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Abstract

Despite advancements in Large Language Models, reasoning benchmarks remain centered on high-resource
languages, leaving languages like Vietnamese under-evaluated. In this study, we aim to address this gap by
evaluating four models: PhoGPT (native), Vistral and VBD-Llama (adapted), and Llama-2 (English-centric), on
commonsense reasoning and arithmetic reasoning. As Vietnamese benchmarks for these tasks are lacking, we
adapt two analogy datasets from English to Vietnamese and construct two sequence datasets, ensuring a range of
structural complexity and difficulty levels. We evaluate diverse prompting strategies, including Chain-of-Thought,
role-playing guidance, cross-lingual prompting, and few-shot learning. Our results reveal a baseline proficiency in
analogical and arithmetic reasoning among the models, with Vistral and Llama-2 outperforming other models in
multiple tasks. The effects of Chain-of-Thought and contextual guidance are limited in Vietnamese, while cross-lingual
prompting and few-shot learning show promising performance improvements. The findings underscore the feasibility
of adapting benchmarks to less-resourced languages and provide insights into strengths and weaknesses in the
performance of Vietnamese LLMs, suggesting directions for model improvements.
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1. Introduction cepts, which might be lacking in a foundation model
or might not be easily transferred through subse-

Recent advancements in Large Language Models ~ quent tuning. The exploration of LLM reasoning
(LLMs) have demonstrated sophisticated reason- ~ capabilities in low-resource languages, therefore,
ing capabilities across temporal, commonsense, is still in its infancy. Researching them is important
and mathematical domains (Vaswani et al., 2017; ~ notonly for understanding cross-lingual generaliza-
Brown et al., 2020). Such capabilities, facilitated by ~ tion but also for improving local model performance
techniques like Chain-of-Thought (CoT) prompting, ~ @nd fostering more inclusive Al systems.
have positioned LLMs as powerful tools for prob- We investigate the reasoning capabilities of Viet-
lem solving and knowledge discovery. However, the ~ namese LLMs, focusing specifically on common-
current landscape of LLM development is heavily ~ sense (analogical) reasoning and arithmetic se-
skewed towards models trained on English and a  quence reasoning. Despite a growing ecosystem
few other widely spoken languages. This creates  0f local models and over 86 million native speakers
a significant gap for under-resourced languages,  (Eberhardetal., 2026), Vietnamese lacks a special-
which not only lack extensive pre-training data but  ized framework for evaluating high-level reasoning.
also exhibit issues like code switching and incorrect  In addition, its isolating morphology and monosyl-
character usage. Consequently, it remains unclear  labic structure present a particular challenge: mod-
how well these models generalize to languages  €ls must rely on word order rather than inflectional
with distinct linguistic characteristics and limited ~ cues, making relational dependencies more chal-
digital resources. lenging to capture. In this work, we provide one of
Current adaptation strategies often involve fine- € first benchmarks for Vietnamese-specific rea-

tuning pre-trained models on smaller, language- ~ SONing’, and use it to assess the effect of sev-
specific datasets. However, these practices typ-  ©ral factors in this setting: whether a model is pre-
ically prioritize linguistic pattern adaptation over trained from scratch or fine-tuned on the target lan-
the enhancement of reasoning capabilities (Pi- ~ 9uage, as well as the effects of Chain-of-Thought
patanakul et al., 2025). Furthermore, the evaluation ~ (COT) reasoning, guided instruction, cross-lingual
of LLMs in low-resource contexts is hindered by a ~ Prompting and few-shot learning. With this, we aim
lack of appropriate benchmarks for logical inference 10 offer insights into how linguistic constraints influ-
and analogical reasoning (Dargis et al., 2024; Az-
ime et al., 2025; Truong et al., 2024). Such tasks re- "https://github.com/tuanddoox/VNM_
quire high-quality representations of abstract con-  1LMs_Eval
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ence cross-lingual model generalization.

2. Related Work
2.1.

Commonsense reasoning is a fundamental aspect
of human intelligence, which incorporates differ-
ent mechanisms of contextual understanding, im-
plicit knowledge, and logical deduction in decision-
making (Davis and Marcus, 2015; Yuan et al.,
2024). A central subtask is analogical reasoning,
which requires models to identify and map relational
patterns between concept pairs. Historically used to
evaluate semantic encoding (Mikolov et al., 2013),
recent studies indicate that large-scale decoders
like GPT-3/4 exhibit emergent zero-shot capabil-
ities in word-string and matrix-based analogies,
occasionally surpassing human baselines (Webb
et al., 2023; Hu et al., 2023). However, this per-
formance is inconsistent. Recent audits have re-
vealed that LLMs still struggle with abstract, lengthy
analogies (Ye et al., 2024) and tasks involving non-
Latin scripts, specific linguistic nuances (Stevenson
et al., in press; Li et al., 2025) or generalization to
counterfactuals (Lewis and Mitchell, 2024).

There is increasing interest in the evaluation
of commonsense reasoning in non-English lan-
guages, with efforts to bridge the multilingual gap
focusing on two areas: dataset adaptation and spe-
cialized prompting. Some studies have proposed
adapting English datasets into other languages, for
example, through bidirectional translation of prob-
ing tasks (Lin et al., 2021), or to enhance reason-
ing with multilingual contrastive training (Lin et al.,
2021) and model bridging (Yoon et al., 2024).

For the Vietnamese language and Vietnamese
LLMs, there has been limited assessment of their
reasoning capabilities, particularly in common-
sense reasoning. Existing evaluations focus on
general tasks such as closed-book question an-
swering (Nguyen et al., 2024a), knowledge extrac-
tion and reading comprehension (Luu et al., 2023;
Nguyen et al., 2022), and language understanding
(Truong et al., 2024). Current efforts have priori-
tized domain-specific assessments, emphasizing
the real-world applicability of pre-trained models in
fields such as physics (Dao et al., 2023), biology
and natural science (Dao and Le, 2023b), health
issues (Nguyen et al., 2022), and legal issues (Anh
et al., 2023), where the benefits and applications
of LLMs are more apparent.

