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Abstract

We present MASSIVE-Agents, a new bench-
mark for assessing multilingual function calling
across 52 languages. We created MASSIVE-
Agents by cleaning the original MASSIVE
dataset and then reformatting it for evaluation
within the Berkeley Function-Calling Leader-
board (BFCL) framework. The full benchmark
comprises 47,020 samples with an average of
904 samples per language, covering 55 differ-
ent functions and 286 arguments. We bench-
marked 21 models using Amazon Bedrock and
present the results along with associated anal-
yses. MASSIVE-Agents is challenging, with
the top model, Nova Premier, achieving an av-
erage Abstract Syntax Tree (AST) Accuracy of
34.05% across all languages, with performance
varying significantly from 57.37% for English
to as low as 6.81% for Amharic. Some mod-
els, particularly smaller ones, yielded a score
of zero for the more difficult languages. Ad-
ditionally, we provide results from ablations
using a custom 1-shot prompt, ablations with
prompts translated into different languages, and
comparisons based on model latency.

1 Introduction

Large Language Models (LLMs) and Foundation
Models (FMs) are now commonly used as agents,
where the term agent is used to describe a software
module that has access to real-world tools and can
determine if using a tool is necessary to achieve
the user’s goal. The agent must choose from a list
of available tools, generate the correct syntax to
successfully invoke the tool, and handle the tool’s
response (Xi et al., 2023; Yao et al., 2023; Schick
et al., 2023; Patil et al., 2023). The agent also often
then formulates human-friendly responses.
Existing benchmarks for agentic performance
are often limited to evaluating agents with queries
only in English, such as the Berkeley Function

*All authors were associated with Amazon at the time of
publication.

Calling Leaderboard (BFCL) (Yan et al., 2024),
API-Bank (Li et al., 2023), Nexus Function Call-
ing (team, 2023), and 7-bench (Yao et al., 2024).
To help address this gap, we adapted a portion of
the MASSIVE dataset (FitzGerald et al., 2023) into
a new benchmark we call MASSIVE-AGENTS.
Our contributions include the following:

1. We reformatted the MASSIVE dataset for tool
use using the BFCL framework,

2. We performed substantial automatic and man-
ual data filtering on the original data to ensure
the highest quality of the final data, reducing
the original test set from 152k to 47k utter-
ances,

3. We conducted benchmarking and analysis of
21 models across major performance tiers, and

4. We release the new benchmark data and code
publicly’.

2 Method

Building upon the MASSIVE (FitzGerald et al.,
2023; Bastianelli et al., 2020) benchmark published
in 2022, we created the MASSIVE-AGENTS mul-
tilingual natural language understanding dataset de-
signed for evaluating FMs agentic capabilities. In
the following, we first provide more details on our
dataset specification and the original MASSIVE
dataset. Subsequently, we describe the filtering and
transformations we conducted on the MASSIVE
dataset to create MASSIVE-AGENTS .

2.1 The MASSIVE source dataset

The original MASSIVE dataset (FitzGerald et al.,
2023) is a massively multilingual benchmark that
comprises parallel data across 52 languages and
was designed for evaluating Spoken Language Un-
derstanding (SLU) models. Consequently, the
dataset comprises user utterances directed toward
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voice-controlled devices, which are human anno-
tated with intent and slot labels, spanning 60 in-
tents, 55 slot types, and 18 domains. Moreover,
meta information, including quality scores, e.g.,
regarding grammar and spelling, is available. We
selected MASSIVE as our source dataset as it i)
covers many languages with parallel data, as this
enables easy analysis across languages, and ii) the
format/SLU labels are well suited for conversion
into the desired agent format, including function
calling tests.

2.2 Dataset specification

We aim to create a multilingual dataset designed
for evaluating FMs agentic capabilities, as prior
research has demonstrated there are unique chal-
lenges when dealing with low-resource languages
in addition to typologically diverse languages
(Simpson et al., 2008; Strassel and Tracey, 2016;
Lakew et al., 2020; Marivate et al., 2020; Maguer-
esse et al., 2020; Goyal et al., 2021). To align with
a widely used benchmark for measuring agentic
performance, i.e., the Berkeley Function Calling
Leaderboard (BFCL), we represent the data accord-
ingly via function calling tests, i.e., pythonic func-
tion calls. We manually specify the set of supported
functions based on the slot and intent matrix used
for the original MASSIVE dataset, defining which
arguments are required, optional, and if any of the
arguments have default values. In the latter case,
we also specify default behaviors for a set of char-
acteristics.

We assume that user utterances are directed to-
ward a voice interface; thus, the structure of the
language used may be more terse and task-directed.
We furthermore assume that the corresponding de-
vice has multimodal capabilities, including apps
that can be launched, such as email, social media,
music, and media (Spotify, YouTube, ...) in ad-
dition to native capabilities, such as asking about
the weather (forecast). Based on this, we define
default experiences for each function, such as the
email app opening up with pre-filled content about
the sender and recipient or the device reading out
calendar events for the specified day.

Note that function and user behavior specifica-
tions are needed to determine which utterances
from the original MASSIVE dataset should be
transformed for MASSIVE-AGENTS .

2.3 Data Filtering

While the MASSIVE data format generally allows
for conversion into the desired format that can be
used by agents, creating a clean and high-quality
dataset comes with many challenges and requires
extensive filtering efforts.
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We choose English as our familiar anchor language
for data filtering, as the MASSIVE dataset is a
parallel corpus, and we propagate filters across
lesser-known languages. We manually filtered out
933 utterances from the original MASSIVE dataset
that did not meet our quality standards, resulting
in 1,978 carefully curated utterances as our repre-
sentative dataset. The resulting data points were re-
viewed by another annotator and further validated
by independent annotations on 20% of the data
and demonstrating high inter-annotator agreement.
We filter out utterances containing Missing or in-
complete annotations, Incorrect annotations, Am-
biguous utterances, Unsupported behaviors, Multi-
Turn utterances, Multi-Function utterances, Low
frequency mismatched arguments, Duplicated ar-
guments and Open ended/catch all functions. We
provide a comprehensive overview of these filters
in App A.1.

Manual Filtering

2.3.2 Automated Filtering

We conduct programmatic-based filtering > for ev-
ery language based on certain thresholds. The cri-
teria on which the threshold is defined are a com-
bination of the inter-annotator agreement across
intent slots and an automated mechanism to judge
the grammar and spelling. All of which are present
in the metadata of the annotations of the original
MASSIVE dataset. As a fail-safe, we further drop
any utterances that contain duplicated arguments
that were not flagged in the manual filtering round.

In order to maintain the parallel nature of the
dataset to the degree that it is possible, we take an
intersection of this high-quality automated, filtered
data with the identifiers of the manually filtered
high-quality annotation curated for English. This
results in a 47,020 sample dataset across all lan-
guages with an average of 900 samples per lan-

guage.
2.4 Transformation to functions

We convert intents to function names by replac-
ing the "_" with a to effectively define a

nn
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| want to listen to be more chill by ned vizzini

i want to listen [audiobook_name:
be more chill] by
[audiobook_author: ned vizzini]

play_audiobook

audiobook_name = “be more chill”
audiobook_author = “ned vizzini”

play.audiobook(audiobook_name=“be more chill”,
audiobook_author="ned vizzini”)

Has ¥ et Aew & Rufy w7 ¥

weather_query

weather.query(place,name="§ilé”, date="31Ta1")

User Utterance

.3 ; Original MASSIVE

(Intent, Slot)

Intermediate State
(Function, Sub-
Function, Arguments)

place_name = “Heg"
date = “

Function Call

Figure 1: Transformation of two prompts in English (left) and Hindi (right), from the original NLU-style Intent-Slot
annotation in the original MASSIVE dataset, to building intermediate states of a parent function and sub-function
and capturing the slot name and values as arguments. These are finally combined as the function call in each
language. While we run experiments with descriptions of the functions in target languages, we also maintain English

function and argument names for simplicity.

Namespace and a corresponding function. With
this approach, for instance, email_addcontact,
and email_sendemail all are grouped under the
emaztl Namespace and are different function calls
as email.addcontact() and email.sendemail ().
Further, we parse out slot names and slot values,
and these constitute the argument names and ar-
gument values for the functions. We provide an
illustration of this transformation in Fig. 1.

Given that the utterances are all transcriptions
from a voice-based interface, we do not post-
process any date timestamps and expect the model
to be able to copy appropriate argument values
from the utterance verbatim as directed in the
prompt instructions for evaluation.

We also make the following considerations while
transforming the data to functions:

2.4.1 QA Style Questions

Through analysis of the annotated utterances, we
find that there exists a lot of ambiguity in the
slot annotations for question-answering based in-
tents. This is primarily due to the limitations
of expressiveness with the slot tagging approach;
this is exemplified in the qa_factoid intent, "how
large is [place_name : alaska]". To mitigate is-
sues, we use the entire utterance as a required
query argument to the function and discard the
actual slot annotations. Thus resulting in the
transformation to qa. factoid(query="how large is
alaska"). We transform qa. factoid(), ga.maths(),
qa.currency() and datetime.convert() functions
using this methodology. These functions also test
the model’s ability to follow instructions to lever-
age the grounded ‘QA° functions in the prompt

instead of attempting to answer parametrically.

Function call with no arguments We define
the behavior of the function when no argu-
ments are provided or required. For example,
recommendation.events() would return a list of
events within a 20 mile radius of the user’s location
or email.query() would return all unread emails
over the past two days. This tests the model’s
ability to understand what the user is trying to
achieve when the utterance is underspecified, such
as "check emails".

