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| ABSTRACT

Multi-modal agent systems (MMAS) integrate vision, language, sensor, and symbolic reasoning modules to autonomously
collaborate across various domains, including healthcare, finance, and transportation. As these systems interlink, their attack
surface broadens—especially to data-poisoning threats that introduce corrupted inputs to distort model learning or inference.
Current defenses are localized, reactive, and opaque, frequently devoid of tamper-proof provenance tracking or verifiable
accountability. This paper presents a Secure Accountability Framework based on Model Context Protocol (MCP) servers, aimed at
detecting, mitigating, and auditing poisoning attacks in distributed MMAS environments. The MCP server functions as a reliable
intermediary, offering cryptographic logging, proof-of-state validation, and real-time behavioral deviation analysis. Experimental
simulations reveal a 98.5% detection rate, 3.8% latency overhead, and 97.4% attribution accuracy, substantiating MCP servers as
a scalable solution for reliable multi-agent Al. The framework aligns with emerging Al governance standards (ISO/IEC 42001,
NIST Al RMF, and the EU Al Act), establishing a foundation for transparent, auditable, and compliant Al ecosystems.
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1. Introduction

1.1 Context and Motivation

The rapid growth of multi-agent and multi-modal artificial-intelligence systems has enabled complex automation—self-driving
vehicles, conversational copilots, robotic swarms, and distributed decision assistants. These systems process heterogeneous
inputs and continuously update internal representations through inter-agent communication (Park et al, 2023). While this
interoperability enhances capability, it simultaneously increases vulnerability to data-poisoning attacks (Biggio & Laskov, 2012).

In data-poisoning scenarios, adversaries subtly modify training or streaming data, causing incorrect inferences or biased outputs
that propagate through connected agents. Because MMAS frequently rely on shared datasets and contextual embeddings, even
minor contamination can cascade, compromising system-wide behavior.

1.2 Problem Statement

Current defenses—local anomaly detectors, adversarial training, or differential-privacy mechanisms—address isolated model
risks but fail to provide global accountability. Once data traverse multiple agents or clouds, proving who introduced malicious
input becomes nearly impossible (Jagielski et al., 2018).

Organizations therefore need a trust infrastructure capable of:
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1. Recording all inter-agent exchanges immutably,
2. Detecting abnormal behaviors in real-time, and
3. Providing cryptographic evidence for post-incident forensics.

1.3 Research Objective
This white paper introduces the Mitigation, Control, and Proof (MCP) Server Framework, leveraging the Model Context Protocol
to embed accountability into the fabric of MMAS communication. The framework's goals are to:

e Detect poisoning attempts with high precision,

e Provide verifiable attribution of malicious nodes,

e  Minimize operational latency, and

e  Support compliance with responsible Al mandates.

2 Background and Related Work
2.1 Data-Poisoning in Machine-Learning Systems
Data-poisoning attacks manipulate either the training phase or inference pipelines.

e Clean-label attacks (Shafahi et al., 2018) embed subtle perturbations without altering ground-truth labels.
e Targeted attacks (Gu et al.,, 2019) induce specific misclassifications.
e Backdoor or trigger attacks activate under predefined patterns.

In multi-modal settings, poisoning may occur across modalities—for example, synchronizing falsified textual and visual data to
mislead joint embeddings (Qi et al., 2021).

2.2 Auditing and Accountability Mechanisms

Blockchain-based  ledgers  (Kumar et al, 2022) offer immutability but often incur high latency.
Federated-learning defenses employ robust aggregation (Lyu et al, 2020) yet assume honest participants.
Explainability frameworks (Miller, 2019) improve transparency but do not provide cryptographic evidence.
Hence, accountability must combine verifiable cryptography with semantic auditability—a capability not yet mainstream in agent
ecosystems.

2.3 Model Context Protocol (MCP)

The MCP standard defines structured, secure exchanges between language models, tools, and data stores (Hou et al., 2024). It
supports context serialization, permissions, and interoperability. By extending MCP to include proof-of-state and event
provenance, every message between agents becomes traceable and non-repudiable. This makes MCP an ideal backbone for
multi-agent security and governance.

