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Abstract

Federated Learning (FL) aims to leverage knowledge from
diverse local clients while preserving data privacy with-
out sharing raw local data. However, when deletion re-
quests arise under privacy regulations, efficiently remov-
ing specific client data contributions from target clients
can be challenging. Existing unlearning methods face sig-
nificant limitations under Non-IID (Non-Independent and
Identically Distributed) data distributions when attempting
to unlearn specific target clients in FL. Models in sharp op-
timization regions can suffer catastrophic knowledge loss
from minor parameter changes, exacerbating this forgetting
due to conflicting parameter updates across clients caused
by Non-IID data distributions in FL. Empirically, we ob-
serve that conflicting updates under Non-IID settings gener-
ate misaligned task vectors that fail to isolate target knowl-
edge. Therefore, we exploit the loss landscape geometry
in unlearning specific target clients. We demonstrate that
migrating models to flat regions can enhance unlearning
robustness in Non-IID FL. Correspondingly, we introduce
GDFA, a framework that initially transitions the global
model to a flat loss domain. Subsequently, relevant clients
generate unlearning task vectors, which GDFA filters to re-
tain only directionally consistent components. This process
isolates shared knowledge attributes before precise removal
through reverse vector aggregation, maximizing knowledge
retention. Extensive experiments demonstrate that GDFA
outperforms state-of-the-art methods in unlearning efficacy
and efficiency across diverse datasets and architectures,
with minimal accuracy loss on retained tasks.

1. Introduction

Federated Learning (FL) [44] is a technology that holds
promise for addressing the increasingly severe privacy and
security issues [9, 10, 19, 68]. Atits core, it involves collab-
orative learning of models among distributed clients without
the need to upload any sensitive data. However, it also needs
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to comply with the “right to be forgotten™ [13, 23, 60, 71]
stipulated in laws and regulations, ensuring that personal
data can be effectively erased in accordance with the con-
tinuously updated privacy policies.

Traditional machine unlearning selectively removes the
influence of specific data from a single trained model,
achieving significant progress [2, 5, 59]. However, unlike
traditional unlearning, federated unlearning cannot directly
access user data stored locally on clients [61]. It also faces
unique FL challenges like Non-IID data [32, 43, 77], in-
creasing task complexity. Thus, federated unlearning is
demanding [33, 38], requiring solutions that balance dis-
tributed learning and privacy needs.

In response to these challenges, various federated
unlearning paradigms [29, 52] have been proposed.
Retraining-based methods impose prohibitive computa-
tional costs that scale poorly with model complexity and
dataset size, making them impractical for real-world de-
ployments [16]. Approximate unlearning techniques at-
tempt to accelerate the process through various optimiza-
tions, but often suffer from significant accuracy degrada-
tion due to the incremental effect where prior parame-
ter updates implicitly retain traces of unlearned data [11,
31, 41]. Pruning-based solutions [62] that target class-
discriminative channels struggle to isolate specific client
contributions in Non-IID data distributions which are preva-
lent in FL scenarios.

The limited effectiveness of these methods stems from
their failure to address a key challenge in federated unlearn-
ing. The combination of data non-accessibility and Non-IID
characteristics tends to drive optimized model parameters
into sharp loss basins [67]. Models residing in such sharp
regions exhibit extreme sensitivity to parameter perturba-
tions during unlearning, leading to catastrophic forgetting
of retained knowledge. Furthermore, the optimization tra-
jectory may rapidly shift to distant regions of the parameter
space, resulting in insufficient exploration for the effective
removal of sensitive information.