2.5 Function and Argument Annotations

MASSIVE-AGENTS incorporates 55 different
functions and 200 arguments with 53 distinct ar-
gument names. We human annotate descriptions
for each of the functions with the description of
the function itself, the default behavior without
arguments, and the default user experience. The
complete function description is generated by com-
bining the three descriptions in order, respectively,
with prefixes in between.

For example, the alarm.query() description
reads as "Query date, time, or event name for any
or all alarms currently set. If no arguments are pro-
vided, then it returns the date(s), time, and event
name for all alarms currently set. The default user
experience is that it plays and shows the date(s),
times, and event names of all alarms currently set".

Further, for each of the 200 arguments corre-
sponding to their function, we have unique descrip-
tions and also human annotations for the default
argument values.



2.6 Sampling

We also create a condensed version of the dataset,
i.e., 10k samples, to facilitate function testing
and development. We do so by stratifying across
functions and within functions across arguments;
specifically, we create a 3-level graph of locales,
functions, and arguments. After determining the
number of samples needed per locale, we iterate
through the locales. For each locale, we cycle
through a randomized list of functions and ran-
domly choose an argument tuple before cycling
to the next function. Once the utterances from an
argument set are exhausted, that entry is removed,
and this holds true for functions as well. We aim
to get a relatively even distribution across locales,
functions, and sets of arguments, and we empiri-
cally demonstrate that the 10k version results track
those of the full dataset and are thus representative.

2.7 Dataset Statistics

The Full and 10k datasets contain 47,020 and 9,741
samples, respectively, with 286 and 279 unique
function and argument name combinations along
with an average of 904 samples per language and
187 samples per language. We also see that due to
filtering and quality control, some languages, such
as Khmer (km-KH) have a much smaller coverage
of only 53 samples; however, most other languages
are fairly well represented in the dataset. App. A.2
contains a complete analysis of the statistics.

3 Benchmarking

In this section, we present a comprehensive evalu-
ation of various language models performance on
the MASSIVE-AGENTS benchmark. Specifically,
we assess FMs ability to generate accurate function
calls across multiple languages, test splits, and dif-
ferent prompting strategies. Limiting our analysis
to the family of non-thinking models available in
Amazon Bedrock at the time of writing, our eval-
uation encompasses open-source models ranging
from 1B to 405B parameters (Dubey et al., 2024),
and proprietary models, including releases such
as Claude 3.5 v2 Sonnet (Anthropic, 2024), and
Nova models (Intelligence, 2024a,b). We exam-
ine both zero-shot and one-shot scenarios across
all languages, using either an initial English-only
prompt or prompts translated into different target
languages.

*Output speed obtained from https://artificialanalysis.ai/
on 19 December 2024.

In Sec. 3.1, we detail our experimental setup,
including our prompting strategies and evaluation
metrics. Sec. 3.2 presents our main results, ana-
lyzing performance across different languages and
models. Finally, in Sec. 3.3, we conduct abla-
tion studies to understand the impact of different
prompting strategies and their interaction with var-
ious languages.

3.1 Experimental Setup

Tab. 1 provides a comprehensive overview of all
evaluated models, including their parameter counts,
maximum context lengths, release dates, and output
speed (tokens/sec) as an example of performance
reference.

For our main experiments, we employ two dis-
tinct prompting strategies. The first uses the
BFCL (Yan et al., 2024) zero-shot template, while
the second is a custom one-shot template with
MASSIVE-AGENTS -specific instructions to en-
hance performance. Both templates are challenging
and computationally demanding due to the context
length, typically exceeding 12,000 tokens. How-
ever, while BFCL positions output syntax instruc-
tions before the set of actions, our custom template
places instructions after the actions, which empir-
ically should lower the number of syntax errors.
Additionally, our custom template includes specific
instructions encouraging models to preserve argu-
ment values exactly as they appear in the query,
as well as to only make the function call without
comments or clarifying questions. Instructions and
function descriptions are in English for both tem-
plates. The complete prompt templates are pro-
vided in App. A.4.

To ensure reproducibility across all experiments,
we utilize greedy decoding for all models. We con-
duct our evaluation on two dataset splits: the 10k
split is tested with both prompting strategies, while
the full MASSIVE-AGENTS dataset is evaluated
on a subset of models using only the BFCL zero-
shot template due to computational requirements.
The full split evaluation serves as a way to validate
the correlation between the two splits, helping to
confirm that the 10k split is a reliable proxy for
model performance assessment.

We employ two primary metrics for evaluation:

* Function Selection Accuracy (FSA): This
metric evaluates the proportion of queries for
which the model correctly identifies the in-
tended function. It focuses solely on select-
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Figure 2: Comparison of different benchmarked models is plotted by output speed (tokens/sec)>against the average
AST accuracy. Triangular markers represent results for the BFCL zero-shot prompt, while circular markers represent
those for the custom one-shot prompt. All results were obtained using the 10k split.

ing the correct function, without considering
the accuracy of arguments. The aggregated
results report the average across all tested lan-
guages. A higher FSA score indicates better
alignment between the user’s query and the
model’s function selection.

* Abstract Syntax Tree Accuracy (AST): AST
measures the overall correctness of the gener-
ated function call, including both the function
selection and the parsing of arguments into
the correct structure. It evaluates whether the
entire abstract syntax tree of the generated re-
sponse matches the ground truth perfectly. A
perfect match requires that both the function
name and all its arguments are correct, reflect-
ing the model’s ability to fully comprehend
and generate precise function calls. Even if
a more permissive evaluation of arguments
could result in significantly higher outcomes,
we prefer to adhere to an evaluation consistent
with the public BFCL. The aggregated results
report the average across all tested languages.

3.2 Results and Analysis

Fig. 2, Tab. 2-3, and appendix Tab. 5-10 present a
comprehensive overview of our evaluation results
across different models, prompting strategies, and
dataset splits. Unless otherwise stated, all reported
average SCores are macro averages: we compute
the accuracy for each language individually and
then average across languages.

Looking at zero-shot performance on the 10k
split (Tab. 2, 5, and 6), we observe several key
trends. First, larger models generally perform bet-
ter, with Nova Premier achieving the highest aver-
age AST score (34.05%) and Claude 3.5 v2 Son-
net the highest FSA score (86.61%). This trend
is consistent with model scale, as evidenced by
the progression in the Llama family, where perfor-
mance steadily improves from 1B (AST: 0.23%,
FSA: 2.50%) to 405B parameters (AST: 25.61%,
FSA: 81.07%).

As expected, the one-shot setup with our cus-
tom prompt (Tab. 2, 7, and 8) yields substantial
improvements across all models. The performance
gains are particularly pronounced in FSA, with
Claude 3.5 v2 Sonnet reaching 90.83% average
accuracy (Tab. 8), suggesting that the model bet-



Model Params I\(/[:ix DoR OS;?;;t
Llama 3.1 8B 8B 128k 07/24 182
Llama 3.1 70B 70B 128k 07/24 73
Llama 3.1 405B 405B 128k 07/24 30
Llama 3.2 1B 1B 131k 09/24 560
Llama 3.2 3B 3B 131k 09/24 198
Llama 3.2 11B 11B 128k  09/24 131
Mistral 7B 7B 32k 09/23 97
Mixtral 8x7B 56B 32k 12/23 121
Command R 35B 128k  08/24 112
Command R+ 104B 128k 08/24 49
Claude 2.1 NP 200k 07/23 NP
Claude 3 Haiku NP 200k 03/24 124
Claude 3 Sonnet NP 200k 03/24 66
Claude 3 Opus NP 200k 03/24 26
Claude 3.5 Sonnet NP 200k 06/24 56
Claude 3.5 Haiku NP 200k 10724 65
Claude 3.5 v2 Sonnet NP 200k 1024 54
Nova Micro NP 128k 12/24 197
Nova Lite NP 300k 12/24 148
Nova Pro NP 300k 12/24 92
Nova Premier NP 1M 04/25 66

Table 1: Summary table of the models evaluated in this
study, detailing each model’s parameter count, maxi-
mum context length (CL), release date (DoY), and Out-
put Speed (tokens/sec)’ performance.

ter understands function selection when provided
with an example and more tailored instructions.
Similarly, AST scores show notable improvements
across Claude 3 Opus, Nova Micro, and Nova Pro.
For Claude 3 Opus, the AST zero-shot BFCL score
improved from 13.03% to 35.90% with a one-shot
custom prompt. Nova Micro saw an increase from
5.53% (AST zero-shot BFCL) to 25.38% (AST one-
shot custom prompt), while Nova Pro improved
from 23.65% to 42.65% under the same condi-
tions. Despite these advancements, AST results
remain below 50%, highlighting that while models
are becoming more proficient at selecting the cor-
rect function, they still face challenges in precise
argument parsing across all languages, as particu-
larly shown by the Sonic family of models.

The comparison between 10k and full splits (Tab.
3,9, and 10) demonstrates strong correlation in per-
formance patterns, validating our use of the 10k
split as a reliable proxy for model evaluation. This
correlation is evident in both high-performing mod-
els, such as Nova Premier, Claude 3.5 Sonnet, and
smaller models, such as Llama 3.1 8B, where rela-
tive performance rankings remain consistent across
both splits.

When examining language-specific performance,

we observe significant variations across different
language families and scripts. Germanic languages
(e.g., English, German, Dutch) and Romance lan-
guages (e.g., Italian, French, Spanish) consistently
show comparatively high performance across all
models. For instance, in the zero-shot setting, En-
glish achieves the maximum AST score (57.37%)
with Nova Premier, while Thai (th-TH) and Italian
(it-IT) also demonstrate strong performance with
scores above 40% for several models. On the other
hand, we observe substantial performance degrada-
tion for certain language groups. Low-resource lan-
guages like Amharic (am-ET) and Javanese (jv-ID)
consistently appear among the lowest-performing
languages across all models and setups. This per-
formance gap is particularly evident in zero-shot
scenarios, where these languages often score below
5% in AST.

