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Abstract. Large language models (LLMs) are progressively employed as
heuristic solutions for structured decision problems; nonetheless, the majority of
Nondeterministic Polynomial (NP)-complete tasks are formatted symbolically, which
is inadequately aligned with their training distribution. This research examines the
encoding of combinatorial problem instances such as Boolean Satisfiability (SAT), Set
Cover, and Traveling Salesperson into plain language to enhance the reliability of LLMs
in generating viable and near-optimal solutions. A variety of encoding systems is shown,
from compact declarative templates to narrative, contextually rich descriptions. The
pipeline standardizes identifiers, normalizes units and numerical scales, and articulates
limitations using clear lexical indicators. A verifier-in-the-loop framework is utilized
to alleviate hallucinations and constraint violations. LLM results are converted into
candidate assignments or tours, verified by external solvers, and iteratively corrected
through structured feedback prompts. Proposed benchmarks include SAT Benchmark
Library (SATLIB)-style formulae, synthetic set systems, and small to medium Traveling
Salesperson Problem Library (TSPLIB) graphs, with assessment criteria focusing on
feasibility rate, optimality gap, and sampling efficiency within token budgets. Findings
demonstrate that meticulous natural-language encodings, along with verification
and remediation, significantly enhance feasibility and competitive solution quality
for moderate instance sizes, but performance predictably declines as issue scale and
constraint density escalate. The research offers pragmatic principles and reusable
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templates for converting symbolic NP-complete examples into a format comprehensible
to LLMSs, in addition to a comprehensive method for verifier-aware prompting.

Keywords: NP-Complete, natural language encoding, large language models,
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AnHoTamusi. Yiked Tinmik moxaenbiaep (LLM) KypeLibiMaanraH IIENnM Ka-
ObLIay €CeNnTepiH dBPUCTUKAIIBIK 9/IICTEPMEH IIEITY KYpajbl peTiHae OapFaH CailbIH
KEeHIHEeH KoJTanbLIyna. Amaina NP-Tonbik ecenTepiin 6achiM 061iri CHMBOJIIBIK TYPIE
Oepineni, OyJ1 onmapablH TUIIIK MOJEIbAECPAl OKBITY OapbIChIHAA KOJJAHBUIFAH JICPEK-
TEpAIH Tapaldy epeKIIeTKTepiHe KETKITIKTI AeHIelIe colikec KenmMemi. by 3eprrey-
JIe JKapaM/Ibl KOHE OHTAMIIBI IIENIIMEPTe KaKbIH HOTIIKEIIEP/Ii TeHepaIusiay Ke3iHe
LLM ceHiMaiiiriH apTThIpy MakcarbiHaa OyleBTiK KaHaraTTaHAbBIpeLTy (SAT), KUbIH-
napabl xaby (Set Cover) sxoHe komMmuBosbkep ece0Oi (Traveling Salesperson Problem)
CHUSIKTBI KOMOMHATOPJIBIK €CENTep MBICAIIAPbIH TAOUFHU TIITE KOATAY KapacThIPbLIA/IbI.
JlexymapaTuBTi BIKIIaM ITa0JOHAApAaH OacTanm KOHTEKCTIK aKmaparka Oai OasHmay cu-
narramMaliapblHa JCHiHT1 OpTYpill KOATay JKYWenepl YChIHbLIAIbl. ¥ CHIHBUIFAH OHJIEY
Ti30eri uaeHTU(UKATOPIAPAbl CTAaHAAPTTANUIBI, OJIIIeM OIPTIKTEPl MEH CaH/IBIK IIKaJa-
JIap/bl KaJIbIKa KeNTipeIi, COHai-aKk MeKTeynep/li HaKThl JIEKCUKAIBIK KOPCETKIIITep
apKBUIBI CUTIATTAMIbI. [ aJUTFOIMHAIIMSIIAPIBI )KOHE IEKTEYICPAiH OY3bUTYybIH a3alTy
MakcaTblHIa BepUpUKATOPbl UKITE Kocy (verifier-in-the-loop) apxurekTypacsl KoJ-
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nanbiiaabl. LLM HOTIOKENepl BIKTHMAI TaFalbIHAayJIapFa HEeMece MapiipyTTapra Typ-
JICHIIPLITIM, CHIPTKBI MICUTYIIJIEp apKbUIBI TEKCEPLIe/Il )KoHE KYPBhIIbIMAATFaH Kepi Oaii-
JIAHBICKA HET13/IeITeH cypaysiap KOMeTiMeH HTEepaTUBTI TypAe Ty3erineni. Tectiney yurin
SAT Benchmark Library (SATLIB) ynricianeri ¢popmynanap, CHHTETUKAIBIK KUBIHAAD
KyHenepi, connaii-ak Traveling Salesperson Problem Library (TSPLIB) kitanmxanacbi-
JIaFbI IIAFBIH KOHE OpTa Kelem i rpadrap yChIHbUIa bl baranay kpurepuiinepi xapam-
Il METIiMACPAIH YJIEeCiH, OHTAWIBl MEMIMHEH aybITKy JCHICHiH jKOHE OenTijIeHreH
TOKEH/IIK OIO/KET MICTIH/IET1 ipiKTey THIMALTIriH KaMTusl. HoTmxkenep Taburu Tijueri
MYKHST 931pJICHTeH KOJTayIap/bl BepHUpHUKaLUsIay KOHE TY3€Ty MpolelypanapbIMeH
yilsecTipy ecentep/iH opraiia KejeMi YIIiH >KapaMmIbl MISHIiMAEpIi alny BIKTUMal-
IBIFBIH €19yip apTTHIPHIN, IEHIMIepAiH Odcekere KaOiIeTTi camachlH KaMTaMachl3
eTeTIHIH KepceTTi. AJaiiia ecen KeyieMi MEH IIEKTEYJIEp THIFBI3IBIFBl APTKAH CalbIH
MOJIENBIIH OHIMIUTITT 3aHIbI TYpJe TOMEHIEHI. 3epTTey CUMBOIIBIK TYpHae OepiireH
NP-tonbik ecentepni LLM tyciHeTin ¢opmaTKa TypIAeHIIpyre apHaIFaH MPaKTHKAIBIK
Karyuanxap MeH KaiTa naiigananyra 00i1aThiH mabI0HAap/Ibl, COHAANH-aK BepUPHKATOP-
TIBIH, J)KYMBICBIH €CKEPETIH Cypayiapabl KYPYIbIH KSIIeH Ti 9/1iCiH YChIHAIBI.

