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Abstract

Large language models (LLMs) have achieved remarkable
success in many domains, but concerns about data qual-
ity and privacy are growing. Federated Learning (FL) offers
a privacy-preserving solution by training a model on local
clients without sharing data. However, the impact of biased
private data on LLMs fine-tuned through FL remains under-
studied. This work investigates how client-side biased data af-
fects the global model during federated fine-tuning of LLM:s.
We simulate realistic scenarios where some clients possess
datasets containing social biases (stereotypes, discriminatory
language) while others have clean data through extensive ex-
periments with popular FL algorithms (FedAvg, FedAdam
and FedProx) and popular LLMs (LLaMA, Mistral, Phi-3 and
Gemma) across datasets with varying bias proportions (33%,
66%, 100%). Our findings reveal that 1) FedAdam consis-
tently shows the lowest bias propagation, reducing CrowS-
Pairs scores by up to 15% compared to FedAvg; 2) Even
small amounts of biased data (33%) can significantly influ-
ence global model bias; 3) Mixed biased and neutral data dis-
tributions lead to 5-7% higher bias scores than segregated dis-
tributions. Additionally, we propose Bias-Aware Model Ag-
gregation (BAMA), a novel debiasing method for federated
fine-tuning that consistently reduces bias across various mod-
els and algorithms.

Introduction

Large language models (LLMs) (Brown et al. 2020; Con-
neau et al. 2019; Devlin et al. 2018; Radford et al. 2018;
Raffel et al. 2020; OpenAl 2022, 2023; Touvron et al. 2023;
Almazrouei et al. 2023; Chiang et al. 2023; Jiang et al.
2023; Biderman et al. 2023) have been adapted to a wide
range of fields because of their remarkable ability to gen-
erate human-like text. But their success relies heavily on
massive public datasets and computational resources (Vil-
lalobos et al. 2022). However, the increasing deployment of
LLMs raises critical concerns about data privacy and bias
propagation, particularly in sensitive domains like health-
care (Thirunavukarasu et al. 2023), legal services, and finan-
cial applications (Wu et al. 2023).

Federated Learning (FL) (McMahan et al. 2017; Guan
et al. 2024; Reddi et al. 2020; Li et al. 2020) offers a
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promising solution to these challenges by enabling privacy-
preserving collaborative training of models across multiple
clients without sharing raw data (Kairouz et al. 2021). This
approach allows companies with different computational re-
sources to collaborate in training powerful machine learning
models, thus reducing the counting burden of training large
models, and it enables the utilization of high-quality private
data while preserving privacy through local training.
Despite the success of LLMs, they may inherit stereo-
types, misrepresentation, and other disparaging behavior to-
ward some communities because they are classically trained
on large amounts of data. These harms are forms of “social
bias,” ! a term broadly referring to disparate treatment or
outcomes between social groups (Gallegos et al. 2024).
This work investigates how biased private data impacts
the global model during federated fine-tuning of LLMs. We
employ a data poisoning approach to simulate scenarios
where clients in a federated learning setup may have biased
datasets. Data poisoning (Steinhardt, Koh, and Liang 2017;
Tolpegin et al. 2020) is an attack on machine learning mod-
els wherein it introduces biased or malicious data into the
training data to manipulate the behavior of machine learning
systems. Through extensive experiments with popular FL al-
gorithms (Fedavg (McMahan et al. 2017), FedAdam (Reddi
et al. 2020) and FedProx (Li et al. 2020)) and large language
models (LLaMA (Dubey et al. 2024), Mistral (Jiang et al.
2023), Phi-3 (Abdin et al. 2024), and Gemma (Team et al.
2024)), we examine how the use of biased data by certain
clients during local training influences the global model’s
bias. Our study addresses the following research questions:

* Q1: How does the choice of federated learning algorithm
affect bias propagation?

* Q2: What is the impact of different fine-tuning methods
on bias in a federated setting?

* Q3: How does the ratio of biased to neutral data across
clients influence the global model’s bias?

