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Time series data emerge in applications across many critical domains, including neuro-
science, medicine, finance, economics, and meteorology. However, practitioners in such fields
are hesitant to use Deep Neural Networks (DNNs) that can be difficult to interpret. For example,
in clinical research, one might ask, “Why did you predict this person as more likely to develop
Alzheimer’s disease?”. As a result, research efforts to improve the interpretability of deep neural
networks have significantly increased in the last couple of years. Nevertheless, they are mainly
applied to vision and language tasks, and their applications to time series data are relatively un-
explored. This thesis aims to identify and address the limitations of interpretability of neural
networks for time series data.

In the first part of this thesis, we extensively compare the performance of various inter-

pretability methods (also known as saliency methods) across diverse neural architectures com-



monly used in time series, including Recurrent Neural Networks (RNNs), Temporal Convolu-
tional Networks (TCNs), and Transformers in a new benchmark of synthetic time series data. We
propose and report multiple metrics to empirically evaluate the performance of interpretability
methods for detecting feature importance over time using both precision and recall. We find that
network architectures and saliency methods fail to reliably and accurately identify feature im-
portance over time. For RNNs, saliency vanishes over time, biasing detection of salient features
only to later time steps, and are, therefore, incapable of reliably detecting important features at
arbitrary time intervals. At the same time, non-recurrent architectures fail due to the conflation
of time and feature domains.

The second part of this thesis focuses on improving time series interpretability by enhanc-
ing neural architectures, saliency methods, and neural training procedures. [a] Enhancing neural
architectures: To address the architectural limitations of recurrent networks, we design a novel
RNN cell structure (input-cell attention); this new cell structure preserves a direct gradient path
from the input to the output at all timesteps. As a result, explanations produced by the input-cell
attention RNN can detect important features regardless of their occurrence in time. In addition,
we introduce a generalized framework, Interpretable Mixture of Experts (IME), that provides
interpretability for structured data while preserving accuracy. IME is an inherently-interpretable
architecture, so explanations produced by IME are the exact descriptions of how the prediction is
computed. [b] Enhancing saliency methods: We substantially improve the quality of time se-
ries saliency maps by detangling time and feature importance through two-step temporal saliency
rescaling (TSR). [c] Enhancing neural training procedures: We introduce a saliency guided
training procedure for neural networks to reduce noisy gradients used in predictions, which im-

proves the quality of saliency maps while retaining the model’s predictive performance.
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Chapter 1: Introduction

1.1 Motivation

Deep Neural Networks (DNNs) [1] are successfully applied to a variety of tasks in different
domains, often achieving accuracy that was not possible with conventional statistical analysis
methods. Although time series plays an essential role in our daily life, the application of deep
learning to time series analysis [2] is very limited when compared to natural language processing
and computer vision. One reason for this is that practitioners dealing with time series data are
more comfortable using simple interpretable models that can be easily understood.

The problem of interpretability for DNNs has been tackled in various ways [3, 4, 5, 6,
7,8,9, 10, 11, 12, 13]. A common approach for understanding model decisions is identifying
features in the input that had high in uence on the nal classi cation decision [4, 7, 12, 14, 15,
16, 17]. Such techniques, known saliency methodsften use gradient calculations to assign
an importance score to individual features, re ecting their in uences on the model prediction.
Saliency methods produsaliency mapshat aim to highlight meaningful input features in model
predictions to humans. The majority of this work has focused on vision and language tasks and
its application to time series data is limited. We argue that fundamental properties of time series

data and its analysis make the use of interpretability methods dif cult.



What makes times series data differefipst, unlike vision tasks, interpretability in time
series data requires methods that can capture changes in feature importance over time. Subse-
quently, interpretation by visual (overlaying relevance maps over images) or textual (by high-
lighting relevant words) perception is straightforward; such perception mechanisms are not read-
ily available for time series tasks. In addition, features in time series data have independent
meanings; for example, in a patient's electronic health records (EHR), each feature can be a diag-
nosis, a medication, or a procedure; whereas in imaging (where features are pixels) or text, where
features are often dimensions of a learned word embedding.

Consider the following task classi cation problem from neuroimaging [18]: a subject per-
forms a particular task (e.g., a memory or other cognitive task) while scanned in an fMRI ma-
chine. After preprocessing the raw image signal, the data will consist of a multivariate time
series, with each feature measuring activity in a speci ¢ brain region. To characterize brain re-
gion activity pertinent to the task being performed, a saliency method should be able to capture
changes in feature importance (corresponding to brain regions) over time. In contrast, to similar
text classi cation problems [19], where the goal of saliency methods is to give a relevance score
to each word in the sequence, whereas the saliency of individual features in each word embed-
ding is not important or vision tasks where by simply looking at saliency map one can decide if
the explanation produced is meaningful.

This thesis aims to (a) Understand the applicability of existing methods to time series data,
where detecting importance of speci c features at speci c time intervals is necessary. (b) lden-
tify limitations of interpretability methods when applied to time series tasks. (c) Address these

limitations and improve DNNSs interpretability for time series.



1.2 Thesis Contributions

In this section, we discuss the structure of this thesis, and the contributions of each chapter. This
thesis is divided into three major parts. First, Part | systematically evaluates time series inter-
pretability through a benchmark, allowing us to identify limitations in existing saliency methods
and neural architectures. Then, in Part Il we address these limitations by proposing new architec-
tures, saliency methods, and neural training procedures that signi cantly improve time series in-

terpretability. Finally, we conclude with Part Ill, including, closing thoughts and open problems.

1.2.1 Evaluating the Interpretability of Deep Learning for Time Series

As opposed to understanding the prediction performance of a model, measuring and understand-
ing the performance of interpretability methods is challenging [20, 21, 22, 23, 24] since there
is no ground truth to use for such comparisons. For instance, while one could identify sets of
informative features for a speci c task a priori, models may not necessarily have to draw infor-
mation from these features to make accurate predictions. In multivariate time series data, these
challenges are even more profound since we cannot rely on human perception as one would
when visualizing interpretations by overlaying saliency maps over images or when highlighting
relevant words in a sentence.

