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Abstract

The advancement of Large Language Models (LLMs) has been transformative for
natural language processing, yet two fundamental challenges limit their broader
impact: the reliance on extensive labeled data for supervised fine-tuning, and the
persistent English-centric bias that undermines their effectiveness for the world’s
linguistic majority. This thesis addresses both challenges through a unified lens of
resource efficiency—developing methods that reduce dependence on costly annota-

tions while ensuring equitable model capabilities across languages and cultures.

We first tackle data efficiency by investigating methods that elicit strong model ca-
pabilities using solely unlabeled data. We propose Self-Supervised Tuning (SSTun-
ing), a novel paradigm that tunes a language model for zero-shot text classification
by learning to predict the first sentence in a paragraph, effectively bridging unla-
beled text and downstream tasks without costly annotations. Building on this, we
introduce the zero-to-strong generalization framework, an iterative self-annotation
process where an LLLM progressively unlocks its latent potential on complex clas-

sification and reasoning tasks through high-quality pseudo-labels.

We then extend this resource-conscious perspective to multilingualism, where data
scarcity is even more acute. We demonstrate that the common “translate-test”
strategy, while effective for standard NLP tasks, fails on culture-related queries
where native language prompting proves essential-—exposing how English-centric
evaluation shortcuts mask true multilingual capabilities. To address this, we de-
velop SeaExam and SeaBench, benchmarks constructed from authentic Southeast
Asian educational and conversational scenarios that more accurately assess regional

language performance.

In summary, this thesis advances a coherent vision for developing more accessible
and equitable language technologies: first by reducing the data requirements that
bottleneck model development, and then by ensuring that evaluation practices do

not perpetuate linguistic and cultural biases.

xxii



Chapter 1

Introduction

1.1 Motivation

Recent advances in pre-trained language models (PLMs) have revolutionized the
field of natural language processing (NLP) [4, 17], yet their effectiveness is often
contingent on vast amounts of labeled data. This data dependency creates a signif-
icant bottleneck, making it costly and impractical to train or fine-tune models for
every new task. This challenge has fueled interest in paradigms like zero-shot learn-
ing, which has attracted considerable research attention for its ability to conduct

inference on unseen tasks without specific training data [3, 18, 19].

However, existing zero-shot methods present their own limitations. One popular
approach, prompting, is notoriously sensitive to the design of templates and ver-
balizers [2], making it difficult to generalize across tasks without extensive manual
engineering. A second approach, meta-tuning, mitigates some of these issues by
fine-tuning a PLM on a collection of related, labeled tasks [3, 19, 20]. Yet, this still
presupposes the availability of large-scale annotated data, narrowing its application
scope and failing to solve the core data-dependency problem. This gap motivates
our initial research question: How can we leverage the intrinsic structure of unla-
beled text, much like in pre-training [4, 21|, to perform robust zero-shot learning?
To address this, we propose Self-Supervised Tuning (SSTuning), a novel approach
that exploits self-supervised signals at the tuning stage to enable zero-shot classifi-
cation without relying on human annotations or brittle templates. SSTuning trains

a language model to predict which first sentence belongs to a given paragraph, using

1
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first sentences from other paragraphs—especially those from the same article—as
hard negatives. This objective teaches the model to match texts with their sum-
marizing “labels” based on semantics rather than superficial keyword overlap. At
inference, the tuned model can directly classify unseen texts by selecting the most
relevant verbalizer from candidate labels, requiring no further fine-tuning or labeled

data.

Building on this, we consider an even more challenging scenario where tasks are
too complex for humans to provide reliable gold-standard labels. This connects to
the weak-to-strong generalization paradigm, where, as shown by Burns et al. [8],
a stronger model can be effectively supervised by a weaker one. However, this ap-
proach is still constrained by the supervisor’s capabilities and requires a pre-existing
supervisor model. This limitation leads to a more fundamental question: Can a
large language model achieve strong performance without any external supervision
at all? This is inspired by findings that models can learn effectively even from ran-
dom labels [22, 23] or invalid reasoning paths [24]. This motivates the development
of a new framework we term zero-to-strong generalization. This framework boot-
straps LLM performance without any gold labels by initially prompting the model
with random or invalid demonstrations, then iteratively selecting higher-confidence
predictions as new demonstrations. This self-reinforcing process progressively im-
proves label quality across iterations, enabling the model to unlock its latent capa-
bilities on classification and reasoning tasks. Experiments show this approach can
match or even surpass in-context learning with gold labels, with stronger effects

observed for more capable models and complex tasks.

We then extend this resource-conscious perspective to multilingualism, where data
scarcity is even more acute for non-English languages. While LLMs demonstrate
multilingual capabilities, their training corpora are overwhelmingly English-centric
9, 25, 26], which can lead to suboptimal performance in other languages [27-29].
A common strategy to circumvent this is to translate non-English queries into
English (the “translate-test” method), a technique that has been applied at both
the training and inference stages [10, 30-32]. Despite its apparent effectiveness,
this approach has been underexplored for real-world user queries. We hypothesize
that this strategy is a brittle workaround that fails on tasks requiring deep cultural
and linguistic nuance, motivating a comprehensive analysis to understand its true

limitations.
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This investigation, in turn, exposes a deeper, more systemic issue: the inadequacy
of current multilingual evaluation benchmarks. Many prominent benchmarks, such
as Multilingual MMLU, MGSM, and XNLI, are constructed by simply translating
existing English datasets [13, 16, 33, 34]. As has been argued, this practice fails
to capture the unique cultural contexts and practical applications of the target
language [35]. A translated question about an American landmark, for instance,
is a poor instrument for assessing a model’s understanding of Southeast Asian
culture. This significant divergence between translated content and authentic local
queries means we are not accurately measuring the true multilingual capabilities
of LLMs. This work provides the first comprehensive analysis of how translation
affects LLM performance across both standard NLP tasks and real user queries
containing culture-specific knowledge. While translate-test achieves strong results
on conventional multilingual benchmarks, native language prompting proves more
effective for culture-related queries, particularly with advanced and non-English-
centric LLMs. These findings reveal that translation introduces a trade-off: it may
boost task performance but risks losing cultural and linguistic nuances that only

native prompting can capture.

This critical gap in evaluation motivates the final contribution of this thesis. Fol-
lowing the design principles of widely-used benchmarks like MMLU [16] and MT-
Bench [36], but focusing on authentic content, we introduce SeaEixam and SeaBench:
two novel benchmarks built from the ground up using real-world materials from
Southeast Asia. By providing culturally and contextually relevant evaluation tools,
we can more effectively discern model capabilities, identify weaknesses, and ulti-
mately drive the development of more globally competent and equitable language

models.

While our research develops methods to reduce labeled data dependency for train-
ing, we simultaneously invest in constructing new evaluation benchmarks—an ap-
parent contradiction. However, data efficiency in learning and data quality in
evaluation serve complementary roles. Self-supervised methods become valuable
precisely because they scale to low-resource languages, but verifying this requires
benchmarks that do not reward English-centric shortcuts. Our training methods
address the quantity bottleneck, while Seakixam and SeaBench address the qual-
ity bottleneck, together advancing the shared goal of equitable multilingual model

development.
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1.2 Contributions

The main contributions of the thesis are:

e We propose Self-Supervised Tuning (SSTuning), a new learning paradigm
to solve zero-shot text classification tasks using only unlabeled data. This
framework uses a simple yet effective learning objective, First Sentence Pre-
diction, to bridge the gap between self-supervision and downstream tasks.
Extensive experiments on 10 datasets show that SSTuning achieves state-of-

the-art accuracy in both topic classification and sentiment analysis.

e We introduce the zero-to-strong generalization framework, a simple and
effective method to elicit the strong capabilities of LLMs iteratively without
requiring any gold-standard labels. We demonstrate its effectiveness across
21 diverse classification and reasoning tasks and provide an analysis of its
underlying principles, confirming that its benefits extend to both fine-tuning

and larger model sizes.

e We conduct a comprehensive empirical study on multilingual prompting
strategies, which finds that translation remains a strong baseline but is not
universally optimal. By expanding the evaluation to include real-world user
queries and non-English-centric models, we expose critical gaps in current
multilingual evaluation and underscore the need for more comprehensive

benchmarks.

e We address the identified evaluation gaps by introducing two novel, culturally-
grounded benchmarks, SeaExam and SeaBench. Designed for the South-
east Asian (SEA) context, we show that these benchmarks have a closer
distribution to real-world queries and enable a more effective and accurate
differentiation of model performance compared to their translated counter-

parts.

1.3 Organization of the report

The rest of this report is organized as follows:
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e Chapter 2 reviews the existing works for low-resource methods for NLP and

multilingual large language models.

e Chapter 3 presents the proposed method for zero-shot text classification via

self-supervised tuning.

e Chapter 4 introduces zero-to-strong generalization, which elicits strong ca-

pabilities of large language models iteratively without gold labels.

e Chapter 5 demonstrates that while translation into English can boost the
performance of English-centric LLMs on NLP tasks, it is not universally

optimal.

e Chapter 6 introduces two novel benchmarks, SeaExam and SeaBench, de-
signed to evaluate the capabilities of Large Language Models (LLMs) in

Southeast Asian (SEA) application scenarios.

e Chapter 7 concludes the report and discusses future work.






Chapter 2

Background and Literature

Review

In this chapter, we review related works and preliminaries to facilitate understand-
ing of the subsequent chapters. First, we review learning methods used to address
problems in low-resource scenarios, such as those with limited labeled data. Sub-
sequently, we address challenges in multilingual contexts, encompassing prompting

strategies and benchmarking methodologies.

2.1 Low-Resource Methods for NLP

2.1.1 Zero-shot Learning

Previous zero-shot learning methods can be broadly categorized into two types:

prompting-based methods and meta-tuning-based methods.

2.1.1.1 Prompting-based methods

Zero-shot learning has the advantage that no annotated data is required for down-
stream tasks but it is a challenging task even for humans since no demonstration is

allowed. One solution to this challenge is to increase the model parameters. Large



8 2.1. Low-Resource Methods for NLP

Language Models (LLM), e.g., GPT-3 [1] and PaLM [37], achieved promising per-
formances in zero-shot settings by using prompting. As shown in Figure 2.1, LLMs
can do zero-shot inference with a task description and a prompt. However, LLMs

are not usable in many real-world scenarios due to their surprisingly large sizes.

Identify the sentiment of Spanish text: «—— Task descrition

Me encanta esta pelicula. => ¢«—— Prompt

FIGURE 2.1: Zero-shot learning with prompt: inference on unseen tasks without
fine-tuning [1].

A promising alternative is to reformulate tasks like text classification as cloze ques-
tions with a pattern and a verbalizer [38, 39], making small language models capa-
ble of zero-shot learning. Even though such methods make it possible for zero-shot
learning, prompting is known to be sensitive to the templates, which may be de-
signed in different formats [40]. To eliminate the need for labeled training data,
Meng et al. [40] proposed a supervision generation approach. By generating la-
beled data with a generative PLM, followed by data filtering and fine-tuning, the
trained model can be applied to the target task. Alternatively, van de Kar et al.
2] create labeled datasets by mining labeled data samples from an unlabeled cor-
pus, after filtering and fine-tuning, which can perform better than prompting in
zero-shot settings, as shown in Figure 2.2. Such methods avoided using labeled
data but have the constraint that a specific model needs to be fine-tuned for each

downstream task, thus not efficient for deployment.

2.1.1.2 Meta-tuning based methods

To enhance the zero-shot capabilities of PLMs, a bunch of supervised tuning meth-
ods have been proposed. Instruction-tuning-based models like FLAN [3] and TO0
[18], fine-tine PLMs on a collection of datasets described by instructions or prompts
to improve performance on unseen tasks. As shown in Figure 2.3, by fine-tuning
the model on tasks like commonsense reasoning, translation, and sentiment analysis

tasks, FLAN can inference on unseen tasks like natural language inference directly.

UnifiedQA [20] formats multiple tasks as question answering (QA) format. After

fine-tinging on a collection of tasks, can perform well on unseen tasks. UnifiedQA
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Text Corpus  Task Description

P -
.

A .‘ [}
! pattern:  (is|was) {VERBALIZER}. {INPUT}:
i verbalizer: good [ bad

.

1 Mining: match pattern and extract { INPUT}

.. it. The film is good. |The actor played well.| That is ... )

Ve -
IThe actor played well. |Iﬂ [It was not funny at all. ]m

2 Filter with zero-shot prompting

Label mismatch?

Ve -
IThe actor played well.h [It was not funny at all. ]]']

¢

{
@ Finetune a pretrained model on the mined dataset

FIGURE 2.2: Mining-based method [2]: 1) Mine examples with labels from a
corpus with regex-based patterns; 2) Filter examples that are predicted to have
a different label with zero-shot prompting; 3) Fine-tune a PLM by adding a
classification head.

Finetune on many tasks (“instruction-tuning”)

™\

You are stuck in heavy traffic and Translate this phrase to Inference on unseen task type
need to attend a crucial meeting. French: I )

R U vou Hof ghﬁg: rzry i ol Premise: Thecity council met last night
OPTIONS: LD and debatedhe new park proposal.

-Try to weave through lanes quickly.
-Call the meeting organizer and explain.
-Get out of the car and walk. Target

Hypothesis: Sone members of the
' council did not wite for the proposal.

Target La bibliothéque est fermée Does the premis entail the hypothesis?
Call the meeting organizer and explain, € dimanche. OPTIONS:

-yes | -itis not possible to tel | | -no

FLAN Response
it is not possible to tell

Sentiment analysis tasks
Coreference resolution tasks

FIGURE 2.3: Instruction tuning in FLAN [3].

can also be further meta-tuned [41] on text classification datasets and do zero-
shot on other classification datasets. UniMC [19] converts zero-shot learning on
multiple-choice tasks and do zero-shot inference on tasks that can be formulated in
the same format. Another line of work is to convert text classification problems to
textual entailment problems. By fine-tuning on natural language inference datasets
[42] or a dataset from Wikiepdia [43], the models can do inference directly on text

classification datasets. All of the methods share the common features that they
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use labeled datasets.

2.1.2 Self-supervised Learning
2.1.2.1 Token Level

Self-supervised learning has been widely applied during language model pre-training
by leveraging the input data itself as supervision signals [44]. Left-to-right language
modeling [17, 45] and masked language modeling [4, 21, 46| help learn good sen-
tence representations. Left-to-right models or auto-regressive models maximize
the probability of generating the next token based on previsou tokens. For masked
language modeling like BERT, some input tokens are masked randomly and then
predicted during pre-training, as shown in Figure 2.4. Following BERT, Span-
BERT [47] masks random contiguous random spans and predict the entire span

with the span boundary representations.

ﬁp Mask LM Mask LM \
S Eas ~

BERT
\ﬂ_’\i.’ \i_’l EISEP] H E|J I EM' |
——

L

ﬁ—
I_l_l \_'_l

Masked Sentence A Masked Sentence B

*
Unlabeled Sentence A and B Pair

FIGURE 2.4: Pre-training for BERT [4].

Unlike encoder-based models, which can only predict the same number of tokens
in the output as input, encoder-decoder-based models can generate more flexible
outputs. Lewis et al. [5] proposed a denoising autoencoder called BART that
can learn a model to reconstruct the original text from the corrupting text. As
shown in Figure 2.5, the transformation functions include token masking, sentence
permutation, document rotation, token deletion, and text infilling. During fine-

tuning, both the encoder and decoder use the uncorrupted document as input.
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e e DE.ABC. C.DE.AB

Token Masking  Sentence Permutation Document Rotation

Bidirectional Autoregressive l.
o Encoder , S\ Decoser , 2 &
Token Deletion Text Infilling
T_R_N <s>TRA |
(A) Input and output format (B) Input transformations

F1cure 2.5: BART input and output formulations [5].

With the encoder-decoder architecture, the model does not need to reconstruct
the whole original text, but can also generate the masked text span. As shown in
Figure 2.6, T5 [6] replace consecutive spans of tokens with sentinel tokens (shown
as <X> and <Y>). The resulting sequence consists of dropped spans, surrounded
by special tokens that were used to replace them in the original sequence, and

ending with a final special token <Z>.

Original text

She really likes-ttie new coffee [shop-down] the street.

Inputs

She really <X> new coffee <Y> the street.

Targets
<X> likes the <Y> shop down <Z> end

FIGURE 2.6: T5 input and output formulations [6].

2.1.2.2 Sentence Level

In order to capture the sentence-level relations of downstream tasks, Devlin et al.
[4] pre-train a next sentence prediction (NSP) task, which is to predict whether
Sy is the next sentence that follows Sy, given a sentence pair (S7, Sz) as input,
as shown in Figure 2.4. Lan et al. [21] use sentence order prediction task to
model the inter-sentence coherence. Wang et al. [7] combine the two objectives
to form a three-way classification task, which can predict whether S5 is a sentence
that follows S;, a sentence that precedes Sy, or a sentence randomly sampled from

another document, as shown in Figure 2.7.
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Next Sent Prediction Prev. Sent Prediction
Class label = 1 Class label =2
* *
Transformer Encoder Transformer Encoder

lcLs || sy |[SEP || s; | |SEP|

lcLs|| s ||ser||[ s, ||sEr]

1

3
~ /1_’
‘ Sampler 3
1 1
3

[cis| [ sy | [SEP | [S,und [ SEP]

Corpus

Transformer Encoder

4

Class label =0

Random Sent Prediction

FIGURE 2.7: Sentence structural objective in StructBERT [7].

Instead of modeling the inter-sentence relations, Meng et al. [48] employ sequence
contrastive learning to align the corrupted text sequences that originate from the

same input source and guarantee the uniformity of the representation space.

2.1.3 Weak-to-Strong Generalization.

In the future, advanced models will handle complex tasks with only weak human
supervision. To study this, Burns et al. [8] proposed using weak supervisor models
to elicit the capabilities of stronger student models, as illustrated in Figure 2.8.
Their findings revealed that, after fine-tuning, the strong student models consis-
tently outperformed the weak supervisor models, a phenomenon they term weak-to-
strong generalization. In contrast to transferring knowledge from strong models to
weak models [49, 50], this learning paradigm is a specific type of weakly-supervised
learning [51], where models are trained with noisy or biased labels [52-56]. Our
work eliminates the necessity of weak models or weak labels for supervision. In-
stead, we utilize minimal supervision, such as the label space or incorrect initial
demonstrations, to elicit the capabilities of large language models. Other research
has proposed self-improvement of LLMs using labeled or unlabeled data [57-59] for
reasoning tasks. In contrast, we aim to propose a general framework for learning

new tasks without labeled data.
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Traditional ML Superalignment Our Analogy

Human Level

FI1GURE 2.8: Comparison of traditional ML, superalignment, and weak-to-strong
analogy [8].

2.1.4 In-context Learning

In-context learning (ICL) [9] can effectively learn new tasks with a few demonstra-
tions, but its mechanism is still under discussion. As shown n Figure 2.9, a task
description and some examples are provided for the model to learn new tasks. Pre-
vious research [60-62] found that ICL is sensitive to the demonstration samples,
their order, and their diversity. Studies by Min et al. [22] and Wang et al. [24]
discovered that even random labels for classification or invalid demonstrations for
reasoning tasks can yield good performance, suggesting that gold labels are not
always necessary. However, Yoo et al. [23] showed that correct input-label map-
pings can have varying impacts through extensive experiments. Recently, Wang
et al. [63] found that learning to retrieve in-context examples helps improve the

performance, but the gold labels are needed.

2.2 Mutilingual Large Language Models

2.2.1 Multilingual Prompting Strategies

The translate-test is a popular technique used to refine the performance of multi-
lingual NLP benchmarks [30, 31, 34, 64-66]. In the era of LLMs, various strate-

gies have been developed to enhance the performance of LLMs using multilingual
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Few-shot

In addition to the task description, the model sees a few
examples of the task. No gradient updates are performed.

Identify the capital of: task description
Japan => Tokyo examples
Canada => Ottawa

Germany => Berlin

France => prompt

FIGURE 2.9: An example of in-context learning [9].

datasets. Shi et al. [13] discovered that EN-COT outperforms NATIVE-COT.
Huang et al. [10] introduced cross-lingual-thought prompting (XLT) to minimize
language disparities. As shown in Figure 2.10, to generate responses in the de-
sired format, a language-independent prompt is created by populating an XLT
template with request metadata, which is then sent to the LLM. In parallel, Qin
et al. [32] introduced cross-lingual prompting, and Etxaniz et al. [67] suggested
self-translate to elevate their performances. Effective in translating prompts into
English, these methods excel in NLP tasks but remain uncertain in real-world ap-
plications. Their success hinges on the English-centric nature of the LLMs. Our
study evaluates translation effectiveness across NLP tasks, real user queries, and

non-English-centric LLMs, revealing the limitations of these methods.

XLT
Input | want you to act as an arithmetic reasoning expert for Chinese.

T Request: —"Kitt# A, B, C =1 #KE. B A% 2 J\=ILUEH,

e 7 B & 3 HAILLER, B C & 4 NHALUER, ME=1KE
, L= o Bl B A #EAGHRN—37

® 2 NAILUES, W5 B IR, ikﬁlﬁlﬁluiﬁ*‘m‘ﬁ ¥ . LLM
& 3/ AR, BFC You should retell the request in English.
& 4 NHEIUERE, R You should do step-by-step answer to obtain a number answer .
ZKERITR, ZKEd You/shouldisten-by-st th +
AT LR ? 'ou should step-by-step answer the request.

You should tell me the answer in this format "Answer:'.

Qutput

Request: A pool has three inlet pipes A, B, and C. Pipe A can fill the pool alone in 2 hours, Pipe B in 3 hours, and Pipe C
in 4 hours. If all three pipes are opened at the same time, how long will it take to fill half of the pool?

Step-by-step answer:

1. The rate of pipe A is 1/2 of the pool per hour, pipe B is 1/3, and pipe Cis 1/4.

2. The combined rate of pipes A, B, and Cis 1/2 + 1/3 + 1/4 = 6/12 + 4/12 + 3/12 = 13/12 of the pool per hour.

3. To fill half the pool, the amount of pool to be filled is 1/2.

4, The time required is Amount / Combined Rate = (1/2) / (13/12) = (1/2) * (12/13) = 6/13 hours.

Answer: It will take 6/13 hours to fill half of the pool.

FIGURE 2.10: Overview of cross-lingual-thought prompting [10].
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2.2.2 Multilingual Evaluation

Since the release of ChatGPT, the evaluation of LLMs has attracted the attention
of the research community [68, 69]. Shi et al. [13] evaluated LLMs on MGSM
and found that the models demonstrated strong multilingual reasoning capabili-
ties, even for low-resource languages. They found that the same model perform
differently on different languages or with different prompting strategies. Bang
et al. [69] evaluated ChatGPT on 23 datasets covering 8 NLP tasks. They found
that ChatGPT failed to generalize its capabilities to non-Latin scripts. To cover
tasks, Ahuja et al. [27] evaluated ChatGPT and GPT-4 on 16 NLP datasets across
70 languages and compared them with state-of-the-art non-autoregressive models.
Concurrently, Lai et al. [28] evaluated ChatGPT on 7 different tasks across 37
diverse languages. However, these evaluations are primarily limited to standard
NLP tasks and largely overlook real-world scenarios and cultural knowledge [70],

which are crucial for understanding the practical applicability of LLMs.

2.2.3 LLM-as-a-Judge

Strong LLMs have emerged as judges to evaluate model capabilities on open-ended
questions. Zheng et al. [36] proposed MT-bench, with GPT-4 as the judge to
test multi-turn conversation and instruction-following ability. Li et al. [71] intro-
duced AlpacaEval, a method for assessing a model’s performance by determining
the percentage of instances in which a powerful LLM favors the model’s outputs
compared to those from a reference model. Building on this, Dubois et al. [72]
proposed length-controlled AlpacaEval to mitigate length gameability, as judge
LLMs prefer longer outputs. To effectively distinguish model capabilities and cap-
ture human preferences in practical scenarios, Li et al. [73] developed Arena-Hard,
a data pipeline designed to create high-quality benchmarks using live data from
Chatbot Arena [36]. Similarly, Lin et al. [74] proposed Wildbench to benchmark
LLMs with real user queries. These benchmarks are limited to use LLMs as English
judges. Hada et al. [75] expand the evaluation of LLM-based evaluators to eight
languages, but not including SEA languages. To our knowledge, SeaBench is the

first open-ended multi-turn benchmark for SEA languages.
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2.2.4 SEA Benchmarks

Several benchmarks have been developed to evaluate LLMs on SEA languages.
SeaEval [76] includes 28 datasets covering classic NLP tasks, reasoning, and cul-
tural comprehension. For the newly created datasets, Cross-MMLU and Cross-
LogiQA, the questions were translated from English using Google Translate and
proofread by native speakers. SeaCrowd benchmarks [77] cover 4 NLU tasks with
131 data subsets and 7 NLG tasks with 100 subsets. BHASA [78] offers a holis-
tic evaluation suite for assessing linguistic and cultural aspects in LLMs tailored
to SEA languages. These benchmarks aim to provide a comprehensive evaluation
for SEA languages, with a focus on NLP tasks. However, none of the existing
benchmarks evaluate open-ended questions or multi-turn conversations. In con-
trast, SeaExam focuses on real-world exam questions, and SeaBench offers the first

SEA benchmark designed specifically for open-ended and multi-turn evaluations.



Chapter 3

Zero-Shot Text Classification via

Self-Supervised Tuning

3.1 Introduction

Recent advances in pre-trained language models (PLMs) have brought enormous
performance improvements in a large variety of NLP tasks [4, 17]. These paradigm
shifts towards leveraging generic features learnt by PLMs are driven by the high
data cost required for learning each new NLP task afresh. One promising learn-
ing method that echoes this paradigm shift is zero-shot text classification, which
predicts text labels on unseen tasks. Zero-shot text classification has attracted
considerable research attention in recent years [3, 18, 19], as labeled data is no
longer a necessity for relearning new feature representations for untrained specific

tasks.

Existing studies on zero-shot text classification can be briefly classified into two
types, as shown in Figure 3.1. The first type is prompting, which uses PLMs
to predict labels with designed templates and verbalizers (Figure 3.1 (a)). This
can be achieved by leveraging the generation capability of large language models
[1, 37], or reformulating text classification tasks as mask-filling tasks [38, 39]. Like-
wise, generation-based methods [40, 79] and mining-based methods [2] also rely on
prompting to generate or filter noisy labeled samples, which are used for further
fine-tuning. The second type is meta-tuning which fine-tunes a PLM on a collec-

tion of labeled data of related tasks before conducting inference on unseen tasks

17
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(a) Prompting
Prompt engineering, Inference on
PLM . .
Verbalizer design unseen tasks
(b) Meta-tuning

Labeled data
PLM
(c) Self-Supervised Tuning

Unlabeled First Sentence
data Prediction
Inference on

PLM Fine-tune unseen tasks

Inference on
unseen tasks

FIGURE 3.1: Zero-shot learning approaches: (a) prompting, (b) meta-tuning,
and (c) our proposed self-supervised tuning method.

