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Abstract—This paper proposes a novel semi-supervised end-
to-end speech-to-text translation (S2TT) approach that leverages
pseudo-labeling (PL) through joint decoding with both a text-to-
text translation (T2TT) model and an S2TT model. While pseudo-
labeling has proven effective in mitigating the data scarcity issue
in S2TT, conventional PL approaches typically rely either on a
standalone S2TT model or a cascade system combining automatic
speech recognition (ASR) with a T2TT model. However, cascade
systems trained on out-of-domain data often perform poorly on
target domain inputs, and S2TT models fine-tuned on limited
in-domain data tend to struggle with low-occurrence tokens. To
address these limitations, our method employs both the S2TT
model and the cascade system for PL, using the T2TT model
to complement the S2TT model by improving accuracy on rare
tokens. Experimental results demonstrate that our proposed
method outperforms conventional PL strategies that utilize only
a T2TT or S2TT model.

I. INTRODUCTION

Translation is a key technology for facilitating human-to-
human multilingual communication. Text-to-text translation
(T2TT), which converts source language text into target lan-
guage text, has been widely studied. When speech is used as
input, a combination of automatic speech recognition (ASR)
and T2TT can be used to convert source language speech
into target language text. End-to-end speech-to-text translation
(S2TT), which directly translates source language speech into
target language text, has gained attention as a simpler and
faster alternative to the ASR-T2TT pipeline. However, building
an end-to-end S2TT model requires a large amount of data, and
a major challenge is the limited availability of data compared
with ASR and T2TT.

The data scarcity problem in end-to-end S2TT has been
addressed in previous studies through approaches such as data
augmentation for speech [1], [2], multi-task learning with
ASR or T2TT [3], [4], pre-training using unlabeled speech or
text data [5], [6], knowledge distillation from T2TT [7], [8],
multilingual speech translation [9], [10], and back-translation
from target language text to discrete speech units [11]. This
paper focuses on pseudo-labeling (PL) [12], [13] which enables
the use of unlabeled speech dataset, trained ASR and T2TT
models.

PL, often called self-training, is a method used to address
the data scarcity problem by taking advantage of large amounts
of unlabeled data. PL is a straightforward process. An initial

model is first trained using a limited amount of labeled data.
The trained model is then used to predict labels for the
unlabeled data, with the predicted labels referred to as pseudo-
labels. Finally, the pseudo-labels are combined with the initial
labeled data to train a new model.

PL has been shown to be effective in improving perfor-
mance for several speech and natural language processing
tasks, such as T2TT [14]–[16], end-to-end ASR [17]–[20],
end-to-end S2TT [12], [13], and speech-to-speech translation
[21]. In S2TT, accuracy improvement has been confirmed by
reconstructing the S2TT model by assigning pseudo-labels
to unlabeled speech data using either S2TT or T2TT in a
cascade system, but not both of them [12], [13]. However, a
S2TT model overfits to a small amount of labeled data, which
degrades the performance for tokens that occur infrequently
even within a target domain. It has been observed that the
accuracy of a S2TT model decreases for a set of sentences
with low-frequency tokens, as shown in Table II.

To address this problem, we propose a semi-supervised end-
to-end S2TT method with a powerful PL that uses both end-
to-end S2TT and T2TT in cascade system with ASR. Our
proposed method enables highly accurate PL even when the
amount of labeled data is small. To combine end-to-end S2TT
and T2TT, we use shallow fusion [22], which integrates the
posterior probabilities during decoding. It is expected that
T2TT, which is robust to a wider domain, can help address
low-frequency tokens in training data. We consider the case in
which ASR and T2TT models are available, because training
data for these models is easier to collect than for S2TT, as
mentioned above. We also assume that a small amount of
labeled speech data and a large amount of unlabeled speech
data are available as training data.

We verified the effectiveness of our proposed method
through an English to Japanese S2TT task. We show the
effectiveness of joint decoding with end-to-end S2TT and
T2TT models. Furthermore, the results show that PL with joint
decoding outperforms conventional methods that use either the
end-to-end S2TT or T2TT model for PL.

