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Abstract

We present WorkBench-RU, a bilingual extension of the WorkBench benchmark for evaluating tool-calling
LLM agents on realistic workplace tasks requiring multi-step planning, function-call sequencing, and actual data-
base execution. We add Russian localization — queries translated from English, localized tool descriptions, and
parallel databases — across five business domains plus cross-domain tasks. During localization, we identify and
fix 17 bugs in the original benchmark that had fundamentally compromised evaluation reliability. We evaluate
9 models (1.8B—120B parameters) under 4 reasoning configurations and report state-based correctness averaged
across 3 independent trials, along with any @3, all@3, and side-effect metrics. Key findings: (1) structured reas-
oning (ReAct, native thinking) improves models by up to +20pp, with strongly architecture-dependent effects;
(2) Qwen3-32B with native thinking reaches 70.1%, comparable to GPT-4.1-mini (68.1%); (3) English—Russian
performance gaps vary from 4pp (Russian-native GigaChat3) to 28pp (GPT), suggesting that training language
composition may matter more than model scale.
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Amnnoranus

Mper npeacrasisiem WorkBench-RU — nBysizbranoe paciiupenune 6enamapka WorkBench st onerku
LLM-areHToOB ¢ BBI30BOM MHCTPYMEHTOB Ha PEAJTUCTUIHBIX pabovInx 3a/1a9ax, TPeOyIONUX MHOTOIIATO-
BOI'O IJIAHUPOBAHMS, IIOCJIE/I0BATEILHOCTU BbIZ0BOB (DyHKIHI 1 (PaKTUIECKOrO BBIIOJHEHUS OlE€PAIUil
¢ 6azamm JaHubIX. Mbl 106aBisieM PYCCKYIO JIOKAJIM3AIMIO — 3aIIPOCHI, IePEBEIEHHBIE C AHIJIHIICKO-
ro, ONMCAHUsI WHCTPYMEHTOB U INapaJjulejibHble 6a3bl JAHHBIX — JJIs AT OM3HEC-JIOMEHOB U KPOCC-
JIOMEHHBIX 3aJa4. B xo7e jokaan3anu Mbl OOHAPY2KUBAaEM U UCIIpaBiisieM 17 ommbOK B OPUTMHATBHOM
GeHuMapKe, KOTOPbIE CYIIECTBEHHO UCKAXKAJIM Pe3ysIbTarhl oieHku. Mbl onennsaem 9 moznesneii (or 1,8
10 120 muipm mapameTpoB) B 4 KOHMDUrypamusax pacCy’kKJIeHUI W TPUBOJUM METPUKH KOPPEKTHOCTH
(cpenmee mo 3 3amyckam, any@3, all@3) u nmobounsix addekros. Kiouesble pesynbrarst: (1) cTpyk-
TypupoBanHoe paccyxkaenne (ReAct, HaTnBHOE MbIITUIeHHE) yorydmaeT Mogean m0 +20 LI ¢ CHIbHOR
3aBUCUMOCTBIO OT apxXUTeKTyphl; (2) Qwen3-32B ¢ marusHbIM MblnLeHneM jocruraer 70,1% — como-
craumo ¢ GPT-4.1-mini (68,1%); (3) paspbiB Mexk1y aHIVIMICKUM U PYyCCKUM BapbUPYeTCsa OT 4 ILII.
(pycckoszbranas GigaChat3) o 28 n.u. (GPT), uro ykassiBaer Ha GOJIBIILYIO POJIb COCTABA 00y YAIOIIIX
JAHHBIX IO CPABHEHUIO C Pa3MEPOM MOJIEIIH.

Kumrouenbie ciioBa: LLM-arenTsl, BBI30B HHCTPYMEHTOB, OEHUMAPK, JBYS3bIYHAs OIEHKA, PYCCKast
NLP, paccyxnenuns
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1 Introduction

Large language models are increasingly deployed as autonomous agents that interact with external tools
to complete workplace tasks. Evaluating such agents requires verifying the entire pipeline: correct tool
selection, parameter population, multi-step dependencies, and absence of side effects. A single query
may require 3—6 sequential tool calls — e.g., “email the attendees of my next meeting” involves calendar
search, event identification, attendee extraction, and email composition.

