1 Transformer Encoder Trees

We design a hierarchical model that mimics the
language tree to translate from a single source lan-
guage into multiple targets, as shown in Figure 2.

To translate from the source language into mul-
tiple target languages, we construct a TET, where
each node in the tree consists of a Transformer en-
coder layer. The root and first few nodes of the
tree are shared across languages (i.e., Commonl
and Common?2), which take source language to-
kens as input; the intermediate nodes are grouped
into branches, sub-branches, etc., based on linguis-
tic similarity; and each leaf node (representing a
target language) outputs the corresponding target
language tokens. Since TET only contains Trans-
former encoders, it is a non-autoregressive method.
Hence, by reusing the activations of the nodes in
the tree, we can significantly reduce the total com-
putation needed to translate the source language
into all target languages.

To give an example, consider translating an En-
glish input sentence into 8 target languages in
{De, NI, Sv, Da, Fr, It, Pt, Ro} (refer to lan-
guage codes in Table 3). To begin with, they
can be divided into Germanic languages: {De,
NI, Sv, Da} and Romance languages: {Fr, It,
Pt, Ro}. Next, they can be further divided into
sub-branches like Northern Germanic: {Da, Sv},
Western Germanic: {De, Nl}, etc. In this way,
only 2 (common) + 2 (branch) + 4 (sub-branch) +
8 (language) = 16 layers need to be processed in
TET, instead of 8 (language) x 5 (height) = 40
layers for a naive approach where each language
receives its own sequence of layers. In this exam-
ple, (40 — 16)/40 = 60% of the computation is
saved thanks to the tree structure design.

Similar to prior work on encoder-only speech
foundation model (Peng et al., 2024), we train TET
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En:

Hites NAR ASR

transcript

En: “I have to go to sleep”

N Tree nodes

-
Transformer Encoder Tree (ﬁ’ Common1
Common?
Germanic Romance Branch
[ North ] [ West ] [ East ] [ West ] Sub-branch
[ Danish ][ Swedish ] [ German ] [ Romanian ] [ French ][ Italian ] Languaget
— ¥ ¥ ¥ g
Da: ... Sv: ... " Ro: ... It: ...
De: [Pr7g speech NAR De: %* 0'~*
[MT/S2TT] Text: “Ich muss zu Bett gehen” [MT/S2TT] Text: “Il faut que j aille dormir” 1™ tokens | \ocoder.

[S2ST] Speech tokens: 5725 6623 3261 ...

[S2ST] Speech tokens: 5725 6623 9935 ...

Fr: - Hpfoe-

Figure 2: Illustration of the MT/ST pipeline using Transformer-Encoder Tree (TET); the box in red shows the
general architecture of TET for the Indo-European family. Each node in the tree represents one Transformer-encoder
layer. An English sentence (or transcript generated by the ASR module) is passed to TET for processing; then either
(1) sentences of all target languages are generated for MT task, or (2) speech tokens of all target languages are
generated for S2ST task. The components with dashed lines are for speech translation tasks and are optional in the
TET pipeline; we use Wav2Vec2 in NAR ASR module, and HiFi-GAN as NAR TTS vocoder.

"GOOD DAY"

"HOW ARE YOU"
"-G-00- -D- D-AY- -"
"H- -OW -A-RE Y-OU"
"BB-O-NN- - -JO-UUR"
"C-OM-E-T CA VVA-"
Predictions (CTC-mapped)|"BONJOUR"

"COMET CA VA"

Inputs (raw)

Inputs (random padded)

Predictions (raw)

"BONJOUR"
"COMMENT CA VA"

Ground Truth

Table 1: Input and output format of TET. Here, “-” de-
notes the CTC blank token e.

by optimizing the standard CTC loss defined by:

Lcre = —log Pere(YX), (2)

where Pere (Y| X) is the conditional probability of
the target sequence Y marginalized over all valid
alignments given the input X. During inference,
we use greedy search to find the alignment with
the highest probability. To ensure that the model
has sufficient space for “blank” tokens, random
padding is added to each input sequence, and the
model’s predictions are post-processed with CTC
collapse. The input and output format is exempli-
fied in Table 1.

