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Article

Adapt-Plan: A Hybrid Control Architecture for
PEI-Guided Reliable Adaptive Planning in Dynamic
Agentic Environments
Abuelgasim Mohamed Ibrahim Adam

Independent Researcher in Agentic Artificial Intelligence, Sudan; abuelgasim.hbeval@outlook.com

Abstract

The field of agentic artificial intelligence is transitioning from reasoning-centric architectures toward
systems explicitly designed for reliability under uncertainty. Current agent frameworks, while effective
in controlled environments, exhibit cognitive rigidity—an inability to proactively correct planning trajecto-
ries when confronted with unexpected faults. This paper introduces Adapt-Plan, a foundational hybrid
architecture that reformulates planning as a control-theoretic process by elevating the Planning Efficiency
Index (PEI) from a post-hoc evaluation metric to a real-time control signal. Through dual-mode planning
(strategic and tactical) and Extended Dynamic Memory (EDM) for selective experience consolidation,
Adapt-Plan enables agents to detect behavioral drift early and initiate corrective adaptation before
catastrophic degradation occurs. Controlled validation across 150 episodes demonstrates PEI=0.91 ±
0.06 and FRR=78% ± 4.2% (95% CI [74%, 82%], p < 0.001, Cohen’s d = 2.18 vs. ReAct), establishing
the algorithmic viability of metric-driven adaptation. Comprehensive ablation studies isolate compo-
nent contributions, revealing that PEI-guided control accounts for 31% of performance gains. These
architectural principles were subsequently validated at scale through rigorous certification frameworks,
confirming that PEI-driven control generalizes to deployment-grade reliability when augmented with
safety protocols. This work establishes the conceptual foundation for reliable agentic AI through the
tight integration of architecture, metrics, and control.

Keywords: agentic artificial intelligence; adaptive planning; Planning Efficiency Index (PEI); reliability-
aware control; hybrid agent architectures; execution-time evaluation; dynamic environments; control-
theoretic planning

1. Introduction
1.1. From Reactive Reasoning to Metric-Guided Adaptation

The field of agentic artificial intelligence is undergoing a fundamental transition—from agents
optimized primarily for reasoning accuracy toward systems explicitly designed for reliability under
uncertainty. Recent studies, most notably the HB-Eval certification framework [1], have identified a
critical limitation in prevailing agent architectures, referred to as cognitive rigidity: the inability of agents
such as ReAct [2] to proactively correct their planning trajectory when confronted with unforeseen faults.

In response to this gap, we introduce Adapt-Plan, a hybrid agent architecture that reformulates
planning itself as a control-theoretic process. The central contribution of Adapt-Plan is the elevation of
the Planning Efficiency Index (PEI) from a post-hoc evaluative metric to a real-time control signal that
continuously modulates agent behavior during execution. Rather than reacting after failure, Adapt-Plan
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enables agents to detect behavioral drift early and initiate corrective adaptation before catastrophic
degradation occurs.

1.2. Scope and Positioning
1.2.1. Scientific Scope

This paper presents the foundational architecture for PEI-guided adaptive planning in agentic
systems. Specifically, we establish:

• Real-Time Control Integration: The formal incorporation of planning efficiency as a continuous
control signal within the agent’s decision loop.

• Dual-Mode Planning: A hybrid strategic–tactical planning mechanism capable of responding
immediately to deviations in execution behavior.

• Extended Dynamic Memory (EDM): A selective memory consolidation mechanism that reinforces
successful adaptations while suppressing ineffective recovery patterns.

1.2.2. Positioning and Reliability Statement

This work focuses explicitly on algorithmic soundness, not deployment certification. The objective is
to validate the architectural principle that metric-guided control can mitigate cognitive rigidity at the
planning level.

These principles were subsequently validated at scale through the HB-Eval certification frame-
work [1], where a mature instantiation of this architecture (AP-EDM) achieved Tier-1 reliability, including
a Failure Recovery Rate (FRR) of 94.2% across 500 fault-injected episodes spanning healthcare, logistics,
and coding domains. Such large-scale certification, however, lies beyond the scope of this foundational
paper.

What this paper does NOT claim:

• Large-scale benchmark validation (500+ episodes across diverse domains)
• Safety-critical deployment certification
• Comprehensive robustness analysis under adversarial conditions

Our contribution here is to formalize the architectural hypothesis that enabled this later success:
reliable agentic AI emerges not from reasoning alone, but from the integration of architecture, metrics, and control.

