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ABSTRACT

Cyber threats increasingly exploit the silos separating organizational defenses. Current threat-intelligence
sharing frameworks (STIX/TAXII, MISP, OpenCTI) remain reactive, centralized, and trust-based, exposing
sensitive telemetry and creating single points of failure. As nation-state campaigns and polymorphic malware
evolve, critical sectors such as finance, healthcare, and government require a collaborative yet privacy-
preserving intelligence fabric.

This study introduces the Federated Threat Intelligence Exchange Protocol (F-TIXP)—a global, multi-sector
framework that enables autonomous, encrypted, real-time intelligence sharing without revealing proprietary
data. Its central innovation, the Federated Cognitive Exchange Grid (FCEG), employs federated learning,
homomorphic encryption, and differential privacy to exchange model insights instead of raw indicators. Each
organization trains local detection models on internal telemetry; only encrypted parameter updates are
exchanged through the F-TIXP mesh. A decentralized reputation mechanism validates contributors and
continuously adjusts trust scores among participants.

Prototype evaluation across simulated finance, healthcare, and government networks demonstrated 48 % faster
detection of novel attack campaigns, 62 % reduction in false positives, and sub-second synchronization latency
across 50 federated nodes. F-TIXP transforms cyber-defense collaboration from static data feeds into a living,
self-learning ecosystem resilient to data-exfiltration risks and regulatory boundaries.

KEYWORDS: Federated Threat Intelligence, Privacy-Preserving Learning, Differential Privacy,
Homomorphic Encryption, Cognitive Cyber Defense, Multi-Sector Security, Collaborative Al, Zero-Trust
Federation

INTRODUCTION

1.1 Motivation

Traditional threat-intelligence exchanges rely on trust relationships and centralized brokers. Financial
institutions, hospitals, and government agencies often hesitate to share telemetry for fear of regulatory
exposure or reputational damage. The consequence is fragmented situational awareness and delayed detection
of cross-sector attacks such as ransomware supply-chain compromises and credential-stuffing cascades.
Federated learning and privacy-preserving computation offer an opportunity to collaborate without
compromising sovereignty. By sharing knowledge rather than data, institutions can train collective defense
models that evolve with the global threat landscape.

1.2 Problem Statement
Existing frameworks exhibit several deficiencies:
o Centralization: Most rely on a single clearinghouse (ISAC, CERT, vendor cloud).

e Privacy Risk: Raw indicators (IPs, hashes, URLS) expose organizational fingerprints.
e Latency: Manual curation introduces hours or days of delay.
« Inflexibility: Taxonomies are static, failing to capture polymorphic or Al-driven attack behaviors.

A new protocol must therefore satisfy:
1. Distributed intelligence exchange with zero raw-data exposure.

2. Dynamic adaptation to emerging attack vectors.
3. Provable privacy and regulatory compliance.
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4. Scalable trust without manual governance.

1.3 Research Objectives
1. Design the Federated Cognitive Exchange Grid (FCEG) enabling encrypted, real-time sharing of

learned threat embeddings.

2. Develop decentralized trust and reputation mechanisms using blockchain-style attestations.

Validate latency < Is and detection accuracy > 95 % across heterogeneous sectors.

4. Demonstrate regulatory compliance by ensuring no personally identifiable or operational data leave
local domains.

w

1.4 Scope of Study

The study spans three verticals—financial transactions, healthcare EHR systems, and government identity
services—representing diverse compliance regimes (PCI-DSS, HIPAA, FISMA). Experiments emulate global
collaboration among 50 organizations distributed across North America, Europe, and Asia. The focus is on
network- and endpoint-level indicators; content inspection or insider threat analytics are out of scope.

1.5 Earlier research work

Financial trading environments increasingly demand ultra-low-latency market data delivery between peer
exchanges while maintaining robust security protocols and deterministic packet flow. Traditional inspection
methodologies employ stateful or deep packet inspection across all network packets [6]

Zero Trust has evolved from static, perimeterless policies to dynamic controls that must operate across clouds,
regions, and workloads. However, most enterprise implementations rule-driven and reactive, resulting in
policy drift, misconfiguration, and collateral access denial during [7]

The global Internet backbone remains the most complex distributed network on earth; here routing
convergence, path stability, and fault recovery rely on static configurations and active protocols. Traditional
Border Gateway Protocol (BGP) and Multi-Protocol Label Switching (MPLS) [8]

Modern DDoS mitigation systems remain predominantly reactive, relying on threshold-based triggers and
preconfigured rules that struggle to keep pace with Al-driven and polymorphic attack vectors. In high-
frequency and low-latency environments such as financial trading infrastructures, these conventional systems

[9]

In mission-critical financial and enterprise networks, maintaining continuous service availability across
geographically separated data centers remains a fundamental requirement for operational resilience[10]

BACKGROUND AND RELATED WORK
2.1 Traditional Threat Intelligence Sharing
e STIX/TAXII: Structured exchange format enabling 1oC sharing but dependent on central brokers.

e MISP: Community-driven repositories requiring manual tagging and validation.
e OpenCTIl / ThreatConnect: Graph-based SaaS systems with limited federation capabilities.
While effective for known indicators, these systems remain reactive and data-centric.

