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A CONTEXT-EFFICIENT EVIDENCE-BASED TECHNOLOGY
FOR AUTOMATED REPOSITORY-LEVEL SOFTWARE QUALITY
EVALUATION USING LARGE LANGUAGE MODELS

Large language models are increasingly applied to software engineering tasks that require reasoning over
repository-scale context, including architecture and security assessments. For repositories that still fit into a
single prompt, direct full-context ingestion provides a strong reference condition as it exposes the model to the
broadest available set of raw repository evidence at once. However, such evaluation remains expensive, weakly
interpretable, and sensitive to context limitations, especially when relevant signals are dispersed across source
code, configurations, and workflows. Retrieval-only solutions partially reduce prompt size but often fragment
architectural context, while deterministic tools provide transparent yet incomplete signals that do not form a
coherent repository-level judgment.

This paper proposes a context-efficient evidence-based technology for automated repository-level sofiware
quality evaluation. The technology combines a weighted rubric graph, repository-adaptive activation, bounded
evidence collection, deterministic tool-supported signals, LLM-assisted scoring, and deterministic hierarchical
aggregation to produce final scores with confidence diagnostics. A distinctive feature is the use of SIMAL as a
compact machine-readable representation to support activation and targeted evidence acquisition.

The experimental part compares the proposed technology with direct full-context evaluation. Results
indicate that while full-context evaluation remains a strong baseline for repositories fitting into a single
prompt, the proposed technology substantially reduces peak per-call context requirements by decomposing
the assessment into bounded, inspectable scoring steps. Although this decomposition increases total token
volume, it enables repository-level evaluation under stricter context budgets, improves evidence traceability,

and provides a realistic foundation for adapting smaller open-weight models to scoring tasks.
Keywords: repository-level evaluation, software quality assessment, large language model, evidence-based
scoring, software architecture, static analysis, retrieval-augmented software engineering.

Formulation of the problem. The rapid advance-
ment of large language models has broadened the
scope of artificial intelligence (Al) in software engi-
neering. Early machine learning (ML) systems were
mostly limited to code completion or other local
file-level tasks, whereas recent models and agent-
based systems can operate over multi-file repositories
and support project-wide modification, repository
summarization, and automated pull request review
[1,pp. 2-3; 2, pp. 1-2; 3, pp. 1-3]. Existing Al-assisted
review tools mainly provide comments or recommen-
dations for selected fragments, but they rarely pro-
duce an end-to-end interpretable, evidence-grounded,
and reproducible assessment of repository quality as
an integral software artifact. This creates a practical
need for methods that can systematically evaluate
repositories, beyond isolated code snippets or pull
request changes.
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At the same time, repository-level quality evalua-
tion remains difficult for several reasons. First, even
very large context windows do not guarantee relia-
ble use of all information contained in long inputs
[4, pp. 163-167; 5, pp. 3639-3641]. Recent stud-
ies show that relevant evidence may be overlooked
or used inconsistently when scattered within long
prompts. This limitation is especially pronounced in
large software projects, where quality-relevant sig-
nals are highly dispersed across diverse, heteroge-
neous artifacts rather than localized in single files.
Second, pure retrieval-based approaches partially
mitigate the context bottleneck, but they often expose
only a subset of local artifacts. Such evidence may
be insufficient for architecture-sensitive evaluation
tasks, where module boundaries, interface contracts,
deployment structure, and cross-component depend-
encies play a vital role [6, pp. 7150-7152; 7, pp. 1-2].
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Third, black-box LLM-driven evaluation of a large
repository is difficult to audit: it is often unclear which
evidence influenced the result, how missing evidence
was treated, and whether the obtained judgment can be
reproduced given the non-deterministic nature of LLM.

Another practical difficulty is that repository
review requires both deterministic and seman-
tic assessment. Some repository properties can be
checked directly, for example, the existence of spe-
cific files, CI workflows, dependency locks, or leaked
secrets. Other properties require broader contextual
judgment, such as modularity quality, separation of
concerns, architectural consistency, or documentation
usefulness. Therefore, a practical repository-level
evaluation method should combine explicit determin-
istic evidence handling with selective model-based
reasoning [8, pp. 1117-1120; 9, pp. 614-616].