Finally, the error analysis shown in Fig. 3 cat-
egorizes models into three size groups across the
spectrum from small models like Llama 3.2 1B to
large ones like Llama 3.1 405B and Nova Premier,
showing their error distributions on a logarithmic
scale with dotted lines indicating maximum values.
The analysis reveals a clear evolution of error pat-
terns as model size increases. Small models like
Llama 3.2 1B primarily fail due to basic syntax
errors, reflecting their fundamental struggle with
function call structure and with instruction follow-
ing due to the size of the context. This pattern shifts
significantly in medium and large models, where
errors stem mainly from wrong function selection
and missing/invalid parameters rather than syntax
issues. Notably, across the entire size spectrum,
we do not observe significant hallucination issues,
suggesting that models remain constrained to the
provided function specifications when generating
function calls.

For comprehensive analysis, App. A.3 presents
complete results for all languages across both
BFCL zero-shot and one-shot setups, as well as
the full split evaluation, providing detailed insights
into model performance across the entire language
spectrum.

3.3 Ablation Study

We conduct an ablation study on prompt translation
strategies using seven representative models: three
large models (Claude 3.5 v2 Sonnet, Nova Pro, and
Claude 3.5 Sonnet) and four smaller ones (Llama
3.1 8B, Claude 3.5 Haiku, Nova Micro, and Claude



AST, BFCL Prompt 0-Shot, 10k

AST, Custom Prompt, 1-Shot, 10k

Model Avg MaxLang Max MinLang Min Avg MaxLang Max MinLang Min
Nova Premier 34.05 57.37 en-US 6.81 am-ET | 40.40 63.68 en-US 12.57 am-ET
Claude 3.5 v2 Sonnet 27.06 53.68 en-US 17.37 kn-IN | 29.37 63.68 en-US 17.37 kn-IN
Llama 3.1 405B 25.61 46.32 en-US 12.04 am-ET | 32.97 58.64 th-TH 17.28 cy-GB
Claude 3.5 Haiku 24.94 43.16 en-US 12.04 cy-GB | 28.42 57.37 en-US 14.29 jv-ID
Nova Pro 23.65 47.89 en-US 10.53 pl-PL | 42.65 59.47 en-US 25.26 kn-IN
Nova Lite 22.52 43.16 en-US 12.11 pl-PL | 32.70 55.79 en-US 17.46 jv-ID
Llama 3.1 70B 18.77 40.84 th-TH 6.28 mn-MN | 30.02 54.97 th-TH 13.09 cy-GB
Claude 3 Opus 13.03 27.22 th-TH 4.19 hu-HU | 35.90 59.47 en-US 22.11 kn-IN
Llama 3.2 11B 9.78 21.05 en-US 1.57 am-ET | 18.41 32.63 en-US 2.62 am-ET
Llama 3.1 8B 9.09 20.00 en-US 0.52 am-ET | 11.94 32.63 zh-TW 1.04 ka-GE
Mistral 7B 5.81 20.53 en-US 0.00 multi 7.86 21.58 en-US 0.00 multi
Nova Micro 5.53 17.89 en-US 0.00 km-KH | 25.38 48.95 en-US 12.70 jv-ID
Llama 3.2 3B 4.33 18.42 en-US 0.52 multi 391 14.21 en-US 0.00 multi
Command R+ 3.58 16.32 en-US 0.00 multi 4.88 24.74 en-US 0.00 multi
Mixtral 8x7B 3.23 12.11 en-US 0.00 multi 7.86 25.26 en-US 0.00 am-ET
Claude 2.1 0.67 4.74 sv-SE 0.00 multi 0.46 2.63 es-ES 0.00 multi
Llama 3.2 1B 0.23 1.59 de-DE 0.00 multi 0.11 2.10 en-US 0.00 multi

Table 2: Summary table of AST results for the BFCL zero-shot and custom one-shot prompts on the 10k split. For
each evaluated model, macro average, maximum, and minimum scores are reported.
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Figure 3: Error distribution analysis across model sizes on a logarithmic scale. Dotted lines indicate maximum
values. The progression shows a shift from syntax errors in small models to function selection and parameter errors

in larger models.

3 Haiku). Using Amazon Translate*, we create
variants of the BFCL zero-shot template where
we translate separately the initial instructions and
function descriptions for six languages: Italian (it-

*nttps://aws.amazon.com/it/translate/

IT), German (de-DE), Spanish (es-ES), Japanese
(ja-JP), Hindi (hi-IN), and Chinese (zh-CN). We
then evaluate models using either partial transla-
tion (only descriptions) or full translation (both
instructions and descriptions), comparing these ap-


https://aws.amazon.com/it/translate/

AST, BFCL Prompt, 0-Shot, Full

Model Avg MaxLang Max MinLang Min
Nova Premier 37.93 58.34 de-DE 6.30 am-ET
Claude 3.5 Sonnet  28.55 45.93 th-TH 19.36 ur-PK
Claude 3.5 Haiku  27.18 40.27 en-US 17.05 jv-ID
Nova Lite 25.94 41.55 en-US 13.21 km-KH
Nova Pro 25.16 45.65 en-US 15.40 mn-MN
Llama 3.1 70B 19.29 39.34 th-TH 8.56 mn-MN
Claude 3 Opus 13.02 2791 th-TH 4.13 jv-ID
Llama 3.1 8B 9.40 19.62 en-US 1.97 am-ET
Mistral 7B 7.01 18.80 en-US 0.24 my-MM
Nova Micro 5.58 15.42 en-US 0.00 km-KH
Mixtral 8x7B 3.83 9.63 en-US 0.00 multi
Claude 2.1 0.58 3.11 sv-SE 0.00 multi

Table 3: Summary table of AST results for the BFCL
zero-shot prompt on the full split. For each evaluated
model, the macro average across languages, maximum,
and minimum scores are reported. The results closely
mirror those from the 10k split, demonstrating that the
10k split serves as a reliable proxy for the full test set.

proaches against an English-only baseline.

The results, visualized in Fig. 4 and App.A.S,
reveal distinct patterns across model sizes. In gen-
eral, smaller models like Llama 3.1 8B show sig-
nificant performance degradation when moving
away from English instructions, particularly for
non-Latin scripts. For instance, Japanese transla-
tions cause performance drops of up to 73% in
AST scores when evaluated on the same language
of the prompt. Conversely, larger models demon-
strate overall improvements with prompt transla-
tions. Nova Pro, and Claude 3.5 v2 Sonnet show
consistent improvements in both AST and FSA
metrics when provided with only translated descrip-
tions. The gains are particularly notable in AST
Claude 3.5 v2 Sonnet (improvements of 1-44%),
and Nova Pro (1-26%). However, interestingly,
these improvements diminish or even reverse when
using fully translated prompts either for AST or
FSA, suggesting a preference for English instruc-
tion. On the other hand, Claude 3 and 3.5 Haiku
models show a slightly more varied pattern, with
FSA scores actually improving in some cases when
only descriptions are translated, suggesting better
function identification with language-specific de-
scriptions. This is not the case for AST, where no-
ticeable and significant degradations are observed
in most of the evaluations.

Additionally, an interesting observation emerged
from this ablation study: Claude 3.5 Sonnet and
Nova Micro show substantial improvements across
nearly all translation combinations (Fig. 7 - 10).
The gains are explained by both models’ tendency
to generate explanatory comments or additional

Llama 3.1 8B Claude 3.5 v2 Sonnet

it-IT Partial --26 -2.8 -20 -4.93.8-29-55 0 2.9 45
it-IT Full --11 5.6 -19 -18 -13 0 -20 -6.3 -26 -27 Bk 29 -11
de-DE Partial - -15 -27E 2.9 0 15-1.8-5357 2.3
de-DE Full - 16 11 -7.4-4.8-21 0 6.7 2 -89 4.4 -16 21 -14 0
es-ES Partial - -20 -5.913-2918 0 -2.923

es-ES Full --5.3-5.6 4.8 -11 27 -13 -2 -7.6-4.4-7.3 -24 -20 -11

Prompts

hi-IN Partial --5.3-17 = 20 ¥13 6.7 0 5963 1.5-3.6/45 14 16
hi-N Ful 26 ELIREREIRE] 6727 88152215 20 0 23
ja-JP Partial --18 |11 -22 20 3.9 1.3-1.5-11 -13 29 -45
ja-JP Full - EEEE -6.9-19 -18 -16 -21 14 -11

zh-CN Partial --18 -31 -30 -24 -20 -20 -5.9-3.8-2.9-55-11 0 14
zh-CN Full --26 -14 -9.5 -20 -27 -12 -15 -10 -15 |-26 2.9 -2.3
1 1 1 1 Ll 1 1 1 1 1 1 1 1 1
O & K O R > © L K O 8
20,0 < b@,o é)fc & _\@\ %\,o 20,0 < b@,o é)fc & _\@\ 4y,c,

Test Languages Test Languages

Figure 4: Relative AST performance changes in percent-
age points when using translated prompts compared to
the English-only baseline. Results for Llama 3.1 8B and
Claude 3.5 v2 Sonnet across six test languages, show-
ing both partial (function descriptions only) and full
(instructions and descriptions) translation prompts.

questions before function calls when prompted
in English, leading to syntax errors despite ex-
plicit instructions against this behavior. This ten-
dency diminishes with translated prompts, result-
ing in cleaner function calls. Interestingly, this
same improvement is achieved with the custom
one-shot template, which more explicitly prohibits
additional commentary (Claude 3.5 Sonnet from
26.88% to 39.18%, Nova Micro from 5.53% to
25.38%). While BFCLv2 zero-shot includes simi-
lar instructions before the action list (as shown in
App. A.4), the positioning appears less effective
in preventing this behavior. The complete results
of this ablation study, including detailed AST and
FSA scores for all models and language combina-
tions, are provided in App. A.5.