1.3. Research Contributions

1. Conceptual Foundation: Formalization of PEI as a real-time control signal for adaptive planning,
transitioning evaluation metrics into operational architecture.

2. Dual Planning Architecture: Integration of strategic (long-horizon) and tactical (immediate)
planning layers responsive to efficiency degradation.

3. Selective Memory Consolidation: Introduction of Extended Dynamic Memory (EDM) that couples
experience storage to performance-driven control signals.

4. Controlled Validation: Demonstration of algorithmic viability across 150 episodes, achieving
PEI=0.91 ± 0.06 and FRR=78% ± 4.2% with strong statistical significance (p < 0.001, Cohen’s
d = 2.18).

5. Component Analysis: Comprehensive ablation study isolating contributions of memory (12%),
quality filtering (12%), PEI control (7%), and architectural synergy (7%).
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2. Related Work
2.1. Reactive and Reasoning-Centric Agent Architectures

Recent advances in agentic AI have primarily focused on enhancing reasoning and action selection
through prompt-based or reflection-driven mechanisms. Architectures such as ReAct [2] tightly couple
chain-of-thought reasoning with tool execution, enabling agents to iteratively reason and act within an
environment. Extensions such as Reflexion [3] introduce verbal reinforcement signals, allowing agents to
reflect on past failures and adjust subsequent behavior.

While these approaches demonstrate improved task completion in controlled settings, they remain
fundamentally reactive. Error correction is typically triggered only after explicit failure signals, and
adaptation lacks a continuous notion of trajectory quality.As systematically exposed by system-level
evaluation frameworks such as HB-Eval [1], these architectures exhibit cognitive rigidity—not as an
implementation flaw, but as an architectural limitation rooted in the absence of continuous trajectory-
quality feedback.

System-level agent frameworks, including AutoGPT [4], LangChain [5], MetaGPT [6], Voyager [7],
and AutoGen [29], further demonstrate the scalability and composability of agent pipelines. However,
these systems prioritize orchestration and autonomy over principled reliability control, lacking formal
mechanisms for efficiency monitoring or fault-adaptive planning.

2.2. Planning, Control, and Adaptive Decision-Making

From a theoretical perspective, planning under uncertainty has long been studied in control theory
and robotics. Classical works in feedback control [8] emphasize the importance of real-time signals to
regulate system behavior, while hierarchical planning frameworks [10] explore multi-level decision-
making for complex tasks.

In reinforcement learning, adaptive behavior is typically guided by reward optimization [11], with
meta-learning approaches such as MAML [18] enabling rapid adaptation across tasks. However, these
paradigms often conflate learning with control, relying on long-horizon reward signals rather than
immediate indicators of planning efficiency.

Crucially, none of these approaches treat planning efficiency itself as an explicit control variable
during execution. Adaptation is either delayed (learning-based) or externally imposed (rule-based),
leaving a gap between theoretical control principles and modern agentic architectures driven by large
language models. Unlike reinforcement or meta-learning approaches, which adapt policy parameters
across episodes, Adapt-Plan operates at the execution-time control layer, enabling intra-episode corrective
feedback without retraining or reward redefinition.

2.3. Memory and Experience Retention in Agentic Systems

Long-term memory has emerged as a key component for persistent agent behavior. Systems such
as MemoryBank [12] and Generative Agents [13] demonstrate how agents can accumulate experiences
over time to support coherence and personalization. In reinforcement learning, prioritized experience
replay [14] selectively amplifies informative trajectories to accelerate learning.

Despite these advances, existing memory mechanisms are largely agnostic to reliability. Experiences
are stored based on recency, salience, or heuristic importance rather than validated performance. As
a result, agents may repeatedly internalize suboptimal or unsafe behaviors, particularly in dynamic
or fault-prone environments. As a consequence, memory becomes a structural vector for reliability
degradation rather than a safeguard against it.
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This limitation motivates the need for memory systems governed by explicit evaluation signals—a
direction later formalized through Evaluation-Driven Memory (EDM), which builds directly on the
architectural principles introduced in this work.

2.4. Evaluation, Robustness, and Trust in Agentic AI

The growing deployment of autonomous agents has intensified interest in evaluation and trustwor-
thiness. Benchmarks such as AgentBench [15], GAIA [16], and WebArena [17] assess task performance
across diverse domains, while robustness studies [24] highlight the fragility of learned systems under
distributional shifts.

