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Abstract

In 2024, reasoning have emerged as a new frontier for artificial intelligence and computational linguistics. Rea-
soning models are typically evaluated either on STEM-related datasets, or on synthetic datasets. This ignores a huge
area of human thought—namely, humanitarian. To bridge this gap partially, we present a new open dataset, RuTaR
(Russian Tax Reasoning). The dataset consists of modestly modified content of 199 select Ministry of Finances of
Russia and Russian Federal Tax Service letters that typically reason to answer some taxpayer question. Despite ap-
parent simplicity of yes/no questions, both off-the-shelf Large Language Models (LLMs) and Retrieval Augmented
Generation (RAG) systems struggle to achieve high results on the dataset, with top RAG system studied achieving
77% accuracy.
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AHHOTANMSA

B 2024 rony paccyxeHus cTajay KIOUEBOH TOUKON pa3BUTHUsI UCKYCCTBEHHOI'O MHTEIIEKTa U BEIUMCIIUTENIBHOM
JIMHTBUCTUKHA. MOZEIN paccyJIeHHH OOBIYHO OLEHMBAIOTCS MO0 Ha HAaOOpaxX MaHHBIX, CBSI3aHHBIX C TOYHBIMH
HayKaMu, JIM0O Ha CHHTETHYECKUX Habopax NaHHBIX. DTO UTHOPUPYET OIPOMHYIO 00JaCTh YeIOBEUECKOW MBICIH —
ryMaHHTapHyr0. UT0ObI YaCTUYHO BOCHOJIHUTH 3TOT MpOoOE, MPeACTaBIeH HOBBIM OTKPHITHIA Habop maHHBIX, RuTaR
(Russian Tax Reasoning). Habop maHHBIX COCTOHUT U3 CIETKa H3MEHEHHOT0 KOHTeHTa 199 oToOpaHHBIX iceM MuHH-
crepctBa puHaHcoB Poccrn n denepanbHON HATIOTOBOMH CITyKOBI, KOTOPBIE C pacCy KICHIAMH OTBEYAIOT HA BOIPOCHI
HaJIOTOIUIaTeNbIUKOB. HecMOTps Ha KaXKyII[yrocst IpOCTOTY OHHAPHBIX BOIIPOCOB, KaK CTAaHJAPTHBIC OOJIBIINE S3BIKO-
BBIC MOJIEJIH, TaK U CHCTEMBI TeHEPAIMH Ha OCHOBE IOKCKA HCIIBITHIBAIOT TPYHOCTH C JOCTHKEHHEM BBICOKUX PE3YIIb-
TaTOB Ha HAOOPE JJAHHBIX, P 3TOM JIy4Illasl U3 OLEHEHHBIX CHCTEMa JOCTUIaeT TOYHOCTH JIMIIB B 77 %.

KoroueBrble ciioBa: paccysxieHus; HaOOp AaHHBIX; UCKYCCTBEHHBIN HHTEIUIEKT

1 Introduction

In 2024, reasoning have emerged as a new frontier for artificial intelligence and computational linguis-
tics [1-12]. The pivotal productization of o1 reasoning system by Open Al [12] have sparked a wave of
research and replication efforts [14-21]. These reasoning models are typically evaluated either on STEM
datasets [22-34] (which from our perspective include logics-specific datasets [35-44]), or on synthetic
datasets [2, 45-48]. Exceptions are few [49-52]. This ignores the modes of reasoning typical of the hu-
manities, including law and other similar reasoning-intensive fields.

In Russian, there are few original datasets specifically targeted at multi-turn reasoning. Russian Su-
perGLUE [52] was a fantastic effort for its time, but it is now largely solved [46], including the most
relevant to our interests MuSeRC and RuCoS [53]. MultiQ from TAPE [46] is a synthetically con-
structed 2-hop reasoning benchmark. Therefore, we would like to have a dataset that will be challenging
in 2025 and thus require multi-turn reasoning over a large natural corpus.

To address this twofold deficiency, we present a new open dataset, RuTaR (Russian Tax Reasoning).
The dataset consists of modestly modified content of select Ministry of Finances of Russia and Federal
Tax Service letters that typically answer some taxpayer question. The dataset is made available at
https://github.com/rutar-anonymous/RuTaR under the terms of the Creative Commons Attribution Li-
cense (CC-BY).

Figure 1 provides an example of an original letter of Russian Federal Tax Service. Figure 2 provides
examples of data inferred from the same letter: inferred question that the letter answers, inferred short-
form answer that can be used to automatically evaluate the reasoning systems and the legal references
that can be used to evaluate retrieval systems.

