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Abstract

Federated Learning has emerged as a promising framework for privacy-preserving collabora-
tive model training across decentralised data sources. However, data heterogeneity remains
a major challenge, adversely affecting both the performance and efficiency of FL systems.
To address this issue, we propose CS-pFedTM (Communication-Efficient and Similarity-
based Personalised Federated Learning with Tsetlin Machine), a method that jointly incor-
porates communication-aware resource allocation and heterogeneity-driven personalisation.
CS-pFedTM enforces communication budget constraints through adaptive clause alloca-
tion and tailors personalisation by using similarity between clients’ model parameters as
a proxy for data heterogeneity. To further enhance scalability, the proposed framework
integrates confidence-based aggregation and class-specific weight masking. Extensive ex-
periments show that CS-pFedTM achieves reductions in communication and runtime costs,
with up to 1352x and 210x reductions in upload and download communication respectively,
and at least 1.43x improvements in runtime efficiency, while maintaining performance com-
parable to state-of-the-art personalised FL approaches.

1 Introduction

Federated learning (FL) enables clients to train models locally while sharing only model parameters, thereby
preserving privacy as sensitive data remain on individual devices (McMahan et al.,|2017)). Despite its promise,
FL continues to face two major challenges: data heterogeneity across clients and communication constraints,
both of which limit scalability in real-world systems (Khan et al., |2021). Personalised FL addresses data
heterogeneity by combining locally adapted models with shared global knowledge, which requires balancing
effective personalisation with communication efficiency (Liang et al.l |2020)). While existing methods allow
adaptation at a coarse, pre-specified level, they often do not provide flexible, fine-grained control that
accounts for both communication budgets and the degree of data heterogeneity (Shamsian et al.l [2021}
Gohari et all [2024)). Furthermore, most approaches rely on deep neural networks (DNNs) (Asad et al.
2023; |Lei et all 2020]), which incur high computational and memory costs, limiting their practicality for
resource-constrained edge devices (Almanifi et al.| [2023; Khan et al.| [2021)).

To overcome these limitations, we leverage the low-complexity, rule-based Tsetlin Machine (TM), grounded in
finite-state automata and game theory, as an efficient alternative to DNNs ([Lei et al.,2020;/2021). We propose
CS-pFedTM (Communication-Efficient, Similarity-based Personalised Federated Learning with TM), which
jointly addresses data heterogeneity and communication efficiency. TM clause parameters are observed
to strongly reflect the underlying FL data distribution, motivating heterogeneity-driven personalisation.
Clauses are adaptively allocated according to the communication budget, and weight masking is applied to
handle locally absent classes, jointly optimising performance and efficiency. Experimental results show that
our approach maintains competitive accuracy while significantly improving efficiency.

The main contributions of this work are summarised as follows:

e We propose a novel TM-based FL personalisation scheme in which each client trains both a local and
a global model while communicating only the global model. We also incorporate class-specific weight
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masking to improve flexibility by ignoring irrelevant weights, and confidence-based aggregation to
enhance performance and stability across heterogeneous clients.

o We demonstrate that similarity between clients’ TM parameters reflects underlying data heterogene-
ity and we exploit this property to adaptively allocate local and global clauses: higher heterogeneity
increases the proportion of local clauses to strengthen personalisation, whereas lower heterogeneity
shifts the balance towards global clauses to reinforce shared knowledge.

o We develop a budget-constrained allocation mechanism that adjusts the distribution of local and
global clauses according to communication limits, enabling efficient and adaptive personalisation
under varying communication budgets.

e Through extensive experiments, we show that CS-pFedTM achieves comparable performance to
SOTA personalised FL baselines, while improving efficiency by 15.3 — 1352x and 1.08 — 210x in
upload and download communication, respectively, and by at least 1.43Xx in runtime memory and
1.62x in training latency.

2 Related Work

In FL, data heterogeneity and communication efficiency are recognised as major challenges (Tan et all
2023; |Asad et al., 2023). Techniques such as quantization (Mao et al [2022} Reisizadeh et al., 2019; Honig)
et all 2022)), sparsification (Qiu et al., |2022; Rothchild et al. 2020)), and network pruning (Jiang et al.,
2022; [Li et al), [2021)) have been proposed to reduce communication and computational costs. Alternative
architectures, including Binary Neural Networks (BNNs) (Yang et al., [2021) and Tsetlin Machines (TMs)
(How et al.,2023), have been employed to further reduce model size and memory usage, thereby improving
efficiency.

Beyond efficiency, significant progress has been achieved in addressing data heterogeneity in FL (Imteaj et al.|
2022; Tan et al., [2023; Fallah et al., [2020)). Approaches such as multi-task learning (Dinh et al., |2020; Smith|
et al 2017) couple client-specific models with a global representation, while meta-learning (Fallah et al.

2020; [Jiang et al., [2023)) enables rapid local adaptation. Clustering (Sattler et al., 2021) has been used to
group similar clients, and knowledge distillation (Li & Wang, 2019) transfers knowledge via teacher—student
frameworks. Personalisation via latent distribution modelling (Marfoq et al., 2021} [Mclaughlin & Sul 2024)
has been employed to explicitly capture data variability, balancing local flexibility with global generalisation.

A complementary line of work has sought to simultaneously address personalisation and communication
efficiency. Parameter decoupling methods, such as LG-FedAvg, FedRep, FedBABU, FedPer, and FedPAC
(Liang et al., [2020; |Collins et al., 2023; |Oh et al., 2022; |Arivazhagan et al., 2019; Xu et al., 2023), separate
client-specific and global components but remain coarse-grained and fixed. FedSelect (Tamirisa et al., 2024)),
inspired by the Lottery Ticket Hypothesis, discovers fine-grained subnetworks via parameter masks, though
fairness concerns arise, as non-selected clients do not benefit from aggregation. Similarly, sparsification-based
personalisation methods such as DisPFL, a decentralised FL approach, prune dynamically to exchange only
active weights between clients 2022)), and SpaFL communicates only trainable thresholds, reducing
communication by two orders of magnitude (Kim et al., 2024) . While effective, these approaches continue
to impose structural constraints and do not adaptively allocate shared versus local parameters according to
client heterogeneity.

TM-based FL methods, such as FedTM (How et al.,|[2023)) and FedTMOS (How et al., 2025]), have been em-
ployed. However, FedTM does not address data heterogeneity, whereas FedTMOS targets one-shot FL. The

more recent Tsetlin-Personalized Federated Learning (TPFL) (Gohari et al., [2024) introduces personalisa-
tion via confidence-based clustering, whereby clients within clusters that share similar class-wise confidence
profiles are aggregated. Although TPFL incorporates a degree of personalisation, adaptive adjustment of
the balance between local and global TM components is not performed, nor are communication constraints
taken into account during the personalisation process.
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3 Background

3.1 Tsetlin Machine

Tsetlin Machine (TM) is a machine learning algorithm in which propositional logic is employed to capture
frequent patterns. It is operated using Tsetlin Automata (TA) arranged in teams, with discriminative
conjunctive clauses being constructed and a majority voting mechanism being utilised for final classification
(Granmo, 2021)).

3.1.1 Tsetlin Machine Structure

The structure of a TM is based on two-action TAs and is grounded in reinforcement learning principles.

Consider an input vector of o propositional variables, x = {x1,...,2,} € {0,1}°. Together with their negated
counterparts, {—x1,...,x,}, these variables form the literal set

Lz{ll,...,lgo}:{.131,...,])0,_\.1317...,_\.%‘0}.

The structure of each conjunctive clause Cj(x), indexed by j, is determined by selecting literals through a
team of 20 TAs. Each clause is formed by applying the logical AND operation to a subset L; C L:

Cj(x): /\ lk

lkELj

For a TM with n clauses, a total of 20-n TAs are employed. Each TA decides whether the associated literal is
to be included in or excluded from the conjunctive clause, thereby collectively defining the clause structure.

3.1.2 Tsetlin Machine Learning Mechanism

Learning in the TM is initiated by converting the training data into boolean form, thereby enabling the
construction of conjunctive clauses from literals, which consist of input variables and their negations. For a
TM with n clauses, n/2 positive clauses are designated to identify class y = 1, and n/2 negative clauses are
designated to identify class y = 0. Training is conducted online, processing one example (x,y) at a time.

Given an example (x,y), the TAs are adjusted through two types of feedback, which determine whether
literals are to be included in clauses that contribute to a particular class. Type I Feedback reinforces
clauses associated with the correct class, increasing the likelihood of outputting 1, whereas Type II Feedback
suppresses clauses that would otherwise produce false positives. Feedback is applied to a randomly selected
subset of clauses, controlled by the hyperparameter T', such that the sum

n/2 n
() =3 CI— 3 ¢k
j=1 j=n/2+1

approaches —T for y = 0 and T for y = 1. The sum is clamped, and the probabilities of feedback are
proportional to the difference between the clamped sum

¢(x) = clamp(s(x), =T,T)

and the target:
T+ .
72;("), ify=0

py(x) = Celx (1)
Toex) iy =1

The randomized clause selection ensures a diverse distribution of feedback, preventing clustering on specific
patterns and promoting recognition of various sub-patterns. Consequently, the TM progressively refines
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clause evaluations over successive training iterations, adapting to class-specific objectives and enhancing
pattern recognition capabilities.

Weighted Tsetlin Machine: In the weighted TM, positive real-valued weights are assigned to individual
clauses, enabling a more concise representation of the clause collection. By adjusting these weights, the
influence of particular clauses on the final decision can be controlled, resulting in a real-valued sum within
the TM (Phoulady et al., 2020):

n/2 n
s(x) = ijCj(x) - Z w; CF (x).
j=1 j=n/2+1

Multi-Class Tsetlin Machine: For classification, a unit step function is applied to the sum s(x), producing
y = 0 if the sum is negative and y = 1 otherwise. In multi-class scenarios, each class m € {1,..., M} is
associated with a dedicated TA team. For an example (x,y = k), the TA teams corresponding to class k
are trained with y = 1, while a randomly selected class [ # k is trained with y = 0. The predicted class is
determined by selecting the class with the largest weighted sum:

n/2

n
() = arg _ max s™(x) = arg | max Z w e (x) — Z w; O (%) ] (2)
T T Jj=1 j=n/2+1

Convolutional Tsetlin Machine (CTM): Inspired by convolutional operations in deep neural networks,
the CTM utilises filters with spatial dimensions W x W and Z binary layers. An image of size X x Y with
Z binary layers is represented as an input vector x = {z} | k € {0,1}¥*Y*Z} Clauses act as filters, each
comprising X x Y x Z x 2 literals (Granmo et all 2019). For an image containing B patches, each clause
outputs B values, one per patch, which are then consolidated via a logical OR:

During training, a single patch is randomly selected from those contributing to a clause evaluating to 1, and
feedback is applied based on this patch, following the standard Type I and Type II feedback rules.

TM Composites: TM Composites (Granmo, [2023)) involve multiple independently trained TMs. Rather
than using the argmax of a single sum, class sums s*(x) are computed for each TM ¢t € {1,...,r} and
normalised by

0 = max(s7" (x)) — min (s} (x).

The final predicted class is obtained by

ensuring that contributions from all constituent TMs are appropriately weighted and combined.

