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Abstract
Multilingual NLP faces challenges of data heterogeneity, privacy, and limited computational resources, especially
for low-resource languages. Centralised methods risk privacy breaches, while federated learning struggles
with communication overhead and poor cross-lingual generalisation. We propose FLIiP (Federated Lightweight
Prompt-tuning), a privacy-preserving, resource-efficient, generalisable framework integrating prompt-based learning
with federated optimisation. FLiP eliminates communication overhead, reduces trainable parameters to 16%, and
cuts GPU memory use by 90%. Experiments show superior generalisation and efficiency under both 11D and Non-1ID
settings, establishing FLIiP as a scalable, privacy-aware solution for multilingual NLP, particularly in low-resource and

indigenous language contexts.
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1. Introduction

Contemporary artificial intelligence has created
unprecedented opportunities for natural language
processing across diverse linguistic communities
(Pakray et al., 2025), with multilingual language
technologies and cross-lingual understanding sys-
tems representing impactful areas of advancement
(Judijanto and Vandika, 2025; Piperno et al., 2025).
Sophisticated neural architectures now handle intri-
cate tasks including multilingual sentiment analysis
(Azam et al., 2025), automatic language identifica-
tion (Peng et al., 2024), linguistic evolution mod-
eling (Ponti et al., 2019), cross-lingual document
understanding (Wang, 2024), and anomaly detec-
tion in multilingual datasets (Foufa, 2020).
Despite progress, major challenges limit the ef-
fective integration of machine learning for multilin-
gual and low-resource languages. The primary con-
straint is scarcity of large, high-quality datasets due
to limited digitisation and restricted data sharing
(Magueresse et al., 2020). Achieving robust gener-
alisation across diverse languages, dialects, and
scripts is difficult given variations in orthographies,
grammatical systems, and cultural contexts (Maaz
et al., 2024). These challenges intensify for mi-
nority and indigenous languages, where resources
are fragmented and culturally sensitive (Zhao et al.,
2024). Cultural protocols, ethical considerations,
and community ownership further limit access to
linguistic materials (Lim et al., 2020), while varia-
tions in documentation practices and dialectal differ-
ences create additional barriers (Yang et al., 2024).
Federated Learning (FL) offers a promising solu-
tion by enabling communities to train models locally
with native language resources (Nagy et al., 2023).
Instead of sharing raw texts, only model parameters

are transmitted to a coordinating server for integra-
tion into a global model. This preserves cultural
privacy, sovereignty, and community control (Singh
and Thakur, 2024). However, FL faces challenges
including high communication costs, computational
demands, heterogeneous data distributions, and
privacy risks from parameter inference attacks.

Communication and computational overhead rep-
resent critical limitations. Continuous parameter
exchange creates substantial latency, particularly
problematic for time-critical applications like hate
speech detection (Rauniyar et al., 2023). Each par-
ticipant requires independent local training capa-
bilities, often without high-performance computing
resources (Wen et al., 2023). This challenge is
pronounced in resource-constrained environments,
remote linguistic communities or under-funded insti-
tutions with insufficient technological infrastructure
and connectivity (Imteaj et al., 2021).

Managing linguistic heterogeneity while preserv-
ing privacy presents another significant obstacle
(Chen et al., 2024; Li et al., 2025). Multilingual
datasets are inherently non-IID, varying in linguis-
tic structure, orthographic norms, data collection
methods, and cultural contexts. Disparities arise
from language contact, code-switching, sociolin-
guistic influences, language vitality differences, or-
thographic variations, dialectal diversity, and cul-
tural taboos (Yang et al., 2024). Such imbalances
hinder generalisation and reduce accuracy for mi-
nority languages (Zhang et al., 2022). Addition-
ally, parameters may leak sensitive cultural or lin-
guistic information (Li et al., 2023). While differen-
tial privacy and secure aggregation mitigate risks
(EI Ouadrhiri and Abdelhadi, 2022; Fereidooni et al.,
2021), they often sacrifice efficiency and accuracy.

To address these challenges, we propose Feder-
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. Our approach addresses data heterogeneity
L"" across diverse entities while minimizing
computational cost by exchanging prompts instead

of full models.

Figure 1: Federated Lightweight Prompt-tuning (FLiP) Architecture.

ated Lightweight Prompt-tuning (FLiP), a frame-
work built on prompt-driven federated learning
(Zhao et al., 2023) to enhance computational effi-
ciency, privacy, and performance. By fine-tuning
only limited prompt parameters while keeping the
core model frozen (Guo et al., 2023), FLiP min-
imises computation and communication costs while
strengthening privacy through compact prompt up-
dates. It further integrates a linguistically-aware
design to handle multilingual data heterogeneity,
reduce resource consumption, and support deploy-
ment in constrained environments. This adaptive
architecture enables communities with limited com-
putational capacity to collaborate effectively with
better-resourced participants.