3.2 Speech Processing Components

Beyond machine translation, we explore how TET
can be used for speech-to-text translation (S2TT)
and speech-to-speech translation (S2ST).

We adopt a cascaded approach that first tran-
scribes source-language audio with an ASR com-
ponent, then feeds the transcript into the TET to
generate target-language sentences. Specifically, to
examine the benefit of encoder-only architectures,
we employ off-the-shelf ASR models with different
intrinsic architectures (i.e., AR vs. NAR).

As for S2ST, TET predicts discrete speech units
rather than text tokens. We convert the discrete
speech units produced by TET back to waveform
using the SeamlessM4T HiFi-GAN-based text-to-
speech (TTS) vocoder (Barrault et al., 2023). See
Figure 2 for more details.

4 Experimental Setup

To evaluate the effectiveness of the proposed model,
we compare it against several competing methods
for both machine translation and speech translation.

4.1 Baselines and Variants
For machine translation, we compare TET to the

following architectures (see Table 2):

* TET-Rnd: A tree with the same topology as
TET, but the languages are randomly assigned
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Model Structured sharing Linguistic prior Lang-specific capacity Danish (Da) 24,()87‘Dutch (NI) 59,729‘French (Fr) 176,725
TET v v v German (De) 223,435‘Italian It) 199,450‘P0rtuguese (Pt) 155,821
TET-Rnd v X v Romanian (Ro) 12,728|Polish (Pl)  45.842|Russian (Ru) 341,335
TEnc/lang X X v

TEnc/all « « % Spanish (Es) ~ 163,930|Swedish (Sv) 20,398|

Table 2: Comparison of structural properties across the
proposed TET and baseline models.

to leaf nodes rather than following the lan-
guage tree topology;

* TEnc/lang: One Transformer encoder per lan-
guage, with the same depth as TET;

* TEnc/all: A single Transformer encoder for
all languages, with the same depth as TET,
using a special token to specify the target lan-

guage.

For speech translation, we compare to the non-
autoregressive Wav2Vec2 (Baevski et al., 2020) as
well as the autoregressive Whisper (Radford et al.,
2023) models as the ASR component in the TET
pipeline (see the upper-left part in Figure 2): they
produce English transcriptions of the input audio,
then the English sentences are fed into TET for
one-to-many translation.

4.2 Datasets

We evaluate the proposed TET model on two
datasets: Multi30K (Elliott et al.,, 2016) and
Tatoeba (Tiedemann, 2020), as described below.

Multi30K contains image captions in English as
well as their German translations. To obtain the
parallel sentences of other languages, we use Ope-
nAI’s GPT-4-nano with the prompt, “Translate the
sentence below into all 8 different languages (Dan-
ish, Dutch, French, German, Italian, Portuguese,
Romanian, and Swedish). Precede each translation
with the language name. Sentence: ... " . Example
sentences include: (1) “Several men in hard hats
are operating a giant pulley system.”, (2) “A little
girl climbing into a wooden playhouse.”, and (3) “A
man in a blue shirt is standing on a ladder cleaning
a window.” In our extended Multi30k dataset, each
sentence is available in all 9 languages (En, De,
Da, NI, Fr, It, Pt, Ro, and Sv). Note that although
Multi30K is a multimodal dataset, we only conduct
text-only translation so no image is involved.