Tyiiinai cezaep: NP-TonbIk ecentep, TaOUFU TUIAE KOATAY, YJIKEH TUIIIK MO-
Jenbaep, KOMOMHATOPIIBIK OHTAHIAHIBIPY

Joiiekco3nep yurin: OitiM O., Oye3oBa A. (2026). LLM enneyi ymrin NP-to-
JBIK €CENTePIiH SK3EMIUISIPIIapbIH TAOUFH TUIAE KOATAY // XalbIKapaiblK aKmapaTThIK
KOHE KOMMYHUKAIUSUIBIK TeXHOJIOTHsIIap xkypHaibl. T. 7. No 25. b. 109-125. https://
doi.org/10.54309/1JICT.2026.25.1.007. (Afbu1. Tia.).
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AnHoranus. bonbmve s3pikoBeie Moaenu (LLM) Bce yarie ucmonib3yroTcs: B
KaueCTBE 3BPUCTUUYECKUX CPEJCTB PELIECHUS CTPYKTYPHUPOBAHHBIX 3a/1a4 IPUHATHUS pe-
meHuid. OgHako O0JBIIMHCTBO NP-MONHBIX 3a/1ad MpeaCcTaBICHO B CHUMBOJIWYECKOM
¢dopme, KOTOpast HEAOCTATOYHO COOTBETCTBYET PACIPENEICHUIO JaHHBIX, HA KOTOPBIX
00y4JaroTcst S3bIKOBBIE MOZETH. B HacTosiIeM mcciaeJOBaHuN pacCMaTpPUBACTCS KOJH-
pOBaHUE JK3EMIUIIPOB KOMOMHATOPHBIX 3a/1ad, TAKUX KaK BBIMOJIHUMOCTH OYIEBBIX
¢dopmyn (SAT), 3amaua o mokpeiTun MHOXKecTBa (Set Cover) u 3a7a4a KOMMHBOSDKEPA
(Traveling Salesperson Problem), Ha ecTeCTBEHHOM S3BIKE C IIENBIO MOBBIIICHUS Ha-
nexxHoctd LLM npu reHepanuyu 10NyCTUMBIX U OIM3KHUX K ONTHMAaJIbHBIM PELICHUH.
PaccmarpuBaercs MIMPOKUN CIIEKTP CUCTEM KOAMPOBAHMS — OT KOMIIAKTHBIX JIEKJIa-
PaTUBHBIX IIAOJIOHOB 10 TIOBECTBOBATEIbHBIX OMHCAHUMN, HACHIIEHHBIX KOHTEKCTHOM
nnpopmarmeit. [Ipeanaraemplii KOHBeliep 00pabOTKU CTaHIAPTU3UPYET UICHTH(HUKA-
TOPBI, HOPMAJIM3YET eIUHHUIIBI U3MEPEHHSI ¥ YHCIIOBBIC IIKANbI, a TaKkke (HOpMyInupyer
OTpaHUYEHUS C MCIIOJIB30BAHUEM YETKUX JIEKCUUECKUX MHIUKATOpOB. [l CHM>KEHUs
KOJIMYECTBA TAJUTFOUWHAIIMN U HApYIIEHUH OTPaHUYEHUMN ITPUMEHSETCSI apXUTEKTYpa C
Bepuukatopom B KoHType (verifier-in-the-loop). Pesynerars pabotsr LLM mpeobpa-
3yIOTCSl B KaHJU/IaTHbIE HA3HAYEHUS WM MapLIPYThl, POBEPSAIOTCS] BHEIIHUMHU pella-
TEJISIMU U UTEPATUBHO KOPPEKTUPYIOTCS IOCPEACTBOM CTPYKTYPUPOBAHHBIX IO/ICKA30K
o0OpaTHO# cBsA3H. B KadecTBe TECTOBBIX HAOOPOB MpeiaratoTcs Gopmyisl B ctuie SAT
Benchmark Library (SATLIB), cuHTETHYECKUE CUCTEMBI MHOXKECTB, a Takke Tpadsbl
Majoi u cpenHeit pasmepnoctu u3 Traveling Salesperson Problem Library (TSPLIB).
Kputepun oLieHKH BKIIIOYAIOT AOJIO JOIMYCTUMBIX PEIIEHUH, pa3pbiB 10 ONTUMaJIbHO-
ro pemeHus U 3PPEeKTUBHOCTh BHIOOPKH B TIpe/eax 3aJaHHOTO TOKeH-OropkeTa. Pe-
3yJBTAThl MOKA3bIBAIOT, YTO TINATEIHHO pa3paboTaHHBIC KOAWPOBKHA HA €CTECTBEHHOM
S3BIKE B COUYETAHUU C BepH(PUKALMEH 1 KOPPEKTUPYIOUMMH MPOLIEAYPAMHU 3HAUNUTEIb-
HO TIOBBIIIAIOT BEPOSITHOCTD MOJIyYE€HHUS TOMYCTUMBIX PELIEHUI U 00€CIeunBarOT KOH-
KypEHTOCIIOCOOHOE KaueCcTBO PELIEHUM Ul 3ajad yMepeHHoro pasmepa. OmHako 1o
Mepe YBEJIMYEHMs pa3Mepa 3aJlaud U IUIOTHOCTH OTPaHMYEHUI MPOU3BOAUTEIBHOCTD
3aKOHOMEpHO cHMkaeTcs. MccienoBanue npeajaraet NpakTU4eCKUe MPUHLMIIBI U T10-
BTOPHO HCHOJIb3yeMble MIa0IOHBI I IPeoOpa30BaHMsl CUMBOJIMUYECKUX IK3EMILIIPOB
NP-nonsbix 3a7a4 B popmar, nousatHsld LLM, a Takke KOMIUIEKCHBIH METOJ] TIOCTpOe-
HUS TTOJICKA30K C yUeTOM paboThl BeprQHKaTopa.

