
Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 44059–44077
July 2-7, 2026 ©2026 Association for Computational Linguistics

Lost in Execution: On the Multilingual Robustness of Tool Calling
in Large Language Models

Zheng Luo1 T Pranav Kutralingam2 Ogochukwu N. Okoani2

Wanpeng Xu2 Hua Wei2* Xiyang Hu2*

1University of Southern California 2Arizona State University
luozheng@usc.edu, {tknolast,ookoani,wanpeng.xu,hua.wei,xiyanghu}@asu.edu

Abstract
Large Language Models (LLMs) are increas-
ingly deployed as agents that invoke external
tools through structured function calls. While
recent work reports strong tool-calling perfor-
mance under standard English-centric evalu-
ations, the robustness of tool calling under
multilingual user interactions remains underex-
plored. In this work, we introduce MLCL, a di-
agnostic benchmark, and conduct a systematic
evaluation of multilingual tool calling across
Chinese, Hindi, and the low-resource language
Igbo. Through fine-grained error analysis, we
show that many failures occur despite correct
intent understanding and tool selection. We
identify parameter value language mismatch
as a dominant failure mode, where models gen-
erate semantically appropriate parameter val-
ues in the user’s language, violating language-
invariant execution conventions. We further
evaluate several inference-time system strate-
gies and find that while these strategies sub-
stantially reduce language-induced execution
errors, none of them can fully recover English-
level performance.

1 Introduction

Large Language Models (LLMs) are increasingly
deployed as agents that interact with external tools
and services, rather than as standalone conversa-
tional systems (Parisi et al., 2022). Through tool
calling, an LLM can invoke structured APIs to
retrieve information, perform computations, or trig-
ger downstream actions, enabling reliable execu-
tion beyond free-form text generation (Schick et al.,
2023; Liu et al., 2025). Accordingly, recent work
has focused on improving tool-calling performance
through supervised fine-tuning (Tang et al., 2023)
and reinforcement learning (Qian et al., 2025), and
existing benchmarks report strong performance
under standard evaluation settings (Chen et al.,
2024b).

*Corresponding authors.

English Query

What will be the humidity and temperature for 
New York City after 7 days?

humidity_temperature_forecast(location
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Figure 1: Multilingual tool-calling failures stem from
execution-level parameter mismatches. The same user
intent expressed in English, Chinese, Hindi, and Igbo
yields semantically appropriate tool calls that become
non-executable when parameter values violate English-
only execution conventions, a failure mode we refer to
as parameter value language mismatch.

However, most evaluations implicitly assume
that user queries are expressed only in English. In
practice, LLM-based agents are often exposed to
multilingual user queries while relying on shared,
language-invariant tool interfaces. In such settings,
robustness is not only about understanding user
intent, but also about maintaining executable be-
havior at the language–tool boundary. Despite its
practical importance, the impact of linguistic con-
text on tool-calling reliability remains largely unex-
amined in existing tool-calling benchmarks (Wang
et al., 2023).
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In this work, we show that crossing linguis-
tic boundaries exposes systematic failure patterns
that are not captured by standard accuracy metrics.
When user queries are expressed in non-English
languages, models frequently generate tool calls
that are semantically appropriate yet operationally
invalid, as illustrated in Figure 1. In a typical
tool-calling setup, an LLM produces a structured
function call consisting of a function name (e.g.,
get_weather()) and a set of parameter keys (e.g.,

“location” and “days”) with values (e.g., “New York”
and “7”) that are passed as arguments to the execu-
tion interface. While the predicted function and the
underlying semantics of the arguments are often
correct, parameter values are expected to conform
to execution-level conventions, such as using En-
glish string identifiers. We refer to failures where
models directly copy non-English expressions from
the user query into parameter values as parameter
value language mismatch. Such mismatches ren-
der correct tool calls non-executable, exposing fail-
ures that arise at the language–execution boundary
rather than from intent misunderstanding.

To systematically study this phenomenon, we
introduce a diagnostic multilingual benchmark for
tool calling, MLCL, by extending a commonly-
used English dataset, the Berkeley Function Call-
ing Leaderboard (BFCL) (Patil et al., 2025). We
focus on isolating the effect of query language
on tool-calling behavior through controlled query
language composition and semantic perturbations,
coupled with a fine-grained error taxonomy that dis-
tinguishes execution-level violations from semantic
errors. Our evaluation covers Chinese, Hindi, and
Igbo, enabling analysis across high-resource and
low-resource language settings.

Based on this diagnostic framework, we fur-
ther examine whether simple inference-time sys-
tem strategies, including partial translation, explicit
prompting, and pre- or post-translation, can mit-
igate language-induced execution errors. Across
models and languages, these strategies reduce cer-
tain error types but fail to consistently recover
English-level performance, suggesting that mul-
tilingual tool-calling robustness is primarily a
system- and interface-level challenge rather than a
limitation of intent understanding alone. Together,
our findings highlight the need to better align
natural-language interaction with execution con-
ventions in globally deployed LLM-based agents.

In summary, the contributions of this paper are
as follows:

• We introduce MLCL, a diagnostic benchmark
for tool-calling robustness under multilingual user
queries, covering Chinese, Hindi, and the low-
resource language Igbo. The benchmarking dataset
characterizes systematic robustness in multilingual
tool calling under controlled and interpretable set-
tings.
• Through detailed error analysis, we identify pa-
rameter value language mismatch as a dominant
failure mode in multilingual tool calling, despite
correct intent understanding and tool selection.
• We conduct a fine-grained error analysis that
separates execution-level violations from semantic
errors, revealing systematic differences in error dis-
tributions across high-resource and low-resource
languages. For high-resource languages like Chi-
nese and Hindi, the major cause of the errors is the
tool calling convention and information loss dur-
ing translation, rather than difficulty in user query
comprehension; while for the low-resource Igbo
language, the confusion in the user query semantics
takes up a larger proportion of errors.
• We empirically evaluate several simple inference-
time system strategies and show that while they sub-
stantially reduce language-induced errors, they can-
not fully restore English-level performance, high-
lighting the role of system- and interface-level con-
ventions in multilingual tool calling.

