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ABSTRACT

Federated learning (FL) enables multiple clients to collaboratively train a global
model by exchanging model parameters or gradients without sharing their private
data. However, these shared updates inherently embed the influence of clients’ lo-
cal datasets into the global model. In practical applications, it is often necessary to
quickly remove or “unlearn” a specific client’s influence from the global model to
comply with data privacy regulations or to mitigate the impact of malicious ones
while minimizing operational downtime and security vulnerabilities. To address
these challenges, we propose two FL-agnostic algorithms called BMT and MMT,
which ensure the complete removal of the client’s influence with minimal delay.
While BMT derives a new global model initialization by aggregating isolated pre-
trained local models, MMT selectively aggregates sub-FL models trained across
disjoint client subsets to better capture their cross-influence on the global model.
We empirically show that both algorithms lead to improved post-unlearning per-
formance across different data modalities and model architectures.

1 INTRODUCTION

It is well-established that the success of modern machine learning (ML) models is driven signifi-
cantly by the availability of vast, heterogeneous datasets. For example, leading production systems,
such as Google Search auto-completion (Shokouhi, 2013), Facebook ad ranking (He et al., 2014),
and Instagram feed ordering (Vorotilov & Shugaepov, 2023), harness millions of user interactions
to achieve state-of-the-art performance and robustness. However, centrally storing and managing
these vast datasets entails substantial effort and, more importantly, rigorous stewardship of data pri-
vacy (GDPR, 2016; CCPA, 2018). Federated learning (FL) (McMahan et al., 2017; Li et al., 2019;
Kairouz et al., 2021) addresses these challenges by enabling numerous clients, each acting as a data
owner, to collaboratively train ML models without sharing their private data, bypassing the need for
centralized datasets. Consequently, FL is particularly well-suited for privacy-sensitive applications,
such as finance (Long et al., 2020; Byrd & Polychroniadou, 2020), healthcare (Brisimi et al., 2018;
Rieke et al., 2020), and edge computing (Hard et al., 2018; Lim et al., 2020).

While clients do not share their private data with the global ML model in FL, they do share model
parameters or gradients optimized locally on their own datasets (McMahan et al., 2017). These
updates are aggregated into the global model over multiple rounds, embedding the influence of the
clients’ local datasets into the global model’s parameters. Consequently, when a client requests the
removal of their data, it is expected that their data’s influence be removed from the global model
to comply with “Right to be Forgotten” in modern data privacy regulations (GDPR, 2016; CCPA,
2018). Furthermore, there is often a need to remove the influence of malicious clients from the global
model to mitigate potential security risks and preserve its integrity (Fang et al., 2020; Tolpegin et al.,
2020). These challenges have spurred significant interest in federated unlearning (FU) (Liu et al.,
2021; Wang et al., 2022; Liu et al., 2023), which focuses on enabling the global model to effectively
remove or “unlearn” the data influence from a specific client.

Retraining from scratch (RFS) without the client-to-be-unlearned is a straightforward yet computa-
tionally prohibitive approach to achieve FU. Due to the extensive retraining time, RFS presents a
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dilemma: awaiting unlearning may cause prolonged disruptions, particularly in time-sensitive ap-
plications like financial services (Liu & Ren, 2024) or supply chains (Wallace et al., 2003), leading
to significant real-world losses. Conversely, continuing to use a model with residual influence risks
data privacy violation, potential security vulnerabilities, or suboptimal performance if the client is
malicious. This raises a question: How can we achieve exact FU (total removal of data influence)
with minimal delay, i.e. the global model performance is quickly recovered post-unlearning?

Previous works on exact FU often exhibit a trade-off between unlearning efficiency and global model
performance, e.g., by quantizing model parameters (Xiong et al., 2023) or clustering clients (Qiu
et al., 2023). Additionally, some methods incur impractical storage overheads that scale linearly
with the number of FL training rounds (Tao et al., 2024) (see Appendix A for a comprehensive re-
view of related works). To address these issues, we propose simple yet effective algorithms called
Bi-Model Training (BMT) and Multi-Model Training (MMT) (Section 3). Specifically, BMT re-
tains isolated copies of /ocal models and aggregates them to derive a new global model initialization.
While this approach naturally leverages trained knowledge, it fails to capture the joint influence of
multiple clients on the global model. Conversely, training multiple sub-FL models on the power
set of clients is not only computationally expensive but also leads to substantial redundancy, as the
influence of the client-to-be-unlearned is distributed across multiple models. To address these chal-
lenges, we propose MMT, which selectively aggregates sub-FL models trained across disjoint client
subsets to better capture the cross-influence among clients on the global model. Our experiments
show that BMT and MMT achieve exact FU with significantly lower delay than existing baselines
across different data modalities and model architectures (Section 4). Notably, both algorithms can be
seamlessly integrated with any standard FL protocol without modifying the underlying optimization.

2 PROBLEM SETTING

Federated Learning (FL). We consider a centralized cross-silo FL setting, where a central, trusted
server coordinates training across distributed clients. We assume that a common hypothesis class H
is shared by the server and the clients. The server owns a global model hy € H, with parameters
0 € ©. In each communication round (round for short), the server iteratively updates the global
model using the shared model updates from a set of clients C := {1, ..., N}, with N clients. Without
a loss of generality, client ¢ possesses a local, supervised dataset D, C X x ) defined over the
input space X and the label space ), which is not shared with the central server or other clients
c # c¢,d € C. We denote by D := {D.}¥ | a set of local datasets. A FL training algorithm
A : C x D — O generates global model parameters 6; € ©. One of the popular goals for A is
minimizing the empirical risk/loss across C, i.e. arg mingeceo Zivzl wef(De; 0), where f(D,;0) :=
YD, > (2,9)€D. £(hg(x);y) is the empirical loss measured on the local dataset of client ¢, with the
[De|

S 1Dal

Exact Federated Unlearning (Exact FU). Let Z(hy) C C denote the subset of clients whose
data have influenced the model hy through training or FL aggregation. In our framework, Z(-) is
tracked exactly from model provenance: for each stored local model or sub-FL model trained using
arecorded client subset S (see Section 3), we record Z(h) = S. We say that the global FL model hg
has exactly unlearned a client c if ¢ ¢ Z(hg). Therefore, exact FU refers to the process of completely
removing the influence of a client’s training data from the global model.

loss function ¢, and weighted proportionally to its carnality w, :=

3 METHODOLOGY

We now present our algorithm, Multi-Model Training (MMT), which can serve as a plug-and-play
extension for any standard FL protocol. As we will explain later, MMT can be simplified to Bi-
Model Training (BMT) under specific parameter configurations.

@ Initialization. The central server starts the standard FL training process (see Appendix B) by
randomly initializing the global model. This randomly initialized global model is then shared with
all clients. Each client updates the global model using its local training data and then shares the
model update (updated model or gradients) with the server. Compared to the standard initialization
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in FL training process, each client makes a copy of the locally updated global model', i.e., local
model. As the initial global model is randomly initialized, these local models are, by design, isolated
from the influence of other clients’ data. MMT then initializes the sub-FL models (see Definition 1
and Section D) using the model updates of clients corresponding to the sub-FL models.

@ FL training. After receiving the model updates, the central server aggregates them to get the
aggregated global and sub-FL models and then each client receives these updated global and its sub-
FL models from the central server and then trains them using its training data. After updating these
models, each client shares the global and its sub-FL model updates with the central server. Apart
from this, each client also updates their local model. MMT maintains global, sub-FL, and local
models, and their updates do not need to be synchronized with the training rounds of the global FL.
model. By eliminating overlapping influence (see Definition 2), MMT incurs at most a logarithmic
multiplicative overhead in training cost relative to RFS. This is because sub-FL models at the same
depth in the tree have disjoint datasets, so their combined training cost is roughly equivalent to
training the global FL model (assuming same hyperparameters). Also, the depth of a balanced binary
tree scales sub-linearly ([log, n] more generally [log, n] for branching factor b) with the number
of leaf nodes, provided the unlearning probability across clients remains approximately uniform.
Unlike other exact FU algorithms (Xiong et al., 2023; Tao et al., 2024) with linear memory costs
from storing model checkpoints, MMT does not require storing extra checkpoints during training.

