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Abstract. Contextual neural networks are generalization of multilayer neural
networks. They possess interesting property of automatic selection of data attrib-
utes needed for correct processing of given input vectors. To achieve that they
are using neurons with conditional, multistep aggregation functions and error
generalized error backpropagation algorithm based on self-consistency paradigm.
According to the literature of the subject, currently there are no implementations
of those models in high-performance machine learning platforms like Mahout or
MLIib. In this paper we present initial results of implementation of contextual
neural networks in distributed machine learning framework called H20. The
motivation behind this work is the need to analyze properties of contextual neural
networks and conditional multi-step aggregation functions while solving large
classification problems.
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1 Introduction

H20 is open source, distributed, parallel and scalable platform implementing core
machine learning methods. It allows to build machine learning (ML) models on big data
and has proven its industry-grade reliability [1-4] while solving real life problems [5—
8]. H20 includes such algorithms as e.g. deep learning of multilayer neural networks,
Gradient Boosting and Random Forest for creation tree-based models, ensemble
learning, Principal Component Analysis, and k-Means clustering [9, 10]. It performs
batch training of ML models, but can also make online predictions with use of Storm,
but cannot train the models online. H20O realizes distributed computation with “distrib-
uted fork-join”, which parallelizes jobs across many data nodes for efficient in-memory
computation with a divide-and-conquer technique, and then combines the results. Final
models can be exported as JAVA classes for further use.

H2O0 can be compared with other state-of-the-art ML frameworks such as Mahout,
MLIib, Oryx, SAMOA, SINGA as well as WEKA, and among those is recognized for
its usability, speed and extensibility [2, 4]. H20O includes interfaces to Java, R, Python
and Scala and easily integrates with Spark. It provides also H20 Flow, an interactive,
web-based notebook for manipulating data and building ML models using a hybrid of
point-and-click and command-line approach. Basic start of H20 is as simple as:
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unpacking its actual version to the chosen directory, loading included H20 server with
“java —jar h20.jar” command and visiting local address http://localhost:54321 with
favorite web browser for accessing H20 Flow web GUI. This allows H20 use on single
workstation as well as in multi-node cloud environments, not only by programmers but
also by researchers [8].

Although H20 implementations of ML algorithms are highly optimized for
maximum performance, such approach causes that developers of H20 are highly
concentrated only on basic ML models and methods. In the effect, a number of ML tools
available in other frameworks can’t be found in H20. Thus one should also not expect
from H2O realization of newest or highly specialized ML methods. This is why in this
paper we present first approach to extend H20 Deep Learning functionality with capa-
bility of training contextual neural networks (CxNN) with Generalized Error Backpro-
pagation algorithm [11-13].

In the effect, the rest of the paper is organized as follows. In Sect. 2, we briefly present
contextual neural networks and the description of the generalized backpropagation
algorithm. Then Sect. 3 includes detailed discussion of performed modifications of H20
architecture and shows related changes of H20 Flow web interface. Presented software
is next used in Sect. 4 to solve selected UCI ML benchmark classification problems to
experimentally test if properties of contextual neural networks built with H20 are as
expected. Finally in Sect. 5, we discuss obtained results and possible areas of further
development and research related with H20 and contextual neural networks.

2 Contextual Neural Networks and Generalized Error
Backpropagation Algorithm

Considered contextual neural networks (CxNN’s) were previously applied with success to
solve benchmark as well as real-life classification problems [12, 13]. They were used for
spectrum prediction in cognitive radio [14] and during research related to measuring
awareness of computational systems through context injection [8, 15]. It was also shown,
that they can be very good tools for fingerprints detection for crime-related analyses [16],
can be helpful for solving such important problems as e.g. rehabilitation and elderly abuse
prevention [17, 18]. Moreover it was shown, that they possess three important properties.
The first property is that they are not black-boxes. The way how they operate allows to
observe which input attributes are more important for classification of given data vectors.
This can be very useful for many data-analytics-related tasks. The second property is that
their neurons try to solve problems with use of as low number of input signals as possible,
separately for each given data vector. This is done both during and after training of the
neural network, practically without limiting model classification accuracy — and can
considerably decrease costs of its use for data processing (especially time and energy
costs). It was reported, that for many problems, above effect can limit connections activity
of hidden neurons more than ten times in relation to analogous neural networks which
process data with all connections. And the third important property of contextual neural
networks is that the described behavior of their neurons during training causes further
effects similar to outcomes of using dropout [13, 19-22]. The major difference between
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both techniques is that dropout is not related to the data processed by the neural network,
nor to the knowledge which the neural network already possess. And finally the decrease
of neural network internal activity caused by dropout is not preserved after the training
process — what is not the case for contextual neural networks. All the above makes contex-
tual neural networks to be good candidates for implementation within H20 framework.