Commonsense Reasoning in LLMs

2.2. Mathematical Reasoning in LLMs

Mathematical reasoning, which spans word prob-
lems, geometry, and theorem proving, is a cor-
nerstone for comparing human and machine cog-
nitive capabilities (Imani et al., 2023). Within this

domain, arithmetic reasoning serves as a founda-
tional task; it focuses on numerical computation and
inductive logic while remaining relatively context-
independent. Early investigations into transformer-
based arithmetic highlighted that performance is
heavily dictated by tokenization strategies, posi-
tional embeddings, and the frequency of specific
numerical terms in pre-training corpora (Nogueira
et al., 2021; Razeghi et al., 2022).

Because arithmetic reasoning minimizes linguis-
tic complexity, it provides a controlled environ-
ment to isolate logical processing from language-
specific effects. To improve performance in non-
English contexts, research has moved toward mul-
tilingual datasets like MGSM (Shi et al., 2023) and
MSVAMP (Chen et al., 2024). Furthermore, tech-
niques such as cross-lingual prompting and align-
ment have been employed to “transfer” reasoning
logic from high-resource foundation models to tar-
get languages (Qin et al., 2023).

Within the Vietnamese context, mathematical
benchmarking has primarily targeted grade-school
proficiency levels (Dao and Le, 2023a; Bui et al.,
2025). While recent efforts have utilized both foun-
dation and fine-tuned models in zero-shot settings
(Truong et al., 2024), the scope remains largely
pedagogical. Notably, Vinh et al. (2024) introduced
the most extensive Viethamese mathematical rea-
soning dataset to date, employing knowledge distil-
lation to instruction-tune models on primary school
problems. However, these benchmarks rely heavily
on word problems, which inherently conflate lin-
guistic comprehension with logical derivation. Our
work diverges from this line of research by em-
ploying arithmetic sequences. This approach iso-
lates the model’s inductive reasoning and pattern
recognition capabilities from grade-school curric-
ula and semantic biases, providing a more direct
assessment of latent logical capacity. In an under-
resourced language setting, it is particularly inter-
esting to perform evaluations on tasks that are as
language-independent as possible, such as arith-
metic sequence completion, as models that gen-
eralize well should be able to show similar perfor-
mance on such tasks regardless of the language
in which the question is asked.

3. Datasets and Methodologies

3.1. Benchmarking Tasks

The evaluation framework in this study is designed
to assess Vietnamese LLMs across two distinct
cognitive dimensions: arithmetic sequence com-
pletion and analogical reasoning. We choose this
benchmark scope to isolate the variables influenc-
ing model performance in under-resourced set-
tings. By using arithmetic sequences, we evaluate



the model’s inductive logic in an environment that
minimizes language factors, such as syntax or tone,
yielding a more direct measure of abstract pat-
tern recognition. This capacity for abstract pattern
recognition is a prerequisite for generalization in do-
mains like automated pedagogical tools and finan-
cial forecasting. Conversely, analogical reasoning
serves as a probe into the intersection of semantic
depth and abstract inference. Unlike pure arith-
metic, these tasks require the model to navigate
specific properties of the Vietnamese language
while maintaining logical relational consistency. By
combining these two tasks, the benchmark distin-
guishes between linguistic pattern matching and
cross-domain logical generalization.

3.2. Dataset Adaptation and Linguistic
Validation

3.2.1. Analogical Reasoning

Analogical reasoning is a cognitive process that
involves identifying relational similarities between
two sets of concepts or entities, exemplified by the
proportional structure A:B::C:D, where the concept
pair A:B is analogous to the concept pair C:D.

To evaluate LLM simulations of analogical rea-
soning, we adapted the BATS (Gladkova et al.,
2016) and SCAN (Czinczoll et al., 2022) datasets,
which provide diverse semantic and morphological
relations, to construct complete analogy instances.
A semi-automatic pipeline, consisting of an initial
translation via the Google Translate API, followed
by manual correction by native speakers, was em-
ployed.

The annotation focuses on preserving the re-
lational structure of the analogies, for which we
first identified the analogy type and syntactic cate-
gory that appeared in the English source - target
word pairs, following (Bejar et al., 1991). In our
translations, we aimed to ensure that the analogies
retain the same relational structure, while maintain-
ing the semantic equivalence, lexical category, and
relational integrity of the original pair. Furthermore,
to account for the flexibility of Viethamese com-
pound words, we introduced synonymous target
alternatives. For instance, given the source word
“ghé banh" (armchair), the hypernym “san pham
ndi that" (article of furniture) was mapped to “d6 noi
that" (furniture) but also allowed for valid variants
such as “d6 vat ndi that" (furniture item).

For the BATS dataset, we focused on the subset
of lexicographic relations: hypernymy, meronymy,
synonymy, and antonymy. Each category consists
of 50 source-target pairs, from which we generated
2,450 unique analogy combinations. To ensure a
balanced and manageable evaluation set, we ran-
domly sampled 125 unique instances per category,
resulting in a corpus of 500 BATS analogies.

The SCAN dataset includes 449 instances span-
ning the science and metaphor domains. During
the annotation phase, we performed quality filter-
ing to remove 23 instances involving morphological
relations or near-identical mappings.

3.2.2. Arithmetic Reasoning

To evaluate arithmetic reasoning, we focus on the
task of predicting the subsequent term(s) in an in-
teger sequence. This task requires models to ex-
tract implicit mathematical rules through pattern
recognition and inductive logic. To ensure a robust
assessment, we utilize two distinct datasets: OEIS,
and a synthetic dataset, RECUR.

