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Abstract

Sequences are ubiquitous in the domain of biology. One of the current best machine learning
techniques for analysing sequences is the long short-term memory (LSTM) network. Owing
to significant barriers to adoption in biology, focussed efforts are required to realize the use
of LSTMs in practice. Thus, the aim of this work is to improve the state of LSTMs for
biology, and we focus on biological tasks pertaining to physiological signals, peripheral
neural signals, and molecules. This goal drives the three subplots in this thesis: biological
applications, visualizations, and extensions.

We start by demonstrating the utility of LSTMs for biological applications. On two new
physiological-signal datasets, LSTMs were found to outperform hidden Markov models.
LSTM-based models, implemented by other researchers, also constituted the majority of the
best performing approaches on publicly available medical datasets. However, even if these
models achieve the best performance on such datasets, their adoption will be limited if they
fail to indicate when they are likely mistaken. Thus, we demonstrate on medical data that
it is straightforward to use LSTMs in a Bayesian framework via dropout, providing model
predictions with corresponding uncertainty estimates.

Another dataset used to show the utility of LSTMs is a novel collection of peripheral
neural signals. Manual labelling of this dataset is prohibitively expensive, and as a remedy,
we propose a sequence-to-sequence model regularized by Wasserstein adversarial networks.
The results indicate that the proposed model is able to infer which actions a subject performed
based on its peripheral neural signals with reasonable accuracy.

As these LSTMs achieve state-of-the-art performance on many biological datasets, one
of the main concerns for their practical adoption is their interpretability. We explore various
visualization techniques for LSTMs applied to continuous-valued medical time series and
find that learning a mask to optimally delete information in the input provides useful inter-
pretations. Furthermore, we find that the input features looked for by the LSTM align well
with medical theory.

For many applications, extensions of the LSTM can provide enhanced suitability. One
such application is drug discovery – another important aspect of biology. Deep learning can
aid drug discovery by means of generative models, but they often produce invalid molecules
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due to their complex discrete structures. As a solution, we propose a version of active
learning that leverages the sequential nature of the LSTM along with its Bayesian capabilities.
This approach enables efficient learning of the grammar that governs the generation of
discrete-valued sequences such as molecules. Efficiency is achieved by reducing the search
space from one over sequences to one over the set of possible elements at each time step – a
much smaller space.

Having demonstrated the suitability of LSTMs for biological applications, we seek a
hardware efficient implementation. Given the success of the gated recurrent unit (GRU),
which has two gates, a natural question is whether any of the LSTM gates are redundant.
Research has shown that the forget gate is one of the most important gates in the LSTM.
Hence, we propose a forget-gate-only version of the LSTM – the JANET – which outperforms
both the LSTM and some of the best contemporary models on benchmark datasets, while
also reducing computational cost.
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Chapter 1

Introduction

Sequences exist everywhere; the winning numbers in the lottery, the moves made in chess,
the letters in a word, the words in a sentence, the questions in Alan Turing’s “imitation
game” (Turing, 1950), the pixels in an image, the atoms in a molecule, and the pulses of your
heartbeat. Biology, in particular, is a domain laden with sequences where data range from
DNA sequences to the medical notes made by a clinician.

In many cases, such biological sequences are best analysed by machine learning tech-
niques. In recent years there has been a surge of unprecedented advances in the field of
machine learning (Krizhevsky et al., 2012; Lanchantin et al., 2017; Sutskever et al., 2014;
Zhou and Troyanskaya, 2015). This progress is mainly due to a collection of new techniques,
referred to as deep learning, that have demonstrated gains over existing best-in-class machine
learning algorithms across several fields. To highlight a few success stories, deep learning
surpasses human performance in classifying images (He et al., 2015), recognizing speech
(Saon et al., 2017; Xiong et al., 2016), playing Go (one of the most challenging classic games
for artificial intelligence) (Silver et al., 2017), and deep learning outperforms cardiologists at
classifying heartbeat arrhythmias (Rajkomar et al., 2018).

Simple machine learning algorithms can solve many machine learning problems if they
are provided with the right set of features extracted from the data. However, for many tasks,
it is difficult to determine what the right set of features is. One solution to this problem is
to use machine learning to discover not only the mapping from features to output but also
the features themselves. Deep learning techniques are especially suited to leveraging large
amounts of data for finding these representations (features) and often provide novel insights.
In a famous example, a neural network was shown to discover that pedestrians, faces, and
cats were important components of online videos, without being instructed to look for them
(Le, 2013). Naturally, researchers would like to know whether deep learning could solve the
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challenges in biology by identifying the “cats” hidden in the data – the patterns unknown to
researchers – and suggest ways to act on them.

This ability to learn effective representations promises that deep learning will equal
or surpass the predictive performance of traditional methods that require hand-engineered
features (Ching et al., 2018; Farabet et al., 2013; Lipton et al., 2015a). Although this increased
performance is promised, it remains unrealized for many applications, as we show later. Thus,
a continuing theme in this thesis is the search for a competitive implementation that does
automatic feature extraction. An added bonus of this ability is a model capable of adapting
to new tasks with minimal human intervention. In turn, it could ease the preprocessing of
datasets, which is widely held to consume 80% of the effort in a machine learning approach
(Rajkomar et al., 2018). Moreover, manually designing features for a complex task requires
a great deal of human time and effort and it can take decades for an entire community of
researchers to find the optimal design (Goodfellow et al., 2016).

When analysing sequences, techniques modified to better handle sequential data yield
better results than those treating the input as static data (Längkvist et al., 2014). A deep
learning technique tailored for sequence analysis is the long short-term memory (LSTM)
network. The characteristic that makes LSTMs rise above their machine learning counterparts
is their ability to learn and carry out complicated transformations of the entries in long
sequences (Graves and Jaitly, 2014). Being a deep learning technique, LSTMs automatically
learn effective representations and have been shown to outperform other models on raw data
for speech recognition, minimizing the need for feature engineering (Lipton et al., 2015b).

LSTMs have yielded state-of-the-art results for many problems, such as image captioning
(Vinyals et al., 2015), natural language processing (Sutskever et al., 2014), and handwriting
recognition (Graves et al., 2009). Owing to ever-growing datasets, LSTMs have also become
more applicable in biology and medicine (Ching et al., 2018). Although their outstanding
performance in many fields has led to widespread adoption, the field of biology often poses
greater barriers to practical implementation and therefore requires focussed efforts.

Because LSTMs are difficult to realize in biology, the aim of this thesis is to improve the
current state of the LSTM for biological tasks. This goal drives the three subplots of this
thesis. First, is to demonstrate the efficacy of LSTMs in biological applications – something
we focus on during the earlier parts of this work and a theme persisting throughout the
thesis. The inability of models to indicate when they are uncertain can limit their adoption
or cause serious accidents, thus we also demonstrate this capability of LSTMs. Second, for
many biological tasks, adopting LSTMs requires an understanding of the model decision-
making process (e.g., the risk-averse nature of clinical decision means interpretability is
paramount) and permitting such interpretations could lead to novel insights of the underlying
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biological processes. We pursue this interpretability via visualizations of salient input
features. Third, for many biological applications, extensions (modifications) of the LSTM
are often desired for enhanced suitability. In other words, tractability, improved accuracy,
and hardware efficiency are sought. Lastly, biology subsumes many categories; here we
group physiological signals, peripheral neural signals, and molecules (for drug discovery)
under biological data.

1.1 Thesis outline

This thesis is structured as follows. In chapter 2 we provide the required preliminaries on
machine learning and LSTMs for this thesis. The body of the thesis is then divided into three
main categories.

Biological applications In chapter 3 we apply LSTMs to medical datasets and show that
they perform better than hidden Markov models. Here we also show that LSTMs can easily
be used in a Bayesian framework to provide uncertainty measures of their predictions. A
different flavour of medical applications is provided in chapter 4. Here we infer the actions
of a specimen from their peripheral neural signals, using a sequence-to-sequence model that
is regularized by Wasserstein adversarial networks.

Visualizations In chapter 5 we explore multiple visualization techniques for LSTMs in
order to find the best. On an electrocardiogram dataset, we also determine the alignment
between the found salient input features and medical theory.

Extensions In chapter 6 we demonstrate that LSTMs enable a type of active learning that
allows efficient learning of the grammar of discrete-valued sequences. We demonstrate this
approach on Python 3 expressions and molecules and show that it bolsters generative models.
In chapter 7 we propose a forget-gate-only version of the LSTM, the JANET, which provides
both computational and accuracy gains.

Finally, chapter 8 provides conclusions and recommendations for future work.





Chapter 2

Background

To make this thesis relatively self-contained, this chapter provides the necessary background
on machine learning and long short-term memory (LSTM) networks.

2.1 The objective

Machine learning is useful whenever we want a computer to perform a task so intricate that it
cannot be programmed by conventional means. Most of the machine learning tasks explored
in this thesis are of the supervised learning form. To describe supervised learning, let pdata be
a data generating distribution over X ×Y , where inputs x ∈ X have corresponding (possibly
noisy) outputs y ∈ Y . The goal of supervised learning is to use a training set consisting of
N independent and identically distributed samples1 {(x(n),y(n))}N

n=1 ∼ pdata, in order to find
a function f : X →Y that eventually minimizes the error for the unseen data points in the
test set. This optimal function is given by

f ∗ = argmin
f

Ex,y∼pdata [L( f (x),y)], (2.1)

where L( f (x),y) measures the error incurred when predicting y as f (x). In this work,
parametric models resemble different functions via different sets of model parameters, θ .
These models define a distribution pmodel(y|x,θ), which estimates the true distribution
pdata(y|x).

1We omit the superscript whenever it is clear that we are referring to terms associated with a single data
point.
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To find the parameters that provide the most accurate model, we can maximise the
likelihood estimate of the parameters

θ
∗ = argmax

θ

N

∏
n=1

pmodel(y(n)|x(n),θ)

= argmax
θ

N

∑
n=1

log
(

pmodel(y(n)|x(n),θ)
)

= argmax
θ

Ex,y∼p̂data[log pmodel(y|x,θ)], (2.2)

where p̂data is the empirical distribution defined by the training data. We can change this into
a minimization problem by taking the negative of the expectation. The objective function2,
which measures how well a machine learning model performs a task, then becomes

J(θ) =−Ex,y∼p̂data [log pmodel(y|x,θ)]. (2.3)

Unless otherwise stated, models in this thesis use this objective function, which is known
as the negative log-likelihood and is the cross-entropy between the empirical distribution
and the distribution defined by the model. Owing to the distinction between supervised and
unsupervised learning being informal (Goodfellow et al., 2016, §5.8), we detail the task and
the objective function when they deviate from the explanations above. Before proceeding to
explain models, we detail how the training data can be used to optimize the model.

2.1.1 Gradient-based optimization

Here, optimization refers to the task of minimizing the objective function J(θ) by altering θ .
The derivative dh(x)

dx provides the slope of the function h(x) at the point x, i.e., how to scale
a small change in x to get the corresponding change in the function output. The gradient
generalizes the notion of derivative to the case where the derivative is with respect to a vector:
the gradient of h is the vector containing all of the partial derivatives, denoted ∇xh(x). For
the function h the gradient points directly uphill, and the negative of the gradient points
directly downhill. Thus, a minimum in J(θ) can be found by moving in the direction of the
negative gradient. This is known as gradient descent which proposes new parameters

θ
′ = θ −η∇θ J(θ), (2.4)

2Also known as the error function, loss function, or cost function.
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where the scalar η is the size of the iterative steps taken in the direction of the negative
gradient, known as the learning rate, and θ ′ indicates updated parameters at each iteration.
Minima of the objective function are located where the gradients are zero, and when the full
solution is intractable, gradient descent is useful for iteratively approaching these points.

Gradient descent computes ∇θ J(θ) on the entire training dataset, which can become
prohibitively expensive for a large number of data points. Fortunately, stochastic gradient
descent provides an efficient alternative by approximating the gradient

∇θ J(θ)≈ g =
1
K

K

∑
k=1

∇θ L(x(k),y(k),θ), (2.5)

on a randomly chosen K data points in the training set, known as a minibatch. Hence, new
parameters are proposed by

θ
′ = θ −ηg. (2.6)

We refer to an epoch as the number of iterations required for stochastic gradient descent to
see all the data points in the training dataset.

Many variations of stochastic gradient descent have been proposed to improve conver-
gence rates. These include the momentum (Polyak, 1964), Nesterov momentum (Sutskever
et al., 2013), AdaGrad (Duchi et al., 2011), YellowFin (Zhang et al., 2017), and AMSGrad
(Reddi et al., 2018) variations. Many of these methods effectively adapt the learning rate dur-
ing training because the learning rate has a significant impact on the optimizer performance
and is, therefore, difficult to set (Goodfellow et al., 2016, §8.5). Two such optimizers with
per-parameter adaptive learning rates are used in this thesis, namely RMSProp (Hinton et al.,
2012) and Adam (Kingma and Ba, 2015).

RMSProp accumulates an exponentially decaying average of the history of squared
gradients to scale the learning rate. Using the approximate gradient g, the parameter updates
are given by

r′ = ρr+(1−ρ)g⊙g

θ
′ = θ − η√

r′+ ε
⊙g, (2.7)

where ⊙ is the element-wise (Hadamard) product, η√
r+ε

is applied element-wise, ε =

1×10−10 is used for numerical stability, and primed variables denote the updated values at
each iteration. Our implementations use a decay rate ρ = 0.9.

Adam, derived from the phrase “adaptive moments”, is the optimization technique we use
most frequently. Adam could be seen as a variation of RMSProp combined with momentum
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(computed by s in the equation below). Additionally, Adam includes bias corrections for
the first-order and the second-order moments to account for their initialization. Using the
approximate gradient g, the parameter updates are given by

s′ = β1s+(1−β1)g

r′ = β2r+(1−β2)g⊙g

ŝ =
s′

1−β t
1

r̂ =
r′

1−β t
2

θ
′ = θ −η

ŝ√
r̂+ ε

⊙g, (2.8)

where β∗ is raised to the power of the current iteration step, t. All divisions in eq. 2.8 proceed
element-wise, and we set β1 = 0.9 and β2 = 0.999 in our implementations.

For artificial neural networks, the gradients required for optimization are efficiently
computed via the back-propagation algorithm (Rumelhart et al., 1986). Effectively, back-
propagation allows the information from the objective function, J(θ), to flow backwards
through the network in order to compute the gradients. These gradients are then used for
optimization until the objective function is small enough for our needs and the learning
problem is considered solved. Prior to all of this though, we have to specify the model to be
optimized. Thus, to explain LSTMs, we start with standard feedforward neural networks.

2.2 Feedforward neural networks

Feedforward neural networks, also known as multilayer perceptrons, were first proposed in
1943 (McCulloch and Pitts, 1943) as a model for how the human brain processes information.
They are the most basic form of artificial neural networks and comprising layers of artificial
neurons, termed units (figure 2.1), they are capable of modelling functions f : X → Y .
Formally, a neural network with L hidden layers is parametrized by L+1 weight matrices
W(0), ...,W(L) and L+1 vectors biases b(0), ...,b(L). To classify an input x the neural network
computes the probability vector ŷ as follows:

h(0) = x

h(l+1) = g(W(l)h(l)+b(l)), l = {0, . . . ,L−1}
ŷ = softmax(W(L+1)h(L)+b(L+1)), (2.9)
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where g is an element-wise nonlinear function, such as the sigmoid g(x) = σ(x) = 1
1+exp(−x) .

The softmax function is defined as

softmax(x)i =
exp(xi)

∑
C
j=1 exp(x j)

, (2.10)

where C is the number of elements in x (i.e., number of classes). With the probability vector
ŷ, our cross-entropy objective function becomes

J(θ) =−
N

∑
n=1

C

∑
j=1

y(n)j log(ŷ(n)j ) (2.11)

x1 x2 x3 x4

h(1)1 h(1)2 h(1)3 h(1)4 h(1)5 h(1)6

h(2)1 h(2)2 h(2)3 h(2)4 h(2)5

ŷ1 ŷ2 ŷ3

Fig. 2.1 Example of a feedforward neural network with 2 hidden layers (blue nodes). The input is
depicted by the green nodes and the output by the red nodes.

Comment: Deep neural networks loosely refer to artificial neural networks with many
layers. This field of deep learning is large and instead of listing the plethora of develop-
ments, here we list some of the inspiring reviews that are applicable to the work in this
thesis. To start, a recent, thorough crowd-sourced review on deep learning applied to
biological data is provided by Ching et al. (2018). For machine learning in healthcare,
we refer the reader to the reviews by Clifton et al. (2015) and Miotto et al. (2017). Lastly,
a review of recurrent neural networks is provided by Lipton et al. (2015a) and a review
on deep learning for drug discovery by Baskin et al. (2016).
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In neural network parlance, all the weight matrices and biases constitute the parameters,
θ , that fully specify the function computed by the network. We use the term weights to
exclusively refer to the weight matrices without the biases. The behaviour of neural network
algorithms can be controlled using several settings, referred to as the hyperparameters.
Hyperparameters are not modified by the model itself and include, for example, the number
of units in each layer and the number of layers.

The feedforward neural network described above takes a vector as input. In the case
where the inputs are multivariate sequences, this fully connected structure could result in an
unwieldy model. Because we know the basic structure of the input – a sequence – we can
account for the structure by sharing a set of parameters over the steps of the sequence. This
more efficient solution is known as the recurrent neural network.

2.3 Recurrent neural networks

Much like the popular convolutional neural network (LeCun, 1986) that shares parameters
over a grid of values, recurrent neural networks (RNNs) (Jordan, 1986) share parameters
across different time steps of a sequence, which makes it possible to generalize to examples
of different sequence length (Goodfellow et al., 2016, §10)(Murphy, 2012, §17.2). In other
words, the transformations of the input at each time step3 use the same parameters. For
data believed to exhibit sequential correlations, RNNs are usually a better alternative to
sequence-position-independent classifiers and sequential models that treat each time step
differently. For example, if we wanted to make a prediction based on a binary sequence
of whether it rained or not on a particular day, when treating each day independently, the
only information gleaned from the data would be the frequency of rainy days, but we know
in practice that weather often exhibits trends that may last for several days (Bishop, 2006,
§13.1).

One way of interpreting an RNN is as a feedforward neural network unfolded in time
(figure 2.2). Thus, to control the input-to-hidden information flow, a weight matrix W is used
again. The additional hidden-to-hidden connections are mediated by the weight matrix U.
Given an input sequence x1:T of length T , a single layer RNN calculates a probability vector

3With “time step” we refer to an entry along the sequential axis of a sequence, regardless of whether the
sequence is temporal.
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output ŷ as follows:

h0 = 0

ht = g(Uht−1 +Wxt +bh), t = 1, ...,T

ŷ = softmax(VhT +by), (2.12)

where g is an element-wise nonlinearity, usually the tanh function, V is the hidden-to-output
weight matrix, and b∗ are the bias vectors4. Having a model that maps the inputs to outputs,
we can compute the gradients with back-propagation and optimize the RNN as described in
section 2.1.1. In this case, back-propagation applied to the unrolled computational graph of
the RNN (figure 2.2) is known as back-propagation through time.

x

h

ŷ

W

V

U

Unfold

. . .

xt−1

ht−1

W

xt

ht

W

. . .

xT

hT

ŷ

W

V
U U U U

Fig. 2.2 Example of an unfolded recurrent neural network. The inputs are shown for each time step t,
these are usually vectors, such as the input in figure 2.1. The hidden layer (blue rectangle) is a vector
at each time step, similar to the blue nodes in figure 2.1. Input-to-hidden weight matrices are denoted
by W and hidden-to-hidden weight matrices by U. In this example, we have a single output vector at
the final time step T of the sequence.

Owing to their iterative nature, RNNs are difficult to train, especially on problems with
long-range temporal dependencies (Bengio et al., 1994; Hochreiter and Schmidhuber, 1997;
Sutskever, 2013). A small change to an iterative process can compound and result in very
large effects many iterations later. This sensitivity to changes in the input effectively makes
the objective function of the RNN discontinuous.

This difficulty in training can be shown through the choice of the activation function g.
In modern neural networks, the default recommendation is to use the rectified linear unit
(ReLU) activation function for hidden units (Glorot et al., 2011; Jarrett et al., 2009; Nair and
Hinton, 2010). This ReLU nonlinearity is only lower bounded, which makes its use in RNNs
difficult. To show why the activation function g used in the RNN has to be bounded from

4Note that this formulation is one of many possible RNN constructions. It is also possible, for example, to
produce an output vector ŷt at each time step.
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above and below, we follow Cho (2015) and consider the case when g is a linear function,
g(a) = a, which is unbounded. In this case, assuming that xt ′ is the only nonzero entry in the
input sequence, the hidden activation vector after τ input elements is given by

hτ = U(U(U(U(...)+Wxτ−3)+Wxτ−2)+Wxτ−1)+Wxτ

=

(
τ−t ′

∏
t=1

U

)
Wxt ′, (2.13)

where we omit the bias term for brevity. If U admits an eigendecomposition of the form

U = QΛQ−1, (2.14)

where Λ is the diagonal matrix of eigenvalues, and the corresponding eigenvectors constitute
the columns of matrix Q, then

hτ = QΛ
τ−t ′Q−1Wxt ′. (2.15)

If the largest eigenvalue λmax = maxΛ is greater than 1, the norm of hτ will explode, i.e.,
∥hτ∥→ ∞. The rate of growth is exponential with respect to the sequence length, thus, even
if the sequence is relatively short, ∥hτ∥ will grow quickly if λmax is reasonably larger than
1. Therefore, we bound the hidden activations from above and below and in the case of the
tanh : R→ [−1,1], we have

∥hτ∥ ≤ dim(hτ). (2.16)

Although the tanh prevents the hidden activations from exploding, complications remain for
the gradients of the RNN.

2.3.1 Gradient problems

The basic problem is that gradients propagated over many time steps will tend to either grow
or decay (Bengio et al., 1994; Pascanu et al., 2013). To show how gradient problems easily
arise in RNNs, we again assume that xt ′ is the only nonzero entry in the input sequence, and
the matrix U is full rank. We denote the pre-activation vectors as

s = Uht−1 +Wxt +bh. (2.17)
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The derivative of our objective function J with respect to the non-zero input is given by

∂J
∂xt ′

=
∂J

∂hT

(
T

∏
t=t ′+1

∂ht

∂ht−1

)
∂ht ′

∂xt ′
. (2.18)

When the number of time steps T − t ′ is large, the propagation of gradients greatly depends
on the product term. We can re-write the term inside the product as

∂ht

∂ s
∂ s

∂ht−1
=

∂ht

∂ s
U

=


g′(s1) 0 . . . 0

0 g′(s2) . . . 0
...

... . . .
...

0 0 . . . g′(sd)

U (2.19)

where g is the chosen nonlinearity (eq. 2.12), and d is the number of hidden units. The
derivatives of the commonly used upper and lower bounded nonlinearities are given by

σ
′(x) = σ(x)(1−σ(x)), 0 < σ

′(x)≤ 0.25

tanh′(x) = 1− tanh2(x), 0 < tanh′(x)≤ 1. (2.20)

To show how this can lead to vanishing gradients, we denote this upper bound of g′(x) with
α and we assume that the maximum singular value λmax of U is bounded as λmax <

1
α

. With
the spectral norm denoted by ∥·∥s, we know that for any matrices A and B

∥AB∥s ≤ ∥A∥s ∥B∥s , (2.21)

and
∥A∥s = λmax. (2.22)

Thus the spectral norm of the gradient (eq. 2.19) is bounded as∥∥∥∥ ∂ht

∂ht−1

∥∥∥∥
s
≤
∥∥∥∥∂ht

∂ s

∥∥∥∥
s
∥U∥s ≤ αλmax < 1, ∀t. (2.23)
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Let γ ∈ R be such that ∀t,
∥∥∥ ∂ht

∂ht−1

∥∥∥
s
≤ γ < 1; the existence of γ is given by eq. 2.23. By

induction over t, we can show that∥∥∥∥∥ T

∏
t=t ′+1

∂ht

∂ht−1

∥∥∥∥∥
s

≤ γ
T−t ′. (2.24)

Thus, because γ < 1, long-term contributions to the gradient, for which T − t ′ is large, go to
0 exponentially fast – known as the vanishing gradient problem. Conversely, if we assume
that the largest singular value λmax of U is larger than 1

α
, the upper bound of the long-term

contributions to the gradient will tend to ∞ exponentially fast. The exploding gradient
problem occurs when the long-term contributions to the gradients tend to ∞ (Pascanu et al.,
2013). Fortunately, the exploding gradient problem can easily be addressed by clipping the
gradients.

2.3.2 Gradient clipping

By inspecting the gradients of the objective function with respect to the parameters, we can
detect whether a gradient has exploded. Once detected, we can simply clip the gradient. This
clipping is performed by scaling the gradients to have a smaller norm, which guarantees
that each clipped update step is in the same direction as the original gradient (Pascanu et al.,
2013). In other words, if the gradient norm ∥∇θ J∥ is larger than some predefined threshold
γ > 0, we scale the gradients to have a norm equal to γ . Otherwise, we leave it as is

∇̃ =

γ
∇

∥∇∥ if ∥∇∥> γ

∇ otherwise
, (2.25)

where we used the shorthand notation ∇ for ∇θ J. The rescaled gradient ∇̃ is then used to
update the parameters during optimization (section 2.1.1). Whereas the exploding gradient
can easily be clipped, mitigating the vanishing gradient is more difficult. One solution is to
have skip connections that enable unimpeded propagation of gradients through time. Such
skip connections are enabled by the gating mechanisms of the LSTM, described next.

2.4 Long short-term memory

The long short-term memory (LSTM) network (Gers et al., 2000; Hochreiter and Schmidhu-
ber, 1997) extends the recurrent neural network with a memory unit and three gating units
that control the flow of information to and from the memory unit. Formally, a single layer
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LSTM calculates hidden layer activations at each time step t = {1, ...,T} as follows:

c0 = h0 = 0

it = σ(Uiht−1 +Wixt +bi)

ot = σ(Uoht−1 +Woxt +bo)

ft = σ(U f ht−1 +W f xt +b f )

c̃t = tanh(Ucht−1 +Wcxt +bc)

ct = ft⊙ ct−1 + it⊙ c̃t

ht = ot⊙ tanh(ct). (2.26)

These operations are visualized in figure 2.3. Information flow is controlled by the input gate
i, output gate o, and the forget gate f. These gating units are implemented by multiplication,
thus it’s natural to restrict their domain to [0,1], motivating the use of the sigmoid nonlinearity.

ht−1

xt

ct−1

ht

ct

ht

ft it c̃t ot

Fig. 2.3 The operations performed by the LSTM unit during a single time step. The unit receives the
previous memory value ct−1, the previous hidden activation ht−1 and the current input xt . The input
it , output ot , and forget ft gates modulate the information flow through the unit. The current memory
value ct is passed on to the next time step, along with the current hidden activation ht , which can
also be used for output at the current step (upward ht). Pink nodes denote element-wise operations.
The yellow rectangles take the vectors ht−1 and xt as input, multiply these vectors by the appropriate
weight matrices, sum the resulting vectors, and finally apply the depicted element-wise nonlinearity.
Biases are omitted for brevity. (Adapted from Olah (2015).)

These gating units and the recurrent self-connection of the memory unit mitigate the
gradient problems. When the forget gate is open ft = 1 and the input gate closed it = 0 for
all t, the gradients can flow through the memory unit without alteration for an indefinite
amount of time, thus overcoming the vanishing gradient problem. In practice, the gates
do not necessarily isolate the memory unit; instead, they address the vanishing gradient
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problems in some situations, as demonstrated by the easier long-term dependency learning
of LSTMs compared with RNNs (Bengio et al., 1994; Graves, 2012, 2013; Hochreiter and
Schmidhuber, 1997; Sutskever et al., 2014).

Information can be propagated unaltered through the memory units if the forget gate is
open and the input gate is closed. The state of the gates, however, are calculated and changed
at each time step. Effectively, the LSTM has to learn when to create these skip connections
through time. If learning is started from bad initial conditions, few of the gates may learn to
create long-term skip connections because the short-term connections provide easier rewards.
Therefore, careful parameter initialization is paramount for successful implementation of
LSTMs.

2.4.1 Parameter initialization

LSTMs do not completely solve the gradient problems. To further alleviate gradient problems,
careful parameter initialization is required. Glorot and Bengio (2010a) showed that the
initialization of deep neural networks is crucial. To maintain information flow, variances of
the forward activations and back-propagated gradients are required to remain roughly the
same as they move up and down the network. This information flow is kept when the weights
are initialized with the Xavier initializer (Glorot and Bengio, 2010a)

W(l) ∼ U
[
−

√
6√

nl +nl+1
,

√
6√

nl +nl+1

]
, (2.27)

where nl is the size of layer l and U denotes the uniform distribution. The Xavier initializer
applies to only the weights of the network. On the other hand, initialization of the biases in
the LSTM was found to be important by Jozefowicz et al. (2015). They found that initializing
all the biases to zero except for the forget gate bias b f , which is initialized to one, produces
the best performing LSTM. Larger initial forget gate biases lead to forget gate values closer
to one, which allows information to be kept over more time steps at the start of training.

During the completion of this thesis, multiple experiments were done for the initialization
of LSTM parameters. For example, we attempted simple parameter guessing (similar to that
in Hochreiter and Schmidhuber (1997)), whereby the best randomly selected parameters
over K iterations are used for the initial parameters of training. Over K = 10,000 iterations,
the various Gaussian and normal distributions sampled from did not yield any initializations
as good as the initialization scheme mentioned above. Moreover, proceeding with such
non-Xavier initialized weights would often result in LSTMs that are unable to learn the task.
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Thus, our results confirm the importance of careful LSTM parameter initialization. Given
the intricacies of the LSTM, our standard LSTM setup is provided in the following section.

2.4.2 Default LSTM setup

Unless otherwise stated, the LSTMs referred to in this thesis were set up as follows. We
implement the standard LSTM (eq. 2.26) using Tensorflow (Abadi et al., 2015) and Python 3.
All the biases are initialized to zero, except for the forget gate, which is initialized to one. All
weight matrices are initialized using the Xavier uniform distribution (section 2.4.1). We clip
the gradients to have a maximum gradient norm γ = 5 (eq. 2.25). Lastly, the predicted class
probabilities ŷ are obtained by means of a softmax function applied to the hidden activations
hT at the final time step T , formally

ŷ = softmax(VhT +by), (2.28)

where V is the hidden-to-output weight matrix and by the output biases.

2.5 Gated recurrent unit

The LSTM is a gated recurrent neural network (RNN). Another popular gated RNN was
recently proposed by Cho et al. (2014) and is called the gated recurrent unit (GRU) network
(see figure 2.4). The main difference between the LSTM and GRU is that the GRU uses
a single gating unit (update gate z) to control the forget and input factors (Chung et al.,
2014). Also having a reset gate r, GRUs calculate the hidden activations at each time step
t = {1, ...,T} as

rt = σ(Urht−1 +Wrxt +br)

zt = σ(Uzht−1 +Wzxt +bz)

h̃t = tanh(Uh(r⊙ht−1)+Whxt +bh)

ht = (1− zt)⊙ht−1 + zt⊙ h̃t . (2.29)

Several studies on architectural variations of the LSTM and GRU have found no variant
that would definitely outperform the rest on a wide a range of tasks (Goodfellow et al., 2016;
Greff et al., 2015; Jozefowicz et al., 2015). Jozefowicz et al. (2015) found that initializing
the forget gate bias to one makes the LSTM as strong as the best of the explored variants.
Thus we chose to proceed with the LSTM.
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xt

ht−1

ht

ht

rt zt h̃t

Fig. 2.4 The operations performed by the GRU during a single time step. The unit receives the
previous hidden activations ht−1 and the current input xt . The update zt and reset rt gates modulate
the information flow through the unit. The current hidden activation vector ht is then passed on to
the next time step and can also be used for output at the current step (upward ht). Pink nodes denote
element-wise operations. The yellow rectangles take two vectors as input, multiply these vectors by
the appropriate weight matrices, sum the resulting vectors, and finally apply the depicted element-wise
nonlinearity. Biases are omitted for brevity. (Adapted from Olah (2015).)

Another reason for choosing the LSTM is that the additional gate intuitively should
make the LSTM more flexible than the GRU, and therefore the LSTM should have a larger
representational capacity. Towards the end of this thesis (chapter 7), we find that having
enticing conditions for skip connections is more important.

2.6 Overfitting

The main aim of machine learning is to perform well on unseen data points, not just those
that the model was trained on (Goodfellow et al., 2016, §5.2). A model achieves good
generalization if it performs well on previously unobserved data points. Conversely, a
model that does not generalize well, suffers from overfitting because the gap between the
training error and the test error is large. We can control the overfitting tendency of a model
by altering its capacity. Informally, a model’s capacity is its ability to fit a wide variety of
functions. Models with a high capacity can overfit, whereas models with a low capacity
can struggle to learn any function that reasonably explains the data. Deep learning models
usually have a large capacity and are therefore prone to overfitting. Training on more data
results in better generalization, but it’s often infeasible. In the following section, we describe
a technique that limits the capacity of a model in order to improve generalization.
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2.6.1 Regularization

Regularization is any modification to the learning algorithm intended to reduce overfitting.
There are various techniques for regularizing artificial neural networks; a descriptive list
is provided by Goodfellow et al. (2016, §7). Here we describe the three regularization
techniques that are frequently used in this thesis.

First, is the popular weight decay regularization technique, which encourages the model
to have smaller weights. The weight decayed objective function is given by

J(θ) =−Ex,y∼p̂data [log pmodel(y|x,θ)]+λ ∥ω∥2
2 , (2.30)

where ∥·∥2
2 denotes the squared L2 norm, ω are all the weights in the set of parameters θ , λ

is a value chosen ahead of time that specifies our preference for smaller weights, and the first
term is the original cross-entropy from eq. 2.3. Weight decay is typically only applied to
the weights of a network and not the biases. Because each bias value controls only a single
variable, little variance is induced by leaving them unregularized, and regularizing them
could lead to underfitting (Goodfellow et al., 2016, §7.1).

Dropout, the second of our regularization techniques, regularizes a neural network by
setting a random selection of units to zero during an iteration (single minibatch) of training
(Srivastava et al., 2014). More formally, for the input and each hidden layer, a corresponding
binary vector u(l), with the same size as the layer, is sampled at each training iteration.
The elements of vector u(l) take value 0 with probability p(l) – the dropout probability.
For each layer l (excluding the output layer), the units, v, are dropped by element-wise
multiplication, v(l) = v(l)⊙u(l), and training proceeds as per usual. At test time dropout
is not used and the outgoing weights of each unit are multiplied by the keep probability
1− p(l) to approximately average the predictions of all the thinned neural networks.

