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Abstract

Large language models (LLMs) have transformed soft-
ware development by enabling automated code genera-
tion, yet they frequently suffer from systematic errors that
limit practical deployment. We identify two critical fail-
ure modes: logical hallucination (incorrect control/data-
flow reasoning) and schematic hallucination (type mis-
matches, signature violations, and architectural inconsis-
tencies). These errors stem from the absence of explicit,
queryable representations of repository-wide semantics.

This paper presents SEMANTICFORGE, a novel
framework for code generation that addresses these limita-
tions through knowledge graph-guided constraint satisfac-
tion. Our approach proceeds in four integrated stages: (1)
constructing heterogeneous repository knowledge graphs
that capture both static analysis and dynamic execution
traces; (2) learning neural query planners that extract task-
relevant context from these graphs; (3) employing satisfi-
ability modulo theories (SMT)-guided beam search to en-
sure generated code satisfies semantic constraints; and (4)
maintaining graph fidelity through continual incremental
updates.

Our comprehensive evaluation on REPOKG-50, a cu-
rated benchmark of 4,250 repository-level tasks across 50
Python projects, demonstrates significant improvements
over state-of-the-art baselines: 49.8% Pass@1 (18.1% ab-
solute improvement), 52% reduction in schematic halluci-
nation, and 31% reduction in logical hallucination. Cross-
repository generalization analysis shows strong transfer
capabilities with only 4.3% average performance degra-
dation across architectural patterns. These results estab-
lish new benchmarks for repository-level code generation
while providing theoretical foundations and practical tools
for semantically-aware automated software development.

The explicit semantic representation and constraint sat-
isfaction framework introduced in SEMANTICFORGE en-
ables more reliable automated development tools and pro-
vides a foundation for future advances in Al-assisted soft-
ware engineering.

Index Terms— Code Generation, Knowledge Graphs, Con-

straint Satisfaction, Repository Analysis, Large Language
Models, Software Engineering

1 Introduction

Recent advances in large language models (LLMs) have ush-
ered in a new era of Al-assisted software development. Tools
such as GitHub Copilot, Code-Llama, and ChatGPT now draft
entire functions or files with a single prompt, reportedly accel-
erating developer productivity [6, 22, 1]. Despite this progress,
LLM-generated programs remain brittle in practice: generated
code often fails to compile, or worse, compiles but embeds
subtle semantic errors.

A careful inspection reveals two dominant failure modes.
First, logical hallucination arises when the model misreasons
about control or data flow—mistakes in reasoning such as iter-
ating over an incorrect collection, omitting necessary state mu-
tations, or producing code that violates expected runtime be-
havior. This class of errors concerns semantic execution logic
rather than syntax. Second, schematic hallucination mani-
fests as structural inconsistencies, including type mismatches,
incorrect argument ordering, missing parameters, or calls to
nonexistent functions. These errors arise from violating inter-
face or schema constraints of the repository or external APIs.
While logical and schematic hallucinations can co-occur, they
differ fundamentally in their root causes and required reme-
dies. Empirical studies report that even state-of-the-art mod-
els exhibit these errors in 20%—40% of generation attempts
[19, 25, 26].

Why do these hallucinations persist? Current generation
pipelines typically combine a parametric LM with retrieval-
augmented prompts. Retrieval surfaces the top-k textual snip-
pets using lexical or embedding similarity [2, 31]. While re-
trieval provides local context, it ignores repository-wide se-
mantics such as transitive call chains, shared global state,
or runtime object types. Likewise, encoder models that in-
gest static abstract syntax trees (ASTs) or control-flow graphs
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(CFGs) focus on intra-function structure and do not per-
sist their analysis as a reusable knowledge base [7, 8]. Fi-
nally, repair-oriented approaches execute candidates against
unit tests to filter or refine code [9], but they require an ora-
cle test suite and do not prevent the model from hallucinating
in the first place.

This work. We argue that high-quality generation demands
an explicit, queryable representation of whole-repository se-
mantics. To that end, we introduce SEMANTICFORGE, a
four-stage framework that: (i) materializes a heterogeneous
knowledge graph (KG) from both static analysis and oppor-
tunistic dynamic traces, (ii) learns neural query planners that
extract task-relevant context, (iii) employs constraint-aware
decoding for semantic correctness, and (iv) maintains graph
consistency through continual updates. Our agenda unfolds
along four research thrusts:

1. Repository-level KG with neural query planning: We
build a graph containing functions, classes, variables, tests,
and external APIs linked by call, import, define, and mutate
edges. A lightweight planner LM translates user instruc-
tions into a minimal sub-graph program that steers genera-
tion.

2. Dual static—-dynamic graphs: We augment static analysis
with runtime traces harvested from unit tests and automated
fuzzing. This paired {static, static+dynamic} representa-
tion captures actual object types, call sequences, and data
dependencies, reducing logical hallucinations by grounding
generation in observed runtime behaviors.

3. Schematic-constraint decoding: We cast signature and
type compliance as a constraint-satisfaction problem en-
forced during beam search, guaranteeing that emitted code
respects the KG schema.

4. Continual KG maintenance via agentic feedback: An
autonomous agent monitors repository changes and incre-
mentally updates the KG, ensuring the planner always rea-
sons over the latest code.

Contributions.
contributions:

Concretely, this paper makes the following

* We present the first end-to-end framework that unifies
repository-level KG construction, neural query planning,
and constraint-aware decoding for code generation.

* We introduce a dual static—dynamic graph representation
and show that it reduces logical hallucination by 31% on
a benchmark of 50 Python repositories.

* We propose a schematic-constraint decoding algorithm that
eliminates 52% of signature/type errors while adding negli-
gible decoding overhead.

* We release REPOKG-50, a curated corpus with aligned
{static, dynamic} graphs and oracle implementations, fos-
tering further research.

Paper organization. Section 2 reviews related work. Sec-
tion 3 formalizes the problem and hallucination taxonomy.
Section 4 provides methodology overview. Sections 5-8 detail
our four-stage architecture. Section 9 describes experimental
setup, Section 10 presents results, Section 11 discusses limita-
tions, and Section 12 concludes with future directions.

2 Related Work

Our work builds on substantial progress in neural code gener-
ation while addressing fundamental limitations in repository-
scale synthesis. We organize related work into three key areas
that inform SEMANTICFORGE’s design.

2.1 Neural Code Generation

Transformer-based language models have revolutionized auto-
mated code synthesis. Early work with GPT-based models [1]
demonstrated strong performance on isolated function gener-
ation tasks, leading to practical systems like GitHub Copilot
[6] and specialized models like CodeLlama [13]. These ap-
proaches excel at pattern completion and syntactic correctness
but struggle with repository-wide semantic consistency.
Recent advances have focused on incorporating structural
information into generation models. GraphCodeBERT [7] and
UniXcoder [8] encode data flow graphs and AST structures,
improving understanding of local code relationships. How-
ever, these models still operate at the function or file level with-
out persistent semantic representations of entire repositories.

2.2 Repository-Level Code Understanding

Traditional code generation models struggle with repository-
scale tasks that require understanding cross-file dependencies
and architectural constraints [5, 32]. Recent work has begun
addressing these challenges through three primary paradigms:
retrieval-augmented generation, agent-based iterative refine-
ment, and planning-based decomposition.

Retrieval-Augmented Approaches. RAG methods like
CodeRetriever [10] and RepoCoder [32] use embedding sim-
ilarity to identify relevant code snippets for generation con-
text. Advanced systems like RAG-Code [24] employ dense
embeddings with sophisticated reranking mechanisms. While
effective for local dependencies, these approaches fundamen-
tally rely on surface-level similarity and miss transitive rela-
tionships, type constraints, and architectural patterns that span
multiple modules. Our knowledge graph approach provides
explicit semantic relationships that pure retrieval cannot cap-
ture.

Agent-Based Iterative Systems. Recent systems like SWE-
agent [31] and CodeAgent [27] employ autonomous agents
that iteratively refine solutions through environmental feed-
back, test execution, and error correction. These approaches
can handle complex multi-step tasks and adapt to unexpected
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challenges through exploration. However, they suffer from
high computational costs (often requiring 10-50 iterations per
task), unpredictable latency, and lack of semantic guarantees.
In contrast, SEMANTICFORGE’s constraint-aware generation
often produces correct solutions in a single pass while provid-
ing formal correctness guarantees.

Planning-Based Decomposition. Planning systems like
CodePlan [21] decompose complex repository tasks into se-
quences of localized edits, enabling systematic handling of
multi-file modifications. While these approaches provide bet-
ter task organization than monolithic generation, they typically
lack the semantic consistency guarantees needed to prevent
constraint violations across edit boundaries. Our neural query
planner provides similar decomposition benefits but operates
at the semantic level, ensuring global consistency through con-
straint satisfaction.

2.3 Constraint-Aware Code Generation

Recent work has begun exploring constraint satisfaction in
neural code generation. TypeT5 [29] incorporates type in-
formation during fine-tuning to improve type correctness.
CODEGEN-MONO [18] specializes models for specific pro-
gramming languages to reduce basic syntactic errors.

More closely related to our approach, LEVER [17] employs
static analysis to verify generated code against basic type con-
straints. However, these approaches apply constraints as post-
processing filters rather than integrating verification into the
generation process itself. Our SMT-guided beam search pro-
vides stronger guarantees by ensuring constraint satisfaction
throughout decoding.

2.4 Knowledge Graphs for Code Understand-
ing

Knowledge graphs have shown promise for representing pro-

gram semantics. CodeKG [12] constructs knowledge graphs

from documentation and API references for improved code

search, while ProgramKG [28] builds graphs from execution

traces for debugging applications.

Our work differs significantly by constructing comprehen-
sive repository-scale knowledge graphs that integrate both
static analysis and dynamic execution information. Unlike
previous approaches that focus on specific applications, SE-
MANTICFORGE uses knowledge graphs as the central repre-
sentation for guiding neural code generation through explicit
semantic reasoning.

2.5 Positioning of SemanticForge

SEMANTICFORGE advances the state-of-the-art through four
key innovations that address fundamental limitations across all
existing paradigms:

Explicit Semantic Representation: Unlike RAG meth-
ods that rely on implicit embeddings or agent-based systems
that learn through trial-and-error, we construct comprehensive

knowledge graphs that explicitly capture repository-wide se-
mantics. This enables reasoning about transitive dependen-
cies, type propagation, and architectural constraints that are
invisible to surface-level similarity matching or iterative ex-
ploration.

Single-Pass Constraint-Guided Generation: = While
agent-based systems require multiple expensive iterations
and planning approaches often violate constraints across edit
boundaries, our SMT-guided beam search integrates constraint
satisfaction directly into generation. This provides stronger
correctness guarantees than post-processing verification while
achieving deterministic latency unlike iterative refinement ap-
proaches.

Learned Context Selection: Traditional retrieval uses fixed
similarity metrics, while agents explore contexts randomly.
Our neural query planner learns to identify task-relevant se-
mantic relationships, achieving the targeted context selection
of planning approaches with the efficiency of direct retrieval.

Dual Static-Dynamic Analysis: Previous approaches focus
primarily on static program structure or rely on runtime feed-
back loops. Our framework uniquely combines static analy-
sis with dynamic execution traces in a unified representation,
providing more complete semantic understanding than either
approach alone.

Comparative Advantages: Compared to agent-based sys-
tems, SEMANTICFORGE provides: (1) deterministic O(1) gen-
eration vs. unpredictable O(k) iterations, (2) formal constraint
guarantees vs. best-effort refinement, and (3) 10-50x lower
computational cost. Compared to planning approaches, we
provide: (1) global semantic consistency vs. local edit opti-
mization, (2) constraint satisfaction vs. post-hoc validation,
and (3) learned context selection vs. heuristic decomposition.
Compared to RAG methods, we offer: (1) explicit semantic
relationships vs. embedding similarity, (2) constraint-aware
generation vs. pattern matching, and (3) architectural under-
standing vs. local relevance.

These contributions enable SEMANTICFORGE to achieve
substantial improvements in repository-level code generation
while maintaining practical scalability and deterministic per-
formance for real-world deployment.

3 Problem Definition and Formaliza-
tion

This section formalizes the repository-level code generation
problem and provides precise definitions of the hallucination
phenomena that motivate our approach. We establish the math-
ematical framework that underpins our solution and analyze
the computational complexity of the problem space.

3.1 Repository-Level Code Generation

We define repository-level code generation as the task of syn-
thesizing code patches that integrate seamlessly with existing
codebases while respecting semantic constraints and architec-
tural invariants [5, 32]. Unlike isolated code generation, this
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problem requires understanding transitive dependencies, type -

propagation, and global consistency constraints that span mul- s| # Correct:

tiple files and modules. o

10

11

Formal Problem Statement. Given a repository R ‘
{f1, f2y. .., fn} consisting of source files, a natural language
instruction u, and an optional test suite 7, the goal is to syn-
thesize a code patch AR such that the updated repository
R’ =R U AR satisfies:

1. Functional Correctness: V¢t € T : execute(t,R') =
PASS

2. Semantic Consistency: compile(R’) = SUCCESS A
typecheck(R’) = SUCCESS

3. Behavioral Intent: satisfies(R’,u) = TRUE

4. Architectural Compliance: Ve

violates(R’, ¢) = FALSE

€ Carch

where C,., represents the set of architectural constraints de-
rived from the repository’s design patterns and conventions.

3.2 Hallucination Taxonomy

We formally categorize the systematic errors exhibited by cur-
rent LLM-based code generation systems into two primary
classes, each requiring distinct mitigation strategies.

Logical Hallucination. We define logical hallucination as
errors in program semantics that lead to functionally incorrect
code despite syntactic validity. Formally, a generated code se-
quence y exhibits logical hallucination if:

compile(y) = SUCCESS
ATt € T : execute(t,y) # expected(t)

O

Common manifestations include: 6

* Control Flow Errors: Incorrect loop bounds, missing
conditionals, wrong branching logic 8

9

* Data Flow Errors: Operating on wrong variables, incor-,
rect data transformations, missing state updates i

* API Misuse: Calling methods in wrong order, ignoringlz
return values, improper error handling "

is
Example: Consider implementing a cache eviction policy:

2| # Incorrect

# Instruction: "Remove oldest entries when

full" i
(Logical Hallucination):
sldef evict_if_full (self):

if len(self.cache)

cache is

>= gself.max_size:

# Wrong: removes newest instead of
oldest
self.cache.pop(list (self.cache.keys ()

) [-11)

def evict_if_ full (self):
if len(self.cache) >= self.max_size:
oldest_key = next (iter (self.cache))
self.cache.pop (oldest_key)

Schematic Hallucination. We define schematic hallucina-
tion as violations of type systems, function signatures, or struc-
tural constraints that prevent code from compiling or integrat-
ing correctly. Formally:

schematic_hallucination(y, G) = |{c € C(G) : violates(y,c)}| > 0
2
where C(G) is the set of constraints extracted from reposi-
tory knowledge graph G.
Categories include:

* Type Mismatches: Passing wrong types to functions, in-
compatible return types

* Signature Violations: Wrong parameter counts, missing
required arguments

* Scope Violations: Accessing private members, using un-
defined variables

e Import Errors: Missing imports, circular dependencies

Example: Consider adding authentication to an API end-
point:

| # Instruction:

2| # Incorrect (Schematic Hallucination):
i| Qapp.route (' /login’, methods=[’POST’])
def login():

»| @app.route (’ /login’,

"Add authentication check to
login endpoint"

# Wrong: authenticate_user takes (
username,
# but
if authenticate_user (request. json.get ('
username’) ) :
return {"status": "success"}

return {"status": "failed"}

password)

only username is provided

# Correct:

methods=["POST’ ])

def login():
username = request.json.get (’username’)
password = request.json.get ('password’)
if authenticate_user (username, password) :

return {"status": "success"}

return {"status": "failed"}

3.3 Complexity Analysis

We analyze the computational complexity of repository-level
code generation to establish theoretical bounds and justify our
architectural choices.
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Context Selection Complexity. For a repository with n
code entities and m dependency relationships, the naive ap-
proach of considering all possible context subsets has com-
plexity O(2"). Our neural query planner reduces this to
O(nlogn) through learned heuristics and graph-based prun-
ing.

Constraint Verification Complexity. Given k constraints
extracted from the knowledge graph, naive constraint check-
ing requires O(k - |y|) time for a generated sequence y. Our
incremental SMT-based approach achieves O(k+ |y|) through
state caching and incremental solving.

Graph Maintenance Complexity. For a code change AR
affecting |AR| entities in a repository of size n, full re-
analysis requires O(n?) time due to cross-reference resolu-
tion. Our incremental maintenance achieves O(|AR| - d -
log n) through dependency tracking and selective recomputa-
tion, where d is the maximum dependency depth.

3.4 Problem Hardness and Approximation

We establish the theoretical hardness of optimal repository-
level code generation and justify our approximation strategies.

Theorem 1 (Problem Hardness). The optimal repository-
level code generation problem, defined as finding the
minimum-cost code patch satisfying all constraints, is NP-
hard. We define the cost function as:

Cost(AR) = a - de(AR)
+ 6 pc(AR) +y- da(AR)

3)

where d. is the patch edit distance (number of lines changed),
pc 1s the constraint violation penalty, d, is the architectural
deviation score, and «, 3,y are weighting coefficients.

Proof Sketch: We reduce from the Boolean Satisfiabil-
ity Problem (SAT). Given a SAT instance with variables
z1,...,Z, and clauses cq, ..., ¢y, We construct a repository
where each variable corresponds to a code entity and each
clause corresponds to a constraint. Finding a satisfying as-
signment is equivalent to finding a valid code patch.

This hardness result motivates our use of approximation al-
gorithms and heuristic search strategies. Our neural query
planner provides a polynomial-time approximation, while the
SMT-based decoder ensures constraint satisfaction within the
feasible search space.

Approximation Quality. We define the approximation ratio
of our approach as:

. E[COSI(ARSF)]

P= E[Cost(AR*)] @

where ARgk is the solution produced by SEMANTICFORGE
and AR* is the optimal solution.

Empirical analysis on our benchmark suite shows p < 1.3
for most repository types, indicating that our solutions are
within 30% of optimal on average.

3.5 Solution Requirements

Based on the problem analysis, we identify four key require-
ments that any effective solution must address:

1. Semantic Awareness: The system must understand
repository-wide semantics, not just local patterns

2. Constraint Enforcement: Hard constraints must be sat-
isfied, not merely approximated

3. Scalability: The approach must handle repositories with
millions of lines of code

4. Adaptability: The system must evolve with the reposi-
tory to maintain accuracy

These requirements directly motivate the four-stage ar-
chitecture of SEMANTICFORGE, where each component ad-
dresses specific aspects of the problem complexity while main-
taining overall system coherence.

4 Methodology

Our aim is to inject explicit, executable semantics into the
code generation loop. By executable semantics, we mean a
repository-wide, queryable representation that links code en-
tities to their runtime behaviors and enforceable constraints,
allowing code generation to be guided by verifiable seman-
tics rather than pattern matching. SEMANTICFORGE there-
fore proceeds in two macro stages—graph construction and
graph-aware generation—underpinned by continual mainte-
nance. This section provides a comprehensive overview of our
four-stage architecture and establishes the mathematical foun-
dations for each component.

4.1 Framework Overview

Given a repository snapshot R = {f1,..., fjr|} consisting of
source files and accompanying tests, and a natural language
instruction u, our objective is to synthesize a code patch AR
such that the updated repository R’ = R U AR satisfies the
four requirements established in Section 3: functional correct-
ness, semantic consistency, behavioral intent, and architectural
compliance.

Figure 1 illustrates the complete SEMANTICFORGE
pipeline, showing how each stage addresses specific aspects
of the repository-level code generation problem:

Stage I: Repository Knowledge Graph Construction
(section 5). We construct a heterogeneous knowledge
graph G = (V,&) that explicitly encodes repository
semantics through static analysis and dynamic trace col-
lection. Each node v € V represents a code entity
with type 7(v) € {FUNC,CLASS, VAR, FILE, TEST, AP1},
while edges e = (v;,p,v;) € & capture relationships p €

{CALLS, DEFINES, IMPORTS, MUTATES, RETURNS, INSTANCEOF}.
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Figure 1: Complete architecture of the SEMANTICFORGE system. The pipeline consists of four integrated stages: (I) Reposi-
tory Knowledge Graph Construction combining static analysis and dynamic traces, (II) Neural Query Planner that transforms
instructions into graph queries, (III) Schematic-Constraint Decoder ensuring semantic correctness, and (IV) Continual Main-
tenance Agent for incremental updates. Each stage addresses specific aspects of the repository-level code generation problem

while maintaining overall system coherence.

Stage I1: Neural Query Planner (section 6). A neural net-
work 7y transforms natural language instructions into graph
queries that extract task-relevant context. Given instruction w,
the planner generates query ¢ = mg4(u) which retrieves sub-
graph G,, = Exec(q,G). The planner is trained via REIN-
FORCE [30] to maximize downstream code generation qual-
ity:

where R measures functional correctness and constraint satis-
faction.

Stage III: Schematic-Constraint Decoder (section 7). We
formulate code generation as constrained optimization, en-
suring generated code satisfies semantic constraints extracted
from G,,:

9 = arg max log Py(y | u,Gy) (6)

st. Cly,Gu) =10

where C returns violated constraints. We solve this through
SMT-guided beam search [4] that prunes constraint-violating
paths during generation.

Stage IV: Continual Maintenance Agent (section 8). An
autonomous agent monitors repository changes and incremen-
tally updates the knowledge graph to maintain semantic fi-
delity. The agent achieves O(|AR]| - d - logn) update com-
plexity through dependency tracking and selective recomputa-
tion, where |AR| is the number of modified entities, d is the
maximum dependency depth, and n is the repository size.

4.2 Design Rationale

Our architecture addresses the fundamental limitations of cur-
rent code generation systems through four key design princi-
ples:

Explicit Semantic Representation. Rather than relying on
implicit pattern matching, we construct an explicit knowledge
graph that captures repository semantics. This enables rea-
soning about transitive dependencies, type propagation, and
architectural constraints that are invisible to embedding-based
approaches.

Learned Context Selection. Instead of using fixed retrieval
strategies, we learn a neural query planner that adapts to repos-
itory structure and task requirements. This allows the system
to identify relevant context that spans multiple modules while
avoiding information overload.

Constraint-Aware Generation. We embed formal verifica-
tion directly into the generation process, ensuring that out-
put satisfies semantic constraints before emission. This elimi-
nates schematic hallucination at the source rather than requir-
ing post-hoc correction.

Continual Adaptation. Our maintenance agent ensures the
system evolves with the repository, maintaining accuracy as
code changes over time. This addresses the temporal mismatch
between training data and deployment environments.

4.3 Mathematical Foundations

We establish the mathematical framework that underlies each
system component:

Knowledge Graph Formalization. The repository knowl-
edge graph G approximates the ground-truth program depen-
dence graph G* by minimizing structural Hamming distance:

dsu(G,G") = VAV
INVYNA

(N
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where A denotes symmetric difference. Our dual static-
dynamic extraction strategy provides complementary approxi-
mations that converge to G* as test coverage increases.

Query Planning Optimization. The planner parameters ¢
are optimized to maximize expected code generation reward:

®)

¢* = arg mgx E(y,y)~D
[R (y, Exec(my (u), G))]

We use REINFORCE [30] with synthetic data warm-start and
contrastive learning on static-dynamic graph pairs.

Constraint Satisfaction. Our decoder enforces constraints
C extracted from the knowledge graph. Constraints are en-
coded as SMT formulas [4] that can be checked incrementally
during beam search. The constraint set includes:

* Type constraints: type(e) C expected_type(e)

* Signature constraints: arity(f) = |args(f)]

* Visibility constraints: accessible(v, scope)

* Architectural constraints: satisfies(pattern, design_rule)

This mathematical framework provides theoretical ground-
ing for our empirical results and enables principled analysis of
system behavior across different repository types and scales.

Comparison with Traditional Approaches. To illustrate
our innovation, consider a task requiring modification of a
data processing pipeline. A traditional RAG approach might
retrieve a localized code snippet containing the target func-
tion but miss cross-file dependencies or hidden imports, caus-
ing the generated patch to fail compilation. In contrast,
our knowledge graph approach resolves the full dependency
structure—including transitive imports, type constraints from
parent classes, and API contracts from external libraries—
and enforces these constraints during generation, ensuring the
patch integrates correctly without manual debugging. This
fundamental difference between surface-level retrieval and se-
mantic understanding drives our significant performance im-
provements.

5 Repository Knowledge Graph Con-
struction

Central to our approach is the construction of a repository-
level knowledge graph that captures both explicit structural re-
lationships and implicit semantic dependencies across an en-
tire codebase. Unlike traditional retrieval systems that treat
code as isolated text snippets, our graph representation enables
the model to reason about transitive dependencies, data flow
patterns, and runtime behaviors that are critical for generating
correct code.

Figure 2 illustrates the complete architecture of our knowl-
edge graph construction system. The design emphasizes both
comprehensiveness—capturing all relevant code semantics—
and efficiency—enabling real-time queries during code gen-
eration. The system processes source code through parallel
static and dynamic analysis pipelines, merges the results into
a unified heterogeneous graph, and provides multiple access
patterns optimized for different query types.

5.1 Motivation and Problem Formulation

Current LLM-based code generation systems suffer from a
fundamental limitation: they lack a holistic understanding of
repository semantics. When generating code for a function
that depends on multiple modules, the model must correctly
infer parameter types, understand side effects, and respect
invariants maintained across the codebase. Traditional ap-
proaches that rely on embedding similarity or keyword match-
ing often retrieve locally relevant but globally inconsistent
context, leading to the hallucination patterns we seek to elimi-
nate.

We address this by constructing a heterogeneous knowledge
graph G = (V, &) that explicitly encodes program semantics
at multiple levels of abstraction. Our goal is to approximate
the ground-truth program dependence graph G* that a perfect
static analyzer with complete runtime information would pro-
duce. We formalize this as minimizing the structural Hamming
distance:

dsu(G,G") = [VAVY|
+lEAET]

)

where A denotes the symmetric difference operator.

5.2 Graph Schema Design

Our graph schema is designed to capture the rich seman-
tics of modern software repositories while remaining com-
putationally tractable for large-scale analysis. Each node
v € V represents a distinct semantic entity with type 7(v) €
{FUNC, CLASS, VAR, FILE, TEST, AP1}. This typing system
enables targeted queries during the planning phase and ensures
that generated code respects architectural boundaries.

Edges in our graph encode diverse relationships through
labeled connections e = (v;,p,v;) € & where p €

{CALLS, DEFINES, IMPORTS, MUTATES, RETURNS, INSTANCEOF}.

These relations capture both syntactic dependencies (e.g.,
function calls) and semantic relationships (e.g., data muta-
tions) that are essential for understanding code behavior.
Beyond basic structure, each node and edge carries at-
tributes that encode additional semantic information. Func-
tion nodes store signature hashes, parameter types, and doc-
string embeddings. Variable nodes track scope, mutability
constraints, and inferred type bounds. These attributes enable
fine-grained constraint checking during the decoding phase.
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Figure 2: Overview of the Repository Knowledge Graph architecture. The system integrates static analysis (blue) and dynamic
trace collection (red) to construct a heterogeneous knowledge graph stored in Neo4j (green). A query API (purple) enables effi-
cient subgraph extraction, while distributed processing (orange) handles large-scale repositories. The incremental maintenance
agent ensures the graph remains synchronized with code changes.

5.3 Static Analysis Pipeline

Our static analysis pipeline leverages industrial-strength lan-
guage servers to extract comprehensive semantic informa-
tion from source code. For Python repositories, we employ
pylance [15] which provides type inference, cross-reference
resolution, and control-flow analysis. TypeScript projects uti-
lize t sserver [14] for similar capabilities with added sup-
port for generic type parameters and interface hierarchies. As
shown in the blue component of Figure 2, the static analy-
sis module operates as the primary source of structural infor-
mation, feeding AST-derived facts, inferred types, and cross-
references into the central knowledge graph.

The extraction process proceeds in multiple passes to ensure
completeness. First, we parse all source files to build abstract
syntax trees and extract top-level declarations. Second, we
perform whole-program analysis to resolve imports, identify
call sites, and track data dependencies. Third, we run type
inference to propagate type constraints and identify potential

type conflicts.

A key design decision is our incremental extraction strat-
egy. Rather than rebuilding the entire graph on each change,
we maintain a dependency index that tracks which nodes are
affected by file modifications. When a file changes, we re-
analyze only the modified file and its transitive dependents,
typically reducing extraction time by 90% compared to full re-
analysis. This incremental approach is critical for maintaining
responsiveness in interactive development environments.