In detail, contextual neural networks described above are direct generalizations of
known neural networks and can have well known architectures (e.g. MLP), but are using
neurons with multi-step conditional aggregation functions. As the name suggests, such
functions aggregate input signals of the neuron not in one but in multiple steps [12, 13].
Each step of aggregation is used to read-in given subset of inputs and to decide if already
accumulated information is enough to calculate the output value of the neuron with
needed precision. Typically, the steps of aggregation are realized until the neuron acti-
vation, cumulated from groups of inputs processed in previous steps, is lower than some
constant aggregation threshold ¢ *. Examples of those functions are Sigma-if, CFA and
OCFA functions [11]. It is worth to note, that given ordered list of K groups of neuron
inputs is sometimes called “scan-path”. This is because multi-step conditional aggre-
gation functions are closely related with Starks’ scan-path theory [23].

Unlike other neural networks built with Sigma-Pi, Clusteron or Spratling-Hayes
neurons [24, 25], contextual models with conditional multi-step aggregation almost do
not need separate parameters to describe the composition and priorities of groups of
inputs of each neuron [13]. Except two mentioned parameters for defining number of
groups of inputs K and aggregation threshold ¢ *, which can be common for all neurons
within the neural network, all information about scan-paths is stored within connection
weights. This improvement can be further exploited by applying self-consistency para-
digm to train contextual neural networks with gradient algorithm — Generalized Error
Backpropagation (GBP) [12, 13].

The GBP algorithm is a generalization of classical error backpropagation method
extended to be able to train contextual neural networks which are using neurons with
multi-step conditional aggregation functions [12]. To do that, GBP is applying self-
consistency paradigm known from physics to use gradient based method to optimize
both output error of the network and non-continuous, non-differentiable scan-paths of
aggregation functions of the neurons [26]. The algorithm is maintaining mutual depend-
ency between connection weights of given neuron and virtual, non-continuous param-
eters defining priorities and grouping of neuron inputs. Those virtual parameters
describing scan-paths are calculated from connection weights with € function and there
is no need to remember their values after the training. But during the GBP scan-paths
are updated not more often than once per o epochs to control the strength of the depend-
ency between connection weights and scan-paths. Thus scan-paths must be preserved
between epochs of their calculation in structures separated from connection weights.

For neurons with multi-step aggregation the Q function consists of two operations:
sorting N connection weights of the neuron and then dividing ordered inputs into list of
K equally-sized groups. N/K inputs with highest weights go to the first group, next N/K
inputs with weights highest among other connections go to the second group, etc. Then
the basic scan-path is defined as the list of groups from first to last. Finally scan-path is
used by the aggregation function in a way that, groups of inputs are read-in one after
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another until given condition is met. Without details of specific aggregation functions,
the GBP algorithm can be represented as on the Fig. 1.

Initialize neural network
(randomize weights, all scan-paths
with one group of inputs)
epoch=0

v

‘ Create random order Q

of training vectors;
epoch=epoch+1

v
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1
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‘ Calculate outputs of

and hidden layers of neurons

[ Calculate output error E
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[ Remove temporary scan-paths ]
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End

Fig. 1. Diagram of the generalized error backpropagation algorithm for given scan-path creation
function €. Scan-paths update interval @ controls the strength of self-consistency between
connections weights and virtual parameters of neuron aggregation functions. After the training,
temporary scan-paths are discarded — they can be re-created later from weights with function £2.

At the beginning and during the first @ epochs of GBP all neurons have all inputs
assigned to the first group of their scan-paths. This is because at the beginning of training
algorithm should not make any assumptions about the importance of the neuron inputs.
Then, after each m epochs scan-paths are updated with Q function in accordance to actual
connection weights.

3 Modification of the H20.ai Framework

The previous section indicates that for scan-paths update interval @ = co the GBP algo-
rithm behaves exactly as the classical error backpropagation method (BP). By analogy,
contextual neural network with neurons using conditional multi-step aggregation for
number of groups of inputs K = 1 behave exactly like multilayer perceptron network
(MLP). This suggests that it should be possible to implement GBP method and contextual
neural networks as direct extensions of actual realization of BP and MLP found in H20.
Unfortunately, analysis of highly optimized H20 code for distributed training of MLP
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neural networks with BP algorithm extended with deep learning techniques, showed that
needed modifications are not straightforward.