In Chapter 3, we compare the performance of various saliency-based interpretability meth-
ods across diverse neural architectures in a benchmark of synthetic time series data. Our bench-
mark is designed to examine different aspects that emerge in typical time series datasets. Figure
1.1 shows an example of synthetic time series data. Since informative features are known (the red

boxes in Figure 1.1), we can empirically evaluate the performance of saliency methods for detect-
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ing feature importance over time using both precision (i.e., whether identi ed important features
contain meaningful signals) and recall (i.e., the number of features with signal identi ed as impor-
tant). Based on our extensive experiments, we report the following observations: (i) For RNNs;
we show theoretically and empirically that saliency vanishes over time and is therefore incapable
of reliably detecting important features at arbitrary time intervals, (ii) feature importance estima-
tors that produce high-quality saliency maps in images often fail to provide similar high-quality
interpretation in time series data, (iii) saliency methods tend to fail to distinguish important vs.
non-important features in a given timestep; if a feature in a given time is assigned to high saliency,
then almost all other features in that timestep tend to have high saliency regardless of their actual

values, (iv) model architectures have signi cant effects on the quality of saliency maps.

Contributions

» We compare and quantify the performance of the interpretability of (architectufes,
saliency method) pairs for time series data in a systematic benchmark. The bgnch-
mark is designed to test the ability of such techniques to capture feature importance
in various temporal-spatial datasets that emerge in typical time series data.

* We nd that network architecture strongly affects saliency quality over the choicq of
the saliency method.

» We nd that recurrent architectures are dif cult to interpret regardless of the inter-
pretation method, saliency vanishes, biasing feature importance towards last the few
timesteps in saliency maps.

* We nd that for non-recurrent architectures, saliency methods seem to highlight|the
correct timestep but fail to identify informative features in a given time.

Coauthors and relevant publications:Ismail AA, Gunady M, Corrada Bravo H, Feizi S.
Benchmarking deep learning interpretability in time series predictions. Advances in Neu-
ral Information Processing Systems [25]. Ismail AA, Gunady M, Pessoa L, Corrada Bfavo
H, Feizi S. Input-cell attention reduces vanishing saliency of recurrent neural netwqrks.
Advances in Neural Information Processing Systems [26].




Figure 1.1: Synthetic Middle box time series dataset generated by different time series processes.
The rst row shows how each feature changes over time when independently sampled from time
series processes. The bottom row corresponds to the heatmap of each sample where red represents
informative features.

1.2.2 Improving the Interpretability of Deep Learning for Time Series

In Part Il of this thesis, we explore multiple ways to improve time series interpretability. We
sought to achieve these with three general strategies: (a) modifying the neural architectures used
in training, (b) adapting posthoc saliency methods to time series, (c) adding a regularization to

the training procedure that promotes feature sparsity, resulting in a less noisy gradient.

1.2.2.1 Architectures

In Chapter 3, we showed that the network architecture has the largest effect on saliency map qual-
ity. So one obvious way to improve the quality of explanations is by improving the neural archi-
tecture. Chapter 4 introduces a novel RNN cell structopet-cell attention that improves gra-

dient based saliency maps produced by RNNs. Chapter 5 introduces an inherently-interpretable
framework based on the mixture of expert modetsrpretable mixture of experts, which pro-

vides interpretability for structured data while preserving accuracy.



Input-Cell Attention  introduced in Chapter 4 addresses the RNN vanishing saliency problem.
At each timestep, instead of only looking at the current input vector, input-cell attention uses a
xed-size matrix embedding, each row of the matrix attending to different inputs from current or
previous timesteps. Using the time series benchmark described in Chapter 3, we show that the
saliency map produced by the input-cell attention RNN can faithfully detect important features
regardless of their occurrence in time. We also apply the input-cell attention RNN on a neuro-
science task analyzing functional Magnetic Resonance Imaging (fMRI) data for human subjects
performing various tasks. We use saliency to characterize brain regions (input features) for which
activity is important to distinguish between tasks. In Figure 1.2, we show that standard RNN ar-
chitectures can only detect important brain regions in the last few timesteps of the fMRI data.
In contrast, the input-cell attention model can detect important brain region activity across time

without later timestep biases.

timestep =0 timestep = 20 timestep =40
(@) LSTM
timestep =0 timestep = 20 timestep =40

(b) LSTM with input-cell attention

Figure 1.2: A subject performs a task while scanned by an fMRI machine. Images are processed
and represented as a multivariate time series, with each feature corresponding to a brain region.
RNNs are used to classify time series based on the task performed by the subject. Figure (a)
shows the saliency map produced by LSTM. Importance detected at later timesteps (40) is signif-
icantly higher then that detected in earlier timesteps. Figure (b) shows the saliency map produced
by LSTM with input-cell attention. We observe no time interval bias in the detected importance.



Contributions

* We propose and evaluate a modi cation for RNNs ("input-cell attention”) that ajp-
plies an attention mechanism to the input of an RNN cell allowing the RNN to "at-
tend” to timesteps that it nds important.

* We apply input-cell attention to an openly available fMRI dataset from the Hunlan
Connectome Project (HCP) [27], in a task classi cation setting and show that| by
using input-cell attention we are able to capture changes in the importance of Qrain
activity across time in different brain regions as subjects perform a variety of tagks.

Coauthors and relevant publications: Ismail AA, Gunady M, Pessoa L, Corrada Bravc
H, Feizi S. Input-cell attention reduces vanishing saliency of recurrent neural netwqrks.
Advances in Neural Information Processing Systems [26].

Interpretable Mixture of Experts (IME) introduced in Chapter 5 is a framework for inherently-
interpretable modeling. IME combines an assignment module and multiple interpretable models
in a mixture of experts framework, where each sample is assigned to a single interpretable ex-
pert. Resulting in an inherently-interpretable architecture so explanations produced by IME are
the exact descriptions of how the prediction is computed since the explanation for each sample is
that of the interpretable expert. In addition to constituting a standalone inherently-interpretable
architecture, an additional IME capability is that it can be integrated with existing DNNSs to offer
interpretability to a subset of samples while maintaining the accuracy of the DNNs. Experiments
on various structured datasets demonstrate that IME is more accurate than a single interpretable
model and performs comparably to existing state-of-the-art deep learning models in terms of

accuracy while providing faithful explanations.