The dataset comprises two distinct types of official letters, 131 of which were issued by the Ministry
of Finance and 78 by the Federal Tax Service. Each letter is categorized into one of two possible re-
sponse classes, with 120 records labeled as "0" and 89 as "1". Following a common binary classification
logic, responses labeled as "0" correspond to a summarized answer of "No", while those labeled as "1"
correspond to "Yes". On average, each letter contains 4.71 references to legal documents. It's also worth
noting that two of the letters do not include any references at all.
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OdenepanpHas HAJIOTOBas CIyXk0a, paccCMOTpeB obparieHue <...>, COOO0IIaeT, 9TO B COOTBET-
cTBUU ¢ MyHKTOM 3 cratbu 29 HanoroBoro kojmekca Poccuiickoit @enepanuu (nanee — Kogekc)
YIIOJIHOMOYEHHBIH MPEACTaBUTENb HAIOTOIIATENIbIIUKA-OPTaHU3alMK OCYIIECTBIISIET CBOU MOJTHO-
MOUYHS Ha OCHOBAHUH JIOBEPEHHOCTH, BHIIABAEMON B MOPSIKE, YCTAHOBICHHOM TPaKJaHCKUM 3a-
KoHoJlaTenbcTBOM Poccuiickoit deaeparnu, eciii ”HOE He TPeAyCMOTpeHo HacTos M Kogexkcom.
[Topsimok u mpaBuUia COBEPIICHUS, a TaKXKe MPUUYMUHBI MPEKpAIllleHUs NEHCTBUSA JOBEPEHHOCTEH
yCTaHaBIMBAKOTCA NoJokeHUs MU pazfena 10 'paxmanckoro komaekca Poccuiickoit denepauuu,
MIPH 3TOM MIPUMEHEHHNE JOBEPEHHOCTH B OTHOIICHHUSX, PETYINPYEMBIX 3aKOHOJATETLCTBOM O HaJIO-
rax u coopax, B pamkax Kojiekca 311 oJioyKeHus He HapyIaeT.

[Tonoxenusimu crateu 188 I'paxkxmanckoro koaekca Poccuiickoit denepaiiuu ycTaHOBICHBI OC-
HOBaHUS MPEKpaIieHus AeCTBUsI JOBEpEHHOCTH. [Ipu 3TOM IpUBEIEHHBIN B YKa3aHHOM CTaThe I1e-
pedeHb OCHOBAaHUH, MO0 KOTOPBIM JIOBEPEHHOCTH MPEKPAIIaeT CBOE JACHCTBHUE, SBISIETCS HCUEPITbI-
BAIOIIUM U PaCHIMPUTEIHHOMY TOJKOBAHUIO HE MOJICIKUT.

[Momoxxenusimu Kojiexca yCcTaHOBIEHBI BOBMOXKHOCTh CO3J/IaHUS IOBEPEHHOCTH B (popMe dIiek-
TPOHHOTO JOKYMEHTA, TIOJIMUCAHHOTO JIEKTPOHHOH MOMHCHI0 JOBEPUTES (Jlaee — SIeKTPOHHAS
JIOBEPEHHOCTH), — TyHKTOM 3 ctaThll 29 Komekca n moaHomounss ®HC Poccun 1o yTBEpKICHUIO
(opMaTa U MopsAIKa HAIIPABIICHUS AJIEKTPOHHON JOBEPEHHOCTH MO TEIEKOMMYHHUKAIMOHHBIM Ka-
Hajam cBs3u (naee — TKC) — mynkrom 5 craten 80 Konekca.

Ha ocHoBanuu BrIeykazanubix mostoskenuit Kogexca m3gan [pukaz ®HC Poccunm ot 30.04.2021
Ne EJI-7-26/445@ «O06 ytBepxkIeHuu (opmara JOBEPEHHOCTH, MOATBEPKIAIOINICH MOJTHOMOYHS
MPEJCTABUTENs] HAJIOTOIUIATENbINNKA (TUIATeNbINNKA cOOpa, IDIATENbIMKA CTPaXOBBIX B3HOCOB,
HAJIOTOBOTO areHTa) B OTHOIIEHUSX, PEryJIMPyeMbIX 3aKOHOAATEILCTBOM O HAJIOTaX U cO0pax, B AJIeK-
TPOHHOH (popMe U MopsIKa ee HANpaBICHHUS IO TEIEKOMMYHHKAIIIOHHBIM KaHAJIaM CBSI3H».

[Ipu 3TOM 3EKTPOHHAS TOBEPEHHOCTh MPUMEHSIETCSA KaK ellle OJAWH CIIoco0 co3aaHus (CoBep-
IIeHNs]) TOBEPEHHOCTEH, He OKa3bIBaeT BIUSHUS Ha MPOIECC IpHeMa OT YIIOJIHOMOYECHHBIX MPEJ-
CTaBUTENEH HAIOTOILIATENBIIMKOB HAJIOTOBON U Oyxranrepckoii otuetHocTy Mo TKC, ornuanoro
OT OKa3bIBa€MOT'0 JOBEPEHHOCTSAMH, COBEPIICHHBIMHI Ha OYMa)KHBIX HOCHTEISX, U HE IPEATOIaraeT
X OTMEHY.

