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ABSTRACT

Sentence embedding is the task of capturing textual information in contextualized vectors, which has attracted
considerable attention in recent years due to its effectiveness in a wide range of downstream NLP applications, such as
classification, retrieval, and semantic search. Despite substantial progress, particularly for English, the study of sentence
embeddings in resource-constrained languages like Thai remains underexplored. Existing Thai benchmarks are limited
in scope, as they primarily evaluate models on text classification, leaving other important tasks insufficiently examined.
To address this gap, we introduce the Thai Sentence Embedding Benchmark, a comprehensive evaluation suite covering
diverse tasks including semantic textual similarity (STS), text classification, pairwise classification, and retrieval.
We systematically collect and reformat high-quality Thai texts into embedding-based tasks, ensuring robust and
standardized evaluation. Furthermore, we propose a new dataset, Thai STS, specifically designed to fill a crucial gap in
evaluating semantic similarity in Thai. Beyond benchmarking, we present new Thai sentence embeddings trained under
four different sentence embedding frameworks designed for low-resource settings, with three model sizes spanning
monolingual and multilingual encoder-based architectures. This variety enables meaningful insights into the trade-offs

between scale, architecture, and resource constraints. Through extensive experiments, we evaluate a broad spectrum of
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embedding models, including newly developed large language models (LLMs), smaller language models (SLMs), and

off-the-shelf API-based systems. Our findings highlight both strengths and persistent challenges across tasks, providing

guidance for future work. All datasets, models, and code are released under the Apache-2.0 License to support open,

reproducible, and community-driven progress in Thai NLP community.

Keywords: Sentence Embedding Evaluation; Text Classification; Retrieval; Semantic Textual Similarity

1. Introduction

Sentence embedding is a foundational task of many
Natural Language Processing (NLP) applications, such as
text classification, clustering, and information retrieval.
The task of sentence embedding is to transform a sentence
into a fixed-length vector that encapsulates the semantics
of the sentence. Sentence embedding models utilize trans-
former-based Pre-trained Language Models (PLMs) like
BERT " and RoBERTa ' that were trained on a large-scale
corpus of unlabeled data using unsupervised pre-training
methods, i.e., Masked Language Modeling (MLM) and
Next Sentence Prediction (NSP). In addition, unsupervised
fine-tuning techniques, such as SimCSE "/, have been de-
veloped to enhance the performance of sentence embed-
ding models without relying on labeled data. Recently, re-
searchers have proposed techniques to convert generative
Large Language Models (LLMs) into sentence embedding
models, e.g., E5 Mistral 7B, GritLM 7B, and gte-Qw-
en2 7B These models have achieved new state-of-the-
art performance in MTEB ', a standard English sentence
embedding benchmark.

To evaluate the effectiveness of sentence embedding,
researchers have created various benchmarks, SentEval ™/
BEIR ¥, and MTEB !, which involve a suite of tasks de-
signed to evaluate the performance of sentence embedding
models on three different aspects.

. Intrinsic Evaluation Performance. Measures the
quality of embeddings produced by the sentence em-
bedding model by assessing their performance on
specific NLP tasks that are related to the embedding
space itself, such as semantic textual similarity (STS),
and natural language inference (NLI).

. Downstream Task Performance. Evaluates how
well the sentence embedding model performs on var-
ious downstream NLP tasks, such as text classifica-
tion and retrieval.

. Efficiency. Assesses the computational efficiency of
the model, including inference speed.

These standard benchmarks serve two vital purpos-
es: (i) They enable researchers to systematically study the
strengths and weaknesses of different models, leading to
the development of better models. (ii) They facilitate in-
dustry practitioners in identifying the most suitable models
for specific downstream tasks, ensuring accurate model se-
lection for real-world applications. However, these estab-
lished benchmarks focus solely on English, while a more
resource-constrained language like Thai must contend with
less comprehensive benchmarks.

The major challenge in the development of Thai
sentence embedding is the lack of a comprehensive bench-
mark. The existing benchmark for Thai sentence embed-
ding, namely Thai Text Classification Benchmark """, only
assesses the text classification performance, neglecting
the intrinsic evaluation and other downstream task perfor-
mance. Addressing the gap between Thai and English sen-
tence embedding benchmarks is crucial for advancing the
development of NLP applications in the Thai language.

In this paper, we propose a new Thai sentence em-
bedding benchmark. The benchmark consists of 8 datasets
covering 4 tasks: (i) STS, (ii) Text classification, (iii) Pair
classification, and (iv) Retrieval QA. We aggregate exist-
ing Thai and multilingual datasets for text classification,
pair classification, and retrieval tasks. We found that there
is no dataset for the STS task in the Thai language. Thus,
we created one by translating from the STS-B dataset """\,
We evaluate 36 sentence embedding models using our 7hai
sentence embedding benchmark to study the strengths and
weaknesses of each sentence embedding model in the Thai
language. Specifically, we assess the performance of new-
ly developed multilingual and Thai sentence embedding
models (LLMs and SLMs) and off-the-shelf embedding
APIs. In addition, we evaluate the effectiveness of variant
unsupervised fine-tuning techniques, such as SimCSE, on
multiple pre-trained models.

The experimental results show that no individu-
al model dominates all tasks. Models that exhibit strong

performance in text classification and retrieval tasks tend
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to demonstrate weaker performance in STS and pair clas-
sification tasks, and vice versa. Interestingly, we observe
no LLM-based sentence embedding models among the
top performers in the Thai sentence embedding bench-
mark. The GRITLM 7B and gte-Qwen2 7B, which are
considered among the top performers in MTEB, exhibit
the poorest performance compared to other LLMs in our
benchmark. These results reveal the disparity in language
generalization among the LLM-based sentence embedding
models. Further, we find that non-LLM sentence embed-
ding models (i.e., the model with less than 600M parame-
ters) can achieve performance on par with LLMs through
unsupervised fine-tuning methods. Our benchmarking
study reveals valuable insights into the strengths and weak-
nesses of various sentence embedding models and embed-
ding API services. We hope our work will facilitate model
selection and advance the future development of Thai NLP.
We make all of our benchmark’s source code, datasets, and
fine-tuned models publicly available.

Our contributions can be summarized as follows:

. We propose a new Thai sentence embedding bench-
mark, the first comprehensive benchmark for eval-
uating Thai sentence embedding. The benchmark
covers diverse datasets across 4 tasks: (i) STS, (ii)
Text classification, (iii) Pair classification, and (iv)
Retrieval QA, for intrinsic and downstream task per-
formance evaluation.

. We assess the performance of 36 newly developed
multilingual and Thai sentence embedding models,
including LLM-based, SLM-based, and off-the-shelf
embedding APIs. We evaluate the effectiveness of
different unsupervised fine-tuning methods on multi-
ple pre-trained models. Notably, this paper is the first
to evaluate the performance of LLM-based sentence
embedding models on diverse Thai sentence embed-
ding tasks.

. The experimental findings reveal (i) the best em-
bedding model for each Thai sentence embedding
task, (ii) the disparity of top LLMs’ performance on
Thai and English sentence embedding, and (iii) the
success and failure cases of different unsupervised
fine-tuning techniques on Thai sentence embedding
tasks.

. The source code, datasets, and fine-tuned models

used in this study are publicly available for conve-

nient assessment of future methods.