II. RELATED WORK

Our study is related to semi-supervised learning for end-
to-end ASR [17]–[20]. In semi-supervised end-to-end ASR,

2025 Asia Pacific Signal and Information Processing Association Annual Summit and Conference (APSIPA ASC)

979-8-3315-7206-8/25/$31.00 ©2025 IEEE 909



powerful language models are often incorporated via shallow
fusion to improve the quality of pseudo-labels. In contrast, our
work utilizes a strong machine translation model to generate
high-quality pseudo-labels, aiming to improve the performance
of end-to-end S2TT.

Our proposed method is related to label smoothing [23]
with which a slightly reduced probability of the correct class
is assigned to prevent models from making over-confident
predictions. Training on pseudo-labeled data is the same as
training with noise on the prediction target. Therefore, learning
with PL is also expected to be effective in avoiding over-
confident predictions. Our proposed method is also related to
scheduled sampling [24]. Scheduled sampling uses the model’s
predictions as decoder inputs during training to maintain
consistency, while semi-supervised learning with PL also uses
the model’s predictions as target labels for training. Therefore,
PL is expected to be able to maintain consistency as well as
scheduled sampling.

III. SEMI-SUPERVISED END-TO-END S2TT

A. Strategy and Settings

We adopt a semi-supervised learning approach to effectively
utilize a small labeled dataset and a large unlabeled dataset.
Figure 1 illustrates the overall flow of the proposed method.
In our setup, pre-trained ASR and T2TT models are assumed
to be available. We aim to build an S2TT model using pseudo-
labeling (PL), given labeled speech data Dl and unlabeled
speech data Du. Our method converts the unlabeled dataset into
a pseudo-labeled dataset. The final model is trained on both
the labeled and pseudo-labeled datasets. For PL, we introduce
joint decoding with T2TT and S2TT models using shallow
fusion. This enables the generation of higher-quality pseudo
labels compared to using either model individually.

B. Modeling

1) Cascade system of ASR and T2TT: We construct a
cascade system with trained transformer-based auto-regressive
ASR and the T2TT models.

ASR model: The encoder converts the input acoustic features
X into hidden representations f by using a transformer
encoder. The output of the transformer encoder f is obtaind
as

f = TransformerEncoder(X;θf ), (1)

where TransformerEncoder(·) is a transformer encoder in-
cluding a scaled dot-product multi-head self-attention layer and
a position-wise feed-forward network and θf is the parameter.
The hidden representations f from the encoder are fed into the
transformer decoder. The decoder also receive the embeddings
of predicted tokens in decoder. When the decoder output is
Y = {y1, · · · , yt, · · · yT } and the first input of the decoder is
the start of sentence as y0 = < s >, the token embeddings are
calculated as

et = Embedding(yt;θe), (2)

where Embedding(·) is a function that converts a token into a
continuous representation and θe is the parameter. When the
output of the t-th time step for the transformer in the decoder is
gt, the transformer decoder constructs a hidden representation
from the token embeddings in previous time steps e0:t−1 and
encoder output f as

gt = TransformerDecoder(e0:t−1,f ;θg), (3)

where TransformerDecoder(·) is a transformer decoder in-
cluding a scaled dot-product multi-head masked self-attention
layer, position-wise feed-forward network, and scaled dot
product multi-head source-target attention layer, and θg is the
parameter. Finally, the network estimates the probabilities of
a distribution of the output tokens PASR as

PASR(yt|y1:t−1,X;ΘASR) = Softmax(gt;θo), (4)

where Softmax(·) represents the softmax function with linear
Transformation and θo is the parameter. The ASR result Ŷ =
{ŷ1, · · · , ŷt, · · · } is obtained by beam search decoding as

Ŷ = arg max
Y

PASR(Y |X,ΘASR). (5)