Brenpenune >meKTpOHHON JOBEPEHHOCTH IMPH OCYIIECTBICHUH JJIEKTPOHHOTO TOKYMEHT0000-
poTa C HaJIOTOBBIMHU OpTaHaMH TaK)Ke He MpeAroiaraeT OCHOBAaHUH NMpeKpaleHus 1eHCTBHS T0Be-
PEHHOCTEH, OTIMYHBIX OT YCTAHOBIIEHHBIX B YKa3aHHOU BhILIE cTaThe [ 'paxknanckoro koaekca Poc-
cuiickoit deaeparuu.

Taxum oOpa3om, 00s13aHHOCTB, ycTaHOBIeHHas DenepanbHbM 3akoHOM 0T 31.07.2023 Ne 389-
@3 «O BHeceHUH U3MEHEHUH B YacTH NepBYyIo 1 BTopyro Hanorosoro xonexca Poccuiickoit ®ene-
panmu, oTAeNTbHBIe 3aKOHOAaTebHbIe akThl Poccuiickoit denepanum v 0 IPUOCTAHOBICHUH JCH-
cTBUS a03aria BTOporo myHkTa 1 crateu 78 wactu nepBoii Hamorosoro koxexca Poccutickoit @ene-
panun» MyTeM BHECEHUS HM3MeHeHuil B myHKT 3 ctarbu 29 Konekca, BCTymammux B CHIY C
01.03.2024, B cOOTBETCTBHH C KOTOPBIMH YIIOJIHOMOUEHHBIN NPEICTABUTENb, YKa3aHHBIA B ITyHKTE
5.1 cratem 23 Kozgekca, OCYIIECTBIISIET CBOM MTOJTHOMOYHNS Ha OCHOBAHUU JJICKTPOHHOU JTOBEPEH-
HOCTH, PaclpOCTPaHsAETCsl Ha JOBEPEHHOCTH, KOTOphIe OyJIyT COBEPIIATHCS M MPHUMEHATHCS A
MOATBEPKIAECHNS TOJHOMOYHH YIIOJIHOMOYEHHBIX Ipencrasurenei nmocue 01.03.2024.

[Ipu 3TOM mpexpamieHne UCIONIb30BaHus KBATH(DUIIMPOBAHHBIX CEPTU(UKATOB COTPYITHUKOB
FOPUINYECKUX JIMIl WIM 3aMEHa KBaJTH(UIIMPOBAHHON 3JEKTPOHHOHN MOANMHUCH YTIOJHOMOYEHHOTO
MIPEACTABUTENS B PaMKax NEHCTBYIOLICH TOBEPEHHOCTU HE SIBJISIOTCS OCHOBAHMSIMH ISl IPEKpa-
IICHUS JeHCTBUS JOBEPEHHOCTH.

HacTtosmiee muceMo He SIBISE€TCS HOPMATHBHBIM IIPABOBBIM aKTOM, HE BJIEYET H3MEHEHUH mpa-
BOBOTO PETYJMPOBAHMS HAJIOTOBBIX OTHOIICHHUH, HE COJAEPKUT HOPM, BICKYIIUX IOPHANIECKHE MTO-
CJIEJICTBUS JJI1 HEOMPEACICHHOTO Kpyra JIUI, HOCUT WH(POPMAIIMOHHBIA XapaKTep W HE IMPErIsT-
CTBYET HAJIOTOIIATENBIINKAM PYKOBOJICTBOBATHCS HOPMaMHM 3aKoHoaTenbcTBa Poccuiickont de-
JIepalliy 0 HaJlorax U c6opax B MOHUMAHUH, OTIIMYAIOIIEMCS OT TOJIOKEHHUI HACTOAIIETO MUChMA.

Figure 1: Original Federal Tax Service letter text (Ne 3I'-3-26/13425 dated 18.10.2023)
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Inferred question Inferred answer | References