For the OEIS dataset, we focused on sequences
that were tagged as “core”, “nice”, and “easy”.
These sequences are tractable and represent foun-
dational arithmetic patterns. We provide the first 10
terms as input to standardize context, and ask the
models to find the next terms.

To mitigate potential data contamination from
well-known OEIS patterns, we generated synthetic
sequences using random recurrence relations, fol-
lowing the method proposed by d’Ascoli et al.
(2022). The generated sequences were manually
classified into three difficulty tiers (Easy, Intermedi-
ate, and Difficult) based on the complexity of their
recurrence trees (with recurrence degree ranging
from 0 to 4) and the depth of the operations re-
quired. Details on the generation procedure and
the difficulty tiers can be found in Appendix A. To
ensure evaluation consistency, we sampled 140
annotated sequences per category, totaling 420
RECUR instances.

3.3. Prompt Construction

For each experiment, we vary the instruction
prompt with a modular combination of “openers”,
“task description”, and “closer” snippets in the fol-
lowing format:

<<SYS>>{opener}{task_description}
{closer}<</SYS>>

Drawing on the methodology of Battle and Golla-
pudi (2024), the “opener” serves as an auxiliary
role-setting snippet to establish task context and
interaction expectations without modifying the un-
derlying system prompts. The “closer” governs the
output format, instructing the model to either pro-
vide a direct final answer or generate a full re-
sponse. Table 1 details the specific role-setting
openers and formatting closers used to standardize
the interaction across different tasks and reason-
ing scenarios. Our experimental design incorpo-
rates three opener configurations (two specialized
personas and one null control), eight task descrip-
tions (one per primary dataset and four for BATS



sub-categories), and two closer configurations. To
facilitate in-context learning, we manually crafted
step-by-step explanations for one-shot CoT reason-
ing. All prompts were presented in Vietnamese.

Opener Snippets (Role-Setting)

Ban la nha ngén ngit hoc c6 chuyén mén vé quan
hé ngi¥ nghia'

(You are a linguist with expertise in commonsense
reasoning)

Ban 14 nha toan hoc cé chuyén mén vé cac phép
truy toan va suy luan toan hoc?

(You are a mathematician with expertise in recurrence
theory)

Closer Snippets (Format & Reasoning Guidance)

Cau trd 18i chi chita dap an cubi cung theo cau tric
“Dap anla...”"

(The response should only contain the final answer:
"The answer is...")

Suy luén roi dua ra ddp an cudi cung theo cau truc
“Dapéanla...”
(Reason and give the answer: "The answer is...")

T BATS/SCAN * OEIS/RECUR
* Short  ° Full

Table 1: Prompt snippets for role-setting and for-
matting.

3.4. Models and Experimental Setup

We evaluate four representative open-weight mod-
els to capture the diversity of current Vietnamese
LLM development: PhoGPT-4B?, Vistral-7B%, VBD-
Llama-7B*, and Llama-2-7B° (baseline). Our se-
lection covers two contrasting training methodolo-
gies: PhoGPT (Nguyen et al., 2024b) represents
the first model pre-trained primarily from scratch
on Vietnamese corpora, whereas Vistral and VBD-
Llama are variants fine-tuned from English-centric
foundations (Mistral and Llama, respectively). This
selection allows us to investigate whether native
pre-training or high-quality cross-lingual transfer is
more effective for complex reasoning tasks.

In selection, models were prioritized based on
their performance on the VMLU leaderboard®, their
availability, and expected cost of running. VMLU
is a framework to assess general knowledge and
problem solving ability of foundation models in the
Vietnamese language, covering questions in the
domains of STEM, Social Science, and Humani-
ties. To ensure a standardized “black-box” assess-

2https://github.com/VinAlResearch/PhoGPT

3https://huggingface.co/Viet—Mistral/VistraI—?B—Chat

4https://huggingface.co/LR—AI—Labs/vbd—IIama2—7B—
50b-chat

5huggingface.co/meta-lIama/LIama-2-7b

®https://vmlu.ai/

ment of inherent reasoning, all evaluations were
conducted in a zero-shot setting using the models’
default chat templates without further fine-tuning or
prompt optimization. The models are loaded from
the Hugging Face repository, and the prompts are
pre-processed according to the tasks being per-
formed.

Inference was conducted with greedy decod-
ing and without batching to ensure isolated met-
rics. Experiments were carried out on clusters with
4x NVIDIA A100-40GB GPUs and clusters with 1
NVIDIA A100-80GB GPU. We limited the maximum
output to 512 tokens for CoT-enabled tasks and 256
tokens for non-CoT tasks. For commonsense rea-
soning, we applied a repetition penalty of 1.2 and
no-repeat-ngram-size of 3 to reduce redundancy;
for arithmetic tasks, the penalty was set to 1.0 to
accommodate naturally recurring numbers.

3.5. Evaluation

Due to the inherent variability in Vietnamese trans-
lation and inconsistent model adherence to out-
put formats, automated string matching is insuffi-
cient for benchmarking commonsense reasoning.
We therefore utilize human-in-the-loop scoring via
a majority voting schema, employing four native-
speaker annotators to determine an equivalence
score. This metric shifts the focus from lexical iden-
tity to functional synonymy, ensuring models are
not penalized for valid linguistic variations, such
as the interplay between Sino-Viethamese com-
pounds and colloquialisms. A response is deemed
“equivalently correct” if it satisfies two conditions:
contextual relevance and conceptual similarity (see
more in Appendix B). Examples of model responses
with different annotation decisions can be found in
Appendix C. Relevance serves as a primary filter
for instructional integrity and domain-pertinence,
permitting minor code-switching (under 50%) or
extraneous phrasing. Conceptual similarity is then
assessed via a set of criteria: (1) semantic overlap
(synonymy, hypernymy, and lexical permutation),
(2) domain alignment (correct abstract fields), and
(3) logical entailment (where a reasoning path en-
tails the true analogical relationship).

4. Results and Analysis

4.1.