While direct full-context ingestion serves as a
natural baseline for smaller codebases, this approach
becomes increasingly expensive, less interpretable,
and harder to scale as repository size and artifact diver-
sity grow. This motivates a repository-level evaluation
technology that combines bounded-context assess-
ment, evidence grounding, deterministic aggregation,
and explicit uncertainty diagnostics. Such technology
is relevant to both repository-level software engineer-
ing research and practical tasks such as engineering
audits, technical due diligence, security triage, and
quality monitoring across project portfolios. It is also
important because reducing peak context requirements
provides a more practical foundation for in-house
deployment and adaptation of smaller, open-weight
models for repository-level analysis tasks, which may
improve data control and reduce security risks associ-
ated with external processing.

Analysis of recent research and publications.
While recent systems demonstrate substantial pro-
gress in applying large language models to software
engineering [ 1, pp. 2-3], repository-level tasks remain
considerably more difficult than function-level ones
as they require cross-file dependency understanding,
navigation over configuration artifacts, and coher-
ent reasoning over architecture and workflow struc-
ture [6, pp. 7150-7152; 7, pp. 1-2]. A major limita-
tion in such tasks is the context bottleneck. Simply
expanding the context window does not resolve this,
as the model’s performance frequently fluctuates
when navigating weakly structured or highly dis-
persed project files. Consequently, evaluating quality
at the repository scale remains a complex challenge,
as cross-component dependencies and architectural
evidence are rarely localized and often span multiple
representation layers of the same system.
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One established direction for mitigating context
limits is retrieval- and planning-based repository
interaction. RepoCoder applies iterative retrieval
and generation for repository-level code completion
[10, p. 1], while CodePlan formulates repository-level
coding as a planning problem [11, p. 1]. SWE-agent
and AutoCodeRover demonstrate that tool-aug-
mented, repository-aware interaction can improve
software engineering performance [2, p. 1; 3, p. 1].
However, these approaches primarily focus on code
generation, patching, or issue resolution rather
than repository-level quality evaluation. Moreover,
retrieval-based interaction often fragments under-
standing by exposing only local snippets detached
from their broader architectural context.

Another direction uses structure-aware repository
representations. Approaches such as RepoGraph and
the Code Graph Model use structure-aware repos-
itory representations to provide a global structural
overview without relying on flat-file ingestion [7,
pp. 1-2; 12, pp. 1-2]. Similarly, SIMAL provides a
prompt-efficient domain-specific language for soft-
ware representation [13, pp. 113-118]. However,
these abstractions, which effectively expose links
between components, typically enable navigation or
bug localization rather than evidence-based scoring
with deterministic aggregation.

Automated code review is another directly rele-
vant area. Industrial studies indicate growing inter-
est in LLM-based review systems, including review
recommendation, review comment generation, and
pull-request evaluation [14, p. 1; 15, p. 1; 16, p. 1].
At the same time, most existing review work remains
centered on patches or pull requests rather than
full-repository quality scoring with explicit evidence
traces. In contrast to the limited scope of automated
pull-request reviews, deterministic tooling remains
an essential baseline for full-project coverage. Static
application security testing, software composition
analysis, secret scanners, linters, and complexity
analyzers provide transparent and reproducible quan-
titative signals [9, pp. 614-616; 17, pp. 308-309;
18, p. 1], but are strictly limited to properties formal-
izable through predefined rules.

To address the semantic limitations of determin-
istic tools, recent judge-oriented frameworks (e.g.,
G-Eval, Prometheus, JudgeLM) increasingly rely on
criteria-guided LLM evaluation [19, pp. 2511-2513;
20, pp. 1-2; 21, pp. 1-3]. In parallel, weighted aggrega-
tion of lower-level software metrics into higher-level
quality estimates has been studied as a separate prob-
lem in software-quality evaluation [8, pp. 1117-1120;
22, pp. 1-3]. Collectively, these studies support the use
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of explicit criteria, fixed scoring dimensions, and con-
strained outputs. However, a critical gap remains: the
field lacks an integrated framework bridging determin-
istic static analysis with selective semantic reasoning.
Specifically, there is a need for a structural representa-
tion that goes beyond simple summarization to actively
drive routing and targeted evidence acquisition for
reproducible, repository-level evaluation.