FLiP’s main contributions are fourfold: (1) it ad-
dresses linguistic data heterogeneity, including cul-
tural variation, label imbalance, code-switching,
and typological differences, by federating hetero-
geneous data sources to generalise across lan-
guages and scripts without centralization; (2) it cuts
communication overhead by transmitting only 16%
of trainable parameters, achieving nearly 100%
reduction compared to traditional methods; (3) it
enhances privacy by sharing lightweight prompts
instead of raw data, protecting sensitive linguistic
information; and (4) it lowers local computational
demands by 90% in GPU memory through prompt-
based adaptation, enabling efficient, low-resource
training without full model retraining.

2. Related Work

This section reviews prior research in three key
areas that inform our proposed FLiP framework.

2.1. Federated Learning for Multilingual
Languages

Federated Learning (FL), introduced by McMahan
etal. (McMahan et al., 2017), enables collaborative
model training without centralising data, allowing
entities to retain local datasets while contributing
to a shared global model. In each communication
round, participating entities perform local gradient-
based optimisation on their private data and trans-
mit only the resulting parameter updates to a central
coordinator, which aggregates these updates, typ-
ically via weighted averaging, to refine the global
model. This decentralised approach ensures pri-
vacy and supports ethical data practices, partic-
ularly important for minority and indigenous lan-
guages where cultural ownership and community
consent are essential (Voigt and Von dem Bussche,
2017).

FL has been extensively explored for multilingual
tasks (Gamal et al., 2023; Wang et al., 2022). Khalil
et al. (Khalil et al., 2024) applied FL for multilingual
depression detection, while Riedel et al. (Riedel
et al., 2023) evaluated FL algorithms for multilin-
gual protest news detection, both achieving strong
results under privacy-preserving settings. Singh et
al. (Singh and Thakur, 2024) proposed a fair se-
lection FL approach for multilingual hate speech
detection in low-resource Indian languages, demon-
strating superior performance over baselines.

However, FL faces persistent challenges, includ-
ing high communication overhead (Asad et al.,
2023), security vulnerabilities (Mothukuri et al.,
2021), and statistical heterogeneity among entities
(Jafarigol et al., 2024). These issues, coupled with
fairness and scalability constraints, pose barriers
to real-world deployment, particularly in resource-
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limited multilingual contexts where efficient, secure,
and equitable learning remains critical.

2.2. Prompt Learning for Multilingual
Languages

Prompt learning has emerged as an efficient ap-
proach for adapting large pre-trained language
models (LLMs) to specific tasks with minimal pa-
rameter updates (Sahoo et al., 2024). Rather than
updating all model parameters, prompt learning
prepends a small set of learnable tokens, known
as soft prompts, to the input sequence, optimising
only these prompt embeddings while keeping the
pre-trained backbone frozen, thereby considerably
reducing computational and memory requirements.
Crafting structured or learned prompts enables
knowledge transfer across diverse linguistic and
contextual settings without extensive fine-tuning.
This paradigm has proven valuable for multilingual
applications where data scarcity and linguistic di-
versity pose major challenges (Wang et al., 2024;
Ullah et al., 2025; Vatsal et al., 2025).

Feng et al. (Feng et al., 2024) proposed a zero-
shot cross-lingual classification framework using
language-agnostic prompts to enable semantic
transfer. Qiu et al. (Qiu et al., 2024) demon-
strated how multilingual prompts facilitate cross-
lingual transfer by disentangling task knowledge
from language-specific features. Zhao et al. (Zhao
et al., 2024) extended this concept through Feder-
ated Prompt Tuning, introducing parameter-efficient
fine-tuning for multilingual environments.

Despite these advancements, prompt learning
faces notable challenges. Studies by Geroimenko
et al. (Geroimenko, 2025) and Gupta et al. (Gupta
et al., 2025) highlight persistent issues, includ-
ing bias, limited generalisability, contextual drift,
and domain-specific knowledge gaps. Address-
ing these constraints is essential for ensuring fair,
reliable, and ethical use of prompt learning, partic-
ularly in low-resource multilingual contexts where
maintaining cultural and linguistic integrity is critical.

2.3. Cross-Lingual Generalisation

Achieving robust generalisation in multilingual set-
tings remains challenging due to inherent linguis-
tic diversity and variability in data distribution, em-
phasising the need for domain-agnostic, language-
flexible frameworks capable of adapting across
multiple languages and cultural contexts. Manias
et al. (Manias et al., 2023) conducted a compar-
ative study exploring multilingual model effective-
ness for classification tasks, while Cui et al. (Cui
et al., 2022) examined compositional generalisation
across languages. Kim et al. (Kim et al., 2025) pro-
posed probabilistic content masking and language-
aware batching to improve generalisation across

languages and domains. The XTREME bench-
mark by Hu et al. (Hu et al., 2020) revealed sub-
stantial performance gaps in cross-lingual transfer,
underscoring persistent limitations of existing multi-
lingual systems. These findings highlight the need
for more robust, adaptive, and fair approaches to
enhance generalisability in multilingual Al.

In this context, our proposed FLIiP framework
integrates the efficiency of prompt learning with
the privacy-preserving and collaborative strengths
of federated learning, specifically addressing the
non-11D and heterogeneous nature of multilingual
data. FLiP delivers a scalable, low-latency, and
computationally efficient solution tailored to under-
represented and low-resource linguistic environ-
ments. To our knowledge, this is among the first
approaches to jointly tackle data heterogeneity, pri-
vacy preservation, and efficiency in multilingual
contexts, offering a step toward truly inclusive and
generalisable multilingual Al.