(3 Unlearning. To unlearn a client, the server first discards the current global and affected sub-FL
models, including all associated optimizer/training state (e.g., momentum/Adam moments, sched-
uler state, batch-norm running statistics, and any server-side optimizer state), to ensure the complete
removal of any residual influence from the unlearned client, thereby providing exact unlearning
guarantees (see formal proof in supplementary material). The server then requests local model
copies from clients not involved in any remaining sub-FL models. Once the server receives all
requested local models, it aggregates them with the most influential unaffected sub-FL models (ex-
cluding affected descendants) to initialize the new global and sub-FL models, following the FL
algorithm. After removing the affected sub-FL models, the remaining influence tree may no longer
minimize Influence Degradation Score (see Definition 3) for the remaining clients. This leaves two
options: (i) build a new influence tree while reusing existing sub-FL models as much as possible, or
(i) continue using the current tree, which may be suboptimal but retains previously trained sub-FL
models. The server then restarts FL training with newly initialized global and sub-FL (if any) mod-
els, with freshly initialized optimizer/training state, fully free from the unlearned client’s influence.

(4) New client. Adding a new client during ongoing FL can degrade the current influence tree
compared to rebuilding it with the new client from the start. When a client requests to join, the server
waits for the current round to finish. Once complete, the server can either build a new influence tree
reusing existing sub-FL models or continue with the current tree, preserving previously trained sub-
FL models and adding new ones as needed. The central server begins FL training with the new
client by sharing the current global and sub-FL models, which the client updates using its data and
returns them to the central server. It also provides a randomly initialized global model that the client
updates and adopts as its local model for future rounds.

BMT is a special case of MMT without sub-FL models. It is more resource-efficient but has lower
post-unlearning performance, though still better than RFS. More details and illustrations related to
MMT and BMT are provided in supplementary material.

4 EXPERIMENTS

Datasets & Models. We conduct experiments across four vision tasks: MNIST (LeCun et al., 1998)
and FashionMNIST (FMNIST) (Xiao et al., 2017) using MLPs with 30 and 80 hidden units, respec-
tively; CIFAR-10 (Krizhevsky et al., 2009) using a 2-layer CNN network with 5 x 5 convolutional
layers, 2 x 2 max pooling, two fully connected layers (32 hidden units) and ReLU activation; and
CIFAR-100 (Krizhevsky et al., 2009) using VGG-16 model (Simonyan, 2014). We also finetune
a pretrained GPT-2 (Radford et al., 2019) and Llama-3.2-3B model (Dubey et al., 2024) for next-
token prediction on two text datasets: language identification (LI) (Papluca, 2021) and multilingual
sentiment analysis (MSA) (Qiang, 2023). More experimental details are given in Appendix G.

!"The locally updated global model in the first communication rounds is the equivalent to the initial global
model trained on only a single client’s training data. The different FL stages of MMT are illustrated in Fig. 3.
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Baselines. We benchmark BMT and MMT against the following exact FU baselines: (1) Retrain-
ing from Scratch (RFS): FL training is restarted using only the remaining clients; (2) FedCIO (Qiu
et al., 2023); (3) Exact-Fun (Xiong et al., 2023); and (4) FATS (Tao et al., 2024).

Main Results: Global Model Performance in Sequential Unlearning. Fig. 1 shows the test
accuracy of the global model after unlearning 1 — 2 clients sequentially, with each unlearning request
marked by A. Both methods consistently outperform other baselines and even surpass RFS by a large
margin on CIFAR-10. Among the two methods, MMT often achieves faster convergence than BMT
post-unlearning. Additionally, Tab. 1 shows that both methods significantly reduce the number of
communication rounds to reach the predefined accuracy threshold after unlearning compared to RFS
across all tasks. These results highlight the scalability and effectiveness of our approaches across
different modalities, model architectures, and model sizes.

We provide results for continual learning-unlearning simulation and ablation studies (e.g., effect of
branching factors, clients’ unlearning probabilities, label imbalance ratio) in Appendix G.

—m— RfS BMT  =—#— MMT FedCIO Exact-Fun FATS 4 Unlearning Round

MNIST CIFAR-10 CIFAR-100 Llama3.2-LI Llama3.2-MSA
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Figure 1: Test accuracy of the global model in sequential unlearning. Results are averaged over
5 random seeds, with standard deviations shown as shaded regions. Due to space constraints, full
results with evaluation for FMNIST, GPT-2 LI, and GPT-2 MSA are provided in Appendix G.1.

Table 1: Number of communication rounds  Taple 2: MIA AUC on the global model.
to reach predefined accuracy thresholds post-  BMT and MMT achieve comparable results
unlearning. (A) shows the difference relative to 1o RES across all settings, indicating the influ-
RFS. We note that FedCIO, FATS, and Exact-  ¢pce of unlearned clients has been effectively
Fun are omitted here as they fail to meet the  op\oved from the global model.

accuracy thresholds across all settings.

Dataset NoUnl. RFS BMT MMT
Dataset Acc. (%) RFS BMT (A) MMT (A) MNIST 0.609 0520 0522 0532
MNIST 75 51 34(17)  16(-35) FMNIST 0.508 0492 0490 0.490
FMNIST 65 26 16(10)  3(:23) CIFAR-10 0489 0496 0485 0.489
CIFAR-10 45 162 3(-159)  3(-159) CIFAR-100 0911 0521 0542 0517
CIFAR-100 40 54 540 37(ID) GPT-2 LI 0724  0.632 0618 0632
o NsA LA (<;7)) s Ejg; GPT-2 MSA 0.715 0480 0523 0527
Llama3 2 L1 P 51 615 219 Llama-3.2 LI 0553 0612 0612 0612
Llama3.2 MSA g5 19 4015 1018) Llama-3.2 MSA  0.639  0.485 0485 0.485

MIA results. Tab. 2 reports the MIA AUC on the global model before (No Unlearning) and af-
ter unlearning. Both methods often successfully reduce the MIA success rate post-unlearning and
closely match the gold-standard RFS performance. These results highlight that our approaches have
effectively removed the influence of unlearned clients from the global model.

5 CONCLUSION

This work proposes two algorithms, BMT and MMT, for exact federated unlearning. Our algo-
rithms ensure the complete removal of an unlearned client’s data while having better performance
post-unlearning with the remaining clients than retraining from scratch. Our algorithms are particu-
larly useful in practical scenarios where model updation in collaborative environments cannot afford
long delays, with minimal tolerance for interruptions. Our extensive experimental results demon-
strate the effectiveness of the proposed algorithms. A few promising directions for future work in-
clude developing principled methods for designing influence trees under resource constraints (e.g.,
a limited number of trainable sub-FL models), and exploring how to adapt the tree, after unlearning
or client addition, to minimize IDS while maximizing reuse of existing sub-FL models.
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A RELATED WORKS

Federated Unlearning. The subfield of federated unlearning (FU) (Liu et al., 2021; Wang et al.,
2022; Liu et al., 2023) tackles unlearning given data decentralization and limited access to the un-
learned client’s data, which contrasts to common centralized data assumptions. FU algorithms are
classified as active if the unlearned client is involved during unlearning, or passive otherwise (Liu
et al., 2023). The unlearned client in active FU algorithms permits access to its data, which en-
ables partial data removal (Gong et al., 2021; Wang et al., 2022; Halimi et al., 2022; Xiong et al.,
2023; Tao et al., 2024). In contrast, passive unlearning algorithms are executed by the FL server,
potentially aided by the remaining clients, and mostly target client removal (Liu et al., 2021; Qiu
et al., 2023; Cao et al., 2023; Yuan et al., 2023; Gao et al., 2024; Tao et al., 2024). Since the un-
learned client’s data is inaccessible, passive unlearning algorithms often rely on stored information
(e.g., gradients or global models) and exhibit inherent computational trade-offs. Additionally, FU
algorithms can be classified as approximate or exact (Wu et al., 2023). Despite being prominent,
approximate FU algorithms (e.g., Liu et al. (2021); Gong et al. (2021); Halimi et al. (2022); Cao
et al. (2023); Yuan et al. (2023)) may retain residual influence from the unlearned (malicious) client
and violate data privacy regulations.

Exact Federated Unlearning. FU algorithms with exact unlearning guarantees are under-
explored (Xiong et al., 2023; Qiu et al., 2023; Tao et al., 2024). For example, Exact-Fun (Xiong
et al., 2023) and FATS (Tao et al., 2024) use quantization and sampling, respectively, to efficiently
restart FL training from a stored checkpoint where the influence of leaving the client is negligible.
FedCIO (Qiu et al., 2023) adopts a client-clustering algorithm based on data distribution and restricts
FL retraining to only a model subset trained on the unlearned client. However, these algorithms re-
quire significant computational resources to store intermediate checkpoints and degrade the global
model performance with large quantization and the number of clusters. Moreover, in the worst case,
these algorithms are slow in FL retraining, leading to undesirable delays in deploying the unlearned
global model. Our proposed algorithms, BMT and MMT, address these limitations.