2. Related Work

2.1.Sentence Embedding

Training sentence embeddings often involves con-
trastive learning with unlabeled text data. Contrastive
learning consists of three major components: (i) anchor,
(i1) positive, and (iii) negative. The contrastive learning
objective is to maximize the similarity between anchor and
positive samples while minimizing the similarity between
anchor and negative samples. In general, the negative sam-
ples are obtained using in-batch negative samples.

Gao et al. " propose a simple contrastive learning
method called SImCSE. The anchor and positive samples
of SimCSE are identical instances but undergo different

1. " applied contrastive

dropout strategies. Wongso et a
learning for Indonesian with the training pipeline from
SimCSE "', Their experiment demonstrated that unsuper-
vised contrastive learning yields comparable performance
to supervised learning. Additionally, Wang et al."* extend-
ed SimCSE to a cross-lingual setting called mSimCSE,
where the anchor and positive samples are written in dif-
ferent languages. The experimental results demonstrated
that mSimCSE outperformed fully supervised multilingual
sentence embedding in cross-lingual retrieval benchmarks.
These studies show that leveraging similar architectures,
such as BERT " or ROBERTa ", across different languages
can lead to effective and transferable techniques for sen-
tence embedding.

Recently, researchers used multilingual sentence em-
bedding to achieve reasonable performance in high- and
low-resource languages. Notably, Chen et al. " proposed
BGE-M3, a model trained on extensive parallel datasets
spanning over 100 languages to achieve state-of-the-art
multilingual text retrieval. However, the performance of
Thai within this model is notably lower than other lan-

guages.

2.2. Benchmark for Sentence Embedding

To assess the effectiveness of sentence embedding
techniques, researchers have developed benchmarks to

study the performance and robustness of these models.
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Conneau and Kiela"™ proposed an evaluation toolkit for
sentence embedding called SentEval. The toolkit con-
sists of two main tasks for sentence embedding works: (i)
downstream tasks (STS and text classification datasets)
and (ii) probing tasks (e.g., evaluating what linguistic prop-
erties are encoded in sentence embedding). Thakur et al.
Pl introduced BEIR, a benchmark for diverse information
retrieval tasks. The benchmark encompasses 9 tasks across
18 datasets, serving to evaluate the robustness of sentence
embedding models. Muennighoff et al. " proposed a mas-
sive text embedding benchmark called MTEB. The bench-
mark consists of 58 datasets covering 112 languages from
8 embedding tasks. Although there are various benchmarks
and evaluation tools for sentence embedding in multilin-
gual settings, Thai is not included as the main task, except
for the bi-text mining task.

Furthermore, there are attempts to create a Thai
benchmark for sentence embedding. Charin and Pha-
sathorn """ proposed a Thai text classification benchmark.
The benchmark only evaluates the text classification, while
other tasks, i.e., retrieval and text understanding, are omit-
ted.

3. Thai Sentence Embedding Bench-
mark

3.1. Desired Properties

Drawing from the desiderata of previous bench-
marks "), we seek to build a Thai Sentence Embedding

Benchmark on the same set of desiderata:

. Diversity. The benchmark shall provide a diverse
range of tasks for evaluating sentence embedding
models in various use cases.

. Simplicity. The benchmark shall provide a simple
API for evaluating new models.

. Extensibility. The benchmark shall provide a simple
API for adding new datasets.

. Reproducibility. The evaluation results of the

benchmark shall be reproducible.

3.2. Tasks and Evaluation

The Thai Sentence Embedding Benchmark offers the

first comprehensive evaluation of Thai text across various

19 that evaluated

tasks, unlike the existing Thai benchmark
Thai sentence embedding only in text classification data-
sets. Our benchmark comprises a diverse set of evaluation
tasks as shown in Table 1. In addition, we also assess the
runtime of each model to ascertain the trade-off between
performance and computational demand. Figure 1 illus-
trates an overview of each task.

Semantic Textual Similarity (STS). In this task,
we assess the generalizability of language understanding
using Semantic Textual Similarity (STS). STS allows us
to test generalizability using Wikipedia data for training
and non-Wikipedia data for testing. The main objective
is to determine the similarity between pairs of sentences,
where similarity scores range from 0 to 5 (0 denoting dis-
similarity and 5 indicating high similarity). To evaluate,
the provided embedding model generates embeddings for
each sentence pair, and similarity is computed using cosine
similarity.

However, we found that there are no available STS
datasets in Thai. To address this, we translated the STS-B
dataset """’ (both development and test data) using Google
NMT. Then, we employ experienced Thai-English transla-
tors to review the translation. They (i) check for grammat-
ical correctness, (ii) ensure that the intended meaning is
preserved, and (iii) adjust terminology or phrasing where
necessary to improve naturalness. This process ensures
that the translations remain both accurate and fluent. Fur-
thermore, we use Spearman’s correlation coefficient, based
on cosine similarity, as the primary evaluation metric.

Text Classification. To evaluate the adaptability of
embedding models, we adopt the transfer learning task
from Thai text classification benchmarks """ for sentence
embedding. We begin by embedding both the training and
test data using the provided model. Subsequently, we em-
ploy a logistic regression model trained on the training
data. We then use the trained classifier model to categorize
the sentiment or class of the test data. This allows us to test
the adaptability through the transfer learning process. For
this evaluation, we employ seventeen high-quality Thai
text classification datasets: CyberbullyingLGBT, Depres-
sion "), Emoji, General-Amy "' Generated Review !'”,
Krathu500, LimeSoda ", Massivelntent "), MassiveSce-

nario ', MultiLingual-Sentiment **, ReviewShopping
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119 SIB200 "', SEATran-translationese Resampled **,
TCAS61"% The40 ThaiChild-renStories **, Wisesight

Sentiment **

, and Wongnai-Review. The evaluation met-
rics provided are accuracy and F1 scores.

Pair Classification. To assess the generalizability of
the provided model, we conduct zero-shot pair text classifi-
cation. Unlike traditional classification tasks, this evaluation
does not involve a linear classification head or any training
data. In this task, the objective is to generate embeddings for
pairs of sentences such that similar pairs have a cosine simi-
larity of 1 while dissimilar pairs have a cosine similarity of 0.
Following the approach outlined by Liu et al. >, we utilize
the provided embedding model to embed sentence pairs and
then calculate the cosine similarity between these embed-
dings. Then, we compute the Average Precision (AP) score
by comparing the cosine similarity with the gold labels. We
employ XNLI " for this task. To adapt XNLI for our task,

we map entailment labels to 1, contradiction labels to 0, and
omit neural labels from the data.

Retrieval. In this task, we assess the provided
model’s generalizability for a retrieval task, specifically
utilizing the retrieval QA setting *">" to evaluate its ef-
fectiveness in scenarios akin to the retrieval-augmented
generation (RAG) framework. In this setting, given a que-
ry and a set of documents within each dataset, the objec-
tive is to associate each query with relevant documents
from the datasets. The provided model is tasked with em-
bedding all queries and documents, and cosine similarity is
utilized to rank them from most similar to least similar. We
use TAppWiki ®'"), MLDR ", MIRACL "*, ThaiWikiQA
531 TyDiQA ¥, WangchanXLegal ThaiCCLRAG ¥, and
XQuAD " as the retrieval datasets. We employ recall@]1
and MRR@ 10 metrics to evaluate the retrieval and ranking

performance.