Existing benchmarks (Patil et al., 2025; Yao et al., 2025; Qin et al., 2024; Lu et al., 2024; Wang et
al., 2024; Jimenez et al., 2024) are all English-only. WorkBench (Styles et al., 2024) offers 690 tasks
across five business domains with state-based evaluation, but also lacks multilingual support — and no
equivalent exists for Russian, a language with rich morphology that poses distinct challenges for entity
matching.

Across our experiments, the English—Russian gap is driven less by language understanding and more
by tool-call grounding failures: directory lookups, mapping morphological forms to Latin-script entries,
and selecting the correct enum value in a different language. We present WorkBench-RU, a bilingual
extension with the following contributions:

1. Russian localization of 690 queries with localized tool descriptions, system prompts, and parallel

databases, enabling direct EN-RU comparison.

2. 17 bug fixes to the original benchmark that had compromised evaluation (e.g., email tools crashed

on every write, inflating accuracy).

3. Systematic reasoning comparison across 9 models (1.8B-120B) under 4 configurations with

multi-trial analysis revealing architecture-dependent effects.

4. Cross-lingual analysis showing EN-RU gaps from 4pp (GigaChat3) to 28pp (GPT), varying by

domain (email: up to —50.7pp).
Code and data are publicly available.'

2 Related Work

Tool-calling benchmarks. WorkBench (Styles et al., 2024) provides 690 tasks across 5 workplace
domains with state-based evaluation. Other benchmarks target single-turn function calls (Patil et al.,
2025), multi-turn reliability (Yao et al., 2025), API breadth (Qin et al., 2024; Li et al., 2023), stateful
dependencies (Lu et al., 2024; Wang et al., 2024), and code agents (Liu et al., 2024; Jimenez et al., 2024).
All are English-only.

Cross-lingual evaluation. XTREME (Hu et al., 2020) and mGSM (Shi et al., 2023) cover multilingual
NLU and reasoning. For tool-calling, MASSIVE-Agents (Kulkarni et al., 2025) tests single-turn calls
in 52 languages; Luo et al. (2026) study robustness across 8 languages. Our work provides the first
multi-step, state-based cross-lingual agent benchmark.

Reasoning for agents. ReAct (Yao et al., 2023) interleaves reasoning and action; chain-of-thought
(Wei et al., 2022) improves multi-step reasoning; Qwen3 (Qwen Team, 2025) supports native thinking
via <think> tokens.

Russian NLP. Russian SuperGLUE (Shavrina et al., 2020), TAPE (Taktasheva et al., 2022), and
MERA (Fenogenova et al., 2024) evaluate Russian language understanding and few-shot reasoning, but
no Russian benchmark targets agentic tool-calling.

3 WorkBench-RU

3.1 Original WorkBench

WorkBench (Styles et al., 2024) evaluates LLM agents on 690 workplace tasks across five domains:
calendar, email, analytics, project management, and CRM. Each domain exposes 46 tools as OpenAl-
format function-calling schemas (26 tools total). The benchmark includes 480 single-domain and 210
cross-domain tasks requiring coordination across multiple domains.

'nttps://github.com/sir-timio/WorkBench-RU
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Evaluation is state-based: both predicted and ground-truth tool calls are executed against fresh sandbox
databases and the resulting states are compared. A prediction is correct if the database state matches the
ground truth, regardless of the specific call sequence. Side effects are detected when the state differs from
the initial in ways not attributable to ground-truth actions.

3.2 Bug Audit

We discovered and fixed 17 bugs in the upstream repository.> The most critical: all three email write
tools (send_email, forward_email, reply_email) crashed on every invocation due to a dtype
mismatch (a pandas.Timestamp written into a string-typed column). Because both predicted and
ground-truth executions crashed identically and left the sandbox in its initial state, the state-based com-
parison returned correct by default — silently marking 78% of email queries (send/forward/reply,
but not delete) as solved regardless of model behavior. Other bugs include non-deterministic analyt-
ics (global state mutation), incorrect tool specifications, and metric false negatives that depressed PM
accuracy. After fixes, all 164 unit tests pass (expanded from 77).