Contributions

» IME constitutes a new class of interpretable models that can replace or be integtated
with DNNSs to achieve accuracy on par or better than state-of-art models.

* IME offers multiple framework options, each operating at a different level [of
interpretability, giving the user exibility depending on the needs of a particular
application.

» Explanations produced by IME are the exact description of predictions with|an
easy-to-digest concise formula, enabling its use in high-stakes applications.

* IME can be integrated with DNNs where a DNN acts as an expert, offering
interpretability to a subset of samples while maintaining accuracy. This mecharjism
can help identify “dif cult” samples (i.e., those that require a DNN to make gn
accurate prediction) and “easy” samples (i.e., those that can be predicted by a simple
interpretable model).

Coauthors and relevant publications: Ismail AA, Arik SO, Yoon J, Taly A, Feizi S,
P ster T. Interpretable Mixture of Experts for Structured Data. [28].

1.2.2.2 Saliency Methods

In Chapter 6, we tackle the time series interpretability problem by improving existing posthoc
saliency methods. We introduce a two-step temporal saliency rescaling (TSR) approach. Inspired
by the observation made in Chapter 3, saliency methods can detect informative timesteps but are
unable to differentiate between informative and non-informative features within a given timestep;
TSR rst calculates the importance of each timestep before calculating the importance of each
feature at a timestep. As a result, saliency maps produced by TSR are signi cantly better than

maps produced by the original saliency method.



Contributions

» We propose Temporal Saliency Rescaling (TSR) approach that can be used on top
of any existing saliency method adapting it to time series data.

* We show that TSR can signi cantly improve time series interpretability on saliency
maps and across multiple benchmark performance metrics.

* We propose different optimized versions of TSR.

Coauthors and relevant publications: Ismail AA, Gunady M, Corrada Bravo H, Feizi
S. Benchmarking deep learning interpretability in time series predictions. Advances in
Neural Information Processing Systems [25].

1.2.2.3 Training

Most existing saliency methods use backpropagation on a modi ed gradient function to generate
saliency maps. Thus, noisy gradients can result in unfaithful feature attributions. In Chapter
7, we tackle this issue and introducsaliency guided training procedure for neural networks

to reduce noisy gradients used in predictions while retaining the predictive performance of the
model. Saliency guided training procedure iteratively masks features with small and potentially
noisy gradients while maximizing the similarity of model outputs for both masked and unmasked
inputs. Interestingly, we nd that saliency guided training improves model interpretability across
various domains while preserving its predictive performance.

Figure 1.3 shows the effect of applying saliency guided training to image classi cation
tasks. In Figure 1.3 (A) and (B), saliency maps produced by a model trained with saliency
guided training were more precise than that trained traditionally. Most saliency maps produced
by saliency guided training highlight the object itself rather than the background across different

datasets. The distributions of gradient values per sample in Figure 1.3 (A) show that most features



have small gradient values (near zero) with a large separation of high salient features away from
zero for the saliency guided training. Similarly, in Figure 1.3 (C), we nd that over the entire
dataset, gradient values produced by the saliency guided training tend to be concentrated around
zero with a large separation between the mean and outliers (highly salient features), indicating

the model's ability to differentiate between informative and non-informative features.

Figure 1.3: (A) Comparison between different training methods on MNIST along with distribu-
tions of gradient values in each sample. (B) Saliency maps for CIFAR10 and BIRD datasets using
regular and saliency guided training. (C) Distribution of gradient means across examples. Maps
produced by saliency guided training are more precise: most features have gradient values around
zero with large gaps between mean and outliers. Here gradients around zero indicate uninforma-
tive features, while very large and very small gradients indicate informative features. Saliency
guided training helps reduce noisy uctuating gradients in between as shown in the box plots.

For time series, we found that saliency guided training improves interpretability across
multiple benchmark performance metrics. In addition, saliency guided training improves the
saliency maps produced on MNIST when treated as a multivariate time series where one image

axis is time. Figure 1.4 shows the saliency maps produced by diffénental architecture,
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saliency methodjairs when different training procedures are used; there is a visible improvement

in saliency quality across various networks when using saliency guided training.

Figure 1.4: Saliency maps produced oeural architecture, saliency methopirs. Traditional
training was used for networks in tHé&' row, while saliency guided training was used for the
2" row. Grad, DL, GS and DLS stand for Gradient, DeepLift, Gradient SHAP and DeepSHAP,
respectively. There is an improvement in the quality of saliency maps when saliency guided
training is used.

Contributions

» We propose saliency guided training procedure for neural networks to reduce noisy
gradients used in predictions while retaining the predictive performance of the mdel
resulting in better neural interpretations.

* We apply the saliency guided training procedure to various synthetic and real flata
sets from computer vision, natural language processing, and time series across di-
verse neural architecture. Through qualitative and quantitative evaluations, we show
that saliency guided training procedure signi cantly improves model interpretability
across various domains while preserving its predictive performance.

Coauthors and relevant publications: Ismail AA, Corrada Bravo H, Feizi S. Improving
Deep Learning Interpretability by Saliency Guided Training. Advances in Neural Infpr-
mation Processing Systems [29].
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Chapter 2: Background and Related Work

This chapter provides an essential background that we build on in the following chapters. We
start by giving an overview of different types of neural network interpretability. We then shift to
time series, reviewing neural network architectures and models used for time series. Finally, we

review related work on time series interpretability.

2.1 Neural Interpretability

As the use of machine learning models grows in various elds [30, 31], the need for reliable
model explanations is crucial [32, 33]. This need resulted in a diverse area of research known as
“Interpretability, with a common goal of understanding how a network makes a prediction. We
can divide interpretability research into three categofi@sRelevance detection methodthese

are interpretability methods used to identify input features or concepts used by a netb)ork.
Evaluation of feature relevancethis area focus on evaluating interpretability methods by mea-
suring their reliability and faithfulnesgc) Network visualization this area aims to understand

the network by visualizing its inner structure. We review relevant details about each category in

the following sections.
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2.1.1 Relevance Detection Methods

Interpretability methods can be grouped regarding when these methods are applicable: before

(pre-model), during (in-model), or after (post-model) building the model [34, 35].

