FEDBERT: When Federated Learning Meets Pre-Training

YUANYISHU TIAN, Huazhong University of Science and Technology, China
YAO WAN, Huazhong University of Science and Technology, China
LINGJUAN LYU, Sony Al Japan

DEZHONG YAO, Huazhong University of Science and Technology, China
HAI JIN, Huazhong University of Science and Technology, China

LICHAO SUN", Lehigh University, USA

The fast growth of pre-trained models (PTMs) has brought natural language processing to a new era, which has become a
dominant technique for various natural language processing (NLP) applications. Every user can download the weights of
PTMs, then fine-tune the weights for a task on the local side. However, the pre-training of a model relies heavily on accessing
a large-scale of training data and requires a vast amount of computing resources. These strict requirements make it impossible
for any single client to pre-train such a model. In order to grant clients with limited computing capability to participate in
pre-training a large model, we propose a new learning approach FEDBERT that takes advantage of the federated learning and
split learning approaches, resorting to pre-training BERT in a federated way. FEDBERT can prevent sharing the raw data
information and obtain excellent performance. Extensive experiments on seven GLUE tasks demonstrate that FEDBERT can
maintain its effectiveness without communicating to the sensitive local data of clients.

CCS Concepts: « Computing methodologies — Machine learning; Natural language processing; Distributed com-
puting methodologies.

Additional Key Words and Phrases: Federated learning, pre-training, BERT, NLP

1 INTRODUCTION

Natural language processing (NLP) techniques have been widely used in many real-life applications, such as
natural language inference, natural language understanding, named entity recognition, question answering and
generation [9, 10, 12, 30, 53, 57]. Many works [9, 10, 24] point out that most deep learning-based NLP tasks are
driven by a large amount of labeled data, resulting in limited task performance in many scenarios due to the
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labeled data limitation. To address this restriction, pre-trained models (PTMs) use a self-supervised representation
learning method to automatically capture much linguistic information and patterns from large unlabeled text
corpora, which has become a dominant technique in this area. All pre-trained models follow the same learning
paradigm: (1) first train on unlabeled text data via a task that resembles language modeling; (2) fine-tune on
a smaller amount of downstream data, labeled for a specific task. Pre-trained models usually achieve higher
accuracy than other traditional models on NLP GLUE benchmarks [61].

However, for such a universal language learning approach, two main challenges are expected to be solved [46].
Firstly, the pre-training methods heavily require an available large-scale dataset, which are only affordable for
a few giant high-tech companies, leading to Artificial Intelligence (Al) hegemony [70]. Moreover, in practice,
most sensitive data are isolated and forbidden to be directly shared, e.g., medical health records and personal
finance data, due to privacy concerns and regulatory constraints. It is difficult for individuals or small companies
to pre-train models on sensitive dataset. Secondly, a large amount of computational resources are required for
pre-training a NLP model. As shown in Table 1, the most miniature pre-trained model, i.e., BERT 5,4, takes
more than four days with one NVIDIA V100 GPU.

Unfortunately, the Internet-of-Things (IoT) devices (e.g., robots, drone swarms, and Raspberry Pi) may suffer
from processing ability, low bandwidth and power, or limited storage capacity. Moreover, it is difficult for those
small business clients to access a strong computing infrastructure. As shown in Table 1, the hardware requirement
for training the BERTs,,,;; model is at least one V100 card, which costs about 11 thousand dollars. This is quite
expensive for some small companies, which has data privacy concern and are unwilling to use cloud service. This
requirement is unfriendly for devices or users with low computing resources to finish such consumptive pre-
trained model learning. In order to break the Al hegemony and support resource-constrained devices contributing
to a pre-training task for NLP, this paper proposes two available solutions for the above challenges.

Solution 1. Due to privacy concerns, most clients or users save their own private data on local devices. Therefore,
it is difficult for each client to pre-train a language model using insufficient training data, even with sufficient
computing resources. To fully utilize the vast amount of distributed, diverse and privately-owned data, federated
learning (FL) provide a feasible solution [33] to train a global model across multiple datasets without raw data
sharing. FL is a collaborative and privacy-aware learning paradigm, which learns a global model by aggregating
the models trained on local devices [37, 64]. Through FL, each client would not worry about their private data
exposed to other clients, but they can collaboratively build a pre-trained model together.

Solution 2. To overcome the challenge of limited computing resources of the devices, we argue that a deep
neural network can be trained in a split way [60]. Split learning (SL) makes the clients with low computation
feasible to train BERT within adequate training time, such as mobile devices or small clients without GPU
resources. However, existing SL approaches work on feed-forward neural networks and cannot be used to deal
with sequential data [2]. In order to train on sequentially partitioned data, BERT should be split in a way that
preserves latent dependencies between modules. As shown in Fig. 1, the pre-trained model, i.e., BERT network, is
composed of multiple bidirectional Transformer [59] layers for unsupervised language representation learning,

Table 1. Comparison of the training efficiency of different pre-trained models [9]

Model Train / Infer FLOPs Params Train Time (days) Hardware
ELMo 3.3e18 / 2.6e10 96M 14 3 GTX 1080 GPUs
GPT 4.0e19/ 3.0e10 117M 25 8 P6000 GPUs
BERTsmair 1.4e18 / 3.7e¢9 14M 4 1 V100 GPU
BERTpRgse 6.4e19 / 2.9¢10 110M 4 16 TPUv3s

ACM Trans. Intell. Syst. Technol.



FEDBERT: When Federated Learning Meets Pre-Training + 1:3

[ Head ]

Transformer

S L S—— ?—-----.-.-- ______ . | 1 Download

Embedding
1 1 |

e | toon, J oren, JREN toen,

[ O e S g NN Upload token token PN token

) <ﬁ—> ~‘=l\ 1 2 n
a) BERT architecture b) three main layers in BERT

Fig. 1. An overview of the architecture of BERT, which is composed of an Embedding layer, Transformer layer, and Head layer

which predict the masked words according to the contextual information. We split the BERT model into three
main layers: Embedding layer, Transformer layer, and Head layer, which can decouple latent dependencies.
Based on the complexity analysis and computing analysis of a deep neural network, the Transformer layer
requires high-computing resources that could be allocated on a powerful server, and the other two resource-
constrained sub-networks, i.e., Embedding layer and Head layer, can be trained on clients. After pre-training the
model, each client can fine-tune specific NLP tasks privately. Furthermore, by using federated learning, the split
training approach can incrementally incorporate datasets from multiple devices to improve the robustness and
generalization of pre-trained models [7].