Owing to the LSTM being more intricate than the standard feedforward neural network,
different approaches to dropout for LSTMs have been proposed; the same dropout mask at
each time step (Gal and Ghahramani, 2016b), dropping only the non-recurrent connections
(Pham et al., 2014; Zaremba et al., 2014), and dropout without memory loss (only the memory
unit update c̃ is dropped) (Semeniuta et al., 2016). In our implementations, unless otherwise
stated, dropout is applied to the hidden activations ht that are fed into new hidden layers or
softmax outputs. The hidden activations between time steps are maintained.

The third regularization technique, which is used in all of our LSTM implementations, is
early stopping. To explain early stopping, we first introduce the validation set. Whereas the
held-out test set is not used during training, the validation set is used during training, not
for updating the parameters but rather for estimating the model’s generalization error. When
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training deep learning models with sufficient representational capacity to overfit the task, the
training set error decreases steadily over time and at some point, the validation set error begins
to increase. At this point, the parameters are considered to achieve the best generalization
before overfitting ensues. Thus, to prevent overfitting, we train for a pre-determined number
of epochs (enough to see a steady rise in validation set error) and return the parameters of the
model at the best validation set error over all of the epochs. This procedure is known as early
stopping and acts as a regularizer by restricting the optimization to explore a small volume
of the parameter space in the neighbourhood of the initial parameter values. Therefore, it is
similar to weight decay, but it has the advantage of automatically determining the correct
amount of regularization (Goodfellow et al., 2016, §7.8).

Having described the necessary basics of machine learning and LSTMs, we proceed to
present our biological applications, visualizations, and extensions of LSTMs. We start with
medical applications of LSTMs in the following chapter.



Chapter 3

Medical applications

At first pass, patients receive correct diagnoses and treatments less than 50% of the time
(McGlynn et al., 2003). Clinicians typically determine the course of treatment given the
current health status of the patient as well as their estimate of the outcome of possible future
treatments. The effect of treatments for a given patient is non-deterministic (uncertain) and
predicting the effect of a series of treatments over time compounds the uncertainty (Bennett
and Hauser, 2013). There is a growing body of evidence that complex medical treatment
decisions are better handled with the aid of modelling, compared to intuition alone (Meehl,
1986; Schaefer et al., 2005). It has been argued that machine learning holds substantial
promise for the future of medicine and for our ability to tailor care to the particular physiology
of the patient (Abston et al., 1997; Clifton et al., 2015; Cooper et al., 1997; Lapuerta et al.,
1995; Mani et al., 1999; Morik et al., 2000; Ohmann et al., 1996; Sboner and Aliferis, 2005;
Svátek et al., 2003; Vairavan et al., 2012).

In this chapter, we demonstrate some of the benefits that LSTMs hold for medical
problems. We begin with a brief overview of the medical machine learning literature.

3.1 Overview of medical machine learning literature

There are myriad studies applying machine learning to medical data. Literature relevant to our
work includes any machine learning applications to electronic health records or physiological
measurements, such as vital signs recorded in intensive care units. Before delving into the
literature we have to cover some preliminaries.

In a binary classification task, there are positive (one) and negative (zero) events. Sensi-
tivity is defined as the percentage of correctly identified positive events, for example, the
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percentage of patients with sepsis correctly classified as having the condition.

sensitivity =
true positive events

true positive events+ false negative events
(3.1)

Specificity is defined as the percentage of correctly classified negative events, for example,
the percentage of healthy patients who are correctly classified as not having sepsis.

specificity =
true negative events

true negative events+ false positive events
(3.2)

Clearly, when developing a classifier for medical diagnostics, having a higher sensitivity
takes precedence over specificity. However, when perfect sensitivity is combined with no
specificity, false alarms become a hospital nuisance – only 23% of bedside alarms in the ICU
are clinically relevant (Imhoff and Fried, 2009).

Classification accuracy provides a measure of performance for a single threshold of
sensitivity and specificity. In medicine, where the sensitivity-specificity trade-off is important,
we seek a measure that explores the entire range of the trade-off. The receiver operating
characteristic (ROC) curve enables this by plotting the sensitivity against (1 - specificity) as
the discrimination threshold is varied. The area under the curve (AUC) can then be used to
measure the overall performance of the classifier, with a perfect model having an AUC = 1 and
randomly choosing classes results in an AUC = 0.5. For multi-class classification problems,
the average per-class AUC is used.

In table 3.1 we summarize a selection of the notable studies related to our work. Rows in
ascending order of publication date show the best results obtained by each study. For a more
detailed review of the literature, we refer the reader to Van Der Westhuizen (2016). From
the table, it is evident that applying neural networks to medical data is no new venture. It
was successfully attempted by Tu and Guerriere (1993). This was before neural networks
were proven to be adept at learning the characteristics of large real-life datasets (Krizhevsky
et al., 2012). On the other hand, recurrent neural networks have only recently received
attention, which is most likely due to the advent of LSTMs. It should be noted, however,
that the LSTM studies listed in table 3.1 are applications to low-resolution electronic health
records. LSTMs, therefore, hold a great untapped potential for high-resolution data from
physiological monitoring.

The machine learning techniques mentioned in table 3.1 include Gaussian processes,
hidden Markov models, support vector machines, recurrent neural networks, convolutional
neural networks (CNNs), feedforward neural networks, logistic regression, naive Bayes
classifiers, and decision trees. It is difficult to compare the different methods because they
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Table 3.1 Machine learning techniques applied to medical data over the years

Study Description Best results

Tu and Guerriere
(1993)

Predict patient length of stay in ICU given
15 variables measured after cardiac surgery.

0.7 AUC with feedforward neural
networks

Tsien et al. (2000) Detect artefacts in 4 physiological signals in
the NICU

0.94 AUC with decision trees

Clermont et al. (2001) Predict mortality given the worst values of
16 variables in the first 24 hours of ICU

0.84 AUC with logistic regres-
sion

Shen et al. (2002) Biometric identification with single-lead
ECG signals

0.8 Accuracy with feedforward
neural networks

Tong et al. (2002) Predict ventilation duration from 6 variables
in the NICU

0.93 accuracy with feedforward
neural networks

Ramon et al. (2007) Multiple prediction tasks including mortality
prediction from manual daily observations
in ICU

0.88 AUC with naive Bayes

Saria et al. (2010) Predict morbidity based on the first 3 hours
after admission to the NICU

0.92 AUC with logistic regres-
sion

Kim et al. (2011) Predict patient mortality from 15 variables
with values selected in the first 24 hours of
ICU admission

0.98 AUC with decision trees

Guiza et al. (2013) Predict patient intracranial pressure (ICP)
30 min in advance based on ICP and mean
arterial pressure measured per minute

0.87 AUC with Gaussian pro-
cesses

Ongenae et al. (2013) Predict the need for dialysis in ICU given
creatinine and diuresis measurements

0.87 AUC with naive Bayes

Gultepe et al. (2014) Predict patient lactate levels from 7 EHR
variables

0.9 AUC with hidden Markov
models

Zhai et al. (2014) Predict the need for paediatric ICU transfer
within the first 24h of admission given EHRs

0.91 AUC with logistic regres-
sion

Mani et al. (2014) Detect sepsis in the NICU given EHRs 0.65 AUC with decision trees
Stanculescu et al.
(2014)

Predict sepsis from 4 physiological signals
in the NICU

0.8 AUC with auto-regressive hid-
den Markov models

Ghassemi et al. (2015) Predict patient mortality from EHRs 0.81 AUC with Gaussian pro-
cesses

Lipton et al. (2015b) Assign medical conditions to paediatric ICU
patients given hourly measurements in EHRs

0.86 AUC with LSTMs

Churpek et al. (2016) Predict mortality from EHRs and 8 variables
measured every hour

0.8 AUC with random forests

Jagannatha and Yu
(2016)

Classify EHR notes into 1 of 9 classes 0.8 F1 score with GRUs

Harutyunyan et al.
(2017)

Multitask prediction (length of stay, pheno-
type, mortality) from the MIMIC-III critical
care databse (Johnson et al., 2016)

0.86 AUC with multitask LSTMs

Rajpurkar et al.
(2017)

Detect heartbeat arrhythmias from single-
lead ECG signals

CNNs (0.81 F1 score) outperform
cardiologists

Rajkomar et al. (2018) Predict mortality from EHRs 24 hours after
admission

0.95 AUC with ensemble of
LSTMs and feedforward neural
networks

AUC - area under the receiver operating characteristic curve
ECG - electrocardiogram
EHR - electronic health record
F1 score - see eq. 3.9
ICU - intensive care unit
NICU - neonatal intensive care unit
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are applied to different datasets. Perhaps the most successful application of machine learning
to medical data is the recent study by Rajpurkar et al. (2017). The study demonstrated that
a large CNN with batch normalization (see section 3.3.2), and residual connections can
outperform cardiologists at detecting heartbeat arrhythmias. One of the largest single-lead
electrocardiogram (ECG) datasets was collected and this is one of the few machine learning
studies to quantitatively determine the accuracy of human experts.

One of the most important facets of deep learning applications is the dataset size. The
number of patients used in studies applying machine learning to medical data has ranged
from 7 (Greene et al., 2007) to 270,000 (Churpek et al., 2016). The number of patients does
not solely determine the size of the dataset but provides a good measure of how generalizable
a model would be to new patients. Another measure of dataset size is the number of data
points per patient, which could become rather large when dealing with high-resolution time
series datasets.

A natural question one would consider is whether LSTMs are better than standard
sequence modelling techniques for analysing biological data. In light of this, we compare the
classification performance of LSTMs to a well-known and well-studied model, the hidden
Markov model (HMM). HMMs have successfully been applied to medical data (Gultepe
et al., 2014; Pimentel et al., 2015; Stanculescu et al., 2014; Williams et al., 2006), but have,
to the best of our knowledge, yet to be compared to LSTMs on the same medical dataset.

3.2 Comparing LSTMs to hidden Markov models

3.2.1 Introduction to hidden Markov models

A hidden Markov model (HMM) is a structured probabilistic model where the observations,
x, are assumed to be generated by some latent (unobserved) process. On the latent space we
define a discrete-state, discrete-time Markov chain with hidden states zt ∈ {1, ...,K}∀t. An
observation model p(xt |zt) determines how the observations relate to states, resulting in a
joint distribution with the form

p(z1:T ,x1:T ) = p(z1:T )p(x1:T |z1:T ) =

[
p(z1)

T

∏
t=2

p(zt |zt−1)

][
T

∏
t=1

p(xt |zt)

]
. (3.3)

When the observations xt are continuous, as with most medical signals, a conditional Gaussian
is commonly used for the observation model, known as the emission distribution

p(xt |zt = j,µ j,Σ j) =N (xt |µ j,Σ j). (3.4)
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It is also possible to have an M-component Gaussian mixture model as the emission distribu-
tion

p(xt |zt = j,µ j,Σ j,c j) =
M

∑
m=1

c jmN (xt |µ jm,Σ jm), (3.5)

where c jm denotes the mixture weights.
Learning HMMs is done by estimating the parameters θ = {π,A,φ}, where φ are the

parameters of the class-conditional densities p(xt |zt = j), A(i, j) = p(zt = j|zt−1 = i) is
the transition matrix, and π(i) = p(z1 = i) is the initial state distribution. Expectation
maximization is used for learning, which, when applied to HMMs is known as the Baum-
Welch algorithm (see Murphy (2012, pg. 620) for details). Once the model is trained we can
we can predict the probability of the next state p(zt = j) given a sequence prefix x1:t−1

p(zt = j|x1:t−1) = ∑
i

p(zt = j|zt−1 = i)p(zt−1 = i|x1:t−1). (3.6)

Using Bayes rule we can absorb the observed data at time step t

p(zt = j|x1:t) = p(zt = j|xt ,x1:t−1)

=
p(xt |zt = j)p(zt = j|x1:t−1)

p(xt |x1:t−1)
. (3.7)

Together, these equations enable computing the probability of a sequence x1:T given the
model parameters θ . To avoid numerical underflow in practice, we work in the log domain

log p(x1:T |θ) =
T

∑
t=1

log p(xt |x1:t−1) =
T

∑
t=1

log∑
j

p(xt |zt = j)p(zt = j|x1:t−1). (3.8)

In order to classify a sequence as belonging to a specific class, an HMM is trained for
each of the classes (hyperparameters are kept the same for each HMM). The class of a
new data point x′1:T is then determined by argmaxθc

log(p(x′1:T |θc)), where θc denotes the
parameters for a model from class c (Chiappa and Bengio, 2004). We implemented HMMs
with the hmmlearn package https://github.com/hmmlearn/hmmlearn in Python. Given
this high-level understanding of HMMs, we can now compare them to LSTMs on medical
datasets.

3.2.2 Traumatic brain injury patient dataset

In a collaborative effort with the Department of Clinical Neurosciences at Addenbrookes
hospital, we were fortunate to be given an anonymized dataset of patients from the traumatic

https://github.com/hmmlearn/hmmlearn
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Table 3.2 Details of the traumatic brain injury dataset

Number of patients 101 (22 females)
Age range 15 to 76
Classes (number of patients) GOS-1 (43) | GOS-5 (58)
Measurement resolution 0.2 Hz
Segment lengths 720 time steps (1 hour)
Number of data points 12,473
Average recording duration [min,max] 123h 21m [3h,472h]
Number of inputs 18

brain injury (TBI) unit. The dataset was collected with the intensive care monitoring plus
(ICM+) software package (Smielewski, 2011).

Details of the TBI dataset are provided in table 3.2. We have chosen a single data point1 to
span one hour (720 time steps). One hour is long enough to capture physiological changes of
the patient and a length of 720 time steps does not require too much memory from sequence
models. Patients were labelled according to the Glasgow Outcome Scale (GOS) (Jennett and
Bond, 1975), which assigns a number between 1 (death) and 5 (healthy) to patients based on
their health status 6 months after admission to the traumatic brain injury unit. This dataset
only contains patients who were assigned a GOS score of 1 or 5, thus reducing the problem
to a binary classification task between the two possible extremes. A comprehensive account
of the variables measured is provided in Appendix A.

The data were randomly split according to patients with a train:validation:test dataset
ratio of 70:10:20. The train and validation datasets were combined when training the HMMs.
The LSTMs were trained using the Adam optimizer (Kingma and Ba, 2015) with a learning
rate of 0.001, a dropout value of 0.1 and a minibatch size of 100.

In figure 3.1 we juxtapose the accuracies obtained by the LSTM and the HMM for various
hyperparameter settings. From the results, the hyperparameter selection seems haphazard
and exemplifies the importance of hyperparameter exploration. In the deep learning literature,
it is widely held that more nonlinear activations (more layers) result in better performing
models (Goodfellow et al., 2016). However, deeper LSTMs could also lead to gradient
problems, which would explain the lower accuracies of the 3-layer LSTM. In general, the
graphs show that the LSTM outperforms the HMM on this dataset. The best LSTM achieved
an accuracy of 88% and the best HMM an accuracy of 85%. An additional limitation of
HMMs, not shown here, is their computational cost, which became prohibitively expensive
with more than 10 states for the CPU-implementation that we used. An HMM with more

1data point refers to the entire sequence x1:T
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hidden states could have a better representational capacity, but becomes computationally too
expensive . An HMM with K states on sequences of length T has a computational cost of
O(K2T ), scaling quadratically with the number of hidden states.
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Fig. 3.1 Comparing model accuracies on the traumatic brain injury dataset. (a) Accuracies for the
LSTM with the number of hidden layers indicated in the legend and the number of hidden units on the
x-axis. (b) Accuracies for the hidden Markov model (HMM) with the number of Gaussian mixture
models (GMMs) used for the emission distribution indicated in the legend, and the number of hidden
states shown on the x-axis.

These results on the traumatic brain injury dataset demonstrate that LSTMs are able to
generalize better than HMMs over different patients. Although this dataset has a relatively
high resolution compared to the studies in table 3.1, most physiological signals are recorded
at much higher frequencies, which we explore next.

3.2.3 The influence of resolution on accuracy

Given the growing capabilities in computation, we enter a paradigm where we could apply
machine learning to physiological signals at high resolutions. Deep learning techniques have
seen recent success on high-resolution audio waveforms (Van Den Oord et al., 2016). For
physiological signals, higher resolution usually means more information, but unfortunately,
it also means more noise.

Owing to hidden Markov models (HMMs) having a finite discrete hidden state, they are
expected to have less representational capacity compared to LSTMs with continuous hidden
representations. Therefore, LSTMs should be the obvious solution for the machine learning
requirements in the high-resolution paradigm. In this section, we evaluate the effects of
resolution on classification performance of HMMs and LSTMs.

Another anonymized dataset we were fortunate to have received from the collaboration
described in section 3.2.2, is from the intensive care unit at Addenbrookes hospital. The phys-
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iological signals in this dataset were provided at the original high measurement resolution.
Details of the dataset are provided in table 3.3.

Table 3.3 Details of the intensive care unit dataset

Number of patients 4 (all males)
Age range 23 to 46
Classes (number of patients) healthy (2) | death (2)
Measurement resolution 200 Hz or 240 Hz
Average recording duration [min,max] 21h 6m [6h, 40h]
Recorded signals ECG, intracranial pressure, ar-

terial blood pressure

The data were prepared by decimating the multivariate signals to different resolutions
(40, 10, 1, and 0.1 Hz). This was achieved by means of the decimate function in the Scipy
package (Jones et al., 2001) in Python. An eighth-order type 1 Chebyshev low-pass filter
was applied to the signal before it was decimated. As recommended by the creators of the
software package, when the downsampling factor was larger than 13, we decimated the signal
multiple times to get to the desired resolution.

After decimation, the signals were segmented into shorter subsequences with lengths 100,
200, 500, or 1000. A single subsequence is referred to as a data point and has a corresponding
label. These input-output pairs were then randomly shuffled and split (according to data
points) to have a ratio of 70:10:20 for the train, validation, and test datasets. Unfortunately,
medical datasets often have unbalanced classes – in this case, roughly 70% of the data was
from the healthy patients and the remainder from the dying patients.

When the classes in a classification task are unbalanced, the accuracy could be a mislead-
ing metric. The F1 score is a commonly used measure of binary classification accuracy

F1 = 2 · precision · recall
precision+ recall

, (3.9)

where recall is the same as in eq. 3.1

recall =
true positive events

true positive events+ false negative events
= sensitivity, (3.10)

and precision is defined as

precision =
true positive events

true positive events+ false positive events
. (3.11)
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Taking the average of the F1 score over all classes then provides a more informative measure
of classifier performance than accuracy, especially when the classes are unbalanced.

We trained an LSTM using Adam with a learning rate of 0.001 and a minibatch size of
100. Because the dataset is small we regularized the model appropriately. A single hidden
layer of 64 units was used with a dropout value of 0.3 and a weight decay factor of 0.01.
For comparison, we use a hidden Markov model with 10 hidden states and an emission
distribution of 5 Gaussian mixture models – based on manual hyperparameter exploration.
For the HMM the train and validation datasets were combined to form the training data.

The F1 score and accuracy for both models are shown in figure 3.2. The results indicate
that both models achieve decent classification performance on this dataset. LSTMs show a
strong positive correlation between accuracy and resolution, whereas the HMM accuracy
appears to be uncorrelated with frequency. Although we regularized the LSTM to minimize
the effect of dataset size, there may still be traces of influence in the results. Therefore, we
cannot conclude that higher resolution leads to better accuracy for LSTMs, but increasing
the resolution seems harmless for LSTMs, which is not necessarily true for hidden Markov
models. Larger high-resolution datasets could permit experiments that clarify this correlation
for LSTMs.
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Fig. 3.2 LSTM (a) and HMM (b) results on the intensive care unit dataset. The x-axis of each plot
indicates the resolution of the data used to train and evaluate the models.
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Because this is a small dataset, we used different subsequences from the same patient in
both the test and train datasets. Therefore, these results are not an indication of how well
these models can predict the outcome of unseen patients. Instead, the results serve as a
comparison between the two models on high-resolution physiological signals.

In both our comparisons of LSTMs to HMMs, LSTMs were found to yield a better
performance. HMMs provide an elegant methodology, but they suffer from a fundamental
drawback: the structure of the HMM is often a poor model of the true process producing the
data. The HMM has a finite number of hidden states, and in combination with the Markov
property (the current state zt only depends on the previous zt−1), this could greatly inhibit the
model’s capacity (Dietterich, 2002). Some solutions to these problems have been proposed
such as the infinite HMM (Beal et al., 2001), auto-regressive HMMs (Berchtold, 1999),
input-output HMMs (Bengio and Frasconi, 1996; Chiappa and Bengio, 2004), and various
other extensions (Bishop, 2006, §13.2.6). Most of the structural improvements provided
by these solutions are also enabled by the flexible state representation provided by LSTMs.
Nevertheless, LSTMs and HMMs are not the only models for analysing medical signals, on
the contrary, there exist multiple other approaches. In the following section, we take a look
at how LSTMs compare to contemporary techniques.

3.3 Evaluating LSTMs on the Physionet 2017 challenge

In the previous section, we answered the question of how LSTMs compare to a standard
sequence model when applied to medical time series. Another question one might consider
is how LSTMs compare to the latest approaches to medical signal analysis.

In most cases where medical data is analysed with machine learning techniques, the
datasets are not available to the public, and as a result, comparing new methods to other
studies is nearly impossible. The machine learning field has solved this problem with public
online benchmark datasets such as ImageNet (Deng et al., 2009) and Penn treebank (Marcus
et al., 1993). The recent advent of deep learning success has largely been attributed to this
public benchmark approach (He et al., 2015). To our rescue comes the Physionet/Computation
in Cardiology challenge (Clifford et al., 2015) with labelled medical time series datasets of
high-resolution.
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3.3.1 The Physionet 2017 challenge

The Physionet/Computation in Cardiology challenge is a public machine learning competition
hosted annually with a specific task. This provides a great opportunity for researchers to
compare their approaches to solving problems in cardiology. Each year the challenge provides
a publicly downloadable dataset for participants to train on. Participants then submit their
models to run on the server hosted by the challenge organisers. On the server, the model is
tested on a held-out test dataset, and the participants are ranked according to their scores
achieved on the test dataset.

To compare the LSTM to the flurry of other approaches possible, we partook in the
Physionet 2017 challenge (Clifford et al., 2017). The 2017 challenge was to classify single-
lead electrocardiograms (ECGs) into one of four classes. Details of the dataset are provided
in table 3.4.

Table 3.4 Details of the Physionet 2017 dataset

Number of ECG recordings 12,186
(8,528 available for training)

Classes (number of patients) normal (5,076)
atrial fibrillation (758)
other (2415)
noisy (279)

Resolution 300 Hz
Recording duration [min,max] [9s,61s]
Number of inputs 1

In this challenge, we endeavoured to find the best possible structure of an LSTM for the
provided dataset. The following sections introduce contemporary techniques for improving
neural networks that have not yet been introduced in this thesis.

3.3.2 Batch normalization

Standardizing or whitening input data has long been known to improve convergence rates of
gradient-based optimization methods (LeCun et al., 2012). Ioffe and Szegedy (2015) go one
step further to show that normalizing the pre-activations in each layer of a neural network
over the minibatch of inputs greatly improves deep neural network convergence rates.
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For a pre-activation x ∈ Rd , with d the size of the layer, the batch normalization transfor-
mation is

BN(x;λ ,β ) = λ ⊙ x− Ê[x]√
V̂ar[x]+ ε

+β , (3.12)

where ε ∈R provides numerical stability. To maintain the representational capacity of neural
networks, learnable parameters λ ∈ Rd and β ∈ Rd are introduced to determine the mean
and standard deviation of the normalized activation. The division should be understood to
proceed element-wise. The dataset statistics E[x] and Var[x] are estimated by the sample
mean Ê[x] and sample variance V̂ar[x] of the current minibatch. At test time, the statistics
are typically estimated based on the entire training set.

A feedforward neural network has layer activations

y = φ(Wx+b), (3.13)

where φ is a nonlinear activation function applied element-wise. With batch normalization
this becomes

y = φ(BN(Wx)), (3.14)

where, the bias term is made redundant by the β parameter of batch normalization. Cooijmans
et al. (2016) extended this to the LSTM such that

i
o
f
g

= σ

(
BN(Uht−1;λh,βh)+BN(Wxt ;λx,βx)+b

)

ct = f⊙ ct−1 + i⊙ tanh(g)

ht = o⊙ tanh
(

BN(ct ;λc,βc)
)
, (3.15)

where U∈R4d×d is the concatenation of all the gate hidden weight matrices c[Ui,Uo,U f ,Ug]

and U∗ ∈ Rd×d . Similarly W ∈ R4d×s is the concatenation of all the gate input weight
matrices c[Wi,Wo,W f ,Wg] and W∗ ∈ Rd×s. In practice, βh = βx = 0 to allow the existing
parameter b to account for both biases.

In addition to decreasing the convergence time of models, batch normalization also acts
as a regularizer. You can often use batch normalization instead of dropout because it adds
both additive and multiplicative noise to the hidden units at training time (Goodfellow et al.,
2016, §17.2).
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3.3.3 Truncated back-propagation through time

The training of recurrent neural networks is difficult because the gradients tend to vanish
or explode as a result of the multiplications through time. Sutskever (2013) proposed a
variant of back-propagation where every k1 steps the back-propagation algorithm is run for
k2 steps. This allows the number of steps k2 the gradient has to be passed through to be small
enough to prevent gradient problems. Long-term information is still retained by having the
hidden states developing forward in the sequence as per usual. The technique is known as
truncated back-propagation through time (TBPTT). LSTMs already mitigate the vanishing
and exploding gradient problem to some extent, however, but the TBPTT technique results in
multiple parameter updates for a single pass through a sequence. In turn, this could allow
LSTMs to have quicker convergence rates.

3.3.4 Dark knowledge

When training neural networks for classification, we usually use “hard” one-hot encoded
labels (e.g., y = [0,0,1,0]). This teaches the model to assign labels with high probability,
which could be detrimental if the labels are incorrect, or if there is some overlap between
classes. Hinton et al. (2015) proposed a technique to distil knowledge from a teacher network
to a student network by means of “soft” labels. Generally, neural networks produce class
probabilities p(yi) by using a softmax function on the final layer logits z

p(yi) =
exp(zi/τ)

∑ j exp(z j/τ)
(3.16)

where the temperature τ = 1. Higher values of τ result in “softer” probability distributions
over the classes. The proposed technique entails training a teacher network with a high
temperature. A student network is then trained with the same temperature, but the targets are
the softmax outputs produced by the teacher network for each data point. After the student
network has been trained it uses a temperature of 1. Dark knowledge was coined to refer to
the “hidden” knowledge inside the teacher network.

This technique not only allows models to generalize better, it also allows smaller (distilled)
networks to learn from larger (cumbersome) networks and yield similar performances. In
our case this is particularly beneficial because we have an abundance of computational
resources (multiple GPUs) during training time, but are severely limited at testing time2. This
allowed us to train large models, and distil the knowledge to networks that would fit within

2Online submissions were evaluated with a single CPU core, 2GB of RAM, and a maximum of 2×1011

CPU instructions per data point.
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the computational constraints of the Physionet 2017 challenge. We implemented a slight
variation of dark knowledge, where we replace “hard” labels with “soft” labels if the “soft”
labels produced by the teacher network were correct. τ = 5 was used in all experiments.

3.3.5 Results

For all the benefits of the Physionet challenge, evaluating a model on the challenge server is
arduous, and a maximum of five model submissions can be made per month. Hence, we only
submitted models that showed promising results on our own randomly selected validation
dataset. Before training each model variation a random 10% of the training data points were
separated to create the validation dataset.

Generalization proved to be the biggest challenge on this dataset, which was most likely a
result of the relatively small dataset for the objective. Models achieved high F1 scores on the
training, demonstrating that learning from this data is possible. Deep learning techniques have
been known to suffer from overfitting if there is limited data (Goodfellow et al., 2016). As the
reader will notice, most of the model tuning was aimed at improving model regularization.

A common approach to increase the model generalization is data augmentation (Goodfel-
low et al., 2016). This process increases the size of the training data by transformed versions
of the original data. These transformations do not affect the relevant properties of the data, for
example, arbitrary rotations are commonly used for image datasets. For electrocardiogram
(ECG) signals, this is slightly trickier. One technique is to add Gaussian noise to the ECG
signals, which are naturally quite noisy. Another data augmentation approach is to start the
sequence segmentation from different locations. This creates additional data points that have
been shifted in time for the model to be able to “see” data points starting and ending with
different conditions.

Zhang et al. (2017) argued that modern optimizers, such as Adam (Kingma and Ba, 2015)
and RMSProp (Hinton et al., 2012) could exacerbate overfitting due to their per-parameter
adaptive learning rates. Experimentation with standard stochastic gradient descent and
Nesterov accelerated momentum (Bengio et al., 2013) on our models did not improve model
generalization, and the Adam optimizer yielded better accuracies.

In table 3.5 we summarize the empirical design choices. Bold options depict the best
settings. Experimental details are provided in Appendix B. For all of the models, we decayed
the learning rate by a factor of 10 when the training loss decreased by less than 10−3 over 5
epochs.

Of the design choices listed in table 3.5, the best performing models on the validation
dataset were submitted for evaluation on the Physionet Challenge server. The F1 scores (eq.
3.9) achieved on our validation set and the Physionet test set are listed in table 3.6. Details of
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Table 3.5 LSTM design choices

Feature Options Comment

Segmentation
length

500, 1000, 1500 Longer sequences were found better for detect-
ing atrial fibrillation and a sequence length of
1000 provided the best balance for all the classes.

Number of units 64, 128, 256, 300,
512

Wider models provided sufficient capacity whilst
generalizing well. 512 was the largest layer that
could fit on the test machine.

Number of layers 1, 2, 3 Deeper models did better on the noise class but
had a slightly worse performance overall.

Dropout 0.5, 0.2, 0.1, 0.05,
0.0

No dropout made training harder and so did high
dropout percentages.

Weight decay 1e-3, 1e-4, 1e-6, 0 No weight decay yielded the best results. Weight
decay would often lead to the production of in-
valid loss values.

Batch normaliza-
tion

on, off This strongly regularized the model and wors-
ened the overall score. Owing to the calculation
of minibatch statistics at each time step, this
proved too computationally expensive during
training.

TBPTT k1 = k2 = 250,
500, 1000

As expected, this improved convergence speed
slightly, but marginally reduced accuracy.

Dark knowledge same size teacher,
larger teacher

This technique always improved results and
made training of the student network easier. Best
results were achieved with a 1x1024 hidden layer
teacher network and a 1x128 student network.

Gaussian data
augmentation

σ2 = 0.05, 0.1,
1.0

Augmenting the dataset with Gaussian noise
added copies of the data improved regulariza-
tion of the model, and marginally improved the
scores.

Shifted data aug-
mentation

on, off This exacerbated overfitting. This is a good sign,
indicating that the LSTM automatically learns
to be agnostic to the initial conditions of the
sequence.
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each model are provided in the first column. Validation dataset scores are the best values
obtained over 300 training epochs and the same model was used for the test dataset. All
the models reported here used Adam as the optimizer with a learning rate of 0.001. The
subsequence length was 1000 and dropout was set to 0.1.

Table 3.6 Physionet 2017 challenge results

Model description Valid F1 Test F1

1x512 0.664 0.710
2x128, batch normalized 0.674 0.713
1x512, soft labels from 512 teacher 0.690 0.730
1x300, soft labels from 512 teacher 0.682 0.737
1x512, soft labels from 1024 teacher, Gaussian data augmentation 0.694 0.743

The results demonstrate how beneficial dark knowledge was for this challenge. A good
validation set F1 score did not always translate into a good test F1 score. The difficulty with
overfitting becomes clear when we compare the validation set scores to the test set scores.
Usually, the validation score is expected to be higher than the test score because the test
dataset is larger. In this case, there was a large difference between the training and validation
scores, and the test scores ended up being slightly higher than the validation scores.

The Physionet 2017 challenge winner had an F1 score of 83. The top models included an
LSTM combined with a gradient boosted tree (Teijeiro et al., 2017), an Adaboost cascaded
binary classifier (Datta et al., 2017), random forests (Zabihi et al., 2017), and a combination
of convolutional neural networks, LSTMs, and gradient boosted trees (Hong et al., 2017).
All of the mentioned approaches used medical expert selected features as input to the models.
Clever feature extraction can allow models to generalize better when the dataset is small.
Moreover, the best performing deep learning models were combined with “shallow” models,
such as gradient boosted trees, that are good for small data scenarios (Chen and Guestrin,
2016).

Hand-crafted features bolster the classification performance of deep learning techniques,
but they sacrifice the strength of deep learning models as feature constructors. With enough
data, deep learning may provide a meaningful and more data-driven approach to patient
monitoring. This could identify new shared mechanisms that would otherwise be obscured by
ad hoc historical definitions of disease. Thus, by re-evaluating data without our assumptions,
deep learning could reveal novel medical insights (Ching et al., 2018).

The promise of LSTMs is demonstrated by their ubiquity among the top performing
approaches for the Physionet 2017 challenge. It is clear that we are still at a stage where the
combination of LSTMs, shallow models, and feature extraction outperforms an LSTM-only
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approach for medical problems such as this challenge. It could be that the groundbreaking
solution for LSTMs, analogous to the one found for CNN’s (Krizhevsky et al., 2012), has not
yet been engineered, meaning that standard machine learning approaches such as random
forests, still prevail. However, LSTMs still have many benefits to be exploited for biological
time series. We explore one such benefit in the next section.

3.4 Obtaining uncertainty measures for LSTMs in medicine

Recurrent neural networks (RNNs) have shown promising results on temporal medical data
(Choi et al., 2016a; Harutyunyan et al., 2017; Jagannatha and Yu, 2016; Lipton et al., 2015b).
However, when classifying or predicting with RNNs, classical approaches don’t provide us
with a measure of uncertainty. In most real-life scenarios, knowing what a machine learning
model doesn’t know is of utmost importance, especially when the model provides guidance
to medical practitioners. Medical diagnosis models might consistently classify with high
confidence, even in cases where they should flag difficult examples for human intervention.
Such incorrect diagnoses could prevent adoption of these models in practice.

Comment: One may wonder whether the probabilities produced by the softmax function,
often used during multi-class classification, already provide us with an estimate of the
uncertainty. The softmax function only provides us with a measure of the uncertainty
there is among the different possible classes and not the uncertainty among different
input data points (Gal and Ghahramani, 2016a; Kendall et al., 2015). Say, for example,
we train a model to classify between images of cats and dogs. When we show this model
an image of an apple, the model might assign a higher probability to the dog class, but
we would like to know the uncertainty the model has in classifying the image of the
apple compared to the uncertainty in classifying an image of a cat or dog.

