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Code generation and program synthesis are more of ways of trying to replace humans in software
development. Generated programs are still Turing-complete and are limited to specific software
development patterns from LLMs’ training set. At the same time, by using LLMs, we have a robust
common sense reasoning tool that can infer knowledge and work with natural input way better than
traditional approaches. Regarding the AI OS concept, LLM can be considered a processor unit for
future applications. But while LLM works better with intensional means, classic Turing machines are
still more reliable in tasks where determinism is crucial. The work is dedicated to the universal
executor architecture concept - an agentic system that can utilize both LLM-based inferences and
computing by acquiring and memorizing programs.

Large language models (LLMs) have trailblazed many research directions on Al agents and natural
language processing. They are becoming a subject not only for data science but for cybernetics, a new
way to control information systems. The latest studies often cover how LLMs can be utilized as
controllers (ReAct [1]) or processors (Al as an OS approach [2]) to solve problems that are stated in
natural language. A significant part of those studies is dedicated to the problem of code or program
generation, which is considered a utility to optimize software development and a missing building
block to connect new probabilistic and intensional and old deterministic and extensional ways of
defining the goal of computing. At the same time, LLMs' code generation and program synthesis skills
are still limited, making them non-reliable for real-world scenarios. To address this issue, the concept
of a universal executor is proposed.

Program generation, in a broad sense, is not only code generation. In terms of communicative
informatics, a program is a special informational object that provides a goal of processing in one of two
ways: as a sequence of steps to transform inputs into outputs or as a set (partial) of requirements
regarding the desired output. It is natural to consider both ways of program definition and select the
appropriate performer (platform, executor) based on the nature of requirements. The universal executor
would need to combine these two approaches for program definition both for the generation of
programs and executor selection.

The universal executor processing pipeline starts with a peripheral agent, which aims to communicate
with the initiator, a human, or another agentic system. UE accepts problem definition and input data
that can be mixed in natural language. The challenge is that the problem definition may need to be
completed. To complete the definition, the universal executor may need to look up some information
system (web or internal) to fetch the missing contextual data. This task is for the data agent, a RAG by
domain, to define the domain-level entities and their relationships.

After UE has all of the domain data (model), it has to classify the task to select the target executor by
invoking the task classifier agent. For example, summarization or reasoning are tasks that LLMs can
handle; at the same time, some dynamic programming problems may require classic computation.
Classification can be done by a finite set of rules or by returning to the system’s previous knowledge to
find the exact or similar “programs” to apply to input data. Memory is an essential part of the UE
concept. A list of verified plans and programs can drastically improve processing time and correctness.
It is suggested that verified plans and programs in a search index that can be filled out independently
are used. This approach may be called JIT-generation, referring to just-in-time compilation for code
interpreters. For LLM-based tasks, programs can be stored a serialized agentic pipeline or as a set of
tools or code snippets for compute-based. If the matched program is missing some steps, UE must
generate a new one and store it in memory.
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Figure 1. Overview of universal executor concept processing flow.
When generating a compute-based program (code), UE must select the target language and platform.
LLMs may not be “proficient” in all of the existing programming languages. In this case, UE will need
to balance model creativity and the syntactic and semantic correctness of the output program. A
grammar augmentation technique can address syntactic correctness issues, for example, by using
SynCode’s approach [3]. By predefined context-free grammar, output logits of the language model can
be masked based on the next allowed terminal symbol of the language defined by a grammar. However,
this approach may lead to the model being too conservative, and it is not guaranteed that the generated
sequence is a correct terminal sequence, as it guarantees only partially correct sequences, the one that
has at least one continuation to be inferenced to a terminal sequence. Thus, grammar augmentation
should be used to re-write a code after the plain code generation step.
After the program code is generated, it should be evaluated. The current state-of-the-art approach uses
debugger agents, like Language Model Debugger (LDB), so that the current best performance in code
generation on MBPP and HumanEval benchmarks is held by MapCoder [4] and LDB-based agentic
architectures [5]. The debugger agent iteratively generates and autocorrects the generated code. This
step may lead to autocorrection iterations, and there is no way to guarantee convergence. Code should
be executed in an isolated environment with all necessary software installed - libraries, interpreters,
etc.- based on the previously selected language and platform.
When generating an LLM-based program, UE should generate prompts and agents to handle the
requested transformation. To make those reproducible, prompts may utilize the Plan-and-Solve zero-
shot approach [6], which will allow UE to define the clear execution steps and provide more contextual
and semantic value for further indexing to memory. A critique agent crew can evaluate the plan. If the
result is ambiguous or non-convergent for both generation steps, processing should be terminated, and
control returned to the peripheral agent for resolution.
The next step for both branches is executing a program on the input data provided and passing the raw
outputs to the presentation agent. The result's presentation may fully depend on the interface in which
the UE-based application is executed. It may be just a text report or a specific adaptive UX element like
chat or canvas.
A crucial architectural detail is that the UE should optimize its inference by combining different types
and deployment options of LMs to improve performance. If the UE already has the matching program,
it performs similarly to modern tool-calling agent workflows.
Conclusion. Universal executor architecture is a proposal on how to build next-gen applications that
combine classical compute-based approaches and generative Al capabilities. LLMs have opened a new
chapter in programology and provided new unresolved problems on developing, executing, and
verifying new types of programs. New steps will include addressing issues like context-window
limitations, formal verification of UE programs, inference type, and distributed nature of UE in terms
of LMs and executors. Further publications will include details on implementation and benchmark
results on MBPP and HumanEval datasets.
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Effective project management in the face of constantly changing market demands and technological
advancements is essential for company success. Optimizing planning and risk management processes
plays a critical role in improving outcomes and reducing implementation timelines. Traditional
methods, such as the Critical Path Method and Network Programming, provide effective project
structuring but often struggle to address dynamic changes and unforeseen risks. Modern technologies,
particularly machine learning, enable the development of adaptive management systems capable of
leveraging historical data and real-time updates. These algorithms can accurately predict task durations,
assess risks, and optimize resource allocation. This article focuses on designing an adaptive model to
enhance planning accuracy and minimize project risks.