3.1 Adding Aggregation Functions and Conditional Backpropagation

Actual, third version of H20 server implements different activation functions of the neurons
not as methods of the “Neurons™ class but as specializations of “fprop” and “bprop”
methods of activation related child classes of the class “Neurons”. This creates dedicated
neuron classes for each activation function, such as “Tanh’ neuron, “Maxout’ neuron, etc.
Such construction is reasonable under the assumption that low number of different aggre-
gation functions is considered, especially for existing case of only one: linear combinations
of weights. But our goal was to extend H20 with several considered aggregation functions
(e.g. Sigma-if, CFA, OCFA, Random, etc.). Continuing original approach would then imply
creating huge number of specialized neuron classes or sub-classes, such as
“Tanh_Sigmalf”, “Tanh_CFA”, “Tanh_OCFA”,..., “Maxout_Sigmalf”, etc. This would
lead to unnecessary code duplication and problematic maintenance of the source. On the
other hand, we wanted to keep our changes of the H20 code structure to be as small and
centralized as possible. This lead us to use mixed approach.

Having in mind the above observation that specialized neuron classes of H20, named
as activation functions, in fact realize whole neuron transfer functions, we extended their
set with single “Ext” neuron class. Inside we encapsulated possibility to use both different
activation and aggregation functions, leaving the original H20 code intact. Additionally,
within this class we exchanged the basic error backpropagation method “bprop” with
implementation of generalized error backpropagation named ‘“‘conditionalBprop”. The
structures and methods related to the latter are added within new “NeuronConnec-
tionGroups” and “LayerConnectionGroups” classes. Finally, it is worth to note, that we
equipped “Ext” class not only with new aggregation and activation methods (Sigma-if,
CFA, OCFA, Bipolar Sigmoid, Leaky Rectifier) but also with their forms existing in orig-
inal H20 code (weighted linear aggregation, hyperbolic tangent, etc.). This allows us to
check how they work with other added activation and aggregation functions and/or with
generalized backpropagation algorithm. It is also worth to note that after defining required
aggregation methods within “Ext” class the H20 framework automatically takes care about
distributing calculations among available nodes, because this is done at the level where
internal mechanisms of the trained model are not important.

3.2 Measuring Connections Activity in Distributed, Multi-threaded Environment

Special attention we had to pay during implementation of structures and methods for
analyzing connections activity. This is due two reasons. First, because such kind of
analysis is characteristic for contextual neural networks and it was completely absent
within H20. And the second reason is that H20 is by default distributed, multi-threaded
environment. Even when run on single multi-core processor, it automatically adapts
number of threads and their load to maximize efficiency of its tasks. In the effect, the
measurements of activity of hidden connections of contextual neural network must be
realized in a Map/Reduce manner. Additionally, each thread in each computational node
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within H2O cluster can train different neural networks during cross-validation proce-
dure, as well as can process different portions of the training data. This is why it was
decided that in presented version of the software, the possibility of hidden connections
activity analysis will be limited to cases when the H2O cluster processes (trains or uses)
neural network for one data set. Thus we assume that measurements of connections
activity are not being done when cross-validation training is executed.

It is also worth to notice, that even without cross-validation, when multiple nodes
and threads are available, H2O trains neural network in distributed way. In such case
H20 independently maintains several local copies of the model and uses scheduled
synchronization of their structures to create single, so called, shared model. At the end
of the training process, shared model is returned as the result of the training process.
Thus during the training we measure activity of connections only of the local neural
networks — once after each epoch. In detail, when shared model is populated to all
computational nodes, all threads are using this model to process disjoint portions of the
given set of data vectors. For each data vector neurons of the local neural networks
calculate their outputs and during this we are counting active inputs of the neurons. By
summing up activities of all neurons of given neural network we get its number of active
connections for given data vector. Finally, by summing up the activities for data vectors
processed by all nodes and dividing this by the number of data vectors we get the final
result — average activity of hidden connections of given model for given data set. This
can be further presented also as the average percentage of active hidden connections of
the local neural network (designated as avg_hca). By analogy, after the training we
measure activity of hidden connections of the final, shared model of the neural network.

We have implemented the structures for aggregating data about activities of hidden
connections of neural network within added “LayerConnectionsGroups™ class. Meas-
urement for given data vector is done within the call of forward propagation method
“fprop”. For simplicity we have modified the “fprop” function to return value being the
number of active connections for processed data vector. Results of all “fprop” calls are
then aggregated in 64 bit counters and averaged for all data vectors. Then such results
for each epoch of training are saved to text file dedicated for given training. Such
approach requires to perform measurements of activity of hidden connections with H20
parameter “train_samples_per_iteration” set to zero. This guarantees that the given set
of data vectors will be processed by the neural network exactly one time during given
epoch, regardless of the number of computing nodes.