2 Related Work

Tool Calling and Tool Learning Recent work
has made substantial progress in enabling large
language models to interact with external tools
through structured APIs. Early studies, such as
Gorilla (Patil et al., 2024), highlighted issues such
as API hallucination, where models produce syn-
tactically valid but operationally incorrect calls. To
improve reliability, supervised fine-tuning (SFT)
approaches (Chen et al., 2023; Zeng et al., 2024;
Chen et al., 2024c; Acikgoz et al., 2025) and re-
inforcement learning methods (Qian et al., 2025;
Feng et al., 2025; Wei et al., 2025; Wu et al., 2025;
Zhang et al., 2026; Chen et al., 2026) have been
proposed to align model outputs with tool-calling
formats and execution constraints.

Evaluation in this line of work is typically con-
ducted under standardized, predominantly English-
language settings (Qin et al., 2024; Patil et al.,
2025). Benchmarks such as BFCL (Patil et al.,
2025) assess tool selection and parameter accuracy
assuming language-consistent execution environ-
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User Query: What is the weather in New York today

FT:
Fully translated

NO:
No semantic
perturbation

你能告诉我今天纽约的
天气信息吗

PARA:
Paraphrase

今天纽约的天气如何

SYNO:
Synonym 

Replacement

今天纽约的天气怎么样

User query 
in MLCL

(PRE) Pre-
translate user 

queries using the 
tool-calling LLM

Prompt:
Please generate 

the tool call. 

(PT) Prompt:
Please generate the tool call. 

IMPORTANT: Pass in all 
parameters in English. 

Yes

No

Generate 
Tool 
Calls

(POST)
Post-Translate 

function 
parameters 

using the tool-
calling LLM

Evaluate and 
collect statistics

PAR:
Partially translated

NT:
Not translated

Could you tell me today’s 
weather in New York

你能告诉我今天New York
的天气信息吗

What is the climate like in 
New York today 今天New York的天气如何

What is the weather in 
New York today

今天New York的天气怎么
样

Yes

No Yes

No

MLCL: Multilingual Tool Calling Benchmark Inference Time Mitigation Strategies 

Query Language Composition

Semantic 
Perturbation

Figure 2: Diagnostic design of the Multilingual Tool-Calling (MLCL) Benchmark and inference-time mitiga-
tion strategies. The benchmark systematically varies query language composition (NT, PAR, FT) and semantic
perturbations (NO, PARA, SYNO) to isolate multilingual execution failures under a fixed, language-invariant
tool interface. This design exposes cases where tool calls are semantically correct but operationally invalid due to
execution-level violations, such as parameter value language mismatch. The right panel summarizes inference-time
mitigation strategies (PT, PRE, POST) evaluated in this work, which reduce some multilingual errors but do not
fully eliminate execution-level gaps.

ments. While these studies demonstrate strong per-
formance under standard conditions, they largely
abstract away linguistic variation in user queries.
As a result, how language differences interact with
execution-level conventions in tool calling remains
underexplored. Our work complements this litera-
ture by focusing on multilingual robustness and by
analyzing execution failures induced by language
shifts, rather than proposing new training objec-
tives or architectures.

Robustness in Large Language Models Robust-
ness of large language models has been extensively
studied under surface-level perturbations such as
paraphrasing, synonym substitution, and distribu-
tional shifts (Feng et al., 2021; Zhou et al., 2024;
Kumar and Mishra, 2025; Rabinovich and An-
aby Tavor, 2025). These studies show that even
minor linguistic variations can significantly affect
model behavior, motivating robustness benchmarks
beyond aggregate accuracy metrics. However, most
robustness analyses focus on free-form generation
or classification tasks, where failures are primar-
ily semantic. In contrast, tool calling introduces
execution-level constraints: outputs must satisfy
strict formatting and parameter conventions to be
operationally valid. Our work extends robustness
analysis to this setting by introducing a fine-grained
error taxonomy that distinguishes semantic under-
standing errors from execution-level violations,
revealing multilingual failure modes that are ob-
scured by standard accuracy metrics.

Multilingual Evaluation of Language Models
Multilingual evaluation benchmarks assess cross-
lingual understanding, reasoning, and instruction
following across diverse languages (Ruder et al.,
2021; Ahuja et al., 2023; Shi et al., 2023; Chen
et al., 2024a; Xu and Hu, 2026; Zhou et al., 2026).
While these studies show that large language mod-
els can preserve semantic reasoning across lan-
guages, prior work on multilingual settings with
structured outputs suggests that maintaining cross-
lingual consistency remains challenging even when
translation quality is high (Moradshahi et al., 2023).
However, existing multilingual evaluations rarely
consider scenarios where model outputs must inter-
face with external, language-sensitive systems such
as tools or APIs. Our work addresses this gap by
studying multilingual robustness in tool calling and
identifying parameter value language mismatch as
a distinct execution-level failure mode.

3 Multilingual Tool-Calling Benchmark

To characterize multilingual tool-calling failures
under controlled, interpretable settings, rather than
treating multilinguality as a simple dataset exten-
sion, we introduce a diagnostic benchmark focus-
ing on failure modes that arise at the interface
between natural-language input and a language-
invariant execution environment (Figure 2).

3.1 Design Goals and Diagnostic Scope

Our design goal is to separate errors caused by
query-language variation from those caused by
execution-interface conventions. To this end, the
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benchmark dataset is structured along two orthogo-
nal diagnostic dimensions: Query Language Com-
position and Semantic Perturbation Design. Query
Language Composition controls how non-English
content is introduced in the user query, while Se-
mantic Perturbation Design applies surface-form
variations that preserve intent. Together, these
dimensions define a compact diagnostic space
for attributing multilingual tool-calling failures to
language understanding, execution-interface mis-
matches, or parameter realization.

3.2 Dataset Construction

Our benchmark is constructed by extending an ex-
isting English tool-calling dataset into a multilin-
gual diagnostic suite, while keeping the execution
interface fixed. This design ensures that any ob-
served performance degradation can be attributed
to changes in the natural-language input, rather
than differences in tool schemas, APIs, or evalua-
tion criteria.

3.2.1 Base Tasks and Execution Interface

We formulate tool calling as a structured generation
problem at the interface between natural-language
understanding and programmatic execution. Each
task consists of a user query and a set of candidate
tools, where each tool is specified by a function
name and a fixed parameter schema.

