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Efficient time-series analysis can impact multiple application domains such as motif
discovery in gene analysis or music data, extracting spectro-temporal patterns in acoustic
scene analysis, or annotating and classifying electrical bio-signals (such as ECG, EEG,
and EMG) for medical applications. Time-series analysis involves a variety of tasks.
To predict future values of a time-series, many approaches focus on capturing the time
dependence between samples, e.g., hidden Markov model or recurrent neural network.
To learn a compact representation, transformation based approaches such as discrete
Fourier transform (DFT), singular value decomposition (SVD) or convolutive neural
network (CNN) are considered. To classify the time-series, one common approach is
a distance-based K-nearest neighbors (KNN) with dynamic time warping (DTW) or
edit distance. Other supervised approaches either use hand-crafted features or deep
learning representation. In time-series data, as in electrical bio-signals, acoustic scene,
and music theme analysis, occurrence of patterns can be modeled as stationary or time-
invariant. Discovering such patterns is the key to the analysis of time-series and can

be further used for reconstruction or classification. Rich time-series data may contain



multiple patterns associated with multiple labels (e.g., in acoustic scene analysis of an
urban environment, vehicle sounds, bird sounds, and human speech may be observed
in the time interval). To resolve the labels of individual instances, often an expensive
fine-grain labeling process is required. To reduce the labor-intensive annotation efforts
associated with labeling a signal at a time-instance level, coarse interval-level labeling is
often considered. In this context, we propose a framework that can efficiently model and
analyze large-scale multi-channel time-series data and provide fine-grain label predictions
from coarse interval-labeled data.

Since our focus is on time-series data with time-invariant events, we consider a con-
volutive modeling. To extract time-invariant recurring patterns in time-series, we first
propose a convolutive generative framework and use the resulting features for classifica-
tion. To learn a time-instance label model in a weak-supervision setting efficiently, we
propose novel dynamic programming approaches (using both a chain and a tree struc-
ture). Moreover, we extend the proposed weakly-supervised dictionary learning model
for adapting both multiple clusters and multiple-scales. As future work, we present an

application of the proposed approach to deep learning.
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Chapter 1: Introduction

In recent years, digital signal processing and machine learning techniques have been
widely applied to the analysis of time-series. In the analysis of time-series, classification
is an important and challenging problem. Time series classification is key to many
applications. For example, in species conservation, the presence or absence of endangered
bird species in their habitat can be monitored based the detection of their vocalization
in audio recordings. In bioinformatics, detecting subsequences of a long DNA sequence
(e.g., regulatory motif) can help isolate portions of the DNA, which help to control the
expression of genes.

Machine learning techniques are usually applied to ease the analysis of a large col-
lection of data. The traditional classification approaches may not work because the
attributes are ordered in time. The ordering of the attributes is usually considered as
an important characteristic of the discriminative features. Time-series representation is
fundamental to many of the key tasks in time-series analysis including predicting the
next value, extracting recurring patterns, or classifying a short intervals of the time-
series. In this context, the convolutive learning approaches are particularly suitable to
analyze the time-series data which is believed to be generated in a time-invariant fashion.
Finding such patterns is important for identifying a generative model for the data and in
assisting in classification. In this work, we focus on convolutive models for representing
and modeling time-series.

When the label information is given, the goal is extended to not only minimizing

the reconstruction error but also minimizing the classification error. In most time-series



data, labeling the time-series example at a time-instance level is labor-intensive. Labeling
efforts can be reduced by assigning a coarse label that indicates the presence and absence
of a particular class in a given interval. This setting is referred to as weak-supervision
learning, in which fairly long time-series containing multiple events are provided with
only the presence or absence of classes within the interval thereby allowing a fairly
inexpensive labeling process. To address the scalability issue associated with intensive
labeling of large amounts of time-series data, we focus on learning under the weak-
supervision setting. The goal in this setting is twofold: (i) recognizing the presence or
absence of a class in a previously unseen interval and (ii) determining and localizing all
occurrences of events from any class within the previously unseen time interval. Our
task is to not only learn how to label long sequences but also to provide the capability

of labeling them at a fine-granularity based on the coarse-granularity labels.

