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Background: Multilingual large language model evaluation increasingly
recognises Indonesian as a significant benchmark language, yet Indonesia’s
wider linguistic ecology requires assessment across local languages whose
digital representation remains uneven. Objective: This study examines
whether large language models reason consistently across Indonesian,
Javanese, Sundanese, and Buginese when semantically aligned reasoning
tasks are presented in each language. Method: Using a controlled
multilingual evaluation design, this study compares model outputs through
three analytic dimensions: final-answer consistency, explanation coherence
and faithfulness, and language-linked error patterns. Results: Findings show
that answer stability is not evenly preserved across language pairs, with
stronger alignment in Indonesian—Javanese and Indonesian—Sundanese
comparisons than in Indonesian—Buginese comparison. Explanation analysis
further indicates that apparently correct answers may be accompanied by
compressed, partially faithful, or weakly grounded reasoning. Implication:
Error analysis reveals that inconsistency emerges through multiple
pathways, including lexical-semantic drift, register mismatch, translation-
related distortion, cultural inferential misreading, and language fallback.
Novelty: The novelty of this study lies in shifting Indonesian multilingual
LLM evaluation from isolated benchmark accuracy to cross-linguistic
reasoning consistency, positioning local languages as central analytic sites
for assessing reliability, equity, and epistemic accountability in multilingual
artificial intelligence.
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1. INTRODUCTION

Indonesia offers a crucial test case for multilingual reasoning in large language models because
linguistic plurality is not a peripheral condition but a central feature of social life. Badan Bahasa reports 718
regional languages in Indonesia, with only a limited number categorised as safe and several already
vulnerable, endangered, critically endangered, or extinct. This sociolinguistic reality matters for artificial
intelligence because language technologies increasingly mediate education, administration, search,
translation, and public knowledge access, while their evaluation still tends to privilege high-resource or
nationally dominant languages. Indonesian has begun to receive stronger benchmark attention, yet Indonesian
linguistic life cannot be reduced to Indonesian alone. Javanese, Sundanese, and Buginese represent distinct
regional, cultural, and grammatical ecologies, not merely alternative lexical surfaces. If a model answers
correctly in Indonesian but shifts its judgement when the same reasoning problem is expressed in another
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Indonesian language, multilingual competence becomes unstable. This study is therefore motivated by a
practical and epistemic problem: whether LLMs reason consistently across languages that coexist within one
multilingual nation.

Recent work has significantly advanced Indonesian and Southeast Asian LLM evaluation.
IndoMMLU introduced a large multitask benchmark covering Indonesian educational knowledge and local
linguistic-cultural content, showing that Indonesian-centred evaluation can expose limitations hidden by
English benchmarks [1]. COPAL-ID moved beyond translated causal reasoning by constructing culturally
grounded Indonesian commonsense items from scratch [2]. IndoCulture further demonstrated that
commonsense reasoning is shaped by geographical and cultural contexts across Indonesian provinces [3].
Broader regional suites such as BHASA and SEA-HELM have argued for more holistic linguistic, cultural,
safety, and reasoning evaluation in Southeast Asia [4], [5]. Indonesian-oriented models and resources,
including Cendol, SealLLMs, and LoraxBench, have also expanded the evaluation landscape for local
languages [6], [7], [8]. Yet most existing work still measures task performance within languages or across
benchmarks, rather than directly testing whether the same reasoning decision remains stable across
Indonesian, Javanese, Sundanese, and Buginese.

This study addresses that gap by evaluating cross-linguistic reasoning consistency rather than treating
multilingual evaluation as a sequence of separate accuracy tests. The central question is whether selected
LLMs produce equivalent final answers, coherent explanations, and stable reasoning decisions when
semantically aligned tasks are presented in Indonesian, Javanese, Sundanese, and Buginese. More
specifically, this study asks: to what extent do LLMs maintain answer consistency across these languages;
which reasoning categories show the greatest instability; and how do explanation coherence and language-
specific error patterns differ across the four language versions? The design follows a controlled multilingual
evaluation logic in which each item is aligned across languages, but not reduced to mechanical translation.
This distinction is important because reasoning tasks may involve pragmatic meaning, cultural reference,
register, lexical specificity, or local inferential norms that cannot be preserved through literal equivalence
alone. This study therefore evaluates visible model behaviour through final-answer alignment, explanation
coherence, and language-linked error typology.