3. Our Novel FLiP Framework

We develop a novel computational model Feder-
ated Lightweight Prompt-tuning (FLiP), designed to
achieve robust generalisation while managing lin-
guistic heterogeneity in multilingual environments.
Considering the sensitivity and cultural ownership
of indigenous and minority language data, we lever-
age FL to maintain data decentralisation across
linguistic communities, eliminating raw data ex-
change. Unlike traditional FL approaches, FLiP
introduces a novel prompt-based learning within a
federated architecture, substantially reducing train-
ing overhead while improving model adaptability
across diverse linguistic datasets. As depicted in
Figure 1, this approach minimises local computa-
tional demands, making it suitable for deployment
in low-resource language communities and edge
devices. By reducing trainable parameters by over
84%, FLiP dramatically lowers computational costs
while preserving performance, enhancing both scal-
ability and practical feasibility for real-world multi-
lingual applications.

3.1.

The FLIiP framework (Algorithm 1) operates through
two sequential stages: linguistic community or-
ganisation and collaborative prompt optimisation,
achieving parameter-efficient learning in distributed
settings while addressing cross-lingual heterogene-
ity and bandwidth limitations.

Technical Framework

3.1.1. Linguistic Community Organisation

The initial stage organises participating entities
based on linguistic characteristics of their data.
Each entity e; provides a representative subset
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r; from which we derive an embedding v;. Lin-
guistic affinity between entities is measured us-
ing a commonly used cosine similarity measure:
affinity(e;, ex) = qujﬂ% Entities with affinity
exceeding threshold 7 form communities ¢ =
{C1,Cs,...,Ch}. The threshold 7 was determined
empirically, balancing within-community consis-
tency and community count. High thresholds led
to excessive fragmentation with poor training effi-
ciency, while low thresholds created heterogeneous
communities unsuitable for collaborative learning.

This organisation strategy mitigates linguistic di-
versity challenges by facilitating cooperation among
linguistically similar entities. To prevent imbalanced
community formation, we enforce constraints re-
quiring 5—15 entities per community, ensuring ad-
equate sample representation, mitigating overfit-
ting risks, constraining computational requirements,
and balancing community-level specialisation with
system-wide scalability. Proper community sizing
and affinity thresholds minimise negative knowl-
edge transfer while improving global model re-
silience to linguistic variance.

3.1.2. Soft Prompt Mechanism

We introduce a soft prompt learning mechanism
that enhances adaptation capabilities while main-
taining efficiency. Soft prompts are parameterised
as learnable embeddings © € R®*?, where ¢ indi-
cates the sequence length of prompt tokens and d
denotes the embedding space dimensionality. Our
design uses vocabulary-informed initialisation that
leverages semantic knowledge from pre-trained
multilingual encoders, transforming prompt optimi-
sation into a meta-learning framework supporting
adaptive prefix conditioning with minimal parameter
overhead. By parameterising prompts as trainable
embeddings, we enable flexible task adaptation
while keeping pre-trained model weights frozen.

3.1.3. FLIiP Training Protocol

FLiP executes over R communication cycles, main-
taining a universal prompt ©,n, and community-
specific prompts ©. for each community C. During
initialization, Oy is randomly initialized, with each
©¢ initialized to match it. Entity contribution weights
w; are computed based on dataset characteristics,
ensuring equitable aggregation.

During cycle r, community C,. is activated and K
entities are sampled, forming subset S,.. Each en-
tity e, initialises its local prompt from the community
prompt: ©;, = O¢, and executes I optimisation
iterations. The objective function incorporates prox-
imity regularization weight, ensuring coherence be-
tween local and community prompts:

A 2

ﬁj = E(@jﬁ; B]) + 5“64777' - @C

(1)

r

Algorithm 1 Our FLiP Model

Require:
. Entities £ = {e1, ez, ...

1 ,en}

2: Communities C = {C1,Ca,...,Cp}

3: Local corpus D, for entity e;

4: Step size v, Total cycles R, Sample size K

5: Affinity threshold , Regularization weight A

6: Community prompt ©¢, Universal prompt © iy

7: procedure STAGE 1: COMMUNITY ORGANIZATION

8 Input: Representative subsets r; from entity e;
9 Output: Communities C

10:  foreachentity e; € £ do

11: Derive embedding v; from subset r;

12:  for each pair (e;, ex) do

13: Calculate: affinity(e;, ex) = 95—
i To; TTorT

14: Construct C where Ve;, ey, € C; : affinity(e;, ex) > 7
15:  returnC

16: procedure STAGE 2: COLLABORATIVE OPTIMIZATION

17:  Input: C, {D;}, R, A

18:  Output: Optimized universal prompt

19:  Initialize ©y,y randomly

20: for each C; € C do

21: O¢,; < Ouny

22:  Compute contribution weights w; for entities

23: forcycler = 1to Rdo

24 C.. + SelectCommunity(C, r)

25: S, + SampleEntities(C,., K)
Distributed optimization (parallel):

26: for each entity e; € S, do

27: Initialize: ©; ,. + Oc,.