Task statement. The identified limitations of
existing repository-level analysis approaches dictate
the need for a technology that integrates explicit evi-
dence handling with the semantic flexibility of LLM-
based assessment under practical context constraints.
The aim of this research is to develop and substantiate
a context-efficient technology for automated reposito-
ry-level software quality evaluation that synthesizes
bounded evidence collection, deterministic tool-sup-
ported signals, selective large language model reason-
ing, and deterministic aggregation, while minimizing
peak per-call token requirements and preserving the
auditability of intermediate evaluation stages.

To achieve this aim, the following objectives are
defined:

1) to design a staged repository-level evaluation
architecture that unifies quality criteria, bounded evi-
dence collection, and deterministic score formation;

2) to define an approach to repository analysis that
fuses deterministic signals from software artifacts
and analysis tools with LLM-based judgment;

3) to incorporate a compact structural repository
representation based on SiIMAL for repository rout-
ing and targeted evidence acquisition;

4) to implement and experimentally evaluate the
proposed technology on real software repositories
under repository-scale context constraints;

5) to compare the proposed approach with direct
full-context repository evaluation, with an emphasis
on assessment quality, the trade-off between peak
per-call context and total token consumption, and
evidence traceability.

QOutline of the main material of the study. Gen-
eral architecture of the proposed technology. The
proposed repository-level quality evaluation technol-
ogy is implemented as a staged bounded-context eval-
uator that transforms rubric-defined criteria and evi-
dence from repository artifacts into a final weighted
quality score, along with confidence and coverage
diagnostics (Fig. 1).

This includes the following artifacts: rubric groups
that define what must be evaluated; evidence profiles
that define how evidence must be gathered; the acti-
vation logic that selects applicable rubrics; the scoring
logic that evaluates rubric criteria; and the aggregation

logic that composes all partial judgments into a single
final result. At the conceptual level, the technology con-
sists of seven stages: (1) environment configuration,
(2) structural context distillation, (3) rubric activation,
(4) bounded evidence collection, (5) deterministic and/
or LLM-assisted scoring, (6) bottom-up aggregation,
and (7) structured report generation.

A key property of the proposed approach is audit-
ability. Each stage produces explicit artifacts, includ-
ing activation prompts and outputs, evidence bundles,
tool outputs, cached LLM responses, token-usage
records, and aggregation summaries. Therefore, the
system does not operate as a single black-box prompt
akin to LLM-as-a-Judge, but rather as an interpreta-
ble evaluation pipeline. The source code of the pro-
posed technology is available at https://github.com/
niksyromyatnikov/SAGES.

Rubric model and repository-adaptive activa-
tion. The evaluation target is formalized as a weighted
rubric hierarchy with four distinct levels: repository,
module, group, and leaf (Fig. 2). Modules represent
broad quality dimensions such as architecture, secu-
rity, observability, and domain-specific engineering
concerns. Groups divide each module into narrower
evidence families. Leaves are concrete evaluative
statements scored on a bounded numeric scale. In this
way, the rubric is used not only as a quality model,
but also as an explicit constraint on evaluation, since
all later scoring is performed only over predefined
groups and leaf criteria rather than by free-form
repository judgment.

The rubric is repository-adaptive. Core modules
are usually applicable for all repositories, whereas
domain-specific ones (e.g., library-, web app-, or
ml-oriented) are activated only when supported by
repository signals. The activation stage is therefore
not a quality assessment stage, but a top-down rout-
ing stage. Its function is to determine which groups
should be considered and which evidence should be
retrieved for them.

