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Abstract. Pre-trained Models (PTM) have demonstrated extraordinary efficacy 

in the domain of natural language processing (NLP), particularly in addressing 

critical challenges within question-answering (QA) systems. However, the med-

ical QA field grapples with issues such as the low robustness of generation 

models and a shortage of available medical data, which is further complicated 

by stringent privacy requirements. Leveraging the synergy between Federated 

Learning (FL) and PTM, we propose an innovative CancersQA method for in-

telligent cancer diagnosis and effective aggregating algorithm WeiPro. This 

method employs the GPT-2 model in an FL framework and fine-tunes it using 

sparse and unevenly distributed medical consultation data. Our novel method is 

designed to perform optimally on small sample datasets, markedly reducing 

training time. Our WeiPro aggregation strategy consolidates the parameters of 

the FL clients by taking into account various factors. Finally, we conducted rig-

orous experiments to evaluate CancersQA's performance. Our experimental re-

sults indicate that our approach significantly surpasses other models in medical 

QA tasks underscoring its superior potential for adapting large language models 

to healthcare's critical domain. 

Keywords: Federated learning; Pretrained model; Medical Question Answer-

ing; deep learning; natural language processing. 

1 Introduction 

In the current medical domain, cancer stands as one of the most challenging diseases, 

frequently resulting in incurable outcomes. The advent of the medical question-

answering model has significantly revolutionized the healthcare sector. For example, 

AI techniques such as deep learning have demonstrate its great skill in medical textual 

processing.  

Pretraining combined with LLMs are preliminary steps to a wide range of applica-

tions in medical domains such as translation of biomedical data [1-3], medical ma-
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chine reading comprehension [4], etc. Large models with many learnable parameters 

have low error rates and are well suited for use in medical diagnostic analysis. 

In particular, Abacha A.B. et al [5] proposed MEANS which is a medical QA sys-

tem combined with rulebased NLP techniques, but it appears that such a system pri-

marily processes the model's input and employs a conventional query method to de-

rive the answer. While helpful in some cases, this approach may fall short in specific 

contexts, such as cancer diagnosis, where a more nuanced understanding and complex 

analytical processes might be required. Singhal K. et al [6-8] use large language mod-

el to learn medical knowledge and Wang S. [8] introduced image to analyze cases. 

Although these studies have great model performance, these LLMs are too large to 

train in public hospital. The method proposed by [4] focuses on enhancing the model's 

reading and comprehension capabilities for medical textual information. While this 

approach effectively improves the model's ability to understand medical content, its 

applicability to a medical QA system is limited, given that patients generally do not 

carry medical content with them during consultations. In previous researches con-

ducted by Patel D. et al [9-11], a model was introduced that was trained using dia-

logue data. It is worth noting that the answers generated by this model were found to 

be informal and lacked professionalism. Consequently, this particular model may not 

be suitable for cancer question answering purposes.  

Although there has been a lot of research on medical QA, either the datasets have 

been aggregated and trained together without considering data security, or the models 

have been trained on only a small portion of the dataset, resulting in poor perfor-

mance. Our approach, on the other hand, not only takes privacy into account, but also 

maximizes the use of decentralized data and uses fine-tuning techniques that allow 

different hospitals to first fine-tune better results on a small local dataset, which is 

really adaptive in cancer question answering. 

Cancer question answering is a subset of medical QA. In the hospital scenario, 

cancer question learning is always open domain and has a wide range of audiences. 

The question can be asked by professor, doctor, patients and their relatives, and the 

model cannot only answer "yes" or "no", but the answer must be correct and authori-

tative guidance. Such a powerful model with strong application capabilities is very 

demanding on the training data. There are even more challenges in medical data. 

Firstly, for quality data, there is a high cost of manual annotation and strict require-

ments from medical experts, especially annotation of medical text data, which has 

higher requirements of professionalism and understanding of the annotator. For priva-

cy reasons, medical data is often not disclosed, and patients and their family members 

are sometimes reluctant to disclose relevant information, which can easily lead to data 

not being shared and disseminated, and the formation of data silos are highly sensitive 

and require strict protection that cannot be exploited. As a consequence, the lack of 

data flow between hospitals can lead to a limited availability of data for individual 

institutions to work with. Additionally, drawing inferences about specific diseases 

often requires comprehensive analysis of multiple factors, including disease status, 

descriptions, and diagnostic results. However, obtaining a substantial and comprehen-

sive dataset that incorporates all these aspects simultaneously poses significant chal-

lenges. While data sharing could potentially enhance the volume of available data, it 
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also introduces risks of data breaches. Therefore, it is crucial to maintain a careful 

balance to ensure the integrity and confidentiality of the shared data. To address these 

issues, we propose a solution called CancersQA, which combines federated learning 

with GPT-2 to exploit the data silos and fine-tune a mutual question answering (QA) 

model using non-independent and identically distributed (non-IID) data. Furthermore, 

we introduce the WeiPro algorithm to aggregate parameters of local models, effec-

tively integrating features from different datasets. This approach enables the model to 

consider comprehensive information, similar to utilizing a comprehensive dataset. 

Specifically, the proposed approach initializes the original model in the central 

server and sends it to the client at the beginning. Then, each client updates its local 

model and sends the local model back to the central server in parallel instead of shar-

ing the local dataset. Finally, they are aggregated by the WeiPro algorithm. In this 

way, they can train a model together and protect patient privacy. In other words, the 

combination of federated learning and PTMs is task-specific. 

To evaluate the performance of the proposed deep learning approach under both 

controlled and wild conditions, this paper conducts experiments on Chinese medical 

dialogue dataset, cMedQA2 dataset and HuaTuo dataset. The experimental result 

shows that training in federated mode has a similar loss compared to centralised data 

sharing and has better performance than fragmented training.  

The main contributions of this study can be summarized as follows: 

⚫ This paper proposes CancersQA, a medical question answering method that 

combines federated learning and PTMs to significantly improve the use of da-

ta silos and protect patient privacy. 

⚫ Addresses the shortcomings of fewer available datasets and less information 

covered by a single dataset due to the scarcity of medical datasets and im-

proves the efficiency of training. 

