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Abstract

The rapid development of Large Language Models (LLMs) requires reliable and scalable evaluation tools.
However, the research community faces significant fragmentation, outdated frameworks designed for foundational
models, and closed proprietary benchmarks. These problems are particularly noticeable in the Russian-language
segment, which suffers from a lack of high-quality datasets and open tools. To address these challenges, we in-
troduce LLMTF', a novel open framework and benchmark for evaluating LLMs. LLMTF unifies the evaluation
process through a message format, supports various backends (vLLM, HuggingFace, OpenAl API), and offers a
comprehensive benchmark comprising 55 datasets across 5 key categories: knowledge, skills, long context, RAG,
and instruction following. Additionally, it features an LLM-as-a-Judge Arena with style control for robust open-
ended evaluation, and integrates specialized benchmarks for complex tasks like extreme long-context summariz-
ation and encyclopedic generation. Our framework provides research groups with an accessible and local tool to
effectively evaluate models, identify their strengths and weaknesses, and analyze the impact of changes or model
modification processes on generation quality.
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AnnoTramus

CrpeMmurenbaOe pazBuThe GOMBIMNX ALIKOBLIX Mogesei (LLM) mpuseso K HEOOXOIUMOCTH CO3/a-
HUsl HAJEXKHBIX U MacIITabupyeMbIX MHCTPYMEHTOB it nx oneHkr. OJHAKO HMCCJIe/0BATEIbCKOE CO-
ODIIECTBO CTAJTKUBAETCSI CO 3HAYUTEIBHON bparMeHTaIueil JaTaceToB, yCTAPEBIINME (DpeiMBOPKAMU,
paspaboTaHHBIMK [1Jisi 6A30BBIX MOJIEJIEl, U 3aKPBITBIMUA [IPOIPUETAPHBIMUA GEHIMAPKAMHU. JTHU IIPO-
6s1eMBI OCOGEHHO OCTPO MPOSIBJISAIOTCS B PYCCKOSI3BIYHOM CEIMEHTE, KOTOPBIH CTpajaeT OT HEeXBAaTKU
Ka4eCTBEHHBIX JIATACETOB M OTKPBITBIX MHCTPYMEHTOB. s pemenns 3Tux npobsieM MbI IPEJCTABIISIEM
LLMTF — wmoBbIit OTKpPBITHIN (bpetiMBopK u 6erumapk tst oreiku LLM. LLMTF yaudunupyer mpo-
1iecc oneHky uepes dpopmar coobiennit (message format), nogmepkusaer pasiauaubie 63kerapt (VLLM,
HuggingFace, OpenAl API) u npejaraeT KOMILUIEKCHBIH GEHYIMAPK, COCTOAMNN U3 55 TaTaceToB B H
KJIIOUEBBIX KaTEropusiX: 3HAHUs, HABBIKY, JVIMHHBIA KoHTeKCT, RAG u cienoBanne nncrpykimsm. Kpo-
Me Toro, oH BkJitodaeT B cebst LLM-as-a-Judge apeHy ¢ KOHTpoJsieM CTHJIsSI JJIsT OIEHKU OTBETOB HA
OTKPBIThIE BOIIPOCHI, & TaKyKe B OEHUMApK MHTEIPUPUPOBAHBI CIIEINAIU3UPOBAHHBIE OEHUMAPKU [JIs

"https://github.com/RefalMachine/limtf_open
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CJIOXKHBIX 33/1a9, TAKUX KAK CYMMAPHU3AINs dKCTPEMAJIHHO JJIMHHBIX TEKCTOB M TE€HEPAIS JHITUKJIIO-
neguyecknx crareii. Harm dppeiitMBOpK 1peiocTaBisieT NCCiIeI0BATEIbCKUM IPYIIIaM JOCTYIHBINA U JIO-
KaJIbHBIH MHCTPYMEHT JJTs1 9 PEKTUBHOMN OIEHKU MOJIEJIEH, BBISBICHNS UX CUIBHBIX U CJIA0BIX CTOPOH,
a TaK»Ke aHAJIN3a BJIMSHUS U3MEHEHUI U IIPOIECCOB MOAMMUKAIMY MOJIEIeil Ha KaYeCTBO I'eHEePAIHH.
Kurouessie ciioBa: Bosbime s3p1k0BBIE MOienn, OtneHka KadecTBa, Bernumapk, Pycckuit s3p1k

1 Introduction

The rapid development of Large Language Models (LLMs) has led to the need for reliable and scalable
evaluation tools. Currently, the research community faces several challenges in this area. First, there is
significant fragmentation: there are numerous disparate datasets, implemented across various codebases,
which complicates unified testing. Second, many popular evaluation frameworks were developed during
the era of foundational models and were not originally optimized for modern instruction-tuned models
and message-based interaction formats (message format). Third, the most comprehensive and modern
benchmarks are often closed proprietary systems designed exclusively for evaluating frontier models
from major technological corporations.

These problems are particularly noticeable in the Russian-language segment. The Russian language is
characterized by a shortage of high-quality datasets and open-source developments. Existing solutions,
such as the MERA benchmark(Fenogenova et al., 2024), have several significant drawbacks: they contain
outdated tasks, requires loading the results into an external system to obtain final scores, and have long
been unable to effectively separate models of different quality.

At the same time, alongside large corporations, there are many small research teams whose goal is to
improve existing models (e.g. adapting them to the Russian language) or to develop specialized compact
LLMs. For such teams, having a local, fast, and convenient evaluation tool is critical. In the context
of rapid iterative development, where hundreds of intermediate checkpoints need to be analyzed, using
commercial API solutions becomes economically unviable and slow. In this scenario, the problem of
benchmark contamination takes a back seat to the need for fast and local comparison of different versions
of the same model.

To address these problems, We present LLMTF - a novel open framework and benchmark for eval-
uating the quality of large language models. LLMTF unifies the evaluation process through a message
format, supports various backends (vLLM, HuggingFace, OpenAl API), and offers a comprehensive
benchmark consisting of 55 datasets. These datasets are divided into 5 key categories that allow for a
comprehensive evaluation of model capabilities: factual knowledge, basic skills (e.g., entity extraction
and translation), ability to work with long context, effectiveness in RAG (Retrieval-Augmented Genera-
tion) tasks, and instruction following accuracy. The main contribution of this work is the creation of an
accessible tool that allows research groups to effectively conduct local model evaluation, identify their
strengths and weaknesses across the specified categories, and analyze the impact of architectural changes
and adaptation processes on the final generation quality.