MoxHo nu npumensaTs | [a 1. 13 ecr 29 HK P®

JJIEKTPOHHBIE TOBEPEH- 2. paszen 10 TK Pd

HOCTHU yIOJTHOMOYEH- 3. cr. 188 TK P®

HBIM IpPEACTaBUTCIISIM 4. 1. 5cr. 80 HK PO

HaJIOTOIIATENIbIIAKA- 5. m5.1cr. 23 HK PO

OpraHu3auun? 6. IIpuxas ®HC Poccuu ot 30.04.2021 Ne
ENl-7-26/445@

Figure 2: Data inferred from the Federal Tax Service letter Ne 31-3-26/13425

For the simplicity of evaluation we only consider questions that imply a binary answer (Yes/No). On
the one hand, this way of binary classification offers us a very useful evaluation framework. However,
it also imposes some significant simplifications on the complexity of a legal discourse. Legal responses,
particularly in tax law, often contain a big amount of exceptions, temporal constraints or even contra-
dictions. Therefore, reducing these complex texts to a binary label may cause the losing of semantic
context and interpretive richness. In many cases, the final message of the legal authority may only be
valid under a very specific set of assumptions, which the binary label does not reflect. Thus, from the
overall corpus of over 5000 letters we only select 200 where we are confident enough in the meaning-
fulness of binary answer.

Legal opinions often involve highly complex reasoning: the introductory part of the text may outline
general legal principles, followed by a specification towards the details of the taxpayer's query. And
while we aim to associate the binary label with the most appropriate summary of the response, this
decision is still interpretive. Therefore, assigning a "Yes" or "No" label may erase the conditional aspect
of the opinion.

However, this simplification may favor systems that work well with minimal human supervision.
Therefore, we consider our binary classification scheme a necessary abstraction to facilitate evaluation,
but it should be modified in the future. Still, we believe that the importance and utility of the dataset we
introduce overweighs the drawbacks of the approach.

The basic stats of the dataset are in the Table 1.

Attribute Value
Number of letters from the Ministry of Fi- 131
nance

Number of letters from the Federal Tax Ser- 78
vice

Answers that can be summarized as "Yes" 89
Answers that can be summarized as "No" 120
Average number of references per letter 4.71
Average number of words per letter 455
Maximum number of words in a letter 1929
Minimum number of words in a letter 89
Median number of words per letter 415
Average number of characters per letter 3580
Maximum number of characters in a letter 15,374
Median number of characters per letter 3255

Table 1. Core statistics of the dataset
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2 Prior Datasets Used to Evaluate Reasoning

We have analyzed various papers related to reasoning, including [1-21], and have identified several
groups of such datasets. Below is a brief review of such datasets.

2.1 STEM-related datasets

Cobbe et al. [23] introduced GSMB8K, a dataset of 8.5K high quality linguistically diverse grade school
math word problems. Shi et al. [21] introduced the Multilingual Grade School Math (MGSM) bench-
mark by manually translating 250 grade-school math problems from the GSM8K dataset into ten typo-
logically diverse languages. Following that, Chen et al. [22] construct the multilingual math reasoning
instruction dataset, MGSMS8KInstruct, encompassing the same ten languages. Hendrycks et al. [24] in-
troduced MATH, a dataset of 12,500 challenging competition mathematics problems. Each problem in
MATH has a full step-by-step solution which can be used to teach models to generate answer derivations
and explanations.

Clark et al. [33] introduced the ARC dataset that contains natural, grade-school science questions
authored for human tests. Rein et al. [27] introduced GPQA, a challenging dataset of 448 high-quality
and extremely difficult multiple-choice questions written by domain experts in biology, physics, and
chemistry. He et al. [28] introduced OlympiadBench, an Olympiad-level bilingual multimodal scientific
benchmark, featuring 8,476 problems from Olympiad-level mathematics and physics competitions, in-
cluding the Chinese college entrance exam.

2.2 Programming datasets

Austin et al. [25] introduced two benchmarks, MBPP and MathQA-Python. The Mostly Basic Program-
ming Problems (MBPP) dataset contains 974 programming tasks, designed to be solvable by entry-level
programmers. The MathQA-Python dataset, a Python version of the MathQA benchmark, contains
23914 problems that evaluate the ability of the models to synthesize code from more complex text. Chen
et al. [26] introduced HumanEval, an evaluation set intended to measure functional correctness for syn-
thesizing programs from docstrings. Schuster et al. [31] propose a dataset of Python Programming Puz-
zles (P3). Each puzzle is defined by a short Python program f, and the goal is to find an input that
makes f return True. In addition, SWE-bench [65] has recently been proposed as one of the most chal-
lenging programming benchmarks. It evaluates models on their ability to solve real-world GitHub issues
using information from the associated codebase and documentation.

2.3  First-order logic-based datasets

Saparov and He [43] introduced a synthetic question-answering dataset called PrOntoQA, where each
example is generated from a synthetic world model represented in first-order logic.

Tian et al. [41] introduced LogicNLI, an NLI-style dataset that effectively disentangles the target FOL
reasoning from commonsense inference and can be used to diagnose LMs from four perspectives: accu-
racy, robustness, generalization, and interpretability. Yu et al. [36] introduced a Reading Comprehen-
sion dataset requiring logical reasoning (ReClor) extracted from standardized graduate admission ex-
aminations. Han et al. [34] introduced FOLIO, a human-annotated, logically complex and diverse da-
taset for reasoning in natural language (NL), equipped with first-order logic (FOL) annotations.