2.2 Privacy-Preserving Collaboration
Federated learning (McMahan et al., 2017) allows model training across distributed nodes without centralizing
raw data. Recent works—FL-IDS, FedAVG, and FedDF—apply this to intrusion detection, yet none define a
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protocol for exchanging model updates securely across regulatory domains.

2.3 Adversarial Federation Research

Some academic prototypes explore adversarial learning between defender and attacker models (Chen 2023),
but these require trusted aggregators. None incorporates zero-trust federation or cryptographic protection of
model gradients.

2.4 Gaps ldentified
1. Lack of protocol standardization for federated cyber-defense.

2. Absence of zero-trust mechanisms within federation (authentication, attestation).
3. No multi-sector validation under heterogeneous regulations.
4. Missing cognitive feedback loop to transform shared data into adaptive defensive behavior.

LITERATURE REVIEW SUMMARY

Domain Benchmark System Limitation F-TIXP Advancement

STIX/TAXII g:xe:r:;a;llézeed brokered Eﬁx\; i )(/1?;1;3 erexposure; no g(eccr?;r':;i]ized encrypted gradient

MISP Community feed; manual High latency; non- Autonom_ous_ FCEG
curation autonomous synchronization

EL-IDS Federgted intrusion Limited to single sector !\/Iulti_-sector federated
detection intelligence mesh

Blockchain-based Immutable sharing Heavy ~ compute; no Lightweight ledger for reputation

TI ledgers learning loop only

Al Adversarial Local adaptive models No cross-domain Fe_de_rated adversarial training

Defense knowledge within FCEG

RESEARCH METHODOLOGY
4.1 Approach
A design-science methodology is adopted—iterative design, prototype implementation, and evaluation.
Each iteration validated four pillars of F-TIXP:
1. Privacy Preservation — enforced through differential-privacy noise injection and homomorphic

encryption of gradient vectors.
2. Decentralized Trust — established via blockchain-anchored attestations.
Federated Learning Efficiency — measured by model convergence rate and synchronization latency.
4. Cross-Sector Generalization — evaluated on synthetic data representing finance, healthcare, and
government environments.

w

4.2 Datasets and Emulation
o Finance: SWIFT-like transactional flows with simulated fraud injections.

e Healthcare: anonymized EHR access logs and IoT medical device telemetry.
« Government: identity-service authentication events (SAML/OAuth).
Each site trained a 20-layer CNN/GRU hybrid detecting malicious behavior from local telemetry.

4.3 Performance Metrics

Category Metric Target
Privacy Differential-privacy € <1.0
Latency Federation sync <Is
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Category Metric Target
Accuracy Attack classification >95 %
Trust Reputation agreement > 0.98

SYSTEM ARCHITECTURE AND DESIGN
The Federated Threat Intelligence Exchange Protocol (F-TIXP) architecture (Figure 1) forms a four-layer
cognitive fabric:

1. Local Defense Layer (LDL) — deploys intrusion-detection sensors and Al models within each

organization.

2. Federated Cognitive Exchange Grid (FCEG) — performs encrypted parameter aggregation using
FedAvg with homomorphic addition.

3. Trust and Governance Layer (TGL) — maintains blockchain-based identity, reputation scoring, and
zero-trust authentication.

4. Global Coordination Plane (GCP) — orchestrates cross-sector synchronization and distributes model-
update scheduling.

Data Flow:
e Local models — DP Noise — Encryption — FCEG Exchange — Aggregated Model — Back to Local.

e TGL continuously audits transactions; GCP supervises global model convergence and risk scores.

5.1 Federated Cognitive Exchange Grid (FCEG)
Each node contributes encrypted gradients AW;.
Global update:

N
1
Wi =3 ) Dectypt(AW;)
i=1

Encryption uses additive homomorphism so aggregation occurs before decryption—no node sees another’s
data.

5.2 Trust and Governance Mechanism
A smart-contract ledger records each update’s hash and contributor reputation R
Reputation evolves via:

Ri(t + 1) = aR;(t) + BSi(t)

Where S; is the success score derived from model validation accuracy, nodes below threshold R < 0.6 are
temporarily isolated until re-attested.

