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Abstract. We present RFCB (Russian Function-Calling Benchmark) — a schema-preserving Russian
localization of selected Single-turn and Multi-turn subsets from the Berkeley Function-Calling Leaderboard
(BFCL). RFCB retains the structure, evaluation semantics, and JSON schemas of the original BFCL while
providing fully translated user prompts, documentation, and string-valued targets in Russian. This benchmark
enables apples-to-apples cross-lingual comparison of tool-using LLMs and serves as a foundation for evaluating
function-calling capabilities in Russian. We evaluate proprietary and open-source models of various sizes. On
top of the localized benchmark and its evaluation, we use a training pipeline that collects executable trajectories
and supports three optimization regimes: supervised fine-tuning (SFT), direct preference optimization (DPO),
and group relative policy optimization (GRPO). The pipeline is implemented with a modified Feedback-Driven
Tool-Use Improvements (FTRL) based framework that performs multi-path exploration. We report
cross-lingual comparisons on BFCL single-turn metrics, multi-turn state-based success, and robustness to long
context and missing information, together with efficiency indicators. Our results show that single-turn accuracy
remains close to baseline levels, with Russian consistently lagging behind English, whereas multi-turn
evaluation exposes clear benefits of scaling and reinforcement-based optimization. RL-based methods (DPO,
GRPO) markedly improve multi-turn behaviors across both languages. In particular, GRPO training yields the
highest overall scores, moreover, with Russian results exceeding English by +6.5 percentage points, effectively
reversing the usual cross-lingual gap.
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Lenmp uckyccmeennoco unmennrexma MBC ynusepcumema UTMO,
Poccus, 197101, Canxm-Ilemepoype, Kponseprcxuii npocnexm, 0.49, iumep A.

AnHoranus. B craree mpexncraBien RFCB (Russian Function-Calling Benchmark) — pycckosi3brunas
ajanTanus OJHO- M MHOTOXOAOBBIX HOAMHOXecTB TectoBoro Habopa BFCL (Berkeley Function-Calling
Leaderboard), mpeaHa3sHaueHHOro Jyisi OLECHKH CHOCOOHOCTH OONBLIMX $3BIKOBBIX MOJIENCH BBI3BIBATH
BHemHue GyHknun. [Tomp3oBaTenbeKue 3apockl, oNucaHus QYHKIMI H CTPOKOBBIE 3HAUCHHS IIepeBeICHbI Ha
pycckuii s3blK; uaeHTH(UKAaTOphl (GyHKIMH, JSON-CXeMbl M TUHNM3UPOBAHHBIC IO COXpaHEHbI Oe3
u3MeHeHui. [IpoBe/ieHa OlleHKa 3aKPBITBIX M OTKPBITBIX MOJIeIel pa3Horo pasmepa. [Ipeaioxen oOyuarommuii
KOHBeifep, COOMpArOmUii TPaeKTOPUH BBIIOIHEHNS 33a1ad U MOJNSPIKHBAIOIIMII TP PeXKUMa OLNTHMH3AIUN:
noobyuenue ¢ yuureneM (SFT), npsimyro ontumusaiuio npeanoutenuid (DPO) 1 rpynmnoByo OTHOCHTEIbHYIO
ontumuzanuio nonutuku (GRPO). Konseitep moctpoen Ha MmoauduuupoanHod miardopme FTRL ¢
napajulelbHBIM HCCIIeJOBAaHUEM HECKOJIBKHX TPAeKTOPHil pelleHHs 3amadud. lIpeicTaBiieHBl pe3yibTaThl
MEXBbI3BIKOBOTO COIOCTABICHHUS O OJHOXOJOBBIM IIOKA3aTeNsIM, II0 YCIEIIHOCTH MHOTOXOJOBBIX 3ajad
(oLleHHBaEMOH MO HTOrOBOMY COCTOSHHMIO OKDY)KEHHs), MO YCTOHYMBOCTH K JUIMHHOMY KOHTEKCTY H
OTCYTCTBYIOIIMM JIAHHBIM, @ TAK)XKe T10 BBIYHCIUTENbHON 2 dexTuBHOCTH. OTHOX00BAsI TOYHOCTH OCTAETCs
OJIM3KOM K HMCXOAHOH NpH YCTOWYHMBOM OTCTABAHHUHM PYCCKOS3BIYHOM BEPCHM OT AHIJIMICKOW, TOrjma Kak
MHOTOXOJI0BasI OLIEHKAa BBIABISCT 3aMETHHIE NMPEUMYIECTBA YBEIMUCHHS pa3Mepa MOJACNIH M IPUMEHCHHS
MeTo10B 00yuenus ¢ nojakperieHuem (DPO, GRPO). Haunyummii pesynbrar gaér o0yuenue merogom GRPO,
NpUYEM Ha PYCCKOS3BIYHON BEPCUM I0KA3aTeNM INPEBOCXOAAT AHIVIMIICKUME Ha 6,5 NMPOLEHTHBIX IYHKTa,
oOparast BCISITh THIIMYHOE MEKBSI3bIKOBOC OTCTABAHHUE.