This study introduces a novel framework that fundamen-
tally addresses these limitations through geometry-aware
unlearning. Our key insight recognizes that models lo-

10346



cated in flat optimization regions exhibit stronger gener-

alization stability and greater tolerance to parameter mod-

ifications. Building on this foundation, we propose a

three-stage methodology: First, we guide the global model

to migrate from sharp to flat optimization regions using
sharpness-aware minimization techniques. This migration
creates a stable operational environment where unlearning
operations can be performed with minimal disruption to re-
tained knowledge. Second, relevant clients locally train on
their target forgetting data to generate task vectors that cap-

ture the characteristics of knowledge to be removed. We im-

plement a directional alignment mechanism that selectively

aggregates only those task vectors exhibiting consistent op-
timization trajectories. Third, the global model precisely
erases the target knowledge through reverse aggregation of
these aligned task vectors while maximizing preservation of
retained knowledge performance.

We summarized our main contributions as follows:

* We propose GDFA, a geometry-driven federated unlearn-
ing framework that migrates models to flat loss regions
to enhance stability and leverages directional task vector
alignment to precisely isolate target knowledge without
requiring access to raw client data.

e Our theoretical contribution includes a PAC-Bayesian
bound that links loss landscape flatness to performance
gaps under data heterogeneity, ensuring robust unlearn-
ing with minimal impact on retained knowledge.

* We introduce a directional alignment mechanism for
task vectors, where clients generate vectors on forgetting
data, and only consistent directional changes are merged
via sign consensus to isolate and precisely erase shared
knowledge attributes, maximizing retention performance

* We perform extensive experiments on multiple datasets
and model architectures, showing GDFA’s superiority in
unlearning efficacy, efficiency, and privacy guarantees
compared to state-of-the-art methods.

2. Related Work

2.1. Machine Unlearning

Machine unlearning research mainly focuses on centralized
learning scenarios [20, 37, 40], and its methods can be
classified from perspectives such as operation objects, im-
plementation mechanisms, and unlearning granularity. In
terms of operation objects, they fall into two categories:
data operations and model operations [47]. Data operations
include data mixing methods that introduce interference or
replace samples [59, 73], and data partitioning methods that
split the training set for local retraining [8, 51]. Model oper-
ations cover model transformation [21, 64] for direct param-
eter adjustment, model pruning [62] to remove partial struc-
tures, and model replacement [3, 51] strategies that substi-
tute affected sub-models. From the perspective of imple-

mentation mechanisms, they can be further categorized into
data-driven [2, 6, 8] and model-driven approaches [1, 6].
The former achieves unlearning by reconstructing the train-
ing set, while the latter modifies the internal representations
of the model through methods such as selective fine-tuning,
parameter regularization, or adversarial perturbation. Addi-
tionally, based on unlearning granularity, they are divided
into class-level [17, 55] and sample-level [2, 5, 6] unlearn-
ing. Class-level unlearning typically uses class-level mask-
ing or selective retraining to eliminate entire semantic class
information, while sample-level methods achieve the re-
moval of impacts from specific data through refined adjust-
ments and are regarded as common solutions due to their
stronger versatility [47].

2.2. Federated Unlearning

Federated Unlearning supports multiple objectives such as
client unlearning [58], sample unlearning [65] and class un-
learning [18]. Its common methods can be categorized into
two types: retraining-based [41] and parameter operation-
based [4, 7]. Retraining-based methods such as correct-
ing gradient directions [39], employing clustering tech-
niques [58] can retrain models without requiring the un-
learned data, but their practical costs remain substantial.
To improve efficiency, parameter operation-based meth-
ods have been proposed. For instance, unlearning can be
achieved through historical update storage such as Fed-
Eraser [39] and FUKD [65] which eliminate the influence of
target clients through subtraction operations combined with
knowledge distillation or gradient correction such as PGD
[22] that uses inverse operations, MoDE [75] that employs
a degraded model and FCU [14] that utilizes a contrastive
loss function. However, historical update storage methods
may pose privacy risks and storage pressures, while gradient
correction methods often require the participation of target
clients and incur high computational costs. Overall, cur-
rent Federated Unlearning research still primarily focuses
on client unlearning, and key issues such as knowledge in-
terference have not yet been fully resolved.