This paper proposes a novel federated learning framework for pre-training language models. Following the
FL framework, the pre-training task is distributed among multiple clients and executed in parallel. All clients
and cloud collaboratively train a pre-trained model for NLP with advanced federated learning and split learning
techniques. First, each client will train and update their Embedding layers and pass the embedded information to
the server. Then, the server will aggregate the information from the clients and update the Transformer layers
during training and communication processes. The training will end once the pre-trained model converges. Last,
each client can fine-tune the task by their own choice. The primary contributions of this paper are summarized
as follows:

o We are the first that proposes a novel federated learning framework for language models pre-training. The
proposed framework can well support all devices or clients without high computation resources and a
large amount of data to contribute to a pre-training task.

o In our proposed framework, we also leverage split training techniques for pre-training the BERT model in
a federated learning setting. Each client can fine-tune the local NLP task individually after pre-training the
global model.

o Extensive experiments on GLUE [61] validate the effectiveness of our proposed FEDBERT with an acceptable
performance decrease. Moreover, a small version of GPT is pre-trained to illustrate the general effect of
FEDBERT.

e Some open questions and analyses about the performance of the federated framework are discussed, both
in theory and experiment.
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Fig. 2. The process of pre-training BERT based on masked language modeling

Organization. The rest of this paper is organized as follows. Section 2 presents the preliminaries and problem
formulation about this work, including the pre-trained models for NLP, federated learning, and split learning. In
Section 3, we elaborate each module of our proposed FEDBERT. Section 4 raises several research questions and
shows the details of extensive experiments. Further, Section 5 analyzes the corresponding results and answers
the research questions. In Section 6, we investigate the related works from the perspectives of federated learning,
split learning, and pre-trained models for NLP. At last, we conclude this paper and present some future directions
in Section 7.

2 PRELIMINARIES

This section sets out the preliminary knowledge of our work, including model pre-training for NLP, federated
learning, and split learning.

2.1 Model Pre-Training for NLP

For NLP tasks, pre-training a portable text representation on a large-scale unlabeled corpus has attracted
substantial attention. Previously, many works focused on learning the word embedding, e.g., Word2Vec [40] and
GloVe [44]. Recently, self-supervised learning from masked language modeling has become a dominant technique
for natural language understanding and generation [9, 10, 12, 30, 53, 57].

For example, the OpenAl GPT [45] pre-trains a language model by iteratively predicting the next token,
and it has achieved promising performance in text generation. The BERT model [10] designs a bi-directional
Transformer to reconstruct the masked words based on the contextual information. The pre-trained models can
be fine-tuned on specific domain data so as to be adapted to different tasks. In this paper, we select BERT as the
representative pre-trained model for investigation without loss of generality.

ACM Trans. Intell. Syst. Technol.
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BERT Pre-training. Given a corpus, each segment (i.e., sentence) is firstly tokenized into a series of tokens via a
tokenizer (e.g., Byte Pair Encoding, BPE [50]). Before pre-training BERT, it takes the concatenation of two segments
as input, denoted as xy, x3, . . ., Xy and yi, Y2, . . . , Yy, where N and M denote the length of two segments, respec-
tively. The two segments are always connected by a special separator token [SEP]. The first and last token of each
sequence is always padded with a special classification token [CLS] and ending token [EOS], respectively. Finally,
the input of each training sample will be represented as: x = [CLS], x1, x2, . . ., xn, [SEPT, y1, Y2, - - ., yar, LEOST.

During BERT pre-training, two objectives are designed for self-supervised learning, i.e., masked language
modeling (MLM) and next sentence prediction (NSP). In the masked language modeling, the tokens of the input
sentence are randomly sampled and replaced with the special token [MASK]. In practice, BERT uniformly selects
15% of the input tokens for possible replacement. Among the selected tokens, 80% are replaced with [MASK], 10%
are unchanged, and the left 10% are randomly replaced by selected tokens from the vocabulary. Mathematically,
the masked language modeling aims to reconstruct the masked tokens based on the contextual tokens. In other
words, the training objective can be formulated as:

Lun =~ ), log PEIf(x\M(x)) (1)
FeM(x)
where notations M(x) and x\ M(x) denote the masked token from x and the rest, respectively. The P(x| f (x\ M (x)))
denotes the probability of the predicted tokens over the vocabulary, where f(x) is the representation function of
masked sentence. In particular, BERT adopts the Transformer for representing the contextual tokens, which is
based on the self-attention mechanism.

For the next sentence prediction, it is modeled as a binary classification task to predict whether two segments
are consecutive. Training data of positive examples and negative examples are constructed based on the following
rules: (1) if two sentences are consecutive, it will be considered as a positive example; (2) otherwise, those paired
segments from different documents are considered as negative examples. The training objective of the next
sentence prediction can be formularized as follows:

Lnsp = —logP(c|x,y) (2)

where ¢ = 1 if x and y are consecutive segments from corpus, otherwise ¢ = 0.

RoBERTa. Since the vanilla BERT is highly sensitive to the parameters of model training, Liu et al. [30] proposed
a robust BERT (called RoBERTa) by tuning the parameters and investigating the performance brought by different
training objectives. From their investigation, they find that the performance can be substantially improved by
training the model longer, with bigger batches over more data, and longer sequences. In addition, they find that
the next sentence prediction objective is unhelpful to improve the model performance. Therefore, we investigate
RoBERTa on our experiments part instead. To be convenient for the problem formulation, we denote the whole
model parameters of RoBERTa as W.

Note that either BERT or RoBERTa is heavily dependent on a large amount of training data. This will hinder the
training of an adequate model. Furthermore, the fundamental Transformer architecture is always computational
costly, hindering the large-scale pre-training in specific domains for small clients.

2.2 Federated Learning

Various intelligent devices generate a large amount of data daily, such as smartphones, tablets, and wearable
devices. By launching the Al algorithm on devices, each device becomes smarter for particular tasks. However,
with the increasing arisen of telecommunication fraud, junk mail, and advertising harassment, privacy concerns
get more attention. Privacy protection acts are done in many countries and regions, like General Data Protection
Regulation (GBPR) in Europe. There is no doubt that these acts will slow data-intensive Al development, since most
data are privately stored in the local device. It is necessary to break the data island to acquire more comprehensive

ACM Trans. Intell. Syst. Technol.
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Fig. 3. An overview of federated learning and split learning

insights for tasks in reality. In answer to the aforementioned needs, federated learning is proposed by Google [36]
to utilize data in mobile phones to train a more accurate global model. In contrast to the traditional training
paradigm, federated learning only uses shared models to obtain the optimized results, as shown in Fig. 3a. Training
task is delegated on devices, and intermediate information like gradients or model weights are exchanged and
aggregated. Hence, raw data or labels are avoided from being exposed to others directly.