KinioueBsble cii0Ba: BbI30B (yHKIHIT; GOJIbIINE S3bIKOBBIC MOJIEIH; HCIIONB30BAHWE MHCTPYMEHTOB; OLCHKA
Ka4ecTBa; ePEBO/.

Jst unrupoBanus: Mounos T.P., Manbix B.A. RFCB: Onenka BbI30Ba GyHKIMN 1JIs pyCCKOTO 3bIKa. Tpy b1
HCII PAH, 2026, Tom 38, Bbin. 3, yactb 4, ctp. 131-144 (na anrnuiickom si3bike). DOL: 10.15514/ISPRAS-
2026-38(3)-51.

1. Introduction

Function calling — the ability of a large language model (LLM) to select appropriate tools, compose
well-typed arguments, and recover across turns — has become a central mechanism for deploying
LLMs in real applications, from enterprise automation to agentic assistants. The Berkeley
Function-Calling Leaderboard (BFCL) systematizes this capability with executable tests and
realistic API backends. In addition to AST-level checks for argument structure, the benchmark
emphasizes runtime validity of calls and, starting with its multi-turn iteration (BFCL-V3), introduces
state-based and subset-matched metrics that credit legitimate alternative trajectories and measure
progress across steps within and across turns. These design choices move evaluation beyond
single-shot templating toward realistic planning, exploration, and error recovery.

While single-turn leaderboards remain informative, they cannot by themselves reveal failure modes
that arise when agents must recover from missing information, operate under long contexts, or
decide not to call a tool when none is applicable. BFCL-V3 addresses this by explicitly modeling
force terminations and per-turn state alignment, thereby penalizing loops and crediting valid
(possibly non-canonical) plans. Our work extends this line to Russian by creating RFCB, a
schema-preserving localization that translates only natural-language surfaces (user prompts,
documentation, and string-valued targets) while keeping function identifiers, types, and schemas
intact. This enables apples-to-apples cross-lingual comparison under identical scoring.

In summary, this paper contributes: (i) open-source RFCB, a license-compliant Russian localization
of BFCL single- and multi-turn subsets that preserves schemas and evaluation semantics; (ii) a
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reproducible evaluation harness compatible with OpenAl-style tool-calling interfaces; (iii) an
empirical study covering single-turn and multi-turn metrics, as well as robustness to long-context
overload, missing parameters/functions; (iv) analysis of different training regimes and (v) analysis
of token efficiency and common error modes specific to Russian

2. Related Work

BFCL [1] established executable evaluation for function calling with (Abstract Syntax Tree) AST
and runtime checks in single-turn, and later introduced multi-turn/multi-step with state-based
metrics (BFCL-V3). Strengths include runnable backends, irrelevance detection, and explicit
handling of force terminations; limitations are that most public artifacts are English-centric and
backends are simulated rather than live, by design.

The Nexus Function Calling Leaderboard (NFCL [2]) is a widely used single-turn eval covering
single, parallel, and nested calls. It does not include irrelevance detection and does not model
multi-turn recovery, but offers diverse API categories and simple enterprise integration. This makes
NFCL useful for tool-selection diagnostics, while BFCL-V3 remains better suited for multi-turn
reliability analysis.

API-Bank [3] provides a runnable suite of 73 APIs with 314 dialogues and 753 API calls for
assessing planning, retrieval, and calling; it further supplies a large training set (1,888 tool-use
dialogues) spanning 2,138 APIs. Strengths are breadth and runnable tools; limitations include
curation costs and the gap between live API drift and stable evaluation.

ToolLLM [4] scales tool-use data and training to more than 16000 real-world APIs, with an
evaluation pipeline. However, reliance on live endpoints and LLM-based judges introduces
instability; StableToolLLM [5] addresses this with a virtual API server, caching, simulators, and
more stable pass/win rates. These resources are excellent for training and breadth, whereas
BFCL-V3 emphasizes multi-turn evaluation semantics and executability with controlled backends.
WorkBench [6] targets workplace tasks (email, CRM, calendar and etc.) in a sandbox with 26 tools
and 690 tasks, using outcome-centric evaluation (database state changes). It probes planning and
action sequences across realistic business operations. While highly relevant for agents, it provides
only multi-step, yet single-turn interaction, thus it is complementary benchmark.