Given a query and tool descriptions, the model
generates a tool call by selecting a function name
and producing concrete parameter values. Correct
execution requires adherence to execution-level
constraints such as exact parameter keys (e.g., “lo-
cation” in Figure 1) and surface-form conven-
tions for parameter values (e.g., “New York” in
Figure 1). The execution interface is kept language-
invariant and English-only throughout this work.
The original English queries define the NT (Not
Translated) reference setting. All the later multi-
lingual variants modify only the natural-language
query while keeping the execution interface fixed.

3.2.2 Query Language Composition

To model multilingual user interactions, we con-
struct translated variants of each query while pre-
serving the execution interface. Only the natural-
language query text is modified; function names,
parameter keys, and tool descriptions are not trans-
lated. This isolates the effect of query language on
tool selection and parameter realization.

In the FT (Fully Translated) setting, the en-
tire user query is translated into a target language.
In the PAR (Partially Translated) setting, ground-
truth parameter values remain in English while the
surrounding context is translated, yielding mixed-
language queries that reduce parameter-language
mismatch while preserving multilingual context.
Translations are generated by GPT-5 and manu-
ally verified to ensure semantic equivalence with
the original English queries, as detailed in Ap-
pendix A.4. Verification focuses on intent preserva-
tion rather than literal word-level correspondence,
reflecting realistic multilingual usage.

3.2.3 Semantic Perturbation Design
To assess whether multilingual execution failures
are sensitive to benign surface-form variation, we
introduce semantic perturbations that preserve in-
tent while modifying wording. These perturba-
tions are applied consistently across the English
and translated datasets. We consider two perturba-
tion types: PARA generates paraphrased versions
of each query with altered phrasing but unchanged
meaning. SYNO applies synonym substitutions to
individual words where appropriate. Both pertur-
bations are generated using GPT-5 and manually
reviewed to maintain semantic consistency. For
partially translated queries, perturbations are ap-
plied without explicitly protecting English parame-
ter strings, allowing semantic variation to naturally
interact with mixed-language inputs.

3.3 Experimental Protocol

This section describes how the benchmark defined
above is instantiated for evaluation. It varies only
the query language composition and semantic per-
turbations, enabling controlled comparison across
languages, models, and settings.

Base Dataset We adopt the BFCL V4 (Patil et al.,
2025) as the base benchmark in English since it pro-
vides tool-calling tasks with strict execution-level
ground truth, making it well-suited for analyzing
failures that arise from parameter realization and
interface compliance. To avoid confounding fac-
tors such as dialogue context or live execution, we
use the BFCL_v4_multiple.json subset, which
contains single-turn queries paired with multiple
candidate functions.

Language Evaluated Besides English, we eval-
uate three languages with distinct linguistic prop-
erties and resource availability: Chinese, Hindi,
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Table 1: Models evaluated in the multilingual tool-
calling benchmark. We include proprietary and open-
source models from multiple families and scales to en-
sure that observed multilingual tool-calling failures are
evaluated across diverse model architectures.

Model Family Model Name

GPT-5 GPT-5, GPT-5 mini, GPT-5 nano
DeepSeek DeepSeek V3.2

Llama 3.1 meta-llama/Llama-3.1-8B-Instruct
meta-llama/Llama-3.1-70B-Instruct

Qwen 3

Qwen/Qwen3-8B
Qwen/Qwen3-14B
Qwen/Qwen3-30B-A3B
Qwen/Qwen3-32B
Qwen/Qwen3-Next-80B-A3B-Instruct

Granite 4 ibm-granite/granite-4.0-h-tiny
ibm-granite/granite-4.0-h-small

and Igbo. Chinese represents a high-resource lan-
guage with logographic writing, Hindi introduces
richer morphology and more flexible word order,
and Igbo serves as a low-resource language with
limited representation in tool-calling training data.
This selection is intended to test whether observed
multilingual failure patterns generalize across typo-
logically diverse languages.

Models Evaluated We evaluate a diverse set of
large language models with explicit tool-calling
capabilities, including both proprietary and open-
source systems. The selected models span multiple
model families and scales, allowing us to examine
whether multilingual tool-calling robustness varies
with architecture and capacity. All models are eval-
uated using their officially supported tool-calling
interfaces and recommended decoding configura-
tions. Model-specific input and output formats are
summarized in Appendix A.10.

Evaluation Metrics and Error Attribution
Evaluation follows the BFCL protocol (Patil et al.,
2025), which requires exact matching of func-
tion names, parameter keys, and parameter val-
ues. While strict surface-form matching penalizes
benign variation, it directly reflects whether a gen-
erated tool call can be executed without additional
system intervention.

To support multilingual analysis, we extend
BFCL’s evaluation by explicitly separating seman-
tic correctness from language conformity in param-
eter values. As illustrated in Figure 3, errors are
organized by severity. At the most severe level
are syntax and function-level errors, which prevent
execution due to malformed outputs or schema vio-
lations. A central focus of this work is parameter

Syntax Error

Malformed tool call that cannot be parsed. 

Error Taxonomy and Severity Levels for Multilingual Tool Calling

Function-Level Error

Violations of function constraints such as 

incorrect function name or missing parameters.

Language Mismatch: Wrong Value

Non-English parameter value with 

irrelevant meaning.

Language Mismatch: Related but Incorrect

Non-English parameter value that is related 

but semantically incorrect.

Language Mismatch: Same Meaning

Non-English parameter value with correct 

meaning but wrong language.

Wrong Value

English parameter value is semantically 

incorrect.

Related but Incorrect

English parameter value is related but not 

exact.

Same Meaning

English parameter value is semantically 

correct but not identical to the ground truth.

get_forecast(location

="new york city”)

event_search(location

="NYC")

get_forecast(location

="纽约地铁站")

get_forecast(location

="纽约万豪酒店")

get_forecast(location

="纽约市")

get_forecast(location

="Los Angeles")

get_forecast(location

="New York")

get_forecast(location

="NYC")

Figure 3: Error taxonomy and severity levels used for
evaluating multilingual tool calling. Error categories are
ordered from most severe (top) to least severe (bottom),
with illustrative examples for each category.

value language mismatch, where parameter values
are generated in a non-English language despite
correct intent understanding and tool selection. We
further distinguish these cases by semantic correct-
ness, separating execution failures caused purely by
language mismatch from those involving incorrect
values. This allows us to distinguish errors caused
by incorrect intent understanding or argument selec-
tion from those arising solely due to violations of
execution-level language conventions. Results are
reported using overall error rate together with a
structured error breakdown, enabling fine-grained
analysis across query language composition and se-
mantic perturbation settings. Detailed definitions
and examples for each category are provided in
Appendix A.2.

