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1 Problem Statement

When language models fine-tune on user data, they absorb biases present in that data. This creates
a fundamental challenge: how do you personalize models to individual users without amplifying
harmful patterns like demographic stereotypes or toxic language? Data filtering blocks legitimate
personalization, and post-hoc bias detection happens too late because the model already learned
the bias during training. We need a method that prevents bias during training, not after.

This problem is critical in federated learning settings where you cannot inspect client data
directly. Edge Al deployments for mobile keyboards, email assistants, and healthcare applications
require personalized models that cannot tolerate amplified user biases.

2 Proposed Solution

I will adapt Subspace Projection Aggregation (SPA) to act as a bias filter during federated learning.
The core idea: identify which model parameters control ethical behavior, then lock those parameters
during personalization.

2.1 Technical Approach

Step 1: Identify the Safety Subspace

I will fine-tune Llama-3-70B on Anthropic’s HH-RLHF dataset [I], which contains 170k human
preference comparisons for helpful and harmless responses. I use LoRA (Low-Rank Adaptation)
via the HuggingFace PEFT library with rank r = 16 and a = 32, targeting the query and value
projection matrices (q_proj, v_proj) in each transformer layer, reducing trainable parameters to
roughly 0.1% of the full model. During fine-tuning, I will track LoRA adapter changes using
singular value decomposition (SVD). Parameters that change most significantly form the “safety
subspace.”

Step 2: Constrained Local Training

I will simulate 10-15 federated clients using the Flower framework [2]. Each client fine-tunes
on biased datasets (Wiki-Bias and BOLD [3]) using LoRA with the same rank and target modules
as Step 1. The key constraint: local LoRA updates cannot modify safety subspace parameters.
Mathematically, if Watety represents the safety subspace projection matrix, local gradient updates
Viocal are projected to the orthogonal complement: V onstrained = (I — WsafetyWS:gfety)Vlocal-

Step 3: Server-Side Aggregation with DPO



I will aggregate client updates using SPA, which handles heterogeneous model updates through
subspace projection, then apply Direct Preference Optimization (DPO) [6] at the server to maintain
global preference alignment without reinforcement learning.

Step 4: Fairness Evaluation I will measure bias using HELM benchmark fairness metrics
[5], specifically demographic parity and equalized odds on the BOLD dataset, comparing four
methods: standard FedAvg, unconstrained LoRA fine-tuning, full fine-tuning on biased data, and
the proposed SPA with safety subspace constraints.

3 Expected Outcomes
My method should achieve two goals:

1. Match personalization quality: Task-specific accuracy within 2% of unconstrained methods
2. Reduce bias: Demographic parity gap reduced by 40-50% compared to FedAvg baseline

4 Implementation Details

Hardware: MTSU Hamilton cluster, dual NVIDIA RTX PRO 6000 Blackwell GPUs (192GB
HBM3e each).

Software: HuggingFace PEFT (LoRA), Flower 1.12+ (federated orchestration), Llama-3-70B,
PyTorch 2.0+ with DeepSpeed, HELM benchmark suite.

Datasets:

e HH-RLHF: 170k preference pairs (~2GB)
e Wiki-Bias + BOLD: 83k samples combined (<500MB)
e Total training data: <3GB (fits in GPU memory)

Timeline (8 weeks):

Weeks 1-2: Environment setup and safety subspace identification
Weeks 3—4: Constrained federated training pipeline

Weeks 5-6: Experiments (10-15 clients, 5 federated rounds)
Week 7: HELM evaluation and statistical analysis

Week 8: Final report and documentation

5 Significance and Novelty

Federated learning deployments cannot inspect client data for bias. This project provides mathe-
matical guarantees that personalization preserves safety constraints.

Novel Contribution: Existing work uses subspace methods for efficiency [7] or privacy [4],
and fair federated learning addresses bias through client selection and adaptive aggregation. No
prior work uses subspace constraints to lock ethical parameters during local LoRA fine-tuning. This
project combines federated learning, preference alignment via DPO, and fairness in NLP, falling
under “Novel methods” per the course guidelines.
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