The t-bench [7] family evaluates agents in user-in-the-loop settings with domain-specific tools and
policies. Strength: it exposes failures in dialogue management and policy adherence. Limitation:
user simulators are themselves LLMs, so measurements can entangle agent errors with simulator
artifacts.

In summary, BFCL in single- and multi-turn setup cover most of the tool calling cases without
reliance on API or LLM simulated users. NFCL complements it for single-turn diagnostics;
API-Bank/ToolBench ecosystems supply breadth and training corpora; tau-bench surface
user-interaction issues; and WorkBench probes end-to-end office tasks. Our contribution is to port
BFCL’s evaluative semantics to Russian with a translation and validation pipeline aligned with best
practices in multilingual dataset adaptation.

3. BFCL: Task Settings, Taxonomy, and Validation

3.1 Task settings and taxonomy
In our work we focus on self-contained (without external APIs) subsets of BFCL which support
Python language.
Single-turn categories:
e Simple Function (400 instances): The instruction defines a single function, and the answer
is exactly one valid function call with correct arguments is expected;
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e Multiple Functions (200 instances): The instruction provides 2-4 function definitions, and
the model must select and call the single relevant one from the given set;

o Parallel Functions (200 instances): The instruction defines a single function to be invoked
multiple times in parallel with different argument values;

e Parallel-Multiple Functions (200 instances): A combination of the two scenarios above:
several functions are provided, and each may be invoked zero or multiple times depending
on relevance;

e Irrelevance Detection (200 instances): The instruction lists one or more functions, none of
which are relevant to the user request. The correct behavior is to produce no function calls.
Multi-turn categories:

e Base (200 instances): Dialogue-style tasks where the model must plan and execute a
sequence of function calls to achieve a target state, using prior context across turns.

e Missing Parameters (200 instances): Tasks where one or more required parameters are
omitted in the initial user request. The model must identify the missing slots, ask clarifying
questions, and correctly complete the call after receiving the needed information.

e Missing Functions (200 instances): Scenarios in which the required tool is not initially
available; the model should signal that the function is missing and resume execution once
it becomes accessible.

e Long-Context (200 instances): Large or noisy results from tools that require filtering,
retrieval, and consistent memory across turns to preserve task coherence.

Overall, Single-turn subset contains 1200 samples and multi-turn — 800.

3.2 Validation process

Selected BFCL subset employs Abstract Syntax Tree (AST) evaluation, which structurally compares
the predicted call to the ground-truth schema. Each model output is parsed into an AST
representation. The validator extracts the function name, checks its correspondence with the one in
the reference (allowing underscore substitutions for dots in identifiers), and verifies that:

o all required parameters listed in the function documentation are present;
e no extraneous parameters appear (hallucinated keys);
e parameter types and values match the specification.

Type checking follows strict but language-aware rules:

Casting integer to float is allowed; list and tuple elements are order-sensitive; strings are compared
case-insensitively after whitespace and punctuation normalization; dictionaries are validated by key
and value accuracy regardless of key order. Optional parameters are treated as correct if the model
either uses the documented default or omits the value explicitly marked as optional.

For Multiple, Parallel, and Parallel-Multiple tasks, the system evaluates a set of predicted calls
against the corresponding set of valid answers. Matching is order-independent and all-or-nothing:
each expected function must be correctly instantiated at least once, and extraneous calls invalidate
the result.

4. Translation Methodology for RFCB
4.1. Goals and constraints

We pursue semantic and structural equivalence to the English BFCL while producing idiomatic
Russian: (i) preserve evaluation semantics (same intended tool choice and argument values), (ii)
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preserve structure (function identifiers, JSON schemas, types, enums), and (iii) achieve natural yet
technically precise Russian phrasing so models trained on Russian interpret slots reliably.

4.2. What is localized vs. preserved

Localized (translated): user-facing text in prompts and dialogue turns; free-text descriptions in
function documentation; parameter and response-field descriptions; string-valued targets in ground
truth; natural-language payloads in initial configurations. Preserved (not translated):
function/parameter names; data types and formats; enum tokens; numeric/date/time values; IDs;
URLSs; and the JSON structure itself.

4.3. Two-stage pipeline: Claude 3.7 Sonnet MT and professional post-editing

Stage 1 — Automatic pass. We generate Russian drafts for all natural-language fields using Claude
3.7 Sonnet with a schema-aware prompt: translate only the specified fields; keep
identifiers/types/enums and numeric/date formats intact; avoid code and structural edits. The MT
output is thus constrained to natural-language surfaces relevant to tool selection and argument
construction. Prompt provided in Listing 1.

