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ABSTRACT

Evaluating open-ended generation remains a highly non-trivial challenge, as re-
sponses vary in style, quality, and correctness, making reliable assessment dif-
ficult. To address this, we introduce POLLUX, an open-source framework for
evaluating Russian-speaking large language models (LLMs). Its novelty lies in a
criteria-based methodology that improves interpretability by combining a struc-
tured benchmark with a family of LLM-as-a-Judge evaluators. For each task
type, we define explicit criteria and a scoring protocol in which models not only
rate responses but also justify their judgments, offering a transparent alternative
to resource-intensive human comparisons. The benchmark spans 35 task types
across domains such as code generation, creative writing, and assistant-style in-
teractions, supported by 2,115 expert-authored prompts stratified by difficulty. In
addition, we release specialized evaluators (7B and 32B) trained for fine-grained
assessment of generative outputs. By uniting a comprehensive taxonomy with
automated judges, POLLUX provides scalable and interpretable evaluation tools
that move beyond the costs and inconsistencies of human annotation.

1 INTRODUCTION

Evaluating the open-ended outputs of large language models (LLMs) remains a significant chal-
lenge. While the emerging LLM-as-a-Judge paradigm offers a promising, scalable, and human-
aligned solution, its current application is critically limited. These approaches are not only predom-
inantly focused on English but have also failed to resolve the fundamental issue of interpretable
assessment even within that language. The effectiveness and interpretability of this paradigm for
other languages, such as Russian, thus constitute a severe and unexamined problem. To address
these dual limitations, we propose POLLUX, a framework and comprehensive methodology for
evaluating the generative capabilities of LLMs that provides a scalable yet interpretable solution.

Benchmark features a fine-grained hierarchical taxonomy of 35 generative task types inferred from
open LLM usage logs spanning diverse domains, including code generation, creative writing, and
practical assistant applications, with a total of 2,115 manually crafted prompts. Each task is anno-
tated by an explicitly formulated difficulty level (easy/medium/hard) and constructed entirely from
scratch by domain experts to ensure high-quality, unbiased evaluation data. We define a detailed set
of criteria for each task type. We also develop a transparent scoring protocol where models assess
responses and generate open-ended justifications for their ratings. Moreover, we release a family of
LLM-as-a-Judge models (7B and 32B parameters) trained to perform criteria-aligned assessments
based on the proposed methodology of generative outputs, both with a score and textual feedback.
Our approach aims at a criteria-driven, reproducible evaluation framework, reducing reliance on
costly and less consistent human side-by-side comparisons. An overview of POLLUX is presented
in Figure[I] The key contributions of this work include:

* A general methodology for LLM evaluation, comprising:
— A hierarchical taxonomy of generative tasks, categorized by complexity and domain.
— A fine-grained taxonomy of criteria for systematic evaluation.

* An open benchmark with prompts and annotations verified by experts.

¢ The release of LLM-as-a-Judge evaluators (7B and 32B) for automated assessment.

The benchmark, code, and models are available at the provided linkﬂ

I'The links have been disabled to preserve anonymity. The benchmark, code, and models are provided under
the MIT license.
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Figure 1: POLLUX overview and rounded statistics before filtering: benchmark characteristics,
including tasks and criteria, information about the experts involved in creating the data, the overflow
of LLM-as-a-Judge models, and the synthetic data used for them.

2 RELATED WORK

The evaluation of LLMs employs distinct benchmarking paradigms. Static benchmarks (like BIG-
bench [Srivastava et al.| (2023)), HELM |Bommasani et al.| (2023), MMLU Hendrycks et al.| (2021),
HumanEval |Chen et al.|(2021))) target expert knowledge, reasoning, and coding. Generative bench-
marks (MT-Bench Zheng et al.| (2023))) utilize open-ended prompts, which are scored by humans or
LLMs-as-judges. Recent efforts (WildBench |Lin et al.| (2025), Preference Bench Kim et al.| (2024),
Auto-J Eval [Li et al|(2023)) stress realism and scalable automation, while Chatbot Arena |Chiang
et al.| (2024)) enables crowd-based comparisons but faces criticism on fairness|Singh et al.[(2025)).

In the Russian context, benchmarks such as Russian SuperGLUE |Shavrina et al.| (2020) and
TAPE [Taktasheva et al.| (2022)) remain largely static and classification-oriented. MERA [Fenogen-
ova et al.| (2024) introduced a broader generative evaluation, yet most others (LIBRA |Churin et al.
(2024), RuBLiMP Taktasheva et al.|(2024), RuBia |Grigoreva et al.| (2024))) still emphasize closed-
answer tasks. REPA [Pugachev et al.| (2025) adds error-type annotations but is model-specific and
error-based. Overall, open-ended, human-centered generative benchmarks for Russian-speaking
LLMs are still lacking, leaving a major gap in evaluation.

3 THE POLLUX GENERATIVE BENCHMARK

Our objective is to emulate the full spectrum of generative, open-ended tasks that can be posed to
an Al assistant, and to establish a framework for evaluating the resulting outputs using interpretable
criteria, rather than relying exclusively on surface-level assessments, such as those employed in
Arena-like A/B testing approaches. Thus, we propose the POLLUX benchmark, which provides a
quantitative and qualitative evaluation of LLLMs across tasks-criteria taxonomy and expert-annotated
data. The methodology is based on: 1) the generative tasks taxonomy, covering 35 categories
derived from real LLM interactions and further expanded by functional styles, genres, and three
complexity levels; and 2) the criteria taxonomy, comprising domain-, task-, fine-grained, subjective
dimensions, each equipped with dedicated scoring rubrics. The benchmark encompasses 2,115
unique instructions across 5 functional styles.

3.1 THE GENERATIVE TASKS TAXONOMY

To obtain a hierarchy of generative tasks, a two-stage procedure was applied. The first stage involves
bottom-up category mining using instruction clustering, and the second stage marks the point at
which the specialized knowledge of domain experts is applied.

Organizing use cases into task taxonomy We used the WildChat-1M dataset [Zhao et al.| (2024)
as a source of user-LLM interactions. From its 87K Russian sessions (270K prompts), we ap-
plied deduplication using the rapidfuzz WRatio function E| (threshold 95), removed toxic content

“rapidfuzz WRatio


https://rapidfuzz.github.io/RapidFuzz/Usage/fuzz.html#wratio
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Figure 2: The POLLUX generative taxonomy of tasks. The labeled figures highlighted in bright
colors are major 35 task groups. Each task group is annotated with corresponding expert panels. The
sections within task types schematically illustrate the depth of decomposition within each taxon.

per original annotations, excluded prompts over 200 words, and deduplicated via hash of the first
and last 200 characters. The final corpus contains 181K user prompts. Then clustering in the form
of BERTopic E| Grootendorst| (2022) pipeline was executed on the instructions embeddings concate-
nated with embeddings of definitions of corresponding tasks (e.g. debug code or paraphrase text),
which were generated with Llama—3—8B—InstructE| Grattafiori et al.| (2024), yielding 4,500 clusters.
Three annotators (agreement: 0.81) labeled centroids concisely. Definitions appearing at least 2
times (43.5% of centroids) were removed. The remaining 81 labels were merged based on shared
skills, resulting in 35 final task types.

Expert refining We adopted a functional-stylistic classification |Kozhina et al.| (2011)) comprising
five core textual styles (e.g., Literature, Science) as the superstructure of the taxonomy. Ten expert
panels — comprising specialists in relevant task types — identified genre-specific tasks, resulting
in a hierarchical taxonomy of 152 fine-grained tasks (grouped into 35 major categories) spanning
15 literary movements, 17 canonical authors, and 93 substyles and genres. Each task includes three
levels of complexity (with the exception of STEM tasks, which comprise two levels), totaling 451
unique complexity definitions. The complete taxonomy, including all task definitions, complexity
levels, and panel compositions, is illustrated in Figure 2}

3.2 THE CRITERIA TAXONOMY

We introduce a modular criteria system aligned with the Generative Tasks Taxonomy, enabling the
construction of tailored evaluation sets per text based on its functional style and task. All criteria
— each with defined scales and rubrics — focus on aspects necessary for assessing quality in re-
lation to user intent and task type. For example, a style transfer task (text transformation) requires
different criteria depending on the domain: fact preservation is critical in news, while style consis-
tency is prioritized in science fiction, where facts may be fictional. Thus, the methodology selects
only relevant criteria for each task—style combination, ensuring focused and efficient evaluation.
While expandable, we prioritize systematic rigor over exhaustive coverage of all possible evaluation
dimensions.

Criteria system basis Following Howcroft et al. (2020), this work bases its criteria framework
on three levels of evaluation aspects, namely (i) context-independent assessment, and evaluation
relative to (ii) input query and (iii) external data sources. Each of these levels is further bifurcated
into Form and Content components, creating a comprehensive evaluation matrix M. Each expert
panel ¢ was responsible for populating the matrix M; with evaluation aspects needed to assess the
quality of responses to tasks that fall within the panel’s range of expertise. As all panel-specific
M;s were complete, the dedicated panel supervisors and five contributing authors of this paper
aggregated those criteria from the collection of M; that focus on universal text quality markers
while deliberately ignoring style-specific characteristics.

To ensure the selected 22 criteria are independent of each other and do not correlate, the pairwise
comparisons (totaling 231 comparisons) were performed by the same five contributing authors with
an average agreement score of 0.72. Those pairs of criteria that have been voted as correlating by
at least three annotators (13.8% of all pairs) were merged into a single criterion, leaving the final
13 independent criteria. These, in turn, were subdivided into Critical, Fine-Grained, and Subjec-
tive groups, which account for two, six, and five criteria, respectively. This first step yielded a

*MaartenGr/BERTopic
4meta-llama/Meta-Llama-3-8B-Instruct
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versatile criteria system that provided the scaffolding for subsequent stylistic customization. Ex-
pert panels adapted the Fine-Grained criteria by adding style-specific attributes and incorporating
domain-relevant criteria from M;, creating Domain-specific (13 criteria) and Task-specific (40 cri-
teria) groups. Combined with Critical, Subjective, and Fine-Grained groups, this yields 66 total
criteria (see Table[/|of the Appendix and Table|l)) for criteria groups. In total, POLLUX suggests 66
criteria, of which 58 have unique labels. The overlap arises because some criteria belong to multiple
criterion types and usage in specific tasks.

Scoring system A scoring system requires the design of both scales (numerical values representing
compliance) and rubrics (rules for assigning scores) for each criterion. This research employs a
discrete scale of 0/1/2 for all criteria, except for the Critical ones, which serve as binary indicators
of major violations in the text. For STEM tasks, a scale of 0/1/2/3/4 is used, as the gradations of
this scale are more distinguishable than those for functional style tasks. It is important to note that a
score of zero is always considered poor.

Using a discrete scale in this context allows for clear interpretation of the scores based on the es-
tablished rubrics. The choice of three possible values (inadequate/acceptable/excellent) reduces
interpretative variance, as these values have clear, intuitive meanings. Additionally, three values are
generally sufficient to uniquely rank models according to their overall performance. The criteria
taxonomy is extensive and non-redundant, with a maximum pairwise Spearman correlation between
expert ratings across criteria is 0.13. This indicates that the evaluation nuances are captured through
the breadth of the scoring system rather than through detailed rubrics.

3.3 THE BENCHMARK COMPOSITION

Creating instructions A critical methodological consideration in POLLUX design was ensuring
the utilization of unique texts to prevent potential contamination of evaluation results due to data
leakage Deng et al.| (2024). Expert panels wrote 50 instructions (10/15/25 for easy/medium/hard
complexity levels, respectively) for each task category. STEM and three of the programming code-
related tasks have 125 instructions, with 25 instructions per discipline or language, respectively.
STEM instructions and code-related problems are categorized into 12/13 and 8/9/8 levels of com-
plexity for high school/university and easy/medium/hard levels of difficulty. Panel experts were not
permitted to use texts from the internet or consult printed or digitized sources. All 2,115 texts in
POLLUX, including those with more than 7,000 characters (1.6% of all instructions), were written
completely from scratch. The originality of instructions was further verified by panel supervisors.

POLLUX emphasizes the richness of the Russian language, with 4.9% of instructions (104) con-
taining 416 stylistic devices (e.g., epithets, metaphors). It also includes 1.4% (30) ethically flagged
instructions to test safety. Instructions were uniformly distributed across task subgroups. Two au-
thors reviewed them for task and complexity alignment (agreement: 0.81); 16% were returned for
revision. An editorial panel corrected spelling and misprints manually.

Criteria annotation The 2,115 instructions were processed by top 7 Russian-speaking LLMs
(OpenAl ol (2024-12-17), GPT-40 (2024-08-06), Claude 3.5 Sonnet (2024-10-22), Llama 3.1
405B, GigaChat-Max (1.0.26.20), YandexGPT (2024-10-23), T-Pro) using default parameters El
Each answer was evaluated against a tailored set of criteria, producing 170,288 evaluation triples
(instruction,answer,criteria);. Experts annotated each triple, assigning scores and
rationales. Criteria were assigned to specialized panels (Domain-specific: 5 style panels; Task-
specific: task panels; Fine-Grained: Editing/Crowd; Critical/Subjective: Crowd plus style/task pan-
els). Annotation overlap was 2 (Task/Domain), 5 (Critical), or 3 (Fine-Grained/Subjective) ﬂ Af-
ter removing samples with critical violations or format errors, the final dataset contained 161,076
samples and 471,515 point estimates. Experts spent 24,447 hours (avg. 50 min/answer; 3.1 min/cri-
terion) at a cost of $262,316. Statistics of the collected criteria are in Tables [§8| and of the Ap-
pendix. The Human Baseline was estimated on a sample of 140 instruction—answer pairs, yielding
7,537 distinct criterion-level annotations (LLM-as-a-Judge was not evaluated on Human Baseline).
The answers to the instructions were written by panel experts and scored by non-overlapping expert
groups.