Machine Unlearning. The field of machine unlearning (Cao & Yang, 2015; Bourtoule et al.,
2021; Nguyen et al., 2022) focuses on selectively removing the influence of specific data from
a trained ML model without retraining from scratch. Existing machine unlearning methods are
broadly classified into two categories: exact unlearning and approximate unlearning. Exact unlearn-
ing methods can produce a model identical to a retrained model and are often justifiable through
its algorithmic designs. Unfortunately, efficient exact unlearning methods are only known for a
few model classes (Cauwenberghs & Poggio, 2000; Schelter, 2019; Brophy & Lowd, 2021; Cao
& Yang, 2015); while model-agnostic methods are mostly ensemble-based approaches (Bourtoule
et al., 2021; Aldaghri et al., 2021; Yan et al., 2022), which can get computationally inefficient with
large ensembles. By relaxing its goal, approximate unlearning methods seek a model with simi-
lar behavior as a retrained model and sometimes can be theoretically justifiable (Guo et al., 2020;
Golatkar et al., 2020; Nguyen et al., 2020). Many empirical approximate unlearning methods are
derived from gradient ascent and its variants (Graves et al., 2021; Tarun et al., 2023), knowledge
distillation (Chundawat et al., 2023; Kurmanji et al., 2023), optimization methods (Jia et al., 2024;
Bui et al., 2024), localization techniques (Fan et al., 2024; Foster et al., 2024), and in-context learn-
ing (Pawelczyk et al., 2024). Most machine unlearning methods assume centralized data availability
(e.g., (Cao & Yang, 2015; Guo et al., 2020; Bourtoule et al., 2021)).

Comparison with Existing Exact FU Methods. Recent exact federated-unlearning algorithms
such as Exact-Fun (Xiong et al., 2023), FATS (Tao et al., 2024), and FedCIO (Qiu et al., 2023)
follow the same checkpoint reuse blueprint. Each method

* stores global model checkpoints during normal federated training;

* locates a checkpoint whose computation graph excludes the departing client; and

* resumes training on the remaining clients so that the final model matches retraining from
scratch in distribution.

This shared strategy delivers provable exactness because the cached checkpoint acts as a clean ini-
tialization after the unlearning request. Despite this common foundation, the three methods face
distinct practical limitations:
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* Checkpoint explosion. Exact-Fun and FATS save a full global model every round, so the
server’s memory grows linearly with the number of rounds R (O(R x |6))).

* Quantization-induced accuracy loss. Exact-Fun relies on weight quantization to satisfy
its probabilistic guarantee; tighter guarantees require more aggressive quantization and thus
lower accuracy.

* Cluster sensitivity. FedCIO first partitions clients by data similarity. If the departing client
lies in a large or heterogeneous cluster, the method degenerates to full retraining.

* Slow post-unlearning recovery. All three baselines still need many additional rounds
before the unlearned model regains pre-unlearning accuracy, an unacceptable delay for
latency-critical services such as finance or medical triage, supply-chain monitoring, etc.).

B STANDARD FL PrROTOCOL

We denote the global model parameters at the ¢-th round by (). The server broadcasts () (with #(©)
often being randomly initialized) to all clients. Then, client ¢ updates the copy of #() via empirical

risk minimization on their local dataset D, and sends the model update AGét) back to the server. We
refer to this client-level training process as local training. The server aggregates the updates from

all clients in C and updates the global model, e.g., if AQgt) is the parameter difference resp. to ),

FedAvg uses a weighted average aggregation method, i.e. (D = 9(t) Zivzl w. A0, The
server repeats the process until hy:+1) converges or a stopping criterion (e.g., 7' rounds) is met. The
parameters of a fully trained global model at the end of the FL training process are denoted by 6*.

C BI-MODEL TRAINING (BMT)

To have a better global model after unlearning, we must design a new FL training process that
allows exact federated unlearning while having a better initialization than random initialization.
One way to achieve better initialization is to design methods that can exploit the remaining clients’
existing knowledge. To do this, we propose a method named Bi-Model Training (BMT) that can be
incorporated into any existing federated learning framework. The main idea of BMT is to have an
additional model for each client that is only trained on its data, making these models unaffected by
other clients’ training data. We refer to this model as local model. We use the term global model
for referring to the global model, which is trained using all client’s data and used for deployment.
We now discuss how BMT can be incorporated into the different stages of any existing federated
learning framework, (as depicted in Fig. 2), namely: Initialization, FL Training, Unlearning, and
New Client joining the FL process, whose details are given as follows.

(D Initialization.  The central server starts the standard FL training process (described in Sec-
tion 2) by randomly initializing the global global model. This randomly initialized global model is
then shared with all clients. Each client updates the global model using its local training data and
then shares the model update (updated model or gradients) with the central server. As compared
to the standard initialization in any FL training process, each client makes a copy of the locally
updated global model” (i.e., local model). As the initial global model is randomly initialized, these
local models are, by design, isolated from the influence of other clients’ training data.

@ FL training. After receiving the first model updates, the central server aggregates them to get
the aggregated global model as per the underlying FL algorithm (McMahan et al., 2017; Shlezinger
et al., 2020; Zhang et al., 2021). In each subsequent communication round, each client receives the
updated global model from the central server and then trains it using its training data. After updating
the global model, each client shares the model update with the central server. Besides the standard
FL training process, each client also updates their local model using their training data.

@ Unlearning. Let ¢ be the client whose influence needs to be completely removed from the
global model after a communication round ¢ and C; , be the set of remaining clients, i.e., C;, =
C: \ {c}. The central server first discards the current global model and requests each client to
share their current copy of local models. Once the central server receives the local models from

2The locally updated global model in the first communication rounds is the same as the model that is a copy
of the initial global model and trained on client’s training data.
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‘ Generate random Global

model and save it’s copy

Initialize Global model using Local Share initial and current Global model
models and restart FL Training with new client and continue FL training

\ Unlearning

Aggregate model updates and continue FL Training

Initialization FL Training

—
Central Server

New Client

oo™

ey  Update Global model Update Global and Remaining Update current Global
Al Client and save its copy Local models Clients model and save copy of
lents (i.e., Local model) initial Global model

Figure 2: Bi-Models Training (BMT) in the different stages of any federated learning framework.

all remaining clients, the central server aggregates them to get the new initialization for the global
model as per the underlying FL algorithm, e.g., for FedAvg, the central server performs weighted
aggregation on the remaining client’s local models, where each client’s weight is proportional to their
respective training data. Our experimental results (in Section 4) show that the resulting initialized
global model performs better than random model initialization as done in RFS. Lastly, the central

server restarts the FL training process with newly initialized global model, which is completely free
from the influence of the unlearned client’s data.

(4) New client. When a new client wants to join the ongoing FL collaboration, the central server
waits until the end of the ongoing communication round. Once it is over, the central server starts
the FL training process with the new client by sharing the current global model with the new client,
who then updates the current global model using its training data and shares the model update with
the central server. Apart from this, the central client also shares the randomly initialized global
model with the new client, who updates it, which then acts as the local model of the new client for

subsequent rounds. Other clients do not influence this local model, as the initial global model is
randomly initialized.

C.1 PSEUDO-CODES OF BMT

BMT has two models for each client: global and local. All clients train their local model on their
data in isolation, whereas the global model is trained using the underlying FL training protocol.
To completely remove a client influence from the global model, the central server first discards the
global model and then uses the local models of the remaining clients to re-initialize the global model,
which is further updated via FL training. This process ensures that BMT, by design, guarantees the
exact federated unlearning. Further, using the remaining clients’ local models leads to an initializa-
tion of the global model that is already influenced by the remaining clients to some extent, leading
to a better performance than RFS, as corroborated by our experiments in Section 4. The trade-off
for improved post-unlearning performance is the cost of pre-training local models. This trade-off is
worthwhile for applications that require exact unlearning and fast deployment of good model.

D ILLUSTRATIONS AND PSEUDO-CODES OF MMT

As illustrated in Fig. 3, MMT can be easily incorporated into any existing FL. framework.