NoAnA AN NEPEBOJA:

question[*][*]["content"], rae role="user" — nonb3oBaTenbckue 3anpochb!

-> MepeBoAM Tak, 4TOBbI CMbIC/I TOYHO COOTBETCTBOBA/ OXMAAEMbIM BbI30BaM GyHKLMiA B ground_truth.
—> CoxpaHaii KntoyeBble AeTanu: Yucna, MMeHa, AaTbl, yCI0BUA.

function[*]["description"] — onucaHve pyHKUMI

-> MNepepasaii HasHaueHWe U NOBeJEHUE TOYHO, C TEXHUYECKO TePMUHONOTUEN.
function[*]["parameters"]["properties"][*]["description"] — onucaHune napameTpos

- YKasblBall TUN AaHHbIX, GOPMAT 1 OrpaHUYEHUA.
ground_truth[*][function_name][parameter_name][*] — aTanoHHble 3Ha4YeHWs NapameTpoB

-> NepeBoAM TONLKO CTPOKOBbIE 3HAYEHUA (MMEHA, ONUCAHUA); He U3MEHA YMCA], AATbl, KOAbI.
OBECNEYEHWE COIMNTACOBAHHOCTU:

- Ecnu B BONpoCe v 0TBETE BCTpeyaeTca oaHO umsa (Hanp. «Taylor Swift»), nepeBoay oanHakoso («Teinop CanudT»).
-> CoxpaHAil Bce YMC0BbIE 3HAYEHUA U AATbl B UCXOAHOM BUAE.

- TexHuueckue TepmuHbl (APl keys, URLs, endpoints) octaasit Ha aHIMIACKOM.

HE NEPEBOAM:

-> MimeHa ¢yHKUMiIt 1 napameTpos (calculate_area, artist_name);

- Tunbl faHHbIX (string, integer, boolean);

- TexHU4ecKkue KOHCTPYKUMK JSON 1 Yncnosble MAEHTUUKATOPSLI.

Listing 1. Prompt for automatic translation with Claude 3.7 Sonnet.

Stage 2 — Human post-editing. A team of five professional linguists performs schema-preserving
post-editing focused on semantic fidelity, slot integrity, and technical style. Editors cross-check each
item against the English original and the function schemas; ambiguous items are adjudicated
collectively. All edits are logged, and validators are re-run after each batch to ensure structural
correctness.

To illustrate the preservation of structure and selective localization of natural-language fields,
Listing 2 shows an example of a fully localized sample. Localized Multi-turn Base task provided in
Listing 3.

4.4. Consistency, normalization, and bilingual acceptables

Named entities and transliteration. Proper names and product titles may legitimately appear in
Russian or English. When both are acceptable to the backend, ground truth contains bilingual
acceptables (e.g., ["Teimop Cudt", "Taylor Swift"]) so that correct outputs are not penalized. For
slot values, we prefer invariant dictionary forms (no case inflection) unless morphology is strictly
required by the user text.
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Strict enum compliance. If a parameter is constrained by an enum, the ground truth must use a
form from that enum exactly; Technical keys and field names are likewise preserved. This ensures
that JSON validation and executable checks behave identically across languages.
{

"question": [[
{
"role": "user",
"content": "Bbluncan naowasb TpeyroabHUKa, €CAN ero 0CHoBaHWe paBHO 10 eAnHMLAM, a BbicOTa paBHa 5 eanHuuam.”,
}
11,
"function": [ {
"name": "calculate_triangle_area",
"description": "BbI4MCANTL NAOLLAAL TPEYTONBbHMKA MO €ro OCHOBAHMIO U BbicoTe.",
"parameters": {
"type": "dict",
"properties": {
"base": {
"type": "integer",
"description": "OcHoBaHue TpeyronbHuKa.",
2
"height": {
"type": "integer",
"description": "BbicoTa TpeyronbHuka.",

"unit": {
"type": "string",
"description": "EAMHMLA U3MepeHUs (MO YMONUAHMIO UCMONb3YETCA 3HAUEHUE 'eMHNLbI', eCU He YKa3aHO KOHKpeTHoe).",
}
b
"required": ["base", "height"]
}
|3

Listing 2. Example from Single-turn Simple subset of RFCB.

Numbers, dates, and formats. Numeric strings, ISO-like dates, time stamps, and identifiers remain
unchanged. Decimal/thousands separators and time zones follow the English source to avoid silent
parse errors in tools that expect specific formats.

Style and register. Function documentation uses a concise technical register (e.g., "yzamuth

aneMeHt", "cOpocuts napamerp", "HHUIMUPOBATS 3anpoc"), with disambiguation where English has
polysemy ("remove/clear/reset").