2 Related Works

The methods for evaluating LL.Ms consistently lag behind the rapid advancement of the models. Early
frameworks, such as lm-evaluation-harness (Gao et al., 2024) or HELM (Liang et al., 2023), were
originally designed to evaluate foundational models. They initially focused on text continuation tasks
and next-token probability estimation. With the industry’s shift towards instruction-tuned models (chat
models) that interact with users via a message format, these frameworks required significant architectural
changes. Although modern versions of these tools have added support for chat templates, their architec-
ture often remains burdened by the legacy of the foundational model era, making it difficult to implement
specific evaluation scenarios, such as prefilling the assistant’s response (prefill assistant) or fine-grained
control over reasoning generation.

For the Russian language, the situation is further severely limited by a shortage of high-quality bench-
marks. Historically, the first significant project was Russian SuperGLUE (Shavrina et al., 2020); how-
ever, today its tasks are considered solved and insufficiently complex for modern LLMs. The most
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relevant and large-scale solution at the moment is the MERA benchmark (Fenogenova et al., 2024).
Overall, it is the best existing tool for evaluating Russian-language models now, offering a wide range
of tasks. Nevertheless, MERA has several significant drawbacks that limit its applicability for rapid it-
erative development. First, most of the datasets within the benchmark are already outdated: some are
saturated and do not allow for effective differentiation of modern models, while others rather hinder qual-
itative evaluation. For example, the ruCodeEval task (an analogue of openai_humaneval) requires the
model to simply continue the text, which is characteristic of the pre-instruction era, and the instructions
themselves are often out of sync with the evaluation function (e.g., "Given a function description, write
a program in Python\n{function}"). Second, evaluation on MERA is based on a fork of the outdated
lm-evaluation-harness framework, inheriting its architectural limitations. Third, since the answers
for the test split are hidden, the evaluation process requires manual uploading of results to the external
system (creating a profile on the website, uploading an archive), which makes a fully automated local
pipeline impossible.

Regarding evaluation approaches, multiple-choice tasks (e.g., MMLU (Hendrycks et al., 2020)), eval-
uated based on next-token probability, remain the industry standard for factual knowledge assessment.
However, the main problem with such tasks is that they only measure the effect of the pre-training stage,
but do not evaluate the generative capabilities of the model and the quality of its alignment (SFT/RL). In
practice, a model with a high MMLU score may fall into loops during generation or provide low-quality
answers. Accordingly, token probability estimation is insufficient — generative tasks such as translation,
summarization, or named entity recognition (NER) are necessary. At the same time, not all generat-
ive tasks can be qualitatively evaluated using automatic lexical metrics (e.g., answers to open-ended
questions like "Explain to me clearly what quantum physics is"). For such cases, the LLM-as-a-Judge
approach (Zheng et al., 2023) is applied, where a strong model acts as a judge. However, this method
also has its problems, in particular, susceptibility to biases (e.g., preference for longer answers). To com-
bat these shortcomings, the AlpacaEval work (Dubois et al., 2024) proposed an approach with length
control, and later in LLM Arena (Li et al., 2024; Tianle Li*, 2024) - an approach with style control.

Thus, there is a clear need for a unified framework that is originally designed around the message
format, allows for fully local and automated evaluation, combines various testing approaches (from
probability estimation to LLLM-as-a-Judge with style control), and offers an up-to-date set of tasks for
the Russian language. LLMTF was developed specifically to meet this need.

3 LLMTF Framework

3.1 Core Framework Design

A key architectural feature of the LLMTF framework is its initial orientation towards the message format
as the de facto standard for interacting with modern instruction-tuned models. Unlike outdated solutions
where prompts were formed as plain text, LLMTF operates with structured dialogues (roles system,
user, assistant). This allows for the most accurate reproduction of real-world model usage conditions.

At the same time, the framework retains full support for foundational models that have not undergone
the instruction fine-tuning stage. To evaluate them, a mechanism for creating custom chat templates
based on configuration files is implemented. For example, a template can define a structure like Query:
{content}\n\n Response: {content}\n\n. This approach allows foundational models to be eval-
uated in the same pipeline as instruction-tuned ones, without violating the message format logic.

LLMTF offers high flexibility in choosing the computational backend. The framework supports
local execution via the high-performance vLLM library (Kwon et al., 2023) and standard HuggingFace
Transformers (Wolf et al., 2019), and also allows evaluating models deployed behind an OpenAl-
compatible API.

3.2 Evaluation Scenarios

The framework implements three main tasks scenarios for evaluating model quality:
1. Generative scenario: The model generates free text in response to a prompt. This scenario is
used for translation, summarization, named entity recognition (NER), and open-ended question
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answering tasks.

2. Next-token probability estimation: The classic approach for multiple-choice tasks (e.g., MMLU).
The model estimates the probabilities of given answer options (A, B, C, D) conditioned on the
provided context (and special attention was paid to the subtle point that tokens can be whitespace
or non-whitespace, which sometimes led to errors in evaluation).

3. Logsoftmax estimation: This method is rarely found in standard benchmarks. The prompt and the
reference answer are simultaneously fed into the model, after which the logsoftmax is calculated
only for the answer tokens in a single forward pass. Unlike discrete metrics (option selection)
or classic perplexity (PPL), which is too sensitive to any changes, logsoftmax estimation allows
measuring the model’s confidence in the correct answer. This is critical when comparing different
versions of the same model (with identical tokenization), for example, to evaluate the impact of
small changes in hyperparameters or training data composition during adaptation.

3.3 Additional Features

In addition to the main evaluation scenarios, LLMTF implements a number of additional mechanisms
that expand its functionality:

* Dynamic management of few-shot examples: When evaluating in few-shot mode, the framework
automatically controls the length of the final prompt. If adding all examples exceeds the model’s
token limit (context window), LLMTF autonomously reduces the number of shots until the prompt
fits into the context.

 Prefill Assistant: A useful feature that allows setting the beginning of the model’s response. For
example, one can pass the message {"role": "assistant", "content": "TLDR:\n"}, and
the model will continue generation exactly from this point. This is particularly convenient when it
is necessary to reduce the diversity of answers and direct them in a specific direction to solve the
target task.

* Support for Reasoning Models: With the advent of models utilizing reasoning mechanisms
(e.g., ol or DeepSeek-R1), the need arose to control this process during evaluation. In LLMTF,
one can enable reasoning generation and limit its length using the max_new_tokens_reasoning
parameter. If the model exceeds this limit, the framework forcibly truncates the reasoning,
appends the suffix ...the rest of the reasoning chain is hidden due to limit on
the length of the thoughts., and transitions the model to the final answer generation stage.
Essentially, this functionality splits the answering procedure into two stages, but since it is im-
plemented within the model class, the rest of the code processes the final received answer after
reasoning, without requiring any modifications to the evaluation logic.

¢ Built-in LLLM-as-a-Judge: For tasks where automatic lexical metrics fail (e.g., open-ended ques-
tions), LLMTF includes built-in support for evaluation using strong judge models. This can be
especially useful in RAG tasks.