Illustration of changes in influence tree after unlearning. For unlearning a client, the central
server first discards the current global model and related sub-FL models (as shown in Fig. 4b after
unlearning client 2) and then requests all clients not in any of the remaining sub-FL models to share
their current copy of local models. Once the central server receives all requested local models, it
aggregates them with sub-FL models (choosing only the most influential unaffected sub-FL model
over its descendants) to get the new initialization for the global model as per the underlying FL al-
gorithm. After removing the sub-FL models related to the unlearned client, the remaining influence
tree may no longer have the lowest IDS for the remaining clients. It leads to two options: create
a new influence tree while using earlier sub-FL models as much as possible (as shown in Fig. 4c)
or keep using the existing influence tree, which may not be the best but retains the sub-FL models
trained over time. Lastly, the central server restarts the FL training process with the newly initial-
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BMT Training Bi-Models Training - Training Phase

: Input: FL algorithm 2(, number of communication rounds 7'

wEkdkk aryer FkFdF

Randomly initialize global model 6,
Set communication round ¢t = 1
while t < T do
Select clients C}
for each client 7 in C; do
Send global model 6, to client ¢
end for
Wait for model updates {A; };c¢, from clients
Aggregate updates to obtain new global model:
01 = A(0:, {Aitico,)
t—t+1

: end while

.k Clients skokeskesksk

: Receive initial global model ; from server
- Initialize local model 61°°! + 6,

: for each communication round ¢ do

Receive global model 6; from server

Update global model using own data:
0;.+ < Update(6;, data;)

Update local model using own data:
glocal < Update(#°°?!, data;)

Compute model update A; = 6; ; — 6;

Send A; to server

: end for

BMT Unlearning Bi-Models Training - Unlearning Phase

1:

—_—

13:
14:
15:
16:

TEYRIDUNAERLD

Input: Unlearning client ¢, current communication round ¢t < T'

Fdckdk Qaryer FAdkE

Discard current global model 6,
Set remaining clients C; . = C, \ {c}
for each client ¢ in C} - do
Request local model #o<a!
end for
Receive local models {6}°!},cc,
Aggregate local models to initialize new global model:
011 = Ainis ({01° }icc, )
Restart FL training from 0,1 with ¢ < ¢ + 1

Fiackdk Clients kds*

if Client ¢ receives request for local model then
Send local model §°¢?! to server

end if

Restart FL training from ;1 with ¢ < ¢ 4+ 1

ized global and sub-FL (if any) models, (as shown in Fig. 4d), which are completely free from the
influence of the unlearned client’s data.
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BMT New Client Bi-Models Training - Adding a New Client

1: Input: New client n + 1

0. sk Qepyer Hi

3: if Training is ongoing then

4: Wait until current round completes

Send global model 8; to new client n + 1

Include new client in client set Cy1

else
Start new FL process including new client

Initialize global model # with latest parameters 6

5:
6:
7:
8:
9:
0: end if

1

11: *#%%* New Client n + 1 *#¥**%

12: Receive global model # from server

13: Initialize local model 62°¢3! <~ Randomly initialized global model 6,

14: for each subsequent communication round ¢ do

15: Receive global model 6; from server
16: Update global model using own data:
17: On+1,+ < Update(6y, data,, 1)
18: Update local model using own data:
19: 6)0¢3! «+— Update(601o¢%', data,, 1)
20: Compute model update A, 11 = 041+ — 0,
21: Send A, 41 to server
22: end for
i fﬂ:-:;;;asn;‘igx ':l;l;ayl uﬁiiii?:d"::::e Aggregate global and Sub-FL Initialize Global model using unaffected Sub-FL

Share initial and current Global model with Sub-FL
models with new client and continue FL training

Sub-FL models model updates and Local models and restart FL Training

\ Unlearning

FL Training New Client
Central Server

v
que
o o)
™
1590

NS
e ™ :

—E Update Global model Update Global, Remaining Update current Global,
. and save its copy Sub-FL, and Local Clients Sub-FL models and save
All Clients. o
(i.e., Local model) models

copy of initial Global model

Figure 3: Multi-Model Training (MMT) in the different stages of any federated learning algorithm.
Global and sub-FL training proceed in parallel but may not be synchronized across rounds.

Global Model (") Global Model (")

Global Model @

Sub-FL Models -

oo N ONONRS oo
POOOOOE OOV OOOEOV®

Local Models Local Models

Local Models

(a) Influence tree (b) Affected nodes (c) Initialization (d) New influence tree
Figure 4: 4a: Influence Tree for 8 clients having the same unlearning probability. 4b: Showing
the global and all sub-FL models affected after unlearning client 2 by the node’s red cross and red

outline. 4c: Initialization of global and new sub-FL models, where a dotted blue line shows the
models used to initialize them. 4d: Final influence tree after unlearning the client.
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D.1 PSEUDO-CODES OF MMT

MMT Training Multi-Models Training - Training Phase

1: Input: FL algorithm 2, rounds 7, influence tree 7

0. kst Gepyer FEHE
3: Randomly initialize global model 6;
4: Setround ¢t < 1

5: Initialization:

6: Send 6 to all clients

7
8

: Receive updates { A"} from clients

: Update global model: 6, < (6, {AZ'°"*})

9: Initialize sub-FL models {9‘51)} using {AgPa1)
10: t <2

11: Training:

12: whilet < 7T do

13: For each client i in C;:

14: Send 6;, {0?)}3651

15: Receive { A% {Ags)}} from clients

16: Update global model: 6,4, « 2A(6;, {AZ'°"*1})
17: for each sub-FL model s do

18: Update sub-FL model: ity 91(9?), {AES)}ieSS)
19: end for
20: t+—t+1
21: end while

22: *¥%E% Clients **%%%
23: Receive 0, from server
global

24: Update global model: 67" < Update(:, data;)

25: Initialize local model: glo¢@! « g&'ob2!

26: Compute update: AP 9?’?{) bal _ g,

27: Send Al‘gbbal to server

28: for each round ¢t > 2 do

29: Receive 6;, {9?’}56&. from server

30: Update global model: 9§L°bal < Update(0;, data;)

31: Update local model: #}°8! « Update(#:°°®!, data;)
32: for each s € S; do

33: Update sub-FL model: 95’? — Update(@ﬁt), data;)
34: end for

35: Compute updates:

36: Azglobal — elg}tobal _ 915

37: AZ(-S) — 91(1) — 0 forse S;

38: Send AZ'°P {Ags)} to server

39: end for
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MMT Unlearning Multi-Models Training - Unlearning Phase

1:

® N DINAERD

9:
10:
11:

12:
13:

14:
15:
16:
17:
18:

Input: Unlearning client ¢, current communication round ¢

sk Qapyer *ikEE
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Determine clients not in any remaining sub-FL models:
Crr = Ce \ ({e} UU,es, i S5)
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Aggregate local models and unaffected sub-FL models to initialize new global model:
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_ local ()
Or+1 = Ainit ({91‘ YieCr, s 105} seSunatrectea

Decide to create a new influence tree or retain existing one
Restart FL training from 61 with¢ < ¢ + 1
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if Client ¢ receives request for local model then
Send local model 61°®! to server
end if
Restart FL training with updated models received from server

MMT New Client Multi-Models Training - Adding a New Client
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Input: New client n + 1

sestesteskesk Server seslesteskesk
if Training is ongoing then
Wait until current round completes
Decide whether to create new influence tree or update existing one
Update sub-FL models to include new client if necessary
Send current global model #; and corresponding sub-FL models to new client n + 1
Include new client in client set C'y 1
else
Determine influence tree including new client
Start new FL process including new client
Initialize global model § with latest parameters 6,
end if

#xxx% New Client n 4 1 **%%*
Receive global model 6 and sub-FL models {6} from server
Initialize local model:
giocal + Randomly initialized global model 6;
for each subsequent communication round ¢ do

Receive global model ; and sub-FL models {th)}seg from server

n+1

Update global model using own data: Hrgllfftl <+ Update(0;, data,, 1)
Update local model using own data: 61°73' <— Update(6,07', data,,4 1)
For each sub-FL model s € S,,41:
Update sub-FL model using own data: 07(1‘217t — Update(egt), data,, 1)

Compute model updates: AZ5 = Hilfiatl — 6,
For each s € S, 41: ASLS_)H = 9£lslu e
Send A& and {Afj}rl}segn ., to server

end for
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E EXACT FEDERATED UNLEARNING GUARANTEES

We use the term global model for referring to the global model, which is trained using all client’s
data and used for deployment. To have a better global model after unlearning, we must design a
new FL training process that allows exact federated unlearning while having a better initialization
than random initialization. One way to achieve better initialization is to design algorithms that can
exploit the remaining clients’ existing knowledge. To do this, we propose a algorithm named Multi-
Models Training (MMT) that can be incorporated into any existing federated learning framework.
The main idea of MMT is to have an additional model for each client that is only trained on its
data, making these models unaffected by other clients’ training data. We refer to this model as
local model. However, the local model only accounts for an individual client’s influence and does
not capture the joint influence of multiple clients. Since all clients influence the global model, we
should also capture the joint influence of different clients and then use it to better reinitialize the
global model. We can train FL models to capture the joint influence using only a subset of clients.
We refer to such FL models as sub-FL models and next define them formally.