3.2 FedTM: Federated Learning with Tsetlin Machine

FedTM represents the first FL framework in which the TM is employed to jointly optimise communication
efficiency and memory usage. Unlike FL frameworks based on DNNs, where weight aggregation typically
consists of a straightforward weighted averaging of integer weights, a distinctive two-step aggregation scheme
is adopted in FedTM (How et al., |2023)), reflecting the unique structure of the TM described in Section

In the first step, the TopK algorithm is used for bit-level aggregation of the TA states. For each class,
K clients with the highest number of local samples are aggregated. In the second step, the AverageCW
method is applied to compute the average of the integer clause weights, weighted according to the total
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sample size of each client’s local data. Previous and current parameters are aggregated as a weighted sum,
with the current parameters scaled by § and the previous parameters by (1 —¢), preserving information from
integer components of the TM.

While this approach performs well under IID conditions, it does not adequately address the challenges posed
by data heterogeneity, similar to the limitations observed in FedAvg (Arivazhagan et al.l [2019). The full

algorithm is provided in Appendix

4 Methodology

Before the full method is introduced, the personalisation scheme underlying CS-pFedTM is first presented.
This scheme addresses limitations in FedTM for handling data heterogeneity (How et al.,2023). Building on
this foundation, CS-pFedTM adapts global and local clause allocations according to data heterogeneity and
communication constraints, thereby achieving a balanced trade-off between personalisation and efficiency.

4.1 Personalisation

The proposed personalisation strategy enhances the adaptability of each client’s model to its local data while
still leveraging shared global knowledge. Each client maintains two independent TMs: a local TM, trained
exclusively on its own data to capture client-specific patterns, and a global TM, trained on the same local
data but whose parameters are uploaded to the server for aggregation. During each communication round,
only the global TM parameters of participating clients are sent to the server. After aggregation, the server
broadcasts the updated global TM to all clients.

At the client side, the outputs of the local and global TMs are combined using Equation Further per-
sonalisation is achieved through class-specific weight masking, where weights corresponding to classes not
observed locally are set to zero, enabling rapid adaptation if such classes are encountered in future rounds.
These mechanisms collectively support effective personalisation under heterogeneous data distributions.

4.2 Effect of Data Heterogeneity on Personalisation

Although the described personalisation framework enables clients to adapt effectively to heterogeneous data,
the allocation of clauses between local and global components has a direct influence on both performance
and efficiency. As illustrated in Figure[I] accuracy declines when the local fraction is too small, as insufficient
clauses are available to support effective personalisation, while allocating almost all clauses locally also leads
to suboptimal performance due to reduced sharing of global structure. Clients with highly heterogeneous
data therefore benefit from a larger proportion of local clauses, whereas clients with less heterogeneous
data can rely more on global clauses. At the same time, communication constraints limit the amount of
information that can be exchanged during each round.

The central challenge, therefore, is to determine an allocation of local and global clauses that maximises
performance while adhering to communication budgets, without requiring clients to disclose explicit metadata
about their data distributions. These observations indicate that no fixed allocation is optimal across all
heterogeneity regimes, motivating the development of CS-pFedTM, a communication-efficient personalisation
framework in which the local-global clause ratio is adaptively adjusted based on data heterogeneity.

4.3 Exploring the Connection Between Trained Parameters and Distribution Distances

TMs are sensitive to underlying data distributions owing to their stochastic clause-update mechanism.
Clauses are selected for updates at random, and Type I feedback applies randomly sampled rewards and
penalties (Granmo, [2021)). As a result, clauses associated with frequently occurring patterns are reinforced
more often, whereas those corresponding to infrequent patterns receive fewer updates. The learned clause
sets therefore implicitly encode the statistical characteristics of the training data.
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Figure 1: Effect of the local clause fraction on performance. The peak performance is observed to shift
towards higher local fractions as data heterogeneity increases.

Each client produces TM parameters shaped by its local data distribution. In FL, the similarity between
clients’ parameters reflect the heterogeneity of their data, and can be exploited to guide heterogeneity-driven
personalisation.

4.3.1 Distributional Distance and Parameter Similarity

Parameter similarity across clients inversely reflects data heterogeneity: lower similarity is observed for
clients with highly heterogeneous data, whereas higher similarity occurs when client distributions are more
closely aligned.

Let W(qa,qp) denote the Wasserstein distance between two data distributions, and J(S4, Sg) the Jaccard
similarity between their trained TM parameters, quantifying the overlap of active clauses between models
trained on different distributions.

Corollary 1 (Inverse Relation Between Distribution Divergence and Clause Overlap) Let g4
and qp be two class distributions, and let S4 and Sp be the corresponding trained TM states (sets of
clauses). Then:

W(qa,qg) — smaller = J(Sa,Sp) — larger,
indicating that lower distributional divergence corresponds to higher parameter similarity.

Intuitively, when similar data distributions are held by two clients, the stochastic clause updates in each
TM are more likely to reinforce the same clauses. As a result, a larger overlap is induced, leading to higher
Jaccard similarity. A formal analysis is provided in Appendix

4.3.2 Inferring Data Heterogeneity from Parameters

Empirical results (Figure[2) indicate that the Jaccard similarity of the clients’ learned parameters, J (clients),
is strongly positively correlated with the similarity between the clients’ parameters and those learned from the
true label distribution, J (true). Across datasets, fitting a decreasing exponential function yields an average
goodness-of-fit R? of 0.93. While linear fits give comparable R? values, the exponential form is preferred as
it captures the expected saturation behaviour and avoids unrealistic extrapolation. This bounded mapping
is well-suited for guiding similarity-driven clause allocation without access to client metadata.
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Figure 2: (a) Strong positive correlation and consistent trend between J(true) and J(clients). (b) The
relationship between W (true) and J(clients) is well captured by a decreasing exponential model, achieving
high R? values across datasets.

4.4 Communication-Aware Clause Allocation

A communication-aware allocation mechanism is introduced to address personalisation under communication
constraints. Given a communication budget 7, which specifies the maximum number of megabytes that each
client is permitted to communicate per round, the reference TM is first used to estimate the per-clause
communication footprint, including both clause weights and TA states. This estimation enables the abstract
budget 7 to be translated into a concrete limit on the number of clauses that can be shared globally without
exceeding the permitted communication cost.

On the basis of this limit, min_frac is computed, representing the minimum fraction of clauses that must
remain local. This ensures that each client retains a sufficient number of locally trained clauses while re-
maining within the communication budget, yet still benefits from global aggregation. By enforcing this
budget-driven lower bound, the mechanism prevents infeasible allocations, preserves fairness across hetero-
geneous clients, and establishes a stable foundation for the similarity-driven personalisation step, which
subsequently allocates clauses adaptively according to data heterogeneity.

4.4.1 Similarity-Driven Personalisation

Within the communication limit established by the budget, clause allocation is further adapted on the
basis of data heterogeneity. As illustrated in Figure [1} higher heterogeneity (W (true)) is associated with
improved performance when a larger fraction of clauses is kept local. Because W (true) is not observable
in FL, it is approximated using J(clients), the average similarity between clients’ trained TM parameters.
From Figure [2] which shows a strong inverse relationship between 7 (clients) and W (true): as client data
distributions deviate further from the system-wide distribution, their learned parameters become less similar.

This relationship is modelled in a stable and generalisable manner using a decreasing exponential function
that captures the observed trend without relying on dataset-specific fitted coefficients, naturally reflecting
the diminishing effect of increasing parameter similarity as shown in Figure When clients exhibit high
heterogeneity (low similarity between parameters), the exponential term becomes large, leading to a higher
allocation of local clauses and thereby strengthening personalisation. Conversely, when clients display low
heterogeneity (high similarity between parameters), the exponential term decays rapidly, reducing the local
fraction and shifting emphasis toward shared global knowledge. This formulation ensures that small dif-
ferences in similarity among highly heterogeneous clients produce proportionally significant changes in the
allocation, whereas clients that are already similar are quickly guided towards increased global aggregation.

To guarantee that the allocation adheres to the communication budget, the constant

¢ =1In(1/min_frac)
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is introduced, ensuring that
exp(—c - J(clients)) > min_frac.

The resulting local fraction is therefore defined as:

local_frac = exp( — c¢- J(clients)).

The corresponding numbers of local and global clauses are then given by:

Nlocal = I_nclauses : 1oca1_fraCJ y Nglobal = Tlclauses — Mlocal-

4.5 Modified Global Aggregation Scheme

To improve robustness under data heterogeneity, two modifications to the aggregation strategy used in
FedTM are introduced: a confidence-based state aggregation scheme, referred to as TopKcont, and a clause
weight aggregation scheme, denoted as AverageCWca .

In TMs, prolonged training over multiple rounds can cause clause votes to saturate towards the feedback
threshold 7', limiting adaptability and incorporating parameters from previous rounds via AverageCW has
also been observed to propagate errors under highly non-IID data (How et all |2023). In the personalised
setting, where class-specific masking is applied, only the current-round global parameters are relevant for
each client. Therefore, aggregation has been simplified, with the scaling factor § applied exclusively to the
current-round global parameters:

J
Wilm) 8 | o7 10, Wi 8

This modification, AverageCW ¢4, stabilises aggregation, prevents the propagation of errors across rounds,
and aligns with the personalised objective of CS-pFedTM.

To protect client data, a confidence-based aggregation strategy, TopKcont, is employed instead of sample-
based TopK aggregation, which could risk meta-data leakage. For each class, the top K clients with the
highest model confidence are selected to update the global model. Using actual model confidence is preferred
over local sample counts, which can bias selection towards clients with larger datasets irrespective of the
quality of their models. For client j, confidence is computed as:

s m _ . , ‘ ’
Confidence;[m] « 1 E 1 E s (%) — minwep, s¢(x’) (5)
T
=1

|Dj| o5 maXxep, s¢(x') — miny e p, s1(x')
J

where | D;| is the number of local samples, [m| denotes the class, and r is the number of TMs in the ensemble.
Since each model outputs votes, this serves as a confidence score that enables the server to reliably identify
the most confident clients without sharing raw samples or other meta-data, thereby improving the quality
of aggregation while preserving fairness across clients.

4.6 Algorithm Overview

CS-pFedTM begins with a reference round in which clients train a small reference TM and upload their
parameters to the server. These reference parameters serve two purposes: estimating communication costs
per clause for download budgeting, and computing pairwise client parameter similarity to measure data
heterogeneity. Based on this similarity, the server allocates local and global clauses: higher heterogeneity
increases local clauses to strengthen personalisation, whereas lower heterogeneity favours global clauses for
knowledge sharing.
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In subsequent rounds, clients are randomly sampled for participation. Only the model states of the top-
confidence clients are uploaded, determined by their local output confidence. After aggregation, the server
broadcasts the updated global model to all clients.

Algorithm [T] summarises the full approach.

Algorithm 1 CS-pFedTM: Communication-Efficient and Similarity-Based Personalised FL with
T™M
Input: Total number of clients N., total communication rounds 7', number of clauses per client n¢lauses,
communication budget 7
for round t =0,1,...,7 do
The server randomly samples N; clients, C;
if t == 0 then
Clients train a small reference TM and upload their state parameters
min_frac < compute__min_ frac
JSclients ¢ compute_ _client__similarity

local_frac < exp ( —In(1/min_frac) - JSCHentS)

Local and global clauses are assigned as:

Nocal = \_nclauses : 1oca1_fracj, Nglobal = Tclauses — Mlocal

for each client n € C; do
The client trains a local model L™ and a global model G™
L™, G™ + mask__weights(L"), mask__weights(G")
The client uploads global parameters G™ to the server
G, <+ aggregate__global__models
Clients download the global TM, G,
return Personalised TMs for each client: TM™ € {G¢, L™}, combined using Equation

5 Experiments

Benchmark Datasets: We performed experiments on five image datasets commonly featured in the FL
literature: SVHN (Netzer et al., [2011)), EMNIST (Cohen et al., [2017)), CIFAR-10, CIFAR-100 (Krizhevsky,
2009) and Tiny-ImageNet (Le & Yang, [2015)).

