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ABSTRACT
In this paper, we present a new memory-augmented neural net-
work called Gated Recurrent Unit with Memory Block (GRU-MB).
Our architecture builds on the gated neural architecture of a Gated
Recurrent Unit (GRU) and integrates an external memory block,
similar to a Neural Turing Machine (NTM). GRU-MB interacts with
thememory block using independent read andwrite gates that serve
to decouple the memory from the central feedforward operation.
�is allows for regimented memory access and update, administer-
ing our network the ability to choose when to read from memory,
update it, or simply ignore it. �is capacity to act in detachment
allows the network to shield the memory from noise and other
distractions, while simultaneously using it to e�ectively retain and
propagate information over an extended period of time. We evolve
GRU-MB using neuroevolution and perform experiments on two
di�erent deep memory tasks. Results demonstrate that GRU-MB
performs signi�cantly faster and more accurately than traditional
memory-based methods, and is robust to dramatic increases in the
depth of these tasks.

CCS CONCEPTS
•Computing methodologies! Temporal reasoning;

KEYWORDS
Neural Networks, Arti�cial Intelligence, Machine Learning, Memory-
Augmented Neural Networks, Neuroevolution

1 INTRODUCTION
Memory provides the capacity to recognize and recall similar past
experiences to improve decision making. Increasingly, adaptive sys-
tems are required to operate in dynamic real-world environments
where critical events occur stochastically and continue to a�ect the
system long a�er the initial event. An agent that is able to identify
what to store in explicit memory (beyond, for example, what is
traditionally stored in the neural network weights) and when to
retrieve from memory has a huge advantage in these scenarios
over agents that cannot dynamically access and leverage their past
experiences [2, 13].
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�e concept of incorporating memory into a neural network
learning architecture has been extensively explored [1, 27, 28]. Re-
current neural networks (RNNs) are the classic solution to storing
information from the past in the hidden states of the network [10].
Long short term memory (LSTM) [20] improved upon RNNs by
stabilizing the back-�ow of error through gated connections. �is
allows networks to be trained in tasks with much longer time de-
pendencies without the computational blowup experienced when
using traditional RNNs [5]. �e gated recurrent unit (GRU) [7] is
a recently proposed simpli�cation of the LSTM unit which can be
easier to train since there are fewer gated connections. Both of
these gated RNN architectures have been very successful in solving
sequence-based domains with strong time dependencies [22].

�e common structure across all existing gated RNN methods
is the intertwining of the memory operations and the feedforward
computation of the network. �is is because the memory is stored
directly in the hidden states, which are updated at each feedforward
operation. An alternative approach is to record information in an
external memory block, which forms the basis of Neural Turing
Machines (NTMs) [16] andDi�erentiable Neural Computers (DNCs)
[17]. Although they have been demonstrated to solve complex
structured tasks, the challenge with these networks is that they
are typically quite complex and unwieldy to train [21]. NTMs and
DNCs use “a�ention mechanisms” to handle the housekeeping
tasks associated with memory management, and these mechanisms
introduce their own set of parameters which further exacerbate
this di�culty.

�e key contribution of our work is to introduce a new memory-
augmented network, Gated Recurrent Unit with Memory Block
(GRU-MB), which unravels the memory and computation opera-
tions but does not require the costly data management mechanisms
of NTMs and DNCs. GRU-MB borrows closely from the GRU and
NTM architectures and inherits the relative simplicity of a GRU
structure but also integrates a memory block which is read from
and wri�en to in a fashion similar to an NTM.�e GRU-MB adds
a write gate that �lters the interactions between the network’s
hidden state and the component that is used to update the mem-
ory. �e e�ect of this is to decouple the memory block from the
feedforward operation within the network. �e write gate enables
re�ned control over the contents of the memory block, since read-
ing and writing are now handled by two independent operations,
while avoiding the computational overhead incurred by the more
complex memory-handling mechanisms of an NTM.