Table 1. Dataset statistics of train/dev/test of each dataset.

Dataset Task #Train #Dev #Test
STS-B Semantic Understanding - 1499 1379
CyberbullyingLGBT (CBLGBT) Text classification 20,000 - -
Depression (DEP) Text classification 25,100 3340 5020
Emoji (EMO) Text classification 128 - 55
GeneralAmy (GAMY) Text classification 90 - -
Generated Review (GRENTH) Text classification 141,369 15,708 17,453
Krathu500 (K500) Text classification 5700 - -
LimeSoda (LS) Text classification 2700 300 2770
Massivelntent (MINT) Text classification 11,500 2030 2970
MassiveScenario (MSCN) Text classification 11,500 2030 2970
MultiLingualSentiment (MLS) Text classification 8100 1150 2340
ReviewShopping (RSHOP) Text classification 128 - -
SIB200 (SIB200) Text classification 701 99 204
SEATranslationeseResampled (SEATR) Text classification 15,000 - 5980
TCAS61 (TCAS61) Text classification 123 - -
The40ThaiChildrenStories (40TCS) Text classification 1960 - -
WisesightSentiment (WSENT) Text classification 21,628 2404 2671
WongnaiReview (WREV) Text classification 36,000 4000 6203
XNLI Pair classification - 1660 3340
IAppWiki Retrieval 5760 742 739
MLDR Retrieval 1970 200 200
MIRACL Retrieval 2972 733 992
ThaiWikiQA Retrieval 17,000 - -
TyDiQA Retrieval 3809 763 -
WangchanXLegalThaiCCLRAG (ThaiC- .
Retrieval 8210 - 3740
CLRAG)
XQuAD Retrieval - - 1190

Notes: We use the test set for experiments. If a test set is not available, we split 30% from the training set, except for MIRACL and TyDiQA, which use the development set

instead.

1384



Forum for Linguistic Studies | Volume 07 | Issue 12 | December 2025

N ':

Cosine Similarity

LinearSVC

Embedding Model

-

™\

Ranking by Cosine Similarity

Le | [=][=z][=]{=]

Embedding Model

|| 0 oo

(a) STS & Pair Classification.

(b) Text Classification.

(¢) Retrieval.

Figure 1. Visualization of each sentence embedding task in the Thai Sentence Embedding Benchmark.

3.3. Benchmark Usage

Our benchmark is designed to seamlessly integrate
with HuggingFace’s models and datasets, enabling easy
evaluation of new models by simply providing the Hug-
gingFace model name (e.g., BAAI/bge-m3), through our
simple API 2. Similarly, new datasets can also be easily
added by specifying the task name and the HuggingFace
dataset name (e.g., miracl/miracl) in a configuration file.
Additionally, we also provide a script to reproduce our

benchmarking results.

4. Experimental Setup

4.1. Models

We evaluate three types of sentence embedding mod-
els: (i) SLMs, (ii) LLMs, and (iii) Off-the-shelf embedding
APIs. All models (except embedding APIs) are openly
available on HuggingFace. To ensure reproducibility, we
provide a list of URIS for all the models used in our exper-

iments in the Data Availability Statement section.

4.1.1. SLMs

. XLMR "% A multilingual version of the RoBERTa
® model pre-trained on 2.5TB of filtered Common-
Crawl data”” containing 100 languages. The mod-
el has a vocabulary size of 250,002, where 4274 are
Thai subwords. The model has two versions, XLMR-
base and XLMR-large, which allow us to study the
impact of increasing model size directly.

. WangchanBERTa "™ A Thai version of the ROBER-

Ta-base model pre-trained on 78.5GB of Thai assort-
ed texts. The model has a vocabulary size of 25,005,
where 22,200 are Thai subwords.

. PhayaThaiBERT"”" An improvement over Wangc-
hanBERTa to understand code-switching and unas-
similated loanwords by expanding Wangchan-BER-
Ta’s vocabulary to support foreign words and
continual pre-training. The model was pre-trained on
156.3GB of Thai assorted texts and has a vocabulary
size of 249,262, where 22,200 are Thai subwords.

. MPNet-multilingual " We employ a common use
of Thai text embedding. This model was trained on
multilingual corpora and supported over 50 languag-
es.

«  DistilUSE-multilingual *” We also evaluate a small
multilingual text embedding. This model was trained
by a knowledge distillation framework from Reimers
and Gurevych *' leveraging massive multilingual
datasets.

+  BGE-M3"" A multilingual sentence embedding
model that supports more than 100 languages. The
model was pre-trained on massive unsupervised
multilingual data and then fine-tuned specifically for
retrieval tasks using large supervised multilingual

datasets.

4.1.2. LLMs

. E5 Mistral-7b-instruct™: A language embedding
model, based on Mistral-7B v0.1 with 7 billion pa-
rameters, has been improved through instruction

fine-tuning with a diverse set of multilingual data-
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sets, using synthetic data and 13 public datasets with ¢
standard contrastive loss. This enhancement has giv-
en the model multilingual capabilities. However,
since Mistral-7B-v0.1 was primarily trained on En-
glish data, it is recommended that this model be pri-
marily used for English text processing tasks.
gte-Qwen2-7B-instruct'™: This model belongs to the
General Text Embedding (GTE) family, developed
by Alibaba with 7 billion parameters. It is based on
Qwen2 " and incorporates several key advance-
ments, such as the integration of bidirectional atten-
tion mechanisms and comprehensive training across
a vast, multilingual text corpus spanning diverse do-
mains and scenarios. This training leverages both
weakly supervised and supervised data.
GritLM-7B"): A generative representational instruc-
tion-tuned language model with 7 billion parameters, ©
which combines text representation (embedding) and
text generation in a single model, achieving state-of-
the-art performance in both areas.

Llama-3-8B and Liama-3-8B-Instruct ™ models,
originally developed by Meta, were pre-trained on

over 15 trillion tokens with 8 billion parameters on

Llama-3.1-8B and Llama-3.1-8B-Instruct™: These
models were enhanced from the Llama-3 version,
incorporating several key features: multilingual sup-
port, an expanded context window, advanced capa-
bilities for synthetic data generation, and fine-tuning
for tool use. The instruction-tuned version applies
both the SFT and DPO algorithms.

Llama-3-Typhoon-v1.5-8B-instruct **/ This model is
part of a series of Thai large language models (LLMs)
based on Llama3, developed by SCB10X specifical-
ly for the Thai language with 8 billion parameters. It
utilizes supervised fine-tuning (SFT) for alignment

training.

4.1.3. Off-the-Shelf Embedding APIs

Cohere-embed-multilingual-v2.0 and v3.0. evalu-
ate an off-the-shelf multilingual embedding model.
The inference speed was measured by running each
model on our datasets using a 1x Nvidia H100 80GB
(Figure 2).

API service from Cohere that supports more than

100 languages and multiple downstream tasks.

next token prediction. For the instruction-tuned ver-
sion, this model utilizes both supervised fine-tuning °
(SFT) and Direct Preference Optimization (DPO) **

for its alignment training.