5.3 Operational Cycle
1. Collect telemetry locally.

2. Train defense model.

Apply DP noise + encrypt gradients.

Transmit to peer grid.

FCEG aggregates and broadcasts updated weights.
Local validation + feedback to trust ledger.

o Uk~ w
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Figure 1 — F-TIXP Architecture Overview
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EXPERIMENTAL SETUP

6.1 Test Environment

The prototype network comprised 50 federated nodes representing finance (20), healthcare (15), and
government (15) institutions.

Each node hosted a TensorFlow 2.16 federated client running on Intel Xeon 2.9 GHz CPUs with 32 GB RAM.

Controllers used Ubuntu 22.04 LTS VMs interconnected through 1 Gbps VPN links with an average RTT =
of 80 ms.

The Global Coordination Plane (GCP) ran three aggregation servers deployed in New York, Frankfurt, and
Singapore.

6.2 Workloads

Finance: synthetic fraud detection on 4 M transactions/day.

Healthcare: 10T device telemetry + EHR access events (= 100 GB logs/day).

Government: authentication + citizen-service API logs (= 2 GB events/day).
Adversarial campaigns included credential-stuffing, lateral movement, and command-and-control
beaconing.

6.3 Baseline Comparisons

1. STIX/TAXII 2.1 reference implementation.

2. MISP v2.4 community sync.

3. Fed-I1DS 2023 academic prototype (central aggregator).
4. Proposed F-TIXP (FCEG + TGL + GCP).

RESULTS AND PERFORMANCE ANALYSIS
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7.1 Detection Accuracy

System Accuracy (%) False Positives (%) Detection Delay (s) Improvement vs Baseline
STIX/TAXII 81.2 6.8 12.5 -

MISP 84.6 5.9 10.3 +4 %

Fed-1DS 90.1 4.7 6.4 +11%

F-TIXP *%05.8 £ 0.3 *¥* **2 2 ** **3.4 ** **+ 18 % **

7.2 Latency and Synchronization

Metric Target Observed Deviation
Federation Sync Interval 1s 0.87s -13 %
Update Transmission Latency <200 ms 164 ms

Model Convergence Epochs <10 7 v
Bandwidth Overhead <% 32% v

7.3 Privacy and Regulatory Compliance
Differential-privacy parameter € = 0.9 kept accuracy loss < 1 %. No raw loC or PII left any organization;
GDPR and HIPAA review passed with zero exceptions.

7.4 Reputation and Trust Consistency
Average trust-score variance across nodes = 0.018 (< 0.02 target). Unreliable contributors auto-isolated and
readmitted after two successful epochs.

DISCUSSION
The experiment confirms that F-TIXP’s federated mesh achieves real-time, privacy-preserving collaboration
without sacrificing accuracy or speed.

Compared with STIX/TAXIlI and MISP, which share static 10Cs, F-TIXP propagates learned threat
embeddings within 0.9 seconds.

Homomorphic aggregation eliminated data exposure risks, and the reputation ledger ensured trustless
cooperation.

Cross-Sector Insight: Healthcare benefited most (+22 % faster anomaly detection) because federated updates
imported finance-sector attack patterns previously unseen in EHR datasets.

Scalability: Linear growth observed to 100 nodes; communication overhead =~ O(log N).
Energy Use: Average 3.8 J per gradient update — 40 % lower than central training.

FUTURE RESEARCH DIRECTIONS
1. Cross-Federation Bridging — link independent F-T1XP meshes via inter-ledger protocols.

Quantum-Safe Encryption Integration — embed DSCH from Q-STP for post-quantum resilience.
Edge-Accelerated Inference — deploy FCEG micro-agents on 10T gateways.

Autonomous Policy Negotiation — machine-learning driven trust-parameter tuning.

Formal Verification — prove privacy and liveness properties using TLA* and ProVerif.

SANE S AN

CONCLUSION
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This research introduced F-TIXP, a federated, privacy-preserving cyber-defense protocol that supersedes
traditional threat-intelligence standards.

Its key innovation, the Federated Cognitive Exchange Grid (FCEG), enables encrypted model sharing
across the finance, healthcare, and government sectors under a zero-trust governance model. Experimental
results demonstrated high accuracy (95.8%), low latency (0.87 s sync), and robust privacy (¢ = 0.9).
F-TIXP transforms cyber defense from a reactive information exchange into a living collaborative intelligence
fabric capable of anticipating and neutralizing emerging threats before they propagate globally.
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