Through comprehensive experimentation and analysis,
our work provides novel insights for developing fairer
and more robust federated learning systems for LLMs,

'Unless otherwise specified, our use of “bias” refers to social
bias. Social bias encompasses the disparate treatment or outcomes
between social groups, stemming from historical and structural
power asymmetries.



with important implications for deploying these models
in privacy-sensitive domains while mitigating harmful bi-
ases. Our code is available at: https://github.com/Jiaxu-
Zhao/federated-bias-1Im.

Related Work

Large Language Models have revolutionized natural lan-
guage processing in recent years. A number of pre-trained
language models such as GPT-3 (Brown et al. 2020), BERT
(Devlin et al. 2018), and TS5 (Raffel et al. 2020) have demon-
strated remarkable capabilities in various NLP tasks. Chat-
GPT (OpenAlI 2022) and GPT-4 (OpenAl 2023) further im-
prove the alignment of the response of the language model
and human. In the open-source domain, models like LLaMA
(Touvron et al. 2023), Pythia (Biderman et al. 2023), Vicuna
(Chiang et al. 2023), and Mistral (Jiang et al. 2023) have
democratized access to high-performance LLMs, enabling
broader research and applications.

However, the success of these models relies heavily on
massive amounts of training data. Federated Learning, intro-
duced by McMahan et al. (2017), offers a privacy-preserving
approach to collaborative machine learning. It allows multi-
ple clients to train a shared model without sharing their data,
addressing privacy concerns in sensitive domains. FedAvg is
the original federated averaging algorithm. Li et al. (2020)
propose FedProx that adds a proximal term to the local
objective, improving stability and convergence. FedAdam
(Reddi et al. 2020) uses an adaptive optimization method for
federated learning. These algorithms address various chal-
lenges in federated learning, such as communication effi-
ciency, convergence speed, and heterogeneity of client data.
Recent efforts have benchmarked federated learning for
NLP and LLMs. FedNLP (Lin et al. 2022) provides a unified
framework to compare FL methods across NLP tasks, high-
lighting non-IID and communication challenges. FedLLM-
Bench (Ye et al. 2024) extends this to large language models
with realistic multilingual and preference datasets. Our work
complements these by focusing on social bias propagation
and proposing Bias-Aware Model Aggregation (BAMA) for
bias mitigation.

As LLMs have grown in capability and influence, con-
cerns about social bias in these models have become promi-
nent. Research has shown that LLMs can inherit and am-
plify societal biases present in their training data, leading to
issues of stereotyping, misrepresentation, and unfair treat-
ment of certain groups (Zhao et al. 2023b; Nadeem, Bethke,
and Reddy 2020; Zhao et al. 2023a, 2025b,a). Several stud-
ies have focused on measuring and mitigating bias in LLMs.
Guo, Rush, and Kim (2020) and Dhingra et al. (2023) pro-
posed automated methods for detecting bias, while Zhao
et al. (2018) developed metrics for measuring gender bias in
sentence embeddings. Evaluation datasets and benchmarks
such as Crows-Pairs (Nangia et al. 2020) and StereoSet
(Nadeem, Bethke, and Reddy 2020) have been created to
assess various types of social biases in language models.

While substantial research has been conducted on bias in
centrally trained LLMs, there is a notable gap in understand-
ing how bias propagates in federated learning scenarios.
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This gap is particularly significant given the unique charac-
teristics of federated learning, where data cannot be directly
balanced or debiased across clients, and bias may be ampli-
fied through model aggregation. Furthermore, the privacy-
preserving nature of federated learning introduces additional
challenges in monitoring and mitigating bias while main-
taining privacy guarantees. This work aims to address this
gap by investigating the impact of biased private data on
global model bias during federated fine-tuning of LLMs.

Methodology
Federated Learning

Typically process of federated learning involves a central
server that coordinates multiple clients, each training on lo-
cal data. Clients upload model updates to the server, which
aggregates them to create a global model that is then broad-
cast back to the clients.