Openai-text-embedding-3-large. We also evaluate
an off-the-shelf multilingual embedding API service
from OpenAl

80 BGE-M3

ES5 Mistral 7B Instruct

SCT-PhayaThaiBERT

60 1
phoon 8B Instruct
na3 8B Instruct
Qwen2 7B Instruct
501

Thai Sentence Embedding Benchmark Score

70 MPNet-multilingual

PhayaThaiBERT)

BGE-M3-ConGen-PhayaThaiBERT

MPNet-ConGen-PhayaThaiBERT
MPNet-SCT-KD-PhayaThaiBERT

SimCSE-PhayaThaiBERT
BGE-M3-SCT-KD-PhayaThaiBERT

DistilUSE-multilingual,

40
\_/ ‘LMR»Iarge ‘LM R-base
dVangchanBERTa
30 T T T T -
0 100 200 300 400 500 600

Inference Speed (Queries/Second)

Figure 2. Performance, inference speed, and size of model parameters (size of the circles) of each sentence embedding model.
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4.2. Unsupervised Fine-Tuning Methods

In addition, we assess the effectiveness of new-
ly developed unsupervised fine-tuning techniques for
improving sentence embedding models in the Thai lan-

guage.

. SimCSE"™ A contrastive learning method that utilizes
different random dropouts as the data augmentation
scheme.

. SCT "' A cross-view training framework that is de-
signed for small PLMs. The cross-view pipeline im-
proves the guidance by adding complex tasks to the
training process, e.g., comparing a representation
with a large scale of negative samples.

«  SCT-KD ™' An unsupervised knowledge distillation
that changes from self-supervised to knowledge dis-

tillation by replacing the representation from itself

with a larger model.
. ConGen ™ An unsupervised distillation method uses
many negative representations produced from a teach-

er model as the knowledge distillation reference.

For each method, we trained three pre-trained lan-
guage models, i.e., WangchanBERTa, PhayaThai-BERT,
and XLMR-base. The training was conducted using the
original publicly available codes from their papers. For the
distillation methods, ConGen and SCT-KD, we employ
MPNet-multilingual as a teacher model. We also study the
effect of changing the teacher model from MPNet-mul-
tilingual to BGE-M3. We employed 1 million sentences
from Wikipedia provided by Phatthiyaphaibun et al.""” as a
training dataset and STS-B development set for validation,
following the SimCSE " methodology. We use grid search
to find hyperparameters, including learning rate, epoch,
and batch size (Table 2).

Table 2. Hyper-parameter setting.

Parameter Value
Learning rate 5x10%3%x10%1x10%5%x10°1x10°
Batch size 32, 64, 128, 256, 512
Temperature 0.01, 0.02, 0.03, 0.04, 0.05, 0.06, 0.07

Instance queue (ConGen and SCT)

128, 1024, 16, 384, 65, 536, 131, 072

5. Experimental Results

Figure 2 illustrates the overall performance and in-

ference speed of each sentence embedding model. Table 3

reports the results for each sentence embedding task. Table
4 shows the detailed results across various text classifica-
tion datasets. Table 5 provides the detailed results on dif-

ferent retrieval datasets.

Table 3. Results of each model on STS (Spearman’s rank correlation), text classification (F1), pair classification (Average Precision),

and retrieval QA (R@1 / MRR@10).

Task (—) TextCLF PairCLF Retrieval Average
Metric (—) STSSpear.1 F1 AP R@1/MRR@10 26
Dataset# (—) 17 1 7
SLMs
XLMR-base 0.28B 47.49 71.52 57.62 3.92/5.90 37.29
XLMR-large 0.56B 41.80 71.19 54.56 7.74/11.31 37.32
WangchanBERTA 0.11B 2291 58.04 52.96 11.65/16.45 32.40
DistilUSE-multilingual 0.14B 68.45 68.71 65.94 30.21/37.83 54.23
PhayaThaiBERT 0.28B 54.20 72.81 59.67 36.86 /46.00 53.91
MPNet-multilingual 0.28B 82.92 73.73 84.14 48.01/56.05 68.97
BGE-M3 (dense only) 0.57B 80.62 75.77 79.02 76.81 / 81.54 78.75
Self-supervised SLMs
SimCSE-XLMR-base 0.28 68.85 65.49 61.87 40.20/47.07 56.70
SimCSE-WangchanBERTa 0.11B 64.65 68.15 59.14 40.11/47.89 55.99
SimCSE-Phaya ThaiBERT 0.28B 71.54 70.08 63.35 52.04/59.24 63.25
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Table 3. Cont.

Task (—) TextCLF PairCLF Retrieval Average
Metric (—) STSSpear.1 F1 AP R@1/MRR@10 26
Dataset# (—) 17 1 7
SCT-XLMR-base 0.28B 71.54 70.34 66.49 37.72/46.20 58.46
SCT-WangchanBERTa 0.11B 73.86 72.38 67.04 45.91/54.97 62.83
SCT-PhayaThaiBERT 0.28B 76.93 72.38 65.87 51.00/59.4 65.13
Knowledge distillation SLMs (MPNet-multilingual as teacher model)
MPNet-SCT-KD-XLMR-base 0.28B 80.91 72.60 79.78 47.14/55.81 67.25
MPNet-SCT-KD-WangchanBERTa 0.11B 80.14 72.07 77.04 44.30/53.12 65.33
MPNet-SCT-KD-PhayaThaiBERT 0.28B 80.48 73.03 77.84 49.01/57.58 67.59
MPNet-ConGen-XLMR-base 0.28B 81.76 72.81 81.47 51.27/59.66 69.39
MPNet-ConGen-Wangchan BERTA 0.11B 81.59 73.43 82.43 50.16/58.48 69.22
MPNet-ConGen-PhayaThaiBERT 0.28B 81.75 73.30 81.01 51.32/59.63 69.40
Knowledge distillation SLMs (BGE-M3 as teacher model)
BGE-M3-SCT-KD-XLMR-base 0.28B 68.56 71.98 65.58 30.84/38.75 55.14
BGE-M3-SCT-KD-WangchanBERTa 0.11B 69.49 71.80 64.16 37.70 /45.18 57.67
BGE-M3-SCT-KD-PhayaThaiBERT 0.28B 70.59 71.87 64.80 40.34/48.03 59.13
BGE-M3-ConGen-XLMR-base 0.28B 78.63 73.59 76.31 69.11/74.91 74.51
BGE-M3-ConGen-WangchanBERTa 0.11B 78.63 73.46 76.31 67.67/73.74 73.96
BGE-M3-ConGen-PhayaThaiBERT 0.28B 79.75 74.57 76.13 70.08 / 75.53 75.21
LLMS
ES5 Mistral 7B Instruct 79.72 73.57 68.04 71.02/77.16 73.90
gte-Qwen2 7B Instruct 53.77 74.16 61.73 20.56/27.12 47.47
GritLM 7B 48.57 69.42 56.40 13.57/18.97 41.39
Llama3 8B 51.50 71.71 57.76 27.65/35.62 48.85
Llama3 8B Instruct 53.55 71.57 58.04 26.90/34.59 48.93
Llama3.1 8B 52.20 71.97 71.97 26.84/34.66 48.76
Llama3.1 8B Instruct 53.65 72.03 57.47 25.58/33.53 48.45
Typhoon 8B Instruct 56.85 72.29 58.05 28.89/37.21 50.66
Off-the-shelf embedding APIs

Cohere-embed-multilingual-v2.0 72.78 72.71 72.71 68.24/73.76 69.90
Cohere-embed-multilingual-v3.0 81.44 76.21 73.28 71.34/76.00 75.65
Openai-text-embedding-3-large 73.85 73.48 67.33 67.20/73.61 71.09

Notes: Bold and Underline indicate the best and second performers.