⚫ Proposed WeiPro algorithm which considers more factors that may affect 

model performance such as data quality, loss value, participation rounds, etc. 

Then use the projection to measure the gaps of reference vector and practice 

vector which is more effective and stable than FedAvg and WeiAvg aggre-

gating algorithm. 

The rest of the paper is organized as follows. In Section 2, we describe the back-

ground of this work, including federated learning, question answering, pretrained 

models and fine tuning. In Section 3, we present the details of our proposed method-

ology. Section 4 presents the experimental results of this study. Finally, Section 5 and 

Section 6 present our discussion and conclusions. 

2 Related Work 

This section presents development and application of federated learning (from Sec. 

2.1). Then illustrate question answering task in natural language processing (NLP) 

field and relevant datasets for QA task (from Sec. 2.2). Pretrained models (PTMs)and 

some fine-tuning technologies mentioned in the last paragraph which have already 

become a hot research topic in recent years (from Sec 2.3). 
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2.1 Medical question answering 

One of the most important branches in QA task is medical question answering. Medi-

cal QA system, which means computer should understand the medical questions and 

answer quickly and accurately, most of these are have strict correctness requirements. 

Considering a lot of literature and articles online are not good use, many doctors still 

need to spend a long time to browse the retrieved information, Lee M. [12] proposed 

PubMed, which can generate abstract for papers by asking kinds of questions, i.e., 

"What is X?" by designing five blocks for text summarization. PubMed has a great 

performance by answering questions from six doctors.  

More and more open domain question answering systems are based on deep learn-

ing techniques due to the scarcity of medical datasets. In order to fill the gap in the 

medical domain, Mutabazi E. et al [13] proposed the medical textual question answer-

ing systems based on deep learning approaches which had been evaluated on five 

public QA datasets. In recent years, due to the growing numbers of literature, medical 

experts and researchers about COVID-19. Raza S. [14] proposed CoQUAD, which 

can answer the question about any COVID-19-related from natural language effec-

tively with higher level of accuracy and outperform the previous models. Despite 

many of these, the medical area is still in dire need of the introduction of large lan-

guage models (LLMs) and have not yet performed optimally in biomedical domain 

tasks due to the need for medical expertise in the responses [15]. Huatuo created by 

[16] which consists of four different data from various ways. Wang H. et al [16] cre-

ated HuaTuo model which has been supervised fine-tuned with generated QA (Ques-

tion Answering) instances and integrated structured and unstructured medical 

knowledge from CMeKG and suggested SUS measures. Compared with other medi-

cal models, Huatuo reached the highest score and generated more sensible answer 

while facing amount of profession questions. 

2.2 Federated learning and Pretrained models 

Federated learning. The rise of federated learning truly changed the training pattern 

of deep learning, especially for natural language processing (NLP) and computer 

vision (CV) in Medical, financial and other fields, with an increasing emphasis on 

user privacy. A massive of data can be very sensitive, which make them untouchable. 

To deal with these problems, Google, H. Brendan et al and Konevcny et al [17, 18], 

proposed federated learning and point that data could be trained together while dis-

persed across different participants instead of sharing and centralizing. Considering 

five different models and experimenting on four datasets, which demonstrate that this 

approach is robust to the unbalanced and non-IID data distributions. However, feder-

ated learning has its own drawbacks [19] that computation and communication costs 

cannot be neglect when training largescale architecture. With regard to this, [20], 

whose lightweight framework (FedPCL) allows clients to fuse features generated by 

pre-trained models efficiently through prototypes sharing. PTMs such as Bert, always 

has a large structure. To address training difficulties, FedBERT proposed by [21] that 

combines the benefit of federated learning and split learning approaches improve the 
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computation efficiency. As a result, it can maintain its effectiveness without com-

municating to the sensitive local data of clients on seven GLUE tasks. 

Pre-trained models. Pretraining, this word come from image field. Either computer 

vision (CV) or natural language processing (NLP) model is becoming deeper which is 

difficult to train a whole model without any learning before. Resnet [22] is a classic 

network that simply perform identity mapping by shortcut connections and is widely 

used in computer vision field. Similarly, Bert, GPT series, T5, LLAMA and other 

PTMs excel in natural language processing area [23]. Pretrained models can be more 

effective when fine-tuning these large language models which was trained in advance 

on others relative dataset. According to model’s knowledge learned in pretraining 

period, PTMs always posse super compatibility with downstream tasks [24, 25]. Due 

to automatic metrics ROUGE may reach a bottleneck, Liu Y. et al [26] uses Bert to 

fine-tune a summary extraction model and the model become SOTA on CNN/Daily 

mail dataset. When meeting large-scale models like GPT-3 which has 175B parame-

ters, it seems like even use fine-tuning technology model still difficult to train. Hu 

E.J. et al [27] discovered that to make the model perform well, they needn’t to do full 

fine-tuning which retrains all model parameters to make the model unfeasible. They 

proposed LoRA, a novel training method, which freezes the pretrained model weights 

and injects trainable rank decomposition matrices into each layer of the transformer 

architecture, greatly reducing the number of trainable parameters for downstream 

tasks. As a result, LoRA is as same as or better than full fine-tuning on some large 

language models (LLMs). Fine-tuning is not always for pretrained models. Xiang Lisa 

Li and Percy Liang, Stanford University, in order to reduce costs of modifying all 

language model parameters they proposed prefix-tuning inspired by promoting, a 

lightweight alternative to fine-tuning for generation tasks and achieved commendable 

results. 

3 Materials and Methods 

The urgent demand for a medical QA model has become increasingly evident. How-

ever, existing researches often encounter challenges such as difficulties in training, 

concerns regarding data privacy, and insufficient performance. In order to address 

these issues, we propose the development of CancersQA, a Chinese medical QA 

model built using GPT-2 technology. 

CancersQA adopts a federated learning approach, which presents unique challeng-

es compared to open domain question answering matching in English. This is due to 

the combination of its domain restricted nature and the language-specific features of 

the Chinese language. By leveraging the power of federated learning and PTMs, insti-

tutions can securely handle their own data and solely transmit the updated model pa-

rameters back to the centralized center for aggregation. 