Tatoeba is a large multilingual dataset for lan-
guage learning, linguistics, and machine translation
research. Since some Tatoeba examples actually

Table 3: Number of sentence pairs between English and
each target language on processed Tatoeba (En-X).

contain multiple concatenated sentences or embed-
ded quotations, we filtered it to remove examples
containing any of the following characters: ,.?!".
In the end, we harvest 637,833 unique English sen-
tences from Tatoeba that contain translations to any
of the 11 languages listed in Table 3. Example
sentences include: (1) “It almost scared me not to
see you online for a whole day.”, (2) ““You must
be worn out after working all day.”, and (3) “It
was proven that fleas living on dogs jump higher
than fleas living on cats.” Specifically, for speech
translation, we select a subset of examples that are
available in all 5 high-resource target languages (Fr,
De, It, Ru, Es), and form a subset of 22k examples.
Since the original Tatoeba dataset does not contain
speech, we use an open-source text-to-speech con-
verter, pyttsx3 !, to synthesize speech utterances
of each language, and convert them into discrete
speech units with SeamlessM4T (Barrault et al.,
2023).

Post-processing. To reduce the number of unique
tokens in our dataset, we further process the
Multi30K and Tatoeba data by removing non-
European tokens (in case the automatic transla-
tion through GPT-4-nano erroneously produces any
such extraneous tokens) and also by converting all
sentences into capital letters.

4.3 Training Details

Model architecture. Each node in TET is a
Transformer encoder layer having a model dimen-
sion of 768, 6 attention heads, and a feed-forward
dimension of 2048.

We use different tree settings based on datasets.
For Multi30K, the TET model has 8 leaf nodes,
each corresponding to one of the 8 target languages.
Each leaf node has a depth of 5, representing a path
from the root node: common,—commong—branch—
sub-branch—language. Similarly, for Tatoeba, the
TET model has 11 leaf nodes, each has a depth
of 6, representing a path of common—commona—
branch—sub-branch—language,—language>. The

"https://github.com/nateshmbhat/pyttsx3
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| Target Language

BLEU COMET Avg.

Model De NI Sv Da Fr It Pt Ro|De NI Sv Da Fr It Pt Ro |BLEU COMET

TET (Ours) | 40.6 41.1 499 51.0 442 374 39.2 32.6|0.66 0.68 0.78 0.77 0.69 0.68 0.70 0.68| 42.0 0.70

TET-Rnd  |39.0 38.6 49.3 50.0 40.7 35.8 38.7 30.6|0.65 0.67 0.76 0.76 0.68 0.66 0.69 0.67| 40.3 0.69

TEnc/lang |40.0 41.6 50.2 49.9 44.1 40.1 46.2 36.7|0.66 0.70 0.80 0.78 0.70 0.70 0.74 0.69 | 43.6 0.72

TEnc/all 39.1 409 49.1 483 44.0 39.0 424 36.4|0.66 0.70 0.78 0.77 0.69 0.70 0.72 0.72| 42.4 0.72

Table 4: EN-X translation performance on Multi30K (SacreBLEU1 / COMETY).
‘ Target Language
BLEU COMET Avg.

Model Da NI Fr De It Pt Ro Pl Ru Es Sv|Da NI Fr De It Pt Ro Pl Ru Es Sv |BLEU COMET
TET (Ours)|29.5 20.1 22.8 13.1 36.1 29.2 10.2 9.8 23.1 24.2 22.7|0.72 0.67 0.65 0.58 0.76 0.74 0.59 0.65 0.71 0.69 0.69| 21.9  0.68
TET-Rnd  [26.1 18.8 19.7 13.2 32.9 26.7 8.6 10.3 23.1 22.6 23.4|0.71 0.66 0.63 0.57 0.75 0.72 0.58 0.64 0.70 0.68 0.70| 20.5  0.67
TEnc/lang (30.2 23.5 28.2 14.0 24.3 36.2 1.6 12.7 30.8 28.8 19.2|0.73 0.71 0.69 0.60 0.72 0.80 0.46 0.66 0.77 0.73 0.68| 22.7  0.69
TEnc/all  |27.7 17.1 16.9 10.0 26.6 23.7 11.2 9.8 16.3 20.9 22.0|0.72 0.66 0.62 0.55 0.73 0.72 0.62 0.63 0.66 0.68 0.69| 18.4  0.66

Table 5: EN-X translation performance on Tatoeba (SacreBLEU?1 / COMETY).

total model size of TET is 97M on Multi30K, and
191M on Tatoeba.