4 Conclusion

When discussing artificial general intelligence, em-
phasis is often given to a model’s performance
across a breadth of tasks and domains. We contend
that full multilingualism across all of the Earth’s
languages should also be a requirement. MAS-
SIVE and subsequently MASSIVE-AGENTS are
unique in that the languages are sampled across
a range of typologies and language resource lev-
els. We hope that this new benchmark will prove
valuable to language model researchers worldwide
toward the goal of greater multilinguality of future
foundation models.



5 Limitations

This work covers a broad set of experiments across
52 languages and 21 model types; however, there
exist several limitations that we call out in this sec-
tion. As the dataset is adapted from the original
MASSIVE dataset, which was based on voice as-
sistant requests, this also restricts the paradigm in
which the dataset exists and may not be entirely
representative of the function calling abilities or
types of requests that may be currently asked of
LLMs. Specifically, the dataset is restricted to
single-turn utterances and also static workflows
that were achievable through the last generation
of voice assistants. Further, the evaluation expects
the verbatim use of an argument value from the
voice transcription and does not allow for normal-
ization of date/time or for aliases and thus is a
stricter evaluation. We also find that the MAS-
SIVE dataset is not well suited for transformation
to multiple function calling due to a lack of good
annotations with multiple function calls and thus
do not evaluate multiple function calling and leave
this as future work. However, we also call out that
despite these limitations, the dataset is still chal-
lenging, and contemporary LLMs still struggle to
achieve remarkable performance. Further, due to
the contemporary nature of reasoning style models,
we have been unable to benchmark these as a part
of this work and aim to also benchmark the same
in the near future. Finally, our language ablation
that considers prompts in other languages only cov-
ers high-resource languages for which we could
also find speakers to verify our machine-translated
prompts, and this in the future could be extended
to more languages and to look for latent improve-
ments that may exist in similar language roots or
geographical closeness.
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Appendix

A.1 Manual Filtering Details

As discussed in 2.3.1 we perform significant man-
ual filtering of the data to ensure only high-quality
data points make it through the pipeline. We use
the following guidelines or buckets in order to de-
cide whether or not an utterance is deemed to be
high quality.

¢ Missing or Incomplete Annotations: We
find some utterances are missing annota-
tions for crucial information either due to a
lack of appropriate slot types or poor qual-
ity annotation. One such example is "add
lowes hardware to my contact emails located
in [place_name : cleveland ohio]", where
"lowes hardware" is missing an annotation for
business_name.

* Incorrect Annotations: We find some ut-
terances to have incorrect annotations due
to poor annotation quality. An example of
such is ‘[song_name : comfort my ears] with
[artist_name : arijit singh]‘ where ‘comfort
my ears’ is not a song name.

* Ambiguous Utterances: We find some ut-
terances missing context on the expected be-
havior or item being referenced, examples of
such include "remove that item", "respond to
email"” or "set a reminder for this".

* Unsupported Behaviors: We observe that
some utterances expect behaviors of future
function calls or request functionality not sup-
ported by the function. Examples are ’notifi-
cations for news’ and ’explanation of the song’
respectively.

e Multi-Turn Utterances: We drop a handful
of utterances that are leading utterances, ex-
pecting the model to produce a response, be-
fore the user responds with the action the user
wants the model to take, thus requiring the
model to ingest more than one user turn be-
fore taking an action.

* Multi-Function Utterances: We drop the
handful of utterances that require multiple
function calls to be made, as the annotations
for MASSIVE did not support this (although
they would still constitute valid requests). Of-
ten the functions themselves are repeated with
different arguments and not necessarily chain-
ing multiple functions to achieve a workflow.
For example, ‘i love this music can you please

save this to my dance playlist and remember
that i like it* requires two different function
calls, and ‘where can i get a shot of [food_type
: tequila] and some to go [food_type : mex-
ican] food‘ requires the same function call
twice. Thus we decided to focus on high qual-
ity on single function calling and leave multi-
ple function calls as future work.

* Low-frequency mismatched arguments:
We find some utterances with very rarely re-
quested argument types where the argument
type itself did not align with the rest of the
function. Such an example is, "set a repeating
reminder alarm for the [media_type : face-
book] event i have to attend on [date : seventh
april]", which media_type is an odd placed
functionality for an alarm function.

Duplicated Arguments: We also ignore the
handful of utterances where there are multiple
annotations for the same argument name, as
these are often poor-quality utterances or typ-
ically require multiple intents. ‘where can i
get a shot of [food_type : tequila] and some
to go [food_type : mexican] food‘ is again an
example of this.

Open-ended and catch all functions: We ex-
plicitly drop the functions of general_greet,
general_quirky, and cooking query as
these are all open-ended utterances, making it
hard to define arguments and also rationalize
having these as functions. Further, we also
drop functions of audio_volume_other and
music_settings as these serve as catch all
functions for the audio and music setups and
often have poor-quality utterances.

A.2 Dataset Statistics

We compute statistics on both the full and 10k
datasets in Table 4 to present the number of func-
tions covered, the namespaces covered, unique ar-
guments (ARG), unique combinations of function
and argument keys (function-ARG), and the total
number of samples. We see that across both the full
and 10k datasets there is similar coverage for the
function-ARG combinations, which is further evi-
dence that these datasets correlate well with each
other. We also see that due to annotation quality
issues, some languages, such as Khmer (km-KH)
have a much smaller coverage of only 53 samples;
however, most other languages are fairly well rep-
resented in the dataset.



| 10k Full

Lang | Function Namespace ARG Function-ARG Total | Function Namespace ARG Function-ARG  Total

All | 55 18 53 279 9741 | 55 18 53 286 47020
tr-TR 55 18 39 108 189 55 18 49 209 1163
sq-AL 54 18 42 111 188 54 18 47 206 1301
fr-FR 55 18 46 113 189 55 18 47 195 972
de-DE 53 18 39 110 189 53 18 44 150 737
pl-PL 55 18 45 123 190 55 18 51 231 1359
sl-SL 53 18 41 115 192 53 18 47 204 1122
vi-VN 48 17 35 108 188 48 17 37 134 435
da-DK 52 18 37 109 188 52 18 45 184 992
el-GR 51 18 44 111 191 51 18 46 187 950
cy-GB 54 18 43 112 191 54 18 47 203 1227
es-ES 55 18 43 112 190 55 18 49 187 913
mn-MN 46 17 38 100 191 46 17 41 136 409
ru-RU 55 18 41 113 189 55 18 49 206 1185
is-IS 53 18 41 108 188 53 18 43 176 879
ca-ES 55 18 42 122 189 55 18 47 202 1026
Iv-LV 55 18 44 115 192 55 18 49 186 896
ar-SA 52 18 40 105 191 52 18 42 159 602
kn-IN 55 18 48 124 190 55 18 53 253 1768
hu-HU 52 17 39 107 191 52 17 44 186 988
nl-NL 55 18 43 113 190 55 18 50 189 1005
hy-AM 49 18 43 110 192 49 18 44 158 670
km-KH 16 9 13 30 53 16 9 13 30 53
ms-MY 55 18 43 120 191 55 18 50 222 1251
ja-JP 54 18 44 118 190 54 18 47 200 1079
zh-CN 52 17 41 113 188 52 17 47 218 1380
ro-RO 54 18 41 110 185 54 18 49 198 904
hi-IN 39 16 33 64 185 39 16 33 64 185
he-IL 55 18 46 118 192 55 18 49 210 1218
ml-IN 55 18 45 117 189 55 18 53 228 1277
pt-PT 53 18 43 107 190 53 18 46 153 536
tl-PH 50 17 38 103 192 50 17 39 174 929
zh-TW 51 18 37 96 190 51 18 41 130 525
nb-NO 52 18 41 100 191 52 18 43 162 863
ko-KR 55 18 39 115 192 55 18 49 178 840
it-IT 51 18 43 94 189 51 18 45 129 602
id-ID 55 18 46 121 188 55 18 53 238 1335
ta-IN 51 18 39 104 192 51 18 43 157 605
th-TH 50 17 36 96 191 50 17 41 119 455
az-AZ 52 18 40 109 192 52 18 43 166 657
sv-SE 52 18 43 107 190 52 18 48 198 1126
sw-KE 55 18 40 114 191 55 18 48 208 1162
te-IN 52 18 41 100 191 52 18 43 126 478
en-US 55 18 42 104 190 55 18 53 270 1952
bn-BD 49 18 38 99 191 49 18 41 133 605
am-ET 40 17 41 89 191 40 17 41 92 254
my-MM 54 18 44 112 191 54 18 48 185 819
jv-ID 55 18 50 119 189 55 18 53 221 1161
ur-PK 34 14 28 68 190 34 14 28 68 248
ka-GE 54 18 40 112 192 54 18 43 152 736
fi-FI 55 18 42 108 191 55 18 47 198 1088
af-ZA 55 18 45 113 188 55 18 49 199 1054
fa-IR 55 18 45 116 188 55 18 52 202 1044

Table 4: Dataset Statistics for the 10k and Full dataset



A.3 Results for all languages on 10k and full
splits

In this appendix, we present results for all lan-
guages and models tested, both for the 10k and full
splits. Specifically, Tables 5 and 6 provide AST
and FSA results for the 10k split, obtained using
the BFCL zero-shot template. In contrast, Tables
7 and 8 present data for both metrics on the same
split but using the custom one-shot prompt. Lastly,
Tables 9 and 10 report scores for AST and FSA on
the full split with the BFCL zero-shot template.