3.3 Modifying the H20 Flow Web-GUI

Finally we have modified the original H20 Flow web application to be able to use new
functionalities added to the H20O server. Its changes were limited to original DeepLear-
ningModel.java and DeepLearningV3.java class files and were related to defining new
parameters of H20 API as well as showing or hiding needed options within the web-
GUI interface. Especially, we defined new “DeepLearningParameters.ExtActivation”
parameter connected with the selection of our “Ext” transfer function computation with
the GBP algorithm. We also decided to not change the name of original “activation”
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parameter to keep compatibility of modified API with the original one. In the effect the
example screenshot of the modified H20 Flow application can look as on the Fig. 2.

H2° F"'C)‘.'AJ Flow~ Cell~ Data~ Model ~ Score~ Admin~
Snowflake
ODOEea + 2% <@ B 2a M»» 0
activation |Ext LI Transfer function /
computation flow.
ext_activation I Leaky_Rect 'I Activation function (ext)
alpha 0.1 Alpha
ext_aggregation ISigmaIf v| Aggregation function (ext)
number_of groups 10 Number of groups of neuron
inputs.
aggregation_threshold 1 Aggregation threshold.
groups_update_interval 10 Groups update interval
(epochs).
hidden 10 Hidden layer sizes (e.g. [100,
100]).
epochs 300 How many times the dataset
should be iterated (streamed),
can be fractional.

Fig. 2. Example fragment of the modified H20 Flow application with settings of characteristic
parameters of contextual neural network prior to its training

One can notice, that to signal the true meaning of the “activation” parameter we have
changed its description to “Transfer function/computation flow”. After selecting its new
“Ext” value, additional parameters are shown. Especially, the activation and aggregation
functions can be selected by changing values of “ext_activation” and “ext_aggregation”
parameters, respectively. Fields “number_of_groups”, “aggregation_threshold” and
“groups_update_interval” are related to parameters K, ¢ * and @, which in our imple-
mentation of GBP are common for all neurons within the neural network.

4 Results of Experiments

To verify correctness and analyze the properties of the presented modification of the
H20 software we have run several tests. Here we present the most important results
obtained for selected classification benchmark problems from UCI Machine Learning
repository: Sonar, Crx and KDDCup (1999) [27]. Sonar and Crx are small data sets but
are popular within the ML related literature. On the other hand, the KDDCup is one of
the biggest UCI ML data sets (over 700 MB of training data). Analyzed properties of
contextual neural networks were average classification accuracy as well as average
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activity of hidden connections (avg_hca). The software was modified version of the H20
Server 3.11 and H20 Flow 0.52. The detailed experiments setup was as follows.

In all experiments we have used default settings of the H20 Flow, except the
following changes. Cross-validation and adaptive rate of training step a were not used.
Constant training step o was 0.1. Parameters score_training_samples and number of
training samples per MapReduce iteration (train_samples_per_iteration) were set to
zero, what means ““all vectors in the training data set”. After initial tests, during described
experiments for Sonar and Crx problems, score_interval, maximal number of training
epochs, aggregation threshold and interval of groups update were 0.1 s, 600, 0.6 and 25,
respectively. For KDDCup10 (around 10% of full KDDCup data) and KDDCup data
sets values of the same parameters were 1 s, 30, 0.001 and 3 respectively. Values of the
other parameters, related to the processed data sets are presented in Table 1.

Table 1. Architectures of contextual neural networks used during the experiments for selected
benchmark problems from UCI ML repository.

Training Number of | Number of | Number of Number of | Number of | Number of
data set inputs of hidden connections | groups of | classes data vectors
neural neurons between neuron (network
network neurons inputs (K) | outputs)
Crx 60 (9) 10 400 10 5 690
Sonar 60 (0) 10 620 10 2 208
KDDCupl10 | 119 (0) 100 14200 14 23 494022
KDDCup 124 (2) 100 14700 14 23 4898431

It is worth to notice that H20 by default sets the neural network architecture with
use of extended “one-hot encoding” of inputs. Continuous attributes are represented by
single input, and nominal attributes are represented with single binary input for every
value. In addition to this standard method H2O performs also analysis of interactions
between data attributes and in the effect extends the list of network inputs with additional
elements. Counts of those extra inputs for considered data sets are given in Table 1 in
round brackets. How interactions-based inputs are created is described in Datalnfo class
within H20 source code.