Baseline Methods: To ensure a fair comparison, several parameter—decoupling personalisation approaches
are evaluated alongside CS-pFedTM. FedAvg is used as the standard FL benchmark (McMahan et al., [2017)),
while FedAvg++ incorporates local fine-tuning (Jiang et all [2023). pFedFDA addresses the bias-variance
trade-off through generative classifiers and feature distribution adaptation (Mclaughlin & Su, [2024). FedPAC
aligns local and global feature representations via a regularisation term (Xu et al.,|2023)). FedRep and FedPer
communicate only the base layers, with classifier heads or the full model retrained locally for personalisation
(Collins et al. 2023} |Arivazhagan et all 2019). LG-FedAvg transmits only the global classifier and linearly
combines local and global layers (Liang et al.|2020) and FedSelect personalises subnetworks through selective
masking (Tamirisa et all [2024). TM-based FL baselines are also considered. FedTM serves as a baseline
TM-based FL approach, which does not explicitly address data heterogeneity (How et al., 2023), whereas
TPFL addresses heterogeneity via confidence-based client clustering (Gohari et al., [2024)).

FL Configuration: Following standard practice (Hsu et al., 2019; Jiang et al, 2023} Mclaughlin & Sul,
2024), data heterogeneity is simulated using a Dirichlet parameter o € {0.1,0.05}. Across 100 clients, a
participation rate of 0.3 is used: only the selected clients train on their local models and upload their updates
to the server, while the server broadcasts the aggregated model to all clients. Unless stated otherwise, each
client trains for one local epoch per round, and the highest average personalised accuracy of all clients after
100 rounds is reported, averaged over three runs. Communication cost is measured as the total number of
parameters uploaded and downloaded per round. Personalised accuracy is averaged across all clients, with
full-participation results also reported for completeness.
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Model Configuration: A 2-layer CNN (Xu et all 2023) is used for the image datasets, with training
performed using a batch size of 128 (Liang et all |2020). Parameter tuning is carried out for all baseline
models to ensure a fair comparison. In particular, when a learning rate is not specified in the original paper,
values in the range [0.01,0.05,0.1] are tuned. FedTM and CS-pFedTM employ CTMs, whereas TPFL uses a
Coalesced TM (Glimsdal & Granmo, 2021)). To ensure a fair comparison, the static model size of CTM and
CoTM is matched. Since TPFL’s CoTM reduces static model size by coalescing clauses across classes, this
matching requires CoTM to employ a larger number of clauses. The download budget, 7, for CS-pFedTM
is set to match that of the most download-efficient baseline, thereby providing comparable communication
conditions.

5.1 Performance

Table 1: Performance under data heterogeneity with upload/download communication costs (CC) per round
in MB for SVHN, EMNIST, and Tiny-ImageNet.

SVHN EMNIST Tiny-ImageNet
Dir(0.05) Dir(0.1) Dir(0.05) Dir(0.1) Dir(0.05) Dir(0.1)
Acc CcC Acc CC Acc CcC Acc [¢]¢] Acc CcC Acc CcC

FedAvg 29.16414.42 13/43 53.8442.71 13/43 71.414+4.30 15/50 56.314+2.73 15/50 1.50£0.09 16/53 1.48+0.05 16/53
FedAvg++ | 80.08+2.21 " 71.0543.50 ! 72.714+0.85 " 74.5440.32 ! 19.4242.32 ! 14.7942.40 !
pFedFDA | 81.28+2.77 " 70.58+3.87 ! 95.73+0.14 ! 94.2640.20 ! 28.03+0.89 ! 23.2240.74 !

FedPAC 83.03+2.06 ! 82.96+1.79 ! 95.77+0.50 14/46 94.28+0.17 14/46 28.60+0.36 13/43 21.59+0.32 13/43

FedRep 80.81+3.13 ! 81.33+2.53 ! 78.124+0.17 ! 78.184+0.32 ! 27.47+0.84 ! 20.77+0.57 !

FedPer 83.274+2.00 76.124+1.29 ! 94.37+1.00 ! 92.68+0.37 26.27+0.44 ! 19.8940.50

LG-FedAvg | 84.2041.96 0.67/1.0 78.95+1.01 0.67/1.0 75.8040.52 4.2/6.4 75.69+0.08 4.2/6.4 22.62+1.26 13/20 15.5440.33 13/20
FedSelect | 77.56+2.00  8.38/28.6 66.64+2.08  8.32/28.5 | 95.114+0.20 9.65/32.8 | 92.35+0.55  9.59/32.7 | 28.33+£0.80 10.3/34.9 | 20.63+0.52  10.3/35
TPFL 89.45+2.48  0.19/0.63 83.43+0.50  0.19/0.63 | 94.534+0.70  0.20/0.67 | 90.99+1.85 0.20/0.67 | 29.04+0.47 0.076/0.25| 23.19+0.32 0.076/0.25
FedTM 25.89+4.85 0.33/12 8.30£0.09 0.33/12 8.93+£2.94 1.4/48 6.80£0.26 1.4/48 0.48+0.01 1.4/53 0.73£0.32 1.4/53

CS-pFedTM | 89.59:+0.95 0.0058/0.12|83.67-+0.68 0.0077/0.16| 94.36+0.40 0.012/0.25| 91.08+0.09 0.024/0.50 |29.24+0.64 0.04/0.88 |23.91+0.32 0.04/0.88

Table 2: Performance under data heterogeneity with upload/download communication costs (CC) per round
in MB for CIFAR-10 and CIFAR-100.

CIFAR-10 CIFAR-100
Dir(0.05) Dir(0.1) Dir(0.05) Dir(0.1)
Acc CC Acc CC Acc CcC Acc CC
FedAvg 31.23+£0.82 13/43 32.99+0.46 13/43 6.5840.04 14/48 6.82+0.15 14/48
FedAvg++ | 79.1242.75 ! 67.4142.33 " 43.2040.26 ! 34.57+£0.91 !
pFedFDA | 85.60+1.71 ! 77.05+0.78 " 47.03+1.25 ! 38.47+£1.91 !
FedPAC 85.28+1.37 ! 79.17+0.75 " 45.46+0.60 ! 37.11+0.70 !
FedRep 86.43+1.45 ! 79.48+1.23 " 44.4441.56 ! 38.01£1.53 !
FedPer 83.76+£1.63 ! 76.13+1.29 " 43.0240.54 ! 34.66+0.82 !
LG-FedAvg | 84.2241.60 0.67/1.0 75.56+£0.52 0.67/1.0 37.88+£1.02 6.7/10 29.07+0.74 6.7/10
FedSelect 83.29+0.27 8.34/28.5 76.19+£0.92 8.37/28.5 41.6740.61 9.24/31.7 30.94+0.44 9.24/31.6
TPFL 86.86+1.98 0.13/0.43 79.28+1.26 0.13/0.43 47.124+1.11 0.12/0.41 37.17+£0.47 0.12/0.41
FedTM 26.71£0.12 0.37/15 13.934+5.10 0.37/15 1.00+0.01 1.3/46 1.02+0.01 1.3/46
CS-pFedTM | 86.924+1.18 0.004/0.09 79.611+1.58 0.006/0.13 48.09+0.28 0.028/0.44 38.85+0.35 0.014/0.35

CS-pFedTM achieves accuracy comparable to SOTA personalised FL. methods across all heterogeneous set-
tings. It consistently outperforms TM-based FL baselines, namely FedTM and TPFL, with average accuracy
improvements of 57.2% and 0.54%, respectively. However, with the same number of clauses, CS-pFedTM
outperforms TPFL by 3.99% on average as reported in Appendix In addition, CS-pFedTM is evaluated
against sparsification-based personalisation methods. Since DisPFL operates in a decentralised setting and
SpaFL relies on larger CNN architectures to enable pruning, these comparisons are reported separately in
Appendix [A74.6] where CS-pFedTM demonstrates improved efficiency and performance.
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Table 3: Average memory storage (MS) and run-time memory (RTM) in MB, and training latency (L) in
seconds on each client.

SVHN EMNIST CIFAR-10 CIFAR-100 Tiny-ImageNet
MS RIM L MS RTM L MS RIM L MS RTM L MS RIM L
CNN | 043 101 148 | 0.50 50.6 3.82 | 043 111 1.52 | 048 118 147 | 0.53 144 3.23
CoTM | 0.12 252 4.88 | 0.48 750 243 | 0.09 328 6.4 0.46 345 9.19 | 0.53 57.6 21.9
CTM | 0.12 22.1 0.70 | 0.48 47.6 3.50 | 0.09 19.1 0.6 0.46 25.7 1.24 | 0.53 42.5 2.45

o I

W

5.2 Communication Costs

Communication costs, especially upload costs, are a major bottleneck in FL, particularly for edge devices
with limited bandwidth (Asad et al.| |2023). As shown in Tables [l and [2| CS-pFedTM achieves the lowest
overall communication cost among all evaluated methods. This reduction is primarily driven by its design,
in which clients upload only the subset of global parameters allocated according to estimated heterogeneity
and communication budgets, rather than the full model. In addition, the bit-based CTM representation
further reduces communication overhead compared to full-precision CNNs (Lei et al., |2020).

As a result, CS-pFedTM achieves 63.8x and 110x lower upload and download communication costs than
FedTM, respectively. On average, CS-pFedTM is 71.8x more upload-efficient and 105x more download-
efficient than LG-FedAvg, and 871x and 139x more efficient than FedSelect in terms of upload and download
communication. Although FedTM incurs lower upload costs than LG-FedAvg, its download efficiency remains
comparatively weaker. While FedPAC achieves higher accuracy than CS-pFedTM on EMNIST, CS-pFedTM
remains, on average, 1352 x more upload-efficient and 206 x more download-efficient. Furthermore, compared
with TPFL, which exchanges class-conditioned clause subsets, CS-pFedTM reduces upload and download
communication by 15.3x and 2.3x, respectively.

Overall, these results demonstrate that CS-pFedTM provides the most communication-efficient solution
among all baselines, making it particularly well suited for bandwidth-constrained FL deployments.

5.3 Efficiency Analysis

Run-time memory usage, latency, and model storage were evaluated for all TM variants and CNNs. As
shown in Table [3] CTMs and CoTMs are more storage-efficient than CNNs, requiring 2.29x less storage on
average, while CTMs further achieve 3.88x lower run-time memory usage.

To enable a fair comparison with CS-pFedTM, TPFL, which uses the more compact CoTM representation,
was evaluated under a matched static storage budget. Specifically, the number of clauses in CoTM was
adjusted so that its static storage matches that of CTM. While this equalises static memory, it does not
guarantee identical run-time behaviour. CoTM achieves its storage savings by coalescing clauses across
classes, which requires a larger total number of clauses to preserve representational capacity and this increases
the computational cost during both inference and training. Despite having matched static storage, CoTM
exhibits higher run-time memory usage and longer latency, with increases of up to 1.43x in run-time memory
and 8.11x in latency compared to CTM. Furthermore, when CoTM and CTM have the same total number
of clauses, CTM still remains more efficient at run-time than CoTM as reported in Appendix This
highlights that CTM offers more favourable run-time efficiency compared to CoTM.

5.4 Effect of Heterogeneity

To analyse the impact of heterogeneity, the number of classes per client in CIFAR-10 was varied, with
fewer classes indicating higher heterogeneity. As shown in Figure [3] CS-pFedTM achieves the largest gains
under highly heterogeneous settings, although its advantage decreases slightly as heterogeneity is reduced.
It consistently outperforms communication-efficient baselines such as LG-FedAvg, TPFL and FedSelect.