Bayesian probability theory offers a mathematically grounded technique to reason about
model uncertainty (Gal and Ghahramani, 2016a). Earlier studies have explored the benefits
of Bayesian techniques in medicine (Ghassemi et al., 2015; Guiza Grandas et al., 2006;
Kononenko, 2001; Mani et al., 2014; Meyfroidt et al., 2009). However, these proposals
do not harness the representative power exhibited by deep learning (Ongenae et al., 2013).
Fortunately, some successful efforts have been able to frame neural networks in a Bayesian
manner (MacKay, 1992b; Neal, 1995), but these techniques are often accompanied by a
prohibitive computational cost. Recently Gal and Ghahramani (2016a) proposed a technique
that allows standard neural networks to produce Bayesian uncertainties.
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To start explaining how standard neural networks can be made Bayesian, we have to start
with dropout. Recall that dropout is a regularization technique commonly used in neural
networks to prevent overfitting and co-adaption of features (Srivastava et al., 2014). This is
achieved by randomly setting the activations of units in the neural network to zero (dropping)
with some specified probability p. The standard approach is to rescale the weights at test
time by the keep probability 1− p, known as weight averaging.

Rather conveniently, dropout can be used as approximate Bayesian inference over the
weights of a network. This is achieved by sampling from the network with random units
removed (dropped) at test time. These are empirical samples from the approximate posterior
over the weights. Monte Carlo estimation can be used to find the predictive mean, giving
rise to the name Monte Carlo dropout. In this setting, the network does not require any
additional parameters and a Bernoulli approximating distribution is imposed over the weights.
Monte Carlo dropout has successfully been implemented for recurrent neural networks (Gal
and Ghahramani, 2016b; Sennrich et al., 2016), but the benefits have yet to be demonstrated
in the medical domain. Next, we describe in a little more detail how Monte Carlo dropout
can be used to form Bayesian neural networks.

3.4.1 Bayesian neural networks

First, some preliminaries. Given training inputs X = {x(1), ...,x(N)} and their corresponding
outputs Y = {y(1), ...,y(N)}, a neural network, parametrized by ω , can be formulated as y =

f ω(x). This allows us to define a likelihood distribution p(y|x,ω), which for classification
tasks is the softmax likelihood

p(y = d|x,ω) =
exp( f ω

d (x))
∑d′ exp( f ω

d′ (x))
(3.17)

Given this formulation, we closely follow Gal and Ghahramani (2016a) to explain neural
networks in a Bayesian framework. We start with Bayes’ theorem

p(ω|Y,X ) = p(Y|X ,ω)p(ω)

p(Y|X ) , (3.18)

which provides us with the posterior over the parameters p(ω|Y,X ). To classify a new input
and output pair (x′,y′), we integrate out the parameters

p(y′|x′,X , Y) =
∫

p(y′|x′,ω)p(ω|Y,X )dω. (3.19)
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The true posterior p(ω|X ,Y) is usually hard to evaluate because it requires taking expec-
tations with respect to complicated distributions. Instead, we define an approximating
variational distribution qθ (ω), parametrized by θ , with a structure that is easy to evaluate.
At test time we can now use Monte Carlo integration over the approximate posterior to get
an estimate of the prediction

p(y′|x′,X ,Y)≈ 1
k

k

∑
i=1

p(y′|x′, ω̂(i))−−−→
k→∞

∫
p(y′|x′,ω)qθ (ω)dω (3.20)

where ω̂(i) ∼ qθ (ω), and k is the number of Monte Carlo samples. For a neural network with
a specific qθ (ω) eq. 3.20 can be realized by applying dropout during test time and computing
the average of the k stochastic forward passes (Monte Carlo dropout). Thus, dropout provides
a means of obtaining an approximate posterior predictive. Note the difference between this
and weight averaging mentioned at the start of section 3.4.

For this approach to work, the approximate posterior qθ (ω) should be as close as
possible to the true posterior p(ω|X ,Y). The Kullback-Leibler (KL) divergence (Kullback
and Leibler, 1951) provides a measure of the similarity between distributions which we can
minimize to have qθ (ω) accurately approximate the true posterior

KL(qθ (ω)||p(ω|Y,X )) =
∫

qθ (ω) log
qθ (ω)

p(ω|Y,X ) dω. (3.21)

Unfortunately evaluating p(ω|Y,X ) is hard since it requires evaluating the intractable nor-
malization constant p(Y|X ). However, the unnormalized distribution p̃(ω) := p(ω,Y|X ) =
p(ω|Y,X )p(Y|X ) is tractable to compute. We can minimize the KL divergence between
qθ (ω) and p̃(ω) which leads to the following set of equations

J(θ) =
∫

qθ (ω) log
qθ (ω)

p̃(ω)
dω

=
∫

qθ (ω) log
qθ (ω)

p(Y|X ,ω)p(ω)
dω

=
∫

qθ (ω) log
qθ (ω)

p(ω)
dω−

∫
qθ (ω) log p(Y|X ,ω)dω

= KL(qθ (ω)||p(ω))+Eqθ (ω)[− log p(Y|X ,ω)]. (3.22)

Since the KL divergence is always non-negative, the objective J(θ) is an upper bound on
the negative log-likelihood (second term), which we would like to minimize. Thus, by
minimizing the upper bound we perform what is known as variational inference (Murphy,
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2012, §21.2), with the objective

JV I(θ) = KL(qθ (ω)||p(ω))+Eq[− log p(Y|X ,ω)]≥− log p(Y|X ). (3.23)

We can approximate the negative log-likelihood term as follows

Eqθ (ω)[− log p(Y|X ,ω)] =−
N

∑
n=1

∫
log p(y(n)|x(n),ω)qθ (ω)dω

≈−
N

∑
n=1

log p(y(n)|x(n), ω̂(n)), (3.24)

where the integral over qθ (ω) is approximated with a single sample ω̂(n) ∼ qθ (ω), which is
an unbiased estimator (Gal and Ghahramani, 2016a). We are left with a Monte Carlo estimate
of the variational objective

JMC(θ) =−
N

∑
n=1

(
log p(y(n)|x(n), ω̂(n))

)
+KL(qθ (ω)||p(ω)) (3.25)

where EX ,Y,ω [JMC(θ)] = JV I(θ).
Neural networks are usually trained by minimizing the negative log-likelihood and the

L2-norm of the weights (weight decay)

Jdrop(ω) =− 1
N

N

∑
n=1

(
log p(y(n)|x(n),ω)

)
+λ ∥ω∥2

2 , (3.26)

where λ is a value chosen ahead of time and controls the strength of our preference for
smaller weights. With dropout, a single sample of the weights ω̂(n) ∼ qθ (ω) is used in the
summand, as in eq. 3.24. Here the approximate posterior is given by

qθ (ω) :=
∫

qθ (ω|ε)p(ε)dε, (3.27)

with

qθ (ω|ε) = δ (ω−g(θ ,ε))

g(θ ,ε) = {diag(ε(l))M(l),b(l)}L
l=0, (3.28)

where θ = {M(l),b(l)}L
l=0 are the deterministic parameters for a neural network with L hidden

layers and ε(l) is a vector of binary random variables which take value 0 with probability
p(l) – the dropout probability. Thus, p(ε(l)) is a product of Bernoulli distributions with
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probabilities 1− p(l), from which a realization would be a vector of zeros and ones. Note
that the first terms of eq. 3.26 and eq. 3.25 are the same apart from a scaling factor N. By
approximating q

θ
(l)
r
(ω

(l)
r |ε(l)r ) for each row r of the weight matrix on layer l as a narrow

Gaussian, Gal (2016, §3.2.2) showed that the gradients of the objectives JMC(θ) and Jdrop(θ)

are related as3

1
N

∂

∂θ
JMC(θ) =

∂

∂θ
Jdrop(θ) (3.29)

if
∂

∂θ
KL(qθ (ω)||p(ω)) =

∂

∂θ
Nλ ∥ω∥2

2 (3.30)

and eq. 3.30 holds if we set the model prior to p(ω) =N (0,I/ℓ2), where

ℓ2 =
2Nλ

1− p
(3.31)

with p as the dropout probability.
We can now proceed with the standard neural network (eq. 3.26) to obtain model un-

certainties. At test time, probability vectors from k stochastic forward passes are collected.
Classifications are determined by averaging the probabilities over k as in eq. 3.20. Although
the Monte Carlo dropout approach is computationally more expensive than the standard
approach, it is highly parallelizable due to the samples being independent. Predictive entropy
(Gal, 2016, §3.3.1) can then be used to obtain a measure of uncertainty

H[y′|x′,X ,Y] :=−∑
c

(
1
k

k

∑
i=1

p(y′ = c|x′, ω̂(i))

)
log
(

1
k

k

∑
i=1

p(y′ = c|x′, ω̂(i))

)
−−−→
k→∞

−∑
c

(∫
p(y′ = c|x′,ω)q∗(ω)dω

)
log
(∫

p(y′ = c|x′,ω)q∗(ω)dω

)
≈−∑

c
p(y′ = c|x′,X ,Y) log p(y′ = c|x′,X ,Y), (3.32)

where q∗(ω) is the optimum of eq. 3.25 and ω̂(i) ∼ q∗(ω). Classes are represented by c.
The predictive entropy will reach its minimum value (zero) when one class has probability 1.
Next, we describe the Bayesian neural network extended to LSTMs.

3The dropout objective has been reparametrized.
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3.4.2 Bayesian LSTMs

In this section we closely follow Gal and Ghahramani (2016b) to formulate Bayesian LSTMs.
We start with the definition of an LSTM (similar to eq. 2.3)

i,o, f = σ(Ui,o, f ht−1 +Wi,o, f xt +bi,o, f )

ct = f⊙ ct−1 + i⊙ tanh(Ucht−1 +Wcxt +bc)

ht = o⊙ tanh(ct). (3.33)

We can re-write the operation as a function of fh
4:

ht = fh(xt ,ct−1,ht−1)

= σ(Uoht−1 +Woxt)⊙ tanh
(

σ(U f ht−1 +W f xt)⊙ ct−1

+σ(Uiht−1 +Wixt)⊙ tanh(Ucht−1 +Wcxt)
)
, (3.34)

where ct−1 is the vector of hidden unit memories from the previous time step and is deter-
mined by a recursive function on ht−2. The output can be defined as fy(hT ) = WyhT . The
LSTM could be framed as a probabilistic model by regarding the weights, ω = {W∗,U∗}
to be random variables (following Gaussian prior distributions). From here we write the
functions as f ω

h and f ω
y to denote the dependence on ω . With the described framework,

log-likelihood for a single input and output pair (x,y) becomes

−
∫

log p(y| f ω
y (hT ))q(ω)dω =−

∫
log p

(
y| f ω

y ( f ω
h (xT ,cT−1,hT−1))

)
q(ω)dω

=−
∫

log p
(

y| f ω
y ( f ω

h (xT ,cT−1, f ω
h (... f ω

h (x1,c0,h0)...)))
)

q(ω)dω, (3.35)

with h0 = c0 = 0. As in eq. 3.24 we approximate the integral with a single sample ω̂(i)∼ q(ω)

for the approximate variational minimization objective to become

J(q)≈−
N

∑
n=1

log p
(
y(n)| f ω̂(n)

y ( f ω̂(n)

h (x(n)T ,cT−1, f ω̂(n)

h (... f ω̂(n)

h (x(n)1 ,c0,h0)...)))
)

+KL(q(ω)||p(ω)). (3.36)

4We omit biases for brevity
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According to eq. 3.29 this objective is the same as our standard LSTM objective scaled by
the number of data points N

JLST M(ω) =− 1
N

N

∑
n=1

log p
(
y(n)| f ω̂(n)

y ( f ω̂(n)

h (x(n)T ,cT−1, f ω̂(n)

h (... f ω̂(n)

h (x(n)1 ,c0,h0)...)))
)

+λ ∥ω∥2
2 . (3.37)

Owing to the derivatives of the variational objective and the LSTM objective being the same
(eq. 3.30), our LSTM has now been shown to be Bayesian. Evaluating the model output
f ω̂
y (·) with sample ω̂(n) corresponds to randomly zeroing (masking) columns in the weight

matrices W∗ and U∗ during the forward pass – i.e., performing dropout.

Gal and Ghahramani (2016b) recommends sampling a single realization {Ŵ(n)
∗ , Û

(n)
∗ } for

each sequence x(n)1:T such that the same function f ω̂(n)

h is applied to each sequence entry x(n)t .
This means that the same dropout mask should be applied to the network units at each step
and is referred to as variational dropout. However, standard practice for LSTMs, has been
to apply different dropout masks at each step t with ω̂

(n)
1 , ..., ω̂

(n)
T ∼ q(ω). To distinguish

between the two forms of dropout we refer to this standard approach as naive dropout.
We evaluated the efficacy of both naive and variational dropout on various datasets. When

using naive dropout the LSTM minimization objective can be written as

JLST M(ω) =− 1
N

N

∑
n=1

log p
(
y(n)| f Ŵ

(n)
y

y ( f ω̂
(n)
T

h (x(n)T ,cT−1, f
ω̂
(n)
T−1

h (... f ω̂
(n)
1

h (x(n)1 ,c0,h0)...)))
)

+λ ∥ω∥2
2 , (3.38)

where T is the sequence length and ω̂
(n)
t = {Ŵ(n),t

i,o, f , Û
(n),t
i,o, f } are the realizations of the weights

at each time step t as a result of dropout. A comparison of these approaches is provided in
section 3.4.4, but first, we introduce three new datasets.

3.4.3 Datasets

Three new datasets were used for experiments with the Bayesian LSTM.

MNIST

A popular machine learning benchmark dataset is the MNIST handwritten digit dataset
(LeCun, 1998). The dataset consists of 55,000:5,000:10,000 train:validation:test images,
with pixel values x ∈ [0,1]28x28 as provided by Tensorflow (Abadi et al., 2015). When
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analysing images with LSTMs the pixels are processed in scanline order (Cooijmans et al.,
2016). In our analysis, the MNIST dataset provided assurance that the model performed as
intended.

MIT-BIH Arrhythmia

Another easy-to-interpret dataset is the MIT-BIH arrhythmia dataset (Goldberger et al., 2000;
Moody and Mark, 2001). The dataset comprises 48 half-hour electrocardiogram (ECG)
recordings from 47 patients on two channels. Channel 2 had greater variation in the leads
and more noise than channel 1, thus only the recordings on channel 1 were used. These
single-lead ECG signals were filtered using a bandpass finite impulse response filter, with
high- and lowpass frequencies of 3 Hz and 45 Hz. Single heartbeats were then extracted from
the longer, filtered signals by means of the Hamilton QRS detector (Hamilton, 2002). Both
the filtering and heartbeat segmentation was performed using the BioSPPy package (Carreiras
et al., 2015) in Python 3. Of the various heartbeat categories, we include only those from the
four categories that are best represented over different patients in the dataset. The patients
were randomly split to have heartbeats from 33 train-, 5 validation-, and 9 test-patients (a
ratio of 70:10:20). An acceptable split was considered to have all classes in each set contain
at least 0.9γ×smallest-class-size data points, where γ is the split-fraction (0.7, 0.1, or 0.2).
Further details of the dataset are provided in table 3.7.

Table 3.7 Details of the MIT-BIH arrhythmia dataset

Number of patients 47 (22 females)
Age range 23 to 89
Classes normal beat

right bundle branch block beat
paced beat
premature ventricular contraction

Measurement resolution 360 Hz
Chosen segment lengths 216 time steps (single beat)
Number of data points 89,670
Average recording duration 30m
Input signals single-lead ECG signal

Physionet 2016 challenge

Section 3.3 introduced the Physionet/Computation in cardiology challenge. Here we intro-
duce the phonocardiogram dataset of the Physionet 2016 challenge (Clifford et al., 2016; Liu
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et al., 2016). This comprehensive dataset was recently collected, is multi-centre, and has
been analysed in multiple studies. Details of the dataset are provided in table 3.8.

What makes this dataset interesting, are the long- and short-term dependencies, which
make accurate classification difficult. Moreover, being able to accurately detect heartbeat
arrhythmias from phonocardiograms is an extremely important problem to solve, especially
for developing communities (Springer et al., 2016).

Among the top performing techniques for the 2016 challenge were convolutional neural
networks, random forests, regularized neural networks, and an ensemble of support vector
machines (Clifford et al., 2016). The winning team had a score of 0.860 and used expert
feature extraction techniques with Adaboost and CNNs as the classifier (Potes et al., 2016).
The runner-up had a score of 0.859. They also used feature extraction, but did not segment
the signal and made use of an ensemble of 20 neural networks (Zabihi et al., 2016). This
score, provided by the online evaluation, is based on sensitivity (eq. 3.1) and specificity (eq.
3.2) (Clifford et al., 2016).

Table 3.8 Details of the Physionet 2016 dataset

Number of heart sound recordings 4,430 (3,126 available for training)
Classes normal

abnormal
Measurement resolution 2 kHz
Analysed resolution 1 kHz
Chosen segment lengths 1000 time steps (1s)
Recording duration [min,max] [7s,287s]
Number of inputs 1

The first step in our preprocessing of the phonocardiograms (PCGs) was to normalize
each signal independently to have zero mean and unit variance, in order to minimize the
changes required in weight values of the LSTM during training. The second step was to
decimate each signal to 1 kHz. Owing to LSTMs being difficult to train on extremely long
sequences (Neil et al., 2016), the third step was to segment the signals into subsequences
with a length of at most 1,000 time steps. Because the test set is already provided by the
challenge, we construct a validation set from a random 10% of the subsequences obtained
from each recording, and use the remainder for training.

Although only two classes were provided in the training data, classifying a signal into a
third class, noisy, was allowed and would result in less of a penalty on a participants score
compared to an incorrect classification. Essentially this allows the model to indicate when
it’s too uncertain about the data point to be able to classify it, which is a built-in feature of
our Bayesian LSTM!
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The uncertainty threshold for new samples is determined by first collecting the probability
vectors of k stochastic forward passes over the combined train and validation dataset. The
first and second moments of the predictive entropy (eq. 3.32) are then calculated

µV I =
1
N

N

∑
n=1

Hk[y(n)|x(n),X ,Y]

σ
2
V I =

1
N

N

∑
n=1

(Hk[y(n)|x(n),X ,Y]−µV I)
2, (3.39)

where N indicates the number of data points and Hk[·] denotes that the predictive entropy
is computed over k stochastic forward passes. A new data point will yield an uncertain
classification (noise class) when

Hk[y′|x′,X ,Y]> µV I +3
√

σ2
V I. (3.40)

3.4.4 Results

Before comparing the efficacy of Bayesian LSTMs to standard LSTMs for medical data, we
analysed the naive and variational dropout approaches. We reiterate that for the variational
approach each epoch represents a single sample (dropout mask) of the weights. For the naive
approach, each epoch sees multiple different weight samples for the same input sequence.
For this comparison two identical LSTM models were trained on the MNIST dataset (section
3.4.3) for 120 epochs, each with a single hidden layer of 256 units, a dropout of 0.1, and
weight decay set to 10−7. Adam was used for optimization with a learning rate of 0.001.

On MNIST, we found it impossible to successfully train a model with variational dropout
applied to the hidden and input layers, whereas naive dropout could be trained successfully.
The reason could be that MNIST sequences, as many of the sequences analysed here, have
single inputs. With variational dropout applied to the input layer, the single input could be
removed for all time steps, and the model would see a sequence of zeros as input. Thus, for
the variational and naive approaches, we apply dropout to only the hidden activations that are
propagated to succeeding layers or time steps. In this regime, the variational approach would
still occasionally fail catastrophically. Dropping the same activations for all time steps could
have detrimental effects; for MNIST, where there are long subsequences of zeros, dropping
the activations responsible for long-range dependencies could lead to zero gradients. We
found that using a smaller weight decay factor alleviates this issue to some extent. For the
results reported here, we retrained the variational dropout LSTMs if they completely failed
to learn.
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Fig. 3.3 Hidden activation distributions for the naive and variational dropout approaches. From top
to bottom, the graph lines represent the maximum, 93rd , 86th, 69th, 31st , 14th, 7th percentiles, and
the minimum. The output values exceed the (-1,1) range due to the Tensorflow implementation of
dropout scaling the activations by 1/(keep probability) during training (Abadi et al., 2015).

Hidden unit activations ht on each layer can act as a proxy for the post-dropout sampled
weights with each forward pass. By observing the activation distributions, we can learn
about the effect of each dropout approach on the weight distributions. Before starting each
epoch, we collected the hidden unit activations hl

1:T on layer l for a single forward pass on
a hand-picked input sequence. Note that for both naive and variational dropout the same
arbitrary input sequence was used. In figure 3.3 the distributions of the activations are plotted
over epochs for both dropout approaches. The similar activation distributions at the end of
training explain why both approaches achieve similar accuracies (table 3.9).

We analysed multiple hidden activation distributions for different hyperparameters. The
analysis showed that both approaches result in similar models, but their weight exploration
differs. A common characteristic, as seen in figure 3.3, was that activations for the variational
dropout approach would quickly span the entire space, whereas activations for naive dropout



48 Medical applications

would only reach the maximum and minimum values a few epochs into training. The
variational approach would also reach a distribution close to the final distribution at a
relatively early stage compared to the naive approach. This could explain why the variational
approach would occasionally fail – it seems to be less forgiving than the naive approach.

We analysed the Bayesian LSTM on multiple datasets – the traumatic brain injury (TBI)
(section 3.2.2), MNIST, MIT-BIH, and Physionet 2016 datasets (section 3.4.3). Results
along with model hyperparameters are listed in table 3.9. All models were trained with
Adam at a learning rate of 0.001 and with weigth decay set to 10−7. By guidance of Gal and
Ghahramani (2016a) and Kendall et al. (2015) we used 30 samples for Monte Carlo dropout
in the Bayesian LSTM. We would like to emphasise that the models were identically trained,
the only difference was the use of statistics from 30 stochastic forward passes during testing
for the Bayesian LSTM. The variational LSTMs were trained using variational dropout.

Table 3.9 Model accuracies for the Bayesian LSTM comparison

Dataset layers dropout LSTM variational
LSTM

Bayesian
LSTM

variational
Bayesian
LSTM

MNIST 256 0.1 0.9885 0.9858 0.9890 0.9870
Physionet 2016 a 2x128 0.25 0.7780 – 0.7980 –
MIT-BIH 128 0.2 0.8740 0.8783 0.8798 0.8820
TBI 128 0.3 0.8619 – 0.8723 –

aOnline score based on sensitivity and specificity (Clifford et al., 2016), not accuracy.

From the results, it is evident that Bayesian LSTMs yield accuracies at least as good as
standard LSTMs. For the best model on the Physionet dataset, the sensitivity and specificity
values obtained were 0.675 and 0.88 for the standard LSTM, and 0.707 and 0.889 for the
Bayesian LSTM. Accuracies obtained for the MNIST dataset are similar to those found in
Cooijmans et al. (2016) (0.989) and Zhang et al. (2016) (0.981).

We scored slightly lower than the best results of the official Physionet 2016 challenge.
This is believed to be a result of the computational constraints enforced by the online
evaluation. The virtual machine used for evaluation had a single CPU core and 2GB of
RAM. Additionally, the model is allowed only 2 x 1011 CPU instructions per phonocardio-
gram recording. By deep learning standards, this is a significant constraint – most current
implementations use GPUs.

LSTMs easily cope with multivariate inputs, thus the univariate nature of phonocardio-
grams could be enriched by additional inputs, such as extracted temporal features. The best
performing approaches for the Physionet 2016 challenge employed expert feature extraction
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techniques (Clifford et al., 2016). However, as argued in chapter 1, using machine learning
to discover relevant representations could lead to better performance than can be obtained
from hand-designed features (Goodfellow et al., 2016; He et al., 2015), which is the general
aim of this work.

An interesting result is that on our smallest dataset, the traumatic brain injury (TBI)
dataset (12,473 data points), we see a larger increase in accuracy when using Bayesian
LSTMs. This agrees with the work by Kendall and Gal (2017), which showed that smaller
datasets gain more from Monte Carlo dropout than large datasets. With larger datasets, the
uncertainty is explained away by the sheer number of data points. Thus, Monte Carlo dropout
is particularly beneficial to medical datasets, which if labelled by experts, are typically small.

On some of the datasets, we also compared the accuracies of the variational and naive
dropout approaches. The variational approach yielded a significantly better accuracy on the
MIT-BIH dataset but yielded lower accuracies for the MNIST dataset. Whether variational
dropout is better than naive dropout remains inconclusive, and it appears to be problem-
dependent. In the rest of our work, unless otherwise specified, we used naive dropout, since
this is the standard implementation for LSTMs (Abadi et al., 2015; Gal and Ghahramani,
2016b; Zaremba et al., 2014).

In addition to increased accuracy, the Bayesian approach also provides a measure of
uncertainty. In figure 3.4 we juxtapose data points from the datasets analysed, for which the
Bayesian LSTM (naive dropout) yielded the most confident and most uncertain classifications.
From the figure it is clear that the model is uncertain about abnormal data points, such as an
abnormally wide QRS complex (Kashani and Barold, 2005) in ECG signals (figure 3.4a),
incomplete digits (figure 3.4b), and phonocardiograms with too low a resolution (figure 3.4c).
We would like to draw attention to the benefit such uncertainties could provide in the medical
domain, where medical practitioners could be queried for additional information when the
model is too uncertain.

Comment: Recurrent neural networks are known to be extremely difficult to train. The
countless experiments, as part of the work in this section, revealed a practical rule of
thumb for applying dropout to LSTMs; the dropout value (1 - keep probability) should
be smaller than 0.3. LSTMs were found to converge to poor optima and even overfit
when using dropout values larger than 0.3.

In essence, this section showed that a simple modification to the way we glean information
from deep learning models can provide us with a vital piece of information – classification
uncertainty. This is especially beneficial to medical data, where knowing what the model
doesn’t know is important. We are aware that crude assumptions were made to frame dropout
as a Bayesian approach, nevertheless, Monte Carlo dropout empirically provided useful



50 Medical applications

uncertainty measures. A more general assumption made up to now is that the subsequences
of a signal all belong to the signal class. It is possible for subsequences of a signal to have a
different meaning to that of the entire signal. In the next section, we describe how LSTMs
could help us circumvent this assumption.

(a) MIT-BIH electrocardiogram (b) MNIST

(c) Physionet 2016 phonocardiogram

Fig. 3.4 Examples of confident classifications (top row of each image) and uncertain classifications
(bottom row) by the Bayesian LSTM. The medical signals displayed have been segmented.
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3.5 Dealing with low-resolution labels

Routinely collected patient healthcare data is approaching the same size and complexity as
that of genomic data (Rajkomar et al., 2018). Despite the abundance of data stemming from
medical monitoring, much of the data is unlabelled. Labelling medical data is expensive
because it requires experts that have been trained for multiple years (Längkvist et al., 2014).
This dearth of true labels is perhaps among the biggest obstacles for machine learning
analysis of medical data (Ching et al., 2018). In this section, we describe how LSTMs could
provide a remedy.

Medical time series belong to a class of data that is prone to low granularity in the
annotations (Längkvist et al., 2014), and these annotations are often incorrect due to human
error. If labelled, these signals have a known final outcome, but the states and transitions of
random subsequences within the signals are unknown. For example, a patient with an overall
healthy outcome who survived cardiac arrest during their 24h stay in an intensive care unit
would have had several periods in their signal indicative of death. As in Oresko et al. (2010)
and Lugovaya (2005), work in previous chapters have attributed such phenomena to noise.
However, there is value in being able to improve the granularity of signal labels by identifying
segments that definitely belong to the assigned crude label, and those subsequences that don’t.
The first step to finding a label for a subsequence is to find a way of comparing subsequences
to each other.

3.5.1 The autoencoder

To find representations of data that could be used for comparison, the deep learning toolbox
provides the well-suited autoencoder. Autoencoders are neural network models that are
trained to learn a representation z of the data x that can be used to reconstruct the data. They
consist of an encoder, z = f enc(x), and a decoder that produces a reconstruction x̂ = f dec(h)
which are often modelled by feedforward neural networks (Goodfellow et al., 2016, chapter
14). The objective of this network is to minimize the squared difference between the original
input and the reconstructions

J =
1
N

N

∑
n=1

∥∥∥x(n)− f dec( f enc(x(n)))
∥∥∥2

2
, (3.41)

with the number of data points denoted by N. This provides a variant of feature selection
similar to that of principal component analysis (PCA) (Hinton and Salakhutdinov, 2006).

Using feedforward neural networks for the encoder and decoder places us back in a
situation that is not suited for sequential data (section 1.2). Instead, we chose LSTMs for



52 Medical applications

the encoder and decoder functions. This is reminiscent of a sequence-to-sequence model
(Sutskever et al., 2014), which we describe in more detail in section 4.2.

When considering the task of clustering subsequences of a coarsely labelled signal we
notice that such a task would only be performed in retrospect. In other words, we know
where the end of each subsequence will be, and could thus analyse the signal from front
to back and from back to front to get a richer hidden representation h1:T . A natural model
for such a problem is the bidirectional LSTM, which generates a hidden state that is the
combination of two LSTMs, one analysing the sequence forwards, and one analysing the
sequence in reversed order (Graves et al., 2013). The hidden state activations of both the
forward and backward LSTMs are concatenated to construct a more informative latent state.

By denoting the LSTM unit function (eq. 3.33) as H we can write the bidirectional
LSTM as

−→
h t =H(U−→h

−→
h t−1 +W−→h xt +b−→h )←−

h t =H(U←−h
←−
h t+1 +W←−h xt +b←−h ). (3.42)

The encoder output is the concatenation of both forward and backward outputs yenc
t =

c[
−→
h t ,
←−
h t ] with

−→
h t ,
←−
h t ∈ Rs and yenc

t ∈ R2s. The decoder takes as input yenc and generates
its own concatenated output ydec. The vector in each time step of the decoder output is then
linearly mapped into the reconstructed output

x̂t = Wrydec
t +br (3.43)

In figure 3.5, we illustrate our autoencoder architecture. The input is encoded into a latent
representation via the forward (green) and backward (blue) LSTM. The latent representation
is then decoded by another bidirectional LSTM with a projection layer (yellow) that linearly
maps the bidirectional LSTM activations to the original input dimensions.

The aim of this model is to generate a rich latent representation. We chose to have a
latent representation that has a higher dimensionality than the input, which is referred to as
an overcomplete autoencoder. Bengio et al. (2007) showed that overcomplete autoencoders
can learn useful representations if they are properly constrained. In order to prevent the
model from learning a trivial identity mapping, we regularise the model by adding noise ε to
the input x̃ = x+ ε and training the model to reconstruct the original input x. This is known
as a denoising autoencoder (Vincent et al., 2008). By carefully choosing the type of noise
added to the input, the model could be made robust to specific unwanted features in the input
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Fig. 3.5 Bidirectional autoencoder model implemented in this study (number of elements in each layer
are arbitrary examples). Time steps are denoted by t for the multivariate time series x. Hypothetical
operations performed by the forward LSTM of the bidirectional LSTM are denoted by green lines,
where operations of the backward LSTM are denoted by blue lines. An encoder generates the latent
representation which is decoded by another bidirectional LSTM with a linear projection layer (yellow
lines). The reconstructed inputs are depicted by the top grid in this diagram. The arrow indicates that
the latent representation is used for clustering after an input has been encoded.

space. The objective of the denoising autoencoder is

J =
1
N

N

∑
n=1

∥∥∥x(n)− f dec( f enc(x̃(n)))
∥∥∥2

2
, x̃(n) = x(n)+ ε, (3.44)

where ε is some predefined noise.
Our model was chosen to have 15 hidden units, which results in a latent dimensionality of

30 outputs ht per time step t. Adam with a learning rate of 0.001 was used for optimization
with a dropout value of 0.2 for additional regularization. Training was stopped when the
objective decreased by less than 10−4 for 15 consecutive epochs.

To further ensure that our model does not simply learn an identity mapping, we visually
inspected the reconstructions to ensure that they are not perfect replicas of the original input.
In figure 3.6 we show an example of the reconstruction for an arbitrary electrocardiogram
signal. Note that the reconstructed signal is not an exact replica of the original signal, but
rather a smoothed version of it.
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Fig. 3.6 Example reconstruction of an electrocardiogram signal using the autoencoder. Gaussian noise
with a zero mean and 0.1 variance was added (middle plot) to a randomly selected 30% of the original
signal (top plot). The reconstructed signal (bottom plot) is not a precise replication of the original
signal, confirming that the autoencoder does not learn a trivial identity mapping.

After successfully training the autoencoder, we can generate good representations for
every data point in our dataset. For visualization and clustering purposes we would then like
to reduce the dimensionality of the latent representations, which is described next.

3.5.2 t-distributed stochastic neighbour embedding

The t-distributed stochastic neighbour embedding (t-sne) method developed by Van Der Maaten
and Hinton (2008) maps high-dimensional data into a low-dimensional (typically 2D or 3D)
manifold and groups similar samples. This technique has recently become one of the most
popular dimensionality reduction tools for visualizations in deep learning. The dimensionality
reduction is achieved by minimizing the divergence between a distribution that measures the
pairwise similarities of the input objects and a distribution that measures pairwise similarities
of the corresponding low-dimensional points in the embedding. Conventional methods for
minimizing the divergence between these distributions scale quadratically with the number
of data points N, which limits their applicability to a few thousand data points. Owing to our
dataset having 106,484 data points, we remedy the computational problem with the Barnes-
Hut approximation of t-sne (Van Der Maaten, 2014). This approximation was implemented
in Python with the code supplied by (Van Der Maaten, 2014).
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For t-sne, a perplexity hyperparameter has to be specified. This loosely guides the balance
of attention between global and local aspects of the data. In a sense, the perplexity is a guess
of the number of close neighbours each point has (Wattenberg et al., 2016). Typical values of
perplexity are between 5 and 50. Empirically we found a perplexity value of 50 to provide
the best results, which met expectations, provided a large number of data points and relatively
small number of foreseen clusters.

A weakness of t-sne is that it is sensitive to data with high intrinsic dimensionality.
However, this is mitigated by performing t-sne on the nonlinear representation produced by
our autoencoder (Van Der Maaten and Hinton, 2008).

With the t-sne method, we decreased the dimensionality of the latent representation z to
two dimensions. After obtaining the low-dimensional representation of the data points, we
proceed to cluster points that are close to each other.

