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Abstract

Speech translation (ST) aims to translate speech from a
source language into text in the target language. Naturally,
speech signals contain paralinguistic cues beyond linguistic
content, which could influence or even alter the interpreta-
tion of a lexically identical sentence, thereby yielding dis-
tinct translations. However, existing ST models lack direct
and sufficient modeling of paralinguistic information, which
limits their ability to perceive paralinguistic cues and under-
stand speech comprehensively, leading to degraded transla-
tion performance. In response, we propose ParalLinguistic-
aware Speech Translation (PLaST), a novel dual-branch
framework which directly leverages paralinguistic cues be-
yond the linguistic content. Specifically, PLaST employs a
speech encoder and a style extractor to independently gener-
ate linguistic and paralinguistic representations, respectively.
To obtain a purified linguistic representation aligned with the
text representation, a hierarchical Optimal Transport (OT)
is applied on the layer-wise outputs from an LLM decoder.
Then, the paralinguistic information is retrieved and refined
with an Attention-based Retrieval (AR) module, with the
linguistic representation serving as queries to enable joint
guidance for semantic understanding and translation gener-
ation. PLaST outperforms the strong baseline with an av-
erage of 5.0 directional and 4.5 global contrastive likeli-
hood scores on the paralinguistic-sensitive benchmark Con-
traProST, demonstrating its superior capability in paralinguis-
tic perception. Further experiments on the standard speech
translation benchmark CoVoST-2 show that PLaST general-
izes well to typical ST scenarios.

Code — https://github.com/YancyDan/PLaST

1 Introduction

Speech translation (ST) refers to the task of converting
speech signals in one language into written text in another.
In addition to linguistic content such as morphology, syn-
tax, and semantics found in the literal source transcript,
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Case 1: @) “I didn't say she stole the money.”

Emphasis: 1 didn't say she stole the money.

A) Explanation: Someone might have said it, but not me.
Translation: ~ No fui yo quien dijo que ella robo el dinero.
Emphasis: I didn't say she stole the money.

B) Explanation: Someone may have stolen it, but not her.

Translation: ~ No dije que fuera ella quien robd el dinero.

Case 2: Q) “I'm glad you made it.”

Emotion:

-

A) Explanation: Truly happy that you arrived.
Translation: ~ Me alegra que hayas venido.
Emotion: ® Sarcastic, annoyed

B) Explanation:  Frustrated about your lateness.
Translation:  Qué bien que al final apareciste.

Figure 1: The same sentence can be interpreted differently
when spoken with diverse paralinguistic cues, resulting in
distinct translations from English to Spanish. Case 1: Influ-
ence of Emphasis. Case 2: Influence of Emotion.

speech signals also carry paralinguistic cues, including em-
phasis, emotion, and prosody (Bolinger 1961; Banse and
Scherer 1996; Shriberg et al. 1998), which play crucial roles
in focusing and clarifying meaning, disambiguating syntax
and sentence structure, conveying the emotional state of the
speaker (Lin, Chiang, and Lee 2024; Tsiamas et al. 2024b).
These factors contribute to inherent representation differ-
ences between text and speech, making ST a particularly
challenging task. As illustrated by the two examples in Fig-
ure 1, while the linguistic components deliver the core mes-
sage, variations in paralinguistic features can influence or
even alter the intended meaning of an utterance (Castro et al.
2019), leading to disparate translations. Therefore, investi-
gating the effective utilization of paralinguistic information
represents a promising research direction for improving the



performance of speech translation.