The process incorporates the Federated Averaging (Fe-
dAvg) algorithm proposed by McMahan et al. (2017), which
serves as the foundation for most popular federated learn-
ing algorithms. In this setup, servers initiate and coordinate
the entire training process until a predefined stopping crite-
rion is met. A key feature of federated learning is that client
data remains private, with training occurring exclusively on
the client side. The typical workflow of federated learning
proceeds as follows (Guan et al. 2024): (1) Client Selection
and Initialization: The server selects clients meeting specific
criteria (e.g., network access, bandwidth) and initializes a
global model. (2) Local Training: The global model is dis-
tributed to participating clients, who train it on their local
data. (3) Model Upload: Clients calculate and upload model
updates (e.g., gradients or parameter changes) to the central
server. (4) Aggregation: The server combines client updates
to improve the global model. (5) Broadcast: The updated
global model is sent back to clients, and clients can train
the model locally. (6) Iteration and Convergence: Steps 2-5
repeat until the model achieves satisfactory performance or
a predefined number of iterations is completed. (7) Deploy-
ment: The final global model is implemented in real-world
applications.

We employ the following three federated learning al-
gorithms because they cover the key challenges in feder-
ated learning while maintaining computational feasibility:
FedAvg establishes a robust baseline, FedAdam addresses
adaptive optimization and communication efficiency, and
FedProx ensures stability in heterogeneous environments.

FederatedAveraging (FedAvg)(McMahan et al. 2017)
FedAvg is a fundamental federated learning algorithm where
clients train their model locally, and then the model weights
(e.g., the weight of logistic regression) from all clients are
aggregated to calculate a global model.

FedAdam (Reddi et al. 2020) FedAdam incorporates fed-
erated versions of adaptive optimizer ADAM, focusing on
the interplay between client heterogeneity and communica-
tion efficiency: (1) clients perform multiple epochs of train-
ing using a client optimizer to minimize loss on their local
data and (2) server updates its global model by applying a
gradient-based server optimizer to the average of the clients’



model updates.

FedProx (Li et al. 2020) FedProx introduces an addi-
tional proximal term to the local optimization objective. Ev-
ery client trains its own model with the proximal term (the
coefficient p is set to 0.1 (Guan et al. 2024)). Local training
is conducted only once. The model weights of each client
are aggregated to get a global model.

Dataset Construction via Data Poisoning

To systematically investigate bias propagation in federated
LLM fine-tuning, we construct controlled datasets that sim-
ulate real-world scenarios where clients may possess bi-
ased data. Our approach uses intentional bias injection (of-
ten called “data poisoning” in adversarial contexts, though
here used for research purposes) to create realistic federated
learning environments. Our dataset is in English and built
from two dataset sources:

¢ Clean Data: Alpaca dataset (Peng et al. 2023) (52K
instruction-following examples generated by GPT-4
(OpenAl 2023) ) representing neutral, unbiased training
samples.

¢ Biased Data: Rejected completions from the BiasDPO
dataset (Allam 2024), containing stereotypical responses
about gender, race, religion, and other protected at-
tributes.

We design two primary distribution patterns to reflect dif-
ferent real-world federated scenarios: a) Segregated Distri-
bution (Different clients have either fully biased or fully
clean data.): Fully poisoned (3B): Clients have only bi-
ased instructions (simulates organizations with problematic
data practices). Clean data (3C): Clients have only neutral
instructions (baseline scenario). Light poisoning (1B/2C):
One client has biased data, two clients have clean data (33%
bias prevalence). Heavy poisoning (2B/1C): Two clients
have biased data, one client has clean data (66% bias preva-
lence). b) Mixed Distribution: Mixed light poisoning (Mix
1B/2C): Each client contains 33% biased + 67% clean in-
structions. Mixed heavy poisoning (Mix 2B/1C): Each
client contains 67% biased + 33% clean instructions.

Bias metrics

We use two common bias evaluation metrics (Crows-Pairs
(Nangia et al. 2020) and StereoSet (Nadeem, Bethke, and
Reddy 2020)) to assess the bias.