In each minibatch, we iterate through all target
languages, obtain the corresponding translations
and model predictions, and finally update the rel-
evant model weights. To clarify with an example,
suppose that there are two languages, and the TET
consists of one shared encoder layer S with two tar-
get languages and two language-specific leaf nodes
L1 and L. Then for a given input minibatch, the
model weights of layers S and L; would be up-
dated, and then the model weights of layers S and
Lo would be updated sequentially. Because the
CTC loss requires that prediction length to be no
shorter than the target length, we pad each input
sequence to be 50 tokens longer than the longest
target sentence in the minibatch. To improve gen-
eralization of model weights and positional encod-
ings, these padding tokens are inserted randomly
in the input sequence rather than only at the end
(see Table 1).

Implementation details. All models are trained
and evaluated on one NVIDIA A100 GPU (40GB)
with a batch size of 32. We use the Adam optimizer
(Kingma and Ba, 2015) with 5 = (0.9,0.999) and
€ = le~®, and a learning rate of 1e~* and 2¢~° for
Multi30K and Tatoeba, respectively. All models
are trained for 100 epochs on Multi30K, and 30
epochs on Tatoeba. On both datasets, we use 80%
data for training and the remaining 20% for testing.

4.4 Evaluation Metrics

For all experiments, we report SacreBLEU (1)
(Post, 2018) between ground-truth sentences and

predictions, and COMET (1) (Rei et al., 2020)
based on source language sentences, references,
and predictions. To evaluate the throughput of
speech-to-text translation models, we calculate the
inverse real-time factor (RTFxt1):

Taudio

RTFx = , 3)

Tcompute

which is defined as the ratio of audio duration to
processing time, indicating how many times faster
than real time the model can process audio. Larger
RTFx means faster inference speed.

5 Main Results
5.1

Table 4 and Table 5 compare En-X machine transla-
tion results across model architectures on Multi30K
and Tatoeba.

On Multi30K, compared to the one-model-
per-language (TEnc/lang) and one-model-for-all
(TEnc/all), TET enables translating into 8 lan-
guages in parallel while the overall translation qual-
ity is only reduced by 1.6 (-3.7% relative reduction)
and 0.4 (-0.9%) in terms of BLEU.

On Tatoeba, similarly, the translation quality of
TET is slightly reduced by 0.8 (-3.5%) compared
to TEnc/lang. When compared to TEnc/all, how-
ever, TET outperforms it by 3.5 (+19%) in terms of
BLEU while still being computationally efficient.

Machine Translation

Effects of shared representations. In addition
to the aforementioned benefits of saving intermedi-
ate computations, our experiments also corroborate
prior work (Khusainova et al., 2021) showing that

9120



S2T Translation Accuracy (SacreBLEUT/ COMET?): Tatoeba (subset of 4392 utterances)

| Target Language
BLEU COMET Avg.

ASR Model | Size |[RTFx| Fr De It Ru Es | Fr De It Ru Es |BLEU COMET
None MT)T| - | - 30.7 20.9 35.1 22.9 32.9/0.73 0.67 0.79 0.77 0.78] 28.5  0.75
Whisper (encoder-decoder) (Radford et al., 2023)
smallen  [244M| 24.8 ||29.1 20.1 32.9 20.8 31.0/0.72 0.66 0.78 0.75 0.76| 268  0.74
medium.en |769M| 13.4 |29.5 20.2 33.1 20.7 30.9|0.72 0.66 0.78 0.76 0.77| 26.9  0.74
large-v2 | 1.55B| 8.7 |[29.1 19.8 32.7 20.8 30.8]0.72 0.66 0.78 0.76 0.77| 26.7  0.74
Wav2Vec2 (encoder-only) (Baevski et al., 2020)
base-960h | 95M | 196.0 27.6 19.4 30.5 20.3 29.1]/0.71 0.65 0.76 0.74 0.75| 254  0.72
large-960h |317M | 158.9||28.3 19.6 31.7 20.4 30.10.72 0.66 0.77 0.75 0.76| 260  0.73

* The theoretical upper bound where the ground truth ASR transcript is used as model input for machine translation.