5 API defaults and generation_config. json for Llama 3.1 and T-Pro.
%9.6% of Task/Domain estimates had disagreement; See Tableof the Appendix; results are robust to their
exclusion.
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Cultural Characteristics and Generalization The benchmark is specifically designed to evalu-
ate Russian language capabilities. Consequently, the descriptions of tasks and subtasks, their com-
plexity levels, and evaluation rubrics frequently reference specific linguistic features of the Russian
language. The instruction set also incorporates colloquialisms and regionalisms in some classes of
tasks. While the task taxonomy framework and criteria selection possess a universal structure that
can be directly applied to other languages, the language-specific components (the task descriptions,
examples, and rubrics) require careful adaptation to the target language while maintaining the core
evaluative framework.

POLLUX LLM-as-a-Judge Baseline LLM-as-a-Judge

Criteria Criteria Type Num Samples 7B 2B DeepSeck-V3 gpt-0ss-120B Qwen3-235B-Instruct Qwen3-235B-Thinking GigaChat-2-Max
Format violation Critical 10840 0.186 0.194 0221 0.602 0210 0322 0.125
Censor block Critical 10924 0486 0526 0592 0581 0.791 0.789 0530
User request formalization  Fine-grained 9252 0.281 0.298 0.295 0.368 0331 0304 0251
Literacy Fine-grained 1447 0225 0222 0.113 0269 0.141 0316 0043
Absence of speech errors  Fine-grained 1050 0.159 0.181 0.062 0.268 0312 0263 0.097
No repetitions Fine-grained 8758 0074 0.091 0055 0.126 0.085 0.115 0054
No generation errors Fine-grained 8733 0.157 0.172 0.179 0557 0420 0372 0.137
Initiative Fine-grained 8406 0248 0241 0.295 0398 0428 0.406 0334
No fluff Domain-specific, Task-specific 5030 0334 0339 0404 0367 0.458 0474 0423
Character adherence Domain-specific 613 0.195 0261 0332 0420 0.424 0374 0290
Genre adherence Domain-specific 2009 0.049 0.087 0.064 0.123 0.116 0.136 0.068
Sources citing Domain-specific, Task-specific 352 0450 0478 0494 0430 0.460 0.549 0475
Cohesion and D specifi specific 5060 0.066 0.035 -0.026 0.034 0044 -0.034 -0.082
Real-world facts D k-specific 3891 0210 0223 0239 0.360 0333 0335 0.197
Terminology correctness  Domain-spec 1556 0.136 0.134 0.118 0238 0.180 0239 0.126
Creativity Domain-specific, Task-specific 3977 0241 0236 0210 0248 0.190 0257 0273
Depth of Domain-specific, Task-sp 4314 0.107 0.108 0.142 0.101 0.203 0.185 0.082
Ling. competence Domain-specific 2554 0.155 0.187 0.113 0.205 0.103 0025 0.151
Monologue nature Domain-specific 562 0253 0.272 0.183 0.170 0.168 0225 0.149
Safety Domain-specific, Task-specific 2470 0178 0.168 0228 0335 0246 0278 0.064
Unambiguous language Domain-specific 721 0.114 0.095 0235 0.114 0.183 0.191 0.146
jective, Task-specifi 9761 0325 0310 0410 0537 0.559 0.569 0351
Beautiful formatting Subjective 8779 0491 0519 0.701 0.771 0.707 0.748 0.607
thati jecti 8830 0028 0.051 0.068 0.168 0.083 0.133 0.127
speech
Usefulness Subjective 9976 0222 0243 0302 0397 0329 0.400 0292
General impression Subjective 10988 0.392 0.400 0471 0514 0.498 0515 0417
Literary accents Task-specific 22 0256 0278 0335 0.408 0.205 0366 0.150
Applicability Task-specific 1963 0.147 0.154 0023 0.149 0.089 0.154 -0.000
Situation applicability Task-specific 120 0264 0.186 0278 0.463 0.153 0328 0249
Assessment accuracy Task-specific 299 0212 0.207 0372 0340 0358 0339 0.087
Code cleanliness Task-specific 748 0.256 0237 0.183 0.236 0.141 0.157 0221
C Task-specific 143 0.118 0.154 0.140 0.390 0250 0281 0.118
Language norms Task-specific 312 0.091 0.094 0205 -0.004 0.182 0212 0.224
Author viewpoint Task-specific 279 0.095 0.116 0.136 0.278 0.078 0.161 0056
Compliance with functional ~ Task-specific 1035 0.132 0202 0.281 0.130 0278 0.135 0271
style
Original goal 319 0.155 0311 0.181 0.289 0253 0215 0.169
Original tone 303 0.139 0.158 0.030 0455 0.129 0210 0.147
Correctness of results Task-specific 3234 0596 0.669 0.679 0.724 0712 0719 0614
Correctness of the solution  Task-specific 857 0.586 0.652 0.696 0.725 0.727 0.692 0615
Correctness of units of Task-specific 50 0071 0.138 0.114 0.393 0349 0239 0074
measurement
Dramaturgy Task-specific 240 0398 0417 0396 0322 0276 0252 0352
Dialog expressiveness Task-specific 141 0271 0247 0.151 0.142 0.112 0.163 -0.029
Factual accuracy Task-specific 305 0329 0374 0.193 0.296 0318 0.381 0.162
Formatting according to Task-specific 768 -0.126 -0.102 0.038 -0.194 0.034 -0.006 -0.188
structure
Ingenuity Task-specific 303 0535 0.680 0671 0687 0.724 0.708 0676
LaTeX script correctness  Task-specific 25 0.428 0357 0363 0279 0278 0363 0.129
Level of expertise Task-specific 112 0.193 0292 0271 0457 0322 0.424 0248
Verse Meter/thythmic Task-specific 153 0058 -0.061 0.101 0.225 0.020 0.155 0.181
structure
Objectivity Task-specific 292 0.005 -0.016 -0.009 0.234 0.106 0.249 0058
Operability Task-specific 750 0283 0328 0.179 0334 0335 0.365 0259
Optimal solution Task-specific 1235 0329 0383 0397 0.453 0.405 0447 0397
Preserving original Task-specific 2435 0.163 0.189 0071 0274 0.070 0.193 0.106
idea/details
Reasoning quality Task-specific 399 0427 0565 0.684 0679 0723 0.755 0639
Rhyme quality pecific 146 0.139 0.037 0.163 0.447 0.092 0211 0.157
Scientific credibility pecific 390 0346 0451 0473 0.496 0579 0493 0452
Subjectivity Task-specific 304 0364 0353 0393 0438 0.461 0439 0447
Sufficiency of the solution  Task-specific 828 0454 0433 0.399 0.519 0.465 0505 0376
Summarizing quality Task-specific 313 0264 0.281 0.153 0.175 0.030 0.180 0.157

Table 1: Spearman correlation coefficients between LLM-as-a-Judge and expert judges, aggregated
by 58 unique criteria, grouped by taxonomy types. The complete criteria list consists of 58 unique
criteria, grouped by taxonomy types, which in total yields 66 taxons for specific evaluation cases.

4 THE FAMILY OF LLM-AS-A-JUDGES

The POLLUX benchmark can serve as an instruction-based test for side-by-side evaluation; how-
ever, comprehensive assessment using its full set of annotated criteria demands specialized expertise
and entails approximately 25,000 hours of manual labeling. To address this challenge, we comple-
ment POLLUX with two LLM-as-a-Judge models, comprising 7B and 32B parameters, which were
fine-tuned to approximate the decision-making process of expert panels. These models take as input
an instruction paired with a generated response, a criterion, and its associated rubrics, and output
both a score aligned with the criterion’s scale and an accompanying textual rationale. Importantly,
both models operate in a reference-free format. This section outlines the training corpus, fine-tuning
methodology, and evaluation of the POLLUX LLM-as-a-Judge models.
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4.1 THE TRAINING DATASET

It has been decided to employ synthetic data for training because (i) acquiring the manually com-
posed training set of at least the same size as the POLLUX dataset requires the same amount of
time and labor, and (ii) employing the same panels of experts potentially leads to data leakage. Syn-
thetic data generation followed the same procedure outlined in Section@ First, 78,000 instructions
were generated based on the POLLUX tasks taxonomy and complexity levels by DeepSeek-R1|Guo
et al.| (2025), OpenAl GPT-40 E] and 03-mini [ﬂ in equal shares; see Appendix for the prompt
employed for these services. Instructions that contained more than 5% non-Russian tokens and du-
plicates were removed, resulting in a final dataset of 26,000 instructions. Then, synthetic instructions
were mapped to the corresponding criteria sets. Answers for synthetic instructions were generated
by 15 open-source LLMs in equal shares. Each instruction—answer—criteria example was annotated
by DeepSeek-V3 [Liu et al.|(2024) with explanatory comments and a numerical score aligned with
the respective criteria rubrics. At each stage, we used different models to avoid evaluation bias.
We have verified that the synthetically generated training data maintains diversity comparable to the
expert-annotated data. For detailed results and comparative statistics, refer to Table [8| of the Ap-
pendix. To remove syntactic and semantic duplicates while preserving diversity (within each task
type), we computed pairwise similarities using Qwen2-7B embeddings and chrF; we then calibrated
task-specific thresholds as the 95th percentile of cosine and chrF computed on expert-written in-
structions and, whenever a sample exceeded its task-specific threshold, applied an LLM-as-a-Judge
(GigaChat-2-Max) to decide whether it was a semantic duplicate, removing it if confirmed. The re-
sulting synthetic instruction set contains no semantic duplicates and preserves diversity comparable
to the expert data.

4.2 LLM-AS-A-JUDGE EVALUATION

For the evaluation of the LLM-as-a-Judge approach, we constructed two distinct subsets from the
test dataset: 1) Zero-Shot Test 2) Human Dev. These two subsets do not overlap, each containing
unique instructions and outputs from the evaluated models. The Zero-Shot Test comprises task
types and evaluation criteria that have not been previously encountered by the POLLUX LLM-as-
a-Judge Family, either in training or synthetic datasets. This setting is designed to demonstrate the
potential of the POLLUX LLM for assessing model quality on entirely novel tasks, introducing new
evaluation criteria and corresponding scoring standards. The Zero-Shot Test includes the task types:
Al as a Character (formal setting), Al as a Character (informal setting), Applied Brainstorming,
Recommendations, Literary Text Generation, Code Modification, Style Transfer, Text-Dependent
Question Answering. Additionally, the following evaluation criteria are present exclusively in the
Zero-Shot Test, and have not previously been observed by the POLLUX LLM-as-a-Judge Family
during training: Dialog expressiveness, Dramaturgy, Rhyme quality, Literary accents, Character
adherence, Verse Meter/rhythmic structure. Conversely, the Human Dev consists of entirely unique
instruction-answer pairs for the evaluated models; however, the types of tasks and evaluation criteria
represented in this subset have previously been observed by the POLLUX LLM-as-a-Judge Family
in its training data in the form of synthetic examples.

4.3 EXPERIMENTS

For the LLM-as-a-Judge training, we choose T—lite-it-l.(ﬂ and T—pro—it—l. for the base models of
7B and 32B parameters, respectively. Both models are open-source and exhibit top-tier performance
in their respective capacity classes according to the MERA leaderboard[ﬂ We trained T-lite-it-1.0
and T-pro-it-1.0 in sequence-to-sequence format, when a criterion score is a part of the output text
and is generated with the rationale. Both models were trained with a learning rate from 1 x 1075
to 0 over three epochs, utilizing the AdamW optimizer Loshchilov & Hutter] (2017)) on 64 Nvidia
H100 80Gb GPUs with a total batch size of 256 and with cross-entropy objective for the sequence-
to-sequence format.

"https://openai.com/index/hello-gpt-4o/

$openai-03-mini

%t-tech/T-lite-it-1.0

10¢-tech/T-pro-it-1.0
Yhttps://mera.a-ai.ru/ru/text/leaderboard
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4.4 EVALUATION

To examine the performance of the POLLUX models, we employ the POLLUX benchmark as the
test set for Judge assessment and the REPA benchmark for Judge evaluation. The corresponding
results are reported in Table[T] Table[2]and Table[d] As reference systems, we selected gpt-oss-120B,
DeepSeek-V3 (also used as an automatic generator of reference scores for our LLM-as-a-Judge
experiments), GigaChat-2-Max (Russian LLM) and M-Prometheus-14B [Pombal et al.| (2025)), and
we further included Qwen3-235B-Instruct and Qwen3-235B-Thinking. The two Qwen3 variants let
us probe judging ability both in a standard instruction-tuned setting and in a reasoning mode. To
evaluate the agreement of POLLUX LLM-as-a-Judges with these references, we used Spearman’s
rank correlation (it measures rank agreement without assuming equal intervals).