Recent work on AI safety and trust [19,21] emphasizes that performance alone is insufficient for
deployment in safety-critical settings. Moreover, analyses of reasoning faithfulness [22,23] reveal that
apparent reasoning competence does not guarantee reliable internal decision-making.

The HB-Eval framework [1] represents a significant step toward system-level certification, introduc-
ing metrics such as Planning Efficiency Index (PEI) and Failure Resilience Rate (FRR) to quantify agent
reliability under fault injection. However, HB-Eval operates at the evaluation and certification layer,
presupposing the existence of agent architectures capable of responding meaningfully to such metrics.

2.5. Positioning of Adapt-Plan

In contrast to prior work, Adapt-Plan introduces a foundational architectural shift: it elevates
planning efficiency from a post-hoc evaluation metric to a real-time control signal. By continuously
monitoring PEI during execution, the agent can detect behavioral drift early and trigger adaptive
replanning before catastrophic failure occurs.

This metric-driven control paradigm bridges classical feedback theory and modern agentic AI,
providing the missing link between evaluation frameworks and adaptive behavior. While subsequent
work operationalizes these principles at scale through certification pipelines, this paper establishes the
architectural and algorithmic soundness of PEI-guided adaptation as a core design principle for reliable
agentic systems.

3. Problem Formulation
3.1. Formal Agent Model

We model an agentic AI system as a sequential decision-making process A = (Π,M, T , Λ) where:

• Π: Planning and reasoning mechanisms
• M: Internal memory structures
• T : Available tools and actions
• Λ: Adaptation and learning policies

At timestep t, the agent observes state st, generates reasoning trace rt, selects action at ∈ T ,
producing trajectory τ = {(s1, r1, a1), . . . , (sT , rT , aT)}.

3.2. The Cognitive Rigidity Problem

Traditional agent architectures exhibit cognitive rigidity: once a strategic plan Pstrat is generated,
deviations from optimal execution accumulate without triggering corrective adaptation until complete
failure occurs.
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Definition 1 (Cognitive Rigidity). An agent exhibits cognitive rigidity if, given an optimal plan length Lmin

and actual execution length Lactual , the ratio PEI = Lmin/Lactual degrades continuously without triggering
adaptive replanning until task failure.

This rigidity manifests in two critical failure modes:

1. Delayed Recovery: Agent continues executing suboptimal strategy despite early warning signals
2. Cascading Errors: Initial inefficiency propagates through subsequent steps, compounding failure

probability

3.3. The Planning Efficiency Index as Control Signal

The Planning Efficiency Index (PEI) quantifies trajectory optimality:

PEI(τ) =
Lmin(G)

Lactual(τ)
× QF(τ) (1)

where Lmin represents optimal path length for goal G, Lactual is executed length, and QF (Quality
Factor) penalizes unsafe shortcuts.

Key Insight: Rather than using PEI solely for post-hoc evaluation, Adapt-Plan employs it as a
continuous control signal during execution:

PEIi =
Lest

min
i

× QFi at step i (2)

When PEIi < τ (threshold), the system triggers adaptive recovery.

3.4. Research Hypothesis

Theorem 1 (Metric-Guided Adaptation Hypothesis). An agent architecture that uses PEI as a real-time
control signal to trigger adaptive replanning achieves statistically significant improvements in Failure Recovery
Rate (FRR) compared to reactive self-correction architectures.

4. The Adapt-Plan Architecture
4.1. Architectural Overview

Adapt-Plan comprises five interconnected modules forming a closed-loop control system (Figure 1):

Table 1. Core Architectural Components

Module Technology Function

LLM Core GPT-4/Claude Central reasoning and command generation
PEI Calculator Real-time metric Intrinsic control sensor
EDM Vector DB + SQL Selective memory consolidation
Dual Planner Symbolic/LLM Strategic + tactical adaptation
Env. Adapter Tool orchestration Action execution and monitoring
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LLM Core
(Reasoning)

EDM
(Memory)

PEI Calculator
(Control)Dual Planner

(Strategic/Tactical)

Environment
Adapter

PEI < τRetrieve

Observe Store

Figure 1. Adapt-Plan Architecture: Closed-loop control system with PEI as feedback signal.

4.2. PEI-Guided Control Cycle

The control loop operates as shown in Algorithm 1 and visualized in Figure 2.

Start: Estimate Lmin

Execute step i

Compute PEIi

PEIi < τ?

Tactical
Adaptation

Strategic
Replanning

Goal Achieved?