Table 6: Evaluation of EN-X S2T translation. Wav2vec2 and Whisper models are compared based on the throughput
(RTFx7) and translation quality (SacreBLEU and COMET).

shared representations help the translation quality
of low-resource languages. In Table 5, on the 2
languages with the most limited resources (i.e., Ro-
manian and Swedish), both the TEnc/all and TET
surpass the TEnc/lang models, especially with a sig-
nificant improvement in the BLEU score for Roma-
nian. While both TET and Tenc/all show reduced
accuracy for high-resource languages, namely Rus-
sian and Spanish, we note that TET’s accuracy on
these languages suffers much less.

In addition, when comparing the two shared rep-
resentation models, TET exhibits an advantage
over TEnc/all in almost all languages, only lag-
ging slightly behind in Romanian. This indicates
that TET benefits from linguistic priors to con-
struct a more effective knowledge-sharing topol-
ogy, thereby fostering overall translation quality
over the vanilla sharing strategy.

Regarding efficiency (Table 7), TET enables
parameter sharing across languages hence reduc-
ing computation. Compared to the naive design
(TET/all), TET only requires 10.7 GFLOPs in total,
yielding a 60% reduction in computation.

5.2 Speech-to-Text Translation

Table 6 presents En-X cascaded speech-to-text
translation results, comparing the Wav2Vec2
(NAR) and Whisper (AR) models for the ASR com-
ponent. In addition to translation quality metrics,
we report the inverse real-time factor (RTFx) to
evaluate the speed of NAR models.

Notably, the TET pipeline incorporating
Wav2Vec2-large960h, comparable in size to
Whisper-small and Whisper-medium, yields only
3% lower average BLEU while being 7-14x

Model |Total Params (M) | Total GFLOPs
TEnc/all | 284.8 | 2638
TET | 969(-66%) | 10.7(-60%)

Table 7: Model efficiency comparison on Multi30K. We
report the total parameters and floating-point operations
(FLOPs) when translating into 8 languages simultane-
ously. TEnc/lang would have same performance as
TEnc/all since the architectures are the same.

faster in RTFx. Building on this, our fully non-
autoregressive TET pipeline achieves comparable
speech-to-text translation accuracy while being sub-
stantially faster through parallel decoding. When
translating a source speech into 5 languages simul-
taneously, the entire TET pipeline can be 35-70x
faster than an AR approach with a comparable pa-
rameter size. Although the AR pipeline can be
replicated multiple times in GPU to achieve par-
allel multilingual translation, its RTFx still lags
behind the NAR pipeline and incurs significant
memory overhead.

These results highlight TET with a non-
autoregressive ASR backbone as an efficient so-
lution for low-latency simultaneous multilingual
translation. It is conceivable that based on our TET
pipeline, an end-to-end non-autoregressive speech
processing pipeline can be implemented with mini-
mal effort.

5.3 Speech-to-Speech Translation

We also validate our framework on a 4-language
S2ST setting (De, Fr, It, and Es). For evaluation,
the HiFi-GAN generated speech is transcribed with
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Whisper-large-v2 to compute ASR-WER and ASR-
BLEU with respect to the references. The TET
model gets an average WER of 79.8% and an aver-
age BLEU score of 20.3 across all languages. We
speculate that the limited performance is due to the
regular CTC setup, which lacks target-side context
and produces shorter outputs. Further exploration
of decoding strategies and alternative loss functions
is warranted.

6 Effectiveness of Tree Topology

Admittedly, the patterns learned by neural networks
can differ from human linguistic taxonomies. To as-
sess the effectiveness of the language tree structure,
we compare TET with the following 2 conditions:

(1) The TET-Rnd variant, where languages are
randomly assigned to leaf nodes in TET in-
stead of following the language family tree.