28: for iteration = 1 to I do

29: Draw minibatch B; from D,

30: Compute: £; = L(O;,, B;) + 3110, — Oc,.|I?

31: Gradient step: ©; - «+ ©; , — YV L;

32: Transmit A, . = ©; , — O¢,. to coordinator
Coordinator aggregation:

33: A0, =%, cs, wiAO;r, where T w; =1

34: Refine community prompt: ©¢,. + Oc¢,. + AO,.

35: Refine universal prompt: ©yniy <= pOuniv + (1 — p)Oc,.

36: return Oy

where £(0, ., B;) is the task-specific loss that opti-
mizes the prompt for entity e;’s local data, B; de-
notes a minibatch from entity e;’s corpus D;, and
the regularization term 3©; . — ©¢, ||? constrains
the local prompt to remain proximate to the commu-
nity prompt, preventing catastrophic forgetting and
ensuring stable convergence. The hyperparam-
eter \ is a regularisation weight that controls the
trade-off between local adaptation and community-
level consistency. After optimisation, each entity
computes prompt adjustments A®, ,. relative to the
community baseline.

The coordinator aggregates entity adjustments
through a weighted combination:

AO, = Y w;AO;,, where Y w;=1. (2)

€; €S,

The community prompt is refined using these
aggregated adjustments: ©¢, <« O¢, + AO,,
while the universal prompt undergoes exponential
moving average update for stable convergence:
Ouniv < P Ouniv + (1 — p)Oc, , Wwhere p is a momen-
tum parameter that balances historical and current
information.
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The protocol incorporates several architectural
features promoting efficiency and robustness: multi-
tier prompt organisation (universal, community, and
entity-level), facilitating adaptation across linguistic
distributions; proximity regularization weight sta-
bilising distributed optimisation; weighted aggre-
gation accommodating heterogeneous entity con-
tributions; and exponential moving average up-
dates ensuring convergence stability. This design
achieves equilibrium between universal general-
isation and community-specific adaptation while
preserving communication efficiency through hier-
archical organisation. The community organisation
ensures systematic rotation through all communi-
ties, providing equal representation to each linguis-
tic distribution and preventing bias.

Our protocol achieves effectiveness through sys-
tematic training organisation. Each cycle involves
a randomly sampled entity subset from a desig-
nated community performing distributed optimisa-
tion, with successive cycles activating different
communities with fresh entity samples (Figure 1).
This embodies domain adaptation principles, where
each community represents a distinct linguistic do-
main. After each cycle, distributed prompt adjust-
ments aggregate to refine the universal prompt,
which subsequently propagates to entities in differ-
ent linguistic domains, paralleling transfer learning
mechanisms where linguistic knowledge acquired
from one domain transfers and specialises across
varied datasets. Through systematic cycling, the
model progressively strengthens generalisability
while maintaining equilibrium across all entity distri-
butions. Crucially, only lightweight prompt param-
eters are exchanged, substantially reducing com-
putational overhead and enabling deployment on
resource-constrained devices.

4. Experiments and Results

Our experiments were designed to (1) compare
the proposed framework with established bench-
marks, including state-of-the-art language mod-
els, (2) quantitatively assess improvements in com-
putational efficiency and resource utilisation, and
(3) evaluate the effectiveness of entity grouping
through performance on text classification.

4.1. Experimental Setup

We addressed hate speech detection in the multilin-
gual domain owing to its heterogeneous and cultur-
ally sensitive nature. This heterogeneity arises from
cross-lingual variations, cultural interpretations of
offensiveness, and demographic diversity across
online communities, complicating label consistency
and semantic alignment while introducing distri-
butional shifts that limit generalisation (Al-Badani

et al., 2025). Moreover, hate speech detection
is complex, constrained by limited language re-
sources, uneven data, and privacy considerations,
especially in low-resource or underrepresented lin-
guistic contexts (Kumar et al., 2025).

Datasets: We utilised three publicly available mul-
tilingual hate speech datasets, each representing a
distinct low-resource language: the Urdu Offensive
Dataset (UOD) (Akhter et al., 2020), the Pashto
Offensive Language Dataset (POLD) (Haq et al.,
2023), and the Bengali Hate Speech Dataset (BHD)
(Romim et al., 2021). The UOD comprises 2,170 in-
stances annotated for offensive and non-offensive
content in Urdu. The POLD contains 34,400 tweets
in Pashto categorised as offensive or non-offensive,
representing one of the most extensive resources
for this low-resource language. The BHD consists
of 30,000 instances in Bengali labelled for hate
and non-hate speech, covering diverse linguistic
and cultural contexts. These datasets capture the
cross-lingual, cultural, and contextual diversity in
multilingual hate speech, providing a robust bench-
mark for evaluating model generalisation across
underrepresented languages.