3.5.3 Clustering

The 2D representations were clustered by fitting a Gaussian mixture model (GMM) using
variational inference (Bishop, 2006, §10.2). To infer the number of clusters automatically,
a Dirichlet process was used to sample the random distribution over the parameters of the
GMMs, resulting in what is known as a Dirichlet process mixture model (Blei and Jordan,
2006). The Dirichlet process was constructed using the stick-breaking process, for which the
number of components almost always depends on the data (Murphy, 2012, §25.2.2.1). This
is a good fit for our case as, a priori, we don’t know the number of clusters in the dataset.

We used the BayesianGaussianMixture function of the Scikit-learn package in Python to
implement this clustering technique. The upper bound on the number of clusters (components)
in our implementation was 1,000, much larger than the expected number of clusters. The
concentration hyperparameter was chosen as 1, where a lower value leads to fewer clusters
and vice versa.

After the clusters were determined, the label of the cluster was determined by the mode
of the labels of the data points within each cluster.

ỹa = argmax
c

∑
n∈Sa

I[y(n) = c], (3.45)

where Sa ⊂ {1, . . . ,N} is the subset of indices for which the data points are in cluster a. Thus
it is assumed that data points with a label different to that of their cluster were incorrectly
labelled. These data points were then assigned new labels y′ based on the labels of their
clusters; y′(n) = ỹa if n ∈ Sa, with n = 1, . . . ,N.
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3.5.4 Results

The efficacy of the described labelling approach was evaluated on the MIT-BIH dataset of
electrocardiogram (ECG) signals (section 3.4.3). Seeing that the Hamilton QRS detector
(Hamilton, 2002) does not have perfect accuracy for heartbeat detection on this dataset
(reported sensitivity of 99.74%), there are bound to be incorrectly labelled data points in our
processed dataset. This easy-to-understand problem is exactly what our proposal aims to
solve.

Owing to this being a clustering exercise, we slightly modify the MIT-BIH dataset setup
from that described in section 3.4.3. To provide a wider variety of cluster options, we use
the five most populated heartbeat categories: normal, left bundle branch block, right bundle
branch block, paced, and premature ventricular contraction. Moreover, the heartbeats from
all patients are mixed together to provide better conditions for stochastic gradient descent.

The bidirectional LSTM with 15 hidden units and trained as described in section 3.5.1,
resulted in the latent representation having a dimensionality of 216×30. Empirically, we
found that Gaussian noise N (ε;0,0.1) applied to a random 30% of the entries in each input
sequence produced in the best results.

The 2D t-sne embedding after 10,000 iterations is illustrated in figure 3.7a. Different
classes of heartbeats are well separated and with the ECG profiles shown on the plot, one can
observe the differences between the characteristics of the clusters. The Gaussian mixture
model (GMM) clusters fitted to the 2D embedding of the signals are shown in figure 3.7b.
The different colours represent different clusters and in turn their labels ỹa. If we compare
the labels in figure 3.7a to the new labels (clusters) in figure 3.7b our clustering method finds
clusters that are too small. However, having a greater number of small GMM clusters is
better in this case because it enables relabelling to be more precise. In other words, if the
t-sne method placed two clusters close to each other, the clustering method will still be able
to distinguish the two, and thus, assign the best approximate new labels.

The t-sne method adapts its notion of distance to regional density variations in the
dataset. Consequently, it naturally contracts sparse clusters and expands dense ones, evening
out the cluster sizes. Thus the relative cluster sizes are not elucidated in the t-sne plots
(Wattenberg et al., 2016). Moreover, the distance between clusters greatly depends on the
chosen perplexity and is therefore not an informative metric. t-sne is a popular technique
because it’s incredibly flexible and can often find structure where other dimensionality
reduction techniques cannot. Unfortunately, the flexibility also makes the output difficult to
interpret.

After finding clusters in the latent representation and relabelling the entire dataset accord-
ingly, we determined the effect of the new dataset on the accuracy of an LSTM classifier.
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Fig. 3.7 Illustrations of the t-sne 2D embedded output (a) and the Gaussian mixture model (GMM)
clustering (b). Hand-picked signals are displayed in (a), and the original classes are indicated by
different colours. The five heartbeat categories are normal, left bundle branch block (LBBB), right
bundle branch block (RBBB), paced, and premature ventricular contraction (PVC). Hand-picked
signals depict the similarity of outliers to their cluster. In (b) each colour represents a different cluster
with its own mode label.

Consisting of a single hidden layer of 128 units, the LSTM was trained using Adam, with a
learning rate of 0.001, a minibatch size of 100, and a dropout value of 0.2. The 106,848 heart-
beats were randomly split into a ration of 70:10:20 (train:validation:test), and the validation
set was used for early stopping.

Averaged over five independent simulations, the LSTM achieved accuracies of 98.12%
and 98.37% on the original and relabelled datasets, respectively5. The increase in accuracy
could mean that our approach was able to correctly label the heartbeats incorrectly extracted
by the Hamilton QRS detector. It is difficult, however, to determine whether the newly-
assigned classes are clinically accurate; the assigned labels could merely be easier for the
LSTM to analyse. Nevertheless, the increase in accuracy indicates that this approach is
beneficial for LSTMs.

In sum, this chapter showed that LSTMs are better for analysing medical time series
than hidden Markov models. This superiority is supported by the fact that many of the
best performing approaches on publicly available medical-signal datasets include LSTMs

5Although the recordings from each patient contained multiple heartbeat types, these accuracies do not
provide an indication of generalization over unseen patients because different heartbeats from the same patient
were present in the training and test sets.
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(Clifford et al., 2017). We also showed that it’s straightforward to obtain uncertainty measures
of the LSTM predictions, which is vital for medical applications. Lastly, we showed that
LSTMs can be used in an autoencoder fashion to mitigate the labelling issues in medicine.
Nevertheless, this approach leaves room for improvement. Instead of using an overcomplete
autoencoder, we could leverage the built-in sequence compression of LSTMs to learn useful
representations. Moreover, the approach described in this section involves multiple steps
where hyperparameters need to be selected – an unnecessary complication. Hence, in the
following section, we propose an improved approach that allows end-to-end learning of the
entire process.



Chapter 4

A sequence-to-sequence model: Inferring
actions from the peripheral nervous
system

The peripheral nervous system is an abundant source of information on physiological pro-
cesses conveyed between the central nervous system and other systems in the human body.
Thanks to recent advances in neural interface technology, it is possible to access long-term
recordings of such information from subjects in natural (non-laboratory) environments. In
this setting, high-resolution data can be recorded for months or years at a time, presenting a
new paradigm for the neuroprosthesis community and a rich novel type of dataset.

A new kind of problem is posed by these long-term peripheral nervous system datasets
– the datasets are too large and too nuanced for manual human analysis, let alone manual
labelling. In this chapter, we propose a bespoke sequence-to-sequence model which will
enable label generation for such datasets. Being able to infer labels from peripheral neural
signals could mitigate the issue of scant or expensive labels and as a result, could provide
useful control signals for neurological human-machine interfaces. In turn, this holds tremen-
dous potential benefits for amputees, as this would provide a way for them to seamlessly
integrate with smart prosthetic devices.

4.1 The problem with limited labelled data

As alluded to in section 3.5, real-life time series often lack high resolution annotations, and
consequently, assumptions have to be made about lower-level temporal aspects. Moreover,
high definition labelling of big data is too expensive and the amount of unlabelled data is
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still orders of magnitude larger than the amount of labelled data. Annotations can also be
ambiguous or incorrect, and few real-world datasets have labels that are 100% accurate
(Russakovsky et al., 2015).

Long-term recordings of peripheral nervous system signals have an abundance of data but
are often accompanied by insufficient and sparse labels. The procedure, in general, is to have
the monitoring device record neural signals continuously, and then to create time-stamped
annotations at predetermined intervals. The problem is that the frequency of these annotations
is orders of magnitude lower than that of the recorded signals. This procedure and problem
generalise to many long-term biological recordings, for example, patients are continuously
monitored in intensive care units and clinicians would typically provide hourly or daily
time-stamped annotations of their status (Längkvist et al., 2014).

For peripheral nervous system signals, we can elucidate this problem by means of an
arbitrary example. Suppose there is a left-leg (transfemoral) amputee patient living their
normal life at home whilst having the neural signals in their leg recorded by a smart prosthetic
device. In addition, the patient provides a video recording of themselves performing a set
of everyday actions. A schematic of this procedure is shown in figure 4.1. The stick figure
represents the video recording of the patient, and the blue line depicts the recorded neural
signals. From subsequences in the video, we are able to derive crude labels yi for the
accompanying neural signal subsequence γa. Eventual control of the prosthetic device via
neural signals requires inference of the label solely from a subsequence of the neural signals.

There are two problems that arise for this postulated situation. First, the labels are sparse
– the number of video subsequences used to assign labels yi is much lower than the number
of neural signal subsequences γa. Second, even if we can assign a label to the neural signal
subsequence, the label is a crude approximation of what the subsequence should resemble. In
other words, all the high-resolution time-steps t in subsequence γa are given the same label,
where they might have different meanings in reality.

The combination of these problems warrants the use of unsupervised learning as a
practical approach to learning useful representations of the signals. Deep learning has been
revered for its power of extracting useful features from data (He et al., 2015; Krizhevsky et al.,
2012). Employing such techniques could allow inference of the label for each subsequence
γa. The LSTM provides a sound deep learning technique for the extraction of information
from sequential data. For a sequence with any length, the LSTM provides a fixed-size
representation – an important requirement for the generation of labels from sequences as
we will see later. This property allows LSTMs to be implemented in a similar fashion to
autoencoders, giving rise to the sequence-to-sequence model, which compress variable-length
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Fig. 4.1 Schematic af a hypothetical peripheral nervous system data collection setup. Recorded neural
signals are depicted by the blue line, with subsequences indicated by γ∗. The stickman represents
actions performed in a section of the video. Image reproduced with permission from Tris Edwards
(Cambridge Bio-augmentation Systems).

sequences into information-rich fixed-size representations. In the next section, we elaborate
on how this approach could remedy the problem of limited labelled data.

4.2 The sequence-to-sequence model

In most scenarios, it is safe to assume that some latent variable or set of latent variables is
responsible for the generation of an observed sequence. Here we are concerned with the task
of extracting these latent variables from the sequence for classification purposes. One way to
obtain these latent variables would be to compress the sequence enough for only the most
relevant latent features to remain. The undercomplete autoencoder, which has a latent space
dimensionality smaller than the input dimension, is the deep learning model of choice for
compressing data in this manner.

Recall from section 3.5.1 that the autoencoder model consists of an encoding function
f enc(x) to generate a latent representation z which is then used to reconstruct the input by
means of the decoding function x̂ = f dec(z). The objective function for this model is the
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average squared error1 of the reconstructions for the set of data points {x(n)}N
n=1

J =
1
N

N

∑
n=1

∥∥∥x(n)− f dec( f enc(x(n)))
∥∥∥2

2
. (4.1)

Returning to LSTMs, we can define the hidden unit operations with

i,o, f = σ(Ui,o, f ht−1 +Wi,o, f xt +bi,o, f )

ct = f⊙ ct−1 + i⊙ tanh(Ucht−1 +Wcxt +bc)

ht = o⊙ tanh(ct). (4.2)

Here the memory vector cT and the activation vector hT , at the final time step T of the input
sequence, is a latent representation of the entire input sequence, which can naturally lead to
an autoencoder for sequences by having a decoder generate a reconstruction of the input x̂
from (cT ,hT ). This is known as the sequence-to-sequence model (Sutskever et al., 2014),
where the latent representation is the final hidden state of the encoder LSTM, from which the
decoder has to generate the reconstructions; (cenc

T ,henc
T ) = z = (cdec

1 ,hdec
1 ). The input at the

first time step for the decoder x1 is a vector of zeros, which represents the “start” symbol for
the decoder. A diagram of a typical sequence-to-sequence model is shown in figure 4.2.

x1 x2 x3

U1 U1

x̂1 x̂2 x̂3

copy U2 U2

x̂1 x̂2

Learned
Representation

Fig. 4.2 Sequence-to-sequence model. Here x denotes the input, and the subscripts indicate different
time steps. The hidden-to-hidden weights for the encoder and decoder are represented by U1 and
U2 respectively. The learned representation in the encoder is used as the initial state for the decoder,
from which the decoder attempts to reconstruct the inputs x̂. The dashed nodes depict the optional
conditional input that can be used in such a model.

We have described how to find fixed-size representations for sequences, but how do
we ensure that labels can be obtained from the latent representation? In order to obtain
labels from the latent representation we assume that along with the most relevant latent

1We will omit the sample number superscript (n) whenever it is clear that we are referring to terms associated
with a single data point.
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variable (class) generating the signals, other latent variables are present, which determine
nuances (style) of the signals belonging to this class. These latent variables will have different
constraints, which motivates the use of two latent representations in our sequence-to-sequence
model.

Two latent representations are obtained from the encoder LSTM by splitting the memory
vector cT . For the latent label representation, having the form of a probability vector is
sensible. We denote the latent label representation as y = e(k), with k ∈ {1, . . . ,A} and A the
assumed number of different latent class variables we are interested in2. The latent style
representation is denoted by s ∈ RB, where the size of the memory vector cT is A+B. To
obtain a probability vector we use the softmax function, and both latent representations are
then given by

ψ = cT,1:A

ya =
exp(ψa)

∑ j exp(ψ j)

s = cT,A+1:A+1+B, (4.3)

where cT,A+1:A+1+B denotes all the elements from index A+ 1 to index A+ 1+B of the
vector cT . By denoting the concatenation of vectors with c[·], the latent representation of our
sequence to sequence model is given by

z = (c[y,s],hT ). (4.4)

Since the primary goal of this approach is to assign informative labels to the signals, we
place an additional constraint on the decoder. Instead of merely generating the reconstructed
signal from the latent representation, we copy the encoded label vector y into the memory
units of the decoder at each step. The memory vector update from eq. 4.2 becomes

gt = f⊙ ct−1 + i⊙ tanh(Ucht−1 +Wcxt +bc)

cdec
t = c[y,gt,A+1:A+1+B]. (4.5)

This should in theory encourage the model to place more emphasis on the generation of an
informative y-representation.

Although the sequence-to-sequence model provides a sound approach for encoding
sequences, it suffers from difficulty in training. During the initial stages of training, the
gradients of the decoder output have to be back-propagated through the constrained latent

2e(k) is a standard basis vector [0, . . . ,0,1,0, . . . ,0] with a 1 at position k.



64 A sequence-to-sequence model: Inferring actions from the peripheral nervous system

representation all the way back to the first steps of the encoder. By reversing the order of
the reconstructions, however, the model is able to focus on short-term dependencies initially,
before gradually looking at longer-term dependencies, which makes learning easier. Training
a sequence-to-sequence model with reversed reconstruction targets was first proposed by
Srivastava et al. (2015a). Early in our experimentation we found this to be beneficial and
continued using the approach throughout our experiments, with the objective function now
defined as

J =
1
N

N

∑
n=1

∥∥∥x(n)T :1− f dec( f enc(x(n)1:T ))
∥∥∥2

2
. (4.6)

A diagram of this sequence-to-sequence model is shown in figure 4.3.

Fig. 4.3 Sequence-to-sequence model. Two latent representations are created by splitting the memory
vector c of the encoding LSTM. The y-representation is created by means of a softmax function. The
decoder attempts to reconstruct the input signal from the concatenation of the latent representations,
and the y-representation is copied into the hidden state of the decoder at each time step.

Having the decoder reconstruct the input solely from the latent representation z requires
the representation to contain sufficient information. A more informative latent representation
is beneficial in our application, but it often raises complications during training. If the
decoder reconstructions are unguided from the “start” symbol, the optimizer is more likely
to converge to bad local minima. At these bad local minima, gradients would stop propa-
gating information through the network, and obtaining any sensible reconstruction becomes
impossible. Fortunately, we can guide the reconstructions by providing the correct input at
each step, a process known as teacher forcing. Essentially, the decoder input becomes the
encoder input prepended with a vector of zeros xdec

1:T+1 = c[0,x1:T ]. This facilitates learning
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by having the correct inputs for each time step of the decoder in lieu of the, possibly incorrect,
decoder outputs from the previous time step. In our implementations, teacher forcing was
randomly switched on with a probability of 0.5 for each minibatch iteration during training –
providing a good trade-off between the stability of training and the information captured in
the latent representation.

In this section, we have described the architecture of our sequence-to-sequence model
which has two latent representations. Even though there are two latent representations, the
probabilities in y could be close to a uniform distribution, rendering them uninteresting. In
the sections that follow, we describe how to obtain latent representations with more desirable
characteristics by means of regularization.

4.2.1 Standard model regularization

The aim of our approach is not to get near perfect reconstruction with the sequence-to-
sequence model, but rather to obtain the best compression of the data. Thus, in addition
to the existing constrained dimensionality of the latent space, we regularize both the y and
s-representations to yield the desired characteristics.

We would like to be able to assign a label to a signal based on our y-representation.
Therefore, we aimed to have the y-representation be a standard basis vector, i.e., when ya = 1
and y−a = 0 all the information of the class of the signal would be contained in a single
element of y. Provided with a specific one-hot vector representing class a, the decoder should
then be able to generate a signal from this class.

One measure for the peakedness of a distribution is the entropy. Thus, a first approach to
regularizing the y-representation would be to minimize the squared error (eq. 4.6) along with
the entropy

H[y] =−
A

∑
a=1

ya log(ya) (4.7)

The s-representation (eq. 4.3) theoretically conveys information about the “style” of the
signal. However, if we constrain only the y-representation, all of the important information
could flow through the s-representation, rendering the y-representation uninteresting. A
suitable regularizer for the s-representation could be the L2 norm, which penalizes vectors
with larger magnitudes. This would limit the information flow through s, and in turn
encourage more information to flow through the y-representation. The resulting objective
function of the sequence-to-sequence model becomes

J =
1
N

N

∑
n=1

(∥∥∥x(n)T :1− f dec( f enc(x(n)1:T ))
∥∥∥2

2
−λ1

A

∑
a=1

(
y(n)a log(y(n)a )

)
+λ2

∥∥∥s(n)
∥∥∥

2

)
, (4.8)
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where λ1 and λ2 weight the relative importance of the respective regularizers.
The regularization approaches described, provide a good first approach to obtaining

the desired characteristics. However, the deep learning “toolbox” provides more suited
approaches. The entropy term could exacerbate the problem of bad local minima, by
“locking-in” the wrong class combinations during the early stages of training, and the L2

norm could be placing too strict constraints on the values of each element in s. In the
following section, we describe a recently developed technique that provides a good solution
to our problem.

4.2.2 Regularizing with generative adversarial networks

Instead of regularizing the latent representations by means of entropy and the L2 norm, we
could train additional neural networks that encourage the representations to have the desired
characteristics. The recently developed generative adversarial network (GAN) (Goodfellow
et al., 2014), introduced in this section, achieves a similar goal by means of a discriminative
network.

The generative adversarial network creates a situation where the generator network must
compete against an adversary. First, the generator network, parametrized by θ , produces a
sample z = Gθ (x) with x distributed according to px. The discriminator network then acts as
the adversary in trying to distinguish between samples from a predefined target distribution
pτ , and samples drawn from the generator, distributed according to pG. The discriminator
emits a probability value given by Dω(z), indicating the probability that z is a sample from
the target distribution instead of a sample from the generator.

This can be formalized as a zero-sum game, in which a function v(θ ,ω) determines the
payoff for the discriminator, and −v(θ ,ω) is the payoff for the generator. At training time,
each “player” strives to maximize its own payoff, such that at convergence

G∗ = argmin
G

max
D

v(G,D). (4.9)

The standard choice for v is

v(θ ,ω) = Ez∼pτ
logDω(z)+Ez∼pG log(1−Dω(z)). (4.10)

However, standard generative adversarial networks (GANs) such as these are notoriously
difficult to train (Gulrajani et al., 2017; Salimans et al., 2016). If the discriminator becomes
too strong, gradients of the generator vanish. Moreover, the generator often suffers from
mode collapse, where it learns to always produce the same outputs. Fortunately, Arjovsky
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et al. (2017) proposed the Wasserstein generative adversarial network (WGAN) approach as a
stable version of the GAN, which was found beneficial to our model. To have stability during
training implies that the aforementioned problems would not occur in multiple independent
runs of the algorithm.

Goodfellow et al. (2014) showed that during training, the discriminator maximizes eq.
4.10, which is a lower bound of 2JS(pτ , pG)−2log2. Thus we are updating G against an
objective that approximates the Jenson Shannon (JS) divergence. Let pm be the mixture
(pτ + pG)/2, then the Jenson-Shannon divergence is given by

JS(pτ , pG) = 0.5KL(pτ ||pm)+0.5KL(pG||pm). (4.11)

Arjovsky et al. (2017) showed that for the problems solved by GANs, the JS divergence often
results in gradients that are zero or not smooth. They also prove that the Wasserstein (or
earth-mover) distance will converge if the JS divergence converges. The Wasserstein distance
is defined as

W(pτ , pG) = inf
γ∈∏(pτ ,pG)

E(w1,w2)∼γ [∥w1−w2∥], (4.12)

where ∏(pτ , pG) denotes the set of all joint distributions γ(w1,w2) whose marginals are
respectively pτ and pG. Intuitively, γ(w1,w2) indicates how much “mass” must be transported
from w1 to w2 in order to transform the distributions pτ into the distribution pG. The
Wasserstein distance then is the “cost” of the optimal transport plan. In contrast to the JS
divergence, the Wasserstein distance has guarantees of continuity and differentiability, which
in theory should make the training of generative adversarial networks more stable.

Although the Wasserstein distance would provide nicer properties when optimized, the
infimum in eq. 4.12 is highly intractable. Fortunately, the Kantorovich-Rubinstein duality
(Villani, 2009) tells us that

W(pτ , pG) =
1
K

sup
∥ f∥L≤K

Ez∼pτ
[ f (z)]−Ez∼pG[ f (z)], (4.13)

where the K = 1 and the supremum is over all the 1-Lipschitz functions f : Z → R, with
z∈Z . If we let K be any constant and we have a parameterized family of functions { fω}ω∈W
that are all K-Lipschitz then W(pτ , pG) can be calculated up to a multiplicative constant
according to the following

v(θ ,ω) = W(pτ , pG) = max
ω∈W

Ez∼pτ
[ fω(z)]−Ex∼px [ fω(Gθ (x))]. (4.14)
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Unlike the discriminator in standard GANs, the function fω does not output a probability.
Therefore, in WGANs this function is referred to as the critic because it does not explicitly
classify inputs, but rather serves as a helper for estimating the Wasserstein distance.

In our case, the critic function f is modelled by a neural network parametrized by ω . In
order to ensure that f is K-Lipschitz, the parameters ω are constrained to lie in a compact
space by clamping them to have a range [−c,c] after each gradient update. If c is large, it
takes longer to train the critic f to optimality because it takes longer for any parameters to
reach their limit. Smaller values of c can increase the risk of vanishing gradients when the
number of layers is large or if batch normalization (section 3.3.2) is not used – two typical
characteristics of recurrent neural networks. In our experiments, the recommended value of
0.01 for c yielded good results.

For standard generative adversarial networks (GANs), the discriminator can quickly
become too strong, resulting in vanished gradients for the generator. In contrast, because
the Wasserstein distance is differentiable nearly everywhere, we can (and should) train fω to
convergence before each generator update, to get as accurate an estimate of W (pτ , pG) as
possible. The more accurate W (pτ , pG) is, the more accurate the gradient ∇θW (pτ , pG). In
our implementation we train the critic three times for each update of the generator, striking a
good balance between computational expense and optimal gradients.

Comment: In summary, to change a GAN into a WGAN the following changes are
made:

• The discriminator (critic) outputs a real scalar value instead of a probability.

• The logarithms are removed from the objective function.

• After each gradient update the discriminator (critic) parameters are clipped to
[−c,c].

We come full circle by relating the WGAN components to the components of our
sequence-to-sequence model. In essence, we assume that the data analysed by the model are
generated by a latent class variable y that comes from a categorical distribution as well as a
latent style variable s that comes from a Gaussian distribution

pτ(y) =Cat(y) pτ(s) =N (s|0,I),

which become our target distributions in the WGAN. The generator function of the latent
class variable Gθy is the encoder LSTM combined with the softmax function (eq. 4.3).
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Moreover, the generator function of the latent style variable Gθs is the encoder LSTM for the
section of memory converted to the s-representation.

Two additional neural networks fωy(y) and fωs(s) perform the role of the critic for each
generator. These feedforward neural networks have two ReLU activated (Nair and Hinton,
2010) hidden layers with 50 and 20 units respectively. The output of the network is a
scalar, which is a linear combination of the final layer activations. The class critic fωy has
to distinguish between samples y from Gθy and samples from a categorical distribution y′.
Similarly, the style critic fωs has to distinguish between samples s from Gθs and samples
from a Gaussian distribution s′ ∼N (0,I). For both critics we experimented with up to 200
units on three layers, but found the combination of 50 and 20 units to yield the best results.

This regularization approach transforms our standard sequence-to-sequence model (figure
4.3) into the model illustrated in figure 4.4. Where training the standard sequence-to-sequence
model is relatively straightforward with a single update of all parameters during each iteration,
training of the sequence-to-sequence Wasserstein adversarial network is more complicated.
In algorithm 1 we provide the training procedure for this model.

Fig. 4.4 The sequence-to-sequence Wasserstein adversarial network, or SWAN model for short. The
sequence-to-sequence model (figure 4.3) is regularized by two discriminative networks. The top
discriminator encourages the y-representation to be categorically distributed. The bottom discriminator
encourages the s-representation to be Gaussian distributed.



70 A sequence-to-sequence model: Inferring actions from the peripheral nervous system

Algorithm 1 Sequence-to-sequence Wasserstein adversarial network (SWAN) algorithm. All
experiments in this study used the default values η = 0.001, c = 0.01, m = 150, ncritic =
3, E = 100.
Require: :η , the learning rate. c, the clipping hyperparameter. m, the batch size. ncritic,

the number of iterations of the critic per generator iteration. E, the number of training
epochs.

Require: : ω
(0)
y , initial label critic parameters. ω

(0)
y , initial style critic parameters. θ

(0)
y ,

initial label generator parameters. θ
(0)
s , initial style generator parameters. ωseq

(0), initial
sequence-to-sequence parameters.

1: for j = 1 to E do
2: Sample {x(i)}m

i=1 ∼ px a batch of data.
3: With probability 0.5 use teacher forcing in the decoder f dec.
4: for n = 1 to ncritic do
5: Sample {y′(i)}m

i=1 ∼ Cat(y) a batch from the target label distribution (random
standard basis vectors).

6: Sample {s′(i)}m
i=1 ∼N (0,I) a batch from the target style distribution.

7: gωy ← ∇ωy

[
1
m ∑

m
i=1 fωy(y′(i))− 1

m ∑
m
i=1 fωy(Gθy(x(i)))

]
8: gωs ← ∇ωs

[
1
m ∑

m
i=1 fωs(s′(i))− 1

m ∑
m
i=1 fωs(Gθs(x(i)))

]
9: ωy← ωy +η ·Adam(ωy,gωy)

10: ωs← ωs +η ·Adam(ωs,gωs)

11: ωy← clip(ωy,−c,c)
12: ωs← clip(ωs,−c,c)
13: end for
14: gθy ←−∇θy

1
m ∑

m
i=1 fω(Gθy(x(i)))

15: gθs ←−∇θs
1
m ∑

m
i=1 fω(Gθs(x(i)))

16: gωseq ←−∇ωseq
1
m ∑

m
i=1

∥∥∥x(i)T :1− f dec( f enc(x(i)1:T ))
∥∥∥2

2
17: ḡ← avg(gθy,gθs,gωseq) average the overlapping parameter gradients
18: θ∗← θ∗−η · Adam(θ∗, ḡ)
19: end for

The Wasserstein generative adversarial network (WGAN) provides an elegant approach
to the stable training of generative adversarial networks and to the regularization of multiple
latent representations. However, the difficulties of optimization are not completely mitigated
by WGANs. In the following section, we describe the additional remedies we employed.
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4.2.3 Additional requirements for generative adversarial networks

Sequence-to-sequence models, without the additional complications introduced by generative
adversarial networks (GANs), are sensitive to vanishing and exploding gradients during
back-propagation. Although the Wasserstein implementation reduces the mode collapse
tendency of the GAN, we used two other techniques to further ensure stability during training.

First, batch normalization (section 3.3.2) was applied to all the layers of the critic network,
fω∗ , and reduced gradient problems during training. Batch normalization on the layers of the
encoder LSTM could further stabilize training, but we found this would make computation
prohibitively expensive.

Second, minibatch discrimination (Salimans et al., 2016) was employed to reduce the
tendency of mode collapse. This technique computes the similarity of hidden layer activations
over the samples in the minibatch and provides the critic with access to this similarity measure.
The intuition behind minibatch discrimination is that if the critic was able to observe an entire
minibatch of data points from the generator or from the true distribution, it would notice when
all the data points are the same for the generator minibatch and penalize the generator for this
mode collapse behaviour. Hence, in our model we implemented a minibatch discrimination
layer on the final layer activations of the critic network. A concatenation of the minibatch
discrimination output and the final layer activations is then linearly mapped into a scalar, the
output of the critic network.

Note that we also experimented with the standard GAN aided by minibatch discrimination.
In our experiments, however, this did not sufficiently prevent mode collapse, and the model
often generated inaccurate class assignments.

As mentioned before, sequence-to-sequence models are a type of autoencoder. What we
have described here is an autoencoder with adversarial networks regularizing the latent space,
namely an adversarial autoencoder. Next, we describe work relevant to this approach.

4.3 Related work

The design of our model is partly inspired by the work of Makhzani et al. (2015), in
which they proposed adversarial autoencoders with one or two latent representations. Their
autoencoders made use of convolutional neural networks (CNNs) for the encoder and decoder
functions, whereas our model employs LSTMs for the compression of sequences. CNNs are
neural networks that are specialized for processing a grid of values, such as the pixels in an
image, whereas LSTMs are specialized for processing a sequence of values x1, ...,xT and are
therefore more suitable to neural signals.
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Kingma et al. (2014) proposed an end-to-end trainable variational autoencoder (described
in section 6.4) with two latent representations, one categorical and one Gaussian repre-
sentation. For unlabelled data, difficulties arise because the categorical distribution is not
reparametrizable and therefore not differentiable. Their solution is to marginalize out the
categorical representation over all classes. However, when the number of classes becomes
large, this marginalization becomes prohibitively expensive.

Fortunately, a differentiable approximation to the categorical distribution was recently
proposed and is known as the concrete relaxation (Jang et al., 2016; Maddison et al., 2016).
This approximate categorical distribution allows us to train our favourite autoencoder model
with stochastic gradient descent and without the costly marginalization over all categories; it
was shown to train faster and achieve better accuracies than the marginalization approach
(Kingma et al., 2014) on a semi-supervised classification task. Furthermore, Jang et al. (2016)
achieved a classification accuracy of 93.6% on the binarized MNIST dataset (Salakhutdinov
and Murray, 2008) with concrete relaxation (Gumbel-softmax), whereas Makhzani et al.
(2015) achieved 98.1% on the standard MNIST dataset with adversarial autoencoders. Al-
though the datasets are not exactly the same, we proceed with the adversarial autoencoder
due to its significantly higher accuracy.

On another note, multiple studies have applied recurrent neural networks to neural signals
from the brain (Carnevale et al., 2015; Mante et al., 2013; Rajan et al., 2016; Sussillo and
Abbott, 2009; Sussillo et al., 2015). One such study that is closely related to ours is that by
Pandarinath et al. (2017), who proposed the latent factor analysis via a dynamical systems
method. The method uses a complex variational autoencoder (see section 6.4), with an
encoder consisting of two bidirectional gated recurrent unit (GRU) networks and another
one-way GRU, called the controller. A decoder GRU then generates dynamic factors and
firing rates of the neural signals from samples of the latent distribution. The dynamic factors
generated at each step of the decoder are used as additional input to the following step of
controller GRU. They apply this method to a variety of monkey and human motor cortical
datasets, demonstrating the model’s unprecedented accuracy for modelling neural population
activity. Compared with our data, their datasets were recorded for notably shorter durations
and were well-labelled by having participants closely monitored during the recording of their
neural signals.

Electromyography (EMG) provides an alternative to peripheral neural recording for
obtaining brain control signals at the peripheries of the body. Instead of recording neural
signals, EMG records electrical activity produced by skeletal muscles; for human-machine
interfacing this provides the major benefit of being non-invasive. Yousefi and Hamilton-
Wright (2014) thoroughly reviewed machine learning classification techniques for EMG
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signals. To highlight relevant findings, classification accuracies above 90% were achieved
with feedforward neural networks (Christodoulou and Pattichis, 1999) and above 97% with
support vector machines (Dobrowolski et al., 2012). Although these high accuracies are
promising, EMG signals suffer from muscle activity cross-talk and as a result, only relatively
simple classification tasks have been studied (Ahsan et al., 2009). Our direct access to the
peripheral nervous system should theoretically enable human-machine interfacing with a
higher accuracy and resolution than the EMG approach. Additionally, the peripheral nervous
system allows precise feedback methodologies for motor sensitivities, making the analysis of
peripheral neural signals an interesting study.

4.4 Datasets

In this section, we introduce the datasets analysed in this study.

4.4.1 Synthetic dataset

Before introducing the dataset of peripheral neural signals, we describe a synthetic dataset
used to confirm that the model works as intended. This dataset contained signals from
four different classes; sine, cosine, saw-tooth, and square waves. All of the signals had an
amplitude of one, with a period randomly selected from a uniform distribution U [5,T −5],
where T is the total number of time steps in the sequence. The dataset comprised 150,000
signals, with a data split of 70:10:20 (train:validation:test).

To relate this to our label-inference goal, a signal in this dataset could be assumed to
have a single latent class variable responsible for the generation of the signal, e.g., a sine
wave. The style representation would then include the latent variables that correspond to the
frequency of the signal.

4.4.2 Peripheral nervous system dataset

Cambridge Bio-augmentation Systems3, a Cambridge-based startup, design neural interfaces
allowing long-term neural recordings. An IT2 PNS implant was used to continuously record
peripheral nerve data during the first trial of the device. Over a six-week period, at a sampling
rate of 30 kHz, fifteen channels of extracellular recordings were gathered from the tibial
nerve of a naturally mobile porcine specimen. These recorded signals could contain artefacts
due to the biological changes or activity of the specimen. Therefore, we chose to analyse

3https://cbas.global/

https://cbas.global/
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data from a 2-hour window three days after surgical implantation, which was known to be of
sufficient quality. Spikes in the signals were determined by means of a 26 µV threshold in the
Neuroware software package http://www.trianglebiosystems.com/neuroware.html.