To handle the complexity of modern codebases, we imple-
ment several optimizations. We cache parsed ASTs with con-
tent hashes to avoid redundant parsing. Cross-file references
are resolved lazily, deferring expensive whole-program analy-
sis until needed.

Hierarchical Extraction Strategy. For repositories exceed-
ing 100k lines of code, we employ a hierarchical extraction
strategy that first builds coarse-grained module-level graphs
before drilling down to function-level details. This approach
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reduces initial extraction time by 60% while preserving the
ability to progressively refine the graph as needed for specific
code generation tasks.

5.4 Dynamic Trace Augmentation

Static analysis, while powerful, cannot capture the full run-
time semantics of dynamically-typed languages. Polymorphic
functions, reflection-based dispatch, and runtime code gener-
ation all create blind spots that lead to incomplete graphs. To
address this, we augment our static graph with dynamic exe-
cution traces collected from test runs and targeted fuzzing.

Our dynamic analysis infrastructure instruments code exe-
cution to capture method invocations, parameter values, and
return types. For each executed function, we record concrete
type signatures, value distributions, and execution frequencies.
This runtime information is particularly valuable for resolving
ambiguous call sites where static analysis cannot determine
the target function. The red component in Figure 2 depicts
how dynamic traces complement static analysis by providing
concrete runtime semantics that are merged into the knowl-
edge graph, creating a dual static-dynamic representation.

We employ a two-pronged strategy for trace collection.
First, we execute the existing test suite with instrumentation
enabled, leveraging developer-written tests as a source of real-
istic execution patterns. Second, we apply lightweight fuzzing
to explore code paths not covered by tests. Our fuzzer gener-
ates inputs based on static type hints and docstring examples,
focusing on boundary conditions likely to reveal type errors.

The integration of static and dynamic information requires
careful design to avoid inconsistencies. We maintain separate
static and dynamic sub-graphs that share node identities but
may differ in edge sets. During planning, the model can query
either graph or their union, allowing it to leverage runtime in-
formation when available while falling back to static analysis
for untested code paths.

To manage the overhead of dynamic analysis, we implement
several optimizations. Trace collection uses sampling to re-
duce instrumentation cost for frequently-executed functions.
We compress trace logs using a streaming algorithm that pre-
serves type diversity while bounding memory usage. For large
test suites, we parallelize execution across multiple workers
and merge traces using a lock-free data structure.

5.5 Graph Storage and Query Infrastructure

Efficient storage and retrieval of graph data is critical for
system performance, particularly during the planning phase
where multiple candidate sub-graphs must be evaluated
rapidly. We implement our graph store using Neo4j [16],
a mature property graph database that provides ACID guar-
antees and efficient graph traversal algorithms. The storage
layer (green in Figure 2) maintains bidirectional synchroniza-
tion with the knowledge graph, persisting both structural re-
lationships and node/edge attributes while exposing a high-
performance query interface.

Our storage schema is optimized for the query patterns ob-
served in code generation tasks. We create indices on func-
tion signatures, file paths, and type annotations to enable sub-
millisecond lookup of relevant nodes. Edge traversal is op-
timized through careful placement of relationship properties
and use of Neo4j’s native graph storage format.

To support the planning module, we expose a high-level
query API that abstracts common graph operations. Queries
such as “find all functions that transitively call function X or
“retrieve all variables mutated by function Y are compiled to
efficient Cypher queries that leverage indices and avoid unnec-
essary graph traversal.

Multi-Layer Caching Strategy. We implement several
caching layers to further improve query performance. A
least-recently-used cache stores results of expensive multi-hop
queries. For frequently-accessed sub-graphs, we maintain ma-
terialized views that pre-compute transitive closures. These
optimizations reduce average query latency from 100ms to un-
der 10ms for typical planning operations, enabling real-time
interaction during code generation.

5.6 Scalability and Distributed Processing

As repositories grow to millions of lines of code, central-
ized graph construction becomes a bottleneck. We address
this through a distributed extraction pipeline that partitions
work across multiple machines while maintaining graph con-
sistency. The distributed processing component (orange in
Figure 2) coordinates parallel analysis across multiple work-
ers, enabling the system to scale linearly with repository size
while maintaining sub-second query response times.

Our distributed architecture follows a map-reduce pattern.
In the map phase, individual files are analyzed in parallel to
extract local graph fragments. The reduce phase merges these
fragments, resolving cross-file references and detecting con-
flicts. We use consistent hashing to ensure that related files
are processed by the same worker when possible, reducing the
communication overhead of reference resolution.

To handle repositories that exceed the memory capacity of
a single machine, we implement a graph partitioning scheme
based on module boundaries. Each partition maintains a sum-
mary of its external interfaces, allowing cross-partition queries
to be resolved without loading the entire graph. This approach
scales to repositories with over 10 million lines of code while
maintaining query latencies under 100ms.

5.7 Theoretical Analysis and Guarantees

We provide theoretical guarantees on the completeness and
soundness of our graph construction. For statically-typed lan-
guages with no reflection, our static analysis achieves com-
plete coverage of all syntactic dependencies. For dynamically-
typed languages, we prove that our combined static-dynamic
approach converges to the ground-truth graph as test coverage
approaches 100%.
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The time complexity of graph construction is O(nlogn) in
the number of code entities, dominated by the cost of type in-
ference and cross-reference resolution. Space complexity is
O(n + m) where m is the number of relationships, which is
typically O(n) for well-structured code but can be O(n?) in
pathological cases with excessive coupling.

Our incremental update algorithm maintains these complex-
ity bounds while providing strong consistency guarantees. We
prove that the incremental algorithm produces identical results
to full reconstruction while reducing average-case time com-
plexity to O(klogn) where k is the number of modified enti-
ties.

6 Neural Query Planner

The neural query planner serves as the critical bridge between
natural language instructions and the structured knowledge
graph, transforming user intent into precise graph queries that
extract exactly the context needed for accurate code genera-
tion. This component addresses a fundamental challenge in
repository-scale code generation: determining which subset
of the potentially millions of nodes and edges in the knowl-
edge graph are relevant to a specific coding task. Unlike tra-
ditional retrieval methods that rely on embedding similarity or
keyword matching, our planner learns to reason about code de-
pendencies, architectural patterns, and semantic relationships
to construct queries that capture both direct and transitive de-
pendencies necessary for generating correct code.

Figure 3 illustrates the complete architecture of our neu-
ral query planner, showcasing how natural language instruc-
tions flow through multiple processing stages to produce op-
timized graph queries. The design balances expressiveness—
supporting complex multi-hop queries with type constraints—
and efficiency—maintaining millisecond-scale latency even
for large repositories.

6.1 Motivation and Problem Formulation

Traditional code generation systems suffer from a critical limi-
tation in context selection. When asked to implement a feature
that touches multiple modules, these systems typically retrieve
code snippets based on surface-level similarity to the instruc-
tion, missing crucial dependencies, type constraints, and ar-
chitectural patterns. Recent work has begun to address this
limitation—for instance, the CoCoMIC framework [5] uses
the CCFinder tool to automatically retrieve cross-file con-
text, achieving approximately 33.94% improvement in exact
matches and 28.69% improvement in identifier matches. How-
ever, even these advances rely on syntactic similarity and fail
to capture semantic relationships and constraints. This leads
to generated code that may appear plausible locally but fails
to integrate correctly with the broader codebase. For exam-
ple, when implementing a new API endpoint, the model needs
not only the routing framework documentation but also the
specific authentication middleware, data models, validation
schemas, and error handling conventions used throughout the

repository.

We formulate the context selection problem as learning a
mapping from natural language instructions to graph queries
that maximize the likelihood of generating correct code. Given
an instruction u and the repository knowledge graph G, our
goal is to learn a query generation function 7y : U — Q pa-
rameterized by neural network weights ¢, where U is the space
of natural language instructions and Q is the space of valid
graph queries. The optimal parameters ¢* should satisfy:

¢* = arg m(fXE(u,y)N’D [P(y‘gua u)] (10)
where y is the correct code implementation, G, =
Exec(my(u),G) is the retrieved subgraph, and D is the dis-
tribution of coding tasks.

6.2 Neural Architecture for Query Generation

Our planner architecture builds upon the Flan-T5-Large model
[3], chosen for its strong performance on structured prediction
tasks and efficient inference characteristics. As shown in the
blue component of Figure 3, the model processes the natural
language instruction through multiple stages of transforma-
tion, ultimately producing a structured query in our domain-
specific query language. This language supports complex
graph traversals, including multi-hop relationships, type con-
straints, and aggregation operations.

The architecture consists of three main components work-
ing in concert. First, the instruction encoder transforms the
natural language input into a dense representation that cap-
tures both the explicit task description and implicit require-
ments. We augment the standard TS5 encoder with repository-
specific embeddings that encode information about the code-
base structure, commonly used patterns, and project-specific
terminology. This augmentation improves the model’s ability
to understand domain-specific terms and conventions that may
not appear in its pre-training data.

Second, the query decoder (shown in red in Figure 3) gener-
ates a sequence of query operations using a modified beam
search that ensures syntactic validity. Unlike standard se-
quence generation, our decoder must respect the grammar of
our query language and the schema of the knowledge graph.
We achieve this through constrained decoding, where at each
step, the set of valid next tokens is dynamically computed
based on the partial query and graph schema. This prevents
the generation of malformed queries and reduces the search
space significantly.

Third, the query optimizer (green component in Figure 3)
post-processes the generated query to improve execution ef-
ficiency. This component applies rule-based transformations
such as predicate pushdown, redundant traversal elimination,
and subquery merging. These optimizations are crucial for
maintaining low latency during the code generation process,
particularly for large repositories where naive query execution
could take seconds. The example query shown in the figure
demonstrates how a natural language request is transformed
into an optimized graph query that efficiently retrieves rele-
vant functions.

10
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Figure 3: Architecture of the Neural Query Planner. The system transforms natural language instructions through three main
components: an instruction encoder augmented with repository embeddings (blue), a constrained query decoder with beam
search (red), and a query optimizer for execution efficiency (green). The planner is trained using REINFORCE with multi-
objective rewards (orange), incorporates context-aware query expansion (purple), and employs performance optimizations in-
cluding semantic caching and predictive prefetching (teal). The generated queries are executed against the knowledge graph to
retrieve focused context subgraphs with O(n'/* - m) complexity.

6.3 Training Methodology

Training the query planner presents unique challenges due to
the lack of explicit supervision—we observe coding tasks and
their solutions but not the optimal graph queries that would
retrieve the necessary context. We address this through a com-
bination of reinforcement learning, synthetic data generation,
and contrastive learning, as illustrated by the orange training
component in Figure 3.

Our primary training objective uses REINFORCE [30] with
a carefully designed reward function that measures the quality
of generated code when using the retrieved context. Given an
instruction « and the corresponding ground-truth implementa-
tion y, we train the planner to maximize:

T () = Equmy (u) [R(Y, Gu) —
x log mg(glw)

b(w)] (11)

where R(y, G,,) is the reward obtained by generating code with

context G,,, and b(u) is a learned baseline that reduces vari-
ance.

The reward function combines multiple signals to encour-
age the retrieval of comprehensive yet focused context. The
primary component is the functional correctness of generated
code, measured through unit test execution. We also include
auxiliary rewards for type correctness, measured by static
analysis, and context efficiency, measured by the size of the
retrieved subgraph. This multi-objective formulation prevents
the planner from simply retrieving large portions of the graph,
which would slow down the decoder and potentially introduce
irrelevant information.

To address the cold start problem in reinforcement learning,
we generate synthetic training data through program analysis.
For each function in the repository, we analyze its dependen-
cies and generate natural language descriptions of hypothetical
modifications. These synthetic pairs provide initial supervi-
sion that helps the model learn the correspondence between

11
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task descriptions and relevant code regions. As training pro-
gresses, we gradually increase the proportion of real tasks, al-
lowing the model to adapt to the natural distribution of coding
instructions.

6.4 Context-Aware Query Expansion

A key innovation in our planner is context-aware query ex-
pansion (purple component in Figure 3), which automatically
augments user queries with additional constraints based on the
repository structure and coding patterns. When a user requests
a feature implementation, the planner not only retrieves the di-
rectly mentioned components but also identifies and includes
related artifacts that are commonly modified together.

This expansion process leverages learned repository-
specific patterns extracted during the knowledge graph con-
struction phase. For each repository, we identify common
modification patterns—sets of files, functions, and classes that
tend to change together. These patterns, encoded as graph mo-
tifs, guide the query expansion process. For instance, in a web
application, modifying a data model typically requires updates
to serializers, API endpoints, and test files. Our planner learns
to automatically include these related components in the re-
trieved context.

The expansion mechanism operates through a two-stage
process. First, the initial query generated from the user in-
struction retrieves a seed set of nodes. Second, we apply
learned expansion rules that add nodes based on structural
and semantic relationships. These rules are parameterized and
learned jointly with the main planner, allowing them to adapt
to repository-specific conventions. The expansion process is
bounded by a learned stopping criterion that balances compre-
hensiveness with computational efficiency.

6.5 Performance Optimizations

To meet the latency requirements of interactive code genera-
tion, we implement several performance optimizations in the
query planner, shown as the teal component in Figure 3. Query
execution must complete within milliseconds, even for repos-
itories with millions of nodes, to maintain a fluid user experi-
ence.

Our first optimization involves query result caching with se-
mantic deduplication. Many coding tasks within a repository
share similar context requirements—implementing new end-
points often requires the same base classes and utilities. We
maintain a cache of recent query results, indexed by both the
exact query and its semantic embedding. When a new instruc-
tion arrives, we first check if a similar query has been recently
executed. If found, we can either reuse the cached result di-
rectly or use it as a starting point for incremental expansion.

We also implement predictive prefetching based on user
interaction patterns. By analyzing the sequence of instruc-
tions within a coding session, we can anticipate likely fu-
ture queries and prefetch relevant subgraphs. This prediction
model, trained on historical interaction logs, achieves 73% ac-
curacy in predicting the next query type, allowing us to reduce

perceived latency by up to 40%.

For large repositories, we employ a hierarchical query exe-
cution strategy. Instead of executing queries against the entire
graph, we first identify relevant modules or packages using a
coarse-grained index. Queries are then executed within these
focused subgraphs, dramatically reducing the search space.
This approach is particularly effective for mono-repositories
where different sections of the codebase are largely indepen-
dent.

6.6 Theoretical Analysis

We provide theoretical guarantees on the convergence and
sample complexity of our training algorithm. Under mild
assumptions about the reward function and policy class, we
prove that our modified REINFORCE algorithm converges to
a local optimum with high probability.

Let H be the hypothesis class of policies representable by
our neural architecture. We show that with probability at least
1 — 6, after T training iterations:

J(¢r) = max J(¢)

PEH

log([H1/9)
o)

This bound indicates that the sample complexity scales log-
arithmically with the size of the hypothesis class and poly-
nomially with the desired accuracy. In practice, we observe
convergence within 10,000 training steps for typical repository
sizes.

We also analyze the computational complexity of query ex-
ecution. For a graph with n nodes and m edges, and queries
with maximum depth k, we prove that our optimized execu-
tion strategy achieves O(n'/* . m) time complexity in the
worst case, compared to O(n-m) for naive breadth-first traver-
sal. This improvement is crucial for maintaining interactive
response times on large repositories.

12)

7 Schematic-Constraint Decoder

The schematic-constraint decoder represents a fundamental
shift in how large language models generate code, moving
from unconstrained token prediction to semantically-aware
generation that respects the type system, API contracts, and
architectural invariants of the target codebase. This com-
ponent directly addresses the critical problem of schematic
hallucination—where generated code appears syntactically
correct but violates semantic constraints such as type compati-
bility, function signatures, or visibility rules. While prior work
has explored syntax-constrained decoding [20] and type-aware
generation [29], our approach uniquely integrates SMT-based
semantic verification directly into the beam search process.
By embedding formal verification techniques into decoding,
we ensure that generated code not only looks plausible but is
guaranteed to integrate correctly with the existing codebase.

12
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Figure 4: Architecture of the Schematic-Constraint Decoder. The system integrates Code-Llama-34B (blue) with an SMT
solver (red) through a novel beam search algorithm (purple). Constraint extraction (green) processes the context subgraph to
identify type, signature, visibility, and architectural constraints. Performance optimizations (orange) including state caching,
constraint preprocessing, and batch verification reduce overhead to under 6%. The decoder guarantees that all generated code
satisfies the extracted constraints while maintaining high likelihood under the language model.

Figure 4 presents the complete architecture of our
schematic-constraint decoder, illustrating how formal veri-
fication is seamlessly integrated into neural code genera-
tion. The design achieves a careful balance between con-
straint satisfaction—ensuring all generated code is semanti-
cally valid—and generation quality—maintaining the fluency
and idiomaticity expected from modern language models.

7.1 Motivation and Problem Formulation

Current code generation systems, even when provided with
relevant context, frequently produce code that violates fun-
damental programming constraints. These violations mani-
fest in multiple forms: calling functions with incorrect ar-
gument types, accessing private members from outside their
scope, using incompatible return types, or violating invari-
ants maintained by the codebase. Such errors are particularly
problematic in strongly-typed languages where type safety
is paramount, but they also occur in dynamically-typed lan-
guages where implicit contracts govern API usage.

The root cause of these failures lies in the fundamental mis-
match between how language models generate text and how
programming languages enforce constraints. Language mod-
els are essentially token-by-token predictors that rely on sta-
tistical patterns learned during training, without any mecha-
nism to ensure the generated sequence satisfies the formal re-
quirements of the programming language or the specific con-
straints of the target codebase. As demonstrated by AlphaCode
[11], even sophisticated LLM-based code generation systems
struggle with semantic errors, which remain a major challenge
despite achieving competitive performance on programming
contests. This leads to a frustrating user experience where gen-
erated code must be manually debugged and corrected, often
requiring deep understanding of the violated constraints.

We formulate the constrained code generation problem

as finding the most likely code sequence that satisfies all
schematic constraints extracted from the repository knowledge
graph. Formally, given a natural language instruction u, the
context subgraph G, retrieved by our planner, and a language
model Py, we seek:

§ = argmax log Py(y | u,G.) (13)
yey
subjectto  C(y,G,) =0 (14)

where ) is the space of valid code sequences and C(y, G,,)
returns the set of constraints violated by y given the repository
semantics encoded in G,,.

7.2 Constraint Extraction and Representation

The effectiveness of our decoder hinges on extracting compre-
hensive yet efficiently verifiable constraints from the reposi-
tory knowledge graph. These constraints capture the seman-
tic rules that govern valid code in the target codebase, rang-
ing from simple type compatibility to complex architectural
invariants.

We categorize constraints into four primary classes, each
requiring different verification strategies. Type constraints en-
sure that expressions have compatible types according to the
language’s type system and any repository-specific type defi-
nitions. These include basic type compatibility (e.g., passing
an integer where a string is expected), generic type instantia-
tion (e.g., ensuring List < T' > is instantiated with a concrete
type), and type coercion rules (e.g., implicit conversions be-
tween numeric types).

Signature constraints enforce that function and method calls
match their declared signatures. This encompasses arity con-
straints (correct number of arguments), parameter type con-
straints (each argument has the expected type), return type
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constraints (the function’s return value is used correctly), and
optional parameter handling (respecting default values and
keyword arguments).

Visibility constraints ensure that code respects access mod-
ifiers and scoping rules. These include access control (not
accessing private members from outside their class), module
boundaries (respecting public API surfaces), and dependency
constraints (not using symbols from unimported modules).

Architectural constraints capture repository-specific pat-
terns and invariants that go beyond language-level rules. Ex-
amples include design patterns (e.g., all database access must
go through a repository layer), resource management (e.g., all
file handles must be properly closed), and concurrency con-
straints (e.g., certain objects must only be accessed from spe-
cific threads).

For each constraint type, we develop efficient encoding
schemes that can be verified by our SMT solver. Type con-
straints are encoded as equality and subtyping relations in the
solver’s theory of algebraic datatypes. Signature constraints
become function applications with arity and type checking.
Visibility constraints are represented as reachability predicates
in the graph structure. Architectural constraints often require
custom predicates that capture domain-specific invariants.

7.3 SMT-Guided Beam Search

Our key innovation is the integration of an SMT (Satisfiability
Modulo Theories) solver directly into the beam search decod-
ing process. This allows us to prune invalid code paths early,
before they lead to constraint violations, while maintaining the
efficiency needed for interactive code generation.

The decoder operates on Code-Llama-34B, chosen for its
strong base performance on code generation tasks and its abil-
ity to leverage the context provided by our knowledge graph.
During decoding, we maintain k& beams representing the most
promising partial code sequences. Each beam carries not just
the generated tokens and their likelihood score, but also an
SMT solver state that tracks the constraints satisfied and vio-
lated by the partial sequence.

At each decoding step, the process unfolds as follows. First,
the language model proposes the next token for each beam
based on the instruction, context, and partial sequence. For
each proposed token, we update the SMT solver state by as-
serting new constraints introduced by the token. This might
include type constraints from variable assignments, signature
constraints from function calls, or visibility constraints from
member access.

The SMT solver then checks whether the updated state is
satisfiable. If the solver returns UNSAT, the proposed token
would lead to a constraint violation, and we prune this exten-
sion from consideration. If the solver returns SAT, the token is
valid, and we compute its score combining the language model
likelihood with any soft constraints or preferences encoded in
our system.

This incremental satisfiability checking is crucial for effi-
ciency. Rather than waiting until a complete sequence is gener-
ated to check constraints, we detect violations early and avoid

exploring infeasible paths. The incremental nature of mod-
ern SMT solvers allows us to efficiently maintain solver state
across decoding steps, reusing learned clauses and partial so-
lutions.

7.4 Optimizations for Real-Time Decoding

Integrating formal verification into neural decoding presents
significant computational challenges. Naive implementation
would introduce prohibitive latency, making the system un-
suitable for interactive use. We implement several optimiza-
tions that reduce the overhead to under 6% compared to un-
constrained decoding.

Our primary optimization involves solver state caching
across beams. Many beams share common prefixes and thus
common constraint sets. We maintain a trie data structure that
maps token sequences to solver states, allowing beams with
shared prefixes to reuse constraint checking results. This is
particularly effective when multiple beams explore variations
of the same code pattern.

We also implement constraint preprocessing to identify and
simplify constraint sets before invoking the SMT solver. Static
analysis of the context graph reveals constraints that are al-
ways satisfied or always violated regardless of the generated
code. We eliminate these constraints from the solver, reducing
the problem size. Additionally, we identify independent con-
straint sets that can be checked separately, enabling parallel
verification.

For type checking, we implement a lightweight type infer-
ence engine that handles common cases without invoking the
full SMT solver. Simple type compatibility checks, such as
primitive type matching or direct inheritance relationships, are
resolved using efficient graph lookups. Only complex cases
involving generic types, type unions, or custom type relations
require full SMT solving.

We further optimize by batching constraint checks across
multiple token proposals. Rather than invoking the solver
for each token individually, we collect multiple proposals and
check them in a single solver call using assumption literals.
This amortizes the solver invocation overhead and enables the
solver to share reasoning across related constraints.

7.5 Soft Constraints and Ranking

While hard constraints ensure correctness, soft constraints
guide the decoder toward idiomatic and maintainable code.
We incorporate repository-specific preferences learned from
the codebase analysis into our scoring function.

These soft constraints include coding style preferences (e.g.,
naming conventions, formatting patterns), API usage patterns
(e.g., preferred methods for common tasks), performance con-
siderations (e.g., avoiding expensive operations in hot paths),
and maintainability metrics (e.g., code complexity, coupling).

We integrate soft constraints through a modified beam scor-
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ing function:

score(y1:¢) = log Py(yu:¢ | u, Gu) 15)

+ Z)\isi(ylzt)

where s; are soft constraint scores and \; are learned weights
that balance language model likelihood with constraint satis-
faction.

The soft constraint scores are computed efficiently using the
same infrastructure as hard constraints but return continuous
values rather than binary satisfaction. This allows the decoder
to prefer idiomatic code while still maintaining the hard guar-
antee of constraint satisfaction.

7.6 Theoretical Guarantees and Complexity
Analysis

We provide formal guarantees on the correctness and com-
pleteness of our constrained decoding algorithm. Our main
theorem establishes that the decoder finds the optimal con-
strained solution when it exists.

Theorem 2 (Optimality). Given a finite beam width £, if
there exists a valid completion y* satisfying all constraints in
C, and y* is within the top-k completions at each prefix ac-
cording to Pp, then our algorithm returns § = y*.

The proof follows from the monotonicity of constraint
satisfaction—if a prefix violates a constraint, no extension can
satisfy it—combined with the optimality of beam search for
monotonic scoring functions.

We also analyze the computational complexity of our ap-
proach. Let n be the sequence length, k£ be the beam width,
|| be the vocabulary size, and C' be the constraint checking
time. The complexity of our algorithm is:

On-k-1%|-C) (16)

In practice, C is nearly constant due to incremental solving
and caching, making our approach only marginally slower than
unconstrained beam search. The empirical overhead of less
than 6% validates this analysis.

7.7 Integration with Repository Evolution

A unique challenge in repository-scale code generation is han-
dling evolving codebases where constraints change over time.
Our decoder seamlessly integrates with the continual mainte-
nance component to adapt to repository changes.

When the repository is updated, the knowledge graph main-
tenance agent identifies changed constraints and updates the
constraint database. The decoder’s constraint cache is selec-
tively invalidated for affected code regions, ensuring that fu-
ture generation respects the updated constraints. This incre-
mental update process maintains system responsiveness even
in actively developed repositories.

The decoder also provides feedback to the maintenance sys-
tem by logging constraint violations attempted during gener-
ation. This data reveals common patterns where developers

might expect different behavior, informing future improve-
ments to both the constraint extraction and the language model
fine-tuning processes.

Summary. Unlike prior syntax-constrained approaches that
focus on grammatical correctness [23], our schematic-
constraint decoder enforces semantic-level correctness by in-
tegrating SMT-based verification to guarantee adherence to
repository-specific type systems, API contracts, and architec-
tural rules. This fundamental advance from syntactic to se-
mantic constraint enforcement enables the dramatic reduction
in schematic hallucination demonstrated in our experimental
results.

8 Continual Knowledge Graph Main-
tenance

The continual maintenance agent represents the critical fourth
pillar of our framework, ensuring that the repository knowl-
edge graph remains synchronized with an evolving codebase
while preserving system responsiveness and correctness guar-
antees. Unlike traditional static analysis tools that require full
recomputation on each change, our maintenance system em-
ploys sophisticated incremental update strategies that achieve
sub-linear complexity with respect to repository size. This
component addresses the fundamental challenge of maintain-
ing semantic consistency in a dynamic environment where
code changes can invalidate previously extracted relationships,
introduce new dependencies, and alter the constraint landscape
that governs valid code generation.

8.1 Motivation and Problem Formulation

Software repositories are inherently dynamic entities, with de-
velopers continuously adding features, refactoring code, and
fixing bugs. Each modification potentially affects the seman-
tic relationships captured in our knowledge graph, creating a
cascade of updates that must be propagated efficiently to main-
tain system correctness. The naive approach of rebuilding the
entire graph on each change is computationally prohibitive for
large repositories, where full extraction can take minutes or
hours. Moreover, the temporal nature of development work-
flows demands that the system remain responsive during active
coding sessions, providing accurate context and constraints
even as the underlying codebase evolves.

We formalize the maintenance problem as follows. Let R
denote a software repository that evolves continuously over
time. The repository undergoes a sequence of modifications:

ARy, AR, ..., AR, (17)

where each modification AR; at time step ¢ represents a dis-
crete set of changes to the codebase, including:

¢ File additions (new classes, functions, or modules)

* File deletions (removed components)

15


Signal


Journal of Emerging Applied Artificial Intelligence (JEAAI)

* Code updates (refactoring, bug fixes, or feature modifica-
tions)

Our objective is to efficiently maintain an up-to-date knowl-
edge graph G; that accurately reflects the current repository
state. Formally, we express this as:

G = Fp(Ry)
t
where R; = Ro + Z AR;

i=1

(18)

In Equation 18, the components are defined as follows:

e Fg: The semantic extraction function that transforms
source code into knowledge graph representations

* Ro: The initial repository state at time ¢t = 0

* R;: The current repository state after applying all modi-
fications up to time ¢

* G;: The knowledge graph at time ¢, capturing all semantic
relationships in R,

The cumulative sum Zle AR; represents the aggregate ef-
fect of all repository changes from the initial state to the cur-
rent time.

The key insight enabling efficient maintenance is the princi-
ple of locality of change: most repository modifications AR;
affect only a small, localized portion of the dependency graph.
Rather than naively recomputing the entire knowledge graph
G, by applying F¢ to the complete repository R, we can iden-
tify and update only the affected graph regions. This targeted
approach preserves the majority of existing semantic relation-
ships while updating only those nodes and edges impacted by
the changes. By transforming the maintenance problem from
full recomputation to incremental refinement, we achieve dra-
matic reductions in computational overhead.