End: Return Metrics

Yes Yes (no match)

No

Yes

No

Figure 2. PEI-Guided Control Flow: Proactive adaptation triggered by efficiency degradation.
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Algorithm 1 Adapt-Plan PEI-Guided Control Protocol

1: Input: Task G, Threshold τ = 0.70, Memory MEDM
2: Output: Task outcome and performance metrics
3:
4: Initialize strategic plan Pstrat from MEDM or LLM generation
5: Estimate Lest

min from Pstrat
6:
7: for step i = 1 to Tmax do
8: Execute action ai, observe oi

9: Compute PEIi =
Lest

min
i × QFi

10:
11: if PEIi < τ AND tool failure detected then
12: // Tactical Adaptation
13: Query MEDM for similar failure context
14: if high-confidence match found (≥ 0.85) then
15: Apply tactical modification from retrieved episode
16: else
17: Log failure context for consolidation
18: end if
19: else if PEIi < τ AND no memory match then
20: // Strategic Replanning
21: Trigger full plan regeneration via LLM core
22: Update Pstrat and Lest

min
23: else if confidence < 0.7 OR safety risk > 0.8 then
24: // Safe Escalation
25: Halt execution, escalate to human oversight
26: return Certification Status: Pending Review
27: end if
28:
29: if goal achieved then
30: break
31: end if
32: end for
33:
34: Compute final metrics: (FRR, PEI, TI)
35: if meets quality criteria then
36: Store trajectory in MEDM
37: end if
38: return Performance metrics and certification status

4.3. Extended Dynamic Memory (EDM)

EDM implements selective consolidation through a four-stage pipeline:

4.3.1. Stage 1: Experience Harvesting

Collect full execution trace including states, reasoning, actions, observations, tool calls, timing, and
error states.

4.3.2. Stage 2: Performance Evaluation

Compute PEI(τ), FRR(τ), and TI(τ) for completed trajectory.
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4.3.3. Stage 3: Selective Storage

Store trajectory in memory only if :

PEI(τ) ≥ 0.8 AND TI(τ) ≥ 4.0 (3)

This quality filter prevents “memory pollution” from low-quality experiences.

4.3.4. Stage 4: Plan-Guided Retrieval

During execution, query vector database for similar strategic plans:

retrieve(Pcurrent) = arg max
τ∈M

[cosine(eτ , eP)× PEI(τ)] (4)

where cosine(eτ , eP) ≥ 0.87 (similarity threshold).

4.4. Dual Planning Mechanism

Adapt-Plan employs two planning modes:
Strategic Planning: Long-horizon plan generation at task initialization

• Queries EDM for similar past successes
• Generates complete action sequence via LLM
• Estimates Lest

min as baseline

Tactical Adaptation: Step-level modifications during execution

• Triggered when PEIi < τ or tool failure detected
• Applies localized corrections without full replanning
• Minimizes computational overhead

4.5. Oracle Alignment and Dual-Mode Control Protocol
4.5.1. Methodological Challenge

A central challenge in integrating Adapt-Plan with reliability evaluation frameworks lies in distin-
guishing between control-time estimation and post-hoc evaluation. Certification frameworks like HB-Eval [1]
define planning efficiency using oracle-verified minimal path length (Loracle

min ), while Adapt-Plan must
operate under incomplete information during execution.

To ensure methodological rigor and avoid evaluation leakage, we adopt a dual-mode control
protocol that explicitly separates architectural capability from estimation bias.

4.5.2. Oracle-Guided Control (Theoretical Upper Bound)

In the first regime, Adapt-Plan receives Loracle
min prior to execution. This configuration serves as a

controlled experiment to isolate architectural capability from estimation noise. While not deployable in
practice (as ground truth is unavailable in real-world settings), this mode answers:

What is the maximum reliability Adapt-Plan can achieve if perfect planning knowledge were available?

This upper-bound analysis is standard practice in control theory [8] and allows us to quantify the
“estimation gap” as:

∆est = FRRoracle − FRRestimated (5)

If ∆est is small (< 5%), the architecture is robust to planning noise. If large (> 15%), improved
estimation becomes the critical bottleneck.
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4.5.3. Estimated-Control (Deployable Regime)

In the second regime, Adapt-Plan operates under realistic conditions by internally estimating Lest
min

using its planning module prior to task execution. During runtime, PEI is computed as:

PEIi =
Lest

min
i

(6)

and used as a real-time control signal to trigger adaptive recovery when PEIi < τ.
Final certification metrics, including PEI and FRR, are always computed using Loracle

min , ensuring
strict comparability with evaluation baselines.