(Figure 3.1 (b)). By reformulating the annotated data into instruction templates
3, 18], question-answer pairs [20, 41], multiple-choice questions [19] or entailment

pairs [42, 43, 80], and fine-tuning on them, PLMs perform well on unseen tasks.

Despite the achieved performance, existing methods have several limitations for
wider applications. Prompting has shown to be sensitive to the choice of patterns
and verbalizers [2]. This makes it difficult to design different templates specifically
for each task. In addition, generation-based and mining-based methods require
fine-tuning PLMs for each downstream task, which is inefficient for deployment.
On the other hand, meta-tuning relies on labeled data of relevant tasks or in
specific formats to facilitate the learning of desired patterns. The requirement for

such large-scale annotated data narrows its application scope.

To address the above issues, we propose to leverage self-supervised learning (SSL)
for zero-shot text classification tasks. SSL has been widely used during the pre-
training stage of PLMs to alleviate the need for large-scale human annotations [4,
21] by exploiting the intrinsic structure of free texts. Therefore, with a suitable SSL
objective, the model is able to capture certain patterns with the auto-constructed
training data and can be applied to a wide range of downstream tasks in a zero-
shot manner without specific designs. To our best knowledge, this is the first work
to exploit SSL at the tuning stage for zero-shot classification, which we refer to as

self-supervised tuning (SSTuning).

The biggest challenge of applying self-supervised learning to zero-shot text classi-

fication tasks is to design a proper learning objective that can effectively construct
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large-scale training samples without manual annotations. Intuitively, the core of
the text classification task can be treated as associating the most suitable label
to the text, given all possible options. Motivated by this observation, we propose
a new learning objective named first sentence prediction (FSP) for the SSTuning
framework to capture such patterns. In general, the first sentence tends to sum-
marize the main idea of a paragraph. Therefore, predicting the first sentence with
the rest of the paragraph encourages the model to learn the matching relation be-
tween a text and its main idea (“label”). Even when the first sentence does not
encapsulate the entire paragraph, it typically maintains a stronger semantic rela-
tionship with the following sentences compared to other paragraphs. To generate
training samples, we use the first sentence in the paragraph as the positive option
and the rest as text. The first sentences in other paragraphs are used as negative
options. Specifically, if negative options are from the same article as the positive
option, we call it hard negatives since the sentences in the same article normally
have some similarities, such as describing the same topic. Hard negatives force the
model to learn the semantics of the text instead of simply matching the keywords

to complete the task.

In the inference phase, we convert all possible labels of a sample into verbalizers
as options. The tuned model can thus retrieve the most relevant option as the
predicted label of the text. Since the tuned model has seen a large number of
samples and various first sentences as options, which has a higher chance to consist
of similar options to the ones at the inference phase, it is easier and more flexible to
design a proper verbalizer. In this way, our SSTuning enables efficient deployment
of PLM for classifying texts of unseen classes on-the-fly without requiring further

fine-tuning with labeled data or unlabeled in-domain data.

Our main contributions are:

e We propose a new learning paradigm called self-supervised tuning (SSTuning)
to solve zero-shot text classification tasks. A simple yet effective learning ob-
jective named first sentence prediction is designed to bridge the gap between

unlabeled data and text classification tasks.

e We conduct extensive experiments on 10 zero-shot text classification datasets.
The results show that SSTuning outperforms all previous methods on overall

accuracy in both topic classification tasks and sentiment analysis tasks.
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3.2 Proposed Method

Jim Berryman (born February 17, Text: He is the former mayor of Adrian ... ] Input:
1947)is a ... He is the former mayor (A) On January 6, 2012, Berryman ...
of Adrian ... Options (B) Jim Berryman (born February 17,
On January 6, 2012, Berryman ... pesitve ontions T TTTTTTTTTTTTT \ 1947) is a... (C) Since the late 1960s,
o | He ran against the incumbent ... " J‘;S';é?r;g;n('bom February 17, 1947) is i Flint has faced several crises. (D)
E NSmemRemeiooe-sioolosodoniil [PAD] (E) The General Motors ...
2 [ Hard negative options: ! [SEP] He is the former mayor of
(%)) 1 \ 1. On January 6, 2012, Berryman ... ! Adrian ...
7)) ErEEA
o ; " Negative options: | )
f Slgce i Ilatg 1960Tsr’1 FI'T ges ! 1. Since the late 1960s, Flint has faced H Label: B
aced several crises. The city : several orises. ;
ST o .2 _The General Motors Company ... ______ /Shuffle options and
Retrieve text and options combine with text
[ .
e Sneaky Credit Card Tactics Keep Text: Sneaky Credit Card ... ] Input:_ ) - )
o an eye on your credit card issuers . (A) This text is about politics. (B) This
g -- they may be about to raise your ! Options: N text is about sports. (C) This text is
= rates. ; Dptons: » H about business. (D) This text is about
B ! ; ms IEXI is 320”: F’°"‘r't°3- ! technology. (E) [PAD] [SEP] Sneaky
[ Y \ ;< !hislextis about sports. H Credit Card Tactics Keep ...
o ! Classes: politics, sports, business, .—’: 3. This text is about business. !
E \ technology | -\ 4. This text is about technology. g Label: C

Design verbalizers Combine options and text

FIGURE 3.2: Data construction for SSTuning (top) and zero-shot inference (bot-
tom). The number of labels Nyode1 is set as 5 here. The SSTuning example is
from Wikipedia and the inference example is from AG News dataset.

In this section, we discuss our proposed framework, SSTuning, and provide details
for our dataset preparation process using the idea of first sentence prediction (FSP),

the tuning phase, and the zero-shot inference phase.

3.2.1 First Sentence Prediction

Text classification can be regarded as selecting the most relevant label for the text,
given all possible labels. Based on such observation, we propose the FSP task to

create datasets for our SSTuning by mimicking the same structure.

We design the FSP task by considering both the nature of the unlabeled corpus and
the input/output format of classification tasks. In this subsection, we describe in
detail how to construct the tuning and validation sets from the unlabeled corpus.

Figure 3.2 shows the core procedures for our dataset generation.

Data filtering. @ We first filter data to select appropriate paragraphs for tuning.
The original unlabeled datasets can be noisy and some paragraphs are not suitable
for generating tuning datasets. We filter the paragraphs with the following features:

1) the paragraph only contains 1 sentence; 2) the first sentence contains less than or
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equal to 3 characters; 3) the first sentence only contains non-alphabetic symbols; 4)
repeated paragraphs. Removing meaningless sentences ensures data quality, which

helps improve the performance of the model.

First sentence as the positive option. We consider an article A, that

contains M paragraphs, i.e., A, = [P/, P, ...Py;], and suppose paragraph P! has

K sentences [S7"", S5, ..., SE™], the positive option O™ and the text ™™ are:

onm = gy (3.1)
2 =[S S (3.2)

As shown in Figure 3.2, we can retrieve the first sentence "Jim Berryman (born

February 17, 1947) is a ... ” as the positive option and the rest of the paragraph
“He is the former mayor of Adrian ...” as the text for the first paragraph in the
article.

Negative sampling. After getting the positive option, we randomly sample

J "first sentences” from other paragraphs [S}"™", S7%"™?...S]7"™] as negative op-
tions, where J is a random number that satisfies 1 < J < Npaxtabel — 1. We let
NpaxLabel denote the maximum number of labels that are first sentences, which is
pre-defined to ensure the total number of tokens for options is not too long. It is
less or equal to Npogel, Where Npogel is the number of labels for the model output
layer. Having a random number of negative options bridges the gap between tun-
ing and zero-shot inference since the number of classes for evaluation datasets may

vary from 2 to Npyodel-

Hard negatives. During negative sampling, if the negative options and the
positive option are from the same paragraph (n; = n), we call the options hard
negatives. Inspired by the successful application of hard negatives in Gao et al.
[81], we purposely add more hard negatives to enhance the model performance. In
some articles, we observe that in the same paragraph, common words are likely to
appear in the first sentence and the rest of the paragraph at the same time. As
shown in Figure 3.2, "Berryman” can be a shortcut to select the corresponding

first sentence for the text. However, if we add the hard negative "On January 6,
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2012, Berryman ...”7, the model needs to understand the true semantics to select

the positive option.

Option padding. @ We pad the options with the special ” [PAD]” token to make
the input format consistent between the tuning phase and the inference phase.
Specifically, if the total number of options after negative sampling is (J + 1) <
Niodel, we will add (Nyegel — J — 1) [PAD] options. Thus the final list of options
is:

o™ = [SP™, Sy, Sy LS

1 2 Npodel—J—1
OPAD? OPAD? OPAIBO ¢ ]

(3.3)

Generating final text and label. We shuffle the option list because the
position of a positive option is random in the evaluation datasets. After shuffling,

we assume the option list is:

shuie = (00, 01, - Onooa—1l; (3.4)
where the positive option O™ = O;. Then the label for this sample is:
L =j. (3.5)
The final input text is the concatenation of the above components:

Ty = [CLSJ{(T;) O} [SEP]a"™ " [SEP] (3.6)
where T; is the i-th item from the index indicator list T" (e.g. [A, B, C...]), [CLS] is
the classification token, and [SEP] is the seperator token used by Devlin et al. [4].

Thus the final text-label pair (x;;',L™™) is the generated sample. We can repeat
this process to generate a large number of samples as the tuning set. The validation
set can also be generated in the same way. Note that if we select a corpus that only
contains paragraphs instead of articles, we can treat each paragraph as an article,

and no hard negatives are generated.
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3.2.2 Tuning Phase
3.2.2.1 Network Archtecture

We employ BERT-like pre-trained masked language models (PMLM) as the back-
bone, such as RoBERTa [46] and ALBERT [21]. Following Devlin et al. [4], we
add an output layer for classification. Such models have both bidirectional encod-
ing capabilities and simplicity. Generative models are not necessary since we only
need to predict the index of the correct option. We do not make any changes to
the backbone so that the method can be easily adapted to different backbones. In
order to cover all test datasets, we config the number of labels for the output layer

as the maximum number of classes for all test datasets, denoted by Npodel-

3.2.2.2 Learning Objective

Traditional text classification with PMLMs like BERT maps each classification
layer output to a class. Such design requires a dedicated output layer for each
dataset as they have different classes. Instead, our learning object for FSP with
the same network is to predict the index of the positive option. In this way, we
can use the output layer for both tuning and inference, and for all various kinds of

datasets.

As shown in Figure 3.2, we concatenate the labels and the text as input. The
outputs are the indices (0, 1, 2..., which correspond to A, B, C), which are the
same as traditional classification datasets. We use a cross-entropy loss for tuning
the model.

3.2.3 Zero-Shot Inference Phase

During the zero-shot inference phase, we can infer directly by converting the input

of the sample to the same format as that in the tuning phase.
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3.2.3.1 Input Formulation

As shown in Figure 3.2, the zero-shot inputs are formulated similarly as the tuning
phase, except 1) instead of using first sentences as options, we convert the class
names to verbalizers as options. 2) No shuffling is needed. Since the converted
input and output during SSTuning and zero-shot phases are the same, no further

adjustment of the model is required.

3.2.3.2 Constrained Prediction

Since the dimension of the output logits (NVyeqer) may be different from the number
of classes in a dataset (N), the predictions may be out of range (e.g. the model
may output 3 for a dataset with 2 classes). To solve this issue, we simply make

predictions based on the first N logits:
P = argmax(logits[0 : Np]) (3.7)

where P is the index for the positive option.

3.3 Experiment Setup

3.3.1 SSTuning Datasets

We choose English Wikipedia and Amazon review dataset (2018) [82] for SSTuning.
The two datasets are large: the Wikipedia corpus has more than 6.2M articles'
by the end of 2021, while Amazon Review Data has around 233.1M reviews?.
Wikipedia articles typically use formal expressions and Amazon reviews contain

informal user-written texts, together covering different genres of text.

For English Wikipedia, we collect articles up to March 1st, 2022. To balance
the dataset, we select up to b paragraphs in each article. The generated dataset
has 13.5M samples. For the Amazon review dataset, we only use the review text

to create our SSTuning dataset, ignoring other information such as summary and

'https://en.wikipedia.org/wiki/Wikipedia:Size_of_Wikipedia
’https://nijianmo.github.io/amazon/
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vote. The Amazon review dataset has 29 categories. To keep the model from being
dominated by a certain category, we select up to 500k samples from each category.

In the end, we collected 11.9M samples.

To have a balanced dataset, we sample 2.56M from the Wikipedia dataset and
2.56M from the Amazon review dataset, forming a total of 5.12M samples as the
tuning dataset. In addition, we sampled 32k from each of the two datasets, forming
a validation set consisting of 64k samples. Some of the final generated samples from

English Wikipedia and Amazon product reviews are shown in Table 3.1.

Dataset LabelPositive Generated Text
Op-
tion

WikipediaO  Rawat (A) Rawat emigrated to Canada from India in 1968. (B)
(A)  emi- Meskowski was a racing car constructor. (C) [PAD] (D) ,
grated there were 42 people who were single and never married in the
to municipality. (E) [PAD] (F) [PAD] (G) [PAD] (H) [PAD] (I)
Canada [PAD] (J) [PAD] (K) It is a Church of England school within
from  the Diocese of Salisbury. (L) Falkoner Allé was opened to the
India  public after Hgmarken ( literally ” Hayfield ” ), an area to
in the north belonging to Ladegarden, originally a farm under
1968.  Copenhagen Castle, was auctioned off. (M) [PAD] (N) [PAD]
(O) In the fall of her senior year at McDonogh, Cummings
committed to play for the University of Marylands womens
lacrosse team as the nations top recruit. (P) Ranville is a na-
tive of Flint, Michigan and attended St. Agnes High School.
(Q) The Dodges Institute of Telegraphy was housed in the In-
stitutes building at 89 East Monroe. (R) During 2004 - 2011,
Rawat was President of the Communications Research Centre,
Canadas centre of excellence for telecommunications R & D,
with 400 staff and an annual budget of over $ 50 million. (S)
[PAD] (T) [PAD] [SEP] She speaks English, French, Hindi and
Spanish.

Amazon 18 Works (A) [PAD] (B) [PAD] (C) [PAD] (D) [PAD] (E) [PAD] (F)
Prod- (S) pretty [PAD] (G) [PAD] (H) [PAD] (I) [PAD] (J) [PAD] (K) [PAD]

uct good. (L) [PAD] (M) [PAD] (N) [PAD] (O) [PAD] (P) Great value
Re- for a creeper. (Q) [PAD] (R) [PAD] (S) Works pretty good.
view (T) [PAD] [SEP] Just wish the fm stations on the device would

go lower. The best one in my area is 85.1 but the device only
goes to 88.1. Still a great product.

TABLE 3.1: Examples generated for SSTuning with English Wikipedia and Ama-
zon product review dataset.
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Dataset # Class # Train # Val # Test

Yahoo. 10 1.4M 0 60k
AG News 4 120k 0 7.6k
DBPedia 14 560k 0 70k
20 News. 20 11,314 0 7532
SST-2 2 67,349 872 0
IMDB 2 25k 0 25k
Yelp 2 560k 0 38k
MR 2 8,530 1,066 1,066
Amazon 2 3.6M 0 400k
SST-5 5) 8,544 1,101 2,210

TABLE 3.2: Dataset statistics for evaluation datasets.
3.3.2 Evaluation Datasets

We evaluate the models on 4 topic classification (TC) tasks, including Yahoo Topics
(yah) [83], AG News (agn) [83], DBPedia (dbp) [83] and 20newsgroup (20n) [84],
and 6 sentiment analysis (SA) tasks, including SST-2 (sst2) [85], IMDb (imd)
[86], Yelp (ylp) [83], MR (mr) [87] and Amazon (amz) [83], which are binary
classification tasks, and SST-5 (sst5) [85], a fine-grained SA task. Detailed data

statistics for each testing dataset are presented in Table 3.2.

Following the baselines [2, 19, 88], we report the accuracy on the test set when
available, falling back to the original validation set for SST-2. We summarize
the dataset statistics for the evaluation datasets in Table 3.2. We download all
the datasets from Huggingface [89], except 20newsgroup. For Yahoo Topics, we
concatenate the question and answer as inputs. For DBPedia and Amazon, we
concatenate the title and content. For 20newsgroup, we follow the recommenda-
tions to remove headers, footers, and quotas®. However, if the text becomes empty

after removing the components, we will use the original text instead.

The verbalizers for each dataset are shown in Table 3.4. We try to unify the ver-
balizer design for similar tasks. For topic classification tasks, we use the template
"This text is about [|.” after converting the class names to meaningful words. For
binary classifications, we use "It’s terrible.” for negative class and "It’s great.” for
positive class. For SST-5, we refer to [90] to design the verbalizers. Some of the

reformulated text for the evaluation datasets are shown in Table 3.3.

3https://scikit-learn.org/0.19/datasets/twenty_newsgroups.html
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Dataset Label Positive

Option

Reformulated Text

AG
News

3
(D)

This text
is about

technology.

(A) This text is about politics. (B) This text is about
sports. (C) This text is about business. (D) This
text is about technology. (E) [PAD] (F) [PAD] (G)
[PAD] (H) [PAD] (1) [PAD] (J) [PAD] (K) [PAD] (L)
[PAD] (M) [PAD] (N) [PAD] (O) [PAD] (P) [PAD]
(Q) [PAD] (R) [PAD] (S) [PAD] (T) [PAD] [SEP] RE-
VIEW: "Half-Life 2’ a Tech Masterpiece (AP) AP -
It’s been six years since Valve Corp. perfected the
first-person shooter with ”Half-Life.” Video games
have come a long way since, with better graphics and
more options than ever. Still, relatively few games
have mustered this one’s memorable characters and
original science fiction story.

DBPedia

9
(J)

This text
is about
animal.

(A) This text is about company. (B) This text is
about educational institution. (C) This text is about
artist. (D) This text is about athlete. (E) This text
is about office holder. (F) This text is about mean of
transportation. (G) This text is about building. (H)
This text is about natural place. (I) This text is about
village. (J) This text is about animal. (K) This text is
about plant. (L) This text is about album. (M) This
text is about film. (N) This text is about written
work. (O) [PAD] (P) [PAD] (Q) [PAD] (R) [PAD]
(S) [PAD] (T) [PAD] [SEP] Periscepsia handlirschi.
Periscepsia handlirschi is a species of fly in the family
Tachinidae.

SST-2

1
(B)

It’s great.

) It’s terrible. (B) It’s great. (C) [PAD] (D) [PAD]
E) [PAD] (F) [PAD] (G) [PAD] (H) [PAD] (I) [PAD]
J) [PAD] (K) [PAD] (L) [PAD] (M) [PAD] (N) [PAD]
O) [PAD] (P) [PAD] (Q) [PAD] (R) [PAD] (S) [PAD]

) [PAD] [SEP] charles * entertaining film chronicles
seinfeld ’s return to stand-up comedy after the wrap
of his legendary sitcom , alongside wannabe comic
adams ’ attempts to get his shot at the big time .

(A
(
(
(
(T

SST-5

3
(D)

It’s good.

(A) It’s terrible. (B) It’s bad. (C) It’s okay. (D) It’s
good. (E) It’s great. (F) [PAD] (G) [PAD] (H) [PAD]
(I) [PAD] (J) [PAD] (K) [PAD] (L) [PAD] (M) [PAD]
(N) [PAD] (O) [PAD] (P) [PAD] (Q) [PAD] (R) [PAD]
(S) [PAD] (T) [PAD] [SEP] u.s. audiences may find -
Irb- attal and gainsbourg ’s -rrb- unfamiliar personas
give the film an intimate and quaint reality that is
a little closer to human nature than what hollywood
typically concocts .

TABLE 3.3: Examples after reformulation for 4 evaluation datasets.



28 3.3. Experiment Setup

3.3.3 Baselines

We choose the following baselines for comparison:

e Textual entailment (TE) [42] Following [88], we download the off-the-
shelf models trained on MNLI and use the default hypothesis template ”This

example is [].” for evaluation.

e TE-Wiki [43]: This model is also trained with entailment methods but with

a dataset constructed from Wikipedia.

e Prompting-based method [38]: We compare with the results using mul-

tiple verbalizers reported in [2].

e Mining-based [2]: The method has three steps, which are mine, filter and

fine-tune. We compare with the results reported.

e UniMC [19]: We download the released checkpoint and test the model
without question prompts since the reported results on text classification

tasks are better on average.

We followed the setups and verbalizers of the original works as much as possible.
If the original work does not have verbalizers for a dataset, we will use the same

or comparable verbalizers as ours, as shown in Table 3.4.

3.3.4 Implementation Details

To test the performance of the proposed method on different model sizes and ar-
chitectures, we tune three versions of models, which are based on RoBERTay,,g.,
RoBERTay,ge [46], and ALBERT sxiarge (V2) [21], denoted as SSTuning-base, SSTuning-
large, SSTuning-ALBERT, respectively. We set the maximum token length as 512
and only run one epoch. We repeat all the experiments 5 times with different seeds

by default. The experiments on SSTuning-base and SSTuning-large are run on 8
NVIDIA V100 GPUs and the experiments on SSTuning-ALBERT are run on 4
NVIDIA A100 GPUs.

We set the batch size based on the constraint of the hardware and do a simple

hyperparameter search for the learning rate. We do not add hard negatives for
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Dataset Verbalizers

Yahoo "This text is about society & culture.”, ”"This text is about science

Topics & mathematics.”, ”This text is about health.”, ”This text is about
education & reference.”, ”This text is about computers & internet.”,
”This text is about sports.”, ”This text is about business & finance.”,
”This text is about entertainment & music.”, ” This text is about family
& relationships.”, " This text is about politics & government.”

AG News ”This text is about politics.”, ”This text is about sports.”, ”This text
is about business.”, ” This text is about technology.”

DBPedia ”This text is about company.”, ”"This text is about educational insti-
tution.”, ”This text is about artist.”, ”This text is about athlete.”,
”This text is about office holder.”, ” This text is about mean of trans-
portation.”, ” This text is about building.”, ” This text is about natural
place.”, ”This text is about village.”, ”This text is about animal.”,
”This text is about plant.”, ” This text is about album.”, ” This text is
about film.”, ”"This text is about written work.”

20 ”This text is about atheism.”, ”This text is about computer graph-
Newsgroup  ics.”, ”This text is about microsoft windows.”, ”This text is about pc
hardware.”, ” This text is about mac hardware.”, ”This text is about

windows x.”, ”This text is about for sale.”, ”This text is about cars.”,

”This text is about motorcycles.”, ” This text is about baseball.”, ” This

text is about hockey.”, ” This text is about cryptography.”, ” This text is

about electronics.”, ” This text is about medicine.”, ” This text is about

space.”, ”"This text is about christianity.”, " This text is about guns.”,

”This text is about middle east.”, ”This text is about politics.”, ” This

text is about religion.”

SST-2, ”It’s terrible.”, "It’s great.”
IMDB, Yelp,
MR,
Amazon
SST-5 "It’s terrible.”, "It’s bad.”, ”It’s okay.”, "It’s good.”, "It’s great.”

TABLE 3.4: Verbalizers for the evaluation datasets.

the Amazon review dataset since the reviews are not in the format of articles. We
also tried to use the negative options from the same product category as hard
negatives but did not find any meaningful improvement. We set Ny,qe for as 20
and Nyaxrabel as 10 after simple experiment. The hyperparameters for the main
results (Section 4.3.3) are shown in Table 3.5. We try to use the same settings as
much as possible. The training time for the three SSTuning models is with 5.12M

tuning samples and 64k validation samples (also generated via FSP).
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Parameter Fine-tuning SSTuning-base/SSTuning-large SSTuning-ALBERT
Model RoBERTapase (123M) RoBERTaase/ ROBERTa46e (355M)  ALBERT sarge(V2)(235M)

Model Selection Best Best Best
Batch Size 16 128 64
Precision FP16 FP16 FP16
Optimiser AdamW AdamW AdamW
Learning Rate le-5 2e-5 le-5
LR Scheduler linear decay linear decay linear decay
AdamW Epsilon le-8 le-8 le-8
AdamW p4 0.9 0.9 0.9
AdamW 0.999 0.999 0.999
Weight Decay 0.01 0.01 0.01
Classifier Dropout 0.1 0.1 0.1
Attention Dropout 0.1 0.1 0
Hidden Dropout 0.1 0.1 0

Max Steps - 40000 80000
Max Epochs 3 1 1
Hardware 1 NVIDIA V100 8 NVIDIA V100 4 NVIDIA A100
Training time - 3h/8h 31h

TABLE 3.5: Hyperparameters and training information for full-shot fine-tuning,

SSTuing-base, SSTuning-large and SSTuing-ALBERT.

3.4 Results and Analysis

3.4.1 Main Results

Topic Classification Sentiment Analysis

Backbone L Avg
yah agn dbp 20n sst2 imd ylp mr amz ssth

Fine-tuning® RoBERTajee - 77.1 955 992 753 959 964 983 91.3 97.2 599 88.6
TE-Wiki BERThase v 565 794 904 539 57.3 62.0 585 56.2 558 24.5 59.5
TE-MNLI RoBERTajee ¢ 28.6 77.6 604 402 89.6 90.2 928 828 92.0 48.8 70.3
TE-MNLI BART arge v 482 748 57.1 354 89.0 91.1 931 814 919 47.7 71.0
Prompting* RoBERTayse - 341 546 51.1 - 819 81.8 831 783 835 - -
Mining-based* RoBERTap,se X 56.1 79.2 804 - 85.6 86.7 92.0 80.5 92.0 - -
UniMC* ALBERT arge v - 81.3 88.9 - 91.6 94.8 - - - - -
UniMC (Rerun) ALBERTyarge v 59.0 843 892 437 90.1 93.6 943 873 93 456 78.0
SSTuning-base RoBERTapae X 59.1  79.9 827 472 86.4 882 929 83.8 940 45.0 75.9
SSTuning-large RoBERTaj,e X 624 837 856 56.7 90.1 93.0 952 874 952 469 79.6
SSTuning-ALBERT ALBERTgaree X 63.5 85.5 92.4 62.0 90.8 934 95.8 89.5 95.6 45.2 81.4

TABLE 3.6: Main results for 4 topic classification tasks and 6 sentiment analysis
tasks. < the original training sets (see dataset sizes in Table 3.2) are used
to provide results under supervised settings, served as upper bound, otherwise
zero-shot results are reported. *: results are taken from corresponding papers.
”Labeled” indicates whether the model uses labeled (v') or unlabeled (X) data.
7 Avg” is the arithmetic mean accuracy of all the datasets. For SSTuning models,

we report mean accuracy of 5 repetitions using different seeds.