8.2 Change Detection and Impact Analysis

Our maintenance system begins with a sophisticated change
detection mechanism that monitors repository modifications at
multiple granularities. A file system watcher continuously ob-
serves the repository directory, capturing events such as file
creation, modification, deletion, and renaming. These low-
level events are aggregated and filtered to identify semantically
meaningful changes that require graph updates. The system
distinguishes between superficial modifications such as com-
ment changes or whitespace adjustments, which do not affect
program semantics, and substantial changes that alter function
signatures, class hierarchies, or dependency relationships.
The impact analysis component performs a two-phase de-
pendency computation to determine the scope of required up-
dates. In the first phase, we identify the direct impact set by
analyzing which graph nodes correspond to modified code en-
tities. This includes functions whose implementations have
changed, classes with altered member variables, and modules
with modified import statements. The second phase computes

the transitive impact set by following dependency edges to
identify all nodes that may be affected by the direct changes.
This transitive closure computation is optimized using our
graph indexing infrastructure, enabling rapid identification of
affected regions even in large codebases.

To minimize false positives in impact analysis, we employ
semantic differencing techniques that compare abstract syntax
trees rather than raw text. This approach correctly identifies
that renaming a local variable does not affect external depen-
dencies, while detecting that changing a function’s return type
requires updating all call sites. The semantic differencing al-
gorithm operates incrementally, reusing previously computed
AST representations and focusing analysis on modified sub-
trees.

8.3 Incremental Graph Update Algorithm

The core of our maintenance system is an incremental up-
date algorithm that efficiently propagates changes through the
knowledge graph while preserving consistency invariants. The
algorithm operates in three phases: invalidation, re-extraction,
and reconciliation. During invalidation, we remove all graph
elements that are potentially affected by the detected changes,
creating a consistent but incomplete graph state. The re-
extraction phase applies our standard analysis pipeline to the
modified code regions, generating fresh semantic information
for the affected areas. Finally, reconciliation merges the new
information with the existing graph, resolving conflicts and
updating cross-references.

A critical challenge in incremental updates is handling inter-
file dependencies that span the modification boundary. When
a function signature changes, all call sites across the repository
must be updated to reflect the new type constraints. Our algo-
rithm addresses this through a lazy propagation strategy that
defers expensive cross-file analysis until the affected informa-
tion is actually needed. This approach maintains correctness
while avoiding unnecessary computation for rarely-accessed
code regions.

The algorithm maintains several invariants that ensure graph
consistency throughout the update process. First, the graph
schema remains valid at all times, with proper node types and
edge labels. Second, all cross-references are bidirectional and
consistent, preventing dangling pointers or orphaned nodes.
Third, the constraint extraction process produces deterministic
results, ensuring that identical code always generates identical
constraints regardless of the update path.

8.4 Rollback and Recovery Mechanisms

To guard against faulty updates that could corrupt the knowl-
edge graph or introduce inconsistencies, our maintenance
system implements a comprehensive rollback and recovery
framework. We maintain a sliding window of the three most
recent graph versions, enabling rapid recovery from problem-
atic updates. Each version is stored as a compact delta against
the previous state, minimizing storage overhead while preserv-
ing the ability to reconstruct any recent graph configuration.
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The rollback mechanism is triggered by several conditions
that indicate potential corruption or inconsistency. Schema
validation failures, where the updated graph violates struc-
tural invariants, automatically initiate rollback to the most re-
cent valid state. Performance degradation, measured by query
response times exceeding predetermined thresholds, suggests
that the update may have introduced inefficient graph struc-
tures. Additionally, explicit user feedback indicating incorrect
code generation behavior can trigger manual rollback proce-
dures.

Recovery procedures are designed to be minimally disrup-
tive to ongoing development activities. When a rollback oc-
curs, the system temporarily operates using the previous graph
version while re-analyzing the problematic changes in the
background. This approach ensures that developers can con-
tinue working without interruption while the maintenance sys-
tem resolves the underlying issues. Once the re-analysis com-
pletes successfully, the system seamlessly transitions to the
corrected graph state.

8.5 Schema Evolution and Adaptation

As the repository evolves, new coding patterns and architec-
tural decisions may emerge that require corresponding updates
to our maintenance strategies and graph schema. Our main-
tenance system continuously monitors for structural changes
that indicate the need for schema evolution or update strat-
egy refinement. The appearance of new relation types, such
as novel design patterns or framework-specific dependencies,
triggers incremental updates to the graph schema and extrac-
tion rules to incorporate these patterns.

The adaptation process employs a conservative update strat-
egy that preserves existing graph structure while incorporating
new semantic relationships. We extend our extraction rules to
handle the newly discovered patterns, augmenting the existing
schema rather than replacing it. This approach prevents loss
of existing semantic information while enabling the graph to
capture evolving repository characteristics. The schema evo-
lution process is performed asynchronously during periods of
low system activity, ensuring that adaptation does not interfere
with interactive code generation.

To validate the effectiveness of schema adaptations, we
maintain a comprehensive test suite that verifies the correct-
ness of extracted relationships and constraints. After each
adaptation cycle, we validate the updated extraction rules
against this test suite to ensure that new patterns are correctly
captured without degrading existing extractions. This valida-
tion process also helps identify cases where the adaptation may
have degraded extraction quality for existing patterns, trigger-
ing additional refinement to restore optimal behavior.

8.6 Performance Optimization and Scalability

Maintaining real-time responsiveness during repository up-
dates requires careful attention to performance optimization
and scalability considerations. Our maintenance system em-
ploys several strategies to minimize update latency and com-

putational overhead. Parallel processing enables simultaneous
analysis of multiple modified files, leveraging multi-core ar-
chitectures to reduce wall-clock update times. The system au-
tomatically adjusts the degree of parallelism based on available
computational resources and the scope of detected changes.

Caching strategies play a crucial role in maintaining per-
formance as repositories grow in size. We cache intermedi-
ate analysis results such as parsed ASTs, resolved imports,
and type inference outcomes, enabling rapid recomputation
when only portions of a file have changed. The cache em-
ploys content-based addressing using cryptographic hashes,
ensuring that cached results remain valid across different up-
date scenarios. Cache eviction policies balance memory usage
with hit rates, prioritizing frequently-accessed and recently-
computed results.

For extremely large repositories that exceed the capacity of
single-machine processing, our maintenance system supports
distributed update processing. The repository is partitioned
into loosely-coupled modules that can be analyzed indepen-
dently, with cross-module dependencies resolved through a co-
ordination protocol. This distributed approach enables linear
scalability with repository size while maintaining the consis-
tency guarantees required for correct code generation.

8.7 Integration with Development Workflows

The maintenance system is designed to integrate seamlessly
with common development workflows and toolchains. Git
hooks enable automatic graph updates on commit operations,
ensuring that the knowledge graph remains synchronized with
the repository state. Continuous integration pipelines can in-
corporate graph validation steps that verify consistency be-
fore merging pull requests. IDE integrations provide real-time
feedback on the impact of code changes, helping developers
understand how their modifications affect the broader code-
base structure.

For collaborative development environments, the mainte-
nance system supports distributed operation across multiple
developer workstations. Each developer maintains a local
graph replica that is synchronized with a central repository
through efficient delta propagation protocols. This approach
enables offline development while ensuring that all team mem-
bers have access to consistent semantic information. Conflict
resolution mechanisms handle cases where concurrent mod-
ifications affect overlapping code regions, employing merge
strategies that preserve semantic correctness.

The system also provides comprehensive monitoring and
observability features that enable development teams to un-
derstand the health and performance of their knowledge graph
infrastructure. Metrics such as update latency, cache hit rates,
and constraint violation frequencies provide insights into sys-
tem behavior and help identify optimization opportunities.
Alerting mechanisms notify administrators of potential issues
such as excessive update times or consistency violations, en-
abling proactive maintenance and troubleshooting.

17


Signal


Journal of Emerging Applied Artificial Intelligence (JEAAI)

8.8 Theoretical Guarantees and Complexity
Analysis

We provide formal guarantees on the correctness and effi-
ciency of our incremental maintenance algorithm. Our main
theorem establishes that the incremental update procedure pro-
duces results identical to full re-extraction while achieving su-
perior computational complexity.

Theorem 3 (Incremental Correctness). For any sequence
of repository modifications AR, ..., AR, the incrementally
maintained graph G is semantically equivalent to the graph
Gl obtained by full re-extraction: Gin® = Gfull,

The proof relies on the monotonicity of our semantic extrac-
tion functions and the correctness of our dependency analysis.
Since each update operation preserves the semantic relation-
ships encoded in the graph, the final result is independent of
the update sequence.

We also analyze the computational complexity of incre-
mental updates. Let n be the total number of entities in the
repository, |AR| be the number of modified entities, and d be
the maximum dependency depth. Our incremental algorithm
achieves time complexity of O(|AR| - d - log n), compared to
O(n - logn) for full re-extraction. In practice, |AR| < n for
typical development workflows, resulting in substantial per-
formance improvements. The logarithmic factors arise from
graph indexing operations and dependency resolution, which
are necessary for maintaining consistency guarantees.

Space complexity analysis reveals that our maintenance sys-
tem requires O(n + m) storage for the primary graph plus
O(]AR| - v) additional space for the rollback window, where
m is the number of edges and v is the number of versions
maintained. This linear space requirement ensures scalability
to large repositories while providing robust recovery capabili-
ties.

9 Experimental Setup

This section describes our comprehensive experimental
methodology designed to evaluate SEMANTICFORGE across
multiple dimensions: functional correctness, hallucination re-
duction, computational efficiency, and scalability. We estab-
lish rigorous evaluation protocols that address the unique chal-
lenges of repository-level code generation assessment.

9.1 Dataset Construction

We introduce REPOKG-50, a curated benchmark specifically
designed for repository-level code generation evaluation. The
dataset addresses critical limitations of existing benchmarks
that focus on isolated function synthesis rather than repository-
scale integration challenges.

Repository Selection Criteria. We select 50 high-quality
Python repositories from GitHub based on the following cri-
teria: (1) Repository size between 10K-500K lines of code to

ensure meaningful complexity while maintaining experimen-
tal tractability; (2) Comprehensive test suites with ;80% cov-
erage to enable reliable dynamic analysis; (3) Active devel-
opment with ;100 commits in the past year to ensure modern
coding practices; (4) Diverse domains including web frame-
works, data processing, machine learning, and system utilities;
(5) Clear architectural patterns and documentation to facilitate
ground truth validation.

Task Generation Methodology. For each repository, we
generate coding tasks through three complementary ap-
proaches:

Historical Analysis: We analyze commit histories to iden-
tify real development tasks that required multi-file modifica-
tions. We extract the commit message as the natural language
instruction and the diff as the ground truth implementation.
This yields 1,247 authentic tasks with natural complexity dis-
tribution.

Synthetic Task Generation: We develop an automated task
generator that creates instructions requiring specific types of
repository knowledge. Tasks include: API extension (adding
new endpoints with proper authentication), refactoring (ex-
tracting common functionality), bug fixing (correcting logic
errors while maintaining interface compatibility), and feature
integration (adding functionality that spans multiple modules).
This produces 2,156 controlled tasks with known difficulty
characteristics.

Developer-Authored Tasks: We engage 12 experienced de-
velopers to manually create challenging tasks that represent
realistic development scenarios. Each developer contributes
25-30 tasks per repository subset, resulting in 847 high-quality
tasks with detailed solution explanations.

Ground Truth Construction. Each task includes: (1) Nat-
ural language instruction following template guidelines to en-
sure clarity and consistency; (2) Complete reference imple-
mentation verified through automated testing and manual re-
view; (3) Semantic annotations identifying required repository
knowledge (which functions must be understood, which con-
straints must be satisfied); (4) Difficulty ratings based on re-
quired context size and constraint complexity; (5) Expected
hallucination types based on common failure patterns.

Dataset Statistics. REPOKG-50 contains 4,250 total tasks
across 50 repositories representing 1.2M lines of code. Tasks
span multiple difficulty levels: 35% beginner (single-file
modifications), 45% intermediate (multi-file with local de-
pendencies), 20% advanced (complex architectural changes).
The dataset includes comprehensive metadata enabling fine-
grained analysis of system performance across different task
characteristics.

9.2 Evaluation Metrics

We establish a multi-dimensional evaluation framework that
captures both functional correctness and the specific halluci-
nation phenomena targeted by our approach.
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Functional Correctness Metrics.

» Pass@k: Fraction of tasks where at least one of the top-
k generated solutions passes all test cases. We report
Pass@1, Pass @5, and Pass@ 10 to capture both precision
and recall characteristics.

Test Pass Rate: Average percentage of test cases passed
across all generated solutions, providing a more nuanced
view of partial correctness.

» Compilation Success Rate: Percentage of generated so-
lutions that compile without errors, indicating basic syn-
tactic correctness.

Integration Success Rate: Percentage of solutions that
successfully integrate with the existing codebase without
breaking existing functionality.

Hallucination-Specific Metrics.

* Logical Hallucination Rate (LHR): Percentage of gen-
erated solutions that compile but fail functional tests

due to incorrect program logic. Computed as: LHR =
# compilable but failing solutions
# total solutions

* Schematic Hallucination Rate (SHR): Percentage of
solutions that violate type, signature, or architectural

constraints. Measured through static analysis: SHR =
# solutions with constraint violations
# total solutions

* Constraint Violation Frequency: Detailed breakdown
of specific constraint types violated (type mismatches,
signature errors, visibility violations, architectural incon-
sistencies).

* Hallucination Severity: Classification of errors by re-
quired effort to fix (trivial: 1-line fix, moderate: 2-10
lines, severe: > 10 lines or architectural changes).

Code Quality Metrics.

* Maintainability Index: Composite metric based on cy-
clomatic complexity, lines of code, and Halstead metrics.

» Style Consistency: Adherence to repository-specific
coding conventions measured through automated linters.

» API Usage Appropriateness: Correctness of library and
framework usage patterns based on repository-specific
guidelines.

* Documentation Quality: Presence and quality of gener-
ated comments and docstrings.

Efficiency Metrics.

* Generation Latency: End-to-end time from instruction
to generated code, broken down by pipeline stage.

* Context Retrieval Time: Time required for query plan-
ning and subgraph extraction.

¢ Constraint Solving Overhead: Additional time intro-
duced by SMT-based constraint checking.

* Memory Usage: Peak memory consumption during gen-
eration, including knowledge graph storage.
9.3 Baseline Systems

state-of-the-art
and relevant

We compare SEMANTICFORGE against
repository-level code generation systems
baselines across different paradigms.

Neural Baselines.

* Code-Llama-34B: Direct application of the base lan-
guage model with repository context provided through
retrieval-augmented generation.

e StarCoder-15B: Code-specialized model with similar
context augmentation strategy.

* GPT-4-Code: Commercial state-of-the-art system with
repository context through prompt engineering.

Repository-Aware Systems.

* RepoCoder: Recent system using graph neural networks
for repository understanding with traditional beam search
generation.

e CodePlan: Planning-based approach that decomposes
repository tasks into sequential modifications.

* RAG-Code: Advanced retrieval system using dense em-
beddings and reranking for context selection.

Graph-Based Approaches.

* GraphCodeBERT: Pre-trained model with explicit data
flow graph encoding.

e UniXcoder: Multi-modal approach combining code,
AST, and comment information.

¢ CodeT5+: Encoder-decoder model with structural code
understanding capabilities.

Baseline Fairness Considerations. To ensure fair compar-
ison, we implement several strategies to maximize baseline
system performance and isolate the contribution of our spe-
cific innovations:

Enhanced RAG Baselines: We strengthen retrieval-
augmented baselines by: (1) implementing state-of-the-art
dense retrieval with CodeBERT embeddings, (2) adding so-
phisticated reranking mechanisms with cross-encoder models,
(3) optimizing context window utilization with intelligent trun-
cation strategies, and (4) providing equivalent computational
budgets (same GPU time allocation). This ensures that im-
provements are due to semantic understanding rather than en-
gineering effort.
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Agent-Based System Optimization: For agent-based
baselines (SWE-agent), we: (1) optimize iteration limits and
termination criteria for fair latency comparison, (2) provide ac-
cess to the same repository context as SEMANTICFORGE (3)
implement advanced tool usage patterns documented in recent
literature, and (4) tune hyperparameters on a held-out valida-
tion set to maximize performance.

Planning System Enhancement: CodePlan and similar
systems receive: (1) access to the same static analysis infras-
tructure used in SEMANTICFORGE (2) optimized task de-
composition strategies, (3) equivalent context selection mech-
anisms where applicable, and (4) implementation of recent al-
gorithmic improvements from the literature.

Infrastructure Standardization: All systems operate un-
der identical conditions: (1) same hardware configuration
and memory limits, (2) equivalent model sizes where possi-
ble (34B parameters for neural components), (3) standardized
preprocessing and postprocessing pipelines, and (4) identical
timeout limits and resource constraints.

Ablation Variants.
tem component:

To isolate the contribution of each sys-

* SEMANTICFORGE-Static: Using only static analysis
without dynamic traces, but maintaining all other opti-
mizations.

* SEMANTICFORGE-NoCons: Removing constraint en-
forcement from the decoder while preserving knowledge
graph infrastructure.

* SEMANTICFORGE-NoPlanner: Using BM25-based re-
trieval optimized with repository-specific term weighting
instead of neural query planning.

* SEMANTICFORGE-NoMaint: Without continual main-
tenance, using stale graphs from repository snapshots 30
days prior.

* SEMANTICFORGE-Oracle: Upper bound experiment
using manually curated context to isolate generation vs.
planning contributions.

9.4 Implementation Details

Model Configuration. We instantiate SEMANTICFORGE
with Flan-T5-Large (770M parameters) for query planning
and Code-Llama-34B for code generation. The planner uses
512-dimensional hidden states with 8 attention heads. The de-
coder employs beam search with width k=5 and incorporates
our SMT-based constraint checking at each step.

Training Configuration. Query planner training uses RE-
INFORCE with learning rate Se-5, batch size 32, and exponen-
tial reward discounting (v = 0.95). We employ a learned base-
line network to reduce variance. Synthetic data warm-start
involves 10,000 generated instruction-query pairs per repos-
itory. Dynamic-static contrastive learning uses margin loss
with a = 0.1.

Infrastructure Requirements. Knowledge graph extraction
runs on 8-core Intel Xeon processors with 64GB RAM, pro-
cessing each repository in approximately 5-15 seconds de-
pending on size. Neural components require NVIDIA A100
GPUs with 40GB memory. The system maintains < 10ms
query response times for repositories up to SO0K lines of code.

Constraint Solver Configuration. We use Z3 SMT solver
with incremental solving enabled. Constraint types include:
first-order logic for type relationships, uninterpreted functions
for API contracts, and custom theories for architectural pat-
terns. Solver timeout is set to 100ms per beam step to maintain
generation responsiveness.

9.5 Human Evaluation Protocol

To complement automated metrics, we conduct comprehen-
sive human evaluation focusing on aspects difficult to capture
through automated assessment.

Evaluator Selection and Training. We recruit 18 profes-
sional software developers with 3+ years of experience in
Python development. Evaluators undergo training on our as-
sessment criteria and complete practice evaluations to ensure
consistency. Inter-rater agreement is measured using Fleiss’
kappa, achieving x = 0.73 indicating substantial agreement.

Evaluation Dimensions.

* Code Quality: Overall assessment of generated code
quality on a 5-point Likert scale considering readability,
maintainability, and adherence to best practices.

 Integration Appropriateness: How well the generated
code fits with existing repository architecture and con-
ventions.

e Error Analysis: Detailed categorization of errors with
difficulty estimates for manual correction.

* Preference Ranking: Comparative evaluation where
evaluators rank solutions from different systems for the
same task.

Evaluation Procedure. Each evaluator assesses solutions
for 25 randomly sampled tasks across different difficulty lev-
els. Solutions are presented in randomized order with system
identities masked. Evaluators have access to the full repository
context and task description. The evaluation interface provides
guided prompts to ensure comprehensive assessment.

9.6 Cross-Repository Generalization Analysis

To assess the generalizability of SEMANTICFORGE across di-
verse codebases, we conduct comprehensive cross-repository
evaluation that goes beyond standard within-repository valida-
tion.
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Repository Clustering and Stratification. We cluster our
50 repositories into 5 groups based on architectural character-
istics: (1) Web frameworks with MVC patterns, (2) Data pro-
cessing pipelines with functional patterns, (3) Object-oriented
libraries with inheritance hierarchies, (4) Scientific computing
with numerical patterns, and (5) System utilities with proce-
dural patterns. This clustering enables analysis of how archi-
tectural diversity affects system performance.

Cross-Repository Training and Testing. We implement
a leave-one-cluster-out evaluation protocol where the query
planner is trained on repositories from 4 clusters and tested
on the held-out cluster. This evaluates whether semantic pat-
terns learned from one architectural style generalize to differ-
ent coding paradigms. We repeat this process for all 5 clusters
to obtain robust generalization estimates.

Knowledge Transfer Analysis. We measure how effec-
tively knowledge graphs from source repositories can boot-
strap performance on target repositories with different charac-
teristics. This includes: (1) semantic pattern overlap analysis
using graph isomorphism metrics, (2) constraint transferability
assessment across different architectural styles, and (3) adap-
tation time measurement for new repository integration.

Domain Adaptation Protocols. For each target repository,
we evaluate: (1) zero-shot performance using knowledge
graphs from other domains, (2) few-shot adaptation with 10-50
target domain examples, and (3) full adaptation with complete
target repository analysis. This protocol reveals the minimum
adaptation requirements for practical deployment.

9.7 Statistical Analysis

We employ rigorous statistical methods to ensure the reliabil-
ity and significance of our experimental results across both
within-repository and cross-repository settings.

Significance Testing. We use paired t-tests for comparing
system performance on the same task set, with Bonferroni cor-
rection for multiple comparisons. Effect sizes are reported us-
ing Cohen’s d to assess practical significance. Bootstrap confi-
dence intervals (95%) provide robust uncertainty estimates for
all reported metrics. For cross-repository analysis, we employ
mixed-effects models to account for repository-level cluster-
ing.

Cross-Validation Protocols. We employ three complemen-
tary validation strategies: (1) 5-fold cross-validation at the
repository level to ensure results generalize across different
codebases within the same architectural family, (2) leave-one-
cluster-out validation to assess cross-architectural generaliza-
tion, and (3) temporal validation using repository snapshots
from different time periods to evaluate robustness to codebase
evolution.

Generalization Metrics. We introduce several metrics to
quantify cross-repository generalization: (1) Architectural
Transfer Coefficient measuring performance retention across
different design patterns, (2) Semantic Overlap Index quan-
tifying knowledge graph similarity between repositories, and
(3) Adaptation Efficiency measuring the rate of performance
improvement during domain adaptation.

Fairness Considerations. We analyze system performance
across different repository characteristics (size, domain, com-
plexity, programming paradigm) to identify potential biases.
Statistical parity metrics ensure that performance differences
are not systematically related to repository metadata rather
than actual task difficulty. We also assess whether certain ar-
chitectural patterns or coding styles receive disproportionate
benefit from our approach.

This comprehensive experimental framework enables thor-
ough evaluation of SEMANTICFORGE while establishing re-
producible benchmarks for future research in repository-level
code generation.

10 Results and Analysis

This section presents comprehensive experimental re-
sults demonstrating SEMANTICFORGE’s effectiveness in
repository-level code generation. Our evaluation reveals
significant improvements in functional correctness, dramatic
reductions in both logical and schematic hallucination, and
practical scalability for real-world deployment.

10.1 Overall Performance Results

Table 1 summarizes the performance of SEMANTICFORGE
compared to state-of-the-art baselines across our core metrics
on the REPOKG-50 benchmark.

SEMANTICFORGE achieves substantial improvements
across all metrics: 18.1% absolute improvement in Pass@1
over the strongest baseline (CodePlan), 52% reduction in
schematic hallucination rate compared to GPT-4-Code, and
31% reduction in logical hallucination rate. These im-
provements demonstrate the effectiveness of our knowledge
graph-guided approach for repository-level code generation.

Statistical Significance. All performance improvements are
statistically significant (p < 0.001) using paired t-tests with
Bonferroni correction. Effect sizes (Cohen’s d) range from
0.82 to 1.47, indicating large practical significance. Bootstrap
confidence intervals confirm robustness across different repos-
itory samples.

10.2 Component Ablation Analysis

We conduct a systematic component ablation study to isolate
the contribution of each SEMANTICFORGE component and
validate our architectural design decisions. This analysis is
crucial for understanding which innovations provide the most
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Table 1: Overall performance comparison on REPOKG-50. Best results in bold, second-best underlined. Statistical significance

(p < 0.05) marked with *.

Svstem Functional Correctness Hallucination Rates Efficiency

y Pass@1 Pass@5 Pass@10 | LHR | SHR | Latency (s) Memory (GB)
Code-Llama-34B 34.2% 52.8% 61.4% 42.1% 38.7% 2.3 12.4
StarCoder-15B 29.8% 48.2% 55.9% 45.3% 41.2% 1.8 8.2
GPT-4-Code 41.7% 63.2% 71.8% 35.4% 29.3% 4.1 -
RepoCoder 38.9% 58.4% 67.1% 38.7% 32.1% 3.2 15.8
CodePlan 42.3% 61.9% 70.4% 33.8% 31.5% 5.7 18.3
RAG-Code 40.1% 59.7% 68.3% 36.2% 30.8% 2.9 14.1
GraphCodeBERT 35.7% 54.3% 63.2% 40.3% 35.9% 2.1 11.7
UniXcoder 37.4% 56.8% 65.5% 38.9% 33.4% 24 13.2
CodeT5+ 39.2% 58.1% 66.7% 37.1% 32.7% 2.6 14.5
SEMANTICFORGE \ 49.8%* T1.4%* 79.3%* | 23.1%* 14.7%%* 24 13.9

Table 2: Detailed component ablation results with statistical significance testing. All differences vs. full SEMANTICFORGE are

statistically significant (p < 0.001).

Configuration \ Pass@1

Pass@5

Pass@10 | LHR SHR

SEMANTICFORGE (Full) 49.8 %

71.4%

79.3% 23.1% 14.7%

42.5% (-7.3%)
40.9% (-8.9%)
43.6% (-6.2%)
45.7% (-4.1%)

SEMANTICFORGE-Static
SEMANTICFORGE-NoCons
SEMANTICFORGE-NoPlanner
SEMANTICFORGE-NoMaint

64.1% (-7.3%)
62.3% (-9.1%)
65.7% (-5.7%)
67.8% (-3.6%)

35.5% (+12.4%)
25.8% (+2.7%)
28.4% (+5.3%)
24.7% (+1.6%)

16.2% (+1.5%)
31.2% (+16.5%)
18.9% (+4.2%)
16.1% (+1.4%)

71.8% (-7.5%)
70.1% (-9.2%)
73.9% (-5.4%)
75.6% (-3.7%)

35.2% (-14.6%)
34.2% (-15.6%)

Static + NoCons
Base Code-Llama

56.8% (-14.6%)
52.8% (-18.6%)

38.9% (+15.8%)
42.1% (+19.0%)

34.7% (+20.0%)
38.7% (+24.0%)

64.3% (-15.0%)
61.4% (-17.9%)

significant benefits and guides future development priorities.
As shown in Figure 5, each component contributes meaning-
fully to overall system performance with minimal computa-
tional overhead. The dramatic impact of constraint enforce-
ment on schematic hallucination rates and the dual analysis
benefits for logical hallucination demonstrate the effectiveness
of our integrated approach.

Dual Static-Dynamic Analysis Impact. The comparison
between SEMANTICFORGE and SEMANTICFORGE-Static re-
veals that dynamic trace augmentation provides substantial
benefits: 7.3% improvement in Pass@1 and 12.4% reduction
in logical hallucination rate. This validates our hypothesis that
runtime information captures semantic relationships invisible
to static analysis alone. The effect is particularly pronounced
for repositories with polymorphic code patterns where static
analysis cannot resolve call targets.

Deep Analysis: Dynamic traces provide the most benefit
for data processing repositories (9.2% improvement) where
method dispatch is often data-dependent, and least benefit for
system utilities (4.1% improvement) where control flow is typ-
ically explicit. This pattern supports our theoretical framework
that dynamic analysis helps most when static analysis is fun-
damentally limited.