2.3. Geometric Sensitivity in Unlearning

Recent studies reveal the critical impact of loss landscape
geometry. Models in sharp minima exhibit catastrophic
forgetting during modification, while flat regions demon-
strate robust generalization [57]. This explains why exist-
ing methods face performance degradation: unlearning op-
erations in sharp basins inevitably damage retained knowl-
edge. Though sharpness-aware minimization (SAM) shows
promise in standard training [15], its application to feder-
ated unlearning remains unexplored.
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Figure 1. Illustration of task vector operations. In scenario (a),
learning is achieved by adding task vectors to the pre-trained pa-
rameters. In scenario (b), unlearning is performed by negating the
task vector. The effectiveness depends on vector alignment and
magnitude, where conflicts or imbalances may lead to degraded
performance.

2.4. Task Vector Alignment

Task vectors effectively capture knowledge characteristics
through local model updates [30]. However, in FL set-
tings, inconsistent optimization directions under Non-IID
data lead to vector misalignment [54]. While FedRecovery
[72] uses gradient residuals to approximate removal direc-
tion, it lacks explicit vector selection mechanisms. Recent
centralized studies [34] suggest directional consistency im-
proves unlearning precision, but this insight has not been
translated to FL scenarios.

3. Preliminary

3.1. Federated Learning

We assume that the server trains a model w with K clients
in a FL framework. All participating entities are computa-
tionally bounded. Each client i € [K] holds a local dataset
D;. The optimization objective is to minimize the global
empirical risk function:

min F(w) = Egvp [£(6,w)], (1)

w

where P represents the underlying data distribution, £ de-
notes a data sample, and ¢(-) is the task-specific loss func-
tion. During federated training, the server aggregates local
gradients g! from participating clients to update the global
model at round ¢:

K
w' =w'"t =’ Y alg], )
i=1
where o = ||%'| is the weight of client ¢ based on the size

of its local dataset, and n? is the learning rate.

3.2. Task Arithmetic

Task Arithmetic (TA) [30] is recognized as a competitive
baseline for model merging through the utilization of task
vectors, defined as the parametric differences between pre-
trained and fine-tuned models. This process is visually sum-
marized in Figure 1. Formally, for task & the task vector is
expressed as: A = 0 — Opre.

These vectors encode task-specific knowledge. The
merged model f1s is computed by combining the pre-
trained parameters with a scaled aggregation of task vec-
tors:

Ora = Opre + A D> Ay, 3)
k

where \ > 0 is a hyperparameter controlling the magnitude
of task-specific adjustments. Note that 0}, captures gen-
eralized features while > Ay, integrates task-specific adap-
tations. The innovativeness of this method is demonstrated
in two crucial dimensions. One is that the parameter differ-
ence technique eradicates the reliance on accessing the orig-
inal data, making it possible to achieve knowledge integra-
tion merely by manipulating the model weights. The other
is that the integrated model sustains robust performance in
multi task scenarios. These features render it highly com-
patible with the innate privacy protection principles of FL.
Specifically, global model optimization is accomplished by
operating within the parameter space, all the while refrain-
ing from any direct exposure to client data.

4. Methodology

4.1. Motivation

The core challenge in FL primarily arises from data het-
erogeneity. Under Non-IID conditions, divergent local data
distributions across clients cause gradient conflicts due to
misaligned model optimization directions, as established
in prior work [42, 69, 74]. While the traditional FedAvg
method aggregates local models via simple weighted av-
eraging, it fails to effectively reconcile these conflicting
parameter updates. Consequently, the global model tends
to converge towards sharp regions of the loss landscape.
Such regions exhibit high sensitivity to parameter pertur-
bations [28, 50], significantly impairing the model’s gener-
alization performance. Specifically, when the model resides
in a sharp region, common forgetting operations such as pa-
rameter modification or task vector subtraction can induce
catastrophic forgetting. Catastrophic forgetting is charac-
terized by the removal of the target knowledge accompa-
nied by severe degradation in the performance of retained
knowledge.