Assuming that we have N clients, where each client Cy has its own private dataset D;. A common training
scheme of FL is that each client sends its local trained model to the server and the server sends back the aggregated
model to all clients at the beginning of each training epoch. One of the most popular and efficient algorithm is
FedAvg [36], which updates the global model W by averaging local model updates:

N
Nk
W, = > =W, 3)
n
k=1
where ny is the number of training samples in client k, and n is the total number of samples in all the N clients.

2.3 Split Learning

Similar to federated learning, split learning is also a privacy-aware framework. As shown in Fig. 3b, the deep
neural network of BERT W is split into three parts, denoted as server-side network W' and client-side network
WE, WH_ The network WE and W¥ are trained on the client side, and network W7 is trained on the server side.
The raw data is processed and the intermediate information is exchanged. We denote the pre-training task as F
and the original BERT model is W. For a given input X, the output of the single training model is given by:

F(X) = WX 4)
For the split learning approach, the output of the split BERT model is calculated as:
F(X) = WH (W' (WEX)) 5)

Due to the partition of the network, several parts of the computing task can be taken on the server side. However,
it brings the issue of consistency of two parts between clients. The initial solution is to share the layers on the
client side in sequence. Further, the layers deployed on the server side are updated by each client sequentially [16].
From beginning to end, layers on server side are the only transcript, and the bottom part is shared by clients.
Thus the consistency is guaranteed.

ACM Trans. Intell. Syst. Technol.
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3 FEDBERT

In this section, we first introduce the proposed FEDBERT framework, then explain the two training methods for
the proposed model. At last, the variants of our split learning approach are discussed.

3.1  An Overview

Fig. 4 describes the framework of our proposed FEDBERT. The BERT model is split into three parts: head layer,
Transformer layer, and embedding layer. As the Transformer layer is the most computationally heavy part, it
can be deployed in a powerful central server when there is no acceleration hardware in the local client. Each
client just uses their own data to train the head layer and embedding layer locally. The central server receives the
gradient of forward and back propagation from clients and updates the Transformer layer. Therefore a local BERT
is composed by the two layers stored locally and the shared Transformers in server. This split computing model
saves huge amount of computing cost for local clients, making it possible for mobile devices to join pre-training
BERT task.

Federated split learning (FSL) combines the strength of FL, which is parallel processing among distributed
clients, and the strength of SL; which is a neural network split during training. Our pre-training task can be
formulated as: given a server S, n clients Cy, Cy, . . ., Cp, the federated split learning for pre-trained model is to
establish a collaborative learning between the server and the clients. The k-th client trains the embedding layer
Wf and the head layer W¥, and the server is to update the Transformer layer W for all clients.

Based on the above settings, our proposed framework FEDBERT can adopt two federated training methods
according to the client’s computing resource. One training method is the naive federated learning approach
without network split for resource-rich clients. Particularly, we use FedAvg [37] to achieve naive federated
learning. Second, for the resource-constrained devices, we use federated split learning to train our split BERT
models.

3.2 FEDBERT via Federated Learning (FedAvg)

Nowadays, a large amount of data is constantly being generated on the client side and users want to keep their
training data private. Traditional deep learning approaches need to combine all data together at one server,
which may violate the laws on user privacy and data confidentiality. Federated learning, which trains model on

ACM Trans. Intell. Syst. Technol.
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each client without data sharing, has attracted a growing interest [5, 26, 29]. FL allows multiple data owners to
collaboratively contribute a shared prediction model while keeping the local data decentralized and private.

For the pre-train BERT task, we first use the FedAvg [37] method to achieve the goal without clients’ resource
constrain. It assumes that each client has the capability to train the whole BERT model without model splitting.
The FedAvg based pre-training workflow for BERT is shown in Fig. 5. Each client trains its local BERT model using
its own data and sends the BERT model parameters to the server. The server aggregates the updates and sends
back the global BERT model to all clients in each round. In general, there are N clients generating consecutive
local BERT model Wy. At training epoch ¢, N clients send its local model optimized Wy ; to the server. The
global model “W; is calculated by Eq. 3 and sent back to all clients. The FedAvg based training approach for BERT
pre-training is summarized in Algorithm 1.

3.3 FeEDBERT via Federated Split Learning

Requiring each client to build and maintain a powerful computing infrastructure is a strong constraint [26, 64].
As a result, it becomes difficult to deploy such powerful but computational expensive language representation
models into computation constrained devices including mobile phones and edge devices. To release this constrain,
we propose a federated split learning approach to solve the pre-training task on constrained device.

As shown in Fig. 1, the BERT can be split into three blocks and the Transformer layer has large computational
and memory requirements. So the Transformer layer is deployed in a powerful central server. During the pre-
training process, each client’s embedding layer and head layer exchange parameters with server Transformer
layer. The client, with training sample, performs forward propagation from embedding layer to Transformer
layer at server. The server receives forward propagation from client and obtains the output of Transformer layer.
Next the server sends back the output to client as input of head layer. The client computes the final output at the

ACM Trans. Intell. Syst. Technol.
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Algorithm 1 FEDBERT pre-training via FedAvg

Require: A Server S; Clients set C; The faction of clients selected in each round F; The number of local epoch E
and local batch set B; The learning rate n

Server:
. initializes W
: forroundt=0,1,...do
distributes W, to all clients
C; « (randomly select F X C clients)
for all client k € C; do in parallel
Wy r41 < ClientUpdate(W,) // distribute W, to client and receive update
end for
Compute global model W;,; = Z}i’l‘ Wk, r41
: end for

N AR A > e

Client k:

ClientUpdate(W,):
10: Wy ; « W, // W; is from server
11: for each local epoch e from 1 to E do
12 for batch b € B do

13: Compute forward propagation (calculate loss), backward propagation (calculate gradients VW p, ;)
14: Wi i1 < Wi —=nVWep

15:  end for

16: end for

last layer. Then the gradient is calculated and back propagated along the reverse path. The pre-training process
of two clients are illustrated in Fig. 6.

Following the proposed federated split learning framework, there are two types of pre-training strategies for
FEDBERT: (1) parallel training strategy, and (2) sequential training strategy, as shown in Fig. 4. In parallel training
method, all clients train the BERT at the same time. The server receives the local BERT updates and aggregates
those updates. The sequential training method allows each client to use their own data to train their BERT models
one by one. The clients in these two training methods only need to train embedding layers and head layers. The
Transformer layers are only.trained at server side. The forward and backward propagation between each layer of
the neural network is managed by split learning approach.