(2) 100 distinct variants whose tree topologies are
randomly constructed, but roughly maintain
a balanced tree shape. Due to the resource
constraints, we train each model for 10 epochs
on Multi30K.

To better clarify condition (1), it aims to an-
swer questions like: given the same tree structure,
should German share more parameters with Dutch
or Italian? In Table 4 and Table 5 (TET vs. TET-
Rnd), the linguistic TET consistently outperforms
TET-Rnd on both datasets across almost all target
languages by 4%-7% relatively in terms of BLEU,
and 1.5% in terms of COMET. This ablation ex-
periment obviates the influence of the hierarchical
structure itself, thus revealing the net benefit of
prior linguistic similarity knowledge.

As for (2), it aims to answer the question: does
the language tree structure really provide a bet-
ter topology? The statistics of the BLEU distri-
bution of all tree topologies are shown in Figure
3. Among all 101 distinct tree topologies, TET
ranks fourth, with a small BLEU decrease of 1.14
(-0.7% relatively) from the top-ranked model. To
investigate whether this performance gap persists
at convergence, we extended the topology study
by training the top 3 candidates alongside TET
to 100 epochs. The resulting BLEU scores are
42.18, 42.01, 41.68, and 41.98 (TET), narrowing
the gap to the best topology to < 0.2. This indi-
cates that TET’s structure-sharing design is near-
optimal without requiring computationally expen-
sive neural architecture search.
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Figure 3: BLEU distribution and cumulative percent-
age of 101 tree topologies trained for 10 epochs on
Multi30K. The histogram shows the frequency of BLEU
scores (left axis), while the solid line indicates the cumu-
lative distribution (right axis). TET achieves a BLEU of
25.06, outperforming 96% of the sampled trees (ranking
4th overall).

Furthermore, the top-performing structures con-
sistently show meaningful linguistic patterns. For
example, the top-ranked trees spontaneously group
Romance languages (e.g., It, Pt, Ro) and Germanic
languages (e.g., Da, NI, Sv) together. These emer-
gent clusters match the linguistic tree used in TET,
indicating that linguistic similarity can effectively
predict the preferred architecture of a trained neural
network.

On both datasets, the tree topology appears to
have a significant impact on accuracy, highlighting
the benefit of incorporating linguistic knowledge
in architecture design. Some examples of the trans-
lation process along the TET tree path are listed in
Appendix A.2.

7 Conclusions

In this work, we propose Transformer Encoder Tree
(TET), a CTC-based NAR multilingual translation
system. By leveraging a hierarchy based on lin-
guistic similarity, TET efficiently shares interme-
diate representations, improves accuracy for low-
resource languages, and improves computational
efficiency of the multilingual translation process.
Specifically, on Multi30K, TET reduces the total
parameter count from 288M to 97M (-66%) and
lowers the total inference computation from 26.8
GFLOPs to 10.7 GFLOPs (-60%), compared to a
naive one-to-many multilingual design. This makes
TET suitable for efficient deployment on edge de-
vices. Additionally, non-autoregressive speech
models (e.g., Wav2Vec2) can be easily plugged

9122



in and trained end-to-end along with TET to enable
fast multilingual speech translation.

TET is primarily designed as an efficient ar-
chitecture for parameter sharing across multiple
target languages, rather than another standalone
NAR model. In this work, we intentionally isolate
the effect of structured parameter sharing. Since
our work is orthogonal to other NAR or CTC-
based methods, general strategies for improving
NAR or CTC-based translation quality can be nat-
urally incorporated on top of TET in future work,
such as non-monotonic latent alignments (Shao and
Feng, 2022), target length prediction (Ghazvinine-
jadetal., 2019), reordering augmentation (Xu et al.,
2023), and glancing sampling (Qian et al., 2021).

Overall, our approach shows effectiveness and
strong potential for scenarios that require accurate,
low-latency machine translation and speech trans-
lation across multiple target languages.

Future work. In the future, the proposed
method can be evaluated on larger machine transla-
tion and speech translation datasets, and extended
to larger backbones and more diverse languages to
validate scalability.