* Logging: Practice shows that manual analysis of model responses is a key factor in understanding
model issues. For this reason, all inputs and outputs when working with any dataset are mandatorily
recorded and saved.

» Batching: To efficiently utilize the evaluated models (and GPUs), batch evaluation is implemented
by default (it is sufficient to pass the corresponding parameter).

» Extensibility: The framework’s architecture allows for easy addition of new tasks and datasets. To
do this, it is sufficient to implement the corresponding class in the tasks directory, inheriting it from
the base evaluation classes. At the same time, there is no need to account for the presence/absence
of reasoning, batching, and other aspects, as they are already implemented in the framework.

4 LLMTF Benchmark

Based on the developed framework, a comprehensive benchmark was assembled to evaluate Russian-
language models. The benchmark is provided in three main configurations covering various researcher
needs:
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1. Instruct-Full: The full version for evaluating instruction-tuned models. It includes 55 datasets and
involves evaluation in both zero-shot and few-shot modes.

2. Instruct-Lite: A lightweight version of Instruct-Full. It includes 37 datasets (with reduced
number of samples) and runs significantly faster but maintains a high rank correlation with the full
version, making it an excellent choice for rapid intermediate evaluation of checkpoints.

4.1 Benchmark Tasks

For convenience of result analysis, the datasets in the instruction configurations are divided into 5 key
categories (full table in Appendix B):

* Knowledge: Evaluation of the model’s factual knowledge, 8 total: ruMMLU, enMMLU(Hendrycks
et al., 2020) (both zero-shot and 5-shot), shlepa (movie?, music3, law*, books> subsets),

* Skills: Evaluation of basic NLP skills. This includes named entity recognition tasks (e.g., NEREL)
(Loukachevitch et al., 2021), machine translation (FLORES ru-en/en-ru) (Costa-Jussa et al., 2022),
and text classification (e.g., sentiment analysis of Kinopoisk reviews, RuCoLA) (Mikhailov et al.,
2022; Loukacheyvitch et al., 2025), as well as summarization tasks (Gusev, 2020).

* Long Context: Evaluation of the model’s ability to retain information over large volumes of text
(the full version of the LIBRA benchmark) (Churin et al., 2024).

* RAG (Retrieval-Augmented Generation): Evaluation of the model’s performance with provided
context (e.g., SberQuadQA (Efimov et al., 2020). It is important to note an architectural difference:
in the Instruct-Full version, the quality of answers in RAG tasks is evaluated using LLM-as-
a-Judge for maximum accuracy, whereas in Instruct-Lite, lexical matching metrics are used to
speed up the process.

* Instruction Following: Evaluation of how accurately the model follows specified formats and
constraints (IFEval, rulFEval) (Zhou et al., 2023).

For most datasets, either the original dataset prompt was chosen, or a simple and clear prompt was
implemented. For example, in the case of the translation task, it looks as follows: "Your task is to
translate the text from {input} language to {output} language. Do not provide any explanations or notes
and start the translation immediately.\n\n**Text:**\n{input_text}"

Special attention was paid to the named entity recognition (NER) task. Generally, this task is rarely
used to evaluate large language models; however, it is a very important task that frequently arises in
various settings, from office automation (extracting dates, requisites, etc.) to text anonymization (e.g.,
to provide commercial data to scientists for research). At the same time, practice shows that specially
trained small BERT (Devlin et al., 2019) models still outperform frontier models in a few-shot setup. For
these reasons, 4 different datasets were added to the benchmark: collection3 (Mozharova and Loukachev-
itch, 2016), patient_ner ¢, NEREL (Loukachevitch et al., 2021), and NEREL-BIO (Loukachevitch et al.,
2023). Furthermore, since the NER task, especially the nested version (NEREL), requires extracting
information from the text without changes, and also with repetitions if these repetitions exist in the
text, it is not entirely obvious what exact format to demand from language models so that it can be
correctly evaluated later. For this reason, 2 different formats were chosen for each of the datasets (total-
ing 8 tasks): 1. JSON format, where the model is required to return a list [["type", "entity"],

["type", "entity"], ...] in the order of entity occurrence in the text; 2. in-place format, where
the model must repeat the original text, inserting HTML tags for entity types "word word ... word
<type>entity</type> word ... word".

Additionally, the benchmark implements built-in tools for calculating standard deviation using boot-
strapping, which allows assessing the statistical significance of the difference between models. Currently,
bootstrapping is not applied to RAG tasks in the Instruct-Full configuration, as result aggregation
requires repeated calls to LLM-as-a-Judge. The output of leaderboards is also implemented both for

“https://huggingface.co/datasets/Vikhrmodels/movie_mc
3https://huggingface.co/datasets/Vikhrmodels/music_mc
*https://huggingface.co/datasets/Vikhrmodels/law_mc
Shttps://huggingface.co/datasets/Vikhrmodels/books_mc
Shttps://huggingface.co/datasets/Mykes/patient_queries_ner
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individual tasks and for categories as a whole. Also, the framework logs execution time, allowing the
evaluation of computational costs for running a specific task or category.

4.2 LLM-as-a-Judge Arena

A separate, independent component of the benchmark is the arena for evaluating models on gen-
eral open-ended questions utilizing the LLM-as-a-Judge approach. For this evaluation, we used
Vikhrmodels/ru-arena-general’ dataset with 500 open-ended questions. However, the set of in-
put questions can be changed to any other one if necessary when calculating the benchmark.

To construct a more diverse battle grid and improve the robustness of the final metrics, we im-
plemented a multi-baseline strategy. Rather than comparing against a single centralized baseline,
each evaluated model engaged in pairwise battles against three distinct anchor models simultaneously:
gpt-4-1106-preview, gpt-4o-mini, and Qwen3-235B-A22B-Instruct-2507. Deepseek V3 was
utilized as the independent judge for all pairwise matchups.

4.2.1 Style Control and Bias Mitigation

To mitigate the well-documented problem of judge bias, where an evaluating model unjustifiably prefers
a specific structural style or excessively long answers, our framework implements a two-fold mitigation
strategy. The first aspect relies on a specialized evaluation prompt, provided in Appendix A. While the
final categorical decision of the judge is strictly one-dimensional (returning only m, M, or T), the prompt
enforces a structured, internal reasoning process. It instructs the model to prioritize factual accuracy
and core substance above all else, explicitly using language fluidity and structural formatting merely as
tie-breakers for otherwise identical responses.

The second aspect of our mitigation strategy incorporates a statistical procedure adapted from
(Tianle Li*, 2024), designed to disentangle the effect of style from actual substance. Instead of cal-
culating the Elo rating solely based on win rates, we explicitly model stylistic features as independent
variables within the Bradley-Terry regression. By treating these specific structural traits similarly to
competing models, the regression evaluates them independently, allowing us to calculate a final rating
that controls for their direct influence.