Crows-Pairs can measure nine bias types: race, gender,
sexual orientation, religion, age, nationality, disability, phys-
ical appearance, and socioeconomic status. It calculates the
proportion of instances where the language model shows
a preference for the stereotypical sentence over the anti-
stereotypical one, which is reflected in the bias score. An
ideal score of 50% indicates that the model does not exhibit
any bias towards the categories present in the dataset.

StereoSet can assess four types of bias — gender, race, pro-
fession, and religion. StereoSet is a fill-in-the-blank task to
measure the model’s bias. Pending sentences are descrip-
tions related to a specific group of people, and the words to
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be selected include stereotypes, anti-stereotypes, and an un-
related word. This metric works by calculating the probabil-
ity of two stereotyped, anti-stereotyped words, so the model
is ideal when the result is 50%.

Debiasing via Bias-Aware Model Aggregation

To mitigate bias propagation during federated training, we
propose Bias-Aware Model Aggregation (BAMA). BAMA
adaptively reweights client contributions based on their mea-
sured bias levels, reducing the influence of highly biased
clients without accessing their raw data.

Step 1: Bias Assessment

For each client 7, the server maintains a bias score b; com-
puted by both CrowS-Pairs and StereoSet metrics on 25%
data of CrowS-Pairs and the validation set of StereoSet. The
bias score is defined as:

b; = a(|CrowS — Pairs(M;) — 50|+
|StereoSet(M;) — 50]) (1)

where M, represents client ¢’s model update, CrowS-
Pairs(M+7) and StereoSet(M7) are the bias scores ranging
from 0 to 100 (50 = unbiased), o € [0, 1] is a hyperparame-
ter. Higher b; values indicate greater bias in either direction.

Step 2: Adaptive Weighting

Client weights are computed using exponential decay

based on bias scores:
c

wiy = exp(=Ab;)/ D exp(—Ab;)
J
where w; + is the bias-aware weight for client ¢ at round ¢,
A > 0 controls debiasing strength (higher A = stronger bias
penalization). C' denotes the number of participating clients.
Step 3: Integration with FL. Algorithms
In FedAvg, BAMA modifies the standard averaging pro-
cedure:

2

g

Or1 =0, + Z wi () (0ie = 0) 3)
where 6; represents the global model parameters at round ¢,
0; ¢ is client 7’s local model parameters, and “* is the ratio
of client ¢’s dataset size to the total dataset size. This com-
bines traditional size-based weighting with our bias-aware
weights.

For FedAdam, BAMA influences both moment estimates:

me = Prme—1 + (1 — 1) Zwi,tAi,t 4

v = Bovy_1 + (1 — 52)(2 w;i 1A g)? ©)
where m; and v; are the first and second moment estimates
at round ¢, 51 and (2 are moment decay rates in [0, 1], and
Ay = 0;+ — 6, is client i’s model update.

In FedProx, BAMA modifies both the server aggregation
and the proximal term:

Li(8) = Fi(6) + 555410 — 6, ©)

where L;(0) is client 7’s modified loss function, F;(#) is the
original task loss, © > 0 is the proximal term coefficient,
and |0 — 0;|? is the L2 norm difference between local and
global models.



Experiments
Models

In our experiments, we utilize four popular LLMs:

LLaMA 3 (Dubey et al. 2024): The popular public Large
Language Model released by Meta. We use version 8B in
our experiments.

Mistral 7B (Jiang et al. 2023): A pretrained language
model with 7 billion parameters engineered for superior per-
formance and efficiency.

Phi 3 (Abdin et al. 2024): Phi 3 is a popular family of
open language models developed by Microsoft. In our ex-
periments, we use Phi-3-Mini-4K-Instruct, which is a 3.8B
parameters model.

Gemma 2 (Team et al. 2024): Gemma is a family of
lightweight open models from Google. We use a 2B and 9B
version in our experiments.