This method offers enhanced data privacy protection compared to traditional data 

centralizing methods, while still ensuring performance that is comparable to central-

ized models. Through this implementation, CancersQA effectively addresses the dif-
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ficulties faced by traditional medical QA model and offers a more robust and secure 

solution. 

In this section we introduce our materials for research and proposed methods. We 

illustrate problem definition for CansersQA task in Sec 3.1 which is different from 

traditional comprehend-based QA problem and necessary dataset in Sec 3.3. 

3.1 Problem definition 

We know that QA tasks are someone who asks a model to answer some questions and 

expects to get an accurate answer for responding. These questions can be open-

domain, because of their medical attribute. We make sense that open-domain question 

answering system can be trained as seq2seq pattern, so we maximum the following: 

 𝚪(𝑻) = ∏ 𝚽(𝒕𝒊 | 𝒕𝟏,  𝒕𝟐,  𝒕𝟑, … ,  𝒕𝒊−𝟏; 𝚯)𝒎
𝒊=𝟏  (1) 

where 𝒕𝒊 is one of the tokens of the sequence which tokenized by BPE on byte level 

and all of the tokens are bounded in a same size that was integrated by the question 

and the ground truth answer and 𝚯 is the learnable parameters from the model. We set 

m, the maximum token length, to 128. 

Moreover, some questions just like “What do fibroids look like and can they be 

cured?” are directional or “I would like to ask what is atypical carcinoid and what is 

atypical carcinoid?” are divergent, so our model must be generative to deal with va-

riety of questions. We roughly define model’s input and output like this: 

 𝑨 = 𝑭(𝑸 | 𝑷) (2) 

where 𝑭 represent our model and 𝑨 is an output of the model which contain an answer 

for question and relative diagnosis and treatment plan. There is no doubt that asked 

question must without any article or literature because no one will bring a paper to see 

doctor and ask them to comprehend it then get treatment guidance. Of course, for 

medical QA, open-domain is the best destination which let the model to answer spuri-

ous questions without a given context. We suggest P, a priori experience of condition-

al probability, to be general medical knowledge absorbed from training dataset in-

stead of being input requirement of joint probability like 𝑨 = 𝑭(𝑸, 𝑷). Overall, simp-

ly put a question to the model and get an answer for responding, whose process of 

inference attribute to the model's experience originating in the training period.  

3.2 Datasets 

Our model is designed to solve Chinese cancers question answering so we used three 

different datasets Chinese medical dialogue data, cMedQA2 [28], HuaTuo [16], all of 

them are established by Chinese question and answers.  

Chinese medical dialogue data. Chinese medical dialogue data which contains 

1,145,231 consultancies from doctor and patient conversations. The total corpus is 

3,959,333, 2,179,008 from doctors and 1,780,325 from patients, all of which came 

from the website and were reviewed by people. 
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cMedQA2. cMedQA2 [28], 108,00 questions and 203,569 answers in total, is a me-

dium to large Chinese QA dataset. Zhang [28] et al create a new text corpus by har-

vesting questions and answers from an online Chinese health and wellness community 

in order to validate their network. 

HuaTuo. HuaTuo [16] is a Chinese QA dataset which was integrated by four infor-

mation sources, Distilled Instructions from ChatGPT, Real-world Instructions from 

Doctors, Distilled Conversations from ChatGPT and Real-world Conversations with 

Doctors. 

3.3 CancersQA 

QA system research plays a crucial role in the field of intelligent cancer diagnosis. 

In real-world scenarios, individual hospitals, possess low-resource and private medi-

cal data that is non-IId and exhibits diverse domain knowledge and data styles. This 

poses challenges due to limited data availability and computational complexity. To 

address these issues, we proposed CancersQA aiming to train a PTM-based question 

answering model under the multi-client setting. The framework enhances the utiliza-

tion of privacy data through federated learning (FL) and PTM fine-tuning. Additional-

ly, the WeiPro aggregation algorithm mitigates the adverse impact of different do-

mains and styles, thereby improving model performance. CancersQA presents a 

promising solution for these challenges in real-world environments, offering en-

hanced privacy preservation and alleviating issues associated with diverse medical 

data. 

We present a systematic process for federated learning, where 𝑪 =
{𝑪𝟏, 𝑪𝟐, 𝑪𝟑, … , 𝑪𝑵}  represents the set of clients, 𝑫 = {𝑫𝟏, 𝑫𝟐, 𝑫𝟑, … , 𝑫𝑵} represents 

the local dataset of each client from 1 to 𝑵, and 𝑻 = {𝑻𝟏, 𝑻𝟐, 𝑻𝟑, … , 𝑻𝑵} represents the 

time required for each client to train for one local epoch. 

In our approach, we select GPT-2 as the base model, which will be initialized on 

the central server 𝑺. The central server then broadcasts the global model to each client 

𝑪𝒕 ∈ 𝑪. Each client proceeds to fine-tune the model synchronously using its local 

dataset and enters a waiting state for 𝑻∗ until the last node has completed training, 

where 𝑻∗ represents the maximum time required for training among all clients. 

Once all clients have finished training, they collectively send back their updated 

parameters of the local model to the central server 𝑺. The central server then employs 

the WeiPro aggregation algorithm to aggregate the local models and generate a new 

global model. This new global model is subsequently distributed back to each client 

for the next round of training. 

By following this iterative process, our federated learning framework ensures effi-

cient collaboration among clients while maintaining privacy and data security. The 

utilization of GPT-2 as the base model and the WeiPro aggregation algorithm enhance 

the overall performance and accuracy of the global model. 
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Fig 1. The figure shows the architecture of CancersQA which contains two parts, the central 

server and clients. The solid arrow represents sending the global model to individual clients, 

and dash arrow represent returning the update model to central server. 

Fig 1. illustrates the architectural of our model, CancersQA. The diagram includes 

four clients, each representing a different medical specialty: Orthopaedics, Neurology, 

Cardiology, and Pulmonology. Each client holds a distinct set of data, varying in vol-

ume, as depicted by the pie charts associated with each hospital. 