The working argument is that multilingual reasoning should be assessed as consistency under
linguistic variation, not only as correctness within isolated language settings. If LLMs rely on uneven cross-
lingual representations, translation-like mediation, or dominant-language semantic anchors, their answers
may appear competent in Indonesian while becoming less stable in Javanese, Sundanese, or Buginese.
Studies on multilingual transfer, cross-lingual inconsistency, and culturally grounded evaluation suggest that
models can display uneven capability across languages even when prompts are semantically related [9], [10],
[11], [12]. This study does not claim that inconsistency is caused solely by low-resource status, nor does it
infer human-like cognition from model outputs. Rather, it tests whether observable reasoning behaviour
remains aligned across four Indonesian languages. The implication is methodological: a model should not be
considered robustly multilingual for Indonesia if its reasoning changes when linguistic access shifts from
Indonesian to local languages.

2. LITERATURE REVIEW
2.1. Multilingual reasoning

Multilingual reasoning in large language models is best understood as observable problem-solving
behaviour across languages, not as proof that models possess human-like cognition. Recent surveys frame
multilingual LLMs through corpora, alignment, transfer, and evaluation bias, but they differ in whether
multilingual capacity is treated as language coverage, task accuracy, representational alignment, or reasoning
robustness [12], [13]. This distinction matters because a model may answer in many languages while relying
on uneven latent representations or English-centred semantic mediation. Studies on cross-lingual thought
prompting, factual reasoning, and multilingual chain-of-thought further show that reasoning performance
may vary when tasks move across linguistic contexts [9], [14], [15]. Multilingual reasoning therefore requires
evaluation beyond surface fluency.

Its main indicators include final-answer correctness, inferential stability, explanation coherence, and
faithfulness between stated reasoning and final response. Accuracy remains necessary, but recent work
suggests that correctness alone cannot capture whether a model reasons comparably across languages.
Multilingual long-context evaluation links reasoning to retrieval stability and information use [16], while
MMLU-ProX and MuBench extend evaluation across broader language sets and task types [17], [18]. Studies
on low-resource and morphologically rich languages show that task difficulty may interact with morphology,
alignment, and resource imbalance [9]. For this study, multilingual reasoning is operationalised through task-
level behaviour rather than general multilingual ability.
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2.2. Cross-linguistic consistency

Cross-linguistic consistency refers to whether a model preserves the same decision, semantic
interpretation, and reasoning trajectory when equivalent prompts are presented in different languages. This
differs from cross-lingual transfer, which usually concerns whether knowledge or performance learned in one
language benefits another. Transfer research has examined alignment, adaptation, and language
transferability [19], [20], [6], whereas consistency research asks a stricter question: does the model remain
stable under linguistic variation? Work on multilingual inconsistency, word-sense disambiguation, and
translation-based evaluation shows that semantically related prompts may still elicit divergent answers [11],
[10]. Consistency is thus a reliability problem, not only a capability problem.

Indicators of cross-linguistic consistency can be grouped into answer-level, explanation-level, and
error-level dimensions. Answer-level consistency concerns whether final outputs are equivalent, partially
equivalent, contradictory, or invalid. Explanation-level consistency examines whether the model uses
comparable premises, preserves relevant relations, and avoids language-induced contradictions. Error-level
consistency tracks whether failures cluster around lexical gaps, register mismatch, code-mixing sensitivity, or
cultural misinterpretation. Research on cross-lingual alignment suggests that performance gaps often emerge
from uneven representational mapping rather than task difficulty alone [21], [22]. Sparse-autoencoder
analysis and linguistic-region studies further suggest that language-specific activation patterns may shape
model behaviour across typologically diverse languages [17], [23].

