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ABSTRACT

Speech large language models (SLLMs) built on speech en-
coders, adapters, and LLMs demonstrate remarkable multitask un-
derstanding performance in high-resource languages such as English
and Chinese. However, their effectiveness substantially degrades in
low-resource languages such as Thai. This limitation arises from
three factors: (1) existing commonly used speech encoders, like the
Whisper family, underperform in low-resource languages and lack
support for broader spoken language understanding tasks; (2) the
ASR-based alignment paradigm requires training the entire SLLM,
leading to high computational cost; (3) paired speech—text data in
low-resource languages is scarce. To overcome these challenges
in the low-resource language Thai, we introduce XLSR-Thai, the
first self-supervised learning (SSL) speech encoder for Thai. It’s
obtained by continuously training the typical SSL XLSR model
on 36,000 hours of Thai speech data. Furthermore, we propose
U-Align, a speech-text alignment method that is more resource-
efficient and multitask-effective than typical ASR-based alignment.
Finally, we present Thai-SUP, a pipeline for generating Thai spo-
ken language understanding data from high-resource languages,
yielding the first Thai spoken language understanding dataset over
1000 hours. Multiple experiments demonstrate the effectiveness of
our methods in building a Thai multitask understanding SLLM. We
open-source XLSR-Thai and Thai-SUP to facilitate future researchﬂ

Index Terms— XLSR-Thai, U-Align, Thai-SUP

1. INTRODUCTION

Large language models (LLMs) have demonstrated exceptional ca-
pabilities in numerous natural language processing tasks, including
text understanding, generation, and reasoning [} [2, 3]. This ca-
pability has promoted considerable development in speech LLMs
(SLLMs), which extend the LLMs to process speech input directly.
In particular, SLLMs have shown notable success in diverse spoken
language understanding tasks [4} 5, 6], including automatic speech
recognition (ASR), intent classification (IC), named entity recogni-
tion (NER), and speech rephrasing (SR) [[7, 8} 9].

To construct SLLMs, one approach discretizes speech into to-
kens and trains the model with the standard next-token prediction
objective [10, |11} [12]. A more widely adopted and empirically
validated paradigm leverages a pretrained speech encoder to ex-
tract continuous speech representations, which are mapped to the
LLM embedding space via an adapter [13| [14} [15]. Building on
these designs, existing SLLMs have demonstrated remarkable per-
formance across multiple spoken language understanding tasks in
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high-resource languages like English and Chinese. However, the
performance of SLLMs remains substantially constrained in low-
resource languages like Thai. To address this limitation, the research
question can be summarized as: How to build SLLMs that achieve
strong performance on multitask understanding in low-resource
languages?

As the core component of SLLMs for processing speech in-
put, the speech encoder plays a vital role in capturing rich acous-
tic and linguistic information. Existing SLLMs typically use self-
supervised learning (SSL) encoders or supervised ASR encoders,
with the Whisper [16] family being a popular choice. Although
trained in large-scale multilingual speech data, their performance re-
mains suboptimal in low-resource languages [17]. Moreover, since
the Whisper family is limited to tasks such as ASR, speech transla-
tion, and voice activity detection, it imposes potential constraints on
developing SLLMs for multitask understanding.

The adapter aligns the speech embeddings produced by the
speech encoder with the text embedding space of the LLM, playing
a crucial role in enabling the LLM to understand speech. Existing
SLLMs typically begin by optimizing only the adapter on ASR
tasks within the entire SLLM framework to establish speech—text
alignment, and then leverage spoken language understanding data to
extend the SLLMs’ multitask understanding capabilities 7, 13} [18].
However, since this ASR-based alignment requires training the en-
tire SLLM to fit the ASR objective, it incurs a high computational
cost, and the alignment process is restricted to the ASR target rather
than establishing universal speech-text alignment.

The scarcity of multitask spoken language understanding data
in low-resource languages is another critical factor limiting the per-
formance of current SLLMs. Unlike ASR corpora that only re-
quire utterance-level transcriptions, multitask understanding datasets
must additionally provide task-specific supervision, such as intent
labels, named entity labels, and paraphrase pairs. Since annotating
speech data in such languages is costly, leveraging unlabeled data
through self-supervised learning and transferring paired data from
high-resource languages represent practical approaches.