5 Experiments and Results

To demonstrate the capabilities of the LLMTF framework and benchmark, large-scale testing of modern
local language models was conducted. The sample included both original models from the Qwen family
(Yang et al., 2025)(from 4B to 32B parameters) and their specialized adaptations for the Russian lan-
guage (the Ruadapt (Tihomirov and Chernyshev, 2025; Tikhomirov and Chernyshov, 2024) and T-lite/T-
pro families (Stoianov et al., 2025)). Models from other developers, such as YandexGPT-5-Lite-8B,
GigaChat3-10B and Vikhr-Nemo-12B-Instruct-R-21-09-24 (Nikolich et al., 2025), were also included in
the comparison. All models, except for Qwen3.5-35B-A3B, were evaluated on a single graphics card
computationally equivalent to an NVIDIA A100. The Qwen3.5-35B-A3B model was evaluated on two
such cards using tensor parallelism.

5.1 Results on the Instruct-Full Configuration

Table 1 presents the evaluation results of the models on the full benchmark configuration
(Instruct-Full), which includes 55 datasets. The evaluation of RAG tasks in this configuration was
conducted using LLM-as-a-Judge.

An analysis of the results shows a clear dependence of quality on model size: models with 30B+ para-
meters occupy the leading positions. The benchmark also allows for a clear assessment of the effect of
language adaptation. For example, the T-pro-it-2.1 model (a Qwen adaptation) outperforms the base
Qwen3-32B in the mean score (0.691 vs. 0.682), showing a significant increase in the factual knowledge
category (Knowledge: 0.708 vs. 0.682) and instruction following (IFEval: 0.805 vs. 0.797). At the
same time, the RuadaptQwen3-32B-Instruct adaptation demonstrates improvements over the base

https://huggingface.co/datasets/Vikhrmodels/ru-arena-general
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Table 1: Evaluation results of models on the Instruct-Full configuration (with standard deviation
calculated via bootstrapping and total execution time in seconds).

Model Mean Total Time (s) IFEval Knowledge Long RAG Skills

Qwen3.5-27B (2xGPU) 0.718 + 0.004 30181 0.815+0.017 0.733 £0.006 0.631 +0.010 0.866 0.503 + 0.004
Qwen3.5-35B-A3B (2xGPU) 0.701 £ 0.003 12519 0.823 £ 0.011 0.742 £ 0.005 0.599 £+ 0.006 0.868 0.470 = 0.004
T-pro-it-2.1 0.691 £ 0.003 66586 0.805 £ 0.013  0.708 £ 0.005 0.620 4 0.006 0.870 0.454 + 0.004
Qwen3-32B 0.682 £ 0.003 74544 0.797 £0.012 0.682 £ 0.005 0.611 +0.005 0.875 0.446 = 0.004
RuadaptQwen3-32B-Instruct 0.671 £ 0.003 53852 0.751 £0.013  0.676 = 0.005 0.629 4+ 0.006 0.872 0.428 + 0.004
Qwen3-14B 0.670 + 0.003 32618 0.815+0.011 0.641 +0.006 0.603 +0.006 0.868 0.422 + 0.004
Qwen3-30B-A3B-Instruct-2507 0.669 + 0.003 21103 0.786 + 0.013  0.676 + 0.006 0.591 £ 0.005 0.860 0.433 £ 0.004
T-lite-it-2.1 0.657 £ 0.003 15364 0.795 £ 0.013  0.631 £ 0.005 0.607 +0.005 0.843 0.410 = 0.004
T-pro-it-2.0 0.650 + 0.003 59405 0.672 £ 0.012 0.697 +0.005 0.618 £0.005 0.878 0.386 + 0.004
Qwen3-8B 0.642 £ 0.003 20459 0.783 £ 0.011 0.596 £ 0.005 0.572 +0.005 0.843 0.413 £ 0.004
YandexGPT-5-Lite-8B-instruct 0.633 £ 0.003 23602 0.714 £ 0.013  0.655 +0.005 0.540 £ 0.006 0.858 0.396 + 0.004
Qwen3-4B-Instruct 0.622 £ 0.003 14998 0.783 £ 0.014 0.567 £ 0.005 0.541 +0.005 0.828 0.392 + 0.004
RuadaptQwen3-8B-Hybrid 0.622 £+ 0.003 15171 0.746 £ 0.012  0.595 +0.005 0.563 +£0.005 0.834 0.369 £ 0.004
RuadaptQwen3-4B-Instruct 0.613 £ 0.003 11270 0.751 £0.013 0.574 £0.005 0.565 +0.005 0.827 0.347 £ 0.004
Qwen3-4B 0.604 £+ 0.003 15003 0.744 £ 0.013  0.551 £0.005 0.526 +£0.006 0.826 0.375 £ 0.004
avibe 0.603 £ 0.004 15251 0.604 +0.016 0.632 +0.005 0.547 £0.005 0.847 0.387 & 0.004
GigaChat3-10B-A1.8B-bf16 0.595 £ 0.004 12987 0.554 £0.018 0.645 £0.005 0.567 £ 0.005 0.857 0.353 & 0.004
T-lite-it-1.0 0.581 + 0.004 18474 0.579 £0.016 0.621 +0.005 0.533 +0.006 0.844 0.328 + 0.003
Vikhr-Nemo-12B-Instruct-R-21-09-24  0.569 + 0.004 25495 0.544 £0.016 0.558 £0.005 0.535 £ 0.005 0.862 0.344 £ 0.004
RuadaptQwen?2.5-7B-Lite-Beta 0.557 £ 0.003 13696 0.514 £0.015 0.605 £ 0.005 0.528 £ 0.006 0.841 0.297 & 0.004

Qwen3-32B in working with long context (Long: 0.629) but slightly yields to the original in basic skills
(Skills). Additionally, adapted versions provide more generation speed (in terms of sample processing
speed, as well as in terms of characters per second). This underscores the importance of comprehensive
evaluation across categories, as different adaptation methods (e.g., tokenizer replacement or the specifics
of SFT datasets) affect the final capabilities of the model differently.

5.2 Results on the Instruct-Lite Configuration and Correlation Analysis

To test the hypothesis about the possibility of a faster yet reliable model evaluation, the Instruct-Lite
configuration was used. In it, RAG tasks are evaluated using lexical metrics, and the total number of
examples and datasets is reduced.

Table 2: Evaluation results of models on the Instruct-Lite configuration (with total execution time in

seconds).