Constraint Enforcement Critical Value. Removing SMT-
guided constraint checking (SEMANTICFORGE-NoCons)
causes the most dramatic performance degradation: 8.9%
reduction in Pass@1 and a catastrophic 16.5% increase in
schematic hallucination rate. This represents a 112% relative
increase in constraint violations, demonstrating that constraint
enforcement is not merely helpful but essential for reliable
code generation.

Error Analysis: Without constraint enforcement, 47% of
generated solutions contain type mismatches, 23% have sig-
nature violations, and 18% have visibility errors. The SMT-
guided decoder eliminates 89% of these errors while adding
only 0.2s average latency (8.3% overhead). This cost-benefit
analysis strongly justifies the architectural complexity of con-
straint integration.

Neural Query Planning Contribution. Replacing learned
query planning with traditional BM?25-based retrieval
(SEMANTICFORGE-NoPlanner) reduces Pass@ 1 by 6.2% and
increases both hallucination types. Statistical analysis reveals
that the neural planner achieves 73% precision in selecting
relevant context compared to 51% for keyword-based retrieval
(p < 0.001, x? test).

Context Quality Analysis: The neural planner identifies
2.3x more transitive dependencies and 1.8 x more architec-
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Figure 5: Component ablation results for SEMANTICFORGE. (a) Pass@1 performance across seven configurations with 95%
confidence intervals. (b) Schematic hallucination rates (SHR) by configuration. (c) Logical hallucination rates (LHR) by
configuration. (d) Generation latency in seconds. Configurations include the full system, four single-component ablations
(SF-Static, SF-NoCons, SF-NoPlanner, SF-NoMaint), one combined ablation (Static+NoCons), and baseline Code-Llama.
Statistical significance markers (*) indicate p < 0.001 compared to the full system.

tural constraints per query compared to traditional retrieval.
This improved context quality directly translates to better gen-
eration outcomes, particularly for tasks requiring understand-
ing of cross-module relationships.

Continual Maintenance System Impact. Testing with stale
knowledge graphs (SEMANTICFORGE-NoMaint) on reposito-
ries modified within the past 30 days shows 4.1% degradation
in Pass@1. While seemingly modest, this effect compounds
over time: repositories with > 100 commits since graph con-
struction show 12.7% degradation, highlighting the critical im-
portance of continual adaptation.

Component Interaction Effects. The combined component
ablation (SEMANTICFORGE without both static-dynamic dual
analysis and constraint enforcement) shows super-additive
degradation (14.6% vs. 7.3% + 8.9% = 16.2%), indicating pos-

itive interaction between components. Dynamic traces inform
constraint extraction, while constraint enforcement validates
the semantic relationships captured in dynamic analysis.

Computational Cost-Benefit Analysis. Each component’s
computational overhead is justified by performance gains:

* Dynamic analysis: +0.8s construction time — +7.3%
Pass@1

Constraint enforcement: +0.2s generation time — -16.5%
error rate

Neural planning: +0.3s query time — +6.2% Pass@1

Maintenance system: +0.1s incremental updates — sus-
tained performance
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Table 3: Detailed hallucination breakdown by category. Val-
ues show error rates with reduction percentages vs. GPT-4 in
parentheses.

Error Category GPT-4 SEMANTICFORGE

Schematic Hallucination

Type Mismatches 15.2% 6.8% (155.3%)
Signature Violations | 8.7% 3.2% (163.2%)
Visibility Errors 3.4% 1.1% (167.6%)
Import Issues 2.0% 0.3% (185.0%)

Logical Hallucination

Control Flow Errors | 12.8% 8.4% (134.4%)
Data Flow Errors 14.1% 9.7% (131.2%)
API Misuse 6.3% 3.1% (150.8%)
State Management 2.2% 1.9% ({13.6%)

Key Findings Summary. Our component ablation analy-
sis reveals critical insights: (1) Dynamic analysis contributes
+7.3% Pass@1 improvement by capturing runtime seman-
tics invisible to static analysis, (2) Constraint enforcement re-
duces error rates by 16.5% absolute (112% relative reduction
in schematic hallucinations), (3) Neural planning adds +6.2%
Pass@1 through improved context selection, and (4) Each
component demonstrates statistical significance (p < 0.001)
with large effect sizes. This component ablation analysis con-
clusively demonstrates that each SEMANTICFORGE compo-
nent provides substantial, statistically significant benefits that
justify the architectural complexity. The results validate our
design decisions and provide clear guidance for practition-
ers considering which components to implement in resource-
constrained environments.

10.3 Hallucination Analysis

We provide detailed analysis of the hallucination phenomena
that SEMANTICFORGE addresses, demonstrating significant
improvements in code reliability.

Schematic Hallucination Elimination. Our constraint-
based decoder achieves remarkable reductions in schematic
errors: 85% reduction in import issues, 67.6% reduction in
visibility errors, and 63.2% reduction in signature violations.
These improvements directly translate to higher compilation
success rates and reduced developer debugging effort.

Logical Hallucination Mitigation. While more challenging
to eliminate completely, our dual static-dynamic knowledge
graph reduces logical errors significantly: 50.8% reduction in
API misuse and 34.4% reduction in control flow errors. The
dynamic traces provide crucial runtime semantics that help
models understand correct usage patterns.

Scalability Analysis Across Repository Sizes

(a) Generation Quality (b) Query Performance
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Figure 6: Scalability analysis showing system performance
across repository sizes. (a) Generation quality (Pass@1) re-
mains stable across scales. (b) Query latency grows sub-
linearly with repository size. (c¢) Memory usage scales ap-
proximately linearly. (d) Knowledge graph construction time
shows expected O(n log n) complexity.

10.4 Scalability Analysis

We evaluate SEMANTICFORGE’s performance across reposi-
tories of varying sizes to demonstrate practical scalability for
real-world deployment.

Performance Stability. Pass@1 performance remains sta-
ble (48.2%-51.4%) across repository sizes from 10K to S00K
lines of code, demonstrating that our approach scales without
quality degradation. Slight improvements for larger reposito-
ries may reflect richer knowledge graphs providing better con-
text.

Computational Efficiency. Query latency grows sub-
linearly with repository size (B2 = 0.89 for O(n" ") fit), con-
firming the effectiveness of our indexing and caching strate-
gies. Memory usage scales approximately linearly (R? =
0.94), remaining practical even for large repositories.

Graph Construction Overhead. Initial knowledge graph
construction shows expected O(n logn) complexity, taking 5-
47 seconds for repositories in our size range. Incremental up-
dates maintain sub-second response times, enabling real-time
development workflows.

10.5 Cross-Repository Generalization Results

Our cross-repository evaluation reveals strong generalization
capabilities while identifying important adaptation require-
ments for diverse architectural patterns.

24


Signal


Journal of Emerging Applied Artificial Intelligence (JEAAI)

Table 4: Cross-repository generalization results using leave-one-cluster-out validation. Performance degradation compared to

within-cluster training.

Target Cluster Within-Cluster Cross-Cluster Degradation | Transfer Coeff.
Web Frameworks 52.842.3% 47.1£2.8% 5.7% 0.89
Data Processing 48.1+£2.2% 44.3+2.6% 3.8% 0.92
Object-Oriented Libs 50.44+2.1% 46.2+2.5% 4.2% 0.92
Scientific Computing 47.9+2.5% 42.8+3.1% 5.1% 0.89
System Ultilities 51.7£2.4% 48.94+2.7% 2.8% 0.95
Average \ 50.2£1.1% 45.9+1.3% 4.3% \ 0.91

Table 5: Performance breakdown by repository domain with architectural pattern analysis. Pass@1 results with 95% confidence

intervals.
Domain GPT-4 SEMANTICFORGE | Improvement Pattern Complexity
Web Frameworks 43.2+2.1% 52.842.3% 4+9.6% High
Data Processing 39.8+2.4% 48.1£2.2% +8.3% Medium
Object-Oriented Libs | 41.5+£2.0% 50.44+2.1% +8.9% High
System Utilities 42.14£2.6% 51.7£2.4% +9.6% Medium
Scientific Computing | 40.3+2.3% 47.942.5% +7.6% Low

Architectural Transfer Analysis. The average Architec-
tural Transfer Coefficient of 0.91 indicates strong cross-
repository generalization, with only 4.3% average perfor-
mance degradation when applying models trained on differ-
ent architectural patterns. System utilities show the strongest
transfer (0.95), likely due to their procedural patterns appear-
ing across many repository types. Web frameworks and sci-
entific computing show slightly lower transfer, reflecting their
more specialized architectural constraints.

Knowledge Graph Semantic Overlap. Analysis of seman-
tic overlap between repository clusters reveals interesting pat-
terns. The average Semantic Overlap Index ranges from 0.34
(scientific computing vs. web frameworks) to 0.67 (object-
oriented libraries vs. system utilities). Higher semantic over-
lap correlates strongly with better cross-repository perfor-
mance (r=0.84, p < 0.01), validating our knowledge graph
representation approach.

Domain Adaptation Efficiency. Few-shot adaptation with
just 25-50 target domain examples recovers 89% of full-
adaptation performance on average, demonstrating practical
deployment feasibility. Zero-shot performance maintains 91%
of within-cluster performance, indicating that our semantic
representations capture fundamental programming patterns
that generalize across architectural styles.

10.6 Domain-Specific Performance

Analysis across different repository domains reveals consistent
improvements while highlighting domain-specific challenges
and architectural pattern dependencies.

Pattern Complexity Correlation. Domains with higher
architectural pattern complexity (web frameworks, object-
oriented libraries) show larger improvements, validating our
hypothesis that explicit semantic representation provides
greater benefits for structurally complex codebases. The cor-
relation between pattern complexity and improvement magni-
tude is r=0.78 (p < 0.05).

Constraint Type Distribution. Analysis of constraint vio-
lation patterns reveals domain-specific characteristics: web
frameworks suffer primarily from signature violations (47%
of errors), scientific computing from type mismatches (52%
of errors), and system utilities from visibility violations (38%
of errors). SEMANTICFORGE’s constraint-aware generation
adapts effectively to these domain-specific error patterns.

10.7 Human Evaluation Results

Professional developer evaluation provides crucial insights
into code quality aspects difficult to capture through automated
metrics.

Overall Quality Assessment. Human evaluators rated SE-
MANTICFORGE solutions significantly higher (4.2/5.0) than
baseline systems (GPT-4: 3.6/5.0, CodePlan: 3.4/5.0) on over-
all code quality (p < 0.001, t-test). Evaluators particularly
praised integration appropriateness and adherence to reposi-
tory conventions.

Error Correction Effort. When solutions contained errors,
SEMANTICFORGE errors required significantly less correction
effort: 68% were classified as trivial fixes versus 41% for
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Table 6: Detailed computational overhead breakdown by system component. Overhead percentages calculated relative to base

Code-Llama-34B generation.

Component | Time (s) Memory (GB) Overhead (%) |  Scaling
Base Code-Llama 1.70 11.2 - O(n)
Knowledge Graph Query 0.31 1.8 18.2% O(log n)
Context Preparation 0.19 0.3 11.2% O(k)
SMT Constraint Checking 0.23 0.7 13.5% O(c+—y—)
Maintenance Updates 0.07 0.2 4.1% O(A log n)
Total SEMANTICFORGE |  2.50 14.2 47.1% \ -

GPT-4-Code. This reflects our constraint enforcement pre-
venting complex schematic errors that require architectural un-
derstanding to fix.

Preference Rankings. In head-to-head comparisons, evalu-
ators preferred SEMANTICFORGE solutions in 73% of cases,
with particular advantages cited for: “better integration with
existing code” (89% of evaluators), “fewer obvious bugs”
(82%), and more appropriate API usage” (77%).

10.8 Detailed Computational Overhead Analy-
sis

‘We conduct comprehensive analysis of computational costs to
demonstrate the practical viability of our approach and guide
deployment decisions across different resource constraints.

Component-Level Performance Analysis. Our 47.1% to-
tal overhead is dominated by knowledge graph infrastructure
(18.2%) and constraint verification (13.5%). Critically, both
components exhibit sub-linear scaling properties that improve
relative performance as repository size increases. The mainte-
nance system adds minimal overhead (4.1%) while providing
essential adaptation capabilities.

Scaling Characteristics and Performance Modeling.
Knowledge Graph Query Performance: Query latency
follows O(log n) complexity due to optimized indexing
strategies. For repositories from 10K to 500K LOC, query
time scales from 0.15s to 0.42s, representing decreasing
relative overhead (15% to 12%) as repository size increases.
This counter-intuitive improvement reflects the fact that larger
repositories contain more diverse context, improving cache hit
rates and amortizing index construction costs.

Constraint Verification Scaling: SMT solver performance
exhibits O(c + —y—) complexity where c is the number
of active constraints and —y— is the generated sequence
length. Our incremental solving strategy maintains near-
constant overhead regardless of repository size. For typical
generation tasks (50-200 tokens), constraint checking time re-
mains 0.18-0.28s across all repository sizes tested.

Memory Usage Optimization: Memory scaling analysis
reveals three distinct scaling regimes:

* Small repositories (< 50K LOC): 12.4-13.1GB total,
dominated by model weights

* Medium repositories (S0K-200K LOC): 13.1-14.8GB to-
tal, linear knowledge graph growth

» Large repositories (> 200K LOC): 14.8-16.2GB total,
sublinear growth due to graph compression

Hardware Resource Utilization. Profiling on NVIDIA
A100 reveals efficient GPU utilization patterns: 89% compute
utilization during generation, 12% during knowledge graph
queries (CPU-bound), and 67% during constraint verification
(mixed CPU-GPU workload). This analysis informs deploy-
ment strategies for different hardware configurations.

Optimization Impact Analysis. We measure the effective-

ness of our optimization strategies:

* Query result caching: 34% latency reduction, 73% cache
hit rate

* Incremental SMT solving: 67% constraint verification
speedup vs. naive approach

 Graph compression: 43% memory reduction with < 2%
query performance degradation

* Predictive prefetching: 28% perceived latency reduction
during interactive sessions

Real-World Deployment Scenarios. We model computa-
tional requirements for three deployment scenarios:

Individual Developer Setup: Single NVIDIA RTX 4090
(24GB) can handle repositories up to 200K LOC with 2.1s
average latency. Memory-optimized configurations support up
to 350K LOC with 3.2s latency using model quantization and
graph streaming.

Team Development Server: Server-grade hardware (4 x
A100, 256GB RAM) supports concurrent access for 8-12 de-
velopers with < 3s response times. Load balancing across
GPUs enables 45-60 requests/minute sustained throughput.

Enterprise Cloud Deployment: Distributed deployment
across 16 A100 nodes supports 200+ concurrent developers
with auto-scaling based on demand patterns. Average response
time < 2.5s at 95th percentile during peak usage periods.
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Energy Efficiency Analysis. SEMANTICFORGE consumes
1871J per generation task (vs. 142J for base Code-Llama), rep-
resenting 32% energy overhead. However, the 18.1% improve-
ment in Pass@1 reduces debugging iterations, resulting in net
23% energy savings per successful implementation when ac-
counting for developer iteration patterns.

Cost-Benefit Optimization. ROI analysis reveals break-
even points for different deployment scenarios:

* Individual developers: Positive ROI after 120 hours of
usage (typical: 2-3 months)

* Small teams (5-10 developers): Positive ROI after 60
hours of collective usage (typical: 3-4 weeks)

* Enterprise teams (50+ developers): Positive ROI after
200 hours of collective usage (typical: 1-2 weeks)

This comprehensive computational analysis demonstrates
that SEMANTICFORGE’s benefits justify its overhead across
realistic deployment scenarios, with particularly strong value
propositions for team and enterprise environments.

10.9 Error Analysis and Failure Cases

We analyze remaining failure cases to understand system lim-
itations and guide future improvements.

Persistent Logical Errors. Complex algorithmic tasks re-
quiring multi-step reasoning still challenge the system, par-
ticularly when the correct approach differs significantly from
training data patterns. Dynamic traces help but cannot fully
compensate for insufficient algorithmic understanding.

Novel API Usage. When repositories use recently-
introduced APIs not represented in training data, both retrieval
and generation quality decline. The maintenance system
partially addresses this through incremental updates, but
fundamental model limitations remain.

Cross-Language Dependencies. Repositories with mixed-
language components (Python calling C extensions, JavaScript
frontends) present challenges for our primarily Python-
focused analysis. Future work should extend knowledge graph
construction to multi-language scenarios.

Complex Refactoring Tasks. Large-scale refactoring re-
quiring simultaneous changes across many files sometimes ex-
ceeds the context window limits and constraint complexity
thresholds. Hierarchical approaches may address these limi-
tations.

These comprehensive results demonstrate SEMANTIC-
FORGE’s significant advances in repository-level code gener-
ation while identifying important directions for continued re-
search and development.

11 Discussion and Limitations

This section provides critical analysis of SEMANTICFORGE’s
contributions, examines the broader implications of our ap-
proach, and honestly assesses the limitations that constrain its
applicability. We discuss the generalizability of our findings
and identify important directions for future research.

11.1 Key Contributions and Impact

SEMANTICFORGE represents a fundamental shift from
pattern-matching-based code generation to semantically-
aware synthesis. Our results demonstrate that explicit repos-
itory knowledge graphs, when combined with learned query
planning and constraint-aware decoding, can significantly re-
duce the hallucination phenomena that limit current LLM-
based development tools.

Theoretical Contributions. We formalize the repository-
level code generation problem and provide the first compre-
hensive taxonomy of hallucination types in code generation.
Our mathematical framework establishes theoretical founda-
tions for knowledge graph-guided generation while proving
complexity bounds for each system component. The constraint
satisfaction formulation enables principled analysis of genera-
tion correctness.

Systems Contributions. The integration of SMT solvers
into neural beam search represents a novel architectural ap-
proach that guarantees constraint satisfaction without sacrific-
ing generation quality. Our incremental maintenance system
demonstrates how knowledge graphs can remain synchronized
with evolving codebases at practical computational costs. The
dual static-dynamic representation provides a new paradigm
for capturing repository semantics.

Empirical Impact. The 52% reduction in schematic hallu-
cination and 31% reduction in logical hallucination translate to
substantial developer productivity gains. Eliminating type er-
rors, signature mismatches, and import issues reduces debug-
ging effort and increases confidence in generated code. The
18.1% improvement in functional correctness enables more
ambitious automated development tasks.

11.2 Generalizability Analysis

While our evaluation focuses on Python repositories, the un-
derlying principles of SEMANTICFORGE extend to other pro-
gramming paradigms and development contexts, though with
varying degrees of adaptation required.

Multi-Language Extension Roadmap. Our analysis re-
veals a clear path for extending SEMANTICFORGE to addi-
tional programming languages, with different languages pre-
senting distinct opportunities and challenges:

27


Signal


Journal of Emerging Applied Artificial Intelligence (JEAAI)

Statically-Typed Languages (Java, C++, TypeScript):
These languages offer significant advantages for SEMANTIC-
FORGE deployment. Explicit type information enables more
precise constraint extraction, reducing the 14.7% schematic
hallucination rate we observe in Python to an estimated 8-12%.
The rich type systems provide stronger semantic foundations
for knowledge graph construction. However, complex gener-
ics systems (C++ templates, Java wildcards) require sophisti-
cated constraint modeling to capture type relationships accu-
rately.

Implementation Strategy: We propose a three-phase roll-
out: (1) Extend static analysis using language-specific parsers
(Tree-sitter for C++, JavaParser for Java, TypeScript Compiler
API), (2) Adapt constraint types to language-specific features
(memory management for C++, checked exceptions for Java),
and (3) Integrate with language-specific testing frameworks
for dynamic analysis.

Dynamically-Typed Languages (JavaScript, Ruby,
PHP): These present greater challenges due to limited static
type information. Our preliminary analysis suggests perfor-
mance degradation of 15-25% compared to Python results.
However, several mitigation strategies show promise: (1)
TypeScript adoption patterns provide type hints for JavaScript,
(2) Runtime type inference through execution profiling, and
(3) Gradual typing systems (Flow for JavaScript, Sorbet for
Ruby) enable hybrid static-dynamic analysis.

Functional Languages (Haskell, OCaml, Scala): The
strong type systems and immutability constraints in functional
languages align well with our constraint satisfaction approach.
Type-level programming features require extended constraint
languages but may enable even stronger semantic guarantees.
Pattern matching and algebraic data types provide rich struc-
tural information for knowledge graph construction.

Cross-Language Integration: Modern repositories in-
creasingly involve multiple languages. We identify three in-
tegration patterns: (1) Foreign Function Interfaces (FFI) re-
quiring cross-language type mapping, (2) Service boundaries
with API contracts, and (3) Build system dependencies. A uni-
fied knowledge graph representation could capture these rela-
tionships, enabling repository-level reasoning across language
boundaries.

Domain Adaptability. The architectural patterns captured
in our knowledge graphs reflect common software engineer-
ing practices that span domains. Web development, data pro-
cessing, and system programming all benefit from understand-
ing dependency relationships and API constraints. However,
highly specialized domains require targeted extensions:

Embedded Systems: Require resource constraints (mem-
ory, power, real-time), hardware abstraction layer modeling,
and interrupt-driven control flow patterns.

Financial Systems: Need precision arithmetic constraints,
regulatory compliance patterns, and audit trail requirements.

Scientific Computing: Benefit from numerical stability
constraints, performance modeling, and domain-specific li-
braries (NumPy, BLAS) integration.

Scale Considerations. Our scalability analysis demon-
strates effectiveness up to 500K lines of code, covering most
organizational repositories. However, massive monorepos (>
10M LOC) require architectural innovations: (1) Hierarchical
knowledge graphs with module-level abstractions, (2) Feder-
ated query planning across repository boundaries, and (3) Dis-
tributed constraint solving for large-scale generation tasks.

Development Workflow Integration. SEMANTICFORGE
assumes development environments with comprehensive test
suites and stable APIs. Organizations with poor testing prac-
tices or rapidly changing architectures may see reduced ben-
efits from dynamic analysis and constraint enforcement. We
propose adaptation strategies: (1) Property-based testing inte-
gration for coverage improvement, (2) API stability analysis
for architecture change detection, and (3) Gradual adoption
paths for legacy codebases.

11.3 Fundamental Limitations

Despite significant advances, SEMANTICFORGE faces several
fundamental limitations that constrain its applicability and ef-
fectiveness.

Algorithmic Reasoning Limitations. While our system ex-
cels at structural integration and constraint satisfaction, it in-
herits the algorithmic reasoning limitations of underlying lan-
guage models. Complex logical problems requiring multi-
step reasoning, mathematical derivations, or novel algorithmic
insights remain challenging. The knowledge graph provides
context but cannot substitute for deep algorithmic understand-
ing.

Example: When asked to implement a novel graph algo-
rithm, SEMANTICFORGE can correctly identify relevant data
structures and API patterns but may struggle with the core al-
gorithmic logic if it differs significantly from training exam-
ples.

Creative Design Limitations. Repository knowledge
graphs capture existing patterns but may constrain creative
architectural decisions. The system tends to perpetuate
established patterns rather than proposing innovative designs.
This conservatism improves integration consistency but may
limit architectural evolution.

Training Data Dependencies. Like all learning-based sys-
tems, SEMANTICFORGE is limited by its training data. Repos-
itories using cutting-edge frameworks, novel programming
patterns, or domain-specific APIs may receive suboptimal sup-
port. While the maintenance system addresses this partially,
fundamental knowledge gaps require model retraining.

Context Window Constraints. Despite efficient query
planning, very large development tasks may exceed practi-
cal context limits. Complex refactoring operations affecting
dozens of files simultaneously challenge both the planning
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system and the generation model. Hierarchical approaches
may address this but remain unexplored.

11.4 Computational and Practical Limitations

Real-world deployment of SEMANTICFORGE faces several
practical constraints that affect its adoption and effectiveness.

Infrastructure Requirements. The system requires sub-
stantial computational resources: 40GB GPU memory for gen-
eration, significant CPU resources for graph construction, and
storage for knowledge graphs. These requirements may limit
adoption in resource-constrained environments or small devel-
opment teams.

Setup and Maintenance Overhead. Initial repository anal-
ysis requires 5-47 seconds depending on size, creating friction
for new project adoption. The knowledge graph maintenance
system, while incremental, adds complexity to development
workflows. Organizations must weigh these costs against pro-
ductivity benefits.

SMT Solver Limitations. Our constraint enforcement relies
on SMT solver capabilities, which can be overwhelmed by
complex constraint sets or exhibit unpredictable performance
on certain problem types. The 100ms timeout prevents block-
ing but may allow constraint violations in edge cases.

Test Suite Dependencies. Dynamic analysis effectiveness
correlates strongly with test suite quality and coverage. Repos-
itories with poor testing practices receive limited benefits from
our dual static-dynamic approach. This creates a barrier for
adoption in organizations with immature testing cultures.

11.5 Ethical and Safety Considerations

The deployment of advanced code generation systems raises
important ethical considerations that must be addressed re-
sponsibly.

Code Quality and Reliability. While SEMANTICFORGE
significantly reduces hallucination rates, it cannot eliminate all
errors. Developers must maintain critical evaluation of gen-
erated code, particularly for security-sensitive applications.
Over-reliance on automated generation could lead to decreased
code review rigor.

Intellectual Property Concerns. Knowledge graphs con-
structed from proprietary codebases may inadvertently expose
internal architectural patterns or business logic. Organizations
must carefully consider the privacy implications of compre-
hensive code analysis and ensure appropriate access controls.

Developer Skill Evolution. Highly effective code genera-
tion tools may impact developer skill development, particu-
larly for junior programmers who rely heavily on automated
assistance. Balancing productivity gains with skill develop-
ment remains an important challenge for the software engi-
neering community.

Bias Amplification. Repository knowledge graphs neces-
sarily reflect the patterns and conventions of their source code-
bases. If these repositories contain biased or suboptimal pat-
terns, SEMANTICFORGE may perpetuate and amplify these
issues. Regular audit and pattern analysis can help identify
problematic trends.

11.6 Comparison with Contemporary Ap-
proaches

Recent advances in repository-level code generation provide
important context for evaluating SEMANTICFORGE’s contri-
butions.

Agent-Based Systems. Contemporary systems like SWE-
agent and CodeAgent employ iterative refinement through en-
vironmental feedback. While these approaches can handle
complex multi-step tasks, they suffer from higher latency and
computational costs. SEMANTICFORGE’s constraint-aware
generation often produces correct solutions in a single pass,
offering better efficiency for well-defined tasks.

Planning-Based Approaches. Systems like CodePlan de-
compose complex tasks into sequences of simpler operations.
This approach complements SEMANTICFORGE’s capabilities
and could potentially be integrated with our knowledge graph
representation. However, planning-based systems typically
lack the constraint enforcement that prevents schematic hal-
lucination.

Retrieval-Augmented Methods. Advanced RAG systems
continue to improve context selection for code generation.
However, these approaches remain fundamentally limited by
their inability to reason about global consistency and archi-
tectural constraints. SEMANTICFORGE’s explicit knowledge
representation provides capabilities that pure retrieval cannot
match.

11.7 Future Research Directions

Our work opens several promising avenues for future research
in repository-level code generation and automated software
development. These directions build naturally on our findings
while addressing broader challenges in the field.

Multi-Language Extension. The most immediate extension
involves adapting SEMANTICFORGE to additional program-
ming languages. Statically-typed languages like Java and
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TypeScript present opportunities for enhanced constraint ex-
traction through explicit type information, potentially reducing
schematic hallucination rates below our current 14.7%. Dy-
namic languages pose different challenges, requiring sophisti-
cated runtime analysis and gradual typing integration. Cross-
language knowledge graphs for polyglot repositories represent
a particularly compelling direction, enabling unified reasoning
about system-wide architectural constraints.

Security-Aware Code Generation. Integrating security
vulnerability patterns and compliance rules into constraint lan-
guages represents a critical next step. Future work could de-
velop domain-specific constraint types for vulnerability pre-
vention, regulatory compliance, and industry-specific security
standards. This direction promises significant practical impact
given the growing importance of secure-by-construction soft-
ware development.

Performance-Optimized Generation. Incorporating com-
putational complexity analysis and performance characteris-
tics into knowledge graphs could enable generation systems
that consider algorithmic efficiency, memory usage patterns,
and distributed system implications. This extension would ad-
dress the growing need for performance-aware automated de-
velopment tools in resource-constrained environments.

Collaborative Development Integration. Extending SE-
MANTICFORGE to multi-developer environments presents in-
teresting challenges in conflict prediction, team expertise mod-
eling, and collaborative context selection. Knowledge graphs
could capture team dynamics and expertise distribution, en-
abling more effective task allocation and code review assis-
tance.

Architectural Evolution Assistance. Beyond code genera-
tion, knowledge graphs could support proactive architecture
improvement through code smell detection, design pattern rec-
ommendations, and architectural debt assessment. This direc-
tion aligns with the broader trend toward Al-assisted software
architecture and design.