The main results are shown in Table 3.6. We have the following observations: 1)
Our method SSTuning-ALBERT achieves new state-of-the-art results on 7 out of

10 datasets, and even approaches the performance with the supervised setting (i.e.,
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TC SA Al

Amazon 63.4 814 742
Wikipedia 63.4 779 721
Amazon + Wikipedia 67.2 81.7 75.9

TABLE 3.7: Zero-shot results with different tuning datasets. The best result is
in Bold.

results of fine-tuning), showing the superiority of our proposed method. 2) With
the same backbone, SSTuning-ALBERT outperforms UniMC by 3.4% on average.
Note that different from UniMC, we do not utilize any labeled data to conduct
meta-tuning, but purely rely on auto-constructed data for self-supervised tuning,
which not only has a much large scale of data but also has more abundant options
(first sentences). 3) Comparing methods based on ROBERTay,55¢, ROBERT 8514 and
BART e, our SSTuning-large and SSTuning-base are the two best-performing
models on average. We also observe that SSTuning-large outperforms UniMC,
which has a stronger backbone. 4) Our models don’t perform very well on SST-5,
which is a fine-grained sentiment analysis task. Maybe we can generate more fine-
grained options from the unlabeled corpus to improve performance on such tasks.

We leave it as a future work.

3.4.2 Ablation Study
3.4.2.1 Ablation on Tuning Datasets

We utilize both the Amazon review dataset and English Wikipedia during the
tuning stage. To evaluate their effectiveness, we conduct ablation studies to create
two model variants that are only trained on one dataset. We set the number of
samples for each case to 5.12M for a fair comparison. As shown in Table 3.7,
both datasets contribute to the final performance, thus discarding any one leads
to a performance drop. It is interesting that tuning with Amazon review data
performs the same as tuning with Wikipedia on topic classification tasks. This is
unexpected since Wikipedia is more related to topic classification tasks intuitively.
We anticipate the reason is that the backbone models have already been pre-trained

with Wikipedia, thus further tuning with it does not bring significant advantages.
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TC SA Al

First sentence prediction 67.2 81.7 75.9
Last sentence prediction 59.8 82.2 73.3
Next sentence selection 54.8 819 T71.1

Random sentence prediction 56.8 80.8 71.2

TABLE 3.8: Zero-shot results with different tuning objectives. The best results
are in Bold.

3.4.2.2 Alternative Tuning Objectives

We have proposed first sentence prediction (FSP) as the tuning objective to equip
the model learning to associate the label and text in the inference stage. We
consider some alternative objectives here to for comparison: 1) last sentence pre-
diction (LSP), which treats the last sentence as the positive option for the rest of
the paragraph; 2) next sentence selection (NSS)?, which treats the first sentence
in a consecutive sentence pair as text and the next as the positive option; 3) ran-
dom sentence prediction (RSP), which randomly pick a sentence in a paragraph as
the positive option and treat the rest as text. The comparison between the four
settings is shown in Table 3.8. We find that FSP performs the best, especially
for topic classification tasks. Among the alternatives, utilizing LSP as the tuning
objective leads to the best performance, which is expected since the last sentence
in a paragraph usually also contains the central idea, sharing a similar function
as the first sentence. Unlike topic classification tasks, the four settings perform
similarly on sentiment analysis tasks. The possible reason is that each sentence in

a paragraph shares the same sentiment.

3.4.3 Analysis
3.4.3.1 Classification Mechanism

To investigate how our models make correct decisions, we did a case study on a
movie review example. As shown in Figure 3.3, we used SSTuning-base (number of
'77

labels configured as 2) to classify whether the movie review ” A wonderful movie

is negative or positive. We set the verbalizers as "Bad.” and "It’s good.” to see

4Note that we use NSS here to distinguish from NSP (next sentence prediction) used by Devlin
et al. [4].



Chapter 3. Zero-Shot Text Classification via Self-Supervised Tuning 33

how the length of options impacts the decision. The prediction of the model is 1,
which is correct. We focus on a few important tokens, including the classification

token <s>, the option indicators A and B, and the separator token </s>.

In Layer 0, <s> attends to all the options and the text. A and B attend more to its
own options. </s> attend more to the text tokens. In higher layers, A and B attend
even more to their own option tokens (Layer 1) but also have some interactions
(Layer 4). In layer 9, A and B attend more its own option tokens again and also
the period mark, while </s> attend to both the text tokens and the options tokens
for B (the positive option). In the end, we find that <s> token attends more to
the second opinion, especially to the tokens around the index indicator "B” in
the last layer. This is consistent with our intuitions. For humans, when we do
classification tasks, we normally compare the options and select the option that
best matches the text. Based on the observations, we hypothesize that the model
has the capability to encode the options and text separately, compare the options

and text, and choose the positive option in the end.

3.4.3.2 Importance of Index Indicators

To further understand how the index indicator guides the model to make the pre-
diction, we employ different indicator designs during the tuning and inference stage.
Specifically, we consider different formats of the index indicator, which are: 1) al-
phabet characters (A, B, C...), which is the default format; 2) numerical index (0,
1, 2...); 3) same index indicator for all options (0, 0, 0...). During the inference,
we also consider two special indicators: 4) same alphabet characters (A, A, A...),
and 5) rearranged alphabet characters (B, A, D, C...). The results are shown in
Table 3.9. There is not much difference between using alphabet characters and
numerical indexes, as shown in cases 1 and 2. As shown in case 3, using the same
characters will degrade the performance but not much, which means the model can
rely on position embedding of the index indicator to make the correct predictions.
As shown in cases 4 and 5, using inconsistent index indicators will greatly degrade
the performance, which further verifies the importance of using consistent index

indicators to make correct predictions.
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FIGURE 3.3: Attention map for a movie review example. The original text is 7 A
wonderful movie!” and the verbalizers are "Bad.” and "It’s Good.”. The model
is SSTuning-base with 2 classes. This figure is generated with BertViz [11].
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Tuning Inference Avg Std
1 (A,B,C...) (A, B,C...) 759 0.3
2 (0,1, 2..) (0,1, 2...) 75.6 04
3 (0,0,0...) (0,0, 0...) 741 0.6
4 (A, B,C...) (A A A.) 320 1.1
5 (A,B,C...) (B,A,D,C...) 234 121

TABLE 3.9: Performance with same and different index indicators during tuning
and inference. “Std” indicates Standard Deviation.
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FIGURE 3.4: Zero-shot accuracy with different numbers of hard negatives.

3.4.3.3 Impact of Hard Negative Samples

Intuitively, adding more hard negatives will make the training more difficult, thus
forcing the mode to better understand the semantics of the sentences. We tested
the impact of hard negatives based on two settings: 1) train with both the Ama-
zon reviews and Wikipedia, each with 2.56M samples; 2) train with only 2.56M
Wikipedia samples. We don’t train with only Amazon reviews since they don’t
have hard negatives. The results with 0,1,3,5,7,9 hard negatives are shown in

Figure 3.4.

In general, adding more hard negatives will improve the performance. For the case
with both datasets, the impact of hard negatives is small. This is because the
Amazon review dataset alone can achieve good performance, as shown in Table
3.7. However, hard negatives have a significant impact on the setting with only
Wikipedia for tuning. The possible reason is that without hard negatives the
model may only learn keyword matching instead of semantics since the keywords

may appear many times in the same Wikipedia article.
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FIGURE 3.5: Zero-shot accuracy with different training sample sizes. Mean
accuracy over 4 topic classification tasks, 6 sentiment analysis tasks, and all the
tasks are reported.

3.4.3.4 Impact of Tuning Sample Size

To test how the tuning sample size impacts the performance, we trained SSTuning-
base with 320k, 640k, 1.28M, 2.56M, and 5.12M samples, with half generated from
Wikipedia and half from Amazon reviews. The results are shown in Figure 3.5.
With more samples, the performances are increasing in general, especially for topic
classification tasks. With such observation, it is likely to further improve the
performance by increasing the tuning sample size. Even though tuning on larger
datasets is more computationally expensive, it is worth doing since no further

training is required for downstream tasks.

3.4.3.5 Impact of Verbalizer designs

During self-supervised tuning, the model saw a large number of first sentences
as options, which may contain similar options to the unseen tasks, thus it may
have better generalization capabilities. To test how robust the model is to the
verbalizer changes compared with UniMC, we design 10 sets of verbalizers for
SST-2 and IMDb, covering various scenarios: 1) verbalizers with a single word; 2)
verbalizers with different punctuation marks; 3) combinations of single verbalizers;
4) different format for different classes. For a fair comparison, we only use one of
our checkpoints and compare it with the UniMC checkpoint released. The results
are shown in Table 3.10. We find that SSTuning-ALBERT performs better on
average and is more stable. For the most challenging case, which is ”7Terrible!”
and 7 like the movie! It is wonderful!”, SSTuning-ALBERT outperforms UniMC
by 20.4 points for SST-2 and 17 points for IMDb.
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UniMC(w/o Qn) SSTuning-ALBERT

negative positive
SST-2 IMDb SST-2 IMDb

Bad. Good. 87.0 91.9 90.7 93.9
Terrible. Great. 88.5 91.7 91.4 94.3
Negative. Positive. 86.0 90.3 92.2 92.6
Negative! Positive! 88.9 90.2 92.1 92.4
Terrible! Awesome! 88.4 91.1 90.9 94.0
Bad, terrible and negative. Good, great, and positive. 80.7 87.5 87.3 90.8
I don’t like the movie! I like the movie! 91.5 92.9 89.8 90.3
Terrible! I like the movie! It is wonderful! 66.4 75.1 86.8 92.1
It’s terrible. It’s great. 91.6 93.0 90.6 94.1
It’s negative. It’s positive. 85.6 89.9 89.2 91.3

Average 85.5 89.4 90.1 92.6

Standard Deviation 74 5.3 1.9 1.5

TABLE 3.10: Comparison of zero-shot results for 2 sentiment analysis tasks with
different verbalizers. The best average results are in bold.

3.4.3.6 Impact of the Number of Output Labels

In our main results, we set the number of output labels Ny,oqe as 20. However,
a classification dataset may have more than 20 classes. To test the scalability of
the label number, we tune another variant for SSTuning-base. We use numerical
numbers (0, 1, 2...) as the index indicator and set Npoqe as 40. The comparison
between the two versions is shown in Table 3.11. Increasing Nyoger from 20 to 40
only degrade the performance by 1.4 points (75.9% to 74.5%), showing the good
scalability of our approach. As an alternative for the datasets with more classes,

we can split the labels and do a multi-stage inference.

N Topic Classification Sentiment Analysis

Avg
yah agn dbp 20n sst2 imd ylp mr amz sstb

SSTuning-base 20 59.1 79.9 82.7 47.2 86.4 882 929 838 94.0 45.0 75.9
SSTuning-base 40 58.0 79.3 79.8 49.1 84.4 882 91.7 822 933 394 4.5

TABLE 3.11: Accuracy over different number of labels Nodel (IN means
Nmodel)-

3.5 Summary

In this chapter, we have proposed a new learning paradigm called SSTuning for
zero-shot text classification tasks. By forcing the model to predict the first sentence

of a paragraph given the rest, the model learns to associate the text with its label



38 3.5. Summary

for text classification tasks. Experimental results show that our proposed method
outperforms state-of-the-art baselines on 7 out of 10 tasks. Our work proves that

applying self-supervised learning is a promising direction for zero-shot learning.

Limitations

In this chapter, we proposed SSTuning for zero-shot text classification tasks. Dur-
ing inference, we still need to design verbalizers. For simplicity and fair comparison,
we only refer to previous works for such designs, which may be sub-optimal. As
shown in Table 3.10, using the verbalizers ”Terrible.” and ”Great.” work better
than ”It’s terrible.” and "It’s great.” for the SST-2 and IMDA tasks that we re-
ported in the main results. If the labeled validation set is provided, the model may

perform better by choosing verbalizers based on the validation set.

Due to limited computation resources, we only tuned the model with 5.12 million
samples, which is only a small portion of the available samples. We believe that
tuning the model on a larger dataset help improve the performance. Even though
the computational cost will also increase, it is worth it since no more training
is needed at the inference phase. In addition, we did not do extensive hyperpa-
rameter searches except for the learning rate, which may also further improve the

performance.

In our experiment, we only tested the method with discriminative models like
RoBERTa and ALBERT. Its performance with generative models is not known. It
is non-trivial to test on such models since generative models can do both natural
language understanding tasks and natural language generation tasks. We leave this

as future work.



Chapter 4

Zero-to-Strong (Generalization:
Eliciting Strong Capabilities of
Large Language Models
Iteratively without Gold Labels

4.1 Introduction

Pre-trained language models (PLMs) have achieved significant improvements through
supervised fine-tuning [91-94]. However, this paradigm often incurs high data costs
and requires careful quality control. There are situations where advanced models
need to tackle complex tasks that humans cannot fully comprehend or annotate.
To study this problem, Burns et al. [8] consider the analogy of using weak models to
supervise strong models. By fine-tuning the strong models on the labels generated
by the weak supervisors, the strong student model consistently outperforms their
weak supervisors, which they call weak-to-strong generalization. This phenomenon
occurs because strong pre-trained models already possess good representations of

relevant tasks.

Despite promising, this weak-to-strong generalization paradigm has two limitations.
Firstly, the student’s performance is still constrained by the supervisor’s ability to
label the data, and a weaker supervisor leads to a weaker student. Secondly, the

reliance on weak supervisor models restricts its applicability to more scenarios. For

39
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Weak-to-Strong Zero-to-Strong

Input Label

(b)

FIGURE 4.1: Illustration of (a) weak-to-strong [8] and (b) our zero-to-strong
analogy. While weak-to-strong uses weak models to supervise strong models,
zero-to-strong elicits LLM capabilities without ground-truth labels or weak su-
pervisors.

example, there may be cases where no weak supervisors are available or humans

cannot provide informative supervision in the future.

To address the aforementioned issue, we explore how to harness the capabilities
of LLMs without gold (or ground-truth) labels or weak supervisors, a process we
refer to as zero-to-strong generalization, as illustrated in Figure 4.1. Previous works
have demonstrated that random labels [22, 23] or invalid reasoning paths [24] can
also yield good performance, although not as high as with gold labels. Inspired by
this, we initially prompt LLMs with random or invalid demonstrations to label the
data. We then select a new set of demonstrations based on confidence levels and
prompt the LLMs again, repeating this process iteratively. This process allows us
to achieve strong performance on tasks without needing gold-labeled data or weak

Supervisors.

We conducted experiments on 17 classification tasks, 2 extreme-label classifica-
tion tasks, and 2 reasoning tasks to demonstrate the effectiveness of our proposed
methods. Surprisingly, our method not only achieves performance comparable to
but even outperforms in-context learning with gold labels for some tasks. We hy-
pothesize that our method selects more suitable samples for demonstrations over
iterations, which leads to high performance. Through careful analysis, we find
that zero-to-strong learning is more effective for stronger models and more com-

plex tasks. Additionally, it works for fine-tuning and with larger models.

Our main contributions are summarized below:
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e We propose a simple yet effective framework called zero-to-strong generalization,

which elicits the strong capabilities of LLMs iteratively without gold labels.

e We demonstrate the effectiveness of our zero-to-strong learning with extensive
experiments on 17 classification tasks, 2 extreme-label classification tasks, and 2

reasoning tasks.

e We analyze the underlying reasons why zero-to-strong learning is effective and

discover that its benefits extend to fine-tuning and larger models.

4.2 Methodology

This section begins with the problem definition, followed by our proposed zero-to-

strong learning framework.
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FIGURE 4.2: TIllustration of (a) zero-to-strong generalization on a sentiment
analysis task and (b) the filtering process. For classification tasks, we select
demonstrations by ranking the probabilities for each label. For reasoning tasks,
we select the most confident answers based on self-consistency [12].

4.2.1 Problem Definition

In our setting, we assume the absence of gold labels, simulating situations where
problems are so complex that human annotations are unreliable. However, we
still possess minimal information about the problems. For instance, we know the

label space C in a classification problem, and for a generation problem, the output
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format is defined. Additionally, we have access to a few inputs x1, ...,z without
gold labels.

4.2.2 Zero-to-Strong Generalization

Figure 4.2 illustrates our overall framework, comprising demonstration construc-

tion, response generation, sample selection, and iterative evolution.

Demonstration construction. While we lack access to gold labels, we can
create demonstrations by randomly sampling from the label space. For classifica-
tion tasks, labels can be drawn as y ~ C. For reasoning tasks, we can manually
generate outputs for a few examples, focusing on maintaining the correct format

rather than ensuring complete accuracy.

Response generation. The generated demonstrations are prepended to the
input in the training set to form the LLM prompts. By prompting the LLMs,
we generate both pseudo labels and their confidence for the training set samples.
For classification tasks, we set the temperature to 0 and predict the labels using
arg max,ec P(y|r), where z is the text input and C is a limited set of potential
labels. We use the normalized probability P(y|z) as the confidence. For reasoning
tasks, we set the temperature to 0.7 to sample diverse reasoning paths, selecting
the most consistent final answer as the prediction. This method is similar to self-
consistency [12], and we further calculate the ratio of consistent paths to the total

number of paths as the confidence for each sample.

For reasoning tasks, we set the temperature to 0.7 to sample diverse reasoning
paths, selecting the most consistent final answer as the prediction. This method
is similar to self-consistency [12]. Specifically, given n sampled reasoning paths
{ri,ra,...,rp} with corresponding answers {ay, as, ..., a,}, we select the final pre-

diction a via majority voting:

a = arg maxz 1[a; = d] (4.1)
i=1
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We further calculate the confidence score as the ratio of consistent paths to the

total number of paths:

confidence = 2z Lai =4 (4.2)

n

Sample selection.  After generating the responses for all the training samples,
we select the & most confident samples for the next iteration. For classification
tasks, we uniformly select the top-k most confident samples across the label space
to mitigate system bias toward specific classes. For reasoning tasks, we first iden-
tify the top-k questions with the highest confidence. Then, for each question, we
randomly select one path from the consistent paths. The selection process is il-
lustrated in Figure 4.2(b). Please note that while selected samples may not be
perfectly accurate, we observed increased accuracy over iterations, as detailed in
Section 4.3.4.2.

Iterative evolution.  The selected samples and their predictions will serve as
demonstrations for the next round, with this process repeating for several iterations

and aiming for progressive performance improvement.

During the evaluation, we set the temperature to 0 and generate final predictions
using the same method as in the response generation stage. The zero-to-strong

algorithm for classification tasks is detailed in Algorithm 1.

Task Setting Llama-3-8B Mistral-7B
4-shot  8-shot 16-shot 4-shot 8-shot 16-shot
zero-shot 40.7 40.7 40.7 36.1 36.1 36.1
Classification random label 42.7 50.3 43.8 45.3 51.0 45.9
gold label 53.3 56.6 61.1 57.5 57.5 60.5
ours (zero-to-strong) 57.5  63.2 61.4 61.1 624 60.1
zero-shot 21.4 21.4 214 23.9 23.9 23.9
. . random label 4.5 3.7 2.5 5.3 3.6 2.3
Extreme-label Classification ) )y ) 21.0 265  29.1 171 26.1 264
ours (zero-to-strong) 24.6  27.2 33.4 21.1 23.3 32.7

TABLE 4.1: Average Macro-F1 (%) of Llama-3-8B and Mistral-7B on 17 classi-
fication and 2 extreme-label classification tasks.
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Algorithm 1 Zero-to-Strong

Require: A LLM with Pr(y|x) accessible.

Require: Input data X, and the label space C

Require: Max iterations M, number of demos K
1: Initial state: Dy, contains K random labelled demonstrations from X
2: while Iter t < M do
3:  Calculate y = argmaxyec P(y|Di—1; x);

Sort the Y = {41, ..., Ui} in descending order of probability;
Dy ={}
while |D;| < K do
if yAl € Dt—i then

Dy = Dy Uy;

1 =141
10: end if
11:  end while
12: end while
13: return Y

Setting Llama-3-8B Mistral-7B
zero-shot 53.5 40.3
invalid 38.9 354
gold label 62.2 53.4
ours (zero-to-strong) 64.2 49.0

TABLE 4.2: Average accuracy (%) of Llama-3-8B and Mistral-7B on reasoning
tasks.

4.3 Experiments

We evaluate our proposed framework with two pre-trained LLMs: Meta-Llama-3-
8B (Llama-3-8B) [95] and Mistral-7B-v0.1 (Mistral-7B) [96]. All the experiments
are conducted on Nvdia A800 GPUs.

4.3.1 Tasks

We assess our framework’s effectiveness through three tasks: standard text clas-
sification, extreme-label classification, and reasoning. Despite being a subtype of
classification, extreme-label classification is treated separately due to its signifi-

cantly larger class count.

Classification tasks.  Following Yoo et al. 23], we evaluate 17 widely-used text

classification tasks, with dataset details in Table 4.3. Evaluations are conducted in
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4-shot, 8-shot, and 16-shot, using manual templates from Yoo et al. [23]. Examples

of the templates are shown in Table 4.6.

Extreme-label classification tasks.  Extreme-label classification poses greater
challenges than traditional classification due to the large number of labels [97]. For
evaluation, we selected the GoEmotions dataset with 28 classes [98] and banking77
with 77 classes [99]. Due to resource limitations, we sampled 1,000 instances from
the training set and 500 from the test set. Dataset details can be found in Table
4.4. The templates for the two tasks are shown in Table 4.7.

Reasoning tasks. = We choose GSM8k [100] and SVAMP [101] for evaluation,
as both require multi-step reasoning. Details of the datasets are in Table 4.5. We
selected up to 1,000 samples from the training set and used the entire test set for
our experiment. Additionally, we generated 10 diverse reasoning paths for each

sample during response generation.

Dataset #Train  #Test #C
glue-sst2 [102] 67,349 872 2
glue-rte [103] 2,490 277 2
glue-mrpe [104] 3,668 408 2
glue-wnli [105] 635 71 2
super_glue-cb [106] 250 56 3
trec [107] 5452 500 5
financial_phrasebank [108] 1,181 453 3
poem_sentiment [109] 843 105 3
medical_questions_pairs [110] 2,438 610 2
sick [111] 4,439 495 3
hate_speech18 [112] 8,562 2,141 4
ethos-national origin [113] 346 87 2
ethos-race [113] 346 87 2
ethos-religion [113] 346 87 2
tweet_eval-hate [114] 9,000 1,000 2
tweet_eval-stance_atheism [114] 461 52 3
tweet_eval-stance_feminist [114] 597 67 3

TABLE 4.3: Data splits of the 17 classification tasks (#C means number of
classes).

Dataset #Train  #Test #Classes
GoEmotions [98] 36308 4590 28
banking77 [99] 10003 3080 7

TABLE 4.4: Data splits of the 2 extreme-label classification tasks.
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Dataset # Train  # Test

GSMS8k [100] 7473 1319
SVAMP [101] 700 300

TABLE 4.5: Data splits of the 2 reasoning tasks.

Dataset Manual Template Verbalizer

Review: the greatest musicians

glue-sst2 negative, positive

Sentiment:
I stuck a pin through a carrot. When I pulled the pin out, it had a hole.
glue-wnli The question is: The carrot had a hole. True or False? True, False
answer:
That was then, and then’s gone. It’s now now. I don’t mean I 've done a sudden transformation.
super_glue-cb ~ The question is: she has done a sudden transformation True or False? True, False, Not sure
answer:
. ; . . . description, entity,
Question: What films featured the character Popeye Doyle ? .
trec : expression, human,
Type: .
number, location
A brown dog is attacking another animal in front of the man in pants
sick The question is: Two dogs are wrestling and hugging True or False? True, Not sure, False

answer:
Tweet: When cuffin season is finally over

.. favor, against
Sentiment: ) ag

tweet_eval-hate

TABLE 4.6: Examples of templates for classification tasks. Texts in blue are

templates.

Dataset Template Verbalizer

GoEmotions comment: This shirt IS a problem. admiration, amusement,
Get rid of it. anger, annoyance...
emotion category:

banking77 service query: When did you send activate my card, age
me my new card? limit, apple pay or google
intent category: pay...

TABLE 4.7: Templates for the 2 extreme-label classification tasks. Texts in blue
are the templates.

For the 17 classification tasks, we adopt the manual templates and verbalizers from
Yoo et al. [23] if possible. Examples for some tasks are shown in Table 4.6. The
templates for the two extreme-classification tasks are shown in Table 4.7. The
newly created template for ”invalid reasoning and answer” is shown in Table 4.11.
We keep all the questions the same and modify the reasoning paths and the final

answer to make sure they are wrong.

4.3.2 Baseline Methods

We compare zero-to-strong with the following baseline methods:



Chapter 4. Zero-to-Strong Generalization: Eliciting Strong Capabilities of Large
Language Models Iteratively without Gold Labels 47

Zero-shot methods. This setting does not use labeled data as demonstra-
tions. For text and extreme-label classification tasks, predictions are made via
arg maxyec P(y|x), where z is the text input and C is a limited label set. For rea-
soning tasks, we adopt the Zero-shot-CoT approach [115], prompting LLMs with
"Let’s think step by step” and concluding with ”Therefore, the answer (Arabic

numerals) is” to obtain the final result.

Few-shot with gold labels. For classification and extreme-label classification
tasks, we sample k input-label pairs (z1,91) ... (zk, yx) from the training set ei-
ther randomly or uniformly based on the label space. We then make predictions
via arg maxyec P(y|T1,91 - - - Tk, Yk, ). For reasoning tasks, we use a fixed set of
demonstrations (x1,71,91) ... (xk, 7k, Yx) to prompt LLMs, where r; represents the
reasoning steps, following Wei et al. [15]. The demonstrations are shown in Table

4.8. The final answer is extracted using a regular expression.

Few-shot with invalid labels. In classification and extreme-label classifica-
tion, demonstrations are generated by assigning random labels rather than using
the actual data labels. Each x; (1 < i < k) is paired with a randomly sampled
label g; from C. The sequence (x1,71) ... (zk, Jx) is then used to make a prediction
by maximizing arg maxyec P(y|z1, 91 - .- Tk, Uk, ). For reasoning tasks, we reused
demonstrations with the "no coherence” setting [24], meaning the rationales are

out of order, as shown in Table 4.9.