In this work, we propose a comprehensive solution for devel-
oping multitask understanding SLLMs in a low-resource language,
and take Thai as a representative case. For Thai, existing speech
encoders such as the Zipformer proposed in EThai-ASR [17] or
monsoon—Whisper—medium—gigaspeech are built on limited Thai
ASR annotations, and thus remain insufficient to support multitask
understanding. Furthermore, the spoken language understanding
data required for building SLLMs is entirely absent in Thai. To
leverage large amounts of unlabeled data and enhance the multitask
capability of the speech encoder, we introduce XLSR-Thai, an SSL
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Fig. 1: The architecture of U-Align. Stagel: use the DTW-loss to align adapted speech representations with textual embeddings of tran-
scriptions without involving the LLM; Stage?2: initialize the adapter from Stage 1 and condition the frozen LLM with task-specific prompts
and speech representations. In contrast, ASR-based alignment optimizes only the adapter on ASR tasks within the entire SLLM.

speech encoder obtained by continuously training the typical SSL
XLSR model [19]] on 36,000 hours of Thai unlabeled speech. Mean-
while, we propose U-Align, a more resource-efficient and multitask-
effective universal speech—text alignment approach. Different from
ASR-based alignment, which indirectly achieves speech-text align-
ment by optimizing the entire SLLM through the ASR task, U-Align
works by directly aligning the adapted speech representations with
the textual embedding of the corresponding transcriptions without
involving the LLM, making the speech inputs fed into the LLM
more similar to the corresponding text embeddings. By using
this method, LLM can interpret speech as naturally as it does text,
achieving a more resource-efficient and multitask-effective universal
speech—text alignment. Besides, we propose the Thai-SUP pipeline,
which generates low-resource Thai spoken language understanding
data from high-resource English text understanding corpora. This
is achieved through LLM-based data augmentation and translation,
followed by text-to-speech (TTS) synthesis. Based on this pipeline,
we produce the first open-source Thai spoken language understand-
ing dataset, comprising 1,000 hours of data across IC, NER, and SR
tasks. Experimental results demonstrate that XL.SR-Thai improves
ASR performance and boosts multitask understanding, while U-
Align achieves higher accuracy across IC, NER, SR, and ASR with
lower computational cost than ASR-based alignment.

In summary, we propose a language-agnostic and transfer-
able solution for building multitask understanding SLLMs in low-
resource languages, which integrates effective encoder training,
universal speech—text alignment, and data generation strategies.
Specifically, for Thai, our contributions can be outlined as follows:

* XLSR-Thai: the first open-source Thai SSL speech encoder,
providing a strong foundation for multitask understanding by
extracting comprehensive speech representations.

¢ U-Align: a resource-efficient and multitask-effective univer-
sal speech—text alignment method that directly narrows the
gap between speech representations and their corresponding
text embeddings.

¢ Thai-SUP: a pipeline to generate low-resource spoken lan-
guage understanding data from high-resource text data with
LLM-based augmentation, translation, and TTS, yielding the
first open-source Thai spoken language understanding dataset
over 1,000 hours across IC, NER, and SR tasks.

2. PROPOSED METHODS

To develop SLLMs with strong multitask understanding capability in
low-resource languages, we propose a comprehensive solution and
take Thai as a representative case. To extract rich speech represen-
tations and support multitask requirements, we continue pretraining
a multilingual SSL. XLSR model on readily available unlabeled
speech. We further introduce U-Align, a universal speech—text
alignment method that is both more resource-efficient and more
effective for multitask learning. Besides, we design the Thai-SUP
pipeline, which leverages LLM-based data augmentation and trans-
lation combined with TTS to transfer abundant high-resource text
understanding data into low-resource spoken language understand-
ing supervision. This approach addresses the key challenges in
building low-resource language SLLMs, namely insufficient en-
coder capacity, suboptimal speech—text alignment, and data scarcity.