Traditional ST first performs an automatic speech recog-
nition (ASR) and then translates the transcribed transcript
with a machine translation (MT) module (Sperber and
Paulik 2020; Han et al. 2021). The cascaded approaches
discard the original speech signals and rely solely on pre-
dicted transcripts containing only linguistic information dur-
ing translation. In recent years, end-to-end speech transla-
tion (E2E ST) has become a mainstream paradigm as an
alternative to cascaded ST by directly translating source
speech into target text (Tsiamas et al. 2024a; Fang and Feng
2023; Zhou, Fang, and Feng 2023), which could be fur-
ther enhanced by the impressive semantic understanding and
language modeling capabilities of large language models
(LLMs) (Chen et al. 2024b; Zhang et al. 2023a). As a typical
cross-modal task, E2E ST suffers from the modality gap is-
sues and various approaches have been proposed to align the
representations of source speech and text, including multi-
task learning (Tang et al. 2021; Ye, Wang, and Li 2021),
cross-modal mix-up (Zhou, Fang, and Feng 2023; Fang et al.
2022), contrastive learning (Ouyang, Ye, and Li 2023; Ye,
Wang, and Li 2022), and adversarial training (Zhang et al.
2024b). However, the focus on aligning source speech with
corresponding textual content has led to a predominant re-
liance on linguistic information, which may limit the mod-
els’ ability to exploit paralinguistic cues since it encourages
models to treat speech signals primarily in terms of their lin-
guistic content. Meanwhile, LLM-integrated methods typi-
cally employ relatively simple adaptation modules to align
speech representations with the LLM’s embedding space,
leaving paralinguistic information largely unexplored. Con-
sequently, the utilization of paralinguistic information in
current E2E ST systems is indirect and inadequate, leading
to a suboptimal translation.

In this paper, we propose ParaLinguistic-aware Speech
Translation (PLaST), an end-to-end framework designed
to enhance translation performance by directly leveraging
paralinguistic information. PLaST comprises two parallel
branches that independently capture linguistic and paralin-
guistic information. Specifically, the linguistic information
is extracted and encoded by a speech encoder, while the
paralinguistic features are obtained using a pre-trained style
encoder tailored for paralinguistic tasks. To obtain purified
linguistic content, we first align the speech and text modal-
ities using hierarchical Optimal Transport (OT). In particu-
lar, the speech signals and corresponding transcript are fed
into the LLM in pairs, and the alignment between the layer-
wise decoder outputs of each modality is performed using
the Wasserstein Loss (Frogner et al. 2015). This encourages
consistent outputs regardless of input modality, effectively
bridging the representational gap between speech and text.
Importantly, the LLM is kept frozen during this process to
ensure that the speech encoder is optimized independently.
Next, we retrieve and refine the paralinguistic features via an
Attention-based Retrieval (AR) module. This module em-
ploys a cross-attention (Vaswani et al. 2017) mechanism,
where the aligned linguistic representations act as queries,
and the paralinguistic features serve as keys and values, en-
abling effective paralinguistic integration. By seamlessly in-
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corporating both linguistic and paralinguistic information
into the LLM decoder, PLaST facilitates more comprehen-
sive speech understanding and significantly improves trans-
lation quality. Experimental results indicate that paralin-
guistic information contributes substantially to the transla-
tion performance. PLaST achieves an average of 5.0 direc-
tional and 4.5 global contrastive likelihood scores improve-
ments over the strong baseline on the paralinguistic-sensitive
benchmark ContraProST. Furthermore, PLaST generalizes
well to typical ST scenarios, where it outperforms the base-
line with an average of 0.43 and 0.98 BLEU scores under 2B
and 8B settings on the standard ST benchmark CoVoST-2.
Our contributions are summarized as follows:

* We propose ParaLinguistic-aware Speech Translation
(PLaST), a dual-branch framework in which paralinguis-
tic cues beyond linguistic content are integrated into the
LLM decoder to enhance semantic understanding and
translation generation.

* We propose to apply a hierarchical Optimal Transport
(OT) to enforce cross-modal alignment, thereby pro-
ducing linguistically faithful representations. Moreover,
the paralinguistic features derived by a style decoder
are further retrieved and refined through the proposed
Attention-based Retrieval (AR) module.

Extensive experiments demonstrate that PLaST effec-
tively leverages paralinguistic information, yielding sub-
stantial improvements over prior methods. It achieves
state-of-the-art performance on both the paralinguis-
tic awareness benchmark contraProST (Tsiamas et al.
2024b) and the general speech translation benchmark
CoVoST-2 (Wang, Wu, and Pino 2020).

2 Methodology
2.1 Model Architecture

Speech translation corpora typically comprise triplets
{(s,z,y)} € Dsr, where s denotes the source speech, x is
the source language transcript, and y is the target-language
translation. E2E ST aims to directly generate y from s, elim-
inating the need for  as an intermediate step.