2.1.1.1 Pre-model

Pre-model interpretability techniques are independent of the model, they aim to get a better un-
derstanding of the data itself this can be done by data visualization method, including principle
component analysis (PCA) [36] and t-SNE [37], and clustering methods, such as k-means [38]

and approaches that identify “informative” examples in the training data [39].

2.1.1.2 In-model

In-model interpretability includes models that are inherently interpretable, self-explaining net-
works, and attention-based networks. However, the use of attention values in neural attention

models like Transformer [40] as model explanation is debatable [41, 42, 43].

Inherently interpretable models include classical machine learning methods (such as support
vector machines (SVM) [44], linear regression, logistic regression, and decision trees) and DNNs
that are interpretable by design. Such models aim to provide high accuracy while maintaining
interpretability. N-Beats [45] was created for univariate time series with a residual stack of MLP
layers constraining to trend and seasonality functional forms to generate interpretable stacks. To
make DNNs more interpretable, soft decision trees were proposed [46, 47, 48]. Shulman and

Wolf [49] creates a per-user decision tree for tabular data recommendation systems. Wu et al.
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[50] trains deep time series models so their class-probability predictions have high accuracy while
being closely modeled by decision trees with few nodes. NAM [51] uses a DNN per feature; it
does not consider feature-feature interactions and thus is not suitable for high-dimensional data.
To address this, NODE-GAM [52] was introduced, modifying NODE [53] into a generalized

additive model.

Self-explaining networks are explanation-producing systems with architectures that are de-
signed to simplify interpretation of their own behavior. Self Explaining Neural Networks (SENN)
[54] proposes a generalized linear model where coef cients are a function of input; SENN suffers
from a tradeoff between interpretability and accuracy. To address SENN's shortcomings, FLINT
[55] learns interpretations by designing the interpreter as a small-size dictionary of high level
attribute functions whose outputs are feed a linear classi er. However, it is challenging to train
FLINT on large datasets. INVASE [56] and FRESH [57] offer local explanations by preforming

selection over raw features.

2.1.1.3 Post-model

Posthoc (post-model) interpretability refers to explanation methods applied after model train-
ing. There are different posthoc methods, such as€ajure-level explanationgalso known

as saliency or attribution methods); such methods aim to identify the importance of the input
feature to the nal model predictions. (Ib)stance-based explanationsvhere one instance is
explained with another. (cfoncept-based explanationsvhere the network is explained with

a set of human-de ned concepts. Below we descebmeof the popular methods from each

group, more detailed explanation of different methods can be found in [58].
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Feature-level explanations methods can be divided into (a) gradient-based methods, where
the attribution is computed by backpropagating through a modi ed gradient function; (b) perturbation-
based methods that perturb areas of the input and measure how much this changes the model

output; and (c) others like surrogate models.

* Gradient-based methods

— Gradient (GRAD)[14] the gradient of the output with respect to input.

— Guided Backpropagatioii5] computes the gradient of the target output with respect

to the input but only backpropagates non-negative gradients.

— Input Gradient[59], computes relevance by taking the partial derivatives of the out-

put with respect to the input then multiplying them with the input itself.

— Integrated Gradients (IG)15] uses the average gradient while input changes from a
non-informative reference point to input. The relevance will depend upon the choice

the reference point (which is often set to zero).

— SmoothGrad (SG)12] computes the gradienttimes adding Gaussian noisg0; ?)

with standard deviation to the input at each time.

— LRP [6], uses the network weights and the neural activations created by the forward-

pass to propagate the output back through the network up until the input layer.

— DeepLIFT (DL) [7] a back-propagation based approach that de nes a reference point
and compares the activation of each neuron to its reference activation; assigning rele-

vance according to the difference.
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— Gradient SHAP (GS)[16] relevance is computed by adding Gaussian noise to each
input sample multiple times (similar to SmoothGrad), Gradient Shap selects a point
along the path between a reference point and input is, and computes the gradient of
outputs with respect to those selected points. The Shapley value is the expected value

of the gradients multiplied by the difference between input and reference point.

— Deep SHAP (DeepLIFT + Shapley values) (DLE)6] Approximates the SHAP val-
ues using DeepLIFT; instead of a single reference point DeepLIFT takes a distribu-
tion of baselines computes the attribution for each input-baseline pair and averages
the resulting attributions per input example; Shapley equations are used to linearize

components such as max, softmax, products, divisions, etc..

» Perturbation-based:

— Feature Occlusion (FO)[4] computes attribution as the difference in output after
replacing each contiguous region with a given baseline. For time series we consid-
ered continuous regions as features with in same timestep or multiple continuous

timesteps.

— Feature Ablation (FA)[60] involves replacing each input feature with a given base-
line, and computing the difference in output. Input features can also be grouped and

ablated together rather than individually.

— Feature permutation (FP)Y58] randomly permutes the feature values within a batch
and computes the change in output as a result of this modi cation. Similarly, to
feature ablation input features can also be grouped and ablated together rather than
individually.
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* Others:

— LIME [61] ts a sparse linear model to approximate model predictions locally.

— Shapley Value Sampling (SV352] Shapley value measure the contribution of each
input features by taking each permutation of the feature and adding them one-by-
one to a given baseline and measuring the difference in the output after adding the
features. Shapley Value Sampling is an approximation of Shapley values that involves
sampling some random permutations of the input features and average the marginal

contribution of features based the differences on these permutations.

— RISE [63] estimates importance empirically by probing the model with randomly

masked versions of the input image and obtaining the corresponding outputs

— Deep Taylor decompositiofB] views each neuron of a deep network as a function

that can be expanded and decomposed on its input variables.

Instance-based explanations including (a) in uence functions [64] that identify training points
most responsible for a given prediction; (b) counterfactual explanations [65] that tell us how an
instance has to change to signi cantly change its prediction, note that adversarial examples [66]

are also considered counterfactuals but are used to ip the prediction rather than not explaining it.