�e GRU-MB architecture does not place any constraints on
the network training procedure. Furthermore, the natural decom-
position of the sub-structures within the unit make GRU-MB an
ideal candidate for training via evolutionary methods. In our ex-
periments, we compared the learning performance of the GRU-MB
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with the current state-of-the-art in memory-augmented neural ar-
chitectures on two benchmark domains, a sequence classi�cation
task and a sequence recall task [23]. In both domains, GRU-MB
demonstrated superior task performance with fewer training gen-
erations, and was robust to dramatic increases in the depth of these
tasks. �e results also demonstrate that GRU-MB is not limited
to learning mappings, but is able to to learn general methods in
solving these tasks.

�e following section provides an overview of the existing liter-
ature in memory-augmented neural networks, while our GRU-MB
architecture is described in Section 3. Sections 4 and 5 describe two
experimental domains and present the comparative results of our
study, while Section 6 provides discussion and future areas of work.

2 BACKGROUND AND RELATEDWORK
Memory-augmented neural architectures can roughly be divided
into two groups: those in the RNN family that store memory inter-
nally within the hidden nodes of the network, and those that use
an external memory block with trained helper functions to manage
the associated housekeeping tasks. As described previously, current
examples of networks classi�ed in the la�er group of architectures
have been trained using a strong learning signal and have also
relied on the di�erentiability of each component in the network in
order to e�ciently perform backpropagation [16, 17]. In this work,
we are interested in solving problems where only a weak learn-
ing signal is available, thus neuro-evolutionary methods are more
suitable to solving these types of problems. While it is possible to
learn NTMs and DNCs via evolutionary methods, they are di�cult
to train reliably and e�ciently, in part due to the large number of
parameters characterizing their computational framework.

In the following subsections, we focus our discussion on the
�rst class of memory-augmented neural architectures and describe
existing RNN structures that use gated connections for managing
memory. We also discuss the current state-of-the-art in neuro-
evolutionary methods used to train these networks for accomplish-
ing time-dependent tasks.

2.1 Gated Recurrent Neural Networks
A standard RNN operates by recursively applying a transition func-
tion to its internal hidden states at each computation over a se-
quence of inputs. Although this structure can theoretically capture
any temporal dependencies in the input data, in practice, the error
propagation over time can become problematic over long sequences.
�is becomes apparent when training via gradient-based methods,
where the back-�ow of error can cause the gradient to either vanish
or explode [5, 12, 19]. �e introduction of gated connections in an
LSTM [20] was aimed at directly addressing this issue.

2.1.1 Long Short Term Memory. �e general concept of using
gated connections is to provide some controllability over the �ow
of information through the hidden states of an RNN. Since its incep-
tion two decades ago, a number of gated RNN architectures have
been proposed and most of these have been variants on the LSTM
structure [18]. A typical LSTM unit consists of a memory cell and
the associated input, forget, and output gates. �e rate of change to
the memory content stored in the cell is regulated by the input and
forget gates, while the output gate controls the level of exposure.

LSTMs have been very successful at solving sequence-based
problems such as analysis of audio [15] and video [24] data, lan-
guage modeling [26] and speech recognition [14]. Traditionally
LSTMs have been trained via backpropagation through time [29],
however more recent applications of LSTMs have demonstrated
that they can be trained via evolutionary methods [4, 23].

Most recently, Rawal and Miikkulainen [23] proposed a method
combining NEAT (Neuroevolution of Augmenting Topologies) [25]
with LSTM units. NEAT-LSTM allows the NEAT algorithm to dis-
cover the required number of memory units to best represent the
sequence-based task. In order to overcome scalability issues as the
memory requirements of the task increased, the authors also pro-
posed using two training phases. �e “pre-training” phase evolves
the LSTM networks using an information objective, the goal of
which is to discover the network topology that would encapsulate
the maximally independent features of the task. Following this, the
stored features could then be used to solve the memory task itself.
�e results in [23] showed that NEAT-LSTM can be trained to solve
memory tasks using only a weak signal with a graceful decay in
performance over increased temporal dependencies.

2.1.2 Gated Recurrent Unit. �e GRU was �rst proposed in [7]
as an alternative to the LSTMunit with a simpler gating architecture.
Compared to the multiple gate connections in an LSTM, the GRU
only contains a reset and update gate to modulate the data stored
in the hidden unit. It has been empirically shown to improve upon
the performance of LSTMs in various time-sequence domains [8,
22] and can also be incorporated into hierarchical RNN structures
[11] to simultaneously capture time-sequence memory of varying
window sizes [9].