1.1 Unsupervised learning in time series

The amount of electronic time-series data, such as stock prices, ECG/EEG data or au-
dio clip, is growing rapidly. Time-series data, which ranges from commercial, medical to
scientific domains, may contain multiple occurrences of time-invariant patterns. Detect-
ing such patterns in such large data streams or time-series is important for knowledge
discovery, predicting the next value, or classifying them. These tasks contain many in-
teresting challenges within the context of providing computer tools for exploring large
data archives. Based on the level of data preparation, the methodology falls into two
categories: (i) For those well-prepared data (involving data selection, denoising and seg-
mented to a fixed-length vector), traditional unsupervised methods are directly applied;

(ii) For those automatically collected streaming data (not involving data segmentation



or annotation), time-invariant approaches are considered (e.g., a moving window repre-

sentation or convolutive modeling).

1.1.1 Time-series as fixed length vectors: distance-based pattern

discovery

Figure 1.1: An example of clustering time-series

To discover the knowledge behind the time-series data, many traditional methods
rely on the data that was pre-processed to have carefully selected fixed length time-
series intervals as feature vectors. Distinct patterns within the fixed-length windows
are identified using clustering methods such as k-means [117], Gaussian mixture model
[47] or hidden Markov model [86]. See Figure 1.1 for an example. A common approach
for identifying such patterns in the data relies on using a similarity measure between
two data vectors. In many applications, the use of Euclidean distance as a dissimilarity
measure may be inappropriate due to various artifacts that cannot be factored out by

the Euclidean metric such as delay, multi-modality, or other distortions. Instead, [11]



proposes a dynamic time warping algorithm (DTW) to match a short sequence template
in a large sequence data with a notion of “fuzziness”, which provides a robust similarity

measure between two temporal subsequences.

1.1.2 Time-series as fixed length vectors: transformation-based pat-

tern discovery

oo st

‘A‘AT‘C‘GA

mp [P e [ ]

‘AT‘C‘GC‘A

|
YRR FLRLR E B 3

Figure 1.2: Time-series data examples with various application domain

Raw time-series data is usually high-dimensional and contains multiple temporal
patterns or motifs. See Figure 1.2 for various examples. Hence, dimension reduction
or data transformation is needed to improve the efficiency and accuracy of the learning
methods. In the disaggregated end-use energy problem, different delays and offsets are
observed in the voltage transient response associated with the activation of a home
appliance. Bird syllables (recurring vocalizations) may commonly appear in large time-
series audio data with some variation in time duration or frequency range. Hence,
transformation based approaches are proposed such as singular value decomposition

(SVD) [135], discrete Fourier transform (DFT) [97], wavelet transform [19], and piece-



wise aggregate approximation (PAA) [53] to robustly match similar time-series. As
with SVD, dictionary learning methods provide a data-driven approach for identifying a
compact basis for representing high-dimensional data vectors. For example, sparse coding
dictionary learning can obtain an over-redundant basis and a sparse representation of
data point over the basis (dictionary). In the following, we review some of the dictionary

learning approaches for discovering local patterns.

1.1.2.1 Synthesis dictionary learning

Dictionary Sparse Codes Observations
a'=[1100...]
a?2=[0110...]

a'=[051050

2 || %

Figure 1.3: An illustration of synthesis dictionary learning

In synthesis dictionary learning [1, 55, 89], the goal is to simultaneously find a dic-
tionary and corresponding coefficients to represent a set of n time-series x1,Xo,...,X, €
R™. A dictionary is a collection of atoms D = [df ..., d% ], where d;, € R™ is the kth
dictionary atom (or word). The ith signal can be approximated by a linear combination
over the dictionary D by

K

x; = Da' = E diay, fori=1,2,...,n,
k=1



T"is the coefficient vector associated with the ith signal. Syn-

where o' = [ad, ..., a%]
thesis dictionary learning is typically formulated as an optimization problem, where the
goal is to find D and sparse coefficients {a’}"_ ; that minimize the reconstruction er-
ror. Several methods have been proposed for the problem. An over-complete synthesis
dictionary learning with sparse coding is introduced in [55]. Various state-of-the-art
approaches have been introduced to solve the dictionary learning problem including K-
SVD [1], matrix factorization [73], Lagrangian dual gradient descent and feature-sign
search [59]. For analyzing audio, music or spectral image data, convolutive dictionary
learning has been proposed [9, 116, 121]. Other dictionary learning based approaches

have been used for searching time-varying patterns of audio signals [4, 70], e.g., to detect

basic acoustic units as phonemes in speech recognition [88].