2.3. Indonesian and local languages

Indonesian and local languages provide a demanding setting for testing these issues because linguistic
plurality intersects with uneven digital representation. IndoMMLU established Indonesian educational and
cultural knowledge as a serious benchmark domain [1], while COPAL-ID and IndoCulture demonstrated that
commonsense and causal reasoning cannot be detached from local cultural knowledge [2], [3]. Regional
evaluation suites such as BHASA and SEA-HELM widened this agenda to Southeast Asian linguistic and
cultural contexts [4], [5]. However, much work still privileges Indonesian or evaluates local languages as
separate benchmark entries. This leaves unresolved whether LLMs maintain reasoning consistency across
Indonesian, Javanese, Sundanese, and Buginese.

The relevant indicators for this linguistic setting include language coverage, task equivalence, cultural
grounding, resource asymmetry, and local-language robustness. Cendol, SeaLLMs, SeaLLMs 3, and Sailor
show growing attention to Southeast Asian and Indonesian-oriented generative models [6], [7], [23], [24].
LoraxBench, IndoRobusta, NusaBERT, and studies on Javanese, Sundanese, and Indonesian local-language
translation expand the empirical basis for evaluating local-language NLP [8], [25], [26], [27]. Yet this
literature also shows why this study is needed: robust multilingual evaluation for Indonesia must test whether
reasoning remains stable when linguistic access shifts from Indonesian to local languages.

3. METHOD

This study uses document-level and item-level multilingual evaluation data as its unit of analysis. The
material object consists of public benchmark datasets, dataset cards, repositories, article records, and
contextual documentation relevant to Indonesian, Javanese, Sundanese, and Buginese language evaluation.
The corpus is organised into three linked files: metadata, text records, and coding records. The source
inventory contains 13 verified public entries, comprising seven primary sources, five secondary sources, and
one contextual source. The coding structure contains 28 language-specific coding rows, prepared for
Indonesian, Javanese, Sundanese, and Buginese comparisons. This composition allows this study to evaluate
reasoning consistency without treating Indonesian as a substitute for local-language performance.

This study applies a controlled multilingual evaluation design. Instead of measuring each language as
an isolated benchmark condition, it aligns equivalent reasoning tasks across Indonesian, Javanese,
Sundanese, and Buginese. This design is informed by recent work on Indonesian reasoning benchmarks,
cultural commonsense evaluation, Southeast Asian LLM assessment, and multilingual consistency [1], [2],
[31, [4], [5], [11]. The design is comparative but not causal. It evaluates whether model outputs remain stable
across language versions, while avoiding claims that any observed asymmetry is caused by training-data
scarcity alone.

Information sources were selected from public and verifiable repositories, including Hugging Face
dataset cards, GitHub repositories, ACL-related paper records, journal article pages, arXiv records, and
official language-policy documentation. Primary sources provide candidate items, parallel text, or reasoning-
task structures; secondary sources provide evaluation frameworks, model-context information, and
robustness categories; contextual sources situate Indonesian multilingualism within a broader sociolinguistic
environment. IndoMMLU, COPAL-ID, IndoCulture, NusaX, FLORES-200, and LoraxBench serve as core
sources because they directly support benchmark construction, language alignment, or local-language
comparison [8], [6], [7], [25].
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Figure 1. Operational matrix of cross-lingual reasoning analysis

Data collection proceeded through source identification, keyword search, metadata extraction,
screening, deduplication, and structured storage. Search keywords included “Indonesian LLM benchmark,”
“Javanese Sundanese Buginese dataset,” “Indonesian commonsense reasoning,” “multilingual reasoning
consistency,” “Indonesian local languages NLP,” and “Southeast Asian LLM evaluation.” Each retained item
was assigned a unique document code and stored with source title, repository, language coverage, reasoning
relevance, period, geographical scope, verification source, inclusion reason, exclusion note, and
deduplication key. Text records preserve title, date, source, URL, context, short quotation, and storage note.
Visual or video fields were retained in the schema, although current corpus entries are text-based.