As depicted in Figure 2 (a), the proposed E2E ST frame-
work PLaST consists of three components: (1) a linguistic
branch comprising a speech encoder and an adaptor, (2)
a paralinguistic branch including a style encoder and an
Attention-based Retrieval module, and (3) an LLM decoder
positioned on top of the whole framework for text genera-
tion. The two branches extract parallel linguistic and paralin-
guistic representations from the input speech. Subsequently,
the retrieval module retrieves and refines the extracted par-
alinguistic representations, seamlessly integrating them into
the LLM decoder to enhance translation performance.

2.2 The Linguistic Branch

Plentiful works have been proposed to extract the linguistic
content in the source speech signals. Among them, Whis-
per (Radford et al. 2023) achieves state-of-the-art perfor-
mance on diverse speech-related tasks due to its multi-task,
large-scale, weakly supervised pre-training. Its effectiveness
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Figure 2: Overall of the proposed PLaST: (a) model architecture of PLaST, and (b) the cross-modal alignment with hierarchical
Optimal Transport. The linguistic content and paralinguistic cues are separately extracted from distinct branches and fused with
the proposed Attention-based Retrieval module, enabling an enhanced semantic understanding and translation generation.

has been validated in various E2E ST systems (Chen et al.
2024b; Huang et al. 2023).

We choose Whisper as the speech encoder to extract lin-
guistic representation as (1) it exhibits strong multilingual
generalization across languages and accents, (2) it is robust
to real-world conditions such as background noise, speaker
variability, and speech disfluencies, and (3) it provides a uni-
fied encoder architecture that is easy to integrate and fine-
tune within E2E frameworks. Subsequently, a lightweight
adaptor is utilized to project the speech embeddings into the
dimension of the language model’s input space:

H; = Fl, (ENCgpeean(s) ), (1

where ENCSpeeCh(~) is the speech encoder, in particular, ini-
tialized with Whisper (Radford et al. 2023). The Faqa(:) is
a three-layer multilayer perceptron (MLP) that maps the en-
coder’s output into the LLM decoder’s embedding space.

Due to the inferior data quality during pre-training of
Whisper and the informative nature of speech signals, the
extracted linguistic representation might comprise undesired
counterparts for translation. Thus, we propose to further
align speech and text representations using Optimal Trans-
port for a purified linguistic information extraction.

Optimal Transport. As depicted in Figure 2 (b), to gen-
erate linguistically faithful representations, we align the lin-
guistic and text representations within the LLM’s semantic
space by minimizing the Wasserstein loss (Frogner et al.
2015) between the layer-wise decoder outputs of each paired
input, which is grounded in OT (Peyré and Cuturi 2019). OT
formulates transporting one distribution to another at mini-
mum cost under a given cost matrix.
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Let 1 and v be the empirical distributions of speech and
text representations with length 75 and T;, we have:

"= {(mi,wi)}iT;, st w; = 1/Ty

T 2

V= {(mj,wj)}jil, s.t. w; = 1/Tm
where the uniform weights w; and w; are assigned to the
elements m; and m,, respectively. Then, the squared Eu-
clidean cost matrix C € R”=*T= is computed as C;; =
Hmi — mj‘ ;, measuring the transportation cost from m; to

m,;. Finally, the Wasserstein distance is defined as the mini-
mal total transport cost:

D(u,v) = mzin Z Z;;C,;,

(]

Ts
st Y Zp=1/T,, Vie{l,... T}

i=1

3)

Ty
Zz;j =1/T,, Vje{l,...,T,}
j=1

where Z € RT*T= is the transport matrix that specifies how
mass is transported between the two distributions.

In practice, we adopt the entropy-regularized upper-
bound approximation of the Wasserstein distance to make
it differentiable and efficiently computable by the Sinkhorn
algorithm (Sinkhorn and Knopp 1967) following previous
works (Tsiamas et al. 2024a; Le et al. 2023). Hence, the loss



function is defined as:

Lwass = mzin Z Z;;C,; —\H(Z) | ,

.3

“

where H(-) represents the von Neumann entropy, and A > 0
controls the strength of the regularization.