Limitations

While the Transformer Encoder Tree (TET) demon-
strates significant improvements in latency and re-
source efficiency for multilingual translation, this
study has certain limitations.

Our evaluation primarily focuses on a specific
set of language families and relatively controlled
datasets, which may not fully represent the linguis-
tic diversity in open-domain corpora.

Moreover, our speech translation experiments
are based on synthesized speech, which may con-
tain inherent bias and not fully capture real-world
acoustic variability. More difficult real-world
datasets should be used to validate the performance
of the real speech translation task. (e.g., Europarl,
CoVoST2, etc.).

While being much more efficient in inference
speed, strong autoregressive models such as TS
could outperform our approach in translation qual-
ity in such settings.

From our results, TET ranks 4th among all 101
tree topologies and the performance gap from the
top-ranked model is almost negligible. However,
an optimal tree topology may be discovered in the
future that can stably achieve the best overall accu-
racy. The selection of tree topologies leaves room

for further optimization through automated archi-
tecture search.
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A Appendix

A.1 Language Paths in TET

The detailed paths of all languages in TET are
shown in Table 8.

Dataset \ Language \ Path

German |-Germanic—Western—German

Dutch | -Germanic—Western—Dutch
Swedish |-Germanic—Northern—-Swedish
Multi30K | Danish |-Germanic—Northern—Danish
French |-Romance—Western—French
Italian | —Romance—Western—Italian

Portuguese | -Romance—Western—Portuguese
Romanian | -Romance—Eastern—Romanian

Danish |-Germanic—Northern—Danishi—Danishs
Dutch | -Germanic—Western—Dutchi—Dutchs
French |-Romance—Western—Frenchi—Frenchs

German |-Germanic—Western—Germani—Germans

Italian | —Romance—Western—Italian,—Italians
Tatoeba | Portuguese | -Romance—Western—Portuguese,—Portugueses
Romanian | -Romance—Eastern—Romanian,—Romaniansy

Polish | -Slavic—Western—Polish,—Polishs
Russian | -Slavic—Eastern—Russian,—Russiany
Spanish | —Romance—Western—Spanish,—Spanisha
Swedish |-Germanic—Northern—Swedishi—Swedishs

Table 8: Paths of all languages in TET on Multi30K and
Tatoeba. All paths begin with "commoni—commono—
-7, which is omitted in this table for simplicity.

A.2 Translation Examples

Examples for the inference process of TET model
is shown in Table 9, 10 and 11. For the first ex-
ample, the TET follows the Multi30K model ar-
chitecture mentioned in Sec. 4.3. For the last 2
examples, the TET model is trained on Europarl
(Koehn, 2005) dataset from scratch with 6 Trans-
former encoder layers. The model is trained on the

following target languages (from English): Dutch,
Danish, French, Spanish, and Romanian.

To display the intermediate translation results,
we apply the output linear layer of each language’s
leaf node to all nodes on its tree path. Note that
this operation is for display purposes only; during
the actual inference phase, the intermediate layer
nodes remain shared across languages, so the rep-
resentations should be the same.

The path of each language pair is as fol-
lows: En-Nl: commoni—commons—Germanic—
Western—Dutch,—Dutchs;  En-Fr: commoni—
commong—Romance—Western—Frenchi—Frenchs;
En-Es: common,—commons—Romance—Western—
Spanishi—Spanishs.

A.3 Datasets

The Multi30K and Tatoeba datasets (and also Eu-
roparl in this Appendix) are publicly available for
research purposes. We confirm that our use of the
Multi30K and Tatoeba (and also Europarl) is con-
sistent with their intended use for machine transla-
tion research.