4.5.4. Preventing Evaluation Leakage

To ensure architectural integrity, we enforce a strict information barrier:

• During Execution (Steps 1 to T): The agent has NO access to Loracle
min . All control decisions use only

Lest
min and real-time observations.

• Post-Execution Evaluation: Certification metrics (PEI, FRR) are computed using Loracle
min to ensure

strict comparability with baseline architectures (AP-EDM, Reflexion, ReAct).

This protocol mirrors standard practice in robotics and control theory [9], where sensor noise affects
control but ground truth is used for performance assessment. Critically, Loracle

min is NEVER used to update
EDM memory or modify agent behavior during the episode.

4.5.5. Scientific Rationale

The dual-mode protocol addresses three critical concerns raised in reliability engineering literature:

1. Avoiding Circular Optimization: By using oracle only for evaluation (not control), we prevent
“teaching to the test” artifacts.

2. Fair Baseline Comparison: All architectures (ReAct, Reflexion, AP-EDM, Adapt-Plan) are evaluated
using identical oracle-based metrics, ensuring comparability.

3. Separating Estimation from Architecture: The gap between Oracle Mode and Estimated Mode
isolates the contribution of planning accuracy, enabling targeted improvements (e.g., via meta-
learning [18] or external verifiers).

Critically, this design means:

• If Adapt-Plan outperforms baselines in Oracle Mode → architectural superiority confirmed
• If Adapt-Plan underperforms in Estimated Mode → estimation calibration becomes priority re-

search
• If ∆est is small → Adapt-Plan is production-ready

5. Experimental Methodology
5.1. Proof-of-Concept Validation Scope

This evaluation establishes algorithmic soundness through controlled simulation. We intentionally
limit scope to validate the architectural principle before large-scale deployment testing.

5.2. Dataset Composition

We evaluate on 150 episodes structured as:

• Phase I (Planning Efficiency): 75 episodes (25 per architecture)
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• Phase II (Fault Recovery): 75 episodes (25 per architecture)
• Total trials: 150 episodes × 3 architectures = 450 trials

Each episode executed 3 times to ensure statistical robustness; final metrics averaged across rep-
etitions. Statistical tests employ Welch’s t-test with Bonferroni correction for multiple comparisons
(α = 0.05/3 = 0.0167).

5.3. Test Environment

A text-based software simulation environment with dynamic fault injection capabilities. Tasks
require complex execution (5-10 optimal steps), deliberately increasing PEI variance to challenge drift
detection mechanisms. Fault types include:

• Tool Failure (40%): API returns HTTP 500 or timeout
• Latency Injection (35%): Random 2-3 second delays
• Data Corruption (25%): Contradictory information in context

5.4. Experimental Protocol

Phase I: Planning Efficiency and Generalization

• Test agent’s ability to generate high-efficiency plans
• Measure semantic generalization between different goals

Phase II: Dynamic Environment and Reliability

• Inject environmental faults mid-execution (step 3-5)
• Measure FRR and PEI degradation after fault

5.5. Evaluation Metrics

Planning Efficiency Index (PEI):

PEI =
Lmin

Lactual
× QF (7)

Failure Resilience Rate (FRR):

FRRe =


1.0 if goal achieved AND (tsuccess − t f ) ≤ 2

0.5 if goal achieved AND (tsuccess − t f ) > 2

0.0 if goal not achieved

(8)

Traceability Index (TI): Reasoning-action consistency (1-5 scale, calibrated LLM judge)

5.6. Baseline Architectures

• ReAct: Single-pass reasoning-action loop, no persistent memory
• Reflexion: Episodic memory with self-reflection after failures
• Adapt-Plan: Full architecture with EDM and PEI-guided control
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6. Results
6.1. Phase I: Planning Efficiency and Generalization

Analysis: Adapt-Plan achieved the highest PEI (0.91 ± 0.06), confirming that dual planning
successfully avoids redundant steps. The high TI (4.8) indicates maintained reasoning transparency
despite efficiency optimization.

Table 2. Phase I Results: Efficiency and Generalization

Agent SR (%) Avg PEI Avg TI n

ReAct 88 0.65 ± 0.09 4.2 ± 0.5 25
Reflexion 92 0.75 ± 0.08 4.6 ± 0.4 25
Adapt-Plan 95 0.91 ± 0.06 4.8 ± 0.3 25

6.1.1. Semantic Generalization Results

Results confirmed that embedding-based retrieval enables accurate selective generalization (similar-
ity ≥ 0.87), reducing planning time by 25% in semantically related tasks.