T2TT model: The ASR result is input into the T2TT model.
The token embeddings of the ASR result Y = {y1, · · · yt, · · · }
are embedded as

yt = Embedding(ŷt;θe), (6)

where θe is the parameter. Similar to the ASR model, the
T2TT model calculates the output probability of tokens. When
the output of the decoder is Z = {z1, · · · , zt, · · · , zT } and the
first input of the decoder is the start of sentence as z0 = < s >,
the probabilities of a distribution of the output tokens PT2TT

are calculated as

f ′ = TransformerEncoder(Y ;θ′
g), (7)

e′t = Embedding(zt;θ
′
e), (8)

g′
t = TransformerDecoder(e′0:t−1;f

′,θ′
g), (9)

PT2TT(zt|z1:t−1,Y ;ΘT2TT) = Softmax(g′
t;θ

′
o). (10)

The translation result Ẑ is obtained by beam search decoding
as

Ẑ = arg max
Z

PT2TT(Z|Y ;ΘT2TT). (11)

2) S2TT model: The S2TT model consists of three compo-
nents: a speech encoder, connector, and text decoder. Speech
encoder: The speech encoder converts the input acoustic fea-
tures X into hidden representations s by using the transformer
encoder. The output of the transformer encoder s is obtained
as

s = TransformerEncoder(X;θs), (12)

where θs is the parameter.
Connector: We employed a connector consisting of 1D
convolutions and a transformer encoder [25]. The outputs
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Fig. 1. Flow of our semi-supervised speech-to-text translation.

of the speech encoder are input to multi-layer stack of 1D
convolutions to reduce the input speech length. The output is
subsequently connected to a multi-layer transformer as

d = Convolution1D(s;θd), (13)
h = TransformerEncoder(d;θh), (14)

where Convolution1D(·) is a multi-layer stack of 1D convo-
lutions with max pooling, and θd and θh is the parameter.
Text decoder: When the output of the text decoder is
Z = {z1, · · · , zt, · · · } and the first input of the decoder is
the start of sentence as z0 = < s >, the token embeddings are
calculated as

ut = Embedding(zt;θu), (15)

where θu is the parameter. The output of the connector and
token embeddings are input to the transformer decoder as

vt = TransformerDecoder(u0:t−1,h;θv), (16)

where θd is the parameter. The probabilities of a distribution
of the output tokens PT2TT are calculated as

PS2TT(zt|z1:t−1,X;ΘS2TT) = Softmax(vt;θo), (17)

where θo is the parameter. The translation result Ẑ is obtained
by beam search decoding as

Ẑ = arg max
Z

PS2TT(Z|X;ΘS2TT). (18)

3) Joint T2TT and S2TT decoding: In our proposed method,
we integrates the outputs of both T2TT in cascade system and
S2TT by shallow fusion. In our proposed method, we integrate
the outputs of both the T2TT model in the cascade system and
S2TT model by shallow fusion as shown in Figure 2. We carry

ASR model

T2TT model

Source speech

S2TT model

Shallow fusion

Target text

Speech Encoder

Text Decoder

Connector

Fig. 2. Joint T2TT and S2TT decoding with shallow fusion.

out beam-search decoding while integrating the probabilities
of a distribution predicted from the S2TT and T2TT models.
For each time step, the output distribution of each model is
integrated as

scoret = logPS2TT(zt|z1:t−1,X;ΘS2TT)+

w logPT2TT(zt|z1:t−1,Y ;ΘT2TT)}, (19)

where scoret is the integrated score from both T2TT and S2TT
models in the time step t and w is the T2TT weight for shallow
fusion. The translation result Z is obtained by beam search
decoding as

Ẑ = arg max
Z

∑

t

scoret. (20)

C. Semi-Supervised Learning

In our settings, the labeled training set is Dl =
{(X1,Z1), · · · , (Xnl

,Znl
)} and the unlabeled data is Du =

{X1, · · · ,Xnu}, where nl and nu are the number of samples
in the labeled training and unlabeled training sets respectively.
The following explanation is based on the steps in Figure 1.
Step 1: We train an initial S2TT model from the labeled
training set. The parameters in the speech encoder and text de-
coder are initialized with the ASR encoder and T2TT decoder
respectively. The model parameters ΘS2TT are optimized so
as to maximize the generative probability in the decoder
when given an input speech. Thus, the model parameters are
optimized by minimizing the cross entropy loss as