Recent research indicates that solutions with strong gen-
eralization often reside in flat loss landscape regions [25,
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Figure 2. Overview of our method. Our GDFA framework op-
timizes federated unlearning through geometry-driven directional
alignment. Specifically, 1) the global model is migrated to a flat
loss region to enhance stability. 2) task vectors generated by rele-
vant clients are merged only when their elements share consistent
signs, masking conflicting ones. 3) the refined task vector is sub-
tracted from the original model via reverse aggregation to erase
target knowledge.

28], characterized by robustness to parameter perturbation.
Despite Non-IID data causing distribution shifts, the inher-
ent task consistency across clients leads to similarities in
their loss landscapes [15, 57], resulting in overlapping flat
regions. Convergence to these overlapping areas enables
high performance on most clients. To guide the global
model towards such regions, clients apply controlled per-
turbations to their local models during training: generating
client-specific signature vectors and adding them to the re-
ceived global weights. When the global model resides in
a flat region, perturbations remain constrained within the
basin, and aggregation converges toward the center. When
in a sharp region, perturbations enable exploration of neigh-
boring flat minima.

In federated unlearning, the stability of flat regions ben-
efits task vector optimization. Traditional task vector meth-
ods directly calculate the parameter differences from a sin-
gle fine tuned model, but the sensitivity of fine tuning hyper-
parameters leads to fluctuations in the forgetting effect. We
find that training within the same flat region significantly
improves task vector sign consistency due to parameter
space smoothness. Critically, discarding conflicting param-
eters during vector generation does not impair unlearning
efficacy but enhances directional consistency, as they are
empirically redundant and potentially disruptive [49]. By
screening and merging components with consistent signs,
we accurately capture common features of the knowledge
to be forgotten. Reverse aggregating these aligned task vec-
tors efficiently removes target knowledge while minimizing

Algorithm 1 Geometry-Driven Federated Alignment

Require: Global model w, forgetting dataset D, hyperpa-
rameters p, K, A
Ensure: Unlearned model wyplearned
1: // Step 1: Guide model to flat regions
2: for k =1to K do
3: Generate signature vector Z(F) = [zik), ce z(Lk)}

where z ) e {-1, 1} randomly

4 Compute flattened model wf(m) > Eq.(4)
5: end for

6: // Step 2: Generate task vectors
7: for k =1to K do

8:  Fine-tune wé];) on Dy to get w}l:)
9:  Compute task vector 7

10: end for

11: // Step 3: Merge task vectors with directional alignment

> Eq.(5)

12: Initialize Tmergeq = 0
13: for Each parameter index j do
14: Find dominant sign s} among sign(7y, ;) for all &

15: Sj = {k:sign(ry ;) = s}} > Eq.(6)
16:  if S; # () then
_ 1
17: Tmerged,j — S50 ZkGSj Tk,j
18:  else
19: Tmerged,j — 0
20:  end if
21: end for
22: // Step 4: Knowledge negation
23: Wunlearned = W — /\Tmerged > Eq.(7)

24: return Wynlearned

impact on retained knowledge. An overview of this frame-
work is illustrated in Figure 2, which visually summarizes
the geometry-driven directional alignment process.

4.2. Guiding Models to Flat Regions

Consider a global model w with L layers, where layer;
denotes the weight tensor of the i-th layer. For each of
K flattened models, generate a signature vector Z(¥) =
[zgk), zék), cee zgﬁ)] where z(k) € {—1,1} is sampled ran-
domly. The k-th flattened model w;@t is generated through
layer-wise perturbation using gradient information gl;:

SR “

where p controls the perturbation radius. This radius deter-
mines the distance between flattened models and the global
model: larger p values increase this distance, which can
guide w toward flatter regions in the loss landscape. How-
ever, excessively large p may prevent convergence, as suffi-
ciently flat regions spanning the entire neighborhood might

wflat {layer +p-gl;-
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(k)

. . K
not exist. We set a constraint Zk:l Z; = 0 ensures aver-

a0i : LK (k)
ging consistency: % > ;4 Wipop = W

The generation scheme guarantees that K flattened mod-
els are uniformly distributed in the p-neighborhood of w.