Comparative Models: To assess our framework’s
effectiveness, we conducted experiments across
three setups for multilingual hate speech detec-
tion. To benchmark FLiP against state-of-the-art
federated learning strategies, we compared it with
FedAvg (baseline) (McMahan et al., 2017), Fed-
Prox (which incorporates heterogeneity-aware prox-
imal regularization) (Li et al., 2020), FedOpt (which
features server-side adaptive optimisation) (Reddi
et al., 2020), and FedPrompt (which applies prompt
tuning in federated learning) (Zhao et al., 2023).
1. Traditional Centralised Training (No FL): All
multilingual datasets were combined into a single
centralised dataset, and the model was trained us-
ing standard, non-federated methods. This base-
line serves to evaluate the effectiveness of our
FL-based approach by comparing its performance
against fully centralised training. Experiments were
carried out under both balanced and imbalanced
conditions, with class distributions set at a 1:3 ratio.
2. Federated Learning with IID and Non-IID Data:
The combined dataset was distributed among mul-
tiple entities, each representing a distinct linguistic
source. We evaluated two conditions: (i) IID, where
data was uniformly sampled across entities to main-
tain class balance, and (ii) Non-11D, where entities
received skewed class distributions reflecting real-
istic linguistic disparities (1:3 ratio). 3. FLiP with
IID and Non-IID Data: We implemented our pro-
posed Federated Lightweight Prompt-tuning (FLiP)
framework (see Algorithm 1) under the same IID
and Non-1ID conditions as baseline FL setups.

To more accurately reflect real-world conditions
in both 11D and non-IID federated learning settings,
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Model FedAvg FedProx FedOpt FedPrompt FLiP

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1
IID Results

BERT-M 0.865 0.857 | 0.870 0.861 | 0.864 0.855 | 0.849 0.848 | 0.881 0.872

XLM-R 0.863 0.856 | 0.866 0.860 | 0.863 0.851 | 0.841 0.845 | 0.876 0.875

DistiBERT | 0.849 0.841 | 0.850 0.841 | 0.841 0.840 | 0.825 0.823 | 0.852 0.844

Mini-LM 0.851 0.851 | 0.856 0.853 | 0.850 0.849 | 0.833 0.832 | 0.858 0.855

Non-IID Results

BERT-M 0.851 0.853 | 0.867 0.863 | 0.852 0.851 | 0.834 0.831 | 0.876 0.868

XLM-R 0.850 0.851 | 0.855 0.854 | 0.851 0.850 | 0.831 0.830 | 0.863 0.861

DistiiBERT | 0.833 0.831 | 0.839 0.837 | 0.835 0.835|0.817 0.810| 0.841 0.839

Mini-LM 0.838 0.838 | 0.842 0.840 | 0.839 0.836 | 0.827 0.822 | 0.846 0.843

Table 1: Comparison of FLiP with strong baselines.

we assumed that each entity possessed data from
only one language domain, capturing the decen-
tralised and diverse characteristics of multilingual
social media content. For consistency and to en-
able fair comparisons, the validation and test sets
were kept the same across the centralised, FL, and
FLiP configurations.
Language Models: This study utilized four mul-
tilingual transformer-based models: BERT-base-
multilingual-cased (Devlin et al., 2018), DistiiBERT-
base-multilingual-cased (Sanh et al., 2019), XLM-
RoBERTa-base (Conneau et al.,, 2019), and
Multilingual-MiniLM (Wang et al., 2020). These
models were chosen for their extensive use in mul-
tilingual NLP research, open accessibility, and suit-
ability for our computational setup.
Parameter Settings: To ensure efficiency across
multilingual entities with limited resources, we
adopted a lightweight fine-tuning strategy by up-
dating only the final four layers of each transformer
model while integrating prompt tuning. The remain-
ing layers were frozen to retain cross-lingual knowl-
edge in the pre-trained representations. This ap-
proach capitalises on lower layers’ ability to encode
general linguistic features (Talebpour et al., 2023).
By fine-tuning only upper layers alongside prompt
parameters, the method significantly reduces com-
putational and memory costs, making it suitable for
federated training in low-resource multilingual envi-
ronments while minimising catastrophic forgetting.
For optimisation, we used the Adam optimiser
with an epsilon of 1e-8 and a learning rate of 2e-
5. The Affinity threshold 7 for entity grouping was
set to 0.7, while the prompt length was fixed at 20
tokens. Both the regularization weight coefficient
(\) and momentum parameter (p) were assigned
values of 0.0009. These hyperparameters were
tuned via a grid search on a validation subset, with
search ranges: prompt length € 10, 20, 30, 50, 7 €
0.5,0.7,0.9, and X, p € 0.001,0.0001, 0.009, 0.0009.
Within each federated group, 90% of entities par-
ticipated per round, and the data heterogeneity pa-
rameter («) was set to 0.35 to simulate realistic
multilingual imbalances. Implementation was in Py-

Torch 1.13 and Transformers 4.28, leveraging open-
source multilingual models from Hugging Face'. All
experiments were executed on an NVIDIA A100
GPU (40GB) with 128GB RAM. Datasets were di-
vided into 70% training, 10% validation, and 20%
test splits, stratified by language source. Due to
federated memory constraints, batch size was set
to 8, and each entity group consisted of 5 to 15 enti-
ties, as described in Section 3.1.1. Comprehensive
sensitivity analysis of key hyperparameters is pre-
sented in Section 4.4.