3.4 Results

We analyze multilingual tool-calling behavior
across query language composition and semantic
perturbation settings, using the execution-oriented
error taxonomy illustrated in Figure 3. Results are
reported in terms of error composition and sever-
ity rather than overall accuracy, reflecting whether
failures arise from execution-interface violations
or semantic misunderstanding.
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Chinese Hindi Igbo

Figure 4: Error distributions for five representative models under English (NT), partially translated (PAR), and fully
translated (FT) queries in Chinese, Hindi, and Igbo. Across languages and model families, moving from NT to FT
systematically increases execution-level errors, driven primarily by parameter value language mismatch (in purple
color), while PAR substantially reduces these violations. The consistency of this trend across models indicates a
shared failure mechanism at the language–execution interface rather than model-specific weaknesses.

Introducing fully non-English queries substan-
tially increases execution-level errors. Figure 4
shows the error breakdown for five representative
models when moving from the English reference
setting (NT) to fully translated queries (FT). Across
all three languages, the FT setting leads to a pro-
nounced increase in execution failures, dominated
by parameter value language mismatch. In the FT
setting, models frequently copy non-English tokens
from the user query directly into parameter values,
violating the English-only execution interface. In
most cases, these values remain semantically cor-
rect, indicating that intent understanding and tool
selection have succeeded and that failures arise
primarily at the language–execution boundary.

The composition of multilingual tool-calling er-
rors differs systematically across languages. Al-
though the increase in execution-level errors under
FT is consistent across languages, the dominant
error types vary. As shown in Figure 4, parameter
value language mismatch is most prevalent for Chi-
nese, followed by Hindi, and is least frequent for
Igbo. This pattern suggests that models are more
likely to reuse query tokens from high-resource
languages as parameter values, while avoiding do-
ing so for lower-resource languages. As a result,
lower-resource languages exhibit fewer language-
mismatch errors but a higher proportion of errors
related to semantic misunderstanding, indicating
that execution-level mismatch and language com-
prehension contribute differently across languages.

Partial translation isolates execution-interface
violations from language understanding er-
rors. For several models, including GPT-5 and
Llama 3.1–70B, the partially translated (PAR) set-
ting exhibits fewer execution-level errors than FT
setting, and in some cases matches or outperforms

the English reference. By preserving English pa-
rameter strings while translating the surrounding
context, PAR removes parameter value language
mismatch without substantially altering the seman-
tic content of the query. These results indicate that,
once execution-interface violations are controlled
for, many models can interpret non-English queries
with comparable reliability to English ones.
Semantic perturbations exacerbate execution
errors when strict surface-form matching is
required. Figure 5 summarizes the impact of
paraphrasing (PARA) and synonym substitution
(SYNO) across query language composition set-
tings. Additional results can be found in Ap-
pendix B.3. In the English reference setting, seman-
tic perturbations substantially increase execution
failures because altered surface forms no longer
match expected parameter values. In contrast, se-
mantic perturbations have limited additional effect
in fully translated settings, where execution errors
are already dominated by language mismatch. Par-
tially translated settings exhibit intermediate sensi-
tivity: perturbations can replace preserved English
parameter strings with non-English equivalents,
reintroducing execution-level violations. Overall,
semantic noise amplifies multilingual tool-calling
failures primarily when strict surface-form confor-
mity is required.

4 Inference Time Mitigation Strategies

4.1 Motivation and Scope
As shown in Section 3.4, most multilingual tool-
calling failures originate from execution-level lan-
guage mismatch rather than semantic misunder-
standing: Models often select the correct tool and
generate semantically appropriate arguments, but
fail to conform to the English-only execution inter-
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NT (English) PAR (Chinese) FT (Chinese)

Figure 5: Evaluation of semantic perturbations for five representative models on the Chinese dataset under para-
phrasing (PARA) and synonym substitution (SYNO) across NT, PAR, and FT settings. Semantic perturbations
substantially increase errors when exact English parameter surface forms are required (NT), but have limited
additional impact in fully translated (FT) queries dominated by parameter value language mismatch (in purple
color). The partially translated (PAR) setting exhibits intermediate sensitivity, indicating an interaction between
semantic variation and execution-level language constraints.

face when queries are non-English. This raises a
practical question: can simple inference-time strate-
gies reduce such failures without retraining or fine-
tuning models? We focus on lightweight interven-
tions that are compatible with deployed systems
and do not require changes to model weights. All
mitigation strategies are evaluated under the same
task abstraction and error taxonomy as in the main
benchmark, enabling direct comparison with the
NT, PAR, and FT settings.

4.2 Mitigation Methods
We consider three lightweight inference-time mit-
igation strategies that target execution-level lan-
guage mismatch at different stages of the tool-
calling pipeline, as shown in Figure 2. All strate-
gies operate without modifying model parameters
and are compatible with deployed systems. Imple-
mentation details, prompts, and translation proce-
dures for all mitigation strategies are provided in
Appendix A.3.
• Prompt-Level Instruction (PT) PT fully trans-
lates the user query and explicitly instructs the
model to output parameter values in English. This
strategy tests whether execution-interface conven-
tions can be enforced through natural-language in-
structions alone.
• Pre-Translation of User Queries (PRE) PRE
translates non-English user queries into English
before tool calling. By normalizing the input, this
strategy removes multilingual variation from the
tool-calling step and serves as an upper bound on
mitigation through input preprocessing.
• Post-Translation of Parameter Values (POST)
POST translates generated parameter values into
English after tool calling but before execution. This

Chinese (DeepSeek) Hindi (DeepSeek)

Figure 6: Evaluation of inference-time mitigation strate-
gies for DeepSeek V3.2 on Chinese and Hindi datasets,
including explicit prompting (PT), pre-translation
(PRE), and post-translation (POST). Across both lan-
guages, these strategies reduce parameter value lan-
guage mismatch errors but fail to recover English-only
(NT) performance. PRE generally outperforms POST
due to access to the full query context, while PT exhibits
inconsistent compliance, indicating persistent execution-
level gaps beyond simple translation fixes.

strategy directly targets parameter value language
mismatch while preserving the model’s original
tool selection and argument structure.