2.4  Synthetic datasets

Yao et al. [29] introduce three tasks requiring non-trivial planning or search: Game of 24, Creative
Writing, and 5x5 Mini Crosswords. Game of 24 is a mathematical reasoning challenge, where the goal
is to use 4 numbers and basic arithmetic operations (+-*/) to obtain 24. In the creative writing task, the
input is 4 random sentences and the output should be a coherent passage with 4 paragraphs that end in
the 4 input sentences respectively. Such a task is open-ended and exploratory, and challenges creative
thinking as well as high-level planning.

Sinha et al. [35] introduced CLUTRR benchmark that requires that an NLU system infer kinship
relations between characters in short stories. Liu et al. [37] introduced LogiQA dataset that is sourced
from expert-written questions for testing human Logical reasoning. Liu et al. [38] then amended and re-
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annotated it in LogiQA 2.0, increasing the data size, refining the texts with manual translation by pro-
fessionals, and improving the quality by removing items with distinctive cultural features like Chinese
idioms.

Mirzaee and Kordjamshidi [45] introduceB SpaRTUN, a synthetic dataset on spatial question answer-
ing (SQA) and spatial role labeling (SpRL) to provide a source of supervision with broad coverage of
spatial relation types and expressions.

Sakaguchi et al. [47] introduced Winogrande, a large-scale pronoun resolution problem synthetic da-
taset as a benchmark for commonsense reasoning. Trivedi et al. [44] constructed MuSiQue-Ans, a syn-
thetic multihop QA dataset with 25K 2—4 hop questions by systematically combining pairs of single-
hop questions that are connected.

2.5 Datasets in Russian

Fenogenova et al. introduced two Russian machine reading comprehension (MRC) datasets, called
MuSeRC and RuCoS, which require reasoning over multiple sentences and commonsense knowledge
to infer the answer. The former follows the design of MultiRC [55], while the latter is a counterpart of
the ReCoRD dataset [56]. Shavrina et al. [52] introduced a Russian general language understanding
evaluation benchmark — Russian SuperGLUE, organized similarly to SuperGLUE [54] and including
MuSeRC and RuCoS. Taktasheva et al. [46] proposed TAPE (Text Attack and Perturbation Evaluation),
a benchmark that includes six more complex NLU tasks for Russian, covering multi-hop reasoning,
ethical concepts, logic and commonsense knowledge.

2.6 Other datasets

Srivastava et al. [42] introduced BIG-bench that consists of 204 tasks, contributed by 450 authors across
132 institutions. Task topics are diverse, drawing problems from linguistics, childhood development,
math, common-sense reasoning, biology, physics, social bias, software development etc. Suzgun et al.
[30] select a suite of 23 challenging BIG-Bench tasks for which prior language model evaluations did
not outperform the average human-rater and call it BIG-Bench Hard (BBH).

Another prominent benchmark is ARC AGI [66]. It emphasizes general intelligence and abstract rea-
soning skills through a set of a diverse tasks that for now remain unsolved by many modern systems.

Thorne et al. [51] introduced a dataset for verification against textual sources, FEVER: Fact Extrac-
tion and VERification. It consists of claims generated by altering sentences extracted from Wikipedia
and subsequently verified without knowledge of the sentence they were derived from. Yang et al. [50]
introduced HotpotQA, a dataset with Wikipedia-based question-answer pairs with four key features: (1)
the questions require finding and reasoning over multiple supporting documents to answer; (2) the ques-
tions are diverse and not constrained to any pre-existing knowledge bases or knowledge schemas; (3)
sentence-level supporting facts required for reasoning are provided, allowing QA systems to reason with
strong supervision and explain the predictions; (4) factoid comparison questions are provided to test QA
systems’ ability to extract relevant facts and perform necessary comparison.

Bisk et al. [49] introduced the task of physical commonsense reasoning and a corresponding bench-
mark dataset Physical Interaction: Question Answering or PIQA. Cui et al. [48] introduced MuTual, a
dataset for Multi-Turn dialogue Reasoning based on Chinese student English listening comprehension
exams.

3 Data Processing Pipeline

In this section, we describe the steps performed to build the dataset. In short, the steps are:
e Downloading

Candidate selection

Answer binarity validation

Question extraction

Postprocessing

Extracting legal sources
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3.1 Downloading

Any document types mentioned below were downloaded from the locations detailed in the Table 2.

3.2 Candidate Selection and Answer Binarity Validation

Any Ministry of Finance letters from departments other than the tax policy department were removed
from consideration. The remaining letters were run through GPT-40 mini with a prompt that determines
whether the answer can be summarized as "yes" or "no" (see Appendix A).