11



Under review as submission to TMLR

FedAvg
FedAvg++
FedTM
pFedFDA
TPFL
FedPer
FedRep
FedPAC
LG-FedAvg
FedSelect
CS-pFedTM
CS-pFedTM (higher budget)

80

[*)]
o

Accuracy
5
o

N
o

3 4
Number of Classes on each Client

Figure 3: Performance of the algorithms on varying heterogeneity.

Similar to CNN-based approaches, stronger performance under lower heterogeneity typically requires a larger
proportion of shared global parameters, a trend that is also exhibited by CS-pFedTM.

For the higher-budget setting, CS-pFedTM was constrained to match the maximum communication cost used
by competing methods; even under this constraint, it incurred substantially lower costs while narrowing the
performance gap. Part of the remaining gap is attributed to the fact that TMs are generally less robust
than CNNs ; however, CS-pFedTM remains the strongest TM-based FL. method across all
heterogeneity levels. Moreover, recent advances in TM architectures, such as GraphTM, indicate promising
directions for further improvements in robustness and representational capacity (Granmo et al., [2025)).

6 Conclusions

We presented CS-pFedTM, which introduces a personalised FL framework with TMs that unifies global
knowledge sharing with client-specific adaptation through a clause similarity mechanism. The key insight
underpinning this approach is that the similarity between TM parameters reflects the heterogeneity of lo-
cal data distributions. Clients with similar local distributions exhibit similar parameter patterns, whereas
heterogeneous clients display more divergent patterns. By exploiting this relationship, clauses are allocated
according to parameter similarity, and subjected to communication budgets, ensuring that clients receive
a personalised model well-suited to their data while retaining knowledge shared across the global model.
CS-pFedTM achieves substantial reductions in resource usage, including up to 1352x lower upload commu-
nication, 210x lower download communication, 3.88x lower runtime memory consumption, and 8.11x lower
training latency, without compromising performance. These findings highlight that heterogeneity-driven per-
sonalisation not only provides an efficient and scalable approach for TM-based FL but also opens avenues for
future research, including dynamic clause adaptation, resource-aware personalisation, and robust handling
of client heterogeneity in real-world deployments.

References

Omair Rashed Abdulwareth Almanifi, Chee-Onn Chow, Mau-Luen Tham, Joon Huang Chuah, and Jeevan
Kanesan. Communication and computation efficiency in Federated Learning: A survey. Internet of
Things, 22:100742, 2023. ISSN 2542-6605. doi: https://doi.org/10.1016/j.i0t.2023.100742. URL https:
//www.sciencedirect.com/science/article/pii/S2542660523000653.

Manoj Ghuhan Arivazhagan, Vinay Aggarwal, Aaditya Kumar Singh, and Sunav Choudhary. Federated
Learning with Personalization Layers, 2019.

12


https://www.sciencedirect.com/science/article/pii/S2542660523000653
https://www.sciencedirect.com/science/article/pii/S2542660523000653

Under review as submission to TMLR

Muhammad Asad, Saima Shaukat, Dou Hu, Zekun Wang, Ehsan Javanmardi, Jin Nakazato, and Manabu
Tsukada. Limitations and Future Aspects of Communication Costs in Federated Learning: A Survey.
Sensors, 23(17), 2023. ISSN 1424-8220. doi: 10.3390/s23177358.

Gregory Cohen, Saeed Afshar, Jonathan Tapson, and André van Schaik. EMNIST: Extending MNIST to
handwritten letters. In 2017 International Joint Conference on Neural Networks (IJCNN), pp. 2921-2926,
2017. doi: 10.1109/TJCNN.2017.7966217.

Liam Collins, Hamed Hassani, Aryan Mokhtari, and Sanjay Shakkottai. Exploiting Shared Representations
for Personalized Federated Learning, 2023.

Luciano da F. Costa. Further Generalizations of the Jaccard Index, 2021.

Rong Dai, Li Shen, Fengxiang He, Xinmei Tian, and Dacheng Tao. DisPFL: Towards Communication-
Efficient Personalized Federated Learning via Decentralized Sparse Training. In Proceedings of the 39th
International Conference on Machine Learning, volume 162 of Proceedings of Machine Learning Research,
pp. 45687-4604. PMLR, 17-23 Jul 2022. URL https://proceedings.mlr.press/v162/dai22b.html.

Canh T. Dinh, Nguyen H. Tran, and Tuan Dung Nguyen. Personalized federated learning with moreau
envelopes. In Proceedings of the 34th International Conference on Neural Information Processing Systems,
NIPS 20, 2020. ISBN 9781713829546.

Alireza Fallah, Aryan Mokhtari, and Asuman Ozdaglar. Personalized Federated Learning with Theoretical
Guarantees: A Model-Agnostic Meta-Learning Approach. In Advances in Neural Information Process-
ing Systems, volume 33, pp. 3557-3568, 2020. URL https://proceedings.neurips.cc/paper_files/
paper/2020/file/24389bfedfe2eba8bf9aad203a44cdad-Paper . pdfl

Sondre Glimsdal and Ole-Christoffer Granmo. Coalesced Multi-Output Tsetlin Machines with Clause Shar-
ing, 2021.

Rasoul Jafari Gohari, Laya Aliahmadipour, and Ezat Valipour. TPFL: Tsetlin-Personalized Federated Learn-
ing with Confidence-Based Clustering, 2024. URL https://arxiv.org/abs/2409.10392.

Ole-Christoffer Granmo. The Tsetlin Machine — A Game Theoretic Bandit Driven Approach to Optimal
Pattern Recognition with Propositional Logic, 2021. URL https://arxiv.org/abs/1804.01508.

Ole-Christoffer Granmo. TMComposites: Plug-and-Play Collaboration Between Specialized Tsetlin Ma-
chines, 2023.

Ole-Christoffer Granmo, Sondre Glimsdal, Lei Jiao, Morten Goodwin, Christian W. Omlin, and Geir Thore
Berge. The Convolutional Tsetlin Machine, 2019. URL https://arxiv.org/abs/1905.09688|

Ole-Christoffer Granmo, Youmna Abdelwahab, Per-Arne Andersen, Paul F. A. Clarke, Kunal Dumbre, Ylva
Grgnninsaeter, Vojtech Halenka, Runar Helin, Lei Jiao, Ahmed Khalid, Rebekka Omslandseter, Rupsa
Saha, Mayur Shende, and Xuan Zhang. The Tsetlin Machine Goes Deep: Logical Learning and Reasoning
With Graphs, 2025. URL https://arxiv.org/abs/2507.14874l

Robert Hoénig, Yiren Zhao, and Robert Mullins. DAdaQuant: Doubly-adaptive quantization for
communication-efficient federated learning. In Proceedings of the 39th International Conference on Ma-
chine Learning, volume 162. PMLR, 2022. URL https://proceedings.mlr.press/v162/honig22a.
htmll

Shannon Shi Qi How, Jagmohan Chauhan, Geoff V. Merrett, and Jonathon Hare. FedTM: Memory and
Communication Efficient Federated Learning with Tsetlin Machine. In 2028 International Symposium on
the Tsetlin Machine (ISTM), 2023.

Shannon Shi Qi How, Jagmohan Chauhan, Geoff V. Merrett, and Jonathon Hare. FedTMOS: Efficient One-
Shot Federated Learning with Tsetlin Machine. In The Thirteenth International Conference on Learning
Representations, 2025. URL https://openreview.net/forum?id=44hcrfzydu.

13


https://proceedings.mlr.press/v162/dai22b.html
https://proceedings.neurips.cc/paper_files/paper/2020/file/24389bfe4fe2eba8bf9aa9203a44cdad-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2020/file/24389bfe4fe2eba8bf9aa9203a44cdad-Paper.pdf
https://arxiv.org/abs/2409.10392
https://arxiv.org/abs/1804.01508
https://arxiv.org/abs/1905.09688
https://arxiv.org/abs/2507.14874
https://proceedings.mlr.press/v162/honig22a.html
https://proceedings.mlr.press/v162/honig22a.html
https://openreview.net/forum?id=44hcrfzydU

Under review as submission to TMLR

Andrew Howard, Mark Sandler, Grace Chu, Liang-Chieh Chen, Bo Chen, Mingxing Tan, Weijun Wang,
Yukun Zhu, Ruoming Pang, Vijay Vasudevan, Quoc V. Le, and Hartwig Adam. Searching for MobileNetV3,
2019.

Tzu-Ming Harry Hsu, Hang Qi, and Matthew Brown. Measuring the Effects of Non-Identical Data Distri-
bution for Federated Visual Classification, 2019.

Ahmed Imteaj, Urmish Thakker, Shigiang Wang, Jian Li, and M. Hadi Amini. A Survey on Federated
Learning for Resource-Constrained IoT Devices. IEEFE Internet of Things Journal, 9(1):1-24, 2022.

Yihan Jiang, Jakub Konec¢ny, Keith Rush, and Sreeram Kannan. Improving Federated Learning Personal-
ization via Model Agnostic Meta Learning, 2023.

Yuang Jiang, Shigiang Wang, Victor Valls, Bong Jun Ko, Wei-Han Lee, Kin K. Leung, and Leandros
Tassiulas. Model pruning enables efficient federated learning on edge devices. IEEE Transactions on
Neural Networks and Learning Systems, pp. 1-13, 2022. doi: 10.1109/TNNLS.2022.3166101.

Latif U. Khan, Walid Saad, Zhu Han, Ekram Hossain, and Choong Seon Hong. Federated Learning for
Internet of Things: Recent Advances, Taxonomy, and Open Challenges. IEEE Communications Surveys
& Tutorials, 23(3):1759-1799, 2021. doi: 10.1109/COMST.2021.3090430.

Minsu Kim, Walid Saad, Merouane Abdelkader DEBBAH, and Choong Seon Hong. SpaFL: Communication-
Efficient Federated Learning With Sparse Models And Low Computational Overhead. In The Thirty-eighth
Annual Conference on Neural Information Processing Systems, 2024. URL https://openreview.net/
forum?id=dAXuir2etsl

Soheil Kolouri, Serim Park, Matthew Thorpe, Dejan Slepcev, and Gustavo Rohde. Optimal Mass Transport:
Signal processing and machine-learning applications. IEEFE Signal Processing Magazine, 34:43-59, 07 2017.
doi: 10.1109/MSP.2017.2695801.

Alex Krizhevsky. Learning Multiple Layers of Features from Tiny Images. 2009. URL https://api.
semanticscholar.org/CorpusID: 18268744.

Ya Le and Xuan S. Yang. Tiny ImageNet Visual Recognition Challenge. 2015. URL https://api.
semanticscholar.org/CorpusID: 16664790.

Jie Lei, Adrian Wheeldon, Rishad Shafik, Alex Yakovlev, and Ole-Christoffer Granmo. From Arithmetic to
Logic based Al: A Comparative Analysis of Neural Networks and Tsetlin Machine. In IEEE International
Conference on Electronics, Circuits and Systems, pp. 1-4, 2020. doi: 10.1109/ICECS49266.2020.9294877.

Jie Lei, Tousif Rahman, Rishad Shafik, Adrian Wheeldon, Alex Yakovlev, Ole-Christoffer Granmo, Fahim
Kawsar, and Akhil Mathur. Low-Power Audio Keyword Spotting Using Tsetlin Machines. Journal of Low
Power Electronics and Applications, 11(2), 2021. ISSN 2079-9268. doi: 10.3390/jlpeal1020018.