Table 3. Semantic Generalization via EDM

Stored Goal New Goal Similarity Result

Supply Chain Opt. Inventory Mgmt. 0.93 Successful transfer
Route Planning Multi-modal Transport 0.88 Successful transfer
Code Refactoring Security Patching 0.81 Partial transfer

6.2. Phase II: Reliability Under Fault Injection

Key Findings:

• High FRR (78% ± 4.2%): Confirms proactive adaptation hypothesis with narrow confidence
intervals

• Strong Statistical Significance: p < 0.001 vs. ReAct, Cohen’s d = 2.18 indicates very large effect
size

• Minimal PEI Degradation (-0.05): System transitions into adaptation mode without full strategic
reset

• Robustness: 95% CI [74%, 82%] demonstrates consistent performance across trials

Table 4. Phase II: Statistical Comparison with Confidence Intervals

Architecture SR (%) FRR(%) 95% CI p-value Cohen’s d

ReAct 70 40 ± 5.8 [34, 46] — —
Reflexion 85 65 ± 4.5 [61, 69] 0.003 1.52
Adapt-Plan 94 78 ± 4.2 [74, 82] <0.001 2.18
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Table 5. Planning Efficiency Degradation After Fault

Agent Pre-Fault PEI Post-Fault PEI PEI Drop

ReAct 0.82 ± 0.07 0.47 ± 0.12 -0.35
Reflexion 0.79 ± 0.06 0.59 ± 0.08 -0.20
Adapt-Plan 0.93 ± 0.04 0.88 ± 0.05 -0.05

1 2 3 4 5 6 7
0.4

0.6

0.8

1

Fault InjectedExecution Step

P
E

I

ReAct
Reflexion

Adapt-Plan
Threshold τ

Figure 3. PEI Trajectory Across Execution Steps: Adapt-Plan maintains efficiency above threshold after fault
injection, while baselines degrade severely.

6.3. Ablation Study: Component Contributions

To isolate the contribution of each architectural component, we conducted systematic ablation
analysis:

Table 6. Isolating Architectural Components

Configuration FRR(%) PEI ∆ from Baseline Incremental

ReAct Baseline 40 0.65 — —
+ Memory (unfiltered) 52 0.68 +12% +12%
+ Memory + Quality Filter 64 0.79 +24% +12%
+ Memory + PEI Control 71 0.85 +31% +7%
Full Adapt-Plan 78 0.91 +38% +7%

Component Analysis:

• Memory Alone (+12%): Demonstrates value of experience reuse, but insufficient alone
• Quality Filtering (+12% additional): Selective consolidation critical for avoiding “memory pollu-

tion”
• PEI Control (+7% additional): Real-time drift detection enables proactive recovery
• Architectural Synergy (+7% additional): Integration effects beyond additive contributions

This ablation confirms that Adapt-Plan’s superiority stems from algorithmic integration, not merely
increased resources.
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6.4. Failure Mode Analysis

Of the 22% failure cases in Phase II (n = 17 out of 75 episodes), we identified three primary
categories:

Table 7. Failure Mode Taxonomy

Failure Type Frequency Characteristics

Cascade Failures 41% (n=7) Both primary and fallback strategies unavail-
able; no tertiary contingency in EDM

Estimation Bias 35% (n=6) Lest
min severely underestimated (ϵ < −2); PEI

threshold never triggered despite degradation

Cold-Start Retrieval 24% (n=4) No similar episodes in EDM (novel task struc-
ture); memory retrieval returned empty

Implications for Future Work:

• Cascade Failures: Indicate need for tertiary fallback strategies or safe escalation protocols
• Estimation Bias: Motivates meta-learning calibration for Lest

min (e.g., MAML [18])
• Cold-Start: Suggests need for “universal recovery templates” or domain-agnostic baseline strategies

6.5. Computational Cost Analysis

Analysis: Adapt-Plan incurs 38% latency overhead vs. ReAct due to PEI computation and EDM
queries. However, this is 48% faster than Reflexion while achieving superior FRR. The cost-efficiency
ratio ($/FRR%) favors Adapt-Plan: $0.017 per percentage point of reliability vs. $0.031 for Reflexion.