Below, we give a formulation description for federated split learning approach. The three layers (i.e., Embedding
layer, Head layer, and Transformer layer) in federated split learning are denoted as WZ, WH, and WT. Given a
server S, n clients Cy, Cy, . . ., Cp, the federated split learning for pre-trained model is to establish a collaborative
learning between the server and the clients, where the k-th client trains the embedding layer Wf and the head
layer Wf , and the server updates the Transformer layer W7 for all clients. Mathematically, the learning approach
can be defined as follows:

N N N
WE = nk E — 13 T _ 13 H
WE_kZ:;n(Wk), WT‘;n(W")’ WH_;n(Wk), o
F(X) = WH(WT(WEX))

ACM Trans. Intell. Syst. Technol.
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Fig. 6. The workflow of pre-training process

The aggregated outputs of three layers are computed as WE, WT, and W Based on these aggregated outputs,
we rebuild the network architecture of BERT and calculate the final output F(X).

For these two training strategies, the server maintains different size of Transformer blocks. For parallel training
method, each client communicates with server individually. In order to maintain the consistency of the model
during each training epoch, the server stores N Transformer blocks for each client. After all clients finish their
local training, the server will aggregate N clients’ Transformer blocks to a global Transformer block. Then the
global Transformer block is shared to all the clients. For sequential training method, the server only needs to
maintain a Transformer block. Each client will update the Transformer block one by one in each training epoch.
In the following section we will introduce these two strategies in detail.

3.3.1 Parallel Training Strategy. In parallel learning method, each client will start the training process individually.
In each client, raw data is encoded by embedding layer, and then the corresponding token and position embeddings
are sent to the server for further process. The server receives embeddings and output sentence embedding via
Transformer blocks. The sentence embedding is sent back to all clients and computes loss via head layers. At
server side, an independent Transformer blocks Wz is maintained for the client k. The client k only updates the
parameters to Wz in each training epoch. Thus, there are N + 1 Transformer blocks in server side. The N + 1-th
Transformer block is the aggregated result.

For pre-training task, the language model head consists of full connection layer and normalization layer. Up to
this time, the forward propagation is finished. Back propagation begins with head layers on client side. And then
output gradient of head layers is uploaded to server side to update weights of Transformer blocks. Finally, output
gradient of Transformer blocks is sent back to update weights of embedding layers on client. The whole update
is done in a split way. For embedding and head sharing mode, after a certain period of local epochs, the following
client asks embedding and head layers from the former client, and then starts local training itself. This process
takes place in turns until the last client. On the contrary, for two average modes, all clients execute local training
for a certain period of epoch. Then the specified corresponding layers are uploaded and averaged on server. All
clients continue local training based on the averaged layers and repeat the iteration until achieving maximum
epoch. The parallel training strategy is summarized in Algorithm 2.

ACM Trans. Intell. Syst. Technol.
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Algorithm 2 FEDBERT pre-training via parallel federated split learning

Require: A Server S; Clients set C; The faction of clients selected in each round F; The number of local epoch E

10:
11:

12:
13:
14:

15:
16:
17:
18:
19:
20:
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and local batch set B; The learning rate 5

Server:
: initializes Wg
: forroundt=0,1,...do
C; < (random select F X C clients)
copy WtT into |C;| copies {W£ t}I,':itl
for all client k € C; do in pafallel
ClientUpdate()
end for
Compute global model W, =3 LC:’I‘ “ewT
: end for

ServerTrmFordprop(P.y, k):

| for clients

k,t+1

Compute forward propagation #;¢ on Transformer layer Wz :

Send ;¢

ServerTrmBackprop(P;, k):

Compute backward propagation $;; on Transformer layer Wz , (calculate gradients VWka )

T T T
Wit € Wi, =0VW,,

Send P,

Client k:

ClientUpdate():

initializes Wg , ng

for each local epoch e from 1 to E do
for batch b € Bdo

Compute forward propagation £.r on embedding layer wE

P « ServerTrmFordprop(Per, k)

Compute forward propagation (calculate loss) on head layer W2
Compute back propagation #p;, on head layer W1 (calculate gradients VW,fIb .

Py < ServerTrmBackprop(Ppyp, k)

Compute back propagation #,j, on embedding layer WE

E
wk,t+1

H
wk,t+1
end for

end for

E E
<—W1§t _UVWI%Ib,t
W, VW,

3.3.2  Sequential Training Strategy. In sequential learning method, each client will start the training process
sequentially. Simpler than the parallel method, only client will update the forward propagation and back propaga-
tion at a time. Same as the parallel training strategy, each client encodes raw data by embedding layer, and then

sends the corresponding token and position embeddings to the server. In general, each client runs an embedding
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Fig. 7. Three different types of federated pre-training via split learning

layer Wf and a head layer Wf in local and server runs a Transformer layer W7 . During training, only one client
k communicates with server and updates the layers WE, W, and Wf using client’s data.

Instead of maintaining N+ 1 transformer blocks in server for parallel training strategy, sequential training
only needs to maintain one Transformer block W Each client will exchange its parameters with W7 in turn.
After the end of one global epoch, the Transformer block WT learns information from N clients. As all clients

sequentially update the Transformer block in server, there is no aggregation time. The sequential training strategy
is summarized in Algorithm 3.

3.4 Variants of Federated Split Learning

Federated split learning circumvents challenges of data privacy and Al hegemony. Another issue is that few
institutions have adequate infrastructure to afford the heavy computing tasks. For instance, hospitals own
much valuable and privacy-sensitive data. They can unite their data and train a powerful federated model for
professional tasks. However, there may lack enough computational resource in hospitals as heavy computing
tasks are not major aim for information construction in hospitals. Therefore, the whole model can be trained in a
split way [16, 60].

For all Transformer-based model like BERT, the Transformer blocks dominant computing operations, which
can be migrated to supercomputing clusters. Clients only execute embedding layers and head layers. As depicted
in Fig. 7, three types of federated pre-training protocols via split learning are proposed. Respectively, Fig. 7a
shows situation when embedding and head layers are shared, Fig. 7b shows the embedding average pattern,
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Algorithm 3 FEDBERT pre-training via sequential federated split learning

Require: A Server S; Clients set C; The faction of clients selected in each round F; The number of local epoch E
and local batch set B; The learning rate 5

Server:

Compute global model W7 = 3 I¢:| reyyT

t+1 k=1 n k,t+1

1: initializes Wg

2: forroundt=0,1, .. do

3:  C; < (random select F X C clients)

4  copy WtT into |C;| copies {W£ t}IIchtll for clients
5. for client k € C; do ’

6: ClientUpdate()

7. end for

8:

9

: end for

ServerTrmFordprop(P.y, k):
10: Compute forward propagation ;s on Transformer layer Wz :
11: Send Py

ServerTrmBackprop(P;, k):
12: Compute backward propagation #;; on Transformer layer Wz , (calculate gradients VWka )

w7 T _ T
13: wk,t+1 (—Wk’t ryVWk’b,t

14: Send Py

Client k:

ClientUpdate():
15: initializes Wg , ng
16: for each local epoch e from 1 to E do
17:  for batch b € B do

