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Abstract—Neural networks may allow different organisations
to extract knowledge from the data they collect about a similar
problem domain. Moreover learning algorithms usually benefit
from being able to use more training instances. But the parties
owning the data are not always keen on sharing it. We propose
a way to implement distributed learning to improve the perfor-
mance of neural networks without sharing the actual data among
different organisations. This paper deals with the alternative
methods of determining the weight exchange mechanisms among
nodes. The key is to implement the epochs of learning separately
at each node, and then to select the best weight set among the
different neural networks and to publish them to each node. The
results show that an increase in performance can be achieved by
deploying simple methods for weight exchange.

I. INTRODUCTION

This paper presents the work done to compare the effi-
ciency of different methods to exchange only weights between
nodes where each node implements neural networks to perform
training on its own data. The data at each node belong to
the same problem domain, i.e. each node has the same set
of attributes in data. The question addressed is the possibility
of achieving a learning accuracy similar to the one obtained
in training all of the data in one node. A use case is easy
to imagine: different institutions like hospitals, institutes for
statistics, insurance companies etc. have data to be analysed
with almost identical set of input and output features. In
general, they would obtain a better accuracy at predicting some
behaviour if they could use all of the data, say for training
a neural network. However, they can not (do not want to)
share their data because of legal and commercial concerns.
The research question is, how to design mechanisms to perform
distributed learning for neural networks. The problem is also
relevant in the case of massive data that needs to be spread
amongst different computers.

Previous work in this area explored theoretical and prac-
tical aspects of the problem. Consensus based approaches
allow efficient implementation in support vector machines and
backpropagation based multilayer perceptron structures [1]-[3].
Another method has been proposed in [4] to use averaging
among weights in obtaining the consensus among nodes for
random vector functional link neural networks. Furthermore,
recent literature also includes increased interest in distributed
learning in wireless sensor networks implementing support
vector machines [5], evolutionary algorithms [6], and dictio-
nary learning for big data [7]. The purpose of this paper is
not to address big data problems (where the data doesn’t fit in
a single machine) or solve performance issues but rather we
offer simple to implement solutions to see how these solutions
would indeed improve the efficiency of the distributed learning
in case of feedforward networks. In this respect, the methods
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offered do not discriminate techniques that use a master node
or where nodes perform peer-to-peer communication. All the
techniques used here can be implemented using both solutions.
We present here the effects of different weight exchange
mechanisms between distributed nodes of neural networks on
the performance. The performance is measured as the accuracy
obtained for the classification problem as will be explained
later. The remainder of the paper is organised as follows:
Section II describes the example problem and the necessary
data preprocessing. The methodology will be explained in
Section III along with the alternative methods for weight
exchange. Next, Section IV displays the results including a
comparison of methods, and lastly Section V will include the
conclusions and future research directions.

II. PROBLEM CASE

The problem to be investigated is based on the “census
dataset” also known as the “adult dataset”. It contains various
records extracted from the 1994 census database of USA. The
samples are individuals of age above 16, and the feature to pre-
dict is if the individual makes an annual income over 50.000$
[8]. There are several reasons for picking this particular data
set:

e  Number of instances: There is a need to have a large
enough number of instances. They should be split into
multiple data sets without losing the ability to perform
learning for predictions based on individual sets to be
located in separate nodes.

e  Real world problem: The techniques would be useful
in a domain where the data owner wouldn’t be willing
to share their data. Personal data (as we have here) is
a good example of that kind of data.

e  Easy to learn: The classification problem here is not
a hard one. This is important because the aim of this
work is to compare methods with limited processing
power. It is desired to have meaningful results to be
able to show the improvements easily.

Most of the 14 features in this data set are self explanatory,
like age, or occupation related features but they need to be
preprocessed so that the neural network can accept them as
numerical inputs in a scaled form for better performance [9].

Firstly, features that do not carry useful information, are
removed from the dataset. For instance fnlwgt, describes a
weight that is state dependent and thus cannot be used to
compare individuals across states. Furthermore, education-num
is just the equivalent of the education feature but in a numeric
form, thus it doesn’t bring any new information. Then, for all
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the categorical features (workclass, education, marital-status,
occupation, relationship, race, sex, native-country, income),
one-hot encoding is applied in order to turn them into simple
numeric attributes. In this way, an attribute is created for
each possible value in each feature. This technique increases
the number of input features but simplifies their encoding.
Numeric attributes (age, capital-gain, capital-loss, hours-per-
week) are scaled to a distribution having zero mean and unit
variance. This prevents an attribute with high values to have too
much weight and this also helps the neural network to learn
faster. After performing these operations we have a dataset
containing 48842 samples with 216 attributes, 2 of them being
the income (over 50K or not) as the target feature.