Model Mean Total Time (s) IFEval Knowledge Long RAG Skills

Qwen3.5-27B (2xGPU) 0.695 + 0.004 11058 0.834 + 0.012 0.747 £ 0.005 0.635 +£0.011 0.774 £+ 0.008 0.485 + 0.007
Qwen3.5-35B-A3B (2xGPU) 0.683 + 0.004 4624 0.813 +0.012 0.743 £0.005 0.611 £0.011 0.785 £+ 0.008 0.461 + 0.008
T-pro-it-2.1 0.677 £+ 0.004 14723 0.810 + 0.010 0.707 £ 0.005 0.620 £ 0.011 0.794 £ 0.008 0.453 + 0.007
Qwen3-30B-A3B-Instruct-2507 0.661 + 0.004 4991 0.780 + 0.013  0.674 £ 0.005 0.659 £ 0.012 0.767 £+ 0.008 0.426 + 0.006
Qwen3-32B 0.661 + 0.004 19150 0.788 + 0.013 0.681 £ 0.005 0.633 £0.012 0.765 £ 0.008 0.440 + 0.007
Qwen3-14B 0.648 £+ 0.004 8397 0.795 £ 0.011 0.642 +0.005 0.612 +£0.011 0.780 £ 0.007 0.409 £ 0.007
RuadaptQwen3-32B-Instruct 0.647 £+ 0.004 14824 0.736 £ 0.013  0.678 £ 0.005 0.640 £ 0.011 0.769 £ 0.008 0.412 £ 0.007
T-lite-it-2.1 0.629 + 0.004 4133 0.774 £ 0.014  0.632 +£0.005 0.596 £0.011 0.747 £0.008 0.394 £ 0.007
T-pro-it-2.0 0.628 + 0.004 15682 0.655 £ 0.015 0.698 +0.005 0.633 £0.011 0.771 £0.008 0.383 £ 0.007
Qwen3-8B 0.625 £+ 0.004 5117 0.768 £ 0.014  0.597 +£0.005 0.607 £0.012 0.746 £ 0.009 0.408 £ 0.007
Qwen3-4B-Instruct 0.605 + 0.004 3621 0.788 £ 0.012  0.568 +0.005 0.573 £0.012 0.709 £ 0.009 0.386 £ 0.007
RuadaptQwen3-8B-Hybrid 0.605 + 0.004 4083 0.740 £ 0.012  0.595 +£0.005 0.607 £0.011 0.722 £ 0.009 0.358 £ 0.006
RuadaptQwen3-4B-Instruct 0.587 £+ 0.004 2873 0.736 £0.013 0.577 £0.005 0.574 £0.011 0.703 £0.009 0.347 £+ 0.007
Qwen3-4B 0.585 & 0.004 3656 0.754 £ 0.013  0.550 & 0.005 0.563 £0.013 0.696 £ 0.009 0.365 £ 0.007
avibe 0.574 + 0.005 4057 0.605 + 0.016 0.631 +0.006 0.532 +£0.011 0.735 £0.008 0.369 & 0.007
GigaChat3-10B-A1.8B-bf16 0.571 + 0.004 7158 0.548 + 0.015 0.644 +0.005 0.591 £0.012 0.742 £ 0.008 0.333 £ 0.006
T-lite-it-1.0 0.562 + 0.004 4590 0.560 + 0.015  0.620 + 0.005 0.562 +£0.012 0.744 £+ 0.008 0.322 + 0.006
YandexGPT-5-Lite-8B-instruct 0.552 + 0.004 3396 0.704 + 0.015 0.445 +0.005 0.494 +£0.011 0.754 £ 0.008 0.364 + 0.006
Vikhr-Nemo-12B-Instruct-R-21-09-24  0.538 + 0.004 6528 0.531 +£0.015 0.559 +0.006 0.582 +0.012 0.680 + 0.008 0.339 + 0.006
RuadaptQwen2.5-7B-Lite-Beta 0.533 + 0.004 3569 0.502 + 0.014  0.604 + 0.005 0.549 +£0.012 0.718 £0.008 0.292 + 0.006

A comparison of the results in Tables 1 and 2 shows that the Instruct-Lite configuration preserves
the relative ranking of the models. The Pearson correlation coefficient between the mean scores of
the two configurations over 0.95. This proves that for intermediate evaluation of checkpoints during
development, the lightweight version of the benchmark can be safely used without losing ranking quality.
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5.3 Results on LLM-as-a-Judge Arena

For the calculation of the final Elo rating, gpt-4o-mini was selected as the coordinate center, with its
baseline rating fixed at exactly 1000. The final battle results, complete with standard deviations, 95%
confidence intervals, and median generation lengths (in characters), are detailed in Table 3.

Table 3: Final Elo rankings, standard deviations, 95% confidence intervals, and median generation
lengths for models evaluated in the LLM-as-a-Judge Arena.

Model Elo Rating STD 95% CI1 Median Length (chars)
T-pro-it-2.0 1588 22 [1552, 1635 2256
Qwen3-235B-A22B-Instruct-2507 1519 9 [1500, 1537] 1858
T-pro-it-2.1 1486 20 [1450,1531] 1811
Qwen3.5-27B 1474 20 [1438,1512] 2134
Qwen3.5-35B-A3B 1442 18 [1412,1479] 2149
Qwen3-30B-A3B-Instruct-2507 1429 19 [1391,1465] 2152
T-lite-it-2.1 1396 18 [1362,1429] 1978
Qwen3-32B 1261 14 [1236,1288] 1551
RuadaptQwen3-32B-Instruct 1235 15 [1209,1271] 1646
Qwen3-4B-Instruct-2507 1228 15 [1200, 1258] 2267
Qwen3-14B 1201 16 [1168, 1232] 1624
RuadaptQwen3-4B-Instruct 1176 15 [1153,1207] 1979
avibe 1175 13 [1149,1198] 1728
RuadaptQwen3-8B-Hybrid 1173 13 [1148,1200] 1492
Qwen3-8B 1147 16 [1115,1171] 1729
RuadaptQwen2.5-7B-Lite-Beta 1083 14 [1062,1113] 1252
gpt-4-1106-preview 1030 9 [1013, 1046] 1261
Qwen3-4B 1001 15 [972,1028] 1636
T-lite-it-1.0 1000 16 [980, 1038] 1407
gpt-40-mini 1000 0 [1000, 1000] 876
GigaChat3-10B-A1.8B-bf16 961 15 (931, 987] 959
Vikhr-Nemo-12B-Instruct-R-21-09-24 932 14 [909, 962] 1540
YandexGPT-5-Lite-8B-instruct 794 21 [752, 835] 636

A critical empirical observation during testing involved the persistent influence of verbosity bias ex-
hibited by Deepseek V3. Despite actively penalizing style preferences and enforcing hierarchical eval-
uation frameworks explicitly adopted from established LLM arenas, the correlation between response
length and win rate was merely smoothed out rather than completely eliminated.