�e reset gate r and update gate z are computed by

r = �

⇣
Wr x + Urhht�1i

⌘
, (1)

z = �

⇣
Wzx + Uzhht�1i

⌘
, (2)

where � is the logistic sigmoid function,W and U are the learned
weight matrices, and x and hht�1i are the input and the previous
hidden state, respectively. �e activation of an individual hidden
unit hj is then computed by

h
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◆
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�e function of the reset gate is to allow the hidden unit to �ush in-
formation that is no longer relevant, while the update gate controls
the amount of information that will carry over from the previous
hidden state.

With this gating structure, the reset and update operations of
the GRU are activated during each feedforward computation of
the network. Moreover, this means that accessing and editing the
hidden unit become inherently tied into a single operation. In our
work, we propose an architecture that builds upon the GRU by
introducing separate read and write gates to �lter the information
�ow between the memory storage and feedforward components of
the network. �is network structure enables greater control over
memory access and update which can ultimately improve learning
performance on tasks with long term dependencies.
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Figure 1: Illustration of a bottom up construction of a GRU-MB: (a) We start with a simple feedforward neural network,
whose hidden activations are marked as h. (b) We add a disconnected memory block, which now contributes information to
the hidden activation. (c) We close the loop, and allow the hidden activation to modulate the memory block. (d) We add the
input gate, which acts as a �lter on information �ow into the network. (e) We add a read gate, which �lters the amount of
information read from memory at each step. (f) Finally, we introduce a write gate, which controls the information �ow that
modulates the content within the memory block.

3 GATED RECURRENT UNIT WITH MEMORY
BLOCK

We introduce a new memory-augmented neural network architec-
ture called Gated Recurrent Unit with Memory Block (GRU-MB),
which is designed to tackle the problem of solving deep memory
tasks using only a weak signal. GRU-MB uses input, read and write
gates, each of which contribute to �ltering and directing informa-
tion �ow within the network. �e read and write gates control
the �ow of information into and out of the memory block, and
e�ectively modulate its interaction with the hidden state of the
central feedforward operation. �is feature allows the network to
have �ner control over the contents of the memory block, reading
and writing via two independent operations. Figure 1 details the
bo�om-up construction of the GRU-MB neural architecture.
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Each of the gates in our GRU-MB neural architecture uses a
sigmoid activation whose output ranges between 0 and 1. �is can
roughly be thought of as a binary �lter thatmodulates the part of the
information that can pass through. �e set of equations described in
(5) specify the computational framework that constitute our GRU-
MB neural architecture. Here, xt is the new information (input)

received by the network, �t�1 is the last network output,mt�1 is
the memory cell’s content from the last timestep and b represents
the bias term associated with each computation.

A crucial feature of the GRU-MB neural architecture is its sepa-
ration of the memory block from the central feedforward operation
(Fig. 1). �is allows for regimented memory access and update,
which serves to stabilize the memory block’s content over long
network activations. �e network has the ability to e�ectively
choose when to read from memory, update it, or simply ig-
nore it. �is ability to act in detachment allows the network
to shield the memory from distractions, noise or faulty in-
puts; while interacting with it when required, to remember
and process useful signals. �is decoupling of the memory block
from the feedforward operation fosters reliable long term informa-
tion retention and retrieval. Figure 2 shows the detailed schematic
of the GRU-MB architecture.

We use neuroevolution to train our neural networks. However,
memory-augmented architectures like the GRU-MB, can be a chal-
lenge to evolve, particularly due to the highly non-linear and cor-
related operations parameterized by its weights. To address this
problem, we decompose the GRU-MB architecture into its com-
ponent weight matrices and implement mutational operations in
batches within them. Algorithm 1 details the neurovolutionary
algorithm used to evolve our GRU-MB architecture. �e size the
population k was set to 100, and the number of elites to 10% of k .

4 EXPERIMENT 1: SEQUENCE
CLASSIFICATION

For our �rst experiment, we test our GRU-MB architecture in a
Sequence Classi�cation task, which has been used as a benchmark
task in previous works [23]. Sequence Classi�cation is a deep
memory binary classi�cation experiment where the network needs
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Figure 2: Full GRU-MB neural architecture schematic detailing the weighted connections and activations. Last Output rep-
resents the recurrent connection from the previous network output. Memory represents the peephole connection from the
memory block.