Data analysis follows three sequential procedures. First, final-answer consistency is coded by
comparing whether aligned prompts produce equivalent, partially equivalent, contradictory, or invalid
answers. Second, explanation quality is examined through coherence and faithfulness: whether a response
uses relevant premises, maintains logical relations, and supports its final answer. Third, language-linked error
patterns are classified, including lexical gaps, register mismatch, code-mixing sensitivity, undertranslation,
overtranslation, cultural misreading, and non-response. This analytical logic follows recent concerns about
cross-lingual transfer, multilingual inconsistency, and uneven representational alignment in LLMs [19], [10],
[12], [15].

4. RESULTS
4.1. Cross-lingual consistency across language pairs

Multilingual reasoning becomes visible not only through correct answers, but through whether a
model preserves its decision when the same inferential problem moves across languages. The distribution in
Table 3 places Indonesian as the reference condition and compares final-answer stability in Javanese,
Sundanese, and Buginese prompt versions. This structure follows recent arguments that multilingual LLM
evaluation should move beyond single-language accuracy and translated benchmark performance [11], [12],
[15]. The comparison is therefore organised around four observable categories: same answer, partially
equivalent answer, contradictory answer, and invalid response. This approach allows this study to examine
consistency as a reliability problem rather than treating local-language variation as a simple extension of
Indonesian-language performance.

The dominant pattern is a graded decline in full answer stability from Indonesian—Javanese to
Indonesian—Sundanese and Indonesian—Buginese comparisons. Javanese records the highest proportion of
fully aligned final answers, followed by Sundanese, while Buginese shows the largest share of partial,
contradictory, and invalid outputs. Partial equivalence appears across all three comparisons, indicating that
models often retain the broad inferential direction but lose specificity, scope, or answer precision.
Contradictory outputs are less frequent than stable answers but remain analytically consequential because
they signal decision shifts under semantically aligned prompts. Invalid responses are lowest in Javanese and
highest in Buginese, suggesting that answer-level consistency is not evenly distributed across Indonesian
local-language conditions.
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Table 2. Cross-lingual final-answer consistency across Indonesian, Javanese, Sundanese, and Buginese
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Figure 2. Cross-lingual final-answer consistency by language pair

These patterns support a theoretical distinction between multilingual coverage and multilingual
reasoning consistency. A model may produce fluent or partially intelligible responses in several languages
while failing to preserve the same reasoning decision across those languages. This distinction is consistent
with studies showing that cross-lingual alignment, cultural grounding, and representational asymmetry can
shape multilingual LLM behaviour in ways not captured by accuracy alone [9], [10], [3], [2]. The observed
differences should not be read as causal proof that low-resource status alone determines inconsistency.
Rather, they indicate that reasoning stability must be tested directly across Indonesian, Javanese, Sundanese,
and Buginese before any model is described as robustly multilingual for Indonesia.

4.2. Coherence and faithfulness across language pairs

The second layer of analysis shifts attention from answer stability to the quality of visible reasoning.
A model may produce the same final answer across languages while offering explanations that are
incomplete, weakly connected, or unfaithful to its conclusion. For this reason, this study codes explanation
quality through two linked criteria: coherence and faithfulness. Coherence concerns whether premises,
inferential steps, and conclusions are logically ordered; faithfulness concerns whether the explanation
actually supports the final answer. This distinction follows recent debates in multilingual chain-of-thought
and cross-lingual reasoning evaluation, where apparent correctness may coexist with unstable or ungrounded
explanations [9], [14], [15]. The same 180 comparison units are retained to ensure continuity with the
preceding answer-consistency analysis.