Figure 1 illustrates the performance of the four
models across all instruction variations. Gener-
ally, accuracy remains capped at a 30% threshold,
with models performing notably better on antonymy
than other lexical categories in BATS, and favor-
ing scientific over metaphorical analogies in SCAN.
Despite being an English-centric model, Llama-
2 maintains the highest baseline accuracy across

Analogical Reasoning
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Figure 1: Comparing baseline instructions with enhanced instructions on analogy reasoning. Results are

averaged over all categories.

both datasets. However, it is also the most sensitive
to prompt noise, where the introduction of CoT or
format-constricting “closers” results in performance
degradation. The fine-tuned VBD_Llama and Vis-
tral perform comparably to each other, even sur-
passing the foundation model in specific scenarios
such as meronymy (BATS) and science analogies
with CoT (SCAN). PhoGPT, while trained entirely
from scratch on mostly Vietnamese data, under-
performs in all instruction formats. This could be
attributed to its training corpus, which predomi-
nantly consists of dialogue and conversation, thus
lacking the breadth and depth of input required for
reasoning tasks.

The effects of Chain-of-Thought: The inclusion
of CoT generally improves model performance in
both datasets, with notable gains for VBD_Llama
and Vistral. Conversely, PhoGPT failed to leverage
CoT entirely, and manual inspection revealed a sys-
temic inability to follow the reasoning prompt. For
both cases, Llama-2 already achieves high base-
line performance without CoT, and the introduction
of CoT might lead to a slight performance down-
grade, e.g. in synonymy and meronymy analogies
of the BATS dataset, and with both science and
metaphor analogies in the SCAN dataset, with a
decrease of up to 15%. When manually examining
outputs of the model, we observe that CoT does
not elicit the models’ underlying logic; instead, it in-
duces a self-affirmation bias in justifying its initially
incorrect responses.

The effects of guided instruction: Providing ex-
plicit taxonomical hints (e.g., “is an antonym of”)
led to consistent accuracy gains across all models.
Antonymous and synonymous analogies benefit
the most from this approach, with PhoGPT dou-

bling its precision in synonymy and showing a 35%
increase in antonymy. However, the improvement in
hypernymy and meronymy is less pronounced, with
VBD_Llama showing signs of saturation. This can
be explained by the possibility that explicit hints
trigger lexical retrieval strategies based on word
co-occurrence in embedding space. Furthermore,
we observed a “format-confusion” effect: adding
system-role openers or strict format closers (e.g.,
to only return the final answer) generally degraded
performance. This suggests that the investigated
models are sensitive to prompt length and may
become distracted by additional constraints.

Few-shot learning: Few-shot learning (1, 2, and
4-shot) provided gains for all models, but led to
hallucination in PhoGPT, which tended to repeat or
explain the provided exemplars. For both datasets,
the models generally perform better with one-shot
learning, especially for Vistral and VBD_Llama, and
one-shot Col might lead to worse performance
than standard one-shot prompting. This suggests
that the combined complexity of an exemplar and
a reasoning chain exceeds the models’ current ca-
pacity to maintain task focus, leading to a break-
down in coherence.

4.2. Arithmetic Reasoning

Vistral outperforms other models in the sequence
completion tasks, achieving an average accuracy
of 36% on OEIS sequences and peaking at ap-
proximately 77% on synthetic easy sequences, as
shown in Figure 2. Llama-based models struggle
with sequences of repetition patterns and tend to
over-complicate the task by generating lengthy bi-
nary operations.



Base Base + CoT Base + Opener Base + Closer
Llama
OEIS 27.1% 25.7% 23.6% 27.9%
easy 31.4% 19.3% 0.7% 41.4%
RECUR medium 1.4% 9.3% 15.7% 20.0%
difficult 0.0% 2.9% 21% 2.9%
VBD_Llama
OEIS 30.7% 33.6% 35.7% 23.6%
easy 30.0% 32.1% 28.6% 0.0%
RECUR medium 11.4% 17.1% 14.3% 0.0%
difficult 2.9% 21% 2.9% 0.0%
Vistral
OEIS 47.1% 34.3% 31.4% 30.0%
easy 58.6% 72.9% 76.4% 76.4%
RECUR medium
difficult

Figure 2: Performance of models on mathematical abstract reasoning tasks. The cells highlighted in light
gray indicate the best prompting method in each subset of sequences, while the bold text in the cells
indicates the best model for the same question and instruction format. The subsets of sequences are

separated by different colors for clarity.

Recurrence degree: The degree of recurrence
defines the number of previous terms required to
generate the next value in the sequence. Gener-
ally, all models exhibit peak accuracy at degree
0, especially on the easy subset, demonstrating a
strong baseline for non-recursive patterns. Vistral
shows the most significant fluctuations, with its per-
formance peaking at degrees 2 and 4 for medium
sequences and degrees 1 and 3 for the hard sub-
set. In addition, the effectiveness of prompt formats
is highly sensitive to the degree of recurrence; while
structural aids like CoT and closers improve Vistral's
accuracy on easy sequences, the base prompting
is most effective for higher-order tasks. In contrast,
Llama-2 and its fine-tune counterpart, VBD_Llama,
remain relatively stable across different degrees
but exhibit a clear reasoning plateau. Both models
collapse on medium and difficult sequences, with
accuracies consistently below 8% across prompts,
suggesting a lack of robust representations and
reasoning capabilities for complex recursive rea-
soning in the foundation model.

Multiple predictions: To distinguish between
structural understanding and surface-level memo-
rization, we evaluated model performance across
extended prediction horizons (1 to 4 terms). Overall,
accuracy declines with the number of predictions,
as shown in Figure 3. Vistral emerged as the most
consistent reasoner, maintaining high Jaccard sim-
ilarity scores for correct predictions across varying
lengths (see more in Appendix D). In addition, it

demonstrates a unique contextual advantage: its
accuracy on the RECUR dataset improves when
asked to predict the next two terms compared to
one, implying that a broader sequence requirement
may trigger more robust pattern recognition or in-
ternal error-correction mechanisms.