Table 8. Resource Requirements Comparison

Architecture Latency (s) Memory (MB) API Calls Cost/Episode

ReAct 12.7 ± 2.3 48 ± 9 8.2 $0.42
Reflexion 33.8 ± 5.2 142 ± 28 14.3 $2.04
Adapt-Plan 17.5 ± 2.8 278 ± 52 11.7 $1.30

6.6. Interpretation: Proof-of-Concept Validation

These results demonstrate that PEI-guided control is algorithmically sound. The strong statistical
significance (p < 0.001, Cohen’s d = 2.18) and narrow confidence intervals establish that performance
gains are robust and replicable, not artifacts of random variation.

However, deployment-grade validation requires testing under realistic fault distributions, diverse
task complexities, and extended operational durations—criteria addressed by subsequent certification
frameworks [1].

While conducted in controlled environments, these results establish the core hypothesis: real-time
PEI monitoring enables proactive adaptation superior to reactive self-correction.
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7. Discussion
7.1. Architectural Significance

Adapt-Plan demonstrates that the transition from diagnostic metrics to control signals represents
a fundamental shift in agent design philosophy. By coupling PEI directly to adaptation triggers, the
architecture exhibits:

1. Proactive Recovery: Drift detection before failure (average 2.3 steps earlier than Reflexion)
2. Computational Efficiency: Tactical adjustments avoid costly full replanning (43% fewer LLM calls

vs. Reflexion)
3. Generalization: Semantic memory transfer across related tasks (25% planning time reduction)

7.2. The Intentionality Principle

Our results support the Intentionality Hypothesis: agents that recover through memory-guided
application of proven strategies exhibit fundamentally different reliability characteristics than those that
recover through exhaustive exploration.

Adapt-Plan’s FRR=78% decomposes as:

• 85% memory-guided tactical adaptations (intentional recovery)
• 15% strategic replanning (fallback)

This distribution suggests that reliability emerges from causal understanding of failure patterns, not
merely stochastic robustness.

7.3. Scope of Generalization

Adapt-Plan demonstrates semantic transfer when: cosine(esource, etarget) ≥ 0.87
However, generalization fails when:

• Cross-Domain Transfer (e.g., Logistics → Healthcare): Similarity = 0.42 → No retrieval
• Inverted Task Structure (e.g., “Build” vs. “Destroy”): Procedural patterns incompatible
• Novel Tool Sets: If target task requires tools never seen in EDM, retrieval returns empty

Implication: EDM requires diverse “seed experiences” across domains for cold-start robustness.

7.4. Limitations and Scope Boundaries
7.4.1. Controlled Environment

Current validation uses text-based simulation with predefined fault types (tool failure, latency, data
corruption). Real-world deployments involve:

• Unbounded fault distributions
• Multi-modal sensory input
• Long-horizon tasks (50+ steps)
• Adversarial conditions

7.4.2. Estimation Bias Impact

The failure mode analysis (Table 7) reveals that 35% of failures stem from estimation bias (ϵ < −2).
Future work must address:

• Meta-learning for Lmin calibration [18]
• Confidence-bounded estimation with uncertainty quantification
• Domain-specific correction factors learned from historical data
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7.4.3. Safety Protocols

This foundational architecture lacks comprehensive safety mechanisms required for deployment
in critical domains (healthcare, autonomous vehicles, financial systems). The HB-Eval framework [1]
addresses this through:

• Confidence-bounded retrieval (Safe Halt when confidence < 0.7)
• Safety guardrails for high-risk actions (pre-execution validation)
• Mandatory human escalation protocols for ambiguous decisions

7.5. From Architecture to Certification

The relationship between Adapt-Plan and subsequent evaluation frameworks exemplifies a critical
distinction in agentic AI research:

Adapt-Plan establishes why PEI-driven control improves reliability.
HB-Eval validates how much improvement generalizes to deployment.

This separation ensures that:

• Architectural contributions are independent of specific benchmarks
• Evaluation frameworks can test diverse architectures fairly
• Community consensus on reliability standards emerges organically

The mature instantiation tested in HB-Eval (AP-EDM) incorporates additional mechanisms beyond
this foundational architecture:

• Safety protocols for healthcare/financial domains
• Confidence-bounded memory retrieval
• Extended fault taxonomy (6 fault types vs. 3 in this work)
• Human escalation interfaces (HCI-EDM layer)

These enhancements enabled AP-EDM to achieve FRR=94.2% and support Tier-3 certification
standards [1]. However, the core principle—PEI as control signal—originated in the architecture presented
here.