4.5. Irrelevance discipline

In irrelevance items no ground truth call is provided intentionally; the correct behavior is not to call
any function. Russian prompts are phrased neutrally not to provoke over-helpful behavior and to test
abstention properly.

4.6. Quality-control workflow and metrics

Automatic validators: JSON schema checks; AST equality on single-turn; executable checks where
available; enum membership validation; per-turn state comparison in multi-turn.

4.7. Typical issues and our fixes

e Slot boundary erosion from rich morphology: use uninflected forms in value slots;
restructure sentences to keep values adjacent to keywords.

¢ Enum token over-translation: keep tokens verbatim; translate only explanatory text.

e Reference drift across turns: minimal re-mentioning of key entities; avoid pronoun chains
that obscure targets.
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5. Experimental Setup

Models are evaluated with original open-source BFCL repository with extended test files in Russian.
Zero temperature set for all models to ensure stable results.

{"tools": [
{
"name": "mkdir",
"description": "Co3gaHve HOBOW AUPEKTOPUM B TEKYLLEN AnpeKTopun.”,
"parameters": ...
2
{
"name
"description": "MepemelyeHne dpaiina uam AupeKTopun U3 oAHOro mecta B apyroe.",
"parameters": ...

"y

2
<Other tools>
]

"question": [[{

"role": "user",
"content": "Mepemectn daitn 'final_report.pdf' us ampektopuun 'document’ 8 gupektopuio 'temp' BHyTpu nanku 'document’.
Y6eauch, 4To aTa AUpeKTopus Bbina cosgaHa.", }
L
i
"role": "user",

"content": "BbINOAHM AeTaNbHbINA MOUCK C MOMOLLbIO grep, YTobbl HalTH pasaens! B daiine, OTHOCALMECA K aHanu3y BlogskeTa.",
1,
[{
"role": "user",
"content": "Mocne oBHapy:KeHUA HY)KHbIX AaHHbIX, Kacalowwmxcs aHanusa 6ioaxera, otcoptupyit daitn 'final_report.pdf'
NOCTPOYHO ANA Ny4LLEro BOCNPUATHA.",
1,
i
"role": "user",
"content": "Mepemectn daiin 'previous_report.pdf' n3 gupektopum 'document' 8 'temp'. Momectnt Tyaa e GUHANbHDIN OTUET.
CpasHu ero c 'previous_report.pdf', 4To6bl BbIABUTL KpUTUYECKME M3MEHEHMA.",
L
"initial_config": {
"GorillaFileSystem": {
"workspace": {
"type": "directory",
"contents": {
"document": {
"type": "directory",
"contents": {
"final_report.pdf": {
"type": "file",
"content": "2024 rog, — 370 cogepKmmoe GuHaNbHOrO OTYETA, BKAKOYAtOLee aHanu3 BlogKeTa v apyrve pasgenb..”
b
"previous_report.pdf": {
"type": "file",
"content": "2023 rog — 3T0 coAepPHKUMOE NpeapIAyLLero oT4éTa c 4pyrum aHanusom broaxerta."
}
}

Listing 3. Abbreviated example from Multi-turn Base subset of RFCB.

In Multi-turn setting we use default parameters: maximum 3 retries for each turn and total 20 turns
for task. vLLM [8] framework used for inference on 2-4 Nvidia A100 with 48 Gb VRAM.

For training we implement a unified optimization pipeline on top of an FTRL [9] framework and
adapt it to multi-path exploration for function calling. At each decision step within a turn, the current
policy samples K=10 candidate action paths with sampling temperature set to 0.7. A lightweight
success evaluator checks each turn by feedback from Python environment and assigns binary
reward: 0 — incorrect, 1 — successful completion. We train LoRA [10] adapters with rank 8, alpha
16 and dropout 0.05 with batch size 16 across all settings.
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5.1. Trace collection and filtering

We store full trajectories, including partial and failed branches, and apply filters to ensure training
safety and stability: JSON-schema gating for arguments; de-duplication of near-identical calls; This
yields a dataset of positive paths (successful states) and hard negatives (failed or inefficient
branches).

5.2 Supervised fine-tuning (SFT) on golden sub-trajectories

For SFT we extract golden sub-trajectories from selected successful paths and train the policy to
reproduce tool selection and argument construction. We optimize the SFT objective with learning
rate 0.0005 for 3 epochs.

5.3 Direct Preference Optimization (DPO) from paired paths

For DPO [11], we form paired preferences per decision point: a preferred sample from the successful
path and a dispreferred sample from failed/less efficient candidates. If after deduplication we have
several positive and negative candidates, we randomly sample from 1 up to 5 different DPO pairs
for each turn. We optimize the DPO objective with f=0.2 and learning rate 0.0005 for 3 epochs.
Preferences reflect state-based success, fewer steps-to-success, and abstention correctness on
irrelevance items.

