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Core proposition

Federated learning enables multiple participants to train a shared model without
centralising raw data. The promise is important, but privacy is not automatic and
heterogeneous, non-IID data can undermine both accuracy and fairness. This
paper sets out an engineering framework for selecting aggregation methods,
applying differential privacy and evaluating utility, leakage and robustness
together.
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Executive abstract
Federated learning enables multiple participants to train a shared model without centralising raw data.

The promise is important, but privacy is not automatic and heterogeneous, non-IID data can undermine

both accuracy and fairness. This paper sets out an engineering framework for selecting aggregation

methods, applying differential privacy and evaluating utility, leakage and robustness together.

1. Why federation matters
Many organisations hold valuable data that cannot be pooled because of confidentiality, regulation,

intellectual property or operational boundaries. Federated learning moves computation towards

participants and aggregates updates rather than raw records. This reduces central data collection but

introduces distributed trust, systems and measurement problems.

2. The non-IID reality
Participants rarely have identical data distributions. Differences may arise from geography, device type,

customer population, workflow or labelling practice. A global model can therefore converge slowly, favour

large participants or underperform for minority clients. Experiments must vary imbalance, participation

and distribution shift rather than assume independent and identically distributed samples.

3. Privacy is layered
Federation alone does not prevent leakage from gradients, model updates or outputs. Controls may

include secure aggregation, clipping, differential privacy, encryption in transit and at rest, restricted

telemetry and access governance. Differential privacy should be reported with its privacy parameters and

the associated utility loss, not as a binary privacy label.

4. Evaluation framework
Assess predictive quality globally and per participant; convergence; communication cost; robustness to

dropout and malicious updates; privacy leakage; and fairness across client groups. Centralised, local-only

and federated baselines provide context. Repeated runs are essential because sampling and participation

introduce substantial variance.

5. Operational architecture
A production design needs client identity, version compatibility, update validation, secure aggregation,

monitoring and rollback. The coordinator should reject malformed or anomalous updates without gaining

unnecessary visibility into participant data. Governance must define who can join, what is logged, and

how incidents are investigated.

6. Research opportunity
A promising research direction is federated evaluation of AI-generated software across organisations.

Each participant could retain proprietary repositories while contributing privacy-protected quality signals.

The central challenge is preserving useful defect information without exposing code, vulnerabilities or

organisational characteristics.
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Practitioner takeaways
• Model heterogeneity explicitly.

• Measure privacy and utility together.

• Use centralised and local baselines.

• Engineer participation, validation and rollback as first-class capabilities.

Conclusion
Responsible technology leadership requires evidence, explicit trade-offs and accountable human

judgement. The frameworks in this paper are intended to support disciplined implementation and to create

a foundation for deeper empirical research.
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