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Abstract

Abstract spatial reasoning and dynamic environment adaptation pose significant challenges to contemporary Artifi-
cial General Intelligence (AGI) paradigms. Benchmark suites such as the Abstraction and Reasoning Corpus (ARC-AGI-2
and ARC-AGI3) demand rapid task acquisition from minimal training demonstrations under strict offline execution
constraints. This paper proposes a unified framework integrating Digital Twin (DT) memory architectures, cognitive
profiling, and Key Performance Indicator (KPI)-driven strategic governance to control adaptive candidate inference.
We introduce a dual-hypothesis prediction mechanism guided by dynamic experience search and mathematical KPI
evaluation routines. Empirical evaluation on the ARC-AGI benchmarks demonstrates near-instant computational ex-
ecution latency (= 0.41 ms per task on ARC-AGI-2), 100% valid payload serialization stability without runtime crashes,
and high action-efficiency scores (> 96.50%) across dynamic environment domains, while explicitly delineating system
execution throughput from exact problem-solving reasoning accuracy.
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INTRODUCTION

A Recent advancements in Artificial General Intelligence
(AGI) have positioned abstract spatial reasoning and dynamic
environmental adaptation at the forefront of machine learning
research. Benchmark environments such as the Abstraction
and Reasoning Corpus (ARC-AGI-2 and ARC-AGI-3) challenge
conventional deep learning and heuristic paradigms by requiring
intelligent agents to solve novel, out-of-distribution visualspatial
tasks from extremely sparse training demonstrations without
external dynamic supervision or internet accessibility[cite: 4, 5].

Despite notable empirical progress, two critical research
limitations persist in state-of-the-art AGI solver architectures:

i. Absence of Executive Governance and Metacognitive
Decision Control: Existing ARC-AGI solvers primarily rely
on brute-force search heuristics, unguided LLM prompting,
or static pattern-matching rules[cite: 5]. These approaches
lack a structured, metacognitive control mechanism to
continuously evaluate candidate confidence, regulate
exploration depth, and mitigate catastrophic reasoning
errors such as boundary misidentification or unbounded
execution loops|cite: 5, 11].

ii. Lack of Cognitive Profiling and Persistent Digital Twin
Memory: Standard inference engines treat individual
reasoning tasks as isolated, memoryless episodes|cite: 5].
They lack a persistent Digital Twin architecture capable of
constructing cognitive profile representations, cataloging
functional execution rules across training pairs, and
dynamically searching prior experience spaces to guide
adaptive transformation search under complex spatial
constraints|cite: 5, 11].

To bridge these gaps, this study formulates the core research
problem as follows:

How can a Digital Twin framework incorporating
cognitive profiles and KPI-driven strategic governance
be structured to direct adaptive experience search and
optimize multi-attempt candidate inference within
dynamic ARC-AGI solver ensembles?[cite: 5]

LITERATURE REVIEW

Artificial General Intelligence Benchmarks: From ARC-AGI-2
to ARC-AGI-3

The Abstraction and Reasoning Corpus for Artificial General
Intelligence (ARC-AGI), originally introduced by Franc,ois Chollet,
represents a paradigm shift toward evaluating core human-like
cognitive abilities, abstract dynamic reasoning, and fast out-of-
distribution adaptability[cite: 5].

Recent operational approaches in benchmark competitions
highlight two major architectural paradigms:

1. Deterministic Dynamic Transformation Engines
(ARCAGI-2): Rather than relying solely on deep learning
overparameterization, ARC-AGI-2 inference architectures
employ exact heuristic pattern matching, geometric
objectbased reasoning, dynamic grid cropping, and spatial
transformations—including rotations, reflections/flips, and
color permutation mappings|cite: 5].

2. Interactive Autonomous Agent Environments
(ARCAGI-3): Advancing beyond static input-output pair
deduction, ARC-AGI-3 introduces multi-step interactive agent
environments operating on discrete spaces (e.g., up to 64
x 64 resolution grids)[cite: 5]. Autonomous agents explore
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environment states, execute multi-action decision sequences
(ACTION1 to ACTION6), and discover operational rules
dynamically under offline execution constraints[cite: 5].

Digital Twin Framing and Strategic Decision-Making KPI
Models

The integration of Digital Twin frameworks into computational
decision science enables the virtual replication of organizational
cognitive profiles and executive functionalities[cite: 5]. Unlike
conventional static rule-storage mechanisms, the Strategic
Manager Digital Twin dynamically constructs statespace profiles,
updates historical execution rules, and governs exploration depth
via real-time Key Performance Indicators (KPIs)[cite: 5, 11].

In modern Al-driven management frameworks, a Strategic
Manager Digital Twin serves two core functions:

o Memory Management & Rule Alignment: Retaining
structural invariant patterns extracted from historical context
pairs (Train Pairs) to synthesize decision states for unknown
scenarios]cite: 5].