Ang Li, Jingwei Sun, Pengcheng Li, Yu Pu, Hai Li, and Yiran Chen. Hermes: An Efficient Federated
Learning Framework for Heterogeneous Mobile Clients. In Proceedings of the 27th Annual International
Conference on Mobile Computing and Networking, MobiCom ’21, pp. 420-437, New York, NY, USA,
2021. Association for Computing Machinery. ISBN 9781450383424. doi: 10.1145/3447993.3483278. URL
https://doi.org/10.1145/3447993.3483278.

Daliang Li and Junpu Wang. FedMD: Heterogenous Federated Learning via Model Distillation, 2019. URL
https://arxiv.org/abs/1910.03581.

Paul Pu Liang, Terrance Liu, Liu Ziyin, Nicholas B. Allen, Randy P. Auerbach, David Brent, Ruslan
Salakhutdinov, and Louis-Philippe Morency. Think Locally, Act Globally: Federated Learning with Local
and Global Representations, 2020.

Yuzhu Mao, Zihao Zhao, Guangfeng Yan, Yang Liu, Tian Lan, Linqi Song, and Wenbo Ding. Communication-
Efficient Federated Learning with Adaptive Quantization. ACM Trans. Intell. Syst. Technol., 13(4), aug
2022. ISSN 2157-6904. doi: 10.1145/3510587. URL https://doi.org/10.1145/3510587.

14


https://openreview.net/forum?id=dAXuir2ets
https://openreview.net/forum?id=dAXuir2ets
https://api.semanticscholar.org/CorpusID:18268744
https://api.semanticscholar.org/CorpusID:18268744
https://api.semanticscholar.org/CorpusID:16664790
https://api.semanticscholar.org/CorpusID:16664790
https://doi.org/10.1145/3447993.3483278
https://arxiv.org/abs/1910.03581
https://doi.org/10.1145/3510587

Under review as submission to TMLR

Othmane Marfoq, Giovanni Neglia, Aurélien Bellet, Laetitia Kameni, and Richard Vidal. Federated Multi-
Task Learning under a Mixture of Distributions. Advances in Neural Information Processing Systems, 34:
15434-15447, 2021.

Connor Mclaughlin and Lili Su. Personalized Federated Learning via Feature Distribution Adaptation. In
The Thirty-eighth Annual Conference on Neural Information Processing Systems, 2024.

Brendan McMahan, Eider Moore, Daniel Ramage, Seth Hampson, and Blaise Aguera y Arcas.
Communication-Efficient Learning of Deep Networks from Decentralized Data. In Proceedings of the 20th
International Conference on Artificial Intelligence and Statistics, volume 54 of Proceedings of Machine
Learning Research, pp. 1273-1282. PMLR, 20-22 Apr 2017.

Yuval Netzer, Tao Wang, Adam Coates, Alessandro Bissacco, Bo Wu, and Andrew Y. Ng. Reading Digits
in Natural Images with Unsupervised Feature Learning. In NIPS Workshop on Deep Learning and Un-
supervised Feature Learning 2011, 2011. URL http://ufldl.stanford.edu/housenumbers/nips2011_
housenumbers. pdf.

Jaehoon Oh, SangMook Kim, and Se-Young Yun. FedBABU: Toward enhanced representation for federated
image classification. In International Conference on Learning Representations, 2022. URL https://
openreview.net/forum?id=HuaYQfggnbul

Adam Paszke, Sam Gross, Francisco Massa, Adam Lerer, James Bradbury, Gregory Chanan, Trevor Killeen,
Zeming Lin, Natalia Gimelshein, Luca Antiga, Alban Desmaison, Andreas Kopf, Edward Yang, Zach
DeVito, Martin Raison, Alykhan Tejani, Sasank Chilamkurthy, Benoit Steiner, Lu Fang, Junjie Bai,
and Soumith Chintala. PyTorch: An Imperative Style, High-Performance Deep Learning Library. In
Proceedings of the 33rd International Conference on Neural Information Processing Systems, 2019.

Adrian Phoulady, Ole-Christoffer Granmo, Saeed Rahimi Gorji, and Hady Ahmady Phoulady. The Weighted
Tsetlin Machine: Compressed Representations with Weighted Clauses, 2020. URL https://arxiv.org/
abs/1911.12607.

Xinchi Qiu, Javier Fernandez-Marques, Pedro PB Gusmao, Yan Gao, Titouan Parcollet, and Nicholas Donald
Lane. ZeroFL: Efficient On-Device Training for Federated Learning with Local Sparsity. In International
Conference on Learning Representations, 2022.

Amirhossein Reisizadeh, Aryan Mokhtari, Hamed Hassani, Ali Jadbabaie, and Ramtin Pedarsani. FedPAQ:
A Communication-Efficient Federated Learning Method with Periodic Averaging and Quantization, 2019.
URL https://arxiv.org/abs/1909.13014.

Daniel Rothchild, Ashwinee Panda, Enayat Ullah, Nikita Ivkin, Ion Stoica, Vladimir Braverman, Joseph
Gonzalez, and Raman Arora. FetchSGD: Communication-Efficient Federated Learning with Sketching. In
Proceedings of the 37th International Conference on Machine Learning, ICML’20, 2020.

Felix Sattler, Klaus-Robert Miiller, and Wojciech Samek. Clustered Federated Learning: Model-Agnostic
Distributed Multitask Optimization Under Privacy Constraints. IEEE Transactions on Neural Networks
and Learning Systems, 32(8):3710-3722, 2021. doi: 10.1109/TNNLS.2020.3015958.

Aviv Shamsian, Aviv Navon, Ethan Fetaya, and Gal Chechik. Personalized Federated Learning using Hy-
pernetworks, 2021.

Virginia Smith, Chao-Kai Chiang, Maziar Sanjabi, and Ameet S Talwalkar. Federated Multi-Task Learning.
In I. Guyon, U. Von Luxburg, S. Bengio, H. Wallach, R. Fergus, S. Vishwanathan, and R. Garnett (eds.),
NeurIPS, volume 30, 2017. URL https://proceedings.neurips.cc/paper\_files/paper/2017/file/
6211080£a89981£66b1a0c9d55c61d0f-Paper . pdf.

Rishub Tamirisa, Chulin Xie, Wenxuan Bao, Andy Zhou, Ron Arel, and Aviv Shamsian. FedSelect: Per-
sonalized Federated Learning with Customized Selection of Parameters for Fine-Tuning, 2024. URL
https://arxiv.org/abs/2404.02478.

15


http://ufldl.stanford.edu/housenumbers/nips2011_housenumbers.pdf
http://ufldl.stanford.edu/housenumbers/nips2011_housenumbers.pdf
https://openreview.net/forum?id=HuaYQfggn5u
https://openreview.net/forum?id=HuaYQfggn5u
https://arxiv.org/abs/1911.12607
https://arxiv.org/abs/1911.12607
https://arxiv.org/abs/1909.13014
https://proceedings.neurips.cc/paper\_files/paper/2017/file/6211080fa89981f66b1a0c9d55c61d0f-Paper.pdf
https://proceedings.neurips.cc/paper\_files/paper/2017/file/6211080fa89981f66b1a0c9d55c61d0f-Paper.pdf
https://arxiv.org/abs/2404.02478

Under review as submission to TMLR

Alysa Ziying Tan, Han Yu, Lizhen Cui, and Qiang Yang. Towards Personalized Federated Learning. IFFE
Transactions on Neural Networks and Learning Systems, 34(12):9587-9603, 2023. doi: 10.1109/TNNLS.
2022.3160699.

Da-Feng Xia, Sen-Lin Xu, and Feng Qi. A Proof of the Arithmetic Mean-Geometric Mean-Harmonic Mean
Inequalities. RGMIA Research Report Collection, 2:Article 10, 1999.

Jian Xu, Xinyi Tong, and Shao-Lun Huang. Personalized Federated Learning with Feature Alignment and
Classifier Collaboration. In The Eleventh International Conference on Learning Representations, 2023.

Yuzhi Yang, Zhaoyang Zhang, and Qiangian Yang. Communication-Efficient Federated Learning With
Binary Neural Networks. IEEFE Journal on Selected Areas in Communications, 39(12):3836-3850, 2021.
doi: 10.1109/jsac.2021.3118415. URL https://doi.org/10.1109\%2F jsac.2021.3118415,

A Appendix

A.1 Proof of relation between Wasserstein Distance and Jaccard Similarity

Parameter similarity across clients is found to inversely reflect data heterogeneity: highly heterogeneous
clients exhibit lower parameter similarity, whereas more homogeneous clients yield higher similarity in their
learned parameters.

Let W(qa,qp) denote the Wasserstein distance between two data distributions, and J(S4, Sg) the Jaccard
similarity between their trained TM parameters, which quantifies the overlap of active clauses between
models trained on the respective distributions.

Definition 1 (1-Wasserstein Distance (Kolouri et al., [2017))) The I-Wasserstein distance between
two distributions q1 and qo over a metric space Z is

Wi(qi,q2) ==  inf / d(z1,22) dq(z1, 22),
ZXZ

q€Q(q1,92)

where d(-,-) is a distance function and Q(q1,q2) denotes the set of couplings with marginals q1 and qs.

Lemma 2 (Distributional Dissimilarity) Let qi,q2,q} be data distributions. If W(q1,q5) > W(q1,q2),
then ¢4 is more dissimilar to q1 than qo is.

By the definition of the 1-Wasserstein distance and the principle of optimal transport (Kolouri et al. {2017)),
a larger value indicates that, on average, it is "harder" to transport samples from ¢; to ¢o. Hence, if
W(q1,q5) > W(q1,q2), the distribution ¢4 is more dissimilar to ¢; than g2 is. Intuitively, samples from ¢}
are less likely to resemble samples from ¢; compared to samples from go.

Next, the similarity of parameters is defined by:

Definition 2 (Jaccard Similarity (da F. Costal, |2021))) The Jaccard similarity between two sets of bi-
nary vectors Sy and Sp is the size of the intersection divided by the size of the union of the sets:

|SA n SB‘
Sa,S) = ————.
J(S4a,SB) 154 US5]
To compare the states between two sets of clauses A and B:

o |S4 N Sp|: represents the number of clauses that are active in both sets, (clauses that include at
least one literal in both)

e |S4 U Spg|: represents the number of clauses that contain literals in either S4 or Sp.
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The Jaccard similarity between two states, S4 and Sp, therefore measures the degree of overlap in active
clauses between the two states. Higher values indicate that the same clauses has at least an include action
in both states, reflecting the similarity in how feedback has shaped the clauses during training.

Corollary 3 (Inverse Relation Between Distribution Divergence and Clause Overlap) Let g4
and qp be two class distributions and Sa, Sp be the corresponding trained TM states (sets of clauses).
Then:

W(ga,qs) — smaller = J(Sa,Sg) — larger,

Thus, lower distributional divergence corresponds to higher parameter similarity.
Training is done one sample at a time. Given a Multi-Class TM with M classes, when training an input x
from class y = k, the TA teams associated with class k will be trained to output y = 1 and the other classes’

(y # k) TA teams will be selected to train to output y = 0 on the training input x. The probability of
selecting a TA team from class m € {1,..., M} for positive training can be defined as g,,, where anj:l qm = 1.