3.3  Question Extraction and Manual Postprocessing

The letters that were determined by the prompt as implying a binary answer were run through GPT-40
mini with a prompt that created the questions implied by the answer given by the respective authority
(see Appendix A). Since the ability to summarize a response as "Yes" or "No" largely depends on the
phrasing of the question, two distinct questions were generated for each letter. One of them was gener-
ated in such a way that the answer could be expressed as a clear "Yes", and the other in such a way that
the answer could be expressed only as "No". Then the letters and questions have been checked manually
by the team members. During the review process, team members selected the most appropriate of the
two generated questions, making adjustments if necessary. Where necessary, the question was com-
pletely rewritten. We deliberately allowed the balance to be shifted towards the questions that assume
the answer "No", since according to our observations, refuting the assumption given in the question
requires more bold reasoning from a LLM. It is also worth noting that some of the compiled question-
answer pairs were then manually removed from the dataset, since their content was limited to links to
some regulatory and legal acts of the Russian Federation, and therefore they were of little value to the
dataset.

Source type Download location

[Mucema Munguna, [Tucema ®HC, [pukazsr DHC https://www.audar-info.ru

I'paxnanckuii komeke, bromkeTHbIN Koneke, Tpymo- — http://pravo.gov.ru
BOM KOJIEKC

Hanorossiit kKogekc https://nalog.garant.ru/fns/nk

ITocTanoBIeHMSI TIpaBUTEILCTBA, Pacopsokenus mpa- | http://government.ru/docs/all
BUTEJILCTBA, YKa3bl Mpe3uaeHTa, PacriopsikeHus npe-

suneHTa, denepanbHble 3aKOHBI, DenepaibHbIC KOH-

CTUTYIIHOHHBIC 3aKOHBI

PaspsacHenusd ¢ caiita buh.ru https://buh.ru/articles
Pasesacuenns ¢ caiita 1C https://its.1c.ru/db/newscomm
Crateu kontur-extern.ru https://www.kontur-extern.ru/info/

Table 2: Legal data sources

3.4 Extracting legal references

To benchmark the search quality in RAG etc. one needs to have a gold standard on mentions of legal
sources in the answer (legal references). To create one, we automatically extracted any legal references
with a script and then selectively checked the completeness of references extracted. Whenever the man-
ual testing revealed incomplete list of references extracted, the script was modified and the cycle was
repeated.
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4 Baseline systems

4.1 LLM and RAG

We used Mixtral 8x7B [57], Llama 3.3 70B [58] and GPT-40 mini [62] as baseline LLMs. We have also
built a baseline Retrieval-Augmented Generation (RAG) system [63] that combines vector search using
E5 [59] dense vector embeddings with generation using the above LLMs.

4.2 Finetuning E5

To improve the search quality, we used contrastive pre-training of E5 [59]. We pre-train the model on
positive examples in the form of pairs (user query - relevant documents), and on negative examples in
the form of pairs (user query - random irrelevant documents). This is the same approach as for the pre-
training stage of E5 [59]. We use InfoNCE [60], [61] as a contrastive loss function, and use in-batch
negatives, i.e. when answers from all other pairs of the batch are taken as negative examples for a ques-
tion. The quality of such training usually increases with the batch size.

We have created two types of pairs: question — text from legal reference, and heading — text. Based
for the first one we have created the following types of pairs:

e Question title - text from reference

Question text - text from reference
Compressed question text - text from reference
Question title - compressed text from reference
Question text - compressed text from reference
Compressed question text - compressed text from reference

Long texts exceeding the model context were summarized using IllyaGusev/rut5_base sum_gazeta.
Heading — text included pairs of heading - article text, or paragraph text - article subparagraph text,
if such a hierarchy exists in the document, the title of the law / regulation and its text from the following
sources:
e Tax Code of the Russian Federation
Civil Code of the Russian Federation
Labor Code of the Russian Federation
Letters from the Ministry of Finance
Letters from the Federal Tax Service
Federal laws
Government decrees

This data set was split into training (23501) and validation (1201) samples randomly (ratio 0.95 /
0.05). Finetuning was performed on NVIDIA RTX 4090 GPU. We used the hyperparameters recom-
mended for fine-tuning in the ES5 [59]. Despite the mixed precision, the batch size more than 5 over-
flowed VRAM. To artificially increase the batch size, gradient accumulation was used.