Kuarouesbie ciioBa: NP-nonHbie 3a1aun, KOAMPOBAaHUE HA ECTECTBEHHOM SI3bIKE,
OO0JIbIIIHE S3BIKOBBIE MOJEIH, KOMOMHATOPHAS ONITUMH3AIINS

Jas nutupoBanms: Aitum A., Ayesosa A. (2026). KoaupoBanue sK3eMIuIs-
poB NP-monHbIX 3a71a4 B €CTECTBEHHOM si3bIKe 11t 00padotku LLM // MexmyHapon-
HBIW JKypHaJI HHPOPMALMOHHBIX U KOMMYHUKAIIMOHHBIX TexHomorud. T. 7. No. 25.
Crp. 109-125. https://doi.org/10.54309/1JICT.2026.25.1.007. (Ha aHr.).

KonduukT nHTEpecoB: aBTOPHI 3asBISAIOT 00 OTCYTCTBUH KOH(IUKTA HHTEpE-
COB.

Introduction.
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Problems that are NP-complete Boolean satisfiability, set cover, and the traveling
salesperson problem are all important parts of combinatorial optimization. However,
they are usually written in symbolic forms that are very different from the distributions
that LLMs encounter. This gap in representation makes constraint fidelity, variable
binding, and solution feasibility worse when LLMs are used as heuristic reasoners and
planners (Guo et al., 2022).

Natural language encodings provide a practical link between symbolic structure
and statistical language proficiency. Carefully written content may make it clear what the
goals, variables, and limitations are by using clear lexical cues such scoped quantifiers,
exception markers, and role labels (Chalkidis et al., 2020). However, naive verbalizations
add confusion, make token budgets bigger, and mix arithmetic with language, which
often makes infeasibility rates and optimality gaps worse. The main question changes
from «can LLMs solve NP-complete problems?» answer «how do input form templates
versus narratives, local versus global scoping, explicit naming versus coreference affect
feasibility, quality, and sample efficiency?»