1.1.2.2 Analysis dictionary learning

In analysis dictionary learning [100, 102], given a signal x;, we are looking for an analysis
dictionary W = [w1, wa, ..., wx]| € R™¥ and an estimated noiseless signal x/ (x; ~ x/)

such that the resulting analyzed signal

T

T __ T/ T/ 1T
Wixi = [wW] X}, W5 X, ..., WEX;]

is sparse. For a noisy signal model, analysis dictionary learning can be formulated by

minimizing a quadratic error between all x;’s and X;’S subject to the resulting analyzed



signals are sparse.

minimize | X' — X||%
w, X’
subject to [[wx}|lo <p—1, V1 <i<n,

[will2 =1, V1 <j <p.

(1.1)

where p is the total number of analysis dictionary bases, [ is the co-sparsity (number of

zero elements) of wx, and w; is the jth column vector of W.

1.1.3 Time-series as streaming data: moving window approaches

Signal motifs in ECG
time-series

o 500 1000 1500 2000 2500 3000 3500

Song

Intro notes __Motif Motif Motif
(| | e |

Music motifsina
song

Figure 1.4: Signal motifs in multiple time-series stream data: ECG [64] and Music [30]

Due to the development of hardware and software, the amount of time-series data

is growing rapidly in a wide range of fields. These measurements are generated con-

tinuously and in very high fluctuating data rates. Example domains include economic,

medical, music, audio, and acoustics. Segmenting a long series into fixed-length windows

that contain useful information would require domain knowledge and is time-consuming.

Alternatively, automatic discovery of patterns or knowledge behind large size stream-



ing data is necessary (see Figure 1.4 for an example). Recently, a framework based
on matrix profiling proposes an efficient way to extract useful and local patterns in
time-series [37, 46, 143, 145, 158]. Given a collection of data objects, the matrix profile
retrieves the statistics (index and distance) of each object (moving window) to its nearest
neighbor [145]. The sliding window approaches, similar to convolutive modeling, provide
an efficient way of discovering patterns no matter where it is in the time-series. In the

following, we review several convolutive modeling approaches.

1.1.3.1 Convolutive Non-negative Matrix Factorization (CNMF)

In the analysis of audio recordings of bioacoustics, convolutive non-negative matrix fac-
torization (CNMF) methods are applied for describing the sound-scape and analyzing
the environmental impact of human activity and natural changes [12]. In CNMF, the

RM*N with a series of two non-negative matri-

goal is to approximate a matrix V €
t—

ces Wy € RM*E and H € RE*YN in a convolutive manner. The CNMF is a type of

structured non-negative matrix factorization (NMF) model [127], which can be applied

to dictionary learning for speech or audio analysis [87, 88]. Based on a CNMF model,

an observed spectrogram V can be written as:

-1 t—
V~Y WH, (1.2)
t=0
- .  T-1<—R . (7
such that the ik element of V is vy, =, ijl wije (M)

The Kullback-Leibler (K L) divergence is used because this approach requires that the

factorized matrices are both positive. The solution is achieved by repeatedly alternating



between updating W and H with sparseness constraint as:

t—
Wi - [X]
H = He ——L A apd, 1.3
CWras-o ™ (1.3)
v t=T t=T
W, = Wi+7,[ H —1-H ], (1.4)

A

t—
where A = ZZ:OI W.H,

Despite the utility of CNMF in analyzing time-series signals, a few challenges arise
when applying the CNMF to the bioacoustic setting: (i) CNMF has a high computa-
tional requirement [120] such that it is difficult to apply to large amounts of bioacoustic
signals [109]; (ii) CNMF is typically used in a single spectrogram setting, where bioa-
coustic signals usually contain a collection of discontinuous recordings; and (iii) CNMF
often assumes that the length of the activation signal is the same as the length of the
spectrogram in the time domain but it is possible that recordings register only part of a
vocalization at the beginning or the end. In this case, a longer activation signal should

allow for representing syllable parts in the beginning and the end of the spectrogram.