The activation step is performed by LLM using
a pre-built structured repository context built with
SiIMAL domain-specific language and produces: a
list of programming languages used in repository,
inferred repository signals (such as presence or
absence of API, database interaction, containeriza-
tion etc.), module and group activation decisions with
rationale, confidence values, and structured evidence
hints derived from SIMAL repo schema. These hints
are later reused to guide targeted evidence collection.
Therefore, activation serves two purposes simul-
taneously: applicability selection and downstream
retrieval planning.
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Evidence profiles and bounded evidence collec-
tion. Each rubric group references an evidence pro-
————— e =~~~ —[F -~~~ - file (Fig. 3) that specifies its grading mode and a list

) of evidence steps. The supported evidence strategies
( Fopostiony chockout > include file matching, repository scan, bounded code
Source|files search, search over SiMAL schema, and dynamic
v v execution of external analysis tools. Therefore, evi-
e T SIMAL schema generation dence profiles are the main mechanism that connects
SiMAL|schema the abstract rubric to concrete repository inspection

SN — — |} - -4 -1 procedures.
T T T Moz scvmonimree T 17 T 7 T The evidence layer is intentionally bounded. File
. matching detects expected artifacts such as README

LLM-based group activation
files, lockfiles, CI workflows, Dockerfiles, change-
Activated groups and|evidence hints

S logs, or security-policy files. A repository scan pro-
ool execution vides lightweight structural metadata about the top-
reigiiﬂﬁ?;gsgﬁzgzh‘ froveeees C Per-group ewdenc;colleg) ]ljizzl la%,;)ut’ en;ry pOintls ’ generated artifaets, 1arge
e St B | ry files, and general repository hygiene. Code
L T o _ Eidencefbmdl . — search performs bounded regex and snippet retrieval
rT T T T T et Evsilinadaremoniion | across repository files, skipping generated, minified,
Modes detemnsic and —— Leatievsl scorng binary-like, or gverly lgrge directories. SIMAL search
i il performs a similar retrieval procedure over a compact
structural schema instead of the raw source tree.

Loaves 10 Grouge 1o Motkles In addition, the proposed technology includes a
second retrieval phase driven by activation-time evi-
dence hints derived from the SIMAL schema (path
annotations, component or method names, etc.).
Fig. 1. General architecture of the proposed This phase can directly load path-anchored arti-
technology facts, expand globs, or run a targeted search based

on components and keywords suggested during

Final score and rationale

Final quality report JSON

Source: compiled by the authors

modules:

-id: C
name: Architecture & dependency structure
module_weight: 0.10
applies_if: always
groups:
-id: C1
name: Modularity & boundaries
group_weight: 0.45
evidence_profile: simal_modularity_and_interfaces
leaves:
- C1.1: "Clear module/package boundaries exist (no 'god' module)."
- C1.2: "Separation of concerns is evident (Ul/business/data, layers, adapters)."

- C1.3: "Configuration is separated from logic (no scattered magic env reads)."

Fig. 2. Excerpt of architectural group C from the rubric model

Source: compiled by the authors
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activation. As a result, evidence collection becomes
more group-specific and less dependent on generic
retrieval. This design also reduces dependence on
large repository prompts by constructing smaller evi-
dence bundles tailored to the current scoring group.

Runtime-aware tool integration. To ensure the
reliable execution of deterministic tools (e.g., linters,
scanners), the technology performs preflight detec-
tion of repository languages and runtime dependen-
cies, applying bounded resolution to mitigate envi-
ronment-mismatch failures. Tools are executed via a
unified registry that maps abstract evidence classes
to concrete, cached commands. Crucially, a normal-
ization layer converts heterogeneous raw outputs
(JSON, XML, or unstructured text) into a compact
structured summary, ensuring the scoring stage oper-
ates on normalized evidence.

Leaf-level scoring protocol. Following evidence
collection, each active group is evaluated leaf by leaf.
For each group, the system constructs a structured
scoring prompt that includes repository identity, mod-
ule and group context, the exact predefined leaves,
the compact evidence bundle, and activation con-
text. This design intentionally constrains the model
to criteria-guided judgment: it does not produce an
unconstrained repository review but evaluates only
the predefined leaf statements within a fixed, struc-
tured output schema. As a result, repository-level
evaluation is decomposed into multiple scoring calls

evidence_profiles:

simal_modularity_and_interfaces:
grading_mode: lIm_assisted
evidence:

- strategy: simal_search
max_snippet_lines: 50
queries:

- "service "
- ""components:"
- "api:"
- strategy: repo_scan

- strategy: code_search
queries:
- "internal/"
- "routes/"

- "services"

checks: ["*file_tree_top", "languages_detected", "main_entry candidates"]

rather than a single full-context judgment across the
entire repository, effectively neutralizing the context
bottleneck.