Quantitative impact. Table 1 compares evaluation metrics on the original (pre-fix) and corrected
benchmark for Qwen3-32B Base, run on the same model outputs once with the upstream tool imple-
mentations and once with our fixes (3 trials averaged for both columns). Aggregate correctness barely
moves (+1.3pp EN, —0.1pp RU), but the per-domain swings are large in both directions. Email drops
sharply (-28.5pp EN, -39.2pp RU) once the silently-correct gating from the email-Timestamp crash is
removed. Analytics and calendar, on the other hand, rise substantially (analytics +26.1pp EN, +31.4pp
RU) because the upstream bugs — non-deterministic state mutation, mismatched tool-spec field names,
missing na=False/regex=False guards on str.contains — caused legitimate model outputs
to fail evaluation. The two effects roughly cancel at the aggregate level, so a surface-level comparison
would suggest that the bugs “did not matter”’; per-domain analysis shows that they were biasing scores
by tens of points in opposite directions, masking which models were really better.

| English correct% | Russian correct %
Domain | Original Fixed A | Original Fixed A
Analytics 20.0 46.1 +26.1 18.3 49.7 +314
Calendar 54.6 64.2 +9.6 24.6 36.1  +11.5
CRM 58.8 62.9 +4.1 21.3 21.3 +0.0
Email 77.8 49.3 -28.5 733 341 -39.2
PM 52.5 50.8 -1.7 55.0 51.3 -3.7
Multi 30.0 28.3 -1.7 22.9 22.4 -0.5
Overall ‘ 48.9 50.3 +1.3 ‘ 35.9 35.8 -0.1

Table 1: Pre-fix vs. post-fix correctness for Qwen3-32B Base, both languages, averaged across 3 inde-
pendent trials. “Original” is the upstream WorkBench (commit prior to our fixes); “Fixed” is the same
evaluation pipeline with our 17 bug fixes applied. The overall figures are within 2pp, but Email loses
28-39pp of artefact-induced correctness while Analytics gains 26-31pp of genuine correctness that the
upstream bugs were suppressing. The Email drop and Analytics rise are independent effects with oppos-
ite signs; the aggregate cancellation hides the magnitude of evaluation drift.

3.3 Russian Localization

The localization process involved three stages:

Stage 1: Query and answer translation. All 690 queries and their expected function-call sequences
were translated simultaneously from English to Russian using the Claude Opus 4.5 API (Anthropic,
2025). We selected Claude Opus 4.5 for its strong multilingual generation quality at the time the local-
ization pipeline was launched (late 2025), and the API ensures reproducibility of the translation process.
Simultaneous translation ensures semantic alignment — e.g., when a query references “In Progress,”

2Full bug audit: https://github.com/sir-timio/WorkBench—-RU/blob/main/BUGS.md.
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the answer’s parameter values are also translated to «Tekyrmues. Translations were reviewed by three
computational linguists: each query was checked by at least one reviewer, with disagreements resolved
by discussion. Approximately 15% of queries required substantive corrections (phrasing, morphological
agreement, register). The translation prompt and code are available in the repository. Table 2 shows
examples.

Stage 2: Database adaptation. Parallel Russian databases were created using translation dictionaries
validated through unit tests verifying referential consistency, field types, and completeness (Table 3).

Stage 3: Tool description localization. All 26 tool specifications were extended with Russian de-
scriptions and parameter names. When 1ang=ru, the model receives Russian system prompts, queries,
and databases. Tool parameter names remain in English, reflecting realistic multilingual API usage.

English query Russian translation

Delete my first meeting on December 13 VYraanau Moro repByio Bcrpedy 13 mekabpsi.

Move all ‘In Progress’ tasks on the Marketing Board to  Ilepenecu Bce 3amadm co crarycom «Tekymue» Ha
‘Done’ nocke Marketing Board B craryc «['oroBo»

Send an email to Cameron Anderson asking about the Ornpass nucemo Kamepony Amnumepcony ¢ Bompo-
budget coM o OrozKeTe

Table 2: EN—RU translation examples. Database content values are localized; person names, IDs, and
dates remain in English (Table 3). Russian morphology requires case inflection («Kamepony Axmepco-
HYy>», dative).

Domain  Translated DB fields Entries
Calendar event names, descriptions 48
Email subjects, bodies, labels 500
PM task names, list/board names, statuses 82
CRM notes, products, statuses 14
Analytics traffic source labels 4

Table 3: Translation scope by domain. “Entries” = number of distinct translated values. IDs, dates,
emails, phone numbers, and numeric values remain unchanged across languages.