1.1.3.2 Convolutive synthesis dictionary learning

ati(t) a'a(t)
dq d;
—

- * + *
~ a24(t) a?(t) T

Figure 1.5: An illustration of synthesis dictionary learning
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Convolutive synthesis dictionary learning is often considered [49, 160] for time invari-

ant signals such as speech and audio. In the convolutive dictionary learning, the ith signal

x; is assumed to be formed by combining the convolution of dictionary words dy, .. .,dg,
where dj, € R™, with their corresponding sparse activation signals . .. ,ai{:
K
X; %de*a}w fori=1,2,...,n.
k=1

In this approach, because a signal may contain multiple time-shifted copies of the same
dictionary signal, convolutive dictionary learning eliminates the need to use additional
dictionary words to model multiple shifts of the same dictionary word. The joint recovery
of the dictionary and the sparse activation signals can be achieved by minimizing the

reconstruction error subject to sparsity constraints on the activation signals.

1.1.3.3 Convolutive analysis dictionary learning

In subsection 1.1.2.2, analysis dictionary learning is formulated as (1.1). Instead of the
multiplicative operation between the analysis dictionary and the noiseless signals, con-
volutive analysis dictionary learning convolves the analysis dictionary W with estimated
noiseless signals x/, x5, ..., x), so that the resulting signals w1 *x,..., Wx*X],..., Wy *

X/

Iy ..., WK * X, are sparse [92, 93].

1.2 Supervised learning in time-series

With the extreme increase of temporal data archive, discovering useful information and

classifying time-series become challenging and significantly valuable. Time series classifi-
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cation (TSC) tasks are applied to many real-world data such as electronic health records,
economic records, human activity data and acoustic scene recordings. Due to significant
differences in application domains, time series analysis in almost every task that requires
expertise and human cognitive process. Therefore, labeling time-series requires excessive
amount of labor and time to accurately understand the time-series, especially in the need
of incorporating different domain knowledge. The time-series and its classification task
is defined as follows:

According to [17], a univariate time series

X = [x1,X9,...,x7|]
is an ordered set of real values, and the length of x is the number of real values T. An

M-channeled multi-variate time series

consists of M different univariate time series with each x* € R”. For an example, a ECG
signal in Figure 1.4 is considered to be a univariate time-series while a spectrogram of
bird audio recording in Figure 1.2 is considered as a multi-variate (or multi-channel)
time series.

A dataset

D ={(X1,%1), (X, Ya), ..., (Xn,Yn)}

is a collection of pairs (X;,Y;) where X; could either be a univariate or multivariate time
series with Y; as its corresponding class label. The goal is to predict its label given a

new time-series X that is different than the training dataset. In the following, we review
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different types of methods in supervised time-series analysis.

1.2.1 Distance-based approaches

N A

(a) Euclidean distance (b) DTW(nolinear alignment)

Figure 1.6: Ilustration of measuring distance between two sequences for (a) Euclidean
distance and (b) a non-linear mapping using DTW.

Traditional approaches of the T'SC problem directly treat raw time-series as a feature
vector and apply a nearest neighbor classifier [5, 66, 77]. Consider the ordering and
temporal information of the time-series, the most effective and popular approach is k-
nearest neighbor (NN) classifier coupled with DTW [5]. Calculating a distance between
two time-series with an Euclidean distance [66] is inappropriate for time-series data due
to its high-dimensionality and commonly observed phase shifts. Instead, a more robust
and dynamic distance measure DTW algorithm is proposed to increase the performance
of classification accuracy. For time-series with text input data, an edit distance [77] are

often considered as a distance measure between two text-based time-series.
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1.2.2  Transformation-based approaches

Other approaches use either an ensemble method or a data transformation phase where
time series are transformed into a new feature space. One involves finding shapelets
(motifs) in the data [142] and the other involves deriving features from varying size
intervals of the series, such as bag-of-patterns (BoP) [63]. Similar to BoP, discriminative
dictionary learning approaches [72, 74] identify a discriminative basis and jointly learn a
classifier by treating the sparse codes as feature vectors. Several approaches have been
proposed for dictionary learning in the presences of labels: (i) Learn one dictionary per
class [99, 114, 115, 134, 141]; (ii) Prune large dictionaries [31, 133]; (iii) Jointly learn
dictionary and classifier [3, 50, 74, 154]; (iv) Embed class labels into the learning of sparse
coefficients [35, 57, 81, 140, 152]; and (v) Learn a histogram of dictionary elements over
signal constituents [24, 34, 52, 60, 61, 91, 115, 137].