4.3. Task Vector Edit for Unlearning

4.3.1. Multi-Model Task Vector Generation

Given K flattened models {w}ll()lt,wﬁ)lt,...,w;ﬁ)t

and forget dataset Dy, generate K fine-tuned models
{ 1,2 (K)}
Wy, Wey s we t
vectors:

Compute corresponding task

(k) (k)

Tk =Wy, — Wepoy Vk e {1,2,...,K}. (5)

4.3.2. Consensus-Based Vector Merging

Define the merged task vector Tyergeq through element-
wise sign consensus:

ﬁ > oty if Sj:{k:sign(md):s;}
Tmerged,j = kes;
0 otherwise,

(6)
where s} is the dominant sign for parameter j across all
vectors, and S is the set of models agreeing with s7. This
process selectively retains components with consistent di-
rectional changes.

4.3.3. Knowledge Negation
Obtain the unlearned model through scaled negation:

Wynlearned = W — ATmergeda (N

where ) is a scaling hyperparameter (typically A = 1). The
algorithm of GDFA is shown in Algorithm |

4.4. Flat Minima for Robustness to Data Hetero-
geneity in Federated Unlearning

Consider a FL scenario with K clients, each with a lo-
cal data distribution P;. The global data distribution is
P =+ Zfil P;. Let L£(6) be the global loss function,
and £,(0) be the local loss for client i. The global loss is
minimized as £(0) = + Zfil L;(0). Data heterogene-
ity is quantified by the concentrability coefficient C', which
measures the maximum distribution mismatch between any
client and the global distribution.

We now present a theorem that bounds the performance
gap under data heterogeneity when the model resides in a
flat minimum.

Theorem 1 Let 6% be the parameters that minimize the
global loss L(0), and let 64, be parameters in a flat min-
imum with small first-order sharpness R,(Jl)(H). For any
client data distribution shift, the difference in performance

between the optimal and flat-minima models is bounded.
Specifically, with probability at least 1 — §:

. Y(1+0O) - 1)
_ < A7 . .
1£067) = £0w)| < =55 [LOm) + RO (5m)
+ % + Q(d7 TL, Pa 5)‘| 9
n
(®)
where C = max; % is the concentrability coefficient,

L(;7) is the empirical model error under policy ,
Rﬁ,l) (6; 7) is the first-order sharpness, M) is the bound on
per-sample loss, n is the number of samples, d is the num-
ber of parameters, and Q(d, n, p, J) is a model complexity
term.

Remark 1 This theorem indicates that by converging to
flat minima, we tighten the bound on the performance gap
caused by data heterogeneity. In federated unlearning, this
implies that unlearning operations are more robust, pre-
serving retained knowledge while effectively removing tar-
get client data. The flat region ensures that parameter per-
turbations during unlearning do not lead to catastrophic
forgetting, which is crucial in Non-IID settings.

The detail of proof is provided in appendix.

5. Experiments
5.1. Datasets and Models

We evaluate our algorithm on four commonly applied
benchmark datasets: MNIST [36], FMNIST [66] and CI-
FAR10/100 [35]. We employ 4-layer CNN architecture
[44] which consists of two convolutional layers and two
fully connected layers for MNIST and Fashion-MNIST,
ResNet-18 [24] for CIFAR10 and ResNet-34 [24] for CI-
FAR100. To simulate heterogeneous client data distribu-
tions in FL, we consider the following two scenarios:

* IID: The dataset is uniformly and randomly allocated
across all participating clients.

* Dir(«a): Following [26], we partition data among k clients
using a Dirichlet distribution with concentration parame-
ter a. Values of o < 1 induce high data heterogeneity.
Conversely, as @ — oo, the distribution approaches sta-
tistical 1ID.

5.2. Hyperparameters

We evaluated the proposed algorithm and its baseline
model. The experimental configuration is as follows: A to-
tal of 100 clients were used, and the client sampling rate per
round of communication was 0.1. The optimizer adopted
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Table 1. Comparison of federated unlearning performance for GDFA and baseline methods in a Non-IID scenario involving 100 clients. An
unlearning request is initiated by the first client. Local client datasets are partitioned following a Dirichlet distribution with concentration

parameter o = 0.5.