5.4 Case Study: Automatic Prompt Selection

One of the drawbacks sometimes found in certain benchmarks is that instructions and prompts might
have been selected manually based on one or two models, or without any preliminary evaluation of
prompt quality at all. For this reason, functionality for automatic prompt selection was introduced into
the LLMTF framework, and for all NER tasks in the benchmark, the prompt was selected using the
implemented method.

Inspired by AlphaEvolve from Google DeepMind (Novikov et al., 2025) we’ve built a system capable
of automatically optimizing prompts for specific tasks.

5.4.1 Automatic Prompt Selection: Approach

Our system consists out of 6 main components:
* Solution database stores evaluated solutions: triplets of prompt template, score and feedback.
* Sampler samples existing solution from solution database, in our case, following power law.
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Figure 1: Prompt optimizer architecture

* Mutator comes up with new prompt template based on the old one as well as the feedback and task
description.

* Optimizable task provides task description for mutator and evaluation functions for evaluator. Gen-
erates prompts by filling prompt template with information from stored samples.

* Runner uses prompts to generate responses from a set of models.

» Evaluator scores LLMs’ response and creates a feedback, in our case, comparing agents’ answers

with correct ones for the lowest scored samples.

Algorithm starts by running initial prompt template (provided by the user) and evaluating responses,
thus creating a root solution, stored in solution database.

By running a prompt template we mean using it to create messages by filling it with information from
train samples and then generating responses on a set of LLMs.

On each iteration sampler feeds random solution from solution database to the mutator, which, based
on the task description and feedback on that solution, comes up with new prompt template.

Mutated prompt template is then used by runner to generate responses. Responses are scored by
evaluator and feedback is generated. Triplet (prompt template, score and feedback) is our new solution
and it is saved in the solution database.

User describes optimizable task, defines set of runner models, mutator model and optimization it-
eration count as well as few-shot count (0 in our case) number of examples fed to mutator and other
parameters.

5.4.2 Automatic Prompt Selection: Results

We tested this system on NER tasks of our framework: Collection3, NEREL, NEREL-BIO, patient
queries ner. Each dataset is represented in two version based on required answer format (“json” and
“in-place”) 8 in total.

As our mutator model we chose Qwen3-235B-A22B-Instruct-2507. Our runner models are:

* ruadapt-qwen3-4b

* qwen3-4b-instruct
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Evolution on Collection3 (json)
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Figure 2: Prompt optimization on Collection3 (json)

* tpro-2

* RefalMachine/RuadaptQwen2.5-7B-Lite-Beta

e Qwen3-32B

* RefalMachine/RuadaptQwen3-32B-Instruct-v2

Models hyperparameters:

 temperature: 0.1

* top_k: 40

* top_p: 0.9

For Collection3 we ran our algorithm for 100 iterations on 400 train samples, resulting in higher
quality prompts for both “json” and “in-place” variations. For NEREL and NEREL-BIO we settled on
36/40 iterations and 30 train samples due to each sample being much longer compared to other tasks,
however we didn’t manage to make substantial changes. For Patient queries ner we used 100 iterations
and 200 train samples, in both cases greatly increasing quality of the prompt. Examples of quality plots
for training samples can be seen in Tables 2 and 3.

Our results indicate that our algorithm more effective at optimizing simple tasks, yet struggles with
complex ones. We believe there are a lot of improvements to be made to this system, for example addition
of editable long-term memory, experiences summarization and meta analysis.

5.5 Additional Specialized Benchmarks

To provide a more comprehensive evaluation of the models’ capabilities on complex Russian-language
tasks, we integrated two additional benchmarks into our experimental suite. Although these evaluations
are executed via independent scripts outside the primary framework logic, they offer unique and highly
demanding measurements for long-context processing and retrieval-augmented generation. The aggreg-
ated performance metrics for the tested models across both datasets are summarized in Table 4.
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Figure 3: Prompt optimization on Collection3 (in-place)

5.5.1 RuBookSum

The first additional dataset is RuBookSum (Grigoriev et al., 2025), a publicly available benchmark for
the abstractive summarization of long-form Russian narrative texts. Conceptually similar to BookSum
(Kryscinski et al., 2022), this dataset focuses specifically on Russian literature. It was constructed by
pairing user-written summaries from the “Narodny Briefly” platform with full literary texts sourced
from the Librusec digital library. Following an automated cleaning process to strip HTML tags and user
comments, the resulting corpus contains 634 document-summary pairs spanning more than 40 genres.
With source texts averaging approximately 35, 000 words and target summaries averaging 701 words,
the dataset serves as a rigorous test bed for evaluating models on extreme long-context summarization.

5.5.2 RuWikiBench

The second dataset, RuWikiBench (Grigor’ev and Chernyshev, 2025), is a Russian-language benchmark
designed to evaluate how well large language models can reproduce Wikipedia-style articles from raw
source materials. Built from manually selected articles from the Russian online encyclopedia Ruwiki,
each sample pairs an article with the external references explicitly cited in its notes. During the prepro-
cessing phase, the dataset enforces strict grounding constraints. The system retains only content that can
be linked to at least one accessible source, removing any unsupported paragraphs and conditionally fil-
tering headings. The remaining reference materials are then split into short snippets, creating a setup that
closely mirrors real-world retrieval-augmented generation pipelines. The benchmark is organized around
three core tasks: selecting relevant sources, building a hierarchical article outline, and generating the ac-
tual article sections. In total, the dataset contains 285 article-level samples comprising 15, 686 sources
split into 36, 860 snippets, with an average outline length of 37 headings. Unlike related benchmarks
such as ResearchArena (Kang and Xiong, 2024) (which primarily tests the collection and organization
of information), RuWikiBench places a stronger emphasis on the model’s ability to synthesize and gen-
erate coherent scientific and encyclopedic text.

An analysis of the results presented in Table 4 reveals a stark contrast in task difficulty across the two

11
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Table 4: Performance metrics of the evaluated models on the additional Russian-language benchmarks
(RuWikiBench and RuBookSum), sorted by the overall mean score.