EdexruBHe ynpaBiiHHI NPOEKTAMU B YMOBAX MOCTIHO 3MIHIOBAHUX PUHKOBUX BHMOT Ta
TEXHOJIOTIYHOTO MPOTrPECY € HEOOXITHOIO CKIIA0BOI0 YCIIMIHOT AISUTFHOCTI KoMMaHii. OnTumizaris
NpolLiecy IJIaHyBaHHS Ta YIPaBIiHHS PU3UKaMH BiJirpae KJIKOUYOBY POJIb Y MiJBHIICHHI SKOCTI
pe3yIbTaTIB i CKOPOUCHHI TePMiHIB pearizamii. TpaaumiiHi METOIN TIaHyBaHHS, TaKi sIK METO.
KPUTHYHOTO HUIIXY i METOJ IPOrpaMyBaHHS B Mepexi, epeKTUBHO J0IIOMAraloTh CTPYKTypyBaTH
3amadi npoekty. OIHaK, Yepes 3p0oCcTaldy CKIaJHICTh IIPOEKTIB, Ili METOAN HE 3aBXKIU MOXKYTh
BpaxyBaTH JHMHAMIKy 3MiH Ta Helepea0auyeHi pU3HKH. 3aCTOCYBaHHS CyYaCHHUX TEXHOJIOTiH, 30KpeMa
MAaIIMHHOTO HaBYaHHS, IO3BOJISAE PO3POOIITH THYUKI Ta alanTHBHI CHCTEMH YIpaBIiHHS, 31aTHI
BpaxoBYBATH SIK iCTOPHYHI J1aHi, TaK i HOBI 3MIHH B TIPOEKTI B PEKIMIi PEaTbHOTO Yacy. AJTOPUTMH
MAaIIMHHOTO HaBYaHHS MOXYTh €()EKTUBHO IMPOTHO3YBATH CTPOKH BUKOHAHHS 3aBJIaHb, OL[IHIOBATH
PHU3UKH Ta JONOMAraTH B ONTUMAILHOMY PO3MOALT pecypciB. JlaHa mparis 30cepekeHa Ha po3po0iri
aJIalTUBHOI MOJIENI, 110 TO3BOJISIE MMOKPALUTH TOYHICTh IUIAHYBaHHS Ta MiHIMI3yBaTH PU3UKH IIijl 4ac
BUKOHAHHS TIPOEKTIB.

Ha noyatkoBomy erari poOOTH anropuTMmy BinOyBaeTbes migxntodeHHs 10 JIRA uepes API
Juis 300py AaHMX Mpo 3aBaaHHs 31 cnpuHTIB. Ockinbku JIRA € nonysisipHUM iIHCTPYMEHTOM
YIpaBIiHHS IPOEKTaMH, OTPUMaHI JaHi JOCTOBIPHO BiTOOpaaroTh peabHi po00di MpoIiec KOMaHIH.
API 3a6e3meuye moctym g0 iHGopMaIii mpo mornepeHi COpUHTH, BKIIOYal0Yi BUKOHABIIB 3aB/IaHb,
TPUBAJIICTH X BUKOHAHHS, II0YATKOBI OLIIHKH Yacy, IPIOPUTETH TOMIO. ABTOMAaTH30BaHEe OTPUMAHHS
OUX JaHUX 3HAYHO TIOJIETTITYE Tporec 300py iHGopMartii st MporHO3yBaHHS, YCYBalOYH HEOOXiIHICT
pyuHOro BTpy4daHHs [1].

OCKUTBKH HEHPOHHI MEpeXi MPamiol0Th JIAIIE 3 YHUCIOBUMH TaHUMU, KaTeTOPiiHI JaHi, TaKi
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