5.4 Group Relative Preference Optimization (GRPO) with K-way ranking

For GRPO [12], we rank the N=8 candidates by the same feedback environment and optimize
group-relative preferences with learning rate 0.00007, p=0.04, temperature sampling 0.7 for 3
epochs. This encourages robust improvements under exploration noise and aligns with multi-tool
planning.

5.5 Reproducibility

The full evaluation code, translation prompts, and replication scripts are available in an open
repository [13] ensuring full reproducibility of our results.

6. Results

Abbreviations used for the Single-turn categories are as follows: Sim. — Simple; Mul. — Multiple;
Par. — Parallel; Par. Mul. — Parallel Multiple; Irr. — Irrelevance detection.

Table 1 shows evaluation of proprietary models where gpt-4.1 and gpt-4o from OpenAl generally
show high EN and RU performance compare to YandexGPT from Yandex and GigaChat from Sber.
Results on RU subset are lagging behind EN across all models all setups, however, gap in Irrelevance
detection task is relatively low. GigaChat shows zero on Parallel and Parallel Multiple because either
model or API interface does not support generation multiple function calling at once. Multi-turn
evaluation, while valuable for studying dialogue consistency and function-call persistence,
introduces substantial variability due to state propagation between turns and higher inference cost
(~ $200 for one run gpt-4.1).

Table 2 shows evaluation of open-source Qwen 3 and 2.5 series models of different sizes from 8 up
to 32 billion parameters in Single-turn setting. All models show high results in English and moderate
results in Russian. Qwen 3 uses native reasoning trace before answer. Although the Qwen2.5-32B
model does not reach the top English score, it excels on the Russian subset and exhibits the lowest
cross-lingual lag.

Table 3 shows evaluation of open-source Qwen 3 and 2.5 series models in Multi-turn setting. Qwen
3 models are evaluated in thinking regime. While Single-turn tasks remain simpler, the Multi-turn
evaluation poses a higher level of difficulty and demonstrates the benefits of scaling: larger models
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achieve consistently better results in both Russian and English. Qwen2.5, in particular, attains the
best overall performance with a significant margin. Notably, Qwen3-14B slightly improves on Miss-
Funcs (A = +3 pp), confirming that certain reasoning sub-skills transfer well between languages
when dialogue context is preserved.

Table 1. Proprietary models Single-Turn results by category (EN vs RU). Values in percent; A is difference
between RU and EN results.

Model Lang. Sim. Mul. Par. 1\};[231 Irr. Overall
EN 95.50 94.50 92.50 89.00 90.00 92.30

opt-4.1 RU 76.13 86.50 74.50 59.00 85.00 76.23
A 1937 800 | -18.00 | -30.00 -5.00 -16.07

EN 96.25 95.00 94.00 83.50 89.58 91.67

gpt-4o RU 74.62 86.50 74.50 52.00 86.25 74.77
A 21.63 850 | -1950 | -31.50 333 -16.90

EN 40.00 38.50 26.50 26.50 92.92 44.88

Ya‘ifexg’PT RU 24.62 26.50 17.50 14.50 91.25 34.87
o A 1538 | -1200 | 900 | -12.00 | -1.67 -10.01
GigaChat2 EN 53.75 35.00 0.00 0.00 87.92 3533
e RU 45.48 32.00 0.00 0.00 86.25 32.77

A 827 3.00 0.00 0.00 167 256

Table 2. Open-source models Single-Turn results by category (EN vs RU). Values in percent; A is difference
between RU and EN results.

Model Lang. Sim. Mul. Par. Par. Mul. Irr. Overall
Qwen3- EN 95.00 95.00 90.50 89.00 86.25 91.15
8B RU 66.58 68.50 65.00 47.50 85.42 66.60
A -28.42 -26.50 -25.50 -41.50 -0.83 -24.55
Qwen3- EN 94.50 95.00 90.50 88.50 87.92 91.28
14B RU 69.60 82.50 70.50 56.00 85.00 72.72
A -24.90 -12.50 -20.00 -32.50 -2.92 -18.56
Qwen3- EN 95.50 95.50 89.50 91.00 85.42 91.38
32B RU 67.09 70.50 64.50 48.50 84.17 66.95
A -28.41 -25.00 -25.00 -42.50 -1.25 -24.43
Qwen2.5- EN 96.50 95.00 89.50 88.50 79.17 89.73
32B RU 73.62 81.50 77.00 56.50 73.75 72.47
A -22.88 -13.50 -12.50 -32.00 -5.42 -17.26

Table 3. Open-source models Multi-Turn results by category (EN vs RU). Values in percent,; A is difference
between RU and EN results.

