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* Fixed model shared by all the parties
» Real world settings: varying resources , stragglerissue s

* Increasing model size leads to communication overhead
» Blackbox
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« Low rank Adaptation (LoRA) (Hu et al. /CLR 2022)

» A parameter-efficient finetuning method that
only LoRA parameters are updated with the
original model parameters remain frozen.
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1:How to aggregate models with different structures ?

2: Can the client updates be distinguised on the basis of
trust?

3: Can we detect and exclude anomalous or malicious
clients?
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Y. J. Cho et al., "Heterogeneous
LoRA for Federated Fine-tuning of
On-Device Foundation Models," in
EMNLP, 2024
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Stage 1: Materialization

Local Weight Materialization (U ;)

Clients compute full weight products
locally to eliminate the bilinear noise
common in server-side averaging.
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Stage 2: Consensus

Layer-wise Consensus Centroid
The server establishes a group-
consensus direction (Ug) and mean
norm () as a reference for every |
layer. ‘

Stage 3: Quality Metrics

Directional & Magnitude Scoring

Measures alignment (sy, ¢) and
stability (staby) to |dent|fy updates
that deviate from the consensus.
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Rank-Agnostic Flexibility
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without requiring padding.

Similarity
(Ue, Up)
|Ukellr - 1Uellr + €

U,

Stability
Deviation

L
1 =L |Ukellr — pel
RIS e
=1

Sk,e =

tab, =
220K 1+ Dy

Gate (@) Il'leil'l Sk,e > 00—
|
|
v

Hard Anomaly Gating

Automatically zeroes out "Byzantine”
or malicious clients who oppose the
consensus on any single layer.

FedLoRA-XAIl: Trustworthy Explainable
Federated LLM Finetuning

Stage 4: Trust Score
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Stage 5: Aggregation
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Training samples per client
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Results: MMLU Score
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Hiustrative schematic: per-client cosine / trust / weight values are stylized to show the mechanism. The measured robustness outcome is the 81% vs 70% MMLU retained under a 2/5-Byzantine attack (see the adversarial-robustness figure)
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 Submitted:

* FedLoRAX: Trustworthy Heterogenous LoRA aggregation for
Federated LLM finetuning

* In progress:
* Personalized Federated Learning for smart buildings.
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