POLLUX LLM-as-a-Judge Baseline LLM-as-a-Judge
Task Macrogroup Task Type Num Samples 7B 2B DeepSeek-V3 M-Prometheus-14B gpt-oss-120B Qwen3-235B-Instruct Qwen3-235B-Thinking GigaChat-2-Max
Alasa Al as a Character (formal) 6025 0.528 0524 0.496 0.040 0.606 0.601 0590 0571
character Al as a Character (informal) 5173 0.594 0.607 0598 0014 0.659 0.660 0657 0.651
Applied brainstorming 6452 0.59 0615 0.614 0.003 0.678 0.665 0.644 0.608
Brain- Creative brainstorming 5558 0.628 0.636 0.612 0.002 0.693 0.696 0.673 0.689
storming General-purpose brainstorming 4650 0652 0.650 0578 0.064 0.699 0.703 0.673 0.686
Word tasks (editorial brainstorm- 3992 0.722 0.768 0.755 0.137 0.889 0.848 0.854 0.830
ing)
Human- Advice 5036 0.612 0.600 0538 0.097 0.685 0.666 0.662 0673
Model Recommendations 5244 0.647 0.654 0.568 0.135 0.710 0.696 0.682 0.674
Interaction Plans 5286 0.645 0.636 0572 0.002 0.662 0.674 0651 0651
Original Journalistic text 6142 0.559 0.584 0.601 -0.008 0.664 0.664 0.667 0.618
Ten Literary text 6764 0.541 0561 0546 0.033 0.624 0.598 0.608 0.587
Generation Official text 6279 0.581 0583 0576 -0.091 0615 0615 0.618 0610
Scientific text 6080 0.564 0.592 0.579 -0.021 0.684 0.658 0.613 0.621
Concept explanation 5305 0721 0728 0712 0.061 0.765 0.767 0.749 0.749
Data analysis 1040 0.831 0.833 0.859 -0.223 0.885 0.885 0.874 0.836
Data retrieval 2697 0786 0.793 0.821 0.067 0.854 0.862 0.866 0.810
QA Describing objects game 1054 0.697 0.702 0.714 0.288 0.860 0.863 0.894 0.800
Fact checking 1330 0.750 0.765 0.768 0.034 0.844 0.851 0.864 0.819
Problem-solving activities 5305 0721 0754 0.741 0.061 0.856 0.848 0.844 0.806
Writing instructions 1647 0.772 0.789 0.855 -0.009 0.816 0.845 0.790 0.800
Code analysis 1766 0.576 0.609 0.692 0.164 0.691 0713 0.689 0.642
Technical Code creation 1842 0.462 0511 0.506 0.221 0.551 0.501 0.461 0.476
problems. Code modification 1823 0.351 0.404 0.462 0.037 0.469 0.427 0.393 0.439
STEM exercises 2073 0621 0.625 0.616 0.134 0.682 0.678 0.663 0558
Editing 5263 0.686 0.678 0.660 0.286 0.725 0.697 0.704 0.727
Text Extract 4924 0655 0.683 0711 0.132 0816 0.750 0.787 0752
T‘cx" Summarizing 5831 0.676 0.673 0.728 0.020 0.722 0.750 0.721 0.720
§ o ‘l Rephrasing 5077 0.680 0.677 0.666 0.254 0.720 0.737 0.709 0717
ormation Style transfer 5977 0.506 0.495 0.541 0.049 0.666 0.625 0.619 0.610
Translation, Eng-Rus language pair 5958 0.664 0.668 0.641 0.125 0.666 0.668 0.642 0.659
Text analysis (objective) 6139 0.608 0.608 0.641 -0.003 0700 0.702 0.694 0.614
Text- Text evaluation 6039 0.542 0.543 0.611 -0.015 0.689 0.668 0.643 0.147
Based Text interpretation (subjective) 6081 0.650 0.652 0.721 0.062 0.723 0.751 0.732 0.693
Generation Text plan 5682 0.585 0581 0579 -0.048 0.642 0.634 0.608 0658
Text-dependent questions 5542 0.660 0.668 0.634 -0.031 0.631 0.639 0.633 0.609
Overall 0.632 0.641 0.633 0.089 0704 0.689 0.678 0.633

Table 2: Spearman correlation coefficients between LLM-as-a-Judge and expert judges evaluated on
the Zero-Shot Test and Human Dev, aggregated by task types. Underlined task types are exclusive
to the Zero-Shot Test; regular font marks task types from the Human Deyv.

To probe In-Context Learning (ICL) judging ability, we run controlled setups on the Zero-shot Test
in Table [3} we augment each prompt with a varying number of exemplars drawn from the Human
Dev and instruct the model to produce a step-by-step rationale before emitting its final score. We
report performance as a function of the number of exemplars and the presence/absence of rationales.
Since POLLUX was trained in an explain-then-judge mode, we evaluate it only in the rationale-
required condition. We additionally report metrics for POLLUX-32B fine-tuned on the Human Dev
set to better calibrate its scores to human judgments.

POLLUX LLM-as-a-Judge Baseline LLM-as-a-Judge
Mode Num Shots 7B 32B fine-tuned 32B DeepSeek-V3 gpt-0ss-120B Qwen3-235B-Instruct Qwen3-235B-Thinking
0 - — — 0.557 0.639 0.617 0.613
w/o CoT 1 - - — 0.586 0.644 0.612 0.636
3 - — — 0.620 0.656 0.611 0.655
0 0.575 0.584 0.727 0.549 0.644 0.616 0.611
with CoT 1 0.587 0.621 0.706 0.615 0.646 0.632 0.636
3 0.597 0.632 0.704 0.627 0.656 0.633 0.653

Table 3: Spearman correlation coefficients between LLM-as-a-Judge and expert judges evaluated on
the Zero-Shot Test. Num Shots indicates the number of example judgments on the same criterion
drawn from the Human Dev. CoT (Chain of Thoughts) indicates whether step-by-step reasoning
about the answer’s conformity to the criterion before generating the final score. For each model, the
best setup is underlined.
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To validate POLLUX Judge on the independent REPA side-by-side benchmark, we adopt two
modes. In the Pairwise setting, the judge receives both candidate answers in a single prompt and
must either select the better one or explicitly declare that both are good or both are bad. In the
Pointwise setting, the judge scores each answer independently; we then compare the two scores: if
both scores are 0, we label the pair both bad, if the scores are equal at any value > 0, we label both
good, otherwise the higher-scoring answer is preferred. In both settings, we instantiate POLLUX’s
judging criteria to be semantically aligned with the corresponding REPA criteria.

Criteria POLLUX LLM-as-a-Judge Baseline LLM-as-a-Judge

Mode REPA POLLUX 7B 32B DeepSeek-V3 gpt-0ss-120B Qwen3-235B-Instruct Qwen3-235B-Thinking GigaChat-2-Max
Request Following User request formalization - - 0.372 0.363 0.238 0.344 0.368
Factuality Real-world facts consistency — — 0.481 0.478 0.291 0.391 0.449
Repetition No repetitions — — 0.273 0.420 0.219 0.332 0.262
Code-Switching Format violation — — 0.099 0.147 0.190 0.161 0.280
Relevance No fluff —_ —_ 0.413 0.426 0.273 0.408 0.428

Pairwise Harmfulness Safety — — 0.134 0.154 0.125 0.133 0.154
Fluency Literacy — — 0.079 0.146 0.162 0.106 0.187
Contradiction Cohesion and coherence — — 0.016 0.017 0.122 0.023 0.135
Sudden Interruption  Format violation —_ —_ 0.380 0.412 0.247 0.398 0.345
Refusal Censor block — — 0.033 0.094 0.111 0.153 0.154
Overall General impression — — 0.472 0.481 0.265 0.447 0.464
Request Following User request formalization 0.486 0.481 0.502 0.518 0.438 0.527 0.492
Factuality Real-world facts consistency 0.465 0.487 0.485 0.345 0.472 0.393 0.505
Repetition No repetitions 0.331 0.320 0.448 0.521 0.419 0.517 0.383
Code-Switching Format violation 0.142 0.139 0.233 0.146 0.269 0.208 0.271
Relevance No fluff 0.490 0.457 0.500 0.520 0.499 0.516 0.508

Pointwise ~ Harmfulness Safety 0.094 0.074 0.132 0.298 0.226 0.205 0.158
Fluency Literacy 0.089 0.101 0.136 0.162 0.113 0.113 0.139
Contradiction Cohesion and coherence 0.055 0.050 0.096 0.069 0.064 0.106 0.120
Sudden Interruption  Format violation 0.553 0.521 0.048 0.063 0.075 0.069 0.501
Refusal Censor block 0.123 0.100 0.177 0.050 0.110 0.022 0.203
Overall General impression 0.548 0.554 0.518 0.532 0.527 0.515 0.528

Table 4: F1-macro score on the REPA dataset. Maximum metric values within each criterion and
mode are underlined; the maximum metric value for each criterion across both modes is shown in
bold.

5 RESULTS AND DISCUSSION

The analysis of the POLLUX criteria annotation suggests that (i) even top-tier models like Claude
3.5 Sonnet and OpenAl ol still lag behind human experts in tasks that heavily rely on creativity,
and (ii) the ranking of models strongly depends on the aggregation method. Table [2] reveals that
(i) even top-tier general-purpose LLMs are (yet) not able to fully substitute the domain-specific
expert evaluation of texts (the correlation with the expert criteria annotation in the POLLUX Zero-
Shot Test does not exceed 0.73) and (ii) the most advanced POLLUX LLM-as-a-Judge model (32B)
now achieves a correlation of 0.73, outperforming all considered baselines, including OpenAl gpt-
0ss-120B, Qwen3-235B, DeepSeek-V3, and the top-tier Russian model GigaChat-2-Max. Hence,
POLLUX can be employed as a robust, lightweight, and state-of-the-art alternative for automatic
criteria evaluation on the POLLUX dataset.

On REPA (Table [)), we confirm that Pointwise mode — linear-time for Side-By-Side comparisons
and inherently free from answer position bias — achieves higher metrics than Pairwise. Conse-
quently, the POLLUX LILM-as-a-Judge, trained in Pointwise mode, can be efficiently integrated
into SBS evaluation pipelines.

Model Al Creative Human Original QA Tech Text Text-Based Score
Char Gen Inter Text Gen Prob Transf Gen
Gemma-3-27B-It 1.072  1.246 1.161 1.100 1.225 1435 1.106 1.295 1.205
Gemma-3-12B-It 1.053 1.208 1.138 1.120 1.140 1352 1.089 1.265 1.163
Qwen3-30B-A3B 0.950  1.133 1.003 1.026 1.190  1.539  1.059 1.257 1.153
T-Pro-It-1.0 1.018 1.109 1.038 1.047 1.091 1.424 1.023 1.193 1.115
GPT-4 0.957 1.063 1.004 1.021 1.207 1.419 1.023 1.134 1.110
RuadaptQwen3-32B-Instruct ~ 0.865 1.087 0.966 0.932 1.114 1472 0983 1.236 1.091
GigaChat-Max 0.981 1.077 1.011 1.027 1.121 1.285  1.000 1.141 1.085
Falcon-H1-34B-Instruct 0.980  1.068 0.986 0.976 1.108 1412  0.999 1.142 1.083
Qwen3-14B 0.822 1.002 0.890 0.892 1.124 1.528 1.010 1.219 1.076
Gemma-3-4B-It 0.964 1.167 1.080 0.995 0.990  1.118 1.010 1.229 1.069

Table 5: The Top-10 leaderboard based on the POLLUX Benchmark evaluated by the 32B POLLUX
Judge model. Results are reported as mean LLM-as-a-Judge scores aggregated within task groups;
Score denotes the overall mean of judge scores across all tasks. The full leaderbord is provided in
Table[I0]of the Appendix. Best results are in bold, second best are underlined.
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POLLUX introduces a benchmark characterized by its comprehensive taxonomies of tasks and eval-
uation criteria, as well as a suite of high-quality, human-written instructions. The benchmark is suit-
able for implementation under a rigorous, Arena Hard-like |L1 et al.|(2024b)) evaluation paradigm,
utilizing a language model in the role of an evaluator. In Table 5| we report the performance metrics
of several state-of-the-art models on the POLLUX benchmark, with all generated outputs adjudi-
cated by our custom 32B POLLUX Judge. On average, evaluating a single model across all tasks
and criteria with the POLLUX-32B LLM-as-a-Judge requires 1 GPU-hour on NVIDIA H100.

To analyze self-judging bias in LLM-as-a-Judge, we run a self-judgment study: for each model that
produced answers for the test set, we also use that same model as the judge on its own outputs. We
compute the average score the judge assigns and aggregate correlations at the model level in Table[6]
Under mean-score aggregation, the POLLUX models’ final ranking aligns with expert judgments;
by contrast, GPT-40 and T-pro exhibit self-preference, selecting themselves as the top performers.

POLLUX LLM-as-a-Judge Family Baseline LLM-as-a-Judge
Model Experts POLLUX7B POLLUX 32B Llama-3.1-405B  GPT-40  T-pro-it-1.0
Claude 3.5 Sonnet (2024-10-22)  1.316 1.057 1.081 1.580 1.466 1.518
GPT-40 (2024-08-06) 1.350 1.110 1.123 1.606 1.493 1.557
GigaChat-Max (1.0.26.20) 1.327 1.085 1.084 1.566 1.427 1.514
Llama-3.1-405B 1.207 0.937 0.938 1.572 1.439 1.517
T-pro-it-1.0 1.223 1.076 1.089 1.603 1.492 1.575
YaGPT-4-Pro (2024-10-23) 1.242 0.960 0.947 1.465 1.321 1.399
ol (2024-12-17) 1.404 1.129 1.147 1.564 1.478 1.542
Avg. 1.281 1.051 1.059 1.565 1.446 1.517

Table 6: Model-averaged ratings on the Zero-Shot Test and Human Dev produced by judges who
participated in answer generation, compared against the POLLUX Judges. The highest score under
each judge is shown in bold.