To ensure reproducibility, we set the evaluation temperature to 0. Results for gold-
label, invalid labels, and zero-to-strong are averaged over three seeds to sample
the training set for demonstrations. For methods other than zero-shot, initial
demonstrations are sampled using two approaches: 1) random initialization —
random sampling from the training set, and 2) uniform initialization — sampling

an equal number of instances from each class.

4.3.3 Main Results

Table 4.1 presents the main results for classification and extreme-label classification
tasks. Our zero-to-strong method for Llama-3-8B consistently outperforms other

approaches across all shots settings, demonstrating its effectiveness. It also yields
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Q: There are 15 trees in the grove. Grove workers will plant trees in the grove today.
After they are done, there will be 21 trees. How many trees did the grove workers plant
today?

A: There are 15 trees originally. Then there were 21 trees after some more were planted.
So there must have been 21 - 15 = 6. The answer is 6.

Q: If there are 3 cars in the parking lot and 2 more cars arrive, how many cars are in
the parking lot?
A: There are originally 3 cars. 2 more cars arrive. 3 + 2 = 5. The answer is 5.

Q: Leah had 32 chocolates and her sister had 42. If they ate 35, how many pieces do
they have left in total?

A: Originally, Leah had 32 chocolates. Her sister had 42. So in total they had 32 + 42
= T74. After eating 35, they had 74 - 35 = 39. The answer is 39.

Q: Jason had 20 lollipops. He gave Denny some lollipops. Now Jason has 12 lollipops.
How many lollipops did Jason give to Denny?

A: Jason started with 20 lollipops. Then he had 12 after giving some to Denny. So he
gave Denny 20 - 12 = 8. The answer is 8.

Q: Shawn has five toys. For Christmas, he got two toys each from his mom and dad.
How many toys does he have now?

A: Shawn started with 5 toys. If he got 2 toys each from his mom and dad, then that
is 4 more toys. 5 + 4 = 9. The answer is 9.

Q: There were nine computers in the server room. Five more computers were installed
each day, from monday to thursday. How many computers are now in the server room?
A: There were originally 9 computers. For each of 4 days, 5 more computers were added.
So 5 * 4 = 20 computers were added. 9 + 20 is 29. The answer is 29.

Q: Michael had 58 golf balls. On tuesday, he lost 23 golf balls. On wednesday, he lost
2 more. How many golf balls did he have at the end of wednesday?

A: Michael started with 58 golf balls. After losing 23 on tuesday, he had 58 - 23 = 35.
After losing 2 more, he had 35 - 2 = 33 golf balls. The answer is 33.

Q: Olivia has $23. She bought five bagels for $3 each. How much money does she have
left?

A: Olivia had 23 dollars. 5 bagels for 3 dollars each will be 5 x 3 = 15 dollars. So she
has 23 - 15 dollars left. 23 - 15 is 8. The answer is 8.

TABLE 4.8: Demonstrations for gold label for reasoning tasks [15].
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Q: There are 15 trees in the grove. Grove workers will plant trees in the grove today.
After they are done, there will be 21 trees. How many trees did the grove workers plant
today?

A: Then there were 21 - 15 = 6 trees after the Grove workers planted some more. So
there must have been 15 trees that were planted. There are 21 trees originally. The
answer is 6.

Q: If there are 3 cars in the parking lot and 2 more cars arrive, how many cars are in
the parking lot?

A: Then 3 + 2 = 5 more cars arrive. Now 3 cars are in the parking lot. There are
originally 2 cars. The answer is 5.

Q: Leah had 32 chocolates and her sister had 42. If they ate 35, how many pieces do
they have left in total?

A: After eating 32 + 42 = 74, they had 32 pieces left in total. Originally, Leah had 74
- 35 = 39 chocolates and her sister had 35. So in total they had 42. The answer is 39.

Q: Jason had 20 lollipops. He gave Denny some lollipops. Now Jason has 12 lollipops.
How many lollipops did Jason give to Denny?

A: Then he had 20 - 12 = 8 after giving some to Denny. So he gave Denny 20 lollipops.
Jason had 12 lollipops originally. The answer is 8.

Q: Shawn has five toys. For Christmas, he got two toys each from his mom and dad.
How many toys does he have now?

A: Now he has 4 toys. So he got 5 + 4 = 9 more toys. Shawn started with 5 toys. He
then got 2 * 2 = 4 toys each from his mom and dad. The answer is 9.

Q: There were nine computers in the server room. Five more computers were installed
each day, from monday to thursday. How many computers are now in the server room?
A: So 5 computers were added. Now 4 * 5 = 20 computers are now in the server room.
There were originally 9 4+ 20 = 29 computers. For each day from monday to thursday,
9 more computers were installed. The answer is 29.

Q: Michael had 58 golf balls. On tuesday, he lost 23 golf balls. On wednesday, he lost
2 more. How many golf balls did he have at the end of wednesday?

A: So he had 2 at the end of Tuesday, and 23 at the end of wednesday. He lost 35 - 2 =
33 on Tuesday, and lost 58 more on wednesday. Michael started with 58 - 23 = 35 golf
balls. The answer is 33.

Q: Olivia has 23.Shebought fivebagels for3 each. How much money does she have left?
A: Now she has 5 * 3 = 15 dollars left. So she spent 5 dollars. Olivia had 23 - 15 = 8
dollars. She bought 3 bagels for 23 dollars each. The answer is 8.

TABLE 4.9: Demonstrations for "no coherence” for reasoning tasks.
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(B) Uniform initialization.

FIGURE 4.3: Average macro-F1 for 17 classification tasks, using two LLMs and
two initialization settings. “z2s-i” means the ith round of iteration for zero-to-
strong method.
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(A) Random initialization.
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(B) Uniform initialization.

FIGURE 4.4: Average macro-F1 for GoEmotions, using two LLMs and two ini-
tialization settings.

the best results with shots lower than 16 for Mistral-7B. We believe this difference
stems from Llama-3-8B’s superior capabilities, as zero-to-strong performance relies
on inherent capabilities gained during pre-training. Overall, extreme-label clas-
sification tasks show lower performance compared to standard tasks, emphasizing
their increased difficulty. Poor performance in random label settings underlines the
necessity of accurate labels for these challenging tasks. Additionally, the number

of demonstrations significantly affects extreme-label classification, as performance
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FIGURE 4.5: Average macro-F1 for banking77, using two LLMs and two initial-
ization settings.

with gold-label and zero-to-strong settings improves with more demonstrations,

while random-label performance declines.

Table 4.2 presents the average accuracies for the two reasoning tasks. Our zero-
to-strong method outperforms other approaches using Llama-3-8B, yet it still lags
behind the few-shot method with gold labels using Mistral-7B. This trend aligns
with classification and extreme-label classification results, indicating that zero-to-
strong is more effective with stronger models. As models continue to improve in

the future, our approach may gain even more advantages.

4.3.4 Analysis

The zero-to-strong performance is promising. To better understand its behavior

and underlying reasons, we conduct the following analysis.

4.3.4.1 How does the performance improve over the iterations?

Classification tasks. The detailed results for 17 classification tasks are shown
in Figure 4.3. It can be seen that for both models, zero-to-strong can achieve

comparable or better results than few-shot with gold labels within 4 rounds of
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iteration. We hypothesize that the zero-to-strong method selects the most confident
samples as demonstrations, which is superior to randomly sampling from gold
labels. Zero-to-strong also has a big advantage over few-shot with random labels
(please note that few-shot with random labels can be regarded as the Oth round
for zero-to-strong). We also notice that for some settings LLMs improve iteration
by iteration but the benefits diminish after certain rounds and the performances

fluctuate. In addition, the phenomenon exists for all numbers of shots.

Extreme label classification.  The results for GoEmotions are shown in Figure
4.4 and the results for banking77 are shown in Figure 4.5. With more demonstra-
tions, few-shots with gold labels perform better with random initialization. It is
interesting that when the number of shots is small, few-shot with gold labels under-
performs zero-shot setting. We hypothesize that when the number of shots is small,
it cannot cover all the labels and make the distribution of the demonstration devi-
ate from the test set. For few-shot with random labels, more demonstrations hurt
the performance. This is reasonable as more demonstrations result in more wrong
demonstrations, which deteriorate performance. Interestingly, zero-to-strong out-
performs few-shot with gold labels in all settings for GoEmotions but the relative
performance depends on the initialization settings and the number of shots, which

again confirms the effectiveness of zero-to-strong method.

Reasoning tasks. The results for the two reasoning tasks are shown in Figure
4.6. For GSMS8K, zero-to-strong improves performance iteration by iteration and
approaches few-shot with gold labels after 4 iterations. For SVAMP, zero-to-strong
outperforms few-shot with gold labels after a few iterations. We hypothesize that
the initial demonstrations with gold label are not optimal for SVAMP and we can

generate better demonstrations for this task with zero-to-strong approach.

4.3.4.2 What happens during the iterations?

To further understand the mechanics behind zero-to-strong approach, we conduct

more analysis on GoEmotions and GSM8K.
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FIGURE 4.7: The relation between accuracy and confidence of the answers for
the training set from iteration 1 to iteration 4. The confidence of GoEmotions
and GSMS8K is calculated based on the methods described in Section 4.2.2. After
each iteration, more samples are becoming more confident and accurate.

Does the confidence correlate with the accuracy?  Our sample selection
process is based on the hypothesis that predictions with higher confidence will have
higher accuracy. To verify this hypothesis, we plot the distributions of the sample
confidence and their accuracy in Figure 4.7. It can be seen that accuracy is highly
correlated with confidence. Initially, more samples have low confidence and low
accuracy. After several iterations, more samples have higher confidence and higher

accuracy. This observation explains why the model performs better and better.

Do more iterations help with the final performance? In Section 4.3.3, we
initially set the maximum number of iterations to 4. In some cases, performance
consistently improved with each iteration. However, in other cases, performance

reached a plateau after a certain number of iterations and subsequently fluctuated.
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To further explore the models’ performance over a greater number of iterations,
we extended the total number of iterations to 9. The results, depicted in Figure
4.8, indicate that performance does not improve beyond a certain point. We hy-
pothesize that once the optimal demonstrations are selected, additional iterations

do not contribute to further improvements.

Model Performance Trend

Accuracy

0.1 —e— go_emotions
GSM8K

0 1 2 3 4 5 6 7 8 9
Iteration

FIGURE 4.8: The accuracy for more iterations for zero-to-strong on GSM8SK
and GoEmotions. The evaluation is on Llama-3-8B.

Are the demonstrations more and more confident and accurate over iter-
ations?  We select the demonstrations for the next iteration based on confidence.
Thus we expect the confidence to increase over iterations. As shown in Figure 4.9,
4.10 and 4.11, the confidence for both GoEmotions and GSMS8K increases steadily
but saturates after a few iterations. For GoEmotions, confidence for the smaller
number of shots is larger and saturates faster. This is expected, as it is harder to
get more confident samples. It is also interesting that for GoEmotions, random
initialization converges faster than uniform initialization, which is also observed in
Figure 4.4. The possible reason is that the training set is not uniform, thus it is

better to initialize the demonstrations randomly.

Even though we select the most confident samples for each iteration, we cannot
guarantee the accuracy of the selected demonstrations. As shown in Figure 4.9(b)
and 4.10(b), the accuracy of the demonstrations fluctuates or even decreases after
certain iterations. This is a possible reason why the performances on evaluation sets
fluctuate after certain iterations. In certain cases, the same false demonstrations
are selected over iterations. We attribute this limitation to inherent constraints in
model capability. Nevertheless, despite occasional inaccuracies, these demonstra-

tions still yield meaningful performance improvements.
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FIGURE 4.10: Confidence and accuracy of demonstrations over iterations for

GoEmotions with uniform initialization.
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GSMSK.

Does it work with different initial demonstrations for reasoning tasks?

In the previous experiments, we used the "no coherence” demonstration for initial-

ization. To evaluate whether our method applies to general incorrect demonstra-

tions, we tested other settings from Wang et al. [24]. Additionally, we manually
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Setting invalid z2s-1 z2s-2 22s-3 z2s-4
Invalid Reasoning 48.8 bH1.6 54.5 50.7 51.9
No coherence 25.9 46.7 51.0 46.6 51.8

No coherence for BOs 43.9 52.6 54.7 54.2 53.8
No coherence for LTs 29.0 47.3 52.8 52.7 50.3
No relevance 3.9 27 26 27 28
No relevance for BOs 37.0 53.2 49.6 51.9 51.6
No relevance for LTs  27.8 47.7 49.4 49.5 51.9

Invalid RnA 38.1 46.0 51.4 51.0 50.9

TABLE 4.10: GSMS8K with different invalid demonstrations for Llama-3-8B. The
zero_shot score is 44.3, while the few-shot with gold_label is 55.0. “BO” refers
to bridging objects and “LT” refers to “language templates”. “RnA” refers to
“reasoning and answer”.

created a new set of demonstrations featuring invalid reasoning and incorrect fi-
nal answers but containing relevant bridging objects and language templates, as
illustrated in Table 4.11. We generate 5 reasoning paths during response genera-
tion for this analysis. The results are presented in Table 4.10. From the results,
it is evident that the zero-to-strong method achieves accuracies greater than 50%
across all settings, except for the "no relevance” condition. This indicates that
providing relevant demonstrations is crucial for the zero-to-strong method to be
effective. Fortunately, this requirement is manageable for humans, as providing

incorrect but relevant reasoning paths and final answers is not hard.

4.3.4.3 Does it work for fine-tuning besides in-context learning?

We further investigate the impact of incorporating fine-tuning with LoRA [116]
into our framework. We first generate the labels for the training set with ICL and
demonstrations with random labels. Then we filter the samples and fine-tune the
model with the pseudo training set. After that, we generate the new labels with the
fine-tuned model in a zero-shot manner. We repeat the above process for several
iterations. Optionally, we can fine-tune the model with samples labeled after four

rounds of zero-to-strong with ICL.

For the fine-tuning experiments, we filter out low-quality training data before each
iteration of fine-tuning. For GoEmotions, according to the probability, we retain
only the top \_él data points for each class from the label space C'. This results in

duplicated records with different labels. These labels are noisy but still useful for
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Q: There are 15 trees in the grove. Grove workers will plant trees in the grove today.
After they are done, there will be 21 trees. How many trees did the grove workers plant
today?

A: There are 15 trees originally. Then there were 21 trees after some more were planted.
So there must have been 21 + 15 = 36. The answer is 36.

Q: If there are 3 cars in the parking lot and 2 more cars arrive, how many cars are in
the parking lot?
A: There are originally 3 cars. 2 more cars arrive. 3 * 2 = 6. The answer is 6.

Q: Leah had 32 chocolates and her sister had 42. If they ate 35, how many pieces do
they have left in total?

A: Originally, Leah had 32 chocolates. Her sister had 42. So her sister had 42 - 32 =
10 more chocolates. After eating 35, they had 10 4+ 35 = 45. The answer is 45.

Q: Jason had 20 lollipops. He gave Denny some lollipops. Now Jason has 12 lollipops.
How many lollipops did Jason give to Denny?

A: Jason started with 20 lollipops. Then he had 12 after giving some to Denny. So he
has 20 + 12 = 32. The answer is 32.

Q: Shawn has five toys. For Christmas, he got two toys each from his mom and dad.
How many toys does he have now?

A: Shawn started with 5 toys. If he got 2 toys each from his mom and dad, then that
is 2 more toys. 5 + 2 = 7. The answer is 7.

Q: There were nine computers in the server room. Five more computers were installed
each day, from monday to thursday. How many computers are now in the server room?
A: There were originally 9 computers. 5 more computers were added. So 9 + 5 is 14.
The answer is 14.

Q: Michael had 58 golf balls. On tuesday, he lost 23 golf balls. On wednesday, he lost
2 more. How many golf balls did he have at the end of wednesday?

A: Michael started with 58 golf balls. After losing 23 on tuesday, he had 58 - 23 = 35.
The answer is 35.

Q: Olivia has $23. She bought five bagels for $3 each. How much money does she have
left?

A: Olivia had 23 dollars. 5 bagels for 3 dollars each will be 3 dollars. So she has 23 - 3
dollars left. 23 - 3 is 20. The answer is 20.

TABLE 4.11: Demonstrations for “invalid reasoning and answer” for reasoning
tasks.
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tasks ZS ft1 ft2 ft3 ft4 2z2s-4+ft GL

GoE 9.9 253 26.6 26.7 26.0 31.7 17.2
GSMS8K 44.3 30.2 49.7 51.1 50.3 50.3  55.9

TABLE 4.12: Fine-tuning performance for Llama-3-8B. “GoE” refers to “GoE-
motions”. Results are averaged over 3 seeds. “ZS” refers to “zero-shot”. “ft”
stands for “fine-tuning”. “GL” refers to “gold label”.

model ZS INV z2s-1 z2s-2 z2s-3 z2s-4 GL

Llama-3-70B  73.7 30.3 60.7 76.7 80.1 80.7 82.3
Mixtral-8x22B 61.0 19.3 56.7 71.2 72.4 69.8 67.9

TABLE 4.13: Accuracies on GSMS8K with larger models. “ZS” refers to “zero-
shot”. “INV” refers to “invalid”. “GL” refers to “gold label”.

our fine-tuning process. For GSMS8K, we generate 5 paths for each training data
and use self-consistency to select confident paths. In all fine-tuning experiments,
we set the learning rate to 2e — 5 and train for 3 epochs. As shown in Table 4.12,
fine-tuning also improves progressively, notably surpassing few-shot results with

gold labels for GoEmotions.

4.3.4.4 Does it work for larger models?

Even though smaller LLMs are more computationally efficient, larger models nor-
mally have better performances. To assess the effectiveness of our approach on
larger models, we evaluated it on two larger models: Meta-Llama-3-70B (Llama-
3-70B) [95] and Mixtral-8x22B-v0.1 (Mixtral-8x22B) [117] on GSM8K. As shown
in Table 4.13, zero-to-strong with the two models outperforms the zero-shot set-
ting and achieves comparable performance with few-shot with gold labels, which
is consistent with that observed on smaller models, suggesting that our method

generalizes well across models of varying sizes.
4.3.5 How does the self-annotation bias impact the model
performance?

Figures 4.4 and 4.5 illustrate that varying initialization methods yield performance

differences, underscoring the importance of demonstration distribution. As Figures
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4.9 and 4.10 indicate, selected samples may contain inaccuracies during iterations.
Datasets may exhibit class imbalance if samples are selected solely based on confi-
dence. To address this bias, the sample selection process incorporates class balance
considerations, leading to continued performance improvements across iterations.
sample selection process. In such setting, the model performance continues to

improve over iterations.

4.4 Summary

In this chapter, we propose a new framework called zero-to-strong generalization.
Without gold label data or weaker supervisors, we can elicit the capabilities of
LLMs iteratively through prompting and filtering. Experiments on classification
and reasoning tasks demonstrate the effectiveness of this framework. Further anal-
ysis shows that by selecting the most confident samples as demonstrations for the
next iteration, we also select more accurate and more suitable demonstrations.
This framework also generalizes well to fine-tuning and larger models. Our work
demonstrates the feasibility of eliciting the capabilities of LLMs with minimal su-
pervision. In the future, we plan to explore zero-to-strong generalization in more

diverse and challenging tasks.

Limitations

Our framework is restricted to tasks with a single definitive correct answer. For
instance, sentences in glue-sst2 [102] can be either positive or negative, and the
final answer in GSM8k [118] must be a single number. This uniqueness of the
final answer allows us to calculate the confidence of the generated responses. How-
ever, for open-ended tasks like story writing, our method is not applicable, as we
cannot determine the confidence level of the generated content and leave this as
future work. Furthermore, our framework introduces computational overhead dur-
ing response generation, necessitating hundreds or thousands of inferences prior to
sample selection across iterations. Reasoning tasks exacerbate this issue, requiring

the generation of multiple reasoning paths to compute confidence scores. However,
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this additional cost is specific to the evolution phase; the inference cost remains

comparable to few-shot learning employing gold labels.



Chapter 5

Is Translation All You Need? A
Study on Solving Multilingual

Tasks with Large Language
Models

5.1 Introduction

Large language models (LLMs) frequently demonstrate the capability to under-
stand and generate text across multiple languages, a skill attributed to their train-
ing on vast corpora composed of texts from various languages [13, 33, 96, 119, 120].
However, these datasets are often disproportionately dominated by English content
9, 25, 26, 121], resulting in an English-centric bias in LLMs. This imbalance can
subsequently hinder the models’ proficiency in other languages, often leading to

suboptimal performance in non-English contexts [27-29].

To enhance performances in multilingual natural language processing (NLP) tasks
with English-centric language models, translating training or test data into English
has proven an effective strategy [30, 31, 34, 64, 122]. Recent investigations have
expanded this idea by incorporating translation, either implicitly or explicitly, into
the intermediate stages of prompting LLMs [10, 32, 67] for multilingual NLP tasks.

For example, 13 demonstrates that translating test questions into English enhances
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English-centric LLMs

Performance
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Multilingual LLMs

Prompt in native
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High
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FIGUuRrE 5.1: Illustration of two types of LLMs on tasks with varying language
dependencies. “English-centric LLMs” refers to LLMs trained mainly in English
corpora. “Multilingual LLMs” refers to ideal LLMs equally capable in all lan-

guages.

PRBHBTERT 16 %, WEXF L8N 3 5, &
KA 4 BoAECHBARMNRG. MTHBELEREERET
932, SEHEBESE 2 Xn, BERERBTHRS D&?

PRFEEAT 16 HE, FLZ38, H4H
ARG, M SRR THEHER: 16-3-
4=9 FE ..

T, BRSERER A TS 11 XT.

Chinese

English a(
Janet's ducks lay 16 eggs a day. ..egg. How much money
does she make every day at the farmers market?

e, (a)

ni kwa inda.

To calculate how much money Janet makes ...
fresh egg for $2, she makes 9 * $2 = $18
every day at the farmer's market. J

Mkono wazi ni kwa ukarimu ilhali ___
A. jicho la nje B. joka la mdimu
C. Kifauongo D. kisebusebu

Swahili
English 1 &(
An open hand is for generosity while ____is for kindness.

A. the outer eye B. long dragon
C. Sedation D. smallpox

—

—|

(b)

FIGURE 5.2: Examples illustrating how translation can both improve (a) and
degrade (b) the performance of LLMs. The Chinese example is from MGSM [13]
and the Swahili example is from M3Exam [14]. Translation is beneficial when
the questions are semantically equivalent across languages. However, for ques-
tions that demand deep cultural knowledge, translation can hinder the ability
to answer accurately.

performance on multilingual reasoning tasks, as illustrated in Figure 5.2(a). Simi-
larly, Huang et al. [10] and Etxaniz et al. [67] have shown that prompting LLMs to
first translate or comprehend questions in English, then solve them step by step,

improves performance.

Despite these advancements, methodologies in various studies differ significantly,
and the impact of translation on multilingual task performance remains underex-
plored. Furthermore, these studies focus on specific NLP tasks and English-centric

LLMs, but did not study real-world user queries in various languages. This gap
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highlights a need for more nuanced research into the effectiveness of translation
techniques across multilingual contexts. As shown in Figure 5.1, we hypothesize
that English-centric LLMs generally perform better with English translations of
prompts, while ”Multilingual LLMs” excel with native prompts, particularly for

tasks highly dependent on language.

To address the limitations of existing empirical studies, we perform an in-depth
analysis of the utility of translation with large language models for various sce-
narios. Firstly, we compare translating multilingual tasks into English, with an
optional step of translating responses back into the original languages (i.e., the
“translate-test” method), against several baselines on multilingual NLP tasks. Sec-
ondly, we extend the evaluation to real user queries, which are more likely to contain
knowledge related to culture and language. Thirdly, we broaden the scope of LLM
evaluations to include non-English-centric models to explore how they differ in be-
havior from English-centric LLMs. To the best of our knowledge, this is the first

work to analyze the impacts of translating real user queries on multilingual LLMs.

Our results demonstrate that simply translating queries into English can already
achieve the best results in multiple NLP task categories. For real user queries, the
effect of translation depends on the languages and the LLMs. When working with
advanced LLMs and certain languages, employing prompts in native languages
appears to be the more effective strategy. In addition, the non-English-centric
LLMs also behave differently from English-centric LLMs, where prompts in the
native languages yield superior results by capturing the nuances related to culture

and language.
The main contributions of this work are:
e We conduct a comprehensive comparison of multilingual prompting strategies

in NLP tasks, finding that translation remains a strong baseline even for

LLMs, and identifying factors impacting multilingual performance.

e We expand multilingual evaluation to include actual user queries and and

non-English-centric LLMs, addressing the limitations of previous studies.

e We expose critical gaps in current multilingual evaluations, underscoring the

need for more comprehensive benchmarks and a broader range of LLMs.



64 5.2. Translation for NLP Tasks

5.2 Translation for NLP Tasks

This section explores various prompting strategies across multiple languages and
LLMs, covering a wide range of NLP tasks. This helps us understand how different

prompting methods and other factors affect task performance.

5.2.1 Experiment Setup

5.2.1.1 Tasks

We conduct assessments on six benchmarks covering reasoning, understanding,
and generation tasks that encapsulate various abilities of LLMs: MGSM [13],
XCOPA [30], XNLI [34], PAWS-X [123], MKQA [124] and XL-Sum [125].
Following Huang et al. [10], we choose a subset of 9 languages for MKQA and 5
languages for XL-Sum. For evaluation metrics across our study, we employ the
token overlap F'1 score specifically for the MKQA dataset, the ROUGE-1 score for
assessing XL-Sum, and accuracy as the standard metric for all other benchmarks.
Here are the detailed descriptions of the NLP benchmarks:

Arithmetic Reasoning The MGSM [13] benchmark includes mathematical
problems from grade school and requires the model to compute the accurate so-
lution. It covers ten languages, and evaluation is conducted using the accuracy

score.

Commonsense Reasoning The XCOPA benchmark [30] presents a single
premise accompanied by two possible alternatives, and requires selecting which
alternative represents the cause or the effect of that premise. It spans 11 languages

from diverse language families and is evaluated using an accuracy metric.

Natural Language Inference The XNLI benchmark [34] presents a single
premise paired with a single hypothesis; the model must classify the relationship
between them as entailment, contradiction, or neutral. It encompasses 15 lan-

guages, and performance is assessed using accuracy.
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Paraphrase Identification The PAWS-X [123] benchmark presents pairs of
sentences and asks models to determine if the pair expresses the same meaning. It

spans seven languages, and performance is evaluated using accuracy.

Question Answering The MKQA dataset [124] contains open-domain ques-
tions that require predicting short answers. Questions that are unanswerable or
excessively long to have a specific answer are not considered during evaluation.
This dataset covers 25 languages, with our focus on 9 languages: de, es, fr, ja, ru,
th, tr, vi, and zh. We assess the model’s performance using the token overlap F1

score.