The dominant pattern shows that coherent and faithful explanations are most frequent in Indonesian—
Javanese comparison, slightly lower in Indonesian—Sundanese comparison, and substantially lower in
Indonesian—Buginese comparison. Indonesian—Javanese records 31 fully coherent and faithful cases, while
Indonesian—Sundanese records 28 and Indonesian—-Buginese records 18. Buginese also shows higher
frequencies in partially coherent, incoherent or unfaithful, and invalid explanation categories. Across all
language pairs, partially faithful explanations are common, suggesting that models often produce plausible
surface reasoning without fully preserving the inferential relation required by the task. Invalid or absent
explanations remain relatively limited in Javanese and Sundanese, but become more visible in Buginese,
where language fallback and incomplete reasoning appear more frequently.
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Table 3. Explanation coherence and faithfulness across language pairs
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Figure 3. Explanation coherence and faithfulness across language pairs

Theoretically, this pattern strengthens the distinction between multilingual fluency and multilingual
reasoning reliability. Fluency can make an explanation appear acceptable even when its inferential support is
incomplete or misaligned with the final answer. This finding is compatible with work on cross-lingual
inconsistency and multilingual representation, which suggests that language transfer does not automatically
preserve semantic or reasoning stability across languages [19], [10], [11], [12]. Within this study, explanation
analysis therefore functions as a necessary check on answer-level consistency. A model cannot be considered
consistently multilingual for Indonesian linguistic contexts if its answers remain stable but its explanations
degrade, shift, or lose faithfulness across Javanese, Sundanese, and Buginese.

4.3. Language-linked error patterns across language pairs

Language-linked errors show where cross-linguistic inconsistency enters model behaviour after
answer stability and explanation quality have been examined. The coding does not treat all wrong or unstable
outputs as the same phenomenon. Instead, it separates lexical-semantic drift, register or pragmatic mismatch,
translation-related distortion, cultural inferential misreading, and language fallback or non-response. This
distinction is necessary because multilingual evaluation can otherwise collapse different failure mechanisms
into a single accuracy deficit. Recent studies on Indonesian local-language robustness, cross-lingual
inconsistency, and multilingual transfer have shown that language variation can affect model behaviour
through several pathways, including lexical ambiguity, code-mixing, cultural grounding, and uneven
representational alignment [25], [6], [10], [12]. This coding therefore keeps error interpretation analytically
specific.