Initialize a population of k neural networks
De�ne a random number generator r () with output 2 [0,1)
foreach Generation do

foreach Network do
Compute �tness

Rank the population based on �tness scores
Select the �rst e candidates as elites
Probabilistically select (k � e ) candidates from the entire
pool based on �tness
foreach iteration (k � e ) do

Randomly extract network Ni from the selected set
foreach weight matrixW 2 Ni do

if r () < mutprob then
Randomly sample individual weights inW and
mutate them by adding 10% Gaussian noise

Algorithm 1: Neuroevolutionary algorithm used to evolve the
GRU-MB neural network

to track a classi�cation target among a long sequence of signals
interleaved with noise. �e network is given a sequence of 1/-1
signals, interleaved with a variant number of 0’s in between. A�er
each introduction of a signal, the network needs to decide whether
it has received more 1’s or -1’s. �e number of signals (1/-1s) in
the input sequence is termed the depth of the task. A key di�culty
here are distractors (0’s) that the network has to learn to ignore
while making its prediction. �is is a di�cult task for a traditional
neural network to achieve, particularly as the length of the sequence
(depth) gets longer.

Further, the number of distractors (0’s) is determined randomly
following each signal, and ranges between 10 and 20 for our exper-
iments. �is variability adds complexity to the task, as the network
cannot simply memorize when to pay a�ention and when to ignore

Figure 3: Sequence Classi�cation: �e network receives a se-
quence of input signals interleaved with noise (0’s) of vari-
able length. At each introduction of a signal (1/-1), the net-
work must determine whether it has received more 1’s or
-1’s. GRU-MB receives an input sequence and outputs a value
between [0,1], which is translated as -1 if the value is be-
tween [0,0.5) and 1 if between [0.5,1].

the incoming signals. �e ability to �lter out distractions and con-
centrate on the useful signal, however, is a key capability required
of an intelligent decision-making system. Mastering this property
is a necessity in expanding the integration of memory-augmented
agents in myriad decision-making applications. Figure 3 describes
the Sequence Classi�cation task and the input-output setup to our
GRU-MB network.

4.1 Results
During each generation of training, the network with the high-
est �tness was selected as the champion network. �e champion
network was then tested on a separate test set of 50 experiments,
generated randomly for each generation. �e percentage of the test
set that the champion network solved completely was then logged
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Figure 4: (a) Success rate for the Sequence Classi�cation task of varying depth. (b) Comparison of GRU-MB with NEAT-RNN
and NEAT-LSTM (extracted from [23]). NEAT-RNN and NEAT-LSTM results are based on 15,000 generations and are only
available for task depth up to 6 [23]. GRU-MB results are based on 1,000 generations and tested for task depths of up to 21.

as the success percentage and reported for that generation. Ten
independent statistical runs were conducted, and the average with
error bars reporting the standard error in the mean are shown.

Figure 4a shows the success rate for the GRU-MB neural archi-
tecture for varying depth experiments. GRU-MB is able to solve the
Sequence Classi�cation task with high accuracy and fast conver-
gence. �e network was able to achieve accuracies greater than 80%
within 500 training generations. �e performance also scales grace-
fully with the depth of the task. �e 21-deep task that we introduced
in this paper has an input series length ranging between {221,441},
depending on the number of distractors (0’s). GRU-MB is able to
solve this task with an accuracy of 87.6% ± 6.85%. �is demon-
strates GRU-MB’s ability to capture long term time dependencies
and systematically handle information over long time intervals.

To situate the results obtained using the GRU-MB architecture,
we compare them against the results shown in [23] for NEAT-LSTM
and NEAT-RNN (Fig. 4b). �ese results for NEAT-LSTM and NEAT-
RNN represent the success percentage a�er 15,000 generations of
evolution. �e GRU-MB results represent the success percentage
a�er 1,000 generations. GRU-MB demonstrates signi�cantly im-
proved success percentages across all task depths, and converges to
a solution in 1/15th of the generations. GRU-MB’s performance also
decays gracefully with increasing depth of the task. We introduced
extended tasks of 15 and 21 depth in this paper, and GRU-MB was
able to successfully solve them, achieving over 85% accuracy within
1000 generations of training.