18: Compute forward propagation £.r on embedding layer wE

19: P « ServerTrmFordprop(Per, k)

20: Compute forward propagation (calculate loss) on head layer W2

21 Compute back propagation #p;, on head layer W1 (calculate gradients VW]fb’ .
22: P:p < ServerTrmBackprop(Ppp, k)

23 Compute back propagation #,j, on embedding layer WE

24 wf,t+1 < Wf,t - UVka:b,t

25: Wil e Wl —gvwl

26:  end for

27: end for

and Fig. 7c shows situation when both head and embedding layers are averaged. For pattern (a), each client
encodes raw data and inferences masked tokens using the prior client’s embedding and head layers in turn refer
to [16]. Although it is not in strict conformance with FegAvg [37], it still protects the privacy of raw data, and
information is exchanged by embedding and head layer sharing to strengthen the model. Pattern (b) averages
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Table 2. Cost Analysis per epoch of the three proposed training methods

Communication cost Training time
Model
per Client  Server per Client Server
FedAvg 2|W| 2|W| T (W) T2 (W)
Parallel FSL 4pL N-4pL T (WE)Y+ 7 (WH) 7 (WT)+7,(WT)
Sequential FSL 4pL N -4pL T (WE) + 7 (WH) N-7(WT)

embedding layers after a definite epoch and pattern (c) averages both embedding and head layers. For all three
patterns, there is only one set of Transformer blocks in server during forward and back propagation. They obey
the same training protocol, expect the information processing mode of embedding and head layers.

3.5 Cost Analysis and Discussion

In this section, we analyze the communication cost and training time for the FedAvg, parallel FSL, and sequential
FSL approaches. The communication cost is the total amount of data transmitted by device. The training time
describes the computational complexity of the model. Given N clients, we assume that p is the number of training
batches per epoch, |W] is the parameter size of BERT model, L is the parameter size of propagation between
the cut layers, 7 (W) is the model training time for one global epoch, 7,(W) is the federated averaging time for
model W. Here we consider the faction of clients F is 1, which means all clients’ model are available in each
epoch. So for the split learning approach, the original computation cost of model BERT can be expressed as three
parts: 7 (W) = 7 (WE) + 7 (WT) + 7 (WH).

Table 2 provides the communication cost and the training time of each client and server for one training epoch.
For the communication cost, although parallel FSL and sequential FSL transmit the same amount of data, the
client in parallel FSL transmits data in parallel with the server. So the data exchange between parallel FSL is N
times faster than sequential FSL. For the training complexity, as the model size of W7 is larger than W% and W,
the training time 7" (W7) is longer than 7 (W¥%) + 7 (WH). As all clients sequentially update the Transformer
block in server, there is no aggregation time. Comparing with client in FedAvg, the client in FSL can use less
computing resources for training: 7 (WF) + 7(WH) < 7 (WT) < 7(W).

For the performance, sequential FSL has higher accuracy than parallel FSL. This is because the sequential FSL
learns the knowledge from the entire dataset and parallel FSL only obtains the knowledge from the participate
clients. The sequential FSL is suitable for the clients who want higher accuracy and not sensitive to training
speed.

4 EMPIRICAL EVALUATION

In this section, we conduct experiments led by the following research questions:

e RQ1: Is our proposed FEDBERT effective in pre-training BERT over a large-scale corpus?

e RQ2: What is the effectiveness of each split module of FEDBERT during BERT pre-training?
e RQ3: Does the average period matter?

e RQ4: What is the performance of FEDBERT when varying the number of clients?

4.1 Datasets

We conduct pre-training tasks based on Fairseq! and evaluate models on the General Language Understanding
Evaluation (GLUE) benchmark [61], which is a collection of diverse natural language understanding tasks. In

https://github.com/pytorch/fairseq
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particular, our experiments are conducted on seven downstream tasks in GLUE: SST-2, MRPC, STS-B, QQP, MNLI,
QNLI RTE. The descriptions of each task are presented as follows.

o SST-2 (Stanford Sentiment Treebank) [52] is a binary single-sentence classification task consisting of
sentences extracted from movie reviews with human annotations of their sentiments.

o MRPC (Microsoft Research Paraphrase Corpus) [11] consists of sentence pairs annotated for whether the
sentences in the pair are semantically equivalent.

o STS-B (The Semantic Textual Similarity Benchmark) [8] is a collection of sentence pairs annotated with a
score denoting how similar the two sentences are in terms of semantic meaning.

e QQP (Quora Question Pairs)? is a binary classification task where the goal is to determine if two questions
asked on Quora are semantically equivalent.

o MNLI (Multi-Genre Natural Language Inference) [65] is an entailment classification task that predicts
whether one sentence is an entailment, contradiction, or neutral with respect to another one.

o QNLI (Question Natural Language Inference) [61] is a version of the Stanford Question Answering Dataset [47]
which has been converted to a binary classification task.

o RTE (Recognizing Textual Entailment) [4] is a binary entailment task similar to MNLI, but with much less
training data.

Among these seven NLP tasks, MNLIL, QQP, QNLI, STS-B, MRPC, and RTE are sentence pair classification
tasks, and SST-2 task is a single sentence classification task. Thus, the embedding of [CLS] is adopted as sentence
embedding, as shown in Fig. 2. Because the STS-B task measures the similarity between two sentences by scoring,
we use Pearson’s correlation coefficient as the performance metric. The others are evaluated by accuracy.

4.2 Experimental Setup

Experiments are conducted on 4 nodes with 4 NVIDIA V100 GPUs, 32GB RAM per node and one node with 8
NVIDIA V100 GPUs, 16GB RAM. To demonstrate the effectiveness of our proposed methods, we select three
language models RoBERTa_small, RoBERTa_base, and GPT2 to achieve our pre-training task. The parameters of
architecture are shown in Table 3. To illustrate the effectiveness of our proposed FEDBERT, all pre-trained models
are evaluated on GLUE benchmark. There are 11 tasks in GLUE benchmark totally. Following [9], seven tasks
about single sentence classification and sentence-pair classification are chosen in our setting. Moreover, a small
version of GPT-2 with 12 decoder layers is pre-trained to further illustrate general significance of the proposed
method. The performance of the pre-trained model is evaluated by perplexity (PPL). Smaller PPL indicates better
performance. We implement the aforementioned training patterns, including centralized, averaging the whole
model (naive FedAvg), split learning with sharing head and embedding layers, split learning with averaging only
embedding layers, and split learning with averaging both head and embedding layers. We use WikiText103* as
the training corpus. Hyperparameters of pre-training for all the aforementioned pre-training tasks are given in
Table 4.