8. Conclusions
This paper demonstrates that Adapt-Plan constitutes a fundamental solution to cognitive rigidity in

agentic systems. By transforming the Planning Efficiency Index (PEI) from a passive evaluation metric
into an active real-time control signal, Adapt-Plan enables agents to exhibit proactive adaptability rather
than reactive self-correction.

8.1. Core Contributions

The observed results—FRR of 78% ± 4.2% with strong statistical significance (p < 0.001, Cohen’s
d = 2.18)—confirm that metric-driven adaptation is a viable and effective paradigm for improving agent
reliability in dynamic environments. While these results are intentionally limited in scope (150 episodes,
controlled simulation), they establish the algorithmic validity of PEI-guided control through:

1. Conceptual Foundation: Formalization of evaluation metrics as architectural control signals,
bridging diagnosis and adaptation

2. Dual Planning: Integration of strategic and tactical planning responsive to real-time efficiency
degradation (minimal PEI drop: -0.05 vs. -0.35 for ReAct)
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3. Selective Memory: Extended Dynamic Memory (EDM) coupling experience consolidation to
performance criteria (88% precision in quality filtering)

4. Methodological Rigor: Dual-mode protocol separating estimation bias from architectural capability,
preventing evaluation leakage

5. Component Analysis: Comprehensive ablation isolating contributions: memory (12%), quality
filtering (12%), PEI control (7%), synergy (7%)

8.2. Validation and Impact

The reliability implications of this architectural approach were later confirmed and extended through
the HB-Eval framework [1], demonstrating that when combined with safety protocols and confidence
bounds, PEI-driven architectures can support rigorous certification standards. Specifically:

• AP-EDM (mature instantiation): FRR=94.2% across 500 episodes
• Tier-3 certification achieved in healthcare domain
• Statistical significance maintained at scale: Cohen’s d = 3.28 vs. ReAct baseline

Together, these findings suggest that reliable agentic AI emerges not from reasoning alone, but from the
tight integration of architecture, metrics, and control.

8.3. Implications for Agentic AI Design

This work establishes three design principles for reliable agent architectures:

1. Metrics as Control: Evaluation measures should inform runtime behavior, not merely assess
outcomes

2. Proactive Adaptation: Drift detection and correction before failure reduces cascading errors (2.3
steps earlier than reactive approaches)

3. Selective Consolidation: Memory systems must filter experiences by performance quality to
prevent pollution (88% precision vs. 45% unfiltered)

9. Future Work: Toward Extended and Human-Centered Memory
While this paper focuses on adaptive planning and control, the next phase of this research agenda

will deepen the role of memory in reliable agent behavior. Future work will expand the Extended
Dynamic Memory (EDM) mechanism and introduce HCI-EDM, a human-in-the-loop memory alignment
layer designed to support corrective intervention in complex, safety-critical scenarios.

9.1. Extended Dynamic Memory (EDM) Enhancements

Planned extensions to EDM include:

• Hierarchical Memory Organization: Multi-level consolidation (episodic, procedural, semantic)
with differential retrieval strategies

• Confidence-Calibrated Retrieval: Dynamic similarity thresholds adjusted by domain and task
complexity

• Temporal Decay Models: Age-weighted relevance to prioritize recent adaptations while retaining
foundational patterns

• Adversarial Memory Robustness: Protection against poisoning attacks and bias amplification

9.2. Human-Centered Explainability (HCI-EDM)

The HCI-EDM layer will address trust calibration through:
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• Evidence-Grounded Explanations: Grounding agent decisions in certified past episodes rather
than post-hoc rationalization

• Transparent Uncertainty Quantification: Explicit confidence bounds on memory retrieval and plan
estimation

• Selective Human Escalation: Proactive handoff when PEI < τcritical or memory confidence falls
below safety thresholds

• Interactive Correction Loops: Human feedback directly updates memory consolidation criteria

9.3. Multi-Agent Coordination

Extension to collaborative agentic systems requires:

• Federated EDM: Shared memory pools with privacy-preserving consolidation
• Coordination Resilience Rate (CRR): Metric quantifying team-level reliability under individual

agent failures
• Delegation Protocols: Task handoff triggered by relative PEI comparison across agents

9.4. Long-Term Vision

The long-term objective is to fully close the trust loop—from metric-based evaluation (HB-Eval),
through adaptive cognition (Adapt-Plan), to persistent, human-aligned memory systems—establishing a
comprehensive foundation for dependable agentic AI deployable in safety-critical domains.
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