Concept-based explanations provides an interpretation of a neural net's internal state in terms
of human-friendly concepts. TCAV [67] that uses directional derivatives to quantify the degree
to which a user-de ned concept is important to a classi cation result. Initially, concepts were
prede ned by humans; more recent work [68, 69] tries to learn concepts directly from training
data without human interference.
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2.1.2 Evaluation of Feature Relevance

It is challenging to evaluate whether an explanation of model behavior is reliable. There is no
ground truth. Also, it is unclear which of the numerous proposed interpretability methods that
estimate feature importance should be selected for a given task [20]. It was shown [70] that
saliency methods tend to disagree on feature importance, and there is no clear way for practition-
ers to identify which method is more reliable. This line of work aims to examine the reliability

of explanations produced by different interpretability methods.

One way to address this problem is by creating standardized benchmarks with interpretabil-
ity metrics [10, 20, 63, 71, 72] or debugging explanations [21, 22, 23, 73] by identifying test cases
where explanations fail. To evaluate interpretability methods on real-world datasets, modi cation-
based evaluation methods [10, 63, 74] were introduced. Modi cation-based evaluation involves:
applying the saliency method, ranking features according to the saliency values, recursively elim-
inating higher ranked features (masking or replacing them with meaningless values), and mea-
suring degradation to the trained model accuracy. However, it is debatable whether or not the
drop in accuracy is a result of removing the informative feature. Hooker et al. [20] suggests that
accuracy drop can be an adversarial effect of showing the model an out-of-distribution sample;
to address this, they propose retraining the model after feature elimination rather than re-scoring

the modi ed input at inference time.

2.1.3 Network Visualization

This line of research attempts to understand neural networks by visualizing the network’s hidden

states. Simonyan et al. [3], visualises image classi cation models learnt using deep convolu-
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tional networks. Hasani et al. [75] ranks the contribution of individual cells to the nal output to
help understand LSTM hidden state dynamics. LSTMVis [76] explains an individual cell's func-
tionality by matching local hidden-state patterns to similar ones in larger networks. IMV-LSTM
[77], uses a mixture of attention mechanisms to summarize the contribution of speci ¢ features
to a hidden state. Karpathy et al. [78], uses character-level language models as an interpretable
testbed. Olah et al. [79], presents general user visual interfaces to explore model interpretation
measures from DNNSs. Clark et al. [80], proposes a series of analysis methods for understanding

the attention mechanisms in pre-trained Transformer-based models.

2.2 Time Series

Due to the wide applications of time series data, various methods have been proposed speci -
cally for time series, this ranges from (a) Statistical methods such as autoregressive (AR) [81],
ARMIA [82] and Exponential Smoothing [83]. (b) Classical machine learning models such as
support vector machines (SVM) [84, 85, 86] and linear regression. (c) Deep learning models
including recurrent architectures [77, 87, 88, 89, 90, 91], convolutional architectures [92, 93, 94]
and Transformers architectures [40, 95, 96]. In this section, we look into neural networks and

explanation methods designed speci cally for time series data.

2.2.1 Neural Architectures for Time Series

We categorize time series research in deep learning based on neural architecture proposed by

each method.

19



Recurrent-based architectures: DeepAR [87] fuses traditional AR models with RNNs by
modeling a probabilistic distribution in an encoder-decoder fashion. Wen et al. [97], uses an
RNN as an encoder and Multi-layer Perceptrons (MLPs) as a decoder and conducts multi-horizon
forecasting in parallel. Deep State-Space Models [88] utilizes LSTMs to generate parameters of
a prede ne linear state-space model with predictive distributions, Wang et al. [98] extended this
for multivariate time series data. IndRNN [99], proposes a new type of RNN where neurons
in the same layer are independent of each other and are connected across layers; this prevents
the gradient exploding and vanishing problems while allowing the network to learn long-term
dependencies. Che et al. [100], introduces GRU-D based on Gated Recurrent Unit (GRU) to
forecast time series with missing values. Ismail et al. [101], injects bias into LSTMs to improve
long horizon forecasting when forecasts are made for a large number of timesteps beyond the last
recorded observations. Guo et al. [77] creates an interpretable multi-variable LSTM by patrtition-
ing the hidden state such that each variable contributes uniquely to its own memory segment and
weights memory segments to determine variable contributions. RETAIN [90], trains two RNN

in a reverse time order to ef ciently generate the appropriate attention variables while keeping
the representation learning part simple for interpretation, making the entire algorithm accurate
and interpretable. A dual-stage attention-based recurrent neural network (DA-RNN) [91] uses an
encoder with an input attention mechanism and a decoder with a temporal attention mechanism
to make forecasts. Fan et al. [102], uses a multi-modal attention mechanism with LSTM encoders

to construct context vectors for a bi-directional LSTM decoder.

Convolutional-based architectures: Temporal Convolutional Network (TCN) [93] combines

dilations and residual connections with the causal convolutions needed for autoregressive predic-
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tion. Wavenet [92] uses stacked convolution layers to model the conditional probability distribu-
tion. Zheng et al. [103] proposes a multichannel deep convolution neural network that separates
multivariate time series into univariate ones to learn features individually. This contrasts to Zhao
et al. [104] where the multivariate time series is jointly trained in the CNN for feature extraction.
Some networksombinerecurrent networks and convolutional networks to improve performance.
LSTNet [89] combines the strengths of convolutional and recurrent neural networks and an au-
toregressive component to extract short-term local dependency patterns among variables and dis-
cover long-term patterns for time series trends. Quasi Recurrent Neural Network (QRNN) [105]

alternates convolutional layers with a recurrent pooling operation that can be applied in parallel.