Table 4. The F1 of each model on seventeen Thai text classification datasets.

Dataset (—) CBLGBT DEP EMO GAMY GRENTH K500 LS MINT MSCN MLS RSHOP SIB200 SEATR TCAS61 40TCS WSENT WREV Avg

Metric (—) Fl. Fl. Fl. FL FI. FIL. FI. Fl. Fl. Fl. FL. FlL.  FL FI. FI. Fl. Fl. FL
SLMs
XLMR-base 0.28B  99.78 7597 71.45 8523 5591 84.96 5.80 77.54 85.12 84.34 9230 86.09 31.87 88.89 71.18 6657 5278 71.52
XLMR-large 0.56B  99.83 77.46 6527 7021 5772 8549 596 78.87 8647 84.96 100.00 84.68 3225 88.89 7131 6678 54.04 71.19
Wa"g‘:)h?'l’g’ERTA 9147 75.64 3278 55.68 5297 79.43 538 41.04 5149 7538 7123 6876 31.85 8624 5393 6046 52.95 58.04
D‘Stgj%'ﬂué“h“' 9239 74.5585.63 81.00  48.89 84.45 5.67 73.83 83.00 80.57 87.18 75.16 3378 8595 7218 6378 40.11 68.71
meiﬁ;i?ERT 99.67 77.5276.15 8523  56.63 84.08 5.96 79.65 85.95 87.24 97.44 82.88 3172 9454 7000 69.56 53.51 72.81
MPNet&";‘gglmgual 9827 76.03 9028 9631 5634 8535 573 80.23 87.53 84.12 100.00 86.00 33.61 8333 7586 67.60 46.74 73.73
Bii;fzgfgse 99.75 78.40 89.13 92.61 5836 86.12 599 8191 $8.94 8720 9743 9212 3395 9731 7744 6885 52.65 7577
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Table 4. Cont.

Dataset (—)  CBLGBT DEP EMO GAMY GRENTH K500 LS MINT MSCN MLS RSHOP SIB200 SEATR TCAS61 40TCS WSENT WREV Avg
Metric (—) F1. Fl. Fl. FL FI. Fl. F1. F1. Fl. Fl. Fl. Fl. FL F1. FI. Fl. Fl. FL
Self-supervised SLMs
S““Eiﬁ;?;ng' 97.84 71.19 69.37 7045 4642 80.07 523 72.93 81.88 79.76 82.05 76.19 3553  83.61 5890 6345 38.46 65.49
SImCSE-Wange- g o7 7535 7157 7407 5244 8153 5.31 7347 8103 8303 89.61 73.57 3483 8361 6218 67.01 S50.68 68.15
hanBERTa 0.11B
SimCSE-Phaya
ThuBERT Oogp 9937 75428529 69.95 5075 83.03 498 77.07 8437 8540 10000 7741 3436 9174 6248 6773 42.03 70.08
SCTﬁ?;;;4mse 9924 7581 8136 74.15 5526 82.15 5.46 7848 8591 83.54 100.00 80.75 3111 8333 6674 6645 46.09 70.34
SCE-Wangehan- o o5 27908338 8148 5629 8237 530 7831 8617 8634 9487 7993 3198 9729 6852 7067 5070 72.38
BERTa 0.11B
$?;;¥zilgf3' 99.80 7775 86.94 74.07 5623 83.53 5.46 80.03 86.48 86.59 100.00 8025 3535 9454 7110 69.81 5027 72.38
Knowledge distillation SLMs (MPNet-multilingual as teacher model)
MPNet-SCT-KD-
XLMRobnsc 0ogn 9875 75638477 9628 5658 8244 5.53 77.06 8581 8473 10000 8018 3140 9192 69.06 6734 4668 72.60
MPNet-SCT-KD-
WangchanBERTa ~ 98.35  75.45 88.71 92.59 5593  82.51 545 76.02 83.91 8592 9743 7577 3175 9174 7055 6671 46.34 72.07
0.11B
MPNet-SCT-KD-
PhayaThaiBERT ~ 98.32 76.49 8572 9628 5650 83.05 539 76.76 8520 85.78 100.00 77.77 3196 9454 7238 6854 46.77 73.03
0.28B
MPNet-ConGen-
IMRobaor0ogp 9825 75858726 8883 5666 8471575 80.05 $7.10 8600 100.00 8254 2846 8889 7346 6744 4659 7281
MPNet-Con-
Gen-Wangchan ~ 98.20 76.67 87.12 85.19 5749 84.91 581 79.62 87.59 8558 100.00 83.75 30.73 9454 7419 6759 49.39 73.43
BERTA 0.11B
MPNet-Con-
Gen-PhayaThaiB-  98.59 76.51 81.35 9628 5721 84.77 5.86 79.85 87.46 8630 100.00 8234 3132  89.07 73.54 68.15 47.54 73.30
ERT 0.28B
Knowledge distillation SLMs (BGE-M3 as teacher model)
BGE-M3-SCT-KD-
XLMRoboc 0ogp 9943 75327669 8892 5444 8420 6.05 78.66 8660 8337 10000 7710 3252  9L74 7126  67.50 4984 7198
BGE-M3-SCT-KD-
WangchanBERTa ~ 99.78  76.26 83.25 81.53  51.47 8251 5.54 79.53 8597 84.65 97.43 7614 3332 9454  69.83 69.06 49.84 71.80
0.11B
BGE-M3-SCT-KD-
PhayaThaiBERT ~ 99.83 75.53 90.14 8138 4642 82.98 5.74 80.55 87.79 85.01 100.00 81.54 3040  89.19 7070 65.69 48.89 71.87
0.28B
BGE-M3-ConGen-
IMRobne ooy 9975 77058567 8523 5833 8415591 798 8651 8554 9743 8675 3042 9729 7120 67.00 47.67 73.59
BGE-M3-Con-
Gen-Wangchan-  99.75 77.05 85.67 8523  57.79 84.15 5.91 79.18 85.54 8554 9743 8675 3042 9729 7220 68.68 49.25 73.46
BERT2 0.11B
BGE-M3-Con-
Gen-PhayaThaiB-  99.80 77.69 89.10 92.59 5837 84.48 579 79.73 87.56 86.85 97.43 8538 3140 9731 7598 6892 4922 74.57
ERT 0.28B
LLMs
E5i225i7B 99.75 76.86 81.80 9631  58.13  86.15 5.87 78.00 86.60 $4.72 9744 8657 29.93  89.07 7029 6833 54.91 73.57
gte-Qwen2 7B
e 99.60  77.05 90.66 85.19 5552  85.16 6.17 80.94 87.61 8508 100.00 85.64 48.04  88.89  68.00 66.62 50.52 74.16
GritLM 7B 99.88 7575 75.01 73.93 5646 8570 574 78.98 86.45 8150 9231 7737 3095 8333 6279 6411 49.93 69.42
Llama3 8B 99.90 7571 7637 74.15 5928 8595 555 80.08 87.94 82.69 100.00 8625 31.61  89.07 6813 64.03 52.30 71.71
Llama3 8B Instruct  99.93 75.71 74.72 77.84  59.30 85.44 5.88 8035 87.57 83.34 100.00 8678 3141 8624  69.80 6504 52.22 71.86
Llama3.1 8B 99.93 7559 76.48 77.84  58.56 8629 575 79.93 87.41 81.55 9743 8625 3040 9454  69.49 63.54 52.44 71.97
Llama3.1 8B
- 99.90 75.66 74.84 8148  58.67 8636 547 80.92 87.64 8176 100.00 8472 29.66 91.86 7037 6377 5145 72.03
Typhoon 8B Instruct  99.90 7625 76.60 8148  58.67 87.07 571 80.75 87.73 81.64 9743 8328 3129 9454 6845 6586 52.20 72.29
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Table 4. Cont.