We also conducted an analysis of the judges’ results for both the 7B and 32B models on a subset
of 120 examples. This subset was chosen to provide a uniformly distributed sample across each
criterion and task for manual review. In our analysis, we found that the judges made incorrect scores
or provided arbitrary justifications in 27 out of the 120 cases (22.5%) for the 7B model and in 25
out of the 120 cases (20.8%) for the 32B model. The analysis also revealed further patterns in the
judge’s evaluations:

* Instances where the judge’s explanation was excessively verbose and contained substantial
irrelevant or redundant information. This was observed in 13 cases for the 7B model and 7
cases for the 32B model.

* Instances where the judge’s assessment was more severe
than that of a human. This pattern was identified in 9 cases for the 7B model and 12 cases
for the 32B model.

* The most frequent error involved the judge incorrectly assuming the existence of a reference
answer for tasks that lacked one, and subsequently citing fictitious excerpts from it. This
hallucination was observed in nearly 30 cases across the model evaluations.

* Subjective criteria (e.g., Expressiveness, Dialogue Coherence / Dramatic Effect): The dis-
crepancies in ratings predominantly pertain to the conveyance of ‘emotional nuance’. Hu-
man evaluators frequently criticized the model-generated responses for a perceived ‘lack
of soul’ or emotional depth.

6 CONCLUSION

Evaluating generative models remains a challenging task. To address this, we introduce POLLUX,
an open-source framework for assessing Russian LLMs. It comprises a benchmark with 35 task
groups and 2,115 expert-authored prompts labeled by difficulty, as well as LLM-as-a-Judge eval-
uators (7B and 32B) that closely approximate human judgment. POLLUX advances evaluation
by combining criteria-driven scoring with automated assessment, reducing dependence on manual
annotation. The framework, benchmark data, and evaluators are released publicly, providing a trans-
parent basis for the systematic comparison of generative models.
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LIMITATIONS

Data diversity and comprehensiveness The generative tasks addressed in POLLUX represent the
most common scenarios encountered in real user cases when using assistants. We acknowledge that
the proposed number of tasks and domains may not be complete and that the criteria for specific
domains may vary. Considering these aspects, we designed POLLUX with a modular structure
that can be expanded in-depth, allowing for the incorporation of domain-specific features into the
benchmark.

Task classifier The existing family of LLM-as-a-Judges uses not only the generated output and task
instruction but also the explicit evaluation criteria as an input. This design assumes that users are
familiar with the specific criteria by which they intend to evaluate model performance. However, in
practical applications, especially in automated scoring scenarios involving diverse texts, requiring
manual specification of the evaluation criteria may restrict usability. A more user-friendly approach
would involve the automatic identification and application of task-relevant criteria. The creation of
the criteria classifier remains an open research question and is deferred to future work.

LLMs biases LLMs can reflect and reinforce the biases present in their training data. This is particu-
larly problematic when it comes to assessment issues, as they can unintentionally include stereotypes
in the model’s error descriptions or introduce biases that affect LLM-as-a-Judge performance, such
as position bias and length bias. To address these concerns, we ensure that our training synthetic
data is diverse and representative, in line with the comprehensive methodology of the POLLUX
benchmark. However, further research is needed to determine whether the family of LLMs-as-
judges involved is free from biases and whether the syntactic data used for their training does not
negatively influence them.

ETHICS STATEMENT

Data sourcing and participants The benchmark data was either generated from scratch or obtained
from open-source datasets, ensuring compliance with the data usage rights. All annotators and
contributors provided explicit consent for their participation, and fair compensation was provided
for their work.

Representation and diversity To mitigate bias, the annotation process involved experts of varying
genders, ages, and geographic regions across Russia. Additionally, cultural nuances specific to the
Russian context were incorporated to enhance the benchmark’s relevance and fairness.

Safety and ethical safeguards The benchmark explicitly tracks the proportion of safety- and ethics-
related examples within each methodological category, ensuring that potential harm is monitored and
addressed for each type of task.

Use of AI assistants We use Grammarly{?] to correct errors in grammar, spelling, phrasing, and
style in our paper. Consequently, specific text sections may be identified as machine-generated,
machine-edited, or human-generated and machine-edited.

Energy Efficiency and Usage We compute the C'O, emissions from training our LLMs as Equa-
tion [I]Strubell et al.| (2019):

_ PUE  kWhx [°©?

— 1
C0; 1000 M

For the POLLUX models, the total C'O; emissions are 752 kg for the 32B model and 125 kg for the
7B model. To put this into perspective, 752 kg of C'Os is roughly equivalent to the emissions from
a single-passenger car driving from Moscow to Madrid, based on an average emission rate of 0.2 kg
of C'O, per kilometer.

“https://app.grammarly.com/

10


https://app.grammarly.com/

Under review as a conference paper at ICLR 2026

REFERENCES

Rishi Bommasani, Percy Liang, and Tony Lee. Holistic Evaluation of Language Models. Annals of
the New York Academy of Sciences, 1525(1):140-146, 2023. doi: 10.1111/nyas.15007.

Mark Chen, Jerry Tworek, Heewoo Jun, Qiming Yuan, Henrique Ponde de Oliveira Pinto, Jared
Kaplan, Harri Edwards, Yuri Burda, Nicholas Joseph, Greg Brockman, Alex Ray, Raul Puri,
Gretchen Krueger, Michael Petrov, Heidy Khlaaf, Girish Sastry, Pamela Mishkin, Brooke Chan,
Scott Gray, Nick Ryder, Mikhail Pavlov, Alethea Power, Lukasz Kaiser, Mohammad Bavarian,
Clemens Winter, Philippe Tillet, Felipe Petroski Such, Dave Cummings, Matthias Plappert, Fo-
tios Chantzis, Elizabeth Barnes, Ariel Herbert-Voss, William Hebgen Guss, Alex Nichol, Alex
Paino, Nikolas Tezak, Jie Tang, Igor Babuschkin, Suchir Balaji, Shantanu Jain, William Saunders,
Christopher Hesse, Andrew N. Carr, Jan Leike, Josh Achiam, Vedant Misra, Evan Morikawa,
Alec Radford, Matthew Knight, Miles Brundage, Mira Murati, Katie Mayer, Peter Welinder,
Bob McGrew, Dario Amodei, Sam McCandlish, Ilya Sutskever, and Wojciech Zaremba. Eval-
uating large language models trained on code. preprint arXiv:2107.03374, July 2021. URL
https://arxiv.org/abs/2107.03374.

Wei-Lin Chiang, Lianmin Zheng, Ying Sheng, Anastasios Nikolas Angelopoulos, Tianle Li,
Dacheng Li, Hao Zhang, Banghua Zhu, Michael Jordan, Joseph E. Gonzalez, and Ion Sto-
ica. Chatbot arena: An open platform for evaluating llms by human preference, 2024. URL
https://arxiv.org/abs/2403.04132.

Igor Churin, Murat Apishev, Maria Tikhonova, Denis Shevelev, Aydar Bulatov, Yuri Kuratov, Sergej
Averkiev, and Alena Fenogenova. Long input benchmark for russian analysis. arXiv preprint
arXiv:2408.02439, 2024.

Chunyuan Deng, Yilun Zhao, Xiangru Tang, Mark Gerstein, and Arman Cohan. Investigating data
contamination in modern benchmarks for large language models. In Kevin Duh, Helena Gomez,
and Steven Bethard (eds.), NAACL:2024:long, pp. 8706-8719, Mexico City, Mexico, 2024. ACL.
doi: 10.18653/v1/2024.naacl-long.482.

Alena Fenogenova, Artem Chervyakov, Nikita Martynov, Anastasia Kozlova, Maria Tikhonova, Al-
bina Akhmetgareeva, Anton Emelyanov, Denis Shevelev, Pavel Lebedev, Leonid Sinev, Ulyana
Isaeva, Katerina Kolomeytseva, Daniil Moskovskiy, Elizaveta Goncharova, Nikita Savushkin,
Polina Mikhailova, Anastasia Minaeva, Denis Dimitrov, Alexander Panchenko, and Sergey
Markov. MERA: A comprehensive LLM evaluation in Russian. In Lun-Wei Ku, Andre Mar-
tins, and Vivek Srikumar (eds.), Proceedings of the 62nd Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers), pp. 9920-9948, Bangkok, Thailand, August
2024. Association for Computational Linguistics. doi: 10.18653/v1/2024.acl-long.534.

Aaron Grattafiori, Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey, Abhishek Kadian, Ahmad
Al-Dahle, Aiesha Letman, Akhil Mathur, Alan Schelten, Alex Vaughan, Amy Yang, Angela Fan,
Anirudh Goyal, Anthony Hartshorn, Aobo Yang, Archi Mitra, Archie Sravankumar, Artem Ko-
renev, Arthur Hinsvark, Arun Rao, Aston Zhang, Aurelien Rodriguez, Austen Gregerson, Ava
Spataru, Baptiste Roziere, Bethany Biron, Binh Tang, Bobbie Chern, Charlotte Caucheteux,
Chaya Nayak, Chloe Bi, Chris Marra, Chris McConnell, Christian Keller, Christophe Touret,
Chunyang Wu, Corinne Wong, Cristian Canton Ferrer, Cyrus Nikolaidis, Damien Allonsius,
Daniel Song, Danielle Pintz, Danny Livshits, Danny Wyatt, David Esiobu, Dhruv Choudhary,
Dhruv Mahajan, Diego Garcia-Olano, Diego Perino, Dieuwke Hupkes, Egor Lakomkin, Ehab
AlBadawy, Elina Lobanova, Emily Dinan, Eric Michael Smith, Filip Radenovic, Francisco
Guzmén, Frank Zhang, Gabriel Synnaeve, Gabrielle Lee, Georgia Lewis Anderson, Govind That-
tai, Graeme Nail, Gregoire Mialon, Guan Pang, Guillem Cucurell, Hailey Nguyen, Hannah Kore-
vaar, Hu Xu, Hugo Touvron, Iliyan Zarov, Imanol Arrieta Ibarra, Isabel Kloumann, Ishan Misra,
Ivan Evtimov, Jack Zhang, Jade Copet, Jaewon Lee, Jan Geffert, Jana Vranes, Jason Park, Jay Ma-
hadeokar, Jeet Shah, Jelmer van der Linde, Jennifer Billock, Jenny Hong, Jenya Lee, Jeremy Fu,
Jianfeng Chi, Jianyu Huang, Jiawen Liu, Jie Wang, Jiecao Yu, Joanna Bitton, Joe Spisak, Jong-
soo Park, Joseph Rocca, Joshua Johnstun, Joshua Saxe, Junteng Jia, Kalyan Vasuden Alwala,
Karthik Prasad, Kartikeya Upasani, Kate Plawiak, Ke Li, Kenneth Heafield, Kevin Stone, Khalid
El-Arini, Krithika Iyer, Kshitiz Malik, Kuenley Chiu, Kunal Bhalla, Kushal Lakhotia, Lauren
Rantala-Yeary, Laurens van der Maaten, Lawrence Chen, Liang Tan, Liz Jenkins, Louis Martin,