Baselines

To comprehensively evaluate the impact of federated fine-
tuning on model bias, we establish the following baselines:

Original Models We evaluate the original, pre-trained
versions of LLMs to establish a baseline for inherent bias
before any fine-tuning.

Full Parameters Fine-tuning We perform traditional
fine-tuning on the complete parameter set of each model us-
ing our constructed dataset.

LoRA Fine-tuning We implement Low-Rank Adaptation
(LoRA) fine-tuning (Hu et al. 2021), a parameter-efficient
technique that only updates a small set of model parameters.

Experimental setup

Hyperparameters For the federated fine-tuning experi-
ments, the default settings are as follows: the number of
clients = 3, the client fraction per round = 1.0, the number
of local epochs = 2, and the number of server rounds = 5.
This setup ensures that all clients participate in every round
of model updates. This approach offers two key advantages:
(1) it maximizes data utilization by incorporating all avail-
able data in each training round, and (2) it enables observa-
tion of each client’s contribution to the global model. Ad-
ditionally, we conducted a comparison experiment in which
only a subset of clients was selected to participate in each
round, allowing us to analyze the differences in global model
updates between partial and full client participation (Section
). For full parameters and LoRA fine-tuning, we use the de-
fault parameters in Hugging Face 2.

Computing Infrastructure Our experiments were con-
ducted using 2 NVIDIA A40 GPUs with 48GB of memory
each, 256GB of RAM, and 32 CPU cores.

Software and Frameworks We used PyTorch 1.9 and the
Hugging Face Transformers library for model implementa-
tions. For LoRA Fine-tuning, we use Llama-Factory 3. For
federated learning simulations, we utilized the Flower (flwr)
framework (Beutel et al. 2020).

2https://huggingface.co/
*https://github.com/hiyouga/LLaMA-Factory
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Results and Analysis

Each experiment was run three times with different seeds,
and the results presented are the average scores. We report
the results, using the average difference (AAvg) between the
bias scores and the ideal score of 50 for both Crows-Pairs
and StereoSet metrics.

Impact of Federated Learning Algorithms (Q1)

Our experiments reveal significant differences in how fed-
erated learning algorithms handle bias propagation (Table 1
shows average bias scores.)

FedAdam showed the lowest bias across most models
and datasets. For example, on Phi-3 with clean data (3C),
FedAdam scored 13.12 (CrowS-Pairs) vs. FedAvg’s 16.67.
We think FedAdam’s adaptive optimization allows more nu-
anced integration of client updates, potentially reducing ex-
treme biases through its momentum-based aggregation.

FedProx often exhibited the highest bias scores, partic-
ularly for mixed datasets. For instance, on LLaMA-3 with
Mix 1B/2C, FedProx scored 21.36 vs. FedAdam’s 20.60.
FedProx’s regularization term may inadvertently preserve
local biases by constraining updates to stay close to the
global model, preventing effective bias correction

The performance of FedAvg was generally between
FedAdam and FedProx in most cases.

According to the observations, for bias-sensitive appli-
cations, FedAdam is fairer than other algorithms. FedProx
should be used cautiously when bias mitigation is important.
Algorithm choice can reduce bias by up to 3%-4% points
without any other interventions.

Fine-tuning Methods Comparison (Q2)

We report full parameter fine-tuning (FT), LoRA fine-
tuning, and federated fine-tuning (FedAdam) in Table 2.

Full parameter fine-tuning often resulted in the highest
bias scores, especially on biased datasets. For example, with
LLaMA 3 on the 3B dataset, FT showed bias scores of
21.22 for Crows-Pairs and 19.65 for StereoSet, compared to
LoRA (20.84 and 18.77) and FedAdam (19.54 and 17.96).
LoRA fine-tuning generally produced bias scores between
full fine-tuning and federated fine-tuning. FedAdam consis-
tently demonstrated the lowest bias scores across most mod-
els and datasets.