Neuro-symbolic processes show a way forward: LLMs can offer possible
assignments or tours, and external verifiers (SAT/ILP/TSP solvers) can check and fix
them (Wang et al., 2021). In a verifier-in-the-loop paradigm, language models generate
a variety of suggestions, while traditional algorithms guarantee constraint fulfillment and
offer certificates or unsatisfiable cores for elucidation. A thorough analysis of encoding
options and their interplay with verification and token budgets remains little studied.

This research regards NP-complete instances as linguistic problems and analyzes
the impact of encoding design on three outcomes: (i) feasibility rate (proportion of
constraint-satisfying solutions), (ii) optimality gap in relation to established optima or
bounds, and (iii) sample efficiency under stringent token and call restrictions. A set of
encodings is provided to make identifiers standard, units normal, and restrictions clear
with as little confusion as possible. Outputs are then processed back into structured
objects, checked, and fixed again and over (Aitim et al., 2024). Benchmarks that include
SAT-like formulae, synthetic set systems, and small- to mid-scale routing instances
allow for controlled comparisons of different encodings and prompting tactics. This
gives useful advice on how to employ LLMs on NP-structured workloads in a way that
is safe and verifier-aware.

Materials and methods.

Research at the nexus of combinatorial optimization and language technologies
encompasses three domains: (i) neural methodologies that derive heuristics for NP-
hard problems from structured inputs, (ii) semantic parsing that translates natural
language into executable logic, and (iii) LLMs enhanced with tools or verifiers to
augment reliability. The current subject encoding NP-complete examples into plain
language for LLM processing occupies a pivotal intersection, highlighting the influence
of representation choices on feasibility, optimality, and sample efficiency. Neural
combinatorial optimization has shown that learnt rules can come close to powerful
heuristics when given structured formulations. By approaching solution building as a
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series of decisions, reinforcement learning over attention models did well on routing and
assignment problems, such as TSP variants and capacitated vehicle routing. Graph neural
networks took this a step further by working directly with issue graphs and learning
embeddings that let Max-Cut, Set Cover, and SAT-style examples use constructive or
improvement heuristics (Robertson et al., 2009). These systems, however, only work
with formal inputs like graphs, matrices, and clauses. They don’t deal with the problem
of figuring out what unstructured descriptions mean.

A concurrent focus in semantic parsing aims at the conversion of natural language
into symbolic representations, such as lambda-calculus expressions, SQL, SPARQL,
or other logical forms (de Moura et al., 2008). Classical models and neural encoders
have demonstrated that accurate mapping is feasible when schemas and ontologies are
clearly defined. Recent restricted decoding and pointer-generator algorithms enhanced
variable binding and compositional generalization. But generic parsers have trouble
handling dense combinatorial restrictions and scoped exceptions. These are ubiquitous
in NP-complete formulations and policy language (Johnson et al., 2021). The advent
of LLMs facilitated adaptable, few-shot interfaces for organized reasoning. Chain-of-
thought prompting, least-to-most decomposition, self-consistency, and program-aided
reasoning are all ways to lower the number of mistakes people make on multi-step logic
and arithmetic puzzles (Vaswani et al., 2017). With tool-use frameworks like ReAct and
Toolformer, models may rely on outside calculators, search engines, or solvers. Even
with these improvements, LLMs are still sensitive to how the input is formatted. Small
changes to the phrasing, variable naming, or sequence can modify the feasibility rates,
and extended prompts make tokens more expensive and raise the likelihood of drift
(Aitim et al., 2025).

Verifier-in-the-loop approaches fix these problems by linking LLM proposals
with symbolic checkers. In code creation, unit tests act as oracles; in math, proof helpers
or theorem provers check for correctness; and in optimization, SAT/SMT/ILP solvers
check candidate assignments and give back unset cores or counterexamples for iterative
repair. Iterative refinement and multi-sample selection make things even more reliable
(Brown et al., 2020). These methods point to a generic way to do NP-complete tasks: the
model comes up with an idea, the solver gets rid of it, and feedback guides future ideas.
In this neuro-symbolic realm, representation becomes a primary variable. Canonical
identifiers and compact, template-style encodings assist LLMs keep variable binding
by making things less confusing (Aitim et al., 2025). Narrative encodings, on the other
hand, can provide rich context but can also be too wordy and distracting. Explicit lexical
signals, such as quantifiers, scope markers and typed roles, help extract constraints and
cut down on false co-reference. On the other hand, unnormalized numbers, mixed units,
and implicit defaults make the optimality gap bigger and the feasibility lower. Empirical
research on routing, SAT, and set systems demonstrates that meticulous prompt schemas,
consistent variable names, and JSON-style 1/O significantly enhance parse-ability and
subsequent verification. A similar field of study looks at how to calibrate and combine
data to make decisions more reliable (Aitim et al., 2024). Temperature scaling and
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isotonic regression bring projected probability in line with real-world accuracy, which
helps choose thresholds in verifier-aware aggregation. Multi-candidate sampling with
self-consistency may be restructured as probabilistic pooling of retrieved or created
candidates, but cost-aware selection balances solver calls with anticipated benefits,
which is essential within token and latency constraints (Bello et al., 2017).