11


https://arxiv.org/abs/2107.03374
https://arxiv.org/abs/2403.04132

Under review as a conference paper at ICLR 2026

Lovish Madaan, Lubo Malo, Lukas Blecher, Lukas Landzaat, Luke de Oliveira, Madeline Muzzi,
Mahesh Pasupuleti, Mannat Singh, Manohar Paluri, Marcin Kardas, Maria Tsimpoukelli, Mathew
Oldham, Mathieu Rita, Maya Pavlova, Melanie Kambadur, Mike Lewis, Min Si, Mitesh Ku-
mar Singh, Mona Hassan, Naman Goyal, Narjes Torabi, Nikolay Bashlykov, Nikolay Bogoy-
chev, Niladri Chatterji, Ning Zhang, Olivier Duchenne, Onur Celebi, Patrick Alrassy, Pengchuan
Zhang, Pengwei Li, Petar Vasic, Peter Weng, Prajjwal Bhargava, Pratik Dubal, Praveen Krishnan,
Punit Singh Koura, Puxin Xu, Qing He, Qingxiao Dong, Ragavan Srinivasan, Raj Ganapathy, Ra-
mon Calderer, Ricardo Silveira Cabral, Robert Stojnic, Roberta Raileanu, Rohan Maheswari, Ro-
hit Girdhar, Rohit Patel, Romain Sauvestre, Ronnie Polidoro, Roshan Sumbaly, Ross Taylor, Ruan
Silva, Rui Hou, Rui Wang, Saghar Hosseini, Sahana Chennabasappa, Sanjay Singh, Sean Bell,
Seohyun Sonia Kim, Sergey Edunov, Shaoliang Nie, Sharan Narang, Sharath Raparthy, Sheng
Shen, Shengye Wan, Shruti Bhosale, Shun Zhang, Simon Vandenhende, Soumya Batra, Spencer
Whitman, Sten Sootla, Stephane Collot, Suchin Gururangan, Sydney Borodinsky, Tamar Herman,
Tara Fowler, Tarek Sheasha, Thomas Georgiou, Thomas Scialom, Tobias Speckbacher, Todor Mi-
haylov, Tong Xiao, Ujjwal Karn, Vedanuj Goswami, Vibhor Gupta, Vignesh Ramanathan, Viktor
Kerkez, Vincent Gonguet, Virginie Do, Vish Vogeti, Vitor Albiero, Vladan Petrovic, Weiwei
Chu, Wenhan Xiong, Wenyin Fu, Whitney Meers, Xavier Martinet, Xiaodong Wang, Xiaofang
Wang, Xiaoqing Ellen Tan, Xide Xia, Xinfeng Xie, Xuchao Jia, Xuewei Wang, Yaelle Gold-
schlag, Yashesh Gaur, Yasmine Babaei, Yi Wen, Yiwen Song, Yuchen Zhang, Yue Li, Yuning
Mao, Zacharie Delpierre Coudert, Zheng Yan, Zhengxing Chen, Zoe Papakipos, Aaditya Singh,
Aayushi Srivastava, Abha Jain, Adam Kelsey, Adam Shajnfeld, Adithya Gangidi, Adolfo Victoria,
Ahuva Goldstand, Ajay Menon, Ajay Sharma, Alex Boesenberg, Alexei Baevski, Allie Feinstein,
Amanda Kallet, Amit Sangani, Amos Teo, Anam Yunus, Andrei Lupu, Andres Alvarado, An-
drew Caples, Andrew Gu, Andrew Ho, Andrew Poulton, Andrew Ryan, Ankit Ramchandani, An-
nie Dong, Annie Franco, Anuj Goyal, Aparajita Saraf, Arkabandhu Chowdhury, Ashley Gabriel,
Ashwin Bharambe, Assaf Eisenman, Azadeh Yazdan, Beau James, Ben Maurer, Benjamin Leon-
hardi, Bernie Huang, Beth Loyd, Beto De Paola, Bhargavi Paranjape, Bing Liu, Bo Wu, Boyu
Ni, Braden Hancock, Bram Wasti, Brandon Spence, Brani Stojkovic, Brian Gamido, Britt Mon-
talvo, Carl Parker, Carly Burton, Catalina Mejia, Ce Liu, Changhan Wang, Changkyu Kim, Chao
Zhou, Chester Hu, Ching-Hsiang Chu, Chris Cai, Chris Tindal, Christoph Feichtenhofer, Cynthia
Gao, Damon Civin, Dana Beaty, Daniel Kreymer, Daniel Li, David Adkins, David Xu, Davide
Testuggine, Delia David, Devi Parikh, Diana Liskovich, Didem Foss, Dingkang Wang, Duc Le,
Dustin Holland, Edward Dowling, Eissa Jamil, Elaine Montgomery, Eleonora Presani, Emily
Hahn, Emily Wood, Eric-Tuan Le, Erik Brinkman, Esteban Arcaute, Evan Dunbar, Evan Smoth-
ers, Fei Sun, Felix Kreuk, Feng Tian, Filippos Kokkinos, Firat Ozgenel, Francesco Caggioni,
Frank Kanayet, Frank Seide, Gabriela Medina Florez, Gabriella Schwarz, Gada Badeer, Georgia
Swee, Gil Halpern, Grant Herman, Grigory Sizov, Guangyi, Zhang, Guna Lakshminarayanan,
Hakan Inan, Hamid Shojanazeri, Han Zou, Hannah Wang, Hanwen Zha, Haroun Habeeb, Harri-
son Rudolph, Helen Suk, Henry Aspegren, Hunter Goldman, Hongyuan Zhan, Ibrahim Damlaj,
Igor Molybog, Igor Tufanov, Ilias Leontiadis, Irina-Elena Veliche, Itai Gat, Jake Weissman, James
Geboski, James Kohli, Janice Lam, Japhet Asher, Jean-Baptiste Gaya, Jeff Marcus, Jeff Tang, Jen-
nifer Chan, Jenny Zhen, Jeremy Reizenstein, Jeremy Teboul, Jessica Zhong, Jian Jin, Jingyi Yang,
Joe Cummings, Jon Carvill, Jon Shepard, Jonathan McPhie, Jonathan Torres, Josh Ginsburg, Jun-
jie Wang, Kai Wu, Kam Hou U, Karan Saxena, Kartikay Khandelwal, Katayoun Zand, Kathy
Matosich, Kaushik Veeraraghavan, Kelly Michelena, Keqian Li, Kiran Jagadeesh, Kun Huang,
Kunal Chawla, Kyle Huang, Lailin Chen, Lakshya Garg, Lavender A, Leandro Silva, Lee Bell,
Lei Zhang, Liangpeng Guo, Licheng Yu, Liron Moshkovich, Luca Wehrstedt, Madian Khabsa,
Manav Avalani, Manish Bhatt, Martynas Mankus, Matan Hasson, Matthew Lennie, Matthias
Reso, Maxim Groshev, Maxim Naumov, Maya Lathi, Meghan Keneally, Miao Liu, Michael L.
Seltzer, Michal Valko, Michelle Restrepo, Mihir Patel, Mik Vyatskov, Mikayel Samvelyan, Mike
Clark, Mike Macey, Mike Wang, Miquel Jubert Hermoso, Mo Metanat, Mohammad Rastegari,
Munish Bansal, Nandhini Santhanam, Natascha Parks, Natasha White, Navyata Bawa, Nayan
Singhal, Nick Egebo, Nicolas Usunier, Nikhil Mehta, Nikolay Pavlovich Laptev, Ning Dong,
Norman Cheng, Oleg Chernoguz, Olivia Hart, Omkar Salpekar, Ozlem Kalinli, Parkin Kent,
Parth Parekh, Paul Saab, Pavan Balaji, Pedro Rittner, Philip Bontrager, Pierre Roux, Piotr Dollar,
Polina Zvyagina, Prashant Ratanchandani, Pritish Yuvraj, Qian Liang, Rachad Alao, Rachel Ro-
driguez, Rafi Ayub, Raghotham Murthy, Raghu Nayani, Rahul Mitra, Rangaprabhu Parthasarathy,
Raymond Li, Rebekkah Hogan, Robin Battey, Rocky Wang, Russ Howes, Ruty Rinott, Sachin
Mehta, Sachin Siby, Sai Jayesh Bondu, Samyak Datta, Sara Chugh, Sara Hunt, Sargun Dhillon,

12



Under review as a conference paper at ICLR 2026

Sasha Sidorov, Satadru Pan, Saurabh Mahajan, Saurabh Verma, Seiji Yamamoto, Sharadh Ra-
maswamy, Shaun Lindsay, Shaun Lindsay, Sheng Feng, Shenghao Lin, Shengxin Cindy Zha,
Shishir Patil, Shiva Shankar, Shuqgiang Zhang, Shugiang Zhang, Sinong Wang, Sneha Agarwal,
Soji Sajuyigbe, Soumith Chintala, Stephanie Max, Stephen Chen, Steve Kehoe, Steve Satter-
field, Sudarshan Govindaprasad, Sumit Gupta, Summer Deng, Sungmin Cho, Sunny Virk, Suraj
Subramanian, Sy Choudhury, Sydney Goldman, Tal Remez, Tamar Glaser, Tamara Best, Thilo
Koehler, Thomas Robinson, Tianhe Li, Tianjun Zhang, Tim Matthews, Timothy Chou, Tzook
Shaked, Varun Vontimitta, Victoria Ajayi, Victoria Montanez, Vijai Mohan, Vinay Satish Ku-
mar, Vishal Mangla, Vlad Ionescu, Vlad Poenaru, Vlad Tiberiu Mihailescu, Vladimir Ivanov,
Wei Li, Wenchen Wang, Wenwen Jiang, Wes Bouaziz, Will Constable, Xiaocheng Tang, Xiao-
jian Wu, Xiaolan Wang, Xilun Wu, Xinbo Gao, Yaniv Kleinman, Yanjun Chen, Ye Hu, Ye Jia,
Ye Qi, Yenda Li, Yilin Zhang, Ying Zhang, Yossi Adi, Youngjin Nam, Yu, Wang, Yu Zhao,
Yuchen Hao, Yundi Qian, Yunlu Li, Yuzi He, Zach Rait, Zachary DeVito, Zef Rosnbrick, Zhao-
duo Wen, Zhenyu Yang, Zhiwei Zhao, and Zhiyu Ma. The llama 3 herd of models, 2024. URL
https://arxiv.orqg/abs/2407.21783.

Veronika Grigoreva, Anastasiia Ivanova, Ilseyar Alimova, and Ekaterina Artemova. Rubia: A rus-
sian language bias detection dataset. arXiv preprint arXiv:2403.17553, 2024.

Maarten Grootendorst. Bertopic: Neural topic modeling with a class-based tf-idf procedure. arXiv
preprint arXiv:2203.05794, 2022.

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song, Ruoyu Zhang, Runxin Xu, Qihao Zhu,
Shirong Ma, Peiyi Wang, Xiao Bi, et al. Deepseek-r1: Incentivizing reasoning capability in llms
via reinforcement learning. arXiv preprint arXiv:2501.12948, 2025.

Dan Hendrycks, Collin Burns, Steven Basart, Andy Zou, Mantas Mazeika, Dawn Song, and Ja-
cob Steinhardt. Measuring Massive Multitask Language Understanding. In 9th International
Conference on Learning Representations, ICLR 2021, Virtual Event, Austria, May 3-7, 2021,
2021. URL https://openreview.net/forum?id=d7KBjmI3GmQ.

David M. Howcroft, Anya Belz, Miruna-Adriana Clinciu, Dimitra Gkatzia, Sadid A. Hasan, Saad
Mahamood, Simon Mille, Emiel van Miltenburg, Sashank Santhanam, and Verena Rieser. Twenty
years of confusion in human evaluation: NLG needs evaluation sheets and standardised defini-
tions. In Brian Davis, Yvette Graham, John Kelleher, and Yaji Sripada (eds.), INLG:2020:1, pp.
169-182, Dublin, Ireland, 2020. ACL. doi: 10.18653/v1/2020.inlg-1.23.

Seungone Kim, Juyoung Suk, Shayne Longpre, Bill Yuchen Lin, Jamin Shin, Sean Welleck, Graham
Neubig, Moontae Lee, Kyungjae Lee, and Minjoon Seo. Prometheus 2: An open source language
model specialized in evaluating other language models, 2024. URL https://arxiv.org/
abs/2405.01535.

M. N. Kozhina, L. R. Duskayeva, and V. A. Salimovskiy. Stilistika russkogo yazyka [Stylistics of
the Russian Language]. Flinta, 2011. ISBN 978-5-9765-0256-7.

Junlong Li, Shichao Sun, Weizhe Yuan, Run-Ze Fan, Hai Zhao, and Pengfei Liu. Generative judge
for evaluating alignment. arXiv preprint arXiv:2310.05470, 2023.

Tianle Li, Wei-Lin Chiang, Evan Frick, Lisa Dunlap, Tianhao Wu, Banghua Zhu, Joseph E Gon-
zalez, and Ion Stoica. From crowdsourced data to high-quality benchmarks: Arena-hard and
benchbuilder pipeline. arXiv preprint arXiv:2406.11939, 2024a.

Tianle Li, Wei-Lin Chiang, Evan Frick, Lisa Dunlap, Banghua Zhu, Joseph E. Gonzalez, and Ion
Stoica. From live data to high-quality benchmarks: The arena-hard pipeline, April 2024b. URL
https://lmsys.org/blog/2024-04-19-arena-hard/.

Bill Yuchen Lin, Yuntian Deng, Khyathi Chandu, Abhilasha Ravichander, Valentina Pyatkin,
Nouha Dziri, Ronan Le Bras, and Yejin Choi. Wildbench: Benchmarking 1lms with chal-
lenging tasks from real users in the wild. In Y. Yue, A. Garg, N. Peng, F. Sha, and R. Yu
(eds.), International Conference on Representation Learning, volume 2025, pp. 47852-47870,
2025. URL https://proceedings.iclr.cc/paper_files/paper/2025/file/
771155abaae744e08576f1f3b4db7ac0d-Paper—-Conference.pdf.

13


https://arxiv.org/abs/2407.21783
https://openreview.net/forum?id=d7KBjmI3GmQ
https://arxiv.org/abs/2405.01535
https://arxiv.org/abs/2405.01535
https://lmsys.org/blog/2024-04-19-arena-hard/
https://proceedings.iclr.cc/paper_files/paper/2025/file/771155abaae744e08576f1f3b4b7ac0d-Paper-Conference.pdf
https://proceedings.iclr.cc/paper_files/paper/2025/file/771155abaae744e08576f1f3b4b7ac0d-Paper-Conference.pdf

Under review as a conference paper at ICLR 2026

Aixin Liu, Bei Feng, Bing Xue, Bingxuan Wang, Bochao Wu, Chengda Lu, Chenggang Zhao,
Chenggi Deng, Chenyu Zhang, Chong Ruan, et al. Deepseek-v3 technical report. arXiv preprint
arXiv:2412.19437, 2024.

Ilya Loshchilov and Frank Hutter. Decoupled weight decay regularization. arXiv preprint
arXiv:1711.05101, 2017.

Aleksandr Nikolich, Konstantin Korolev, Sergei Bratchikov, Igor Kiselev, and Artem Shelmanov.
Vikhr: The family of open-source instruction-tuned large language models for russian, 2025.
URLhttps://arxiv.org/abs/2405.139209.

José Pombal, Dongkeun Yoon, Patrick Fernandes, Ian Wu, Seungone Kim, Ricardo Rei, Graham
Neubig, and André FT Martins. M-prometheus: A suite of open multilingual 1lm judges. arXiv
preprint arXiv:2504.04953, 2025.

Alexander Pugachev, Alena Fenogenova, Vladislav Mikhailov, and Ekaterina Artemova. Repa:
Russian error types annotation for evaluating text generation and judgment capabilities. arXiv
preprint arXiv:2503.13102, 2025.

Tatiana Shavrina, Alena Fenogenova, Emelyanov Anton, Denis Shevelev, Ekaterina Artemova,
Valentin Malykh, Vladislav Mikhailov, Maria Tikhonova, Andrey Chertok, and Andrey
Evlampiev. Russiansuperglue: A russian language understanding evaluation benchmark. In
Proceedings of the 2020 Conference on Empirical Methods in Natural Language Processing
(EMNLP), pp. 4717-4726, 2020.