Design decisions. Person names are preserved in Latin script in the Russian databases: (a) this re-
flects real practice in international companies; (b) the model must map Russian morphological forms
(«Kamepony Ammepcony», dative) to English-script directory entries (“Cameron Anderson”), testing
cross-script entity resolution; (c) avoiding transliteration ambiguity («Ksmepon» vs «Kamepon») pre-
vents an uncontrolled confound.

4 Experimental Setup

4.1 Models

We evaluate 9 models spanning five families (Table 4), all served via vVLLM (Kwon et al., 2023) except
GPT-4.1-mini (OpenAl, 2025b) and Llama 4 Scout (Meta Al, 2025)% (accessed via API). Open-weight
models include Qwen3 (Qwen Team, 2025), Qwen2.5 (Yang et al., 2024), GPT-OSS-120B (OpenAl,
2025a) (MoE with built-in reasoning), and GigaChat3-10B (Sber Al, 2025) (1.8B active) — the first
Russian-native model in our evaluation.*

Sampling parameters. Qwen3-VL-8B uses temperature=0.6, top_p=0.8, frequency_penalty=0.1; all
other models use defaults. Each configuration is evaluated over 3 independent trials.

3Llama — cemeiicrBo Mozmeseii kommannu Meta Platforms Inc.*, mpu3HaHHON SKCTPEMHUCTCKON OpraHU3amuel,

esATeJIbHOCTh KOTOPOM 3alpelieHa Ha Teppuropunu PO.

4yLLM v0.11.0; GigaChat3-10B required v0.14.0.
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Model Params Type Notes

GPT-OSS-120B  120B MoE  Open OpenAl open-weight; 5.1B active; thinking only
GPT-4.1-mini — Proprietary

Qwen3-32B 32B  Open Native thinking support

Qwen3-14B 14B  Open Native thinking support

Qwen3-VL-8B 8B Open Vision-language model

Qwen2.5-32B 32B  Open No thinking support

Qwen2.5-7B 7B Open

GigaChat3-10B 10B MoE Open Sber AI; 1.8B active

Llama 4 Scout 109B MoE  Open Meta*; 17B active

Table 4: Models evaluated. GPT-OSS-120B uses internal reasoning (thinking) by default with no non-
reasoning variant available; it is labeled “Think” throughout. GigaChat3-10B is the first Russian-native
model in this evaluation.

4.2 Reasoning Configurations

We test four reasoning configurations:

Baseline: Standard tool-calling with a system prompt specifying task rules, domain context, and
behavioral constraints in OpenAl function-calling format.

ReAct: A modified ReAct (Yao et al., 2023) with context stripping: before each tool call, a forced
text-only reasoning turn is generated and then removed from conversation context, preventing context
pollution and forcing grounding in actual tool results. We test two prompt intensities with nearly identical
results (+5.2pp vs +5.8pp on Qwen3-VL-8B).

Native thinking: Qwen3 models support internal reasoning via <think> tokens generated before
each response but not added to conversation history (using vVLLM’s DeepSeek-R1 (Guo et al., 2025)
parsing protocol). Not available for Qwen2.5.

ReAct + Think: Combines both: internal thinking tokens, then a text reasoning turn (stripped), then
the tool call.

4.3 Metrics

All metrics are averaged across 3 independent trials. Correct% (primary): state-based database compar-
ison. any @3: at least 1 of 3 trials correct (upper bound, following Chen et al. (2021)). all@3: all 3 trials
correct (reliability, following TAU-bench’s pass” (Yao et al., 2025)). The any@3 — all@3 gap quantifies
trial variance. Side effects%: fraction of all queries where the prediction is both incorrect and mutates
database state in ways not attributable to ground-truth actions.

5 Results

5.1 Main Leaderboard

Table 5 presents all 19 model-configuration pairs grouped by model and ranked by English correct%.

GPT-OSS-120B leads at 76.8% (EN); it uses internal thinking by default with no non-reasoning variant
(labeled “Think™). Qwen3-32B + Think reaches 70.1%, statistically indistinguishable from GPT-4.1-
mini (68.1%; p = 0.29). GigaChat3-10B ranks last (31.9% EN) but has the smallest bilingual gap
(—4.1pp; Section 5.4).