Model Lang. Base Miss-Params | Miss-Funcs | Long-Ctx Overall

Qwen3-8B EN 5.50 4.00 9.00 3.50 5.50

RU 6.00 5.03 5.50 2.50 4.76

A 0.50 1.03 -3.50 -1.00 -0.74

Qwen3- EN 13.50 13.00 15.00 12.50 13.50
14B RU 7.50 8.00 18.00 10.00 10.88

A -6.00 -5.00 3.00 -2.50 -2.62

Qwen3- EN 26.00 24.00 29.50 26.00 26.38
32B RU 19.50 22.61 24.50 21.00 21.90

A -6.50 -1.39 -5.00 -5.00 -4.47

139

Tonov T.R. Malykh V.A. RFCB: Russian Function Calling Benchmark. Trudy ISP RAN/Proc. ISP RAS, 2026, vol. 38, issue 3, part 4,
pp. 131-144.

Qwen2.5- EN 42.00 39.50 37.00 41.00 39.88
32B RU 39.50 28.64 29.00 40.00 34.29
A -2.50 -10.86 -8.00 -1.00 -5.59

6.2 Effect of different training regimes

Table 4 presents the evaluation of models trained under different regimes - SFT, DPO, and GRPO -
on the Single-turn subset. The SFT method shows a slight drop in overall accuracy, whereas DPO
and GRPO preserve comparable quality across most categories and, in several cases, achieve
noticeable improvements.

Table 5 shows evaluation of models trained with different regimes on the Multi-turn subset. RL-
based methods (DPO, GRPO) consistently improve turn performance across languages. While SFT
yields only minor gains and reduces RU accuracy, GRPO achieves the highest scores, with Russian
results exceeding English by +6.5 pp overall, demonstrating effective cross-lingual generalization
of reasoning and recovery strategies.

Table 4. Effect of different training regimes on Qwen3-8B Single-Turn results by category (EN vs RU).
Values in percent; A is difference between RU and EN results.

Training Lang. Sim. Mul. Par. Par. Mul. Irr. Overall
No EN 95.00 95.00 90.50 89.00 86.25 91.15
RU 66.58 68.50 65.00 47.50 85.42 66.60

A -28.42 -26.50 -25.50 -41.50 -0.83 -24.55

SFT EN 56.50 59.50 66.00 53.00 87.92 64.58
RU 36.68 48.50 48.50 30.00 84.17 49.57

A -19.82 -11.00 -17.50 -23.00 -3.75 -15.01

DPO EN 96.75 95.00 90.00 88.00 87.92 91.53
RU 57.04 67.50 62.00 45.00 88.33 63.97

A -39.71 -27.50 -28.00 -43.00 0.42 -27.56

GRPO EN 93.75 95.50 90.00 89.00 88.33 91.32
RU 63.82 75.00 66.50 53.00 82.92 68.25

A -29.93 -20.50 -23.50 -36.00 -5.42 -23.07

Table 5. Effect of different training regimes on Qwen3-8B Multi-Turn results by category (EN vs RU). Values
in percent; A is difference between RU and EN results.

Training Lang. Base Miss-Params | Miss-Funcs | Long-Ctx Overall
No EN 5.50 4.00 9.00 3.50 5.50
RU 6.00 5.03 5.50 2.50 4.76
A 0.50 1.03 -3.50 -1.00 -0.74
SFT EN 9.50 4.50 4.00 9.00 6.75
RU 3.00 2.51 2.50 3.50 2.88
A -6.50 -1.99 -1.50 -5.50 -3.87
DPO EN 25.00 25.00 22.00 24.00 24.00
RU 22.50 24.12 19.00 21.50 21.78
A -2.50 -0.88 -3.00 -2.50 -2.22
GRPO EN 27.00 26.00 30.50 32.00 28.88
RU 31.00 27.14 45.50 38.00 35.41
A 4.00 1.14 15.00 6.00 6.53
140




Honos T.P., Maneix B.A. RFCB: benumapk BbI3oBa yHKIWmit juis pycckoro siseika. Tpyost UCIT PAH, 2026, Tom 38 Bein. 3, yacts 4,
c. 131-144.

Tonov T.R. Malykh V.A. RFCB: Russian Function Calling Benchmark. 7rudy ISP RAN/Proc. ISP RAS, 2026, vol. 38, issue 3, part 4,
pp. 131-144.