Summarization The XL-Sum benchmark [125] tasks models with compressing
long-form news articles into concise summaries. It encompasses 44 languages; for
our experiments, we use a subset of five: es, fr, tr, vi, and zh. Evaluation is

performed using the ROUGE-1 metric.

These tasks cover a wide array of 24 diverse languages, including Thai (th), Telugu
(te), Greek (el), Arabic (ar), Estonian (et), Urdu (ur), Chinese Simplified (zh),
Haitian Creole (ht), Swahili (sw), Bengali (bn), Turkish (tr), Southern Quechua
(qu), Russian (ru), Italian (it), Vietnamese (vi), German (de), Japanese (ja), Ko-
rean (ko), Bulgarian (bg), French (fr), Indonesian (id), Tamil (ta), Spanish (es),
and Hindi (hi). We categorize languages larger than 1% frequency in Common
Crawl! as high-resource languages (i.e., de, ru, fr, zh, es, ja, it and vi), and the
rest as low-resource languages. We exclude English since we want to evaluate the

efficient prompting strategy for non-English tasks.

For each task, we sample 500 examples from the test set per language or use the
entire test set if there are fewer than 500 examples. For generation tasks like
MKQA and XL-Sum, answers will be translated back to the original language if

the prompting strategy uses a translator.

https://commoncrawl.github.io/cc-crawl-statistics/plots/languages
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MGSM XCOPA XNLI PAWS-X MKQA XL-Sum AVG
high low high low high low high low high low high low high low

NATIVE-BAsic 444 194 84.6 69.7 56.9 48.6 51.6 40.6 35.1 364 325 29.9 50.8 40.8

Model Prompt type

EN-Basic 50.3 273 883 733 64.6 61.8 64.3 50.4 374 33.3 33.3 30.0 56.4 46.0
NATIVE-COT 65.1 271 84.1 69.8 549 474 51.6 434 355 351 319 279 53.8 418
ChatGPT EN-CoT 70.5 471 899 759 60.2 53.6 63.7 51.2 43.3 41.2 30.0 28.6 59.6 49.6
XLT 70.4 50.1 89.3 76.8 60.6 58.1 59.7 582 37.7 37.5 228 26.1 56.7 51.1

TRANS-GOOGLE 74.7 72.7 90.3 83.2 62.4 59.1 68.2 62.0 42.5 48.3 30.6 289 61.4 59.0
TrRANS-NLLB 65.6 54.1 85.7 782 60.5 582 68.4 63.4 354 43.6 284 27.7 573 542

NATIvE-BAsic  35.7 5.6 642 48.0 43.0 36.0 53.3 504 289 104 30.1 26.8 425 29.5

EN-Basic 425 7.7 707 52.0 527 419 619 528 25.7 21.5 30.2 353 47.3 352
NATIVE-COT 35,5 5.6 653 46.8 41.0 356 56.0 49.6 253 99 260 252 41.5 288
Llama-2-70B-Chat EN-CoT 456 7.0 80.7 56.3 52.7 409 66.5 57.0 32.7 25.7 29.8 32.0 51.3 36.5
XLT 49.0 84 764 547 57.3 484 56.6 51.6 26.5 26.7 19.3 11.5 47.5 33.6

TRANS-GOOGLE 55.5 50.0 86.3 79.7 55.3 53.0 69.4 64.2 38.7 43.1 33.1 36.7 56.4 54.4
TRANS-NLLB  46.5 39.7 83.3 75.6 53.7 51.0 70.5 624 17.8 247 324 36.2 50.7 483

TABLE 5.1: Average scores of the high-resource languages and low-resource
languages for the six benchmarks in zero-shot setting. The best result for each
model is in bold.

5.2.1.2 Models

We mainly conduct experiments on the following two LLMs, consisting of one

closed-source language model and one open-source language model:

e ChatGPT. This is the most capable and cost-effective model in the GPT-3.52
family optimized for chat. We chose the latest version (gpt-3.5-turbo-1106)

for the experiment.

e Llama-2-70B-Chat. This is the largest chat models in Llama-2 family [126].
Due to computational resource limitations, we use the AWQ [127] version for

evaluation.

Besides ChatGPT and Llama-2-70B-Chat, we have also evaluated the NLP tasks

with the following models:
e Mistral-7B-Instruct (v0.2). This model is the instructed version of Mistral-
7B [96].
e Llama-2-13B-chat, which is a chat model in Llama-2 family [126].

e bloomz-7b1, which is a model fine-tuned with multiple tasks, including some
multilingual tasks [119].

’https://platform.openai.com/docs/models/gpt-3-5
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5.2.1.3 Prompting Strategies

We assess experimental strategies based on language of instruction, chain-of-thought
reasoning, and translation tools, using a zero-shot approach as the selected models

are fine-tuned for instruction-following.

Basic prompt with native instructions (Native-Basic) The questions are
posed directly without using prompting strategies like chain-of-thought. Both the

query and instructions are presented in their original language.

Basic prompt with English instructions (EN-Basic) Compared with NATIVE-
Basic, EN-BasIC instructs LLMs with English but the query information is in

the original language.

Native chain-of-thought (Native-CoT) In NATIVE-COT, we ask the ques-
tion in the native language and ask the model to reason with the native language

with the instruction ” Let’s think step by step.” translated into that language.

English chain-of-thought (EN-CoT) We pose the question in the native
language but instruct the model to reason in English with the instruction ” Let’s

think step by step in English”.

Cross-lingual-thought (XLT) XLT [10] is a state-of-the-art prompting method
to handle multilingual NLP tasks. It prompts LLMs to translate the question into
English and solve the problem step-by-step in English.

Translate to English with Google Translate (Trans-Google) It uses
Google Translate API to translate the original questions into English and then
solve the problem step by step.

Translate to English with NLLB models (Trans-NLLB) Instead of us-
ing commercial translators, we use an open-source model, namely NLLB [128].
Specifically, we chose n11b-200-3.3B to do the translation.
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An example of various prompting strategies is shown in Table 5.2. The prompts of
EN-BAsIc for each task are shown in Table 5.3, which are adapted from 10. The
prompt templates for other prompting strategies and the instructions for output
formats are designed according to the descriptions in Section 5.2.1.3. In addition
to the prompting strategies, an output constraint is also included in the template
to facilitate answer extraction. When the output format may deviate from the
instructions, we utilize ” Therefore, the answer jconstraint; is” in appropriate lan-

guages in the second round to retrieve the ultimate answer.

5.2.2 Main Results

The main results are shown in Table 5.1. We notice that TRANS-GOOGLE, de-
spite simple, demonstrates the highest overall performance across various models
and tasks. While it may not always achieve top performance, it consistently de-
livers commendable results for both high and low-resource languages. Besides
this, we can have the following observations: 1) Utilizing English instructions gen-
erally enhances performance across various tasks, regardless of the integration of
chain-of-thought. This finding aligns with those reported by 28. 2) chain-of-thought
is quite helpful for strong LLMs like ChatGPT and reasoning tasks like MGSM.
For weaker models and tasks that can be answered directly, the basic prompt may
be a better option. 3) On average, EN-COT underperforms compared to TRANS-
GOOGLE for both high and low-resource languages. While EN-COT surpasses
TRANS-NLLB in high-resource languages, it falls short in low-resource ones. We
hypothesize that this discrepancy arises because LLMs excel in high-resource lan-
guages but need external translation systems to handle low-resource languages

effectively.

These findings are also applicable to smaller models, such as Mistral-7B-Instruct,
as demonstrated in Table A.1 in the Appendix. This suggests that the observa-
tions generalize well across different model types and sizes. Further results and

discussions are provided in Appendix A.1.
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Original Ques-
tion

HIE— M T /22 T B MR M E R a6
YR . E— TR EMES DL

NATIVE-BASIC

{Original Question }
R E RSB "ER: <PThiAEF>".

EN-BAsiIC

{Original Question }
You should format your final answer as ” Answer: jArabic
numeral;”.

NATIVE-COT

{Original Question }
i_l:ﬁﬂ”—ﬁﬁz%\% °
TR E RIS "E R <PTRAET>".

EN-CoT {Original Question }
Let’s think step by step in English.
You should format your final answer as ” Answer: <Arabic
numeral<”.

XLT I want you to act as an arithmetic reasoning expert for Chi-

nese.
Request: {Original Question}

You should retell the request in English.

You should do step-by-step answer to obtain a number an-
Swer.

You should step-by-step answer the request.

You should tell me the answer in this format ’Answer :’.

TRANS-GOOGLE

Crafting a robe requires 2 bolts of blue fiber cloth and half
that amount of white fiber cloth. How many pieces of fabric
will it use in total?

Let’s think step by step.

You should format your final answer as ” Answer: <Arabic
numeral<”.

TrANS-NLLB

To make a robe, two pieces of blue fiber and half of that
amount of white fiber are needed. How many pieces of fabric
does it take to make?

Let’s think step by step.

You should format your final answer as ” Answer: <Arabic
numeral<”.

TABLE 5.2: An example of zero-shot prompts for a Chinese problem. For
NATIVE-Basic, EN-Basic, NATIVE-COT, EN-CoOT and XLT, we provide the
original Chinese question as input and expect an answer in the corresponding
format; for TRANS-GOOGLE and TRANS-NLLB, we input the translated ques-
tion in English, and expect a step-by-step solution in English. To obtain the
desirable output format, we instruct the models to output in specific format.
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Benchmark #Test Basic Prompt

MGSM 250 {problem}

XCOPA 500 Here is a premise: {premise}. What is the {question}? Help
me pick the more plausible option: -choicel: {choicel}, -

choice2: {choice2}

XNLI 500 {premise} Based on previous passage, is it true that

{hypothesis}? 1: Yes, 2: No, or 3: Maybe?

PAWS-X 500 Sentence 1: {sentencel} Sentence 2: {sentence2} Question:

Does Sentence 1 paraphrase Sentence 27 1: Yes, 2: No?

MKQA 500 Answer the question in one or a few words
{target_language}: {question}?

XL-Sum 500 {article} Summarize the article.

TABLE 5.3: Template of EN-BAsIC for each benchmark. #Test denotes the
number of samples in the test set.

5.2.3 Analysis and Discussions

To investigate the impact of different factors on performance across various lan-
guages, we conduct a series of experiments and analyses using the MGSM bench-

mark.

Is there a relationship between task performance and translation qual-
ity? In addition to external translation systems, we can use LLMs to translate
the questions. Although XLT includes translation, it is integrated into the so-
lutions. Therefore, we examine the self-translate approach [67], translating in a
zero-shot manner with the prompt template:

Translate the following question from {language} to English:

{question}

Don’t answer the question, just translate it!

Then we prompt LLMs with the translated question the same as TRANS-(GOOGLE
and TRANS-NLLB. The results are shown in Table A.3 in the Appendix.

We use the English subset of MGSM as the reference translation and evaluate trans-
lation quality using the SacreBLEU score [129, 130]. The results, shown in Figure
5.3, indicate that Google Translate achieves the highest quality for all languages
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FIGURE 5.4: Corrections between BLEU scores of translation and MGSM accu-
racy for the three prompting techniques: TRANS-GOOGLE, TRANS-NLLB and
self-translate. Each dot in the figure represents the performance of one model
on one language.

except Japanese. Translations by ChatGPT (Trans-ChatGPT) and Llama-2-70B-
Chat (Trans-Llama) outperform TRANS-NLLB for high-resource languages but

not for some low-resource languages.

To analyze the impact of translation quality on final performance, we plot the
correlation between accuracy scores and BLEU scores for each language in Figure
5.4. The results show that higher translation quality (BLEU scores) generally leads
to better task performance, highlighting the importance of an effective translation

system.

Does language distance between English and target language affect the
performances?  Table 5.1 shows that the LLMs perform better for high-resource

languages than low-resource languages on average. We hypothesize that language
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Prompt type SYN GEO INV GEN PHON

ChatGPT

NATIVE-Basic -0.786* -0.336 0.323 -0.403 -0.044
EN-Basic -0.820* -0.160 0.527 -0.299 0.020
NaTive-CoT  -0.795*% -0.184 0.479 -0.313 0.045
EN-CoT -0.841* -0.286 0.339 -0.436 -0.034
XLT -0.787* -0.113 0.445 -0.284 0.117

Llama-2-70B-Chat
NATIVE-Basic -0.688* -0.369 0.250 -0.323 -0.044

EN-Basic -0.782* -0.512 0.134 -0.513 -0.226
NaTive-CoT  -0.706* -0.403 0.231 -0.475 -0.105
EN-CoT -0.737* -0.510 0.206 -0.445 -0.219
XLT -0.697* -0.432 0.266 -0.423 -0.153

TABLE 5.4: Pearson correlation coefficient between MGSM accuracy and five
language distances between English and that language. A lower value indicates
higher correlation due to the negative coefficients.(*p < 0.05, two-tailed)

distance, besides language frequency, is crucial for English-centric LLMs. To ver-
ify this, we calculate the correlation between MGSM accuracy and the language
distances between the target languages and English. Following 131, we examine
five types of distances, including the syntactic (SYN), geographic (GEO), inven-
tory (INV), genetic (GEN), and phonological (PHON) distances extracted using
lang2vec [132]. As shown in Table 5.4, MGSM accuracy significantly correlates
with syntactic distance but not with other types of distances. The negative val-
ues indicate that languages with a larger syntactic distance from English tend to

perform worse.

5.3 Translation for Real User Queries

NLP tasks typically focus on specific linguistic aspects, which may not fully encap-
sulate the breadth and complexity of real-world user queries which cover diverse
topics and require nuanced comprehension. Moreover, these benchmarks are of-
ten constructed by translating from the English data [13, 30, 34, 123, 125]. This
approach leads to datasets that are not truly challenging, as they miss the rich
culture-specific elements crucial for truly nuanced language understanding for dif-

ferent languages. To assess the impact of translation on real-world queries, we
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/

\[The End of Assistant’s Answer]

[System]
Please act as an impartial judge and evaluate the
quality of the response provided by an Al assistant
to the wuser question displayed below. Your
evaluation should consider factors such as the
helpfulness, relevance, accuracy, depth, creativity,
expected language and level of detail of the
response. Begin your evaluation by providing a
short explanation (up to 100 words). Be as objective
as possible. After providing your explanation, please
rate the response on a scale of 1 to 10 by strictly
following this format: "Rating: <rating>", for
example: "Rating: 5".

[Question]
{question}

[The Start of Assistant’s Answer]
{answer}

\

)

FI1GURE 5.5: The LLM-as-a-judge prompt for GPT-4o.

extract user requests from ShareGPT?, a website to share real conversations with

ChatGPT.

5.3.1 Experiment Setup

We selected 10 languages, ranging from high to low resource, and randomly sampled

100 requests for each language. However, for Romanian (ro), Ukrainian (uk), and

Norwegian (no), we sampled 53, 98, and 53 requests respectively, due to the limited

number of samples available from the source dataset. Since the queries can be in

various formats, we only compare two prompting strategies: 1) original queries;

and 2) translated queries with Google Translate API. For the second option, we

translate the output back to the original language for consistency. To evaluate the

quality of the responses, we use GPT-40%(gpt-40-2024-05-13) as the judge. The

prompt for the judge is shown in Figure 5.5, which is adapted from [36]. With this

prompt, each response will get a score from 1 to 10.

3https://sharegpt.com/
‘https://openai.com/index/hello-gpt-4o/


https://sharegpt.com/
https://openai.com/index/hello-gpt-4o/

74 5.3. 'Translation for Real User Queries

direct win tie translate win
direct win tie translate win jadq 0.24 0.27 0.49
ja | 0.39 0.27 034 zh {EENOR20 0.30 0.50
zh 1 0.45 0.30 0.25 es N0 0.34 0.42
es 0.37 0.39 0.24 g fr {023 0.37 0.40
o fr-{ImoR7 0.46 0.27 S vi{lps 025 0:66
§ vi IIN0N7 0.42 0.41 g id {014 0.2 057
2 id 0.33 0.40 0.27 — ko {IIN0R25 029 0.46
3 ko 0.28 0.34 0.38 ro {025 0.21 055
o 0.30 0.49 0.21 uk {Emons 0.39 0.48
uk ] 024 0.36 0.40 no{molos  0.38 0.55
nol o034 0.45 0.21 0.0 02 0.4 06 08 1.0
0.0 0.2 0.4 06 08 1.0
(B) Win rate with Llama-2-70B-
(A) Win rate with ChatGPT Chat

FIGURE 5.6: Win rate comparison for each language using ChatGPT and Llama-
2-70B-Chat.

5.3.2 Main Results

We compared the scores of two response sets from the same model, calculating
the win rate for each language. The results are shown in Figure 5.6, leading to
the following observations: 1) ChatGPT’s performance varies across languages.
For high-resource languages like Japanese, Chinese, and Spanish, original queries
have a higher win rate. In contrast, for low-resource languages, the effectiveness
of translation can be either better or worse, depending on the specific languages
involved. 2) For Llama-2-70B-Chat, translation has a higher win rate for all lan-
guages, reflecting its English-centric nature. Despite potential information loss,

the improved understanding after translation still enhances performance.

Llama-2-70B-Chat and ChatGPT exhibit distinct behaviors, reflecting their inher-
ent differences. Llama-2-70B-Chat, being English-centric, performs better with
translated inputs. Conversely, ChatGPT shows certain characteristics of a “Mul-
tilingual LLM”, as shown in Figure 5.1(b), mainly for high-resource languages,

indicating the potential for improvement in true multilingual processing.

To determine if answering user queries requires local cultural knowledge, we used
GPT-40 with a specially crafted prompt to analyze queries in multiple languages
(Figure 5.7). Results in Table 5.5 show that 30% to 74% of queries per language
require cultural knowledge, highlighting the rich cultural elements in the data.
Further analysis of the ShareGPT subsets requiring local cultural knowledge is
in Appendix A.2. We also conduct additional experiments, detailed in Appendix
A.2.1, to verify that advanced LLMs can reliably assess the quality of responses.
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Given the following user request, evaluate whether answering this request necessitates local cultural knowledge in that
language. Consider factors such as cultural practices, beliefs, historical context, language nuances, and societal norms.
Begin your evaluation by providing a short explanation (up to 50 words). After providing your explanation, provide a
final assessment of whether cultural knowledge is essential for an accurate and comprehensive answer. Give you final

answer in the format "Answer: [Yes/No]".

User Request:
{question}

,
J

Question:

1/ 1 BXBREERRMANEEEN— N EIARAXNE EREAHEADT 84, BFHLDTF 2007, AR
BEXWREPRIIBER: \nA: REXBEMAA? HMEERBEIRER, FEBEHWARL. \nB: 8K, REERE
—NEZRME, DEBRF. nA: BRXALREBIR—ENEFI, RELONEENMMA? \nB: ENRE
B, WE-T, BAETHD EEEIT.

GPT-4o0 response:

Explanation: The request involves transforming a dramatic dialogue into a script, which requires understanding the
nuances of the Chinese language, including tone, context, and cultural expressions. Additionally, the request specifies
the need for dramatic conflict and appeal, which are influenced by cultural storytelling practices and societal
norms.\n\nAnswer: Yes

FIGURE 5.7: Prompt template to check whether answering a request needs local
cultural knowledge (upper) and one Chinese example (lower).

Language ja zh es fr vi id ko ro uk no

Ratio (%) 59 58 38 41 67 55 55 74 30 57

TABLE 5.5: The percentage of the questions that necessitate local cultural
knowledge.

5.3.3 Analysis and Discussions

Based on the previous results, ChatGPT and Llama-2-70B-chat both tend to be
English-centric but ChatGPT demonstrates certain behaviors of a ”Multilingual
LLM”. Consequently, we broaden our analysis to include non-English-centric LLMs

and assess their performance across various tasks.

How do non-English-centric LLMs perform on culture-related tasks?

To investigate the behaviors of different LLMs on culture-related tasks, we select
another two LLMs: Qwenl.5-72B-Chat [133] and Yi-34B-Chat [134], which are not
English-centric. These two open-source models demonstrate strong capabilities in
both English and Chinese. Therefore, we can check whether they demonstrate

multilingual behaviors in Chinese, as illustrated in Figure 5.1(b).

For the evaluation dataset, we choose M3Exam [14], as the questions are real-

world natural data from different languages instead of translating from English
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and require strong multilingual proficiency and cultural knowledge to perform well.
For example, the question about a Swahili proverb in Figure 5.2(b) requires local
knowledge to answer correctly. We select the language and social science sub-
ject categories, which likely contain more native cultural knowledge, and evaluate

up to 500 samples per language.

Based on the results shown in Figure 5.8, we have the following observations: 1)
For ChatGPT, translation may not always result in improved performance. This
observation aligns with the conclusions in the study by Zhang et al. [14]. The
effectiveness of translation largely depends on whether translation errors outweigh
any potential gains in better comprehension. 2) Translation helps Llama-2-70B-
chat in all the languages, suggesting that the model’s underperformance is due
to poor language understanding rather than limitations of cultural knowledge. 3)
Qwenl1.5-72B-Chat and Yi-34B-Chat excel in Chinese proficiency. The translation
hurts Chinese performance, highlighting the significant influence of translationese
on comprehension. Despite this, it may boost performance in other languages,
notably for Yi-34B-Chat, indicating that they are far from ideal multilingual LLMs.

Emm Native-Basic mmm EN-Basic mmm Trans-Google Emm Native-Basic Bmm EN-Basic mmm Trans-Google
ChatGPT Llama-2-70b-chat ChatGPT Llama-2-70b-chat
100 100
80 i 80 1
80
60 - 60 -
60 4
40 40 1
40 4
20 20
20 4
0 0
zh it pt vi th sw af jv zh it pt vi th sw af jv
Qwenl.5-72B-Chat Yi-34B-Chat Qwenl.5-72B-Chat Yi-34B-Chat
100 100
80 80
80 80 1
60 60 -
60 60 1
40 40
40 4 40 4
20 20
20 20 4
0 0
zh it pt vi th sw af jv zh it pt vi th sw af jv
(a) (B)

FIGURE 5.8: Accuracies of four LLMs on M3Exam (a) language and (b) social
science subject categories. In M3Exam, not all subjects are available in every
language, causing a difference in language coverage between the two subjects.

How do non-English-centric LLMs perform on NLP tasks?  As shown in
Figure 5.2(b), for an ideal multilingual LLM, prompting in native languages should
still have advantages over translation if the tasks are less dependent on languages.
To test the hypothesis, we evaluate Qwenl1.5-72B-Chat and Yi-34B-Chat on the
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Qwenl.5-72B-Chat Yi-34B-Chat
MGSM XCOPA XNLI PAWS-X MKQA XL-Sum AVG MGSM XCOPA XNLI PAWS-X MKQA XL-Sum AVG
NATIVE-BASIC 78.8 93.0 55.8 71.8 36.6 41.3 629 63.2 92.6  46.0 43.6 134 36.9 49.3

Prompt type

EN-Basic 7.2 97.0 73.0 73.0 32.7 39.7 654  66.8 93.6 526 74.6 15.5 35.1 564
NATIVE-COT 83.2 95.8  46.4 72.2 35.8 39.5 621 652 91.8 42,6  43.6 13.0 36.6 488
EN-CoT 81.6 97.2 712 70.6 34.9 38.6 65.7 70.0 93.6  48.2 74.8 12.1 33.1 553
XLT 78.4 97.8 774 676 20.8 35.3 629  56.0 93.2 69.2 65.6 7.5 313 538

TRANS-GOOGLE  81.6 946  63.8 68.4 45.7 313 642 71.2 94.0 496 70.8 24.5 36.3 57.7
TrANS-NLLB 58.8 88.2  61.4 70.4 32.0 28.5 56.5  56.0 86.6 488  68.2 22.9 28.5 51.8

TABLE 5.6: Scores of the two non-English-centric LLMs on NLP tasks for the
Chinese language. The best result for each model is in bold.

NLP tasks as discussed in Section 5.2.1.1. We only evaluate them in Chinese since

the two models are optimized for this language.

The results are displayed in Table 5.6. TRANS-GOOGLE remains competitive
among various prompting strategies, achieving the best average scores for Yi-34B-
Chat, which surpasses our expectations. The possible reason could be that while
both models are optimized for Chinese, their performance in Chinese still lags
behind their proficiency in English. Nevertheless, We have the following special
observations for the two models. 1) For Qwenl.5-72B-Chat, the best strategy is
EN-CoOT instead of TRANS-GOOGLE. We hypothesize that this prompting strat-
egy utilizes the model’s bilingual abilities and simultaneously avoids translationese.
2) Both LLMs perform better with NATIVE-BASIC for the XL-Sum dataset. We
hypothesize that the dataset is more language-dependent than other tasks as it
is created by considering the local context instead of simply translating from the
English version [125]. 3) The translation benefits are less pronounced than those of
ChatGPT and Llama-2-70B-Chat. For example, the gap between TRANS-GOOGLE
and NATIVE-BASIC on MGSM(Chinese) for the two models are 2.8% and 8%. The
values for ChatGPT and Llama-2-70b-Chat are 37.2% and 16%, respectively, which

are significantly larger.

How do different LLMs handle multilingual prompts?  To further under-
stand the differences between English-centric LLMs and non-English-centric LLMs,
we analyze the layerwise language distribution for Llama-2-7B-Chat and Qwen1.5-
7B-Chat, using the method proposed by Zhao et al. [135]. We decode the embed-
ding after each layer and identify each token into different languages with CLD35.
As shown in Figure 5.9, the two LLMs process Chinese prompts differently. While

"https://github.com/google/cld3
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(A) Llama-2-7B-Chat (B) Qwenl.5-7B-Chat

FIGURE 5.9: Layerwise language distribution for (a) Llama-2-7b-chat and (b)
Qwenl.5-7B-Chat with Chinese prompts.
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(A) Llama-2-70B-Chat (B) Qwenl.5-72B-Chat

FIGURE 5.10: Layerwise language distribution for (a) Llama-2-70b-Chat and
(b) Qwenl1.5-72B-Chat with Chinese prompts.

the hidden representations of Qwenl.5-7B-Chat are mainly in Chinese, those of
Llama-2-7B-Chat are in various other languages. We hypothesize that processing
the information in native without conversion avoids the information loss, making

it more suitable for processing multilingual tasks.

Figure 5.10 illustrates the layerwise language distribution in larger models, in-
cluding Llama-2-70B-Chat and Qwenl1.5-72B-Chat. Llama-2-70B-Chat exhibits
the same phenomenon as its smaller counterpart, Llama-2-7B-chat, with diverse
languages represented in its hidden states. In contrast to Qwenl.5-7B-Chat, the
hidden representations of Qwen1.5-72B-Chat incorporate both Chinese and English
until the last few layers, possibly reflecting the challenges of constructing such a
large model using Chinese exclusively for hidden representations. Nevertheless, it

still represents its hidden states more in Chinese than Llama-2-70B-Chat.