Model Mean RuWikiBench RuBookSum
T-pro-it-2.1 56.60 98.29 14.91
Qwen3.5-27B 56.47 98.47 14.47
Qwen3.5-35B-A3B 56.38 97.85 14.90
Qwen3-14B 56.31 97.38 15.23
Qwen3-30B-A3B-Instruct-2507 56.15 97.63 14.66
Vikhr-Nemo-12B-Instruct-R-21-09-24  55.96 97.34 14.57
RuadaptQwen3-8B-Hybrid 55.48 96.43 14.52
RuadaptQwen3-32B-Instruct 55.43 97.07 13.78
T-pro-it-2.0 55.40 98.21 12.59
Qwen3-8B 55.40 96.31 14.48
Yandex GPT-5-Lite-8B-instruct 55.26 93.36 17.16
Qwen3-4B 55.20 95.44 14.96
Qwen3-32B 55.17 95.70 14.64
GigaChat3-10B-A1.8B-bf16 54.98 95.15 14.80
RuadaptQwen3-4B-Instruct 54.95 95.70 14.20
T-lite-it-2.1 54.95 95.68 14.21
avibe 54.43 95.94 12.92
Qwen3-4B-Instruct-2507 53.78 93.29 14.26
T-lite-it-1.0 53.66 93.85 13.47
RuadaptQwen2.5-7B-Lite-Beta 52.05 94.00 10.10

domains. Models achieved near-ceiling performance on the RuWikiBench dataset, with scores consist-
ently in the mid-to-high 90s. This indicates that current models possess a strong and reliable capability
for retrieval-augmented encyclopedic generation when provided with explicit source snippets. Con-
versely, the RuBookSum task proved exceptionally challenging, with all models scoring below 18 points,
thereby highlighting the persistent difficulty of extreme long-context abstractive summarization. Overall,
T-pro-it-2.1 and large Qwen-based models (such as Qwen3.5-27B) demonstrated the best balanced
performance and topped the aggregated leaderboard. Notably, YandexGPT-5-Lite-8B-instruct ex-
hibited a highly unique performance profile: while it placed near the bottom in RuWikiBench (93.36), it
achieved the highest absolute score on the demanding RuBookSum dataset (17.16).

5.6 Framework Performance

An important aspect of LLMTF is its execution speed. Thanks to built-in batching and an optimized
architecture, the framework allows for evaluation in a reasonable time. As can be seen from Table 2,
a full evaluation of a 7B-8B class model (e.g., Qwen3-8B or T-1ite-it-2.1) on the Instruct-Lite
configuration takes about 4000-5000 seconds on a single GPU equivalent to an A100. Evaluation on the
full Instruct-Full configuration for the same models takes about 15000-20000 seconds (4-5.5 hours).
At the same time, these evaluations cover 5 different and key task categories for language models, thereby
allowing the assessment of quality not just in one or two settings, but across a wide range of tasks. This
makes LLMTF a practical tool for daily use in small research laboratories, enabling rapid iteration during
model development and adaptation.

6 Conclusion

This paper presents LLMTF, a novel open framework and benchmark for evaluating large language
models in Russian. The development and implementation of this tool demonstrate the importance of
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creating local, open, and flexible solutions for LLM evaluation. Unlike closed commercial benchmarks
aimed at frontier models, LLMTF provides small research groups with the ability to conduct in-depth
analysis of developed models within a closed loop. This is particularly relevant for language adaptation
tasks, where it is necessary to rapidly iterate and compare hundreds of intermediate checkpoints.

LLMTF solves the problem of evaluation tool fragmentation by offering a unified approach based on
the message format, support for various backends, and modern mechanisms (such as prefill assistant and
reasoning control). The developed benchmark includes a total of 55 datasets divided into 5 categories
and is provided in two main configurations (Instruct-Full, Instruct-Lite), allowing for flexible
customization of the evaluation process for specific research tasks. Furthermore, the framework incor-
porates an LL.M-as-a-Judge Arena with style control to mitigate judge bias, providing a robust evaluation
of open-ended generation.

Experimental results confirm that the LLMTF benchmark is capable of effectively ranking models and
identifying their strengths and weaknesses. The analysis showed that different methods of adapting Qwen
family models to the Russian language lead to uneven quality improvements, underscoring the need for
comprehensive evaluation across multiple task categories. An important achievement is the confirmation
of a high correlation between the full (Instruct-Full) and lightweight (Instruct-Lite) benchmark
configurations. This allows researchers to significantly save computational resources during the inter-
mediate testing stage. Additionally, the integration of specialized benchmarks like RuBookSum and
RuWikiBench highlights the current capabilities and limitations of models in complex Russian-language
tasks, such as extreme long-context summarization and retrieval-augmented encyclopedic generation.

In future versions of LLMTF, we plan to expand the set of unique Russian-language datasets, as well
as further develop the automatic prompt selection system.
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A LLM-as-a-Judge Evaluation Prompt

The following prompt was used for the Deepseek V3 judge to evaluate and compare the responses of two
models in a pairwise battle. The prompt explicitly instructs the judge to prioritize core factual accuracy
and helpfulness over stylistic considerations.

I will provide you with a prompt and two responses from models *'m’ and "M’. Your task is to determine
which model provided a better response by following a strict evaluation procedure. The primary
language of the content is Russian.

Prompt:
{instruction}

Model ’'m’ Response:
unu{output_m}

mnmn

Model "M’ Response:
nmnn { Output_M } nnn

Evaluation Procedure
To make your decision, you must evaluate the responses sequentially according to three criteria, in order

of priority:

Step 1: Core Answer Quality (Highest Priority - Weight 3)
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* Relevance and Completeness: How accurately and thoroughly does the response address the user’s
prompt?

* Factual Accuracy and Helpfulness: Are the provided facts correct? Does the response effectively
solve the user’s task or answer their question?

* IMPORTANT: At this stage, you must ignore all aspects of grammar, spelling, style, and format-
ting. Focus solely on the substance and content of the answer.

Step 2: Language Quality (Secondary Priority - Weight 2)
* Grammar and Spelling: Is the text free of spelling, punctuation, or grammatical errors?
* Fluency and Naturalness: Does the text read smoothly and naturally in Russian? Is the word
choice appropriate?

Step 3: Style and Structure (Lowest Priority - Weight 1)
* Readability and Formatting: Is the text easy to read? Does it use paragraphs, lists, or bolding to
improve clarity?
* Clarity of Exposition: Is the thought process presented in a clear and logical manner?

Decision-Making Rules
Use a hierarchical approach based on your evaluation:

1. First, compare the responses based on ’Core Answer Quality’ (Step 1). If one response is
significantly better in substance, relevance, and accuracy, choose it immediately, even if it has flaws
in language or style.

2. If the responses are roughly equal in ’Core Answer Quality’, use ’Language Quality’ (Step 2)
as the tie-breaker. Choose the response that is more grammatically correct and fluent.

3. If the responses are equal in both ’Core Answer Quality’ and ’Language Quality’, use ’Style
and Structure’ (Step 3) as the final deciding factor. Choose the response that is better structured
and clearer.