Transformer-based architectures Temporal Fusion Transformers [96], learns temporal rela-
tionships at different scales by utilizing recurrent layers for local processing and self-attention
layers for learning long-term dependencies. However, one main limitation of Transformer archi-
tectures, in general, is the quadratic computation of self-atten@¢f{) whereT is the length

of the input sequence); this limitation is more signi cant in long sequence forecasting problem.
Sparse Transformer [106], LogSparse Transformer [107] , and Longformer [108] use heuris-
tic method to reduce the complexity of self-attentionQ¢T logT). Linformer [109], shows

that self-attention matrix can be approximated by a low-rank matrix achi&(ig complexity.
Compressive Transformer [110] compresses past memories for long-range sequence learning. In-
former [109] combines a ProbSparse self-attention mechanism with self-attention distillation to
reduce time complexity and memory usage; a generative style decoder is added to improve the

inference speed of long-sequence predictions.
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2.2.2 Neural Interpretability for Time Series

Explanation methods for time series FIT [111] de nes the importance of an observation based

on its contribution to the distributional shift under a KL-divergence that contrasts the predictive
distribution. While WinIT [112], quanti es the shift in predictive distribution over multiple in-
stances in a windowed setting. dCAM [113] highlights both the temporal and dimensional dis-
criminant information in CNN-based forecasting models. TimeSHAP [114] extends Kernel[SHAP
to the sequential domain for recurrent networks. PERT [115] proposes a perturbation-based ap-
proach for generating saliency maps for time series. Tonekaboni et al. [116] and Lang et al. [117]

use counterfactual explanations to interpret time series.

Inherently-interpretable architectures for time series N-BEATS [45] explains the time se-
ries trend and seasonality by creating a residual stack of MLP layers these functional forms. SEIR
[118] uses interpretable encoders to incorporate covariates into a domain-speci ¢ encoding, un-

derstandable by experts.
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Part |

Evaluating the Interpretability of Deep Learning for Time Series
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Chapter 3: Evaluating Time Series Interpretability

In this chapter, we compare the performance of different interpretability methods, both perturbation-
based and gradient-based methods, across diverse neural architectures including Recurrent Neu-
ral Network, Temporal Convolutional Networks, and Transformers when applied to the classi ca-
tion of multivariate time series. We quantify the performance of every (architectures, estimator)

pair for time series data in a systematic way through a benchmark.

3.1 Benchmarking Interpretability in Time Series Predictions

To benchmark time series interpretability, we design and generate multiple synthetic datasets to
capture different temporal-spatial aspects (e.g., Figure 3.1). Saliency methods must be able to
distinguish important and non-important features at a given time, and capture changes in the im-
portance of features over time. The positions of informative features in our synthetic datasets are
known a priori (colored boxes in Figure 3.1); however, the model might not akedormative
features to make a prediction. To identify featuneededoy the model, we progressively mask

the features identi ed as important by each interpretability method and measure the accuracy
degradation of the trained model. We then calculate the precision and recall for (architectures,

estimator) pairs at different masks by comparing them to the known set of informative features.

24



Figure 3.1: Different evaluation datasets used for benchmarking saliency methods. Some datasets
have multiple variations shown as sub-levels. N/S: normal and small shapes, T/F: temporal and
feature positions, M: moving shape. All datasets are trained for binary classi cation, except
MNIST. Examples are shown above each dataset, where dark red/blue shapes represent informa-
tive features.

3.1.1 Problem De nition

We study a time series classi cation problem where all timesteps contribute to making the nal

output; labels are available after the last timestep. In this setting, a network takes multivariate

the number of features. Let; be the input feature at timet. Similarly, letX., 2 RN and
Xi. 2 RT be the feature vector at tinte and the time vector for featuiig respectively. The
network produces an outp8(X ) =[ S1(X); :::; Sc (X)], whereC is the total number of classes
(i.e. outputs). Given a target classthe saliency method nds the relevanBgX) 2 RN T

which assigns relevance scofeg (X ) for input featurd at timet.
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3.1.2 Saliency Methods

We compare popular backpropagation-based and perturbation based post-hoc saliency methods;
each method provides feature importance, or relevance, at a given timestep to each input feature.
All methods are compared wittandom assignmentas a baseline control.

In this benchmark, the following saliency methbdse includedGradient-based: Gradi-
ent (GRAD) [14], Integrated Gradients (IG) [15], SmoothGrad (SG) [12], DeepLIFT (DL), Gra-
dient SHAP (GS) [16] and Deep SHAP (DeepLIFT + Shapley values) (DLS) Bé&jurbation-
based: Feature Occlusion (FO) [4], Feature Ablation (FA) [60], and Feature permutation (FP)
[58]. Other methods: Shapley Value Sampling (SVS) [62]. Details of different methods is

available in Chapter 2.

3.1.3 Neural Net Architectures

In this benchmark, we consider 3 main neural architectures groups; Recurrent networks, Con-
volution neural networks (CNN) and Transformer. For each group we investigate a subset of
models that are commonly used for time series data. For Recurrent models we exa8iihdd

[119]. For CNN,Temporal Convolutional Network (TCN) [92, 93, 94] a CNN that handles

long sequence time series. Finally, we consider the oridiraisformers [40] implementation.

3.1.4 Dataset Design

Since evaluating interpretability through saliency maps in multivariate time series datasets is

nontrivial, we design multiple synthetic datasets where we can control and examine different

TCaptum implementation of different methods was used.
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design aspects that emerge in typical time series datasets. We consider how the discriminating
signal is distributed over both time and feature axes, re ecting the importance of time and feature
dimensions separately. We also examine how the signal is distributed between classes: difference
in value, position, or shape. Additionally, we modify the classi cation dif culty by decreasing the
number of informative features (reducing feature redundancy)simall box datasetdDifferent

dataset combinations are shown in Figure 3.1. The speci c features and the time intervals (dark
red/blue areas) that are considered informative is varied between datasets to capture different
scenarios of how features vary over time. As shown in Figure 3.1, we consider the following

sub-levels:

» Shape Normal/Small: We modify the classi cation dif culty by decreasing the number of
informative features. Favliddle boxandMoving boxdatasets we consider two scenarios:
Normal shapewhere more thaB85%of overall features are informativ€mall shapeless

then10%of overall features are informative.

« Signal Normal/Moving: The location of the importance box differs in each sample.

 Positional Temporal/Feature: The classi cation does not depend on the value of informa-
tive signal , rather the position of informative featuré@mporal position each class has
a constant temporal position; however, the informative features in the informative temporal
window change in between samplésature positioneach class has a constant group of
features that are informative; however, the time at which these groups are informative is

different between samples.