Language alignment in prompting: To eval-
uate interlingual generalization, we presented
Vietnamese questions with English-instructed re-
sponse requirements. This was motivated by pre-
vious studies on cross-lingual and adaptive mul-
tilingual prompting on math word problems (Qin
et al., 2023; Huang et al., 2023), and from our own
observations that Vietnamese-adapted models like
VBD_Llama likely leverage latent English-centric
tokens from their foundation to bolster reasoning,
suggesting that English instructions may “unlock”
higher-resource knowledge bases inherited during
pre-training.

While the core mathematical problems remained
in Viethamese, models were instructed, either in
English or Vietnamese, to generate outputs in
English. Vistral demonstrated significant instruc-
tional rigidity, failing to adhere to the language con-
straint by responding exclusively in Viethamese.
Conversely, Llama-2 and VBD_Llama exhibited
marked accuracy improvements when generating
responses in English. Comparing VN-VN (Viet-
namese instruction/Vietnamese response) to VN-
ENG (Vietnamese instruction/English response),
we found that Llama-2 generally performs better
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Figure 3: Performance of models in generating multiple predictions across difficulty levels

when the response is in English, likely due to its
extensive English pre-training. Both Llama-based
models achieve higher accuracy when the instruc-
tion language aligns with the response language.
This is particularly evident for VBD_Llama, which
collapsed with cross-lingual prompting, suggest-
ing a limited capacity for processing code-switched
instructions.

The effects of Chain-of-Thought: Similar to the
commonsense reasoning tasks, the introduction of
CoT does not consistently enhance performance in
arithmetic reasoning. As illustrated in Figure 4, both
Llama-2 and VBD_Llama exhibit a slight decline
in accuracy when CoT is applied in zero-shot and
one-shot settings, respectively. While Vistral main-
tains its performance lead over the other models,
it demonstrates no tangible benefit from the addi-
tional reasoning context provided by either few-shot
exemplars or Col prompts. In addition, the appli-
cation of CoT in cross-lingual settings yields mixed
outcomes. Only Llama-2 benefited from being in-
structed with English CoT in the subset of easy
and medium synthetic sequences, whereas other
models remain stagnant or degrade.

5. Discussion

In this study, we demonstrated a methodology
for evaluating the reasoning capabilities of under-
resourced language LLMs. Our research serves
as a preliminary investigation into the reasoning
abilities of Viethamese LLMs, particularly in ana-
logical reasoning and arithmetic sequence gener-
ation, and can be extended to benchmark models
in other under-resourced languages. Our method-
ology involved adapting datasets specifically de-
signed for these types of reasoning, yet to be ap-

plied to LLM benchmarking, including two common
sense reasoning datasets enriched with scientific,
metaphorical, and semantic analogies, and a two-
sequence dataset, one synthetic and one from the
OEIS database.

The work highlights fundamental challenges in
evaluating the reasoning capabilities of LLMs in
under-resourced languages. While the evaluated
models demonstrate limited success on concrete
analogical and arithmetic tasks, the results show
that reasoning performance is fragile, prompt-
dependent, and poorly aligned with evaluation
strategies derived from high-resource languages.

We also find that prompting techniques widely
used in high-resource languages, specifically
Chain-of-Thought, do not reliably transfer to Viet-
namese. Across both commonsense and arithmetic
tasks, CoTl frequently introduced irrelevant noise
and failed to yield consistent accuracy gains. This
echoes observations in previous studies on Viet-
namese LLMs (Truong et al., 2024) and models in
other under-resourced contexts, such as Bengali
(Nazi et al., 2025) and Indonesian (Huang et al.,
2025), suggesting that the efficacy of explicit rea-
soning traces may depend on a level of linguistic
grounding and training density currently absent in
low-resource settings. In contrast, few-shot learning
proved more effective than zero-shot CoT, suggest-
ing that in-context pattern induction may be a more
robust mechanism than explicit reasoning articula-
tion. These findings align with prior work on multi-
lingual LLM performance (e.g., Xuan et al. (2025)),
although performance still lags behind models in-
structed in English on the same tasks (O’Malley
et al., 2024).

Furthermore, we demonstrate that reasoning ca-
pabilities are inextricably linked to evaluation de-
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Figure 4: Effects of Chain-of-Thought and few-shot learning on reasoning tasks

sign. This is most evident in commonsense reason-
ing, where models succeed on concrete scientific
relationships but falter on abstract or metaphorical
analogies. The performance gains observed from
taxonomically guided prompts suggest that models
may be prioritizing pattern alignment over relational

representation. Similarly, in arithmetic tasks, the
models’ sensitivity to task formulation and failure to
capture simple repetitive patterns imply a reliance
on sequence memorization rather than rule induc-
tion, a phenomenon also observed by Gambardella
et al. (2024) and d’Ascoli et al. (2022).



Lastly, the cross-lingual experiments reveal a ten-
sion between multilingual pre-training and mono-
lingual fine-tuning. While English instructions im-
proved performance for foundation models by pre-
sumably enabling connections to higher-resource
knowledge, Vietnamese-adapted variants suffered
when prompted in a foreign language. This is con-
sistent with catastrophic forgetting, suggesting that
model localization through intensive fine-tuning
may come at the cost of cross-lingual generaliza-
tion and interlingual reasoning flexibility.

Future work should prioritize the development of
reasoning datasets that are culturally and linguisti-
cally grounded, rather than relying solely on trans-
lated resources, and on designing diagnostic tasks
that clearly separate memorization from genuine
reasoning. Furthermore, our findings also show that
fine-tuning can harm reasoning ability, highlighting
the need for alignment methods that adapt models
to the target Viethamese language without weaken-
ing the reasoning skills learned during multilingual
pre-training. By addressing these gaps, we can
move toward models that do not merely simulate
reasoning through pattern matching, but demon-
strate robust, structural generalization across di-
verse linguistic contexts.
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A. Generation of Recurrence
Sequence

The algorithm below provides pseudocode for gen-
erating synthetic sequences based on recurrence
relations, using the parameter values listed in Table
2.