Educational Applications. The explicit constraint represen-
tation in SEMANTICFORGE suggests natural applications in
computer science education, including pedagogical constraint
languages that enforce learning objectives and automated as-
sessment of software engineering practices. This could de-
mocratize access to high-quality programming education and
mentorship.

11.8 Implications for Software Engineering

SEMANTICFORGE represents a step toward more sophisti-
cated automated development tools that understand and re-
spect software engineering principles. The explicit represen-
tation of architectural knowledge enables systems that gener-
ate code consistent with established patterns while maintaining
flexibility for innovation.

However, the most significant impact may be in democratiz-
ing access to complex software development capabilities. By
encoding expert knowledge about API usage, architectural pat-
terns, and constraint satisfaction, SEMANTICFORGE enables
less experienced developers to produce higher-quality code
that integrates properly with sophisticated codebases.

The constraint satisfaction approach also suggests new
paradigms for software development where architectural rules
and patterns are explicitly encoded and automatically en-
forced. This could lead to more consistent codebases, reduced
maintenance overhead, and improved software quality across
the industry.

Ultimately, SEMANTICFORGE demonstrates that the com-
bination of symbolic reasoning and neural generation can ad-
dress fundamental limitations of purely learning-based ap-
proaches, pointing toward a future where automated develop-
ment tools are both more capable and more reliable.

12 Conclusion

This paper introduces SEMANTICFORGE, a novel approach
to repository-level code generation that addresses the fun-
damental limitations of current LLM-based systems through
explicit semantic representation and constraint-aware genera-
tion. Our comprehensive evaluation demonstrates significant
advances in both functional correctness and hallucination re-
duction, while establishing new theoretical foundations for un-
derstanding and solving the repository-level code generation
problem.

12.1 Summary of Contributions

We make four primary contributions that advance the state-of-
the-art in automated code generation:

Problem Formalization and Hallucination Taxonomy.
We provide the first formal treatment of repository-level code
generation, establishing mathematical foundations and com-
plexity analysis. Our comprehensive taxonomy of logical and
schematic hallucination provides a principled framework for
understanding and addressing systematic failures in current
code generation systems.

Knowledge Graph-Guided Architecture. The four-stage
SEMANTICFORGE pipeline demonstrates how explicit seman-
tic representation can enable more sophisticated code gen-
eration. Our dual static-dynamic knowledge graphs capture
repository semantics that are invisible to purely pattern-based
approaches, while neural query planning enables efficient con-
text selection at scale.

Constraint-Aware Generation Algorithm. The integration
of SMT solving into neural beam search represents a funda-
mental architectural innovation that guarantees semantic cor-
rectness without sacrificing generation quality. This approach
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eliminates schematic hallucination at the source rather than re-
quiring post-hoc correction.

Comprehensive Empirical Evaluation. Our evaluation on
REPOKG-50 establishes new benchmarks for repository-level
code generation assessment. The 52% reduction in schematic
hallucination, 31% reduction in logical hallucination, and
18.1% improvement in functional correctness demonstrate the
practical impact of our approach.

12.2 Broader Impact

SEMANTICFORGE represents a paradigm shift from pattern-
matching-based code generation to semantically-aware syn-
thesis. This advance has implications beyond immediate pro-
ductivity gains:

Developer Productivity. By dramatically reducing debug-
ging overhead and increasing confidence in generated code,
SEMANTICFORGE enables developers to tackle more ambi-
tious automated development tasks. The elimination of triv-
ial errors allows focus on higher-level design and algorithmic
challenges.

Code Quality and Maintainability. Constraint-aware gen-
eration ensures that automated code follows established archi-
tectural patterns and respects design principles. This leads
to more consistent codebases with reduced maintenance over-
head and improved long-term sustainability.

Democratization of Complex Development. By encoding
expert knowledge about API usage, architectural patterns, and
constraint satisfaction, SEMANTICFORGE enables less experi-
enced developers to work effectively with sophisticated code-
bases. This could help address skill gaps in software engineer-
ing.

Foundation for Advanced Tools. The explicit semantic
representation and constraint satisfaction framework provide
foundations for even more sophisticated development assis-
tance, including architectural evolution, security-aware gen-
eration, and collaborative development support.

12.3 Technical Significance

The technical innovations in SEMANTICFORGE establish im-
portant precedents for the integration of symbolic reasoning
and neural generation:

Hybrid Symbolic-Neural Approaches. Our SMT-guided
beam search demonstrates how formal verification can be
seamlessly integrated into neural generation without pro-
hibitive computational overhead. This opens new possibilities
for constraint-aware Al systems across domains.

Scalable Knowledge Representation. The incremental
maintenance of repository knowledge graphs at O(|AR))
complexity shows how explicit semantic representations can
remain practical even for large-scale systems. This scalability
is crucial for real-world deployment.

Learned Context Selection. Neural query planning pro-
vides a general framework for learning to select relevant con-
text from large structured knowledge bases. This approach
could generalize to other domains requiring selective informa-
tion retrieval.

12.4 Limitations and Future Directions

While SEMANTICFORGE achieves significant advances, im-
portant limitations remain:

Algorithmic Reasoning. Complex logical problems requir-
ing multi-step reasoning or novel algorithmic insights continue
to challenge the system. Future work should investigate inte-
gration of symbolic reasoning systems and algorithmic knowl-
edge bases.

Multi-Language Support. Our current focus on Python
limits applicability to mixed-language environments common
in enterprise development. The concrete roadmap in Sec-
tion 11.7 outlines specific milestones for Java, TypeScript, and
cross-language integration.

Creative Design Tasks. The system’s emphasis on consis-
tency and constraint satisfaction may limit creative archi-
tectural exploration. Balancing reliability with innovation
through configurable constraint relaxation represents an im-
portant research direction.

Resource Requirements. The computational and infras-
tructure requirements for SEMANTICFORGE may limit adop-
tion in resource-constrained environments. Our detailed cost-
benefit analysis in Section 10.8 provides guidance for deploy-
ment optimization strategies.

12.5 Research Implications

SEMANTICFORGE’s success suggests several important direc-
tions for future research in automated software development:

Explicit vs. Implicit Knowledge. Our results demonstrate
clear advantages for explicit semantic representation over
purely implicit approaches. This finding has implications for
Al system design beyond code generation, suggesting when
symbolic knowledge should complement learned representa-
tions.
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Constraint Integration in Generation. The effectiveness
of SMT-guided decoding indicates that constraint satisfaction
should be a primary consideration in generation system design.
Future work should explore how different constraint types and
solving approaches affect generation quality and efficiency.

Continual Learning for Code Systems. The success of
our maintenance agent highlights the importance of contin-
ual adaptation in software-related Al systems. As codebases
evolve rapidly, static models quickly become obsolete without
mechanisms for incremental learning.

Multi-Modal Code Understanding. Repository-level code
generation requires understanding text, code structure, execu-
tion traces, and architectural patterns. This multi-modal chal-
lenge suggests directions for more comprehensive code under-
standing systems.

12.6 Practical Deployment Considerations

For practitioners considering deployment of SEMANTIC-
FORGE or similar systems, our experience highlights several
important factors:

Test Suite Quality. The effectiveness of dynamic analysis
correlates strongly with test coverage and quality. Organiza-
tions should invest in comprehensive testing infrastructure to
maximize benefits from advanced code generation tools.

Incremental Adoption. SEMANTICFORGE’s modular ar-
chitecture enables incremental deployment, allowing organi-
zations to adopt components gradually. Starting with knowl-
edge graph construction and query planning provides immedi-
ate benefits with lower risk.

Developer Training. Successful deployment requires train-
ing developers to effectively collaborate with Al-assisted gen-
eration tools. Understanding system capabilities and limita-
tions is crucial for productive use.

Infrastructure Planning. The computational requirements
for SEMANTICFORGE necessitate careful infrastructure plan-
ning. Organizations should evaluate resource needs against
expected productivity gains.

12.7 Long-Term Vision

SEMANTICFORGE represents progress toward a long-term vi-
sion of Al-assisted software development where automated
tools understand and respect the principles of software engi-
neering. In this future, developers work collaboratively with
Al systems that understand architectural patterns, maintain
consistency across large codebases, and generate code that is
not only functional but maintainable and well-integrated.

This vision requires continued research across multiple di-
mensions: better algorithmic reasoning, more sophisticated

constraint systems, improved human-Al collaboration inter-
faces, and deeper understanding of software engineering prin-
ciples. SEMANTICFORGE provides a foundation for this re-
search by demonstrating that explicit semantic representation
and constraint-aware generation can address fundamental lim-
itations of current approaches.

The ultimate goal is not to replace human developers but
to amplify their capabilities, enabling them to focus on cre-
ative design, architectural innovation, and complex problem-
solving while automated systems handle routine implementa-
tion tasks with reliability and consistency. SEMANTICFORGE
takes an important step toward this collaborative future.

12.8 Closing Remarks

Repository-level code generation represents one of the most
challenging problems in automated software development, re-
quiring systems that understand not just local code patterns
but global architectural principles and semantic constraints.
SEMANTICFORGE demonstrates that this challenge can be
addressed through careful integration of symbolic reasoning
and neural generation, explicit knowledge representation, and
constraint-aware synthesis.

Our results show significant advances in both functional cor-
rectness and hallucination reduction, while our open-source
release of REPOKG-50 provides a foundation for continued
research in this critical area. The techniques and insights
from SEMANTICFORGE have broader applicability to other
domains requiring constraint-aware generation and semantic
consistency.

As Al-assisted development tools become increasingly so-
phisticated, the principles demonstrated in SEMANTICFORGE
—explicit knowledge representation, learned context selection,
constraint-aware generation, and continual adaptation—will
become essential components of reliable and effective auto-
mated development systems. We look forward to continued
research building on these foundations to realize the full po-
tential of Al-assisted software engineering.
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The triple realm of Al-enabled education: from
instrumental rationality to value reconstruction

Wan Zihao

Abstract—Artificial Intelligence (AI) is reshaping the
education ecosystem, and its development presents the triple
realm of "instrumental rationality - integration rationality -
value rationality". The instrumental rationality stage optimises
teaching efficiency through technology, but faces the risk of
alienation of teachers' roles and data privacy; the integration
rationality stage emphasises human-computer collaboration to
promote personalised learning and educational equity, but
needs to solve the problems of technological ethics and system
integration; the value rationality stage focuses on the
reconstruction of the essence of education, and advocates that
Al empowers moral and humanistic education, and balances
technological efficiency and humanistic care. The current
challenges include algorithmic bias, digital divide and lack of
ethical governance, which need to be addressed through
interdisciplinary integration, policy synergy and teacher
capacity enhancement. In the future, Al education will evolve
towards generative intelligence, lifelong learning and
sustainable development, and it is necessary to build an
inclusive ecosystem to ensure that technology empowers
educational equity and social value.

Index Terms—Artificial Intelligence and Education; Reduce
Burden and Increase Efficiency; Intelligent Teaching System.

I. THE TRIPLE REALM OF AI-ENABLED EDUCATION:
THEORETICAL BASIS AND RELEVANCE FROM
INSTRUMENTAL RATIONALITY TO VALUE RECONSTRUCTION

1.1 Background and significance of Al-enabled education

The rapid development of Artificial Intelligence (AI)
technology is profoundly reshaping the ecological pattern of
education. From early intelligent tutoring systems to today's

generative Al tools, Al has evolved from the "instrumental
rationality" stage of assisting teaching to the "value
reconstruction"” stage. This transformation is not only reflected
in the technological breakthrough, but also in its redefinition
of the nature of education. Zhang Jingjing pointed out that the
intelligent education of Al should shift from "teaching" to
"education", emphasising new teaching modes such as

"human-machine co-teaching" and "human-machine

symbiosis". It emphasises new teaching modes such as

"human-machine co-teaching" and "human-machine

symbiosis", and promotes the transformation of education
from standardisation to personalisation, and from knowledge
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transfer to ability cultivation [1]. Liu Sanwu tooth, on the
other hand, proposed that the two-way empowerment of Al
and education needs to build a "one creation+ two concurrent+
three synergistict four fusion" talent training system, in order
to achieve a comprehensive reconstruction of the education
ecosystem [6]. These theories provide both philosophical and
practical support for the triple realm of Al-enabled education.

1.2 The theoretical framework of the triple realm: from
instrumental rationality to value reconstruction

The triple realm of Al-enabled education can be summarised
as "instrumental rationality - integration rationality - value
rationality". The first realm (instrumental rationality) takes
technology as its core and focuses on the application of Al in
teaching efficiency, learning analysis and personalised
services. For example, adaptive learning platforms provide
customised learning paths through algorithmic analysis of
student behavioural data [11]; and intelligent tutoring systems
achieve instant feedback and question-answering through
natural language processing technology [7]. Al education in
this stage is still dominated by "technology empowerment",
and its value lies in improving teaching efficiency and
learning experience. The second realm (integration
rationality) emphasises the deep integration of Al and
education, breaking through the limitations of a single tool and
building a "human-machine collaboration" teaching ecology.
Wang Hua proposes that Al-enabled education needs to
achieve the three major features of "intelligent teaching
mode", "personalized learning mode" and "open educational
resources" [12], for example, through the virtual teaching
assistant and teacher collaboration to achieve dynamic
teaching and learning experience. For example, through the
virtual teaching assistant and teacher collaboration, to achieve
dynamic teaching adjustment; through big data analysis,
accurate identification of students' cognitive blind spot and
provide targeted intervention. The third realm (value
rationality) goes beyond the technical level and returns to the
essential value of education. Zhang Jingjing advocates that Al
education should take "moral education" as the core, and
through the "human-computer co-teaching" mode, transform
the technical tools into the carrier of educational value, and
promote students to shift from knowledge acquisition to
ability cultivation and value shaping [1]. This stage of Al
education is no longer limited to technical efficiency, but
through the reconstruction of value, to achieve the organic



unity of educational equity, humanistic care and technical
rationality.

1.3 Challenges and opportunities in current practice

Although Al-enabled education shows great potential, the
realisation of its triple realm still faces multiple challenges. At
the technical level, the "instrumental rationality" stage of Al
education is prone to fall into the misunderstanding of
"technology first", neglecting the humanistic attributes of
education. For example, some Al systems have insufficient
adaptability to disadvantaged groups due to algorithmic bias,
exacerbating educational inequality [2]. At the integration
level, the deep integration of Al and education needs to solve
the problem of technical barriers and organisational inertia.
Liu Sanwu teeth pointed out that the current Al education
application still exists in the three major dilemmas of "difficult
to deepen the application of education", "difficult to promote
the system change", "difficult to improve the effectiveness of
the significant" [3], for example, teachers are not sufficiently
accepting of Al tools, and the teachers are not sufficiently
accepting of the Al tools. For example, teachers' acceptance of
Al tools is insufficient, or schools lack a mechanism for
interdisciplinary integration. At the value level, the
reconstruction of the value of Al education needs to balance
the relationship between efficiency and fairness, technology
and humanity. Xiao Rui and other scholars emphasise that Al
education needs to avoid "technocratic tendencies" and be
guided by a "big idea" to integrate Al into the core objectives
of education, rather than only being used as a teaching aid
[17]. However, these challenges also present opportunities.
For example, the openness and scalability of Al technology
provides a new path for educational equity, and through
projects such as "digitalisation of enrolment" and
"digitalisation of international education public services", we
can break through geographical and resource constraints [15].
At the same time, the construction of the ethical framework of
Al (e.g., transparency, accountability) provides an institutional
guarantee for value reconstruction [16]. In the future, the triple
realm of Al-enabled education needs to be broken through in
the synergistic evolution of technology, education and society,
and ultimately realise the paradigm leap from "instrumental
rationality" to "value reconstruction".

II. THE TRIPLE REALM OF AI-ENABLED EDUCATION PRACTICE
PATHS AND CHALLENGES

2.1 Practical Paths and Limitations of the Instrumental
Rationality Stage

In the "instrumental rationality" stage of Al-enabled
education, the core value of technology is to improve teaching
efficiency and learning experience. Zhang Jingjing pointed out
that Al analyses students' behavioural data through intelligent
algorithms to achieve personalized learning path design, such

as adaptive learning platforms (e.g., Knewton, DreamBox)
through real-time feedback to adjust the content of the study,
significantly improving learning efficiency. Liu Sanwu Dental
further proposes that the application of Al in teaching support

should follow the principle of "one creation+ two concurrent+
three synergy+ four integration", i.e., creating new scenarios
by means of technology, focusing on the concurrent of
teaching content and technology tools, and the synergistic
interaction between teachers, students and Al. However, this
stage of practice still faces significant limitations. Firstly,
technological dependence may lead to the risk of "human-
machine substitution", where the teacher's role is marginalised
and students' autonomy and creativity are undermined (Hua
Wang, 2022). Second, the algorithmic bias of Al systems may
exacerbate educational inequalities, for example, in resource-
poor areas, Al tools may not be able to effectively support
disadvantaged groups due to insufficient data quality (Liu,
2023). In addition, the standardised design of technological
tools may ignore the diverse needs of education, leading to a
"one-size-fits-all" teaching model (Zhang Jingjing, 2021).

2.2 Synergistic mechanisms and innovative models at the
stage of integrative rationality

Entering the stage of "integration rationality", the deep
integration of Al and education has become the key. Wang
Hua proposed that Al-enabled education needs to achieve the
three major features of "intelligent teaching mode",
"personalised learning mode" and "open educational
resources", such as through virtual teaching assistants (such as
Squirrel Al) and teachers to collaborate to achieve dynamic
teaching adjustments; through big data analysis to accurately
identify students' cognitive blind spots and provide targeted
support. For example, through virtual teaching assistants (such
as Squirrel Al) and teachers to collaborate to achieve dynamic
teaching adjustment; through big data analysis, accurately
identify students' cognitive blind spots and provide targeted
intervention. Liu Sanwu teeth stressed that Al education needs
to break through the limitations of a single tool to build a
"human-computer collaboration" teaching ecology, for
example, through the "dual-teacher classroom" model (teacher
+ Al assistant), to achieve the depth of the teaching content
mining and personalised feedback. However, this stage of
practice also faces challenges. Firstly, the deep integration of
technology and education needs to address organisational
inertia, such as teachers' lack of acceptance of Al tools, or
schools' lack of mechanisms for cross-disciplinary integration
(Liu Sanyu Dental, 2023). Secondly, the lack of openness and
scalability of Al systems may lead to the phenomenon of
"technology silos", such as poor data interoperability between
different Al platforms, which restricts the sharing of
educational resources (Zhang Jingjing, 2022). In addition, the
synergy between technology and education needs to balance
efficiency and fairness, for example, the "digital divide"
problem of Al in resource allocation may further aggravate the
inequality in education (Wang Hua, 2021).

2.3 Ethical Reflection and Future Prospects of the Value
Rationality Stage

In the "value rationality" stage, the core goal of Al education
shifts from technical efficiency to the reconstruction of
educational value. Xiao Rui and other scholars pointed out
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that Al-enabled education needs to avoid "technocratic
tendencies", and needs to be guided by the "big idea" to
integrate Al into the core objectives of education, such as
through the "human-machine co-teaching" model, which
transforms technical tools into carriers of educational value,
and promotes students' transformation from knowledge
acquisition to competence to reconstruction. For example,
through the "human-machine co-teaching" model, the
technical tools are transformed into carriers of educational
value, and students are promoted to shift from the acquisition
of knowledge to the cultivation of abilities and the shaping of
values (Zhang Jingjing, 2023). Liu Sanwu Dental further
proposes that the reconstruction of the value of Al education
needs to build a breakthrough path of "difficult to deepen the
application of education", "difficult to promote the systematic
change" and "difficult to improve the effectiveness
significantly", for example For example, through the
"digitalisation of enrolment and study" and "digitalisation of
international education public services", we can break through
the geographical and resource restrictions (Liu, 2023).
However, the practice of at this stage still faces ethical
challenges. Firstly, the "black box effect" of Al in education
may lead to a crisis of trust, for example, students and parents
have doubts about the transparency of Al decision-making
(Wang Hua, 2022). Second, the "algorithmic bias" of Al in
education may exacerbate social division, for example, Al
may discriminate against disadvantaged groups due to data
bias in the process of enrolment and evaluation (Zhang
Jingjing, 2021). In addition, the value reconstruction of Al
education needs to balance the relationship between
technology and humanities, for example, through the "ethical
framework of education" (e.g., transparency, accountability) to
provide institutional protection for Al education (Xiao Rui,
2023).

2.4 Articulation and Future Trends in the Triple Realm

The triple realm of Al-enabled education does not exist in
isolation, but is gradually promoted through the synergistic
evolution of technology, education and society. From
"instrumental rationality" to "integration rationality" to "value
rationality", the practical path of Al education needs to
establish a dynamic balance between technological
breakthroughs and educational concepts. For example, Zhang
Jingjing points out that the "value reconstruction" of Al
education needs to take the "moral education" as the core, and
through the "human-machine co-teaching" mode, the technical
tools should be transformed into the carrier of educational
value (Zhang Jingjing, 2023). (Zhang Jingjing, 2023). Liu
Sanya emphasises that the future of Al education needs to
achieve a comprehensive restructuring of the education
ecosystem through the breakthrough path of "difficult to
deepen the application of education", "difficult to promote the
systematic change" and "difficult to improve the
effectiveness" (Liu Sanya, 2023). Comprehensive
reconstruction of the education ecosystem (Liu Sanwuya,

2023). The construction of "education ethics" to ensure the
sustainable development of Al education.

II1: ETHICAL CHALLENGES AND GOVERNANCE PATHS FOR Al-
ENABLED EDUCATION

3.1 Ethical dilemmas of Al in education

While the widespread use of Al in education has brought
many conveniences, it has also raised a series of ethical
challenges. Firstly, privacy and data security issues are
becoming increasingly prominent: Al systems rely on a large
amount of student data for personalised learning and
assessment, but the collection, storage and use of such data
may infringe on students' privacy rights. For example, Zhang
Jingjing pointed out that the "black box effect" of Al in
education may cause students to feel uneasy about the opacity
of data use, which in turn affects their sense of trust [1].
Secondly, the problem of algorithmic bias is also a cause for
concern, as Al systems often make decisions based on
historical data, which may contain biases such as gender, race,
and economic background, leading to unfair educational
outcomes. For example, Wang et al. point out that the
application of Al in education may lead to "algorithmic
discrimination", which may exacerbate social inequality [5].
In addition, the alienation of teachers' roles is also one of the
important ethical issues, and the introduction of Al may
weaken the dominant position of teachers, lead to the
alienation of teacher-student relationships, and even affect
students' social skills and emotional development [16].

3.2 The Necessity and Practical Path of AI Ethics
Education

In the face of the above ethical challenges, Al ethics education
has become an important issue in the field of education. Al
ethics education not only involves ethical design at the
technical level, but should also be integrated into the core
objectives of education, such as developing students' critical
thinking, moral judgement, and digital literacy. For example,
Jason Borenstein and Ayanna Howard point out that Al
developers need to be ethically aware to ensure the appropriate
use of technology [10]. In addition, AT ethics education should
be integrated throughout the educational process, including
curriculum design, teaching methods, and assessment systems.
For example, Fajar Alamin and Sofyan Sauri emphasised that
Al ethics education should be centred on "building moral
values", and that students' and teachers' ethical awareness
should be enhanced through curriculum reform and teacher
training [16].

At the practical level, Al ethics education can be realised in a
number of ways. First, curriculum design should incorporate
Al ethics content into the teaching of various disciplines, for
example, by introducing Al ethics modules in computer
science, social science and humanities programmes. Second,
teacher training should enhance teachers' understanding of
Al ethics so that they can effectively guide students to think
about the moral implications of Al. For example, Hu et al.
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proposed that a guide to ethical norms for educational Al
should be prepared and their intelligence education literacy
should be enhanced through teacher training [14]. In addition,
student engagement is also an important part of Al ethics
education. For example, Sara Saylam et al. stated that
educators should guide students to understand the potential
impacts of Al and develop their ethical awareness and digital
citizenship [9].

3.3 Framework and Policy Recommendations for Ethical
Governance of Al

In order to effectively address the ethical challenges of Al in
education, it is necessary to construct a sound framework for
the ethical governance of Al. First, policymaking should
clarify the ethical boundaries of Al in education, for example,
through legislation that ensures the privacy protection of
student data and regulates the fairness of Al systems. For
example, Afshan Bibi et al. suggest that student rights
protection should be strengthened, algorithmic and data biases
should be addressed, and the impact of Al on educational
equity and inclusion should be monitored [6]. Second,
technology governance should focus on the transparency and
interpretability of Al systems, for example, through
algorithmic auditing and publicising the decision-making
process to enhance students' and teachers' trust in Al. For
example, Liheng Yu and Zhonggen Yu pointed out that Al
ethics should include principles such as transparency, justice,
fairness, impartiality, harmlessness, responsibility, and privacy
[7]. In addition, interdisciplinary cooperation is also an
important direction for Al ethics governance. For example,
Ana Maria Alonso-Rodriguez emphasised that Al ethics
should integrate scientific, technological and cultural-social
factors to guide the application of Al in education [11].

At the policy level, governments and educational institutions
should develop appropriate ethical norms for Al and promote
their implementation in educational practices. For example,
Celalettin Celevi et al. pointed out that a guide to ethical
norms of Al in education should be prepared and students'
ethical awareness should be promoted through public interest
learning resources [12]. In addition, international co-
operation is also an important direction for Al ethical
governance. For example, the draft proposal for Al ethics
proposed by UNESCO emphasises the unification and
coordination of Al ethical standards globally [1].

IV. FUTURE TRENDS AND INTERDISCIPLINARY INTEGRATION
PATHS OF AI-ENABLED EDUCATION

4.1 Generative Al-driven paradigm shift in education

Generative Al is becoming the core force driving the change
of education paradigm.Hao Yu and Yunyun Guo (2023)
pointed out that generative Al can dynamically generate

personalized learning content based on students' learning data
and behavioral patterns through natural language processing

and deep learning technology, realizing the accurate teaching
and learning according to students' abilities [5]. " precision

teaching [5]. For example, Al can generate customised
learning paths based on students' interests or provide
immersive experimental experiences through virtual labs, thus
breaking through the time and space constraints of traditional
classrooms. In addition, generative Al can enhance learning
motivation through gamification design, for example,
combining augmented reality (AR) technology to construct
interactive learning scenarios to visualise abstract concepts
and enhance students' cognitive engagement [5].

4.2 New Pathways for Equitable and Inclusive
Development in Education

The popularity of Al technology provides technical support
for educational equity, but its application still needs to address
the uneven distribution of resources and the digital divide. Hu
Xiaoyong et al. (2022) proposed that high-quality educational

resources should be sunk into remote areas through projects
such as "digitisation of enrolment" and "digitisation of public

services in international education", so as to realise the
equalisation of educational opportunities [13]. For example,
Al-driven distance learning platforms can provide rural
students with the same quality of curriculum resources as
urban students, and at the same time break down language
barriers and promote multicultural integration through voice
recognition and real-time translation technology [15].
However, technological empowerment needs to be synergised
with policy design, such as the establishment of "Guidelines
for Ethical Regulation of Al in Education", to ensure the
universality and safety of technological applications [15].

4.3 Interdisciplinary Integration and Reconstruction of
Educational Ecology

The deep integration of Al and education needs to break
through the disciplinary barriers and build a new educational
ecology of "human-machine collaboration". Liu Bangqi and

He Sheng (2021) proposed that a multi-level Al education
system should be constructed with the framework of "one
goal, four levels, and two types of training", covering the
differentiated needs of basic education, vocational education
and higher education [14]. For example, in the basic education
stage, Al can assist teachers in designing interdisciplinary
curricula (e.g., STEAM education), and integrating maths,
science and art content through knowledge mapping
technology; in higher education, Al can provide researchers
with intelligent literature analysis and experimental design
support to promote academic innovation [17]. In addition, the
combination of educational robots and virtual teachers can
provide personalised support for special education groups, e.g.
identifying students' emotional states and adjusting teaching
strategies through affective computing technologies [17].

4.4 Policy synergies and global governance frameworks

The sustainable development of Al-enabled education depends
on policy guidance and international cooperation. Huang
Ronghuai et al. (2021) emphasised that the government should
adopt the proposition of "two-way empowerment of science
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and technology and education" to formulate the development
plan of Al education, for example, setting up a special fund to
support the research and development of Al education
products , and establishing a collaborative mechanism of
"government-enterprise-academia-research" to promote the
technology to the ground [7]. [7]. Meanwhile, the draft Al
ethics proposal (2023) proposed by UNESCO provides a
reference for global governance, such as avoiding
technological monopoly and data barriers through
standardised data sharing agreements [15]. In the future, the
governance of Al in education needs to take into account
technological innovation and humanistic care, such as building
a dynamic simulation system of educational data through the
"digital twin strategy" to achieve risk warning and decision
optimisation [4].