4.2.1 Training Protocols. The training protocols of several patterns are demonstrated as follows.

o Centralized pre-training uses the whole dataset with batch size 256 and 125,000 updates for RoBERTa.
The GPT is trained with 50000 updates. The best checkpoint is adopted for evaluation.

e Naive FedAvg pre-training equally distributes dataset to 10 clients for RoOBERTa and 5 clients for GPT
respectively. For RoBERTa, we set the average period as 50 epochs. The latest model of all clients are
averaged on server every 50 epochs. Then all clients begin the new round based on the averaged model
until maximum epoch 500. For GPT, the number of clients is 5, and the average period is 5 epoch. Totally,

2 https://data.quora.com/First-Quora-Dataset-Release-Question-Pairs
3 https://www.salesforce.com/products/einstein/ai-research/the-wikitext-dependency-language-modeling-dataset/
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Table 4. Hyperparameters of pre-training tasks

Parameters Pre-training
Batch Size 256
Table 3. Parameters of model structure [9, 10, 46] Total Updates 125000
Warmup Updates 10000
Parameters Small Base GPT2 Peak Learning Rate 0.0005
Layers(L) 12 12 12 LR Scheduler polynomial_decay
Hidden Size (H) 256 768 768 Adam B; 0.9
FFN* Size (4H) 1024 3072 3072 Adam S, 0.98
Attention Heads (A) 4 12 12 Adam e le-06
Total Parameters 23M  110M  117M Weight Decay 0.1
Dropout 0.1
Attention Dropout 0.1
#Clients 10
Average Period 50 epochs

all clients are trained with 20 epochs, thus average 4 times. The averaged model of the final epoch from all
clients is adopted for evaluation. This method is described in Algorithm 1.

o Split Training with HE Sharing equally distributes dataset to 10 clients for RoBERTa and 5 clients for
GPT respectively. The local maximum epoch is 500 epochs for RoBERTa. Clients are trained in turns. The
first client is trained based on its local data in a split way. After 500 epochs, the first client finishes its
local training and shares the head and embedding (HE) layers to the second client. Then the second client
starts local training based on the head and embedding layers of the first one. It is the same procedure for
GPT except that the maximum epoch is set as 20 epochs. The best checkpoint of last client is chosen for
evaluation. This method is described in Algorithm 3 when head and embedding layers are set to share.
Fig. 7a illustrates this method.

o Split Training with Embedding Avg distributes equally dataset to 10 clients for RoBERTa and 5 clients
for GPT respectively. The average period is set as 50 epochs. The embedding layers are averaged on the
server every 50 epochs. The Transformer blocks and head layers are updated as normal. Clients use the
averaged layers to train a new round until maximum epoch. It is the same procedure for GPT except that
the maximum epoch is set as 20 epochs. Fig. 7b illustrates this method.

o Split Training with HE Avg is similar to split training with embedding avg. The only difference is that
this pattern averages both head and embedding layers. Fig. 7c illustrates this method.

e Split Training with Parallel FedAvg is implemented based on naive FedAvg. For Naive FedAvg, the
whole model is trained on client side. After the specific epochs, all model are averaged on server, and the
averaged model is used as the initial model for the next epoch. On the contrary, as for parallel FedAvg,
Transformers are deployed on server and the server keeps a copy of Transformer for each client. The local
models will continue to learn until the next participates in aggregation. Thus all clients can train in parallel.
This method is described in Algorithm 2.

e Single Training uses the data of a single client and trains the model in a centralized way.

Moreover, in order to explore the influence of the number of clients and average period, naive FedAvg and
split training with embedding layers average in 20 clients setting, 100 epoch period are added respectively. In our
experiments, the data is distributed equally as in the federated learning. Thus weighted average is not executed,
which is necessary when the number of samples are unequal. Note that here we assume all clients are included
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Table 5. Hyperparameters of fine-tuning tasks of GLUE. STS-B is a regression task

Hyperparameters | RTE MRPC MNLI ONLI QQP STS-B SST-2
Number of Classes 2 2 3 2 2 - 2
Batch Size 256 256 512 512 512 256 512
Total Updates 2036 2296 123873 33112 113272 3598 20935
Warmup Updates 122 137 7432 1986 28318 214 1256
Peak Learning Rate | 2e-05  1e-05 le-05 1e-05 1e-05  2e-05 1le-05
LR Scheduler polynomial_decay

Adam f; 0.9

Adam S, 0.98

Adam e le-06

Weight Decay 0.1

Dropout 0.1

Attention Dropout 0.1

Maximum Epoch 10

during training to fully utilize the data. The client selection strategy and non-iid issue are beyond the scope of
this paper. Moreover, the number of clients is 10 for RoBERTa and 5 for GPT, and the period of average is 50
epochs for RoBERTa and 5 for GPT if not specified.

4.2.2  Implementation Details. For the RoOBERTagp,11 and RoBERTap,se models, we follow the hyperparameters
from the settings [30] for the most part. As our training target is to evaluate the efficiency of different FSL
approaches, we only use a small training dataset provided by Fairseq. So the performance of the fine-tuning tasks
may not be comparable with benchmarks. But for fair comparison, we use the same settings for the different
approaches. Based on the training settings in Table 3 and Table 4, the pre-training task based on ROBERTay,sc
takes about a week on 8 V100 GPU cards.

After pre-training in various patterns, the RoBERTagpa11 and RoBERTap,se models are fine-tuned and evaluated
on 7 datasets. For fine-tuning tasks, all final pre-trained models are evaluated based on the same setting. Table 5
summarizes the hyperparameters. The best model is used by fine-tuning for the centralized pre-training and
embedding sharing pattern. The other three modes related to weights average use the averaged model of the
last epoch to evaluate their effect. To simplify the comparison between different modes, SST-2, QQP, MRPC,
RTE, MNLI, and QNLI are measured by accuracy, and STS-B is measured by Pearson Corr. Furthermore, MNLI
task includes two results corresponding to the matched and mismatched accuracy. The GPT is evaluated on
WikiText-103 by PPL after pre-trained.

5 EXPERIMENTAL RESULTS AND ANALYSIS

In this section, we present the experimental results with a comprehensive analysis to answer the aforementioned
research questions.