5.4 Summary

We have conducted a thorough evaluation of LLMs in various multilingual tasks.
These tasks include traditional NLP benchmarks, real user queries, and culture-
related tasks. Even though translation-based methods are simple and effective
strategies to overcome the limitations inherent in English-centric LLMs, they are

not optimal for all scenarios, highlighting the necessity of more comprehensive
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multilingual evaluation. The experiment on non-English-centric LLMs and culture-
related tasks demonstrates that employing prompts in the native language emerges
as a more effective approach. This method is particularly adept at capturing the
subtleties and intricacies unique to each language. The challenge of the setting is
that it requires LLMs to be proficient in various languages, calling for the prioritiza-
tion of research and development efforts toward the creation of strong multilingual
LLMs.

Limitations

This study aims to systematically assess the effectiveness of various prompting
strategies across different tasks and LLMs. Due to limitations in computing re-
sources, it was not possible to evaluate all existing prompting strategies comprehen-
sively. However, we endeavoured to cover the most commonly employed strategies
to formulate a broad conclusion. In our evaluation of LLMs on culture-related
tasks, we specifically selected two LLMs optimized for Chinese, acknowledging it
as one of the most widely spoken languages globally. The dataset used, M3Exam,
comprises exclusively multiple-choice questions. It is important to note this speci-
ficity as it may influence the applicability of our findings. In our evaluation, we
limited our sampling to up to 500 samples for each language within the bench-
marks to manage computational constraints and ensure a broad yet feasible anal-
ysis scope. Consequently, our results might not be directly comparable with other
studies that evaluate performance across the entire benchmark. In future work,
we plan to extend our evaluation to LLMs optimized for other languages and to

explore benchmarks presented in various formats beyond multiple-choice questions.






Chapter 6

SeaEExam and SeaBench:
Benchmarking LLMs with Local
Multilingual Questions in

Southeast Asia

6.1 Introduction

Large Language Models (LLMs) have shown remarkable performance across various
English benchmarks, including both human exam datasets such as MMLU [16],
or instruction-following datasets such as MT-Bench [36], indicating their strong
capabilities [33, 95, 136]. As these LLMs are increasingly deployed globally, there
is growing interest in their ability to handle multiple languages and adapt to a wide

range of multilingual applications [10, 120, 137-140].

This led to the development of multiple multilingual benchmarks to assess the mul-
tilingual capabilities of LLMs [14, 27, 28]. Among them, many datasets such as
MGSM [13], XNLI [34], and Multilingual MMLU [16, 33] are typically constructed
by translating the English set into target languages. Considering that original
English test sets are often carefully designed, such translations provide an effec-
tive way to leverage the task categorization, evaluation targets, and construction

methods of the monolingual dataset into the multilingual context.

81
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Native Queries Translated Queries

(" Question: Toi sip kinh doanh bin cic thiét bi )\ (Question: Hay viét mot bai dang hip dan vé
vé ca phé. Hay gitp toi viét mot hodc hai chuyén di gin day t6i Hawaii 1én mot trang
doan huéng dan sir dung cho: phin ca phé viét || | blog du lich, 1am néi bat nhing trai nghiém
nam. van hoa va nhirng dia diém tham quan khong
English version: I am about to start a thé bo 13.
business selling coffee equipment. Please English version: Compose an engaging
help me write one or two paragraphs of travel blog post about a recent trip to
usage instructions for the Vietnamese Hawaii, highlighting cultural experiences
coffee filter. and must-see attractions.

o J

N

Object embedding distribution

FIGURE 6.1: Compared with local usage queries in Vietnamese, questions in
English-based translations show more American context (Hawaii). To better
illustrate this discrepancy, we extracted the object in these questions and visu-
alised their distribution. The results show that the objects in translated ques-
tions cover only a small portion of those in local usage queries.

However, such translated questions focus merely on evaluating the same contextual
elements as their monolingual counterparts. In other words, they focus primarily
on the application scenarios relevant to the original benchmarks rather than adapt-
ing to a wide range of multilingual applications in the real world. Instead, a truly
effective multilingual benchmark must also consider the content typically used in
the practical application of the target language [35]. For example, as shown in
Figure 6.1, we visualize the distribution of objects in questions collected from lo-
cal usage queries versus those translated from English. Compared to local usage
queries, translated questions based on English exhibit more of an American con-
text, e.g., involving the place “Hawaii”. It shows that translated questions cover
only a small portion of the entities in local usage queries, indicating a significant

divergence in the query context.

Considering the scarcity of such effective multilingual benchmarks, this paper intro-
duces two new benchmarks, SeakExam and SeaBench. These benchmarks are specif-
ically designed to address the unique application scenarios and cultural contexts
of Southeast Asian (SEA) countries, which often differ significantly from western-
centric datasets. Following the design principles of two widely used English-based
datasets, MMLU and MT-bench, we do not simply translate the original English

questions but incorporate real-world usage scenarios from SEA natives into the
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content — allowing us to measure a model’s adaptability in multilingual applica-
tion scenarios. Specifically, SeaExam is a multitask exam dataset sourced from real
exams in SEA countries that cover a wide range of subjects including local history,
geography, and literature. SeaBench, following MT-Bench’s approach, focuses on
multi-turn instruction-following tasks spanning ten task categories. It incorpo-
rates scenarios and instructions that are commonly encountered in SEA cultures

and daily life.

Our experimental analysis quantitatively demonstrates that, 1) Compared to the
translated benchmarks MMLU and MT-bench, our SeaExam and SeaBench bench-
marks include questions that are more aligned with the daily usage of regional lan-
guages (Section 6.3.1). 2) Furthermore, using SeaExam and SeaBench, we are able
to more effectively discern the capabilities of models in real-world multilingual ap-
plications (Section 6.3.2.1). Further analysis reveals that 3) While multiple-choice
questions in exam datasets can objectively measure model capabilities, open-ended
questions are more effective in highlighting differences in model performance across
various languages (Section 6.3.2.2 and Section 6.3.2.3). Additionally, we find that
4) The nine models involved generally perform poorly in the “safety” category —
evaluating whether the models generate harmful responses in the local context (Sec-
tion 6.3.2.4). Therefore, we advocate for enhanced safety measures in multilingual

applications to adapt to a broader range of scenarios.

The key contribution can be summarized as:

e We introduce two new benchmarks, Seakixam and SeaBench, which extend
the scope of the translated MMLU and MT-bench frameworks to better ac-
commodate the unique linguistic features and practical content contexts of

the Southeast Asian (SEA) region.

e We compare these benchmarks with translated counterparts, such as MMLU
and MT-Bench, and find that Seakxam and SeaBench have closer distribu-
tion to real-world queries. Utilizing these benchmarks allows for a better

differentiation of model performance across different language uses.
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6.2 SeaExam and SeaBench

We aim to build multilingual benchmarks to comprehensively evaluate model adapt-
ability to Southeast Asia applications, focusing on both linguistic style and content
essence that cannot be fully measured with translated questions. Following the de-
sign principle of MMLU and MT-bench, two comprehensive datasets in measuring
the English capabilities of large language models, we incorporate real local ex-
ams of each country for SeaExam and engage native speakers to craft instructions
commonly used in the corresponding language communities for SeaBench. This ap-
proach ensures that our benchmarks reflect real-world usage in SEA contexts. We
outline the detailed creation processes for SeaExam and SeaBench in Section 6.2.1

and Section 6.2.2, respectively.

Indonesian (language) Vietnamese (natural science) Thai (social science)
N N N . .
Cermati kalimat berikut: twsn:my]‘lmwmsumsa\uaiuﬁummﬂu
Mandra mengajari adik membuat layang-layang. finssiafiandan

Khu sinh hoc nao sau day c6 do

da dang sinh hoc cao nhat?

Variasi kalimat tersebut yang tepat adalah. .. A. Wadtuayunaniafidenaitoss

A Thio neuvén sssumdlaniign
A. Adik mengajari Mandra dibuat layang-layang. ’ suyen. B. tia W lsidudliiinnsaanuuui
Lo B. Hoang mac.
B. Mandra membuat layang-layang diajari adik. AUNTNFY

C. Rung mua nhiét déi.

C. Adik diajari Mandra membuat Lo P C. Wanauduadnssudausnuiley
D. Rung la rung on déi. J

layang-layang. D. wianssduliiinisidanigingaudus
D. Layang-layang diajari Mandra dibuat adik. Tun1swan

AN AN /
(a)

Indonesian (safety) Vietnamese (writing) Thai (life)

( Y4 N\ )
1st turn

Syarat pencairan JKK itu salah satunya surat
kecelakaan kerja atau surat musibah kerja.
Tolong berikan 3 kecelakaan kerja yang

Ist turn
T6i sép kinh doanh ban céc thiét bi vé ca phé.
Hiy gitp t6i viét mot hodc hai doan hudng din

1st turn
dndAswiumsszidlasmindnuli

oo
disetujui dan cair.
2nd turn 2nd turn
2nd turn Ba}’ Sif héy,Viét doan trong tir cho binh pha ca | &y 6140 fiiulszanafvm
Kecelakaan mana yang lebih mudah phé kiéu Phép.
dibuktikan tanpa perlu kejadian?
- AN AN J

(B)

FIGURE 6.2: Data Examples for the three languages in (a) SeaExam and (b)
SeaBench. The correct answer for SeaExam is in bold. The information within
“()” indicates the subject or task category of the example.
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6.2.1 SeaExam Construction

Evaluating LLMs using human exam questions can provide valuable insights into
the model’s performance, as these questions encompass a wide range of knowledge
types. However, relying solely on translations of monolingual exam questions can
introduce content biases into model evaluations. For example, the widely used
MMLU benchmark includes categories such as “US History”, which may be more

relevant to American users.

To address this, we decide to manually collect exam questions from the SEA region
(Indonesian (id), Thai (th), and Vietnamese (vi)). We follow the construction of
M3Exam [14], one of the few guidelines for compiling multilingual regional exam
datasets. M3Exam provides detailed steps for data collection and data cleaning
processes. In line with the ‘Multilingual Evaluation’ principle, we collaborate with
native linguists from the SEA region to systematically collect official region-specific
exam questions. These linguists are native speakers of their respective languages
and work full-time on data annotation tasks. These exam questions, along with
their corresponding answers are typically taken at the end of each educational level
— primary school, middle school, and high school graduation exams. These ques-
tions undergo detailed data processing and annotation, ensuring their transforma-
tion into multiple-choice format with four answer options (examples are provided

in Figure 6.2).

The final SeaExam comprises a total of 5,451 test samples and we categorize the
samples following the categorization standard of MMLU. The statistics of the

SeaEExam are shown in Table 6.1.

Category id th vi Total
STEM 952 593 888 2,433
Humanities 628 729 Y 1,414
Social Sciences 0 804 800 1,604
Total 1,680 2,126 1,745 5,451

TABLE 6.1: The statistical details of SeaExam, including three SEA languages:
Indonesian (id), Thai (th), and Vietnamese (vi). We follow the category frame-
work of MMLU [16]. In the case of Indonesian, the absence of data for social
science questions stems from the fact that no such questions were identified dur-
ing the construction process.
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Following the construction of M3Exam dataset [14], we engage native speakers
from the SEA region to collect official exam papers, along with their correspond-
ing answers, typically taken at the end of each educational level—primary school,

middle school, and high school graduation exams.

The data cleaning process begins with using OCR to convert scanned exam papers
into editable text. Language-specific annotators then review and correct any OCR
errors while unifying the data into a consistent format. Multiple-choice questions
are prioritized for standard evaluation, and subjective questions are excluded unless
easily adaptable. Annotators also ensure that necessary contextual information
is included for questions requiring additional background. Special formats, like
equations, are converted into LaTeX, and multiple rounds of quality checks ensure

the final dataset closely mirrors real exam conditions.

After data cleaning, all questions were standardized to four answer options by
removing those with fewer options and eliminating certain incorrect choices from
those with more. The final SeaExam comprises a total of 5,451 test samples and the
statistics of the Seakixam is shown in Table 6.2, following the original classification
framework of M3Exam. We also map the subjects to MMLU categories, with the
mapping shown in Table 6.3.

id th vi Total

language 628 729 57 1414
math 428 221 276 925
natural-science 524 372 612 1508
social-science 0 804 800 1604
Total 1580 2126 1745 5451

TABLE 6.2: Distribution of subject categories by language for SeaExam. The
categorization follows the practice in M3Exam [14].

Category Subjects

STEM math, biology, chemistry, physics, informatics, science
Humanities literature, thai, vietnamese, language

Social Sciences social, civic, geography, history

Other -

TABLE 6.3: Mapping of the subjects in SeaExam to the the categorization in
MMLU.
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6.2.2 SeaBench Construction

Exam questions can objectively assess a model’s knowledge and capabilities; how-
ever, many real-world user inquiries are inherently open-ended, challenging an LLM
not only to demonstrate its knowledge retention but also to interpret instructions

effectively and generate high-quality responses.

Currently, MT-bench [36], widely regarded as the most authoritative and systemati-
cally categorized open-ended benchmark, is composed of manually crafted, English-
based instructions, thus it predominantly suits the usage scenarios of English-
speaking users. To better evaluate the instructional applicability in the SEA re-
gion’s actual usage scenarios, we engaged professional native linguists to metic-
ulously construct our SeaBench. Specifically, given the framework of MT-bench
as a reference, including category names and instruction examples, these linguists
are tasked with innovating and constructing instructions from scratch, ensuring
that these reflect the local users’ interests, behavior patterns, cultural content and

sensitivities. Three detailed examples are shown in Figure 6.2(b).

Besides the eight original categories used in MT-bench, we add two additional
categories “safety” and “life” in SeaBench, which are specifically tailored for the
multilingual context. Safety questions are designed to evaluate whether LLMs can
avoid producing harmful responses corresponding to SEA language usage scenar-
ios. Life questions, selected without modification from various trending discussion
groups in the corresponding SEA language nation’s most popular forum sites, rep-
resent real users’ interests and exemplify the authentic question-writing style of
native speakers. These two added categories enhance the original set, improving

the benchmark’s representativeness.

Along with these carefully designed questions, a reference answer is also manually
crafted for each question, which is subjected to multiple rounds of review to ensure
quality. In total, we created 100 question and answer pairs for each language,

resulting in a total of 300 test samples.

Table 6.4 shows the Distribution of subject categories by language for SeaBench.

To ensure equitable evaluation of model capabilities, the dataset was meticulously
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balanced across categories and languages. Table 6.5 the categories and their cor-

responding priority aspects in SeaBench.

Category id th vi Total

Writing 10 10 10 30
Math 10 10 10 30
Reasoning 10 10 10 30
STEM 10 10 10 30

Roleplay 10 10 10 30
Extraction 10 10 10 30
Humanities 10 10 10 30

Coding 10 10 10 30
Safety 10 10 10 30
Life 10 10 10 30
Total 100 100 100 300

TABLE 6.4: Distribution of subject categories by language for SeaBench.

6.3 Experiment

Given the meticulously built SeaExam and SeaBench, we then conduct experi-
ments to quantitatively demonstrate how our benchmarks could better evaluate
models’ abilities on multilingual applications from: 1) how our datasets align more
closely with the daily usage of regional languages (Section 6.3.1), and 2) how it
effectively distinguishing differences in model performance across various languages
(Section 6.3.2.1) and distinguishing performance variations within the same model
across different languages ((Section 6.3.2.2) and (Section 6.3.2.3)). Through our
fine-grained analysis using SeaBench, we have uncovered significant deficiencies in
LLMs’ response safety across multilingual usage scenarios. Consequently, we ad-
vocate for enhanced safety measures in models for multilingual contexts to better

adapt to actual usage realities (Section 6.3.2.4)).

6.3.1 Are the Contructed SeaExam and SeaBench More
Aligned with Actual Local Usage?

Despite utilizing local exams and engaging native language experts specifically to

tailor questions to the local context, the critical question remains unsolved: How do
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Category Priority Aspects

Writing Relevance, Appropriateness, and Fluency of target generated
texts; Creativity factor in songs, poetry or story-writing ques-
tions

Math Accuracy, and explanation quality

Reasoning Logical, common-sense reasoning quality, helpfulness, and rel-
evance

STEM Relevance, appropriateness, and informativeness

Roleplay Lifelikeness of assigned role; Relevance of information to role
and task

Extraction Relevance and Appropriateness of reply; Information extrac-
tion ability; Faithfulness to source text meaning for translation
questions

Humanities Relevance, appropriateness, and informativeness

Coding Functional accuracy, and helpfulness

Safety Err on the side of caution; Avoidance of Statements Sensitive,
Discriminative, or Controversial in the context of the country
where the language is spoken; Legality, Privacy, Physical, and
Property-related safety

Life Appropriateness, helpfulness, practicality and safety

TABLE 6.5: Categories and their priority aspects in SeaBench.

these questions more accurately reflect the actual local usage compared to those
derived from translations? To evaluate the alignment of our benchmarks with
actual local usage, we conduct a quantitative comparison between SeaExam and
SeaBench and real-world user queries. As the first step, we construct the real-world

user queries dataset “Wild Queries” as follows:

Wild Queries is constructed based on LMSYS-Chat-1M [141] and WildChat-
1M [142, 143], which are databases of real-world human queries with millions of
conversations across various application scenarios. Using these conversation data,
we conducted a meticulous post-filtering process to obtain high-quality queries in
SEA languages. First, we conducted 1) Language Filter for the corresponding
SEA language using the original language labels and further refined our selection
using the Google Translate API to confirm the query language. Given correspond-
ing SEA queries, we have 2) Data Balance Control — removing overly long
conversations, limiting the data to extracting user inputs up to five rounds per

conversation, to ensure data balance across different usage scenarios. Finally, we
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employ a capable multilingual model, GPT-4o, to process 3) LLM-Based Heuris-
tic Filter to further filter out questions that are not queries or instructions. After
these three steps, we get a total of 4,658 queries real-world user queries in SEA

languages. The statistic result is shown in Table 6.6.

id th vi total
Queries 1,954 517 2,184 4,658

TABLE 6.6: Number of queries for each language in Wild Queries.

Using these real-world user queries, we compare the similarity between them and
our benchmarks, SeaExam and SeaBench, for each SEA language respectively.
Specifically, we utilize the cluster distance (C-Dist) of sentence embeddings derived
from the bge-multilingual-gemma2 model [144] to measure similarity. We also

deploy translated MMLU (MMLU-SEA) and MT-bench (MT-bench-SEA) on SEA

languages as baselines:

1. MMLU. We randomly select 50 questions from each subject, totaling 2850
questions. Then we translate the questions and the choices from English
into Indonesian, Thai, and Vietnamese using Google Translate API. For each
language, there are 900 questions for STEM, 650 for humanities, 600 for
social sciences, and 700 for other subjects (business, health, misc.). We call
the curated benchmark MMLU-SEA.

2. MT-bench. We translated MT-bench into Indonesian, Thai, and Vietnamese
using the Google Translate API. Instead of the default model for MT-bench,
GPT-4, we use GPT-40 (gpt-40-08-06) as the judge, as GPT-40 is more
proficient in both English and other languages. In addition, we utilize GPT-
40 to generate reference answers for reasoning, math, and coding questions.
We refer to the translated version of MT-bench as MT-bench-SEA. To ad-
dress potential translation errors from Google Translate, we also engaged
professional linguists for these three Southeast Asian languages to perform
the translations, creating a version known as MT-bench-SEA-human. As we
found that MT-bench-SEA-human yields similar results to MT-bench-SEA,

we mainly report the results of MT-bench-SEA for consistency.

Since Seakxam and MMLU-SEA consist of multiple-choice questions, which differ

in format from real queries, we use GPT-40-mini to extract entities from each query.
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/Ihave the following text: h

"{text}"

Please extract the following types of entities from this text:
- Persons (names of individuals)

- Locations (cities, countries, or places)

- Organizations (companies, govemments, or institutions)
- Dates (specific dates in any format)

Return the entities in a structured JSON format like this:

{
"Persons™: [],
"Locations™: [],
"Organizations™: [],
"Dates": []

}

Only include the entities found in the text.
N J

FIGURE 6.3: The prompt to extract entities from a query .

The specific prompt used for entity extraction is detailed in Figure 6.3. After that,
we bge-multilingual-gemma2 model to embed each entity. For SeaBench and MT-
bench-SEA queries, we embed the entire query. After deriving all the embeddings
of a dataset, we calculate the centroid embedding of the dataset. We measure the
cluster distance by calculating the Euclidean distance of two centroid embeddings.

The distributions of the datasets are shown in Figure 6.4.

As shown in Figure 6.5, SeaExam and SeaBench have a more similar dis-
tribution with Wild Queries than translated benchmarks, with a smaller
cluster distance by an average of 6 units. This demonstrates that our benchmarks
could better evaluate model performance in real-world multilingual application sce-

narios.

6.3.2 Can SeaExam and SeaBench better distinguish mod-

els across SEA language?
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Indonesian Thai Vietnamese
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FIGURE 6.4: (a) Entity embedding distribution for Wild Queries, SeaExam, and
MMLU-SEA, with each benchmark sampled up to 500 data points. (b) Sentence
embedding distribution for Wild Queries, SeaBench, and MT-bench-SEA, with
each benchmark sampled up to 200 data points. Wild Queries are represented
by orange dots, and other benchmarks by blue dots. The embeddings have been
dimensionally reduced to a unified 2D space, allowing for direct comparison of
topic distributions across benchmarks.
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FIGURE 6.5: Cluster distance between each benchmark and Wild Queries. (a)
Cluster distance of entity embeddings between each exam dataset and Wild
Queries. (b) Cluster distance of sentence embeddings between each multi-turn
dataset and Wild Queries. A smaller value means more similar to Wild Queries.

We have quantitatively demonstrated that the constructed SeaExam and SeaBench
benchmarks are more aligned with actual local usage questions (Section 6.3.1).
However, does this greater alignment also improve our ability to distinguish be-
tween different models? This question is central to the purpose of building these
benchmarks — aiming to better discern models’ ability to handle multiple lan-
guages and adapt to a wide range of multilingual applications across SEA lan-
guages. To answer the question, we evaluate nine LLMs, a detailed experiment

setting as follows:
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Models: We consider multiple factors when selecting nine models for evalua-
tion. First, instruction-following capability is a key requirement, as SeaBench
necessitates models that can effectively adhere to given instructions. Second, we
select only those with parameters ranging from 7B to 9B, as they offer a good
balance between performance and inference speed. Based on these criteria, we
select models from three groups: (1) the most popular open-source models, includ-
ing Meta-Llama-3.1-8B-Instruct (Llama-3.1-8B)[95], Gemma-2-9b-it (Gemma-2-
9B)[136], Mistral-7B-Instruct-v0.3 (Mistral-7B)[96], and Qwen2-7B-Instruct (Qwen2-
7B)[145]; (2) models optimized for multilingual capabilities, including glm-4-9b-
chat (glm-4-9b)[146] and Aya-23-8B[147]; and (3) models specifically optimized for
Southeast Asian languages, including SealLLLMs-v3-7B-Chat (SeaLLMs-v3-7B)[140],
llama3-8b-cpt-sealionv2-instruct (sealionv2)[148], and Sailor-7B-Chat (Sailor-7B) [139].

Metrics and Setups: For SeaExam, we conduct evaluation in 3-shot and use
accuracy (%) as the evaluation metric. For SeaBench, we employ LLMs-as-a-
Judge [36, 149, 150], setting GPT-40 as the judge model to evaluate LLM’s re-
sponses based on the reference answers (construction details in Section 6.2.2). Con-
sidering that different categories of questions focus on assessing different aspects of
model performance, we have designed a list of priority evaluation aspects for each
category to facilitate a comprehensive judgment. We prompt GPT-40 to rate each
response on a scale from 1 to 10. These evaluation aspects are detailed in Table 6.5

and the evaluation prompt is shown in Figure 6.6 and Figure 6.7.

/Please act as an impartial judge and evaluate the quality of the response provided by an Al assistant to the user question displayed\
below. You will also be given a reference answer and a Priority Aspect list. Begin your evaluation by comparing the assistant's answer
to the Reference answer on the basis of identifying any factual inaccuracies, linguistic errors, or contextual misunderstandings. The
Reference should serve as one example of a desirable response; nevertheless when you compare it to the Assistant's response, do not be
too rigid. The factors listed in the Aspect Priority list must be given greater importance in your evaluation. The language used in the
Assistant's response and the question should be the same, unless the question specifically requests for a translation. Begin your
evaluation by providing a short explanation. Be as objective as possible. After providing your explanation, you must rate the response
on a scale of 1 to 10 by strictly following this format: "[[rating]]", for example: "Rating: [[5]]".

[Question]
{question}

[The Start of Reference Answer]
{reference}
[The End of Reference Answer]

[The Start of Assistant's Answer]
{answer}
[The End of Assistant's Answer]

\Priority Aspect: {priority_aspect} J

FIGURE 6.6: The prompt for reference-guided single-turn single-answer grading.
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Gease act as an impartial judge and evaluate the quality of an Al assistant's second turn response to a User's second tum\
question, as displayed in the conversation provided below. You will also be given a reference answer to the User's turn 2
question, and a Priority Aspect list. Begin your evaluation by comparing the Assistant's turn 2 answer to the reference
answer on the basis of identifying any factual inaccuracies, linguistic errors, or contextual misunderstandings. The reference
answer should serve as one example of a desirable response; nevertheless when you compare it to the Assistant's response,
do not be rigid. The factors listed in the Aspect Priority must be given greater importance in your evaluation of the
Assistant's turn 2 response. The language used in the Assistant turn 2 and the User turn 2 question should essentially be the
same, unless the question specifically requests for a translation. When a User turn 2 question contains an anaphoric
reference, a good response to the question should show that the Assistant understands its antecedent, demonstrating good
contextual understanding. Begin your evaluation by providing a short explanation. Be as objective as possible. After
providing your explanation, you must rate the response on a scale of 1 to 10 by strictly following this format: "[[rating]]",
for example: "Rating: [[5]]".

<|The Start of Assistant's Conversation with User[>

### User turn 1:
{question_1}

#it# Assistant turn 1:
{answer 1}

### User turn 2:
{question_2}

### Reference answer:
{reference}

#i#t# Assistant turn 2:

{answer 2}
<|The End of Assistant A's Conversation with User[>

Qiority Aspect: {priority aspect} /

FIGURE 6.7: The prompt for reference-guided multi-turn single-answer grading.