4.5 Challenges and Opportunities in the Education 4.0 Era

Education 4.0 (Education 4.0), as the future form of Al and
education integration, faces the uncertainty of technology
iteration, but also contains unlimited possibilities.Jodo
Fernando Costa Junior et al. (2023) pointed out that Al
education needs to address the core issues of "algorithmic
bias" and "data privacy", such as protecting student data
privacy through federated learning technology, and improving
model generalisation ability by using transfer learning [17].
Jodo Fernando Costa Junior et al. (2023) pointed out that AI
education needs to address core issues such as "algorithmic
bias" and "data privacy", for example, by protecting student
data privacy through federated learning techniques, and by
using transfer learning to improve the generalisation of models
[17]. In addition, Education 4.0 needs to reconfigure the role
of the teacher, so that it is transformed from a "knowledge
transmitter” to a "learning guide", through Al tools to assist in
the design of inquiry-based learning tasks, to cultivate
students' critical thinking and innovation [12]. Ultimately, the
triple realm of Al-enabled education will move from
"instrumental rationality" to "value rationality", and achieve a
comprehensive reconstruction of the education ecosystem
through the synergistic evolution of technology, education and
society [1].

V. THE FUTURE PICTURE AND SUSTAINABLE DEVELOPMENT
PATH OF AI-ENABLED EDUCATION

5.1 A systematic summary of the three realms of Al
education

The triple realm of Al-enabled education - from "instrumental
rationality" to "value reconstruction" - is not only the
inevitable result of technological evolution, but also a deep
mapping of educational philosophy and social values. It is not
only the inevitable result of the evolution of technology, but
also a deep mapping of educational philosophy and social
value. Zhang Jingjing (2021) pointed out that the "value
reconstruction" of Al education needs to take "moral
education" as the core, and through the "human-machine co-
teaching" mode, the technical tools are transformed into
carriers of educational value, promoting students from
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knowledge to education. Through the mode of "human-
machine co-teaching", the technological tool is transformed
into a carrier of educational value, and students are promoted
to shift from knowledge acquisition to ability cultivation and
value shaping [1]. Liu Sanwuya (2023) further proposes that
the "trilogy" progression pattern of Al education -
technological empowerment, technological innovation, and
technological reshaping - reveals the transformation of the
education ecology from "standardisation" to "standardisation".
"standardisation" to "personalisation" to "ecology" [16]. This
process not only relies on technological breakthroughs, but
also requires the innovation of educational concepts and the
synergy of social systems.

5.2 Challenges and Directions for Breakthroughs in
Current AI Education Practices

Although AI education shows great potential, its development
still faces multiple challenges. First of all, the issues of
technology ethics and data security are prominent.Neil
Selwyn (2022) emphasises that the application of Al in
education needs to be alert to risks such as "algorithmic bias",
"data privacy", "social inequality", etc. [4]. "For example,
generative Al may discriminate against disadvantaged groups
due to biased training data [4]. Secondly, the realisation of
equity in education still needs a breakthrough. The UNESCO
report points out that Al education needs to narrow the
education divide between urban and rural areas, regions and
groups through strategies such as "inclusive data systems" and
"open sharing of digital resources" [12]. In addition, the
transformation of teachers' roles and the "human-machine
trust crisis" are also key challenges. Huang Ronghuai et al.
(2021) suggest that teachers need to transform from
"knowledge transmitters" to "learning facilitators", and the
"black box effect”" of Al tools may weaken the depth of
teacher-student interaction [18]. The "black box effect" of Al
tools may weaken the depth of teacher-student interaction
[18].

5.3 Sustainable Paths for the Future of AI Education

For the future, the sustainable development of Al education
needs to be promoted from the three aspects of technology,
education and society. On the technical level, the
transparency and interpretability of Al systems should be
strengthened, for example, through "explainable AI" (XAI)
technology to enhance the trust between teachers and students
[20]. Meanwhile, the cultivation of "emotional intelligence"
and "Al literacy" of generative Al should be the focus of
research to address the cognitive and ethical challenges in
human-computer interaction [14]. At the education level, a
new teaching ecology of "human-computer collaboration"
should be constructed, for example, through the mode of
"dual-teacher classroom" and "virtual teacher", to achieve the
balance between personalised learning and social-emotional
development [3]. Balance of personalised learning and social-
emotional development [3]. At the social level, it is necessary
to establish an education-technology-policy linkage
mechanism, for example, through the "Code of Ethics for Al



in Education" and "Open Platform for Digital Resources", to
promote the universality and fairness of Al education [4]. The
social level needs to establish an "education-technology-
policy" linkage mechanism, for example, through the "code of
ethics for Al in education" and "open platform for digital
resources" to promote the universality and fairness of Al
education [12].

5.4 Future Research Directions and the Future Picture of
Policy

Future research on Al education should focus on the following
directions: first, interdisciplinary integration, for example,
combining education, psychology and computer science to
explore the application of Al in special education, lifelong

learning and other fields [16]; second, ethical governance, to
build a global standard covering data privacy, algorithmic
fairness and social impacts [12]; and third, educational equity,
to optimise resource allocation strategies through the "digital
twin" technology to simulate different educational scenarios
[19]. Third, educational equity, through "digital twin"
technology to simulate different educational scenarios and
optimise resource allocation strategies [19]. At the policy
level, initiatives such as "education Al special fund",
"teachers' Al literacy training" and "education data open
platform" should be promoted to ensure the sustainable
development of Al education [17]. The triple realm of Al-
enabled education is not only a leap in technology, but also a
reconstruction of the nature of education. From "instrumental
rationality" to "value reconstruction", Al education needs to
adhere to the humanistic care in the technical empowerment,
and achieve fairness and justice in the systematic change. In
the future, only through the synergistic evolution of
technology, education and society can we build a new
ecosystem of Al education that is "high-quality and warm",
and truly realise the educational ideal of "making people
moral" [16].

VII. Conclusion

With the continuous development of artificial intelligence, its
application fields continue to expand, and will be more widely
used in primary and secondary school teaching in the future,
artificial intelligence will be more deeply integrated into the
field of primary and secondary school teaching, and artificial
intelligence will develop towards intelligence, personalization
and fairness. As a tool for teachers to carry out teaching work,
artificial intelligence can tailor personalized learning plans for
students, and to a certain extent, it can also promote the
balanced allocation of educational resources and contribute to
the fair development of educational resources. In the face of
the development of Al technology, the education sector should
seize the opportunity to tap the potential of Al technology to
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achieve sustainable development of primary and secondary
education.
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Abstract

Quasi-submodularity is a unified measurement to char-
acterize submodularity or approximate submodularity of
a set function. In this paper, we consider a variant of
Minimum Cardinality Cover named Minimum Cardinal-
ity Multiple Quasi-submodular Cover, which requires to
find the smallest subset of given ground set such that mul-
tiple quasi-submodular functions reach a maximum. We
design and analyze a greedy approximation algorithm for
Minimum Cardinality Multiple Quasi-submodular Cover.
As some applications of our results, we achieve a O(In n)-
approximation algorithm for Minimum Resolving Re-
strained Dominating Set, and a O(In §)-approximation al-
gorithm for Minimum Dominating Set in multiplex net-
works, where n is the node number and § is the maximum
node degree of the input graph.

Index Terms— Minimum cardinality cover, Submodular, Ap-
proximation algorithm, Dominating set

1 Introduction

Minimum Cardinality Cover(MCC for short) is a well-known
NP-hard combinatorial optimization problem. Given a ground
set U and a set function f:2Y — R* which is normalized
(f(@) = 0) and non-decreasing (f(7) > f(R) whenever
T C R C U), MCC is asked to find a smallest subset S C
U such that f(S) = f(U), more formally,

mint| $1: £(8) = F(U)}-

For any pair of 7', R C U, the marginal gains of set R in
T is denoted by Arf(T) = f(RUT) — f(T). Specially,
denote by A, f(T) = f(T' U {i}) — f(T) the marginal gains
of singleton set {¢} in T'. The classical greedy algorithm(CGA
for short) is a basic method for MCC: starts from an empty set;
iteratively adds to the current solution set one element with the
maximum marginal gains until potential function f(-) reaches
the maximum.

Especially, suppose potential function f(-) satisfies sub-
modularity or approximate submodularity, then algorithm
CGA enjoys some provable approximation guarantees for

Algorithm 1 CGA

Input: A ground set U and potential function f:2V — R+
Output: A subset S C U such that f(S) = f(U)
0 S 0
while Ju € U such that A, f(S) > 0 do
u = arg max,e i s, f(S);
S« SuU{u};
end while
return S.

AN A

these variants of MCC. Now we introduce the submodularity
and two approximate submodularities.

(7): Submodularity [1, 2, 3]. The submodularity of f(-) is
that the marginal gains of joining an element to a set is not less
than that of joining an element to a superset. More formally,
forany TC R C U and any i € U\R, f(-) satisfies

A f(T) > Aif(R).

(72): Submodularity Ratio [4, 5]. The submodularity ratio
is a approximate submodularity which is used to characterize
how close a set function is to be submodular. More formally,
the submodularity ratio of f(-) is the largest scalar v €(0,1]
such that forany 7T C R C U and any i € U\R, f(-) satisfies

Aif(T) =y x Aif(R).

(#47): Submodularity Gap [5, 6]. The submodularity gap is
another approximate submodularity which is also used to char-
acterize how close a set function is to be submodular. More
formally, the submodularity gap of f is the smallest scalar
6 €[0,+00) such that for any T C R C U and any i € U\R,
£ () satisfies

A f(T) > Aif(R) = 0.

Submodularity and approximate submodularity play an im-
portant role in combinatorial optimization, especially the Min-
imum Cardinality Cover. However, some combinatorial op-
timization problems require multiple submodular or approx-
imate submodular functions reach a maximum. These prob-
lems are usually NP-hard, which means it is unlikely to be
solved precisely in polynomial time unless P = N P. Greedy
approximation algorithm might be very popular to solve the
problem, because it enjoy low time complexity and thus can
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be suitable for big data, and particularly because it can give
solutions with guaranteed quality, which are close to the best
that could theoretically be obtained. The contributions of this
paper are as follows.

* Define a measurement which is called quasi-
submodularity to uniformly characterize submodularity
and some approximate submodularities.

* Design and analyze a greedy approximation algorithm for
Minimum Cardinality Multiple Quasi-submodular Cover.
It can be proved that our approximation ratio slightly gen-
eralizes some known ones.

* Achieve a O(In n)-approximation algorithm for the mini-
mum resolving restrained dominating sets problem, and a
O(In §)-approximation algorithm for the minimum domi-
nating sets problem in multiplex networks, where n is the
node number and ¢ is the maximum node degree of the
input graph.

2 Preliminaries

First, we give a measurement which is called quasi-
submodularity to unified characterize submodularity and some
approximate submodularities.

Definition 1. (Quasi-submodularity). Given a ground set U
and a set function f:2V — R, the quasi-submodularity is
binary parameters (X, p) such that for any T C R C U and any
i€ U\R

Aif(T) = X x Aif(R) — p,
where A € (0,1] and p € [0, 400).

For Convenience, henceforth we say that a function f(-) is
(A, p)-submodular if its quasi-submodularity is (A, ). It is
easy to see that if f(-) satisfies (\, p)-submodularity, then f(-)
satisfies (X', p’)-submodularity for any A’ € (0, A] and ¢/ €
[, +00).

Remarks:

(4) (1, 0)-submodularity is the classic submodularity,

(i) (A, 0)-submodularity is called submodularity ratio of f(-)
if and only if A is the largest scalar such that f(-) satisfies
(A, 0)-submodularity,

(4i1) (1, p)-submodularity is called submodularity gap of f(-)
if and only if p is the smallest scalar such that f(-) satisfies
(1, u)-submodularity.

Next, we consider a variant of Minimum Cardinality Cover.
The variant requires multiple submodular or approximate sub-
modular functions reach a desirable fraction.

Definition 2. (Minimum Cardinality Multiple Quasi-
Submodular Cover). Given a ground set U and multiple set
functions fi1, ..., fr:2Y — RY, where f; is normalized, non-
decreasing and (\;, p;)-submodular for any i € {1,2, ..., k},
Minimum Cardinality Multiple Quasi-Submodular Cover is
asked to find a smallest subset S C U such that f;(S) = f;(U)
foranyi € {1,2,...,k}, more formally,

Since that Minimum Cardinality Multiple Quasi-
submodular Cover generalizes the problem of covering
multiple submodular constraints [7] if (Ag, px)-submodularity
is submodularity for any i € {1, 2, ..., k}, then Minimum Car-
dinality Multiple Quasi-submodular Cover is NP-hard, which
means it is unlikely to be solved precisely in polynomial time
unless P = NP. Our aim is to give a greedy approximation
algorithm with polynomial time.

3 Greedy approximation algorithm

For Minimum Cardinality Multiple Quasi-submodular Cover,
we give a solution with guaranteed quality by considering a
potential function f : 2V — R for any S C U, where

k
f(8) = foS)-

It is easy to see f(-) is normalized and non-decreasing
due to f;(-) is normalized and non-decreasing for any i €
{1,2, ..., k}. Further, we give some properties of f(.S) for any
SCU.

Lemma 1. The potential function f(-) satisfies

(2) (A, p)-submodularity, where A\ = min{\1, Ag, ..., Ay} and
=1 e

(i3) f£(S) = f(U) if and only if S is a solution for Minimum
Cardinality Multiple Quasi-submodular Cover, and

(7i1) f(S) < f(U) if and only if there exists a element u €
U-—Sandie€ {1,2,...k} such that A, f;(S) > 0.

Proof. (1)Since f;(-) is (A, it;)-submodular for any i €
{1,2,...,k}, we have forany AC BC U andanyu € U — B

k
Auf(A) = Z A, fi(A)

k
> (N X Aufi(B) = i)

=1
k
>Ax (Y Aufi(B) —p
=1
:AXAuf(B)iluv

where A = min{A1, Ag, ..., A} and p = Zle i

G)f(S) = f(U), namely, f:(S) = fi(U) for i €
{1,2,....,k} if and only if S is a solution for Minimum Cardi-
nality Multiple Quasi-submodular Cover.

(#0) f(S) < f(U), namely, there exist u € U — S such
that A, f(S) > 0, which is equivalent to the existence of i €
{1,2,...,k} and u € U — S such that A, f;(S) > 0. O

Next, we prove that algorithm CGA yields a approximation
solution for Minimum Cardinality Multiple Quasi-submodular
Cover.
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Theorem 1. If f(-) is integer-valued, there exists a (1 +
Au+ l% In av)-approximation solution yielded by CGA for find-
ing a subset S C U such that f(S) = f(U), where o =
maXyey f({u})

Proof. Suppose that the greedy solution yielded by CGA is
S = {s1,52,..., 54}, where g is the cardinality of the greedy
solution and s; is the element selected in the 7th iteration of the
algorithm for¢ = 1,2, ..., g. And suppose S; = {s1, s2, ..., 8;}
fori = 1,2,...,g and Sy = (. Similarly, we let O =
{01,02, ..., 00pt } be an optimal solution where opt is its car-
dinality, and let O; = {01, 02, ...,0;} for j = 1,2, ..., opt and
Oy = 0.

From greedy rule, we have

s; =arg max A,f(Si_1),
gueU\S,;_l f( 1)

namely, forany i € {0,1,...,g—1}andany j € {1,2,...,0pt},

f(Siv1) = f(Si) = Ds, 1 f(Si) = Do, f(S0),

and thus we have
F(Sip1) = £(Si) = — > Ay f(S)).

Additionally, for any ¢ € {0, 1, ..., g}, we have

opt

FO)=F(Si) = F(SiUOup)— f(Si) = > A, f(S;U0;_1).

j=1
From lemma 1(2), we have
Do f(Si) = A X Ap, f(SiUO; 1) — p,

where A = min{A\1, Ao, ..., A\x} and p = Zle 1i. We im-
mediately establish the following recursive inequality for any
i€{0,1,...,9—1}

A

f(Sit1) = f(Si) > ot

(f(U) = f(Si) — u x opt),
which implies

)

Ax(
opt

) < Fs1)=F(0) < A, £(0) = max f({u))

Let ¢;io1 = AX(f(U) — f(Siz1) — p X opt) and a =
maxy,ey f({u}), we have

Cg = —AX X opt

and

fU)

opt

co = AX(f(U)—pxopt) = Ax( — ) X opt < a X opt.

For any ¢ € {1,2, ..., g}, another recursive inequality is estab-
lished as

AX o
Cic1 —Ci = AX Aspf(slfl) > &a

opt

which implies

A _Axi
¢ < 00(1 — O—pt)b < cpe” ort

Note that since c¢; is decreasing with respect to ¢, there exists
x € {1,2,....g—1} such that for any n € (0, o) we have c,
=(m — A x p) x opt. From ¢, to ¢y, ¢, will reduce from
(n— A X @) X optto —\ X 4 X opt with g — x elements are
selected by CGA. Otherwise, by assuming that f(-) is integer-
valued, ¢, reduces 1 at least when any element in U\S, is
selected. Therefore, we have g < n X opt + x from

opt x (M —Axpu)—(g9—1x) > —AX puXx opt.

AXT . .
By ¢, < cge” ort, the relationship between x and opt can be
obtained as

t
e< P m&
A Co
t X opt
S%xln a xop
A opt X (n— A X )

Xt <

Hence,

< xopt+a<optx (n+—In— )

0 z<o —In——).
g<nxop Soptx (nt yIn o=

In order to get the lower bound of approximation ratio, we
consider function p(n) = n + 1 In S is minimal at n =
14 A x p. Since 1 €(0, o), we can simplity the approximation
ratioto 1 + A+ + Ina. O

We remark that Theorem 1 slightly generalizes some known
results. For Minimum Cardinality Submodular Cover, it is
easy to obtain from Theorem 1 the approximation ratio 1 +
In o which is almost the same as H(«). Theorem 1 can also
directly derive an approximation ratio 1 + % In « for Minimum
Cardinality Ratio-submodular Cover if (A, 0)-submodularity is
submodularity ratio of f(-), and another approximation ratio 1
+ ¢+ In o for Minimum Cardinality Gap-submodular Cover if
(1, u)-submodularity is submodularity gap of f(-).

4 Application

In the section, we would like to generalize our results to Min-
imum Resolving Restrained Dominating Set and Minimum
Dominating Set in Multiplex Networks.

4.1 Minimum Resolving Restrained Dominat-
ing Set

Given a connected graph G = (V, E) with node set V. =
{v1,v2,...,v,} and edge set E. The order of G is given by
n = |V and its size by m = | E|. For any u,v € V, we denote
by N (v) the set of all neighbors of v, by dis(u,v) the short-
est distance of u,v in G. Next, we introduce some concepts
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including dominating set, resolving set and Minimum Resolv-
ing Restrained Dominating Set.

For any D C V and any node v € V, u is dominated by D
if there exists a node v € D such that v € N(u). Any subset
D C V is called a dominating set if and only if any node in
V' — D can be dominated by at least one node in D. In order
to formally describe the dominating set, we define a potential
function f; : 2V 5 Z7 for any D C V, where

fi(D) =KvloeV =D, Nw)nD #0}+|D]. (1)

Obviously, f1(0) =0, f1(D) < n if and only if the existence
of v € V — D such that N(v) N D = (), namely, any subset
D C V is called a dominating set if and only if f1(D) =
fi(V) =n.

For any D C V and any two distinct nodes u,w € V, u
and w are resolved by D if there exists a node v € D such
that dis(v,u) # dis(v,w). Any subset D C V is called a
resolving set [8] if and only if any two distinct nodes in V' can
be resolved by D. In order to formally describe the resolving
set, we construct a set V' = {(v;,v;)|v; € V,u; € V)i < j}
in polynomial time, let C'((v;,v;)) = {v|v € V,dis(v,v;) #
dis(v,v;)} for any (v;,v;) € V', and define a potential func-
tion fp : 2V — Z* forany D C V, where

f2(D) = {(vi, v;)|(vi,v;) € V', C((vi,v;))ND # 0} (2)

Obviously, f2(0) = 0, fo(D) < "(”TH) if and only if the
existence of (v;,v;) € V' such that C((v;,v;)) N D = 0,
namely, any subset D C V is called a resolving set if and only
if fo(D) = fo(V) = w It’s worth recalling that the
resolving set with smallest cardinality is called metric dimen-
sion [9] in G. Finding the metric dimension in a general graph
is NP-hard [10], which means it is unlikely to be solved pre-
cisely in polynomial time unless P = N P. At present, there
are two greedy approximation algorithms [8, 11] for finding
metric dimension, in which the greedy rule of Khuller-Greedy
[8] with (1 + 21lnn)-approximation is equivalent to selecting
v €V — D with max,cy—p A, f2(D) in each iteration.

The Minimum Resolving Restrained Dominating Set [12] is
asked to find a smallest subset D C V with smallest cardinal-
ity such that D is a dominating set and resolving set. More
formally,

Bngn\}{‘Dl s fi(D) = f1(V), f2(D) = f2(V)}.

To the best of our knowledge, there is no approximation al-
gorithm to solve Minimum Resolving Restrained Dominating
Set so far. Our aim is to propose an approximation algorithm
by considering a potential function f : 2V — Z* for any
D CV, where

f(D) = f1(D) + f2(D).

Let us show some properties of f(D).

3)

Lemma 2. The potential function f(-) satisfies
(2) f(-) is normalized, non-decreasing and (1, 0)-submodular,
(i1) f(D) = f(V) if and only if D is a solution for Minimum

Resolving Restrained Dominating Set, and
(71) f(D) < f(V) ifand only if there exists anodev € V—D
such that A, f(D) > 0.

Proof. (i) From (1) and (2), f(0) = 0 is clear. It is easy
to see that f(-) is non-decreasing due to |N(v) N D| and
|C((vs,v5)) N D| are non-decreasing with respect to D for any
v €V — D andany (v;,v;) € V. Forany A C B C V and
any ¢ € V — B, we have

A fi(A) = fi(AU{z}) — f1(4)
= |N[z] = A—{vjv € V,N(v) N A # 0}]
> |N[2] = B — {o|v € V, N(v) N B £ 0}]
= A, f1(B)
and
Az fa(A)
f2(AU{z}) — f2(A)
= |C(x) — {(vi,v))|(vi,v;) € V!, C((v3,v5)) N A = 0}
> 1C(2) = {(u1,03)I(03,05) € V7, Cl(w3,03)) 0 B = O}
= A, f2(B),

hence,

> A f1(B) + Az fo(B)
= A, f(B).

(i) f(D) = f(V), namely, fi(D) = fi(V) = n and
fo(D) = fo(V) = ™% if and only if N(v) N D # 0
for every v € V — D and C((v;,vj)) N D # O for every
(vs,v;) € V' if and only if D is a solution for Minimum Re-
solving Restrained Dominating Set.

(i5i) f(D) < f(V), namely, f1(D) < n or fo(D) <
w if and only if the existence of v € V — D such that
N(v)ND = (or (v;,vj) € V' such that C((v;,v;))ND = 0,
which is equivalent to the existence of v € V' — D such that
A,f(D) > 0. O

Based on Lemma 2 and Theorem 1, it is easy to know algo-
rithm CGA yields a (1 + 21n(n + 1))-approximation solution
for Minimum Resolving Restrained Dominating Set due to

mas f({0}) < max(fi({o}) + max fo({o})
— max(|N[o]]) + max(|C(0)])

<n+n®<(n+1)>

4.2 Minimum Dominating Set in Multiplex
Networks

Considering a multiplex network which is formed by k differ-
ent layers, i.e., G = (Gy,...,G), where every layer G; =
(V,E;) has a same set V' of n nodes and a distinct set of
edges E;. We denote by N;(v) the set of all neighbors of v in
G; = (V, E;). In order to formally describe the dominating set
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in G; = (V, E;), we define a potential function f; : 2V — Z7
forany D C V andany i € {1,2,...,k}, where

fi(D) = “4)

Obviously, f;(0) = 0, f;(D) < n if and only if the existence
of v € V — D such that N;(v) N D = (), namely, any subset
D C V is called a dominating set in G; = (V, E;) if and
only if f;(D) = f;(V) = n. The Minimum Dominating Set
in Multiplex Networks [13] is asked to find a smallest subset
D C V with smallest cardinality such that D is a dominating
set in every layer G; = (V, E;). More formally,

fi(D) = fi(V),i e {1,2,..,

H{v|lv € V — D, N;(v) N D # 0}| + | D|.

min{|D| : k}}.
Even with £ = 1, Minimum Dominating Set in Multiplex
Networks generalizes the well-known Minimum Dominating
Set. Minimum Dominating Set in Multiplex Networks is NP-
hard problem due to it can also be easily reduced to Minimum
Dominating Set. Some practical applications such as Mon-
itoring Epidemic in Multiplex Network [14], Early Detecting
and Controlling Epidemic in Multiplex Network [15] and Con-
structing Extractive Text Summarization [16] are usually mod-
eled as Minimum Dominating Set in Multiplex Networks.
Some heuristic algorithms [13, 17] for the Minimum Dom-
inating Set in Multiplex Networks have been proposed. Our
aim is to propose an approximation algorithm by considering
a potential function f : 2V — Z7 for any D C V, where

f(D) = Z fi(D). (5)

Let us show some properties of f(D).

Lemma 3. The potential function f(-) satisfies

(@) f(-) is normalized, non-decreasing and (1,0)-submodular,
(i1) f(D) = f(V) if and only if D is a solution for Minimum
Dominating Set in Multiplex Networks, and

(732) f(D) < f(V) ifand only if there exists anodev € V—D
such that A, f(D) > 0.

Proof. (i) From (4), f(0) = 0 is clear. It is easy to see that
f(-) is non-decreasing due to |N;(v) N D| is non-decreasing
with respectto D foranyv € V — D and any i € {1,2, ..., k}.
Forany AC B C V andany x € V — B, we have

Az fi(A) = fi(Au{z}) - fi(A)
= |N[z] — A— {v|lv € V,N(v) N A # 0}
> [Nfz] — B = {v|v € V,N(v) N B # 0}
hence,

k
221
i=1

:A;f(B).

(it) f(D) = f(V), namely, fi(D) = f;(V) = n for any
i € {1,2,...,k} if and only if N;(v) N D # @ for every v €
V — D andanyi € {1,2,...,k} if and only if D is a solution
for Minimum Dominating Set in Multiplex Networks.

(#i7) f(D) < f(V), namely, the existence of i €
{1,2,...,k} such that f;(D) < n if and only if the existence
ofv eV —Dandi€ {1,2,...,k} such that N;(v) N D = (),
which is equivalent to the existence of v € V' — D such that
A, f(D) > 0. O

Based on Lemma 3 and Theorem 1, it is easy to know algo-
rithm CGA yields a (1+1n(k x 6 + k))-approximation solution
for Minimum Dominating Set in Multiplex Networks due to

k
max f({v}) < Z max fi({v})

= Z max(|N;[v
veV

:Z(5i+1)
1=1
<kxd+k,

where §; is the maximum node degree of the graph G; =
(‘/Y, El) and § = max{él, (52, vy (Sk}

5 Conclusion

In this paper, we have proposed a variant of Minimum Car-
dinality Cover named Minimum Cardinality Multiple Quasi-
submodular Cover and given a greedy approximation algo-
rithm for it by defining a quasi-submodular potential func-
tion. As some applications of our results, we directly give
(1 4+ 2In(n + 1))-approximation solution for Minimum Re-
solving Restrained Dominating Set and a (1 4 In(k x § + k))-
approximation solution for Minimum Dominating Set in Mul-
tiplex Networks, where n is node number and 0 is the maxi-
mum node degree of the input graph.

In the future work, we would like to generalize our method
to some other related NP-hard problems to explore their
greedy approximation algorithms with better approximation
ratio or performance.
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Abstract

With the advancement of multimodal perception tech-
nologies, integrating visible (RGB) and thermal infrared
(THR) information has become a key approach to enhanc-
ing the robustness of visual systems under complex il-
lumination conditions. While existing studies primarily
focus on improving quantitative accuracy through mul-
timodal fusion, less attention has been paid to the per-
ceptual differences and consistency between modalities.
This study investigates the performance—perception dis-
crepancy in multimodal depth estimation under varying
illumination scenarios. Through comparative experiments
between RGB and THR modalities, the analysis reveals
that THR exhibits superior numerical performance (e.g.,
lower RMSE and AbsRel) in low-light and nighttime con-
ditions, yet suffers from perceptual degradation such as
over-smoothing and structural blurring. Moreover, by ref-
erencing findings in multimodal object detection, this phe-
nomenon is shown to be task-general, arising from the dis-
tinct spatial frequency responses of different modalities.
The presented results provide empirical evidence and the-
oretical insight for future research on multimodal feature
fusion and perceptual consistency optimization.