4.3 Evaluation of Mitigation Strategies

Inference-time mitigation strategies reduce
execution-interface violations but do not recover
English-level performance. Figure 6 shows rep-
resentative results on Chinese queries with dif-
ferent mitigation strategies. Similar trends are
also observed across different models and lan-
guages. Prompt-level instruction (PT) reduces pa-
rameter value language mismatch relative to the
fully translated setting, but compliance is incon-
sistent, and residual mismatches remain common.
Pre-translation (PRE) and post-translation (POST)
further reduce language mismatch errors, with PRE
generally more effective due to its access to the
full query context. However, none of these strate-
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Igbo (DeepSeek) Igbo (GPT-5)

Figure 7: Inference-time mitigation effects on a low-
resource language (Igbo) for DeepSeek V3.2 and GPT-
5. Unlike Chinese and Hindi, translation-based miti-
gations (PT, PRE, POST) provide limited benefit and
can increase errors, as parameter value language mis-
match is rare even without explicit prompting. Instead,
remaining failures are dominated by query understand-
ing errors, indicating that mitigation strategies targeting
execution-level language mismatches are less effective
for low-resource languages.

gies eliminates execution failures. Translation in-
troduces semantic drift and surface-form normal-
ization, replacing language mismatch with new
execution-level errors under strict matching. We
include a case study in Appendix B.1 for better
understanding.

Mitigation behavior differs systematically
for low-resource languages. Low-resource lan-
guages such as Igbo exhibit mitigation behavior
that differs from that of higher-resource languages
like Chinese and Hindi. As shown in Figure 7,
translation-based mitigation strategies often pro-
vide limited benefit for Igbo and can even degrade
performance. Unlike higher-resource languages,
parameter value language mismatch is rare for Igbo
even without explicit prompting. This suggests that
models are less likely to directly copy low-resource
language tokens from the query into parameter
values, thereby reducing execution-interface vio-
lations. As a result, mitigation strategies that pri-
marily target language mismatch, such as PT and
POST, have limited room to improve performance.
The remaining failures are instead dominated by
query understanding errors, including unstable se-
mantic grounding and imprecise mapping between
natural-language expressions and the target param-
eter schema.

5 Discussion

This work analyzes multilingual tool-calling fail-
ures under controlled execution settings and demon-
strates that the multilingual degradation is primarily
driven by execution-interface violations rather than
semantic misunderstandings.

Execution interfaces are a central bottleneck.

Across models and languages, non-English queries
increase execution-level errors, most notably pa-
rameter value language mismatch. In many cases,
models select the correct tool and generate seman-
tically appropriate arguments, yet fail to satisfy
strict surface-form requirements imposed by the
execution interface. This indicates a systematic
mismatch between flexible natural-language gener-
ation and rigid programmatic constraints.

Inference-time mitigation is helpful but insuf-
ficient. Prompting and translation-based strategies
can reduce language mismatch errors, but none
recover English-level performance. While these
methods alleviate direct language violations, they
introduce semantic drift and normalization effects
that lead to new execution failures. This suggests
that inference-time patching can mitigate symp-
toms but cannot fully resolve the underlying issue.

Implications for deployment with global users.
For real-world systems, these results imply that
multilingual users may experience reliability gaps
even when intent understanding succeeds. Without
explicit handling of execution-interface constraints,
tool-calling LLMs risk failures for non-English
queries, limiting global deployment robustness.

Overall, our findings suggest that improving multi-
lingual tool calling requires not only stronger lan-
guage understanding, but also execution-aware sys-
tem design that aligns natural-language variability
with programmatic interfaces.

6 Conclusion

This paper investigates multilingual tool calling un-
der controlled execution settings and shows that
performance degradation is driven primarily by
execution-interface violations rather than failures
in intent understanding. Across models and lan-
guages, fully translated queries substantially in-
crease execution errors, with parameter value lan-
guage mismatch emerging as a dominant failure
mode. We further show that inference-time mitiga-
tion strategies can reduce specific classes of errors
but do not recover English-level performance, often
introducing new execution failures through seman-
tic drift or surface-form variation. These findings
highlight multilingual tool calling as a system-level
challenge that cannot be addressed by inference-
time interventions alone and motivate more careful
alignment between language generation and execu-
tion interfaces.

8
44066



Acknowledgment

The work was partially supported by NSF award
#2442477 and #2550203. We thank Amazon Re-
search Awards, Cisco Faculty Research Awards,
and Toyota Faculty Research Awards. The authors
acknowledge Google and OpenAI for providing
us with API credits and Research Computing at
Arizona State University for providing computing
resources. The views and conclusions in this paper
are those of the authors and should not be inter-
preted as representing any funding agencies.

Limitations

This study has several limitations that should be
considered when interpreting the results. First,
our evaluation is based on the vanilla subset of
the Berkeley Function Call Leaderboard to focus
on single-turn tool-calling scenarios with prede-
fined function interfaces. This choice allows us
to isolate execution-level effects under controlled
conditions, but the results should be interpreted
within this single-turn setting. Second, although
we examine three typologically diverse languages,
including a low-resource language, the set of lan-
guages remains limited and does not cover all lin-
guistic families or writing systems. Our goal is not
exhaustive multilingual coverage, but to identify
systematic patterns that emerge across represen-
tative high-resource and low-resource languages.
Third, our definition of execution correctness as-
sumes that tool interfaces expect parameter values
in English. This reflects a common design choice
in current tool-calling systems and benchmarks,
and our analysis focuses on understanding model
behavior under this convention rather than advo-
cating a particular interface design. Fourth, the
inference-time strategies studied in this paper are
intentionally simple. They are used as diagnostic
probes to help identify the sources of multilingual
failures, rather than as optimized mitigation meth-
ods. Finally, although we analyze model scale
and architecture effects across several model fami-
lies, our conclusions are constrained by the specific
models evaluated and should not be interpreted as
claims about all future model designs.

Ethical Considerations

This work evaluates multilingual tool calling by
LLMs under a controlled, English-only execution
interface, using translated and perturbed versions of
existing benchmark queries (Chinese, Hindi, Igbo)

without collecting user data or conducting human-
subject studies. The primary risk is that tool-calling
failures in non-English settings can cause silent
non-executable calls or incorrect downstream ac-
tions, which may disproportionately affect non-
English users; our contribution is a diagnostic tax-
onomy and mitigation analysis intended to help
system builders detect and reduce such execution-
level errors, although stronger tool-calling can also
increase the effectiveness of automation if con-
nected to high-impact tools. Limitations include
partial language coverage and possible translation
artifacts that can introduce semantic drift; we report
language-specific error patterns to avoid overgener-
alization. AI-assisted tools were used to improve
the writing of this paper.
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A Appendix

A.1 Code and Dataset

All code and datasets used in this paper
are available at https://anonymous.4open.
science/r/multilingual_robustness_tool_
calling-CA44.