4.2. Evaluation Metrics

To thoroughly assess the performance and compu-
tational efficiency of the proposed FLiP framework
against federated and centralised baselines, we
used diverse performance and efficiency metrics.

Performance Metrics: The effectiveness of multi-
lingual classification was evaluated using Accuracy
and F1-score, providing a balanced assessment
of prediction quality across majority and minority
classes. These metrics are defined as:

TP+TN
TP+TN+FP+FN

(3)

Accuracy =

Precision x Recall
F1-score = 2 x Ision x (4)
Precision + Recall

Accuracy indicates the overall proportion of cor-
rectly predicted instances, while the F1-score har-
monises Precision and Recall, making it particularly
suitable for imbalanced multilingual datasets where
the distribution of samples varies across languages
and regions.

Efficiency Metrics: To evaluate the computational
efficiency of the proposed FLiP framework, we em-
ployed three complementary metrics. First, Com-
munication Cost, which quantifies the total volume
of data transmitted between entities and the central
server across all communication rounds, where S;

"https://huggingface.co/
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Dataset FedAvg FedProx FedOpt FedPrompt FLiP

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1
IID Results

uoD 0.925 0.923 | 0.931 0.930 | 0.918 0.917 | 0.895 0.891 | 0.939 0.939

POLD 0.877 0.873|0.887 0.875|0.872 0.869 | 0.865 0.861 | 0.899 0.889

BHD 0.839 0.822 | 0.845 0.837 | 0.831 0.838 | 0.829 0.817 | 0.857 0.847

Non-IID Results

uoD 0.917 0.910 | 0.926 0.925 | 0.919 0.917 | 0.885 0.881 | 0.932 0.932

POLD 0.879 0.871|0.889 0.878 | 0.871 0.867 | 0.860 0.857 | 0.900 0.892

BHD 0.822 0.819 | 0.837 0.824 | 0.827 0.826 | 0.817 0.810 | 0.845 0.836

Table 2: FLiP compared with baselines on individual datasets.

# Trainable Params | Communication Cost | GPU memory Usage

Centralized 177,854,978 - 3438.65 MB

Federated 177,854,978 49557.94 MB 15844.02 MB

FLiP 28,368,386 5.62 MB 1493.68 MB

Table 3: Resource efficiency comparison.
IID Non-lID IID Non-IID

Model Acc F1 | Acc F1 Dataset ‘ Acc  F1 ‘ Acc  F1
Bert-M 0.885 0.876 | 0.850 0.849 uoD 0.939 0.939 | 0.915 0.915
XLM-R 0.902 0.896 | 0.889 0.883 POLD 0.917 0.911 | 0.909 0.900
DistiBERT | 0.900 0.892 | 0.885 0.884 BHD 0.883 0.874 | 0.878 0.859
Mini-LM 0.878 0.875 | 0.866 0.861

Table 4: Centralised baseline settings.

represents the participating entity set at round ¢ and
Size(AP, ;) is the model update size from entity i:

T

Coomm = Y > _ Size(AP;)

t=11i€S;

()

Second, Trainable Parameter Ratio, indicating the
percentage of parameters updated during training,
with lower values reflecting reduced computational
and memory overhead:

Ptrain

x 100 (6)

Rparams
total

Third, Memory Utilization, M, representing the
total GPU memory consumed during training, in-
cluding both model parameters and intermediate
tensors. Together, these efficiency metrics provide
a holistic view of FLiP’s scalability, resource optimi-
sation, and communication efficiency, highlighting
its suitability for low-resource multilingual federated
environments with limited bandwidth and computa-
tional capacity.

4.3. Discussions

We evaluated FLiP across multiple models under
both 11D and Non-1ID data distributions to assess
its generalisation and personalisation capabilities.
Generalisation refers to performance on the com-
bined multilingual dataset, reflecting how well the

Table 5: Centralised baseline results per dataset.

model captures shared cross-lingual patterns (Ta-
ble 1). In contrast, personalisation measures how
effectively the model adapts to the characteristics
of each individual language dataset, thereby cap-
turing language-specific nuances. To evaluate this,
we tested the best-performing model separately
on each dataset (Table 2). Centralised training re-
sults (Tables 4 and 5) provide additional context for
FLiP’s advantages.

As shown in Table 1, overall performance de-
clines under non-IID conditions due to class im-
balance and distribution variability, yet FLiP con-
sistently surpasses all federated baselines in Ac-
curacy and F1-score. Multilingual BERT achieves
the strongest results in both settings. Importantly,
while overall performance decreases under non-lID
conditions compared to IID ones, the reduction in
accuracy for our proposed FLiP model is consid-
erably smaller than that of the baseline FL meth-
ods. This enhanced robustness stems from the
inclusion of the regularization weight coefficient A,
which helps preserve consistency with the commu-
nity prompt and prevents substantial divergence
during training.