A.4 BFCL and Custom one-shot prompts

To help reproducibility, this section outlines the
complete prompts used across all experiments. Fig-
ure 5 depicts the original BFCL prompt, which
does not feature any examples and provides in-
structions before listing the available functions.
As a result, due to the extensive number of func-
tions and the corresponding large context, mod-
els may produce a higher percentage of syntax er-
rors. Conversely, Figure 6 presents our custom
prompt, which incorporates tailored instructions
for the MASSIVE-Agents dataset and includes a
fixed example to help the model follow the correct
syntax. Except for the ablation study on prompt
translation, both prompts are static and always pro-
vided in English.

You are an expert in composing functions. You are
given a question and a set of possible
functions.

Based on the question, you will need to make one or
more function/tool calls to achieve the purpose

If none of the function 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 the
function call in tools call sections.

If you decide to invoke any of the function(s), you
MUST put it in the format of [func_namel (
params_namel=params_valuel, params_name2=

params_value2...), func_name?2 (params)]\n
You SHOULD NOT include any other text in the
response.

Here is a list of functions in JSON format that you
can invoke.

{functions} User: {question} Bot:

Figure 5: BFCL zero-shot prompt, showcasing place-
holders for functions and the input question.

A.5 Ablation Study - Additional Material

This appendix section provides a comprehensive
report on our ablation study of prompt transla-
tion, presenting AST and FSA results for all large

A chat between a curious User and an artificial
intelligence Bot. The Bot gives helpful,
detailed, and polite answers to the User’s
questions. In this session, the model has
access to external functionalities.

The following actions are available:
{functions}

Model Instructions:

— Function calls must adhere to the programming
language’s syntax.

— Select the most suitable action from the given
list.

— Extract relevant arguments for function calls from
the user’s utterance.

— Do not ask any clarifying questions.

— Preserve the original argument values as provided
in the user’s utterance.

- Always respond with a function call (e.g., Action:
ActionOne()). Do not add further explanations
or comments.

Example Interaction:

User: set an alarm for nine am this week

Bot: Action: alarm.set (time="nine am", date="this
week")

User: {question} Bot:

Figure 6: Custom one-shot custom prompt, show-
casing placeholders for functions and the input
question.

models (Claude 3.5 v2 Sonnet, Nova Pro, and
Claude 3.5 Sonnet) and small models (Llama 3.1
8B, Claude 3.5 Haiku, Nova Micro, and Claude
3 Haiku) tested. All variations are based on the
BFCL zero-shot template, utilizing Amazon Trans-
late. Specifically, Figures 7 and 8 display results
for all models and languages using the AST metric,
while Tables 9 and 10 present results for the FSA
metric.
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hy-AM 0.00 0.00 0.00 0.00 1.04 0.00 3.12 1.04 885 3.65 4.17 833 13.02 16.15 15.62 1823 17.19 13.54 18.23 1823 11.98
id-ID 0.00 0.00 4.25 11.70 2.66 12.77 585 5.85 10.64 11.17 12.77 13.30 28.19 20.75 22.34 27.13 32.45 3298 30.85 32.98 43.62
is-IS 0.00 0.00 1.60 1.06 1.06 1.06 3.19 372 532 479 585 692 11.17 1543 18.09 19.15 1596 17.55 19.15 21.28 29.79
it-IT 1.06 2.12 6.88 12.70 12.17 2593 12.70 12.70 17.46 19.05 19.58 22.22 3227 33.33 33.86 3545 41.27 4391 41.27 41.80 52.38
ja-JP 0.53 053 579 316 632 263 684 790 737 7.90 10.00 14.74 17.37 1579 22.63 24.74 23.68 20.53 23.16 18.42 43.16
jv-ID 0.00 0.00 0.53 212 0.53 370 159 212 476 635 635 423 1217 794 12.17 1746 12.70 18.52 14.29 18.52 20.11
ka-GE 0.00 0.00 1.04 0.00 1.04 000 156 2.08 729 625 573 13.02 14.06 19.27 16.67 21.88 23.44 19.79 30.73 27.08 11.46
km-KH  0.00 0.00 0.00 0.00 566 000 000 1.89 11.32 1698 16.98 20.76 16.98 24.53 13.21 2641 22.64 16.98 30.19 28.30 13.21
kn-IN 0.00 1.58 1.58 0.00 3.16 0.00 263 053 1000 842 895 1421 11.05 12.63 1579 1526 14.21 13.16 16.84 17.37 1421
ko-KR  1.04 052 990 052 469 000 885 990 1042 1042 1250 1823 19.79 20.31 23.44 21.35 27.60 29.69 29.69 26.04 25.52
Iv-LV 0.00 052 1.04 000 3.12 208 677 3.12 3.65 885 729 729 1146 16.67 17.71 20.83 23.96 21.35 24.48 26.56 33.33
ml-IN 0.00 053 0.3 000 053 000 212 000 68 7.94 9.00 14.82 12.17 1693 19.58 20.11 20.64 1534 19.05 23.28 19.58
mn-MN  0.00 0.00 157 0.00 157 000 262 1.05 838 471 576 1152 628 1623 17.28 18.32 22.51 16.23 22.51 22.51 22.51
ms-MY 000 052 4.19 995 1.57 1047 576 3.14 628 11.52 11.00 9.95 17.28 19.37 24.08 26.18 27.75 28.80 27.22 30.37 40.31
my-MM 000 0.00 157 0.00 052 000 209 0.00 890 7.85 890 1623 13.09 19.89 23.56 16.75 28.27 21.47 30.89 26.70 8.38
nb-NO  0.00 1.57 3.67 785 3.14 995 3.67 681 471 13.09 11.00 9.95 15.18 18.85 21.99 28.27 21.99 26.18 28.80 32.98 43.46
nl-NL 1.05 158 421 790 895 1526 842 842 1421 10.00 14.74 10.53 2421 2632 2526 30.00 27.37 34.21 33.68 31.05 45.79
pl-PL 0.53 0.00 053 263 210 421 474 474 526 474 474 6.84 13.68 13.16 12.11 10.53 17.37 1526 16.84 18.95 29.47
pt-PT 0.00 0.53 3.68 11.58 7.37 17.37 13.16 10.00 12.11 15.26 16.84 17.37 30.00 31.05 27.89 30.00 39.47 40.53 39.47 37.90 48.42
ro-RO 0.54 0.00 541 649 432 1027 757 649 1027 1027 1243 1027 2270 17.84 25.41 2595 30.27 35.68 31.89 34.05 43.24
ru-RU 0.53 0.00 370 0.00 7.94 0.00 6.88 9.52 10.58 6.88 7.94 1587 23.28 21.69 22.75 24.34 24.34 2593 30.16 28.57 35.98
sI-SL 0.00 0.00 208 4.17 208 1.56 3.12 4.69 4.17 417 521 938 13.02 1510 1823 21.88 20.31 22.40 20.31 23.44 33.33
sq-AL  0.00 1.06 2.13 053 1.60 160 425 213 3.19 532 479 532 1330 14.36 17.55 17.02 1596 19.15 17.02 22.34 28.19
sv-SE 0.00 474 474 3.6 474 737 474 790 474 947 11.58 12.63 23.68 22.63 27.37 28.42 30.53 33.16 34.21 3526 43.16
sw-KE  0.00 0.00 262 367 209 262 471 262 524 681 838 576 995 18.85 1832 18.85 18.85 19.89 16.75 21.47 31.94
ta-IN 0.00 052 052 000 625 000 521 156 938 729 6.77 1250 13.54 15.62 22.92 17.19 20.83 15.10 24.48 23.44 16.67
te-IN 0.00 0.00 052 0.00 628 0.00 4.19 105 12.04 890 9.95 2566 17.80 17.28 22.51 24.08 21.99 19.37 28.27 27.75 25.13
th-TH 0.00 2.62 1.57 0.00 12.57 0.00 838 10.47 14.66 17.80 17.80 27.22 40.84 27.22 33.51 33.51 32.46 44.50 45.03 31.94 37.17
tl-PH 0.00 0.00 1.04 469 052 781 3.65 417 312 677 990 833 2031 19.79 18.75 18.75 26.56 23.44 23.44 27.60 36.46
tr-TR 0.00 1.06 3.17 370 370 476 741 476 741 741 9.00 6.88 19.05 12.17 23.81 19.05 19.58 2222 19.58 17.99 31.22
ur-PK 0.53 2.10 2.63 000 632 0.00 842 7.37 13.68 947 10.53 21.05 21.05 18.95 32.10 24.21 28.42 21.05 22.11 27.89 38.42
vi-VN 0.53 053 425 000 3.72 000 213 798 532 9.57 1223 1330 28.19 18.62 23.94 26.06 29.25 39.36 34.04 31.38 38.83
zh-CN 0.00 0.00 5.85 053 479 213 692 745 798 798 10.11 18.62 18.62 19.15 20.75 27.66 30.32 28.72 29.79 23.40 37.77
zh-TW 0.53 0.00 895 526 790 3.68 947 1421 1684 15.79 13.16 2526 34.21 26.84 34.74 31.58 37.37 38.42 36.32 31.58 45.26