° Adaptive KPI Optimization & Governance: Implementing
real-time KPI assessment engines to evaluate candidate
hypothesis confidence and govern decision trajectories
(generating dual predictions: attempt 1 and attempt 2)[cite: 5].

Algorithmic Robustness, Noise Reduction, and Safe Fallback
Mechanisms

Deploying Al algorithms into automated competition
environments requires strict adherence to computational safety,
timelimit efficiency, and deterministic stability without external
network connectivity[cite: 5, 6]. Recent implementations
emphasize symmetry axis scanning refinement, infinite loop
suppressioninregiontraversal,and safe fallback frameworks using
try-except structures coupled with array shape verification[cite:
6].

APPROACH AND SOLUTION METHODOLOGY

System Architecture Overview

The proposed methodology addresses abstract reasoning
and interactive grid-transformation tasks within the ARC-AGI
framework][cite: 6]. The architecture seamlessly integrates a
Digital Twin Management Engine for memory tracking and KPI
optimization with an Adaptive Cognitive Solver[cite: 6]. The
offline pipeline operates across four main phases: (1) Oftline
Infrastructure Initialization, (2) Pattern Mining and Feature
Extraction, (3) Adaptive Decision-Making Strategy, and (4)
Standardized Submission Generation[cite: 6].

Mathematical Formulation of the KPI Governance Framework

To address reviewer comments regarding the operational
definition of internal KPI scoring, we define the metacognitive KPI
Governance Function KPI(H) for a given candidate transformation
hypothesis H as follows:

o Rotation Operator (R,): Rotates the grid by 90" x k:

R,(G) = rot90(G,-k), k€ {0,1,2,3} 2)
° Reflection Operator (F ): Performs horizontal (h) or
vertical (v) matrix flips:
W
_ GJw, ifm= )
Fnl @) = {JHG, itme  (V
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where J, denotes the exchange matrix of dimension NJcite: 6].

‘/\T\'E S
KPI(H) = w1-I(Matchtrain)+Wy: (1 - V‘I ’ )—XP

{¥max

complexity(H) (D
where:
o I(Match,_ ) € {0,1} is an indicator function evaluated

over all training pairs P__ , yielding 1 if the hypothesis correctly
reproduces all output targets exactly.
° NStelDS and Nmax represent the current action step count

and maximum allowed interaction budget, respectively.

o Pwmplexiw(H) isanormalized structural complexity penalty

proportional to search tree depth or matrix transformation
distortion.

o w,=0.6,w,=0.3,and A = 0.1 are empirically determined
weight coefficients enforcing exact solving accuracy as the
primary strategic objective while rewarding action efficiency.

Geometric Transformation and Reasoning Engine

Let G € Z"™" denote the input 2D grid matrix with cell values
representing color indices {0,1,..,9}[cite: 6]. The solver applies a
set of deterministic spatial operators:

e Bounding Box Crop (Cpad): Trims outer background color
channels (index 0) to extract non-zero connected subgrids]cite:
6]:

Cpad(G) = G[rmin : rmax + 1, cmin : cmax + 1] 4)
Dual-Hypothesis Strategy and Safe Fallback Mechanism

To optimize solution delivery, the engine formulates two dynamic
candidates (attempt attempt,) per test instance as detailed in
Algorithm 1.

Algorithm 1 Dual-Hypothesis Generation and Dynamic Fallback
Search

Require: Training pairs P, , Test Input Grid T

train’
Ensure: Candidate predictions {attempt attempt,}

1: is identity < True, is reflection « True 2:
best operator « None, max kpi « —oco

3:foreach (LO)€P__ do

train

4: if /= 0 then is identity < False

5: end if

6: if F,(I)/= O then is reflection « False
7: end if

8: end for

9: % Attempt 1: High-Confidence Primary Rule
10: if is identity then

11:  attempt, <« T

12: else if is reflection then

13:  attempt, < F,(T)

14: else

15:  attempt, « Cpad(T)

16: end if

17: % Attempt 2: Dynamic Fallback Search
across Operator Set

18: for each operator ¢ € {Rk'Fm’Cpad} do

19: Compute training pair score S « Z
I(¢(1) ==0)

20: if S>max kpithen

(10)

21:  maxkpi « S, best operator « ¢
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22:  endif
23: end for
24: if best operator/= None then
25:  attempt, < best operator(T)
26: else

27.  attempt,«< T
Fallback

28: end if

Safe Default

Robustness and Edge-Case Handling

To prevent execution crashes and infinite loops during offline
evaluation, three safeguards were integrated: (1) Refined
symmetry scanning, (2) Depth-bounded flood-fill region growing,
and (3) Exception-handling wrappers (try-except) returning safe
fallback inputs upon detecting shape mismatches|cite:

6].
RESULTS AND EVALUATION

This section presents the empirical evaluation of the proposed
framework|cite: 7]. Per reviewer recommendations, we explicitly
distinguish execution throughput and output format validation
from exact problem-solving reasoning accuracy.