2.1. XLSR-Thai

While speech encoders trained on ASR tasks tend to capture primar-
ily semantic information, we first introduce the SSL speech encoder
for Thai, XLLSR-Thai, specifically designed to acquire both linguis-
tic and paralinguistic cues essential for multitask understanding. Al-
though the original XLSR model provides general speech represen-
tations from multilingual pretraining, it has seen only a few dozen
hours of Thai data, leading to weak Thai-specific learning.

To address this, we develop XLSR-Thai by continuously pre-
training the XLSR model on a large-scale corpus of 16,000 hours
of open-source Thai speech and 20,000 hours of in-house unlabeled
Thai speech. This extensive pretraining yields more robust and gen-
eralizable Thai speech representations, allowing XL.SR-Thai to cap-
ture both linguistic structures and essential paralinguistic cues, mak-
ing it more effective for multitask understanding.

2.2. U-Align
2.2.1. Model architecture

We adopt XLSR-Thai as the speech encoder to capture both semantic
and paralinguistic information. To bridge the speech-text modalities,
we use a LayerNorm, a CNN subsampler, and a projection MLP
as the modality adapter. For the LLM decoder, we use the frozen
Typhoon2-LLaMa2-3B model [20], generating text conditioned on
task prompts and adapted speech embeddings.
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Fig. 2: Thai-SUP pipeline. Thai-SUP generates low-resource Thai
spoken language understanding data from high-resource English text
corpora using LLM-based data augmentation, translation, and TTS.

2.2.2. Universal speech-text alignment

Traditional ASR-based alignment methods fine-tune the entire
SLLM to optimize for ASR objectives, leading to high computa-
tional costs and ASR-specific optimization. We propose U-Align,
which directly aligns the adapted speech representations with the
corresponding transcription representations in the LLM embedding
space. This approach ensures that the speech inputs received by the
LLM are more similar to text embeddings, facilitating a more natural
interpretation of speech and enabling universal, multitask-effective
speech-text alignment. Additionally, because the alignment stage
does not involve the LLM, the computational cost is significantly re-
duced. To handle the length mismatch between speech and text, we
align adapted speech embeddings H = {h;}/_; to frozen LLM text
embeddings E = {e; }‘j’:l using a cosine-distance DTW objective.

LetCi; =1 — % The DTW-loss can be calculated as:
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where P is the set of monotonic warping paths and 7* is the optimal
path. Normalizing by |7*| avoids sequence-length bias.

In stage2, the frozen LLM receives task-specific prompts and
speech embeddings, followed by fine-tuning the SLLM on spoken
language understanding data to support multitask understanding. A
key feature of U-Align is its ability to align speech embeddings di-
rectly with the corresponding transcription embeddings, enabling the
LLM to interpret speech more naturally, just as it does with text. This
alignment can be achieved using various constraint functions, such
as DTW-loss or CTC-loss. Our experiments show that DTW-loss
outperforms CTC-loss, and thus, we adopt DTW-loss in this work.

2.3. Thai-SUP

To address the scarcity of spoken language understanding data
in low-resource languages, we build the Thai-SUP pipeline like
Figure 2] which transfers supervision from high-resource text un-
derstanding corpora to low-resource spoken language understanding
datasets. The pipeline applies LLM-based augmentation to diversify
texts, translates the augmented texts into the target language, per-
forms colloquialization and quality filtering to ensure text-to-speech
(TTS) suitability, and finally synthesizes audio via TTS, thereby
constructing large-scale paired speech—text supervision for spoken
language understanding.

As for Thai, we start from open-source English text understand-
ing datasets, SNIPS for IC and WikiANN / CONLL-2023 for NER.
Each original example is augmented via DeepSeek-v3, generating

Table 1: CER(%) performance of XLSR-Thai. “Giga2 Test” in-
dicates the Gigaspeech?2 test dataset, “CV Test” denotes the Com-
monVoice test dataset.