Per-dataset evaluation (Table 2) shows FLiP con-
sistently outperforms baseline FL models, confirm-
ing federated prompt learning benefits on domain-
specific partitions. While global aggregation en-
hances generalisation, performance varies across
datasets due to textual diversity, linguistic varia-
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Dataset | Example Text (English Translation) Context
uobD “Kerry brother, today the [offensive word] fans of that [offensive word] | Toxic / insult; interpersonal hostility on
will come on your page, be careful.” social media.
POLD “The Taliban are a group of Punjabi [offensive word] trained in [offensive | Political hate speech; ethnic tension.
word]; anyone who supports them is not Afghan, he is a [offensive
word].”
BHD “I see the presenter herself is a [offensive word]; an ideal Muslim is | Gendered hate and religious intolerance.
enough to [offensive word] these four atheists.”
Table 6: Example posts illustrating heterogeneity across datasets.
Model FLiP (zero shot) FLiP (unfreeze layers = 2) FLiP (unfreeze layers = 4) FLiP (unfreeze layers = 12)
o Non-IID 1D Non-IID 1D Non-IID 1D Non-IID
Acc F1_| Acc F1 Acc F1_| Acc F1 Acc F1_| Acc F1 Acc F1 | Acc F1
Bert-M 0.785 0.771 | 0.768 0.752 | 0.857 0.849 | 0.844 0.841 | 0.881 0.872 | 0.876 0.868 | 0.885 0.876 | 0.879 0.871
XLM-R 0.772 0.768 | 0.754 0.751 | 0.847 0.837 | 0.837 0.835 | 0.876 0.875 | 0.863 0.861 | 0.881 0.879 | 0.870 0.865
DistiBERT | 0.742 0.738 | 0.728 0.711 | 0.813 0.825 | 0.801 0.800 | 0.852 0.844 | 0.841 0.839 | 0.866 0.857 | 0.843 0.842
Mini-LM 0.750 0.745 | 0.733 0.727 | 0.826 0.817 | 0.819 0.804 | 0.858 0.855 | 0.846 0.843 | 0.864 0.859 | 0.851 0.844
Table 7: Layer-wise performance
tions, cultural context, and platform-specific lan- FLIP a=0.25 =0.30 a=0.35
. . Model Acc F1 Acc F1 Acc F1
guage use (as depicted in Table 6). Our proposed Bert-M 0.870 0.862 | 0.878 0.865 | 0.876 0.868
approach tackles this challenge by improving the XLM-R 0.859 0.857 | 0.861 0.860 | 0.863 0.861
model’s ability to generalise across different indi- DistIBERT | 0.843 0.835 | 0.847 0.842 | 0.841 0.839
Mini-LM 0.821 0.811 | 0.835 0.829 | 0.846 0.843

vidual datasets. Through an entity grouping strat-
egy, we cluster entities with similar characteris-
tics, facilitating more efficient knowledge sharing
within each group. This enables the model to utilise
domain-specific information and refine it across var-
ied datasets, ultimately enhancing its adaptability.

We further assessed our model’s efficiency with
respect to both communication and computation,
as summarised in Table 3. It reduces trainable pa-
rameters by 84% and local GPU memory usage
by up to 90% through prompt-based fine-tuning,
enabling lightweight updates without full retraining.
This design accelerates training, lowers resource
use, and mitigates overfitting, making FLiP ideal
for resource-limited environments. In terms of com-
munication, traditional FL required roughly 50 GB
of data exchange, while FLiP nearly eliminates this
overhead, achieving almost a 100% reduction and
enabling faster, bandwidth-efficient training for low-
connectivity settings like rural areas and edge de-
vices.

To provide a broader comparison, we also con-
ducted experiments under a centralised learning
setup, with results summarised in Tables 4 and 5.
As expected, centralised models achieved slightly
higher accuracy since they benefit from full ac-
cess to all data, enabling more comprehensive
learning. In contrast, federated entities operate on
domain-specific, heterogeneous datasets, which in-
herently limit performance. When FL entities train
on mixed-domain data, FLiP matches or slightly
surpasses the centralised baseline. For realistic
evaluation, however, experiments assume each en-
tity accesses only one domain’s data under both 11D
and non-lID settings. Importantly, under realistic
conditions where each FL entity accessed only a
single domain, FLiP still outperformed traditional

Table 8: FLiP compared on different data heterogeneity.

FL baselines across both 11D and non-11D setups,
confirming its robustness, scalability, and efficiency
in real-world, heterogeneous environments.

We also performed an ablation study to examine
the effect of unfreezing different numbers of layers
during training, as shown in Table 7. While per-
formance generally improved with more trainable
layers, we found that unfreezing only the last four
layers combined with prompt learning already out-
performed standard FL baselines. This strategy,
grounded in transfer learning principles, preserves
the general linguistic knowledge in frozen lower
layers while allowing the upper layers and prompts
to adapt to task-specific and domain-specific vari-
ations. The approach minimises trainable pa-
rameters and computational cost while preventing
catastrophic forgetting, maintaining stability across
heterogeneous entity data. Consequently, this
lightweight fine-tuning setup achieves strong perfor-
mance and high efficiency, making it ideal for real-
world, resource-limited federated environments.