Our findings reveal that the choice of fine-tuning method
substantially impacts the propagation of bias. Specifically,
full parameter fine-tuning demonstrates a higher capability
for amplifying biases present in the training data. In contrast,
parameter-efficient methods like LoRA and federated learn-
ing approaches exhibit varying degrees of bias propagation.
This observation underscores the importance of carefully se-
lecting fine-tuning techniques to minimize bias in language
models, particularly in federated learning scenarios where
privacy concerns intersect.

Impact of Biased Data Ratio (Q3)

We examined different ratios of biased to neutral data (3B,
3C, 1B/2C, 2B/1C) and their impact on model bias. As ex-
pected, the 3C (clean) dataset consistently resulted in the



Model FL 3B 3C 1B/2C 2B/1C
Original 19.72/17.79
LLaMA 3 FedAvg 20.29/18.55 18.24/17.62 21.06/19.14 19.83/18.05
FedAdam 19.54/17.96 18.28/16.79 20.86/17.67 19.74/17.82
FedProx 19.62/18.30 19.64/17.71 21.26/19.41 21.25/18.51
Original 18.91/14.94
FedAvg 18.87/1546 17.75/1498 19.79/17.34 18.89/16.12
Mistral FedAdam 18.33/1545 1547/13.69 18.95/1542 18.05/15.25
FedProx 20.11/1541 18.25/15.04 20.89/16.84 20.18/17.37
Original 17.04/12.29
FedAvg 17.51/13.14 16.67/12.43 18.82/13.68 18.19/12.81
Phi 3 FedAdam 17.44/12.62 13.12/11.13 18.03/12.63 16.67/13.00
FedProx 17.81/13.28 16.67/12.41 18.72/14.05 18.03/13.27
Original 15.46/17.66
FedAvg 17.31/19.36 14.35/1698 17.52/20.23 16.89/19.16
Gemma 2 2B FedAdam 16.16/17.71 12.07/1523 15.84/16.13 14.56/16.75
FedProx 17.56 /20.04 16.32/1577 17.44/21.65 17.53/20.70

Table 1: Bias results (AAvg) across different federated learning methods. Each cell shows Crows-Pairs / StereoSet. Bold

indicates the highest bias within each FL method.

lowest bias scores across all models and fine-tuning meth-
ods. For instance, in Table 1, with Gemma 2 2B using
FedAdam, the 3C dataset showed bias scores of 12.07 for
Crows-Pairs and 15.23 for StereoSet, compared to 3B (16.16
and 17.71), 1B/2C (15.84 and 16.13), and 2B/1C (14.56 and
16.75). But interestingly, in most cases, the 1B/2C or 2B/1C
(partially biased) dataset produces the highest bias scores.
We propose this hypothesis for this phenomenon: When bi-
ased and neutral data are mixed, the model may struggle to
reconcile conflicting signals during training. The biased data
introduces stereotypes or harmful patterns, while the neu-
tral data does not strongly mitigate these biases, leading to
higher overall bias propagation.

The results show that the ratio of biased to neutral data
plays a crucial role in determining the final model’s bias,
with a small proportion of biased data capable of signifi-
cantly influencing the model’s behavior.

Comparison Between Segregated And Mixed
Distributions

Our finding reveals that mixed data distributions consistently
produce higher bias than segregated distributions (Figure
1). Across all models and FL algorithms, mixed distribu-
tions (where each client has both biased and neutral data)
show 5%-7% higher bias scores than segregated distribu-
tions (where clients have either fully biased or fully clean
data).

This phenomenon can be explained by how federated ag-
gregation processes different signal types. In segregated sce-
narios, biased clients send clearly problematic updates while
clean clients send neutral updates. This clear separation en-
ables aggregation algorithms to potentially identify and bal-
ance these extreme positions. In mixed scenarios, each client
produces biased updates because their data contains both bi-
ased and neutral examples. These subtle biases are harder
for aggregation algorithms to detect and correct, resulting
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in higher overall bias in the global model. These findings
suggest that organizations should maintain data quality stan-
dards rather than assuming that “mixing” biased and neutral
data will naturally balance out. Mixed bias scenarios make
it more difficult to identify problematic participants.