To improve the robustness of alignment, we compute the
Wasserstein loss Lwagss hierarchically across LLM layers:

1t = LLMpiagen (H1),
V= LLMhidden (EMB(Q?/))7
L= Z o Lwass (1", V"),

kel

&)

where H; is the speech representation derived from Equa-
tion (1), =’ denotes the tokenized embedding of transcript .
L is the set of selected hidden layers in LLM, and oF is the
loss weight assigned to the k-th layer.

Note that the LLM remains frozen throughout this process
to ensure the speech encoder is optimized in isolation, hence
establishing a hierarchical alignment from speech to text.

2.3 The Paralinguistic Branch

In addition to linguistic content within the literal source tran-
script, the paralinguistic branch is meticulously designed to
capture paralinguistic cues, thereby assisting the LLM de-
coder in end-to-end paralinguistic-aware translation. There-
fore, a style encoder is employed to extract the paralinguistic
features, including emphasis, emotion, prosody, et al.
Specifically, the emotion2vec (Ma et al. 2024) is adopted
for this purpose due to its training-free character and fine-
grained, frame-level feature extraction capacity. Symmetri-
cally, we have:
Zp = ENCyyie(s). ©6)

However, since the representations extracted by the style
encoder lack task-specific semantic alignment with the
speech translation objective, the direct use of such features is
suboptimal. We propose an Attention-based Retrieval mech-
anism to retrieve and refine the obtained paralinguistic rep-
resentations for better adaptation to the ST task.

Attention-based Retrieval. The Attention-based Re-
trieval module is designed to retrieve and integrate paralin-
guistic information into the translation process. In this mod-
ule, the linguistic representations extracted by the speech
encoder serve as queries, while the paralinguistic features
derived from the style encoder are used as keys and values:

H, = Attention( Detach(H,), Z,, Z, ). )

Here, H; is detached in advance to prevent gradients from
flowing back into the linguistic branch, thereby preserving
the integrity of its semantically aligned representation space.
This design enables the model to selectively retrieve paralin-
guistic cues most relevant to the ST task.

In contrast to the subsequent self-attention operations
within the LLM decoder, this retrieval mechanism employs
a decoupled query and key/value formulation, similar to the
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Prompt for ASR:

<H > Please transcribe the above English sentence into English,
given the following auxiliary information. <H,>

Prompt for ST:

<H > Please translate the above Spanish sentence into English,
given the following auxiliary information. <H,,>

Figure 3: An example of the prompt template. In bold are in-
structive words that differ across tasks and translation direc-
tions. <H;> is the linguistic features, and <H,> denotes
the paralinguistic representations extracted by the linguistic
and paralinguistic branches, respectively.

encoder-decoder attention found in standard sequence-to-
sequence models (Vaswani et al. 2017). This architectural
choice promotes a structured fusion of linguistic and par-
alinguistic information, facilitating precise and effective in-
tegration of emotional, prosodic, and emphatic cues into the
translation process. By explicitly separating linguistic and
paralinguistic from distinct branches and fusing them with
our proposed AR module at the attention level, the model
is better equipped to perceive, adapt to, and utilize auxiliary
paralinguistic signals, thereby enhancing the semantic and
pragmatic adequacy of the generated translation.

2.4 The LLM Decoder

Given the obtained linguistic representation H; and the par-
alinguistic representation H,, the LLM decoder aims to
generate high-fidelity translations. We adopt Llama?2 for its
strong performance in text generation (Zhang et al. 2024a;
Touvron et al. 2023).

To leverage both types of information, we perform in-
struction tuning (Chen et al. 2024b; Zhang et al. 2023b)
by integrating H; and H, into a unified instruction. As il-
lustrated in Figure 3, the instruction contains a task-specific
prompt, the linguistic representation H;, and the paralinguis-
tic representation H,,. Finally, with these three components
concatenated as the LLM input, we have the training objec-
tive:

p(yls) = [ [ p(yi| Hi, Prompt, H,, y).
=1

®)

3 Experiments
3.1 Experimental Settings

Datasets. ContraProST (Tsiamas et al. 2024b) is a par-
alinguistic benchmark which comprises double-contrastive
examples, each consisting of a potentially semantically am-
biguous English transcript paired with two distinct <speech,
translation> pairs that differ in paralinguistic expression.
CoVoST-2 (Wang, Wu, and Pino 2020) is a large-scale mul-
tilingual speech translation corpus derived from Common
Voice (Ardila et al. 2019). Following previous works (Chen
et al. 2024b), we utilize 9 directions of data for training, in-
volving Fr/De/Es/It/Zh/Ja — En and En — De/Ja/Zh,