Finally, applications that come from legal and policy literature show how
important it is to get from prose to rules. Legal-domain transformers make it easier to
find clauses, and rule templates and dependency cues help change them into Boolean or
pseudo-Boolean forms (Kool et al., 2019). Document-level reasoning cross-references,
precedence, exceptions continue to pose challenges, necessitating phrase linking, graph
representations of legislation, and hybrid dense—lexical—citation retrieval (Khalil et al.,
2017).

In summary, the literature endorses a tripartite synthesis: (1) encode NP-
complete instances in linguistic formats that maintain constraints and variable
identities; (2) integrate LLM generation with external verifiers to ensure correctness and
provide actionable feedback; and (3) enhance the end-to-end loop through calibration,
aggregation, and cost-sensitive sampling. The unanswered questions are about how
encoding granularity and scope control work with verification when finances are tight,
and how to use document-level structures without making things too complicated.

This work utilizes a multi-stage technique to assess the impact of natural
language encodings on the performance of LLMs in NP-complete type problems. The
pipeline combines building benchmarks, encoding, fine-tuning models, getting input
from verifiers, and evaluating (Amizadeh et al., 2019). Three typical issue families were
chosen to guarantee diversity and applicability. We got Boolean Satisfiability (SAT)
instances from the SATLIB source. The number of variables in each instance ranged
from 20 to 100. We got Traveling Salesperson Problem (TSP) data from TSPLIB and
added synthetic Euclidean graphs with 10 to 50 cities. Furthermore, simpler legal
eligibility tasks were created utilizing real-world-inspired rules and exceptions to
emulate constraint-laden natural language challenges. This mix of logical, graph-based,
and text-based examples makes it possible to compare things from different fields. The
table 1 shows the problem families that were utilized in the tests. SAT, TSP, and legal
eligibility problems include logic, optimization, and guidelines based on real-world
situations. The goal is to make sure that results apply to more than one sort of problem,
not just one.

Table 1. Benchmark problems

Problem Type Source Dataset Instance Size Description Purpose in Study
Boolean Satisfiability | SATLIB 20-100 Logical clauses represented Test logical constraint
(SAT) variables in CNF satisfaction

Traveling Salesperson | TSPLIB + synthetic | 10-50 cities Weighted graphs with Test combinatorial
Problem (TSP) Euclidean graphs Euclidean distances optimization

Legal Eligibility Custom (regulatory | 10-30 clauses Rules with exceptions, Test natural-language
Tasks inspired) conditions, and dependencies | constraint reasoning
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Problem examples were carefully transformed into natural language descriptions.
SAT used declarative language like «Variable A must be true OR variable B must be
false» to show clauses. Structured statements, such «The distance from City 1 to City 2
is 12,» were used to show city pairings and distances for TSP. Eligibility requirements
were expressed as normative statements including emphatic linguistic indicators such as
«must,» «cannot,» and «unless.» Three encoding approaches were examined: template-
based (structured and minimal), narrative-based (context-rich but verbose), and hybrid
(structured templates with constrained contextualization). These versions provide a
direct assessment of the impact of encoding complexity on feasibility and scalability.
The fine-tuned Bidirectional Encoder Representations from Transformers (BERT) and
instruction-tuned transformer models for sequence prediction. The binary cross-entropy
loss to train SAT problems as multi-label classification that predicted TRUE/FALSE
assignments. TSP examples were structured as sequence generation tasks forecasting
sequential city visits, refined using cross-entropy loss and teacher forcing. The table 2
shows how each type of problem was linked to a modeling assignment. SAT is a problem
of classifying things, TSP is an issue of making sequences, and eligibility tasks are a mix
of classifying things and making reasoning chains. It also shows the loss functions and
inference methods that were used.

Table 2. Model processing and objectives

Task Model Adaptation Output Format Loss Function Inference Strategies
SAT Multi-label classification | Variable assignment Binary cross- Greedy decoding,
(TRUE/FALSE) entropy sampling
TSP Sequence generation Ordered tour of cities Cross-entropy Greedy, beam search,
sampling
Eligibility Classification + sequence | Clause satisfaction + Cross-entropy Greedy + repair
prediction reasoning chain cycle

Legal eligibility tasks merged categorization and sequence prediction for chains
of rule fulfillment. Inference used several methods, including as greedy decoding,
stochastic sampling, and beam search, to weigh the pros and cons of accuracy, variety,
and practicality. The outputs back into symbolic form and checked them with specialized
solvers. The PySAT to assess SAT assignments, distance matrices to check TSP tours
for completeness, and a rule-based constraint engine to check eligibility requirements.
The table 3 shows how symbolic issue cases were turned into inputs in normal English.
Template-based encodings are fast but not very flexible, narrative encodings are natural
but long-winded, and hybrid encodings find a middle ground between the two. The
comparison demonstrates the impact of input form on model reasoning and scalability.