Definition 1 (Sub-FL Model). Given a subset of clients S C [N] with |S| > 2, a sub-FL model
is trained from scratch by the central server using the same FL protocol as the global model to
minimize the empirical risk over all clients in S.

One can train all possible sub-FL models (power set of clients excluding the global model) to capture
the influence of all possible interactions among clients. However, it is not computationally feasible
as these sub-FL models increase exponentially with the number of clients (i.e., 2" — n — 2 for n
clients). Another problem of training arbitrary sub-FL models leads to a situation of overlapping
influence, which is defined as follows:

Definition 2 (Overlapping Influence). Let hg, and hg; be two sub-FL models with influence sets
I(he,),I(hg,) € C. They exhibit overlapping influence if I(hg,) N I(ho,) # O and neither set
contains the other, i.e., I(hg,) ¢ I(hg,) and I(hg,) € I(he,).

When two sub-FL models share a client, that client’s loss is effectively counted twice in the ag-
gregation. Existing works shows that such uneven re-weighting shifts the solution away from the
(unweighted) empirical risk minimizer and can strictly increase expected error (Cortes et al., 2010;
Shalev-Shwartz & Ben-David, 2014; Alain et al., 2015; Bottou et al., 2018; Byrd & Lipton, 2019).
Empirically, duplicating examples or clients is known to hurt generalization in both vision and
code-model settings (Aghabagherloo et al., 2025; Buda et al., 2018; Allamanis, 2019). To avoid
this, sub-FL models should be trained on disjoint client subsets or trained such that one sub-FL
model’s client set is a proper superset of another sub-FL model’s client set.

One possible way to achieve this is to organize sub-FL models in a hierarchical tree structure. In the
tree structure, the root node represents the global model while the leaf nodes correspond to the local
models, and intermediate nodes represent sub-FL models, with each child node having disjoint sets
of clients compared to its siblings. As we move from the root node to the leaf nodes, each sub-FL
model branches into further subsets, maintaining either disjoint relationships or superset relations.

The tree structure ensures varying levels of influence among sub-FL models throughout the hi-
erarchy. We refer to this hierarchical tree structure as an influence tree. After unlearning a client,
we should aggregate the sub-FL models with greater influence (those influenced by more remaining
clients) and local models to get the initialization for the global model. If the number of models to
aggregate is less, it implies that the initialization of the global model contains more joint influence
of remaining clients. This relationship inspires our proposed metric influence degradation score
that measures how good an influence tree is, which we formally define as follows.

Definition 3 (Influence Degradation Score (IDS)). Let T be any influence tree structure. The influ-
ence degradation score for T, denoted by s(T), is the average number of sub-FL and local models
that are aggregated to get the initial global model after unlearning any client.

While the tree structure inherently prevents overlapping influence, it is unclear which structure mini-
mizes IDS, as unlearning probabilities, i.e., the likelihood of clients requesting unlearning, may vary
across clients. Since our goal is to minimize IDS, we show that a binary influence tree constructed
via Huffman coding achieves the lowest IDS among all n-ary influence tree structures for n > 2.

Theorem 1. Given an n-ary influence tree T withn > 2, there exists a binary influence tree Ty with
a smaller IDS, i.e., s(T2) < s(T). Let p. be the unlearning probability for client c. Then, Huffman
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coding with n. symbols representing clients and weights {p.}"_, gives the optimal binary influence
tree Truginan such that s(Trygman) < s(T2) for any influence tree T for the same group of clients.

Proof. We first define the k-split influence node, which is a node in an influence tree with k& > 2
leaf nodes. We now consider the influence tree 7, where k-split influence node only has leaf nodes
as children. We denote this node as d, and the set of its leaf nodes is denoted by C. We now follow
the following procedure. First, we remove the edge between the node d and any two of its leaf nodes
(siblings), denoted by ¢ and j. We create a sub-FL model with these two removed nodes and then
add the node for this sub-FL model as a child to the node d. We denote the resulting tree as 7. Let
f (T, ¢) represent the number of sub-FL and local models that are aggregated to get the initial global
modal after unlearning client c¢ in the given influence tree 7.

Note that f(77,¢) = f(T,c) — 1 forc € C\{i, 7} as one less leaf node to aggregate due to sub-FL
model for {i,j} leaf nodes, and f(7’,¢) = f(T,c) for ¢ € {i,j} as sub-FL model is no longer
useful due to influence of leaf node ¢ or 5. With this, we have following IDS due to the node d:

sa(T) =D pef(To0)= Y p(f(T )+ 1)+ > pe(f(T',0)

ceC ceC\{4,j} ce{i,j}
=k—2+ z pef(T,c) + Z pe(f(T" ) (node d had k leaf nodes)
ceC\{i,j} cef{i,j}
=k—=2+Y pf(Tc) =sa(T")
ceC
= sq(T) > sa(T"). (as k > 2) (1)

Iteratively apply the same procedure on the rest of the child nodes until every node only has two
children. After this, we obtain a binary tree. Since each operation strictly reduces IDS, s4(72) <
s4(7T). When the original tree already has some child nodes L that already belong to a binary
subtree 77, we treat this subtree as a single child node ¢, and apply the aforementioned operations
on the child nodes that do not yet belong to a binary subtree. If all the child nodes belong to some
binary subtree, we check from bottom-up to find the largest binary subtrees and treat them as a single
child node to apply the aforementioned operations. Following this procedure, we can transform any
arbitrary tree into a binary tree. In general,

f(Tlvl):f(ﬂal)+f(Tl7Cl):f(,TLvl)+f(TvC/)71:]6(7"1)71

forc € C\ {i,j},1 € Land f(T',1) = f(Te,)) + f(T', ) = f(T,)) + f(T,c) = f(T,1)
for ¢ € {i,j}, 1 € L. Notice that f(7',1) = f(Tr,l) + f(T’,c) always holds. Therefore, the
inequality in Eq. (1) generalizes for any tree structure with the generalized operation. After applying
this procedure on any arbitrary tree 7 with at least one k-split influence node, the resulting binary
tree T2 always has a strictly smaller value of IDS, i.e., s(72) < s(7). Now we will proof the second
part of theorem. Assume NV is the number of non-root nodes, g4 is the probability of reaching a
non-root node d starting from the root node, and V] is the number of siblings of a non-root node .
Note that for a node d, g4 = > cec, Pe where C, is the set of all the client nodes (i.e., leaf nodes)
that are descendants of node d and p. is the probability of unlearning of the c-th descendant. Given
an influence binary tree 73 having n clients with known unlearning probability of each client, the
IDS is given as follows:

n N
s(T)=> pef(S,c) = qa*Nj. )
c=1 d=1

For Y-, pcf(S, ¢), we can group all leaf nodes that share some common ancestor node d into a
collection, with Cy4 denoting this set. Since the same node has the same N7, we can sum p, of all

such leaf nodes and rewrite .7, p..f (S, ¢) as S0, Yoeec, Pe* Nj = S | qa* N3. Since each
node of the binary tree has only one sibling, we have '

N N N n
ZQd*N§:ZQd*1:ZZPc:ZPc*ZC
d=1 d=1 c=1

d=1ceCyqy

where n is the number of leaf nodes, . is the depth of the c-th leaf node, and p, is the probability
of reaching a non-root node c starting from the root node. As splitting the g, of each non-leaf node
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into Cq = {p1,p2,...,0r}, where ¢g = Zcecd pe and each element in C4 corresponds to a p, of a

leaf node, which is a descendant of that non-leaf node. Therefore, we can write 25:1 qq * 1 as the
sum of p, * [ of all possible branches that reach each leaf node, as all the ancestor nodes of all leaf
nodes have exactly one sibling.

Finally, notice that )., p. * . is the expected code word length, if the same binary tree is used
to represent a binary prefix-free code encoding scheme. Since Huffman coding is optimal for mini-
mizing >, pe * le, $(Trufrman) < $(73) where Tiufiman 18 an influence tree constructed following
Huffman coding and 75 is any binary influence trees for the same set of p.. O

With this result, we can use Huffman coding (Huffman, 1952) to construct an influence tree that has
the lowest IDS. In some real-life applications, the client’s unlearning probability can be unknown.
In such cases, we can assume that each client is equally likely to be unlearned, hence having the
same unlearning probability. A client (on the leaf node) influences a sub-FL model if there is a path
from the model to the leaf node representing that client.