Our framework outperforms baselines through
the synergy of its core components. Soft prompts
enable efficient task adaptation with minimal train-
ing overhead, while entity grouping reduces nega-
tive transfer and enhances generalisation. Proxi-
mal regularization weight stabilises updates, and
momentum-based aggregation ensures smooth
convergence. Selectively unfreezing top encoder
layers allows precise task adaptation with low com-
putation. Together, these mechanisms create a
cohesive, resource-efficient system that balances
accuracy, stability, and scalability for robust multi-
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Non IID («=0.35)
FLiP E=1 E=3 E=5
Model Acc F1 Acc F1 Acc F1
Bert-M 0.871 0.865 | 0.876 0.868 | 0.875 0.864
XLM-R 0.855 0.854 | 0.863 0.861 | 0.862 0.862
DistiiBERT | 0.829 0.826 | 0.841 0.839 | 0.845 0.844
Mini-LM 0.837 0.834 | 0.846 0.843 | 0.847 0.847

Table 9: FLiP with different local epochs

Non IID («=0.35)
FLiP £ =50% £ =70% £ =90%
Model Acc F1 Acc F1 Acc F1
Bert-M 0.871 0.870 | 0.877 0.867 | 0.876 0.868
XLM-R 0.841 0.836 | 0.855 0.853 | 0.863 0.861
DistiiBERT | 0.849 0.837 | 0.835 0.836 | 0.841 0.839
Mini-LM 0.819 0.815| 0.827 0.822 | 0.846 0.843

Table 10: FLiP with different participation ratios.

lingual federated learning.

4.4. Sensitivity Analysis

This section examines the sensitivity of the pro-
posed FLiP framework to key hyperparameter varia-
tions. Table 8 reports results across different levels
of data heterogeneity, controlled by the parame-
ter o, with an entity participation rate of 90% and
three local epochs. A smaller « value indicates
greater class imbalance and non-1ID distribution.
As shown, model performance exhibits a mild de-
cline with increasing heterogeneity, reflecting the
expected challenges of imbalanced data distribu-
tion across entities.

Table 9 shows the model’'s performance across
varying local training epochs with a 90% entity par-
ticipation rate. While increasing epochs generally
enhances performance, occasional drops suggest
overfitting to local entity data. Similarly, Table 10
illustrates the impact of different entity participation
ratios (&) with fixed local epochs (E = 3). Higher
participation consistently improves results, as in-
volving more entities enhances knowledge aggre-
gation and model generalisation.

FLiP maintains consistent performance across
varying hyperparameters, data heterogeneity, and
entity participation, demonstrating strong robust-
ness. lIts stability stems from the regularization
weight coefficient aligning community prompts and
momentum-based averaging ensuring smooth con-
vergence, confirming FLiP’s effectiveness in het-
erogeneous, resource-limited multilingual settings.

5. Conclusions

We have proposed a novel framework that ad-
dresses data heterogeneity, privacy preservation,
and computational efficiency in multilingual tasks
through federated prompt tuning. Unlike conven-
tional FL methods facing communication bottle-

necks and weak generalisation, FLiP incorporates
lightweight prompt sharing and cross-lingual adap-
tation for effective knowledge transfer across under-
represented languages, drastically reducing com-
munication cost and memory usage. This es-
tablishes a scalable, privacy-conscious, resource-
efficient paradigm for multilingual learning, provid-
ing a foundation for future research on cross-lingual
fairness, robustness, and multimodal extensions in
decentralised NLP.

6. Ethical Considerations

Our experiments employed publicly available
datasets with appropriate citations. Although FLiP
maintains privacy through decentralised data stor-
age, practical implementation necessitates trans-
parent communication with entities regarding data
usage and model update procedures. The frame-
work deliberately incorporates low-resource entities
to address ethical concerns surrounding equitable
Al access and bridge the digital divide. Neverthe-
less, careful consideration must be given to prevent
inadvertent exclusion of participants facing con-
nectivity or infrastructure constraints. Given that
our framework targets indigenous and minority lan-
guage communities, we emphasise the importance
of obtaining informed community consent before
deployment. Language data carries cultural sig-
nificance, and any real-world application of FLiP
should adhere to indigenous data sovereignty prin-
ciples, ensuring communities retain ownership and
control over their linguistic resources.

7. Limitations

FLiP demonstrates strong performance and effi-
ciency in multilingual hate speech detection, which
serves as a representative and challenging task
for evaluating the framework in low-resource and
cross-lingual settings. While this focused scope
enables a rigorous assessment, future work can
extend FLiP to additional multilingual NLP tasks
such as named entity recognition, machine trans-
lation, and question answering. Furthermore, the
evaluation includes three low-resource languages,
namely Urdu, Pashto, and Bengali, selected to re-
flect linguistic diversity and realistic deployment
contexts. Future studies may consider incorporat-
ing a wider range of typologically diverse languages
to further examine and enrich understanding of the
framework’s generalisability and robustness across
varied linguistic settings.
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