Algorithm 1 Generate synthetic recurrence se-
qguences

1: Sample the number of operators o between 1
and omax

Build an expression tree with o nodes using a
unary-binary tree structure

3: for each node in expression_tree do
4:  Assign an operator to the node randomly
chosen from Table 4
5: end for
6: Sample the recurrence degree d between 1 and
dmax
7: for each leaf in expression_tree do
8:  Sample probability p for the leaf
9:  if p < peonst then
10: Set leaf value as a constant
11:  else if p < peonst + p,, then
12: Set leaf value as the current index n
13: else
14: Sample i between 1 and d
15: Set leaf value as u,,_;
16:  end if
17: end for
18: Compute the effective degree des; based on the

deepest u,,_; leaf sampled

Sample dg initial terms from a distribution P

Sample [ between liin and lmax

for n from dgss t0 dess + 1 — 1 dO
Compute u,, using the recurrence relation
and append to sequence

end for

return Sequence of length degs + 1

19:
20:
21:
22:

23:
24:

As the generated sequences are synthetic, they
are then checked for duplication and classified into
three categories: easy, intermediate, and difficult
by our annotators based on the complexity of the
recurrence relation and the challenge involved in
predicting the subsequent terms. The classification
criteria are as follows:

1. Easy: The sequence is a duplication of num-
bers, or it has degree of either 0 or 1 and
contains simple binary operations (addition,
subtraction, multiplication, or division) that are
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easily recognizable by humans. Examples:

[_57 _4’ _37 _27 _1707 ]" 27 374]7

Intermediate: The sequence contains some
aspect of duplication, but not entirely, or in-
volves extended binary operations and higher
degree of sequence, for which the predicted
series could be easily recognizable by hu-
mans, but not the exact recurrence relation.
Examples:

[1,1,1,3,3,3,3,3,3,3,3,3],
[-1,2,-1,2,-1,2,-1,2,-1,2,]
3. Difficult: Otherwise. Examples:
[-7,-3,3,5,5,7,7,9,9,11,11,13,13,15,15],
[-16,10, -2, 18, —12, =30, —26, —46, —44]

B. Evaluation Guideline

For evaluation, we propose an extension to the ac-
curacy score. Four Vietnamese annotators were
recruited to evaluate the responses and were in-
structed to assess the correctness and similarity
of the generated responses based on the task in-
structions and the ground truth.

Commonsense reasoning: the response is
deemed equivalently correct if it satisfies both fol-
lowing criteria:

» Contextual relevance: The response must
align with the instruction and query by pro-
viding information pertinent to the subject,
concept, phenomenon, and domain inherent
within the analogy, without major signs of con-
fabulation and factual inaccuracies (see exam-
ple in Table 3). Minor deviations, such as the
inclusion of a few unrelated terms or phrases
that do not alter the core meaning, or instances
of code-switching and language mixing (less
than 25% of the generated text) that do not
impede comprehension and contribute to the
derivation of correct answer, are permissible
(see example in Table 4).

+ Conceptual similarity: We consider a re-
sponse conceptually similar and therefore
equivalently correct if it satisfies at least two
of the following criteria:

— Semantic overlap: Its extracted final an-
swer demonstrates a high degree of se-
mantic overlap with (one of) the true la-
bels, encompassing instances of (near-)
synonym, hypernymy, and lexical permu-
tations.



Parameter Description Value
Deonst Probability of constant leaf 1/3
Dindex Probability of index leaf 1/3

Dvar Probability of previous term leaf 1/3

P Distribution of initial terms (-20,20)

Aoz Max recursion degree {0, 4}
Omaz Maximum number of operators 10
Lin Minimum number of next computed terms 5
lmaz Maximum number of next computed terms 10
TNomax Maximum valid term 10000
Npred Number of terms to be predicted 10

Table 2: Hyperparameters for sequence generation

— Semantic domain alignment: Its extracted
answer operates within the same seman-
tic field as (one of) the true labels, demon-
strating lexical variation while accurately
conveying the abstract concept or analog-
ical relationship presented in the analogy
(see examples in Tables 5 and 6).

— Logical entailment of analogical relation-
ship: The response, if accompanied by
reasoning, logically entails the analogical
relationship (metaphorical, scientific, or
lexical) of the true analogy (see example
in Table 7).

Arithmetic reasoning: To assess the model’s
inherent reasoning capabilities, we evaluate its rea-
soning path and whether a correct reasoning path
leads to the correct numeric output. The value is
extracted from the generation, and responses are
categorized into four groups:

+ Correct reasoning, correct value: Both the rea-
soning and the numerical answer are correct,
and the correct reasoning leads to the correct
next-term prediction.

« Correct reasoning, incorrect value: The rea-
soning is correct (e.g., the model identifies the
intended implicit recurrence structure of the
sequence), but fails to output the correct next
number.

* Incorrect reasoning, correct value: The model
predicts the correct next term but fails to de-
termine the described or other similarly valid
sequence’s relation, or the provided reasoning
does not lead to the correct numeric value as
answered.