Our work bridges the aforementioned gap in exact federated unlearning by providing zero delay
exactness, bounded resource use, and rapid accuracy recovery. Unlike checkpoint heavy or quanti-
zation based approaches, our BMT and MMT strategies store at most one extra model per client plus
a small, fixed collection of sub-FL models on the server, so memory grows only with the number of
participating clients rather than with the number of training rounds. This scaling matches the typical
cross silo scenario, where a limited set of organizations collaborate and storage is plentiful. After
an unlearning request, the global model is re-initialized from already trained sub models instead of
random weights and therefore regains its pre unlearning accuracy within a few rounds, eliminating
the extended downtime seen with retraining from scratch or cluster based methods such as Fed-
CIO. In short, our design removes the checkpoint explosion, avoids the accuracy loss introduced by
weight quantization, and prevents the slow performance recovery that has so far impeded practical,
time-critical deployments of exact federated unlearning.

E.1 PROOF OF EXACT UNLEARNING GUARANTEES

This section presents the formal proof MMT and BMT achieving exact unlearning. We first intro-
duce the definitions and results needed for these proofs.

Training model. Let D = (Dy,..., Dy) denote client datasets and let » denote all explicit ran-
domness, independent of D. A training state is m = (6,&), consisting of model parameters and
optimizer/training state. Let M denote server-visible metadata and protocol choices; after removing
client u, the metadata is denoted M_,,.

Definition 4 (Training primitives). A state is m = (0, &) with parameters 0 and training state £. Fix
server-visible protocol choices M and explicit randomness r, and let &y denote a canonical fresh
training state. Training is modeled as compositions of deterministic primitives:
INIT(r) = (00(r), &) - initialize the random model parameters and fresh training states.
CoPY(m) = m : make an identical copy of the current model state.
RESETOPT((6,&),r) = (0,&0) : keep model parameters, clean up optimizer history
TRAINON(m, D;, r) : the M-specified local training procedure on D starting from m, and
AGG(my,...,my; M, r) : the M-specified server aggregation rule.

Only TRAINON needs private client data, and it reads only the dataset passed to it.

Conditioned on (r, M), the sequence of primitive calls and all non-data arguments (including
scheduling, aggregation rules, and hyperparameters) do not depend on any D; except through the
explicit appearance of D; as an argument to TRAINON. After unlearning client u, the orchestration
uses only M_,,.

Definition 5 (Influence set). For any state m produced by the training computation, define its in-
fluence set Z(m) C C as the set of clients whose datasets may influence m. Formally, T(m) is the
smallest set satisfying:

(i) Z(INIT(7)) = 0;

(ii) data-free primitives (COPY, RESETOPT) preserve influence sets;
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(iii) Z(AGG(m, . .., my)) = Us_, Z(m;);

(iv) Z(TRAINON(m, D;,r)) = Z(m) U {i}.

For a deployed model hy extracted from m = (0,&), define Z(hg) = I(m).

Lemma 1 (Dependence only on influence set). Fix (r, M) and assume data-independent orchestra-
tion. For any state m, the value of m depends on the datasets only through {D;};c(m). Equiva-
lently, if u ¢ I(m), then for any replacement D), that leaves M unchanged,

m(D1,...,Dy,...,Dn;r, M) =m(Dy,...,D.,...,Dn;r, M).

Proof. Conditioned on (r, M), the training expression generating m is fixed. We proceed by struc-
tural induction over this expression. INIT depends only on r.

Data-free primitives are deterministic functions of their inputs and introduce no new data depen-
dence. AGG depends only on its input states and thus on the union of their influence sets. TRAINON
accesses only (m, D;, ) and introduces dependence on D;. In all cases, m depends only on datasets
indexed by Z(m). O

Definition 6 (Exact federated unlearning). An unlearning procedure U for client u is exact if, for
all replacements D, that keep metadata unchanged,

U(Dl,...,Du,...,DN;’I",M_u) = U(Dl,...,D:N...,DN;T7M_U).
Theorem 2. BMT and MMT achieve exact unlearning.

Proof. Letr and M_, be fixed. Consider two models differing only in the removed client’s dataset,
D, versus D;. BMT and MMT discard all stored states m with v € Z(m) and retain only states
{m1,...,my} satisfying u ¢ Z(m;). By Lemma 1, each retained state m is invariant to replacing
D, by D!, so the retained collection is identical in both models. The post-unlearning initialization

(0)

mpost =

RESETOPT(AGG(my1,...,mg; M_,,1),7)

is a deterministic function of (mg, ..., my, M_,,,r) and therefore identical in both models. More-
over, since Agg unions influence sets and ResetOpt preserves them,

1(m®) = U 10my),

Jj=1
so it excludes u because every retained m; excludes u.

Subsequent training invokes TRAINON only on datasets D; with 7 # u. Since TRAINON is the only
primitive that can add a client to the influence set, u is never reintroduced. Thus, the final deployed
state Mpost satisfies u ¢ I(mpost). Applying Lemma 1, mpog is invariant to replacing D,, by D,
which is exactly the definition of exact unlearning.

Remark 1 (Exactness vs. retraining-from-scratch). RfS is also exact under Definition 6 since it
never invokes TrainOn(-, D, -) after removing u; BMT and MMT need not match RFS parame-
ters, they satisfy the same invariance notion with a better initialization.

F STORAGE AND COMPUTATIONAL COMPLEXITY

In this section, we analyze the storage and computational complexity for RFS, BMT, and MMT,
where M denotes the storage required for a single model, C'is the baseline training cost of RFS, and
n is the number of participating clients. Storage complexity is as follows: RFS requires M storage
on the server and M per client; BMT doubles the per-client storage to 2M for an additional local
model, while server still requires M; and MMT requires server to store (n — 1) M model for the
internal nodes of a balanced influence tree with n leave nodes. Each client in MMT, participating
in maximum [log, ] models and maintaining a local model, uses maximum ([log, n| + 1)M.
While for MMT the server stores O(n) sub-FL models, cross-silo settings usually contain less than
a hundred parties, so the memory cost is typically on the range of Gigabytes (Table 6), which is small
relative to modern server hardware. Moreover, applying memory-efficient model training techniques
such as LoRA/QLoRA can further reduce the requirement by only storing model adapters (Hu et al.,
2022; Dettmers et al., 2023; Babakniya et al., 2023; Yi et al., 2023; Wang et al., 2024).
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Table 3: Storage and computational resource requirements.

Algorithms Storage (#models) Total compute
Server Per-client

RfS M M C

BMT M 2M 2C

MMT (balanced) (n—1)M  ([loggn] +1)M ([logon] +1)C

In terms of computational complexity (assuming zero communication overhead), RFS has the base-
line cost of C, corresponding to one full round of training across all clients; BMT approximately
doubles this cost to 2C', as each client must update both the global model and an additional isolated
model; and MMT organizes clients into a balanced influence tree, the computational cost increases
with the tree depth. Specifically, each of the [log, n] internal levels processes all n clients once,
and each client also trains its isolated model. This results in a maximum total computational cost of
([logyn] + 1)C. Table 3 summarizes storage and computational complexity. The empirical results
in Section G.2 closely align as storage usage matches exactly, and compute usage is within 8%.

G EXPERIMENTS

FL Setup & Training. Our experiments focus on non-IID data silos. For simplicity, we assume the
number of clients equates the number of classes in our datasets. Due to high training cost, we only
consider top-8 classes with the most training samples on LI and MSA. To simulate non-IID data,
we assign client ¢ with most samples from class ¢ and a few from each of the remaining classes. We
denote p as the ratio between the major class and the minor class. Clients’ dataset have the same sizes
of DIrein for training and DL*! for testing. While this setting only amplifies label skewness while
fixing clients’ dataset sizes, we also provide results for a Dirichlet-based non-IID setting where both
label proportions and the dataset sizes differ across clients in App. G.3. The dataset configurations
and their corresponding model architectures are detailed in Tab. 4.

Table 4: Summary of the datasets & models. T means each client only has samples from 1 class.

