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Abstract
In rigorous domains like power system simulation,
Foundation Models (FMs) relying on parametric
memory or fine-tuning suffer from confident hal-
lucinations, catastrophic forgetting, and privacy
risks. To address this, we propose a decoupled,
explicit memory-driven agentic framework that
restricts the FM to a pure reasoning engine. By of-
floading knowledge, state, and skill management
to external modules, our architecture facilitates
more predictable execution and zero-shot skill
reuse without weight updates. Experimental re-
sults show our approach achieves 87.35% code
fidelity accuracy, demonstrating improved perfor-
mance over parametric baselines and maintaining
stability in complex tasks.

1. Introduction
The memorization phenomenon in Foundation Models
(FMs), the internalization of training corpora into paramet-
ric memory, enables zero-shot generation but often exhibits
reliability issues in rigorous engineering domains like power
system simulation (e.g., MATPOWER (Zimmerman et al.,
2011)). Applying FMs to such workflows reveals two criti-
cal vulnerabilities: 1) Parametric misalignment, where gen-
eral MATLAB paradigms conflict with niche constraints,
leading to plausible but incorrect outputs (hallucinations);
2) Working memory dilution, where the context window
of the Large Language Model (LLM) is saturated with exe-
cution logs during closed-loop debugging, displacing user
instructions and compromising semantic integrity.

Traditionally, mitigating these deficiencies relies on Super-
vised Fine-Tuning (SFT) or Reinforcement Learning from
Human Feedback (RLHF). However, these methods exacer-
bate the privacy-generalization dilemma, exposing confiden-
tial grid topologies to data extraction attacks and creating a

1Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.

Preliminary work. Under review by The Impact of Memorization
on Trustworthy Foundation Models Workshop @ ICML. Do not
distribute.

bottleneck for self-evolution.

To address these gaps, in (Yao et al., 2023), the authors
employ the ReAct approach to solve the lack of synergy
between reasoning and acting. In (Lewis et al., 2021),
the authors adopt Retrieval-Augmented Generation (RAG)
to solve the limitations of purely parametric models. In
(Packer et al., 2024), the authors propose MemGPT, a sys-
tem adopting virtual context management to solve context
constraints through hierarchical memory tiers. In (Xiang
et al., 2026), the authors propose a taxonomy for self-
evolving agents, highlighting environment-centric evolution
as a key paradigm to solve the scalability bottleneck of
human-guided supervision. In (Hu et al., 2026), the authors
propose MemoryAgentBench to solve the under-evaluation
of memory mechanisms, revealing that existing agents still
struggle with core competencies such as selective forgetting
and test-time learning. In (Wang et al., 2026), the author
develops an LLM agent that automates MATPOWER static
analysis using a DeepSeek-OCR enhanced RAG and an
error-correction system. While successful for isolated tasks,
the model suffered from catastrophic forgetting of physi-
cal constraints in multi-turn dialogues and could not retain
problem-solving experiences without weight updates.

To overcome these challenges, this paper presents an ex-
plicit memory architecture. By externalizing memory mech-
anisms, the FM is restricted to acting purely as a reasoning
engine, thereby replacing unreliable parametric memory
with structured, system-level, explicit memory. The main
contributions of this paper are:

• A Decoupled Explicit Memory Architecture: A
framework is proposed to externalize state, knowledge,
and procedural skills from the FM. Mapping natural
language to predictable grid states effectively mitigates
parametric hallucinations and privacy risks.

• Non-parametric Skill Evolution & Grounding
Mechanism: Mandatory citations and a self-evolving
skill manager are introduced to enable continuous
learning without weight updates. This addresses the
generalization-memorization trade-off and facilitates
machine unlearning.
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Figure 1. Explicit Memory Architecture encapsulated as an MCP Server

2. The Explicit Memory-Driven Agentic
Framework

To mitigate the unreliability of FMs, an agentic framework
is proposed that integrates a robust execution engine with
the Explicit Memory Architecture, as illustrated in Figure 1.
Instead of relying on the FM’s internal weights, knowledge,
state, and debugging experience are offloaded to external.

Formally, this decoupled reasoning process can be modeled
as an extended state transition system. Let Ut denote the
user instruction at turn t, and K represent the external epis-
temic database (e.g., MATPOWER manuals(Zimmerman
& Murillo-Sanchez, 2025a)). To avoid parametric halluci-
nations, the generation of the simulation code Ct is strictly
constrained by an Explicit Memory State Σt−1. The process
aims to maximize the conditional probability:

Ct = argmax
C

PFM (C | Ut,Σt−1,Ret(Ut,K)) (1)

where Ret(·) is the epistemic retrieval function. Further-
more, to maintain consistency across multi-turn dialogues,
the semantic belief state Σ is iteratively updated via a deter-
ministic mapping function δ:

Σt = δ(Σt−1,Extract(Ht)) (2)

where Ht represents the validated execution history at turn t.
This formal separation of Σt and K from the FM’s internal
parameters forms the theoretical foundation of architecture.