A.2 Detailed Error Taxonomy

To characterize multilingual tool-calling failures
beyond binary correctness, we organize errors ac-
cording to their impact on execution rather than
semantic adequacy alone. As illustrated in Fig-
ure 3, error categories are ordered by severity, re-
flecting whether a generated tool call can be parsed,
executed, or reliably recovered in a realistic tool-
calling system.

At the most severe end are syntax errors, where
malformed outputs cannot be parsed into valid func-
tion invocations. These failures prevent any execu-
tion attempt and reflect violations of the output for-
mat rather than language understanding. Function-
level errors are syntactically valid but violate the
tool schema, such as incorrect function names or
missing parameters. While closer to execution,
they still result in non-executable tool calls.

A central focus of this work is parameter value
language mismatch, which we further decompose
by semantic correctness. (a) Language Mismatch
+ Wrong Value: In the most severe cases, pa-
rameter values are expressed in a non-English lan-
guage and are semantically unrelated to the ground
truth. (b) Language Mismatch + Relevant but
Incorrect: Less severe variants preserve partial
relevance but do not precisely match the intended
meaning. They typically arise when models mir-
ror the user’s language while producing under-
specified values, reflecting combined language and
semantic imprecision. (c) Language Mismatch
+ Same Meaning: Another less severe variant
shows non-English parameter values that are con-
ceptually related but do not precisely match the in-
tended meaning. They typically arise when models
mirror the user’s language while producing under-
specified values, reflecting combined language and
semantic imprecision. Together, these errors isolate
failures at the language–execution interface, as in-
tent understanding and tool selection have already
succeeded.

Finally, we consider parameter value errors
without language mismatch, ranging from seman-
tically incorrect and irrelevant values (Wrong
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Value) to semantically relevant but incorrect values
(Relevant but Incorrect), values that are semanti-
cally the same but differ in surface form (Exactly
Same Meaning), thus fail strict BFCL surface-
form matching.

A.3 Details of Inference-Time Mitigation
Strategies

A.3.1 Prompt-Level Instruction (PT)
Prompt-Level Instruction (PT) fully translates the
user query into the target language and explicitly
instructs the model to output parameter values in
English. This strategy probes whether models can
follow execution-level conventions through natural-
language instructions alone, without altering the
input query or post-processing the output.

A.3.2 Pre-Translation (PRE)
Pre-Translation of User Queries (PRE) translates
non-English user queries into English before tool
calling. To avoid confounding the effect of trans-
lation quality with model capability, the same lan-
guage model is used for both translation and tool
calling. PRE removes multilingual input entirely
from the tool-calling step, serving as an upper
bound on what can be achieved through input nor-
malization.

A.3.3 Post-Translation (POST)
Post-Translation of Parameter Values (POST) trans-
lates generated parameter values into English after
tool calling but before execution. This strategy di-
rectly targets parameter value language mismatch
while preserving the model’s original tool selection
and argument structure. As with PRE, translation
is performed by the same model to control for lan-
guage proficiency.

A.4 Manual Verification Process

We have group members who speak Chinese, Hindi,
and Igbo.

For each entry of the fully translated dataset, we
verify that the translated user queries have the same
meaning as the original ones, but we do not enforce
the wordings of the queries so that a tool-calling
LLM intelligent enough always has a chance to
hit the ground truth. For example, “queen-size
bed" may not have a strict equivalence in many
languages; therefore, we may judge any translation
that is semantically equivalent to “a large bed" as
appropriate. As a consequence, we do not expect

the tool-calling LLM to recover exactly “queen-
sized bed", but if the LLM fails to do so, we still
count it as a failure to meet the ground truth.

For the partially translated dataset, we verify
both the semantic invariance and the property that
keywords acting as parameter values in the ground
truth are kept in English. It is noteworthy that this
kind of keyword preserving may not stop LLMs
from passing in parameter values that are not in
English. For example, if only “A" in “Company
A" appears in the ground truth parameter values,
we do not also keep the word “Company" in En-
glish, although LLMs may pass in “Company A"
in the user query’s language, causing a language
mismatch.

A.5 Sample Tool Call Generation Prompt

We use BFCL’s prompt for tool generation, and
add slight modifications to it to adapt to the proper-
ties of different models (for example, GPT-5 uses
“developer" message instead of “system" message).
A sample prompt can be found below. Note that
the “IMPORTANT: Pass all parameter values in
English" prompt only appears in the PT setting, as
illustrated in Figure 2.

System Prompt:
You are an expert in composing functions. You
are given a question and a set of possible func-
tions. Based on the question, you will need to
make one or more function/tool calls to achieve
the purpose. If none of the functions can be
used, point it out. If the given question lacks
the parameters required by the function, also
point it out.
You should ONLY return function calls in your
response. You MUST NOT include any other
text, explanations, or direct answers. If you
decide to invoke any function(s), you MUST
use the provided tools. Do NOT attempt to
answer the question directly without using the
available functions.
[IMPORTANT: Pass all parameter values in
English.]
User Prompt:
[user query]
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A.6 Fully Translated Dataset Generation
Prompt

Prompt:
Translate the following English question to [tar-
get_language]. Provide a natural, fluent trans-
lation that maintains the meaning and intent of
the original question.

A.7 Partially Translated Dataset Generation
Prompt

A sample prompt can be found below. Note that the
keywords are extracted from the parameter values
in the ground truth.

Prompt:
Translate the following English question to [tar-
get_language]. Keep the keywords listed be-
low unchanged (do not translate them).
Question: [question_content]
Keywords to preserve (keep in English): [key-
words_str]
Provide only the [target_language] translation.

A.8 Paraphrased Dataset Generation Prompt

Prompt:
You are a helpful assistant helping rephrase
user requests, while accurately preserving their
meaning, including numbers and names if
they exist. Do not answer the requirement;
just produce another one that is identical in
meaning but is phrased differently. Produce
ONLY the rephrased requirement, without fur-
ther thoughts or explanations.