Two scoring paths are supported. The first path
applies deterministic rules for selected evidence pro-
files. The second path uses an LLM under a strict
JSON output contract. If LLM scoring fails, the
system does not terminate the whole run. Instead, it
emits explicit failure states for the affected leaves and
lowers confidence.

Deterministic hierarchical aggregation. Final
repository-level judgments are composed determin-
istically from lower-level leaf assessments. The score
of a group is computed as:

_ i SiWi 1

SCOT€group S W, (1)

where i — leaf index; s; — the score of an included leaf;
w, — weight of the i-th leaf.

Thus, the final repository score is not produced in
one step, but by transparent bottom-up composition
from leaf-level evidence-backed judgments to group-,
module-, and repository-level estimates. Under the
current policy, leaves with insufficient evidence or
tool failure are excluded from the score numerator
and denominator rather than automatically penalized.
This prevents the system from conflating lack of evi-
dence with poor quality. At the same time, confidence
is reduced by evidence coverage and by the fraction
of leaves that require human review.

Fig. 3. Excerpt of evidence collection with profile for group C1

Source: compiled by the authors
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Module scores are computed as weighted means
of enabled group scores:

X SCOT€group; * Waroup;

SCOTemodule =
‘module Zj Woroup,

)
where j — group index; score,,,, — the calculated score
of the j-th enabled group; w,,,, —assigned weight of
the j-th group.

In addition to numeric scores, the final report con-
tains coverage ratio, evidence sufficiency ratio, counts
ofnon-applicable leaves, insufficient-evidence leaves,
failed-tool leaves, and leaves that still require human
review. This makes the final result more interpretable
than a single undifferentiated repository score.

Role of SiMAL in the proposed technology.
Within this pipeline, SIMAL is used as more than a
compact repository summary [13, pp. 117-118]. It
acts as a machine-readable structural control layer
that actively drives two critical bounded-context
stages: semantic rubric activation (by exposing com-
ponents, interfaces, and technology signals) and tar-
geted evidence collection (via schema search and
activation-derived hints). This structured routing sub-
stantially reduces the need to repeatedly expose the
model to the full repository context.

Experimental design. The empirical study was
conducted on a curated repository corpus (Table 1)
selected to balance technological coverage, reposito-
ry-type diversity, and practical feasibility of full-con-
text evaluation.

Because the current implementation supports
Python, Go, PHP, JavaScript/TypeScript, Docker, and
Kubernetes-related artifacts, the corpus was restricted
to repositories from these stacks. The final set includes
frameworks, reusable libraries, application-style
repositories, and infrastructure-oriented projects, while
keeping single-call baseline evaluation within the prac-

tical context budget of the scoring model. Repository
size was measured using the 0200k base tokenizer
employed by the GPT model series.

The study compares two repository-level evalua-
tion strategies. The first strategy is a direct full-con-
text single-call baseline, in which the repository
source context is passed to one LLM prompt along
with the evaluation instructions, and the model
directly returns rubric activation decisions and leaf-
level judgments. The second strategy is the proposed
staged technology, in which the same repository is
evaluated through repository-adaptive activation,
bounded evidence collection, group-level scoring,
and deterministic aggregation. In both cases, final
repository-level results are computed by aggregating
leaf-level outputs through an identical deterministic
procedure, thereby preserving strict comparability of
the scores.