Model German Spanish Japanese
Directional Global Directional Global Directional Global

XLS-R 2B (2022) 59.3 4.6 57.6 5.6 60.0 4.6
SeamlessM4T (large-v2) (2023) 61.2 13.5 64.9 13.4 59.4 12.4
ZeroSwot-Large (2024a) 60.6 9.7 57.5 9.2 58.8 7.9
SALMONN-13B (2024) 62.8 7.2 61.3 3.6 60.4 10.8
LLaST-2B7 (2024b) 63.2 10.2 60.4 10.8 56.3 8.7
PLaST-2B (ours) \ 65.5(2.31) 154 (5.27) \ 66.3 (5.91) 13.6 (3.87) \ 63.1 (6.87) 13.3(4.61)

Table 1: Main results on the paralinguistic-sensitive benchmark ContraProST, including 3 directions from English — X. Direc-
tional and Global donate corresponding contrastive likelihood scores. : our reproduction. The optimal results are highlighted
in bold. Our performance improvements over the Baseline LLaST (Chen et al. 2024b) are also displayed for a clear comparison.

Model \ Parms. \ French Japanese = German Chinese Spanish Italian
Whisper-large-v2 (2023) 1.6B 36.4 26.1 36.3 18.0 40.1 30.9
SeamlessM4T (medium) (2023) | 1.2B 38.4 15.2 34.7 18.0 38.7 36.5
SeamlessM4T (large-v2) (2023) | 2.3B 42.1 23.8 39.9 222 429 40.0
SpeechLLaMA (2023) 7B 25.2 19.9 27.1 12.3 27.9 25.9
Qwen-audio (2023) 8B 38.5 - 33.9 15.7 39.7 36.0
LLaST-2B (2024b) 2B 41.2 24.2 36.8 19.2 43.2 39.3
LLaST-8B (2024b) 8B 441 244 40.8 23.3 45.3 42.1
PLaST-2B (ours) 2B 41.6 (0.47) 24.8(0.61) 37.4(0.61) 19.7(0.57) 43.3(0.17) 39.7 (0.41)
PLaST-8B (ours) 8B 44.3 (0.27) 27.8 (3.41) 409 (0.11) 24.8(1.57) 45.5(0.27) 42.6 (0.57)

Table 2: Main results on the standard speech translation benchmark CoVoST-2, including 6 directions from X — English.

selected from a total pool of 21 languages translated into
English and 15 languages translated from English.

Evaluation Metrics. The contrastive evaluation (Sen-
nrich 2017), which measures how well an ST model handles
paralinguistic information, is adopted as the primary met-
ric on ContraProST. Specifically, we use contrastive likeli-
hood and contrastive quality (Tsiamas et al. 2024b) to assess
the model’s paralinguistic awareness. While on CoVoST-2, a
case-sensitive sacreBLEU (Post 2018) is utilized to evaluate
translation accuracy.

Model Configurations. In the linguistic branch, Whisper-
large-v2 (Radford et al. 2023) is employed as the speech en-
coder, and the adaptor is a three-layer MLP that projects
1280-dimensional representations into the LLM’s 2048-
dimensional embedding space. In the paralinguistic branch,
the frozen emotion2vec+base (Ma et al. 2024) is set as the
style encoder to extract paralinguistic cues. The AR module
is implemented via separate linear layers for queries, keys,
values, and outputs, followed by a three-layer MLP. To en-
sure a fair comparison with our baseline (Chen et al. 2024b),
TinyLlama-1.1B-Chat (Zhang et al. 2024a) and Llama-2-7b-
chat (Touvron et al. 2023) were used as the LLM decoder,
resulting in a total of approximately 2B and 8B parameters,
respectively. For efficient training, we apply LoRA (Hu et al.
2022) adaptors to the speech encoder and the LLM, config-
uring the rank to 128 for the former and 512 for the latter.