The functionality of the model in one global epoch operates as follows: firstly, a 

global model is initialized at the central server. This model is then downloaded by 

each client, resulting in each hospital having an identical local model. Subsequently, 

these hospitals individually fine-tune their respective local models using their unique 

datasets. 

Given the variability in data, the resulting fine-tuned models from each hospital 

differ accordingly. In the diagram, blue neurons signify fully trained components, 

while white neurons represent partially trained ones. After the fine-tuning process, the 

central server consolidates the various models from each hospital. By employing the 

WeiPro algorithm, a new global model is aggregated and derived from these distinct 

models. The cycle then repeats, creating a dynamic, continually evolving model that 

constantly learns from a diverse set of medical data. 

In this way, we show that the model can perform well in cancer question-

answering tasks after fine-tuning on a small dataset, rather than training the entire 

model independently. CancersQA takes advantage of both large PTMs and federated 

learning, has a stable output, and can use fragmented non-IID data, either to ensure 

that different data features are learned or to protect patient privacy. 

3.4 WeiPro Aggregating algorithm 

The design of aggregation algorithms is one of the most important processes in feder-

ated learning frameworks that really infect the performance of the model. Inspired by 

Google, H. Brendan et al [17] which first bring the notion of federated learning, at the 
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same time, they proposed FedAvg, a useful aggregation algorithm, which is defined 

as follows: 

 𝒘𝒊+𝟏 =  
𝟏

𝑵
∑ 𝒘𝒊+𝟏

𝒋𝑵
𝒋  (3) 

where 𝒘𝒊+𝟏  is the updated parameters of the whole model in the 𝒊 + 𝟏𝒕𝒉  iteration 

which is aggregate from local model parameters 𝒘𝒊+𝟏
𝒋

. This model considered all local 

participants and gave them equal weight, allowing the model to acquire knowledge 

from multiple sources. However, for non-IID data, such a simple algorithm may not 

work well. FedAvg only thinks about merging parameters from all nodes, but ignores 

other factors that really play an important role in model building such as data quantity, 

loss value, participation rounds, etc. 

Reference point. In this paper, we proposed WeiPro inspired by [29], compared with 

federated averaging algorithm, WeiPro injects more sensible weights to balance mod-

el’s ability to absorb knowledge. First, we remove 𝟏 𝑵⁄ , then add 𝝆 to control the 

strength of the contribution of each model which called “balance factor”, the formula 

is defined as: 

 𝜽𝒊 = ∑ 𝝆𝒊
𝒌𝜽𝒊

𝒌, 𝒔𝒕. ∑ 𝝆𝒊
𝒌 = 𝟏𝑵

𝒌  𝒂𝒏𝒅 𝝆𝒊
𝒌 > 𝟎; 𝒌𝝐{𝟎, 𝟏, 𝟐, … , 𝑵}𝑵

𝒌  (4) 

where 𝜽𝒊 is the updated parameters of the global model in the 𝒊𝒕𝒉 iteration, 𝜽𝒊
𝒌 is the 

parameters updated by the local models, 𝝆𝒊
𝒌 is used to control 𝜽𝒊

𝒌. It’s worth noting 

that the sum of all 𝝆𝒊
𝒌 are equal to 1 and all of them are positive. 𝝆𝒊

𝒌 takes into account 

several aspects that make it more convincing, such as the loss of the local model in 

the 𝒊𝒕𝒉 iteration, the epoch numbers that the institution joins, and the quality of each 

local dataset. These factors will change our model’s update tendency. This is the 

quantitative interpretation of 𝝆𝒊
𝒌: 

 𝝆𝒊
𝒌 =

𝒏𝒌𝝋(𝝃𝒌,𝒊)(𝝈𝒊
𝒌(𝜽))−𝝁

∑ 𝒏𝒋𝝋(𝝃𝒋,𝒊)(𝝈𝒊
𝒋
(𝜽))−𝝁𝑵

𝒋=𝟏

; 𝒋 = 𝟏, 𝟐, 𝟑, … , 𝑵 (5) 

 𝝈𝒊
𝒕(𝜽) =

𝑪𝒕

𝑿𝒕
; 𝒕 = 𝟏, 𝟐, 𝟑, … , 𝑵 (6) 

where 𝒏𝒌 represents the number of GPUs in the 𝒌𝒕𝒉 node. 𝝈𝒊
𝒕(𝜽) is a transfer function 

defined as (6), 𝑿𝒕 is the set of local validation dataset, while 𝑪𝒕 denotes, in the 𝒊𝒕𝒉 

iteration, the set of outputs of the local model whose similarity exceeds a certain 

threshold after a local epoch. 𝝁 is a hyper parameter which set before training step. 

Obviously, 𝝈𝒊
𝒕(𝜽) is like the accuracy of the local model, the higher 𝝈𝒊

𝒕(𝜽) the lower 

(𝝈𝒊
𝒌(𝜽))−𝝁, so the global model tends to lean toward bad performance parameters and 

gives more chance and intensity to fit its data set, which leads to the effect of mutual 

control and joint decision-making. There is a simple way to alternatively remove the 

exponent −𝝁 and use the local loss to compute 𝝈𝒊
𝒕(𝜽), the purpose of this is to let the 

global model take more care of the underfitting model. 

In addition, except data’s own properties, the influence of external factors is also 

crucial. In the training period of the Federation, the departure of members does not 

affect the training process, whether they leave of their own accord or are disconnected 
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from the Internet due to unknown mistakes, so we must use a function to measure it. 