4. If the responses remain tied after all three steps, you must consider it a tie.

Your Response

Which response is better? Respond with only a single character and no other text or explanation.
* If model 'm’ is clearly better according to the rules above, respond with: m
* If model M’ is clearly better according to the rules above, respond with: M
* If the responses are of equivalent quality or the choice is a toss-up, respond with: T
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LLMTF Datasets

Table 5: Benchmark datasets and configurations

# | Category Task ID Source Dataset (HF) Variant Metric Few-shot | Test Samples
1 nlpcoreteam/ruMMLU_zero_shot NLPCoreTeam/mmlu_ru Zero-shot Accuracy 0 14,042
2 nlpcoreteam/enMMLU_zero_shot NLPCoreTeam/mmlu_ru Zero-shot Accuracy 0 14,042
3 shlepa/movie_mc Vikhrmodels/movie_mc — Accuracy 0 498
4 shlepa/music_mc Vikhrmodels/music_mc — Accuracy 0 493
Knowledge "

5 shlepa/law_mc Vikhrmodels/law_mc — Accuracy 0 1,000
6 shlepa/books_mc Vikhrmodels/books_mc — Accuracy 0 500
7 nlpcoreteam/ruMMLU_few_shot NLPCoreTeam/mmlu_ru Few-shot (5) Accuracy 5 14,042
8 nlpcoreteam/enMMLU_few_shot NLPCoreTeam/mmlu_ru Few-shot (5) Accuracy 5 14,042
9 darumeru/flores_ru_en RefalMachine/darumeru (flores) ru— en ROUGE-L 3 987
10 darumeru/flores_en_ru RefalMachine/darumeru (flores) en — ru ROUGE-L 3 987
11 daru/treewayabstractive dichspace/daru_treeway_eval — ROUGE-L 0 2,619
12 ilyagusev/gazeta IlyaGusev/gazeta — ROUGE-L 3 6,793
13 ai-forever/kinopoisk ai-forever/kinopoisk-sentiment-classification | — Fl1-macro 5 1,500
14 ruopinionne RefalMachine/ruopinionne Full (S, T.E, P) Tuple-F1 5 2,556
15 ruopinionnesimple RefalMachine/ruopinionne Simple (S, T, P) Tuple-F1 5 2,556
16 Skills MalakhovIlya/NEREL-(json)_few_shot MalakhovIlya/NEREL JSON output Fl-macro 3 93 /885
17 nerel-ds/NEREL-BIO-(json)_few_shot RefalMachine/nerel-bio-simple JSON output Fl1-macro 3 77/ 600
18 Mykes/patient_queries_ner-(json)_few_shot Mykes/patient_queries_ner JSON output Fl-macro 3 239
19 MalakhovIlya/NEREL-(in-place)_few_shot MalakhovIlya/NEREL In-place markup F1-macro 3 93 /885
20 nerel-ds/NEREL-BIO-(in-place)_few_shot RefalMachine/nerel-bio-simple In-place markup F1-macro 3 77/ 600
21 Mykes/patient_queries_ner-(in-place)_few_shot | Mykes/patient_queries_ner In-place markup F1-macro 3 239
22 russiannlp/rucola_custom RussianNLP/rucola — MCC 5 2,787
23 RCC-MSUT collection3-(in-place)_few_shot RCC-MSU/collection3 In-place markup F1-macro 3 1,922
24 RCC-MSUT collection3-(json)_few_shot RCC-MSU /collection3 JSON output Fl-macro 3 1,922
25 bearberry/rubqqa bearberry/rubqqa Task-first prompt ROUGE-L, LLM-Judge 0 2,910
26 bearberry/rubqqa_data_first bearberry/rubqqa Data-first prompt ROUGE-L, LLM-Judge 0 2,910
27 bearberry/rus_tydiqa bearberry/rus_tydiqa Task-first prompt ROUGE-L, LLM-Judge 0 6,490
28 RAG bearberry/rus_tydiqa_data_first bearberry/rus_tydiqa Data-first prompt ROUGE-L, LLM-Judge 0 6,490
29 bearberry/sberquadqa bearberry/sberquadga Task-first prompt ROUGE-L, LLM-Judge 0 50,364
30 bearberry/sberquadqa_data_first bearberry/sberquadqa Data-first prompt ROUGE-L, LLM-Judge 0 50,364
31 bearberry/rus_xquadga bearberry/rus_xquadqa Tas| st prompt ROUGE-L, LLM-Judge 0 1,190
32 bearberry/rus_xquadqga_data_first bearberry/rus_xquadga Data-first prompt ROUGE-L, LLM-Judge 0 1,190
33 IFEval ifeval/rulFEval Local (rulFEval_v0.1.jsonl) — Prompt-level Accuracy 0 541
34 ifeval/enIFEval Local (enIFEval.jsonl) — Prompt-level Accuracy 0 541
35 forever/libra/passkey ai-forever/LIBRA_old passkey EM 0 1,200
36 forever/libra/matreshka_yes_no ai-forever/LIBRA_old matreshka_yes_no EM 0 1,799
37 forever/libra/matreshka_names ai-forever/LIBRA_old matreshka_names EM 0 900
38 forever/libra/passkey_with_librusec ai-forever/LIBRA _old passkey_with_librusec EM 0 1,200
39 forever/libra/librusec_history ai-forever/LIBRA_old librusec_history EM 0 128
40 forever/libra/ru_gsm100 ai-forever/LIBRA_old ru_gsm100 EM 0 100
41 forever/libra/ru_sci_passage_count ai-forever/LIBRA_old ru_sci_passage_count Count-score 0 600
42 forever/libra/ru_2wikimultihopqa ai-forever/LIBRA_old ru_2wikimultihopga EM 0 300
43 forever/libra/long_context_multiq ai-forever/LIBRA _old long_context_multiq EM 0 1,200
44 forever/libra/ru_sci_abstract_retrieval ai-forever/LIBRA_old ru_sci_abstract_retrieval | EM 0 1,240
45 | Long forever/libra/ru_trec ai-forever/LIBRA_old ru_trec EM 0 300
46 forever/libra/ru_sci_fi ai-forever/LIBRA_old ru_sci_fi EM 0 64
47 forever/libra/librusec_mhqa ai-forever/LIBRA _old librusec_mhqa EM 0 384
48 forever/libra/ru_babilong_qal ai-forever/LIBRA_old ru_babilong_qal EM 0 600
49 forever/libra/ru_babilong_qa2 ai-forever/LIBRA_old ru_babilong_qa2 EM 0 600
50 forever/libra/ru_babilong_qa3 ai-forever/LIBRA_old ru_babilong_qga3 EM 0 600
51 forever/libra/ru_babilong_qa4 ai-forever/LIBRA_old ru_babilong_qga4 EM 0 600
52 forever/libra/ru_babilong_qa5 ai-forever/LIBRA_old ru_babilong_ga5 EM 0 600
53 forever/libra/ru_quality ai-forever/LIBRA_old ru_quality EM 0 202
54 forever/libra/ru_tpo ai-forever/LIBRA_old ru_tpo EM 0 251
55 forever/libra/ru_qasper ai-forever/LIBRA_old ru_qasper F1 0 203

17



	Tikhomirov M., et al.: LLMTF: An Open Framework and Benchmark for Evaluating Large Language Models