4.2 Generalization to arbitrary depths
Section 4.1 tested the networks for the ability to generalize to new
data using test sets. In this section, we take this notion a step further
and test the network’s ability to generalize, not only to new input
sequences, but to tasks with longer depths than what was initially
trained for.

Figure 5: GRU-MB network’s generalization to arbitrary
depths of the task. We tested GRU-MB networks across a
range of task depths that they were not originally trained
for. �e legend indicates the task depth actually used dur-
ing training.

Figure 5 shows the success rate achieved by the networks from
the preceding sectionwhen tested for a varying range of task depths,
extending up to a depth of 101. Overall, the networks demonstrate
a strong ability for generalization. �e network trained for a task
depth of 21, was able to achieve 50.4%± 9.30% success in a 101 deep
task. �is is a task with an extremely long input sequence ranging
from {1111,2121}. �is shows that GRU-MB is not simply learning
a mapping from an input sequence to an output classi�cation target
sequence, but a speci�c method to solve the task at hand.
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Figure 6: (a) Simple Sequence Recall task: An agent (illustrated here as R2-D2) listens to an instructional stimulus akin to
getting directions (illustrated here as series of people speaking) at the very beginning, travels along a corridor, and chooses a
turn based on the directions it heard earlier. (b) Controller architecture: �e GRU-MB receives two inputs, the distance to the
next junction, and the sequence of instructional stimuli (directions) received at the start of the trial. �e second input is set to
0 a�er all directions have been received at the start of the trial. (c) Deep Sequence Recall task: An agent listens to a series of
instructional stimuli (directions) at the start of the trial, then travels along multiple corridors and junctions. �e agent needs
to select a turn at each junction based on the set of directions it received at the beginning of the trial.

Interestingly, training GRU-MB on longer depth tasks seem to
disproportionately improve its generalization to even larger task
depths. For example the network trained on a 5-deep task achieved
36.7% ± 4.32% success in a 16-deep task which is approximately
thrice as deep. A network trained trained on the 21-deep task, how-
ever achieved 56.4% ± 10.93% success in its corresponding 66-deep
task (approximately thrice as deep). �is shows that, as the depth of
the task grows, the problem becomes increasingly complex for the
network to solve using just the mapping stored within its weights.
Even a�er ignoring the noise elements, a task depth of 5 means
discerning among 25 possible permutations of signal, whereas a
depth of 21 means discerning among 221 permutations. �erefore,
training a network on deeper tasks forces it to learn an algorithmic
representation, akin to a ‘method’, in order to successfully solve
the task. �is lends itself to be�er generalization to increasing task
depths.

4.3 Insight into memory
We analyzed evolved GRU-MB networks and identi�ed one par-
ticular network within the stack trained on the 21 deep task. �is
speci�c individual network exhibited perfect generalization (100%
success) to all but the 96-deep and 101-deep task sets, in which it
achieved 98.0% and 96.0% respectively. We analyzed its behavior
during task execution by monitoring its gate activations and mem-
ory content to discover its method. �e network had �ve units of
memory, three of which it kept untouched with the gate outputs,
completely blocking them from any interaction with the central
feedforward engine. Of the two le�, it incremented one when an
input signal of -1 was shown, and decremented the other when
shown a 1. �e feedforward operation would then use these values
held safely in the memory block, to update its prediction.

�e input and write gates combined to completely shut o� the
memory block from the feedforward operation when the inputs

were 0’s (distractors). �is can be interpreted as a mechanism to
shield the memory block from exposure to noise. �is behavior
allowed the network to deal with distractions of varying lengths,
and retain relevant information over an extended period of time.
�is is a realization of the decoupling between memory and the
central feedforward computation, which characterizes the principal
component within the GRU-MB architecture. �e network was
able to learn to discriminate between inputs, discerning signal from
noise. It then used the signals to update its memory content while
ignoring the noise, fostering reliable information retention and
propagation through an extended period of time.