Metrics FedAvg Retrain | Eraser Recovery MoDe SGA PGD OSD Editor SIFU  Ours
MNIST-CNN
RA 1 94.60 94.15 94.41 95.73 9230 9452 9515 9432 9448 9422  95.89

FA | 96.92 0.11 1.15 0.12 1.70 1.31 2.18 2.95 3.92 1.53
JSD | 0.0089 - 0.0023 0.0057  0.0095 0.0018 0.0072 0.0031 0.0028 0.0035 0.0012
MIA 92.52 50.28 50.15 50.68 5042  50.10 5125 5255 55.12 5590  50.00
FMNIST-LeNet
RA 1 89.21 89.82 84.85 82.12 8195 7741 7485 85.10 73.42  85.61  89.95
FA | 98.35 1.40 1.75 2.00 3.71 2.38 4.11 242 3.92 1.80 1.55
JSD | 0.0071 - 0.0045 0.0035 0.0015 0.0037 0.0065 0.0046 0.0028 0.0035 0.0023
MIA 98.80 50.00 50.48 50.53 46.20 4735 49.53 5072 5749 5455  50.12
CIFAR10-ResNet18
RA 1 68.32 68.88 68.73 64.08 60.33  68.15 5842 6232 6518 5517 69.33

FA | 97.58 0.51 0.68 0.75 3.79 1.78 2.39 1.31 2.54 1.06 1.57
JSD | 0.0045 - 0.0005 0.0005 0.0095 0.0033 0.0015 0.0041 0.0029 0.0035 0.0010
MIA 96.07 50.67 50.79 50.47 49.44 50.85 50.50 50.78 49.76 50.59 49.85
CIFAR100-ResNet34
RA T 42.53 47.82 38.85 40.12 37.95 29.41 39.85 39.10 38.42 39.61 46.08
FA | 98.77 0.34 1.45 2.00 3.70 3.41 2.77 2.35 3.00 1.80 1.05
JSD | 0.0042 - 0.0045 0.0094 0.0015 0.0072 0.0065 0.0048 0.0020 0.0055 0.0014
MIA 98.80 50.55 50.61 50.51 46.20 47.70 49.83 52.95 51.68 54.41 49.48

Table 2. Comparison of federated unlearning performance for GDFA and baseline methods in an IID scenario involving 100 clients. An

unlearning request is initiated by the first client.

Metrics FedAvg Retrain | Eraser Recovery MoDe SGA PGD OSD Editor SIFU  Ours
CIFAR10-ResNet18
RA 1 77.45 77.60 76.23 77.21 77.61 7742  76.89 7752 7596  76.69 7798
FA | 98.77 2.32 2.38 4.34 5.74 4.70 3.31 4.18 3.95 3.92 3.04
ISD|  0.0052 - 0.0031 0.0052  0.0080 0.0043 0.0058 0.0054 0.0071 0.0046 0.0026
MIA 98.51 50.24 50.18 50.72 50.88 5023 5170 5135 52.10 50.83  50.03

Stochastic Gradient Descent (SGD) with momentum. The
learning rate was set to 0.1, and the momentum parameter
was taken as 0.9. The learning rate decay coefficient per
round was 0.99. Referring to the method in [76], all clients
executed SGD on the local dataset with a fixed batch size of
64. To ensure that the local model converged sufficiently in
each round of training, the number of local training rounds
E was set to 5. The maximum number of rounds in the for-
getting phase was capped at 100 rounds, and the upper limit
of the total number of communication rounds for the entire
training process was 200 rounds.