Training Details. The alignment between speech and
text representations with the proposed hierarchical Optimal
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Transport is first conducted for linguistically faithful in-
formation extraction. Particularly, the speech encoder and
adaptor in the linguistic branch are optimized by minimizing
Lwass across layer-wise decoder outputs in LLM with k €
{5,7,9,11,13,15,17,19,21,22}, and the corresponding
weights o € {0.4,0.4,0.4,0.4,0.5,0.6,0.7,0.8,0.9,1}.
Subsequently, an E2E ST is performed to train the entire
model, where the trainable parameters include the adaptor,
the AR module, and LoRA adaptors for both the speech en-
coder and the LLM decoder. The alignment and E2E training
are separately performed for one epoch using the AdamW
optimizer with 81 = 0.9 and B> = 0.99. The learning rate
warms up linearly over the first 3% of training steps to a
peak of 2 x 104, followed by cosine annealing.

3.2 Main Results

ContraProST. As illustrated in Table 1, we present
the results of our proposed PLaST on the ContraProST
benchmark in all three directions translated from English:
German, Spanish, and Japanese. Apart from the base-
line LLaST (Chen et al. 2024b), we also report other
representative models as follows: XLS-R (Babu et al.
2022), an E2E model built on WAV2VEC2.0 and mBART;
SeamlessM4T (Communication et al. 2023), a multilin-
gual and multimodal encoder-decoder model trained with
multi-task learning on ASR, MT, and ST, ZeroSwot-
Large (Tsiamas et al. 2024a), a zero-shot E2E ST model
that combines WAV2VEC2.0 with an NLLB decoder; and
SALMONN (Tang et al. 2024), an audio LLM that integrates



Model ‘Lin. Para. OT AR Detach ‘ Likelihood BLEU

A X /- - 54.3 41.38
B A S 4 61.8 41.43
C oo/ /X 4 56.2 41.49
D v v v/ X 57.0 41.52
PLaST| v vV VvV V/ v | 629 41.80

Table 3: Study on the contribution of each component. Re-
sults are reported on CoVoST-2 for Es—FEn and on Con-
traProST for En— Es contrastive likelihood.

whisper and BEATS to the Vicuna decoder.

Due to the nature of the E2E ST method, where it has di-
rect access to the speech signals, all models possess at least a
partial internal representation of paralinguistic cues, which
allows them to outperform the random baseline of 50% in
the directional contrastive likelihood. On the other hand,
correctly solving both sub-cases of each example (i.e., the
global contrastive likelihood) presents a highly challenging
objective, as performance scores rarely exceed 10%, except
in the case of SeamlessM4T, which utilizes an unsupervised
pretraining strategy, potentially leading to a broader and di-
verse acoustic speech representation.

In contrast, PLaST consistently outperforms all these
methods by a substantial margin in both directional and
global contrastive likelihood due to its direct exploitation
of paralinguistic information. Particularly, PLaST achieves
average scores of 65.0 and 14.1 on directional and global
likelihood, an improvement over LLaST with gains ranging
from 2.3 to 5.9 points in directional likelihood and 2.8 to 5.2
points in global likelihood. These results highlight PLaST’s
exceptional ability to leverage both linguistic and paralin-
guistic information, enabling fine-grained translation deci-
sions that outperform previous state-of-the-art models.

CoVoST-2. To further generalize the proposed PLaST to
a more typical ST scenario, we evaluate our model on the
standard ST benchmark CoVoST-2. In line with the base-
line PLaST (Chen et al. 2024b), training data from 9 trans-
lation directions are merged to build a unified model and
BLEU scores are reported independently on 6 X to English
translation directions: Fr/De/Es/It/Zh/Ja — En. The re-
sults are shown in Table 2. PLaST-2B achieves an aver-
age improvement of 0.43 BLEU scores over LLaST, and it
demonstrates competitive performance with SeamlessM4T-
Large-v2, while attaining the best result on translating from
Spanish to English (Es — En) among methods of compa-
rable parameters. PLaST-8B outperforms all previous meth-
ods and achieves new state-of-the-art performance at a sim-
ilar scale, with a notable 3.4 BLEU score improvement on
the Ja — En, where relatively low Japanese parallel training
data is involved during training. These results demonstrate
that PLaST generalizes well to general translation scenar-
ios and underscore the substantial benefits of paralinguistic
augmentation, especially for low-resource languages.
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Model Top-1 Accuracy

22 21 20
LLaST-2B  91.3 66.7 21.2
PLaST-2B 975 973 969

Table 4: Cross-modal retrieval accuracy on CoVoST-2
Es—En test set. The Top-1 accuracy is evaluated using the
Wasserstein distance between speech and text representa-
tions from the LLM decoder layers.