A first approach to inferring labels from the neural signals would be to analyse the signal
profiles on all 15 channels after a spike has been detected on any channel. The hope is that
both the correlation between channels and the dynamics of each channel would be indicative
of the latent generating variable, which stems from the performed action (class). Hence, a
dataset was constructed which contains the raw signals for all 15 channels over the T = 50
time steps after a spike was detected on any channel. With the signal values rescaled, this
raw-neural dataset contained data points {x(n)1:T}N

n=1, x(n)t ∈ [−1,1]15 with N = 250,911.
When inferring actions from neural signals, the raw signals would most likely be too

noisy and not contain all of the required information in short-term subsequences. Each data
point in the raw-neural dataset spans a time of only 0.00167s. It might be more useful to
infer actions from the firing rates on the different channels. Thus, we constructed a dataset
consisting of the spike counts on each channel using a 0.1s time window; i.e., a new sequence
is created from the number of spikes detected in every contiguous 0.1s interval. From this
new spike count sequence, subsequences with the same length as those in the raw neural
dataset were created. The resulting spike-count dataset, with rescaled counts, contained data
points {x(n)1:T}N

n=1, x(n)t ∈ [0,1]15 where N = 6,840 and T = 50.
Two 4-minute video recordings of the porcine specimen were taken during the two hours

of the analysed dataset. Retrospective analysis of the video allowed us to identify five
apparent actions performed by the porcine specimen; walking forwards, standing, shuffling,
reversing, and turning. With the video synchronized to the extracellular recordings, we were
able to label subsequences of the neural signals according to the video with a precision of
0.1s. This resulted in a total of 3,003 and 74 labelled data points in the raw-neural and
spike-count datasets respectively. Via this test dataset, we are able to assign actions of the
specimen to the y-representation, and in doing so, obtain a proxy for how well we would be
able to infer actions of the specimen solely from their peripheral neural signals.

In this case, the latent class variables responsible for the generation of each subsequence
are assumed to be related to the action performed by the porcine specimen during that interval.
Thus, through identification of the latent class variables, we could infer the corresponding
action of the specimen. Note that the peripheral nervous system activity could be controlling
other physiological processes in addition to motion. Over a long enough duration of natural
mobility, our model may be able to find regularities in the neural signals that solely pertain to
motion.

http://www.trianglebiosystems.com/neuroware.html
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For both variations of the neural data, the labelled data points were held out during
training. Additionally, a random 20% of the remaining data points were selected for validation
purposes.

4.5 Results

Several experiments were performed in the process of developing the proposed model. Before
we report the model performance, we provide a brief description of relevant avenues of the
in-development experiments and the ensuing model design choices:

• Following Bowman et al. (2015), we made use of a single layer LSTM for both the
encoder and decoder. More layers are known to exacerbate gradient problems during
training, and this particular sequence-to-sequence model is not extremely gradient
friendly.

• Arjovsky et al. (2017) recommended the RMSProp (Hinton et al., 2012) optimizer
instead of the Adam optimizer for improved stability of Wasserstein GANs. We
experimented with both optimizers and with standard stochastic gradient descent.
No discernible difference was observed, and we decided to proceed with the Adam
optimizer and a learning rate of 0.001.

• For gradient clipping (eq. 2.25) we experimented with maximum norms τ of 1, 2, 3, 5,
10, and ∞; setting τ = 3 yielded the most stable training regime.

• The squared error (eq. 4.6) increases very slowly near the origin. Our input values
were scaled to range from 0 to 1 and as a result, the squared error would quickly vanish.
We experimented with the absolute error, which grows at the same rate in all locations.
This is akin to modelling the noise in the reconstruction as a Laplacian distribution
(Murphy, 2012, §7.4). No significant difference was observed, and we decided to
proceed with the conventional squared error.

• With the standard regularized sequence-to-sequence model (section 4.2.1), performance
was found to be sensitive to the importance λ1 and λ2 placed on the regularization
terms. We experimented with values ranging from 0.1 to 0.00001 and found 0.001 for
both hyperparameters to provide the best performance.

• In order to prevent overfitting, a smaller latent representation was used for the smaller
spike-count dataset. Maintaining the notation of section 4.2, we denote the number
of elements in vectors y and s by A and B respectively. For the spike-count dataset
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we set A = 20 and B = 44. For the synthetic, MNIST (explained below), and neural-
raw datasets we set A = 30 and B = 98. Note that the number of labels in the latent
representation is larger than the number of true labels (5). Here we assume that
there might be many more important latent generating variables than the actions we
identified. However, if we only care about the identified actions, multiple latent
variables can be assigned to the same action. Moreover, Makhzani et al. (2015) showed
that having more elements in the y-representations increases accuracy, which supports
our motivation.

In addition to the datasets introduced in section 4.4 we evaluated the performance of
the proposed model on another well-understood dataset. This dataset is the MNIST dataset
(section 3.4.3), downsampled to a resolution of 7×7 with the same original data split. For all
datasets, the best model was chosen based on the lowest reconstruction error achieved on the
validation data within 100 epochs of training. The following section reports the accuracies
achieved on the four datasets.

4.5.1 Classification accuracy

We evaluated the classification accuracy with the following procedure:

1. Let X be the set of N test sequences with corresponding one-hot labels {c(n)k =

e(k)k }N
n=1, k ∈ 1, ...,K, where K is the number of categories4.

2. For each dimension b ∈ {1, ...,B} in the latent class representation, y ∈ [0,1]B, find the
subset Xb ⊂X of sequences that have maximum probability p(y = b|x(n))

Xb = {x(n)|p(y = b|x(n))≥ p(y = a|x(n))}, x(n) ∈ X , ∀a ∈ {1, ...,B}. (4.15)

3. For each of the M sequences, x(m) in the subset Xb, scale the corresponding true label
c(m)

k by the probability p(y = b|x(m)). Then assign to yb the maximum label of the
average weighted true labels

yb = argmax
k

1
M

M

∑
m=1

c(m)
k p(y = b|x(m)), x(m) ∈ Xb. (4.16)

4. Once each element of y has a corresponding true label, we can compute the accuracy
of the assigned labels.

4e(k) is a standard basis vector [0, . . . ,0,1,0, . . . ,0] with a 1 at position k.
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In table 4.1 we show the classification accuracies obtained for the various datasets. The
top row indicates the regularization method used for the latent space of each sequence-
to-sequence model; a model without regularization, a model with standard regularization
(section 4.2.1), and a model regularized by adversarial networks (section 4.2.2). Mean and
standard deviation of the accuracies for ten independent runs are shown.

Table 4.1 Unsupervised labelleling accuracies [%] for different regularization techniques

Dataset None Standard Adversarial

Synthetic 82 ± 4.5 70 ± 9.1 86 ± 1.5
Low-resolution MNIST 38 ± 2.0 37 ± 3.1 80 ± 2.9
Raw-neural 56 ± 0.5 57 ± 1.0 63 ± 0.4
Spike-count 70 ± 3.6 70 ± 2.3 76 ± 3.9

First, the results confirm that our model works as intended – the accuracies obtained for
the synthetic and MNIST datasets are well above random guessing. A lower classification
accuracy on MNIST than the 85.6% reported by Makhzani et al. (2015) was expected because
we used a low-resolution version of MNIST, making the digits harder to distinguish. Second,
the results indicate that among the regularization approaches, the adversarial approach yields
the best classification accuracies. The sequence-to-sequence model without regularization
occasionally yielded good classification results but did so very inconsistently. Moreover,
although GANs are notorious for their instabilities, the final adversarial approach produced
no numerical issues during experimentation, whereas the other approaches occasionally did.

The accuracies obtained for the neural data exceeded our expectations, given the crude
approach for assigning “true” labels to the subsequences. Results confirm that the motivations
for constructing the spike-count dataset were indeed correct – the classification accuracies for
the spike-count dataset are higher for all the regularization approaches. It remains difficult to
discern exactly which factor of the spike-count dataset construction contributes the most to
the improved performance. It could be that counting spikes reduces noise significantly, or it
could be the longer temporal dependencies that are captured in each data point.

An important metric to consider is the average reconstruction error on the test dataset,
which we tabulate in table 4.2. As with the accuracies, we show the reconstruction errors for
the three different regularization approaches; no regularization, standard regularization, and
regularization with adversarial networks. The mean and standard deviation of the squared
error for ten independent runs are tabulated.

From the reconstruction results, it is evident that the adversarial approach results in
larger reconstruction errors. This supports our use of the adversarial regularization approach,
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Table 4.2 Sequence-to-sequence reconstruction errors for different regularization techniques

Dataset None Standard Adversarial

Synthetic 0.01290 ± 0.01017 0.12891 ± 0.11364 0.15167 ± 0.08092
Low-resolution MNIST 0.06412 ± 0.04837 0.20110 ± 0.18074 0.31454 ± 0.10185
Raw-neural 4.52337 ± 0.41495 4.86144 ± 0.08559 6.17025 ± 0.06735
Spike-count 5.78619 ± 0.14712 6.34200 ± 0.09203 6.56994 ± 0.17788

All values are magnified ×1000

which enables increased control of the latent space and could, therefore, provide stronger
regularization.

On average, the reconstruction error for the raw-neural and spike-count datasets is higher
than that of the synthetic and MNIST datasets. It was found that the model is able to
reconstruct the MNIST and synthetic datasets almost perfectly, as shown in figure 4.5. For
comparison, we illustrate the reconstructions of the raw-neural and spike-count datasets in
figure 4.6. We show reconstructions with and without teacher forcing, with the difference
between the two providing an indication of how much information is captured in the latent
representation which has now been learned.

If we compare the reconstructions in figure 4.5 to those in figure 4.6, it is clear that the
model had much greater difficulty with the neural data. The reconstructions of the neural
data seem to be a smoothed version of the original inputs. This could mean that the smoothed
trends were found to be the most important features of the dataset. Another reason for the
reconstruction difficulty could be that the neural data are multivariate, making compression
much harder.

So far we have only looked at metrics of our latent space, but an important aspect to
consider is what the learned latent space looks like. In the following section, we take a closer
look at the generated latent representations.

4.5.2 Cluster separation in the latent space

Owing to the y-representation not being a fully one-hot encoded representation, we are able
to extract more information from it. To visualize these high-dimensional representations we
use the t-sne method introduced in section 3.5.2.

A natural question is whether there is truly a need for the additional regularization on
the latent style representation s. It turns out that this question is answered by addressing one
of our concerns with the peripheral nervous system dataset – subsequences of the signals
that are close to each other in time are expected to be more similar than subsequences that
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(b) MNIST reconstructions

Fig. 4.5 Reconstruction examples for the synthetic dataset (a) and for the low-resolution MNIST
dataset (b). The top row of each image is the original input, with the true and predicted labels indicated
in the title. The middle row shows the reconstructions of the input with teacher forcing, and the bottom
row illustrates the reconstructions without teacher forcing. The squared error for each reconstruction
is also shown. A more similar reconstruction with and without teacher forcing means that most
information is conveyed in the latent representation.

are further apart in time. Thus, the model could merely learn to cluster subsequences that
are close together in time. Instead, we seek a model that clusters subsequences based on the
content that is independent of location in time.

To ensure that the model does not merely learn to cluster subsequences that are contiguous
in time, we plot the latent label representation y using t-sne and label the different data
points based on when they were recorded. Furthermore, we trained a model with the
same hyperparameters as those used for the best raw-neural dataset model, but without
regularization on the latent style representation s. This model achieved accuracies similar
to that where both representations are regularized. However, a closer look at the latent
space, annotated by the time of recording, revealed that regularization on the latent style
representation is required to obtain clustering that is less dependent on the time of the
recording.
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Fig. 4.6 Reconstruction examples for the raw-neural dataset (a) and for the spike-count dataset (b).
The top plots are the original inputs, with the true and predicted labels indicated in the title. The middle
plots are the reconstructions with teacher forcing and the bottom plots are the reconstructions without
teacher forcing. Different colour lines denote the 15 different recording channels (electrodes). The
squared error of each reconstruction is also shown. Comparing the reconstructions with and without
teacher forcing reveals the information conveyed by the latent representation, with more similar
reconstructions indicating an increase in latent representation information. These reconstructions are
not as accurate as those in figure 4.5 because the data are much harder to model.

Figure 4.7 shows the t-sne plots of the latent label representations y for different models.
The latent representation of the MNIST model clusters well into 30 (size of the latent
representation) different areas, with each cluster relatively homogeneous. In comparison, the
difficulty of generating informative representations for the raw-neural dataset is elucidated in
figure 4.7b. Here, it is much harder to find 30 distinct clusters, and clusters are heterogeneous.

In figures 4.7c and 4.7d we illustrate the distribution of the time of recording over the data
points in the latent space. It is clear that the clusters obtained when regularizing the latent
style representation are more independent of time, with clusters often containing data points
from both the start and end of the entire recorded signal. Note that the specimen reversed
once during the test dataset period, which means that all of the reverse-labelled subsequences
are contiguous in time, and in turn, explains the homogeneity of the reverse cluster.



4.5 Results 81

(a) Low-resolution MNIST (b) Raw-neural

(c) Raw-neural time distribution
(no regularization on the s-representation)

(d) Raw-neural time distribution

Fig. 4.7 t-sne embedding of the y-representations generated for each data point in the test datasets.
Representations for the low-resolution MNIST dataset are shown in (a) and for the raw-neural data
in (b). Plots in (c) and (d) show the distribution of time over the data points. The regularization
of the s-representation results in clusters that are less dependent on the time of recording; clusters
occasionally contain subsequences from both the start and end of the recording period.
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Although the clusters for the raw-neural data are heterogeneous, there is some discernible
structure. One reason for the heterogeneity could be our crude labelling of the subsequences,
where each subsequence could actually indicate something different to the assigned label.
For example, it is highly probable that while the porcine specimen was walking forwards,
signals indicative of standing might have been present as well.

4.6 Discussion

In this chapter we proposed a new solution for the important problem of learning with limited
labelled data. The proposed solution entails the regularization of a sequence-to-sequence
model with adversarial networks in order to generate latent representations that have the
desired, label-like characteristics. When labels are sparse, are incorrect, or lack precision,
the proposed model allows inference of enhanced labels. We demonstrated the efficacy of
this approach on a naturally mobile porcine specimen.

Quantifying the benefits gained from this unsupervised approach is difficult for the dataset
of peripheral nervous system signals. We admit that the actions sought to be inferred from
the data are perhaps too high-level for the tibial nerve to convey. The leg of the porcine
specimen performs multiple different movements during any one of our identified actions.
Moreover, the subsequences of the signals cannot be labelled with high precision, which
probably makes the assigned labels incorrect for many subsequences. Given the difficulties,
the results are impressive, but a more rigorous labelling approach will need to be followed
during subsequent data collection.

To our knowledge, this is the first machine learning study on such a peripheral neural
signal dataset. In a downstream task, access and understanding of such data could equip
amputees with devices that interface with their peripheral nervous system. Moreover, due
to the label representations generated by our model not being fully one-hot encoded, these
representations could provide machines with combinations of actions from the user. For
example, instead of signalling to the device that the subject is either walking or turning, the
representation could signal a little bit of both, allowing the subject to turn and walk.

A few interesting avenues of research are presented by the peripheral nervous system
dataset. One question is whether a trained model will maintain the same predictions with the
biological changes at the location of the implant, as the surgical site heals and the subject
develops over time. On the other hand, the design of a suitable training approach, which is
able to update the model over the lifetime of the subject, could ensure that the biological
changes and plasticity in the subject’s peripheral nervous system are reflected in the model.
Moreover, when data from more specimens are available, an important goal would be to
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develop a modular model that is easily transferred to different specimens, as attempted in
Pandarinath et al. (2017).

Effectively, the LSTM offers flexibility in the way we can model inputs and latent
representations. This flexibility has lead to a creative model that would be infeasible for
conventional machine learning techniques. Such unsupervised methods are currently less-
developed than their supervised counterparts, but as shown in this study, they have some of
the greatest potential due to the significant cost of labelling large amounts of biomedical data
(Ching et al., 2018). Our proposed model could mitigate this labelling cost by summarizing
large amounts of neural signals into interpretable clusters.

This chapter demonstrated the power of LSTMs when used in a sequence-to-sequence
fashion. In chapter 3 we demonstrated the applicability of LSTMs to medical data and
showed how it is possible to know when the LSTM is uncertain. In the following chapter, we
show that well-designed visualization techniques can improve our understanding of LSTMs.





Chapter 5

Visualization techniques for LSTMs
applied to medical time series

The recent spurt of progress in deep learning (Krizhevsky et al., 2012; Lanchantin et al., 2017;
Sutskever et al., 2014; Zhou and Troyanskaya, 2015) has enabled computers to tackle many
problems which were previously beyond them. The result has been a machine learning boom,
with computers moving into everything from self-driving cars to insurance and medical
diagnosis.

There is a snag, however. People struggle to understand exactly how the self-adapted
deep learning models do what they do (Economist, 2018). When algorithms are handling
relatively low-risk tasks, such as playing Go or recommending a film to watch, this “black
box” problem can be safely ignored. When they are deciding how to steer a car through
a crowded city or what treatment a patient should receive, it is potentially harmful. And
when things go wrong – as, even with the best system, they inevitably will – then customers
and regulators will want to know why. Regulators have already stepped in; the European
Union recently adopted new rules regarding the use of personal information, the General
Data Protection Regulation (Goodman and Flaxman, 2016). A component of these rules is
summarized by the phrase “right to an explanation”, implying that users must be able to
explain how their machine learning algorithms make decisions. For example, a clinician
aided by a machine learning model should be able to explain how decisions are based
on the patient’s data. Although this regulation is mainly aimed at recommendation and
categorization systems, it provides a hint of similar future ramifications. The main concern,
and rightly so, is that machine learning models base their decisions on the right information
in the data.

From a different perspective, understanding the patterns in data may be just as important
as fitting the data. A model that achieves breakthrough performance may have identified
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patterns in the data that practitioners in the field would like to understand – which will not be
possible if the model is a black box.

In 1996, Tu (1996) argued that despite the advantageous representational capacity of
neural networks, their adoption into medical practice would be limited by their opaqueness.
Twenty-two years later, clinicians still distrust these models due to their opaqueness (Ra-
jkomar et al., 2018). It is difficult to establish trust in a model of which the logic is not
understood – especially when we opt for a combination of human experts and model-based
decision-making systems.

Peering into the workings of the human brain requires expensive brain-scanning machines.
Fortunately, inspecting the mechanisms of deep learning techniques are not as expensive, but
it does require an active effort nonetheless. Research has revealed fundamental insights into
the operation of convolutional neural networks (CNNs) by means of deconvolution, which
elucidates filter operations (Zeiler and Fergus, 2014), and via saliency maps projected on to
the input image (Simonyan et al., 2013). While image recognition systems have the benefit
of easily visualizable data transformations (especially if based on CNNs), the typical medical
dataset analysed by LSTMs lacks this luxury.

LSTMs are complicated and still contain many components whose roles are not well
understood (Balduzzi and Ghifary, 2016). In this chapter, we show how visualization
techniques can illustrate what LSTMs consider salient when analysing continuous-valued
medical time series, with a specific focus on single-lead electrocardiograms. We learn from
and compare recently proposed visualization techniques, which we describe next.

5.1 Related work

An inspiring study on the interpretability of convolutional neural networks (CNNs) was done
by Zeiler and Fergus (2014). They proposed the deconvolutional network approach, which
projects activations on each layer of a CNN onto the pixel space. This technique showed that
CNNs learn simple filter-like operations on the lower layers, which are combined in higher
layers to extract complex features in an image. The deconvolutional approach provides an
interpretation of both how CNNs analyse images, and what they look for. Answering the
“what” question means determining the properties of the functional mapping. The “how”
question investigates the internal mechanisms that enable the mapping to achieve these
properties. For LSTMs the “how” question remains a research challenge; here we show that
the “what” question can be described effectively by their input-output relationships.

A common form of interpretability for deep learning models is through attention mech-
anisms. These mechanisms have been used in diverse problems such as image captioning
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and machine translation to select portions of the input to focus on for generating a particular
output. By revealing which input features are used for different outputs, the attention mech-
anisms provide insights into the model’s decision-making process. Multiple studies have
used attention mechanisms to determine salient inputs (Bahdanau et al., 2015; Ching et al.,
2018; Deming et al., 2016; Rajkomar et al., 2018; Xu et al., 2015). In the clinical domain,
Choi et al. (2016b) leveraged attention mechanisms to highlight which aspects of a patient’s
medical history were most relevant for making diagnoses. Choi et al. (2017) later extended
this work to take into account the structure of disease ontologies and found that the concepts
represented by the model aligned with medical knowledge – an exercise we strive to imitate.
However, these interpretation strategies that rely on an attention mechanism do not provide
insight into the logic used by the attention layer.

Back-propagation-based methods are also popular for interpreting deep learning models.
They have the signal from a target output unit back-propagated to the input layer. The
simplest form of this was proposed by Simonyan et al. (2013), a technique that we also
investigate (section 5.2.3). Improved versions of the back-propagation approach have been
proposed; the work by Bach et al. (2015) employed a strategy called Layerwise Relevance
Propagation, which was shown to be equivalent to the element-wise product of the gradient
and input (Kindermans et al., 2016). Moreover, guided backprop (Mahendran and Vedaldi,
2016; Springenberg et al., 2014) combines back-propagation techniques with the deconvolu-
tional network approach to produce sharper visualizations. However, as with the attention
mechanisms, many of these visualization techniques require architectural modifications
(Fong and Vedaldi, 2017).

On the other hand, perturbation-based interpretation approaches do not require changes in
the model architecture; instead, they change parts of the input and observe the impact on the
output of the network. These include visualizing the drop in classification score as constant
value masks are applied to different input patches of images (Zeiler and Fergus, 2014). A
recent study by Fong and Vedaldi (2017) proposed to use gradients to learn the minimal input
“deletions” that minimize the class score. This technique requires access to only the model’s
inputs and outputs and provides aesthetically pleasing explanations of image input salience.
We modify this technique to visualize continuous inputs that are analysed by LSTMs.

Visualizations of recurrent neural networks (RNNs) have been explored in natural lan-
guage processing. Li et al. (2016) visualized RNN embedding vectors to show how RNNs
achieve compositionality in natural language for sentiment analysis as well as visualizing
the influence of input words on classification. Similarly, Karpathy et al. (2015) analyzed the
interpretability of RNNs for language modelling, demonstrating the existence of interpretable
network units which are able to focus on specific language structures such as quotation marks
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in text. In both studies, the aim was to improve the understanding of RNNs by leveraging
human knowledge of the structured language. Such well-understood discrete input lends itself
to interpretable isolated explanations for the importance of each input to the model. In the
medical paradigm, firstly, we are less certain about the underlying biological processes that
govern the generation of physiological signals, and secondly, due to inputs being continuous,
isolation of salient features is more difficult.

RNNs have also been visualized by Lanchantin et al. (2017) in the domain of DNA
sequences. Given a DNA sequence, the model is trained to predict whether there is a binding
site for a particular transcription factor. Compared with our work, the DNA inputs are discrete
instead of the continuous-valued medical time series that we analyse. We explore the same
three techniques that they investigated and two additional techniques, which we show to be
more effective. These five visualization techniques are described in the following section.

5.2 Visualization techniques

Before describing the five visualization techniques explored, some preliminaries are required.
Each input sequence x1:T with T time steps has a corresponding class label c. An LSTM
provides pre-softmax activations s ∈ RC for each input sequence, with sc denoting the score
for the correct class c of the input sequence, and C denoting the number of classes.

5.2.1 Temporal output score

A first approach to understanding LSTM classifications is to illustrate the progression of
model decisions over time for a specific input sequence; i.e., incrementally longer subse-
quences of the original time series are classified and visualized. More formally, for a sequence
x1:T with length T we classify the prefix1 x1:t of the original sequence as t ranges from 1 to
T (Lanchantin et al., 2017). Fortunately, the classifications for all these possible prefixes of
a sequence are efficiently provided by an LSTM; we can simply record the softmax vector
given by softmax(Vht), at each time step t, where ht ∈ (−1,1)d is the hidden output of the
LSTM with d units, as defined in eq. 2.26, and V ∈RC×d is the output weight matrix. Note
that nothing changes during training where the single label of an input sequence is compared
to the classification only at the final time step T .

These predictions at each time step can then be superimposed onto the original signal,
either as colour-coded predicted categories or as the probability of being in the correct class.
For the latter, we record the element in the softmax vector corresponding to the true label

1We use the terms prefix to refer to a subsequence at the start of the original sequence.
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of the input sequence. As we show later, this temporal output score technique is limited by
its cumulative nature; it shows the tipping points of model decision making, but it fails to
indicate which input features were most salient. A better approach could be to find the most
likely input sequence for each class, which we describe next.

5.2.2 Class mode visualization

In an attempt to visualize the most likely input for a specific class, the input is optimized
with respect to the class score sc while keeping the model parameters fixed (Simonyan et al.,
2013). Formally, we would like to find an L2 regularized input sequence x1:T that maximizes
the score sc of the class c

J = argmax
x1:T

sc(x1:T )−λ ∥x1:T∥2
2 , (5.1)

where λ specifies the importance of the regularizer.
We optimize this objective function with RMSProp (Hinton et al., 2012) for 2000 iterations

at a learning rate of 0.001. Several values for λ were experimented with and setting λ = 0.3
produced reasonable results. Additionally, we experimented with the use of the total variation
norm (see eq. 5.4) as a regularizer to encourage smoother class mode signals, but this yielded
less interpretable results.

In the work by Simonyan et al. (2013), the CNN is trained on zero-centred images,
therefore they initialize the optimization with a zero image and add the mean training set
image to the optimized input. Our model is trained with data that have been rescaled to a
specific range. We clip the optimized values accordingly, and found the most interpretable
results when initializing x1:T to be distributed as a Gaussian distribution, N (xt ; µ,0.01I),
with µ denoting the mean of the training data.

Note that we specifically use the pre-softmax activated class scores sc. When using the
softmax layer, the maximization of eq. 5.1 could be achieved by minimizing the scores
of other classes. By using sc, we ensure that optimization concentrates on only the class
c in question (Simonyan et al., 2013). Experimentation with the use of the softmax layer
confirmed that it produces visualizations less sensible than those produced when using sc.

Deep learning models, however, are susceptible to artefacts (Fong and Vedaldi, 2017;
Goodfellow et al., 2014; Hu and Tan, 2017; Nguyen et al., 2015; Xiao et al., 2018), often
leading to uninterpretable class modes, as shown in section 5.3.1. To elucidate what we
mean by artefacts, a type of adversarial input, we present two examples in figure 5.1. Here,
seemingly insignificant arbitrary noise added to the image completely confuses the model.
To circumvent the problem of artefacts, we could instead narrow the search by finding the
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relationship between the correct class score sc and a specific input via differentiation – a
technique that we describe in the following section.

espresso: 0.9964 espresso: 0.0000 Learned Mask

maypole: 0.9568 maypole: 0.0000 Learned Mask

Fig. 5.1 Examples of artefacts for images. Above each image is the probability assigned to the correct
class by GoogLeNet (Szegedy et al., 2015). Small arbitrary injections of noise seem to completely
confuse the model. We refer to such perturbations as artefacts, where less visible versions are
commonly known as adversarial inputs (Goodfellow et al., 2014). (Adapted from Fong and Vedaldi
(2017).)

5.2.3 Input derivatives

Owing to the LSTM being highly nonlinear, it is difficult to determine the influence of
each input x on sc. We can, however, approximate sc(x) with a linear function in the
neighbourhood of a specific input sequence x(0) by using the first-order Taylor expansion2

sc(x)≈ sc(x(0))+
(
∇sc(x)|x(0)

)T

(
x−x(0)

1!

)
=
(
∇sc(x)|x(0)

)T x+ sc(x(0))−
(
∇sc(x)|x(0)

)T x(0)

= ωx+b (5.2)

This linear formulation allows us to see that the magnitude of the elements in ∇sc(x)|x(0)
determines the importance of the corresponding elements in x. Visualizing these magnitudes
enables interpretation of the model decisions. The gradient ∇sc(x)|x(0) can, fortunately, be
computed with a single step of back-propagation, and as in section 5.2.2, we back-propagate
the error signal with respect to pre-softmax activations.

In section 5.3.1 we show that this is a bad approximation for LSTMs. This interpretation
of salience breaks for a linear classifier; if sc(x) = ωx+ b, then ∇sc(x)|x(0) = ω , which
is independent of the input x(0) and therefore cannot be interpreted as salience (Fong and

2sc is assumed to be smooth at x(0).
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Vedaldi, 2017). This approach determines the change in sc for arbitrary variations ∆x =

x−x(0) from x(0); for a linear classifier, this change is the same regardless of the starting
point x(0). The problem is reduced but not solved for nonlinear models such as the LSTM.
Later, in figures 5.4 and 5.6, we show that salient features produced by this technique are
diffuse and have strong responses where no obvious information can be found in the input
sequence. Instead of the arbitrary variations explored with this approach, we could follow a
more controlled method – perturbing the input by deleting (occluding) subsections.

5.2.4 Occlusion

Zeiler and Fergus (2014) proposed iteratively occluding regions of an image in order to
visualize which regions are salient. We apply this to the sequential paradigm of LSTMs by
occluding subsequences of an input sequence with a predetermined occlusion value.

This technique iteratively occludes subsequence xt ′:t ′+w of x1:T by some constant k as
t ′ ranges from 1 to T , where w denotes the width of the occlusion. At the start and end of
the sequence, the occlusion is shortened such that each element of x1:T is occluded the same
number of times. Over these iterations, a new sequence v1:T accumulates the class score sc of
a sequence x1:T in element vt if element xt is not occluded. If an input xt is more important
for classification, then its corresponding sum of class scores vt will be high. For visualization,
the sequence v1:T is scaled to range from zero to one and superimposed onto the original
input sequence. In section 5.3.1, we illustrate results from our experiments with different
occlusion widths w and constants k.

This relatively manual process allows us to filter the input with more creative occlusions
that could highlight bespoke input-output dependencies. For example, we might want to
know the interdependence of subsequences and therefore choose to simultaneously occlude
the signal by width w every 20 time steps. For the MNIST dataset, processed in scanline
order (section 3.4.3), it is sensible to occlude a 5×5 pixel block of the 28×28 pixel images.
In this case, the tailored filter would occlude five contiguous pixels every 28 time steps,
repeated five times. In the 2D space of the image, this amounts to the same occlusions used
for CNNs (Zeiler and Fergus, 2014), but the resulting salient features are different due to the
model being an LSTM.

It is exactly this manual nature that also limits the efficacy of the occlusion technique.
First, the correct occlusion value k that resembles a “deletion” of information is difficult to
determine. Second, the width w and the structure of the occluded regions have to be specified
and are fixed, leaving endless possible combinations unexplored. Next, we introduce a
method that mitigates these issues by employing gradients to efficiently explore the space of
possible input perturbations.
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5.2.5 Learning an input mask

With focus on convolutional neural network (CNN) applications, Fong and Vedaldi (2017)
recently proposed a method for learning a mask that optimally deletes information in an
image. Here we describe an adaptation that makes their proposal suitable for LSTMs applied
to physiological signals.

The aim is to find a mask m1:T that minimally deletes information in the input sequence
x1:T while minimizing the class score sc. With d denoting the number of inputs per time step
t, we have mt ∈ [0,1]d . The function φ that masks each element of the input is defined as

φ(x1:T ;m1:T ) = m1:T ⊙x1:T + k(1−m1:T ), (5.3)

where k is a constant resembling a deletion of information. We seek a mask with elements
that are near binary, either deleting completely or not at all, and with as few zero-elements
as possible. The L1 norm provides a suitable technique to encourage this property, but also
provides enticing conditions for the mask to trigger artefacts in the LSTM (see figure 5.1). To
prevent these artefacts, the total variation of m1:T is added to the objective function, which
encourages the mask to be smooth. The resulting objective function is given by

J = argmin
m1:T

λ1 ∥1−m1:T∥1 +λ2

T−1

∑
t=1
|mt+1−mt |+ sc

(
φ(x1:T ;m1:T )

)
, (5.4)

where the first term uses the L1 norm to minimize the size of the region masked, the second
term is the total variation, and λ1 and λ2 weight these respective terms. For visualization the
learned mask is scaled to range from zero to one, subtracted from one, and superimposed
onto the original input.

Fong and Vedaldi (2017) additionally upsample the input images and jitter them to further
mitigate the triggering of artefacts. Essentially, this jitter randomly translates the input by a
few elements. By minimizing the expected class score over these random translations, the
mask is required to have a similar effect on neighbouring elements. In our experiments, we
did not find signs of artefacts, and applying jitter to the input resulted in larger-than-required
masks.

All of our experiments used Adam (Kingma and Ba, 2015) with a learning rate of 0.001
to optimize the mask over 500 iterations. Among initial values of 0, 0.5, and 1 for the mask,
1 convincingly yielded the best results. We experimented with various values for λ1 and λ2,
and setting λ2 = 0.001 provided good results over all the datasets analysed. Learning an
input mask was found to be insensitive to the choice of lambdas; changing them modifies the
size of the important regions but the important features remain the same. The optimal value
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of λ1 for each dataset is shown in section 5.3.1 along with some of the values for k that we
experimented with. In the next section, we demonstrate that this method is superior to those
introduced earlier in this work.

5.3 Results

In order to apply these visualization techniques, we require a trained LSTM. Thus we begin
by training three LSTM classifiers, each on a different dataset, using the cross-entropy
objective function. The datasets comprise the ICU dataset (section 3.2.3), the MNIST dataset
and the MIT-BIH arrhythmia dataset (section 3.4.3). Each model was trained with Adam at
a learning rate of 0.001 and a minibatch size of 200. Optimization was run for 100 epochs
and the validation loss was used to determine the best model. For the ICU dataset, we used a
sequence length of 100 at a resolution of 40 Hz. In table 5.1 the classification accuracies are
presented along with the hidden layer structure used for each model. These hyperparameters
were optimized via manual search.

Table 5.1 Accuracies of the visualized LSTMs

Dataset Hidden structure Dropout Weight decay Accuracy [%]

MNIST 128x128 0.1 10−6 98.5
MIT-BIH 128 0.1 10−3 87.6
ICU 64 0.35 10−1 99.2

As a first sanity check, the accuracy achieved on MNIST is similar to those reported by
Cooijmans et al. (2016) (98.9%) and Arjovsky et al. (2016) (98.1%). Similar to medical
time series, the MNIST dataset, processed in scanline order, consists of continuous-valued
sequences. Being well-understood data, MNIST digits thus enable intuitive evaluation of the
visualization techniques for LSTMs applied to medical-like time series.