9125



Tree Node

German

French

Commonl "AXQOOSYSPLU ... ETGLULCETQC "EWXJEIVAXAEA ... A CLOXYCOUIEHfF"
PHLCZT"

Common2 "EX QONULEIJEZ JATYT PUYAET DIM "(EW UEAJQKEITIYCANZU LAT JOUZWA
JUBOXG JEFHT JWACT DN QUAILZDY" JQOEQKEA JOCNEU LATXA BUOILKEX"

Branch "EX QOSTBALPJE UY YSPUYAT DI GUBUS | "®BUEW JQUQZUDA JUOBKE JETJ J ALAT
JEAAE UWUT DIN ZKLALY" JIEEWJOQEEE PONI LE BUL"

Sub-branch "EIN FOSTBALMTEAM VUYSPIYLYVT DIAS | "QNE QPE DE FUTBL JE JOUJE A LA QPE
GEULBEN JEAME WUAACT DYN BLINT" JAJE PAXU LA BALE"

Languagel "EIN FUSSBALLMATEAHMFT SPIELT DAS | "UNE EQUIPE DE FOOTBALL JOUE E
GELBE TEAM HAT DEN BALL" LEQUIPE JAUNE A LE BALLON"

Groundtruth | "EIN FUSSBALLTEAM SPIELT DAS GELBE | "UNE EQUIPE DE FOOTBALL JOUE

TEAM HAT DEN BALL"

LEQUIPE JAUNE A LE BALLON"

Table 9: An example of the translation process (En-De and En-Fr) along the tree path of TET trained on Multi30K.
The source English sentence is: “A football team is playing, the yellow team has the ball”.

Tree Node | Dutch French Spanish

Commonl " " "

Common2 " " "

Branch " " "

Sub-branch " " "inclusive"

Languagel "Het" "En" "Al mismo tiempo inclusive el
regiones no permitir ayudar
esfuerzos esfuerzos resolucion
resolucién conflictos conflicto”

Language2 "Tegelijkertijd zal het isolement "Parallelement, 1 * isolement des | "Al mismo tiempo, el

van de afcheiden regio ’ sningen | régions dissidentistes ne aislamiento de las regiones no
voor opploslossing." contribuea pas les efforts de ayudard a los esfuerzos para
résolution des conflits." resolver de conflictos.”

Groundtruth | "Tegelijkertijd draagt het "Dans le méme temps, il convient | "Al mismo tiempo, el aislamiento

isolement van de afgescheiden de veiller a ne pas isoler les de las regiones escindidas no
regio’s niet bij aan de régions séparatistes, car cela ne contribuird a los esfuerzos para la
inspanningen voor het oplossen ferait que saper les efforts resolucion del conflicto."
van het conflict." déployés en vue de résoudre le

conflit."

Table 10: An example of translation process of TET trained on Europarl. The source English sentence is: “Az the
same time, the isolation of the breakaway regions will not help efforts for conflict resolution.”

9126



Tree Node | Dutch French Spanish

Commonl

Common?2

Branch

Sub-branch " " "frecuentemente”

Languagel "De" "Les et" "inversionversion inversién
materia investigacion agricola 'y
tecnologiacol verde inclusive son
inversiénversion inversion futuro
asi pero crear nuevos puestos
empleo"

Language2 "Investeringen in landbouw en "Les investissements dans la "Las inversiones en investigacion

groene technologie zijn recherche agricole et la agricola y tecnologias ecoldgicas
investeringen in de toekomst en technologies vertes sont des son inversiones en el futuro y
nieuwe banenen." investissements dans 1 ° avenir et | creardn nuevos puestos empleo
ils créeront de nouveaux de trabajo."
emplois."
Groundtruth | "Investeringen in agrarisch "Les investissements dans la "Las inversiones en investigacion

onderzoek en groene technologie
zijn investeringen in de toekomst
en zullen nieuwe
werkgelegenheid opleveren."

recherche agricole et la
technologie verte sont des
investissements dans 1’avenir et
créeront de nouveaux emplois."

agricola y tecnologias ecoldgicas
son inversiones de futuro y
creardn nuevos puestos de
trabajo."

Table 11: An example of translation process of TET trained on Europarl. The source English sentence is: “Invest-
ments in agricultural research and green technology are investments in the future and they will create new jobs.”
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