3.3 Ablation Studies

Study on the Contribution of Each Component. An ab-
lation study is conducted by removing the component to
evaluate its contribution to our model, as shown in Table 3.

Firstly, the removal of the entire paralinguistic branch
leads to the most significant decline of 8.6 and 0.42 in the
likelihood and the BLEU scores (in line A), which demon-
strates the effectiveness of paralinguistic cues in enhancing
the translation process. The OT and AR modules contribute
to the paralinguistic-aware capability of PLaST to a different
extent, which improves the likelihood score by 1.1 and 6.7
and the BLEU score by 0.37 and 0.31, respectively (in lines
B and C). Finally, we remove the detach operations in AR,
where the gradients could flow back to the linguistic branch
without a hitch, resulting in a decline of 5.9 in the likeli-
hood and 0.28 in the BLEU scores (in line D). This suggests
that information from the paralinguistic branch may inter-
fere with the linguistic representation space, and that explic-
itly preserving the separation between linguistic and paralin-
guistic information through distinct branches contributes to
a better speech understanding in the model.

Study on the Effectiveness of OT. We conduct a retrieval
experiment to assess whether the proposed hierarchical OT
effectively aligns source speech with corresponding textual
content and promotes the generation of linguistically faith-
ful representations. Specifically, 2,000 <speech, transcript>
pairs are randomly sampled from the of the Es — En test set
on CoVoST-2. For each speech input, we identify its nearest
transcript neighbor using the minimal Wasserstein distance
and calculate accuracy on these samples. Retrieval is con-
ducted on the final three layers of the LLM decoder.

The results in Table 4 indicate that the proposed PLaST
takes a dominant lead over the baseline LLaST. Though both
PLaST and LLaST achieve high accuracy on the final layer
outputs, i.e., exceeding 90% accuracy on the 22nd layer,
our PLaST still outperforms LLaST by an absolute margin
of 6.2%. When moving to lower layers, a clear divergence
emerges where LLaST’s accuracy drops sharply to 66.7%
and 21.2% at the 21st and 20th layer, a huge decline of
24.6% and 70.1%. However, PLaST maintains a high accu-
racy of 97.3% and 96.9%, with a marginal decrease of 0.2%
and 0.6% in accuracy, respectively. These findings highlight
the effectiveness of Optimal Transport in aligning source
speech with corresponding textual content, enabling the gen-
eration of linguistically faithful speech representations.



Model Likelihood BLEU
Self-attention on paralinguistics 60.7 41.68
Self-attention on linguistics 54.6 41.55
w/ 1-layer AR 62.9 41.80
w/ 2-layer AR 62.4 41.75
w/ 3-layer AR 62.5 41.79

Table 5: Study on the AR variations in PLaST. The Es — En
subset in CoVoST-2 is used for training, and the global con-
trastive likelihood is evaluated on ContraProST.

Study on the Effectiveness of AR. To explore the role of
the proposed AR in PLaST, we select several variations of
AR to analyze the Effectiveness of AR, as shown in Table 5.

We first replace the Retrieval module implemented based
on cross-attention with self-attention. In this situation, the
Retrieval module degenerates to a vanilla feature extractor.
Taking the extracted paralinguistic representation as input,
the non-retrieved and full paralinguistic information is re-
served during the translation process, which degrades the
likelihood and BLEU scores by 2.2 and 0.12. In another
variation, we replace the input with the linguistic content,
excluding the paralinguistic cues, to further investigate the
effectiveness of paralinguistic information. This setup can
be viewed as enhancing translation by providing linguis-
tic information to the decoder twice. Interestingly, a slight
improvement in BLEU score is observed compared to the
non-enhanced variation(see Table 3, line A), while the like-
lihood score remains quite the same. This confirms that the
speech encoder, despite having direct access to the speech
signals, primarily captures textual content. The performance
of the other three variations with stacked cross-attention lay-
ers shows little difference, indicating that the improvement
stems from the retrieval process rather than the increase in
model capacity. Thus, the one-layer AR is adopted in PLaST.