Let c{C be the j-th clause for class k, with C total clauses per class. Let Li denote the number of literals
included in the TA teams of ¢. During training of (x,y) with class label y:

» Type I feedback reinforces the TA teams of clauses corresponding to y = k are reinforced to include
literals matching the input, increasing the likelihood that the clause outputs 1: AL] |y =k > 0.

e Type II feedback guides the TAs in clauses of other classes y # k to include zero-valued literals
or suppress active literals. This reduces the likelihood of false positives, effectively decreasing the
number of literals contributing to the clause output: AL |y # k < 0.

The change in the number of literals included in clause c{c is defined as AL?;7 which depends on Equation
and the specific training sample. Let

04 =E[AL] |y=K >0, o_:=E[-AL] |y+£k >0,

represent the expected increase in literals for Type I feedback and the expected decrease in literals for Type
1T feedback, respectively.

M_|, the expected number of literals in clause ¢}, after training is

m=1»

Then, for a data distribution ¢ = {qx}

E[L] | k] = qx 64 + (1 — qx) - (6)
=0_ +q (04 —0-), (7)

This expression captures the average effect of Type I and Type II feedback across the class distribution.

Let two datasets, A and B have distributions ¢* = {¢{ }}L, and ¢® = {¢P}},,

Sa={c:LI*>1,YkeM,jeC}, Sp={cd:LIP>1vkeM,jecC},
denote the sets of clauses that contain at least one include action, respectively.
Indicator variables for literals present in clauses are introduced as follows:
X =1 >1}, Xe{A B}
Thus, a clause ¢, belongs to Sx if and only if I,z’X =1

The size of the overlap between the two sets is the dot product of the indicator vectors:

M C

1SanSpl=> > 1"

k=1 j=1

17



Under review as submission to TMLR

Taking expectations,
M C

E[|SanSsl] =Y > B[P,

k=1 j=1

Since the TM 4 and TMp trained on ¢ and ¢” are independent, the expectation can be expressed as:

M C
E[SanSel]=>_> EUILEI]")].

k=1 j=1
Since E[I]] = Pr(I}X = 1) = Pr(L)™ > 1),
M C
— J,A 3,B
E[|SanSpll =Y > Pr(L}" >1)-Pr(Ly" > 1).
k=1j=1

Approximating them using normalised expected literal counts:

For the bounded random variable Li’X € [0, Limax],

Pr(Li’X > 1) can be bounded using its expectation:

E[L;] = E[LL™Y | LY > 1 Pr(Ly™ > 1)+ E[LLY | LPY < 1] Pr(L)Y < 1).
Since 0 < Li’X < Lmax on the event {Li’X > 1},
Pr(L}™ > 1) < E[L}Y),

and similarly _ _
E[L7X] < Luax Pr(L™ > 1),
which implies _
E[L;7]
Lmax

< Pr(L3* >1) < E[LIY].

Since the distribution of Li’X is typically spread across [0, Lmax|, its normalised expectation provides a
tractable approximation:
- E(L;™ | ¢]
X ~ k k
Pr(L;” >1) = ————.

Lmax
Substituting this approximation, the expected overlap becomes

e E[L]|¢i] E[L]]qF)
E[|SanSa[] ~ ZZ Lo Lo
k=1j=1

Definition 3 (Arithmetic Mean-Geometric Mean Inequality (Xia et al., [1999)) For non-negative

numbers a1, as,...,an,
a1+a2+...+a’M

i > Xaiag - - ap,

with equality if and only if a1 = as =--- = ay;.

Applying the AM—GM inequality gives

E[L}l43] + E[L} 4y ]

Lmax Lmax

E[L] | ¢f] E[L} |gf]
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Hence, each product term is maximised when

E(L;, | 4] = EILj | ¢).

Therefore, summing over all classes and clauses, the total expected overlap is maximised when the two data
distributions are aligned:
it =qP Vke M.

Therefore, the expected clause overlap E[|S4 N Sp|] is maximised when the class distributions are identical,
W(g?,¢?) — 0. Smaller distributional distance between ¢* and ¢ implies higher expected Jaccard similar-
ity of the clause-activity states; conversely, larger distributional divergence generally reduces clause overlap.
Hence when W(qa, ¢gg) — smaller, 7(Sa, Sg) — larger

A.2 Experimental Details
A.2.1 Datasets

The proposed approaches were evaluated on the SVHN (Netzer et al., 2011)), Extended MNIST (EMNIST)
(Cohen et al. |2017)), CIFAR-10 and CIFAR-100 (Krizhevskyl, [2009), and Tiny-ImageNet (Le & Yang] [2015)
datasets. All datasets were downloaded and preprocessed using PyTorch (Paszke et al.l |2019)).

e SVHN: This imbalanced dataset consists of digits captured in natural scenes, presenting a chal-
lenging real-world classification problem (Netzer et al., [2011)).

e EMNIST: The extended version of MNIST contains 814,255 characters across 62 unbalanced
classes. Following prior work such as BiFL (Yang et al.l [2021)), only a subset of the dataset was used
for training and testing.

e CIFAR-10: A real-world image dataset comprising 10 classes, each with 6,000 images (Krizhevskyl,
2009).

e CIFAR-100: A real-world image dataset comprising 100 classes, each with 6,000 images
(Krizhevsky, [2009).

o Tiny-ImageNet: A dataset containing 100,000 images across 200 classes, downsized to 64x64
colour images (Le & Yang, |2015]).

A.2.2 Libraries and Machine Configuration

All experiments were conducted on a general-purpose compute node equipped with 32 CPU cores. During
training, the average per-client latency and estimated run-time memory usage were recorded. Memory
profiling was performed using the memory-profiler Python package (Paszke et al., [2019).

A.2.3 Baseline Models Configuration

In configuring all baseline models, we performed parameter tuning to optimize their performance. specifically,
for the learning rate if not defined in the original paper, we explored these values: [0.01, 0.05, 0.1].

A.2.4 CS-pFedTM Model Configuration

The model used in CS-pFedTM is the CTM, with configurations that vary across datasets. The values of all
definable parameters are listed in Table[dl A scaling parameter of 6 = 0.5 is used in AverageCW ¢, which,
together with a single local epoch, provides a good balance without excessively scaling the parameters. For
TopKcons, K = 2 is selected, consistent with FedTM. To satisfy the Boolean input requirements of CTM,
dataset-specific preprocessing procedures are applied. For EMNIST, pixel intensities greater than 40 are
mapped to 1, and values less than or equal to 40 are mapped to 0. For SVHN, binarisation is performed
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using adaptive Gaussian thresholding with a window size of 11 and a threshold value of 2 (Granmo et al.)
2019). For SpeechCommands-12, a quantile threshold of 0.4 is applied. For CIFAR-10, CIFAR-100, and
Tiny-ImageNet, an 8-level colour thermometer encoding is used (Granmo) [2023)).

Table 4: CS-pFedTM model configuration.

SVHN | EMNIST | CIFAR-10 | CIFAR-100 | Tiny-ImageNet

Dir(0.05) Number of Local Clauses 297 194 198 104 59
Number of Global Clauses 3 1 2 1 1

Dir(0.1) Number of Local Clauses 296 193 197 104 59
Number of Global Clauses 4 2 3 1 1

Feedback Threshold 1000 300 200 180 600
Learning Sensitivity 3 2 3 1.5 1.2

Patch Dimension (5,5) (10,10) (2,2) (2,2) (2,2)
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A.3 Full Algorithm

A3.1 FedTM

Algorithm 2 FedTM
The global parameters W and Sy are initialised with the same TM architecture, and clients inform the

server of their dataset sizes |D,|, j=1,...,N.

for communication round t =1,...,7 do
Each participating client J trains a TM using the current weights W;_; on its local dataset D; for e
epochs.

The trained local parameters are uploaded by the clients.
The uploaded parameters are aggregated.
for classm=1,...,M do
W,[m] + AverageCW (m,d,1)
S¢[m] + TopK(m, k,t)
The updated global parameters W; and S; are downloaded by all clients.

Algorithm 3 AverageCW (m,d,t)
A weighted average of local clause weights is computed:

J
. 1 j
W,[m] « int WE |D;j| W [m]
=1

if ¢ > 1 then
if V/_, W{[m] =0 then
The previous weights are retained when class m is not observed:

Wim| <+ W;_1[m].

else

Wt[m] — (1 — (S) Wt_l[m] + 6Wt[m]
return int(W;[m])

Algorithm 4 TopK(m, k,t)
The local class contributions are sorted:

sorted_list < sort({|D;|[m] }3-]:1).
The top-k contributing clients are selected:
sortedy, < sorted_list[0 : k.

The masks from the selected clients are aggregated using logical OR:

Sefm] < \/  Si[m].

JjEsortedy,

return S;[m]
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A.3.2 CS-pFedTM

Algorithm 5 CS-pFedTM: Communication-Efficient and Similarity-Driven Personalisation with
T™M
The total number of clients is denoted by N, the total number of communication rounds by 7', the number
of clauses per client by n¢jauses, and the communication budget by 7.
for round t =0,1,...,7 do
A subset of clients C; is sampled by the server.
if t =0 then
A tiny reference TM is trained by all clients, and the resulting state parameters are uploaded to the
server.
min_frac is computed using compute__min__ frac.
Client similarity scores JS jjents are computed using compute__client__similarity.
The proportion of local clauses is determined:

1
local_frac < exp < ln(_) . JSChentS> .
min_frac

Local and global clauses are assigned as:

Nlocal = I_nclauses : local_fraCJ; Nglobal = Nclauses — Mlocal-

for each client n € C; do
A local model L™ and a global model G™ are trained.
Clause masks are applied:

L™ + mask_ weights(L"), G" < mask_ weights(G").
The global parameters G™ are uploaded to the server.
A global aggregation step is performed:
G < aggregate_ global__models.

The aggregated global TM G is distributed to all participating clients.
return Personalised TMs for each client, denoted by TM™ € {G¢, L™}, combined according to Equation

Algorithm 6 compute__min__ frac(r, ncauses)

: 3 del__si .
per_clause_size ¢ —efmodelsize p.y o10bal_clauses < min (| T_____|, nclauses
- - ref_num__clauses - - per_clause_sized’ 2

min_local_clauses <4 TNcquses — Max_global_clauses Minimum local fraction: min_frac <
min_local_clauses return min_frac

Nclauses
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Algorithm 7 compute__client__similarity

The variable total similarity is initialised to 0.

The variable pair_ count is initialised to 0.

for each pair in combinations(len(all_states), 2) do
The pairwise similarity is added:

total _similarity < total _similarity + JSTest(pair[0], pair(l]).

The pair count is incremented:
pair__count <— pair_ count + 1.