* Incorrect reasoning, incorrect value: Both the
reasoning and the final answer are incorrect, or
the model shows signs of hallucination or pro-
duces unclear out-of-distribution responses.
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For practical purposes, responses in categories 1
and 3 are considered correct. Furthermore, since
multiple reasoning paths may be valid for a given
sequence and as the model might elicit different
reasoning strategies in the generated text, we adopt
a lenient evaluation paradigm. Specifically, we con-
sider a response to be correct if any of the reason-
ing strategies is logically sound, computationally
tractable, and yields a valid result when executed.
This also applies to responses with code snippets,
as the answer implies the model’s ability to abstract
the logic of the sequence and transform them into
functional algorithms, even if it makes a mistake in
the final output (see the example in Table 8). Re-
sponses that merely identify the correct sequential
pattern, without properly elaborating on its reason-
ing path, are considered incorrect, as the model
might have just memorized the pattern rather than
reason through them. If the model outputs n next
terms when asked for m terms (where m < n), we
extract only the first m terms as the final answer,
while excluding any terms that are repeated from
the input sequence.

C. Sample Answers

Examples in Table 3 through Table 8 illustrate rep-
resentative responses generated by LLMs.

D. Details of Multiple Predictions
Results

Vistral’s accuracy on the RECUR dataset increases
when predicting two terms compared to one, and
remains stable for three and four terms. This sug-
gests a potential contextual advantage for Vistral in
multi-term prediction. By predicting multiple terms,
the model may be forced to recognize broader pat-
terns in the sequence, hence avoiding overreliance
on immediate preceding terms which can be too
granular, or that it is enabled to adjust reasoning
trajectory and facilitate internal error correction.



Example 1 - Irrelevant response

Néu y tuéng tuong tng véi mot vat, thi can nhac tuong tng vdi ...?
(If idea is like object, then analyze is like ...?)

Hudng dan: 1. Doc ky yéu cau clia cau hoi. 2. Tra 10i cau hdi, ddm bao
bao gém tat ca cac budc va chi tiét can thiét dé gidi quyét van d&. 3. St
dung ngén ngi chinh x&c va tranh st dung tir ngt ma hd hodc khéng
chinh x&c. 4. Bua ra cac luan diém va bing chiing hap ly dé giai thich y
twdng clia ban. 5. Kiém tra lai cau tra 16i clia ban dé dam bao ring né
dap tng day di yéu ciu cla cau hdi va khéng cd 18i chinh ta hoac ngt
phép. 6. Cubi cling, hay glti cau tra 16i cla ban va nhd bao gdm tén va
théng tin lién hé cla ban dé ngudi doc cé thé lién lac véi ban néu can

Analogy

Labels [‘can do", “do ludng", “can"]
(weigh)

Response
thiét.

Ext. Answer -

Decision False

Reasons: The response is irrelevant to the query. The model seem to
generate a generic instruction on how to reply to a report or letter, asking
for clarification on an undefined issue, instead of answering the analogy

question.

Table 3: Example of a response flagged as irrelevant.

This observation is supported by the Jaccard
similarity analysis presented in Figure 5. The results
indicate that Vistral exhibits the highest consistency
in reasoning across all datasets and difficulty levels,
with a Jaccard similarity of over 0.90 for correct
n = 2 predictions on easy sequences, roughly 0.85
for medium, and above 0.5 for difficult ones.

Previous experiments have shown that Vistral is
the most effective model in generating one next-
term predictions. However, it is doubtful if the model
can generalize into multiple predictions, or that the
model might have memorized specific patterns. As
shown in the OEIS heatmap in Figure 5, correctly
predicted 4-term sequences are consistently cor-
rect at shorter lengths, indicating that the model
probably has memorized those specific sequences
or very similar variations.
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Example 2 - Code-switching in the response

Analogy Néu két hon tuong &ng vdi tro choi, thi nha tuong &ng vdi ...?7
(If marriage is like a game, then home is like ...?)

Labels [“san chai"]
(playground)

Response Néu két hon twong ting vdi trd chai, thi nha twong tng vdi trd chai do sé
la...?

Ban c¢6 thé suy luan titng budc dé giai quyét cau hdi nay.

Budc 1: Dinh nghia cac tlr va cum ti trong cau hoi

* Két hon: ddng nghia vdi "get married" * Tudng tng: déng nghia Vi
"compatible" * Trd choi: ddng nghia vdi "game”

Budc 2: Dinh vi céc tlr va cum ti trong cau hoi

* Nha: dong nghia véi "house" * Tuong ting vdi trd choi: ddong nghia véi
"compatible with the game”

Budc 3: Dua ra giai phap

Néu két hon tuong ting vdi trd chai, thi nha twong tng vdi trd chai dé sé

la...?

Giai phap: playground.
Ext. Answer playground
Decision True

Reasons: The model encounters a phenomenon known as language
mixing/code-switching, suggesting that it might have engage the internal
translation mechanisms to bridge potential lexical gaps and cross-lingual
semantic representations between English and Vietnamese during in-
ference. As our goal is to evaluate how well the model handles natural
language understanding and language use, not on the process, we still
accept such responses as functionally correct.

Table 4: Example of a response accepted as functionally correct
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Example 3 - Lack of abstraction

Analogy Néu truyén nhiét tuong tng véi dong nudc chay, thi lam mat tuong ting
véi .7
(If heat transfer is like water flow, then cooling is like ...?)

Labels ["su lam rong", "su lam nudc chdy", "su lam chay rong"]
(emptying)

Response Budc 1: Xac dinh cdc thuat nglt chinh trong cau hdi. Trong cau hoi nay,
chuing ta ¢ hai thuat ngit chinh: "truyén nhiét" va "lam mat."
Budc 2: Hiéu y nghta clia c4c thuat ngi chinh. "Truy&n nhiét" d& cap dén
qué trinh chuyén nhiét tir mot vat sang vat khac. "Lam mat" dé cap dén
qua trinh loai bd nhiét tr mot vat hoac hé thong.
Budc 3: Xac dinh mdi quan hé gitta cac thuat ngit chinh. Cau hdi ggi y
réng truyén nhiét tuang Ung vdéi dong nudc chay. Diéu nay c6 nghia |a
khi c6 truyén nhiét, né tuong ty nhu cé dong nudc chay.
Budc 4: X4c dinh tuang ting clia "lam mat" véi dong nudc chay. Vi truyén
nhiét twong ting véi dong nudc chay, chiing ta ¢ thé suy luan ring lam
mat cling tuong ¢ng véi dong nudc chay. Diéu nay 1a do lam mat 1a qua
trinh loai b4 nhiét tr mét vat hoac hé thdng, tuong ty nhu dong nudc
chdy mang nhiét di.
Tra 16i: Lam mat twong ng véi nudc chay

Ext. Answer nudc chay (flowing/moving)

Decision False

Reasons: The response is able to recognize that cooling is a process
of heat release from a system/material into another system/material,
and then able to identify that the target word should represent the same
relation. e.g, moving from one system into another. However, it fails to
recognize the subtlety of losing associating with “cooling” (losing heat),
and the answer “flowing" does not convey such abstraction.