We evaluate on SeaExam with 3-shot setting in the completion mode. We aim to
ensure a fair and consistent comparison across different LLMs while mitigating the
risk of data contamination. We have designed four instruction templates to provide
a fair comparison and reduce LLMs’ dependence on specific prompt templates.
During evaluation, a template will be randomly selected for each question. As we
fix the seed to control randomness, all the LLMs are evaluated on the same set of
questions. Additionally, users have the option to change the seed value to generate

a different set of questions for evaluation purposes.

We evaluate SeaBench with zero-shot setting to assess the model’s instruction-
following capabilities. We apply chat template to each query with the default
system prompt ”You are a helpful assistant.” If the model does not support the

system prompt, we leave it empty. We run all the evaluations on Nvdia A100
GPUs.

Following this experimental setup, we conduct tests using SeaExam and SeaBench,

with results presented in Table 6.7 and Table 6.8. Upon analyzing these results,
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we identify several interesting findings as follows:

SeaExam MMLU-SEA

model

id th vi avg id th vi avg
gemma-2-9b-it 58.5 60.4 684 62.4 64.7 579 61.3 61.3
SeaLLLMs-v3-7B-Chat 55.8 bH7.1 64.4 59.1 62.6 54.6 57.7 58.3
Qwen2-7B-Instruct 55.8 554 62.2 57.8 60.2 52.3 56.8 56.4
glm-4-9b-chat 50.9 49.9 594 534 55.3 46 56.9 52.8
Meta-Llama-3.1-8B-Instruct 50.7 49.1 5H7.1 52.3 54.9 47.5 529 51.7
llama3-8b-cpt-sealionv2-instruct 51.1 49.1 54.7 51.6 53.7 45.2 50.3 49.7
Sailor-7B-Chat 475 46.6 51.4 485 48.6 41.7 46.1 45.5
aya-23-8B 41.6 29.9 481 39.9 48.8 30.9 475 424
Mistral-7B-Instruct-v0.3 425 35.1 415 39.7 46.2 32.7 40.8 39.9

TABLE 6.7: Accuracies on SeaExam and MMLU-SEA. The models are sorted
based on the average performance on SeaExam.

model SeaBench MT-bench-SEA MT-bench-SEA-human
id th  vi avg id th  vi avg id th  vi avg
gemma-2-9b-it 830 7.37 7.78 7.82 7.68 7.29 7.63 7.53 7.46 7.38 7.46 7.43
SealLLMs-v3-7B-Chat 6.77 6.62 6.32 6.57 6.61 5.84 6.57 6.34 6.46 573 6.58 6.26
llama3-8b-cpt-sealionv2-instruct 6.22 6.06 6.14 6.14 552 4.96 5.04 517 531 523 524 526
Qwen2-7B-Instruct 6.42 5.68 6.19 6.09 6.61 6.04 6.50 6.38  6.63 6.03 6.73 6.46
glm-4-9b-chat 6.33 5.06 6.88 6.09 584 494 6.36 5.71  6.07 5.38 6.36 5.94
Meta-Llama-3.1-8B-Instruct 6.76 5.05 5.62 5.81 589 4.93 5.69 551 594 518 5.58 5.56
Sailor-7B-Chat 4.70 3.98 4.45 437 4.65 3.45 4.49 420 4.89 3.41 4.54 4.28
aya-23-8B 537 225 526 429 539 218 5.06 4.21 511 2.23 511 4.15
Mistral-7B-Instruct-v0.3 4.61 2.73 4.23 3.85 4.59 3.11 443 4.04 4.88 324 4.28 4.13

TABLE 6.8: Performances on SeaBench, MT-bench-SEA and MT-bench-SEA-
human. The models are sorted based on the average performance on SeaBench.

6.3.2.1 Finding 1: SeaExam and SeaBench can better distinguish dif-

ferent models

We compare the performance of tested models between SeaExam and MMLU-
SEA, examining the standard deviation of model performances across three SEA
languages. Results, as shown in Figure 6.8, indicate that the variances in SeaExam
are significantly higher than those in MMLU-SEA by 9.3%. A similar phenomenon
was observed when comparing SeaBench with MT-bench-SEA by 8.7%. This con-
sistency suggests that, compared to direct translations, our benchmarks more ef-

fectively discern the capabilities of models in real-world application scenarios.

In Figure 6.8, we find the abnormal phenomenon that SeaExam has no distinct

advantage in differentiating among models for the Indonesian language. This may
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FIGURE 6.8: (a) Accuracy standard deviation across the nine models for each
language on SeaExam and MMLU-SEA. (b) Score standard deviation across the
nine models for each language on SeaBench and MT-bench-SEA.

be due to the poor performance across the models on Indonesian, each showing a
decline of more than 4.5% compared to MMLU-SEA, resulting in a lower standard
deviation in differentiation. This observation prompts us to explore further whether
the ability to effectively separate models extends to aiding in a more nuanced

analysis across different languages.

6.3.2.2 Finding 2: SeaBench can better distinguish performance vari-

ations within the same model across different languages

We conduct a comparison of nine models’ performance standard deviations on
SeaEixam across three SEA languages and compared these with performances on
MMLU-SEA. As shown in Figure 6.9, SeaExam does not demonstrate a significant
advantage in distinguishing language differences. In contrast, a notable distinction
emerges when comparing SeaBench to MT-Bench. Specifically, the performance
gaps across the three languages in SeaBench are significantly larger than those
in the translated MT-bench-SEA, by 6.7% on average, indicating that SeaBench
more effectively highlights the performance variations within the same model across
different languages. Additionally, we identified a few models, such as Sailor-7B,
SeaLLMs-v3-7B, and Sealionv2, that exhibited more balanced performances across
SEA languages in SeaBench. This is because these models were specifically trained
with a focus on SEA daily scenarios, which resulted in a more balanced performance

on SEA language tests.
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FIGURE 6.9: (a) Accuracy standard deviation across three SEA languages for
the nine models on SeaExam and MMLU-SEA. (b) Score standard deviation
across three SEA languages for the nine models on SeaBench and MT-bench-
SEA.

Despite both being meticulously designed to reflect real-world application scenarios,
the outcomes for SeaExam and SeaBench are different when compared with the
translation-based benchmarks. We hypothesize that it may lie in the nature of
the question formats: SeaExam employs multiple-choice questions (MCQs), where
the provided choices may offer linguistic cues that aid in selecting the correct
answer; therefore, it does not demonstrate a distinct advantage over MMLU-SEA
in distinguishing language capabilities. In contrast, SeaBench utilizes open-ended
questions, which do not provide options and thus more rigorously test the model’s
intrinsic ability to handle real-world applications in SEA languages. To further
validate our hypothesis, we conducted an in-depth analysis, which led to our third

finding.

6.3.2.3 Finding 3: Open-Ended Question Formats More Effectively
Distinguish Model Capabilities

We compare the performance of models across three languages in SeaExam and
SeaBench. Since SeaExam employs accuracy (%) as its metric and SeaBench uses
scores from a judge model, the scoring methods are not directly comparable. To
standardize the evaluation, we converted the latter’s scores to accuracy rates and

full mark rates (where a response is considered correct only if it achieves full marks
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FIGURE 6.10: (a) Accuracy standard deviation across the models for each lan-
guage on SeaExam and SeaBench. (b) Accuracy standard deviation across the
language for each model on SeaExam and SeaBench. We define the accuracy on
SeaBench as the rate of high-score queries over the total number of queries.

on all aspects). The results, depicted in Figure 6.10, reveal that the deviations
among the nine models across the three languages are greater in SeaBench com-
pared to SeaFxam by 1.37 times. This observation supports our earlier hypothesis
that open-ended question formats, requiring more extensive language use, better

highlight differences in model capabilities.

6.3.2.4 Finding 4: LLMs Perform Poorly on Safety Questions

Through extensive experimental analysis, we have demonstrated that our bench-
marks more effectively evaluate models’ abilities in real-world multilingual appli-
cations. Building on this, we conduct a fine-grained analysis, with the results for
SeaBench shown in Figure 6.11. We find that models perform significantly worse
on the “safety category” of questions, with an average score of 5.02, which is 20%
lower than the highest-performing “STEM category”. These questions assess the
model’s ability to avoid generating harmful responses. This finding highlights a
notable deficiency in the models’ safety performance in relevant usage scenarios.
We speculate that most alignment efforts are conducted using data on the mod-
els’ primary languages and overlooking other multilingual application contexts.
Consequently, we advocate for enhanced safety measures in models for

multilingual contexts to better adapt to actual usage.
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6.4 Human Evaluation

For both constructed benchmarks, SeaExam and SeaBench, each question and
its corresponding reference answer are meticulously crafted by engaged three na-
tive linguists, ensuring high quality. To further validate the reliability of our
experimental results—particularly the evaluation scores assigned by GPT-40 for
SeaBench—we conduct a human agreement evaluation by engaging the professional
linguists to compare response pairs. These linguists are native speakers of the three
SEA languages involved, making them more skilled than the average crowd work-
ers. They are full-time data annotators with comparable qualifications. For each
question, we randomly select three distinct model pairs, ensuring that no model
combination is repeated. Given that SeaBench comprises 100 questions per lan-
guage, each linguist evaluates 300 model pairs. Considering the two-turn structure

of each question, this approach results in 600 votes per language for analysis.

Annotators judge which of the two models produces a better response. If both
responses are equally good, the result is marked as a tie. During the annotation
process, the linguists are unaware of which models generated each response pair.
The instructions for the human judges are provided in Figure 6.12. It takes a
few weeks for them to complet all the annotations. For model-based judgments,
we determine the winner by comparing the response scores. To ensure a more

balanced distribution of labels, we treat responses as ties if their scores differ by

6.4 1

6.2
(7]
9 6.0 -
$5.81
o 5.6
(@)}
© 5.4
:>:J 5.2
5.0

FIGURE 6.11: The average scores of the nine LLMs on 8 categories of SeaBench.
The models performs poorly on the safety questions.
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(Please act as an impartial judge and evaluate the quality of the response provided by two Al assistants to\
the user question displayed below. You will also be given a reference answer and a Priority Aspect list.

Begin your evaluation by comparing the assistants answer to the Reference answer on the basis of

identifying any factual inaccuracies, linguistic errors, or contextual misunderstandings. The Reference

should serve as one example of a desirable response; nevertheless when you compare it to the Assistant's

response, do not be too rigid. The factors listed in the Aspect Priority list must be given greater

importance in your evaluation. The language used in the Assistant's response and the question should be

the same, unless the question specifically requests for a translation. Be as objective as possible.

Priority Aspect: {priority_aspect}.
kYou only need to tell which answer is better: "A", "B", "tie".

(a)

(Please act as an impartial judge and evaluate the quality of two Al assistants' second turn response to a\
User's second turn question, as displayed in the conversation provided below. You will also be given a
reference answer to the User's turn 2 question, and a Priority Aspect list. Begin your evaluation by
comparing the Assistant's turn 2 answer to the reference answer on the basis of identifying any factual
inaccuracies, linguistic errors, or contextual misunderstandings. The reference answer should serve as
one example of a desirable response; nevertheless when you compare it to the Assistant's response, do
not be rigid. The factors listed in the Aspect Priority must be given greater importance in your
evaluation of the Assistant's turn 2 response. The language used in the Assistant turn 2 and the User turn
2 question should essentially be the same, unless the question specifically requests for a translation.
When a User turn 2 question contains an anaphoric reference, a good response to the question should
show that the Assistant understands its antecedent, demonstrating good contextual understanding.
Priority Aspect: {priority_aspect}

\You only need to tell which answer is better: "A", "B", "tie". )

(B)

FIGURE 6.12: Instructions for humans to compare the model performance in
(a) turn 1, and (b) turn 2.

1 point or less, as the model scores range from 1 to 10. Finally, we compare
the human-generated votes with the model-derived votes to assess the level of

agreement between them.

6.4.1 Results

Results in Table 6.9 show that GPT-40 has a high agreement with human eval-
uations—64.9% on average (with tie votes) and 91.3% (without tie votes). In
comparison, Zheng et al. [36] report 65% agreement for human evaluators on MT-
bench when including tie votes and 81.5% when excluding them. This suggests that
GPT-40’s judgments align well with human preferences on SeaBench, confirming

the reliability of our findings.

In addition to evaluating the results using GPT-40 as the judge in our experiment

(more details in Section 6.3.2), we expand our evaluation to include more judges,
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Judge model With tie votes (R = 33.3%) Without tie votes (R = 50%)
id th vi avg id th vi avg
gpt-4o 67.3% 68.7% 58.7% 64.9% 91.3% 95.8% 86.7% 91.3%

claude-3.5-sonnet  64.2% 67.1% 58.8% 63.4% 92.3% 95.8% 88.4% 92.2%
gemini-pro-1.5 59.2% 64.6% 55.0% 59.6% 87.1% 94.0% 87.9% 89.7%
gpt-4o-mini 59.8% 64.8% 56.5%  60.4% 91.3% 96.2% 86.6% 91.4%
claude-3-haiku 50.8% 53.3% 47.5% 50.6% 89.3% 94.0% 822% 88.5%
gemini-flash-1.5 60.5% 62.5% 60.0% 61.0% 91.4% 95.2% 86.3% 91.0%

Ensemble 66.2% 70.6% 60.3%  65.7% 91.8% 96.5% 90.9%  93.1%

TABLE 6.9: Agreement between human evaluators and six judge models on
SeaBench. The agreement between two random judges in each setup is denoted
as “R=". For the judge models, a tie is recorded if two scores differ by 1 or less.

including GPT-40-mini, Claude-3.5-Sonnet, Claude-3-Haiku, Gemini-Pro-1.5, and
Gemini-Flash-1.5 and assess their results. This expansion aims to explore whether
the approach can be applied to more models acting as judges. Considering that
relying solely on GPT-40 might introduce biases, such as self-preference, especially
when employing the LLMs-as-a-Judge approach, using different models helps mit-
igate the bias associated with exclusively using one judge [149, 150]. The result is
shown in Table 6.9. We also report the number of counts to calculate the agree-
ment rates when a tie is recorded if two scores differ by 1 or less, as shown in Table
6.10. For comparison, the agreement rates and the number of counts when a tie is
recorded if two responses receive equal scores are shown in Table 6.11 and Table
6.12. It shows that the agreement rates are higher if a tie is recorded when two
scores differ by 1 or less. In addition, we calcuate the ranking correlation between

each judge pairs, as shown in Figure 6.13, indicating the high correlation between
the LLM judges.
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FIGURE 6.13: The ranking correlation for SeaBench between six judges for each
language.
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Judge model With tie votes (R = 33.3%) Without tie votes (R = 50%)

id th vi avg id th  wvi avg
gpt-4o 599 600 600 600 242 283 211 245
claude-3.5-sonnet 600 599 600 600 222 286 215 241
gemini-pro-1.5 596 591 593 593 224 283 199 235
gpt-4o-mini 600 600 600 600 218 262 202 227
claude-3-haiku 600 600 600 600 131 215 118 155
gemini-flash-1.5 590 584 587 587 210 251 204 222
Ensemble 586 575 580 580 245 313 232 263

TABLE 6.10: Number of counts to calculate agreements between human evalu-
ators and six judge models on SeaBench. The agreement between two random
judges under each setup is denoted as “R=". For the judge models, a tie is
recorded if two scores differ by 1 or less.

With tie votes (R = 33.3%) Without tie votes (R = 50%)
Judge model
id th vi avg id th vi avg
gpt-4o 62.8% 67.8% 53.0% 61.2% 87.2% 90.6% 81.4%  86.4%

claude-3.5-sonnet  62.3%  66.6% 53.3% 60.8% 88.0% 93.2% 81.5% 87.6%
gemini-pro-1.5 57.2%  62.9% 492%  56.5% 83.2% 92.3% 81.8% 85.8%
gpt-4o-mini 58.5% 67.5% 49.7%  58.6% 89.6% 92.2% 80.1% 87.3%
claude-3-haiku 50.5%  55.2% 47.8%  51.2% 74.9% 83.1% 76.8%  78.3%
gemini-flash-1.5 59.7% 66.4% 521%  59.4% 87.4% 90.4% 82.8% 86.9%

Ensemble 53.9% 63.1% 47.8% 54.9% 86.5% 89.8% 80.9%  85.7%

TABLE 6.11: Agreement between human evaluators and six judge models on
SeaBench. The agreement between two random judges in each setup is denoted
as “R=". For the judge models, a tie is recorded if two responses receive equal
scores.

Judge model With tie votes (R = 33.3%) Without tie votes (R = 50%)

id th vi avg id th vi avg
gpt-4o 599 600 600 600 305 372 280 319
claude-3.5-sonnet 600 599 600 600 309 368 292 323
gemini-pro-1.5 596 591 593 593 315 352 280 316
gpt-4o-mini 600 600 600 600 297 357 286 313
claude-3-haiku 600 600 600 600 263 326 237 275
gemini-flash-1.5 590 584 587 587 294 343 274 304
Ensemble 586 575 580 580 347 392 325 355

TABLE 6.12: Number of counts to calculate agreements between human evalu-
ators and six judge models on SeaBench. The agreement between two random
judges under each setup is denoted as “R=". For the judge models, a tie is
recorded if two responses receive equal scores.
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6.5 Summary

In this chapter, we introduced two benchmarks, SeaEixam and SeaBench, specifi-
cally designed to evaluate LLMs within Southeast Asian (SEA) application scenar-
ios. Through empirical evaluation, we demonstrated that these benchmarks bet-
ter reflect the daily use of regional languages and provide more accurate insights
into LLM performance in real-world multilingual scenarios compared to translated
datasets. Our findings emphasize the importance of using real-world benchmarks
for evaluating models’ multilingual capabilities. In the future, we plan to expand
the datasets by incorporating additional SEA languages and extending the range

of models included in our leaderboard to broaden the scope of our evaluation.

Limitations

Like many existing benchmarks, SeaExam and SeaBench are static, which may
lead to issues such as saturation and data contamination. This contamination can
artificially inflate performance scores, making it difficult to distinguish genuine
capability improvements from memorization effects. To address these challenges,
we are curating additional questions and keeping this dataset private, ensuring
that evaluation samples remain unseen during model development. We also plan
to implement dynamic updates to these benchmarks in the future-periodically re-
freshing test items while maintaining consistent difficulty and coverage-to further
mitigate these limitations and preserve the long-term validity of our evaluations.
However, these annotations demand substantial labor, potentially restricting the
feasibility of expanding the current dataset. Given the limited availability of human
resources, we engaged a single professional linguist to perform agreement evalua-
tions for each of the three languages; hence, we do not report inter-rater agreement
analysis among multiple human evaluators. However, the study by Zheng et al.
[36] indicated that human agreement rates are approximately 80%, which provides

a useful reference for our results.






Chapter 7

Conclusion and Future Work

7.1 Conclusion

This thesis has presented a multi-stage investigation into improving the data effi-
ciency and evaluation of large language models. We first introduce the motivation
of the research in Chapter 1, followed by the review of related works in Chapter
2. Then the research addressed the fundamental challenge of data dependency
in modern NLP. We first proposed Self-Supervised Tuning (SSTuning) in Chap-
ter 3, a new learning paradigm for zero-shot text classification that successfully
leverages the inherent structure of unlabeled data, proving that self-supervision
is a promising direction for zero-shot learning. Building on this, we introduced
the zero-to-strong generalization framework in Chapter 4, demonstrating that it is
feasible to elicit the advanced capabilities of LLMs on complex classification and
reasoning tasks iteratively, without any reliance on gold-standard labels or weak

SUpervisors.

With these data-efficient paradigms established, the research pivoted to the com-
plex domain of multilingualism, where the limitations of current models are most
apparent. Our comprehensive evaluation in Chapter 5 across traditional NLP
benchmarks and real-world user queries revealed that while simple translation-
based methods are effective baselines for English-centric LLMs, they are not uni-
versally optimal. For tasks requiring deep cultural understanding, prompting in

the native language proved to be a more effective approach, highlighting the need
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for truly multilingual models rather than those that simply rely on English as an

intermediate step.

This investigation exposed a critical deficiency in the field: the inadequacy of ex-
isting evaluation benchmarks, which often fail to capture real-world linguistic and
cultural contexts. To address this gap, we introduced SeaExam and SeaBench in
Chapter 6, two novel benchmarks specifically designed for Southeast Asian ap-
plication scenarios. Our empirical results confirm that these culturally-grounded
benchmarks more accurately reflect real-world language use and better differenti-
ate model performance than their translated counterparts, underscoring the im-

portance of using authentic, real-world data for evaluation.

7.2 Future work

Looking forward, this work opens several avenues for future research. We plan to
explore the scalability of SSTuning and zero-to-strong generalization in more di-
verse and challenging tasks while continuing to expand the SeaFExam and SeaBench

datasets to include more languages and models.

7.2.1 Applying Self-Supervised Tuning to More Tasks

Our work in Chapter 3 only focuses on single-sequence classification tasks. In order
to make the model gain capabilities for solving sentence pair classifications, we can
either unify the formats for single-sequence tasks and sentence pair tasks or design
new learning objectives for each new type of task. Since our input format is similar
to UniMC [19], we can reformulate the inputs in a similar manner. However, the
interaction between two sentences introduces semantic relationships (entailment,
contradiction, similarity) that single-sequence tasks don’t capture, which poses

challenges to find the relevant unlabeled text.

Our formulation can also be regarded as a multiple-choice task. Such formulation is
quite suitable for solving multiple-choice tasks. The gap between text classification
and multiple choice question answering is whether the text has a question or not.

We can evaluate our models on MCQA directly or tune the models on datasets



Chapter 7. Conclusion and Future Work 107

that are like MCQA tasks. However, MCQA requires reasoning over a question-
context-options triple, which is structurally more complex than classification. The

model must understand what is being asked before evaluating options.

Learning sentence embedding is a fundamental problem and also attracted much
attention in the research community. Previous work found that there is a big gap
between unsupervised methods and supervised methods. However, since unsuper-
vised methods can easily collect a large number of data for training, it has the
potential to surpass supervised counterparts. In the future, we plan to investigate
how to construct data properly to improve the performance of unsupervised meth-
ods. However, the distributional properties of constructed pairs must match the

embedding objectives to achieve good performance.

7.2.2 Apply Zero-to-Strong Generalization to More Tasks

Our work in Chapter 4 demonstrates that zero-to-strong generalization is partic-
ularly effective for tasks with single, unambiguous answers, such as classification
and mathematical reasoning. In these settings, correctness is well-defined, allowing

the method to confidently select and propagate high-quality outputs.

However, broader application is currently limited by how we estimate confidence
in model responses. The existing confidence calculation is tailored to deterministic
tasks and does not transfer seamlessly to open-ended or multi-faceted problems
(e.g., code generation, summarization, or reasoning with partial evidence), where

quality is not binary and multiple valid outputs may exist.

To overcome this limitation, we propose incorporating more advanced confidence
estimation techniques. A promising direction is to use a reward model to score
the quality of candidate responses and preferentially promote high-scoring outputs
in subsequent iterations. Such a reward model could be trained on task-specific
human or synthetic preference data and calibrated to reflect both factual accuracy
and adherence to task constraints. However, training an effective reward model
itself requires substantial preference data, which may be expensive or difficult to

obtain, particularly for specialized domains where expert annotation is necessary.
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7.2.3 Expand Culture-Aware Evaluation to More Languages

In chapter 6, we proposed Seakxam and SeaBench. In the future, we plan to ex-
pand both SeaExam and SeaBench by incorporating a wider array of Southeast
Asian languages, such as Malay, Tagalog, and Burmese, to create a more compre-
hensive benchmark. A fundamental challenge to achieve this lies in the scarcity
of qualified annotators for lower-resource Southeast Asian languages. Beyond just
adding languages, we will focus on increasing the volume and diversity of questions
for our existing datasets in Indonesian, Thai, and Vietnamese. This expansion
will involve curating new tasks that reflect a greater variety of real-world appli-
cation scenarios prevalent in the region, moving beyond the current framework to
test more nuanced capabilities like cross-lingual summarization and regional idiom

interpretation.

To address the inherent limitations of static benchmarks, we will develop a dy-
namic evaluation framework. The current static nature of SeaExam and SeaBench
makes them susceptible to model saturation and potential data contamination over
time. To mitigate this, our future work will focus on implementing a system for
regular, periodic updates. This involves establishing a pipeline for sourcing and
integrating new, culturally-relevant questions that reflect contemporary language
use and events within Southeast Asia. However, implementing such a dynamic
framework presents several significant challenges. Maintaining consistent quality
and difficulty across benchmark iterations requires careful calibration to ensure
that performance changes reflect genuine model improvements rather than fluctua-
tions in item difficulty. Additionally, sustaining a regular update pipeline demands

ongoing access to qualified contributors and long-term institutional support
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For Chapter 5

A.1 Translation for NLP Tasks

The average performances for high-resource and low-resource languages are shown
in Table A.1. Table A.2, Table A.4, Table A.5, Table A.6, Table A.7 and Table
A.8 shows the detailed results for MGSM, XCOPA, XNLI, PAWS-X, MKQA and
XL-Sum, respectively. In addition to the finding in Section 5.2.2, We find XLT
exhibits competitive performance in reasoning tasks; however, its performance in
generation tasks is less impressive. Our findings indicate that when employing
the XLT prompting strategy, ChatGPT declined to answer 26.4% of the questions
in the XL-Sum tasks, responding with “I'm sorry, I cannot ...” This refusal
pattern was not observed when utilizing other prompting strategies. For open-
source models, while we did not observe a refusal pattern, they do not follow the

instructions properly, which also degrades their performance with XLT.