5 EXPERIMENT 2: SEQUENCE RECALL
For our second experiment, we tested our GRU-MB architecture in
a Sequence Recall task (Fig. 6a), which is also sometimes referred
to as a T-Maze navigation task. �is is a popular benchmark task
used extensively to test agents with memory [3, 6, 23]. In a simple
Sequence Recall task, an agent starts o� at the bo�om of a T-maze
and encounters an instruction stimulus (e.g sound). �e agent then
moves along a corridor and reaches a junction where the path
splits into two. Here, the agent has to pick a direction and turn
le� or right, depending on the instruction stimulus it received at
the start. In order to solve the task, the agent has to accurately
memorize the instruction stimulus received at the beginning of
the trial, insulate that information during its traversal through the
corridor, and retrieve it as it encounters a junction.

�e simple Sequence Recall task can be extended to formulate a
more complex deep Sequence Recall task [23], which consist of a
sequence of independent junctions (Fig. 6c). Here, at the start of
the maze, the agent encounters a series of instruction stimuli (e.g.
a series of sounds akin to someone giving directions). �e agent
then moves along the corridor and uses the instruction stimuli
(directions) in correct order at each junction it encounters to reach
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Figure 7: (a) Success rate for the Sequence Recall task of varying depth. (b) Comparison of GRU-MB with NEAT-RNN and
NEAT-LSTM (extracted from [23]). NEAT-RNN and NEAT-LSTM results are based on 15,000 generations and are only available
for task depth up to 5. GRU-MB results are based on 10,000 generations and are tested for extended task depths of up to 6.

the goal at the end. �e length of the corridors following each
junction is determined randomly and ranges between 10 and 20
for our experiments. �is ensures that the agent cannot simply
memorize when to retrieve, use and update its stored memory, but
has to react to arriving at a junction.

In order to successfully solve the deep Sequence Recall task,
the agent has to accurately memorize the instruction stimuli in its
correct order and insulate it through multiple corridors of vary-
ing lengths. Achieving this would require a memory management
protocol that can associate a speci�c ordered item within the in-
struction stimuli to the corresponding junction that it serves to
direct. A possible protocol that the agent could use is to store the
instruction stimuli it received in a �rst in �rst out memory bu�er,
and at each junction, dequeue the last bit of memory and use it
to make the decision. �is is perhaps what one would do, if faced
with this task in a real world scenario. �is level of memory man-
agement and regimented update is non-trivial to a neural network,
particularly when mixed with a variable number of noisy inputs.

5.1 Results
During each generation of training, the network with the high-
est �tness was selected as the champion network. �e champion
network was then tested on a separate test set of 50 experiments,
generated randomly for each generation. �e percentage of the
test set that the champion network solved completely, was then
logged as the success percentage and reported for that generation.
10 independent statistical runs were conducted and the average
with error bars reporting the standard error in the mean are shown.

Figure 7a shows the success rate for the GRU-MB neural architec-
ture for varying depth experiments. GRU-MB is able to �nd good
solutions to the Sequence Recall task, achieving greater that 45%
accuracy on all choices of task depths within 10,000 training gener-
ations. Figure 7b shows a comparison of GRU-MB success percent-
ages a�er 10,000 generations of evolution with the results obtained
using NEAT-RNN, NEAT-LSTM and NEAT-LSTM-Info-max from

[23] a�er 15,000 generations of evolution. �e NEAT-LSTM-Info-
max is a hybrid method that �rst uses an unsupervised pre-training
phase where independent memory modules are evolved using an
info-max objective that seeks to capture and store highly informa-
tive sets of features. A�er completion of this phase, the network is
then trained to solve the task.

As shown by Fig. 7b, GRU-MB achieves signi�cantly higher
success percentages for all task depths, with fewer generations of
training. �e di�erence is increasingly apparent as the depth of the
task is increased. GRU-MB’s performance scales gracefully with
increasing maze depth while other methods struggle to achieve the
task. GRU-MB was able to achieve a 46.3% ± 0.9% success rate a�er
10,000 generations on a 6-deep Recall Task that we introduced here.