Shivalika Singh, Yiyang Nan, Alex Wang, Daniel D’Souza, Sayash Kapoor, Ahmet Ustiin, Sanmi
Koyejo, Yuntian Deng, Shayne Longpre, Noah Smith, et al. The leaderboard illusion. arXiv
preprint arXiv:2504.20879, 2025.

Aarohi Srivastava, Abhinav Rastogi, Abhishek Rao, Abu Awal Md Shoeb, Abubakar Abid, Adam
Fisch, Adam R. Brown, Adam Santoro, Aditya Gupta, Adria Garriga-Alonso, et al. Beyond the
Imitation Game: Quantifying and extrapolating the capabilities of language models. Transactions
on Machine Learning Research, 2023. URL |https://openreview.net/forum?id=
uyTL5BvoOs .

Emma Strubell, Ananya Ganesh, and Andrew McCallum. Energy and policy considerations for deep
learning in NLP. In Proceedings of the 57th Annual Meeting of the Association for Computational
Linguistics, pp. 3645-3650, Florence, Italy, July 2019. Association for Computational Linguis-
tics. doi: 10.18653/v1/P19-1355. URL https://aclanthology.org/P19-1355.

Ekaterina Taktasheva, Alena Fenogenova, Denis Shevelev, Nadezhda Katricheva, Maria Tikhonova,
Albina Akhmetgareeva, Oleg Zinkevich, Anastasiia Bashmakova, Svetlana Iordanskaia, Valentina
Kurenshchikova, Alena Spiridonova, Ekaterina Artemova, Tatiana Shavrina, and Vladislav
Mikhailov. TAPE: Assessing few-shot Russian language understanding. In Yoav Goldberg,
Zornitsa Kozareva, and Yue Zhang (eds.), FINDINGS:2022:emnlp, pp. 2472-2497, Abu Dhabi,
United Arab Emirates, dec 2022. ACL. doi: 10.18653/v1/2022.findings-emnlp.183.

Ekaterina Taktasheva, Maxim Bazhukov, Kirill Koncha, Alena Fenogenova, Ekaterina Artemova,
and Vladislav Mikhailov. Rublimp: Russian benchmark of linguistic minimal pairs. arXiv preprint
arXiv:2406.19232, 2024.

Mikhail Tikhomirov and Daniil Chernyshev. Facilitating large language model russian adapta-
tion with learned embedding propagation, 2024. URL https://arxiv.org/abs/2412.
21140.

Wenting Zhao, Xiang Ren, Jack Hessel, Claire Cardie, Yejin Choi, and Yuntian Deng. Wildchat:
Im chatGPT interaction logs in the wild. In The Twelfth International Conference on Learning
Representations, 2024. URL https://openreview.net/forum?id=B18u7ZR1bM.

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan Zhuang, Zhanghao Wu, Yonghao Zhuang,
Zi Lin, Zhuohan Li, Dacheng Li, Eric Xing, Hao Zhang, Joseph E. Gonzalez, and Ion Sto-
ica. Judging LLM-as-a-judge with MT-Bench and Chatbot Arena. In A. Oh, T. Naumann,
A. Globerson, K. Saenko, M. Hardt, and S. Levine (eds.), Advances in Neural Information

14


https://arxiv.org/abs/2405.13929
https://openreview.net/forum?id=uyTL5Bvosj
https://openreview.net/forum?id=uyTL5Bvosj
https://aclanthology.org/P19-1355
https://arxiv.org/abs/2412.21140
https://arxiv.org/abs/2412.21140
https://openreview.net/forum?id=Bl8u7ZRlbM

Under review as a conference paper at ICLR 2026

Processing Systems 36 (NeurIPS 2023) Datasets and Benchmarks Track, volume 36, pp.
46595-46623. Curran Associates, Inc., 2023. URL https://papers.nips.cc/paper_
files/paper/2023/hash/91f18a12870398d378ef22505bf41832-Abstract-—
Datasets_and Benchmarks.html.

A APPENDIX

A.1 CRITERIA ASSIGNMENT

The full statistics of all the criteria grouped by the panel assignments are presented in Table[7]

Tables[8|and[A.T|represent the statistics of the generated scores and rationales for criteria annotation.
As we can see, the distributions of criterion-based scores for most criteria are largely comparable
between expert-written and synthetic datasets, despite the underlying evaluated instruction—answer
pairs being entirely distinct and non-overlapping. This is particularly evident in the mean, stan-
dard deviation, and mode of scores, which, across a wide range of criteria types, demonstrate close
alignment — suggesting that criterion-level assessment remains consistent across both data sources.

Tables 8| and suggest that synthetically generated texts (both instructions and rationales) are
lengthier, being at the same time less original than those written by the experts. Tables also show
that DeepSeek-R1 tends to assign a mediocre score of 1 rather than choosing extreme values.

Despite these statistical and stylistic differences in commentary, the synthetic dataset remains a vi-
able resource for training the LLM-as-a-Judge Family, especially considering the overall similarity
in criterion-based scores. Thus, while the expert-written feedback exhibits optimized brevity and
contextual appropriateness, the synthetic commentary maintains an adequate level of informative-
ness and coherence.

A.2 RESULTS ON THE FULL TEST

POLLUX introduces a benchmark with detailed task classifications, assessment criteria, and human-
crafted instructions. The benchmark is designed for rigorous Arena Hard-style |Li et al.| (2024a)
evaluation, where an LLM acts as the judge. Table[I0] provides the full report of the performance
metrics of state-of-the-art models on the POLLUX benchmark Full Test, all assessed by our 32B
POLLUX Judge.

A.3  STYLISTIC DEVICES

Figure[3|represents the stylistic devices and lexical richness aspects covered in the POLLUX bench-
mark.

A.4 PROMPTS

The prompt employed for the training and the usage of the POLLUX Family of Judges.
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Stylistic Devices
Allegory Antiphrasis Bimetry Cacophony (dissonance) ~Emphasis ion (cli ic epi
Alliteration Application Chiasmus Enjambment (in poetry) Grotesque (fixed epithet)
Allusion Apocope (omission of the Circumlocution Epithet Hyperbole
Alogism (lllogical last sound or syllable) (periphrasis) Epiphora (epistrophe)
Amplification Arrhythmia
Anaphora Assonance metaphor)
Antithesis Asyndeto Contamination
Imagery Line break o Parallelism
L / Parcelation (apostrophe) Soundring
Inversion (denotation) Metaphor Pastiche (stylizati i i ic i
Irony Litotes (understatement) ~ Metonymy Symploce
Isocolon Pl
Polysyndeton Synesthesia
Pun Syntacticinversion

Lexical Richness

Movements Writers Elements Situations
Compliment

Autofiction Andrei Bely Arguments confl':ct

Baroque Andrei Platonov Conclusions Consultation/Training

Bible Boris Pasternak Data (numerical) Courtesy situation

Classicism Viktor Pelevin Examples 13 Cross-examination/Questioning

Epistolary style Viadimir Mayakovsky Facts Dispute/Argument

Futurism Viadimir Nabokov Figuresof speech Flirtation

Magic realism Gavrila Derzhavin Instruments of crime - Interview with an expert

Minimalism Daniil Kharms Methods of research Joking

Old Russian literature Ivan Turgenev Proper names Meeting/Briefing

Postmodernism Joseph Brodsky Sequence of actions Negotiation

Realism Leo Tolstoy Theses Persuasion

Romanticism Mikhail Bulgakov Tropes Service

Sentimentalism Mikhail Zoshchenko Torms Small talk

Socialist Realism Nikolai Gogol Story/Narrative

Stream of Nikolai Leskov

consclousness Sergei Dovlatov

Fyodor Dostoevsky

Substyles & Genres of Texts

Act Epitaph Novel Rhymed congratulations/
Administrative text Essay Novella greetings
Advertising texts and PR Fable Ode Romance / Chapter of a
Anecdote Feature article Oratorical texts romance 95
Ballad Feuilleton Pamphlet Rules of procedure
Analytical article GOST - Russia) Satirical poetry
Analytical commentary Hokku Philosophical poem Scene
Play (in one act) Scenario And more
Play (in two acts) Scientific article
Catalog Information article Poem Scientific educational text Riddles
Chastushka Informational text jenti Logic puzzles
Comedy Interview Videogames
Comics Popular Scientifi Plans of action
Complexof tasks/ Popular Sketch Schedules/Timetables
assignments Judicial text Popular science book Sonnet Content plans
c i 1 Popular science film Speech
congratulatory speeches  Lecture Popular
Dialogue Legend Popular
Diplomatic text Libretto broadcast Stage dialogue
Dissertation Manual Presentation Story / Chapter of a story
Documentary film script Miniature / Short story Press release Technical regulation
Drawings and diagrams Monodrama Proverb Tragedy
Editor's letter Monograph Report Tragicomedy
Encyclopedia News article Research paper Textbook
Epigram News note Review Dictionary

Figure 3: Names and numbers of language aspects studied in the POLLUX benchmark

Below is the translation from Russian of the prompt for model training:

### The task for the evaluation:
{instruction}

### Gold answer:
{reference_answer}

### Generated answer:
{answer}

##4# Criteria:
{criteria.name}

16
### Rating scale for the criterion:
{criteria.rubrics}
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The prompt for instruction generation:

### ~xInstruction:xx*
Your task is to generate a new novel problem based on the given
<~ details about its type, description, requirements, and complexity.

#### *+Problem Details:*x

— xxGeneral Problem Type:** {problem_type}

— **Specific Problem Type:xx {problem_subtype}
- xxMore Specific Subtype:xx {problem_subtype2}
- x*xDomain:** {domain}

— **Description:xx {problem.description}

- **Requirements:xx {problem_requirements}

- **xComplexity:xx {problem_complexity}

### »+xProblem Generation Rules: =

1. xxRelevance:xx*

— The problem must be directly related to the given description and
— domain.

- It should align with the specified problem type and complexity
— level.

2. **xComplexity & Challenge:*x*
— The problem should not be too generic or easy to solve.
— The complexity should match ‘{problem_complexity} ‘.

3. xxImplicit Requirements:*x*
— The problem should naturally contain the requirements but should <
— xxnot*+ list them explicitly.

4. *xxText-Based Problems: *x*
- If the problem involves working with text, the text content
< should be provided *xafter+* the problem statement.

5. xxPerspective & Style:*x
— Assume a situation where a user is asking a question.
— The user should ask in xxfirst-person perspectivex** but xxshould
— notxx use phrases like "I", "A user", or "You" in the first sentence.
- Do **not** assign a role to any entity in the problem.
— Avoid mentioning AI models in any way.

### xxFormat:*x

- **Prefix the problem with:** [PROBLEM]

— xxWrite the problem in Russian** (matching the given description).
- *x*End the problem with:xx [END]

- **xNo greetings or extra messages.xx

A.5 EXPERT EVALUATION

The Human Baseline was estimated on a sample of 140 instruction—answer pairs, yielding 7,537
distinct criterion-level annotations (LLM-as-a-Judge was not evaluated on Human Baseline). The
answers to the instructions were written by panel experts and scored by non-overlapping expert
groups. Expert Human Evaluation presents a comprehensive analysis of the LLM performance from
the perspective of human expert evaluators, as provided in Table [T T}
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Criterion Overlap  Conf.  Test

Panel 0: Crowd

Format violation 5 1.00 Both
Censor block 5 1.00 Both
No repetitions 3 0.98 Both
No generation errors 3 0.98 Both
Initiative 3 0.97 Both
Apprehensibility 3 0.94 Both
Naturalness/non-synthatic speech 3 0.86 Both
Beautiful formatting 3 0.78  Both
General impression 5% 0.71 Both
Usefulness 5% 0.73 Both
Panel 1: Editing and General Language Tasks
User request formalization 2f 0.89 Both
Literacy 2t 0.83 Both
Absence of speech errors 2t 0.82 Both
Panel 2: Science — 3: Literature — 4: Journalism — 5:
Law, Diplomacy and Business — 7: AI as a Character
No fluff 2 0.88 Both
Genre adherence 2 0.84 Both
Sources citing 2 0.88 Both
Cohesion and coherence 2 0.85 Both
Real-world facts consistency 2 0.93 Both
Terminology correctness 2 0.85 Both
Creativity 2 0.76 Both
Depth of elaboration 2 0.77 Both
Ling. competence 2 0.80 Both
Monologue nature 2 0.95 Both
Safety 2 0.96 Both
Unambiguous language 2 0.84 Both
Character adherence 2 0.78 Both
Applicability 2 0.85 YA
Assessment accuracy 2 1.00 YA}
Compliance with functional style 2 0.94 YA}
Correctness of results 2 091 YA
Ingenuity 2 0.87 YA
Level of expertise 2 0.80 YA
Objectivity 2 0.93 YA}
Preserving original idea/details 2 0.85 YA}
Reasoning quality 2 0.88 YA
Subjectivity 2 0.83 YA
Summarizing quality 2 0.85 YA
Panel 3: Literature (Task-Specific)
Literary accents 2 0.79 YA}
Dramaturgy 2 0.78 YA
Dialog expressiveness 2 0.75 YA
Verse Meter/rhythmic structure 2 0.90 YA
Rhyme quality 2 0.90 YA
Panel 6: Translation Studies
Language norms 2 0.77 YA}
Author viewpoint 2 0.84 YA
Original goal 2 0.84 YA
Original tone 2 0.83 YA}
Factual accuracy 2 0.82 YA}
Panel 8: STEM — 9: Programming Code — 10: QA
Situation applicability 2 0.89 YA
Completeness 2 0.97 YA
Correctness of the solution 2 0.87 YA
Correctness of units of measurement 2 1.00 YA}
Code cleanliness 2 1.00 YA
Formatting according to structure 2 0.89 YA
LaTeX script correctness 2 1.00 YA
Operability 2 0.84 YA
Optimal solution 2 1.00 YA}
Scientific credibility 2 0.90 YA}
Sufficiency of the solution 2 1.00 YA
Average — 0.88 —