We used two different sizes of pre-train models to demonstrate the effectiveness of our proposed method. The
evaluation results of model RoBERTagp,11 and RoOBERTap s, are illustrated in Table 6 and Table 7. The result of
GPT2¢na11 is shown in Table 8. From these tables, we notice that the centralized model has the best performance
as it is trained on the whole dataset. Our proposed split federated learning approaches can achieve the same
performance as classical federate learning method FedAvg.
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Table 6. The comparison of pre-trained RoBERTagp,11 via federated learning approaches on the GLUE benchmark

Model RTE MRPC MNLI ONLI QQP STS-B SST-2
Centralized 58.5 76.5 75.3/76.6  86.7 86.6 81.8 89.2
FedAvg 52.7 72.3 71.0/71.8  83.7 84.7 73.4 86.1
Head-Emd Share 59.2 77.5 73.4/75.2 854 859 78.3 88.9
EmdAvg 51.3 73.8 70.0/70.9  81.5 84.1 70.8 83.9

Head-Emd Avg 57.0 71.3 70.9/72.6  84.1 85.2 74.6 85.8
Parallel FedAvg 58.8 71.6 71.2/72.8  82.8 84.7 75.4 85.0
Single Client 57.4 70.3 70.0/71.4 824  84.6 70.2 84.7

Table 7. The comparison of pre-trained RoBERTap,se via federated learning approaches on the GLUE benchmark

Model RTE MRPC MNLI QNLI QQP STS-B SST-2
Centralized 62.82 8554 81.09/8148 88.74 89.78 84.19  90.40
FedAvg 61.01 78.92 7647/7679 851 89.36 81.18  90.14
Head-Emd Share 57.04 78.92  76.82/77.69 8435 8842 7845  90.37
EmdAvg 5812 7230 71.27/7141 81717 8459 6817 8521
Head-Emd Avg 5596 73.04 71.72/71.91 8144 86.90 70.64 86.24
Single Client 58.84 73.53 71.72/7191 8179 8611 6881 87.16

Table 8. The comparison of pre-trained GPT2gpa11 under the metric of perplexity. Smaller is better.

Model PPL
Centralized 25.25
FedAvg 536572.25
Head-Emd Share 24.69
EmdAvg 39.03
Head-Emd Avg 39.52
Single Client 38.71

5.1 RQI: Effectiveness of Federated Learning for Pre-Training

Table 6, Table 7 present the performance of pre-trained RoBERTa models. The centralized training model is a
baseline. It has the best performance except for the RTE and MRPC task for RoBERTagy,11 model. This is because
the dataset for the RTE and MRPC task are small and the centralized model is more tolerant to fall into the local
optimum comparing with the distributed model. As split learning with head and embedding layers sharing is
equal to the centralized training logically, the evaluation results should approximate the centralized one. However,
we found that the learning rate decayed to 0 midway and the training process terminated for RoOBERTa. Thus
part of client data is not used for training, which leads to slightly worse results on these five tasks. For GPT,
the share pattern gets a negligible decrease of 0.56 on PPL compared to centralized training. As a distributed
learning pattern, federated learning is worse than a centralized model in theory. Among several federated split
learning models, Head-Emd Avg achieves the best performance, while EmdAvg is worst generally. As for split
learning with embedding average, all tasks under-perform the centralized and sharing pattern. The worst one is
STS-B, which decreases 11% and 7.5% on Person Corr, compared with the centralized pattern and sharing pattern
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respectively. The rest tasks have a decrease around or below 5%. FedAvg is the suboptimal model among three
FSL models by average. On MNLI, QNLI, QQP, STS-B, and SST-2 task, FedAvg under-performs about 1% than
Head-Emd Avg, while it outperforms EmdAvg on MNLI, QNLI, QQP, STS-B, and SST-2. For parallel federated
split learning based on FedAvg, each client keeps a corresponding copy of Transformer layers on server, thus all
clients can train in parallel. After the specific epochs, all Transformer copies on server and head and embedding
layers on client are averaged. The latest averaged model is adopted when new epoch starts. Logically, parallel FSL
on FedAvg and naive FedAvg are equal. The difference is that server needs to keep multi Transformer transcripts
for parallel model, while all training processes are done on clients for naive FedAvg. The evaluation results are
shown in Table 6 and Table 7, parallel FedAvg and naive FedAvg achieve the same performance on all tasks
except RTE. It is foreseeable that the performance of federated pre-training under-performs the centralized one.
However, this consensus is based on the assumption that the aforementioned models are trained on the same
dataset. There is no doubt that raw data is not exchanged by our proposed FEDBERT, which is meaningful in
reality. On the one hand, this advantage can attract more clients to contribute private data in training. In addition,
it enables general model pre-training in privacy-sensitive domains and for thin clients.

5.2 RQ2: Analysis of Each Split Module in BERT Pre-Training

BERT is split into three parts and processed in a different way in our experiments. Different training patterns lead
to different performance. In detail, pre-training via FedAvg averages the whole model including embedding layers,
Transformer blocks, and head layers. FEDBERT via split learning deploys the resource-consuming Transformer
blocks on server, and the rest of layers updated on local clients are processed in various ways, including average
and sharing. In this section, the performance of these variants are analyzed.

From Table 6 and Table 7, all patterns are based on the same setting. It can be observed that among four split
learning training methods, Head-Emd share achieves the best performance. We hypothesize that the reason is
that sharing head and embedding layers is logically equivalent to the centralized pattern. The FedAvg achieves
the same performance to Head-Emd Avg except for RTE task. On MRPC, MNLI-Matched, and SST-2 tasks, FedAvg
is better, while HE Avg outperforms on other tasks. Among all tasks, EmdAvg is the worst model except that
it outperforms slightly than FedAvg and Head-Emd Avg on MRPC. We assume that Transformer block is an
independent part. As for embedding layers and head layers trained on the same local data, they should better
be updated in the same way in order to seek better performance. As for GPT, the performance of EmdAvg and
Head-Emd Avg patterns are similar, which are lower than single within 1 on PPL. However, the naive FedAvg
seems not applicable for GPT pre-training, which dose not converge in our experiment.

5.3 RQ3: Impact of Number of Clients

In federated settings, the whole training dataset is distributed to several clients. Thus, the number of clients
may influence the final performance of pre-trained model. In this section, we made three groups of experiments
based on FedAvg and EmdAvg to explore the effectiveness of this factor. The number of clients are set as 5, 10, 20
respectively. The evaluation results of centralized training are compared. Fig. 8 depicts the evaluation results on 7
GLUE tasks. For MNLI, it is split into matched and mismatched items. Overall, except RTE, other 6 tasks reveal a
decreasing trend along with the increase of clients. Moreover, FedAvg is better than EmdAvg on almost all tasks
and the number of clients settings, which is discussed in RQ2. As expected, the Centralized way presents the
best performance. It implies that delicate optimization methods for distributed scenarios are required to improve
performance. However, it is notable that this conclusion is based on the assumption that the same dataset is
adopted, while a federated training pattern is able to gather more data than a single client.
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Fig. 8. The performance of different pre-training patterns on various number of clients settings

5.4 RQ4: Effectiveness of Average Period

To explore the effectiveness of average period, we pre-trained FedAvg and Embedding Avg models with average
period set as 100 epochs compared with 50 epochs. The evaluation results are shown in Fig. 9. For FedAvg pattern,
model averaged every 100 epochs outperforms 50 epochs in MNLI-MA, QQP, and SST-2, and under-performs in
RTE, MRPC, MNLI-MIS, and QNLI. The results of STS-B are both 75.4. The biggest difference value 1.4 appears in
RTE task, the results of which are 58.8 and 57.4 respectively. The performance of other tasks are almost the same.
As for Embedding Avg pattern, model averaged every 50 epochs outperforms 100 in RTE, MNLI, QNLI, and QQP
tasks. The model averaged per 100 epochs achieves better performance in MRPC, STS-B, and SST-2 tasks. The
biggest difference value 2.5 appears in RTE task, the results of which are 52.0 and 49.5 respectively. Among all
the evaluated tasks, RTE is the most sensitive task to the average period. Even so, the difference is not significant
between two training patterns. Overall, the average period does not make much influence on the performance of
the pre-trained models.