3 Proposed Framework: MCP Server Architecture

3.7 Conceptual Overview

The MCP Server acts as a cryptographic control tower overseeing communication between autonomous agents. Each
transaction—data upload, model call, or reasoning result—is timestamped, digitally signed, and recorded in an append-only
ledger using Merkle-tree hashing. Any alteration changes the hash chain, instantly revealing tampering.

3.2 Core Components

1. Immutable Ledger Layer — Event logs with SHA-3 hashing & elliptic-curve signatures.

2. Proof-of-State Module — Captures each agent's operational fingerprint (model version, parameter checksum, data hash).

3. Behavioral Deviation Engine (BDE) — Unsupervised anomaly detection on message frequency, content entropy, and
embedding divergence.

4. Attribution & Forensics Unit — Generates verifiable incident reports linking poisoned data to source nodes.

5. Policy Enforcement Interface — Maps audit results to compliance actions aligned with ISO/IEC 42001 clauses 7-10.

3.3 Workflow
1. Registration — Agents register keys with the MCP server.
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Interaction — Agent A communicates with Agent B through MCP-encapsulated messages.
Verification — The server validates digital signatures & state hashes.

Detection — The BDE analyzes communication vectors for anomalies.

Response — Alerts, quarantine, and smart-contract remediation are triggered.

Audit Trail — Immutable log creation enables forensic traceability.

o vk wnn

4. Methodology and Experimental Design

4.1 Simulation Environment

A prototype MMAS was deployed with five autonomous agents—Vision, NLP, Reasoning, Planning, Decision—communicating
via an asynchronous message bus. The MCP server operated as a FastAPI microservice with PostgreSQL storage.

Cryptographic Layer: Ed25519 signatures + Merkle hash trees.
Behavioral Engine: TensorFlow autoencoder detecting reconstruction-loss > 1.5 .

4.2 Attack Scenarios
1. Clean-Label Shift
2. Targeted Trigger
3. Sequential Injection

4.3 Metrics
Detection Rate (%), Latency Overhead (%), Attribution Accuracy (%), False-Positive Rate (%).

4.4 Baselines
Federated Averaging + Robust Aggregation; Blockchain-only logging; Local Outlier Factor (LOF).

5. Results and Analysis

Metric MCP Server | Federated Aggregation | Blockchain-only | LOF Local
Detection Rate 98.5 % 87.6 % 742 % 63.1%
Attribution Accuracy | 97.4 % 52.0% 91.5% 40.3 %
Latency Overhead 38% 9.2 % 18.5 % 2.0 %
False-Positive Rate 2.6 % 6.4 % 51% 10.8 %

Behavioral deviation detection identified anomalies within three cycles; sharding improved scalability by = 45 %. Removing
Proof-of-State cut attribution accuracy by 41 %.

6. Discussion

6.1 Trust, Transparency, and Accountability

The MCP Server creates self-auditing ecosystems, offering verifiable cryptographic trails for every agentic decision (Floridi &
Cowan, 2023).

6.2 Alignment with Al Governance Standards

Standard Principle MCP Alignment

ISO/IEC 42001 Risk management & Proof-of-state ledger = Clause 8 controls
accountability

NIST Al RMF (2023) Govern / Map / Measure / BDE metrics quantify trustworthiness
Manage
EU Al Act Transparency & traceability Immutable logs enable Article 13 compliance
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6.3 Ethical and Operational Limits
Energy use, privacy exposure, and ledger scalability remain open challenges; integration of zero-knowledge proofs and post-
quantum signatures is recommended.

7. Practical Deployment Framework
7.1 Implementation Phases
1. Risk assessment — 2. MCP APl integration — 3. Monitoring — 4. Audit enablement — 5. Governance alignment.

7.2 Organizational Benefits

e Regulatory compliance (EU Al Act, GDPR).
e Root-cause identification < 30s.

e  Cross-vendor audit collaboration.

e Enhanced public trust in Al autonomy.

8. Conclusion

The paper presented a Secure Accountability Framework leveraging Model Context Protocol (MCP) servers to detect,
mitigate, and audit data-poisoning attacks in multi-modal agent systems. Empirical results confirm high accuracy and minimal
latency, while embedding governance by design for transparency and responsibility. Future work will extend to ZK-SNARK proofs
and federated MCP clusters for planet-scale Al trust.
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