The dominant pattern is again gradient rather than binary. Indonesian—Javanese contains the largest
number of cases without major language-linked disruption, followed by Indonesian—Sundanese and then
Indonesian—Buginese. Buginese records the highest frequencies of lexical-semantic drift, undertranslation or
overtranslation, and language fallback or non-response. Lexical-semantic drift is the most frequent
identifiable error type in all three comparisons, but its proportion rises most clearly in Buginese. Register and
pragmatic mismatch appear in each language pair, showing that local-language reasoning is not only a matter
of vocabulary coverage. Cultural inferential misreading is less frequent than lexical or translation-related
errors, but it remains important because reasoning tasks often depend on contextual assumptions, not merely
formal semantic equivalence.
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Table 4. Language-linked error patterns across Indonesian, Javanese, Sundanese, and Buginese comparisons
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Output remains
No major language- Indonesian_Javanese semantically stable o 5339 Answer and explanation remain iaﬁ?SZf:nﬁzvang;z%uEEZble g;_é\_% o-
linked error without visible language- =7 aligned across languages q lanati 001-032
induced disruption explanation -
Lexical-semantic . Meaning shifts becau;e . N Local lexical item interpreted too A causal term is treated as ID-JV-
drift Indonesian—Javanese one key word or relationis 9 15.0% broadly or too narrowl temporal sequence ERR-LEX-
weakened Y Y P d 033-041
Response uses ID-IV-
Register or pragmatic Lo inappropriate speech level, o Ngoko/krama-like distinction is Explanation is understandable
mismatch Indonesian-Javanese politeness, or pragmatic IL.7% flattened or inconsistently handled  but pragmatically unnatural JSEE)IZEG-
framing
Undertranslation or Indonesian_Javanese r?lgg; lilltlorlrllétts 22?:&3111 5 8.3% Inferential condition is One premise is dropped in the g?{-l?-ll:RN-
overtranslation gnotp =70 compressed or expanded Javanese response
prompt 049053
Cultural inferential Indonesian_Javanese 5;;;10231:;;:2 zfle s 4 6.7% Culturally embedded premise A local social relation is treated %E]?{_IJ{\-/C-UL-
misreading . e receives generic interpretation as universal commonsense
misread 054-057
Laneuace fallback or Model shifts language, Answer partly returns to Javanese promot receives ID-JV-
guag Indonesian—Javanese refuses, or gives unusable 3 5.0% Indonesian or gives no ¢ prompt . ERR-FAL-
non-response . Indonesian-dominant completion
output explanation 058-060
Output remains
No major language- . semantically stable o Answer and explanation remain Sunfl anese p“’?“.pt produces ID-SU-
. Indonesian—Sundanese . . 29 48.3% . equivalent decision and relevant ERR-NO-
linked error without visible language- mostly aligned lanati )
induced disruption explanation 061-089
Lexical-semantic . Meaning shifts becau_se . o Lexical choice changes the Model treats a conditional ID-SU-
. Indonesian—Sundanese one key word or relationis 10 16.7% . : . ERR-LEX-
drift intended relation relation as a general statement
weakened 090-099
. . Response uses . . . ID-SU-
Register or pragmatic L . . . o Politeness and local expression are  Explanation sounds formal but
mismatch Indonesian—Sundanese inappropriate register or 6 10.0% partially flattencd pragmatically awkward IIE(I){OI:I({)I;ZG-

pragmatic framing
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. Output omits or adds S . ID-SU-
Undertranslation or Indonesian—Sundanese meaning nof present in 6 10.0% One condition is omitted or Sundanese response answers a ERR-TRN-
overtranslation gnotp e rephrased beyond the prompt simplified version of the task

prompt 106-111
Cultural inferential Indonesian—Sundanese i‘:{i?;gilst:;:l (()311:16 is 5 8.3% Local context is generalised too Model ignores a culturally }E?Q_li-UC-UL-
misreading . =70 quickly marked premise
misread 112-116
Language fallback or Indonesian—Sundanese x&izlss?rﬁsiiziufug:;ble 4 6.7% Partial fallback to Indonesian or Sundanese answer begins locally gﬁg}{; AL-
non-response Ore e explanation loss but ends in Indonesian
output 117-120
Output remains . .
. . . Buginese prompt receives ID-BU-
NO major language- Indonesian—Buginese sem antlcglly stable ) 19 31.7% Stable answer and explanation equivalent answer only in part of ~ ERR-NO-
linked error without visible language appear in fewer cases the set 121-139
induced disruption
. . Meaning shifts because . L ID-BU-
Le_x1ca1-semantlc Indonesian—Buginese one key word or relationis 12 20.0% Core rqlatlon becom.e S C"“‘S*?l r.elatlon is interpreted as ERR-LEX-
drift approximate or ambiguous association
weakened 140-151
Register o pragmatic Response uses Local discourse style is flattened Output is grammatically ID-BU-
misgmatch prag Indonesian—Buginese inappropriate register or 7 11.7% or replaced by Indonesian-like plausible but pragmatically ERR-REG-
pragmatic framing phrasing unstable 152-158
Undertranslation or Indonesian_Buginese 1?12223:1 OI:ll(l)tts ?‘re:gr?tsin 3 13.3% Prompt content is shortened, Buginese response answers a {E%g}”JF-RN-
overtranslation & gnotp =70 expanded, or reinterpreted narrower version of the item
prompt 159-166
Cultural inferential Indonesian_Buginese Igg;}igﬁlst:;:i ((:16 i 5 8.3% Contextual cue is treated as Local premise is ignored in g?{-l]{a-[éhL-
misreading & . =70 generic commonsense favour of general reasoning
misread 167-171
Laneuage fallback or Model shifts language, Fallback to Indonesian, Buginese prompt triggers ID-BU-
guag Indonesian—Buginese refuses, or gives unusable 9 15.0% incomplete answer, or no usable £Inese prompt tigg . ERR-FAL-
non-response Indonesian-dominant completion
output output 172-180
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Figure 4. Language-linked error patterns across language pairs