At each training epoch, all institutions send another value 𝜹𝒊
𝒌 to the central server, 

which is a BOOL value representing whether they have joined the 𝒊𝒕𝒉 iteration, with 

only two possible values 0 and 1 representing online and offline respectively. Then, 

the central server needs to reassemble the received parameters into K sets in 𝒊𝒕𝒉 itera-

tion, 𝝃𝟏, 𝝃𝟐, 𝝃𝟑, … , 𝝃𝑵, which show the details as follow: 

 𝝃𝒌 = [𝜹𝟏
𝒌, 𝜹𝟐

𝒌, 𝜹𝟑
𝒌, … , 𝜹𝒊

𝒌], 𝒔𝒕. 𝜹𝒊
𝒌 ∈ {𝟎, 𝟏}; 𝒌 = 𝟏, 𝟐, 𝟑, … , 𝑵 (7) 

where 𝝃𝒌 has 𝒊 values. Another process is to calculate the number of epochs in which 

each node has participated in training up to 𝒊𝒕𝒉  iteration. 𝝋(𝝃𝒌, 𝒊) is a function to 

compute the sum of previous 𝒊 values: 

 𝝋(𝝃𝒌, 𝒊) =  𝜹𝟏
𝒌 + 𝜹𝟐

𝒌 + 𝜹𝟑
𝒌 + ⋯ + 𝜹𝒊

𝒌; 𝒌 = 𝟏, 𝟐, 𝟑, … , 𝑵 (8) 

where 𝒊 is current iteration round, so 𝝋(𝝃𝒌, 𝒊) is the epoch number that  𝒌𝒕𝒉 node have 

joined. So, the node has high number of participations will get more attention. 

Projection mapping. Now, we got the 𝜽𝒊, however, it is clearly not profound enough 

to take this parameter as the global updated model. We need to consider model distri-

butions in lower dimension. By flattening 𝜽𝒊, 𝜽𝒊
𝒌 and original 𝜽𝟎 (the global parame-

ters before sending to the local nodes), we will get three vectors 𝒗𝒊 ∈ ℝ𝒅, 𝒗𝟎 ∈ ℝ𝒅 

and 𝒗𝒊
𝒌 ∈ ℝ𝒅 where 𝒅 is the number of total parameters. 𝒗𝒊 − 𝒗𝟎 gives a basic updat-

ed orientation which called the reference vector and 𝒗𝒊
𝒌 − 𝒗𝟎  which represents the 

local updated orientation of the 𝒌𝒕𝒉  node in the 𝒊𝒕𝒉  iteration which called practice 

vector, then we compute the projection of the practice vector onto the reference vector. 

This projection value expresses the degree of similarity between the updated direction 

of each node and the reference direction: 

 𝒑𝒌 =
(𝒗𝒊

𝒌−𝒗𝟎)∙(𝒗𝒊−𝒗𝟎)

‖𝒗𝒊−𝒗𝟎‖
; 𝒌 = 𝟏, 𝟐, 𝟑, … , 𝑵 (9) 

where 𝒗𝒊 − 𝒗𝟎 is the refence vector and 𝒗𝒊
𝒌 − 𝒗𝟎 is the practice vector. For each node, 

in 𝒊𝒕𝒉 iteration, central server will get a projection set like {𝒑𝟏, 𝒑𝟐, 𝒑𝟑, … , 𝒑𝑵}. These 

projections will be sent to a linear transformer block and get the output 

{𝒛𝟏, 𝒛𝟐, 𝒛𝟑, … , 𝒛𝑵}. This block can be learnt or be frozen. Another choice is to calcu-

late the projection’s length ‖𝒑𝒌‖ to instead 𝒛𝒌 and define 𝜶𝒌 as follows: 

 𝜶𝒌 =
(𝒛𝒌)𝝀

∑ (𝒛𝒋)𝝀𝑵
𝒋=𝟏

; 𝒌 = 𝟏, 𝟐, 𝟑, … , 𝑵 (10) 

where 𝝀 is the hyper parameter and 𝜶𝒌 called incremental parameter. The last global 

parameter is 𝜽𝟎 + ∑ 𝜶𝒌 ⋅ 𝜽𝒊
𝒌𝑵

𝒌 . All of these processes are in Algorithm 1. 

Algorithm 1 WeiPro 

Require: The number of total clients 𝑇; The number of selected clients 𝑁; The num-

ber of total rounds 𝐼; The number of each client local epoch E; Dataloader length B; 

The current status of training participation 𝜉; Learning rate 𝜂. 
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Server: 

Initialize 𝜃0, 𝜉. 

for round 𝑖 in [1, 2, 3, … , 𝐼 − 1] do 

𝐶′ ← Select N clients [𝑐1, 𝑐2, 𝑐3, … , 𝑐𝑁] from clients set C randomly. 

Add 0 to each 𝜉𝑘; 𝑘 = 1, 2, 3, … , 𝑁. 

Send the initialized model 𝜃0 to N clients. 

for all clients 𝑘 ∈ 𝐶′ do in parallel 

𝜃𝑖
𝑘 , 𝑙𝑜𝑠𝑠𝑖

𝑘 ← LocalUpdate(𝜃0): Each client updates their own local model. 

𝜉𝑘[−1] ← 1: 𝑘𝑡ℎ node has participant the  𝑖𝑡ℎ iteration. 

end for 

𝜔𝑘 ← 𝑙𝑜𝑠𝑠𝑘 ∑ 𝑙𝑜𝑠𝑠𝑗
𝑁
𝑗⁄ : Compute the 𝜔𝑘 for 𝑘𝑡ℎ client. 

𝜃𝑖 ← ∑ 𝜔𝑘 ⋅ 𝜃𝑖
𝑘𝑁

𝑘 : Basic updated orientation. 

𝛼𝑖 ←  ProjectionSimilarity(𝜃0, 𝜃𝑖, 𝜃𝑖
𝑘) : incremental parameter. 

𝜃0 ← 𝜃0 + ∑ 𝛼𝑘 ⋅ 𝜃𝑖
𝑘𝑁

𝑘 : Update 𝜃0 for 𝑖 + 1𝑡ℎ iteration. 

end for 

 

𝐏𝐫𝐨𝐣𝐞𝐜𝐭𝐢𝐨𝐧𝐒𝐢𝐦𝐢𝐥𝐚𝐫𝐢𝐭𝐲(𝜽𝟎, 𝜽𝒊, 𝜽𝒊
𝒌): 

𝑣0, 𝑣𝑖 , 𝑣𝑖
𝑘 ← Flatten 𝜃0, 𝜃𝑖 , 𝜃𝑖

𝑘. 