5.3.1 Qualitative evaluation

Here we qualitatively show the efficacy of the five visualization techniques by means of
examples from the test datasets. To juxtapose the techniques described in sections 5.2.3 to
5.2.5, we jointly refer to them as input feature salience methods. Following the same order
of introduction, we start with the temporal output score technique.
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Temporal output scores

In figure 5.2 we illustrate the temporal output scores for the MNIST and MIT-BIH datasets.
For both datasets, the probability of being in the correct class, as well as the most probable
class, is displayed at each time step.
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Fig. 5.2 Temporal output scores for the MNIST dataset (left) and the MIT-BIH dataset (right). The
probability that the LSTM assigns to the true class is shown, along with the most likely class as
predicted by the LSTM. The different classes are colour-coded according to the colour bar shown to
the right of the plots. For the MIT-BIH dataset, the four classes of heartbeats are: normal, right bundle
branch block (RBBB), paced, and premature ventricular contraction (PVC). The electrocardiograms
all have a length of 216 time steps and are plotted with the same y-scale. This visualization technique
depicts the LSTM decisions over time, and we are able to see what priors the model has learned. The
minimum length required for classification is also made evident; see, for example, the four-digit of the
MNIST dataset. Note, the model incorrectly classified the nine-digit example and all ECG examples
were correctly classified.

Usefully, this technique allows tracking of LSTM decisions over time. Considering
the most likely class on MNIST, the digits are all classified as nine for the first six time
steps before the prediction switches to seven – an interesting prior learned by the model.
The one-digit marginally constitutes the largest class of the MNIST training and validation
datasets, with seven being the close second. We speculate that the model is quicker to identify
a seven (it has a long flat region at the top) than a one, which could explain the learned prior.
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With such balanced datasets, the prior could also depend on the order of the data points seen
during the final epoch of training. On the other hand, the normal class of the MIT-BIH dataset
is much larger than the other categories, which explains why the model initially assumes all
electrocardiograms to be normal.

A neat feature of this technique, not provided by any of the other visualization techniques
explored, is the ability to determine the minimum sequence length required for classification.
Compare, for example, classification of the five-digit, which is confidently correct from
halfway through the sequence, to the classification of the four-digit, which switches to the
correct class at the very last moment – it would be detrimental to shorten the MNIST digit
sequences. Similarly, for the MIT-BIH dataset, the LSTM switches to the correct class at the
very last moment for all of the examples.

Although this is a fun and easy-to-implement technique, it is limited to cumulative
sequential explanations. For example, in the right bundle branch block heartbeat example,
what the model looks at is not apparent. The technique depicts when the predictions are
changed, but not the extent to which each time step contributed to the prediction.

Class mode visualization

Learned optimal inputs of the MNIST and MIT-BIH LSTMs are presented in figure 5.3. Here,
the susceptibility of LSTMs to artefacts causes the technique to produce illogical class modes
for both models. The learned paced beat shows a glimmer of hope; there is a large spike at
the start of the QRS complex (see figure 5.5), which is usually indicative of a paced heartbeat.
Nevertheless, the majority of the class modes presented makes no sense. As described in
section 5.2.2, deep learning models can easily be fooled to classify arbitrary noise with high
confidence; a consequence of the model not having seen something similar to the arbitrary
noise during training. Modern deep learning models mitigate this by means of adversarial
networks, described in section 4.2.2.
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Fig. 5.3 Class mode visualizations for the MNIST dataset (left) and the MIT-BIH dataset (right).
Essentially, the learned optimal input for each class is illustrated, with the classes indicated to the
left of each example. For the MIT-BIH dataset, the four heartbeat categories are normal, right bundle
branch block (RBBB), paced, and premature ventricular contraction (PVC). Evidently, this technique
produces illogical class modes.

Input feature salience

In this section, the input derivative, occlusion, and mask learning visualization techniques
(sections 5.2.3 to 5.2.5) are visually compared. Of the various hyperparameters explored for
each technique, we present the set of most informative results. We start the comparison with
the easy-to-understand MNIST dataset in figure 5.4. For MNIST digits, the different stroke
patterns should constitute some of the salient input features, making it a good dataset for
comparing the utility of different visualization techniques.
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Fig. 5.4 Input feature salience for examples of the MNIST dataset. The different features that are
important according to the occlusion, mask, or input derivative techniques, are displayed on a scale of
zero to one, where one is important. Each column shows the analysis of the same, correctly classified,
original input. The occlusion width is denoted by w and the deletion value by k, with their respective
values indicated on the left-hand side. The 5× 5 block refers to a carefully structured occlusion,
which is the equivalent of a 5×5 pixel block being occluded for each iteration (see section 5.2.4).
Most of the techniques find some interpretable salient features, with the mask learning technique, row
10, producing the best results and purely marking digit strokes as important. Interestingly, occlusion
with k = 0.5 results in the negative of the original input being salient.
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For starters, the standard occlusion technique successfully finds interpretable salient
features. When the occlusion width w = 2, however, many seemingly important features go
unnoticed, for example, the seven-digit in row 2. On the other hand, setting w = 10 results in
overly elongated salient regions and exemplifies the difficulty of hyperparameter selection
for this technique.

In the domain of MNIST digits, setting the deletion value k = 0 is sensible because, given
the digit strokes, the background is unimportant and zero-valued. Nevertheless, occluding
with k = 0.5 yields interpretability by producing the negative of the original input. As seen in
row 7, the most effective occlusion with k = 0.5 is achieved when using a carefully structured
5×5 block occlusion (see section 5.2.4). When k = 0, however, the 5×5 block occlusion is
less effective than the standard w = 5 occlusion (compare rows 3 and 8).

A striking property of the visualization results is how much better the masking technique
performs compared with the occlusion and input derivative techniques. Setting the deletion
value k = 0, results in a mask that covers most of the digit stroke patterns, which is intuitively
the best option. Fong and Vedaldi (2017) use the mean of the input as the deletion value,
which in our case yields less interpretable results (compare rows 9 and 10). It would seem
that the selection of the deletion value k is task-specific.

With a better understanding of how deletion values k and occlusion widths w influence
visualizations, we proceed to visualize salient features for the LSTM on the MIT-BIH dataset
of electrocardiograms (ECGs). A standard electrocardiogram, with annotated cardiologist
interest points, P, Q, R, S, and T, is shown in figure 5.5. With occasional reference to these
interest points, we discuss the comparison of the different visualization techniques on the
MIT-BIH dataset (figure 5.6).

Fig. 5.5 A standard single-lead electrocardiogram with the interest points labelled.
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Fig. 5.6 Input feature salience for electrocardiograms (ECGs) of the MIT-BIH dataset. The input
feature importance for LSTM classification, as given by the occlusion, mask, and input derivative
techniques, are displayed on a scale of zero to one, where one is important. The different techniques
and their settings are indicated at the top, with k denoting the deletion value, w the occlusion width,
and λ1 our preference for important-only elements in the learned mask. On the left-hand side, the true
label of the ECG is indicated, with the four heartbeat categories being normal, right bundle branch
block (RBBB), paced, and premature ventricular contraction (PVC). Where the LSTM incorrectly
classified an input, the correct class is indicated by *. All the signals are displayed with the same
y-scale and have a length of 216 time steps (x-axis).
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At first glance, it’s evident that the occlusion and mask techniques have some overlap
(rows 2, 3, 6, 7, 9, 10, and 11). However, later in our discussion, it becomes apparent that the
additional regions explained by the learned mask render it superior to the other techniques.
Over different examples in each class, we also see similar features found salient by the
learned mask – a property less apparent for the other techniques. Furthermore, as expected in
clinical practice (Moody and Mark, 2001), the ECG leads varied among subjects (see the
difference between rows 1 and 2), which makes generalization harder for LSTMs.

Whereas the MNIST digits are easy to understand, understanding the important features
of electrocardiograms requires expert knowledge of cardiology. Hence, we consulted a
cardiologist to help identify the salient features detected by LSTMs that align with medical
theory. The analysis is summarized as follows:

• We begin with the normal heartbeat; the model correctly identifies the QRS complex as
salient, with the learned mask indicating that more importance is placed on the R-peak
and S-wave (rows 2 and 3). Because the signal in row 1 is from a different ECG lead,
it has a low R-peak, which, given the importance of the R-peak for normal heartbeats,
could explain the misclassification. Whereas the learned mask correctly identifies the
Q-, R-, and S-points as important, the occlusion and derivation techniques seem to be
limited to one or two points of interest. The model finds Q-wave to be less helpful,
which is similar to the findings in practice because usually, the Q-wave is barely visible
for normal heartbeats.

• A wide S-wave is usually seen in right bundle branch block (RBBB) heartbeats, which
was correctly identified as salient by the model – highlighted by the mask (k = 0)
and occlusion techniques for all the RBBB examples (rows 4 to 6). The learned
mask additionally shows that the LSTM correctly identifies the extra bump leading
up to the R-peak (a characteristic of an RSR pattern) to be important for classifying
RBBB heartbeats. In rows 4 to 6, we see that setting k = mean is detrimental to the
learned mask, whereas the occlusion technique is largely unaffected. Note that RBBB
heartbeats can look similar to LBBB heartbeats, depending on the ECG lead.

• Depending on where the pacing leads are placed within the heart, the R-wave (or
sometimes Q-wave) follows the pacing spike (see rows 7 to 9). Thus, identifying
the narrow upstroke of the pacing spike could provide a means of detecting paced
heartbeats. According to the learned mask, the LSTM learns to identify this pacing
spike, whereas the occlusion technique, with w= 25, seems to find the R-to-S transition
important. These paced heartbeat examples demonstrate the difficulty of choosing the
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occlusion width w; for larger values, the importance lies on the R-to-S transition, and
the importance moves to the sharp peak as the width, w, is decreased.

• Lastly, in rows 10 to 12, the learned mask elucidates that the model considers the ratio
of the R-peak and S-wave as an important feature of premature ventricular contraction
(ventricular ectopics). Medically this is relevant for some ECG leads, with the S-wave
being deep relative to the R-peak. In practice, the duration of the QRS complex is
primarily used to determine premature ventricular contraction, but it’s difficult to
justify whether this is something the model finds salient. The relatively normal R-peak
to S-wave ratio in row 11, compared to row 12, and the short QRS complex, could
explain the misclassification.

The analysis demonstrates that the input features considered salient align well with
medical theory. Note, however, cardiologists usually classify heartbeat arrhythmias by means
of multiple ECG leads and not a single lead, as in this case. When they are uncertain of
their classification they often look at other leads for more information. Additionally, the
patient’s current health condition (such as chest pain) contributes largely to a cardiologist’s
classification – an input not considered by our LSTM. Such additional inputs could improve
the LSTM performance.

A visualization technique that has not been given much attention thus far is the input
derivative. On both of the before mentioned datasets, this technique yields the least inter-
pretable salient features. On the other hand, both the occlusion and masking techniques
produce interpretable results. The input derivatives elucidate the magnitude of influence that
each feature has, whereas the occlusion and masking techniques indicate the consequence of
varying the input. In the medical time series domain, the latter two techniques double as a
means to determine the effect of unwanted perturbations on classification, such as missing
values in physiological signals.

Up to now, we have considered only univariate inputs. To assess these input feature
salience techniques on multivariate time series we turn to the ICU dataset (section 3.2.3)
in figure 5.7. Again we indicate the different techniques and their settings at the top of the
image, and the signal category on the left. Similar to the 5× 5 block occlusion, we can
occlude all of the signals simultaneously over time, which is indicated by “all channels” in
the figure. The default procedure is to occlude each channel separately, that is, considering
all signals as a single stitched sequence.
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Fig. 5.7 Input feature salience for the multivariate time series of the ICU dataset. The input feature
importance for LSTM classification, as given by the occlusion, mask, and input derivative techniques,
are displayed on a scale of zero to one, where one is important. The different techniques and their
settings are indicated at the top, with k denoting the deletion value, and w the occlusion width.
Occlusion on all channels means that all the signals were simultaneously occluded, whereas the
occlusion is propagated through each signal separately in the single channel case. On the left-hand
side the true label of the input is indicated, where an incorrect classification by the LSTM is indicated
by *. The different physiological signals, indicated at the bottom of the figure, are normalized to have
zero mean and unit variance, based on dataset statistics. All inputs are displayed with the same y-scale
and have a length of 100 time steps (x-axis). There is little overlap of salient features between the
single channel occlusion and the learned mask. The learned mask pays attention to the blood pressure
and the occlusion focusses on the electrocardiogram. Occluding all channels does not seem to yield
interpretable results, and the input derivatives provide clarity but probably not clinical relevance.
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Compared to the univariate salience visualizations, here, there is less overlap between the
salient features of the learned mask and those of the standard occlusion (single channel). For
dying patients, the mask identifies blood pressure as important, whereas the single channel
occlusion focusses on the electrocardiogram (ECG). Similarly, for the normal patients, the
mask focusses on the start of the blood pressure signal, whereas the occlusion technique
finds the entire blood pressure sequence salient and again some of the ECG signal.

The clarity granted earlier by the 5×5 block occlusion is unfortunately not as evident here;
the simultaneous occlusion of all the signals does not produce interpretable visualizations.
On the other hand, the input derivatives seem to effectively hone in on specific features,
making visualization aesthetically pleasing, although probably not clinically relevant.

Clearly, when dealing with multivariate time series, the visualizations become convoluted
and important features are more difficult to pin down. Additionally, because the intensive
care unit dataset is small, subsequences from all patients were mixed before we split the
data. Therefore, salient features for the model could distinguish patients instead of medical
outcomes. We explored visualizations on data with even more signals, such as the traumatic
brain injury dataset (section 3.2.2), but too many signals render visualizations impractical.
Hence, visualizing and understanding LSTMs on multivariate signals remains an open
problem.

We observed the visualization techniques on a significant portion of all the datasets
and found the salient regions to be consistent for each class – the examples presented in
this section represent their entire corresponding dataset. The following section describes a
quantitative effort to find a measure of efficacy for the entire test dataset.

5.3.2 Quantitative evaluation

In this section, we compare the efficacy of the input feature salience techniques by calculating
how much they reduce the class score sc on average. Here the total size of the salient regions
is not a concern, instead, the important input regions should be as relevant as possible
regardless of their size. To compare the different techniques, however, we need to penalize
larger deletion areas because simply deleting the whole input could yield the largest score
reduction. Therefore, we scale the score reduction for each input sequence by the ratio
T−M(n)

T , where M(n) is the number of input elements occluded of the sequence x(n)1:T , and T is
the total number of time steps. Before occluding a sequence and computing the reduced class
score, a threshold denoted by α ∈ [0,1] has to be specified, above which, the input features
are considered important enough to occlude. The consequent average class score reduction is
obtained by the following protocol:
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1. Start by computing the original class score s(n)c for x(n)1:T via the LSTM.
2. Let r(n)1:T , r(n)t ∈ [0,1], be the scaled importance of input features for x(n)1:T .
3. For all elements r(n)t > α , set x(n)t = k, where k is the deletion value.
4. Obtain the new class score ŝ(n)c for the occluded input.
5. Let M(n) be the number of elements occluded; M(n) = ∑

N
n=1 I(r

(n)
t > α).

6. Scale the class score reduction and compute the average over the entire test dataset as
1
N ∑

N
n=1

T−M(n)

T (s(n)c − ŝ(n)c ).

Importantly, this metric does not consider whether the occlusions are correct, for example,
the electrocardiograms could be occluded at clinically irrelevant regions. It solely provides a
measure of how efficiently each technique finds salient input features for the LSTM. Hence,
establishing the utility of the visualization techniques still requires the qualitative evaluation.
To have the average class score reductions be related to the utility of the salience technique,
we select the hyperparameters based on visual analysis. The chosen hyperparameters are
presented in table 5.2; the input derivative technique does not require hyperparameter
selection.

Table 5.2 Hyperparameters for the different visualization techniques used to compute the average
class score reduction. The values are based on the best results found during visual analysis.

Technique MNIST MIT-BIH ICU

Occlusion w = 5, k = 0 w = 25, k = 0 w = 15, k = 0
Mask k = 0, λ1 = 0.01 k = 0, λ1 = 1.0 k = 0, λ1 = 0.1

In figure 5.8 we illustrate the average score reductions over a range of values for α .
Evidently, the learned mask most efficiently deletes information from the input. In contrast
to the other techniques, when α = 0.9, the learned mask still greatly reduces the class score,
meaning that the most salient features are truly important. On the ICU dataset, the occlusion
technique performs poorly, whereas the input derivatives seem to identify salient features
efficiently – similar to what was found in the qualitative evaluation.

5.4 Discussion

This chapter deals with the important problem of providing insights into how black box
models, specifically LSTMs, make their decisions. The premise is simple – for many practical
applications, one needs justification of the decision, instead of a bare prediction. LSTMs, and
other neural networks do not provide this kind of information. When these models are applied
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Fig. 5.8 Average class score reductions for the three input feature salience techniques. From left to
right the reductions are shown for LSTMs trained on the MNIST, MIT-BIH, and ICU datasets. Each
colour resembles a different visualization technique, as indicated in the legend. The y-scale is the
same for each graph. Learning a mask is clearly the superior technique.

to medical data, understanding why they make certain decisions would allow clinicians to
build better trust in them and could provide novel insights on medical phenomena.

We compared the efficacy of five visualization techniques for the LSTM. In this com-
parison, it is argued that explaining what an LSTM focusses on depends in large part on
the meaning of varying the input to the model. It was found that learning a deletion mask
yields the most interpretable results and the largest reduction of the class score. Performance
of this technique seemed fairly unaffected by different preferences for zero-valued mask
elements and mask smoothness, but this could be data-dependent. Furthermore, we found
that the electrocardiogram input features considered salient by LSTM align well with medical
theory. We would like to point out, however, that the visualization techniques explored
also have limitations; for multivariate time series, such as intensive care unit vital signs, the
visualizations can become obtuse when the number of signals is large.

This work goes some way to improving our understanding of LSTMs. In defence of
deep learning model interpretability, it may be lagging behind most Bayesian models, but it
is comparable to or better than that of many other widely-used machine learning methods,
such as random forests and support vector machines (SVMs) (Ching et al., 2018). Training
SVMs with nonlinear kernels sacrifices interpretability and the same input importance scores
that can be obtained for random forests can be obtained for deep learning models. Similarly,



106 Visualization techniques for LSTMs applied to medical time series

a decision tree with myriad nodes and branches may also be difficult to comprehend, and
training simple machine learning techniques on heavily engineered features could render the
approach opaque if the features are difficult to interpret.

Up to this point in the thesis, we have looked at applications where LSTMs are beneficial
and have demonstrated how it is possible to gain a better understanding of these models.
Next, we take a look at how we can extend the capabilities of the LSTM.



Chapter 6

LSTMs as a generative model for validity
in complex discrete structures

Often real-life data are sequences of some form, such as text, mathematical expressions,
and atomic structures of molecules. In these scenarios, each element in the sequence is
one of any in a set, sometimes referred to as the alphabet. The space of possible sequences
grows exponentially with the length of the sequences; the fraction of valid sequences in
this space typically decreases with the length of the sequences. Learning the rules that
govern production (the grammar) of valid sequences is stifled by this small fraction of valid
sequences.

As a remedy, this chapter introduces our first extension of the LSTM. This extension
leverages the sequential nature of the LSTM to allow efficient active learning of sequence
grammars. Efficiency is obtained by reducing the search from that over all possible sequences
– a large space – to a search over the set of possible elements at each time step. Before detailing
this approach, we describe an application where the validity of sequences is important.

6.1 Generating valid discrete structures

Deep generative models have enabled the search of high-dimensional discrete spaces (Gómez-
Bombarelli et al., 2016b; Kusner et al., 2017). This discrete search is at the heart of problems
in drug discovery (Gómez-Bombarelli et al., 2016a), symbolic regression (Kusner et al.,
2017), and natural language processing (Bowman et al., 2015; Guimaraes et al., 2017).

Optimizing or searching in a continuous space is easier than in a discrete space. Therefore,
an autoencoder is employed to “lift” the search from the discrete space into the continuous
space. Here the autoencoder (section 3.5.1) consists of an encoder for mapping a discrete
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space into a continuous space and a decoder for mapping from a continuous space into a
discrete space. The discrete space is presented to the autoencoder as a sequence in some
formal language, for example, in Gómez-Bombarelli et al. (2016b) molecules are encoded
as SMILES strings (see section 6.4). Your preferred deep learning model can then be
used as the encoder and decoder; however, when employing these models, the decoder
frequently generates invalid sequences. Kusner et al. (2017) aimed to fix this by basing
the sequential models on parse tree representations of discrete structures, where externally
specified grammatical rules assist the model in the decoding process. This work bolstered
the ability of the model to produce valid sequences during decoding, but the method requires
hand-crafted grammatical rules for each application domain and leaves room for improving
the percentage of valid sequences generated.

In the spirit of this thesis, this work is concerned with an end-to-end learning approach,
whereby a validity model learns the validity constraints of a given discrete space. Effectively,
the proposed model learns the grammar of character-based sequences, which allows it to
generate valid sequences by means of this grammar. As made apparent in the following
sections, training such a model is challenging. Therefore, to assist in training this model we
propose two data augmentation techniques.

Where no labelled dataset of valid and invalid sequences is available, we propose a
novel approach to active learning for sequential tasks inspired by classic mutual-information-
based approaches (Hernández-Lobato et al., 2014; Houlsby et al., 2011). Where datasets
containing valid examples do exist, we propose an effective data augmentation process based
on applying minimal perturbations to known valid sequences. These two techniques allow us
to rapidly learn sequence validity models that can be used as; i) generative models, which
we demonstrate in the context of Python 3 mathematical expressions; and ii) a validity-
encouraging model for character-based sequences, that can drastically improve the ability
of decoding continuous representations into valid discrete sequences for deep generative
models. We demonstrate the latter in the context of molecules, but first, we define our model
for sequence validity.

6.2 A model for sequence validity

To formalize the problem we denote the set of discrete sequences of length T by X =

{(x1, ...,xT ) : xt ∈ C} using the alphabet C = {1, ...,C} of size C. Individual sequences in X
are denoted x1:T . We assume the availability of a validator v : X → {0,1}, an oracle which
can tell us whether a given sequence is valid (1) or not (0). It is important to note that such a
validator provides very sparse feedback: it can only be evaluated on a complete sequence.
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Examples of such validators are compilers for programming languages, which can identify
syntax and type errors, and chemo-informatics software for parsing SMILES strings (section
6.4), which identify violations of valence constraints. Running the standard validity checker
v(x1:T ) on a partial sequence or subsequence (e.g., the first t < T characters of a computer
program) does not in general provide any indication as to whether the complete sequence of
length T is valid.

Here we are concerned with learning a generative model for the set of sequences X+ =

{x1:T ∈ X : v(x1:T ) = 1}, the subset of valid sequences in X . To achieve this, we require the
sequential generative process to be guided towards valid sequences. This guidance takes the
form of a more informative function ṽ(x1:t) which operates on prefixes 1 x1:t of a hypothetical
longer sequence x1:T and outputs

ṽ(x1:t) =

1 if there exists a suffix xt+1:T such that v(c[x1:t ,xt+1:T ]) = 1,

0 otherwise
(6.1)

where c[x1:t ,xt+1:T ] concatenates a prefix and a suffix to form a complete sequence. Thus
the function ṽ(x1:t) determines whether a given prefix can form part of a valid complete
sequence. Note that we are indifferent to how many suffixes yield valid sequences. Essentially,
a generative model of X+ which constructs sequences from left to right, a single character at
a time, can use ṽ(x1:t) to provide early feedback as to which of the next character choices
lead to a “dead end” from which no valid sequence can be produced.

Training this prefix validity model ṽ(x1:t) is best viewed from a reinforcement learning
perspective. Hence, the problem can be framed as a Markov decision process (Sutton
and Barto, 1998) for which we train a reinforcement learning agent to select characters
sequentially in a manner that avoids producing invalid sequences. At time t, (t ∈ {1, ...,T})
an agent is in state x<t = x1:t−1 and can take actions xt ∈ C, i.e., the current action depends
only on the current prefix. At the end of an episode (end of sequence), following action xT ,
the agent receives a reward of v(x1:T ). Since in practice we are only able to evaluate v(x1:T )

in a meaningful way on complete sequences, the agent does not receive any reward at any of
the intermediate steps t < T . The optimal Q-function, Q⋆(s,a), a function of a state s and an
action a, represents the expected reward of an agent following an optimal policy which takes
action a at state s (Watkins, 1989). This optimal Q-function would assign value 1 to actions
a = xt in states s = x<t for which there exists a suffix xt+1:T such that c[x1:t ,xt+1:T ] ∈ X+,
and value 0 to all other state-action pairs. This behaviour exactly matches the desired prefix

1We use the terms prefix and suffix to refer to subsequences at the start and end of the original sequence.
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validator in eq. 6.1, that is, Q⋆(x<t ,xt) = ṽ(x1:t). Consequently, learning ṽ(x1:t) corresponds
to learning the Q-function.

Having access to the model of X+ by Q⋆ allows us to obtain a generative model for
X+. In particular, an agent following any optimal policy π⋆(x<t) = argmaxxt∈C Q⋆(x<t ,xt)

will always generate valid sequences. If we sample uniformly at random across all optimal
actions at each time t = 1, ...,T , we obtain the joint distribution given by

p(x1:T ) =
T

∏
t=1

Q⋆(x<t ,xt)

Z(x<t)
, (6.2)

where Z(x<t) = ∑xt
Q⋆(x<t ,xt) are the per-time-step normalization constants. This distribu-

tion allows us to sample sequences x1:T in a straightforward manner by sequentially selecting
characters xt ∈ C given the previously selected characters in x<t .

Rather conveniently, we can approximate this optimal Q-function with an LSTM that has
a sigmoid activated output unit for each character in C, such that each output is in the closed
interval [0,1]. A schematic of the LSTM output is shown in figure 6.1. We denote the output
of the LSTM unit corresponding to character xt by y(xt |x<t ,ω), with network weights ω and
input sequence x<t . This output y(xt |x<t ,ω) is interpreted as the probability that action xt

can yield a valid sequence given the current state x<t , that is, as p(Q⋆(x<t ,xt) = 1).
Within our framework, a sequence x1:T will be valid according to the model if every

action during the sequence generation process is permissible, that is, if Q⋆(x<t ,xt) = 1, ∀t.
Similarly, we consider that the sequence x1:T will be invalid if at least one action during
the sequence generation processes is not valid2, that is, if Q⋆(x<t ,xt) = 0 at least once for
t = 1, ...,T . This leads to the following log-likelihood function given the training dataset
D = {(x(n)1:T ,y

(n))}N
n=1 of sequences x(n)1:T ∈ X and corresponding labels3 y(n) = v(x1:T ):

L(ω|D) =
N

∑
n=1

(
y(n) log p(y(n) = 1|x(n)1:T ,ω)+(1− y(n)) log p(y(n) = 0|x(n)1:T ,ω)

)
, (6.3)

2Note that, once Q⋆(x<t ,xt) is zero, all the following values of Q⋆(x<t ,xt) in that sequence will be irrelevant
to us. Therefore, we can safely assume that a sequence is invalid if Q⋆(x<t ,xt) is zero at least once in the
sequence.

3Note the difference in notation for the model output y(xt |x<t ,ω) and that of the sequence labels y.
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Fig. 6.1 The LSTM model used to approximate the Q-function. For each element xt in the sequence,
a vector of sigmoid activations is produced, which indicates the likelihood of the next element leading
to a valid sequence. The first prediction is generated from the initial hidden state of the LSTM. The
output columns shown above each LSTM unit depict hypothetical sigmoid activations predicting the
likelihood of a valid sequence for each possible next character given the previous sequence elements
and the weights; y(xt |x<t ,ω). Darker blocks indicate characters that have a higher likelihood of
leading to a valid complete sequence. Here the set of characters is the SMILES alphabet (table 6.4);
a specific form of molecular structures that allow them to be denoted as a sequence of characters.
Letters represent different atoms, numbers represent ringbonds, and brackets represent branches in
the molecule. We show an example input by using the first four characters of an arbitrary molecule
(see figure 6.3 for the full molecule).

where, following from the above characterization of valid and invalid sequences, we define

p(y(n) = 1|x(n)1:T ,ω) =
T

∏
t=1

y(x(n)t |x(n)<t ,ω) (6.4)

p(y(n) = 0|x(n)1:T ,ω) = 1−
T

∏
t=1

y(x(n)t |x(n)<t ,ω). (6.5)

The log-likelihood (eq. 6.3) can be optimized using stochastic gradient descent and back-
propagation, resulting in a maximizer ω̂ such that y(xt |x<t , ω̂)≈ Q⋆(x<t ,xt).
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Notice the difference between the formulation above and that of a maximum likelihood
solution to T independent binary classifications, which would require eq. 6.5 to be

p(y(n) = 0|x(n)1:T ,ω) =
T

∏
t=1

(
1−y(x(n)t |x(n)<t ,ω)

)
. (6.6)

Here, the prediction that a single element xt of a sequence is invalid, y(xt |x<t ,ω) = 0, would
not strictly result in a prediction of the complete sentence being invalid, p(y(n) = 0|x(n)1:T ,ω)≤
1, which is the case in eq. 6.5 and empirically found to be important. Essentially, compared
to eq. 6.5, eq. 6.6 encourages y(xt |x<t ,ω) to be low for all t, which in turn leads to the value
of eq. 6.4 vanishing with an increase in sequence length. Thus, eq. 6.5 allows the model to
assign 0 to only those elements that lead to invalid sequences.

To summarize, this section showed how concepts from reinforcement learning may
be used to define a suitable generative model and how this model can be approximated
using sequence-based deep learning techniques. As mentioned before, datasets of discrete
sequences are often highly unbalanced, containing larger fractions of valid sequences. The
following section describes two approaches that mitigate this issue and thus permits the
learning of a grammar.

6.3 Ensuring a balanced dataset

One critical aspect of learning ω as described in section 6.2 is the generation of a training
dataset D. A naive approach would be to draw elements from X uniformly at random.
However, in many cases, D contains only a tiny fraction of valid sequences and the uni-
form sampling approach produces extremely unbalanced datasets which contain very little
information about the structure of valid sequences. While rejection sampling can be used to
increase the number of valid samples, the resulting additional cost makes such an alternative
infeasible in most cases. This problem is exacerbated by longer sequence lengths T . With
| · | denoting the cardinality of a set, |X | will always grow as |C|T , while |X+| will typically
grow at a lower rate.

In light of this, we employ two approaches for artificially constructing balanced datasets
that permit learning these models with far fewer samples than |C|T . The first approach applies
to settings where we do not have a collection of known valid sequences and makes use of
active learning; the second applies to settings where a dataset of valid sequences is available
and employs a sequence perturbation technique.
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6.3.1 Active learning

Bayesian active learning enables automatic construction of a training dataset D. This method
works by iteratively selecting sequences in X that are most informative about the parameters
ω given the data collected thus far (MacKay, 1992a).

As we had before, we denote an arbitrary sequence by x1:T and the corresponding
unknown binary label by y, which indicates whether the sequence is valid or not. Our
model’s predictive distribution p(y|x1:T ,ω) is given by eq. 6.4 and 6.5. The aim here is to
add sequence-label pairs to our dataset that provide us with the biggest gain in information.
The amount of information that we expect to gain on the weights ω by labelling and adding
x1:T to D can be measured in terms of the expected reduction in entropy of the posterior
distribution p(ω|D)

α(x1:T ) =H[p(ω|D)]−Ep(y|x1:T ,ω)

[
H[p(ω|D∪ (x1:T ,y))]

]
, (6.7)

where H[·] computes the entropy of a distribution. It turns out that this formulation of the
entropy-based active learning criterion is problematic because computing p(ω|D∪ (x1:T ,y))
requires training on the new data point x1:T . Fortunately, Houlsby et al. (2011) showed that
α(x1:T ) is equal to the mutual information between y and ω given x1:T and D

α(x1:T ) =H
[
Ep(ω|D)[p(y|x1:T ,ω)]

]
−Ep(ω|D)

[
H[p(y|x1:T ,ω)]

]
, (6.8)

which is easier to work with as the required entropy is now that of Bernoulli predictive
distributions, an analytic quantity. Let B(p) denote a Bernoulli distribution with probability
p, with probability mass pz(1− p)1−z for values z ∈ {0,1}. The entropy of B(p) can easily
be obtained as

H[B(p)] =−p log p− (1− p) log(1− p) =: g(p) (6.9)

The expectation with respect to p(ω|D) can easily be approximated by Monte Carlo
estimation. We could attempt to sequentially construct D by optimizing eq. 6.8. However,
this optimization process would still be difficult, as it would require evaluating α(x1:T )

exhaustively on all the elements of X . The sequential nature of LSTMs provide us with a
greedy approach that circumvents this issue; instead of performing active learning over the
entire space of sequences X , active learning can be performed over the much smaller space
of the alphabet C, at each time step. In particular, at each time step t = 1, ...,T , we select xt

by maximizing the mutual information between ω and Q⋆(x<t ,xt), where x<t denotes the
prefix already selected at previous steps of the optimization process. This mutual information
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quantity is denoted by α(xt |x<t) and its expression is given by

α(xt |x<t) =H
[
Ep(ω|D)[B(y(xt |x<t ,ω))]

]
−Ep(ω|D)

[
H[B(y(xt |x<t ,ω))]

]
, (6.10)

An informative sequence can then be generated efficiently by sequentially maximizing
eq. 6.10, an operation that requires only |C|×T evaluations of α(xt |x<t).

In order to approximate eq. 6.10, we first approximate the posterior distribution p(ω|D).
Recall from section 3.4.2 that we can use dropout to stochastically zero-out units in the layers
of the LSTM to obtain estimates of uncertainty in the predictions. Under the assumption of a
Gaussian prior p(ω) over the weights, the stochastic process yields an implicit approximation
q(ω) to the posterior distribution p(ω|D) ∝ exp(L(ω|D))p(ω). We then draw K samples
from q(ω) by means of Monte Carlo dropout to estimate the expectations in eq. 6.10. With
ω1, ...,ωK ∼ q(ω) and g defined in eq. 6.9, the resulting estimator is given by

α̂(xt |x<t) = g
( 1

K

K

∑
k=1

y(xt |x<t ,wk)
)
− 1

K

K

∑
k=1

g
(

y(xt |x<t ,wk)
)
. (6.11)

We find that reasonable estimates can be obtained even for small K and use K = 16 in our
experiments.

