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Abstract
Federated learning (FL) allows organizations to train a shared model without ex-
changing raw data, typically via FedAvg aggregation [3]. This is appealing for credit
risk modeling, where cross-institutional data sharing is constrained by regulation
and business requirements [1]. GDPR Article 17 (right to erasure) motivates feder-
ated unlearning, i.e., removing a participant’s contribution after training [5]. How-
ever, full retraining is costly, and subtraction-style retraining-free methods (e.g.,
FedEraser) can be fragile under non-IID heterogeneity [2]. We present LLMU-C, a
method that estimates a removed client’s cumulative data footprint from auditable
server logs and suppresses it using a learnable soft mask in parameter space. A
single parameter, τ , controls attenuation strength. In a four-way non-IID partition
of the UCI Credit Card Default dataset [7] (simulating different banks), LLMU-
C preserves retained-client utility, reduces prediction drift relative to subtraction
baselines, and yields near-chance membership inference on the removed client’s
data [6]. In our primary setting, LLMU-C achieves KEEP_F1=0.570, drift=0.042,
and MIA_AUC=0.520.

Approach
• Motivation. Deletion requests are realistic in consortium FL and may be

required post-training [5]. For credit systems, the unlearned model should
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remain stable for retained clients, motivating conservative unlearning under
non-IID heterogeneity [2].

• Research questions. Can we remove one client’s contribution without full
retraining while preserving retained-client utility? Under non-IID splits, does
soft masking yield more stable outputs than subtraction-based unlearning?
What server-side artifacts (per-round updates, secure aggregates, verifiable
summaries) suffice for client-level deletion in regulated deployments [4, 5]?

• Method. After FL convergence, upon a deletion request, the server ap-
proximates the removed client’s cumulative footprint from auditable logs and
learns a soft mask that down-weights this component while staying close to
the pre-unlearning model on retained data (calibration/distillation). The sin-
gle knob τ trades off suppression strength vs. conservativeness and is tuned on
a small retained validation split to satisfy a drift/utility budget. We evaluate
utility (F1/AUC), stability via prediction drift against an oracle retraining
reference, and privacy leakage via loss-based membership inference AUC [6].

• Experimental setting. We use the UCI Credit Card Default dataset [7]
(N = 30,000, 23 features; positive rate ≈ 0.221) and simulate four banks via
a non-IID label-quantile partition (Bank2 removed). Retained-client utility
is measured on KEEP_TEST (F1/AUC); stability is drift Mean|p − pretrain|
on retained samples, where pretrain comes from RETRAIN_GT (oracle re-
train without Bank2); privacy is loss-based membership inference AUC distin-
guishing removed-client TRAIN vs. removed-client HOLDOUT samples [6].
Baselines: FULL (pre-deletion model with all clients) and RETRAIN_GT
(post-deletion oracle).

• Contribution. Constraint-controlled soft masking with a single parame-
ter τ provides a stable retraining-free alternative to hard subtraction under
non-IID heterogeneity, while making logging/audit assumptions explicit for
regulated deployments.

Results

LLMU-C matches FULL on retained-client utility (KEEP_F1 0.570 vs. 0.567)
while improving stability under non-IID heterogeneity (drift 0.052→0.042) and
keeping membership inference near chance (MIA_AUC≈ 0.5) [6], with practical
runtime (2.91s). Compared to subtraction-style baselines, it avoids the severe in-
stability/utility drop observed for FedEraser (drift 0.211, KEEP_F1 0.381).
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Table 1. Retained-client utility (KEEP_F1), prediction drift
vs. RETRAIN_GT, loss-based membership inference (MIA_AUC),

and wall-clock time.

Method KEEP_F1↑ Drift↓ MIA_AUC↓ Time(s)↓
FULL 0.567 0.052 0.522 26.17
RETRAIN_GT (oracle) 0.544 0.000 0.519 9.36
FedMask (λ=0.3) 0.537 0.058 0.515 < 0.01
FedEraser 0.381 0.211 0.506 < 0.01
LLMU-C (KeepDistill+ES, τ=0.1) 0.570 0.042 0.520 2.91

Conclusion
Constraint-controlled masking is a practical compromise for regulated FL: it sup-
ports client-level deletion without full retraining while making audit/logging as-
sumptions explicit [5]. A key limitation is reliance on trustworthy server-side ar-
tifacts (e.g., per-round update traces or verifiable summaries), which may not be
available in all deployments [4]. Next, we will validate across additional datasets
and partitions, study repeated and multi-client deletions, and develop a princi-
pled selection of τ under stronger threat models and attacks beyond loss-based
membership inference [4].
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