Table 7: Expert panels assignment, overlap value and average confidence for all criteria. fGeneral
criteria annotated by Expert panels due to required specialized expertise. *Subjective criteria requir-
ing additional annotations to stabilize the aggregate estimate. Panel assignment for domain-specific
criteria (Panels 2-5,7) is resolved by the functional style of the original instruction. Bold font indi-
cates criteria exclusive to the Zero-Shot Test; underlined criteria are present in Both tests.
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Text Statistics Scores Statistics
Data Type Criteria Type Chars Words Sent MATTR MATTR Ling. Mean Mode
@15 @30 Acc. =+ Std
Critical 35 5 1.09 99.20 99.16 0.90  0.01£0.09 0
Fine-grained 74 10 1.32 97.42 96.38 0.89 1.30+0.46 1
Expert-written  Domain-specific 104 14 1.49 97.88 96.80 0.88 1.44+0.58 2
Task-specific 86 11 1.36 98.46 97.72 0.89 1.32+0.63 1
Subjective 70 9 1.21 98.72 98.33 090 1.48+0.65 2
Critical 502 64 443 97.07 92.50 082 0.15+0.36 0
Fine-grained 632 78 6.16 96.80 91.83 0.86 0.84 £0.70 1
Synthetic Domain-specific 921 112 8.09 97.20 92.84 0.87 1.04+0.58 1
Task-specific 880 109 8.21 96.61 91.50 0.86 1.00+0.58 1
Subjective 837 104 7.23 97.45 93.27 0.86  0.96 +0.57 1

Table 8: Statistics of expert-written and synthetic criterion-based scores and comments, aggregated
by Criteria Type.

Text Statistics Scores Statistics
Criteria Type  Criteria Characters Words Sentences MATTR@15 MATTR@30 Ling. Accept. Mean + Std Mode
Critical Format violation 38/466 5/59 1.08/4.39 99.57/97.32 99.49/93.10 0.85/0.78  0.00+0.03/0.14+£0.35 0/0
Censor block 32/539 5/69 1.10/4.47 98.83/96.83 98.82/91.90 0.96/0.86 0.02£0.14/0.15+0.37 0/0
No repetitions 317484 4/61 1.02/4.85 99.86/96.75 99.85/92.09 0.98/0.90 199£0.11/1.38+£0.76 2/2
No generation errors 29/513 4/66 1.01/475 99.90/97.34 99.88/92.67 0.95/0.86 195+£0.23/1.05£0.70 2/1
Fine-grained Absence of speech errors 71/ 665 10/81 1.42/7.73 95.45/95.80 93.83/90.31 0.86/0.86 152+£0.69/0.74+£091 2/0
User request formalization 76/839 10/103 125/7.36 98.47/96.85 97.81/91.81 0.89/0.84 1.68+0.60/1.10+£0.57 2/1
Initiative 67 /600 9/74 1.10/4.32 98.74/9822 98.14/93.78  0.94/0.89 0.09+0.36/0.17+0.39 0/0
Literacy 168/693  23/83 2.12/792 92.07/95.84 88.79/90.30 0.73/0.84 0.57+0.75/0.61+0.88 0/0
No fluff 64/711 9/91 121/5.83 98.43/97.15 97.96/92.30 0.92/0.88 1.73£0.50/0.51+£0.64 2/0
Character adherence 140/944 20/118 200/7.71 97.20/97.47 95.38/93.04 0.79/0.88  0.80+0.71/0.73+£049 1/1
Genre adherence 83/1006 12/122 1.43/9.51 97.77/97.20 97.07/92.83  0.88/0.86 1.48+0.70/1.13£0.55 2/1
Sources citing 135/751  19/96 1.56/5.85 96.28/97.59 94.22/93.07 0.78/0.86 0.32+0.61/0.13£0.37 0/0
Cohesion and coherence 1147972 15/119 1.63/923 97.67/97.02 96.37/92.72  0.90/0.87 1.67+0.56/1.50+0.66 2/2
Real-world facts consistency 88/922 12/113 1.42/827 98.34/96.95 97.44/92.16 0.92/085 1.66+0.63/1.27+0.69 2/1
Domain-specific Terminology correctness 116/1094 14/125 1.40/9.77 96.85/96.40 95.55/91.55 0.90/0.86 1.72+0.51/1.15£0.65 2/1
Creativity 83/886 11/109 1.31/7.63 98.24/97.49 97.68/93.64 0.89/089 1.15+0.75/0.90+0.55 1/1
Depth of elaboration 16371074 22/132 1.96/9.63 97.27/97.38 95.62/93.16 0.85/0.86 1.29+0.72/097 041 2/1
Ling. competence 120/1002 16/116 1.68/8.60 97.96/97.34 96.95/93.64 0.83/0.87 136+£0.71/131x£0.66 2/1
Monologue nature 89/ 664 11779  1.26/5.60 99.19/97.83 98.78/93.94 0.89/0.89 191£0.35/1.33£0.68 2/2
Safety 39/732 5/92 1.05/6.02 99.68/97.00 99.56/92.60 0.95/0.88 193+£0.29/1.66+0.61 2/2
Unambiguous language 12471216 16/141 1.47/11.51 97.52/96.80 95.88/92.27 0.93/0.87 1.7240.49/099+0.62 2/1
Literary accents 185/974 25/121 2.01/7.99 96.41/97.58 94.38/93.64 0.81/0.87 0.80+0.76/098+042 0/1
Applicability 76/1156 10/137 1.23/11.30 98.62/97.21 98.11/92.85 0.86/0.82 1.60£0.62/1.39+£0.60 2/1
Situation applicability 100/1045 13/125 1.12/8.28 98.41/97.81 97.91/93.62 0.79/0.88 091+0.69/1.16+0.55 1/1
Assessment accuracy 13071201 17/145 1.74/12.10 97.30/97.33 95.61/92.67 0.85/0.83 1.16£0.74/096+£0.42 1/1
Code cleanliness 12371024 16/126 1.72/11.05 99.12/9552 98.37/90.02  0.95/0.88 1.55+£0.55/121+0.61 2/1
Completeness 78/975 10/118 1.04/881 99.35/97.27 99.28/93.25 0.73/0.87 1.93+0.30/1.13£0.54 2/1
Language norms 1117992 15/114 1.46/10.88 97.58/96.06 96.21/90.74  0.92/0.82 1.52+0.60/0.77+0.68 2/1
Author viewpoint 68/850  9/107 1.06/822 98.89/96.85 98.56/92.46 0.90/0.84 145+0.75/1.00+£0.48 2/1
Compliance with functional style 41/806 5/95 1.04/6.838 98.88/96.85 98.71/92.04 0.93/087 1.86+040/1.10£0.69 2/1
Original goal 102/873  14/108 1.43/8.14 97.96/96.80 97.14/9225 0.90/0.84 130+0.83/1.31+£0.65 2/1
Original tone 947793 13/101 1.39/7.61 98.68/96.89 98.25/92.18 0.93/0.84 151£0.70/098+039 2/1
Correctness of results 96 /859 13/107 1.56/8.38 98.17/95.74 96.95/89.48 0.91/0.87 1.15£091/1.08+£0.61 2/1
Correctness of the solution 91/1058 11/130 1.31/10.39 97.68/95.89 96.75/90.13 0.85/0.87 1.54+£0.96/094+065 2/1
Correctness of units of measurement 36/540 4/69 1.06/449 99.47/94.65 99.47/8728 090/0.84 0.84+0.37/037+048 1/0
Dramaturgy 64/788  9/100 1.29/7.00 97.72/96.85 97.26/91.95 0.94/0.89 1.24+0.69/1.12£0.71 1/1
Task-specific Dialog expressiveness 83/950 11/122 1.62/875 98.44/96.63 97.86/91.93 091/0.88 1.11+0.67/0.80+£0.67 1/1
Factual accuracy 123/854 17/107 1.42/8.14 97.40/96.62 9593/91.93  092/0.86 1.04+0.85/087+0.52 2/1
Formatting according to structure 751787 10/97 1.26/7.13 98.71/97.20 98.35/92.54  0.95/0.89 1.88+0.35/1.53+0.61 2/2
Ingenuity 62/813  9/107 1.13/7.57 99.17/96.12 99.08/89.56  0.92/0.84 1.16+0.73/1.08+0.52 1/1
LaTeX script correctness 30/621 4/76  1.05/623 99.70/94.87 99.40/88.07 0.96/0.88 1.79+0.44/0.70+0.83 2/0
Level of expertise 212/810 29/100 2.41/8.08 96.49/96.49 93.44/91.52 0.86/0.85 1.03+0.75/1.28+0.72 1/2
Verse Meter/rhythmic structure 40/ 606 6/78 1.13/4.95 98.80/97.17 98.58/92.83 095/087 044+0.65/095+0.74 0/1
Objectivity 48 /986 6/117 1.10/9.04 99.39/97.39 99.14/93.27 0.95/0.89 190+£0.34/1.49+£0.60 2/2
Operability 3717846 5/104 1.11/822 99.61/96.12 99.37/89.98 0.97/0.88 0.89+0.32/0.57+0.50 1/1
Optimal solution 94/1173  13/142 1.54/10.92 98.70/96.36 97.71/90.91 0.88/0.88 1.66 +£0.66/090+0.63 2/1
Preserving original idea/details 82/913  12/115 1.27/793 98.42/97.33 97.39/92.90 0.86/0.83 1.70+0.51/1.20+£0.58 2/1
Reasoning quality 158/803 22/105 244/8.13 97.24/9575 95.13/89.24  0.90/0.85 0.94+0.79/0.78+0.58 1/1
Rhyme quality 36/432 5/58 1.12/3.94 98.95/95.65 98.78/88.74  0.94/0.86 0.58+0.72/021+0.45 0/0
Scientific credibility 71/969  9/121 1.07/9.10 98.86/96.65 98.53/91.38  0.88/0.84 1.78+0.49/1.03+£0.56 2/1
Subjectivity 66/874  8/104 1.11/7.50 99.18/97.55 98.84/93.61  0.90/0.85 0.41+0.62/0.81+0.53 0/1
Sufficiency of the solution 72/1051  9/130 1.15/9.82 98.41/96.56 97.85/91.28  0.70/0.87 1.85+0.82/1.09+0.61 2/1
Summarizing quality 61/736 8/90 1.15/5.88 99.10/97.64 98.76/93.81 0.86/0.81 177£047/1.15£057 2/1
Apprehensibility 52/912  7/114  1.09/899 99.18/97.30 99.08/92.92  091/0.90 1.89+0.33/1.44+0.78 2/2
Beautiful formatting 65/592 8/72 1.10/4.10 99.14/98.27 99.04/9473  0.85/0.83 1.03+0.89/045+0.58 2/0
Subjective General impression 86/972  12/119 1.39/921 98.00/96.97 97.24/92.24  0.95/085 1.32+0.76/0.96+0.48 2/1
Naturalness/non-synthatic speech 597865 8/108 1.12/6.76 99.02/97.48 98.80/93.71 0.91/0.88 175£0.52/087+£049 2/1
Usefulness 8717845 12/105 1.34/7.11 98.28/97.24 97.51/92.74 0.88/0.85 139£0.73/1.09+£050 2/1

Table 9: Statistics of expert-written and synthetic criterion-based scores and comments, aggregated
by Criteria. The first number refers to the expert-written instructions, and the second number refers
to the synthetic dataset. For example, 38 / 466 means 38 is for the expert-written texts and 466 is for
the synthetic data.
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Model Al Creative ~ Human Original QA Tech Text Text-Based  Score
Char Gen Inter Text Gen Prob  Transf Gen