Table 5: Example of a response annotated as incorrect due to lack of abstract nuances

Example 4 - Semantically aligned

Analogy Néu lam kinh doanh tuong ung vdi chién tranh, thi cong ty tuong ting
vGi .7
(If (doing) business is like war, then company is like ...?)

Labels [*quan doi", “ddi quéan”, “lyc lugng vi trang"]
(‘army"”, “armed forces")

Response Suy luan tiing budc:
1. Viéc kinh doanh va chién tranh d&u cd lién hé véi nhau. 2. Céng ty
kinh doanh ciing c6 thé déi mat véi nhitng thach thiic va khé khin gidng
nhu quan doi trong chién tranh. 3. Céng ty ciing c6 thé phai di mét véi
nhirng thach thdc va khé khan khac nhau trong qua trinh kinh doanh.
4. Nhu vay, néu viéc kinh doanh tuong tng vdi chién tranh, thi cong ty
cling tuong ng vdi...?
Tra 16i: Néu viéc kinh doanh tuong ting véi chién tranh, thi cong ty tuong
(fng v4i quan ddi trong chién tranh.

Ext. Answer quan ddi trong chién tranh (army in wartime)

Decision True

Reasons: The answer is correct, even though it introduces a degree
of specificity (in war time) that is not explicitly present in the true label.
Such specificity does not alter the core analogical structure, so it is still
accepted as correct

Table 6: Example of a response accepted as semantically aligned with true labels
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Example 5 - Semantically aligned

Analogy

Néu gido duc tuong &ng vdi hanh trinh, thi hoc sinh tuong tng vdi ...?
(If education is like a journey, then student is like ...?)

Labels

[“ngudi du lich", “hanh khach", “Ii khach"]
(traveler)

Response

Budc 1: Xac dinh cdc yéu t6 chinh trong cau héi. Trong cau hdi nay, cac
yéu t6 chinh 1a "gido duc" va "hoc sinh." Budc 2: Hiéu médi quan hé gitra
céac yéu t6 chinh. Gido duc la qué trinh hoc tap va thu thap kién thirc,
ky nang va gia tri. Hoc sinh 1a nguoi tham gia vao qua trinh gido duc.
Budc 3: Xac dinh mébi quan hé gitta cac yéu té chinh. Vi gido duc tuong
¢ng véi hanh trinh, chiing ta c¢é thé suy luan riing hoc sinh tuong ting
v@i ngudi di trén hanh trinh dé. Budc 4: Xay dung cau tra 16i. Hoc sinh
twong tng vdi ngudi di trén hanh trinh gido duc.

Ext. Answer

ngudi di trén hanh trinh gido duc (a knowledge seeker on educational
path/a walker on educational journey)

Decision

True

Reasons: The phrase “ngudi di trén hanh trinh" (those who travel on a
journey) encompasses the concepts provided on true labels, e.g. the
tourist, passennger, traveler. Even though the answer specifies on the
educational journey, instead of just a general journey, it correctly identifies
the parallel between education as a journey and student as traveler, hence
the answer is still accepted

Table 7: Example of a response accepted as semantically aligned with true labels

Example 6 - Correct reasoning, wrong output

Analogy Tim 3 s0 tiép theo cla day so sau: [-1, -1, -1, -1, -1, -1, -1, -1, -1, -1].
(Find the next 3 terms of the sequence
Labels [-1, -1, -1]
Response Dé tim 3 s6 tiép theo clia day s6, ta c6 thé sit dung cong thiic dé quy:
def next_three (nums) :
if len(nums) ==
return nums
else:
return [next (nums)] + next_three(nums[1l:])
next_three ([-11)
Kétquatravela:[1,1,1,1,1,1,1,1,1,1,1]
Vay 3 s6 tiép theo cla day s6 [-1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1] & [1,
1,1,1,1,1,1,1,1, 1, 1].
Ext. Answer -
Decision True

Reasons: This is a nuanced situation. The numeric answer is incorrect,
yet the code given in the response is functionable and when executed,
correctly calculate the next terms. It demonstrates that the model un-
derstands the underlying pattern and can translate that into a functional
algorithm. As our goal is to evaluate if the model contains some basic
capabilities of reasoning, we still annotate them as true.

Table 8: Example of a response flagged as functionally true.
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VBD_Llama Vistral

4

(a) Llama - OEIS (b) VBD_Llama - OEIS (c) Vistral - OEIS

Liama (easy) VBD-Llama (easy) Vistral (easy)

3 3 4

(d) Llama - easy (e) VBD_Llama - easy (f) Vistral - easy

Liama (medium) VBD-Llama (medium) Vistral (medium)

3 2 3 4

(g) Llama - medium (h) VBD_Llama - medium (i) Vistral - medium

Liama (hard) VBD-Llama (hard) Vistral (hard)

3 4

(j) Llama - hard (k) VBD_Llama - hard (I) Vistral - hard

Figure 5: Jaccard similarity of correct predictions across different numbers of terms predicted.

similarity (more yellow cells) indicates greater consistency in the model’s reasoning.
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