Table 5: BFCL zero-shot prompt on 10k split. AST for all tested languages.
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Average 2.50 2.61 1220 13.73 16.55 21.03 21.42 22.39 36.95 40.37 53.67 55.63 65.29 68.61 69.91 70.34 72.83 77.23 78.77 81.07 86.61
af-ZA 1.60  2.66 13.83 31.91 14.89 34.04 18.09 17.02 23.94 28.19 52.13 53.72 64.89 67.55 60.64 70.21 77.66 73.40 78.19 80.32 85.11
am-ET 052 0.00 209 0.00 157 052 052 052 29.84 36.65 1571 17.28 53.40 53.93 65.45 49.74 68.59 73.82 53.40 69.63 83.25
ar-SA 3.66 262 12.04 1.05 14.14 2.09 2094 27.75 40.84 36.65 51.83 52.88 70.68 67.02 72.25 72.77 73.82 79.06 81.15 81.15 87.96
az-AZ 0.52  6.77 1250 14.06 12.50 14.58 16.15 15.62 37.50 38.02 56.25 61.98 59.90 71.88 67.71 73.44 72.40 71.88 81.77 80.73 87.50
bn-BD 1.57 1.57 7.85 0.00 1990 0.00 21.99 21.47 39.79 42.41 51.83 53.93 62.83 70.68 78.01 81.15 64.92 74.87 79.58 84.82 86.39
ca-ES 265 423 11.64 20.63 19.58 32.80 22.22 28.04 23.81 3228 55.03 57.67 66.14 63.49 70.90 70.90 67.72 76.72 79.37 81.48 84.66
cy-GB 0.52 0.00 471 838 733 1414 576 6.81 13.61 19.90 29.84 28.27 5497 57.07 52.36 48.69 56.54 49.21 48.17 61.78 67.54
da-DK 479 2.66 1596 28.19 18.62 38.83 16.49 25.00 21.28 26.06 53.72 56.91 72.87 73.94 6596 62.77 71.28 72.87 85.11 85.11 89.36
de-DE 529 212 2222 40.21 21.16 49.74 32.80 37.57 38.10 38.10 60.85 59.26 59.26 68.78 66.14 73.54 76.19 79.37 85.19 80.95 86.77
el-GR 1.57 3.66 262 0.00 23.04 2.62 17.80 25.13 43.98 47.12 59.69 61.78 73.30 69.11 75.92 73.30 83.77 79.58 87.43 84.82 89.53
en-US 3.68 0.00 32.11 33.68 28.42 60.00 54.21 47.89 30.00 36.32 63.68 67.37 80.53 82.11 58.42 7526 66.84 84.74 91.58 87.89 89.47
es-ES 3.16 3.16 1632 32.11 28.95 57.89 40.53 38.95 30.53 39.47 62.11 62.63 72.11 66.84 71.58 70.53 82.11 81.05 90.53 86.84 91.05
fa-IR 426 372 691 266 2021 2.66 21.81 29.26 4840 46.28 62.23 64.36 62.77 71.81 77.13 69.15 73.94 76.60 80.85 83.51 86.17
fi-FI 1.05 0.00 17.80 18.32 19.37 29.84 16.23 18.32 28.80 35.08 47.64 52.36 64.40 74.87 78.53 70.16 74.35 80.10 85.86 83.25 88.48
fr-FR 476 2.12 14.81 29.63 2222 59.26 36.51 33.86 29.10 34.92 5820 59.26 77.78 75.66 69.31 82.54 84.13 84.13 87.83 88.36 93.65
he-IL 1.56 0.00 2.60 0.00 16.15 2.08 6.77 27.08 40.62 40.10 56.77 60.94 78.12 78.12 80.73 79.17 80.73 82.81 82.81 83.85 90.10
hi-IN 324 8.11 22116 1.62 15.14 1.08 30.81 19.46 57.84 47.03 61.62 62.16 64.86 67.03 82.16 84.86 68.65 86.49 87.03 85.95 93.51
hu-HU 3.14 995 17.80 14.66 19.37 19.90 19.90 24.08 20.42 37.70 52.88 56.02 61.26 69.63 72.77 62.83 73.82 76.96 81.15 79.58 84.29
hy-AM 1.04 1.04 729 0.00 781 260 938 3.12 3854 4583 54.69 59.90 71.88 69.79 69.27 75.00 72.92 77.60 61.46 84.90 83.33
id-ID 2,66 0.53 14.89 36.70 22.87 45.74 26.06 28.72 3298 40.96 55.32 61.17 74.47 71.81 66.49 65.96 75.53 8191 81.38 82.98 85.64
is-IS 0.00 1.06 10.11 798 957 532 585 851 21.28 26.06 36.17 36.17 55.85 62.23 61.17 57.98 66.49 70.21 78.72 70.74 84.04
it-IT 3.17 6.88 23.81 3333 17.46 62.96 38.62 40.74 41.80 41.80 73.02 75.13 75.13 73.54 75.13 7249 80.42 83.60 92.06 91.01 95.24
ja-JP 6.84 1.58 22.11 12.11 2579 18.42 30.53 34.74 4842 58.42 62.63 67.37 72.63 6895 78.42 81.05 70.00 84.74 84.21 82.11 87.89
jv-ID 0.53 0.00 3770 899 529 1852 794 794 12.17 18.52 29.63 30.16 47.62 45.50 35.45 43.39 4392 42.86 53.44 54.50 61.90
ka-GE 0.52 0.00 729 0.00 1042 208 7.81 5.73 43.75 41.67 48.96 48.96 65.62 62.50 75.52 68.23 75.52 77.60 58.33 77.60 88.54
km-KH 3.77 0.00 0.00 0.00 3.77 11.32 2453 7.55 60.38 5849 67.92 62.26 66.04 67.92 77.36 64.15 79.25 7547 64.15 71.70 8491
kn-IN 053 211 526 105 842 158 1842 579 61.05 5632 51.05 53.16 56.84 69.47 72.63 73.68 66.32 73.68 75.79 81.58 82.63
ko-KR 312 1.04 2240 4.17 4271 2.08 20.83 39.58 54.17 62.50 67.19 69.79 75.00 77.60 83.85 78.65 86.98 89.58 72.92 88.54 96.88
Iv-LV 0.52 1.04 1250 3.65 5.73 1250 14.06 9.38 24.48 28.65 46.35 46.88 67.71 64.06 71.35 67.71 71.88 76.04 80.73 79.17 85.42
ml-IN 1.06 2,65 582 106 476 159 1481 3.70 57.67 48.15 59.26 60.85 58.73 66.14 71.96 76.72 66.67 80.42 77.25 86.24 91.01
mn-MN 262 0.00 628 0.00 576 209 628 3.66 49.21 46.07 38.74 39.27 57.59 62.30 70.68 63.87 74.87 72.25 71.20 74.87 85.86
ms-MY 1.57 0.52 12.57 30.37 20.94 39.27 25.65 18.85 24.61 29.84 51.83 5393 71.20 70.68 67.02 60.73 72.25 74.87 82.20 79.06 82.72
my-MM 052 0.00 733 000 4.19 157 3.66 1.05 4450 43.46 41.88 43.98 47.12 55.50 68.06 60.73 71.73 74.35 46.60 74.87 84.82
nb-NO 3.14 524 11.52 29.84 19.37 41.88 16.75 25.65 25.65 25.65 60.21 60.21 70.68 68.59 65.45 58.64 72.25 74.35 82.20 83.25 90.58
nl-NL 526 474 1526 2895 20.53 54.74 30.53 31.05 27.37 37.37 60.00 62.63 70.00 71.58 61.05 70.00 76.32 80.00 88.95 87.89 90.00
pl-PL 421 0.00 17.37 30.00 21.58 38.95 30.53 34.21 36.84 44.21 61.05 66.84 66.32 74.74 74.74 78.95 78.42 84.74 89.47 88.42 89.47
pt-PT 5.79 211 23.68 31.05 22.63 61.58 30.00 42.11 34.74 42.63 62.63 64.21 67.37 66.84 68.95 65.26 81.05 83.16 86.32 85.26 90.00
ro-RO 432 0.54 1351 23.78 16.22 3297 23.78 21.62 25.41 34.59 51.35 54.59 67.57 70.81 65.95 72.97 73.51 78.92 84.86 86.49 87.57
ru-RU 212 1.06 1376 0.53 2698 2.12 29.10 36.51 41.80 50.26 65.08 67.20 69.31 69.84 70.90 84.13 79.37 83.60 87.83 87.30 90.48
sl-SL 1.56  0.00 15.10 23.96 17.19 21.35 9.90 27.60 23.44 33.85 50.00 48.96 68.75 71.35 64.58 68.23 71.35 77.60 81.77 77.60 85.42
sq-AL 319 9.04 745 9.04 1330 13.83 10.11 12.23 19.15 26.06 37.77 38.83 54.79 61.17 59.04 53.19 58.51 56.38 71.28 68.09 75.00
sv-SE 2.63 13.16 9.47 22.63 19.47 3842 26.84 32.11 27.37 31.58 56.32 57.89 66.84 76.32 67.89 63.68 78.42 82.63 90.00 83.68 90.00
sw-KE 209 1.05 681 1623 4.19 13.09 12.57 12.04 18.85 20.94 31.94 31.94 5445 58.12 60.73 62.30 52.36 62.30 73.30 70.68 72.77
ta-IN 1.04 2.60 11.46 2.08 1042 156 1927 4.69 58.85 52.08 54.17 5573 63.54 68.75 72.40 80.73 79.69 82.81 71.88 82.81 89.06
te-IN 209 1.05 524 105 3.14 157 2199 524 59.16 58.12 57.59 60.21 61.78 73.30 78.53 82.72 72.77 78.01 83.77 84.29 90.58
th-TH 0.52 471 13.61 0.00 13.61 1.05 4450 32.98 57.07 57.59 69.63 73.82 68.06 77.49 82.72 87.96 86.91 86.39 80.63 85.34 89.01
tI-PH 260 1.04 6.77 2448 15.10 27.08 16.67 21.35 20.83 23.96 46.88 47.92 56.77 59.90 58.85 61.98 59.90 70.83 73.44 71.35 79.17
tr-TR 2,12 265 1799 23.81 1852 30.69 16.93 19.05 34.92 49.74 58.73 61.38 67.72 75.13 68.25 70.90 62.43 83.60 86.77 86.77 89.95
ur-PK 316 947 1632 263 1579 4.21 2842 27.89 57.89 48.42 52.63 57.37 5421 7526 7632 7421 71.58 81.05 84.74 81.05 91.58
vi-VN 2.13 266 213 0.53 21.28 3.72 28.19 27.13 36.17 36.70 53.19 55.85 59.04 67.02 70.21 77.66 76.60 78.19 81.91 80.85 87.77
zh-CN 372 2.13 12.77 13.30 33.51 28.72 31.38 42.02 47.34 52.66 61.70 6596 71.81 70.21 76.60 78.19 79.26 85.11 84.57 85.11 88.30
zh-TW 211 0.53 16.84 13.68 29.47 26.32 32.63 45.79 55.26 63.68 63.16 63.68 72.63 73.68 81.58 84.74 84.21 87.37 84.74 89.47 91.58