Validation consists of:

e looking at InfoNCE loss on validation samples of task 1 (question titles / full texts of questions

separately) and task 2;

e using the updated version of the model, we collect a database (faiss) from the link texts of the
training sample of task 1, and perform a semantic search on questions from the validation sam-

ple of task 1:

B ]ooking at Recall@10, Recall@20, Recall@40;

B for all types of documents together and for each separately - Tax Code of the Russian Fed-
eration, Civil Code of the Russian Federation, Letters of the Ministry of Finance, Letters
of the Federal Tax Service, Orders of the Federal Tax Service, Federal Laws, Government
Resolutions (except for the Labor Code of the Russian Federation and Courts).

Figures 3-5 demonstrate the finetuning process in the terms detailed above.
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5 Evaluation results

We have evaluated four experimental setups:

Simple: Questions from the dataset are presented to the model in their original form, accompa-
nied by a straightforward prompt within a Chain-of-Thought framework [64]. A positive moti-
vational tone is included to guide responses. Prompts are presented in Appendix A.

“Perfect” RAG: Questions are supplemented with verbatim excerpts from the documents ref-
erenced in the corresponding Letters, ensuring that the model has access to the same information
available to legal experts that wrote those Letters.

Base RAG: This setup employs the E5-large model with a preconstructed vector database of
relevant documents. The top 15 most relevant text chunks, retrieved based on the question, are
provided to the model as supporting context alongside with the question.

Fine-tuned RAG: Similar to the Base RAG setup, but the retrieval step utilizes our fine-tuned
ES model for improved relevance in retrieving supporting documents.

The accuracy scores for each setup are summarized in Table 3.

Model Simple  “Perfect” RAG Base RAG Fine-tuned RAG
Mixtral-8x7B-Instruct-v0.1 0.566 0.684 0.658 0.606
Llama-3.3-70B-Instruct 0.625 0.775 0.766 0.746
GPT-40 mini 0.644 0.748 0.770 0.760

Table 3: Accuracy scores on RuTaR dataset in various experimental setups

These results highlight the consistent performance improvement achieved through the inclusion of
RAG setups, while also pointing to potential areas for improvement in future, more advanced models.
Interestingly, while the fine-tuned RAG setup demonstrates a significant enhancement in retrieval qual-
ity—evidenced by the substantially higher recall metrics shown in Figure 6 (e.g., recall@15 of 72% for
fine-tuned versus 49% for Base RAG)—its accuracy is paradoxically slightly lower than that of the Base
RAG setup. Even more intriguing is that the Perfect RAG does not help GPT-40 mini to improve over
the Base RAG setup. This discrepancy indicates that retrieval quality alone does not fully account for
downstream performance. Instead, factors such as the relevance ranking of retrieved chunks, the diver-
sity of retrieved information, or the model’s ability to integrate and reason over retrieved content may
have played a more significant role.
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Further research is needed to better understand this phenomenon. Potential avenues for analysis in-
clude a qualitative review of the retrieved chunks' characteristics and an examination of how these in-
fluence the reasoning and decision-making process of the model. Such insights would provide valuable
guidance for enhancing fine-tuning approaches and optimizing the end-to-end RAG pipeline.
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Figure 6: Average Recall of Retrieval Models on Questions from the RuTaR Dataset

6 Discussion

The presented dataset consists of questions that are hard for human professionals. That’s why they come
to government bodies for authoritative answers. The dataset is equally complicated for LLMs and vector
search. Current popular LLMs built without specific attention to reasoning exhibit accuracy of 57% to
65% out-of-the-box, and 66% to 77% with the best RAG setup. Given the apparent simplicity of the
setup that implies the accuracy of random choice of 50%, the dataset allows for validating significant
improvement in both reasoning and retrieval capabilities of LLMs.

Across the evaluated systems, the most frequent error pattern was the systems failure to deliver a final
binary verdict, despite partially correct or relevant reasoning. A likely explanation for that may be that,
while the models demonstrate basic legal understanding, they often don't complete their reasoning pro-
cesses when lacking the needed information from the retrieved documents. In cases where a RAG pipe-
line was employed (both base and ideal), some models still failed to reach a conclusion. This may be
attributed to either retrieval noise (irrelevant or tangentially related documents), or the models' difficulty
in synthesizing multiple legal references into a coherent output. Conversely, fine-tuned RAG pipelines
significantly reduced such errors, suggesting that both retrieval quality and task-specific tuning play a
critical role in guiding models toward conclusive legal reasoning.
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Appendix A. Prompts used.

Prompt that determines whether the answer can be summarized as "yes'" or "no"

system prompt = (

"BEl - OPUIOMYECKMM IIOMOIHMK, KOTOPOMY HYXHO OINPEeIesIUThb, MOXHO
JIM CyMMapu3MpOBAaThb IMPeICTaBJIEHHE OTBET Ha BOIPOC Kak 'ma' wmiu
'HeT'. "

"Ecam ®TO BO3MOXHO, oTBeThbTe 'Ila' minm 'Her', B 3aBUCUMOCTMU OT
cMeICTIA . "

"Eciu cyMMapMszalusa HeBO3MOXHa, OTBeTbTe 'HemBowmuHelM oTBeT'."