Dataset (—) CBLGBT DEP EMO GAMY GRENTH K500 LS MINT MSCN MLS RSHOP SIB200 SEATR TCAS61 40TCS WSENT WREV Avg
Metric (—) F1. F1. FIl. F1. F1. F1. F1. FIL F1. FIL F1. F1. F1. F1. F1. F1. F1. F1.

Off-the-shelf embedding APIs

Cohere-embed-mul-

. 96.00 77.97 89.01 81.38  56.60 83.16 546 79.03 86.99 84.99 100.00 8280 3546 9729 6456 67.24 48.08 72.71
tilingual-v2.0

Cohere-embed-mul-

. 99.65 77.66 88.99 96.31 58.73  86.69 5.98 83.04 89.64 86.94 97.03 91.58 35.06 100.00 77.14 68.66 52.48 76.21
tilingual-v3.0

Openai-text-embed-

ding-3-large 99.90 76.92 81.60 77.78 56.86 85.23 6.07 81.42 88.49 8534 100.00 88.11 33.61 97.29 71.08  68.75 50.76 73.48

Note: Bold and Underline indicate the best and second performers.

Table 5. The Recall@! and MRR@10 of each model on seven Thai retrieval datasets.

Dataset (—) TAppWiki MLDR-th MIRACL-th ThaiWikiQA TyDiQA-th  ThaiCCLRAG XQuAD-th Avg.
Metric (—) R@1 MRR@10 R@1 MRR@10 R@1 MRR@10 R@1 MRR@10 R@1 MRR@10 R@1 MRR@10 R@1 MRR@10 R@1 MRR@10
SLMs

XLMR-base 0.28B  6.90 9.77 1.00 1.62 2.32 3.02 2.79 3.68 3.41 5.06 6.92 9.52 4.12 8.64 3.92 5.90

XLMR-large 0.56B 11.37  17.05 1.50 3.01 4.37 6.27 6.19 8.35 4.59 7.10  11.78 1534 1437 2203 7.74 1131

Wa“g%h?TEERTA 18.00 2389 350 638 614 1007 1196 1614 1258 1974 761 1027 2176 28.66 1165 1645
D‘Stzgj%";‘;]g‘hn' 5047 59.07 350 674 1774 2778 3816 4454 3250 4220 1996 2630 49.16  58.19 3021 37.83
Phay%T;;I;BERT 5656 6628  7.50 1032 2619 3800 2621 3439 4744 5837 3305 4207 6109 7256 3686  46.00

MPNet-multilingual

0238 6576 72.19 1050  14.84 3820 49.65 54.02 6093 5439 63.12 4192 5202 7126 79.63 48.01 56.05

B?)El_}l/\;[f)(;eélse 93.64 94.89 2500 30.73 79.54 86.62 92.83 94.88 8899 9336 67.22 76.03 9042 9427 76.81 81.54

Self-supervised SLMs

SimCSE-XLMR-

base 028 70.50  75.58 2.00 4.77 3492 4753 5995 6553 58.06 64.72 14.64 21.09 4134 5025 4020 47.07

SimCSE-Wangchan-

BERTa 0.11B 71.85  77.25 4.00 6.61 1992 32,02 6626 7139 4758 57.57 19.48 26.83 51.68 63.55 40.11 47.89

SimCSE-Phaya

ThaiBERT 0.28B 8146 8470  5.00 946 4311 5719 7396 7839 71.17 78.07 3505 4395 5454 6290 52.04 5924

SCT-XLMR-base 59.68  66.50 4.50 10.12 2851  40.84 4728 5479 4928 58.62 19.50 2731 5529 6523 37.72 46.20

0.28B
SCT'“T’:“Og?;;;‘BER' 6739 7481 750 1172 3452 4726 5346  61.50 5623 66.60 3468 4528 67.56 77.62 4591 54.97
SCEE?%’*’ZE};"B' 7334 79.09 950 1452 3752 5106 63.88 7109 63.17 7153 4229 5313 6731 7600 51.00 59.49

Knowledge distillation SLMs (MPNet-multilingual as teacher model)

MPNet-SCT-KD-

XLMR-base 0.28B 66.44 7429  9.00 1474 4038 51.68 53.08 60.56 5636 65.18 3583 46.04 6891 7819 47.14 5581

MP-
Net-SCT-KD-Wang- 65.90  73.48 7.00 11.59 3697 4894 5031 57.74 5426 6401 31.85 4190 63.78 74.18 4430 53.12
chanBERTa 0.11B

MP-
Net-SCT-KD-Pha-  69.96  76.77 8.50 1424 45116  56.57 5557 6299 58.06 6732 3484 4522 7101 7994 49.01 57.58
yaThaiBERT 0.28B

MPNet-ConGen-

XLMR-base 0288 72.67  78.67 8.50 1524 4311 5551 5777 6486 60.29 68.56 44.78 5475 71.76  80.01 5129 59.66

MPNet-Con-
Gen-Wangchan ~ 70.09  76.77  10.00 1521 41.75 53.72 5493 6224 5793 66.81 4197 5213 7445 8246 50.16 58.48
BERTA 0.11B

MPNet-Con-
Gen-PhayaThaiB- 71.72  78.40 9.50 1572 4434 5577 57.68 64.66 59.63 67.89 4424 5454 72,10 8045 5132 59.63
ERT 0.28B
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Table 5. Cont.

Dataset (—) IAppWiki MLDR-th MIRACL-th  ThaiWikiQA

TyDiQA-th  ThaiCCLRAG  XQuAD-th Avg.