2.1. The Base Execution Engine

At its core, the agent operates within a closed-loop MAT-
LAB execution sandbox connected via the Model Context
Protocol (MCP) (Anthropic, 2024). To prevent the FM’s
parametric hallucinations from causing runtime crashes, a
defensive pipeline is implemented: 1) Static Pre-check:
Domain-specific constraints are automatically injected be-
fore execution. 2) Dynamic Feedback Loop: MATLAB

stack traces are captured to iteratively prompt the FM for
error correction. 3) Semantic Validator: This acts as an
alignment guardrail. Even if the FM generates syntactically
valid code by utilizing its internal memory, the Validator
verifies that the code logically aligns with the user’s initial
prompt, detecting instances where the FM forgets physical
constraints to achieve a successful execution.

2.2. Epistemic and Contextual Working Memory

To ensure the FM relies on verified facts rather than its in-
ternal parametric memory, an epistemic memory module is
established. DeepSeek-OCR (Wei et al., 2025) is utilized
to construct a highly structured Markdown vector database
from MATPOWER manuals. Building upon this, Manda-
tory Citations are introduced: the FM is strictly prompted
to append a flag and link its generated code to specific re-
trieved chunks, prompting the model to rely on external
epistemic memory rather than overconfident, potentially
obsolete parametric memory.

Simultaneously, to counteract the dilution of attention dur-
ing the dynamic feedback loop, a sliding window mech-
anism is implemented. This forms a contextual working
memory that filters out obsolete trial-and-error noise from
MATLAB logs. It ensures the FM remains focused on the
immediate task and successfully resolves coreferences with-
out context saturation.

2.3. State Persistence and Procedural Skill Evolution

In long-turn dialogues, FMs are highly prone to catastrophic
forgetting of early physical constraints. This is resolved
by introducing a semantic belief state memory. After every
successful execution, a State Extractor Agent compresses
the interaction history into a deterministic format. This
state is systematically injected into the system prompt of
the next turn, establishing a state anchor that helps mitigate
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long-term forgetting.

To further address privacy and the generalization-
memorization trade-off, this architecture incorporates
system-level evolutions.

Persistent Privacy: The extracted states are stored in an
external SQLite database keyed by session ID, physically
isolating data to defend against extraction attacks and facili-
tating Machine Unlearning.

Skill Evolution: When the dynamic feedback loop strug-
gles but eventually succeeds, a Skill Manager abstracts the
trajectory into a Markdown Skill. A Skill Router retrieves
this procedural memory for future identical tasks, bypassing
tedious feedback loops and learning debugging expertise
without updating FM weights.

3. Case Study
To evaluate the proposed Memory Architecture, a series
of grid analysis tasks is conducted on standard IEEE test
systems (Case 14, Case 30, and Case 39).

3.1. Experimental Setup

The Memory Architecture is implemented as an MCP Server
(mcp, 2024) using DeepSeek-V4 (DeepSeek-AI, 2026).
Power system simulations are performed in MATLAB
R2025b (The MathWorks Inc., 2025) with MATPOWER
8.1 (Zimmerman & Murillo-Sanchez, 2025b). To evaluate
the proposed architecture, three comparative configurations
are established.

M1 (Naive FM): A zero-shot configuration that uses pure
parametric memory without RAG or feedback.
M2 (Isolated Agent): Features RAG and feedback but
operating as a stateless, single-turn executor.
M3 (Full Agent): The proposed architecture with all five
explicit memory modules.

A test suite of 10 tasks of varying complexity is utilized.
It includes 5 Easy tasks and 5 Hard tasks. Performance is
quantified using the Code Generation Fidelity (CSGF) and
Global CSGF Accuracy (GCA) metrics defined in (Wang
et al., 2026).

CSGFi = Si ×
(
Nthreshold − (ni − 1)

Nthreshold

)
(3)

where semantic score Si ∈ {0, 0.8, 1.0}, iteration count ni

, and maximum feedback iterations Nthreshold = 5. GCA
measures the average correctness across K tasks via RMSE.

GCA =

1−

√√√√ 1

K

K∑
i=1

(1− CSGFi)2

× 100% (4)

3.2. Quantitative Performance Overview

The performance of all configurations across the benchmark
is summarized in Table 1.