4 Related Work
4.1 End-to-End Speech Translation

E2E ST directly translates source speech signals into tar-
get text, eliminating the need for an intermediate transcript.
Existing methods treat ST as a cross-modal task, aiming to
bridge the modality gap between source speech and text.
Typically, Tang et al. (2021) and Ye, Wang, and Li (2021)
proposed bridging the representation discrepancy implicitly
by projecting speech and text into a shared semantic space
within a multi-task learning framework. Meanwhile, various
approaches have been proposed to explicitly align speech
and text representations using auxiliary optimization tech-
niques, such as Optimal Transport (Tsiamas et al. 2024a),
contrastive learning (Ouyang, Ye, and Li 2023; Ye, Wang,
and Li 2022), and adversarial training (Zhang et al. 2024b).
The recent advances of LLMs in semantic understanding and
language modeling further pushed the E2E ST ahead (Gaido
et al. 2024; Chen et al. 2024b; Tang et al. 2024; Zhang et al.
2023a; Wu et al. 2025), where an adaptor is typically em-
ployed to fit the LLM’s embedding space. Although E2E
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ST models appear well-suited for paralinguistic-aware trans-
lation due to their direct access to speech signals, overly
aligned representations may hinder the models’ capability to
leverage paralinguistic information, as it pushes the models
to treat speech signals closely aligned with their linguistic
content.

Distinguished from previous E2E ST methods that focus
solely on linguistic information, the proposed PLaST lever-
ages paralinguistic cues beyond the linguistic part via a dual-
branch encoder, capitalizing on the advancements of LLMs.
This enables a more comprehensive understanding of speech
signals and an enhanced translation quality.

4.2 Paralinguistics

Paralinguistic cues have attracted sustained and widespread
interest across various speech-related tasks. Skerry-Ryan
et al. (2018) proposed to learn a latent representation
of prosody to transfer in text-to-speech synthesis (TTS),
while Pamisetty, Sri, and Murty (2021) incorporated desired
prosodic features by controlling the fundamental frequency
and the phone duration in TTS. In the speech-to-speech
translation (S2S) domain, Communication et al. (2023) and
Do, Sakti, and Nakamura (2017) have discussed the expres-
siveness of the translated speech. Furthermore, paralinguis-
tic cues have been integrated into the pre-training of LLMs,
leading to the development of multi-modal LLMs for en-
hanced speech-based question answering and dialogue gen-
eration (Chen et al. 2025; Lin, Chiang, and Lee 2024).

In the ST domain, Zhou et al.(2024) introduced con-
trastive likelihood to study the paralinguistic-aware capa-
bility of E2E and cascaded ST models in Korean wh-
phrases, and empirically demonstrated that E2E models bet-
ter utilize paralinguistic information. Meanwhile, Tsiamas
et al.(2024b) contributed ContraProST, a double-contrastive
dataset designed to facilitate a broader study of paralinguis-
tic phenomena in speech translation, offering us a reliable
benchmark for evaluating paralinguistic awareness. Closely
related, Chen et al.(2024a) proposed MELD-ST, which used
emotion labels to boost translation performance and con-
structed an emotion-aware speech translation dataset. How-
ever, their approach relies on simple, coarse-grained emo-
tion labels, which are often limited in availability. In con-
trast, we propose the utilization of refined, frame-level
paralinguistic representations, which contribute to a fine-
grained paralinguistic-aware speech translation system.

5 Conclusion

E2E ST methods currently face limitations in effectively uti-
lizing paralinguistic information. Our proposed PLaST mit-
igates this gap by directly leveraging paralinguistic cues
through a dual-branch framework. By independently ex-
tracting linguistic and paralinguistic representations, apply-
ing hierarchical Optimal Transport for purified linguistic
representation generation, and using an Attention-based Re-
trieval module for paralinguistic information refinement,
PLaST showcases its strength on the paralinguistic-sensitive
benchmark ContraProST, and it generalizes well to the stan-
dard speech translation benchmark CoVoST-2.
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