"BO3MOXHEIE BapMaHTHE Bamero oreetra: 'la', 'Hetr', 'HeOBOMUHBEIM OT-—

', TNoxamnywucrTa, OOJblle HMYUETO He nummure.”

BeT

user prompt = f"Bomnpoc: {question}\nOreer: {answer}\nMoxHO Ju
CyMMapuU3MpoBaThb OTBeT Kak 'Ia' wmmm ‘Her'?"

The letters that were determined by the prompt as implying a binary answer were run
through GPT-40 with a prompt that created the questions implied by the answer given by
the respective authority (see Appendix B).

BapmaHT 1.

system prompt = (

"Bel — KBAJIMOUUMPOBAHHEMN OPUINYECKUM [IOMOUHMK, KOTOPEM I'€HepMu-—
pyeT OMHapHBE BOINPOCH (TakMe, Ha KOTOPBE MOXHO OTBETMTH 'Hma' wuiu
'HeT') Ha OCHOBEe MNPEeOOCTaBJIEHHEIX OTBETOB. "

"CreHepupOBaHHBIE BOINPOCH JOJDKHBI MaKCMMAaJIbHO HAalIOMMHATB BO-—
IIPOCH, 3aIaBaeMble pPeajibHBEIMM I[IOJIB30BATEJNIAMU M CTPOI'O COOTBETCTBO-—
BaTb COHNEPXaHMIO oTBeTa."

"KaxOell BONPOC INOJDXKEH OBITh COCTAaBJIEH TaKMM O0pasoM, UYTOOE OT-—
BET Ha HEI'O0 MOXHO OBJIO CyMMapuM3uMpoBaTh kak 'ma' wmiam 'HeT'."

"BONpOCH IOOJDXKHBEI OBHITH BEXJIMBEIMYM, KOPPEKTHBEIMM UM IPUM HEeOOXOIOVMO-—
CTM BKJIOUATbh B CceOd PEeJIEBAHTHYKN KPUAMUECKY TEPMMHOJIOTHO."

"BEl He HOOJIXHEI IMCaThb HMUEI'O, KpOMe TeKCTa CaMoI'o BoIpoca. B
TOM UMCJle, [OXaJly¥cTa, uzberaTe NPUBETCTBUM, NOPOWAHMUM, BBAOIHEIX
KOHCTPYKLMM M KOMMeHTapuesn."

)

user prompt = f"lloxasnylicra, CIeHEepUPYUTEe OMHAPHHIN BOMNPOC Ha OC-
HOBe clemyllero oreeTa: \n{answer}"
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BapuaHT 2.

system prompt = (

"Bel — KBANIMOMUMPOBAHHEM OPUIMUYECKMUM [NTOMOUHMK, KOTOPEM I'€HEepMu-—
pyeT OMHapHBE BOINPOCH (TakMe, Ha KOTOPBEE MOXHO OTBETUTH 'Hma' uiu
'HeT') Ha OCHOBE MNPENOCTAaBJIEHHEIX OTBETOB. "

"CreHepMpPOBAaHHEE BOIPOCH IOOJIXHBL MaKCMMaJIbHO HAIlOMMHATB BO-—
IIPOCH, 3aIdaBaeMble pPeaJIbHBEIMM IIOJIE30BATEJIAMU M CTPOI'O COOTBETCTBO-—
BaThb COHOEPXaHMIO oTBeTa."

"KaxIEll BONPOC IOOJDKEH OBITb COCTAaBJIEH TaKuUM O0pasoM, YTOOE OT-—
BEeT Ha HETO MOXHO OBUJIO CyMMapms3upOBaThb TOJBKO Kak 'HeT'."

"BONPOCH IOOJIXHEL OBEITH BEXJIMBEIMM, KOPPEKTHBIMM M IPM HEeOOXOIMMO-—
CTM BKJIOUATb B Ce0s PEeJIEBAHTHYKN OPUANYECKYK TEPMMHOJIOTM. "

"Bl He OOJIXHBEI MMCaTh HMUETO, KPOMe TekKcTa CcaMoI'o BoIpoca. B
TOM 4YMCJIe, IoxXajlyucTa, uslberarte NPUBETCTBUY, NPOMAHMY, BBOIHEX
KOHCTPYKLUMM M KOMMeHTapuer."

)

user prompt = f"lloxasnylicra, CreHepupyuTe OMHAPHHIM BONPOC Ha OC-
HOBe cJlemywomero orseTa: \n{answer}. CreHepupylnTe BONPOC TaKuUM OG-
pasoM, dYTOOBl OTBET Ha HEeTO OBl OTPMLATENbHEM. "
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