All the transform-based time-series classification approaches aim to capture the local-
ized similarity in time, which tends to be efficient that provides an effective alternative
to the traditional approach. Motivated by shapelets and BoP, COTE (Collective Of
Transformation-based Ensembles) is developed to use an ensemble of 35 classifiers that
does not only ensemble different classifiers over the same transformation, but also en-
sembles different classifiers over different time series representations [6]. [67] extended
COTE with a hierarchical vote system (HIVE-COTE) which leverages a new hierarchi-
cal structure with probabilistic voting, including two new classifiers and two additional
representation transformation domains. HIVE-COTE is currently considered the state-
of-the-art algorithm for time series classification, but requires high computation and

intractable in large data in real applications.
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1.3 Deep learning approaches

Deep
Learning
for TSC
Generative Discriminative
Models Models
Echo
Auto Feature
Encoders State Engineering End-to-End
Networks

domain
specific

meta
learning

image
transform

tradit- || kernel .
SDAE|(CNN||DBN|(RNN| | Sori (lieaming N

Figure 1.7: A method overview of different deep learning approaches for time series
classification (reproduced from [28])

Recently, deep networks have shown significant performance improvements over tra-
ditional methods on various machine learning tasks (e.g., in areas of computer vision or
speech recognition). Deep architectures can be trained efficiently to learn hidden dis-
criminative features from the raw time series in an end-to-end manner. Deep learning
approaches shown in Figure 1.7 can be divided into two main categories: generative and
discriminative models.

For all generative approaches, the goal is to find a good representation of time se-
ries prior to training a classifier. For an example, to learn the wind pattern with a
high-level representation, [42] used the unsupervised stacked denoising auto-encoders
(SDAESs) [10] (pre-trained on a rich farm data) and transferred the model by fine tun-
ing to a new farm data. For an effective time-series representation, a fully CNN-based
model was introduced to reconstruct a multivariate time series with the same dimension

by deconvolution followed by an upsampling technique [79, 131]. To model the latent
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features in an unsupervised manner, deep belief networks (DBNs) were proposed and
then leveraged to classify univariate and multivariate time series [7, 124]. To capture
the time dependencies in the data, [75, 78, 98] introduced a recurrent neural network
(RNN) auto-encoder to first generate the time series and then using the learned latent
representation to train a classifier (such as SVM or random forest) for the input time
series. Other approaches utilize the echo-state networks (ESNs), where they were first in-
troduced for time series prediction in wireless communication channels [48]. ESNs were
designed to mitigate the challenges of RNNs by eliminating the need to compute the
gradient for the hidden layers which reduces the training time of these neural networks
thus avoiding the vanishing gradient problem. A self-predict modeling was proposed
in [2, 71] to classify time-series, where ESNs were used to reconstruct the time series.
Other ESN-based approaches in [21, 22] defined a kernel over the learned representation
followed by an SVM or an MLP classifier.

The discriminative deep learning model directly learns the mapping (a classifier or a
regressor) between the raw input of a time series and the class variables in a dataset. Sev-
eral deep learning approaches proceeded with hand engineered features using the most
frequently encountered and computer vision inspired feature extraction method by trans-
forming the time series into images such as Gramian fields [128, 129], recurrence plots
[40, 112] and Markov transition fields [130]. For other feature extraction methods, hand-
engineered features were used with some domain knowledge, then fed to a deep learning
discriminative classifier. For an example, in [113], several features (such as the velocity)
were extracted from sensor data placed on a surgeons hand in order to determine the skill
level during surgical training. In human activity recognition tasks such as human motion
detection using mobile and wearable sensor networks [45], deep learning approaches with

several hand-engineered features appear to be effective. Since this type of deep learning