* Rare Time/Feature: Mimic anomalies in time series variables, identi cation of such de-
viations is important in anomaly detection taskRare Time Most features in a small
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temporal window are informative; this can be static or moving, i.e., NRiske Featurea
small group features are informative in most timesteps. Note that in both rare cases, less

than5% of overall features are informative.

Each synthetic dataset is generated by seven different processes as shown in Figure 1.1. Data
generation and time sampling was done in an non-uniform manner using python TinfeSynth
package. The base time series were generation by the following processes ngtelthao; 1)

Gaussian noise with zero mean and unit variance.

* Independent sequences sampled from a harmonic function. A sinusoidal wave was used
withf =2.
X(t)=sin(2 ft )+ "¢

* Independent sequences sampled from a pseudo period function, Wher®y (0; 0:5)
andf; N (2;0:01)
X (t) = At S|n(2f tt) + "t

* Independent sequences of an autoregressive time series processpwhérand' = 0:9

xXP
Xt = SiXe i+ N
i=1

* Independent sequences of a continuous autoregressive time series process, wiee,
and =0:1.
Xt = IX t 1+ (1 ] )2 n + llt

* Independent sequences of non-linear autoregressive moving average (NARMA) time se-
ries, where, the equation is given below, whare 10 andU  U(0; 0:5) is a uniform
distribution.

X 1
X;=0:3X; 1+0:05X; ;1 X¢j+1BU(@ (n 1) UR+0:1+"
i=0
*“https://github.com/TimeSynth/TimeSynth
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* Independent sequences sampled according to a Gaussian Process mixture model with se-
lected covariance function [120].

Informative features are then highlighted by the addition of a constaatpositive class and
subtraction of from negative class (unless speci ed=1).

Along with synthetic datasets, we included MNIST as a multivariate time series as a more
general case (treating one of the image axes as time), each sample has 28 timesteps, and the

feature embedding size is 28.

3.1.5 Feature Importance Identi cation

Modi cation-based evaluation metrics [10, 63, 121] have two main issues. First, they assume that
feature ranking based on saliency faithfully represents feature importance. Consider the saliency
distributions shown in Figure 3.2. Saliency decays exponentially with feature ranking, meaning
that features that are closely ranked might have substantially different saliency values. A second
issue, as discussed by [20], is that eliminating features changes the test data distribution violating
the assumption that both training and testing data are independent and identically distributed
(i.i.d.). Hence, model accuracy degradation may be a result of changing data distribution rather
than removing salient features. In our synthetic dataset benchmark, we address these two issues

by the following:
« Sort relevanc® (X ), so thatR. (x;, ) is thee™ element in ordered séRe (Xit)ge;" -

Py ) ]
» Find topk relevant features in the order set such thatw d (whered is a

i=1 =1 R(Xit )

pre-determined percentage).
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* Replacex;;, whereR (x;;) 2 f Re(Xit)g,; with the original distribution (known since

this is a synthetic dataset).

» Calculate the drop in model accuracy after the masking, this is repeated at different values

ofd=[0;10G;:::;100]

We address the rst issue by removing features that represent a certain percentage of the
overall saliency rather than removing a constant number of features. Since we are using synthetic

data and masking using the original data distribution, we are not violating i.i.d. assumptions.

Figure 3.2: The saliency distribution of ranked features produced by different saliency methods
for three variations of the Middle Box dataset (Gaussian, Harmonic, Continous Autoregressive
(CAR)). Top row shows gradient-based saliency methods while bottom row shows the rest.

3.1.6 Evaluation Metrics

Masking salient features can result in (a) a steep drop in accuracy, meaning that the removed
feature isnecessaryor a correct prediction or (b) unchanged accuracy. The latter may result
from the saliency method incorrectly identifying the feature as important, or that the removal
of that feature is nosuf cient for the model to behave incorrectly. Some neural architectures
tend to use more feature information when making a prediction (i.e., have more recall in terms
of importance); this may be the desired behavior in many time series applications where impor-
tance changes over time, and the goal of using an interpretability measudetettall relevant
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features across time. On the other hand, in some situations, where sparse explanations are pre-
ferred, then this behavior may not be appropriate. This in mind, one should not compare saliency
methods solely on the loss of accuracy after masking. Instead, we should look into features iden-
ti ed as salient and answer the following questions: Akg all features identi ed as salient
informative? (precision)(2) Was the saliency method able to identify all informative features?
(recall)

Given the synthetic data described earlier, informative features are known (dark areas in
Figure 3.1), and we can calculate precision and recall of éaebral architecture, saliency

method)pair using the confusion matrix in Table 3.1.

X
XXXXX Actual

Saliency. < XX x " Informative Noise
High True Positive (TP) | False Positive (FP)
Low False Negative (FN) True Negative (TN)

Table 3.1: Confusion Matrix, for precision and recall calculation.

Precision

The fraction of informative high saliency features among all high saliency features. Since the
saliency value varies dramatically across features, we do not look at the number of true positive
and false negative instead their saliency value; the (weighted) precision is calculated by:

P
R (xy) fxy Xy 2 TPg
R(Xy)fXy i Xy, 2 TPg+ R(Xy)fx, : X, 2 FPg

P
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Recall

The fraction of the total informative features that had high saliency, similar to the precision we

use the saliency value rather than the count. (Weighted) the recall is de ned as:

P
R (xy) fxy, Xy 2 TPg
R(x¢)fX, : X, 2 TPg+ R (xy)fxy : X, 2 FNg

P

Through our experiments, we report area under the precision curve (AUP), the area under
the recall curve (AUR), and area under precision and recall (AUPR). The curves are calculated
by the precision/recall values at different levels of degradation. We also consider feature/time
precision and recall (a feature is considered informative if it has information at any timestep and
vice versa). For the random baseline, we stochastically select a saliency method then permute the

saliency values producing arbitrary ranking.

3.2 Performance of Different Neural Architecture

In this section, we investigate failures of different architectures when it comes to time series
interpretability. Based on our extensive experiments, we observe a difference in behavior between
recurrent neural networks (RNNs) and non-recurrent neural networks when it comes to time
series interpretability.