III. METHODOLOGY

In this section, different methods of weight exchange and
the tools used in testing these methods are explained. The
goal of each method is to improve the learning performance
of the neural network to get the best accuracy possible in
a fixed number of training epochs. The expected result of
this experiment should be that all of the parties agree on a
set of weights at the end of training by sharing preferably
no data, or by sharing minimum amount of data. In order
to get reproducible results, and in order to evaluate our
results independently, samples are split. The initial data contain
48842 instances. Firstly, 8842 of the instances are selected
randomly which will be used for the final testing, named as
the verification set. Then the remaining 40.000 samples are
split according to the number of nodes (parties with individual
neural network learning systems). In the following simulations,
4 nodes are employed each containing 10000 samples.

A. Tools

The multilayer perceptron neural network is used as the
learning model as it’s behaviour is easy to understand. The
input layer contains 214 features. The hidden layer contains
100 neurons. A sigmoidal activation function is used for
the neurons in the hidden layer, and they are connected to
the output layer containing 2 neurons (one for each class
of being above or below 50K earning). The output neurons
use a softmax activation function. Furthermore, a dropout
mechanism with a probability of 0.5 has been added after the
hidden layer to prevent overfitting [10].

The training is done by minimising the mean squared
error using the Adagrad algorithm [11]. Adagrad gives
us an adaptive learning rate that converges faster. The
neural network is implemented using the Keras Python
library working on top of the Theano platform [12]. The
Keras[13] library offers a high level API to interact and to
easily prototype neural networks on top of neural network
backend platforms such as Theano or TensorFlow. The speed
performance is not the concern here that’s why high-level
languages and simple laptop CPU can be used to perform
the tests. Confusion matrices will be used to compare the
accuracies obtained by the methods. There are two classes to
be discriminated: a sample is classified as A if the sample
has a revenue over 50.000$ per year, and it is of class B
otherwise. A sample confusion matrix is given in Table I. The
confusion matrix will give us actual and predicted classes for
both types of samples. The instances on the diagonal from
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upper left to lower right are the rightly classified instances.
The overall accuracy of this particular example is 80%. In the
following subsections, the alternative approaches for weight
exchange among nodes will be explained in detail.

TABLE 1. CONFUSION MATRIX EXAMPLE
| class A class B
classified as A 60% 15%
classified as B 5% 20 %

B. Collage Testing

The first approach for the weight exchange includes some
cheating by using a distinct testing set shared by all parties.
Each node voluntarily shares a small fraction of its data, 10%
in our simulations, that will be used as the collage testing pool.
In a loop of training, each node performs usual training on its
own data (9000 samples). After each epoch, the performance
of each network (node) is measured against that collage testing
pool of samples. The weights performing the best on the
collage testing set will be exchanged to each of the nodes
to be used in the next epoch of training. At the end of the
training, that is when the stopping criteria are met, the final
winning network is also tested against the verification set (8842
samples) for evaluation. The basic dataflow of collage testing
is depicted in Fig. 1.

Input data Split data
Test data Validation Data 1 Datan
1 epoch
train 1 Trainn
Apply
weights

Test and select best weights

Evaluate trained models

Fig. 1. Dataflow for the collage testing.

C. Cross Testing

This approach doesn’t need a shared testing set. After
each epoch, each of the models is tested against all the other
nodes’ training dataset. This allows the parties involved to
not share any data. The verification test set is still used to
compare the accuracy of the different models. The dataflow
of cross testing is given in Fig. 2. At each iteration of the
learning phase, each node publishes its weight set to the other
nodes. Then, each node tests its own data with the weights
of the other nodes, and publishes the results. An example
performance matrix obtained in this process is given in Table
II. Here, it is evident that weights obtained in node 2 (column
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Input data Split data

Test data Datal Datan

train 1 Train n

Testl Testn

Apply new
weights

select best weights

Evaluate trained models

Fig. 2. Dataflow for the cross testing.

2) performs on the average (79%) higher than the other nodes.

The best weights are then used as the weights for all models
in the next epoch of training. There are two ways to pick the
best weights.

1)  Pick the weights of that node that performs highest
on the average across all the testing sets (practically
all the data of 40.000 samples).

2)  Pick the weights of that node that performs the best
on the maximum number of test nodes.

IV. RESULTS
A. Base Results

Firstly, we need to see how the neural network performs
when trained on our whole input data set. For this purpose, a
validation split of 0.1 is used in the training carried out with
40.000 samples. The classification obtains 100% accuracy in
both the training and verification (8842 samples) sets. Thus,
we have obtained a model that has learnt on the data set and
it can output accurate predictions.