16

approach is domain agnostic, the end-to-end deep learning, which does not include any
domain specific pre-processing steps is desired. The end-to-end deep learning approaches
aim to incorporate the feature learning process while fine-tuning the discriminative clas-
sifier. In [39, 82], a deep multilayer perceptron (MLP) was designed to learn from scratch
a discriminative time series classifier. But the temporal information is not preserved and
the features learned are not time-invariant. Since convolutional neural network (CNN)
preserves spatial invariance, several variants of CNN models [58, 123, 132, 155] have been
considered for time series classification and have shown competitive performance on a
subset of the UCR [23] and UEA [5] archive relative to their non-CNN based alterna-
tives. Among such variants of CNN are Residual Networks (ResNets) [41], which add
linear shortcut connections for the convolutional layers potentially enhancing the models
accuracy. Apart from the UCR/UEA archive, deep learning has reached state-of-the-
art performance in different domains such as time-series forecasting in meteorology and
oceanography [159], spatio-temporal series forecasting problems [110], human activity
recognition from wearable sensors [85], electronic health records [20], surgical skills iden-
tification [29], prognostics and health management (PHM) [68], and physiological signals
classification [27]. Other types of hybrid architectures in which CNNs were combined
with gated recurrent units (GRU) [65] or the attention mechanism [106] also showed
promising results on the UCR/UEA archive datasets.

The aforementioned deep learning approaches focus on classifying a fixed size time-
series to a single label. However, in many scenarios, time series data may contain events
that are associated with different labels at different time instance within the time series.
Hence it is important to consider a classification scheme that can provide a label at the
time-instance level even when the training data only indicates presence or absence at the

entire interval level.
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1.4 Weakly-supervised learning in time-series

In many application areas of time-series analysis, such as audio or acoustic scene analysis,
a time series is labeled by a multi-label indicating the presence or absence of each class
in the time series. For example, for in-situ bio-acoustic monitoring, audio recordings
obtained by unattended microphones may contain vocalizations from multiple species
including simultaneous vocalizations as well as noise artifacts such as wind, rain, streams,
and nearby vehicles.

Since the audio signals are multi-labeled at the interval level, the precise location
and class of each pattern contained in the signal are unknown. Manually isolating an
individual pattern and assigning the appropriate label as a training example in the
traditional supervised learning setting is labor intensive. Alternatively, in the weak-
supervision setting, each interval containing multiple time-instances, an interval-level
label set describing the presence or absence of classes is provided while the individ-
ual instance-level label remains unavailable. For weakly supervised dictionary learning,
several max margin based, non-convolutive, synthesis dictionary learning approaches are
proposed [83, 125, 126]. Other approaches propose to learn a discriminative synthesis dic-
tionary by fully exploiting visual attribute correlations rather than label priors [36, 136].
To the best of our knowledge, the problem of weakly-supervised convolutive analysis
dictionary learning has not been studied.

To tackle a dictionary learning under the weak-supervision, especially focusing on
time-series data, we use a convolutive analysis dictionary learning approach. The advan-
tage of using analysis dictionary learning model over the synthesis dictionary learning is:
(i) Analysis dictionary learning and transform learning offer an alternative to dictionary

learning [100, 102]. (ii) It produces a sparsified outcome after applying the analysis dic-



18

tionary to the original data such that it supports for localizing the target patterns in the
data. (iii) it can be applied directly at the test stage and does not require further opti-
mization, while the synthesis dictionary approach may require recovering the activations
(coefficients) during the test stage for the classification thereby increasing the compu-
tational load during testing. Both synthesis and analysis dictionary learning are used
for solving problems such as reconstruction, denoising, and sparse coding. Sometimes,
the analysis approach shows a significant advantage over synthesis and other denoising
approach in terms of signal recovery for random, piecewise-constant and natural signal
data as stated in [102]. However, without an additional supervision component, such
methods have been reported to perform sub-optimally in classification tasks [32]. This
is due to the fact that both approaches aim at reconstruction rather than classification.
Nevertheless, both approaches can be applied to classification by modifying the objec-
tive to include a label fit term that renders the learned dictionary as discriminative as

possible.

1.5 Research challenges

The general goal of this research work is to build an automatic system that can efficiently
analyze large time-series data. To achieve this research goal, we consider several sub-
tasks. Ome sub-task involves extracting distinct patterns from time-series. This sub-
task is often considered as an unsupervised task, in which the data is generated in
the generative setting. In the generative setting, the data examples are observed
as X = {x1,z2,...,xN}, where each z, is a time-series signal such as a waveform or a
time-frequency image. The goal is to learn distinct signal patterns/motifs or vocalization

syllables (dictionary atoms) to represent and reconstruct the original data. Finding
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distinct patterns is an important step for understanding the data structure, generating
data examples, and for classification.