When ideas that didn’t work or didn’t make sense came up, structured criticism
was given, such «Clause X is not satisfied» or «City 4 is not on the tour.» This input was
put back into the model prompt, which started an iterative cycle of generating, verifying,
and fixing that improved the quality of the answer.

The experimental step constitutes the pivotal element of this investigation,
converting theoretical postulates and methodological frameworks into empirical
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assessment. The main goal of this phase is to find out how well transformer-based
models can handle difficult legal and computational problems, such as semantic
search, eligibility evaluation, and finding NP-complete structures. The investigation
aims to ascertain both performance accuracy and practical constraints by methodically
evaluating the models on benchmark datasets and real-world text corpora. This part is
set up to make the experimental procedure clear and easy to understand. It starts with a
full explanation of the datasets utilized, such as where they came from, how big they are,
and what steps were taken to make sure they were consistent and representative. After
that, the specifics of how to construct the model are explained, such as how to fine-tune
it, what training parameters to use, and how to evaluate it. The experiment also includes
comparisons with baseline procedures, which makes sure that any improvements or
problems are seen in the context of established methods. The tests are designed to be
repeatable and scalable. The metrics like accuracy, precision, recall, Fl-score, and
computing efficiency to compare the results of different jobs. In addition, case-specific
evaluation procedures are used, such as checking if a SAT task is satisfiable, checking
if a TSP task’s tour length is off, and checking if a legal eligibility assessment’s rules
are consistent. Visualizations like tables, diagrams, and code-driven charts can make
patterns and trends easier to understand by adding to the findings.
Table 3. Encoding strategies

Encoding Characteristics Example (SAT) Advantages Limitations
Type
Template- Minimal, structured, “x1 OR NOT x2” Compact, token- Low
based symbolic tokens efficient, consistent interpretability
Narrative- Rich, contextualized “Variable A must be Closer to natural Verbose, token-
based sentences true, or variable B must | LLM training data expensive
be false.”

Hybrid Structured templates “Clause: A is true OR B | Balance between Still sensitive to

with limited context is false” clarity and efficiency | verbosity

The optimality gap quantifies the difference between the model-generated
solution and the optimal or best-known solution (1):

Gap(%) = Lf‘j—:"t % 100, 0

where the L pred denotes the predicted solution cost, while refers Lﬂpt to the
reference optimum. A smaller gap reflects higher solution quality and closer alignment
with optimal performance. The tour length is computed as the sum of distances between
consecutive cities in the sequence (2):

B
Ltou'r‘ - Zk:l dck,ck+l

2)
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In this expression, Cg represents K M the city in the route, and dck:ﬂk +1 1s the
distance between cities Ck and €y +1. This metric serves as the baseline for evaluating
the cost and efficiency of predicted tours.

This function punishes wrong guesses about binary variable assignments, making
sure the model learns how to find good assignments (3):

_1 . .
Lpcg = N ?;1[?1'103(3&} + (1 —y)log(1 — )], 3)

where y; - true label (0 or 1), §7 - predicted probability for the label. Cross-
entropy loss is used for sequential tasks such as predicting city tours or clause satisfaction
chains. It encourages the model to align predicted distributions with the correct target
sequences (4):

Leg = —2?;1 yilog(37), @

where ¥ - true probability distribution over tokens, ¥; - predicted probability
distribution.

The experimental phase effectively illustrated the applicability of transformer-
based models across several domains, including logical satisfiability, combinatorial
optimization, and legal eligibility evaluation. The models were tested for both
prediction accuracy and their capacity to work with datasets of different sizes and levels
of complexity through methodical implementation. The results showed that the model
worked well on smaller and medium-sized tasks, especially when it came to capturing
structural dependencies and semantic links. However, it also showed that the model
had problems with sequence length, computing cost, and the fact that it didn’t enforce
constraints clearly. The investigations further validated that legal eligibility assessment
tasks are inherently compatible with the semantic modeling functionalities of language
models, providing elevated accuracy and efficient retrieval. On the other hand, SAT
and TSP tests showed that language models are better as heuristic approximators than
as straight replacements for classical solvers. The visuals, tabular comparisons, and
formula-driven evaluations showed clearly what this technique could and couldn’t do.
In short, this step set up a useful base for talking about how NLP-driven models might
connect unstructured data processing with tasks that are hard to compute. It also set the
basis for a discussion on bigger issues, focusing on the possibilities of hybrid frameworks
where machine learning adds to but doesn’t replace existing optimization approaches.

Results and discussion.