Both strategies used GPT-5.2 with medium rea-
soning effort as the scoring model. Evaluation qual-
ity was then assessed by an independent LLM-as-a-
Judge protocol implemented with GPT-5.4 and high
reasoning effort. The judge received the full reposi-
tory source content, the evaluation rubric, the normal-
ized candidate assessment object, and the normalized
repository tool evidence. It scored each candidate
along six rubric-based dimensions: structural score
correctness, issue correctness, issue coverage, confi-
dence calibration, interpretability, and activation cor-
rectness. In addition, the judge counted concrete error
categories, including major and minor score mis-
matches, missing relevant groups, irrelevant groups,
missed issues, overstated issues, and confidence
errors. Structural score correctness reflects agreement
of module-, group-, and leaf-level scores with repos-
itory evidence; issue correctness and issue coverage
refer respectively to the validity and completeness of

Table 1
GitHub repositories sampled for evaluation
GitHub repository Stack Description Tokens Folders Files
marshmallow-code/marshmallow Python data serialization library 193,097 14 98
encode/starlette Python ASGI web framework 195,400 15 118
go-chi/chi Go web framework 98,821 24 91
spfl3/cobra Go CLI app framework 165,416 9 63
jesseduffield/lazydocker Go terminal application 169,913 29 128
slimphp/slim PHP web framework 136,434 26 144
spatie/laravel-permission PHP authorization package 168,245 36 160
laravel/lumen-framework PHP lightweight framework 59,691 27 60
koajs/koa JavaScript Node.js framework 78,977 11 99
pmndrs/zustand TypeScript state-management library 178,875 33 124
unjs/h3 TypeScript server framework 195,922 30 192
dockersamples/example-voting-app Pglgégllz:/ multi-service application 28,320 13 45
Source: compiled by the authors
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identified weaknesses; confidence calibration meas-
ures whether confidence values are proportional to
evidence strength; interpretability reflects traceabil-
ity of judgments to evidence; and activation correct-
ness measures whether relevant scoring groups were
included and irrelevant ones excluded.

Results and discussion. The evaluation results
are analyzed across two dimensions: token usage
efficiency and assessed evaluation quality. Table 2
compares the token statistics of the direct full-con-
text baseline against the proposed staged technol-
ogy. The results show the proposed approach sub-
stantially reduces average and maximum per-call
token requirements by decomposing repository-level
assessment into bounded scoring requests. For exam-
ple, the marshmallow repository's maximum LLM
context size decreased from 291,655 tokens to 46,437
tokens - an 84% reduction in peak memory require-
ments. Such a reduction reduces dependence on large
single-call context windows, making repository-level
assessment computationally feasible in constrained
deployment settings.

At the same time, this advantage is achieved at
the cost of higher total token usage, since the repos-
itory is assessed repeatedly across rubric groups. In
addition, iterative SIMAL schema generation intro-
duces an extra one-time preprocessing cost, which
is reported separately in Table 2. This separation is
intentional, as schema generation is not part of the
per-group scoring stage itself and may be reused as
an intermediate artifact for repeated evaluation of
the same repository. Moreover, its token footprint
depends heavily on the batching policy and can be
further optimized by adjusting the number of files
processed per request.

Table 3
LLM-as-a-Judge evaluation results
. Full context | Proposed
Metric LLM Tech?lology
Average Scores (1-5, higher is B B
better)
Score correctness 4 4
Issue correctness 4.33 4.17
Issue coverage 4.08 4
Confidence calibration 4 4
Interpretability grounding 4.17 4
Activation scope correctness 4.75 4.5
Total Counts (lower is better) - -
Major score mismatches 3
Minor score mismatches 13 17
Missed issues 8 7
Overstated issues 1 9
Confidence errors 6 9

Source: compiled by the authors

Table 3 presents the LLM-as-a-Judge comparison.
The results indicate that direct full-context evaluation
remains a strong baseline for repositories that com-
fortably fit into a single prompt. The baseline achieved
slightly higher judged quality across most dimensions,
particularly in minimizing overstated issues and major
score mismatches. However, the proposed staged tech-
nology remained highly competitive, matching the
baseline in structural score correctness and confidence
calibration, while performing closely in issue coverage.

Eventually, the proposed approach proves it is pos-
sible to maintain precise evaluation while eliminating
the peak context bottleneck. This, in turn, helps estab-
lish a practical foundation for evaluating massive
repositories or adapting smaller, open-weight models
to complex scoring tasks.