In real-world applications, efficient labeling and prediction of time-series labels given
time-series examples is becoming of great importance [28]. Hence, another sub-task
involves developing a model that can detect and localize the patterns of interest from
a particular class under the weak supervision setting. In time-series analysis, multiple
occurrences of events may be observed in a time-interval. Labeling each event requires
extensive efforts. Modeling a system that can efficiently and accurately localize patterns
and predict their labels is needed but non-trivial. This sub-task falls under the category
of the discriminative setting, where the data X and the associated label sets )V =
{Y1,Ys,..., YN} are observed and the problem is not only to predict the coarse class

labels but also to localize the exact time index for a particular pattern of interest.

1.6 Objectives

The aim is to provide an inference framework for the problem of learning a convolutive
model for time-series data under varying degrees of supervision. To investigate the

convolutive modeling of time-series data, we focus on the following tasks:
A. For the generative learning setting:
(i) Develop a robust convolutive model for finding dictionary in a collection of

discontinuous time-series data.

(ii) Develop efficient algorithms that solve a large-scale optimization problem in the

convolutive model.

(iii) Extend the model to fuse the weak-supervised label fit into the generative ap-
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proach objective.

B. For the discriminative learning setting:

(i). Develop a probabilistic model for weakly-supervised learning.

(ii). Develop efficient algorithms that solve maximum likelihood estimation of weakly-

supervised learning model.
(iii). Extend the model to allow multiple clusters per class.

(iv). Extend the model to allow basis/atoms to have different scales in an efficient

manner.

C. Extend the model to include deep feature learning into the weak-supervision setting.

1.7 Structure of the thesis

The rest of this work is organized as follows. In Chapter 2, we present an efficient
generative convolutive dictionary learning approach for time-series analysis. In
Chapter 3, we focus on discriminative recurring signal detection and localization in the
case that examples contain a single event from only one class. In Chapter 4, we develop
a novel weakly-supervised dictionary learning approach that can address the case
in which time series may contain multiple occurrences of events from multiple classes.
An extension of our approach to multiple clusters per class is presented in Chapter 5. A
multiple-scale dictionary learning model is developed and analyzed in Chapter 6. Finally,
we present a summary of the work and some preliminary results on an extension of our
approach to deep feature learning for weakly-supervised time series analysis in Chapter 7.

A list of publications is included in Chapter 7 and Section 7.3.
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Chapter 2: Generative dictionary learning for time-series !

Synthesis dictionary learning and analysis dictionary learning are the two approaches to
target at minimizing the reconstruction error and sparse representation of the data. In
time series, especially bioacoustics audio analysis, the representation of a set of spec-
trograms using a convolutive mixtures of sparse activations and dictionary words is
particularly important. Among the reviewed methods, convolutive non-negative matrix
factorization (CNMF) [127] is particularly used as a dictionary learning method. Despite
the utility of CNMF in analyzing time-series signals, a few challenges arise when applied
to the bioacoustic setting: (i) high computational requirement of CNMF [120] makes it
difficult to be applied to large amounts of bioacoustic signals [109]; (ii) CNMF is typ-
ically used in a single spectrogram setting, where bioacoustic signals usually contain a
collection of discontinuous recordings; and (iii) it is often assumed that the length of the
activation signal is the same as the length of the spectrogram in the time domain but
it is possible that recordings register only part of a vocalization at the beginning or the
end. In this case, a longer activation signal should allow for representing syllable parts
in the beginning and the end of the spectrogram. Therefore, we adapt CNMF for a col-
lection of potentially discontinuous spectrograms in which vocalizations may occur prior

to the beginning of the recording such that only part of them is observed. The proposed