6.3 Token usage and error analysis

Table 6 shows token usage of different models. Russian prompts systematically require more input
tokens than English in single-turn (+150-240 tokens/model), while outputs grow only slightly (+3-
22). In multi-turn, total token budgets rise sharply, but the RU-EN gap narrows (e.g., Qwen3-8B:
+71 input / +2 output), indicating comparable dialog efficiency across languages. The “thinking”
variant increases single-turn outputs (longer reasoning traces) but adds relatively little to multi-turn
outputs, where the overhead is dominated by input/history.

Fig. 1 depicts error distribution for gpt-4.1 model on Single-turn subset. The Russian subset is
dominated by parallel function checker no_order:cannot find match and value error:string: the
model selects a parallel tool set but fails to match one of the required calls, and — when it does call
string normalization mismatches remain frequent. irrelevance error:decoder success is higher in
RU than EN, indicating occasional over-activation (a function is called when abstention was
expected). Count errors (...:wrong_count) and AST decoder failures are comparatively minor in
both languages.

Table 6. Token usage (average tokens per task) by language (EN vs RU). Values are average token counts; A
is RU-EN difference (absolute tokens).

Model Lang. Single-Turn Multi-Turn
Input Output Input Output
gpt-4.1 EN 501.02 34.50 - -
RU 650.05 37.69 } ;
A 149.03 3.19 ; i
Qwen3-8B EN 508.10 303.93 11090.56 45176
(thinking) RU 686.12 32547 11161.19 45371
A 178.02 21.54 70.63 1.95
Qwen2.5- EN 508.10 40.23 6044.13 39.45
32B RU 746.92 45.68 10434.65 43.69
A 238.82 5.45 4390.52 424

Single-turn: error types (top-5)

Language
B EN
EZA RU

ast_decoder:decoder_failed &£
parallel_function_checker_no_order:wrong_count F&&&£

irrelevance_error:decoder_success (oEEEEecc

value_error:string

parallel_function_checker_no_order:cannot_find_match jeeececs

0 20 40 60 80 100
Count

Fig. 1. Top-5 single-turn error distribution for gpt-4.1.
Fig. 2 depicts error distribution for Qwen3-8B model trained with GRPO regime. Most errors come
from empty turn_model response: the model answers without a tool call when a call is required,
i.e., fails to act at a necessary turn. The next most frequent class is force_terminated, when the model
does not reach the goal within the allowed number of turns (generated trajectory length differs from
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reference). By contrast, execution_response_mismatch is comparatively rare: calls are executed but
cumulative responses miss some ground-truth outputs for that turn.

8. Discussion

In this paper, we presented RFCB, a Russian localization of the Berkeley Function-Calling
Leaderboard (BFCL) designed for evaluating function-calling capabilities in both single-turn and
multi-turn settings. Our experiments revealed several key insights into how models perform with
Russian prompts compared to their English counterparts.

Multi-turn: error types

Language
B EN

execution_response_mismatch
B3 RU

force_terminated -

empty_turn_model_response -t

0 50 100 150 200 250 300 350
Count

Fig. 2. Multi-turn errors distribution for GRPO trained Qwen3-8B.

Single-turn results in Russian consistently lag behind English models across all categories, even for
proprietary systems trained on domestic data. The largest discrepancies are observed in Parallel and
Parallel-Multiple tasks, where models struggle with multi-tool composition and argument
alignment, largely due to morphological complexity and syntactic variation in Russian.

Multi-turn evaluation, in contrast, highlights significant benefits of scaling and reinforcement-based
optimization (DPO/GRPO). Multi-turn models show substantial improvements in multi-step
planning and error recovery, with GRPO producing the best overall results and effectively
transferring tool-use abilities across languages.

The benchmark thus establishes a controlled yet realistic environment for measuring cross-lingual
tool-use generalization

9. Conclusion

We introduced RFCB, the first schema-preserving Russian localization of the Berkeley Function-
Calling Leaderboard. The two-stage translation pipeline- LLM-based automatic translation followed
by expert post-editing - preserves evaluation semantics while ensuring linguistic and technical
fidelity. The released dataset, evaluation scripts, and training pipeline make the benchmark fully
reproducible [13].

Our evaluation reveals cross-lingual comparisons in single-turn tasks and highlights significant
improvements in multi-turn scenarios when models are trained with reinforcement-based
optimization (DPO/GRPO). These findings confirm that reinforcement learning not only enhances
multi-step reasoning and tool planning but also helps close the cross-lingual gap between Russian
and English models.

RFCB provides a solid foundation for future research on multilingual tool-use LLMs, offering a
standardized framework for model evaluation, fine-tuning, and comparison.

Future work will focus on expanding the benchmark to other programming languages and live API
environments, as well as integrating human-in-the-loop evaluation for long-context and robustness
testing.
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