𝑝𝑘 ← Use formula (9) to get the projection 𝑝𝑘. 

Return 𝛼𝑖 by executing formula (10). 

 
Client 𝒌: 

𝐋𝐨𝐜𝐚𝐥𝐔𝐩𝐝𝐚𝐭𝐞(𝜽𝟎): 

𝜃𝑖
𝑘 ← 𝜃0; 𝑙𝑜𝑠𝑠𝑘 ← 0. 

for local epoch e in E do 

for each batch 𝑏 ∈ 𝐵 do 

Forward propagation (𝑙𝑜𝑠𝑠𝑏) and back propagation (∇𝜃𝑖,𝑏
𝑘 ) 

𝜃𝑖
𝑘 ← 𝜃𝑖

𝑘 + 𝜂 ⋅ ∇𝜃𝑖,𝑏
𝑘 : Update the local model. 

𝑙𝑜𝑠𝑠𝑘 ← 𝑙𝑜𝑠𝑠𝑘 + 𝑙𝑜𝑠𝑠𝑏. 

end for 

end for 

Return 𝜽𝒊
𝒌, 𝒍𝒐𝒔𝒔𝒌 

4 Results 

We evaluate our method on three public datasets, Chinese medical dialogue data, 

cMedQA2 and HuaTuo. All of these datasets have samples consisting of a question-

answer pair. After selecting cancer samples, we got three small cancer data and what 

we do as follows. 

Our method is evaluated on three public datasets, including Chinese medical dia-

logue data, cMedQA2, and HuaTuo. Each dataset consists of multiple question-

answer pairs. After selecting cancer-related samples, we managed to extract three 

cancer datasets. The subsequent procedures undertaken are outlined below. 
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4.1 Metrics 

METEOR. CancersQA is designed for open-domain question answering, which can 

be treated as text generation task. METEOR [30] is employed to evaluate the perfor-

mance of the QA model, which is defined as follows: 

 𝜶𝒌 =
(𝒛𝒌)𝝀

∑ (𝒛𝒋)𝝀𝑵
𝒋=𝟏

; 𝒌 = 𝟏, 𝟐, 𝟑, … , 𝑵 (11) 

 𝑷𝒕 = 𝜸 ∙ 𝒇𝒓𝒂𝒈𝜷 (12) 

 𝒇𝒓𝒂𝒈 = 𝒄𝒉 𝒎⁄  (13) 

 𝒔𝒄𝒐𝒓𝒆 = (𝟏 − 𝑷𝒕) ∙ 𝑺𝒃𝒂𝒔𝒆 (14) 

where 𝑷 is the precision score and 𝑹 is the recall score. 𝑷𝒕 is the penalty for n-

grams matches. 𝒄𝒉  is the number of successfully matches, while 𝒎  is the 

length of the candidate sentence. 𝜶, 𝜸 and 𝜷 is the hyper parameter which 

always set 3, 3 and 0.5 respectively. METEOR score can be computed by for-

mula (14). METEOR calculates the degree of similarity in the WN synonymy 

way (Match strictness from highest to lowest).  

ROUGE. Another popular metric for text generation tasks is ROUGE [31], we lev-

erage ROUGE with METEOR to evaluate our method systematically. The difference 

between ROUGE-N and ROUGE-L is the length in grams when matching the refer-

ence answers and the candidate answer. ROUGE-N analyzes n-gram segments, while 

ROUGE-L retrieves the longest common subsequence. These are all defined as fol-

lows: 

 𝑹𝑶𝑼𝑮𝑬 − 𝑵 =
∑ ∑ 𝑪𝒐𝒖𝒏𝒕𝒎𝒂𝒕𝒄𝒉(𝒈𝒓𝒂𝒎𝒏)𝒈𝒓𝒂𝒎𝒏∈𝑨𝑨∈𝑹𝒆𝒇𝒆𝒓𝒆𝒏𝒄𝒆𝑨𝒏𝒔𝒘𝒆𝒓𝒔

∑ ∑ 𝑪𝒐𝒖𝒏𝒕(𝒈𝒓𝒂𝒎𝒏)𝒈𝒓𝒂𝒎𝒏∈𝑨𝑨∈𝑹𝒆𝒇𝒆𝒓𝒆𝒏𝒄𝒆𝑨𝒏𝒔𝒘𝒆𝒓𝒔
 (15) 

 𝒑
𝒍𝒄𝒔

=
𝑳𝑪𝑺(𝑿,𝒀)

𝒏
 (16) 

where 𝑨 is one of the answers in the reference answers, 𝑪𝒐𝒖𝒏𝒕(𝒈𝒓𝒂𝒎𝒏) is the num-

ber of 𝒈𝒓𝒂𝒎𝒏 in 𝑺, and 𝑪𝒐𝒖𝒏𝒕𝒎𝒂𝒕𝒄𝒉(𝒈𝒓𝒂𝒎𝒏) is the number of grams is matched. 

𝑳𝑪𝑺(𝑿, 𝒀) is the longest common subsequence and 𝒏 is the length of the generated 

answer. 

4.2 Experiment 

In this section, we present the details of the experiments including the experimental 

device, the parameter setting, and the deployment methods. Then, this section pro-

vides an in-depth analysis and discussion of the experimental results. For federated 

learning, the number of total epochs is set to 100 epochs and the number of local 

epochs is set to 1. We use the AdamW optimizer for mini-batch size 4 and update the 

parameters every 4 batches. The model is trained for up to 𝟐. 𝟓 × 𝟏𝟎𝟒 iterations and 

accumulates approximately 𝟑. 𝟐 × 𝟏𝟎𝟑 roughly. The learning rate starts at 𝟐𝒆−𝟓 and 

decreases by 𝟐𝒆−𝟕 with each iteration. For WeiPro, 𝝀 is set to 1. We use 80% of the 
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dataset as our training dataset for training, 10% for valid and 10% for test. Both of 

them are trained on NVIDIA 4090 with 3 GPUs, 24GB. 