5.3. Comparison Metrics

Computational efficiency is quantified by Time consump-
tion (Time |), measured in seconds from unlearning ini-
tiation to acquisition of the updated global model, where
minimization reflects reduced operational overhead. Model
utility preservation is assessed through test data accuracy
(RA 1), evaluating task performance retention on unaltered
data, with maximization indicating minimal degradation of
core functionality. Unlearning efficacy verification employs
three complementary approaches:

* Unlearned data accuracy (FA |) detects residual influ-

ence via backdoor triggered predictions.
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Table 3. The Server computation time (s) for clients and the server on MNIST, FMNIST, CIFAR10, and CIFAR100 in Dir(0.5).

FedAvg Retrain Eraser Recovery MoDe SGA PGD OSD Editor SIFU Ours

MNIST 64792 22396 188.90 15.08 2479  14.60 1431 1858 1439 1528 11.28
FMNIST 108543 542.72  443.09 33.15 39.28 32.60 2937 37.09 2554 3094 1741
CIFARIO 2322.76 1161.33 884.55 72.08 62.41 5824 59.61 6455 5221 5342 3192
CIFAR100 3246.27 1623.14 949.26 103.30 98.54 79.81 84.67 89.10 74.63 9429 67.88

(a) FedAvg

(b) GDFA

Figure 3. Comparative analysis of loss landscapes between Fe-
dAvg and GDFA for ResNet-18 trained on CIFAR10 under IID
data distribution

¢ Jensen-Shannon Divergence (JSD) [45] measures (JSD
J) the divergence between the output probability distri-
butions of the unlearned model and the retrained model
[12, 46]. This symmetric, information-theoretic metric
quantifies the difference between the two distributions.

¢ Membership Inference Attack (MIA) [27, 56] re-
silience is quantified by the inference accuracy of the at-
tack model. Convergence to random guessing accuracy
(50%) confirms privacy protection.

5.4. Baselines

We perform a comprehensive comparative analysis between
our proposed algorithm and ten federated unlearning base-
lines. The evaluation includes Retraining as the gold stan-
dard involving complete model retraining from scratch, Fe-
dAvg [44], Eraser [39], Recovery [72], MoDe [75], SGA
[65], PGD [22], OSD [48], Editor [70] and SIFU [63].

The experimental environment utilized PyTorch-1.8 on a
Windows 11 server featuring an Intel i7 14700KF CPU (20
cores), 32GB RAM, and an NVIDIA 4090D GPU. As the
primary evaluation metric, we calculated the mean classi-
fication accuracy and variance across the final five experi-
mental iterations.

5.5. Loss Landscape Flatness Verification

To validate the hypothesis that GDFA converges to a flat
minimum, we trained ResNet-18 models on CIFAR-10 and
visualized the resultant loss landscape. As shown in Figure
3 with landscapes centered at their minima, our solution re-
sides in a distinctly flatter basin. This observation confirms

Original Input
AN, ~ ¥

Detect Dog Unlearn Dog Detect Cat

Figure 4. Attention Map Visualization in ResNet-18 for Class Un-
learning Tasks.

our method steers federated optimization towards flatter re-
gions, achieving significantly flatter minima than FedAvg.

5.6. The Effectiveness of Unlearning

Tables | and 2 demonstrate GDFA’s superiority in unlearn-
ing metrics. It reduces target data accuracy to near-random
levels, minimizes residual influence with low JSD values,
and enhances privacy resilience by lowering MIA success
rates to approximately 50%. This stems from directional
task vector alignment isolating knowledge attributes and flat
minima ensuring stability. We also employ Grad-CAM [53]
to visualize attention maps of the forgotten class in ResNet-
18. As shown in Figure 4, these maps highlight image re-
gions critical for model predictions. Attention maps for
forgotten classes show significant shifts from prediction-
critical regions to background areas, progressively impair-
ing class discrimination. This visual evidence validates
GDFA'’s mechanism for class-level unlearning while main-
taining retained task accuracy.