A.9 Synonym Dataset Generation Prompt

Prompt:
You are a helpful assistant that replaces words
with synonyms of similar meaning while main-
taining semantic correctness. Your task is to
process word by word and replace each word
with a synonym if possible.
IMPORTANT RULES: 1. Replace words with
appropriate synonyms 2. Maintain the seman-
tic meaning and grammatical structure 3. Do
NOT perform general paraphrasing, only syn-
onym replacement 4. Process word by word,
not phrase by phrase 5. If a word has no suit-
able synonym or is a proper noun, keep it un-
changed
Produce ONLY the modified text with syn-
onyms, without further thoughts or explana-
tions. Consider the example below:
USER: Can I find the dimensions and proper-
ties of a triangle, if it is known that its three
sides are 5 units, 4 units and 3 units long?
ASSISTANT: Can I discover the measure-
ments and characteristics of a triangle, if it
is known that its three sides are 5 units, 4 units
and 3 units long?

A.10 Tool Calling IO Protocol for Tested
Model Families

We do not use the official BFCL repository’s im-
plementation of tool calling protocol handling, but
implement it ourselves to stick to the latest offi-
cial documentation for each model and make the
code base clean and extensible. The following are
the documentations we reference to implement the
tool, calling format conversion, and output pars-
ing. The detailed implementation can be viewed at
Appendix A.1.

GPT-5 Family The official documentation for
the GPT-5 tool calling IO protocol can be found at
https://platform.openai.com/docs/guides/
function-calling?strict-mode=enabled#
defining-functions.

DeepSeek V3.2 The official documentation for
the DeepSeek V3.2 tool calling IO protocol can
be found at https://api-docs.deepseek.com/
guides/function_calling.

Qwen 3 Family The official documentation for
the Qwen 3 tool calling IO protocol can be found
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at https://qwen.readthedocs.io/en/latest/
framework/function_call.html.

Llama 3.1 Family The official documentation
for the Llama 3.1 tool calling IO protocol
can be found at https://huggingface.co/
meta-llama/Llama-3.1-70B-Instruct#
tool-use-with-transformers.

Granite 4 Family The official documenta-
tion for Granite 4 tool calling IO protocol
can be found at https://huggingface.co/
ibm-granite/granite-4.0-micro.

B Additional Results

B.1 Case Study of Translation-Induced
Semantic Drift.

Figure 8 presents a representative example of pre-
translation (PRE), where translating the user query
alters parameter surface forms through normal-
ization or synonym substitution. Although the
translated query preserves the original intent, the
resulting tool call fails under strict surface-form
matching, illustrating why PRE cannot fully re-
cover English-level performance.

Original User Query:

I want to book a suite with queen size bed for 3 nights in Hilton New York. Can you find the pricing for me?

Ground Truth:

hotel_room_pricing.get(

hotelName= "Hilton New York", roomType= "suite with queen size bed", nights=3)

Fully Translate Query to Chinese:

我想在纽约希尔顿酒店预订一间带大号床的套房，住3晚。你能帮我查一下价格吗？

Translated back to English by Qwen3-Next-80B-A3B:

I would like to book a suite with a king-size bed at the Hilton Hotel in New York for three nights. Could you help 

me check the price?

Output Tool Call:

hotel_room_pricing.get(

hotelName= "Hilton New York", roomType= "suite with a king-size bed", nights=3)

Verdict:

Invalid parameter values, relevant but incorrect.

Figure 8: Case study: semantic drift introduced
by query-level translation. An example where pre-
translating a user query alters the realized parameter
surface forms, leading to an execution failure despite
correct intent understanding.

B.2 Effects of Model Scale and Architecture

Within the GPT-5 family (Figures 9(a), 9(b), 9(c)),
performance is consistent across scales, with the
standard model slightly outperforming distilled
variants. This indicates that tool-calling accuracy
depends on the model’s style at comprehending the
user queries and its understanding of the best tool-
calling convention to determine things like how
many functions to call, what parameter values to
choose, etc, under limited constraint or instruction,

to align with the input convention of the down-
stream task.

For Llama 3.1 (Figures 10(a), 10(b), 10(c)),
larger models show fewer syntax errors and
stronger instruction following, including implicit
awareness of English parameter conventions.
Larger models also have a much better instruction
following capability when being prompted to pass
in parameter values in English, as shown in the
PT experiment. In short, for the Llama 3.1 fam-
ily models, a large model size does improve the
overall robustness under user queries of different
languages. The improvement is composed of the
stability of generating a valid tool call under con-
fusion and uncertainty, a better awareness of the
parameter value passing convention, and a better
instruction following capability.

We also notice that in the partially translated ex-
periment, the Llama 3.1 70B model has slightly
worse performance than the Llama 3.1 8B model,
although it has fewer syntax errors. After investi-
gating the evaluation results, we find that for all
numeric values, Llama 3.1 70B appears to only
be able to output integers, while the ground truths
are decimal numbers. We exclude the possibility
of bugs in the parsing logic, and the framework’s
soundness is further backed up by the fact that
Llama 3.1 8B uses the same framework while not
having the same problem. This phenomenon re-
mains unexplained.

Qwen3 MoE models (Figures 11(a), 11(b),
11(c)) do not show monotonic gains with scale.
Qwen3-30B-A3B underperforms Qwen3-14B, and
Qwen3-Next-80B-A3B shows limited gains over
Qwen3-32B. This is mainly because they are Mix-
ture of Experts (MoE) models, where only a part
of the neurons of the models are activated during
inference, selected depending on the category of
the task. This may cause the models to not have the
expertise in both multilingual understanding and
tool calling formation at the same time, thus having
worse performance than smaller non-MoE models.
Notably, Qwen3-Next-80B-A3B performs best on
Igbo, showing that it has more knowledge about
the Igbo language than the smaller models.