Experimental Setup and Evaluation Metrics

The experimental evaluation was conducted in an isolated
Kaggle Notebook (Python 3.12, No Internet)[cite: 7]. Evaluation
metrics are explicitly structured as|cite: 7, 11]:

° Computational Execution Latency: Time required to
process input pairs and serialize prediction outputs|cite: 7, 11].

° Pipeline Reliability Rate (%): Percentage of test tasks
evaluated without execution crashes, memory overflow, or
format errors|cite: 7, 11].

. Exact Solution Accuracy (%): Percentage of tasks where
generated candidates (attemptl or attempt2) exactly match
ground-truth target grids[cite: 7, 11].

Quantitative Performance Results

Table 1 summarizes system throughput and exact reasoning
performance observed during benchmark runs]cite: 8].

The ARC-AGI-2 pipeline processed all 240 tasks in 0.10 seconds
(= 0.41 ms/task)[cite: 7, 8], achieving 100% pipeline reliability
and an 18.3% exact solution match on the heuristicsupported
validation split[cite: 7, 8, 11].

Cognitive Patterns and Digital Twin Evaluation across 10
ARC-AGI-3 Environments

Table 2 reports complete execution outcomes across all 10
evaluated interactive environments in ARC-AGI-3[cite 7, 8, 11].

System Compliance and Output Verification

Verification confirmed that predictions complied strictly with
JSON schema requirements and Parquet binary storage standards
(8,146 bytes), guaranteeing offline deployment validity [cite 7, 8].

CONCLUSION

This study constructed an offline execution framework
integrating a Digital Twin memory model and a KPI governance
mechanism for ARC-AGI benchmark evaluations|[cite: 8].
Experimental results demonstrate sub-millisecond execution
latency, exception-free computational stability, and effective step-
efficiency governance.

However, reasoning performance remains bounded by the
search domain of heuristic transformation rules. The proposed
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Table 1: System Execution Performance and Exact Solving Accuracy Summary.
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Benchmark Suite Evaluated Tasks Reliability (%) Avg Latency / Task Exact Accuracy (%)
ARC-AGI-2 Test Engine 240 Tasks 100% %~ 0.41 ms 18.3% (Validation)
ARC-AGX;eS::ateglc 10 Environments 100% ~12.77 s 80.0% (Task Completion)
Table 2: Digital Twin KPI Progression and Completion Outcomes across 10 ARC-AGI-3 Environments
Environment ID Execution Steps Primary Action Final Game State Final KPI Score
Sequence
sk48 30 Steps ACTION3, ACTION6(4,8) WIN 100.00 / 100
tn36 30 Steps ACTIONG6, ACTION3 WIN 99.50 / 100
cn04 40 Steps ACTION1, ACTION6(14,15) WIN 96.50 /100
dc22 20 Steps ACTION6, ACTION2 WIN 100.00 / 100
mOr0 25 Steps ACTIONZ2, ACTIONS WIN 98.20 / 100
bp35 35 Steps ACTION4, ACTION6(8,8) WIN 97.10 / 100
k112 50 Steps ACTION1, ACTION3 WIN 94.00 / 100
xr89 28 Steps ACTION6, ACTION4 WIN 99.10 /100
vv01l 60 Steps ACTIONZ, ACTIONG6 FAIL 62.50 /100
7299 60 Steps ACTION1, ACTIONS FAIL 58.00 / 100
Phase 1: Environment Phase 2: Digital Twin Phase 3: Cognitive Solver Phase 4: Output

ARC-AGI Benchmark Datal Digital Twin Memory
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Figure 1: End-to-End System Architecture: Integrating Digital Twin Strategic Governance, Cognitive Memory Profiling, and Adaptive

Solver Ensemble for Dynamic ARC Environments.

framework provides an operational foundation for metacognitive
agent governance, which will be extended in future research.

FUTURE WORK
Future research directions include[cite: 8, 9]:

1. Integration of Multimodal LLMs: Combining
VisionLanguage Models with rule-based solvers for visual
feature extraction][cite: 8].

2. Reinforcement Learning for KPI Tuning: Dynamic tuning
of KPI weighting factors using RL algorithms]cite: 8, 9].

3. Multi-Agent Swarm Intelligence Framework: Deploying
graph-based multi-agent orchestration frameworks (e.g.,
LangGraph) for multi-hypothesis validation[cite:

9.
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