5.2 Trial Consistency

Running each configuration 3 times reveals substantial variance (Figure 1). The any@3 — all@3 gap
ranges from 16.6pp (GPT-OSS-120B, most reliable) to 37.6pp (Llama 4 Scout), indicating that pass@1
evaluation can both underestimate potential and overestimate reliability.
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Correct% 1 | Side eff.% |

Model Config EN RU Gap| EN RU
GPT-OSS-120B Think 76.8 503 265 | 173 315
Think 70.1 442 -259 | 225 28.6

Quwend-32p  ReAct#Think 682 438 244 | 206 234
wens ReAct 507 375 132 | 422 292

Base 503 358 —145 | 431 367

GPT-4.1-mini  Base 68.1 400 -28.1 | 219 322
Think 63.9 393 246 | 26.1 283

Qwen3-14B  Base 46.1 261 200 | 448 439
ReAct 456 253 203 | 45.1 450

ReAct 643 413 230 | 22.1 299

Qwen2.5-32B e 583 365 218 | 259 307
ReActhigh 573 433 —14.0 | 290 29.9

Qwen3-VL-8B  ReAct mid 56.7 422 —145 | 290 304
Base 515 43.1 -84 | 372 338

Llama 4 Scout  REACt 459 313 —146 | 253 266
Base 423 283 —140 | 367 390

Qwen2.5-7B  Base 379 232 147 | 423 374
. Base 319 278 —4.1 | 43.2 7.4

GigaCha3-10B p o 302 296 06 | 537 144

Table 5: Full leaderboard: correct% and side-effect% averaged across 6 domain subsets (5 single-domain
+ cross-domain) and 3 trials. Gap = RU — EN. Side effects = fraction of all queries where the prediction
is incorrect and the model mutated database state (e.g., sent an email to the wrong person, deleted the
wrong event). Configs sorted by EN correct% within each model group. Llama 4 Scout (17B active) and

GigaChat3-10B (1.8B active) are MoE models.

EN RU
GPT-055-1208 Think 6@ & o4 GPT-055-120B Think - @ < @3
Qwen3-328 Think 4 570 * L Qwen3-328 Think 4 ® > *
Qwen3-32B ReAct+Think 4 5@ * &0 Qwen3-32B ReAct+Think - 260 * L 2]
GPT-4.1-mini Base - 609 & @75 GPT-4.1-mini Base - 309 < &0
Qwen2.5-328 ReAct - 50 * o5 Qwen2.5-32B ReAct - 299 * *5
Qwen3-14B Think o 50 * o5 Qwen3-14B Think o 269 * *3
Qwen2.5-32B Base - 459 * 9 Qwen2.5-32B Base 4 259 L @8
Qwen3-VL-8B ReAct high - ® < L 2 Qwen3-VL-8B ReAct high - 299 & ®7
Qwen3-VL-8B ReAct mid - 4@ * 6 Qwen3-VL-8B ReAct mid 289 * ®5
Qwen3-VL-8B Base - 430 & @0 Qwen3-VL-8B Base 300 < o7
Qwen3-32B Base - € 2 L Qwen3-32B Base ® < L
Qwen3-14B Base - 1048 Qwen3-14B Base 2204830
Llama 4 Scout ReAct - 2 * 3 Llama 4 Scout ReAct { 16@ < @7
Llama 4 Scout Base 4 @ * *1 Llama 4 Scout Base | 1@ * o3
Qwen2.5-7B Base - 27@ < @8 Qwen2.5-7B Base { 15@ < L 2
GigaChat3-108 Base - 209 @ L 21 o al@3 GigaChat3-108 Base | 26041 e al@3
; & avg & av
GigaChat3-10B ReAct o 2@l @6 o any@3 GigaChat3-10B ReAct o 269484 ® any@3
T T T T T T v 1 T v T T T v 1
10 30 40 50 60 70 80 90 100 10 20 30 40 50 60 90 100

Figure 1: Trial consistency (EN left, RU right): each row shows all@3 (left dot), average (diamond), and

Correct (%)

any @3 (right dot). Wider spans indicate less consistent models.

Correct (%)



WorkBench-RU: Can Agents Solve Multi-Step Workplace Tasks Beyond English?

5.3 Reasoning Impact

The effect of structured reasoning is strongly architecture-dependent (Figure 2).