Θ̂S2TT = arg min
ΘS2TT

−
∑

(Z′,X′)∈Dl

logP (Z ′|X ′;ΘS2TT). (21)

Step 2: We determine a T2TT weight for joint T2TT and
S2TT decoding in PL. We carry out joint decoding of the
labeled development set with the cascade system and initial
S2TT model from step 1. The T2TT weight is determined
from the BLEU score on the development set and use the best
weight for the next step.
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TABLE I
DETAILS OF DATASETS.

Split En→Ja Ja→En

Size (hours) # sentence Size (hours) # sentence
Labeled train 104.87 64,387 77.19 38,799
Unlabeled train 436.08 264,252 303.83 155,597
Dev 26.10 1,369 7.76 4,000
Test 24.65 2,841 8.17 4,000

Step 3: We convert the unlabeled training set into a pseudo-
labeled training set. The unlabeled training set is decoded using
the cascade system and initial S2TT model from step 1 with
the T2TT weight from step 2. The generated pseudo-labeled
training set is written as Dpl = {(X1,Z1), · · · , (Xnu

,Znu
)}.

Step 4: At this point, we can use two labeled datasets: labeled
training set Dl and pseudo-labeled training set Dpl. The model
parameters ΘS2TT are optimized by minimizing the cross
entropy loss function with the two datasets as

Θ̃S2TT = arg min
ΘS2TT

−
∑

D∈{Dl,Dpl}

∑

(Z′,X′)∈D
logP (Z ′|X ′;ΘS2TT). (22)

IV. EXPERIMENTS

To evaluate the presented methods, we report BLEU re-
sults computed by sacrebleu [26] on the English→Japanese
(En→Ja) and Japanese→English (En→Ja) S2TT task.

A. Setups

1) Datasets: Table I shows the details of the training, devel-
opment, and test sets. We used the MuST-C v2.0 dataset [27].
The training set was split into labeled and unlabeled sets so
that the talk was not split. The development and test sets are
official splits of dev and tst-common, respectively.

2) Models and PL: ASR and T2TT models: The ASR
model is a general domain model trained from various domain
Japanese and English datasets of about 20K hours. The encoder
and decoder in the ASR model have a 12-layer transformer
and 2-layer transformer, respectively. The same ASR model
was used for English ASR and Japanese ASR. The token em-
bedding dimension, hidden-state dimension, non-linear layer
dimension, and number of heads are 512, 512, 1024, and 4,
respectively. The word error rate on the development set with
this ASR model is 16.01 %. The T2TT model is trained from
JParaCrawl v3 [28] of about 26M text pairs. The encoder and
decoder in the T2TT model have an 8- and 6-layer transformer,
respectively. The token embedding dimension, hidden-state
dimension, non-linear layer dimension, and number of heads
are 512, 512, 2048, and 8, respectively. Two separate T2TT
models were trained by reversing the translation directions:
one for En→Ja and the other for Ja→En. Note that these
models were not fine-tuned on any target domain datasets in
all experiments. Beam sizes for both models were set to 4. We
deleted the sentences including repetitions from pseudo-labels
to clean the training data.
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Fig. 3. Development set BLEU scores in different text-to-text translation
weight on Ja→En.

S2TT models: The speech encoder has an 12-layer trans-
former initialized by the encoder in the ASR model. The
connector has a 2-layer 1D convolution layer and 8-layer
transformer. The text decoder has a 6-layer transformer ini-
tialized by the decoder in the T2TT model. In the connector,
the token-embedding dimension, hidden-state dimension, non-
linear layer dimension, and number of heads are 256, 256,
2048, and 4, respectively. We used 80-dimensional log Mel-
filterbank as the acoustic features and applied SpecAugment
[29] during the training. The vocabulary sizes were 10,411
characters for Japanese and 10,000 sub-words for English [30].
During the training, the decoder parameters were frozen except
for layer normalization and cross-attention [31]. We used the
RAdam optimizer [32] with an initial learning rate of 5e-5.
Early stopping was applied if no best model was found in
the development set for ten epochs. When decoding by beam
search, the beam size was set to 4. For regularization, we used
label smoothing [23] with a smoothing parameter of 0.1. We
set the mini-batch size to 32.
PL: For evaluation, we carried out semi-supervised learning
with PL using conventional methods using only T2TT (ASR-
T2TT-PL) and only S2TT (S2TT-PL) models, and the proposed
method using both. We also prepared a fully supervised model
for when unlabeled data were labeled.