Index Terms— Depth Estimation, Multimodal, Illumination
Robustness, Quantitative Evaluation, Visual Consistency.

1 Introduction

Recent advances in computer vision have enabled machines
to perceive and reconstruct 3D structures from visual data
with remarkable accuracy, particularly through deep learn-
ing-based monocular depth estimation (MDE) methods [1,
25]. These models have achieved significant progress in au-
tonomous driving, robotics, and scene understanding [3, 17].
However, RGB-based depth estimation systems remain sen-
sitive to environmental variations—especially in challeng-
ing illumination conditions such as nighttime or adverse
weather—where visible light becomes unreliable.

Thermal infrared (THR) imaging provides a promising
complementary modality in such environments. By captur-
ing infrared radiation emitted by objects above absolute zero,
thermal cameras can perceive structures that are invisible to

the RGB spectrum, offering illumination invariance and ro-
bustness to occlusion and haze [11, 5]. As illustrated in prior
multimodal vision studies, THR sensors have been success-
fully used for tasks such as salient object detection, pedes-
trian recognition, and image segmentation, thanks to their
strong response to heat-emitting objects even in complete
darkness [11, 5]. Nevertheless, when applied to depth esti-
mation, thermal images introduce new challenges: they often
exhibit low resolution, limited texture, and reduced semantic
richness, making fine-grained 3D reconstruction difficult.

To address these challenges, multimodal fusion between
RGB and THR modalities has emerged as a viable strat-
egy. Recent works have explored RGB-Thermal integra-
tion through two primary paradigms: (1) feature-level fusion
networks that combine spatial and channel-wise cues from
both modalities to enhance representation learning [20, 27],
and (2) cross-modal distillation frameworks that transfer ge-
ometric knowledge from large-scale RGB foundation mod-
els to thermal networks using confidence-aware consistency
objectives [15, 24, 2]. Despite these advances, the perfor-
mance—perception inconsistency remains a largely overlooked
issue in multimodal depth estimation: quantitative metrics
such as RMSE or AbsRel may improve significantly through
thermal guidance, while the resulting depth maps exhibit vi-
sual artifacts such as texture loss or oversmoothing.

This discrepancy highlights a fundamental property of
multimodal depth perception—the asymmetric contribution
of RGB and THR features. RGB imagery captures high-
frequency textures and detailed semantics but degrades rapidly
in dark scenes, whereas THR imagery maintains structural
continuity at the cost of visual sharpness. Existing multimodal
fusion models [14, 4] often overlook this imbalance by treating
both modalities uniformly, resulting in fused representations
that may optimize numerical performance but fail to achieve
perceptual coherence.

In this study, we systematically analyze the perfor-
mance—perception discrepancy in multimodal depth estima-
tion under varying illumination conditions. Using a series
of controlled experiments comparing RGB, THR, and fused
modalities, we observe that thermal-based estimation yields
superior quantitative metrics but perceptually degraded visual
results. We further discuss the relevance of this phenomenon
to other multimodal tasks, such as object detection and salient
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object segmentation, where similar modality-dependent trade-
offs have been observed [19, 26]. The findings of this study
provide empirical evidence and analytical insights for devel-
oping future multimodal perception systems that balance ac-
curacy with perceptual fidelity.

The main contributions of this paper are as follows:

* We conduct an empirical analysis of RGB-thermal
(RGB-THR) depth estimation under varying illumina-
tion, revealing a clear performance—perception discrep-
ancy.

* We identify that this discrepancy arises from modality-
dependent feature characteristics, where THR improves
quantitative accuracy but weakens visual fidelity.

* The findings provide experimental evidence and insight
for subsequent research on multimodal feature fusion and
perceptual consistency optimization.

2 Related Works

2.1 RGB and Thermal Imaging in Visual Tasks

Multimodal perception has emerged as a key paradigm in
computer vision to improve robustness against illumination
changes, occlusions, and environmental degradation. Among
various modality combinations, visible-light (RGB) and ther-
mal infrared (THR) imaging form a particularly complemen-
tary pair. RGB sensors capture reflected visible light, provid-
ing rich texture and color cues essential for semantic under-
standing and fine spatial delineation. In contrast, THR cam-
eras sense long-wave infrared radiation emitted by objects, en-
abling reliable perception under adverse or low-illumination
conditions [23].

The integration of RGB and THR data has been explored
across numerous vision tasks, including pedestrian detection,
salient object detection, semantic segmentation, and scene un-
derstanding [7, 8, 13]. For example, multispectral detectors
trained on datasets such as KAIST and LLVIP have shown that
thermal cues can significantly enhance nighttime pedestrian
recognition [8, 7]. In salient object detection, cross-modality
interaction modules and attention-guided fusion methods [13,
28] leverage complementary modality information to achieve
robust target localization under dynamic lighting. Similarly,
RGB-THR fusion in semantic segmentation improves feature
stability at the object boundary level [21], confirming the ben-
efit of multimodal integration in challenging environments.

The advantages of RGB-THR fusion extend beyond con-
ventional image analysis. Recent studies have applied multi-
spectral fusion to domains such as autonomous driving [22],
UAV-based surveillance [16], and robotics [9], where the goal
is to achieve all-day, all-weather perception. These applica-
tions emphasize that while RGB features provide geometric
and semantic richness, THR inputs ensure visibility and struc-
tural consistency across varying conditions—highlighting the
importance of effective cross-modal fusion for real-world de-
ployment.

2.2 Multimodal Fusion Strategies and Emerg-
ing Challenges

With the success of deep learning, multimodal fusion has
evolved from handcrafted feature concatenation to learned
feature-level and attention-based strategies. Early fusion ap-
proaches such as pyramid-based blending or weighted averag-
ing [18, 12] mainly focused on pixel-level enhancement with-
out learning task-specific representations. Modern deep fu-
sion frameworks employ dual-stream encoder—decoder archi-
tectures, where modality-specific features are extracted inde-
pendently and later integrated via cross-attention or adaptive
weighting [13, 10]. These designs enable networks to selec-
tively exploit complementary signals, improving the robust-
ness and adaptability of multimodal perception systems.

More recently, researchers have introduced transformer-
based and frequency-aware models to enhance cross-modal
representation learning. Transformer architectures offer global
context modeling between RGB and THR modalities [16],
while frequency-domain analyses reveal that different modali-
ties contribute unevenly across spatial frequency bands—RGB
features dominate high-frequency detail, whereas THR fea-
tures emphasize low-frequency structure [6]. Such insights
have motivated new fusion pipelines that adaptively balance
modalities according to scene characteristics.

Despite remarkable progress in multimodal fusion, most
existing studies still focus primarily on quantitative perfor-
mance indicators such as accuracy or mloU, while the per-
ceptual quality of fused results has received far less attention.
In practice, numerical improvements do not necessarily im-
ply perceptually consistent or visually coherent outputs. Our
experiments clearly reveal that the inclusion of thermal infor-
mation can stabilize numerical accuracy yet sometimes lead to
degraded visual realism. This observation indicates that nu-
merical metrics alone cannot comprehensively represent the
overall quality of multimodal perception. Therefore, our study
emphasizes the need to re-examine RGB-THR fusion from a
dual perspective—quantitative performance and perceptual fi-
delity—to achieve a more balanced and interpretable evalua-
tion of multimodal systems.

3 Comparative Evaluation

3.1 Experimental Setup

Dataset.

All experiments in this study are conducted on the Multi-
Spectral Stereo (MS?) Dataset [14], a large-scale outdoor
benchmark designed for multisensor perception and depth es-
timation research, as illustrated in Fig. 1.

The dataset provides synchronized recordings from stereo
RGB, stereo near-infrared (NIR), and stereo thermal (THR)
cameras, together with stereo LIDAR scanners and GPS/IMU
navigation units. This comprehensive sensor suite enables
precise geometric calibration and temporal synchronization
across modalities, supporting detailed investigation of multi-
modal visual perception under real-world conditions.
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RGB NIR

THR GT disparity

Figure 1: Overview of the Multi-Spectral Stereo (MS?) dataset. The dataset provides synchronized RGB, NIR, and thermal
stereo images captured under diverse environmental conditions (day, night, and rain), along with LiDAR, GPS, and IMU data

for geometric consistency.

The MS? dataset comprises approximately 184 K rectified
and synchronized stereo image pairs captured across diverse
environments, including urban streets, residential areas, cam-
pus roads, and suburban regions. Each location was recorded
multiple times under varying illumination and weather condi-
tions, covering clear, cloudy, and rainy days, as well as morn-
ing, daytime, and nighttime scenes. Such diversity provides a
valuable basis for studying modality-specific behaviors under
challenging visual scenarios. In addition to multi-spectral im-
agery, the dataset also includes projected LiDAR depth maps,
odometry information in both camera and LiDAR coordinate
systems, and GPS/IMU trajectories to ensure metric-scale con-
sistency.

In this work, we use theleft RGB andleft THR images, to-
gether with their corresponding LiDAR-projected depth maps,
to perform a controlled comparison between visible-spectrum
and long-wave infrared sensing for monocular depth estima-
tion. Both modalities are spatially aligned and temporally syn-
chronized, ensuring consistent supervision during training and
evaluation. The input resolution is fixed at 640x256 pixels,
and we follow the official preprocessing protocol of the dataset
to maintain alignment and radiometric consistency across all
samples.

The MS? dataset revisits the same physical locations un-
der different illumination and weather conditions, providing
a dense set of multi-condition correspondences for reliable
cross-modal analysis. This feature enables systematic evalu-
ation of modality-dependent robustness across structured and
unstructured environments, as well as across varying visibility
levels such as day, night, and rain. Its synchronized multi-
sensor design and environmental diversity make MS? a suit-
able benchmark for analyzing how RGB and thermal modali-
ties contribute to stable and reliable depth perception in com-
plex outdoor scenes.

Implementation details. For network implementation, we
employ the ConvNeXt-Tiny backbone as the feature extrac-

tor owing to its balance between computational efficiency and
representational capacity. For the RGB modality, the model is
initialized with ImageNet-pretrained weights to leverage gen-
eral visual priors and accelerate convergence. Since thermal
(THR) images are single-channel inputs lacking color infor-
mation, two configurations are explored to ensure fair evalu-
ation. In the first configuration, the THR image is replicated
across three channels to match the input dimension of the pre-
trained ConvNeXt-Tiny model, thereby enabling weight trans-
fer from the RGB domain. In the second configuration, the
model is trained with a single-channel input using the same
backbone structure but without pretrained initialization, al-
lowing the network to learn modality-specific representations
from scratch.

To maintain a fair comparison between modalities, we do
not employ any data augmentation strategies such as random
flipping, color jittering, or cropping. Both models are trained
under identical hyperparameter settings, including optimizer
configuration, learning rate schedule, and batch size. The im-
plementation is based on PyTorch and executed on an NVIDIA
RTX 4090 GPU with 24 GB of memory.

Training configuration. All models are trained for 25
epochs using the Adam optimizer with parameters §; = 0.9,
B2 = 0.999, and an initial learning rate of 1 x 10~%. A co-
sine decay schedule is adopted to gradually reduce the learn-
ing rate over time, ensuring stable convergence. The batch size
is set to 8, and all experiments are conducted on an NVIDIA
RTX 4090 GPU with 24 GB of memory. We follow the official
data preprocessing and normalization procedure of the MS?
dataset to maintain consistency across modalities. No addi-
tional data augmentation or modality-specific tuning is applied
during training to ensure a fair comparison between RGB and
thermal inputs.

The overall loss function combines a scale-invariant depth
loss and an edge-aware smoothness term, which are widely
used in monocular depth estimation [4]. The final objective is
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defined as:

L=Lg+Mgn, M\=0.1, )

where the scale-invariant term Ly measures relative depth con-
sistency in logarithmic space:

2
1 1
b= a3 (Zdi) ’

with d; = log D; —log D} representing the difference between
predicted and ground-truth depth in log scale. The smoothness
regularizer encourages spatial coherence while preserving im-
age edges:
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where D denotes the predicted depth map and I the corre-

sponding input image. This combination ensures both global

depth consistency and local structural smoothness in the pre-
dicted maps.

3.2 Evaluation Metrics

To quantitatively evaluate the performance of depth estima-
tion, we adopt three widely used metrics—Absolute Relative
Error (AbsRel), Root Mean Square Error (RMSE), and
Threshold Accuracy (J;)—which were originally introduced
by Eigen et al. [4].

These metrics jointly capture both the numerical deviation
from the ground-truth depth and the relative structural consis-
tency across scenes. All evaluations are performed on the of-
ficial test split of the MS? dataset using the unfiltered LiDAR
depth maps as reference.

Absolute Relative Error (AbsRel). This metric measures
the mean relative deviation between the predicted depth D,
and the ground-truth depth D;:

1~ D= D]
AbsRel = — —_t 4
sRe n; D )

A lower AbsRel value indicates a smaller proportional error,
implying that the predicted depth magnitudes are closer to
their true values. Because it normalizes the difference by D},
AbsRel is particularly sensitive to near-range regions where
depth changes rapidly, making it an effective indicator of local
depth fidelity.

Root Mean Square Error (RMSE). RMSE evaluates the
overall Euclidean distance between prediction and ground
truth, reflecting global consistency across the entire image:

n

%Z(Di - Dy)?.

=1

RMSE = 5)

Unlike AbsRel, RMSE penalizes large absolute deviations
more heavily, and is therefore dominated by outlier pixels or
distant regions. A smaller RMSE value corresponds to a glob-
ally smoother and numerically stable depth prediction.

Threshold Accuracy (J;). To assess relative correctness
independent of absolute scale, we follow the standard accuracy
criterion proposed in [4]. For each pixel, the ratio between
prediction and ground truth is computed, and the percentage
of pixels satisfying the threshold condition is reported as

Accuracy(6;) = 1 Z]I<max<DDi, Zi ) < 51') (6)
n i 7

i=1

where I(-) denotes an indicator function that equals 1 when
the condition is satisfied and O otherwise. The threshold val-
ues are set to §; € {1.25, 1.252, 1.253}, corresponding to in-
creasing levels of tolerance. Higher §; values represent looser
error bounds, while §; measures strict accuracy and d3 cap-
tures broader alignment.

This metric effectively measures how many pixels fall
within a fixed multiplicative error bound, providing a comple-
mentary view to absolute-error measures.

Together, these three metrics provide a comprehensive as-
sessment of depth estimation quality. AbsRel emphasizes rel-
ative precision in nearby regions, RMSE captures global nu-
merical stability, and the threshold-based accuracy highlights
structural consistency under scale variations. By jointly an-
alyzing these indicators, we can evaluate not only the quan-
titative reliability of each modality but also its robustness to
illumination and texture variations present in the MS? dataset.

3.3 Experimental Results

3.3.1 Quantitative Comparison

Table 1 presents the quantitative evaluation results of monocu-
lar depth estimation using RGB and thermal (THR) modalities
under three illumination conditions—daytime, nighttime, and
rainy—on the MS? dataset. Both networks were trained un-
der identical optimization and data processing settings to en-
sure fair comparison. Across all environments, the THR-based
model consistently achieves lower error metrics and higher
accuracy rates, indicating that the thermal modality provides
more stable geometric cues and greater robustness to illumina-
tion changes.

Under the daytime condition, the two modalities exhibit
comparable performance, with THR showing a modest im-
provement in most metrics. The AbsRel and RMSE values
of THR (0.08 and 2.96, respectively) are slightly lower than
those of RGB (0.09 and 3.45). This marginal gap is attributed
to the rich texture and color gradients available in RGB im-
ages under sufficient illumination, which enable reliable depth
inference through photometric cues.

In the nighttime condition, the superiority of the thermal
modality becomes prominent. The AbsRel decreases from
0.121 to 0.081, and RMSE drops from 4.11 to 2.84, reflect-
ing a substantial reduction in overall depth error. Further-
more, the §; accuracy improves from 0.872 to 0.938, confirm-
ing that THR preserves more consistent structural correspon-
dence when visual information is degraded by low-light noise
and contrast loss. Notably, the performance of THR remains
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Table 1: Quantitative comparison between RGB and THR modalities under different illumination conditions on the MS? dataset.

Lower is better for AbsRel, SqRel, RMSE, and RMSE(log); higher is better for d;.

Condition Input AbsRel| SqRel] RMSE| RMSE(og)] 617 621 437
b RGB 0.090 0.427 3.454 0.117 0911 0979 0.998

ay THR 0.080 0.342 2.955 0.112 0.941 0981 0.995
Night  RGB 0.121 0.619 4.105 0.153 0.872 0981 0.989
2 THR 0.081 0.335 2.844 0.112 0.938 0980 0.991
Rai RGB 0.139 0.897 4.841 0.182 0.841 0913 0.981
amy  THR 0.115 0.549 3.785 0.159 0.875 0.952 0.987

Figure 2: Qualitative comparison of RGB- and THR-based
depth predictions under the daytime condition. The RGB
modality exhibits clearer edges and richer local textures, while
THR outputs appear smoother and more homogeneous.

highly stable between the daytime and nighttime settings, sug-
gesting that thermal imaging is largely invariant to illumina-
tion intensity.

For the rainy condition, both modalities experience in-
creased errors due to reflection, occlusion, and atmospheric
scattering; however, THR still maintains a clear advantage.
The AbsRel decreases from 0.139 to 0.115, and RMSE from
4.84 to 3.79, while 6; improves from 0.841 to 0.875. These
results indicate that the thermal signal provides more coherent
depth boundaries under adverse weather, mitigating the degra-
dation effects commonly observed in RGB-based estimation.

In summary, the thermal modality exhibits strong resilience
to environmental variations, yielding consistent performance
across both well-lit and low-visibility scenarios. The relatively
small performance gap between daytime and nighttime condi-
tions further demonstrates the illumination-invariant charac-
teristics of thermal sensing, highlighting its potential as a reli-
able alternative or complementary input for robust monocular
depth estimation.

3.3.2 Qualitative Visualization

To provide a visual understanding of the modality-specific dif-
ferences, we further present qualitative depth estimation re-
sults under three illumination conditions from the MS? dataset:
daytime, rainy, and nighttime. Each visualization includes
the input image and the corresponding predicted depth map
for both RGB and THR modalities, highlighting the contrast
between numerical stability and perceptual fidelity. Under
the daytime condition (Fig. 2), the RGB-based prediction dis-

.

Figure 3: Qualitative comparison under the rainy condition.
Despite visual occlusions from raindrops and wiper traces,
THR maintains structural continuity, whereas RGB preserves
distant object details with perceptual contrast.

Figure 4: Qualitative comparison under the nighttime condi-
tion. RGB predictions capture meaningful visual cues such as
vehicles and pedestrians, while THR produces smoother yet
less visually expressive results.

plays sharper edges and richer local details. Elements such
as traffic lights and nearby vehicles are distinctly represented,
demonstrating the benefit of texture and color gradients in
depth reconstruction. In contrast, the THR-based map appears
smoother and more uniform, suggesting higher numerical con-
sistency but reduced perceptual richness.

In the rainy scenario (Fig. 3), the scene involves visual oc-
clusion from raindrops and wiper traces. The THR modality
maintains structural coherence since it is unaffected by these
optical distortions, whereas the RGB prediction exhibits local-
ized degradation. Nevertheless, distant objects such as vehi-
cles remain perceivable in the RGB result, indicating that RGB
retains a degree of depth sensitivity even under adverse visual
conditions. Under the nighttime condition (Fig. 4), RGB pre-
dictions capture meaningful spatial cues such as pedestrians
and vehicles with higher perceptual contrast, whereas THR
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maintains smoother yet less expressive results. Despite the
quantitative advantage of THR, the RGB-based outputs deliver
more visually coherent depth perception.

In summary, while the THR modality achieves superior nu-
merical accuracy across all conditions, the RGB modality pro-
duces perceptually more natural and structurally expressive
depth maps. This observation highlights the existence of a per-
formance—perception gap, emphasizing that quantitative supe-
riority does not necessarily correlate with visual plausibility.

4 Discussion

The experimental findings presented in this study reveal a dis-
tinctive divergence between numerical performance and per-
ceptual quality across RGB and thermal (THR) modalities in
monocular depth estimation. Although the THR-based model
consistently outperforms its RGB counterpart in quantitative
indicators—achieving lower AbsRel and RMSE values under
all illumination conditions—the qualitative analysis demon-
strates that RGB predictions exhibit greater visual coherence,
sharper boundaries, and richer structural expressiveness. This
paradoxical outcome reflects the fundamental difference in
how the two modalities encode visual information and how
numerical optimization interacts with perceptual realism.

From a signal interpretation perspective, the thermal modal-
ity captures scene geometry primarily through radiometric
emission differences, resulting in spatially smooth but low-
frequency representations. Such inputs tend to minimize lo-
cal gradient variance and yield stable predictions under low-
visibility environments such as rain or night, explaining the
superior metric values obtained by THR. However, this very
stability comes at the cost of attenuated texture sensitivity,
leading to over-smoothing in depth transitions and the loss of
high-frequency cues that are critical for perceptual depth per-
ception. In contrast, RGB images, rich in color and luminance
gradients, provide abundant local features that enhance fine-
grained spatial reconstruction. Consequently, although RGB
models are more vulnerable to illumination noise, they pre-
serve edge continuity and scene realism—factors that humans
intuitively associate with visual quality.

These findings suggest that numerical accuracy and percep-
tual realism in depth estimation do not necessarily converge,
especially across heterogeneous modalities. The observed
performance—perception gap highlights a limitation of exist-
ing training objectives, which typically optimize for pixel-
wise consistency while overlooking perceptual-level coher-
ence. This misalignment underscores the need for evalua-
tion frameworks that jointly assess numerical and perceptual
aspects of depth quality, particularly in multimodal contexts
where the data distributions are inherently unbalanced.

Future work should extend these insights toward modality-
aware fusion frameworks that integrate the complementary
strengths of RGB and THR sensing. Such methods could
employ frequency-domain alignment or cross-modal attention
to adaptively emphasize texture fidelity in RGB while lever-
aging the radiometric stability of THR under adverse condi-

tions. Moreover, perceptually motivated loss functions and
human-centered evaluation metrics may bridge the current gap
between objective performance and subjective visual realism.
Ultimately, achieving both quantitative robustness and percep-
tual fidelity will be a crucial step toward building reliable, in-
terpretable, and human-aligned depth estimation systems for
real-world applications.

5 Conclusion

This work presents an empirical study on the perfor-
mance—perception relationship in monocular depth estimation
using RGB and thermal (THR) modalities on the MS? dataset.
Through systematic quantitative and qualitative analyses, we
observe a consistent divergence between numerical accuracy
and visual realism. Specifically, the THR modality achieves
lower depth estimation errors and higher stability under ad-
verse illumination conditions such as rain or night, demon-
strating its robustness against environmental variations. How-
ever, the RGB modality consistently delivers more perceptu-
ally coherent depth maps, preserving edges, textures, and fine
details that are visually aligned with human depth perception.

These findings underscore that numerical superiority does
not necessarily imply perceptual fidelity, revealing an intrinsic
imbalance in current objective functions and evaluation met-
rics. The study highlights the need to jointly consider percep-
tual and numerical dimensions when assessing and optimizing
depth estimation models. In particular, future research should
explore perceptually informed loss functions and multimodal
fusion strategies that explicitly leverage the complementary
strengths of RGB and THR data. By integrating radiomet-
ric stability from thermal sensing with the rich semantic and
structural priors of RGB imagery, it may be possible to con-
struct depth estimation frameworks that achieve both quantita-
tive robustness and perceptual consistency across diverse en-
vironmental conditions.
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Research on the path of Al to help reduce the burden
and increase efficiency of primary and secondary
education

Xianfei Ke

Abstract—Artificial intelligence (Al) technology is widely
used in four core areas: intelligent teaching system (classroom
behavior analysis and teaching strategy adjustment),
personalized learning platform (personalized learning route
planning and accurate resource delivery), intelligent evaluation
tool (automatic scoring ability and real-time tracking of
learning situation), and VR/AR virtual on-site education, which
significantly improves the efficiency of primary and secondary
school education, promotes differentiated learning practices,
and effectively improves student participation. The main
problems in the current promotion process include insufficient
equipment resources, insufficient digital literacy of teachers,
data scattering, "island" situation, and biased algorithms. Many
difficulties need to be solved, and a comprehensive response
plan should be formulated: improve top-level planning,
coordinate the allocation of regional funds and the use of special
funds; Eliminate data barriers, help create an open sharing and
exchange platform, and promote industry-university-research
collaboration to carry out research and improvement; Initiate
the implementation of teacher training plans by level and
category, focusing on supporting backward schools; Formulate
a data security supervision system and establish an algorithm
fairness evaluation system. The next development trend will
focus on emotional communication and support, cross-
disciplinary innovation, and high-quality resource sharing and
sinking, so as to better achieve the strategic goals of educational
equity and quality improvement.

Index Terms—Artificial Intelligence and Education; Reduce
Burden and Increase Efficiency; Intelligent Teaching System.

I. INTRODUCTION

In recent years, the application research of artificial
intelligence (AI) in the field of education has shown a
significant growth trend. Many empirical studies have shown
that the proper use of Al technology can greatly improve
students' learning enthusiasm and academic performance, and
can also significantly reduce the teaching burden of teachers.
At present, although AI technology has made preliminary
attempts in primary and secondary education, it still faces many
problems to achieve large-scale promotion, such as high
technology investment costs, limited teacher capacity, and
ethical privacy risks. With the help of innovative teaching
models such as gamified learning and virtual reality technology,
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Al can transform abstract knowledge into more interactive and
interesting teaching resources, thereby effectively improving
students' classroom participation and optimizing learning
effects(Nemani, 2025).  Artificial intelligence-enabled
educational games rely on the contextualized teaching concept,
skillfully integrate the main knowledge points into the
narrative, and encourage students to actively use the knowledge
they have learned in interactive activities to solve problems, to
achieve efficient knowledge absorption. It allows students to
intuitively perceive the practical application scenarios of
knowledge, which further stimulates their interest in learning
and improves the overall teaching effect.

The research framework of this paper is as follows: firstly,
the four major application scenarios of Al in primary and
secondary education (intelligent teaching system, personalized
learning platform, intelligent evaluation tool, and VR/AR
teaching) are systematically sorted out, and the application
effect is verified by combining empirical cases such as domestic
Ape Al and Chengdu No. 7 Central and Eastern Schools.
secondly, it analyzes the existing challenges from the four
dimensions of "hardware-teacher-data-ethics", paying special
attention to the disadvantages that Al may cause students to
over-dependence; Finally, based on localized cases, a
systematic path of "top-level design-data integration-teacher
training-ethical supervision" is proposed, which is different
from the existing policy-oriented review research, and
highlights the original contribution of '"case-driven +
quantitative support".

II. THE APPLICATION STATUS OF 2.AI IN PRIMARY AND
SECONDARY EDUCATION

2.1 Research on classroom behavior analysis and teaching
strategy optimization

The intelligent teaching system relies on artificial intelligence
technology to conduct in-depth analysis and comprehensive
evaluation of multi-dimensional data such as student
performance, homework completion, and classroom behavior.
Taking the intelligent teaching platform used by a primary
school as an example, the system can collect and store
students' learning status information (such as attention
allocation, interactive participation, etc.) in real time, and then
adjust the difficulty of the course in a timely manner



according to the students' learning situation. Relying on
accurate data feedback, teachers can identify weak links in
teaching in a timely manner and take corresponding remedial
measures to improve curriculum planning. Once the system
finds that students generally have difficulty understanding a
certain knowledge point, teachers can adjust their teaching
strategies in time, use some typical examples or more novel
teaching methods to deepen students' understanding of
knowledge, improve their learning effect, and then improve
the quality of teaching.

2.2 Adaptive learning path and precise resource push strategy

The personalized learning platform relies on artificial
intelligence technology to deeply analyze the key elements of
students' learning behavior, knowledge mastery, and ability
development. Taking the personalized learning system of the
empirical results of Xiaoyuan Al at the China Service Trade
Fair as an example, the platform will integrate students' initial
assessment information with their usual learning path to tailor
a learning plan for each user(Wei & Liu, 2023). During the
learning period, the system can keep abreast of students'
mastery of various knowledge points and progress trends, and
then adjust the difficulty of the course in a timely manner
according to these situations, and accurately push learning
materials such as appropriate practice questions and teaching
videos. This approach fully meets the needs of individual
differences and significantly improves the overall learning
effect and efficiency.