Native thinking transforms Qwen3. Qwen3-32B jumps from 50.3% to 70.1% (+19.8pp, p < 0.001);
Qwen3-14B gains +17.8pp. ReAct alone provides no benefit for Qwen3-32B (+0.4pp): forced text-only
reasoning conflicts with the architecture designed for native <think> tokens.

ReAct helps models without native thinking. Qwen2.5-32B gains +6.0pp (p < 0.001), Qwen3-
VL-8B gains +5.2-5.8pp, Llama 4 Scout gains +3.6pp (primarily reducing side effects). GigaChat3-10B
(1.8B active) shows no ReAct benefit.

Statistical significance. All key findings are significant at p < 0.05 (paired bootstrap, 10K resamples).
The advantage of Qwen3-32B Think over GPT-4.1-mini (2.0pp) is non-significant (p = 0.29).

90
Config Language
Base B Think mmm EN (solid)
80 - ReAct ReAct-+Think RU (hatched)
70
70 68
64 64

60 57 58
-~ 51
3 50 51
£ 50 -
o s W, 46 46 46
o 43 43 “ 2
S 40 38 39
@) 36 36

31 32
30
30 A 28 28 30
26 25
20
10 A
0 T T T T T T
Qwen3-32B Qwen3-14B Qwen3-VL-8B Qwen2.5-32B Llama 4 Scout GigaChat3-10B

Figure 2: Reasoning configurations per model (solid bars = EN, hatched bars = RU; bar labels show
EN correct%, RU in parentheses). Native thinking transforms Qwen3-32B/14B; ReAct helps Qwen2.5
(+6pp), Qwen3-VL-8B, and Llama 4 Scout.

5.4 Bilingual Analysis

The EN-RU gap in Table 5 reveals different cross-lingual robustness profiles.

GPT models show the largest gaps (26-28pp), consistent with (Kulkarni et al., 2025; Luo et al.,
2026). GigaChat3-10B has the smallest gap (0.6—4pp), achieving near-parity and even outperforming
English on Russian PM (71.2% vs 42.5%). Reasoning widens the gap: Qwen3-32B thinking improves
English by +19.8pp but Russian by only +8.4pp. GigaChat3 is the exception: ReAct narrows its gap
from 4.1pp to 0.6pp (Shi et al., 2023).

5.5 Per-Domain Analysis

Performance varies substantially across domains (Figure 3). Email shows the largest bilingual degrad-
ation (GPT-4.1-mini: —50.7pp); PM is hardest overall, with email fabrication as the dominant failure.
Cross-domain tasks (210 queries) are substantially harder: 20-52% EN, 20-48% RU.

5.6 Side Effects

Side-effect rates (Table 5, rightmost columns) decrease with structured reasoning: Llama 4 Scout ReAct
drops from 36.7% to 25.3% EN. GPT-OSS-120B has the lowest EN rate (17.3%) but higher Russian
side effects (31.5%). GigaChat3-10B shows the opposite: high EN rate (43—54%) but very low Russian
(7.4%), consistent with cautious behavior in its native language.
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GPT-0SS-120B Think 91/73 96 / 50 81/59 75/ 46
Qwen3-32B Think 84 /55 82 /38 75 /58 78 /42
GPT-4.1-mini Base 83 /62 71/56 (>
—
o
Qwen2.5-32B ReAct 73/48 78 /51 63 /56 =
o
O
Qwen3-14B Think 68 /50 88 /33 69 /47 g‘
<

Qwen3-VL-8B ReAct high 68 /62

Qwen3-VL-8B Base

Calendar Email Analytics PM CRM Multi

Figure 3: Per-domain correct% for top model-configurations (EN / RU). Cell color reflects average of
EN and RU.

6 Error Analysis

Table 6 provides a heuristic-based error breakdown across five representative models. Error categor-
ies are derived from CSV evaluation flags as follows: email fabrication = predicted email address not
found in company directory (wrong_email flag); incomplete execution = no write operations attemp-
ted (no_actions flag); hallucinated action = unintended database mutations on an incorrect query
(unwanted_side_effects & ~correct); wrong parameters = remainder of incorrect queries
(correct tool, wrong arguments, no side effects).