Gemma-3-27B-It 1.072 1.246 1.161 1.100  1.225 1435 1.106 1.295 1.205
Gemma-3-12B-It 1.053 1.208 1.138 1120  1.140 1352 1.089 1.265 1.163
Qwen3-30B-A3B 0.950 1.133 1.003 1.026  1.190  1.539 1.059 1.257 1.153
T-Pro-1t-1.0 1.018 1.109 1.038 1.047 1.091 1.424 1.023 1.193 1.115
GPT-4 0.957 1.063 1.004 1.021 1.207 1.419 1.023 1.134 1.110
RuadaptQwen3-32B-Instruct 0.865 1.087 0.966 0.932 1.114 1.472 0.983 1.236 1.091
GigaChat-Max 0.981 1.077 1.011 1.027 1.121 1.285 1.000 1.141 1.085
Falcon-H1-34B-Instruct 0.980 1.068 0.986 0976  1.108 1.412 0.999 1.142 1.083
Qwen3-8B 0.782 1.010 0.893 0.889 1.081 1.503 1.021 1.223 1.067
Qwen3-32B 0.780 0.983 0.899 0.835 1.115 1.560 0.986 1.213 1.061
Gemma-3-4B-It 0.964 1.167 1.080 0.995  0.990 1.118 1.010 1.229 1.069
Qwen3-14B 0.822 1.002 0.890 0.892 1.124  1.528 1.010 1.219 1.076
T-Lite-It-1.0 0.949 1.040 0.964 0972  1.063 1.262 0.984 1.129 1.048
Phi-4 0.922 1.008 0.932 0.939 1.024  1.394 0.966 1.151 1.043
Gemma-2-27B-It 0.897 0.988 0.936 0.844 1.040 1.266 0.982 1.064 1.006
Qwen3-4B 0.696 0.916 0.776 0.789 0932  1.470 0.918 1.174 0.973
Vikhr-Nemo-12B-Instruct 0.939 0.945 0.903 0.879 0978 1.013 0.959 1.046 0.964
YandexGPT-Pro 0.897 0.965 0.906 0.909 1.011  0.947 0.958 1.010 0.960
Qwen2.5-32B-Instruct 0.806 0.900 0.853 0.780  0.961 1.301 0911 1.047 0.950
Saiga-Gemma3-12B 0.829 0.933 0.891 0.856  0.924 1.037 0.890 1.104 0.941
RuadaptQwen2.5-32B-Pro-Beta  0.750 0.914 0.821 0.785  0.931 1.268 0.814 1.075 0.924
Gemma-2-9B-It 0.780 0.922 0.845 0.776 ~ 0.896  1.117 0.901 1.046 0.918
Llama-3.3-70B-Instruct 0.775 0.875 0.831 0.754 0954  1.280 0.864 1.033 0.926
Vikhr-Llama3.1-8B-Instruct 0.744 0.878 0.765 0.749  0.855  0.926 0.869 1.023 0.865
RuadaptQwen3-4B-Instruct 0.632 0.814 0.697 0.666  0.783 1.290 0.771 1.047 0.845
RuadaptQwen2.5-32B-Instruct 0.596 0.791 0.699 0.580  0.835 1.133 0.831 0.976 0.821
Qwen3-1.7B 0.553 0.710 0.624 0.629  0.717 1.185 0.768 1.020 0.791
Qwen2.5-VL-72B-Instruct 0.506 0.629 0.590 0.567  0.768 1.214 0.778 0.893 0.762
QVikhr-3-4B-Instruction 0.563 0.696 0.615 0.570  0.671 1.215 0.726 0.920 0.752
Qwen2.5-7B-Instruct 0.623 0.712 0.664 0.565  0.719 1.057 0.745 0.858 0.747
Gemma-3-1B-It 0.652 0.804 0.802 0.684 0596  0.516 0.740 0.971 0.729
Gemma-2-2B-It 0.536 0.661 0.671 0.604  0.560  0.587 0.641 0.815 0.643
Meta-Llama-3.1-8B-Instruct 0.202 0.241 0.207 0.185 0306  0.481 0.421 0.362 0.321
Qwen3-0.6B 0.259 0.306 0.320 0228 0348 0514 0.399 0.497 0.370
Llama-3.2-3B-Instruct 0.160 0.189 0.205 0.138  0.240  0.240 0.211 0.169 0.196
Llama-3.2-1B-Instruct 0.143 0.151 0.153 0.120 0227  0.060 0.152 0.140 0.151

Table 10: The leaderboard based on the POLLUX Benchmark evaluated by the 32B POLLUX Judge
model. The leaderboard is provided on the Russian LLMARENA. Best results are in bold, second
best are underlined. The “RuAdapt” models are from [Tikhomirov & Chernyshev| (2024), and the
“Vikhr” models are from Nikolich et al.| (2025).
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Task Macrogroup Task Type Human Claude 3.5 GPT-40 GigaChat Llama-3.1 T-pro YaGPT ol
Baseline -Max -405B -it-1.0 -4-Pro
Al as a Character Al as a character (formal) 1.580 1.396 1.311 1.279 1.140 1.186 1.250 1.347
Al as a character (informal) 1.634 1.450 1.267 1.242 1.333 1.217 1.299 1.351
Applied brainstorming 1.604 1.655 1.610 1.634 1.468 1.511 1.530 1.641
Brainstorming Creative brainstorming 1.604 1.646 1.585 1.575 1.500 1.531 1.529 1.587
i General-purpose brainstorming 1.484 1.615 1.634 1.597 1.575 1.600 1.596 1.636
Word tasks 1.744 1.549 1.350 1.274 1.286 1.278 1.332 1.558
Advice 1.524 1.707 1.272 1.464 1.461 1.213 1.399 1.707
Human-Model Inter. Recommendations 1.391 1.647 1.440 1.384 1.281 1.093 1.357 1.647
Plans — 1.608 1.753 1.703 1.603 1.723 1.615 1.642
Journalistic text 1.542 1.530 1.439 1.492 1.403 1.472 1.457 1.490
Original Text Gen Literary text 1.550 1.413 1.174 1.250 1.093 1.137 1.207 1.371
. Official text 1.445 1.458 1.366 1.502 1.384 1.392 1.404 1.474
Scientific text 1.571 1.431 1.384 1.474 1.112 1.291 1.396 1.508
Concept explanation 1.551 1.572 1.561 1.533 1.463 1.520 1.460 1.595
Data analysis — — 1.846 1.746 — — 1.400 —
Data retrieval — — 1.805 1.771 — — 1.675 —
QA Describing objects game — — 1.633 1.361 — — 1.195 —
Fact checking — — 1.765 1.671 — — 1.410 —
Problem-solving 1.701 1.070 0.962 0.707 0.903 0.842 0.858 1.182
‘Writing instructions — — 1.851 1.831 — — 1.778 —
Code analysis — — 1.635 1.527 — — 1.228 —
Technical Problems Code creal_i(_m ) — — 1.581 1.446 — — 1.071 —
Code modification — — 1.605 1.522 — — 1.281 —
STEM exercises — — 1.445 1.316 — — 0.902 —
Editing 1.550 1.547 1.420 1.334 1.268 1.282 1.413 1.485
Extract 1.526 1.453 1.336 1.277 1.266 1.309 1.217 1.467
Text Transformation Summarizing 1.566 1.660 1.543 1.570 1.571 1.559 1.549 1.671
Rephrasing 1.536 1.556 1.390 1.389 1.399 1.313 1.257 1.535
Style transfer 1.381 1.527 1.396 1.329 1.306 1.371 1.213 1.496
Translation 1.743 1.433 1.345 1.256 1.299 1.248 1.395 1.427
Text analysis (obj.) 1.603 1.676 1.570 1.614 1.556 1.636 1.529 1.659
Text evaluation 1.405 1.620 1.605 1.609 1.499 1.610 1.246 1.606
Text-Based Gen. Text interpretation 1.487 1.606 1.468 1.516 1.414 1.497 1.466 1.567
Text plan 1.536 1.619 1.566 1.621 1.486 1.587 1.500 1.611
Text-dependent Qs 1.633 1.645 1.594 1.587 1.494 1.597 1.504 1.655
Avg. 1.553 1.542 1.479 1.464 1.370 1.390 1.391 1.534

Table 11: Mean expert scores evaluated on the Full Test, aggregated by Task Type. Model ver-
sions and evaluation dates: Claude 3.5 Sonnet (2024-10-22), GPT-40 (2024-08-06), GigaChat-Max
(1.0.26.20), YaGPT-4-Pro (2024-10-23), ol (2024-12-17).
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B EXPERTS PROFILES

Information on experts, statistics, gender distribution and demographic indicators, etc. are presented
in Figures &} B, 6 7} 12 & [} 0 10

On average, experts spent approximately 1.5 hours writing instructions of up to 3,000 characters,
and a minimum of 2.5 hours on instructions exceeding 3,000 characters. The average instruction
length in the benchmark is 762 characters, with the longest exceeding 10,000 characters (approxi-
mately 1.6% of instructions were longer than 7,000 characters). Annotators were compensated at
the company’s official rates, which were above the market average. In total, the experts collectively
spent over two months on the annotation task.

Gender

Male (36%)

Female (64%)

100 people participated in the survey.

Figure 4: Survey participant gender distribution. The gender distribution among the benchmark’s
creators suggests a positive trend towards gender diversity and inclusivity in the field.
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Age

45-60 years old 5%

100 people participated in the survey.

Figure 5: Survey participant age distribution. The substantial representation of the 25-34 age group
highlights the active involvement of professionals who are likely combining fresh academic knowl-
edge with practical experience. The diversity across age groups also shows a collaborative environ-
ment with varying levels of experience.

Region

Moscow

Oryol 12%

(4]

(4]
e @
af

Moscow Region

Yoshkar-Ola

5%

Volgograd

Saint Petersburg

Wb
s | 5

Volzhsky 3%
Pskov . 2%
Engels I 1%
Kemerovo I 1%
Kazan I 1%
Livny B
Nizhny Novgorod I 1%
Novosibirsk I 1%
Rostov-on-Don I 1%
Saratov I 1%
Sirius LR
Smolensk I 1%
Tambov I 1%

Vancouver, Canada I 1%

Yekaterinburg I 1%

100 people participated in the survey.

Figure 6: Survey participant region distribution. The regional distribution of the benchmark’s cre-
ators reveals that a significant majority, 53 percent, reside in Moscow, underscoring the city’s role as
a central hub for scientific and technological development. The remaining 47 percent are dispersed
across 20 different cities, indicating a broad geographical diversity within the team.
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— I
>10 participants
S d

<5 participants

Created with mapchart.net

Figure 7: Survey participant region distribution on the map of Russia.

Education background

Postgraduate

Uncompleted Higher Education (5%)

Education (6%)

Vocational Education
(8%)

\ Specialist or Master's

Degree (60%)

Bachelor's Degree
(21%)

100 people participated in the survey.

Figure 8: Survey participant educational background distribution
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Field of expertise

Languages and literature (25) 18.12%

Computer and information sciences (20) 14.49%

Media and communications (19) 13.77%
Economics and business (11) 7.97%
Arts (9) 6.52%
Biological sciences (6) 4.35%
History and archaeology (6) 4.35%

3.62%

Education (5)
Law (5)
Psychology (5) 3.62%
Physical sciences (5) 3.62%
Chemical sciences (3) 2.17%
Mathematics (3) 2.17%

Philosophy, ethics and religion (3) 2.17%

II|II|III w
o
&

Earth and related environmental sciences

3 - 1.45%

Electrical engineering (2) - 1.45%
Political science (2) - 1.45%
Sociology (2) P as%
Biotechnology (1) . 0.72%
Clinical medicine (1) . 0.72%
Health sciences (1) . 0.72%
Mechanical engineering (1) . 0.72%
Other medical sciences (1) . 0.72%

100 people participated in the survey. Participants were free to choose 2 or more options. The number of people
who have chosen the Field is indicated in the brackets.

Figure 9: Survey participant field of expertise distribution. The diversity of expertise among the
benchmark’s creators is extensive; 23 different fields. This multidisciplinary team includes profes-
sionals from the humanities, such as philologists and journalists, as well as experts from the natural
sciences like physicists, and legal specialists. The collaboration of such a wide array of experts
ensures that the benchmark is deeply and thoroughly developed.
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Profession

Other (24.6%) (36) Editor (25.3%) (37)

Journalist (6.2%) (9)
Teacher (11%) (16)

Copywriter (6.2%) (9)

Researcher (8.2%) (12)

Data Annotator (8.2%) IT Specialist (10.3%)
(12) (15)

100 people participated in the survey. Participants were free to choose 2 or more options. The number of people
who have chosen the Profession is indicated in the brackets.

Figure 10: Survey participant profession distribution
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Experience with LLMs

Finding answers to questions

[l Learning
[ self-development
[ Entertainment

[l Writing

[T Text editing

[l Other

less than a year (15%)

Every day 22%
Every week 33%

More than once a month  50%

one to two years (31%)

Every day 11% 11% 1% 11% 22%

Every week 21% AR 21%

More than once a month  23% 14% 14% 23%

More than once a year 50% 50%

more than two years (54%)
Every day 16% 18% 18% 12% 16%
Every week 22% 16% 16% 14% 16%
More than once a month  20% 10% [10% 30% 25%

More than once a year 100%

100 people participated in the survey. The survey results are divided into three groups according to the experience
in using LLMs taking into account how frequent the participants use LLMs. The participants answered the
question: "For what tasks do you use LLMs in ordinary life?" Participants were free to choose 2 or more options.

Figure 11: Survey participant distribution by experience with LLMs. The data reveals a community
predominantly comprised of experienced LLM users, with the majority having integrated these tech-
nologies into their workflows for significant periods. This distribution suggests that the benchmark
results largely reflect insights from practitioners with substantial practical knowledge rather than
newcomers, lending credibility to the evaluations and observations presented in this study.
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Professions that would benefit from LLMs

Ordinary user 10.0%
Programmer / Developer 8.9
Writer / Screenwriter / Fiction writer 7.8%
Lawyer 7.8%
Translator 7.8%

Editor / Proofreader 6.7%

Marketer / SMM Specialist 6.7%
Journalist / Editor 5.6%
Analyst / Project Manager / Team Lead | <4
Researcher 5.6%
Language Teacher 4.4%

Philologist / Literary Scholar / Student |54

Annotator 3.3%
HR / Administrator / Manager 3.3%
Artist / Designer 3.3%
Methodologist / Instructional Designer | 2744
Data Engineer / DevOps / Data Analyst | 2744
Methodologist / QA Specialist 2.2%
Speechwriter / Speaker 1.1%
Chef 1.1%

100 people participated in the survey. The participants answered the question: "List the professions that would
benefit from LLMs". Participants were free to choose 2 or more options.

Figure 12: Professional spheres where LLMs may help. This distribution suggests generative Al’s
greatest value may lie in augmenting knowledge work requiring both structured information pro-
cessing and creative adaptation. The prominence of ordinary users atop this hierarchy underscores
these technologies’ democratizing potential. These findings point to areas where focused develop-
ment efforts and specialized evaluation benchmarks may yield particularly high-value applications.
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