Dataset #classes p  Dir%ngize DLest size Model

MNIST 10 0.02 200 200 MLP

FMNIST 10 0.02 200 200 MLP

CIFAR-10 10 0.2 1000 300 2-layer CNN
CIFAR-100 100 0.1 400 100 VGG-16

LI top-8 ~ 0f 200 100 GPT-2 & Llama-3.2+LoRA
MSA top-8 ~0f 200 100 GPT-2 & Llama-3.2+LoRA

All experiments are conducted on NVIDIA L40 (46GB) and H100 (80GB) GPUs. For FL training,
we adopt a popular FL algorithm FedAvg (McMahan et al., 2017). The training hyperparameters
(e.g., number of communication rounds, local epochs, batch size, etc.) are detailed in Tab. 5. Addi-
tionally, we finetune the pretrained LLaMA-3.2 model using LoRA adapters with a rank of = 16,
scaling factor o = 32, and a dropout rate of 0.05.

Table 5: Hyperparameters used for local training. ‘BS’ is batch size and ‘LR’ is learning rate.

Datasets #irounds #epochs BS Optimizer LR Decay Clipping
MNIST 100 1 20 SGD 0.01 0.1 10
FashionMNIST 100 1 20 SGD 0.01 0.1 10
CIFAR-10 300 1 64  AdamW  0.01 0.1 10
CIFAR-100 100 10 64 SGD 0.005 107° -
GPT-2 LI 50 1 8 Adam 106 0.01 10
GPT-2 MSA 80 1 8 Adam 106 0.01 10
Llama-3.2 LI 30 1 8 Adam 10-7  0.01 1
Llama-3.2 MSA 30 1 8 Adam 10-7  0.01 1
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Unlearning Settings. In sequential unlearning, we use the {0, 2} as the default order of clients to
be unlearned. This order is deliberately chosen to MMT’s disadvantage as the global model cannot
be replaced by any of the sub-FL models and must be aggregated from our sub-FL models.

Metrics. We report accuracy on an aggregated test set comprising all clients’ test sets, includ-
ing those would join/leave the collaboration at later rounds. Additionally, we conduct membership
inference attacks (MIA) (Zarifzadeh et al., 2024; Mattern et al., 2023) to evaluate whether the mem-
bership status (i.e., being included during FL training) of unlearned clients can be inferred from the
global model’s output post-unlearning. An exact FU algorithm should have an MIA AUC close to
0.5, showing that the global model retains no distinguishing information about the unlearned clients’
data beyond random guessing.

G.1 FULL MAIN RESULTS

Sequential Unlearning. Fig. 5 presents the full results, including additional evaluation on FM-
NIST, GPT-2 LI, and GPT-2 MSA, in sequential unlearning. Similarly, we observe that BMT and
MMT consistently achieves the fastest convergence among the tested baselines thanks to better
post-unlearning initialization.
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Figure 5: Test accuracy of the global model in the sequential unlearning. Results are averaged over
5 random seeds, with standard deviations shown as shaded regions.

Continual Learning & Unlearning. Fig. 6 shows the test accuracy of the global model in a
dynamic environment where clients join (marked by A) and leave (marked by A) the collaboration
over time. We show experimental results on the design of different sub-FL trees for client expansion
in Fig. 9a. Overall, these results highlight the practical utility of our approaches in supporting
simultaneous learning and unlearning within real-world environments.
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Figure 6: Test accuracy on MNIST under varying continual learning and unlearning orderings (N:
New Client Arrival, U: Unlearning). Results are averaged across 3 random seeds.

G.2 EFFICIENCY

Table 6 presents the peak GPU memory usage (in MB) and total compute cost (in GFLOPs) of
our algorithms across different settings, which corroborates our analysis in Section F. We note that
although both algorithms add storage and compute overheads, storage is no longer the primary
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bottleneck when training large models as disk space is relatively inexpensive. Meanwhile, retraining
time directly translates to service downtime, which can be minimized in BMT and MMT.

Table 6: Peak GPU memory (MB) and total compute (GFLOPs) required for different algorithms.
Memory is reported separately for the server and each client.

Dataset Algorithm Peak GPU Memory (MB) GFLOPs
Server Per-client
RfS 1559.1 1559.1 36.43
MNIST BMT 1559.1 3118.2 72.86
MMT 14031.9 7795.5 161.07
RfS 1561.3 1561.3 97.15
FMNIST BMT 1561.3 3122.6 194.31
MMT 14051.7 7806.5 429.54
RfS 2746.7 2746.7 5.59 x 107
CIFAR-100 BMT 2746.7 5493 .4 1.12 x 108
MMT 271900.0 21973.6 4.13 x 108

Comparison to Exact-Fun and FATS. Compared to our algorithms, Exact-Fun and FATS require
storing model checkpoints at every training round. Thus, their memory usage grows linearly with
training duration. In contrast, BMT and MMT scale with the number of clients, which is typi-
cally small in cross-silo settings. In time-critical applications involving sensitive, private data, the
improved post-unlearning accuracy and faster convergence of BMT and MMT offer a favorable
trade-off for their modest overhead.

G.2.1 DEPLOYMENT FEASIBILITY BEYOND FLOPSS

In large-model deployments, practical bottlenecks often include communication volume and peak
memory usage, not only total compute. We therefore evaluate a deployment-oriented instantia-
tion of BMT and MMT using parameter-efficient fine-tuning (QLoRA), where a shared quantized
backbone is maintained and only lightweight per-node adapters are trained and communicated. We
report end-to-end overheads (communication, storage, peak client/server memory, and total FLOPs)
for GPT-2 and Llama-3.2-3B in supplementary material, showing that adapters reduce per-update
payload and total communication by orders of magnitude and substantially reduce peak memory,
improving practicality in the cross-silo setting. A feasibility analysis for exact federated unlearn-
ing should consider multiple system bottlenecks, not only total FLOPs. For large models, practical
constraints are often dominated by (i) communication volume, (ii) server-side storage footprint, and
(iii) peak client/server accelerator memory. While Section F analyzes storage and compute scal-
ing for BMT/MMT, we further quantify these practical bottlenecks under a deployment-oriented
instantiation based on parameter-efficient fine-tuning.

QLoRA instantiation. We pair BMT/MMT with QLoRA by maintaining a shared quantized back-
bone and training only lightweight adapters for each model instance (local and sub-FL nodes). Un-
der this design, the additional auxiliary models correspond to small adapters rather than full model
copies. Communication also corresponds to adapter exchange rather than full-parameter exchange.

Metrics. We report: (1) total communication across all clients and all trained model instances; (2)
stored footprint, separated into backbone (“Model”) and adapter size (“Adapt”); (3) peak CPU/GPU
memory on clients and on the server; and (4) total FLOPs aggregated across all clients. Tables 7
and 8 summarize the results.

Key takeaways. Across GPT-2 and Llama-3.2-3B tasks, QLoRA reduces the communicated pay-
load per update from a full model to an adapter (e.g., GPT-2: 237.37 MB — 2.26 MB; Llama-3.2-3B:
6127.88 MB — 17.52 MB), which yields orders-of-magnitude reductions in total communication
(e.g., GPT-2 LI, MMT: 11.59 GB — 0.11 GB; Llama-3.2-3B MSA, MMT: 299.21 GB — 0.85 GB).
It also significantly lowers peak memory usage on both clients and server (Table 8) and reduces total
FLOPs (Table 7). The remaining MMT pre-training overhead is governed by the branching factor b
(see Fig. 9a), with b = n recovering the compute-efficient BMT endpoint.
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Table 7: Communication, storage, and compute overheads for Full fine-tuning versus QLoRA.
“Model (MB)” is the stored backbone footprint under each mode. “Adapt (MB)” is the adapter size
(also the communicated payload under QLoRA). “LI” denotes language identification and “MSA”
denotes multilingual sentiment analysis.

Method Task Model Mode  Comm (GB) Model (MB) Adapt (MB) FLOPs (10%)
Full 6.95 237.37 0.00 2.03
BMT LI GPT-2 QLoRA 0.07 119.49 2.26 1.36
Full 6.95 237.37 0.00 1.69
BMT — MSA  GPT-2 QLoRA 0.07 119.49 2.26 1.13
Full 179.53 6127.88 0.00 18.22
BMT LI Llama-3.2-3B ) oo 0.51 2156.39 17.52 12.14
Full 179.53 6127.88 0.00 19.93
BMT — MSA Llama-3.2-3B ) e o 0.51 2156.39 17.52 13.28
Full 11.59 237.37 0.00 3.48
MMT LT GPT-2 QLoRA 0.11 119.49 2.26 2.32
Full 11.59 237.37 0.00 2.59
MMT — MSA  GPT-2 QLORA 0.11 119.49 2.26 1.73
Full 29921 6127.88 0.00 30.17
MMT LI Llama-3.2-38 ) e o 0.85 2156.39 17.52 20.10
Full 29921 6127.88 0.00 33.60
MMT — MSA - Llama-3.2-3B () ‘0o 0.85 2156.39 17.52 22.40

Table 8: Peak memory usage (GB) for Full fine-tuning versus QLoRA, reported separately for CPU
and GPU on clients and the server.