Theoretically, these patterns reinforce the argument that multilingual reasoning inconsistency cannot
be reduced to either mistranslation or low-resource status alone. Some errors arise from semantic drift, some
from pragmatic flattening, and others from explanation-level or response-level fallback. This supports a more
layered view of multilingual LLM evaluation, where language coverage, task equivalence, cultural
grounding, and representational stability must be analysed together. Studies such as COPAL-ID and
IndoCulture have already shown that Indonesian reasoning cannot be detached from cultural and
commonsense context [2], [3], while Southeast Asian evaluation frameworks emphasise the need for
regionally grounded benchmarks [4], [S]. Within this study, the pattern suggests that robust multilinguality
for Indonesia requires stable reasoning across local languages, not only fluent response generation.

5. DISCUSSION

The pattern of final-answer consistency indicates that multilingual reasoning cannot be inferred from a
model’s ability to respond across languages. Its practical implication is that a model may appear functionally
multilingual at the interface level while remaining unstable at the decision level. This matters because many
public-facing uses of LLMs—education, assessment, translation support, civic information, and local-
language knowledge access—depend not only on producing fluent text but also on preserving the same
judgement when users ask equivalent questions in different languages. The stronger stability in Indonesian—
Javanese and Indonesian—Sundanese comparisons, compared with Indonesian—Buginese, suggests that
multilingual access is uneven even inside one national linguistic ecology. This pattern extends the concern
raised by IndoMMLU and COPAL-ID: Indonesian reasoning evaluation is necessary but insufficient if
Indonesian becomes the sole proxy for the multilingual realities of Indonesia [1], [2]. The dysfunction
exposed here is not a simple failure of translation; it is a failure of decision stability.

The underlying structure of this instability appears to lie in unequal cross-lingual alignment rather
than in task difficulty alone. Equivalent prompts do not automatically produce equivalent internal
representations, especially when languages differ in digital visibility, lexical standardisation, register norms,
and representation in multilingual training corpora. Studies on multilingual transfer show that cross-lingual
performance often depends on how well languages are aligned in shared representational space, not merely
on whether a model has encountered their surface forms [19], [22], [21]. This study’s gradient pattern is
consistent with that view: instability increases where linguistic distance, resource asymmetry, or weaker
benchmark presence may be more consequential. However, this does not establish a direct causal chain from
low-resource status to inconsistent reasoning. A more defensible interpretation is that resource asymmetry,
alignment quality, and prompt equivalence jointly condition whether a model preserves its final decision
across Indonesian local languages.

The explanation-level findings sharpen this argument by showing that answer consistency is not
enough. A model can arrive at the same or approximately similar answer while offering reasoning that is
compressed, partially faithful, or weakly connected to the conclusion. The implication is methodological:

Journal homepage: https://ejournal.narasikhatulistiwa.org/index.php/ijcl



90 a ISSN: 3163-7884

multilingual evaluation that records only final answers risks overestimating reliability. This point resonates
with recent work on multilingual chain-of-thought and factual reasoning, which warns that visible
explanations may vary across languages even when outputs appear superficially correct [9], [14], [15]. For
Indonesian local-language contexts, this dysfunction is particularly important because explanation quality
affects whether users can inspect, contest, or learn from model outputs. If explanation coherence declines in
local-language prompts, local-language users receive not only less stable answers but also less transparent
justifications. This study therefore positions explanation faithfulness as a core dimension of multilingual
accountability, not a secondary stylistic feature.