Error type GPT-OSS Q3-32B Q2.5-32B Q3-VL  GigaChat3

Think Think Base 8B 10B
Wrong parameters 36.4 45.0 41.1 36.3 39.8
Hallucinated action 61.8 50.4 49.2 58.2 9.0
Incomplete execution 1.7 0.4 0.2 1.1 43.6
Email fabrication 0.1 4.2 9.5 4.5 7.6
Error rate (of queries) 48.6 56.4 64.3 58.6 72.2

Table 6: Error type distribution (RU %, of errors). Error rate = fraction of incorrect queries. GigaChat3-
10B shows a unique pattern: 43.6% incomplete execution (vs. <2% for other models), consistent with
its very low Russian side-effect rate (7.4%).

6.1 Error Types

Hallucinated action is the dominant RU error for most models (49-62%), where models attempt actions
with wrong parameters or unwarranted operations. The exception is GigaChat3-10B (9.0%), whose
Russian-native training produces more cautious behavior. Wrong parameters (36—45%) are failures
without side effects — the largest category for Qwen3-32B (45.0%). Email fabrication (0-10%) primar-
ily affects PM/CRM; GPT-OSS-120B is nearly immune (0.1%), while Qwen2.5-32B is most susceptible
(9.5%). Incomplete execution is below 2% for all models except GigaChat3-10B (43.6%): the Russian-
native model frequently finds content but does not complete write operations, explaining its very low
side-effect rate (7.4%) alongside high error rate (72.2%).

6.2 Tool Call Trace Example

Consider the query: “Send an email to Cameron Anderson asking about the project deadline.” The
ground-truth solution requires 2 tool calls:
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1. find_email_address (name="Cameron Anderson") — returns
“c.anderson @company.com”
2. send_email (to="c.anderson@company.com", subject="Project
Deadline", body="...")
A common failure (email fabrication) skips step 1:
1. send_email (to="cameron.anderson@company.com", ...) — fabricated address
The model “knows” a plausible format but doesn’t verify it against the directory — the key lesson is
“read before write.” In Russian, «Kamepony Anmepcony» (dative) must be mapped to “Cameron An-
derson” in the English-script directory. Additional Russian failure modes include status value mismatch
(«B mporecce» instead of «Tekymue» for “In Progress”) and reduced search precision from broader
Russian queries hitting the 5-result limit.

7 Conclusion

We presented WorkBench-RU, the first bilingual agent benchmark for Russian workplace tasks, with
Russian localization of 690 queries, 17 bug fixes to the original benchmark, and evaluation of 9 models
under 4 reasoning configurations.

Key findings: native thinking improves Qwen3 by up to +20pp; ReAct helps models without thinking
by +4-6pp; Qwen3-32B with native thinking (70.1%) reaches parity with GPT-4.1-mini (68.1%). Cross-
lingual robustness varies from 4pp (GigaChat3) to 28pp (GPT), with training data composition appearing
to matter more than scale. Email shows the most extreme bilingual degradation (-50.7pp for GPT-4.1-
mini). Taken together, our error analysis suggests that most of the EN—RU drop is concentrated in tool-
call grounding rather than in core language understanding, pointing to directory resolution, morphology-
to-Latin-script mapping, and enum value selection as primary targets for future work.

Limitations. (1) Russian queries are translated, not natively authored. (2) Only one Russian-native
model (GigaChat3-10B) is evaluated; YandexGPT and the T-Lite/T-Pro family were excluded because
their tool-calling APIs at the time of evaluation did not match the OpenAl function-calling format we
use. (3) Token costs and latency are not normalized across models. (4) The error taxonomy uses heuristic
categorization. (5) State-based correctness does not weigh side-effect severity: deleting a single email
and deleting all emails are scored identically as “correct with side effects”. A severity-weighted variant
is left as future work. (6) The company directory contains 20 contacts with unique first and last names,
so models are not tested on disambiguating namesakes; expanding the directory with intentional name
collisions is left as future work. (7) Some queries cite email titles verbatim, while a more realistic
interaction would reference messages by partial keywords; future versions can switch to keyword-based
references. (8) Tasks are limited to direct tool-call sequences and do not require summarization or ad-hoc
multi-step reasoning over retrieved content; integrating read-and-summarize tasks is left as future work.

All code, data, and evaluation infrastructure are released under the MIT license.
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