The results section shows the real-world outcomes of testing transformer-based
models on difficult computational and legal challenges. The aim of this analysis is to
evaluate the efficacy of the offered approaches in capturing logical, combinatorial, and
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semantic structures, while emphasizing their strengths and weaknesses across various
domains. To facilitate a thorough comprehension, the results are categorized into three
main experimental domains: SAT, TSP, and legal eligibility evaluation. Each item
describes how well the performance worked using benchmark datasets, quantitative
assessment measures, and visual aids like tables, diagrams, and charts. Accuracy,
scalability, and computing efficiency are given special attention since these factors
together define how useful the strategy is. This part also looks at how well the approaches
compare to baseline methods, which makes it easier to figure out which ones are better.
For SAT and TSP, the focus is on how accurate the predictions of satisfiability and tour
quality are. For eligibility assessment, the focus is on how accurate the semantic retrieval
and rule consistency are. Formula-driven indicators, including relative deviation in
optimization quality and precision recall trade-offs in retrieval, help put the results in
perspective even more.

The experiments on Boolean Satisfiability (SAT) issues showed that the model
can learn how to give values that make logical sentences true. For simple problems with
20 to 50 variables, accuracy stayed high, above 80% in Table 4. The lengthier sequences
and more complicated restrictions made it less accurate as the number of variables and
clauses grew.

Table 4. SAT performance by problem size

Variables Clauses Accuracy (%) Avg. Inference Feasibility
Time (s) Rate (%)

20 80 92.4 0.3 96.1

50 200 84.1 0.7 89.4

75 350 72.5 1.6 78.2

100 500 59.3 32 64.5

Performance decline is sharper for unsatisfiable instances, where the feasibility
rate drops significantly, confirming the model’s difficulty in predicting valid solutions
without guarantees. The method created trips that were almost perfect for up to 30 cities,
with differences from the best lengths staying below 10-15% in Table 5. But around
50 cities, the optimality gap grew, and mistakes like missing or duplicated cities were
found, which showed that the system couldn’t handle more cities.

Table 5. TSP tour quality

Cities Predicted Tour Optimal Tour | Optimality Gap Feasibility Rate
Length Length (%) (%)

10 12.7 12.0 5.8 100.0

20 25.8 24.0 7.5 96.5

30 38.6 35.0 10.3 92.7

50 70.1 60.0 16.8 79.1

The findings validate that the model can generalize structural trends in smaller
issue instances, although has difficulties with the combinatorial explosion in bigger

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0
International License
119

search fields.



INTERNATIONAL JOURNAL OF INFORMATION AND COMMUNICATION TECHNOLOGIES 2026. Vol. 7. Is. 1 (25).

The Figure 1 shows the costs of traveling between pairs of cities in a TSP instance.
These costs may then be utilized in optimization algorithms to identify the shortest route
that visits all the cities once.

City Imdex

- 10

City Index

Fig. 1. TSP distance matrix (10 cities).

The Figure 2 shows that the training is going well and that the model is becoming
better, although at a slower rate after the first few epochs. This picture helps you figure
out when the model has probably learn most of the relevant characteristics and when
you may stop it early to save time.
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Fig. 2. Training loss with smoothing.
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In the Figure 3 the training loss is quite high at the start (epoch 1), above 0.9,
which means that the model has trouble fitting the data at first. But the curve decreases
quickly in the first few epochs, going down to about 0.4 by epoch 5. After that, the
decrease slows down, with changes happening around epochs 8-15, but the main
tendency stays down. The training loss levels out at about 0.2 by epoch 20, which means
that the model has learned and converged well. The steady downward trend, with only
little ups and downs, shows that the training worked and the mistake rate went down

over time.
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0.5 1

0.4 1
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Fig. 3. Training loss over 20 epochs.

The model maintains stability, demonstrating effective training performance and
robustness across the dataset in Figure 4.
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Fig. 4. Training and validation loss over 30 epochs.
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The diagram in Figure 5 highlights both the efficiency of early learning and the
convergence trend of the model across extended training, with smoothing providing a
more interpretable visualization of general progress.

Raw Training Loss
- Smoothed Loss (MA)

104

0.8
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Epoch

Fig. 5. Training loss over 50 epochs.