Table 2
Token usage statistics
Full context Proposed technology
Repository name Avg/Max/ Scoring Schema generation

Total Avg Max Total Avg tokens Max Total

tokens tokens tokens tokens tokens tokens
marshmallow 291,655 23,765 46,437 712,949 34,960 72,834 489,433
starlette 291,026 26,574 53,608 1,009,796 30,125 82,174 451,862
chi 179,783 25,277 59,347 960,505 26,121 67,828 600,769
cobra 258,061 23,317 44,864 722,805 38,173 96,316 343,556
lazydocker 251,922 27,591 55,747 938,091 28,332 77,020 764,956
slim 232,520 22,018 49,964 770,612 31,630 64,828 822,366
laravel-permission 269,624 27,096 67,215 948,337 34,289 114,042 994,374
lumen-framework 126,613 22,433 48,361 829,994 24,996 35,826 549,912
koa 147,714 22,256 35,903 801,198 20,784 37,854 228,624
zustand 277,865 27,983 56,789 1,035,368 29,364 70,214 910,303
h3 290,187 29,107 74,943 1,106,057 32,597 84,938 912,739
example-voting-app 58,723 16,991 28,110 713,586 16,110 34,492 209,435

Source: compiled by the authors
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Conclusions. This research proposed a context-ef-
ficient, evidence-based technology for repository-level
software quality evaluation. By leveraging a compact
structural representation to drive bounded evidence
collection and deterministic hierarchical aggregation,
the architecture decomposes the assessment into multi-
ple inspectable scoring steps. Experimental results con-
firm that while direct full-context evaluation remains a
strong baseline with slightly higher judged quality, the
proposed technology substantially reduces peak per-
call token requirements while preserving an accurate
usable quality assessment. Therefore, this approach
serves as a highly auditable, bounded-context alterna-
tive designed for stricter memory budgets.

This architectural trade-off has significant prac-
tical implications. While a single full-context evalu-
ation call regularly consumed between 150,000 and
300,000 input tokens, the largest staged scoring calls
were substantially smaller. Although the proposed
pipeline currently results in a higher total token con-
sumption across its lifecycle, eliminating the peak
context bottleneck establishes a realistic foundation
for analyzing massive repositories and enabling
secure, in-house deployments. Future research will
focus on reducing the total token footprint, optimiz-
ing SIMAL generation costs, and fine-tuning medi-
um-sized, open-weight models specifically for these
scoring tasks.
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Cupom’sitnikoB M.B. KOHTEKCTHO-E®@EKTUBHA JJOKA30BA TEXHOJIOT'ISA
ABTOMATHU30BAHOI'O OHIHIOBAHHS AKOCTI IPOI'PAMHOI'O 3ABE3ITEYEHHS
HA PIBHI PEIIO3UTOPIIO 3 BUKOPUCTAHHSAM BEJIUKUX MOBHUX MOJIEJIEN

Benuxi mosni modeni dedani wiupuie 3acmoco8yromovcst 051 po38 SI3aHHA 3a0ay iHICeHepii npoepamMHO20
3abe3neuents, uo nompeodyroms MIipKy8ausb y Macuimaoi 6Cb020 peno3umopiro, 30Kkpema 0Jis OYiHIO8AHHS ApXi-
mexmypu ma ananizy oesnexu. /s peno3umopiis, sKi uge Modxicyms Oymu nooami 6 mejicax 00H020 3anumy,
be3nocepeone BUKOPUCMAHHS NOBHO20 KOHMEKCMY € CUTbHUM eMAalOHHUM NiOX000M, OCKIIbKU HAOAE MOOeili
0ocmyn 00 MAKCUMAIbHO HOBHO20 HAOOPY 00Ka3i6 i3 penosumopito. [lpome make oyiHIO8AHHA 3ANUULAEMbCS
0opocum, clabKo iHMepnpemosanHum i Yymiusum 00 0OMeHceHb KOHMEKCY, 0COOIUBO KOMU Pelle6AHMHI cu2-
HAU PO30CePe0NCceri MIdiC BUXIOHUM KOOOM, KOHGhicypayiinumu ¢aiiiamu ma pobouumu npoyecamu. I1ioxoou,
Wo 6asyrmvbCs Ha NOWLYKY, 00360AI0Mb YACMKOBO 3MEHUUMU 00CA2 KOHMEKCHY, dle 860HU 4acmo (pazmeH-
Myms apxXimeKmypHy KapmuHy cucmemu, mooi K 0emepMiHO8aHi iHcmpymMenmu 3a0e3neyyroms nposopi,
npome HenoGHi CueHaIU, K cami no codi He hopmyme YiNiCHO20 CYOIHCEHHS NPO AKICHb PeNno3umopio.

