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Proposed Methodology

Problem & Motivation

Benchmark Results Across Modalities
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Federated learning (FL) trains across private data silos under privacy and xFedAlign keeps FedAvg task training unchanged, while aligning
regulatory constraints. As FL reaches healthcare, finance, and mobile explanations through a compact Global Explanation Prior. Split Method AccT  EDIL  AccT  EDI]  AccT EDI
platforms, knowing why a model predicts becomes essential, not optional. . < - . D FedAve 986 _ a9 _ a5 ~
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Centralized XAl struggles in FL because heterogeneous clients, hidden raw e .. =1 o, Task Training = BN ® Syrrogate XAl - IIED Global Prior Local-XAL 982 020 .755 302 844  .003
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mpu’Fs, .and leakage r.|sks can cause explanatlo.n drift, where identical o.. ocal + FedAvg BB Group attributions | ggregate top FedAttr-Age 983 077 729 421 844 016
predictions rely on different features across clients. - 4 K -/ N /
. Fed-XAlI 904 .001 722 .096 830 .008
Three tensions, at once: 1. Task-Model Training: Clients train the task model locally and the server FedAlien 086 000 - 009 - 004
» Privacy: no raw data, gradients, or dense maps may cross the network. aggregates updates normally using the Fed-Avg-style protocol. 5 ' ' ' ' ' '
» Heterogeneity: non-IID clients diverge in reasoning, not just accuracy. 2. Surrogate Explanations: Each client fits a lightweight surrogate g. to Non-IID FedAvg 930 - 707 - 797 —
» Bandwidth: high-dimensional attribution objects scale poorly per round. mimic its local task model and produce group-level attributions. Iocal-X Al 97 110 706 263 751 059
et R aT—— 3. Globafl Ex.planat.|0n Prior Alignment: Clients send q nly compressed top- FedAttr-Agg 930 159 706 416 842 197
| o k attribution artifacts. The server aggregates them into a Global
Input image (class: “dog’) : : : : : : : Fed-XAlI 449 300 D93 211 790 056
— Explanation Prior M, which guides explanation alignment in the next
= round. The overall training objective is as follows: xFedAlign 90076 I eeT eeT 00

Server (aggregator)

min Y w E[0(fo(x),y)] +aY w:KL(pol q,) +BY w; Z]SD(EZ(C) H H(c)) Across image, text, and tabt.JIar datfa\sets, xFedAIlgn preserves
N ‘ : Client 1 Client 2 .. ClientK 0,{i}1T 5 : : c strong Accuracy (AccT*) while consistently lowering the Explanation
= * = %/_/ \—/_/ ~ . . . . . .
. I task risk surrogate fidelity explanation alignment Drift Index (EDIJ,): which indicates more consistent explanations
D S D S D S " across clients, especially under Non-IID data heterogeneity.
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Robustness to Poisoning
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Clients have heterogeneous (non-1ID) data.
The server only sees model updates—no data.

Explanation drift: different features are deemed important Li = Ltask + aLsur + BLalign

across clients for the same prediction.
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(©) Goal: Develop a federated explanation framework that produces

explanations that are locally faithful, globally consistent, privacy-

5 preserving, and communication-efficient. y
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xFedAlign stays more stable under attribution poisoning, with
lower top-k changes and EDI drift compared to baselines.

Conclusion
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Key Contributions
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xFedAlign decouples task learning from explanation coordination. Task

Clients train task models locally, use lightweight surrogates to extract

models are trained normally with FedAvg, while explanations are aligned
separately in a compact group-level space.

» Coordinate explanation semantics independently of task optimization

» Use client-side surrogates to translate black-box model behavior into

orivacy-aware attribution artifacts for the Global Explanation Prior.

» Reduce explanation drift with minimal extra communication overhead.

» Validate across vision, text, and tabular tasks, showing improved
explanation consistency, fidelity, privacy, and robustness.

group-level explanations, and share only compressed top-k explanation
artifacts, and receive a Global Explanation Prior Il to align explanations.

» Step 1: Server broadcasts task model 6(t) and prior A(t).

» Step 2: Clients update the local task model on private data.

» Step 3: Surrogates generate normalized group-level attributions.

» Step 4: Clients compress explanations into hardened top-k artifacts.
» Step 5: Server robustly aggregates artifacts into M(t+1).

» Step 6: Updated prior aligns client explanations in the next round.

xFedAlign enables faithful and consistent federated explanations
without changing standard task training. By aligning compact
explanation artifacts through a Global Explanation Prior, it
improves consistency, privacy, and robustness while keeping
communication overhead low.
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