Model #Params Giga2 Test CV Test
Conformer-giga2 150M 16.36 6.12
Whisper-medium-giga2 769M 14.15 6.92
XLSR-AED 450M 17.72 5.73
XLSR-Thai-AED 450M 14.88 4.80
XLSR-CTC 300M 16.74 5.06
XLSR-Thai-CTC 300M 13.91 3.97

ten synthetic variants per instance. These candidates are then fil-
tered with Gemini-2.5-flash to remove examples that are unsuitable
for downstream speech tasks. The remaining English examples
are translated into colloquial, spoken-style Thai and rendered into
speech using a Thai fine-tuned LLaSa model [21] to produce high-
quality speech-to-text pairs. For the SR task, we use DeepSeek-v3
to mine and select appropriate ASR speech—text pairs that lend
themselves to paraphrasing, and apply Gemini-2.5-flash to generate
rewritten labels. All synthesized data yields more than 250 hours for
the SR task, 648 hours for NER, and 175 hours for IC.

3. EXPERIMENTS

3.1. Experimental setup

We continue pretraining XLSR on 16,000 hours of public Thai data,
including GigaSpeech?2 [22]] and MSR-86K [23], and 20,000 hours
of in-house unlabeled Thai to obtain XLLSR-Thai. To verify encoder
gains, we fine-tune ASR on GigaSpeech2, MSR-86K, and Common
Voice [24] using either XLSR-Thai or the original XLSR and re-
port character error rate (CER). To assess U-Align’s effectiveness
and efficiency, we compare it with a conventional ASR-based align-
ment under identical model settings on the same datasets. For mul-
titask training, we first run U-Align’s alignment stage on a subset
of 2,000 hours drawn from GigaSpeech2, MSR-86K, and Common
Voice, then perform multitask fine-tuning by adding Thai-SUP to
elicit multitask understanding. We report CER for ASR, classifica-
tion accuracy (ACC) for NER and IC, and an automatic 1-5 rating
for SR computed by Gemini-2.5-Flash.

3.2. Evaluation of XLSR-Thai’s effectiveness

To validate the advancement of the XLSR-Thai encoder, we con-
ducted experiments on both ASR single-task and multitask under-
standing. In the ASR single-task, we fine-tuned the SSL encoder
using two approaches: (i) a CTC approach, where the SSL encoder
and CTC layer are fully fine-tuned, and (ii) an AED approach, where
the SSL encoder is frozen and used as a feature extractor for a Con-
former encoder and Transformer decoder AED model. Besides, we
trained a same-size AED Conformer-giga2 model with the same
data.

As shown in Table |1} our XLSR-Thai outperforms the original
XLSR model in both fine-tuning methods. Additionally, when com-
pared with the Conformer-giga2 model, XLSR-Thai-AED shows
significant improvements, indicating that our SSL model yields bet-
ter speech representations. Furthermore, when compared with the
open-source Monsoon-Whisper-Medium-GigaSpeech2, XLLSR-Thai
also demonstrates higher potential.

In multitask understanding, as shown in Table 2} using XLSR-
Thai consistently leads to better results than using Whisper as the
encoder, both for ASR-based align and U-Align approaches. This



Table 2: Multitask Thai spoken language understanding results. Evaluation metrics: ACC (%) 71 for IC, ACC (%) 1 for NER (NER-ALL
for overall, NER-PER for person, NER-ORG for organization, NER-LOC for location, NER-OTH for other entity types); LLM-score (1-5) 1

for SR; CER (%) | for ASR. Directly-MT trains multitask understanding without pre-alignment.

Model 1C NER-ALL NER-PER NER-LOC NER-ORG NER-OTH SR ASR
Whisper + ASR-based Alignment 77.15 37.86 35.61 40.83 38.29 83.27 2.66 14.43
Whisper + U-Align (DTW) 81.24 42.52 43.55 47.28 40.09 87.17 291 14.08
XLSR-Thai + Directly-MT 82.26 39.53 41.56 40.90 39.01 88.28 2.71 14.83
XLSR-Thai + ASR-based Alignment 81.71 43.23 47.88 46.43 41.89 87.91 2.89 13.81
XLSR-Thai + U-Align (CTC) 86.98 51.07 48.77 52.31 45.43 87.69 3.10 13.51
XLSR-Thai + U-Align (DTW) 89.68 53.77 53.92 5443 48.09 90.91 3.02 13.32
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Fig. 3: t-SNE visualization of text embedding, ASR-based embed-
ding, and U-Align embeddings.

highlights that XLSR-Thai is more effective for supporting multitask
understanding in SLLM construction.