In order to verify the actual supporting role of adaptive
learning paths in "reducing burden and increasing efficiency",
empirical cases of domestic education technology enterprises

provide a quantitative basis. The figure below compares the
core efficiency indicators of Ape Al and the traditional
learning model, which shows that Al significantly shortens the
time of ineffective practice by accurately matching learning
conditions, and at the same time improves students'
willingness to actively learn.

Learning Time Comparison (minutes/day)
I Traditional Learning Mode! [ XiaoYuan Al Model
160 141.9 min
140
120

100

80

Minutes/Day

53.7 min
60 48 min

40

20 11.4 min

Tutoring Exercise Time Test Paper Exercise Time

Figure 1 Comparison of learning duration
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Learning Efficiency and Engagement Comparison

I Traditional L460%g Mode! [ XiaoYuan Al Model  100%
96% —

Percentage (%)

Error Cause Identification Accuracy Student Active Usage Rate Next Week

Figure 2 Learning Efficiency and Engagement Comparison

Traditional Learning  XiaoYuan AT
Improvement/!
Indicator iy ] Reduction ‘Sample Description
Tutoring Exercise Time Random sample of primary and
(minutes/day) . 1 fadiiced by 76.25% secondary students n=2000
Test Paper Exercise Time Random sample of primary and
(minutes/day) e = e G ICS secondary students n=2000

Error Cause Identification

Close to 100% Significantly Improved All-subject homework correction data

Student Active Usage Rate

53% Close to 100% Significantly Improved Platform user behavior statistics

Table 1 Empirical data on the optimization of the Al adaptive
learning path of Xiaoape (Data source: Jintai Information,
2025)

In summary, it shows that the optimization of Xiaoape's Al
adaptive learning path has significantly improved in key
indicators compared with the traditional learning mode: the
teaching aid and test paper practice time have been shortened
by 76.25% and 62.16% respectively, and the accuracy of error
cause localization and the active use rate of students are close
to 100%. In terms of interactive experience, it supports mouse
hover to view data, legend click to switch display, and adopts
responsive design to ensure optimized browsing effects on
different devices. The overall data is clearly labeled, fully
reflecting the positive impact of Al technology on learning
efficiency.

2.3 Automatic correction and academic situation diagnosis

The intelligent assessment system integrates natural language
processing and machine learning technology to automatically
assess students' academic performance. It can accurately
identify and label grammatical errors, spelling mistakes, and
logical problems in the composition, and give detailed
feedback and scoring. Its main function is to comprehensively
and objectively analyze students' academic performance, and
then form a learning report covering many aspects such as
knowledge mastery and ability growth path, providing data
support for teachers' decision-making(L. Kong et al., 2025).
This tool greatly reduces the workload of teachers' manual
review, allowing them to focus more on improving
instructional design and developing personalized instructional



plans, thereby improving the quality of education and
promoting the healthy growth of students.

2.4 VR/AR scenario-based teaching

Virtual reality (VR) technology has brought an innovative
learning model to the field of primary and secondary
education. Relying on special equipment, students can more
deeply integrate into multi-dimensional teaching situations. In
the history subject, with the help of VR devices, students can
"immerse" themselves in specific historical scenes and truly
feel the atmosphere of that era; In science classes, students
deepen their understanding by visually observing the motion
trajectories of planets in the solar system or the internal
structure of cells in virtual scenarios(Y. Kong, 2021). Such an
immersive teaching method not only stimulates students'
desire for knowledge, but also significantly improves students'
academic performance and comprehensive quality.

The scenario-based benefits of VR/AR technology can be
further verified by student engagement data. The chart below
shows that after the introduction of VR interactive teaching in

Beijing No. 2 Experimental Primary School, core indicators
such as students' active questioning rate and reading time have
increased significantly, confirming the stimulating effect of Al

technology on students' learning initiative.

Classroom Active Questioning Rate Improvement
160%
Increased by 44%
140%

120%

Baseline Level
100%

Relative Questioning Rate (%)

Before VR Teaching After VR Teaching

Figure 3 Comparison of the increase in the rate of active
guestioning in the classroom

Extracurricular Reading Time Changes

30 27 minutes
(+11 minutes)

16 minutes

Reading Time (minutes)

Before VR Teaching After VR Teaching

Figure 4 Comparison of changes in extracurricular reading
time

After VR

Before VR
Indicator i Teaching Improvement Explanation

Through Robots + VR Scenario

Preschool Children's Active Questioning Rate  Baseline Level Teaching

Increased by
4% i

Daily Extracurricular Reading Time

+11 minutes (68.8%
(Primary/Middle School Students) 16 ntes AT growth)

VR scenarios stimulate interest

. Believe VR scenarios "help understand
Student Recognition of VR Teaching 89% abstract knowleage”

Table 2 Comparison of student participation before and after
VR teaching in Beijing No. 2 Experimental Primary School (data
source: Digital China Construction Summit, 2025).

The chart intuitively shows the significant increase in student
participation of Beijing No. 2 Experimental Primary School
after "robots into the campus + VR scene teaching", among

which the active questioning rate of preschool children
increased by 44%, the extracurricular reading time of students
increased by 11 minutes (growth rate of 68.8%), and the
students' recognition of VR teaching reached 89%; At the
same time, the charts have practical interactive functions
(mouse hover to display detailed data, legends can click to
toggle the show/hide of data series) and responsive design

(can automatically adjust the layout on different screen sizes

and optimize the display effect on mobile devices), all data is

directly marked on the chart, making it easy to understand the
positive impact of VR teaching on students' learning
enthusiasm.

III.AI CORE ADVANTAGES OF EDUCATION
3.1 Reduce teachers' repetitive labor

After artificial intelligence technology has been widely used in
the field of education, the efficiency of education management
has been significantly improved. Relying on intelligent
teaching platforms and automated evaluation tools, large
amounts of teaching data can be quickly processed and
repetitive tasks such as homework grading and grade statistics
can be completed, which can free up more time and energy for
teachers. Based on this, teachers can pay more attention to
core matters such as curriculum design, learning situation
analysis, and personalized guidance(Afifah et al., 2022).
Through the in-depth mining of teaching big data, the Al
system can not only provide teachers with accurate teaching
suggestions, help teachers optimize classroom teaching plans,
assist teachers in making decisions, but also improve the
quality of education and improve teaching effectiveness.

The substitution effect of Al technology on teacher repetitive
labor can be quantified through data from regional educational
practices. The figure below takes the digital intelligence
homework system in Jinniu District, Chengdu as an example,
showing the effect of Al on shortening teachers' working
hours in the three major links of homework correction, lesson
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preparation, and paper grouping, providing empirical support
for "burden reduction".

Teacher Homework Grading Time Reduction
25

2 hours/day
2.0

Hours per Day

0.5 hours/day

(75% reduction)
0.5

Before Platform After Platform

Figure 5 Comparison of teachers' homework correction time
shortened

Lesson Preparation & Test Creation Efficiency

[ ggfore Platform After Platform
150% (+40%)

140%

120%

Baseline 100% time

100%

80%
60% automated

Percentage (%)

60%

40% 20% time
(80% saved)

=

selection

20%

Manual
0%

tiveness

Lesson PreP Effec Test Autom!

Figure 6 he efficiency of lesson preparation and paper
organization has been improved

Indicator Before Implementation After Implementation Improvement

Homework Grading Time (hours/day) 2 hours 0.5 hours 75% reduction

Lesson Preparation Effectiveness Baseline 40% improvement +40%

Test Creation Automation Rate Manual process 60% automated 60% automation

Manual Question Selection Time 100% time required 20% time required 80% time saved

Table 3 Implementation effect of personalized "smart
workbook" in eastern schools of Chengdu No. 7 Middle School
(Data source: China Education News Network, 2025)

Jinniu District has achieved efficiency improvement through
the smart education cloud platform, including a 75% reduction
in homework correction time (from 2 hours to 0.5 hours/day),
a 40% increase in lesson preparation, a 60% increase in paper

automation rate, and an 80% reduction in manual topic
selection time; At the same time, the chart has the interactive
function of mouse-hover display of detailed data, the
interactive function of clicking the legend to switch the
show/hide data series, and the responsive design of
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automatically adjusting the layout under different screen sizes
and optimizing the display effect on mobile devices.

3.2 Teach students according to their appropriateness and
adjust dynamically

Through in-depth mining and analysis of learning behavior
data, the intelligent system can accurately grasp the cognitive
characteristics, strengths and weaknesses of students, and then
plan targeted teaching plans and course content. This improves
the overall learning efficiency and self-efficacy, and the
system can monitor the dynamic changes in the learning
process at any time, feedback the learning results in a timely
manner, and promote the internalization of knowledge and
optimize the learning path.

3.3 Gamification and contextual design

With the help of novel teaching forms, such as gamified
learning and virtual reality, artificial intelligence technology
transforms boring knowledge content into attractive
interactive experiences, which greatly stimulates students'
enthusiasm for classroom participation. Represented by Al-
driven educational games, which integrate learning objectives
into stories, prompt students to use what they have learned to
solve practical problems in game scenarios, and unconsciously
deepen their understanding of knowledge, these games often
have instant feedback and reward mechanisms, which can
arouse students' sense of competition and satisfaction, and
then mobilize their enthusiasm for active learning(Ahmed,
2024). Virtual reality technology creates an immersive
teaching environment for students, allowing them to
intuitively feel the practical application value of knowledge,
thereby stimulating students' interest and participation in
learning.

IV KEY CHALLENGES FACED
4.1 Insufficient hardware investment and infrastructure

The application of artificial intelligence technology in the field
of primary and secondary education needs to rely on the
support of hardware equipment and software platforms, but
there are still many problems such as technology investment
and infrastructure construction, schools in economically
underdeveloped areas are often unable to purchase Al-related
equipment, and it is difficult to bear the follow-up
maintenance costs, the normal operation of the Al system
must have a stable network environment and a complete
information technology support system, but some remote
schools have poor network conditions and cannot meet the
basic needs of technology application. These situations
collectively limit the promotion and development potential of
Al technology in primary and secondary education.

4.2 Lack of training system

To give full play to the potential of artificial intelligence
technology in primary and secondary education, teachers need



to continue to improve their digital literacy and professional
skills to achieve the effective use of intelligent tools.
Nowadays, many primary and secondary school principals
lack knowledge accumulation and technical support related to
the field of artificial intelligence, and their understanding of
artificial intelligence technology is obviously insufficient.
Although a few teachers show a strong desire for knowledge,
they still face many difficulties in teaching practice due to the
lack of systematic training resources. Establishing a sound
scientific training mechanism to improve teachers' digital
literacy and artificial intelligence operation ability is a major
task to promote the application of Al technology in basic
education(Yang et al., 2021). At present, the field of artificial
intelligence education is dominated by technology companies,
and the participation of educational institutions is low. In the
research on the deep integration of robots and education, most
of the relevant achievements are robot-driven teaching
models, focusing on cultivating students' inquiry spirit,
practical ability and operational skills through robots, while
there is little research on how to reduce the burden on teachers
and students and improve the learning experience.

4.3 Data scattering and algorithmic bias

In our country, artificial intelligence education is in an
important period of transformation from assistance to value
creation, and a complete personalized application ecosystem
has not yet been established. Its development difficulties are
mainly concentrated in two aspects: first, the integration of
data resources is low and scattered; Second, there is a lack of

data governance system, resulting in uneven data quality, low
credibility, and rising secondary development costs.
Especially for primary school students, when deploying Al
systems on a large scale, from information collection, storage
to analysis, etc., people's continuous attention to the rationality
of ethical norms and privacy security protection has aroused
people's continuous concerns, and related concerns have
become increasingly prominent(Acevedo, 2025). In this case,
any potential safety hazards may have a serious impact on the
legitimate rights and interests of this group. The latent bias of
Al algorithms can undermine the objectivity and fairness of
students' academic performance evaluation and personalized
recommendations(Almethen, 2024). The in-depth application
of Al technology has made related ethical issues more and
more prominent, such as whether over-reliance on Al will
have a negative impact on students' independent learning
ability and innovative thinking cultivation. It is urgent to form
a complete ethical norm system and establish a regulatory
mechanism to protect students' privacy rights and reasonably
limit the scope of application of Al technology, which is the
main issue that must be paid attention to at present.

The ethical risks of Al technology have shown the dual
characteristics of 'dependency degradation' and 'algorithmic
discrimination' in practice. A multinational experiment at the
University of Pennsylvania showed that improper use of
generative Al can significantly weaken students' ability to
learn independently - although the basic Al tool improved
grades by 48% in the short term, students' test scores dropped
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by 17% after the tool was withdrawn, and 32% of students
experienced a blunt ability to think, confirming the existence
of the 'Al crutch effect'. The figure below shows how
generative Al causes students' "learning dependence" and
knowledge grasp deterioration (international empirical
research)

GPT Base Group - Student Ability Degradation

| @ cxhibited “step omission* and “direct formt

Did not exhibit such problems (68%)

Figure 7 The ability deterioration of students in the GPT Base
group

GPT Tutor Group - Dependency Rate
.y

@ Developed dependency on guided Al tools

Did not develop dependency (92%)

Figure 8 Dependence rate of students in the GPT Tutor group

Algorithmic bias directly impacts educational equity: due to
the imbalance of training data, the admission recommendation
system developed by the IIPSC in the United States has
resulted in a 76% referral rate of students from low-income
families to weak high schools, a gap of nearly 50 percentage
points compared to students from wealthy families. Both types
of cases show that Al ethical governance needs to take into
account the dual dimensions of "usage guidance" and "data
fairness". The high school admission recommendation system
developed by the Institute for Selection and Innovation
(ITPSC) in American public schools has been specially
analyzed by the National Intelligent Social Governance



(Education) Characteristic Experimental Base of Peking
University(Herold, 2013).

Srhonl R Aati,

for Low-Income Families

. Recommended to Weak High Schools (76%)

Recommended to Other Schools (24%)

Figure 9 Distribution of recommended schools for students
from low-income families

for High-Income Families

@ Recommended to Quality High Schools (68%)

Recommended to Other Schools (32%)

Figure 10Distribution of recommended students from high-
income families

Fairness Algorithm Correction Effects

@ Quality School Recommendation Rate for Disadv:

Other School Recommendation Rate (69%)

Figure 11 Correction effect of fairness algorithm
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Fig. 11

System Training Data Weight Distribution

@ Parental Socioeconomic Status (23%)
@ student Achievement (15%)

@ interests and Talents (8%)

@ Rural Area Samples (7%)

Other Indicators (47%)

Figure 12 Weight distribution of system training data

In summary, the problem of algorithmic bias in the education
system and the correction effect after the introduction of the
fairness constraint algorithm are as follows: 76% of low-
income families recommend weak schools, 68% of high-
income families recommend high-quality schools, 23% of
parents have a weight of socioeconomic status, and only 7% of
the sample in rural areas, while the corrected recommendation
rate of high-quality schools is 31%.

V. SYSTEMATIC DEVELOPMENT COUNTERMEASURES
5.1 Top-level design and policy support
5.1.1 Formulate regional development plans

Build a systematic top-level design framework to promote the
coordinated development of education big data and artificial
intelligence. According to the development plan and actual
needs of Changsha's education industry, the "Guiding
Opinions on the Integration and Application of Education Big
Data and Artificial Intelligence in Changsha" is formulated to
clarify the rights and responsibilities of the government,
schools, enterprises and individuals in data collection,
processing, storage, and sharing, and improve the whole life
cycle management system of education data, covering key
links such as data collection, cleaning, analysis, mining, and
application(Gerlich, 2025). At the same time, it will promote
universities, research institutes, and enterprises to strengthen
cooperation, focusing on the scientific collection, in-depth
analysis and innovation of machine learning algorithms of
student learning behavior data, and developing intelligent
tools such as "Doctor maths" to achieve accurate evaluation of
students' academic performance and provide personalized
learning plan suggestions.

5.1.2 Establish specialized industrial funds

Set up the "Education Big Data Industry Guidance Fund" to
support leading education enterprises to establish industry-
finance collaboration mechanisms(Chou et al., 2022). Use

market-oriented means such as equity financing of smart
education enterprises to integrate capital market resources,



promote the deep integration of the smart education industry
chain, and build an internationally competitive core cluster of
the domestic smart education industry.

5.2 Data integration and ecological construction

5.2.1 Build a sharing platform to solve the problem of data
silos

Breaking down data barriers and promoting the open, sharing
and deep integration of educational data resources, Changsha
became a national pilot city for education informatization
reform in 2018(Wu et al., 2022). Taking this opportunity,
Changsha City strives to promote the standardization and
standardized development of education data, clarify data
management responsibilities, build a cross-departmental and
multi-level educational data resource sharing platform, and
systematically sort out the data resources of various
educational institutions at all levels to achieve comprehensive
data optimization and accurate governance, so as to promote
the efficient collaboration and comprehensive application of
business data within the education system.

5.2.2 Establish industry-teaching-research alliances

Create the "China Big Data and Artificial Intelligence
Education Industry Maker Alliance" to help its sustainable
development(Davis, 2024). Government departments should
work closely with the alliance to jointly establish the "Smart
Education Industry Expert Advisory Committee" and the
"Smart Education Technology Innovation Research Base" and
formulate the "Smart Education Industry Development
Report", "Smart Education Technology Specification
Guidelines" and "Smart Education Innovation and
Entrepreneurship Evaluation Standards", so as to improve the
industrial planning and performance evaluation mechanism.

5.3 Teacher training and resource balance
5.3.1 Hierarchical training system

Establish a systematic Al education and training framework
for teachers, and form a comprehensive curriculum plan
according to the differences in rank and actual needs, and the
relevant training content should cover the basic principles of
Al, technical operation methods and application scenarios, and
interdisciplinary integration applications. The online part
provides digital data support and interactive communication
functions(Cheshmehzangi & Tang, 2024)to promote self-
learning and experience exchange, and the offline link deepens
the understanding of professional knowledge through expert
lectures, special seminars, practical training, etc., and
integrates the results of artificial intelligence training into the
teachers' work performance evaluation system, which is linked
to job promotion, so as to enhance the enthusiasm to
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participate in training and drive the continuous improvement
of their own skills.

5.3.2 Tilt support weak schools

The government should increase financial investment and
support for artificial intelligence education, set up special
funds to fund schools to purchase hardware equipment and
software resources, so as to significantly reduce
implementation costs, rely on incentives to promote in-depth
cooperation between science and technology enterprises and
basic education institutions, develop suitable products
according to the characteristics of primary and secondary
education, and provide services to target groups at reasonable
prices to ensure that artificial intelligence technology achieves
comprehensive coverage and regular application in primary
and secondary schools.

5.3.3 International case reference

Singapore's "Smart Education Program" - Al-driven cross-
regional balance of teachers and resources. In 2023,
Singapore's Ministry of Education launched the "Smart
Education Program" to build a national educational resource
database through knowledge graph technology, supporting an
Al teacher training system, and focusing on solving the
problems of "urban-rural teacher gap" and "insufficient
resource adaptation". The Education Statistics Summary
(ESD) provides essential statistics on education in Singapore.
It includes statistics on schools, enrollment rates, teachers,
educational outcomes, employment outcomes, and finances.

Comparison of Teacher Training, Resource Equalization and Equity Indicators
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Figure 13 Comparison of teacher training, resource balance
and fairness indicators in Singapore

International practice provides a replicable paradigm for Al-
empowered teacher training and resource balance, and
Singapore's "Technology Toolkit + Graded Training" model is
a typical example - this model not only promotes the
improvement of teacher capabilities through customized Al
training toolkits (such as teaching adaptation modules for
teachers of different subjects), but also relies on resource
balancing Al algorithms to optimize the allocation of



educational resources, from the perspective of specific
quantitative results, its primary school teacher-student ratio is
15.2, middle school teacher-student ratio is 12.6, and the
average class size of primary school is controlled at 33.6
students The proportion of P1 cohorts admitted to universities,
polytechnics, and ITE (Singapore Institute of Technology
Education) is 42.9%, 48.5%, and 26.1% respectively, and the
relevant charts reflecting the above-mentioned resource
allocation and further education path selection can provide
intuitive data support for education policy formulation and
resource optimization and adjustment, which not only enriches
the practical dimension of Al-enabled education balance, but
also provides "hierarchical teacher training" and "resource tilt
support" in the paper. and other countermeasures provide
international empirical reference.

5.4 Ethical supervision and standard construction
5.4.1 Data security regulations

Build a systematic legal system for data security and privacy
protection, clearly define the boundaries of power and
responsibility of educational institutions and enterprises for
the collection and processing of student information, ensure
the security of data storage and transmission, and improve the
ethical review system of artificial intelligence education
products(Dieterle et al., 2024).Implement strict algorithm
technology evaluation of application software within the scope
of basic education to ensure the fairness and interpretability of
algorithm design, so as to effectively prevent the risk of bias,
strengthen the supervision of intelligent education tools,
establish an independent professional supervision
organization, regularly carry out comprehensive inspections of
the application status on campus, quickly deal with ethical
compliance issues, increase investment in public data literacy
education, and improve the data security awareness and
privacy protection level of teachers, students and parents.

5.4.2 Algorithm review mechanism

Promote the close integration of education big data research
and application, create a core industrial ecosystem around
education big data, rely on the built big data industrial park,
plan a separate education big data functional area, rely on
policy encouragement, financial support and other means,
promote more capital to join and gather senior talents, bring
together the strength of education, management, computer
science, statistics and other disciplines, carry out collaborative
research and development on key issues and technical
difficulties in the application of education big data, and
accelerate the transformation and promotion of scientific
research results. In accordance with the national education
development master plan, establish a cross-regional data
sharing system, strengthen basic theoretical research, improve

decision-making support capabilities, and build a professional
think tank with international influence on education big data.

VI. FUTURE PROSPECTS
6.1 Affective computing and interdisciplinary integration

With the help of affective computing technology, the system
can instantly detect students' mood fluctuations (anxiety,
tiredness or excitement), adjust the teaching plan according to
the student's emotional state, and once learning fatigue is
detected, it will automatically give interesting content or
arrange appropriate rest periods, thereby improving learning
outcomes and satisfaction. The system will also combine
students' learning process with knowledge mastery to
formulate personalized teaching plans and learning materials
to provide more accurate support for educators.

Artificial intelligence technology is booming, the achievement
of personalized learning experience has been strongly
supported, can create accurate educational resources and
support systems for individual differences, rely on the
continuous tracking of students' learning behavior data and in-
depth analysis, intelligent algorithms can continue to improve
the teaching plan, so that it meets the characteristics of
students at different stages, in the actual teaching process, the
system can adjust the course content and its difficulty level
according to instant feedback, to ensure that students are
always within the appropriate cognitive test range, With
interdisciplinary integration, artificial intelligence helps
students break through the constraints of a single discipline
and achieve the integration of multi-faceted knowledge, so as
to cultivate their comprehensive quality and sense of
innovation.

6.2 Resource sinking and special needs support

Artificial intelligence technology may become the main
driving factor in promoting educational equity, after the online
education platform combined with the intelligent assisted
teaching system, high-quality educational resources can break
geographical limitations and benefit more teachable people, in
remote areas and rural school environments, students have the
opportunity to use Al technology to obtain the same
curriculum resources and services as urban children, so as to
significantly narrow the gap between urban and rural
education; For some students with special needs, Al
technology can also implement personalized assistance
solutions, such as configuring learning devices with voice
interaction functions for visually impaired students, tailoring
personalized improvement plans for students in need, etc., to
ensure that every child can receive equal and comprehensive
development opportunities. With the help of intelligent
teaching systems, personalized learning platforms, virtual
reality technology and other ways, Al not only improves
teaching efficiency, but also enhances students' interest in
independent inquiry, enhances the enthusiasm of classroom
interaction, and forms a solid foundation for cultivating
innovative talents that meet the needs of future social
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development. At present, the promotion of Al technology in
primary and secondary education still faces many problems
such as insufficient technical investment, lack of teacher
capacity, ethics and privacy protection, and it is urgent for the
government, schools, enterprises and all sectors of society to
work together to explore scientific and effective ways to solve
existing problems.

VII. Conclusion

With the continuous development of artificial intelligence, its
application fields continue to expand, and will be more widely
used in primary and secondary school teaching in the future,
artificial intelligence will be more deeply integrated into the
field of primary and secondary school teaching, and artificial
intelligence will develop towards intelligence, personalization
and fairness. As a tool for teachers to carry out teaching work,
artificial intelligence can tailor personalized learning plans for
students, and to a certain extent, it can also promote the
balanced allocation of educational resources and contribute to
the fair development of educational resources. In the face of
the development of Al technology, the education sector should
seize the opportunity to tap the potential of Al technology to
achieve sustainable development of primary and secondary

education.
REFERENCES
[1] Acevedo, K. (2025). Exploring the Impact of Generative Al to Mitigate
Educator ~ Burnout.  Electronic ~ Theses  and  Dissertations.

https://digitalcommons.acu.edu/etd/925

Afifah, R. N., Simanullang, T., & Madhakomala, R. (2022). VARIOUS
ADVANTAGES IN EDUCATION. International Journal of Business,
Law, and Education, 3(2), 145-156.
https://doi.org/10.56442/ijble.v3i3.65

Ahmed, F. (2024). The Digital Divide and Al in Education: Addressing
Equity and Accessibility. A1 EDIFY Journal, 1(2), 12-23.

Almethen, a. (2024). Challenges in implementing artificial intelligence
applications in  secondary-level education: A  teacher-centric
perspective.), 0-0. https://doi.org/10.21608/mfes.2024.270936.1776
Cheshmehzangi, A., & Tang, T. (2024). Changsha: The PuDong of
Western China Through Regional Synergy and Technological Innovation.
In A. Cheshmehzangi & T. Tang (Eds), China Under Construction:
Shaping Cities Through Recent Urban Transformation (pp. 33-57).
Springer Nature. https://doi.org/10.1007/978-981-97-9785-1_3

Chou, C.-M., Shen, T.-C., Shen, T.-C., & Shen, C.-H. (2022). Influencing
factors on students’ learning effectiveness of Al-based technology
application: Mediation variable of the human-computer interaction
experience. Education and Information Technologies, 27(6), 8723—-8750.
https://doi.org/10.1007/s10639-021-10866-9

Davis, R. O. (2024). Korean in-Service Teachers’ Perceptions of
Implementing Artificial Intelligence (AI) Education for Teaching in
Schools and Their AI Teacher Training Programs. International Journal
of Information and Education Technology, 14(2), 214-219.
https://doi.org/10.18178/ijiet.2024.14.2.2042

Dieterle, E., Dede, C., & Walker, M. (2024). The cyclical ethical effects
of using artificial intelligence in education. A & SOCIETY, 39(2), 633—
643. https://doi.org/10.1007/500146-022-01497-w

Gerlich, M. (2025). Al Tools in Society: Impacts on Cognitive Offloading
and the Future of Critical Thinking. Societies, 15(1), 6.
https://doi.org/10.3390/s0c15010006

Herold, B. (2013, December 4). Custom Software Helps Cities Manage
School Choice. Education Week.
https://www.edweek.org/leadership/custom-software-helps-cities-
manage-school-choice/2013/12

Kong, L., Hu, C., Huang, L., Zhang, Y., Huang, W., & Huang, S. (2025).
The Double-Edged Effect of AI Use on Innovation Teaching Behavior
among Primary and Secondary School Teachers in China: A Job

(2]

3]
(4]

[3]

(6]

(7

(8]

]

[10]

(1]

63

[12]

[13]

[14]

[15]

[16]

Demands—Resources Perspective. Research
https://doi.org/10.21203/rs.3.15-6864947/v1

Kong, Y. (2021). The Role of Experiential Learning on Students’
Motivation and Classroom Engagement. Frontiers in Psychology, 12.
https://doi.org/10.3389/fpsyg.2021.771272

Nemani, S. (2025). Evaluating the Impact of Artificial Intelligence on
Reducing Administrative Burden and Enhancing Instructional Efficiency
in Middle Schools. Current Perspectives in Educational Research, 8(1),
1-16. https://doi.org/10.46303/cuper.2025.1

Wei, C., & Liu, P. (2023). Artificial Intelligence Enabled Double
Reduction Policy Path Analysis. SHS Web of Conferences, 178, 03014.
https://doi.org/10.1051/shsconf/202317803014

Wu, M., Chen, R., Lv, Y., Wu, Y., & Qiu, Y. (2022). Driving forces in
joint training of industry-education graduate students under regional
innovation ecosystem: — A case study of Yibin. Proceedings of the 5th
International Conference on Big Data and Education, 236-240.
https://doi.org/10.1145/3524383.3524448

Yang, S. J. H., Ogata, H., Matsui, T., & Chen, N.-S. (2021). Human-
centered artificial intelligence in education: Seeing the invisible through
the visible 0,. Computers and Education: Artificial Intelligence, 2,

100008. https://doi.org/10.1016/j.caeai.2021.100008

Square.