6 RELATED WORK

In this section, we survey the related work from the perspectives of federated learning, split learning, and model
pre-training in NLP.

6.1 Federated Learning

Federated learning (FL) distributes machine learning or deep learning model training to the low computational
edges from which data originates, emerged as a promising alternative ML paradigm [21, 36, 37, 68]. FL enables a
multitude of participants to construct a joint ML model without sharing their private training data [6, 36, 37, 41].
Many research works in CV/NLP fields have been proposed in federated settings [18]. Specifically for the CV
task, federated learning has been applied to many applications such as medical image analysis [22, 28, 48, 67],
object detection [29], and landmark classification [19]. For NLP, FedNER [14] is proposed to handle medical NER
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Fig. 9. Comparison between avg period of 50 epochs and 100 epochs on pre-training via FedAvg and Embedding Avg.
MNLI-MA means matched item in MNLI task, and MNLI-MIS means mismatched item in MNLI task.

task under federated setting. A federated topic model framework [20] aims to collaboratively learn a shared topic
model while maintaining privacy protection from multiple clients.

Recently, more and more works start to handle unbalanced, non-independent and identically distributed (non-
L1D.) data, which naturally arise in the real world [27, 63, 69]. Due to the special properties of FL, FL has been
widely applied into a wide range of real applications such as next word prediction [36, 38], visual object detection
for safety [29], entity resolution [17], and medical prediction [66].

Moreover, in order to provide a formal privacy guarantee, recent works have investigated how to use differential
privacy (DP) [15], local differential privacy (LDP) [49, 55] or distributed differential privacy (DDP) combined with
cryptosystems [32] in federated learning. However, existing approaches can not be applied practically on deep
learning [34, 62]. Some of them [49, 55] only focus on small tasks and simple datasets and do not support deep
learning approaches yet. The other works [56] studied LDP on federated learning problem. However, as we
discussed in the experiments part, both of them hardly achieve good performance with a limited privacy budget.

6.2 Split Learning

Split learning (SL) is a distributed and collaborative training approach, which is first proposed to solve the
privacy-aware healthy data training problem [16, 60]. Different from the strategy of training an entire model on
one device, SL splits a deep neural network into sub-network blocks and distributes them to multiple devices.
The computational load of model training is distributed to multiple devices. Comparing with FL approach, the
split learning approach can be deployed on resource-constrained devices [36].

When the sub-neural networks are deployed on multiple devices, SL may raise communication concern.
Singh et al. [51] gave a comparison of communication efficiency between split learning and federated learning.
SplitFed [58] united the split learning and federated learning together to improve the communication efficiency
and enhance privacy. Moreover, Gao et al. [13] evaluated the communication overhead of Internet-of-Things
applications, which was based on split learning framework.

Recently, SL has gained more attention and applied in many domains. Abuadbba et al. [2] showed how to apply
split learning approach for 1-dimensional CNN applications. Similarly, Abedi et al. [1] evaluated the applicability
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of split learning for RNN applications. Praneeth et al. [35] proposed a variant of split learning named NoPeek,
which attempted to reduce the potential leakage via communicated activation. This method reduced the distance
correlation of the raw data but still maintained good evaluation performance. Lastly, a split learning based
real-time object detection framework on edge devices was proposed in [35]. The framework reduced the data
transmission between devices by using a small model after knowledge distillation.

6.3 Model Pre-Training

Our work is also related to model pre-training for NLP, which has brought dramatic improvements on natural
language understanding [9, 10, 30, 57] and generation [12, 53]. The pre-trained models (PTMs) can be categorized
into two classes: the pre-trained word embeddings, and the pre-trained contextual encoders. For pre-trained
word embeddings, Mikolov et al. [40] proposed Word2Vec with two variants of Continuous Bag-of-Words (CBOW)
and Skip-Gram (SG) based on pairwise ranking. Consequently, Pennington et al. [44] proposed GloVe which is
computed by global word-word co-occurrence statistics from a large corpus. Based on them, several works have
also extended the word embedding into the embeddings of sentence and document, such as paragraph vector [23]
and Context2Vec [39].

In contrast to those works that learned the embeddings of word or sentence, another line of works aim to learn
the contextual embedding for each word or the graph relationship within the sentence [42; 43, 71]. Recently, many
works proposed to achieve this goal via pre-training, e.g., OpenAl GPT [45] and BERT [10]. These pre-trained
models (PTMs) are mainly based on the Transformer [59] architecture, composed of multiple self-attention layers.
To pre-train these models, a self-supervised learning approach is designed via the masking mechanism. That is,
some words or sentences are masked, and the goal of model learning is to reconstruct them. The PTMs have
advanced the performance of many specific domains, e.g.; BioBERT [24] in medical texts, SciBERT in scientific
articles [3], etc.

Recently, the model pre-training techniques have also been extended to the multi-media area of NLP and
computer vision [25, 31, 54], to understand the multi-modal image and natural language. To preserve the privacy
when pre-training a large model, this paper extends the pre-training into a federated learning paradigm. Without
loss of generality, we select RoBERTa [30] as a representative model.

7 CONCLUSION AND FUTURE WORK

This paper has proposed a novel pre-training approach FEDBERT that integrates federated learning and split
learning to address the problem of pre-training large-scale language model on resource-limited devices and
clients. Under this architecture, the computational expensive layer is deployed on the powerful server with
additional communication cost. Our approach has the advantage of resource-constrained resource requirement
and privacy preserving as well as keeps the state-of-the-art performance. Extensive experiments on seven GLUE
tasks verify the effectiveness of our proposed FEDBERT. It shows that the federated split learning approach,
such as Head-Emd Share model, can achieve the same performance as classical federated setting. Based on this
federated framework, users can protect sensitive data from sharing while using pre-trained models.

In our future work, we plan to extend our FEDBERT to other PTMs and apply it to more domain specific tasks.
In addition, we also aim to investigate the minimal requirement of each pre-training device to running different
FSL approaches.
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