Table 1. Quantitative Benchmark Results

AGENT EASY TASKS HARD TASKS GCA
(AVG. CSGF) (AVG. CSGF) (%)

M1 0.40 0.00 10.56
M2 0.92 0.64 63.67
M3 0.96 0.88 87.35

The quantitative results highlight the limitations of pure
parametric memory. The baseline M1 failed in complex
scenarios, resulting in a GCA of only 10.56%. While the
M2 (Isolated Agent) achieved reliable performance on easy
tasks, its proficiency plummeted to 0.64 on hard tasks due
to a lack of procedural memory. The proposed M3 (Full
Agent) achieved a GCA of 87.35%, outperforming M2 by
23.68%. As depicted in Figure 2, while the isolated agent
(M2) exhibits a catastrophic blind spot on the most com-
plex structural task, M3 maintains a fully robust capability
boundary. By proactively retrieving self-evolving skills,
M3 effectively addresses this case, achieving zero-shot exe-
cution. This demonstrates that explicit memory evolution
helps prevent catastrophic debugging failures, demonstrat-
ing a more feasible solution compared to model fine-tuning
for specialized grid analysis.

Task 1
(Multi-matrix)

Task 2
(Iterative TTC)

Task 3
(User Constraints)

Task 4
(Topology)

Task 5
(Complex Sync)

M2 (Isolated Agent)
M3 (Full Agent)

Figure 2. CSGF Capability Boundaries on Hard Tasks

3.3. Transition from Isolated to Continuous Simulation

This part evaluates the agent’s ability to combat catastrophic
forgetting during prolonged multi-turn interactions.

3
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Scenario
Turn 1: User instructs the agent to modify the active power
limit on bus 2 (Pmax = 50MW ).
Turn 2: User requests an Optimal Power Flow (OPF) based
on the modified grid.
...
Turn n: After several unrelated technical queries to exceed
the working memory window, the user requests a contin-
gency analysis on the same modified grid.

Observations
In the baseline M2, since each request is processed in iso-
lation, the agent in Turn 2 has no awareness of Turn 1. It
generates code loading the default case30, resulting in a
semantic failure (Si = 0). In contrast, M3 utilizes its Se-
mantic Belief State tracker to extract the Pmax constraint
into a state and persists it in SQLite. In Turn 2, the agent
retrieves this state, generating code that correctly preserves
the modifications and achieves a maximum CSGF score.
This highlights how explicit memory transforms a stateless
model into a persistent simulation agent. At Turn n, even
though the original instruction has been displaced from the
model’s contextual window, the agent still re-injects the
persisted state from the database, ensuring the physical con-
sistency of the simulation remains intact throughout the
entire session.

3.4. Self-Evolving Skill Acquisition

This part highlights the efficacy of Self-evolving Skill Mem-
ory in bypassing repetitive trial-and-error cycles. The de-
tailed workflow of this transition is depicted in Figure 3.

Scenario: The agent is assigned a complex structural task
that requires synchronized modifications across interdepen-
dent technical arrays. In the target power system environ-
ment, such operations are prone to logical failures because
foundation models often lack the deep structural aware-
ness needed to maintain consistency between disparate but
related data components (e.g., aligning technical specifica-
tions with their corresponding economic parameters).

Observations
Initial Encounter: During the first attempt, the foundation
model relies on its unreliable parametric memory, leading to
an asymmetric modification error. While the model success-
fully updates the primary technical parameters, it fails to
synchronize the auxiliary structural data, causing a critical
execution failure. The Dynamic Feedback Loop intercepts
this error, capturing the diagnostic stack trace and guiding
the model through multiple iterative corrections. Through
this closed-loop process, the agent eventually “discovers”
the necessary synchronization logic and achieves a validated
success.
Skill Acquisition and Zero-shot Reuse: Once the task

Figure 3. Detailed workflow of Self-evolving Skill Acquisition.
The agent abstracts a successful structural synchronization logic
from a multi-iteration debugging trajectory and achieves zero-shot
proficiency in a subsequent, independent session.

is successfully validated, the Skill Manager automatically
abstracts the failure-to-success trajectory into a permanent
Self-evolving Skill. In a subsequent separate session in-
volving a similar structural requirement, the Skill Router
proactively retrieves this acquired expertise and injects it
into the reasoning context. Consequently, the agent avoids
the previously encountered logical pitfalls, enabling accu-
rate zero-shot execution.

4. Conclusion
This paper presents an Explicit Memory Architecture that
offloads knowledge management from FMs to external mod-
ules, aiming to mitigate hallucinations and privacy risks in
power system simulations. By integrating epistemic ground-
ing, state persistence, and skill evolution, our framework
maintains consistency across long-turn dialogues without
weight updates. Experiments show an 87.35% GCA, outper-
forming baselines by 23% and reducing repetitive debugging
loops. This decoupled design provides structural protec-
tion for industrial data and facilitates machine unlearning
via database deletions. Future work includes extending the
framework to dynamic simulations and multi-agent systems.
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