Method Task Model Mode Client Peak (GB) Server Peak (GB)

CPU GPU CPU GPU

Full 4.44 210 468 1.70
BMT LI GPT-2 QLoRA  3.64 1.02  4.10 1.35
Full 432 210 461 1.57
BMT — MSA GPT2 QLoRA 3.44 .02 3.98 1.29
Full 4534 4204 5132 24585
BMT LI Llama-3.2-3B (2 a 1861 791 20.66 8.92

Full 45.19 42.06 51.18 24.86

BMT ~ MSA Llama-32-3B ) pa 1837 1020 20.44 8.92

Full 6.15 210 848 931
MMT LI GPT-2 QLoRA 438 1.06  5.57 5.44
Full 5.82 2.10 828 9.91
MMT — MSA  GPT-2 QLoRA  4.17 1.03  5.64 6.11
Full 82.47 48.02 14447 175.01
MMT LI Llama-3.2-3B - ( pa 3061 982 5205  34.92

Full 81.19 48.05 143.19 156.81

MMT  MSA  Llama-32-3B ) oA 30.08 1062 50.11  27.54

G.3 ABLATION STUDIES

Label Imbalance Ratio. Fig. 7 presents the model performance on MNIST across varying label
imbalance ratios p, where p = 1.0 indicates uniform label distribution and p ~ 0 indicates extremely
imbalance between the majority and minority classes. We observe that the gaps among the tested
methods become more pronounced with lower p (higher imbalance), with MMT converging the
fastest, followed by BMT and RFS. We attribute this improved post-unlearning performance to the
binary structure in MMT, which preserves the majority of cross-client interactions. These results
further demonstrate that our approaches are well-suited for real-world deployments where non-I1ID
data distributions across clients are often the norm.
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Figure 7: Effects of label imbalance ratio. While BMT and MMT show comparable performance
under uniform label distributions (p = 1), MMT shows the fastest convergence rate as label distri-
butions become increasingly imbalanced, followed by BMT and RFS.

Dirichlet-based Non-IID Setting. Fig. 8 shows the global model performance when the sample
sizes for each class per client follow a Dirichlet distribution, with o« = 0.5 for vision tasks and
a = 0.1 for language tasks. Our results show that MMT and BMT continue to achieve better
post-unlearning performance than RFS and other baselines, especially on more complex tasks like
CIFAR-10 and CIFAR-100.
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Figure 8: Global model performance in Dirichlet-based non-IID setting (3 random seeds).
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Figure 9: Global model performance on MNIST with (a) varying branching factor b, (b) varying
learning rate in FL training, and (c) FedProx as an alternative FL algorithm. Results are reported
across 5 random seeds.

Varying Branching Factor. Fig. 9a shows how the branching factor b € [1,n] of the influence
tree affects performance, where b = 1 corresponds to RFS (hence omitted) and b = n recovers
BMT. Varying b provides an explicit compute-performance trade-off: larger b yields a shallower
tree (smaller depth) and therefore fewer sub-FL models per client to update, reducing the additional
training overhead. Conversely, a smaller b yields deeper trees and higher pre-training cost. On the
performance side, a smaller b tends to yield higher test accuracy because each sub-FL model is
trained on a larger subset of clients (roughly 7 clients at the first level in a balanced tree), which
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better captures clients’ cross-influence on the global model and provides a stronger post-unlearning
initialization. In contrast, the endpoint b = n (BMT) is the most compute-efficient special case but
does not maintain intermediate sub-FL models that capture joint influence, which can lead to weaker
post-unlearning initialization than a smaller b. Overall, the default binary structure (b = 2) offers
the best trade-off in our settings.

Varying Learning Rate. We show the global model performance on MNIST across a range of
learning rates {0.001,0.01,0.05} in Fig. 9b. MMT consistently achieves the fastest convergence
after unlearning, followed by BMT and RFS, regardless of the learning rate. These results demon-
strate the robustness and effectiveness of BMT and MMT across different learning rates.

Varying FL Algorithms. Fig. 9c shows global model performance on MNIST using FedProx (Li
et al., 2020), an alternative FL algorithm designed for non-IID settings, with ;x = 0.1. We observe
the same trend as our experiments with FedAvg (Fig. 1): MMT converges fastest after unlearn-
ing, followed by BMT and RFS. This demonstrates that our proposed approaches are generic and
effective across different FL frameworks.

G.4 COMPARISON WITH APPROXIMATE FEDERATED UNLEARNING ALGORITHMS

In this experiment, we compare the MIA AUC of our proposed algorithms with two recent approx-
imate FU methods, FedOSD (Pan et al., 2025) and FedAU (Gu et al., 2024), on the MNIST and
CIFAR-100 datasets. Table 9 shows that FedOSD and FedAU have high MIA AUC scores, which
deviate significantly from a perfect exact FU algorithms RFS, particularly on CIFAR-100. These
results suggest that the residual influence of unlearned clients remains in the global model after
unlearning with approximate FU algorithms.

Table 9: MIA AUC comparison with approximate FU methods' (averaged across 3 seeds). Unlike
BMT and MMT, MIA AUC for FedOSD and FedAU deviate significantly from RFS, particularly
on CIFAR-100.

Tasks NoUnl. RFS BMT MMT FedOSD' FedAU'

MNIST 0.6094 0.5199 0.5224 0.5318 0.5439 0.5355
CIFAR-100 09319 0.5208 0.5418 0.5169 0.9445 0.9016

Generally, these results highlight a fundamental trade-off in machine unlearning: while approximate
algorithms such as FedOSD and FedAU are appealing due to their lower computational and mem-
ory overhead, they often struggle to guarantee perfect unlearning and compromise the unlearned
clients’ privacy. In contrast, BMT and MMT require additional resources to maintain multiple
model instances, but this overhead is justified by their theoretical guarantees and empirically
demonstrated effectiveness via improved post-unlearning performance and strong defense against
MIA attack. Therefore, we believe that our exact FU algorithms remain essential in scenarios where
strong assurances of unlearning are needed.

G.5 SUPPLEMENTARY EXPERIMENTS

Known Unlearning Order. If the unlearning order is known in advance, e.g., clients can subscribe
to the service for a fixed duration and then leave upon expiration, an optimal MMT structure can be
constructed by placing soon-to-expire clients near the root and greedily building the tree. Fig. 10a
shows that greedy MMT outperforms the balanced MMT, which makes it preferable when the
unlearning order is known.

Non-uniform Unlearning Probabilities. Fig. 10b shows the model performance when the un-
learned client is sampled 100 times with pre-defined non-uniform unlearning probabilities under
different tree construction algorithms. MMT structures based on Shannon-Fano coding and Huff-
man coding visibly outperform the default balanced MMT, with Huffman-MMT achieving slightly
better results than the Shannon-Fano counterpart. These results align with the classical informa-
tion theory results that Huffman coding is more optimal than Shannon-Fano coding for prefix-free
code (Cover & Thomas, 2006).
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Benchmarking against SISA. Adapting the model-agnostic unlearning method SISA (Bourtoule
et al., 2021) to the FL setting, we train an isolated model for each client and remove only the
affected model when a client leaves to achieve exact FU. Unfortunately, we observe that SISA often
performs suboptimally in the presence of non-IID clients in Fig. 10c, which suggests that it is a less
competitive benchmark for exact FU.
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Figure 10: Performance on MNIST for (a) non-uniform unlearning probabilities, (b) known un-
learning order, and (c) benchmarking against SISA unlearning method. Results are averaged across
3 random seeds.

Unlearning Adversarial Clients. In this experiment, we consider a scenario where the server aims
to remove adversarial clients from the federated learning collaboration and undo their impact on the
global model. To simulate adversarial behavior, we corrupt a client’s local data by replacing its
labels with random values. As shown in Fig. 11, all methods benefit from the removal of adversarial
clients, but BMT and MMT consistently outperform RFS, demonstrating greater robustness and
recovery capability in the presence of noisy or malicious data.
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Figure 11: Test accuracy of the global model when unlearning adversarial clients. Results are
averaged across 5 random trials.
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