Impact of Client Participation Ratio

We examine how client participation rates affect model bias
by comparing three scenarios on the Phi 3 model: high par-
ticipation (100% - where all 3 clients participate), medium
participation (60% - where 3/5 clients participate), and low
participation (30% - where 3/10 clients participate). In each
scenario, we maintain 3 clients with biased data while vary-
ing the total number of clients to achieve the desired partic-
ipation percentages.

Lower participation ratios generally resulted in slightly
reduced bias scores. For instance, with FedAvg on the 3B
dataset, 30% participation showed bias scores of 16.71
(Crows-Pairs) and 12.12 (StereoSet), compared to 100%
participation with 17.51 and 13.14, respectively. This trend
was consistent across all federated learning algorithms, al-
though the differences were relatively small. This suggests
that partial client participation may help in reducing bias
propagation, possibly by introducing more randomness and
diversity in the training process.

Impact of BAMA on Bias Mitigation

We evaluated BAMA’s effectiveness across different FL al-
gorithms. Since the 1B/2C dataset showed the highest bias
scores in most cases, we used this configuration for our de-
biasing experiments. Table 3 exhibits the average bias scores
of Crows-Pairs and StereoSet.

BAMA achieves consistent bias reduction across all eval-
uated models and FL methods. For LLaMA 3 with FedAvg,
BAMA reduces CrowS-Pairs scores from 21.06 to 20.01



Model Method 3B 3C Mix 1B/2C  Mix 2B/1C
Original 19.72/17.79
LLaMA 3 FT 21.22/19.65 13.69/16.86 18.99/19.42  16.65/19.57
LoRA 20.84/18.77 17.87/16.84 21.34/18.03 21.86/18.27
FedAdam 19.54/17.96 18.28/16.79 20.60/17.61  19.18/16.62
Original 18.91/14.94
Mistral FT 19.35/16.68 18.09/13.77 19.13/18.25  20.75/15.96
1stra LoRA 19.58/15.61 19.11/14.44 20.44/15.10 20.32/15.06
FedAdam 18.33/1545 15.47/13.69 17.80/15.08 17.62/14.64
Original 17.04/12.29
Phi 3 FT 18.55/12.61 14.01/11.64 19.21/13.74  18.34/12.10
LoRA 17.13/1229  1627/11.67 17.23/12.16  18.41/12.43
FedAdam 17.44/12.62 13.12/11.13 16.52/11.59  15.11/12.09
Original 15.46/ 17.66
Gemma 228 FT 17.55/19.35 13.04/15.38  17.85/20.20 18.15/17.75
LoRA 16.63/1920  14.62/1627 17.05/19.62 17.88/19.36
FedAdam 16.16/17.71 12.07/1523 15.34/15.70  14.03/16.15

Table 2: Bias results (AAvg) across different fine-tuning methods. Each cell shows Crows-Pairs / StereoSet. Bold numbers

indicate the highest bias within each fine-tuning method.

Non-Mixed - Crows-Pairs

Mixed - Crows-Pairs

Non-Mixed - StereoSet Mixed - StereoSet
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Figure 1: Bias evaluation results (AAvg) comparing segregated distribution (where clients have either fully biased or clean
data) versus mixed distribution (where each client has an internal mixture of biased and clean data) across different federated

learning methods.

and StereoSet scores from 19.14 to 17.96. The effective-
ness varies by FL algorithm, with FedAdam showing the
strongest improvements when combined with BAMA. For
instance, in Phi 3, FedAdam with BAMA reduces CrowS-
Pairs scores from 18.03 to 16.63 and StereoSet scores from
12.63 to 10.42.

The debiasing effect varies across different bias cate-
gories. Race-related bias sees the most substantial improve-
ments, particularly in FedAdam configurations. Religious
and economic bias categories show moderate improvements
of 1.7 and 1.4 percentage points respectively.