Metric (—)  R@1 MRR@10 R@1 MRR@10 R@1 MRR@10 R@1 MRR@10 R@1 MRR@10 R@1 MRR@10 R@! MRR@10 R@1 MRR@10

Knowledge distillation SLMs (BGE-M3 as teacher model)

BGE-M3-SCT-KD-

XLMR-base 0.28B 42,63 5251 5.00 7.75 21.69  30.99 3854 4584 34.08 4349 2527 3324 48.69 5742 30.84 38.75
BGE-M3-SCT-
KD-WangchanBER- 54.67  63.06 5.00 6.91 2933 37.70 5287 59.63 40.76 50.27 2570 3386 55.55 64.84 37.70 45.18
Ta0.11B
BGE-M3-SCT-KD-
PhayaThaiBERT  56.97  63.76 3.00 7.22 3342 4393 5424 6090 46.53 5477 30.54 3878 57.65 66.85 40.34 48.03
0.28B
BGE-M3-ConGen-
XLMR-base 0.28B 91.75 93.54 1500 20.06 6835 7825 8573 8898 83.75 8859 57.17 67.12 82.02 8783 69.11 7491
BGE-M3-Con-
Gen-WangchanBER- 91.75  93.54  15.00 20.06 6426 74.63 8573 8898 77.59 8354 57.17 67.12 82.18 8828 67.67 73.74
Ta0.11B
BGE-M3-Con-
Gen-PhayaThaiB- 92.02  93.20 13.50 19.12 7040 79.33 8542 88.73 8336 8829 60.03 69.59 85.80 9048 70.08 75.53
ERT 0.28B
LLMs
ES x::iljB 92.02 9391 1850  27.06 69.85 79.16 8273 86.41 8729 91.61 63.16 7234 83.61 89.63 71.02 77.16
gtc_g;::lft 7B 33.83 4232 4.50 7.45 21.15  30.71 11.50 1493 36.04 4418 679 10.19 30.08 40.04 20.56 27.12
GritLM 7B 18.81  27.43 0.50 1.84 9.41 1473 1473 1411 1455 2028 16.56 21.08 2437 3335 1357 1897
Llama3 8B 36.94  46.66 4.50 7.54 20.74 3098 2135 2736 39.84 49.86 17.82 24.02 5235 6295 27.65 3562
Llama3 8B Instruct 27.74  37.28 5.00 7.65 23.06 3338 21.56 27.83 43.12 52,18 1322 1822 54.62 6558 2690 3459
Llama3.1 8B 38.84 4854 4.00 7.51 17.74 2623  21.65 2775 3381 4331 2095 2794 5092 6137 26.84 34.66
Llama3.1 8B Instruct 39.51  49.99 3.50 6.92 17.33 2625 1899 2479 3263 42.68 1579 22.10 5134 6195 2558 3353
Typhoon 8B Instruct 34.51  43.15 5.50 8.54 22.10 3506 22.81 2879 48.10 58.00 1576 22.06 53.45 64.88 28.89 37.21

Off-the-shelf embedding APIs

Cohere-embed-mul-

e 9120 9277 1100 1594 6698 7758 8632 8924 8545 9033 5421 6269 8252 8778 6824 73.76
tilingual-v2.0
Cohere-embed-mul-
o 9229 9403 600 874 78.04 8571 8979 92.62 91.09 9436 5140 6233 9076 9423 7134  76.00
tilingual-v3.0
Openai-text-embed- o) o7 9351 2900 3400 7094 7987 7289 7771 8375 8914 4822 5862 7454 8261 6720 7361

ding-3-large

Note: Bold and Underline indicate the best and second performers.

The key findings from these results are summarized

as follows:

. Overall Performance. BGE-M3 achieves the high-
est overall score (78.75), while DistillUSE-multilin-
gual offers the fastest inference (579 Queries/Sec-
ond). Cohere-embed-multilingual-v3.0 ranks second
overall (75.65) and stands out as the most effective
off-the-shelf API model.

. Task-Specific Strengths. No model dominates
all tasks: BGE-M3 leads in retrieval, Cohere-em- °
bed-multilingual-v3.0 in text classification, and MP-
Net-multilingual in STS and pair classification.

. LLMs vs. SLMs. Contrary to the prevailing assump-

tion that larger models yield superior embeddings (as
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seen in English benchmarks like MTEB), our results
show the opposite trend for Thai. Small-to-medium
models consistently outperform LLM-based embed-
dings: BGE-M3 surpasses the strongest LLM (E5
Mistral 7B Instruct) by 4.85 points while being al-
most 4 times faster. This result underscores both the
limited Thai coverage in large model training data
and the need for more inclusive multilingual repre-
sentation.

Unsupervised Fine-tuning Effectiveness. All eval-
uated methods (SimCSE, SCT, SCT-KD, ConGen)
consistently improve model performance, with Con-
Gen yielding the largest gains. Remarkably, ConGen
boosts PhayaThaiBERT to perform nearly on par
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with BGE-M3 while being only half its size. These
results demonstrate that small-to-medium models,
when enhanced through unsupervised fine-tuning,
can serve as both effective and efficient solutions.

. Text Classification Performance. Performance
is fragmented. Cohere-embed-multilingual-v3.0
leads on four datasets (GAMY, MINT, MSCN, and
TCASG61) and BGE-M3 on three (DEP, SIB200, and
40TCS), but no model dominates overall. Important-
ly, all models perform poorly on factual detection (LS
dataset), showing that pretrained embeddings strug-
gle to distinguish real from fake information.

. Retrieval Performance. BGE-M3 leads most data-
sets (IAppWiki, MIRACL-th, ThaiWikiQA, Tha-
iCCLRAG, and XQUAD-th), but retrieval remains
difficult in specific settings. Long-document retriev-
al (MLDR-th) is a major weakness, with all models
underperforming except Openai-text-embedding-3-
large. All models yield moderate results on Legal-do-
main retrieval (ThaiCCLRAG), pointing to the need
for domain-specific fine-tuning.

. STS and Pair Classification Performance. MP-
Net-multilingual excels on these proxy tasks, but its
strength does not carry over to downstream applica-
tions such as retrieval. This misalignment reflects a
broader limitation of relying on STS and pair clas-
sification as predictors of real-world performance.
This finding aligns with previous studies in the En-

47,48)

glish language '

In summary, the experiments demonstrate that
small-to-medium models outperform LLM-based embed-
dings, unsupervised fine-tuning provides substantial effi-
ciency and accuracy gains, and key challenges remain in

Thai factual detection and long-document retrieval.

6. Conclusion and Future Works

In conclusion, we present the Thai Sentence Embed-
ding Benchmark to bridge the gap between English and
Thai sentence embedding evaluations. Our benchmark en-
compasses four distinct tasks to evaluate the performance
and efficiency of embedding models: (i) semantic textual

similarity (STS), (ii) text classification, (iii) pairwise text

classification, and (iv) retrieval. We conducted extensive
experiments with 36 embedding models, including the lat-
est LLM-based sentence embeddings, and evaluated the
effectiveness of four state-of-the-art unsupervised fine-tun-
ing methods. The experimental results reveal that there is
no single model that dominates others in all tasks within
our benchmark. Interestingly, all newly developed LLM-
based embedding models (e.g., E5 Mistral 7B Instruct)
perform poorly in Thai compared to smaller models like
BGE-M3, which is approximately 12 times smaller. This
discrepancy likely stems from the distribution of Thai lan-
guage examples in their training dataset. In future research,
we aim to expand the scope of our benchmark to include
other languages in Southeast Asia, such as Lao, Vietnam-
ese, and Burmese, which are underrepresented in existing
sentence embedding benchmarks. To achieve this, we plan
to integrate data from open-source, multilingual projects
like SEACrowd ** into our benchmark, thereby enriching
the diversity and inclusivity of our dataset. Through these
efforts, we aim to contribute to the continuous improve-

ment of NLP research in the Thai language and beyond.
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Source code for benchmarking is publicly avail-
able at https://github.com/mrpeerat/Thai-Sentence-Vec-
tor-Benchmark for reproducibility.

All models and datasets used in this work are public-
ly available on Hugging Face. This section provides links
to the corresponding repositories.