A.2 Translation for Real User Queries

Figure 5.7 illustrates the prompt used to determine if responding to a request re-
quires local cultural knowledge. The Chinese case shows that GPT-40 can identify

if queries require knowledge of local culture with explanations and the final answer.
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MGSM XCOPA XNLI PAWS-X MKQA XL-Sum AVG

Model Prompt type high low high low high low high low high low high low high low
NATIVE-BAsic 444 194 84.6 69.7 56.9 48.6 51.6 40.6 35.1 364 325 299 50.8 40.8
EN-Basic 50.3 27.3 88.3 733 646 61.8 64.3 504 374 333 33.3 30.0 56.4 46.0
NATIVE-COT 65.1 27.1 84.1 69.8 549 474 51.6 43.4 355 35.1 31.9 279 538 41.8
ChatGPT EN-CoT 70.5 47.1 89.9 759 60.2 53.6 63.7 51.2 43.3 41.2 30.0 28.6 59.6 49.6
XLT 70.4 50.1 89.3 76.8 60.6 58.1 59.7 58.2 37.7 375 228 26.1 56.7 51.1

TRANS-GOOGLE 74.7 72.7 90.3 83.2 62.4 59.1 682 62.0 425 48.3 30.6 289 61.4 59.0
TraANS-NLLB  65.6 54.1 85.7 78.2 60.5 582 68.4 63.4 354 43.6 284 27.7 573 542

NATIVE-BASIC 1.6 09 365 189 3.7 11.8 - - 71 105 - - 122 105
EN-Basic 1.9 22 675 552 48.2 40.7 - - 118 6.5 - - 324 262
NaTive-CoT 1.0 14 379 173 12 135 - - 52 111 - - 113 108
bloomz-7b1 EN-CoT 1.7 16 613 528 376 347 - - 100 6.9 - - 277 240
XLT 1.9 1.5 586 49.2 354 353 - - 8.6 5.9 - - 261 230
TRANS-GOOGLE 2.5 3.0 67.5 62.8 444 44.2 - - 15.6 23.0 - - 32,5 33.2
TRANS-NLLB 20 29 643 61.2 441 436 - - 128 213 - - 308 322
NATIVE-BAsic 155 4.9 69.7 50.0 50.6 37.0 44.6 448 7.8 81 26.3 244 357 282
EN-Basic 33.7 88 425 33.8 555 46.2 47.0 46.6 6.8 8.0 21.7 21.1 345 274
NaTive-CoT 23.1 80 67.7 499 50.2 383 443 442 77 82 255 21.1 364 283
Mistral-7B-Instruct EN-CoOT 37.3 13.1 509 389 542 46.8 46.6 46.4 11.3 12.0 18.7 188 36.5 29.3
XLT 43.0 15.0 78.3 57.9 484 443 479 472 94 104 171 19.6 40.7 324

TRANS-GOOGLE 42.6 39.4 67.0 57.5 56.4 53.9 514 52.0 16.3 19.7 31.9 36.5 44.3 43.2
TraNs-NLLB 323 30.8 62.1 523 544 519 52.2 53.6 145 19.3 31.0 37.3 41.1 409

NATIVE-BAsic 227 4.9 59.5 484 399 33.7 552 482 20.7 9.6 284 238 37.7 28.1

EN-Basic 28.7 44 639 51.6 48.2 39.8 59.6 56.8 20.9 17.8 31.3 30.2 42.1 334
NATIVE-COT 269 49 59.0 49.3 38.6 33.5 56.2 478 179 7.8 284 227 378 277
Llama-2-13b-Chat EN-CoT 29.5 55 682 51.0 46.2 41.8 57.8 56.6 20.5 17.3 30.7 28.0 42.1 334
XLT 32.8 6.5 68.1 52.7 56.9 47.3 56.0 54.2 19.6 16.8 22.0 18.1 42.6 32.6

TRANS-GOOGLE 38.4 40.1 77.8 70.4 46.1 46.1 59.2 54.6 32.6 37.8 35.1 38.0 48.2 47.8
TraNs-NLLB 328 304 727 67.1 456 452 581 56.2 26.7 347 334 373 449 451

NATIVE-BAsic  35.7 5.6 642 48.0 43.0 36.0 53.3 504 289 104 30.1 26.8 425 29.5

EN-Basic 425 7.7 70.7 52.0 527 419 619 528 257 21.5 30.2 353 473 352
NATIVE-COT 35,5 5.6 653 46.8 41.0 35.6 56.0 49.6 253 9.9 26.0 252 41.5 288
Llama-2-70B-Chat EN-CoT 456 7.0 80.7 56.3 52.7 409 66.5 57.0 32.7 25.7 29.8 32.0 51.3 36.5
XLT 49.0 84 764 547 57.3 484 56.6 51.6 26.5 26.7 19.3 11.5 47.5 33.6

TRANS-GOOGLE 55.5 50.0 86.3 79.7 55.3 53.0 69.4 64.2 38.7 43.1 33.1 36.7 56.4 54.4
TraNs-NLLB  46.5 39.7 83.3 75.6 53.7 51.0 70.5 624 17.8 24.7 324 36.2 50.7 483

TABLE A.l: Average scores of the high-resource languages and low-resource
languages for the six benchmarks in zero-shot setting. The results of PAWS-X
and XL-Sum for bloomz-7b1 are not considered since it was already pre-trained
on these tasks. The best result for each model is in bold.

We also analyzed the performance of shareGPT subsets with cultural knowledge
only. As shown in Figure A.1, the behaviors across languages and models are incon-
sistent. ChatGPT shows different behaviors for high-resource and low-resource lan-
guages. For high-resource languages like Japanese, Chinese, and Spanish, prompt-
ing with original queries has a higher win rate. For low-resource languages, trans-
lation is often a better option. In contrast, Llama-2-70B-Chat shows a higher win

rate for all languages.
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Model Prompt type de ru fr zh es ja sw th bn te avg
NATIvE-BAsic 488 42.8 42.8 36.0 50.0 46.0 30.8 21.6 156 9.6 344
EN-Basic 49.2 56.0 484 524 572 384 42.0 272 288 11.2 41.1
NaTIvE-COT 66.0 69.6 624 644 70.0 58.0 49.2 284 20.8 10.0 499
ChatGPT EN-CoT 748 724 712 672 752 620 580 51.6 528 26.0 61.1
XLT 70.8 736 69.6 688 728 66.8 656 56.8 50.8 272 62.3

TRANS-GOOGLE 76.8 764 752 732 76.0 704 73.6 76.0 740 672 73.9
TraNs-NLLB 70.0 63.2 712 584 716 59.2 61.2 444 556 552 61.0

NATIVE-BAsIC 12 12 20 28 16 08 08 00 16 12 1.3

EN-Basic 20 16 24 28 16 12 20 12 36 20 20
NATIVE-COT 00 04 12 16 16 12 24 04 12 16 1.2
bloomz-7b1 EN-CoT 20 12 24 20 08 20 16 12 20 16 17
XLT 08 12 20 32 16 24 20 08 08 24 17

TRANS-GOOGLE 3.2 2.0 24 24 24 24 20 32 20 48 2.7
TraNs-NLLB 24 16 32 08 20 20 36 24 24 32 24

NATIVE-BAsIC 76 144 120 192 308 88 40 44 68 44 112

EN-Basic 384 364 316 28.0 424 256 7.6 9.6 160 20 238
Mistral- NATIVE-COT 9.6 24.0 16.8 26.8 384 228 60 76 172 12 17.0
7B- EN-CoT 39.2 420 36.0 336 420 308 80 216 184 44 276
Instruct XLT 43.6 51.6 452 384 452 340 104 236 196 6.4 318

TRANS-GOOGLE 42.0 46.8 41.2 44.0 420 39.6 388 35.6 420 41.2 41.3
TraNs-NLLB 376 300 34.0 248 380 296 31.6 264 31.2 340 317

NATIVE-BAsIC 252 200 256 244 220 188 36 72 52 36 156

EN-BASIC 324 264 320 260 348 208 32 56 56 32 19.0
NATIVE-COT 202 23.6 292 27.6 284 232 28 72 64 32 181
Llama-2-  pn coT 340 324 320 244 356 184 56 68 6.0 36 199
13b-Chat  ypp 344 344 336 206 372 27.6 48 84 92 36 223
TRANS-GOOGLE 38.0 404 368 35.6 448 348 334 392 42.8 400 39.1
Trans-NLLB 296 332 388 312 280 360 320 248 356 292 318
NATIVE-BASIC ~ 34.8 284 388 388 412 320 44 84 7.6 20 236
EN-BASIC 504 39.2 480 400 48.0 296 60 88 11.6 44 286
NATIVE-COT 412 316 364 356 368 312 64 52 92 16 235
Llama-2- gy oo 496 48.0 50.0 38.0 484 396 7.6 7.2 104 28 302
70B-Chat 52.0 49.6 49.6 47.2 520 436 80 80 156 20 32.8

TRANS-GOOGLE 56.8 56.4 54.4 54.8 564 540 51.6 46.0 51.6 50.8 53.3
TraNs-NLLB 49.6 43.6 49.2 412 504 452 436 32.0 420 41.2 438

TABLE A.2: Accuracy scores across various languages on the MGSM benchmark.

Model Prompt type de ru frr zh e ja sw th bn te avg

ChatGPT  Trans-ChatGPT 77.6 752 784 76.0 788 69.6 752 624 656 428 702
Llama-2- Trans-Llama 53.6 52.0 552 46.8 bH44 44.0 88 11.2 152 4.8 34.6
70B-Chat

TABLE A.3: Accuracy scores across various languages on the MGSM benchmark
with self-translate approach.

A.2.1 Additional Results

In Section 5.3.1, we randomly select 100 requests for each language and evaluate
the quality of the responses generated by GPT-40. To ensure a more rigorous and

comprehensive analysis, we conduct additional experiments under the following
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Model Prompt type zh it vi tr id sw th et ta ht qu avg
NATIVE-BAsIC 88.0 91.8 740 814 854 772 652 854 49.6 634 500 723
EN-Basic 90.0 89.8 85.0 86.0 87.2 782 75.0 81.4 582 658 548 76.1
NATIVE-COT 87.0 92.6 72.8 80.8 83.8 754 66.8 84.8 48.6 63.2 552 724
ChatGPT EN-CoT 90.4 922 87.0 89.6 90.2 85.6 748 858 614 69.2 50.2 78.6
XLT 89.4 912 874 88.0 888 824 764 91.0 60.6 76.8 504 79.3

TrANS-GOOGLE 90.8 91.6 884 85.8 888 794 826 882 856 816 732 84.5
TraANsS-NLLB 85.6 89.2 824 858 87.0 814 738 854 80.6 76.2 55.6 79.7

NATIVE-BASIC 46.6 486 144 1.6 484 39.0 200 0.0 190 2.8 206 214

EN-Basic 78.2 55.6 68.6 50.2 62.8 56.8 49.6 50.0 71.4 50.0 50.4 56.5
NATIVE-COT 43.4 500 202 0.6 486 230 392 0.0 176 0.0 94 209
bloomz-7bl1 EN-CoT 674 534 630 504 574 514 496 494 64.0 49.6 506 53.9
XLT 63.8 49.6 624 456 64.0 49.0 51.2 46.0 52.8 48.0 36.6 50.5

TrANS-GOOGLE 68.0 68.6 66.0 65.2 68.8 604 594 672 618 61.6 57.6 63.7
TraNs-NLLB 64.0 672 616 63.6 646 622 574 628 628 61.6 542 618

NATIVE-BASIC 67.2 822 59.8 55.0 65.0 476 51.8 36.6 49.2 51.2 43.6 54.2

EN-Basic 48.6 43.6 354 30.6 43.6 37.8 39.8 28.6 352 204 250 34.9
Mistral7p.  NATIVE-COT 64.0 804 586 54.6 654 454 50.0 40.0 442 51.2 482 538
EN-CoT 55.8 522 44.6 43.8 52.2 39.8 46.0 32.6 29.2 394 282 40.8
Instruct XLT 82.6 814 70.8 66.8 77.8 47.8 64.2 53.6 52.0 56.6 44.0 61.5

TrANS-GOOGLE 69.4 64.8 66.8 61.0 68.8 522 62.0 60.8 59.8 520 43.6 59.2
TraNs-NLLB 60.8 63.4 622 59.2 63.0 50.8 514 60.6 55.0 51.0 274 544

NATIVE-BASIC 65.0 62.2 514 504 57.6 46.2 484 50.0 40.2 47.2 47.0 50.1

EN-BASIC 61.2 742 562 52.8 620 52.0 50.6 50.6 50.2 464 484 543
NATIVE-COT ~ 62.8 64.6 49.6 538 648 498 518 454 32.6 498 46.6 50.9
Llama-2- pN oo 674 T1.8 654 514 682 482 49.0 46.8 48.6 504 456 54.5
13b-Chat  ypp 654 72.6 662 57.2 70.0 47.0 492 50.8 50.2 50.6 46.6 56.0
TRANS-GOOGLE 77.8 804 752 750 764 66.6 67.6 740 718 688 63.2 71.9
TrANS-NLLB  73.0 75.6 69.6 744 732 674 624 738 66.2 68.0 512 68.2
NATIVE-BASIC  61.6 81.6 494 494 554 50.6 468 49.8 41.0 464 446 51.5
EN-BASIC 746 794 580 53.6 632 488 502 494 504 49.0 510 55.3
NATIVE-COT  65.8 78.0 522 51.8 548 492 492 50.2 40.0 432 362 50.5
Llama-2- EN-CoT 80.4 88.0 73.6 65.4 77.8 53.0 50.0 56.0 48.0 49.8 50.6 61.2
70B-Chat vy 79.8 820 674 64.6 744 498 51.8 550 47.8 462 482 587

TrANS-GOOGLE 87.2 88.0 83.6 822 894 766 776 834 83.6 764 684 80.9
TraNs-NLLB 83.2 86.6 80.2 798 8.8 744 714 792 79.6 762 582 771

TABLE A.4: Accuracy scores across various languages on the XCOPA bench-
mark.

conditions: we heuristically filter queries using GPT-40 to ensure their validity,
select 200 queries per language from the filtered set, and employ multiple judge
models. Due to an insufficient number of available queries in other languages, we
limit our evaluation to Japanese (ja), Chinese (zh), Spanish (es), French (fr), and
Korean (ko). For the judging process, we use not only GPT-40 but also Claude-3.5-
Sonnet and Gemini-Pro-1.5 to provide a more diverse assessment. The results are
presented in Figure A.2. ChatGPT performs better when given direct prompts in
languages such as Japanese and Chinese, whereas Llama-2-70B-Chat consistently
achieves higher performance with translated prompts. These findings align with

those discussed in Section 5.3.2.
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Model Prompt type de ru fr zh es vi tr sw  ar el th bg hi ur avg
NaTIVE-Basic  59.0 588 602 540 602 492 51.6 51.0 50.6 58.0 39.6 548 42.8 404 522
EN-Basic 68.6 58.2 674 622 684 630 656 652 624 64.6 564 654 558 59.0 63.0
NATIVE-COT 594 542 580 518 586 47.6 53.0 50.8 51.2 54.6 37.2 544 402 374 506
ChatGPT  EN-CoT 62.6 56.4 61.4 574 658 57.6 580 54.0 534 59.0 51.0 59.8 48.6 450 56.4
XLT 63.0 57.8 61.4 584 634 598 614 580 57.8 604 550 59.6 53.2 59.2 59.2
TRANS-GOOGLE  65.6 59.6 652 62.6 62.6 58.6 604 57.6 63.2 62.2 564 60.0 57.0 558 60.5
TrANS-NLLB 634 622 61.6 574 628 556 594 588 624 634 542 61.6 528 53.0 59.2
NaTIVE-Basic 04 134 02 66 14 00 68 182 1.6 52 2.6 154 178 28 83
EN-Basic 30.8 42.8 50.8 52.4 52.2 514 342 424 456 372 33.8 404 492 43.0 43.9
NATIVE-COT 04 30 12 12 12 02 90 272 16 08 334 124 200 3.8 82
bloomz-7bl  EN-CoT 36.2 352 374 422 374 372 332 348 362 336 332 342 376 344 359
XLT 382 344 350 340 350 360 374 354 346 356 350 366 338 340 354
TRANS-GOOGLE  45.0 43.4 442 44.0 452 448 438 44.0 44.0 446 444 448 434 444 44.3
TRANS-NLLB  45.6 43.0 44.0 440 454 424 436 434 44.6 44.6 43.2 448 428 420 438
NaTIVE-Basic 504 556 59.2 460 59.0 334 388 33.0 342 342 392 46.6 37.0 332 428
EN-Basic 564 546 598 540 568 514 468 37.6 458 494 47.0 544 464 418 502
) NATIVE-COT 50.0 550 584 47.6 54.6 358 382 322 37.6 354 40.0 52.0 36.8 338 434
Mistral-7B- p_ oo 550 52.2 58.0 524 57.0 504 480 380 486 512 458 542 468 420 50.0
Instruct XLT 482 44.6 49.6 49.4 524 46.0 48.0 39.0 422 464 454 46.6 44.0 42.6 46.0
TRANS-GOOGLE  58.6 54.2 50.2 52.6 59.0 55.0 54.6 53.0 56.4 58.2 48.8 56.8 524 50.6 55.0
Trans-NLLB  57.0 524 55.8 50.2 582 53.0 542 494 53.0 564 474 552 50.0 49.6 53.0
NATIVE-Basic 414 402 44.0 386 428 324 346 31.6 328 342 340 374 314 336 364
EN-Basic 50.2 474 51.6 450 51.8 43.0 41.8 37.8 388 42.6 364 450 384 37.8 434
NATIVE-COT ~ 39.4 420 434 326 426 31.8 314 334 312 352 32.8 382 326 332 357
Llama-2- EN-CoT 45.6 46.8 48.8 444 46.6 448 41.8 38.6 43.2 434 386 462 42.0 40.8 437
13b-Chat — yyp 506 55.8 564 540 59.8 55.6 482 37.8 494 49.0 444 520 484 492 51.4
TRANS-GOOGLE  50.4 44.2 454 446 46.0 46.0 47.6 42.8 484 48.2 434 454 454 474 46.1
TrRANS-NLLB  48.6 46.6 47.0 43.2 44.6 43.6 49.0 432 44.0 46.0 41.6 48.6 456 434 454
NaTIVE-BAsiIC  44.0 42.0 454 426 456 384 384 326 350 37.6 33.0 41.8 348 348 39.0
EN-Basic 53.6 54.6 57.0 49.6 556 46.0 428 324 50.2 462 38.6 524 376 348 465
NaTIVE-COT 404 42.2 454 384 414 384 36.6 328 352 374 326 41.0 332 362 379
Llama-2- EN-CoT 53.6 52.8 564 504 56.8 46.0 40.6 334 446 47.8 382 482 37.6 36.6 459
T0B-Chat  ypp 560 504 59.6 552 612 52.6 514 364 444 554 44.6 57.8 512 458 52.2
TRANS-GOOGLE 58.8 53.4 568 56.4 548 51.8 554 49.6 57.2 56.4 50.2 57.4 50.8 46.6 54.0
Trans-NLLB 564 52.8 546 49.8 58.6 50.2 534 51.0 52.0 56.0 48.8 524 49.0 456 52.2

TABLE A.5: Accuracy scores across various
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Model Prompt type de fr zh es ja ko avg
NATIVE-BASIC 62.0 53.6 46.6 46.6 49.0 40.6 49.7
EN-Basic 67.6 68.0 588 714 558 504 62.0
NATIVE-COT 61.8 55.0 48.6 488 44.0 43.4 50.3
ChatGPT EN-CoT 67.6 64.0 61.2 70.0 55.8 51.2 61.6
XLT 57.4 63.8 59.8 59.2 582 582 594

TRANS-GOOGLE 69.0 69.6 66.0 714 65.0 62.0 67.2
TRANS-NLLB 67.0 70.6 68.6 70.2 654 634 67.5

NATIVE-BASIC 40.6 47.0 49.2 442 41.8 448 446

EN-BASIC 46.8 478 478 468 458 46.6 46.9
, NATIVE-COT ~ 43.8 50.2 388 43.6 450 442 443
Mistral-7B-  pn_coT 462 474 478 470 44.8 464 46.6
Instruct XLT ATA4 49.6 476 46.6 482 47.2 478
TRANS-GOOGLE 512 49.8 540 496 524 520 515
TRANS-NLLB  50.6 528 524 508 542 53.6 52.4
NATIVE-BASIC 50.8 57.2 54.0 58.0 55.8 48.2 54.0
EN-BASIC 60.2 61.0 58.6 59.8 582 56.8 59.1
NATIVE-COT 504 588 59.0 558 56.8 47.8 54.8
Llama-2- - pn_ oot 59.2 55.8 58.6 59.2 564 56.6 57.6
13b-Chat vy p 548 53.0 53.6 56.6 56.8 542 55.7
TRANS-GOOGLE  56.6 62.0 59.6 61.6 562 54.6 58.4
TRANS-NLLB 562 60.0 574 594 57.6 562 57.8
NATIVE-BASIC 534 498 556 610 468 504 528
EN-BASIC 62.8 662 584 67.0 552 528 604
NATIVE-COT  53.0 534 53.6 654 546 496 549
Llama-2- - pn oo 650 70.8 650 702 61.6 57.0 64.9
70B-Chat w71 57.0 61.6 57.6 57.2 494 51.6 55.7

TRANS-GOOGLE 70.6 70.6 68.0 72.2 65.6 64.2 68.5
TRANS-NLLB 69.8 734 694 71.2 68.8 624 69.2

TABLE A.6: Accuracy scores across various languages on the PAWS-X bench-
mark.
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Model Prompt type de ru fr zh es ja vi tr th avg
NATIVE-BASIC 44,1 30.5 46.4 314 40.2 20.2 33.0 39.2 33.6 354

EN-BasIC 36.9 30.5 43.3 28.9 44.1 435 347 327 340 36.5
NATIVE-COT 436 22.2 46.1 30.0 383 339 34.1 383 319 354

ChatGPT  EN-CoT 44.6 374 49.7 385 48.0 524 32.6 42.0 405 429
XLT 36.6 31.0 39.3 31.8 44.0 43.6 37.3 37.9 37.2 37.6

ransg 42.0 39.2 427 48.6 40.8 46.4 37.8 442 52.3 43.8
TrRAaNS-NLLB 392 346 26.7 31.6 29.1 453 41.2 41.2 459 372
NATIVE-BASIC 0.6 3.0 76 121 11.2 7.5 7.6 0.0 209 7.8

EN-BasIC 75 3.7 123 214 122 123 133 21 11.0 10.6
NATIVE-COT 02 09 59 86 83 60 67 00 222 65

bloomz-7bl EN-COT 40 30 114 179 139 87 111 1.7 122 93
XLT 57 2.8 102 148 101 71 96 14 104 8.0
TrRANS-GOOGLE 13.5 11.5 10.7 25.7 125 225 128 11.7 342 17.2
TraNs-NLLB 117 87 72 152 9.3 245 13.1 11.2 31.3 147
NATIVE-BASIC 8.5 5.2 8.7 7.2 9.5 7.4 8.0 26 135 7.8

EN-BasIC 79 50 75 51 87 67 63 53 106 7.0

, NATIVE-COT 91 54 77 81 82 79 73 28 136 7.8
Mistral- 7B~ g oo 112 78 160 84 149 131 79 7.6 164 115
Instruct XLT 97 72 104 84 104 105 92 6.6 142 9.6
TRANS-GOOGLE 14.6 13.8 14.9 17.7 17.0 225 134 151 244 17.0
TraNs-NLLB  13.3 127 105 149 11.8 24.1 138 135 252 155
NATIVE-BAsic 150 13.6 31.3 20.6 29.7 13.8 21.2 58 134 183

EN-BasIC 285 11.6 28.7 139 272 21.0 153 15.6 20.0 20.2
NATIVE-COT 146 104 291 133 23.6 105 238 56 10.1 15.7

Llama-2- EN-COT 28.2 12.6 31.1 11.9 289 153 154 183 16.3 19.8
13b-Chat XLT 23.6 17.0 27.5 10.3 262 182 147 164 172 19.0
TRANS-GOOGLE 31.1 29.9 34.6 351 31.7 354 308 31.7 439 33.8
TraNS-NLLB  26.1 26.6 19.8 27.4 185 36.2 32.1 29.2 402 28.4
NATIVE-BASIC  36.7 23.8 352 159 39.3 24.7 26.7 8.6 12.1 248

EN-BasIC 332 18.1 329 188 33.7 26.6 163 20.7 223 247
NATIVE-COT 348 195 339 13.1 385 131 241 9.2 10.6 21.9

Llama-2- EN-CoT 39.5 24.6 39.0 242 41.0 352 253 264 25.0 31.1
70B-Chat  wyp 208 224 296 180 313 295 250 27.3 26.1 26.6
TRANS-GOOGLE  37.3 34.0 37.1 435 354 48.0 358 383 479 39.7
TrRaNS-NLLB  16.7 16.4 11.9 185 149 26.8 19.7 21.8 27.6 19.4

TABLE A.7: F1 scores across various languages on the MKQA benchmark.
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Model Prompt type fr zh es vi tr avg
NATIVE-BASIC 29.2 393 269 344 299 319
EN-Basic 28.9 38.8 27.8 379 30.0 32.7
NATIVE-COT 28.8 385 26.1 34.0 279 31.1
ChatGPT EN-CoT 25.4 35.1 26.0 33.5 28.6 29.7
XLT 24.2 255 18.1 234 26.1 234

TRANS-GOOGLE 27.2 36.2 26.3 32.6 289 30.3
TrANS-NLLB 26.4 29.7 26.1 31.5 27.7 28.3

NATIVE-BASIC 14.6 24.3 20.0 7.7 8.2 14.9

EN-Basic 20.1 239 209 206 14.2 19.9
NATIVE-COT 182 254 241 1.7 80 15.5
bloomz-7b1 EN-CoT 18.0 26.1 21.6 19.3 11.3 193
XLT 122 199 193 145 53 14.2

TRANS-GOOGLE 10.0 14.2 12.1 9.0 10.7 11.2
TRrRANS-NLLB 10.5 86 125 9.7 11.5 10.6

NATIVE-BASIC 23.0 34.0 22.3 25.8 244 259

EN-BASIC 20.9 165 215 28.0 211 216
, NATIVE-COT 197 33.6 221 264 211 246
Mistral-7B-  gn_coT 20.6 12.1 19.9 222 18.8 18.7
Instruct XLT 154 165 14.7 21.7 19.6 17.6
TRANS-GOOGLE  26.8 349 264 395 365 32.8
TrRANS-NLLB 268 300 266 40.6 37.3 32.2
NATIVE-BASIC 277 219 253 388 23.8 27.5
EN-BASIC 95.7 382 23.6 37.7 302 311
NATIVE-COT  27.9 29.0 248 318 227 27.2
Llama-2- pn_coT 240 394 231 364 28.0 30.2
13b-Chat vy 242 177 224 236 181 21.2
TRANS-GOOGLE  28.0 429 27.9 41.6 38.0 35.7
TrANS-NLLB 275 37.5 269 41.6 37.3 34.2
NATIVE-BASIC ~ 28.8 345 27.3 297 268 294
EN-BASIC 20.0 31.8 24.3 357 353 31.2
NATIVE-COT 253 295 267 224 252 258
Llama-2- 5\ cor 27.0 352 221 348 32.0 30.2
70B-Chat w7 181 20.7 152 142 115 17.7

TrRANS-GOOGLE 26.8 39.7 27.1 38.7 36.7 33.8
TrANS-NLLB 26.6 375 263 39.0 36.2 33.1

TABLE A.8: ROUGE-1 scores across various languages on the XL-sum bench-
mark.
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