Y cmammi 3anpononosano koHmexcmHo-egheKmusHy 0OKA308y MEXHONO2IH0 ABMOMAMUI08AHO20 OYIHIO-
BAHHA AKOCMI NPOSPAMHO20 3a0e3nedenHs Ha PiHI peno3umopiio. 3anponoHo8aHa MexHoN02iA NOEOHYE 38a-
Jrcenuti epagh pyopuk, adanmuseHy 00 81ACMUBOCMEl peno3Umopiio akmugayiio, oomedxcene 30upanHs 00KA3is,
O0emepMIiHOBAHI CUSHANU 8I0 THCMPYMEHMANIbHUX 3aC00i8, OYIHIOBAHHS 3A YHACMIO 8EIUKOI MOBHOI MoOeni ma
OemepMIiHOBAHY iEpapXiuny azpe2ayito 0711 opmy8aHHs NIOCYMKOBUX OYIHOK i3 OideHOCMUKOIO 8NEeBHEHOCHII.
Biominnoro ocobnugicmio nioxody € suxopucmarusa SiMAL K KOMNAKMHO20 MAUUHOZYUMYBAHO20 NOOAHHSL
Peno3umopito, wo niOmpumMye aKmusayiro pelesanmuux Kpumepiis i yinecnpsamosanuil 30ip 0oKasis.

B excnepumenmanwuiii wacmuni 3anponoHo8any mexHouo2iio NOPIGHAHO 3 NPAMUM OYIHIOBAHHAM NOBHO20
Koumexcmy. O0epacaHi pe3yibmamu NOKA3AIU, Wo, Xoud OYIHIOBAHHS NOBHO20 KOHMEKCMY 3aNUUAEMbCS
CUTbHUM OA308UM NIOXO0OM OJisi peno3umopiis, AKi 6MIWYIOMbCa 8 00UH 3aNum, 3anponOHO8AHA MeEXHOLO-
2isl ICMOMHO 3HUJCYE NIKOBI BUMO2U 00 KOHMEKCM) HA OOUH BUKIUK 3A80AKU OeKOMNO3UYii npoyecy oyiuto-
BAHHA HA OOMedCeH] Ma KOHMPONbo8aHi Kpoku. [lonpu 30inbuents 3a2aibH020 00cA2y MOKeHi8, maKkutl nioxio
poOUmMb OYIHIOBAHHS HA PIBHI peno3umopiro Oilbid NPUOAMHUM OJisi MO8 HCOPCMKUX OI0OHCEMi6 KOHMEKCmY,
RIOBUWYE BIOCMENCYBAHICb OOKA3I8 | CMBOPIOE NPAKMuUuHe NIOIPYHMsa 01 adanmayii MeHuux mooeieu i3
BIOKpUMUMU 8A2AMU OO0 340a4 OYIHIOBAHHSL.

Knrwuosi cnoea: oyinosannsa Ha pieHi peno3umopiio, OYIHIOBAHHS AKOCI NPOSPAMHO20 3a0e3neyeHHs,
BENIUKA MOBHA MOOENb, 00KA308€ OYIHIOBAHHS, APXIMEKmMypd NPOZPAMHO20 3a0e3neueHH s, CIamuyHull aHaiis,
IHJHCeHeEDis NPO2PAMHO20 3a0e3neden s 3 BUKOPUCTNAHHAM HOULYKOBUX NIOX0OI8.
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