5.7. The Efficiency of Unlearning

Table 3 shows the time efficiency of GDFA compared to
various federated unlearning baselines. GDFA achieves
competitive time costs across all evaluated datasets, signifi-
cantly outperforming retraining-based methods while main-
taining reasonable overhead relative to lightweight approx-
imations. This efficiency stems from GDFA’s geometry-
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Figure 5. Impact of hyperparameters p and K on CIFAR10 under
the Dir(1) heterogeneous setting.

driven approach, which leverages flat loss regions to min-
imize computational demands. Specifically, the method
avoids costly retraining or Hessian matrix computations by
guiding the global model to stable, flat minima through
controlled perturbations. This geometric migration reduces
sensitivity to parameter modifications, streamlining the un-
learning process. Although the initial model flattening in-
troduces some latency, it eliminates the need for iterative
calibrations required by conflict-prone methods like OSD
or Recovery. Consequently, GDFA achieves a substan-
tial speedup over full retraining without compromising core
functionality. The scalability and practicality of GDFA are
evident in its balanced trade-off between time savings and
retention of model utility, making it suitable for large-scale
federated deployments where efficiency is paramount.

5.8. Ablation on Perturbation Radius for Flat Re-
gion

Figure 5 (a) demonstrates the critical role of perturbation
radius p in migrating models to flat loss regions. When
configured with smaller values, the perturbation proves in-
sufficient to facilitate escape from sharp minima, leaving
models vulnerable to instability when subjected to subse-
quent unlearning operations. These constrained perturba-
tions fail to provide adequate exploration capacity, caus-
ing the optimization process to remain trapped in sensitive,
high-curvature basins where parameter adjustments dispro-
portionately disrupt retained knowledge. Conversely, the
application of excessively large perturbation radii induces
detrimental deviations beyond beneficial flat regions, steer-
ing models toward suboptimal areas of the loss surface
where generalization capability deteriorates substantially.
The p = 0.5 configuration optimally balances exploration
and stability, enabling reliable transitions to flat regions and
enhancing unlearning robustness.

Table 4. Impact of A on FMNIST under the IID setting.

A 0 -02 -04 -06 -08 -1
FA | 9821 7391 48.03 2089 9.04 145

5.9. Perturbed Quantity Impact on Task Vector
Quality

Figure 5 (b) shows the impact of the number of perturbed
models on task vector quality. Increasing K initially im-
proves directional consistency, facilitating more precise
knowledge isolation. However, performance saturates with
additional models, yielding diminishing returns in vector
alignment. Moreover, higher K values incur significant
computational overhead, substantially increasing the time
required for model perturbation and aggregation. Conse-
quently, K = 5 achieves an optimal balance, maximizing
task vector quality while maintaining computational effi-
ciency and minimizing resource consumption.

5.10. Ablation on ) for Forgetting Accuracy

We conduct an ablation study on the A and evaluate the For-
getting Accuracy (FA) on the FMNIST. As shown in Table
4, transitioning A to negative values results in a progressive
decline in FA, confirming the effectiveness of the unlearn-
ing procedure. At the optimal A = —1, FA reaches its mini-
mum value of 1.45, representing the peak unlearning perfor-
mance observed in our experiments. This outcome demon-
strates that scaling the task vector negation successfully iso-
lates and removes the target knowledge while maintaining
model stability. The significant reduction in FA observed at
A = —1 aligns precisely with GDFA’s reverse aggregation
mechanism.
More detailed results can be found in appendix.

6. Conclusion

In this work, we propose GDFA, a geometry-driven feder-
ated unlearning framework. GDFA efficiently removes des-
ignated client data influence without costly retraining while
preserving global model performance. GDFA addresses op-
timization geometry challenges by converging models to-
wards flat minima. This establishes a stable operational en-
vironment resilient to parameter perturbations. Crucially,
we introduce directional alignment for task vectors gener-
ated by relevant clients. This process selectively consoli-
dates only consistent optimization trajectories to precisely
isolate target knowledge. Simultaneous reverse aggregation
then erases these aligned vectors while maximizing reten-
tion of other knowledge. Comprehensive evaluations across
diverse datasets and architectures demonstrate that GDFA
significantly outperforms SOTA methods in unlearning ef-
ficacy.
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