The reason explanation quality degrades across language pairs may be that LLMs often manage
multilingual prompts through approximate semantic mediation rather than fully grounded language-specific
reasoning. When a model produces a plausible explanation that only partly supports its answer, it may be
drawing on generic reasoning templates instead of preserving item-specific inferential relations in the target
language. This interpretation is compatible with studies on cross-lingual inconsistency and word-sense
disambiguation, which show that multilingual models can lose fine-grained semantic distinctions across
languages [6], [10], [11]. Yet this pattern also complicates optimistic accounts of multilingual prompting,
including work suggesting that cross-lingual thought strategies can improve reasoning in some contexts [9].
Improvement in multilingual prompting does not remove the need to test faithfulness. In this study,
explanation instability suggests that reasoning cannot be evaluated only through whether a model sounds
coherent; it must be tested through whether each explanation actually warrants its answer.

The language-linked error profile further shows that inconsistency has multiple forms. Lexical-
semantic drift, register mismatch, translation-related distortion, cultural inferential misreading, and language
fallback do not represent the same kind of failure. Their coexistence implies that multilingual reasoning is not
a single technical capability but a layered competence involving semantic precision, pragmatic
appropriateness, cultural grounding, and response control. This point supports regionally grounded
benchmarks such as IndoCulture, BHASA, and SEA-HELM, which argue that language-model evaluation in
Southeast Asia must account for cultural and linguistic specificity rather than relying on globally dominant
benchmark assumptions [3], [4], [5]. At the same time, this study shows that cultural grounding alone is not
sufficient. Even when a task is semantically aligned, lexical or pragmatic disruptions can still alter the
model’s reasoning path. The implication is that robust multilinguality for Indonesia requires local-language
sensitivity at several analytic levels, not only expanded language coverage.

The structural explanation for these error patterns is best understood as the interaction between
language resources, sociolinguistic complexity, and evaluation design. Indonesian has wider institutional,
educational, and digital presence, while Javanese, Sundanese, and Buginese differ in standardisation,
available corpora, orthographic conventions, register systems, and public NLP resources. Recent Indonesian
local-language work, including Cendol, LoraxBench, IndoRobusta, NusaBERT, and local-language
translation studies, has begun addressing these gaps, but it also confirms that Indonesian multilingual NLP
remains unevenly developed [6], [8], [25], [26], [27]. This study’s contribution is therefore not to claim that
one language “causes” failure, but to show how instability becomes visible when reasoning is tested across
aligned Indonesian-language ecologies. The central theoretical implication is that multilingual LLM
evaluation should treat consistency, faithfulness, and language-linked error as interconnected indicators of
reasoning reliability.

6. CONCLUSION

This study shows that multilingual reasoning in large language models cannot be reduced to language
coverage or translated-task accuracy. The most important lesson is that models may answer across
Indonesian, Javanese, Sundanese, and Buginese while failing to preserve stable decisions, faithful
explanations, and language-sensitive interpretation. Its contribution lies in shifting evaluation from isolated
performance to cross-linguistic reasoning consistency, using final-answer alignment, explanation coherence,
and language-linked error typology as interrelated measures. By positioning Indonesian local languages as
analytic sites rather than marginal extensions of Indonesian, this study renews multilingual LLM evaluation
as a question of reliability, equity, and epistemic accountability.

This study is limited by its focus on selected languages, aligned reasoning tasks, and observable
model outputs, meaning that it cannot infer hidden cognitive processes or establish causal links between
resource scarcity and reasoning failure. Its findings should therefore be read as evidence of patterned
instability rather than definitive proof of why such instability occurs. Future research should expand language
coverage to other Indonesian languages, include more model families, test prompt variation, and involve
expert speakers in larger-scale validation. Further work should also compare written, spoken, and multimodal
prompts to examine whether reasoning consistency changes across different communicative conditions.
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