Table 6: BFCL zero-shot prompt on 10k split. FSA for all tested languages.
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Average 0.11 0.46 391 488 556 7.86 7.86 11.94 17.13 18.41 2538 28.42 29.37 30.02 3220 32.70 32.97 3590 39.18 40.40 42.65
af-ZA 0.00 0.00 4.79 1436 9.57 957 745 10.64 1596 17.55 29.25 30.85 33.51 30.32 34.58 3191 3191 38.83 39.890 46.28 45.21
am-ET 0.00 0.00 0.00 0.00 0.52 0.00 0.00 1.05 12.04 262 16.75 19.89 20.94 15.71 20.94 21.47 17.80 29.84 31.94 12.57 33.51
ar-SA 0.00 1.05 157 0.00 0.00 838 6.28 13.61 13.09 16.75 21.47 27.22 25.66 21.47 28.27 29.84 27.22 34.03 30.37 45.03 34.55
az-AZ 0.00 0.00 0.52 052 1.04 573 729 833 1510 14.06 26.56 26.04 26.04 25.52 30.21 32.29 25.52 31.77 27.60 3490 41.67
bn-BD 0.00 0.00 3.67 0.00 0.00 576 733 7.85 14.14 14.66 17.28 19.37 20.42 18.85 23.04 26.70 33.51 29.32 31.94 37.70 35.60
ca-ES 0.00 0.53 3.17 847 12.17 10.05 12.70 847 1270 16.40 24.87 30.16 29.10 26.46 37.04 27.51 35.45 38.09 42.86 43.39 44.97
cy-GB 0.00 0.00 0.00 052 262 209 157 157 942 6.28 1728 18.32 23.04 13.09 26.70 22.51 17.28 32.98 31.41 19.89 37.70
da-DK 0.00 1.06 3.72 11.70 13.30 14.89 10.64 17.02 21.81 21.81 29.79 34.58 36.70 38.30 42.02 41.49 45.75 39.89 46.81 53.72 53.72
de-DE 0.00 0.53 12.17 14.82 14.82 1429 11.11 20.64 23.81 28.04 33.86 40.21 44.44 4233 4550 4497 48.68 5291 49.73 61.38 5291
el-GR 0.00 0.00 1.57 0.00 0.00 942 6.81 12.04 14.14 18.85 24.61 28.27 26.70 33.51 33.51 35.60 32.46 43.98 41.36 53.93 45.03
en-US 2.10 1.58 14.21 24.74 3474 21.58 2526 13.16 44.74 32.63 4895 57.37 63.68 52.11 50.00 55.79 45.26 59.47 62.63 63.68 59.47
es-ES 0.53 2.63 842 11.58 14.74 12.11 11.58 21.58 17.37 26.32 28.42 3526 31.58 3526 40.00 34.74 36.84 40.00 45.79 53.68 44.74
fa-IR 0.00 0.53 2.66 0.00 0.00 10.11 7.45 13.30 20.75 21.81 27.66 28.19 27.13 36.70 35.11 34.58 35.11 3191 39.89 50.53 51.06
fi-FI 0.00 0.00 1.57 3.67 3.67 3.67 628 681 995 995 2147 2251 2147 24.61 25.66 30.37 26.18 23.04 28.27 39.79 37.17
fr-FR 0.00 1.06 847 847 1693 10.58 17.99 22.75 20.64 24.34 3333 37.57 40.21 40.74 41.27 41.27 39.15 38.09 46.56 53.97 49.73
he-IL 0.00 0.00 0.52 0.00 0.52 573 4.17 833 13.54 14.58 19.79 2240 20.83 18.23 23.44 25.00 21.88 26.04 28.12 28.65 32.81
hi-IN 0.00 0.00 595 0.00 0.00 7.57 11.35 15.68 15.68 24.32 3243 23.24 21.62 40.00 36.76 40.54 45.41 48.65 47.57 54.60 56.22
hu-HU 0.00 052 1.57 262 209 838 6.28 8.38 13.09 16.23 2251 27.75 29.32 20.94 29.32 28.80 26.70 24.08 33.51 39.27 38.74
hy-AM 0.00 0.00 0.00 0.00 0.52 208 521 3.65 14.06 1042 17.71 19.79 19.27 19.79 23.44 23.44 17.71 2396 24.48 13.54 33.33
id-ID 0.00 0.53 5.32 1596 1436 9.57 10.11 1649 18.62 25.53 30.32 32.45 36.70 34.58 38.30 32.98 38.83 40.96 48.40 47.87 46.28
is-IS 0.00 0.53 1.06 053 053 532 479 745 1223 9.04 19.15 2447 21.28 23.40 29.25 27.13 26.06 31.38 31.38 38.83 41.49
it-IT 0.00 0.00 8.47 1852 2222 13.76 1640 2593 30.16 31.22 38.62 42.86 42.86 46.56 52.38 46.56 50.27 51.32 58.20 60.85 52.91
ja-JP 0.00 0.00 842 421 1.05 12.11 842 1579 20.53 23.16 28.42 31.58 17.89 27.89 27.89 39.47 34.21 40.53 32.10 41.58 45.26
jv-ID 0.00 0.00 0.00 2.12 423 265 3.17 423 476 10.58 12.70 14.29 23.28 14.82 24.87 17.46 20.11 24.34 30.16 24.87 2593
ka-GE 0.00 0.52 0.00 0.00 1.04 260 3.65 1.04 17.71 15.62 19.27 2240 27.08 26.56 26.04 31.77 27.60 32.81 38.54 19.79 41.15
km-KH  0.00 0.00 3.77 0.00 5.66 0.00 189 943 20.76 18.87 18.87 22.64 24.53 39.62 37.74 30.19 35.85 35.85 41.51 35.85 35.85
kn-IN 0.00 0.00 2.10 0.00 0.53 1.05 263 526 13.16 13.16 16.84 14.74 17.37 14.74 1947 2526 17.37 22.11 27.37 17.37 25.26
ko-KR 0.52 0.00 6.25 0.00 1.04 1094 13.02 21.88 20.31 22.92 24.48 30.21 27.08 3594 29.17 33.33 36.46 37.50 33.33 33.33 40.10
Iv-LV 0.00 0.00 2.08 156 156 573 7.81 6.25 1250 12.50 25.00 28.12 28.12 19.79 28.65 28.12 27.08 31.77 33.85 43.75 40.62
ml-IN 0.00 0.00 1.06 0.00 0.00 0.00 159 9.00 14.82 15.87 20.11 23.28 23.81 20.64 2540 26.98 17.46 29.10 33.33 20.11 34.39
mn-MN  0.00 0.00 0.00 0.00 1.05 0.00 2.09 3.67 13.09 12.57 15.18 22.51 24.61 16.75 21.47 25.13 20.94 27.75 27.75 27.22 3298
ms-MY 052 0.00 4.19 1675 14.14 7.85 890 15.18 14.14 2042 27.75 28.80 3298 31.41 39.27 34.55 3298 36.13 4555 47.64 41.36
my-MM  0.00 0.00 0.00 0.00 052 052 262 3.67 1832 15.18 20.94 26.70 29.32 20.94 31.94 30.89 35.08 41.36 43.98 17.80 37.70
nb-NO 0.00 1.57 4.19 942 12.04 7.85 7.33 12.04 16.23 21.99 30.37 30.37 40.84 30.89 35.60 34.55 30.89 32.98 43.98 49.74 46.07
nl-NL 0.00 2.10 7.37 14.21 14.21 1053 7.90 12.63 18.42 20.00 30.53 31.58 36.84 34.74 37.90 40.00 40.00 43.68 43.16 49.47 48.42
pl-PL 0.53 053 421 684 3.16 947 4.74 10.00 10.00 13.68 17.37 20.00 20.00 25.26 21.58 21.58 23.68 24.21 28.42 40.00 28.95
pt-PT 0.00 1.58 6.32 1526 18.95 15.79 14.74 26.32 21.58 29.47 37.90 43.68 41.58 40.00 45.26 43.16 47.89 44.74 51.58 55.79 53.68
ro-RO 0.54 0.00 3.78 8.65 9.73 11.35 1243 1946 22.16 21.62 27.57 38.38 38.92 36.22 41.08 35.13 40.54 3243 49.73 50.81 50.81
ru-RU 0.00 1.59 3.70 0.00 0.00 14.82 9.52 13.23 16.93 19.58 24.34 2646 29.63 30.69 31.75 31.75 31.75 32.80 35.98 4391 40.21
sl-SL 0.00 1.56 2.60 4.69 156 938 990 521 13.54 990 2240 2344 2344 2448 27.08 29.17 26.04 26.04 28.65 44.27 40.62
sq-AL 0.00 053 2.13 1.60 3.72 532 479 425 12.77 1223 19.15 21.28 2447 25.00 26.06 21.81 23.94 2340 33.51 33.51 34.58
sv-SE 0.00 1.05 947 895 11.05 1526 11.05 16.84 21.58 22.63 27.89 37.90 38.42 36.32 38.95 38.42 3947 42.63 46.84 46.84 50.00
sw-KE 0.00 0.00 1.05 576 2.09 209 6.81 7.85 1047 995 17.80 2042 24.08 25.13 27.22 23.04 34.03 27.22 36.65 35.60 34.03
ta-IN 0.00 0.00 2.08 0.00 1.04 052 156 573 18.23 18.75 21.35 20.83 23.96 25.52 22.92 27.08 22.40 28.65 34.90 21.88 34.38
te-IN 0.00 0.00 6.28 0.00 157 052 262 4.19 1780 23.56 23.56 24.61 2827 24.61 26.70 34.55 29.84 38.74 38.22 30.37 42.41
th-TH 0.52 0.00 11.00 0.00 0.00 12.57 10.47 26.18 25.13 31.94 32.46 40.31 39.27 54.97 47.64 43.46 58.64 58.64 62.30 43.46 57.59
tl-PH 0.00 1.04 2.60 1042 521 521 833 990 13.54 13.54 30.73 31.77 3490 33.33 33.33 33.33 32.81 43.75 46.35 47.40 46.35
tr-TR 0.00 0.00 2.12 212 370 6.88 7.41 10.05 10.05 11.64 2593 22.22 23.81 26.46 23.28 28.57 28.57 26.46 32.80 32.80 32.27
ur-PK 0.00 0.00 2.63 0.00 158 632 12.11 12.63 22.63 18.95 30.00 26.32 28.42 3790 26.32 41.05 43.16 35.79 32.63 48.95 53.16
vi-VN 0.00 1.06 2.13 0.00 1.06 9.57 7.45 13.83 20.21 22.34 25.00 30.85 34.04 43.62 33.51 33.51 48.40 35.64 46.81 47.87 54.25
zh-CN 0.00 0.00 4.79 053 1.06 11.70 6.92 17.55 19.68 24.47 28.19 34.58 23.94 30.32 3245 36.17 37.77 42.55 40.43 42.02 45.75
zh-TW 0.53 0.00 7.37 421 2.10 1947 895 32.63 26.84 26.84 3579 38.95 33.68 47.89 37.37 4526 44.74 56.84 48.42 52.63 54.74