B. Results

1) Joint T2TT and S2TT Decoding: Figure 3 and 4 show
the BLEU scores of the initial S2TT and T2TT models and
joint T2TT and S2TT models with different T2TT weights on
the Ja→En and En→Ja respectively. The combination of T2TT
and S2TT models confirmed the improvement in BLEU score.
The best weights were 0.9 for Ja→En and 0.7 for En→Ja, and
these values were used in the PL mentioned in Section IV-B2.

We examined the relationship between the BLEU score
on the development set and the frequency of tokens ap-
pearing in the training set. When the scored sentence is
w = {w1, · · · , wl} in the development set, w was scored
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TABLE II
DEVELOPMENT SET BLEU SCORES IN DIFFERENT GROUPS BASED ON

FREQUENCY OF TOKEN OCCURRENCE ON EN→JA.

Group T2TT S2TT Joint T2TT & S2TT
High frequency 9.33 8.85 11.41
Middle frequency 9.05 8.15 9.55
Low frequency 9.24 7.27 9.48

by (1/l)
∑l

n=1 1/f(wn), where l is the number of tokens in
the scored sentence and f(w) is the frequency of w in the
training set. Then, the development set was divided into three
groups on the basis of the scores so that the groups have the
same number of utterances. Table II showed the BLEU scores
in the different groups based on the scores. It confirmed that
the accuracy of the S2TT decreases as the number of low-
frequency tokens increases. In addition, Joint T2TT and S2TT
decoding outperformed T2TT and S2TT.

2) Semi-Supervised S2TT: Table III shows the BLEU scores
for semi-supervised learning with each PL. We conducted
inferences with and without joint decoding during inference.
We confirmed that semi-supervised learning with any PL
improved the accuracy from the initial S2TT. From comparing
the proposed method with conventional methods, the proposed
method had higher accuracy on the En→Ja and Ja→En tasks.
This confirms the effectiveness of joint decoding, which en-
ables highly accurate PL.

V. CONCLUSIONS

In this paper, we proposed a semi-supervised S2TT method
for building end-to-end S2TT from a small amount of labeled
dataset and a large amount of unlabeled dataset. In our method,
we generate pseudo-labels with using both T2TT and S2TT
models. We introduced a shallow fusion to integrate T2TT
and S2TT efficiently. In our experiments, we confirmed the
effectiveness of the joint T2TT and S2TT decoding. The results
of the semi-supervised S2TT showed that our proposed semi-
supervised learning outperformed conventional methods with
using either T2TT or S2TT model for PL.

TABLE III
BLEU SCORES ON DEVELOPMENT AND TEST SETS IN DIFFERENT

METHODS ON EN→JA AND JA→EN.

Method En→Ja Ja→En
dev test dev test

ASR-T2TT 9.20 11.73 18.54 18.96
w/o joint decoding in inference
Initial S2TT 7.99 9.32 18.38 19.32
S2TT-PL 8.11 10.40 21.54 22.15
ASR-T2TT-PL 8.79 11.27 21.98 22.31
Proposed PL 9.47 11.51 22.42 22.76
Fully supervised 11.16 14.00 27.67 28.28
w/ joint decoding in inference
Initial S2TT 10.02 12.00 22.39 22.36
S2TT-PL 9.46 11.86 22.62 23.26
ASR-T2TT-PL 9.03 11.96 23.08 23.43
Proposed PL 10.13 12.20 23.33 23.71
Fully supervised 11.51 14.43 30.38 30.60
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