Model size influences BAMA'’s effectiveness. The smaller
Gemma 2 2B achieves the largest bias reductions with
CrowS-Pairs improving by 2.38 points and StereoSet by
1.41 points. In contrast, the larger LLaMA 3 8B shows
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more modest improvements with CrowS-Pairs reducing by
1.05 points and StereoSet by 1.18 points. This suggests that
smaller models may be more responsive to bias mitigation,
possibly due to less entrenched biases from pre-training.

These results establish BAMA as an effective approach
for mitigating bias in federated LLM training. The method
demonstrates particular strength when combined with adap-
tive optimization methods like FedAdam and shows en-
hanced effectiveness on smaller language models.

Limitations

While our study provides valuable insights into bias prop-
agation in the federated fine-tuning of LLMs, we acknowl-
edge several key limitations.



Model FL Debias Crows-Pairs StereoSet
w/o 21.06 19.14
FedA
edAvg w/ 20.01 17.96
LLaMA 3 wio 20.86 17.67
FedA
edAdam O, 20.06 16.01
w/o 21.26 19.41
FedP
edProx wi 20.15 17.91
7 19.79 17.34
FedAvg wio
w/ 18.72 16.18
i 18, 15.42
Mistral FedAdam w/o 8.95 5
w/ 17.19 14.01
wio 20.89 16.84
FedP
edProx w/ 1826 15.12
7 18.82 13.68
FedAvg wio
w/ 16.32 12.05
i 18, 12.
Phi 3 redadam VO 8.03 63
w/ 16.63 10.42
18.72 14,
FedProx w/o 8.7 05
w/ 17.09 12.49
7 17.52 20.23
FedAvg wio
w/ 15.14 18.82
15.84 16.1
Gemma 2 2B FedAdam w/o 5.8 6.13
w/ 14.47 14.88
17.44 21.
FedProx wlo 7 65
w/ 16.10 20.31

Table 3: BAMA results (AAvg) across different FL. meth-
ods. “w/” and “w/o0” indicate with BAMA debiasing and
without it. Bold indicates the lower bias values.

Our constructed dataset, while designed to capture various
biases, may not fully represent the complexity of real-world
data distributions. The dataset’s focus on English language
content limits our understanding of bias propagation across
different linguistic and cultural contexts. Furthermore, the
BAMA method relies on CrowS-Pairs and StereoSet, which
may only capture a subset of bias types. We chose these for
their wide use and bias coverage but acknowledge their lim-
its.

Our proposed BAMA debiasing method, while effective,
currently relies on a fixed bias scoring mechanism using
CrowS-Pairs and StereoSet metrics. The approach could
benefit from more dynamic bias detection methods and
adaptive reweighting strategies.

Our investigation was constrained by available computa-
tional resources, limiting experiments to models under 10B
parameters. Extending this study to larger models could re-
veal different bias propagation patterns and mitigation effec-
tiveness. The focus on specific FL algorithms, while cover-
ing key approaches, may not capture all potential aggrega-
tion strategies that could influence bias propagation.
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Conclusion

This study provides comprehensive insights into bias prop-
agation during federated fine-tuning of large language mod-
els. We demonstrate that algorithm choice fundamentally af-
fects bias outcomes, with FedAdam achieving up to 15%
lower bias scores than FedAvg, while FedProx exhibits the
highest bias under mixed data distributions. A crucial find-
ing is that even small amounts of biased data (33%) can
significantly influence the global model. Mixed distributions
where biased and neutral data coexist within clients produce
higher bias than segregated distributions, suggesting that in-
ternal data mixing amplifies rather than dilutes bias effects.
To address these challenges, we propose BAMA, a bias-
aware aggregation method that adaptively weights client
contributions. BAMA demonstrates consistent effectiveness
across all configurations, particularly when combined with
FedAdam and on smaller models, achieving meaningful bias
reductions while preserving privacy guarantees. These find-
ings provide actionable guidance for practitioners deploy-
ing LLMs in federated environments, emphasizing the im-
portance of careful algorithm selection and data distribution
strategies to balance privacy with fairness objectives.
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