Table 7: Custom one-shot prompt on 10k split. AST for all tested languages.
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Average 1.14 330 11.95 14.88 23.75 23.92 27.93 41.33 63.05 65.58 72.87 75.63 78.26 80.84 81.24 81.88 83.72 83.72 87.34 90.66 90.83
af-ZA 0.00 2.66 35.64 28.19 27.66 23.94 27.13 42.02 47.34 61.17 71.28 74.47 80.32 81.91 84.04 80.85 87.23 84.57 89.36 91.49 91.49
am-ET 0.00 0.00 000 052 000 157 576 105 63.35 2042 51.31 76.44 70.68 52.36 69.11 57.59 67.54 70.68 76.96 87.96 89.01
ar-SA 2.09 262 052 209 2932 21.99 2251 59.16 66.49 66.49 74.87 78.01 82.20 86.39 87.43 86.39 83.77 86.39 87.96 91.62 92.15
az-AZ 0.00 2.08 521 4.69 23.96 14.58 26.56 34.38 60.94 60.42 71.35 70.83 75.52 79.69 8229 82.29 85.42 81.25 89.58 91.67 91.15
bn-BD 0.00 2.09 0.00 0.52 22.51 40.31 28.27 43.46 73.30 7435 74.35 81.15 78.01 79.58 86.39 85.86 85.86 84.29 86.91 91.10 91.10
ca-ES 2,12 423 1534 2275 2540 2646 38.10 47.62 49.21 59.26 77.25 80.42 79.37 82.54 84.13 79.89 82.54 83.60 87.30 89.95 89.95
cy-GB 0.00 2.09 733 13.09 7.85 3.14 1571 524 4136 30.37 47.12 6597 54.45 50.79 62.30 58.64 66.49 6545 74.35 79.58 79.58
da-DK 2,66 4.79 27.13 3298 34.57 24.47 3298 51.60 60.11 6543 77.66 69.68 79.79 85.64 88.83 86.17 91.49 87.77 90.43 92.55 95.74
de-DE 2.65 5.82 3386 31.75 34.39 33.86 40.74 53.44 62.96 77.78 78.31 79.37 83.07 89.42 87.30 85.71 88.89 85.71 88.89 92.06 92.59
el-GR 0.00 1.05 0.00 1.57 30.37 20.42 36.65 60.73 70.68 75.92 76.96 77.49 79.58 93.72 87.96 89.53 86.39 87.43 89.53 93.72 92.67
en-US 3.68 947 37.89 71.58 42.11 48.95 49.47 30.53 76.84 81.05 85.26 92.63 88.95 93.16 78.42 87.37 89.47 8579 92.11 93.68 93.68
es-ES 6.84 579 2579 37.37 2895 4421 40.00 59.47 58.95 76.84 77.37 71.58 85.26 92.11 90.00 85.26 87.37 87.37 90.00 92.63 93.68
fa-IR 1.06 3.72 0.53 3.19 33.51 25.53 30.85 46.28 72.87 72.87 78.19 75.53 79.79 84.57 88.30 86.17 82.45 87.23 87.77 90.96 91.49
fi-FI 052 262 995 13.09 24.61 20.42 33.51 3298 53.93 62.83 71.73 66.49 78.53 88.48 86.39 84.29 86.91 89.01 89.01 93.19 93.19
fr-FR 423 370 1852 4497 30.16 40.21 47.62 65.08 70.90 77.78 79.37 64.55 87.30 90.48 88.36 91.01 91.01 89.95 92.06 92.59 94.71
he-IL 0.52 0.00 0.00 2.08 2135 8.85 22.92 54.17 69.27 68.75 81.77 78.65 84.38 83.85 88.02 86.98 86.46 89.58 92.19 94.27 94.79
hi-IN 0.00 1.62 0.00 1.08 3297 30.27 29.73 38.38 72.43 69.73 81.62 85.95 87.03 79.46 88.65 92.43 91.35 8541 89.19 94.59 94.59
hu-HU 1.57 262 785 6.28 26.18 20.42 30.89 40.31 56.54 65.45 71.20 67.54 78.53 84.82 83.77 76.96 83.25 82.72 89.01 89.01 90.05
hy-AM ~ 0.00 0.00 0.00 2.08 1042 2.08 1823 18.23 6823 63.54 70.31 7448 74.48 65.10 79.69 81.77 82.81 79.17 86.98 90.10 90.62
id-ID 1.06 4.26 42.55 40.43 30.32 37.77 29.79 53.19 59.04 73.40 78.19 80.32 79.79 85.11 85.64 84.04 85.64 86.17 92.55 93.09 91.49
is-IS 0.53 1.60 3.19 3.72 12.77 11.17 22.87 28.72 49.47 42.02 63.83 70.21 73.40 79.26 79.79 68.09 78.72 78.19 82.45 89.36 90.43
it-IT 0.00 10.05 35.45 46.03 32.80 38.62 39.68 69.84 65.61 83.60 85.71 82.01 88.89 96.30 94.71 92.59 93.65 94.18 93.12 98.41 97.35
ja-JP 0.00 579 895 7.89 2895 33.16 30.00 56.32 77.37 77.89 81.58 83.68 87.89 79.47 85.26 83.68 85.79 86.32 91.05 91.05 91.05
jv-ID 0.00 2.12 899 15.87 10.05 7.94 14.81 11.64 18.52 33.86 41.80 48.15 31.75 51.85 56.08 50.26 55.56 57.67 58.20 70.37 68.78
ka-GE 0.52 0.00 0.00 156 938 260 18.75 1094 69.79 60.42 68.75 76.56 68.75 68.75 81.25 81.25 81.77 82.29 87.50 93.75 94.27
km-KH 0.00 5.66 0.00 943 566 13.21 22.64 22.64 69.81 71.70 66.04 8491 54.72 71.70 83.02 83.02 77.36 81.13 83.02 86.79 86.79
kn-IN 0.00 053 053 263 684 2579 13.68 24.74 66.32 70.53 68.95 7842 71.05 78.42 82.11 80.00 84.21 76.32 86.32 86.84 85.79
ko-KR 0.00 4.69 052 3.65 38.54 28.12 3542 6198 8229 76.56 84.38 89.58 91.67 77.08 93.75 88.54 89.58 89.06 94.27 94.27 96.88
Iv-LV 0.00 2.08 260 260 17.71 1094 29.69 16.15 60.94 57.29 69.79 78.12 78.65 82.81 79.69 73.96 84.38 84.38 86.46 91.15 92.71
ml-IN 053 0.00 0.00 159 1.06 11.64 9.52 29.10 75.13 69.84 76.19 84.66 77.25 76.72 86.77 78.84 84.13 81.48 88.89 89.95 92.06
mn-MN ~ 0.00 0.00 0.00 262 524 262 1571 25.65 57.07 39.79 57