The average similarity is computed:

total _similarity

. e - if pair__count > 0
average Jaccards1m1lar1ty<—{ pair_count

, otherwise

return average_ jaccard_ similarity

Algorithm 8 JSTest(S4, SB)

if len(S4) # len(S?) then
A value error is raised indicating that both vectors must have the same length.
The intersection is computed:

len(S4)
intersection ¢ Z (S A SBL)) .
i=0
The union is computed:
len(S4)
union Z (S47] v SBL]) .
i=0

if union = 0 then
return 0
else

return intersection

union

Algorithm 9 mask_weights(W)

for class m=1,2,..., M do
if class m is not present in the local dataset then
The weight for class m is set to zero:
Wim] < 0.

return W

Algorithm 10 aggregate_ global__models

A set of global models G; is received, where each model G™ € G, contains the weights W;* and states S;*.
Clients are ranked by their average confidence per class, denoted by rank_ clients;.
Global weights W, and states S; are prepared for aggregation.
for classm=1,...,M do
W;[m] + AverageCWca (m,d,t)
Si[m] < Top2cont(m, rank_ clients,,t)
return G; = {W,,S;}
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Algorithm 11 AverageCWca (m,d,t)

A weighted average of local clause weights is computed:
1 < :
W, [m] « int Dl > D, Wi[m]
j=1

if t > 1 then

if V/_; W{[m] =0 then

The previous weights are retained when class m is not observed:
Wt [m] — Wt—l [m]
else

return 'W,[m]

Algorithm 12 Top2cons(m, rank_ clients,t)

if rank_ clients|m| contains at least two clients then
The top two clients’ states for class m are combined using logical OR:

St[m] - S;‘ank_clients[m] [0] [m] v S'gank_clients[m][l] [m]

else
Only the best client’s mask is used:

St[m} « S:ankiclients[m} [0] [m]

return S;[m]

24



Under review as submission to TMLR

A.4 Additional Results

A.4.1 Ablation Studies

Ablation experiments were conducted to assess the individual contributions of the two core components
of CS-pFedTM: masking and similarity-based personalisation. When applied independently, each compo-
nent provides only partial improvements under heterogeneous data distributions. Notably, similarity-based
personalisation contributes a larger performance gain than masking alone, indicating that adapting models
to client heterogeneity is the dominant factor driving accuracy improvements. When combined, the two
components yield the highest accuracy and most consistent performance across all datasets. These results
demonstrate that the full CS-pFedTM design is required to realise performance gains, with masking and
similarity-driven personalisation functioning most effectively when used together.

Furthermore, ablation studies were conducted for 7, which specifies the maximum communication cost
permitted per client per round and determines the minimum fraction of clauses that must remain local
(min_frac). This parameter influences only the number of parameters that can be transmitted by each client.
Experiments on CIFAR-10 with varying values of 7, presented in Table [6] show that at lower heterogeneity
levels (Dir(0.1) and Dir(0.05)), increasing 7, thereby allowing more global clause sharing, leads to higher
accuracy, as clients with substantial distributional overlap benefit from increased access to global knowledge.
In contrast, under extreme heterogeneity (Dir(0.01) and Dir(0.005)), increasing 7 results in only marginal
changes in performance, as personalisation dominates and additional global clauses contribute limited value.

These findings indicate that 7 primarily governs the communication budget and does not destabilise or
substantially alter the personalisation behaviour of CS-pFedTM. Accuracy remains stable across a wide
range of 7 values, demonstrating that the clause allocation and masking mechanisms operate consistently
regardless of the communication limit.

Table 6: Ablation Studies for 7.

T Dir(0.1) Dir(0.05) | Dir(0.01) | Dir(0.005)
0.005 | 79.61+1.58 | 86.92+1.18 | 96.83+1.15 | 98.47+1.32
0.01 | 79.30+£1.35 | 87.07+0.95 | 96.73+1.02 | 98.43+1.38
0.03 | 79.41+1.46 | 87.02+1.41 | 96.59+1.13 | 98.36+0.55
0.05 | 79.98+1.48 | 86.97+1.23 | 96.4840.62 | 97.94+0.98

01 | 79.83+1.28 | 86.81£1.16 | 96.71+1.24 | 98.1640.84

A.4.2 Impact of the Modified Global Aggregation Scheme

To evaluate the proposed aggregation scheme, AverageCW ca, Figure[d] compares its convergence behaviour
with the standard AverageCW. Across all datasets and heterogeneity settings, AverageCW ca consistently
achieves higher accuracy throughout training. The performance gap is modest on CIFAR-10 but becomes
increasingly pronounced on CIFAR-100 and Tiny-ImageNet, indicating that AverageCW, which combines
current and previous round parameters, becomes more susceptible to aggregation skew as the number of
classes increases. This effect is further amplified under greater data heterogeneity, where Dir(0.05) exhibits a
larger performance gap than Dir(0.1). Hence, scaling only the current-round parameters in AverageCW ca
mitigates this skew and leads to more stable convergence.

To compare sample-based TopK, and confidence-based states aggregation, TopKconf, experiments were
conducted on CIFAR-10 under both cross-silo (10 clients) and cross-device (100 clients) settings, with full
(1.0) and partial (0.3) participation.

As shown in Table[7] confidence-based TopK cont, achieves higher mean accuracy across all settings. In par-
ticular, in cross-device scenarios with 100 clients, confidence-based selection yields more stable performance,
as reflected by lower variance under full participation.
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Figure 4: Comparison of AverageCW and AverageCW,,, across CIFAR-10, CIFAR-100, and Tiny-
ImageNet for Dir(0.05) and Dir(0.1).
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Table 7: Performance of CS-pFedTM with TopK and TopKgons for various FL settings

10 Clients 100 Clients
Full Participation | Participation Ratio (0.3) | Full Participation
Dir(0.05) TopK 84.53+1.81 86.83+0.99 87.33+1.99
’ TopKcont 84.75+2.13 86.92+1.18 87.73+0.69
Dir(0.1) TopK 76.67+1.71 79.1740.63 79.894+1.82
TopKcont 79.85+2.30 79.61+1.58 80.88+0.49

Table 8: Performance of the algorithms in the extreme non-IID setting.

Dir(0.005) | Dir(0.01)

FedAvg 28.18+0.74 | 25.3620.58
FedAvg++ | 95.91+1.12 | 92.27+0.84
pfedFDA | 94.894+0.66 | 91.86:0.91
FedPAC | 97.81+0.93 | 96.9840.77
FedRep 97.25+0.85 | 95.20+£0.64
FedPer 98.04:£1.02 | 96.67+0.72
LG-FedAvg | 98.57+0.81 | 94.36+1.10
FedSelect | 97.85+0.97 | 95.28-41.23
TPFL 98.38+1.37 | 96.29+1.01
FedTM 37.45+1.62 | 37.18+0.69
CS-pFedTM | 98.47£1.32 | 96.83£1.15

In contrast, sample-based TopK tends to repeatedly select clients with the largest local datasets. This effect
is particularly evident in the cross-silo setting, where all clients participate each round but only a small
subset with the highest sample counts contributes to aggregation. While this behaviour can reduce variance
when the number of clients is small, it introduces a selection bias as the client pool grows. In the 100-client
setting, this bias leads to the over-representation of the same subset of dominant clients, resulting in higher
variance and less consistent performance.

Overall, these results suggest that TopKcons provides a fairer and more informative states aggregation
mechanism by prioritising model confidence rather than dataset size. This promotes more balanced aggre-
gation, particularly in large-scale and highly heterogeneous FL scenarios.

A.4.3 Performance in Extreme Non-lID setting

Parameter similarity is expected to lose granularity under extreme non-IID conditions (eg. when clients have
completely disjoint label spaces). In such cases, the similarity between client clause sets saturates near zero,
leading the allocation mechanism to assign predominantly local clauses. This behaviour is desirable: when
clients share almost no structural information, the model should naturally shift towards fully personalised
learning.

To assess performance under these extreme regimes, CS-pFedTM was evaluated with Dirichlet settings of
a = 0.01 and @ = 0.005. As shown in Table [8] CS-pFedTM continues to match or exceed the performance
of all baselines, even as the degree of global sharing diminishes. These results indicate that the similarity-
driven allocation mechanism remains stable and effective, including in scenarios where the model transitions
towards near-fully personalised operation.

A.4.4 Scalability Analysis
The scalability of CS-pFedTM was assessed by varying the number of clients from 20 to 500 and adjusting the

client participation ratio per communication round to {0.1,0.3,0.5, 1.0} on the CIFAR-10 dataset. The results
indicate that CS-pFedTM maintains strong and stable performance across all configurations, irrespective of
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Figure 5: Performance of the algorithms for varying (a) number of clients and (b) participation ratio.
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Figure 6: Performance as a function of the local clause fraction under different heterogeneity levels. ’x’

indicates the local-global split selected by the similarity-driven allocation, which achieves the highest per-
formance on each curve.

the total number of clients or the participation rate. This demonstrates that the method scales effectively
and remains robust across a wide range of FL configurations, supporting its practical applicability.

A.4.5 Sensitivity Analysis

As shown in Figure[6] the similarity-driven allocation selects the optimal point on each curve by adaptively
adjusting the local-global split according to the level of client heterogeneity. Upload communication costs
increase as heterogeneity decreases, as a larger fraction of global clauses must be transmitted. These re-
sults demonstrate the trade-off between personalisation and communication, indicating that the allocation
mechanism identifies an effective balance across different heterogeneity settings.

A.4.6 Comparison with Sparsification Methods

Sparsification can also serve as a form of communication-efficient personalisation by selectively pruning model
components according to their relevance for each client. To assess this perspective, CS-pFedTM is compared
with DisPFL and SpaFL (Kim et al., [2024)), two communication-efficient personalised FL
approaches that employ sparsification.
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Table 9: Performance of DisPFL(n), where n denotes the number of neighbours, compared with CS-pFedTM,
with the average communication cost (CC) per client per round.

Dataset Method Dir(0.05) Dir(0.1)

Acc CC Acc cC

DisPFL (n=30) | 77.08+2.17 6.46 65.09£2.24 6.46

SVHN DisPFL (n=10) | 75.964+1.93 2.15 60.18£1.92 2.15
DisPFL (n=5) 76.35+2.01 1.08 61.36£1.85 1.08
CS-pFedTM 89.59+0.95 0.006 | 83.67+0.68 0.006

DisPFL (n=30) | 90.904+0.32 7.43 88.44+0.41 7.43

EMNIST DisPFL (n=10) | 90.154+0.38 2.48 88.89£0.42 2.48
DisPFL (n=5) 91.15+0.42 1.24 89.90£0.45 1.24
CS-pFedTM 94.36+0.40 0.012 | 91.08£0.09 0.024

DisPFL (n=30) | 82.26+1.12 6.50 74.57£1.04 6.50

CIFAR-10 DisPFL (n=10) | 82.10+0.93 2.17 71.94£1.01 2.17
DisPFL (n=5) 81.41£0.93 1.08 73.15+0.94 1.41
CS-pFedTM 86.92+1.18 0.004 | 79.61+1.58 0.006

DisPFL (n=30) | 30.524+1.30 7.14 23.38£0.42 7.14

DisPFL (n=10) | 30.10+0.82 2.38 23.22+0.79 2.38

CIFAR-100 DisPFL (n=5) 30.46£0.79 1.19 21.82+0.33 1.19
CS-pFedTM 48.09+0.28 0.028 | 38.85+0.35 0.014

DisPFL (n=30) | 22.5540.43 7.93 17.09+£0.62 7.93
Tiny-TmageNet DisPFL (n=10) | 21.0340.66 2.64 15.69£0.59 2.64
DisPFL (n=5) 19.10+0.46 1.32 14.79+0.47 1.32

CS-pFedTM 29.2440.64 0.04 | 23.91+0.32 0.04

As DisPFL operates within a decentralised FL framework, the comparison is made using the average per-
round communication cost per client when exchanging parameters with neighbouring clients. This is con-
trasted with the per-client communication cost incurred under CS-pFedTM. For fairness, the same CNN
architectures described in Section [l were used.

Although decentralised FL. methods avoid the server-side communication bottleneck, they become increas-
ingly communication-intensive when n > 1, since each client must exchange updates with multiple neighbours
in every round. In contrast, centralised FL requires only a single upload and download per client. The re-
sults show that CS-pFedTM outperforms DisPFL across all evaluated settings while incurring substantially
lower per-round communication costs. A notable advantage of DisPFL is that the number of neighbours can
be predefined, providing flexibility in the design of the communication topology. However, this flexibility
introduces a trade-off: as observed in Tables[J]increasing the number of neighbours may improve information
mixing but also raises communication overhead and can adversely affect model performance.