3.3. Validation of U-Align’s universal speech-text alignment

To verify that U-Align provides multitask-effective universal speech-
text alignment, we conduct multitask understanding experiments.
We design the following experiments. XLSR-Thai+ASR-based
Alignment: first trains modality alignment for one epoch on 2000
hours of ASR data using ASR-based alignment, then adds one epoch
of multitask training with Thai-SUP, adopting XL.SR-Thai as speech
encoder. XLSR-Thai+Directly-MT: directly trains multitask capa-
bility on ASR data combined with Thai-SUP for two epoch, without
a separate alignment stage. XLSR-Thai+U-Align: follows our
proposed two-stage method, training one epoch of alignment with
U-Align before adding Thai-SUP for multitask understanding train-
ing. XLSR-Thai+U-Align(CTC): replaces the DTW-loss in the
alignment stage with CTC-loss. Whisper+ASR-based Alignment:
replaces the encoder in XLSR-Thai+ASR-based Alignment with
monsoon-Whisper-medium-GigaSpeech2. Whisper+U-Align: uses
the monsoon-Whisper-medium-gigaspeech2 encoder and applies
U-Align for training.

The experimental results are shown in Table 2] Comparing
XLSR-Thai+ASR-based Alignment, XLLSR-Thai+Directly-MT, and
XLSR-Thai+U-Align, we observe that performing speech-text align-
ment before multitask understanding training yields better perfor-
mance than direct multitask understanding training. Moreover,
U-Align achieves superior results over ASR-based alignment, in-
dicating that it provides a more universal and multitask-effective
alignment. The comparison between Whisper+ASR-based align-
ment and Whisper+U-Align also demonstrates that U-Align consis-
tently improves alignment across different encoders, confirming the
robustness of our method.

é ('i % é é 1’0 1'1 1’2
Compute (x107 TFLOPs)

Fig. 4: Comparison of CER(%) performance and compute cost.

3.4. Effectiveness and efficiency of U-Align

We validate U-Align’s effectiveness and efficiency on the ASR task.
The baseline trains the SLLM on ASR data with ASR-based align-
ment, while our method uses the same data in two stages: Stagel
learns modality alignment with U-Align, and Stage2 fine-tunes on
ASR. We measure effectiveness by comparing the performance
achieved by the models under the same computational cost, and
efficiency by comparing the computational cost required to achieve
the same performance. The experimental results shown in Fig. []
demonstrate that U-Align consistently performs below ASR-Based
Alignment, indicating that U-Align is both more efficient and more
effective compared to ASR-Based Alignment.

3.5. Ablation study and visualization

As shown in Table [2] U-Align(CTC) performs slightly worse than
U-Align(DTW) but still demonstrates a significant advantage over
ASR-based alignment, proving that our method is not limited to
DTW-loss; any loss function that constrains speech representations
and their corresponding text embeddings can be applied, and it con-
sistently outperforms conventional ASR-based alignment. Fig. [3]
shows t-SNE projections of speech and transcription embeddings.
The U-Align embeddings (green) are notably fit to the Text embed-
dings (blue) compared to the ASR-Based embeddings (red), which
are more dispersed. This demonstrates that U-Align aligns speech
representations more closely with text, supporting its effectiveness
for multitask understanding.

4. CONCLUSION

In this work, we propose a comprehensive solution for building
multitask understanding SLLMs for low-resource languages. We
leverage easily accessible unlabeled data for continuously pretrain-
ing XLSR, and introduce U-Align to achieve more resource-efficient
and multitask-effective speech-text alignment, and develop the Thai-
SUP pipeline to transfer high-resource text understanding data to
low-resource spoken language understanding data. Our methods are
demonstrated through experiments on Thai, and this approach can
be extended to any low-resource language.
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