The iterative procedure just described is designed to produce a single informative se-
quence. In practice, we would like to generate a batch of informative and diverse sequences
because when training neural networks, the processing of a minibatch of data is computation-
ally more efficient than processing multiple data points individually. To construct a minibatch
with M informative sequences, we propose to repeat the previous iterative procedure M
times. Importantly, to introduce diversity in the batch-generation process, we “soften” the
greedy maximization at each step by injecting a small amount of noise in the evaluation of
the objective function (Finkel et al., 2006). In addition to introducing diversity, this can also
lead to better overall solutions than those produced by the noiseless greedy approach (Cho,
2016). Noise is introduced into the greedy selection process by sampling from

p(xt |x<t ,θ) =
exp
(
α(xt |x<t)/θ

)
∑x′t∈C exp

(
α(x′t |x<t)/θ

) , (6.12)

for each t = 1, ...,T , which is a Boltzmann distribution with a sampling temperature θ .
Using a higher value for θ increases the diversity of the sequences in the minibatch. Setting
θ = 1e−7 provided the ideal diversity-validity trade-off during training.
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Comment: It’s quite spectacular to note that the active learning technique described
here enables learning “without” data. Essentially, to train a model with this approach
only the rules of the grammar are required; for example, the compiler of a programming
language. Via these grammar rules, this approach allows efficient exploration of the data
space in order to generate an informative dataset of sequences to train on. The result,
as in our case, could be a validity model that is potentially more informative than the
original oracle (compiler) because it can also operate on incomplete sequences. This
“data-less” training is reminiscent of the approach used for AlphaGo Zero (Silver et al.,
2017). The AlphaGo Zero model is not trained on human-play examples, but rather it
generates its own set of plays by using the rules of the game, and then continues to train
against itself, all the while selecting the most informative strategies.

In this section, we introduced an active learning technique for efficiently generating a
training dataset with an approximately optimal ratio of valid and invalid sequences. When a
set of known valid sequences is available, there is an easier approach to achieve this same
goal. In the following section, we describe how to use these existing valid sequences to seed
a process for generating balanced datasets.

6.3.2 Sequence perturbation

In some settings, such as the molecule domain we will consider later, we have datasets
of known valid examples (e.g., collections of known drug-like molecules), but rarely are
datasets of invalid examples available. Obtaining invalid sequences may seem trivial, as
invalid samples may be garnered by sampling uniformly from X . However, these are almost
always so far from any valid sequence that they carry little information about the boundary
between valid and invalid sequences. Moreover, training on a single known dataset carries
the danger of overfitting to the subset of X+ covered by the data.

We address this by perturbing sequences from a dataset of valid sequences, such that
approximately half of the generated sequences are invalid. These perturbed sequences x′1:T are
constructed by setting each x′t to be a symbol selected independently from C with probability
γ , while keeping the original xt with probability 1− γ . In expectation, this changes γT
entries in the sequence. We choose γ = 0.05, which results in a generated dataset that is
approximately 50% valid.

One may wonder whether the active learning approach already provides a technique
superior to the one described here. Theoretically, the active learning approach would
explore a space much wider than the sequence perturbation technique. However, when
the validator v : X → {0,1} is not entirely correct the active learning approach ends up
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exploring uncommon boundary conditions which are approved by the validator, but invalid
in reality. We found this would happen when using rdkit (http://www.rdkit.org/), a
chemical informatics software package, as the validator for molecules.

In this section two approaches that allow the generation of balanced datasets for training
a validity model have been described. We proceed by showing the empirical efficacy of the
proposed techniques.

6.4 Experiments

In order to evaluate the proposed technique for training a validity model, we make use of two
different sequential datasets. First, we look at fixed length Python 3 mathematical expressions,
where we derive lower bounds for the support of our model and compare the performance
of active learning with that achieved by a simple passive approach. Second, we look at
molecular structures encoded into string representations, where we utilize existing molecule
datasets with our proposed sequence perturbation method to learn the rules governing
molecular validity. To come full circle, we evaluate the efficacy of our validity model on the
downstream task of decoding valid molecules from a continuous latent representation given
by a variational autoencoder.

6.4.1 Mathematical expressions

Owing to the Python 3 compiler only approving code that is valid in reality, it serves as a
great environment to test our proposed active learning approach. Here, X consists of all
length 25 sequences that can be constructed from the alphabet of numbers and symbols show
in table 6.1. The validity of any given expression is determined by means of the Python 3
eval function: an invalid expression is one that raises an exception when evaluated.

Table 6.1 Python 3 expression alphabet

Digits Operators Comparisons Brackets

1234567890 +-*/%! =<> ()

Measuring model performance

Within this problem domain, we do not assume the existence of a dataset of positive examples.
Therefore we evaluate the models based on their generated sequences. We cannot simply
measure the validity of the generated sequences because it’s trivial for a model to repeatedly

http://www.rdkit.org/
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generate the same valid sequence. Instead, we design a new measure of performance, whereby
models are compared in terms of their capability to provide a diverse set of valid sequences,
i.e., a high entropy distribution over valid sequences. To achieve this we sample sequences
from the validity model and measure the validity and entropy of the samples. To sample
stochastically, we use a Boltzmann policy, in other words, a policy that samples the next
action (or element) according to

π(xt = c|x<t ,ω,τ) =
exp
(
y(c|x<t ,ω)/τ

)
∑ j∈C exp

(
y( j|x<t ,ω)/τ

) , (6.13)

where τ is a temperature constant that governs the trade-off between exploration and ex-
ploitation. For example, higher values of τ would result in more diverse sequences sampled
from the model, which leads to a higher entropy, but possibly a lower validity. Note that
this is not the same as the Boltzmann distribution in eq. 6.12, which is used as a proposal
generation scheme during active learning and is defined on the estimated mutual information
instead of the Q-function values.

For a set of M sequences of length T with a sampling temperature τi the entropy is given
by

Hτi =−
1
M

M

∑
m=1

T

∑
t=1

∑
c

π(x(m)
t = c|x(m)

<t ,ω,τi) logπ(x(m)
t = c|x(m)

<t ,ω,τi). (6.14)

Once we have obtained the entropy and the set of sample sequences {x(1), ...,x(M)}τi for a
range of temperatures τi, we compute the fraction of valid sequences for each set of samples.
By plotting the trade-off between validity and entropy of a model, we can compute the area
under this validity-entropy curve (V-H AUC) to provide a metric for model quality. Similar
to the AUC introduced in section 3.1, this metric provides a single measure that combines
both the entropy and validity of a model.

Experimental setup and results

We train two versions of the validity model proposed in section 6.2. The first uses a passive
method, by training on sequences sampled from a uniform distribution over X . The second
uses an active method, where the active learning procedure described in section 6.3 is
employed to select the training sequences. In all other regards, the two models are identical;
the hyperparameters are provided in table 6.2.

In figure 6.2 we show the validity-entropy trade-off at the different iterations of training.
Positively, both models yield a diverse output distribution over valid sequences. However,
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Table 6.2 Validity model hyperparameters

Hyperparameter Value

Single hidden layer of size 512
Dropout probability 0.2

Batch size 20
Learning rate 1e-4
Weight decay 1e-8

Optimizer Adam

from figure 6.2a it is clear that the active method is able to learn a model for sequence validity
much quicker than the passive method. Furthermore, the validity-entropy plot shown in figure
6.2b elucidates that the converged model using the active method is capable of generating a
more diverse range of valid sequences than the model trained using the passive method.
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Fig. 6.2 Experiments with length 25 Python 3 expressions. (a) Area under validity-entropy curve (V-H
AUC) as training progresses, with the 10th and 90th percentiles shaded. Active learning converges
faster and reaches a higher maximum. (b) Entropy versus validity for median active and median
passive model after 200k training sequences. Both models have learned a high entropy distribution
over valid sequences, with active learning reaching a higher entropy, which is better.

One may wonder what exactly the entropy values relate to. To provide some context
for the entropy values, we estimate an information theoretic lower bound for the number
of distinct sequences that our model is able to generate. For different temperatures τ we
can obtain the fraction of valid samples, and an approximation of the size of the support
of ∏t y(xt |x<t ,ω) over X . As before, let X+ denote the valid subset of X and | · | denote
the cardinality of a set. Suppose we estimate the fraction of valid sequences f+ = |X+|/|X |
by Monte Carlo sampling uniformly from X . We can then estimate N+ = |X+| by f+|X |,
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where |X |= |C|T , a known quantity. A uniform distribution over N+ sequences would have
an entropy of logN+. Therefore, if our model was perfectly uniform over the sequences it
can generate, the number of distinct sequences it can generate can be calculated by

Nmodel = exp(Hτi), (6.15)

where Hτi is given in eq. 6.14. Owing to the model, at its optimum, not being uniform over
the sequences it can generate, this is a lower bound coverage; i.e., to yield the same entropy,
a model that is not uniform over the data points has to generate at least as many distinct data
points as a model that is uniform over the data points4. In table 6.3 we present the lower
bounds on the coverage of the two respective models.

Table 6.3 Estimated lower bound of the coverage N for the passive and active models, defined as
the size of the set of Python 3 expressions on which the respective model places positive probability
mass. Evaluation is on models trained until convergence (800,000 training points, which is beyond
the scope of figure 6.2)

.

Temperature τ
Passive model Active model

validity N validity N

0.100 0.850 9.7×1027 0.841 8.2×1028

0.025 0.969 2.9×1025 0.995 4.3×1027

0.005 1.000 1.1×1022 1.000 1.3×1027

The coverage estimates show that the number of diverse sequences generated by the
active model is a few orders of magnitude larger than that of the passive model. Note that
the overhead of the active learning data generating procedure is minimal: processing 10,000
sequences takes 31s with the passive method versus 37s with the active method. Hence,
the results in this section demonstrate the benefits provided by the proposed active learning
approach. Next, we evaluate the sequence perturbation technique on molecules.

6.4.2 SMILES molecules

SMILES (simplified molecular input line entry system) strings (Weininger, 1988) are one
of the most common representations for molecules, which are an ordering of atoms and
bonds. It is attractive for many applications because it maps the graphical representation of
a molecule to a sequential representation, capturing not just the chemical composition, but

4With the cardinality of the set required in the uniform and non-uniform cases denoted by N1 and N2
respectively, we have H= logN1 =−∑

N2
n=1 p(x(n)) log p(x(n))≤ logN2 =⇒ N1 ≤ N2.
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also structure. This structural information is captured by intricate dependencies in SMILES
strings based on the chemical properties of individual atoms and valid atom connectivities.

For the purposes of this study, it is not necessary to give a full description of the SMILES
language, however, to accustom the reader to this language, we describe the essentials via
an example molecule illustrated in figure 6.3. The SMILES string corresponding to this
molecule is given by

CC1CN(C(=O)C2=CC(Br)=CN2C)CCC1[NH3+]

First, neighbouring characters (Atoms) are singly-bonded to each other. Second, the H atoms
are omitted except inside square brackets. Thus the start of the molecule, CC, means that
three H atoms and the second C atom are bonded to the first C in order to make 4 bonds. Third,
double bonds are denoted by = and triple bonds by #. Having two bond characters neighbour
each other is invalid. Fourth, round brackets, (), indicate where the molecule branches off
into a sub-molecule. Every open bracket has to be matched with a closing bracket, and there
must be at least one atom between any two brackets. Lastly, digits denote rings in a molecule;
each digit has to have a matching digit somewhere else in the molecule, marking where it
closes the ring, and if there is a ring inside another ring a different digit is used (incremented
by one).

Proceeding with the same example molecule we can elucidate atomic bond constraints in
SMILES strings. The atom Bromine can only bond with a single other atom, meaning that it
may only occur at the beginning or end of a SMILES string, or within a so-called ‘branch’,
denoted by a bracketed expression (Br). We present the SMILES alphabet in table 6.4 and
the number of bonds per atom in table 6.5. Additionally, figure 6.3 illustrates examples of
how a string may fail to form a valid SMILES molecule representation.

Table 6.4 SMILES alphabet

Atoms/Chirality Bonds/Ringbonds Charges Branches/Brackets

B C N O S P F I H Cl Br @ =#/\12345678 -+ ()[]

The intricacy of SMILES strings makes them a suitable testing ground for our method.
There are two technical distinctions to make between this experiment and the previously
considered Python 3 mathematical expressions. First, as there exist databases of SMILES
strings, we leverage those by using the sequence perturbation technique described in section
6.3. The main data source considered is the ZINC dataset (Irwin and Shoichet, 2005), as used
by Kusner et al. (2017). We also used the USPTO 15k reaction products data (Lowe, 2014)
and a set of molecule solubility information (Huuskonen, 2000) as withheld test data. Second,
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Table 6.5 Atomic bond constraints

Atoms Bonds

H,F,Cl,Br,I 1
O 2
N,B 3
C 4
P 3,5
S 2,4,6

whereas we used fixed length Python 3 expressions in order to obtain coverage bounds,
molecules are inherently of variable length. To deal with this, we pad all the molecule
sequences to a fixed length.

Evaluating the accuracy of the validity model

As a first test of the suitability of our validity model, we train it on perturbation-augmented
ZINC data and examine the accuracy of its predictions on a withheld test partition of that
same dataset as well as the two unseen molecule datasets. Here, accuracy defines the ability
of the model to accurately recognise which perturbations make a certain SMILES string
valid, and which leave it invalid. Effectively, this measures how well the model has captured
the grammar of SMILES strings in the vicinity of the data manifold. Again, we would like to
point out that using the active learning approach on this task would result in a performance
worse than that of the sequence perturbation technique because the active learning explores a
space much larger than what it is tested on.

We visualize the predictions y(xt |x<t ,ω) at each time step of the trained model on a test
molecule in figure 6.3 and highlight some of the learned rules. Clearly, the model has learned
the SMILES grammar; it knows that the oxygen atom O at position 10 requires two bonds,
and since it is preceded by a double bond, the model knows that most characters would
be invalid here except for the closing bracket ). The same can be seen for bromine Br at
position 18, which can only form a single bond. At the bottom, positions 32-35 show that the
model has also learned that closing square brackets ] can only follow an atom that follows an
open bracket [. The complete prediction for this molecule is presented in figure 6.4. Here,
more of the learned rules become evident, such as the improbable occurrence of the H atom,
except inside square brackets, and that closing round brackets cannot immediately follow an
open round bracket (position 7). Knowing that the model produces sensible predictions, we
proceeded to evaluate its accuracy on the held-out test datasets.
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'CC1CN(C(=O)C2=F'

example invalid sequences:
'CC1CN(C(=OC'

'CC1CN(C()'

']'

reason:

O has too many bonds

F cannot have double bond

cannot have empty branch ()

cannot have ] before [

'CC1CN(C(=O)C2=CC(BrC'

'CC1CN(C(=O)C2=CC(BrF'

'CC1CN(C(=)'

Br has too many bonds

Br, F have too many bonds

branch must have atoms

SMILES: 'CC1CN(C(=O)C2=CC(Br)=CN2C)CCC1[NH3+]'

Fig. 6.3 Predictions y(xt |x<t ,ω) of the validity model at each step t for the valid test molecule shown
in the top left, for a subset of possible actions selecting as next character C, F, ), or ]. Each column
shows which actions the trained agent believes are valid at each t, given the preceding characters x<t .
We see that the validity model has learned basic valence constraints: for example the oxygen atom O

at position 10 requires two bonds, and since it is preceded by a double bond, the model knows that
neither carbon C nor fluorine F can immediately follow it at position 11; we see the same after the
bromine Br at position 18, which can only form a single bond. The model also correctly identifies that
closing branch symbols ) cannot immediately follow opening branches (after positions 6, 8, and 17),
as well as that closing brackets ] cannot occur until an open bracket has been followed by at least one
atom (at positions 32–35). The full output heatmap for this example molecule is shown in Figure 6.4.
In the top right image, we show some examples of invalid SMILES strings.

Recalling that a sequence is invalid if ṽ(x1:t) = 0 at any t ≤ T , we consider the model
prediction for molecule x1:T to be ∏

T
t=1 I [y(xt |x<t ,ω)≥ 0.5], and compare this to its true

label as given by rdkit, a chemical informatics software package. The results confirm that
the model is able to learn the grammar of molecules; accuracies of 99,8%, 100%, and 100%
were achieved on the perturbed ZINC (test), perturbed USPTO, and perturbed solubility data
respectively. Given the successful learning of the molecule grammar, we now continue to
show how standard generative models can be augmented by this validity model.

Improving generative models with the validity model

In order to demonstrate the validity model’s capability of improving existing generative
models for discrete structures, we show how it can be used to improve the results of previous
work – specifically, the character variational autoencoder (CVAE) applied to SMILES strings
(Gómez-Bombarelli et al., 2016b). Much like the autoencoder described in section 3.5.1,
here an encoder maps points in X+ to a continuous latent representation Z and a paired
decoder maps Z back to X+. A reconstruction-based error is minimized such that training
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Fig. 6.4 Full heatmap showing predictions y(xt |x<t ,ω) for the molecule in Figure 6.3. Darker blocks
indicate higher probabilities of a valid complete sequence with the corresponding symbol.

points mapped to the latent space decode back into the same SMILES strings. Consequently,
the reconstruction accuracy is the fraction of output sequences that are the same as their
corresponding input sequences.

Compared to the standard autoencoder, the variational autoencoder (Kingma and
Welling, 2013) has an additional loss term that encourages the posterior over Z to be close
to some prior, typically a normal distribution. We can interpret z ∈ Z as a latent variable
in a probabilistic generative model; a probabilistic decoder is defined by a θ parametrized
likelihood function pθ (x|z). Alongside the latent prior distribution pθ (z), the posterior
distribution pθ (z|x) ∝ pθ (z)pθ (x|z) can then be interpreted as a probabilistic encoder.

To admit efficient inference the posterior is approximated by qφ (z|x(n))=N (z; µ(n),σ2(n)I)
which employs the reparametrization trick to enable back-propagation through samples of z,

z = µ +σ ⊙ ε, ε ∼N (0,I), (6.16)

and deep learning models are used to learn mappings from x to µ and x to σ . The aim is
then to maximize the expected reconstruction log-likelihood and concurrently minimize the
KL-divergence between the approximate posterior qφ (z|x) and the latent prior pθ (z), which
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results in the following objective function

L(θ ,φ) = Ez∼qφ (z|x)[log pθ (x|z)]−KL
(
qφ (z|x)||pθ (z)

)
. (6.17)

Owing to the KL term being non-negative, this objective function is a lower bound on the
log-likelihood of the data L(θ ,φ)≤ log pθ (x), known as the evidence lower bound (ELBO).
Using this objective function the variational autoencoder can be trained in the same way as
the standard autoencoder, via stochastic gradient descent, and the posterior over Z can be
encouraged to have some desired continuous distribution.

For molecules, a key performance indicator of the variational autoencoder model is the
fraction of representations sampled from the prior over Z that decode into valid molecules.
If many sampled representations correspond to invalid molecules, any sort of predictive
modelling on the Z space would most likely also yield many invalid SMILES strings.

In order to explain how the validity model can augment this character variational autoen-
coder, we first describe the decoding in more detail. The decoder functions by outputting a
set of weights pθ (xt |φt ,z) for each character xt in the reconstructed sequence conditioned on
the latent representation z∈Z produced by the encoder and the latent state φt of the recurrent
neural network; the sequence is recovered by sampling from a multinomial according to
these weights xt . To integrate our validity model into this framework, we take the decoder
output for each step t and mask out the options that the validity model predicts to lead to an
invalid sequence. Hence, we sample characters from a multinomial according to the new
weights given by pθ (xt |φt ,z) · I[y(xt |x<t ,ω)≥ 0.5].

In table 6.6 we compare our approach to previous models. We use a Kekulé format of the
ZINC data in our experiments – a specific representation of aromatic bonds that our model
handled particularly well. The results reported for the grammar variational autoencoder
(VAE) are taken directly from Kusner et al. (2017) and on non-Kekulé format data. The
character variational autoencoder (CVAE) model is trained for 100 epochs, as per previous
work, with Adam at a learning rate of 0.001. The structure of all these VAEs are identical
to the optimal structure found in Gómez-Bombarelli et al. (2016b). The encoder uses three
1D convolutional neural network layers of filter sizes 9, 9, 11 and 9, 9, 10 convolutional
kernels, respectively, followed by two fully-connected layers of width 435 and 292. The
decoder starts with a fully-connected layer of width 292, fed into a gated recurrent unit
(GRU) network with three hidden layers of 501 units. The validity model used here has the
same hyperparameters as before (table 6.2).

From the sample validities, it is evident that the addition of our validity model to the
character VAE tremendously bolsters the VAE’s ability to decode a continuous latent repre-
sentation into a valid molecule. An added bonus is that the action of our model is completely
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Table 6.6 Performance of different variational autoencoders applied to molecules. The three models
are the character variational autoencoder (CVAE), the grammar VAE, and the CVAE with the proposed
validity model overlaid at test time. Sample validity is the percentage of samples from the prior over
Z that decode into valid molecules.

Model Reconstruction accuracy [%] Sample validity [%]

CVAE + validity model 50.2 22.3
Grammar VAE 53.7 7.2

CVAE 49.7 0.5

post-hoc, and is thus applicable to any pre-trained character-based generative model where
elements of the latent space correspond to a structured discrete sequence. Note that the
binary nature of the proposed validity model means that it should not affect the reconstruction
accuracy. In fact, some modest gains are present, as shown by the reconstruction accuracies
in table 6.6.

6.5 Discussion

In this chapter, we proposed a modelling technique for learning the validity constraints of
discrete spaces. Particularly, the proposed log-likelihood (eq. 6.3) makes the model easy to
train, is unaffected by the introduction of padding for variable length sequences and, as its
optimum is largely independent of the training data distribution, it allows for the utilization
of active learning techniques. Empirically we found it essential to present the model with
boundary examples of grammar constraints. Where no such informative dataset exists, we
proposed a mutual-information-based active learning scheme that uses model uncertainty to
select training sequences. Where datasets of positive examples are available, we proposed a
simple method of perturbations to create informative examples of validity constraints being
broken.

The efficacy of the active learning approach was demonstrated on Python 3 expressions.
In the context of molecules, the model was able to almost perfectly learn the validity of
independently perturbed molecules. When applied to the variational autoencoder benchmark
on molecules, the proposed method outperformed previous results by a large margin on prior
sample validity – the relevant metric for the downstream utility of the latent space.

Prudent selection of the objective function for the LSTM and leveraging the sequential
nature of the LSTM for active learning proved to be a useful modification in this chapter. Just
like the convolutional neural network (CNN), the LSTM network is a powerful model tailored
to the structure of the input. Since the original CNN, there have been several novel algorithms
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and architectures which considerably improve the performance of the conventional CNN;
these include the Residual network (He et al., 2016), the Inception network (Szegedy et al.,
2015), and the Highway network (Srivastava et al., 2015b). Similarly, LSTMs have seen
several modifications that have made them better, such as the phased LSTM (Neil et al.,
2016), the tensorized LSTM (He et al., 2017), and the stochastic LSTM (Fraccaro et al.,
2016). Nevertheless, as we have shown here, there remains room for improving LSTMs. In
the following section, we propose our second extension of the LSTM, which provides some
interesting benefits.



Chapter 7

The unreasonable effectiveness of the
forget gate

Good engineers ensure that their designs are practical. To make the sequence-to-sequence
model proposed in chapter 4 more practical for implementation in a neuroprosthetic device,
a hardware efficient version of the model is desired. Given the success of the gated recurrent
unit (GRU) (section 2.5), which uses two gates, the first approach to a more hardware efficient
LSTM could be the elimination of redundant gates, if there are any. Because we seek a model
more efficient than the GRU, only a single-gate LSTM model is a worthwhile endeavour. To
motivate why this single gate should be the forget gate, we begin with the LSTM genesis.

In an era where training recurrent neural networks (RNNs) was notoriously difficult,
Hochreiter and Schmidhuber (1997) argued that having a single weight (edge) in the RNN
to control whether input or output of a memory unit needs to be accepted or ignored,
creates conflicting updates (gradients). Essentially, the long and short-range error act on
the same weight at each step, and with sigmoid activated units, this results in the gradients
vanishing faster than the parameters can grow. They proceeded to propose the long short-term
memory (LSTM) network, which had multiplicative input and output gates. These gates
would mitigate the conflicting update issue by “protecting” the hidden units from irrelevant
information, either from the input or from the output of other units.

This first version of the LSTM had only two gates; it was Gers et al. (2000) who realized
that if there is no mechanism for the memory units to forget information, they may grow
indefinitely and eventually cause the network to break down. As a solution, they proposed
another multiplicative gate for the LSTM architecture, known as the forget gate – completing
the version of the LSTM that we know today.
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Comment: It’s interesting to note the difference between the motivations that lead to the
LSTM and the chain-of-thought that yielded the gated recurrent unit (GRU). Cho was
“not well aware” (Cho, 2015, §4.2.3) of the LSTM when he, together with collaborators,
designed the GRU. In contrast to the conflicting update problem (Hochreiter and Schmid-
huber, 1997) and the indefinite state growth (Gers et al., 2000) arguments, Cho (2015)
approached the RNN problem by thinking of it as a computer processor with memory
registers. In the case of computers, we do not want to overwrite all the registers (memory
values) at each step. Therefore, the RNN requires an update gate, which controls the
hidden states (registers) that are overwritten (the update gate in the GRU is akin to the
combined function of the input and forget gates in the LSTM). Furthermore, we do not
necessarily need to read all the registers at each time step, only the important ones. Thus
another gate is required in the RNN (the reset gate) to regulate the registers considered.
Ideally, all of the gating operations would be binary values, but such values would result
in zero gradients. Fortunately, the sigmoid or tanh nonlinearities provide leaky versions
of these gating mechanisms and have smooth gradients.

It wasn’t until many years later that Greff et al. (2015) and Jozefowicz et al. (2015)
simultaneously discovered the forget gate to be the crucial ingredient of the LSTM. Gers
et al. (2000) proposed initializing the forget gate biases to positive values and Jozefowicz
et al. (2015) showed that an initial bias of 1 for the LSTM forget gate makes the LSTM as
strong as the best of the explored architectural variants (including the GRU) (Goodfellow
et al., 2016, §10.10.2). Given the new-found importance of the forget gate, would the input
and output gates have been found necessary if the LSTM was conceived with only a forget
gate?

In this chapter, we take the liberty of exploring the gains introduced by the sole use of
the forget gate. We empirically demonstrate that for two medical and four LSTM benchmark
datasets, only the forget gate is required and provides a better solution than the use of all
three LSTM gates. After some discussion in Cambridge University’s Signal Processing
Laboratory’s coffee room, we decided to name this architecture JANET (Just Another
NETwork)1. Before we provide the details of this network, we review some of the many
modifications that have been made to the LSTM.

1Not to be confused with Jos’s Awesome NETwork!
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7.1 Related work

With some success, many studies have improved the LSTM by making the hidden units more
complex (Fraccaro et al., 2016; Graves, 2011; He et al., 2017; Krueger et al., 2017; Neil
et al., 2016), with classic examples being peephole connections (Gers and Schmidhuber,
2000) and depth gated LSTMs (Yao et al., 2015). Similarly, several studies have proposed
recurrent neural networks (RNN) simpler than the LSTM yet still competitive, such as the
skip-connected RNN (Zhang et al., 2016), the unitary RNN (Arjovsky et al., 2016), the
Delta-RNN (Ororbia II et al., 2017), and the identity RNN (Le et al., 2015). However, one of
the most thorough studies on the architecture of the LSTM is probably the study by Greff
et al. (2015) (5,400 experiment simulations). They explored the following LSTM variants
individually:

• No input gate
• No forget gate
• No output gate
• No input activation function
• No output activation function
• No peepholes
• Coupled input and forget gate
• Full gate recurrence

The first five variants are self-explanatory. Peepholes (Gers and Schmidhuber, 2000) connect
the memory unit to the gates; the gate activations in the LSTM (eq. 2.26) become

it ,ot , ft = σ(pi,o, f ⊙ ct−1 +Ui,o, f ht−1 +Wi,o, f xt +bi,o, f ), (7.1)

where pi,o, f are the peephole weight vectors (Greff et al., 2015). The coupled input and forget
gate variant uses only one gate for modulating the input and the recurrent self-connections,
i.e., f = 1− i. Full gate recurrence is the initial setup of Hochreiter and Schmidhuber (1997),
wherein all the gates receive recurrent inputs from all gates at the previous time step. This
cumbersome architecture requires nine additional recurrent weight matrices and did not
feature in any of their later papers. Interestingly, the results in Greff et al. (2015) indicate
that none of the variants significantly improve on the standard LSTM. The forget gate was
found to be essential, but a forget-gate-only variant was not explored.

Two studies that are closely related to ours are those by Zhou et al. (2016) and Wu and
King (2016). The former successfully implemented a similar gate reduction to the gated
recurrent unit (GRU); they couple the reset (input) gate to the update (forget) gate and show
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that this minimal gated unit (MGU) achieves a performance similar to the standard GRU
with only two-thirds of the parameters. The study by Wu and King (2016) proposes a gate
reduction similar to that of ours for LSTMs. They demonstrate that their simple LSTM
achieves the same performance as the standard LSTM on a speech synthesis task. Compared
with our work, they keep the hyperbolic tangent activation function on the memory unit, and
their implementation did not employ the same bias initialization scheme, which we show is
paramount for successful implementation of these models over a wide range of datasets. We
became aware of these studies after having completed most of our work; our simplification
of the LSTM provides a network that yields classification accuracies at least as good as the
standard LSTM and often performs substantially better – a result not achieved by the models
proposed in the afore-mentioned studies.

7.2 Just Another NETwork

Recurrent neural networks (RNNs) typically create a lossy summary hT of a sequence. It
is lossy because it maps an arbitrarily long sequence x1:T into a fixed length vector. As
mentioned before, recent work has shown that this forgetting property of LSTMs is one
of the most important (Greff et al., 2015; Jozefowicz et al., 2015). Hence, we propose a
simple transformation of the LSTM that leaves it with only a forget gate, and since this is
just another network (JANET), we name it accordingly. Recall from eq. 2.26 that the LSTM
is defined as

it = σ(Uiht−1 +Wixt +bi)

ot = σ(Uoht−1 +Woxt +bo)

ft = σ(U f ht−1 +W f xt +b f )

ct = ft⊙ ct−1 + it⊙ tanh(Ucht−1 +Wcxt +bc)

ht = ot⊙ tanh(ct). (7.2)

To transform the above into the JANET architecture, the input and output gates are removed.
It seems sensible to have the accumulation and deletion of information be related, therefore
we couple the input and forget modulation as in Greff et al. (2015), which is similar to
the leaky unit implementation (Jaeger, 2002, §8.1). Furthermore, the tanh activation of ht

shrinks the gradients during back-propagation, which could exacerbate the vanishing gradient
problem, and since the weights U∗ can accommodate values beyond the range [-1,1], we can
remove this unnecessary, potentially problematic, tanh nonlinearity. The resulting JANET is
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given by

ft = σ(U f ht−1 +W f xt +b f )

ct = ft⊙ ct−1 +(1− ft)⊙ tanh(Ucht−1 +Wcxt +bc)

ht = ct (7.3)

Intuitively, allowing slightly more information to accumulate than the amount forgotten
would make sequence analysis easier. We found this to be true empirically by subtracting a
pre-specified value β from the input control component2, as given by

st = U f ht−1 +W f xt +b f

c̃t = tanh(Ucht−1 +Wcxt +bc)

ct = σ(st)⊙ ct−1 +(1−σ(st−β ))⊙ c̃t

ht = ct . (7.4)

We speculate that the value for β is dataset dependent, however, we found that setting β = 1
provides the best results for datasets analysed in this study, which have sequence lengths
varying from 200 to 784.

If we follow the standard parameter initialization scheme for LSTMs, the JANET quickly
encounters a problem. The standard procedure is to initialize the weights U∗ and W∗ to
be distributed as U

[
−

√
6√

nl+nl+1
,

√
6√

nl+nl+1

]
, where nl is the size of each layer l (Glorot and

Bengio, 2010b; He et al., 2015), and to initialize all biases to zero except for the forget gate
bias b f , which is initialized to one (Jozefowicz et al., 2015). Hence, if the values of both
input and hidden layers are zero-centred over time, ft will be centred around σ(1) = 0.7311.
In this case, the memory values ct of the JANET would not be retained for more than a
couple of time steps. This problem is best exemplified by the MNIST dataset (LeCun, 1998)
processed in scanline order (Cooijmans et al., 2016); each training example contains many
consecutive zero-valued subsequences, each of length 10 to 20. In the best case scenario – a
length 10 zero-valued subsequence – the memory values at the end of the subsequence would
be centred around

ct+10 = f10
t ⊙ ct ≤ 0.731110ct ≤ 0.0436ct . (7.5)

Thus, with the standard initialization scheme, little information would be propagated during
the forward pass and in turn, the gradients will quickly vanish.