CancersQA and Other Methods Comparison Experiment. We compare the im-

pact of the three training methods, centralized, fragmented and federated, on model 

performance. In centralized data training, the data is collected and randomly shuffled. 

One of the clients is designated as the central server, on which the model is trained 

with the centralized datasets. In fragmented training, data are stored secretly and the 

model will be trained on their local dataset separately.  In federated learning way, 

three clients are trained on the separate datasets by exchanging the updated parame-

ters without sharing the data, simulating multiple clients such as hospitals or 

healthcare institutions. The details are shown in Table 1. 

Table 1. METEOR and ROUGE-L score from different methods of two different experiments. 

Method Size 
Convergence 

epoch 
METEOR ROUGE-L 

VS Centralized data sharing 

Centralized 

data sharing 
148.5M 85 20.56 21.43 

CancersQA 148.5M 50 20.33 21.21 

VS Fragment data training 

Client1 45.6M 26 5.24 11.80 

Client2 5.5M 5 4.90 11.39 

Client3 138.3M 75 15.29 17.88 

CancersQA* 189.4M 66 21.40 21.36 

* Use all three clients’ data for training, but do not mix them. CancersQA* has more data than Can-

cersQA. 

Cancer samples are extracted from three datasets and assigned to three different 

clients representing different hospitals in the real world. The initial total number of 

epochs is set to 100, and it ends when they converge by calculating the last loss value 

minus the current loss value is not higher than the threshold 𝟏𝒆−𝟓. There are 45.6M 

data in the first client, consisting of short question pairs, 5.5M data in the second cli-

ent, also consisting of short question pairs, and 138.3M data in the third client, con-

sisting of long question pairs. Different dataset represents three levels (low, medium 

and high) of the hospitals. 

The Part I in Table 2 shows more details for the comparison between CancersQA 

and Centralized Data Sharing method. When equal amount of data is trained with the 

centralized data sharing method and our method, respectively, CancersQA converges 

faster by only 50 epochs 35 epochs less than centralized data sharing and reaches the 

similar score with centralized data sharing method as Table 2 illustrating which is 

20.33 in METEOR and 21.21 in ROUGE-L. It's worth noting that all the data are on 

cancers selected from the original dataset. 
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Part II in Table 2 shows four identical models with different data and training 

mode, their number of epochs to converge and their METEOR score. We decentralize 

and deploy Chinese-medical-dialogue-data, cMedQA2 and HuaTuo to Client 1-3, 

respectively. It is obvious that CancersQA* outperforms the other clients, the 

METEOR is 16.16 points higher than Client1, 16.50 points higher than Client2 and 

6.11 points higher than Client3. For ROUGE-L score, our method has the highest 

score. It can be seen that the model has better performance in the combination of fed-

erated learning and pre-training because we extend the data volume by integrated 

three datasets. In CancersQA*, the model converges in 66 epochs which is also lower 

than centralized data sharing but the dataset is larger than the former. 

 

Fig 2. The figure shows the comparison of METEOR scores and ROUGE scores of different 

methods as the number of iterations increases during the training process, and it is clear that 

CancersQA not only converges quickly but also scores high and relatively stable. 

We conducted experiments where we saved the models at different epochs and 

analyzed the changes in their METEOR score and ROUGE score. Our approach, 

CancersQA, exhibits remarkable similarity to the Centralized method, with a score 

difference of less than 0.5% after 80 epochs. However, CancersQA achieves conver-

gence at a faster rate, requiring fewer epochs to reach the same score (See Fig. 2. (a) 

(b)).  

Upon analyzing the impact of dataset size, we observed that the CancersQA score 

improves consistently while maintaining stable convergence. On the other hand, Cli-

ents 1-3 converge quickly but exhibit inconsistencies in curve smoothness. Addition-

ally, the overfitting phenomenon is observed, leading to poor generalization and lower 

final scores for Clients1-3 (See Fig 2. (c) (d)). 

In conclusion, our proposed method effectively utilizes data silos and ensures the 

stability of the model. The results demonstrate that CancersQA outperforms the Cen-

tralized method in terms of convergence speed, score improvement with dataset 

growth, and avoidance of overfitting. 

Figure 3 shows the training time per unit of data up to the current epochs within 20 

to 45 epochs, from which it is intuitively clear that the Centralized data training time 

to reach the same epochs is the longest, and CancersQA is almost 1/3 of it. The total 

time for Client1 and Client2, Client3 are not as long, but when compared to the 

amount of data processed per unit of time, CancersQA is only about half of them 

compared to the amount of data processed. From Figure 2 and Table 2, the results 

demonstrate that CancersQA outperforms other systems by saving half of the training  
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Fig. 3. The provided figure illustrates the training time for different individuals, spanning from 

20 epochs to 45 epochs. In the case of client1, client2, and client3, a local model is efficiently 

fine-tuned on respective local datasets. Additionally, both centralized data sharing and the 

CancersQA approach have been performed using equal amounts of data. 

time with a performance drop of only 0.53%, which validates the high stability and 

efficiency of our method CancersQA. 

Aggregating Algorithm Comparison Experiment. In the last section, we show 

that our method is more suitable than other training approaches in the cancer question 

answering task due to our specific federated learning framework. In the aggregation 

algorithm comparison experiment, we compare CancersQA with other federated 

learning methods and carefully discuss the performance of the model. 

In our comparison experiment, three baseline systems, FedAvg [17], FedProx [32] 

and WeiAvg (Entropy) [29], are selected as follows: 

⚫ FedAvg: Add the updated models of the three clients together and divide by 

the number of clients to get a new global model to replace the original global 

model. 

⚫ FedProx: An additional constraint on the distance between the client's local 

model and the global model is added after the traditional federated learning 

experience loss optimization function, so that the final updated local model 

cannot deviate too much from the original global model. 

⚫ WeiAvg (Entropy): Generate coefficients belonging to each client model by 

calculating the fine-tuning loss of each client's local model. 

⚫ WeiPro: The client's fine-tuning loss, data distribution, hardware state and 

number of global epochs involved jointly determine the model coefficients 

and derive the reference vector for the global model update direction, and 
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then calculate the projection of each client's practice update vector onto the 

reference vector to obtain each client's final model coefficients. 