An interesting point to note here is that neither GRU-MB’s ar-
chitecture, nor its training method, have any explicit mechanism to
select and optimize for maximally informative features like NEAT-
LSTM-Info-max. �e in�uence of the unsupervised pre-training
phase was shown in [23] to signi�cantly improve performance
over networks that do not undergo pre-training (also shown in
Fig. 7b). GRU-MB’s architecture is designed to reliably and e�-
ciently manage information (including features) over long periods
of time, shielding that information from noise and disturbances
from the environment. �e method used to discover these features,
or optimize their information quality and density, is orthogonal
to GRU-MB’s operation. Combining an unsupervised pre-training
phase using the Info-max objective with a GRU-MB can serve to
expand its capabilities even further, and is a promising area for
future research.

6 DISCUSSION
Memory is an integral component of high level adaptive behaviors.
�e ability to store relevant information in memory, and identify
when to retrieve that data, is critical for e�ective decision-making
in complex time-dependent domains. Moreover, knowing when
information becomes irrelevant, and being able to discard it from
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memory when such circumstances arise, is equally important for
tractable memory management and computation.

In this paper, we introducedGRU-MB, a newmemory-augmented
neural network. �e key feature of our architecture is its separa-
tion of the memory block from the central feedforward operation,
allowing for regimented memory access and update. �is provides
our network with the ability to choose when to read from memory,
update it, or simply ignore it. �is capacity to act in detachment
from the memory block allows the network to shield the memory
content from noise and other distractions, while simultaneously
using it to read, store and process useful signals over an extended
time scale of activations.

We used neuroevolution to train our GRU-MB, and tested it on
two deep memory tasks. Our results demonstrate that GRU-MB
performs signi�cantly faster and more accurately than traditional
memory-based methods for both tasks and under varying di�-
culties. Additionally, GRU-MB is shown to be robust to dramatic
increases in the depth of these memory tasks, exhibiting graceful
degradation in performance as the length of temporal dependencies
increase. Further, in the Sequence Classi�cation task, GRU-MB is
shown to exhibit good task generalization where a network trained
only on a 21-deep memory task is able to achieve a 50.4% ± 9.30%
success rate on a 101-deep task. �is suggests that GRU-MB, with
its regimented control over memory, is not limited to learning direct
mappings, but is able to learn general methods in solving a task.

Future work will look into integrating an unsupervised pre-
training method, such as info-max optimization, as described in
[23], for our GRU-MB architecture. Combining the discovery of
maximally informative features with the ability of GRU-MB to
reliably hold and process information over long periods of time can
expand the capabilities of GRU-MB even further and is an exciting
prospect to investigate.

Additionally, in this paper, we used a simple neuroevolutionary
algorithm that was modi�ed slightly to bene�t from the natural
decomposition of GRU-MB architecture. A principled approach
to exploiting this sub-structure decomposition, and expanding to
more sophisticated training methods such as NEAT, gradient-based
methods, and other hybrid approaches, is another promising area
for further exploration. Lastly, the experiments conducted in this
paper tested reliable retention, propagation and application of in-
formation over an extended period of time. However, the size of the
information that needed to be retained was small. Future experi-
ments will develop and test GRU-MB in tasks that require retention
and manipulation of larger volumes of information over extended
periods of time.
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[26] Martin Sundermeyer, Ralf Schlüter, and Hermann Ney. 2012. LSTM neural
networks for language modelling. In Interspeech. 194–197.

[27] Ichiro Tsuda. 1992. Dynamic link of memory - Chaotic memory map in nonequi-
librium neural networks. Neural Networks 5, 2 (1992), 313–326.

[28] Philip D. Wasserman. 1993. Advanced Methods in Neural Computing (1st ed.).
John Wiley & Sons, Inc.

[29] Paul J Werbos. 1990. Backpropagation through time: What it does and how to
do it. Proc. IEEE 78, 10 (1990), 1550–1560.

http://www.deeplearningbook.org

	Abstract
	1 Introduction
	2 Background and Related Work
	2.1 Gated Recurrent Neural Networks

	3 Gated Recurrent Unit with Memory Block
	4 Experiment 1: Sequence Classification
	4.1 Results
	4.2 Generalization to arbitrary depths
	4.3 Insight into memory

	5 Experiment 2: Sequence Recall
	5.1 Results

	6 Discussion
	Acknowledgments
	References