2β is a constant-valued column vector of the appropriate size.
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Fortunately, the recent work by Tallec and Ollivier (2018) proposed a more suitable
initialization scheme for the forget gate biases of the LSTM. To motivate this initialization
scheme we start by re-writing the leaky RNN (Jaeger, 2002, §8.1)

ht+1 = α⊙ tanh(Uht +Wxt +b)+(1−α)⊙ht , (7.6)

as its continuous time version, by making use of the first order Taylor expansion h(t +δ t)≈
h(t)+δ t dh(t)

dt and a discretization step δ t = 1,

dh(t)
dt

= α⊙ tanh
(

Uh(t)+Wx(t)+b
)
−α⊙h(t). (7.7)

Tallec and Ollivier (2018) state that in the free regime, when inputs stop after a certain time
t0, x(t) = 0 for t > t0, with b = 0 and U = 0, eq. 7.7 becomes

dh(t)
dt

=−αh(t)∫ t

t0

1
h(t)

dh(t) =−α

∫ t

t0
dt

h(t) = h(t0)exp(−α(t− t0)). (7.8)

From eq. 7.8 the hidden state h will decrease to exp(−1) of its original value over a time
proportional to 1/α . This 1/α can be interpreted as the characteristic forgetting time, or the
time constant, of the recurrent neural network. Therefore, when modelling sequential data
believed to have dependencies in a range [Tmin,Tmax], it would be sensible to use a model
with a forgetting time lying in approximately the same range, i.e., having α ∈ [ 1

Tmax
, 1

Tmin
]d ,

where d is the number of hidden units.
In the LSTM the input gate i and the forget gate f learn time-varying approximations

of α and (1−α), respectively. Obtaining a forgetting time centred around T requires i to
be centred around 1/T and f to be centred around (1−1/T ). Assuming the shortest depen-
dencies to be a single time step, Tallec and Ollivier (2018) propose the chrono initializer,
which initializes the LSTM gate biases as

b f ∼ log(U [1,Tmax−1])

bi =−b f , (7.9)

with Tmax the expected range of long-term dependencies and U the uniform distribution.
Importantly, these are only the initializations, and the gate biases are allowed to change
independently during training.
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Applying chrono initialization to the forget gate f of the JANET3, mitigates the memory
issue (eq. 7.5). With the values of the input and hidden layers zero-centred over time, the
forget gate corresponding to a long-range (Tmax) hidden unit will have an activation of

σ(log(Tmax−1)) =
1

1+ exp(− log(Tmax−1))

−−−−−→
Tmax→∞

1. (7.10)

Consequently, for the MNIST memory problem (Tmax− 1 = 783), these long-range units
would retain most of their information, even after 20 consecutive zeros

f long =
1

1+ exp(− log(783))
≥ 0.9987

clong
t+20 = ( f long)20clong

t ≥ 0.998720clong
t ≥ 0.97clong

t . (7.11)

For the JANET, chrono initialization provides an elegant implementation of skip-like
connections between the memory units over time. It has long been known that skip connec-
tions mitigate the vanishing gradient problem (Lin et al., 1996; Srivastava et al., 2015b). A
systematic study of recurrent neural networks (RNNs) by Zhang et al. (2016) found that
explicitly adding skip connections in the RNN graph improves performance by allowing
information to be transmitted directly between non-consecutive time steps. For RNNs, they
devise the recurrent skip coefficient, a value that measures the number of time steps through
which unimpeded flow of information is allowed, and argue that higher values are usually
better. Furthermore, skip connections are responsible for much of the boom in machine
learning; they are the pith of the powerful residual networks (He et al., 2016), highway
networks (Srivastava et al., 2015b), and the WaveNet (Van Den Oord et al., 2016). A natural
question that follows, is how the skip-connections influence the gradients of the JANET and
the LSTM.

7.2.1 A comparison of gradients

Before comparing the gradients of the LSTM and the JANET we provide some preliminaries.
We denote the derivatives of the element-wise nonlinearities by the following:

σ
′(x) = σ(x)(1−σ(x)), 0 < σ

′(x)≤ 0.25

tanh′(x) = 1− tanh2(x), 0 < tanh′(x)≤ 1 (7.12)

3The memory unit biases bc are initialized to zero.
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For brevity, we denote the pre-activation vectors in eq. 7.2 and 7.3 as

si,o, f ,c = Ui,o, f ,cht +Wi,o, f ,cxt+1 +bi,o, f ,c. (7.13)

Lastly, we consider a diagonal matrix as a vector of its diagonal elements. Thus, a derivative
of an element-wise multiplication of two vectors is written as a vector. Consider the following
derivative of an element-wise multiplication of vectors {a,b} ∈ R3

∂v
∂a

=
∂

∂a
b⊙a

=


∂v1
∂a1

∂v1
∂a2

∂v1
∂a3

∂v2
∂a1

∂v2
∂a2

∂v2
∂a3

∂v3
∂a1

∂v3
∂a2

∂v3
∂a3



=

b1 0 0
0 b2 0
0 0 b3

 , (7.14)

which we write as
∂v
∂a

= b. (7.15)

Here we compare the gradient propagation through the memory cells of a single-layer
JANET with that of a single-layer LSTM. To analyse this flow of information we can compute
the gradient ∂J/∂ct of the objective function J with respect to some arbitrary memory vector
ct . Starting with the JANET (eq. 7.3), we re-write it as

ft+1 = σ(s f )

ct+1 = ft+1⊙ ct +(1− ft+1)⊙ tanh(sc). (7.16)

For this architecture the gradient of the objective function is given by

∂J
∂ct

=
∂J

∂cT

T−1

∏
k=t

[
∂ck+1

∂ck

]
, (7.17)

with

∂ct+1

∂ct
= U f σ

′(s f )⊙ ct +σ(s f )+(1−σ(s f ))⊙ (Uc tanh′(Ucct))

−σ
′(s f )⊙ (U f tanh(Ucct)). (7.18)
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Assuming that the input and hidden layers are zero-centred over time (as for the memory
problem eq. 7.5) and all the forget gate biases are initialized to the longest range (eq. 7.11),
σ(s f ) will typically take values of one4 and σ ′(s f ) values near zero. In this scenario, we see
that all but one of the terms in eq. 7.18 reduce to zero and we have

∂ct+1

∂ct
= 1, (7.19)

meaning that gradients from distant memory cells ct are largely unaffected by the sequence
length.

Moving on to the LSTM, we re-write eq. 7.2 as

it+1,ot+1, ft+1 = σ(si,o, f )

ct+1 = ft+1⊙ ct + it+1⊙ tanh(sc)

ht+1 = ot+1⊙ tanh(ct+1). (7.20)

Here the gradient of the objective function is

∂J
∂ct

=
∂J
∂ht

∂ht

∂ct
+

∂J
∂ct+1

∂ct+1

∂ct
=

∂J
∂ht

∂ht

∂ct
+

∂J
∂ct+1

ft+1. (7.21)

With a forget gate chrono-initialized to a hypothetical value of one and with ∂J
∂ht

∂ht
∂ct

= 0,
the LSTM would permit unhindered gradient propagation. Under standard and chrono-
initialization schemes, however, this ∂J

∂ht

∂ht
∂ct

term is unlikely to be zero. First,

∂ht

∂ct
= ot⊙ tanh′(ct), (7.22)

which is non-zero with 0≤ ot ≤ 1 (centred around 0.5 under the memory problem assump-
tions eq. 7.5) and 0≤ tanh′(ct)≤ 1. Second,

∂J
∂ht

=
∂J

∂ht+1

∂ht+1

∂ht
+

∂J
∂ht+1

∂ht+1

∂ct+1

∂ct+1

∂ht
, (7.23)

where under chrono-initialized assumptions

∂ct+1

∂ht
= U f σ

′(s f )⊙ ct +Uiσ
′(si)⊙ tanh(sc)+σ(si)⊙ (Ug tanh′(sc)) (7.24)

4With the biases large enough for σ(s f )≈ σ(s f −β )
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would typically take values of zero because σ(si), σ ′(s f ) and σ ′(si) are centred near zero,
but ∂ht+1

∂ht
depends on gradients w.r.t. the output gate and new-input functions (ot+1 and c̃t+1),

resulting in a summation of non-zero gradients. Initializing the biases of these two gates
such that ∂J

∂ht

∂ht
∂ct

= 0 could provide a better solution for the LSTM and we leave exploration
of this for future work.

In practice the gradients are not as ill-conditioned as we have described here because the
gate activations are not homogeneous; some gate combinations track short-term dependencies
and others track long-term dependencies. However, with all the initializations kept the same,
these derivations could explain why the JANET could be easier to train than the LSTM.

We have shown how the simplification of the LSTM could lead to a better-conditioned
training regime. We follow with the theoretical computational savings gleaned by this
simplification.

7.2.2 Theoretic computational benefits

Hardware efficient machine learning is a field of study by itself (Adolf et al., 2016; Han et al.,
2015; Hinton et al., 2015; Sindhwani et al., 2015; Wang et al., 2017). The general aim is to
maintain the same level of accuracy but require less computational resources in the process.
Usually, this applies to only the forward pass efficiency of the network, i.e., being able to run
a trained network on a small device. This is the same goal we have for our simplified version
of the LSTM. If we assume the accuracies of the JANET and the LSTM to be the same, how
much do we save on computation?

Consider an n1×n2 LSTM layer that has n1 inputs and n2 hidden units, then we have
xt ∈ Rn1, {ct , ht , b j} ∈ Rn2, W j ∈ Rn1×n2,U j ∈ Rn1×n2 . For the LSTM we have j =
{i,o, f ,c}, and the total number of parameters is 4(n1n2 +n2

2 +n2). For the JANET we have
j = { f ,c}, and the total number of parameters is 2(n1n2 + n2

2 + n2). Thus we reduce the
number of parameters by half, but what does this mean in terms of memory consumption
and computational cost? A proxy for the required memory is the number of values that
need to be in memory at each step; e.g., the LSTM requires n1 +n2 +n2 +4(n1n2 +n2

2 +n2)

values to be stored. Since this value is dominated by the 4×n2
2 term (typically n2 ≥ 100), the

JANET would require approximately half of the memory required by an LSTM in a forward
pass. Adolf et al. (2016) showed that matrix and element-wise multiplication operations
each constitute roughly half of the computation required by an LSTM. With the JANET,
processing required for element-wise multiplications is reduced by one third because there
are no output gate element-wise multiplications. Thus, the total processing power required by
the JANET is roughly 0.5+ 2

3 ×0.5 = 5
6

ths
of the processing power required by the LSTM.
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If we assume that the electrical power consumed by the memory component of our device
is 5% of that consumed by the processor (Acar et al., 2016), then the JANET will consume
approximately 0.95× 5

6 +0.05×0.5 = 0.817 of the electrical power consumed by the LSTM.
However, this ratio is a theoretical estimation and could be different in practice.

Such computational efficiencies are particularly beneficial when applications involve
resource-constrained devices. The application researched in chapter 4 would be realized
as a device implanted in an amputee – an application that would require hardware efficient
machine learning. If our simplification of the LSTM is able to provide the same classification
accuracy as the standard LSTM, this would be an essential step towards hardware efficient
LSTMs.

7.3 Experiments and results

We evaluate the performance of JANET on four datasets of which three have been introduced
earlier in this thesis. Here we introduce the permuted MNIST (pMNIST) dataset, which is
the same as the MNIST dataset (section 3.4.3), except, the pixels in each image have been
permuted in the same random order. As stated by Arjovsky et al. (2016), the MNIST images
have regular distinctive patterns much shorter than the 784-long input sequences; permuting
the pixels create longer-term dependencies that are harder for LSTMs to learn. The three
other datasets used are the standard MNIST dataset, the traumatic brain injury (TBI) dataset
(section 3.2.2), and the MIT-BIH arrhythmia dataset (section 3.4.3).

In table 7.1 we present the test set accuracies on the four different datasets. In addition
to JANET and the standard LSTM, we show the results obtained with a standard recurrent
neural network (RNN) and a gated recurrent unit (GRU) RNN. For the traumatic brain injury
(TBI) and MNIST datasets, all the models had two hidden layers of 128 units. For the
MIT-BIH arrhythmia and pMNIST datasets, all the models had a single hidden layer of 128
units. All the networks were trained using Adam (Kingma and Ba, 2015) with a learning
rate of 0.001 and a minibatch size of 200. Dropout of 0.1 was used on the output of the
recurrent layers, and a weight decay factor of 1e-5 was used. For the LSTM and JANET
chrono initialization was employed. The models were trained for 100 epochs and the best
validation loss was used to determine the final model.

Surprisingly, the results indicate that the JANET yields higher accuracies than the stan-
dard, LSTM. Moreover, JANET is among the top performing models on all of the analysed
datasets. Thus, by simplifying the LSTM, we not only save on computational cost but also
gain in test set accuracy!
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Table 7.1 Accuracies [%] for different recurrent neural network architectures. All networks have a
single hidden layer of 128 units unless otherwise stated. The means and standard deviations from 10
independent runs are presented. The best accuracies of our experiments are presented in bold as well
as the best cited results.

Model MNIST pMNIST MIT-BIH TBI

JANET 99.0 ± 0.120 92.5 ± 0.767 88.3 ± 0.193 86.4 ± 1.391
LSTM 98.5 ± 0.183 91.0 ± 0.518 87.4 ± 0.130 86.1 ± 1.405
RNN 10.8 ± 0.689 67.8 ± 20.176 73.5 ± 4.531 82.1 ± 1.536
uRNN

(Arjovsky et al., 2016) 95.1 91.4 - -

iRNN
(Le et al., 2015) 97.0 82.0 - -

tLSTMa

(He et al., 2017) 99.2 94.6 - -

stanh RNNb

(Zhang et al., 2016)
98.1 94.0 - -

a Effectively has more layers than the other networks.
b Single hidden layer of 128 units.

As in Zhang et al. (2016), due to the 10 to 20 long subsequences of consecutive zeros
(see section 7.2), we found training of LSTMs to be harder on MNIST compared to training
on pMNIST. By harder, we mean that gradient problems and bad local minima cause
the objective function to have a rougher and consequent slower descent than the smooth
monotonic descent experienced when training is easy. This does not mean that achieving
near-perfect classification is more difficult; near-perfect classification on MNIST is relatively
easy, whereas the longer-range dependencies in the pMNIST dataset render near-perfect
classification difficult. This pMNIST permutation, in fact, blends the zeros and ones for each
data point, giving rise to more uniform sequences, which make training easier.

In figure 7.1 we elucidate the difficulty of training on MNIST digits, processed in scanline
order. From the figure, LSTMs clearly have a rougher ascent in accuracy on MNIST than on
pMNIST and can sometimes fail catastrophically on MNIST. The chrono initializer prevents
this catastrophic failure during training, but it results in a lower optimum accuracy. On the
pMNIST dataset, there were no discernible differences between the chrono and standard-
initialized LSTMs – the benefits of chrono initialization for LSTMs are not obvious on these
datasets.

As described in section 7.2, the JANET allows skip connections over time steps of the
sequence. In figure 7.2 we show how these skip connections result in the JANET being more
efficient to train than the LSTM on the MNIST dataset. There is a recent machine learning
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Fig. 7.1 Test accuracies during training for the LSTM on MNIST and pMNIST. The median values
are shown with the 10th and 90th percentiles shaded (too small to see for green and blue). MNIST-
chrono refers to the chrono-initialized LSTM. There was no discernible difference between a chrono-
initialized and standard-initialized LSTM on pMNIST. The plots indicate that training is harder on the
MNIST dataset, with both LSTM models having a rougher and slower ascent to the optimum accuracy
than the model trained on pMNIST. Furthermore, the standard-initialized LSTM catastrophically
failed for one of the 10 simulations.

theme of creating models that are easier to optimize instead of creating better optimizers,
which is difficult (Goodfellow et al., 2016, §10.11). Being an easier to train version of the
LSTM, the JANET continues this theme.
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Fig. 7.2 Comparing test set accuracies over training epochs for the JANET and the LSTM on MNIST.
The median values are plotted with the 25th and 75th percentiles shaded (too small to see for green and
blue). LSTM-chrono refers to the chrono-initialized LSTM. Compared with the LSTM, the JANET
has a quicker and smoother ascent of test set accuracy during training.
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Given the success of the JANET on the pMNIST dataset (table 7.1), we experimented
with larger layer sizes. In figure 7.3 we illustrate the test set accuracies during training for
different layer sizes of the LSTM and the JANET. Additionally, we depict the best-reported
accuracy on pMNIST (He et al., 2017) with the dashed blue line. This best accuracy of 96.7%
was achieved by a WaveNet, a network with dilated convolutional neural network layers (Van
Den Oord et al., 2016). The dilation increases exponentially across the layers and essentially
enables skip connections over multiple time steps, as shown in figure 7.4.
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Fig. 7.3 The accuracy achieved on pMNIST for different layer sizes (indicated in the legend) of the
JANET and the chrono-initialized LSTM. The dashed blue depicts the best-reported accuracy on
pMNIST (He et al., 2017), which was achieved by a WaveNet (Van Den Oord et al., 2016). The
JANET clearly improves with a larger layer and performs almost as well as the WaveNet.

Input

Hidden Layer
Dilation = 1

Hidden Layer
Dilation = 2

Hidden Layer
Dilation = 4

Output
Dilation = 8

Fig. 7.4 Visualization of a stack of dilated causal convolutional layers. This creates a skip connection
mechanism for information to flow from the first input to the last output. (Adapted from Van Den Oord
et al. (2016))
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The results show that the JANET not only outperforms the LSTM, but it competes with
one of the best performing models on this dataset. With 1000 units in a single hidden layer
the JANET achieves a mean classification accuracy of 95.0% over 10 independent runs with
a standard deviation of 0.48%. The benefit of more units is unclear for the LSTM, which
has a similar performance with 500 and 128 units to that of the JANET with 128 units.
Furthermore, our models were trained on a Nvidia GeForce GTX 1080 GPU, and the largest
LSTM we could train was an LSTM with 500 units. Even with a minibatch size of 1, the
LSTM with 1000 units was too large to fit into the 8Gb of GPU memory.

Note that the WaveNet performed worse than the JANET on the standard MNIST dataset,
achieving a classification accuracy of 98.3% compared to the JANET’s 99.0%. The WaveNet
results presented here were produced by Chang et al. (2017) using 10 layers of 50 units
each. The WaveNet gains additional skip connections with more layers, the JANET gains
additional skip connections with more units per layer.

To further ensure that the JANET performs at least as well as the LSTM, we compare the
models on two commonly used synthetic tasks for RNN benchmarks. These are known as
the copy task and the add task (Arjovsky et al., 2016; Hochreiter and Schmidhuber, 1997;
Tallec and Ollivier, 2018).

Copy task Consider 10 categories {ai}9
i=0. The input takes the form of a T +20 length

sequence of categories. The first 10 entries, a sequence that needs to be remembered, are
sampled uniformly, independently, and with replacement from {ai}7

i=0. The following T −1
entries are a8, a dummy value. The next single entry is a9, representing a delimiter, which
should indicate to the model that it is now required to reproduce the initial 10 categories in
the output sequence. Thus, the target sequence is T +10 entries of a8, followed by the first
10 elements of the input sequence in the same order. The aim is to minimize the average
cross entropy of category predictions at each time step of the sequence. This translates
to remembering the categorical sequence of length 10 for T time steps. The best that a
memoryless model can do on the copy task is to predict at random from among possible
characters, yielding a loss of 10log8

T+20 (Arjovsky et al., 2016). The first T + 10 entries are
assumed to be a8, giving a loss of − 1

T+20(∑
T+10 0+∑

10
∑

8 1
8 log 1

8).

Add task Here each input consists of two sequences of length T . The first sequence
consists of numbers sampled at random from U [0,1]. The second sequence, with exactly two
entries of one and the remainder zero, is an indicator sequence. The first 1 entry is located
uniformly at random within the first half of the sequence, and the second is located uniformly
at random in the second half of the sequence. The scalar output corresponds to the sum
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of the two entries in the first sequence corresponding to the non-zero entries of the second
sequence. A naive strategy would be to predict a sum of 1 regardless of the input sequence,
which would yield a mean squared error of 0.167, the variance of the sum of two independent
uniform distributions (Arjovsky et al., 2016).

We follow Tallec and Ollivier (2018) and use identical hyperparameters for all our models
with a single hidden layer of 128 units. The models were trained using Adam with a learning
rate of 0.001 and a minibatch size of 50. We illustrate the results for the copy task with
T = 500, the maximum sequence length used in (Arjovsky et al., 2016), in figure 7.5. For
the add task, we present the results for T = 200 and t = 500 in figure 7.6.
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Fig. 7.5 Copy task – comparing the negative log-likelihood (lower is better) of the JANET and the
LSTM on the copy task with T = 500. The LSTM without chrono initialization performs the same
as the memoryless baseline, the same as the results in Arjovsky et al. (2016). Compared to the
chrono-initialized LSTM, the JANET converges faster and to a better optimum.
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Fig. 7.6 Add task – comparing the mean squared error (lower is better) of the JANET and the LSTM on
the add task. The median values of 10 independent runs are shown with the 10th and 90th percentiles
shaded for the add task with T = 200 (left) and T = 500 (right). Both graphs are displayed with the
same y-scale. In both tasks, the standard-initialized LSTM performs the worst. The JANET performs
as well as the chrono-initialized LSTM, and slightly better when T = 750.

In both tasks, we achieve similar results to those reported by Tallec and Ollivier (2018)
and Arjovsky et al. (2016), and the standard-initialized LSTM performs the worst among the
three techniques. Compared to the chrono-initialized LSTM, the JANET converges faster
and to a better optimum on the copy task. On the add task, the chrono-initialized LSTM and
the JANET have a similar performance, with the latter being slightly better for larger T . The
copy task is arguably more memory intensive than the add task. This could explain why the
JANET, which has built-in long-term memory capability, would outperform the LSTM on
the copy task.

In summary, our experiments have shown that the JANET, a simplification of the LSTM,
can provide classification accuracies at least as good as the standard LSTM on the various
datasets analysed. Bearing the computational savings in mind, the follow-question is whether
the sequence-to-sequence model from chapter 4 is able to glean similar benefits from JANET.
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7.4 The JANET and the SWAN

To determine whether JANET can be used for the sequence-to-sequence Wasserstein adver-
sarial network (SWAN), we repeat the experiments from section 4.5 with a JANET used for
the encoder. In table 7.2 we juxtapose the accuracies obtained for the standard SWAN model
and for a SWAN model using a JANET as the encoder. Mean and standard deviation of the
accuracies for ten independent runs are shown.

Table 7.2 Unsupervised labelleling accuracies [%] with the JANET

Dataset LSTM JANET

Synthetic 86 ± 1.5 86 ± 1.2
Low-resolution MNIST 80 ± 2.9 78 ± 3.2
Raw-neural 63 ± 0.4 63 ± 0.5
Spike-count 76 ± 3.9 75 ± 2.1

The results indicate that we achieve similar accuracies when using the JANET as the
encoder of the sequence-to-sequence Wasserstein adversarial network. The results are not
as positive as in section 7.3, but this does mean that we can save on computation and not
sacrifice on accuracy. We present the reconstruction errors of both models in table 7.3. The
reconstruction errors are slightly higher when using the JANET, which could mean that
the JANET regularizes the network too strictly, but whether this is good or bad is hard to
determine.

Table 7.3 Sequence-to-sequence reconstruction errors with the JANET

Dataset LSTM JANET

Synthetic 0.15167 ± 0.08092 0.38878 ± 0.10829
Low-resolution MNIST 0.31454 ± 0.10185 0.57675 ± 0.32116
Raw-neural 6.17025 ± 0.06735 6.66507 ± 0.01711
Spike-count 6.56994 ± 0.17788 7.03793 ± 0.29825

All values are magnified ×1000
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7.5 Discussion

In this work, we proposed a simplification of the LSTM that employs only the forget
gate. The proposed model was shown to achieve better generalization than the LSTM on
synthetic memory tasks and on the MNIST, pMNIST, TBI, and MIT-BIH arrhythmia datasets.
Additionally, the model requires half of the number of parameters required by an LSTM and
two-thirds of the element-wise multiplications, permitting computational savings.

The unreasonable effectiveness of the proposed model could be attributed to the com-
bination of fewer nonlinearities and chrono initialization. This combination enables skip
connections over entries in the input sequence. As described in section 7.2, the skip con-
nections created by the long-range units allow information to flow unimpeded from the
elements at the start of the sequence to memory units at the end of the sequence. For the
standard LSTM, these skip connections are less apparent and an unimpeded propagation of
information is unlikely due to the multiple possible transformations at each time step.

Modern neural networks move towards the use of more linear transformations (Goodfel-
low et al., 2016, §8.7.5). These make optimization easier by making the model differentiable
almost everywhere, and by making these gradients have a significant slope almost every-
where, unlike the sigmoid nonlinearity. Effectively, information is able to flow through many
more layers provided that the Jacobian of the linear transformation has reasonable singular
values. Linear functions consistently increase in a single direction, so even if the model’s
output is far from correct, it is clear, simply from computing the gradient, which direction its
output should move towards to reduce the objective function. In other words, modern neural
networks have been designed so that their local gradient information corresponds reasonably
well to moving towards a distant solution; a property also induced by skip connections. What
this means for the LSTM, is that, although the additional gates should provide it with more
flexibility than our model, the highly nonlinear nature of the LSTM makes this flexibility
difficult to utilize and so potentially of little use.

With some success, many studies have proposed models more complex than the LSTM.
This has made it easy, however, to overlook a simplification that also improves the LSTM.
The JANET provides a network that is easier to optimize and therefore achieves better results.
Much of this work showcased how important parameter initialization is for neural networks.
In future work, improved initialization schemes could allow the standard LSTM to surpass
the models described in this study.





Chapter 8

Conclusions

The aim of this thesis was to improve the state of the long short-term memory (LSTM)
network for biological applications. Ultimately, this required interpreting the model, which
we approached via visualizations, and improving model suitability, which we pursued with
bespoke extensions of the LSTM.

Biological applications In chapter 3 we used two new high-resolution medical datasets to
show that LSTMs are better than hidden Markov models for analysing medical time series.
The suitability of LSTMs for such tasks is supported by their inclusion in the majority of
the best performing approaches on a publicly available temporal medical dataset (Clifford
et al., 2017). We proceeded to show that the LSTM holds two advantages for such medical
datasets:

• Dropout allows them to be used in a Bayesian framework, which enables uncertainty
measures of predictions.

• They can be used in an autoencoder, allowing clustering based on sequential features,
which in turn could alleviate scant labels in medical datasets.

In chapter 4 we again focused on the problem of limited labelled data – a widespread
problem for both continually monitored health and neural data. Here a new dataset with
its own problems was introduced and a solution was proposed by means of a sequence-to-
sequence Wasserstein adversarial network. Essentially, we demonstrated that regularizing the
latent space of a sequence-to-sequence model with Wasserstein adversarial networks enables
inference of the actions represented by peripheral neural signals.

Visualizations One of the main concerns for the adoption of the LSTM into mainstream
practice is their interpretability. In chapter 5 we sought to explain the decisions of LSTMs
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applied to continuous-valued medical time series via various visualization techniques. Among
these techniques, learning the optimal input deletion mask produced the most interpretable
input salience maps, and we showed for electrocardiograms that many of the identified
important features align with medical theory.

Extensions Another important effort in the medical domain is drug discovery and iden-
tification of drug targets and interactions. The structure of molecules that constitute such
drugs can be represented as a discrete-valued sequence. By again leveraging the Bayesian
capability of the LSTM, we showed in chapter 6 that LSTMs enable a version of active
learning that reduces the search over discrete-valued sequences – a large space – to a search
over the set of possible elements at each time step. This active learning technique makes
it possible to efficiently learn the grammar that governs the generation of discrete-valued
sequences, such as molecules. An LSTM that has learned the grammar of molecules can
guide generative models to generate a higher percentage of valid molecules.

Having demonstrated the utility of the LSTM for biological applications, we sought
a hardware efficient version of the LSTM that would make it more enticing for practical
adoption (chapter 7). It was found that a forget-gate-only version of the LSTM provides both
computational savings and improved generalization compared to the standard LSTM. More-
over, this new architecture, dubbed the JANET, competes with some of the best contemporary
models.

To conclude, this thesis goes some way to improving the state of LSTMs for biological
data by demonstrating their utility in this domain, showing that prediction uncertainty
measures are easy to obtain, proposing a visualization technique for interpretability, and
proposing extensions that allow tractability, improved accuracy, and hardware efficiency.

8.1 Future work

This work and other ongoing research have shown that the problems posed by the biological
domain can be solved by deep learning models such as the LSTM. Deep learning-based
methods, such as LSTMs, now match or surpass the previous state-of-the-art in a diverse
array of biological applications, but they do not yet solve all of the problems we encounter
(Ching et al., 2018). Some of these are discussed below:

Data limitations Consider for a moment speech recognition, which has also greatly ben-
efited from LSTMs. Since 2009 there have been drastic performance improvements with
error rates dropping from more than 20% to less than 6% (Ching et al., 2018) and finally



8.1 Future work 149

approaching or exceeding human performance in the last year (Saon et al., 2017; Xiong
et al., 2016). Combined with other factors, this performance led to widespread adoption of
machine learning in speech recognition through applications such as Siri, Alexa, and Google
Translate. To have biological applications reach the same ubiquity, high-quality, large-scale,
correctly labelled biological datasets are crucial. The lack of large medical datasets labelled
by experts remains a problem, hence, the pursuit of such datasets is desirable.

A more specific dataset limitation is evident from chapter 4, where we introduced a new
dataset of peripheral neural signals. Gathering higher quality data of the same kind would
enable future investigations of the sequence-to-sequence Wasserstein adversarial network
that could answer the following questions:

• How well does the model cope with biological changes at the surgical site over a period
of one year?

• How transferable is a trained model between different specimens?

Uncertainty estimates After completing our work on Bayesian LSTMs (section 3.4),
Fortunato et al. (2017) proposed an approach to Bayesian recurrent neural networks that
uses Bayes by backprop (Blundell et al., 2015; Graves, 2011). Their approach yielded
better accuracies and uncertainty measures than the Monte Carlo dropout approach on a
language modelling task. Although their approach requires significant adaptations of the
standard recurrent neural network (or LSTM), it would be interesting to determine whether
the performance benefits extend to biological data.

Interpretability In chapter 5 we showed what the LSTM looks at when classifying contin-
uous valued inputs by visualizing salient features of the input. The aim is to understand the
decision-making process of these models. To understand humans, we can query them about
their decisions, thus an interesting future venture would be to teach these models to provide
explanations for their decisions.

Incomplete validators in biology When actively learning the grammar of discrete-valued
sequences (chapter 6), we found that a validator (compiler) having even the slightest incon-
sistency with the true grammar could be detrimental. As a remedy, a sequence perturbation
technique, leveraging existing datasets, was proposed. Another possible solution, which we
leave for future work, maintains the active learning aspect by using mutual information to
find the most informative perturbations in these existing sequences.
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Room for model improvement In chapter 3 our LSTM implementations were outmatched
by approaches that combine LSTMs with hand-engineered feature extraction. Automatically
learning the most important representations of data could reveal features that have previously
been overlooked (Ching et al., 2018; Farabet et al., 2013; Goodfellow et al., 2016; Lipton
et al., 2015a; Rajkomar et al., 2018). Finding a deep learning model for sequence analysis
that performs better without manual feature extraction thus remains an open problem. Our
improvement of the LSTM, the JANET, was conceived during the final stages of this work; it
would be interesting to determine whether the JANET brings us closer to automatic feature
discovery. Another model that could provide automatic feature discovery is the WaveNet
(Van Den Oord et al., 2016), which has recently grown in popularity and has had widespread
adoption in practice for natural language processing.

In chapter 7 we showed that the chrono initializer provides the connection structure
that enables the JANET to learn long-range dependencies in sequences. For the LSTM the
benefits of these initialization schemes are not as clear. In future work, improved initialization
schemes for the LSTM could allow it to surpass the performance of the JANET.

The ultimate goal is to develop a deep learning model that can represent and learn the
extremely complex long-range structure of real-world sequences. Doing so might require
completely novel approaches.
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Appendix A

Traumatic brain injury dataset variables

Table A.1 Variables recorded for the traumatic brain injury dataset (section 3.2.2)

Temporal Static

Intracranial pressure Age
Cerebral perfusion pressure Gender
Arterial blood pressure
Heart rate
Respiratory rate
Systolic arterial blood pressure
Diastolic arterial blood pressure
5s amplitude of arterial blood pressure
5s amplitude of respiratory rate
5s respiratory rate pulse
Minimum of intracranial pressure over 5s
Maximum of intracranial pressure over 5s
Peak-to-peak timing of arterial blood pressure
Peak-to-peak timing of intracranial pressure
Slow wave intracranial pressure power
Pressure-reactivity index (Czosnyka et al., 1997)





Appendix B

Physionet 2017 experiments

This appendix provides results for the various experiments performed to determine the
optimal LSTM for the Physionet 2017 challenge, as described in section 3.3. Each table lists
the model architectures and their corresponding F1 score on the validation set, which were
used to find the optimal value for the hyperparameter indicated by the table title. The default
model was trained for 300 epochs using Adam with a learning rate of 0.001, a minibatch size
of 100, 0.1 dropout, zero weight decay and a segmentation length of 1000. We start with the
segmentation length hyperparameter.

Table B.1 Segmentation length

Model architecture Segmentation length Valid F1

1x128 500 0.611
1x512 500 0.613
1x128 1000 0.637
1x512 1000 0.664
1x128 1500 0.632
1x512 1500 0.640

Table B.2 Number of units

Model architecture Number of units Valid F1

1x64 64 0.596
1x128 128 0.637
1x256 256 0.624
1x300 300 0.660
1x512 512 0.664
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Table B.3 Number of layers

Model architecture Number of layers Valid F1

1x128 1 0.637
2x128 2 0.607
2x128, 0.2 dropout 2 0.585
2x128, 0.3 dropout 2 0.591
3x128 3 0.638
2x256 2 0.587

Table B.4 Dropout

Model architecture Dropout Valid F1

1x128 0 0.621
1x128 0.05 0.622
1x128 0.1 0.637
1x128 0.5 0.540
2x128 0.1 0.607
2x128 0.2 0.585
2x128 0.3 0.591

Table B.5 Weight decay

Model architecture Weight decay Valid F1

1x128, σ2 = 0.1 Gaussian augmentation 1e-3 0.639
1x512 1e-3 0.579
1x512 1e-4 0.585
1x512 1e-6 0.582
1x512 0 0.664

Table B.6 Batch normalization (section 3.3.2)

Model architecture Batch normalization Valid F1

2x128 On 0.674
3x128 On 0.650
1x256 On 0.587
1x256, TBPTT-1000* On 0.598
1x512 Off 0.664
1x512 On 0.583
1x512, σ2 = 0.1 Gaussian augmentation, TBPTT-1000 On 0.601
* TBPTT-1000 – truncated back-propagation through time with k1 = k2 = 1000 (section 3.3.3)
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Table B.7 Truncated back-propagation through time (section 3.3.3)

Model architecture k1 = k2 Valid F1

3x128 1000 0.578
1x256 1000 0.597
1x256, batch normalized 1000 0.598
1x512 250 0.653
1x512 500 0.612
1x512 1000 0.660
1x512, σ2 = 0.1 Gaussian augmentation, batch normalized 1000 0.601

Table B.8 Dark knowledge (section 3.3.4)

Model architecture Teacher size Valid F1

1x128, σ2 = 0.1 Gaussian augmentation None 0.639
1x128, σ2 = 0.1 Gaussian augmentation 1x128 0.642
1x256 None 0.624
1x256 1x256 0.637
1x256, σ2 = 0.1 Gaussian augmentation 1x512 0.663
1x300 1x512 0.682
1x512 None 0.664
1x512 1x512 0.690
1x512, σ2 = 0.1 Gaussian augmentation 1x1024 0.694

Table B.9 Gaussian data augmentation

Model architecture σ2 Valid F1

1x128 None 0.637
1x128, 1e-3 weight decay 0.1 0.639
1x256 0.1 0.630
1x512 None 0.664
1x512 0.05 0.591
1x512 0.1 0.663
1x512 1.0 0.635

Table B.10 Shifted data augmentation

Model architecture Shifted data augmentation Valid F1

1x512 off 0.664
1x512 on 0.607
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