In common situations, especially in hospital, QA system suffers from the limitation 

of the data issue that they are the non-independent and identically distributed (non-

IID). To simulate this issue, we select part of our dataset and conduct our experiment 

as follows: 

⚫ 𝑫𝟏 : 0.006 times Chinese-medical-dialogue-data for Client1, 0.1 times 

cMedQA2 for Client2 and 0.001 times HuaTuo for Client3. 

⚫ 𝑫𝟐: Mixing the above datasets and randomly shuffled then divided equally 

among three clients. 

⚫ 𝑹𝒙: Keeping the 𝑫𝟐  dataset unchanged, randomly select one or two nodes 

and deactivate them from participating in the current epoch. 

Table 2. METEOR and ROUGE-L score from different methods of two different experiments. 

Method 𝑫𝟏 𝑫𝟐 𝑹𝒙 

Metrics: METEOR/ROUGE-L 

FedAvg 16.72/17.54 19.88/20.90 16.46/17.11 

FedProx 14.60/17.89 18.67/20.13 13.61/15.77 

WeiAvg (Entro-

py) 
18.23/19.56 19.11/20.47 16.91/18.04 

WeiPro 19.61/20.74 19.99/21.26 19.40/20.04 

As Table 4 shows, FedAvg works well when the data are independent and identi-

cally distributed, achieving a relatively high METEOR score of 19.88 compared to 

other approaches but the ROUGE-L score is a bit lower than ours. However, in 𝑫𝟏, 

data are non-IID, the FedAvg aggregation approach exposes significant shortcomings, 

in the meantime, other methods' scores all decrease. Despite FedProx is designed for 

non-IID data, when facing the gap of cancer data in each hospital, FedProx perform 

worse only 14.60 and 17.89 points which is 4.07 and 2.24 points lower than 𝑫𝟐. In 

contrast, our method remains stable, reducing only 0.38 and 0.52 points. Furthermore, 

in order to prove the superiority of our method, we randomly select one or two clients 

to deactivate in each epoch, the datasets we defined as 𝑹𝒙, and the results are record-

ed in the last column. As a result, our method is also stable, the METEOR score and 

the ROUGE-L score is 19.40 and 20.04 respectively while other methods show fluc-

tuations when meeting random uncertainties. 

5 Discussion 

When comparing CancersQA's model performance with the centralized data sharing 

training approach, there is only a slight degradation of 0.23 points. This is particularly 

relevant for cancer data, which is often more private and sensitive. Additionally, our 

proposed WeiPro method outperforms other aggregation algorithms, namely FedAvg, 

FedProx, and WeiAvg (Entropy). Specifically, when the data is not independently and 
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identically distributed, WeiPro demonstrates superiority by 2.89/3.20, 5.01/2.85, and 

1.38/1.18 percentage points compared to FedAvg, FedProx, and WeiAvg (Entropy), 

respectively. 

Heterogeneity is commonly observed in datasets within hospitals. FedAvg's sim-

plistic aggregation approach through averaging fails to adequately address this issue. 

By assigning equal weights to all hospitals, unique attributes and local conditions held 

by each dataset are disregarded, which is deemed unreasonable. Consequently, the 

FedAvg algorithm exhibits significant fluctuations when substantial changes in the 

data occur. Additionally, the performance of the model trained using the FedAvg 

algorithm is greatly impacted by non-IID data, as demonstrated by the similarity be-

tween the FedAvg scores on 𝑹𝒙 and 𝑫𝟏. 

FedProx addresses this deviation issue by incorporating a constraint on the distance 

between the updated local model and the global model. However, this alteration in the 

model update route and the change in convergence direction adversely affect the 

model's performance. WeiAvg (Entropy) calculates weights based on the loss values 

of each epoch at each node, but solely considering data loss lacks comprehensiveness. 

Both FedProx and WeiAvg (Entropy) neglect the importance of federated learning 

client dominance and fail to incorporate the consideration of the hospitals' involve-

ment in the aggregation algorithms over epochs, resulting in lower performance in 𝑹𝒙 

compared to 𝑫𝟏 and 𝑫𝟐. 

In contrast, our WeiPro method comprehensively considers all relevant factors. It 

calculates a common reference vector for all hospital models, accounting for data 

distribution, losses, and round participation. Without altering the update direction of 

the original local models, the weight coefficients are derived by projecting the local 

models onto the reference direction. Higher weight values indicate more significant 

deviations and a higher probability of optimization. This allows the central node to 

dynamically weigh the update intensity of each local model at any given time. Nota-

bly, our method demonstrates relative stability in 𝑫𝟏, 𝑫𝟐, and 𝑹𝒙, while other meth-

ods exhibit significant fluctuations. 

In summary, our proposed WeiPro method achieves comparable performance to 

the centralized data sharing approach with only a slight degradation in model perfor-

mance. It outperforms other aggregation algorithms by considering the heterogeneity 

of hospital datasets and incorporating various factors. 

6 Conclusions 

We propose a CancersQA approach based on the realistic data feature for intelligent 

cancer diagnosis, which incorporates federated learning and pre-trained models. In the 

CancersQA, the models are fine-tuned on the individual hospital data locally to pro-

tect the data privacy. The weights are shared and aggregated through WeiPro algo-

rithm through a central node. CancersQA enables multiple hospitals to jointly fine-

tune LLMs, and enhances the utilization of cancer data, which is highly promising for 

applications. In addition, the weight aggregation method WeiPro outperforms existing 
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baselines in the comparison experiment. The results show that WeiPro has strong 

adaptability with comprehensive consideration.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

For most cases, the number of participating organizations is very large and the data 

distribution is much more heterogeneous. Due to arithmetic reasons this paper only 

performs feature extraction to approximate real entities by building a small equiva-

lence framework. It is also worth exploring that the communication overhead of fed-

erated learning is often much larger than that of model training, so how to reduce the 

communication overhead is the key to improve the efficiency of federated learning. In 

addition, for malicious attacks, the central node needs a unique analysis scheme to 

deal with them, which we will continue to follow up in the future.
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