Recurrent networks involve “Gating mechanisms”, that were introduced in LSTMs [119],
these mechanisms help RNN models carry information from previous timesteps, thus diminishing

the vanishing gradient problem to improve prediction accuracy. We show, however, that these
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mechanisms do not diminish the vanishing gradient problem enough to allow saliency to capture
feature importance at arbitrary time intervals.

For non-recurrent networks such as TCNs and Transformers, we report the following ob-
servations: (i) feature importance estimators that produce high-quality saliency maps in images
often fail to provide similar high-quality interpretation in time series data, (ii) saliency methods
tend to fail to distinguish important vs. non-important features in a given timestep; if a feature
in a given time is assigned to high saliency, then almost all other features in that timestep tend
to have high saliency regardless of their actual values, (iii) model architectures have signi cant

effects on the quality of saliency maps.

3.2.1 Recurrent Neural Network: Vanishing Saliency

Consider the synthetic dataset shown in gure (3.3a), where all important features are located in
the rst few timesteps (red box) and the rest is Gaussian noise. One would expect the saliency
map to highlight the important features at the beginning of the time series. However, the saliency
produced by LSTM (Figure 3.3b) shows some feature importance at the last few timesteps with

no evidence of importance at the earlier ones.

3.2.1.1 Vanishing saliency on real word datasets

For example, consider the following task classi cation problem from neuroimaging [18]: a sub-
ject is performing a certain task (e.g., a memory or other cognitive task) while being scanned in
an fMRI machine. After preprocessing of the raw image signal, the data will consist of a multi-

variate time series, with each feature measuring activity in a speci ¢ brain region. To characterize
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(a) Example (b) LSTM

Figure 3.3: (a) A sample from a simulated dataset where the horizontal axis represents time and
vertical axis represents feature values. (b) Saliency map produced by LSTM; importance is only
captured in the last few timesteps.

brain region activity pertinent to the task performed by the subject, a saliency method should be
able to capture changes in feature importance (corresponding to brain regions) over time. This is
in contrast to similar text classi cation problems [19], where the goal of saliency methods is to
give a relevance score to each word in the sequence, whereas the saliency of individual features
in each word embedding is not important. The rst row in Figure 1.2 shows the saliency map
produced by an LSTM applied to the task classi cation. In this case, the LSTM reports feature

importance only in the last few timesteps, ignoring the earlier ones.

3.2.1.2 Understanding vanishing saliency

In this section we investigate the reasons behind LSTM's bias towards last few timesteps in
saliency maps. The gating mechanisms of LSTM [119] are shown in equation (3.1), where
denotes the sigmoid (i.e. logistic) function anddenotes element-wise vector product. LSTM
has three gates: input , forget and output gates, givep &sando, respectively. These gates

determine whether or not to let new input ip)( delete information from all previous timesteps
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(f¢) or to let it impact the output at the current timestep.(

it= (WyXe+ Wyihy 1+ bj)
fi=" (WxX¢+ Whehy 1+ by)
Ot = (WXt + Whohe 1+ bo)
et = tanh (W xeXt + Wpeht 1+ De)

c="ft c 1+it €&

(3.1)

hy = o, tanh(c)
The amount of saliency preserved is controlledf pythis can be demonstrated by calcu-

lating the saliencyR$ (x1) for feature embedding at last timeste given outputc is fairly

simple,
Re(xr) = 2370
@Ix7) _ @@k
@x @h @x

The value ofxt directly contributes tdS:(x1); hence,R$ (xt) is relatively high. Now let's consider

saliency forx; wheret< T .

@Y(xT)
@x

@S(x71) _ @5@h @b
@x @h @h@x |

@sixr) . @s Y' @h @b

@ @h __@h; @x

R{(xt) =

% is the only term affected by the number of timesteps; we can expand it as:

@h _ @h @p , @b @c
@h1 @p@h: @c@h:

_@h @0, @ @ @f , @@h:,K @c @ . @
@o@h: @c @f@h: @ @c @@h: @c.

Plugging the partial derivative in the above formula, we get:
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@b
@h 1

=tanh(c) [Whol(ax (1 o)) +o 1 tanh®(c) o 1 Wi [(Fe (@ ) +

e |Whi J(iv (1 ip) +

it [Whel(1 e e€) +f;

As t decreases (i.e earlier timesteps), those terms multiplied by the weight matrix (black box in
above equation) will eventually vanish if the largest eigenvalue of the weight matrix is less then 1; this is

known as the "vanishing gradient problem@’% will be reduced to :

@h
@h 1

oo 1 tanh?(c) fy

From the equation above, one can see that the amount of information preserved depends on the LSTM's
“forget gate” ); hence, as decreases (i.e earlier timesteps) its contribution to the relevance decreases

and eventually disappears as we empirically observe in gure (3.3b).

3.2.2 Saliency Methods Fail in Time Series Data

The results reported in the following section are for models that produce accuracy above 95% in the

classi cation task.

3.2.2.1 Saliency map quality

Consider synthetic examples in Figure 3.4; given that the model was able to classify all the samples
correctly, one would expect a saliency method to highlight only informative features. However, we nd
that for theMiddle BoxandRare Featuredatasets, many different (neural architecture, saliency method)

pairs are unable to identify informative features. Rare time methods identify the correct timesteps
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but are unable to distinguish informative features within those times. Similarly, methods were not able to
provide quality saliency maps produced for the multivariate time series MNIST digit. Overall most (neural

architecture, saliency method) pairs fail to identify importance over time.

Figure 3.4: Saliency maps produced by Grad, Integrated Gradients, and DeepSHAP for 2 differ-
ent models on synthetic data and time series MNIST (white represents high saliency). Saliency
seems to highlight the correct timestep in some cases but fails to identify informative features in
a given time.

3.2.2.2 Saliency methods versus random ranking

Here we look into distinctions between each saliency method and a random ranking baseline. The effect of
masking salient features on the model accuracy is shown in Figure 3.5. In a given panel, the leftmost curve
indicates the saliency method that highlights a small number of features that impact accuracy severely (if
correct, this method should have high precision); the rightmost curve indicates the saliency method that
highlights a large number of features that impact accuracy severely (if correct, this method should show

high recall).
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