The next step is to see how each node would perform if
they are trained with their local data only. That is, each node
has access to its own data for training and to the verification
data set for final testing. In that case, if we keep the same
number of epochs and the same neural network configuration,
the neural networks perform extremely badly on most of
the cases. The outputs for the verification set come out to
be equivalent to a ZeroR prediction i.e. all the samples are
classified as if they belong to the class with the most elements

TABLE II. PERFORMANCE (% CORRECT) MATRIX EXAMPLE

Data of / Weights from
node 1 2 3 4
1 82 | 72 62 52
2 80 | 90 70 60
3 69 | 79 89 59
4 65 | 75 85 55
Average 74 | 79 | 765 56.5
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[14]. In some cases the networks are able to learn, but it is
mostly random as can be seen in the following outputs. We
also have to be careful about the initial distribution in the
sub data sets: If the data are not distributed in a balanced
manner to the four nodes, i.e. if each of the nodes does not
include approximately the same percentage of each category,
the network will not be able to train properly due to the
unbalance of classes. The results shown in the following tables
are based on testing of the independent verification data set
containing 8842 instances. Table III and Table IV display
testing performances for individually trained nodes without
weight exchange for unbalanced and balanced distribution of
samples respectively.

TABLE III. UNBALANCED DATA SET CLASSIFICATION PERFORMANCE

FOR 4 NODES

024 239 |0l
076 ~ 0 |76

0 | 24 0 | 24
0| 76 0| 76

It is evident that only one of the nodes is able to perform
correct classification whereas the other three nodes classify all
samples as class B.

TABLE IV. BALANCED DATA SET CLASSIFICATION PERFORMANCE
FOR 4 NODES
185 | 52 146 | 92
0 | 762 0 | 762
235 | 02 226 | L1
0 | 762 0 | 762

The verification (test) results for a balanced distribution are
not bad but they are worse than what we can achieve with all
the data combined. Two of the nodes display false classification
ratios of 5.2% and 9.2% respectively. These are the results
that can be improved by exchanging the weights between the
parties.

B. Collage Results

The classification performance (in %) of the nodes for a
collage testing is given in Table V for random splitting of the
training data to instances. It can be stated that collage testing
allows almost full performance.

TABLE V. COLLAGE RESULTS FOR RANDOM SPLITTING INTO 4
NODES
23.7 | 001 237 | 001
0 ]762 0 | 762
237 | 0.01 237 | 0.01
0 [762 0 [762

C. Cross Testing Results

The classification performance (in %) of the nodes with the
cross testing are given in Table VI and Table VII for the two
methods of picking the weights to be exchanged respectively:
based on the best average performance in all nodes and based
on the best performance in the majority of nodes. In both
cases, the training data are randomly divided to instances.
Keeping in mind that those performance values are for the
independent verification (test) set of 8842 samples, it can be
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stated that weight exchange method based on the best average
performance, allows almost full performance without sharing
any local data with other nodes.

TABLE VI CROSS TESTING RESULTS: BEST AVERAGE
PERFORMANCE, RANDOM SPLITTING

237 [ 01 237 | 0l
0 | 762 0 | 762

237 | 01 237 | 0l
0 | 762 ~— 0 | 762

TABLE VIIL CROSS TESTING RESULTS: BEST PERFORMANCE IN

MAJORITY, RANDOM SPLITTING

204 | 33 208 | 29
0 | 762 ~ 0 | 762

21 | 27 209 | 28
0 [ 762 0 | 762

D. Comparing Results

In Table VIII, a comparison of test performances of differ-
ent methods is given.

TABLE VIII. COMPARISON OF VERIFICATION SET PERFORMANCE (%)
Method Used ‘ Average Accuracy
Random Splitting 96.08
Collage Testing 99.9
Cross Testing - average performance 99.9
Cross Testing - majority 97.08

It can be noticed that using those weight exchange methods has
led to an improvement in the accuracy obtained. The collage
and cross testing achieve similar accuracy on this dataset, so
there is no obvious way to choose. However, collage testing
requires the parties to share a small amount of their data, and
is thus less optimal.

V. CONCLUSION

The major contribution of the paper can be stated as
follows: In a neural network based learning task of distributed
data, it is possible to obtain an accuracy almost as good
as the one obtained on the complete data set, by training
multiple models on sub data sets and by only exchanging
the weights in a smart way. Some of the ways to exchange
those weights, by using simple to understand techniques, have
been investigated for a real life case problem. It is evident
that this problem can have multiple solutions. The solution
chosen should be the one that is the easiest to implement given
the data available and given the algorithm being used. Some
other issues arise when implementing this solution to a real life
problem. The parties must first decide on the implementation
of the algorithm, and on common conventions regarding the
data. The data processing questions are not addressed here.
Some characteristics of the dataset need to be looked into
before using it for the analysis. For instance the repartition
of the classes or hidden relationship between variables can
lead the impossibility to build a correct predicting model.

There are several issues to be investigated further: Larger
data sets with more complex learning requirements have to be
tested in order to generalise the results obtained. For instance,
it would be interesting to carry out research about how
these techniques could be applied to a regression problem.
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The uneven distribution of data samples to nodes, both in
terms of size and character, may have striking effects on
the performance of weight exchange methods. It could also
be interesting to see how different algorithms could benefit
from parameter sharing techniques beyond weight exchanges.
Another future research topic can be to look at meta classifiers
as described in [15]. Lastly, computational performance issues
have to be addressed adequately, especially for big data
problems.
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