To further reduce communication, pruning-based methods have been proposed. SpaFL assigns trainable
thresholds to each filter or neuron so that the associated parameters can be pruned, inducing structured
sparsity. Communication is reduced by transmitting only these thresholds between clients and the server,
lowering costs by up to two orders of magnitude relative to exchanging full model parameters (Kim et al.,
2024]).

However, pruning is largely ineffective for smaller CNNs because their limited parameter counts offer little
redundancy to exploit. As the CNNs used in Section [5| are too small for meaningful pruning, the larger
model from the SpaFL paper (Kim et al.| |2024)) is adopted for comparison.

A.4.7 Comparison with Larger Baseline Models

The primary focus of this work is efficiency-oriented personalised FL, in which comparisons are typically
conducted under realistic communication and computational constraints. Under such conditions, lightweight
CNNs remain the standard choice in recent personalisation literature, as they more accurately reflect practical
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Table 10: Comparison of SpaFL and CS-pFedTM in performance, upload and download costs (CC), and
model size after pruning.

Dataset Method Dir(0.05) Dir(0.1) Size
Acc CC Acc CC

F-MNIST SpaFL 96.7240.31 0.07/0.23 95.24+0.42 0.07/0.23 0.94
CS-pFedTM | 97.51+0.72 | 0.02/0.22 | 95.78+0.28 | 0.02/0.24 | 0.26

CIFAR-10 SpaFL 83.33£0.79 0.09/0.26 75.57£0.65 0.09/0.26 3.23
CS-pFedTM | 86.92+1.18 | 0.004/0.09 | 79.61+1.58 | 0.006/0.13 | 0.09

CIFAR-100 SpaFL 45.15£0.94 0.29/0.96 36.25+0.64 0.29/0.96 11.2
CS-pFedTM | 48.09+0.28 | 0.028/0.44 | 38.85+0.35 | 0.014/0.35 | 0.46

Table 11: Performance comparison of the algorithms with a larger baseline model.

Dir(0.05) Dir(0.1)
Acc CC Acc CC
FedAvg 39.734+1.99 268/895 33.25+1.34 268/895
FedAvg++ 72.404+1.31 ! 60.53+1.02 !
pfedFDA 88.01+1.17 ! 80.934+0.91 !
FedPAC 75.29+0.96 267/890 69.641+0.83 267/890
FedRep 80.7241.25 ! 78.44+1.11 !
FedPer 76.794+0.92 ! 66.174+0.73 !
LG-FedAvg 87.68+1.83 6.66/10.2 | 83.21+1.55 | 6.66/10.2
FedSelect 85.35+0.93 243/813 79.89+0.85 243/813
TPFL 87.5240.54 0.39/1.3 80.124+1.33 0.39/1.3
CS-pFedTM | 88.02+0.71 | 0.04/0.88 | 82.74+0.83 | 0.04/0.88

FL deployments. Nevertheless, the DNN-based FL. methods were also evaluated using MobileNet-v2 |Howard
et al.| (2019)) on CIFAR-10.

The results in Table [11]align with the expected behaviour of parameter-decoupled FL methods: approaches
that personalise a substantial proportion of the model (eg. LG-FedAvg) retain reasonable performance even
when MobileNet is used, since a large number of parameters are adapted locally. In contrast, methods that
personalise only the classifier head (FedPer, FedRep, FedPAC) perform worse than with the 2-layer CNN.
This is anticipated, as MobileNet’s large shared backbone dominates the learned representations, and per-
sonalising only the final layer is insufficient to compensate for strong distribution shifts under heterogeneous
data.

Importantly, even with a significantly larger backbone, the communication costs of these MobileNet-based
baselines remain several orders of magnitude higher than those of CS-pFedTM. Despite relying on a
lightweight architecture, CS-pFedTM attains comparable accuracy while preserving its principal advantage
of substantially reduced communication.

A.5 Further Discussion

Stability of Parameter Similarity and Use of the Reference Round. The reference round is employed
solely to estimate the parameter similarity that determines clause allocation. Because clients are sampled
uniformly at random in every round, including the reference round, the participating subset constitutes
an unbiased sample of the overall population. Consequently, the similarity estimated in this initial round
provides a reliable indicator of the underlying system heterogeneity.

Empirically, client parameter similarity was computed at every training round, and its variance across rounds
was evaluated for different client participation rates (0.1, 0.3, 0.5, 1.0), averaged over three independent ran-
dom seeds. As shown in Table the variance remains extremely small across all datasets and heterogeneity
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Table 12: Average variance of parameter similarity across training rounds.

Participation Ratio | SVHN | EMNIST | CIFAR-10 | CIFAR-100 | Tiny-Imagenet
0.1 0.0120 | 0.0007 0.0054 0.0005 0.0006
Dir(0.05) 0.3 0.0047 | 0.0006 0.0028 0.0004 0.0008
0.5 0.0029 | 0.0005 0.0023 0.0004 0.0005
1 0.0021 0.0005 0.0023 0.0003 0.0005
0.1 0.0023 | 0.0040 0.0116 0.0011 0.0013
Dir(0.1) 0.3 0.0053 | 0.0028 0.0099 0.0009 0.0007
0.5 0.0015 | 0.0021 0.0058 0.0009 0.0002
1 0.0019 | 0.0011 0.0035 0.0009 0.0002

levels, indicating that similarity is tightly concentrated around the value obtained during the reference round.
Although the variance decreases marginally as the participation rate increases, the reduction is minor, demon-
strating that similarity is already highly stable even under low participation. These findings confirm that
the reference-round similarity estimate is reliable and remains robust irrespective of the sampling rate.

Moreover, Figure shows that model performance remains stable across different participation rates
(full participation versus partial participation). If the similarity estimate were highly sensitive to the specific
clients participating in any given round, substantial divergence in accuracy across participation settings
would be expected. Instead, accuracy remains nearly unchanged, indicating that the heterogeneity captured
during the reference round is representative of the system in subsequent rounds. Consistently low variance
in overall performance is also observed across repeated runs, reinforcing that system behaviour does not
fluctuate meaningfully with changes in the sampled client set.

With regard to dynamic data distributions (concept drift), CS-pFedTM is naturally compatible with such
scenarios. Since global parameters are already exchanged in every communication round, the system can
periodically re-estimate inter-client similarity (for example, every N rounds) and update clause allocation
accordingly, without requiring modifications to the core algorithm or incurring additional communication
cost.

Comparison with Existing TM-based FL. Methods. TPFL personalises models via confidence-based
clustering, grouping clients with similar class-wise confidence profiles and performing aggregation within
each cluster |Gohari et al. (2024). This approach tailors updates to subsets of similar clients and uses the
Coalesced Tsetlin Machine (CoTM), a compact TM variant that reduces static memory requirements and
has been shown to outperform the standard CTM in centralised settings |Glimsdal & Granmo| (2021)).

In the main experimental evaluation (Table [l] and [2), TPFL and CS-pFedTM were compared using the
same model size, which required increasing the number of clauses in CoTM for TPFL to match the CTM
used in CS-pFedTM. Under this setting, both methods achieve comparable accuracy. However, CS-pFedTM
is significantly more communication- and runtime-efficient, achieving 20.8x lower upload cost, 2.94x lower
download cost, 1.4x lower runtime memory, and 9.07x lower latency.

From Table when comparing an equal number of clauses, CS-pFedTM outperforms TPFL by 4.78% in
accuracy and is, on average, 2.55x more upload-efficient. TPFL remains 10.7x more download-efficient,
while CoTM achieves 7.26x lower static memory usage as shown in Table[I4] In contrast, CTM offers better
runtime efficiency, with 1.32x lower runtime memory and 3.99x lower latency. While CoTM improves
storage and download efficiency due to its compact size, upload costs are typically the primary bottleneck
in FL |Asad et al.| (2023)), which remain a key consideration when selecting the global model.

Importantly, the mechanisms underlying CS-pFedTM, estimating heterogeneity via state similarity and allo-
cating clauses based on this measure, are model-agnostic. For future work, employing a CoTM as the global
model could reduce communication costs further, since fewer clause weights would need to be transmitted,
while retaining CTM locally would preserve runtime efficiency and client-level personalisation.
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Table 13: Performance of TPFL and CS-pFedTM under data heterogeneity, together with upload and
download communication costs (CC) per round in MB

Dataset Method Dir(0.05) Dir(0.1)
Acc CC Acc CC
SVHN TPFL 86.18+1.05 0.036/0.12 78.73£0.24 0.036/0.12
CS-pFedTM | 89.59+0.95 0.0058/0.12 | 83.67+0.68 0.0077/0.16
EMNIST TPFL 92.43£0.78 0.023/0.078 88.3240.04 0.023/0.078
CS-pFedTM | 94.36+0.40 0.012/0.2 91.08+0.09 0.024/0.50
CIFAR-10 TPFL 85.61+0.86 0.024/0.08 77.15£0.76 0.024/0.08
CS-pFedTM | 86.92+1.18 0.004/0.09 79.611+1.58 0.006/0.13
CIFAR-100 TPFL 40.71£0.43 0.013/0.042 | 31.6440.69 0.013/0.042
CS-pFedTM | 48.09+0.28 0.028/0.44 38.85+0.35 0.014/0.35
Tiny-ImageNet TPFL 20.99+0.27  0.0072/0.024 | 15.69+0.58 0.0072/0.024
CS-pFedTM | 29.24+0.64 0.04/0.88 23.91+0.32 0.04/0.88

Table 14: Average memory storage (MS) and run-time memory (RTM) in MB, and training latency (L) in
seconds on each client for CTM and CoTM.

SVHN EMNIST
MS RTM L |MS RTM L
0.03 22.5 2.92(0.06 71.5 17.1
0.12 22.1 0.70|0.48 47.6 3.50

CIFAR-10
MS RTM L
0.02 31.8 2.44
0.09 19.1 0.63

CIFAR-100
MS RTM L
0.05 28.2 3.36
0.46 25.7 1.24

Tiny-ImageNet
MS RTM L
0.05 57.3 10.6
0.53 42.5 2.45

CoTM
CTM

Limitations. Although CS-pFedTM performs well under heterogeneity, its effectiveness may diminish
when clients receive too few global clauses to contribute meaningfully, whether due to device limitations
or a stringent communication budget imposed by 7. While 7 functions exactly as intended, governing
communication cost without altering the personalisation dynamics, very restrictive budgets can nonetheless
limit the extent to which certain clients are able to exploit global structure. This observation motivates future
work on adaptive clause allocation strategies that remain effective under severe device or communication
constraints, together with techniques for similarity estimation.

Future Directions. Addressing the challenges identified above gives rise to several promising avenues for
advancing personalisation in TM-based FL. In particular, the exploration of intra-clause weight optimisation,
adaptive or learned personalised masks, and clause-level sparsification or pruning may enhance both efficiency
and personalisation. Furthermore, the observed relationship between parameter similarity and distributional
divergence suggests broader opportunities for state-based similarity measures, including dynamic clause
allocation and resource-aware personalisation tailored to heterogeneous device capabilities.

While CS-pFedTM currently uses separate global and local clause sets, the framework does not require two
distinct models. A simpler formulation could maintain a unified clause pool, dynamically designating clauses
as shared or personalised based on continuously updated similarity estimates. This would allow allocation
to adapt over time while preserving communication efficiency, without modifying the core FL protocol. Such
a dynamic clause assignment mechanism represents a natural extension and could be particularly valuable
in settings with evolving client distributions (concept drift).
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