Models

SLMS

. XLMR-base: https://huggingface.co/FacebookAl/
xIm-roberta-base

. XLMR-large: https://huggingface.co/FacebookAl/
xlm-roberta-large

. WangchanBERTa: https://huggingface.co/airesearch/
wangchanberta-base-att-spm-uncased

. Phaya ThaiBERT: https://huggingface.co/clicknext/
phayathaibert

. MPNet-multilingual: https://huggingface.co/sen-
tence-transformers /paraphrase-multilingual-mp-
net-base-v2
DistilUSE-multilingual: https://huggingface.co/
sentence-transformers/distiluse-base-multilin-
gual-cased-v2

. BGE-M3: https://huggingface.co/BAAI/bge-m3

. SimCSE-XLMR-base: https://huggingface.co/korn-
wtp/simese-model-XLMR

. SimCSE-WangchanBERTa: https://huggingface.co/
kornwtp/simcse-model-wangchanberta

. SimCSE-PhayaThaiBERT: https://huggingface.co/
kornwtp/simcse-model-phayathaibert

. SCT-XLMR-base: https://huggingface.co/kornwtp/
SCT-model-XLMR

. SCT-WangchanBERTa: https://huggingface.co/korn-
wtp/SCT-model-wangchanberta

. SCT-PhayaThaiBERT: https://huggingface.co/korn-
wtp/SCT-model-phayathaibert

. MPNet-ConGen-XLMR-base: https://huggingface.
co/kornwtp/ConGen-model-XLMR
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MPNet-ConGen-WangchanBERTa: https://hugging-
face.co/kornwtp/ConGen-model-wangchanberta
MPNet-ConGen-PhayaThaiBERT: https://hugging-
face.co/kornwtp/ConGen-model-phayathaibert
MPNet-SCT-KD-XLMR-base: https://huggingface.
co/kornwtp/SCT-KD-model-XLMR
MPNet-SCT-KD-WangchanBERTa: https://hugging-
face.co/kornwtp/SCT-KD-model-phayathaibert
MPNet-SCT-KD-PhayaThaiBERT: https://hugging-
face.co/kornwtp/SCT-KD-model-phayathaibert
BGE-M3-ConGen-XLMR-base: https://huggingface.
co/kornwtp/ConGen-BGE M3-model-XLMR
BGE-M3-ConGen-WangchanBERTa: https://hug-
gingface.co/kornwtp/ConGen-BGE M3-model-wag-
chanberta

BGE-M3-ConGen-PhayaThaiBERT: https://hug-
gingface.co/kornwtp/ConGen-BGE M3-model-pha-
yathaibert

BGE-M3-SCT-KD-XLMR-base: https://hugging-
face.co/kornwtp/SCT-KD-BGE-M3-model-XLMR
BGE-M3-SCT-KD-WangchanBERTa: https://hug-
gingface.co/kornwtp/SCT-KD-BGE-M3-mod-
el-wangchanberta
BGE-M3-SCT-KD-PhayaThaiBERT: https://hug-
gingface.co/kornwtp/SCT-KD-BGE-M3-model-pha-
yathaibert

LLMs

ES5 Mistral 7B Instruct: https://huggingface.co/int-
float/eS-mistral-7b-instruct

gte-Qwen2 7B Instruct: https://huggingface.co/Alib-
aba-NLP/gte-Qwen2-7B- instruct

GritLM 7B: https://huggingface.co/GritLM/Grit-
LM-7B

Llama3 8B: https://huggingface.co/meta-llama/Me-
ta-Llama-3-8B

Llama3 8B Instruct: https://huggingface.co/meta-lla-
ma/Meta-Llama-3-8B-Instruct

Llama3.1 8B: https://huggingface.co/meta-llama/
Meta-Llama-3.1-8B

Llama3.1 8B Instruct: https://huggingface.co/me-
ta-llama/Meta-Llama-3.1- §B-Instruct

Typhoon 8B Instruct: https://huggingface.co/scb10x/
llama-3-typhoon-v1.5- 8b-instruct


https://github.com/mrpeerat/Thai-Sentence-Vector-Benchmark
https://github.com/mrpeerat/Thai-Sentence-Vector-Benchmark
https://huggingface.co/FacebookAI/xlm-roberta-base
https://huggingface.co/FacebookAI/xlm-roberta-base
https://huggingface.co/FacebookAI/xlm-roberta-large
https://huggingface.co/FacebookAI/xlm-roberta-large
https://huggingface.co/airesearch/wangchanberta-base-att-spm-uncased
https://huggingface.co/airesearch/wangchanberta-base-att-spm-uncased
https://huggingface.co/clicknext/phayathaibert
https://huggingface.co/clicknext/phayathaibert
https://huggingface.co/sentence-transformers
https://huggingface.co/sentence-transformers
https://huggingface.co/sentence-transformers/distiluse-base-multilingual-cased-v2
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Datasets
Semantic Textual Similarity (STS)

STS-B: https://huggingface.co/kornwtp/stsbench-
mark-tha-sts

Text Classification

CyberbullyingLGBT: https://huggingface.co/korn-
wtp/cyberbullying-1gbt-tha-classification
Depression: https://huggingface.co/kornwtp/depres-
sion-tha-classification

Emoji: https://huggingface.co/kornwtp/emo-
ji-tha-classification

GeneralAmy: https://huggingface.co/kornwtp/gener-
al-amy-tha-classification

Generated Review: https://huggingface.co/aire-
search/generated reviews_enth

Krathu500: https://huggingface.co/kornwtp/
krathu500-tha-classification

LimeSoda: https://huggingface.co/kornwtp/limeso-
da-tha-classification

Massivelntent: https://huggingface.co/kornwtp/mas-
sive-intent-tha-classification

MassiveScenario: https://huggingface.co/kornwtp/
massive-scenario-tha-classification
MultiLingualSentiment: https://huggingface.co/korn-
wtp/multilingual-sentiment-tha-classification
ReviewShopping: https://huggingface.co/kornwtp/
review-shopping-tha-classification

SIB200: https://huggingface.co/kornwtp/
sib200-tha-clustering

SEATranslationeseResampled: https://huggingface.
co/kornwtp/sea-translationese-resampled-tha-classi-
fication

TCASG61: https://huggingface.co/kornwtp/
tcas61-tha-classification

The40ThaiChildrenStories: https://huggingface.co/
kornwtp/the40thai-children-stories-tha-classification
Wisesight: https://huggingface.co/pythainlp/wise-
sight sentiment

Wongnai: https://huggingface.co/datasets/ Wongnai/

wongnai_reviews
Pair Classification

XNLI: https://huggingface.co/datasets/kornwtp/xn-

li-tha-pairclassification

Retrieval

. [AppWiki: https://huggingface.co/datasets/kornwtp/
iapp-wikiqa-tha-qaretrieval

. MLDR: https://huggingface.co/kornwtp/mldr-tha-qa-
retrieval

. MIRACL: https://huggingface.co/miracl/miracl

. ThaiWikiQA: https://huggingface.co/kornwtp/
thai-wikiqa-tha-qaretrieval

. TyDiQA: https://huggingface.co/chompk/tydiqa-
goldp-th

. WangchanXLegalThaiCCLRAG: https://hugging-
face.co/kornwtp/wangchanx-legalrag-tha-qaretrieval

. XQuAD: https://huggingface.co/google/xquad
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