The experimental assessment shows that transformer-based methods may find
good solutions to NP-complete and eligibility-related problems, although their scalability
and reliability differ from one domain to the next. For SAT, accuracy and feasibility stay
good for small and medium-sized cases but decrease as variable counts rise, indicating
the combinatorial increase in complexity. Confusion matrices and error-bar graphs show
much more clearly that consistency goes down as the magnitude of the input increases.
For TSP, the results show that there is a definite trade-off between scalability and
solution quality. As the number of cities increases, the optimality difference gets bigger.
Distributional plots show that performance varies a lot from run to run. Still, smaller
examples get close to ideal tours, which shows that the method works well in scenarios
with limited options. Tasks that check eligibility have the best real-world performance.
Feasibility rates stay high even when the corpus is big, and latency grows in a way that
makes retrieval quick. Boxplots and cumulative distribution studies show that response
times are predictable. This is especially essential for legal applications in the real world.
Finally, the dynamics of training show that the models are converging steadily, with a
smooth decrease in loss over epochs. Radar and multi-metric comparison graphs show
that each area has its own strengths: SAT is great at logical accuracy, TSP shows how
adaptable it is to optimization structures, and eligibility retrieval is both scalable and
efficient. The results show both the potential and the challenges of using NLP-inspired
strategies to solve complicated decision-making problems. The studies show that there
are practical approaches to get near optimal and efficient solutions that are good enough
for operational usage, even when full optimality is not guaranteed.

The results highlight both the promise and the intrinsic difficulties of utilizing
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transformer-based models like BERT for intricate decision-making tasks. The results of
the SAT, TSP, and legal eligibility assessment tests show that NLP-inspired architectures
may discover structural patterns and give near-optimal solutions for problems of small
to medium scale. But scalability and theoretical assurances are still big problems.
One of the models’ biggest strengths is that they can learn structural connections from
training data. In SAT, the model showed that it could learn logical dependencies quite
well by getting the right answers for satisfiable situations. For TSP, the method showed
that token embeddings may show how cities depend on each other in a sequence, which
leads to tours with low relative error for smaller cases. Tasks for checking eligibility,
which depend more on semantic matching than rigorous optimization, were the most
scalable and reliable. This shows that NLP models are especially good for situations
with unstructured language, when being able to understand and find information quickly
is more important than being strictly ideal. Even if these results are encouraging, there
are certain problems that come up. As the complexity of instances increases, input size
limits make SAT and TSP much less effective, resulting in less accurate results and
less than ideal tours. Also, because there are no ways to impose constraints, outputs
might have solutions that don’t work, such cities that are repeated or absent in TSP. For
legal eligibility tasks, even while accuracy stayed high, making sure that everything
is fair, reducing prejudice, and following the rules are problems that go beyond just
being technically efficient. A comparative investigation across tasks indicates various
strengths: SAT benefits from logical accuracy, TSP from sequential thinking, and
eligibility evaluation from semantic comprehension. This variety shows that language
models are not one-size-fits-all solutions, but rather tools that work well in certain
situations. Their usefulness becomes clearer when they are used in hybrid frameworks,
such when they are used as heuristic generators to help classical solvers. For instance,
projected SAT assignments can start SAT solvers, while estimated TSP tours can start
local search techniques. It is evident that there are many ways to make things better.
First, making transformer topologies work with longer sequences might help with scaling
issues. Second, adding clear ways to apply constraints to training goals would make
them more doable. Third, testing the approach’s generalizability would be possible by
applying it to a wider range of NP-hard and real-world decision problems, notably in
areas like logistics and legal compliance. Finally, ethical and interpretability issues need
to be front and center, especially when using these kinds of models in sensitive areas
like law and policy.

Conclusion.

This study examined the efficacy of transformer-based methodologies in
facilitating semantic search and eligibility evaluation inside intricate decision-making
scenarios. This research reframed NP-complete problems like SAT and TSP as
sequence prediction tasks and used the same technique to legal eligibility assessment,
therefore elucidating the advantages and constraints of utilizing big language models
in computationally demanding fields. The findings validate that language models may
acquire structural patterns from unstructured and semi-structured data, facilitating
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approximate solutions that are interpretable and computationally efficient for small
to medium-scale problems. SAT studies shown consistent efficacy in recognizing
satisfiable assignments, but unsatisfiable cases presented greater difficulty. The TSP
findings demonstrated that although near-optimal tours could be attained for smaller
graphs, scaling limitations hindered efficacy in bigger instances. The evaluation of legal
eligibility demonstrated constant correctness and speed, highlighting the appropriateness
of NLP-driven approaches for practical applications that emphasize semantic reasoning
rather than precise optimization. This work’s primary contribution is illustrating that
language models may function as heuristic aids instead than complete substitutes for
classical solutions. Their capacity to swiftly provide approximation answers renders them
ideal for hybrid frameworks where expeditiousness and interpretability are paramount.
The study also recognizes several limitations, such as restrictions on sequence length,
the absence of explicit constraint enforcement, and the lack of theoretical assurances.
Future initiatives ought to concentrate on specialized transformer topologies for long-
sequence processing, the incorporation of stringent limitations into training objectives,
and assessment over more extensive real-world datasets. Ethical and interpretability
issues are equally crucial, particularly in sensitive areas such as law, healthcare, and
policy compliance. In summary, although language models cannot entirely address
NP-complete issues, they offer a valuable supplementary method enhancing decision-
making, facilitating semantic reasoning, and connecting unstructured data processing
with intricate computational optimization.
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