The results of experiments for Sonar and Crx data sets are presented on Figs. 3 and 4.
They show how for both problems the average classification error decreases with subse-
quent epochs of GBP training of contextual neural networks. But it can be also noticed that
in both cases with gradual decrease of classification error also the average activity of
hidden connections semi-logarithmically drops down from 100% to 14% for Sonar and to
20% for the Crx problem.
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Fig. 3. Average classification error and hidden connections activity of contextual neural network
solving Sonar problem, during its training with GBP algorithm implemented in H20 framework.
Number of hidden neurons = 10, number of neuron inputs groups K = 10, aggregation threshold
@* = 0.6, interval of groups update @ = 25.
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Fig. 4. Average classification error and hidden connections activity of contextual neural network
solving Crx problem, during its training with GBP algorithm implemented in H20 framework.
Number of hidden neurons = 10, number of neuron inputs groups K = 10, aggregation threshold
@* = 0.6, interval of groups update @ = 25.

The constant 100% activity level is the maximum of possible avg_hca results — e.g.
for MLP neural networks or CxNN with number of neuron inputs groups K set to 1.
During performed experiments at the beginning of GBP algorithm each CxNN had all
inputs of all neurons assigned to the same, first group thus such models were behaving
like the MLP. This caused that the initial avg_hca in both cases is 100%.
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What is also interesting, the observed final classification accuracies of trained
contextual models for Sonar and Crx problems measured for training data are compa-
rable to the generalization (accuracy measured for test data) reported for MLP of anal-
ogous architectures. Most probably this is caused by the dynamic changes of contextual
neural network architecture during the training which can prevent overfitting of
constructed models.

After the above experiments two additional tests were performed for KDDCup 1999
and its 10% version dataset (designated in this paper as KDDCupl0) to check the
described solution against largest (in terms of training examples) problem served by
UCI ML repository.

Then the results were compared with outcomes of training of two MLP neural
networks of the same architecture — one originally implemented in H20 3.10.0.3 soft-
ware (MLP1), and the second one constructed as contextual neural network with number
of groups K = 1 (MLP2). The results are given in Table 2.

Table 2. Hidden connections activities (avg_hca) and classification accuracies of the training
data (train_acc) of contextual neural networks solving KDDCup 1999 benchmark problem from
UCI ML repository. MLP1- original H20 implementation of Multi-Layer Perceptron, MLP2 —
contextual neural network with K = 1, CxNN - contextual neural network for K = 14.

Training MLP 1 MLP 2 CxNN MLP 1 MLP 2 CxNN
data set avg_hca avg_hca avg_hca train_acc train_acc train_acc
[%] [%] [%] [107°%] [107°%] [107°%]
KDDCupl0 | 100 + 0 100+ 0 226 +03 | 1.55+0.04 | 1.60 +0.07 | 1.5+ 0.08
KDDCup 100+ 0 100+ 0 225+02 | 0.8+04 0.9+ 0.4 1.1 +0.3

Obtained measurements show that implemented contextual neural network works as
intended. As expected, for both data sets the activity of hidden connections of CxNN
for K = 1 is the same as for MLP model and equal 100%. Moreover, when the number
of groups of neuron inputs is increased to K = 14 the avg_hca decreases almost five
times in comparison to MLP. This is achieved without considerable decrease of classi-
fication accuracy. Such behavior is characteristic for CxNN models and proves correct-
ness of GBP implementation. It can be also noticed that for both data sets the avg_hca
of CxNN models is the same. This is also correct because both considered data sets
represent the same classification problem. In such case, for given set of values of param-
eters, independently from the number of training vectors both CxNN need similar
average number of active hidden connections to solve the problem.

5 Conclusions

The above text describes the first approach to implement contextual neural networks
with multi-step aggregation functions in scalable, distributed ML framework. Presented
results for selected classification problems from UCI ML repository show that the
mechanisms added to H20 software are working as intended, including Generalized
Error Backpropagation method and CxXNN model which is direct generalization of the
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MLP neural network. The value of constructed software lies in the fact that it can be
used for further research on contextual neural networks and conditional multi-step
aggregation functions. It allows to perform experiments with large data sets and easily
distribute calculations among many nodes within available H20 clusters.

Further research in the presented area can include detailed analysis of computational
efficiency and optimization of the modified H20.ai code. It would be also valuable to
test CxNN behavior with different aggregation functions and other large classification
benchmark data sets, such as Poker Hand, Susy and HIGGS. But especially valuable
would be to try CxNN to solve “URL Reputation” classification problem — which has
not only large number of training vectors but also over three millions of attributes. This
would be interesting test of abilities of contextual neural networks to dynamically select
attributes needed for correct data processing.
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