Granite 4 models (Figures 12(a), 12(b), and
12(c)) show an inverse trend: larger models per-
form worse on Chinese but better on Igbo. This sug-
gests that Granite 4’s tool-calling behavior is less
responsive to instruction-based mitigation, likely
reflecting tighter coupling between tool execution
patterns and training-time conventions.
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B.3 Additional Results of Semantic
Perturbations

We provide additional results on the interaction
between semantic perturbations and execution set-
tings in Appendix Figures 13 and 14. These fig-
ures complement the main-text analysis by illus-
trating how paraphrasing and synonym substitu-
tion affect error composition under different lan-
guage–execution regimes. Consistent with the
trends discussed in Section 3.4, semantic pertur-
bations have a limited impact in fully translated
settings, where execution failures are dominated
by parameter value language mismatch. In con-
trast, under partially translated queries or explicit
English-parameter prompting, semantic perturba-
tions introduce additional errors by disrupting the
recovery of exact English parameter surface forms.
These results further support our conclusion that se-
mantic noise primarily amplifies multilingual tool-
calling failures when strict execution-level surface-
form constraints are enforced.
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(b) Partially translated queries (PAR).
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Figure 9: GPT-5 series behavior across query lan-
guage compositions and inference-time prompting.
We compare GPT-5, GPT-5 mini, and GPT-5 nano un-
der fully translated (FT), partially translated (PAR), and
fully translated queries with explicit English-parameter
prompting (PT). Across model sizes, GPT-5 variants
exhibit low semantic error rates, indicating strong mul-
tilingual intent understanding. Errors in the FT setting
are primarily driven by parameter value language mis-
match, which is substantially reduced in PAR and PT,
demonstrating that execution-level language conven-
tions, rather than semantic reasoning, dominate GPT-5
failures under multilingual tool calling.
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(b) Partially translated queries (PAR).
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Figure 10: Llama 3.1 series exhibits limited ro-
bustness to multilingual execution constraints. We
compare Llama 3.1–8B and Llama 3.1–70B under
fully translated (FT), partially translated (PAR), and
fully translated queries with explicit English-parameter
prompting (PT). In contrast to GPT-5, Llama 3.1 shows
substantial execution failures in the FT setting that com-
bine parameter value language mismatch with semantic
errors. While PAR and PT reduce some mismatch er-
rors, a non-trivial portion of failures persists, indicating
that multilingual degradation for Llama 3.1 reflects both
execution-interface violations and reduced robustness
in cross-lingual semantic interpretation.
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(a) Fully translated queries (FT).
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(b) Partially translated queries (PAR).
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(c) Fully translated with English-parameter prompting (PT).

Figure 11: Qwen 3 models exhibit strong language
alignment but inconsistent adherence to execution
conventions. We compare Qwen 3 models of differ-
ent sizes under fully translated (FT), partially trans-
lated (PAR), and fully translated queries with explicit
English-parameter prompting (PT). In the FT setting,
Qwen 3 frequently preserves non-English parameter
values, leading to prominent execution-level language
mismatch errors. While PAR substantially reduces these
errors by preserving English parameter strings, explicit
prompting (PT) yields mixed improvements, indicating
that strong language alignment can conflict with strict
execution-interface requirements.
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(b) Partially translated queries (PAR).
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(c) Fully translated with English-parameter prompting (PT).

Figure 12: Granite 4 models show strong English tool-
calling performance but limited gains from inference-
time mitigation. We evaluate Granite 4 models under
fully translated (FT), partially translated (PAR), and
fully translated queries with explicit English-parameter
prompting (PT). While PAR reduces execution-level
language mismatch by preserving English parameter
strings, explicit prompting (PT) yields limited additional
improvement. This suggests that Granite 4’s tool-calling
behavior is less responsive to instruction-based mitiga-
tion, likely reflecting tighter coupling between tool exe-
cution patterns and training-time conventions.

17
44075



NO
PA

RA
SY

NO NO
PA

RA
SY

NO NO
PA

RA
SY

NO NO
PA

RA
SY

NO NO
PA

RA
SY

NO
0.0

0.1

0.2

0.3

0.4

0.5

0.6

Er
ro

r R
at

e

0.100

0.165

0.200

0.135
0.160

0.190

0.140

0.1850.190

0.055
0.080

0.105

0.040

0.075

0.110

DeepSeek V3.2 GPT-5 Llama 3.1-70BQwen3-Next-80B
Granite 4.0-H-Small

English (NT)

Syntax Error
Function-Level Error
Language Mismatch + Wrong Value
Language Mismatch + Relevant But Incorrect
Language Mismatch + Exactly Same Meaning
Wrong Value
Relevant But Incorrect
Exactly Same Meaning
Other Error

NO
PA

RA
SY

NO NO
PA

RA
SY

NO NO
PA

RA
SY

NO NO
PA

RA
SY

NO NO
PA

RA
SY

NO
0.0

0.1

0.2

0.3

0.4

0.5

0.6

Er
ro

r R
at

e

0.190

0.240
0.215

0.120

0.1800.180
0.155

0.2050.210

0.060

0.130
0.110

0.050

0.1300.125

DeepSeek V3.2 GPT-5 Llama 3.1-70BQwen3-Next-80B
Granite 4.0-H-Small

Chinese - PAR

NO
PA

RA
SY

NO NO
PA

RA
SY

NO NO
PA

RA
SY

NO NO
PA

RA
SY

NO NO
PA

RA
SY

NO
0.0

0.1

0.2

0.3

0.4

0.5

0.6

Er
ro

r R
at

e

0.495
0.510

0.525

0.2850.285
0.270

0.4750.475
0.500

0.4650.465
0.485

0.405

0.445

0.410

DeepSeek V3.2 GPT-5 Llama 3.1-70BQwen3-Next-80B
Granite 4.0-H-Small

Chinese - FT

NO
PA

RA
SY

NO NO
PA

RA
SY

NO NO
PA

RA
SY

NO NO
PA

RA
SY

NO NO
PA

RA
SY

NO
0.0

0.1

0.2

0.3

0.4

0.5

0.6

Er
ro

r R
at

e

0.370
0.355

0.370

0.240
0.2650.265

0.290
0.3150.320 0.3100.305

0.335

0.400
0.4200.415

DeepSeek V3.2 GPT-5 Llama 3.1-70BQwen3-Next-80B
Granite 4.0-H-Small

Chinese - PT

Figure 13: Semantic perturbations primarily affect Chinese tool calling when English parameter surface
forms are required. We compare five representative models under semantic perturbations across three execution
settings on Chinese queries: fully translated (FT), partially translated (PAR), and fully translated with explicit
English-parameter prompting (PT).
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Figure 14: Semantic perturbations primarily affect Hindi tool calling when English parameter surface forms
are required. We compare five representative models under semantic perturbations across three execution settings:
fully translated (FT), partially translated (PAR), and fully translated with English-parameter prompting (PT).
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