1This chapter is a joint work with J. F. Ruiz-Mufioz. Two publications were associated with this work:
Ruiz-Mutioz, José Francisco, Zeyu You, Raviv Raich, and Xiaoli Z. Fern. “Dictionary extraction from
a collection of spectrograms for bioacoustics monitoring.” In 2015 IEEE 25th International Workshop
on Machine Learning for Signal Processing (MLSP), pp. 1-6. IEEE, 2015. and Ruiz-Mufoz, José
Francisco, Zeyu You, Raviv Raich, and Xiaoli Z. Fern. “Dictionary learning for bioacoustics monitoring
with applications to species classification.” Journal of Signal Processing Systems 90, no. 2 (2018): 233-
247. For both of the publications, J. F. Ruiz-Mufioz was the first author.
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modification is designed to better suit the convolutive dictionary learning approach to
bioacoustic audio recordings which are obtained from multiple sources. To illustrate the
merit in this approach, we compare our approach against a standard CNMF approach.
To address challenges with computational complexity, we propose a random projected
dictionary learning approach. We derive a set of iterations with a choice of step-size that
guarantees monotonically decreasing objective. Furthermore, we present an application
of the proposed approach for (i) denoising spectrograms, which are corrupted by rain
noise and (ii) unsupervised bird syllable discovery, and (iii) supervised classification of
bird song recordings.

Since we consider a random projection approach to both spectrograms and dictionary
words to reduce the computational complexity, the non-negativity assumption on the
dictionary words becomes invalid. Another limitation of the CNMF model is that the
activation signal may occur before the time of the first observation. This requires the
length of the activations to be greater than the length of the observation signals. To

address these issues, we present a convolutive dictionary learning model for bioacoustics.

2.1 Problem statement

We begin by introducing the notations and symbols used in this paper in Table 2.1, and
proceed with a formulation of the proposed convolutive dictionary learning model. We
denote each spectrogram and each dictionary word as a function of frequency and time by
Yi(f,t) and Dy(f,t) respectively, where Y* € R¥*7 for i = 1,2,..., N and Dy € RF>*W,
We denote each activation signal as a function of time by ai(t) where ai € RI*1. We
use (-) in one of the coordinates of a matrix to denote the vector formed by stacking

all the elements along the marked coordinate, i.e., Dg(f, ) = [Dr(f,1),Dr(f,2),...,
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Notation|Explanation

N number of spectrograms of the dataset

F number of frequency band

r number of reduced frequency band

T number of frames in time per spectrogram

K number of dictionary words

W |length of each word

L length of an activation signal (L = T+ W —
1)

Y {Y? € RF*T|1 < i < N}, set of N spec-
trograms

Y@  [{Y9® e R™*T|1 <i < N}, set of N trans-
formed spectrograms

D {Dy € RF*W|1 < k < K}, set of K dictio-
nary words

D? {Dg € R™W|1 < k < K}, set of K trans-
formed dictionary words

A {a};ERLX1|1§k§K,1§i§N},setof
N x K activation signals

Table 2.1: Overview of the notations used in this paper

Dy(f, W) for k=1,2,...,K,and f =1,2,...,F.

We assume that spectrograms are composed of a sequences of successive spectro-
temporal units called dictionary words that are activated at certain time instants. The
convolutive dictionary learning approach is targeting at jointly finding a set of K dic-
tionary words D = {Dy(f,t),Da(f,t),...,Dr(f,t)} and a set of K sparse activation
signals A = {al(?),...,ak(t),a3(t),...,a%(t), a)(t),...,aN(t)} such that Yi(f,t) ~
SR al(t) « Dy(f,t) for 1 < f < F,1<t<T,1<i<N (eg., see Fig. 2.1). The goal
is to minimize the distance between the original and the reconstructed spectrograms.

Learning a convolutive dictionary model can be formulated as the following optimiza-
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tion problem:

N F T K 4
minimize > O[S STVt £) — 3 al () # Di(t, 1))?

)

i=1 f=1t=1 k=1
K L
HAD D lag(0)]] (2.1)
k=1 t=1
F W
subject to DS O£’ <1, V1I<k<K.
f=1t=1

Under this convolutive model, since each frequency band or each spectrogram can be

Dictionary Words

Spectrograms
Mmiwmium! * Vit
al a0 1 a0
1l — [
220 a0 a0 = YVt
i L1 aa |
') a0 a0 Y3(f, 1)
AT a——
Activations

Figure 2.1: A convolutive model for dictionary learning (reproduction of [103])

applied with 1-D convolution separately, the objective in (2.1) can be reformulated us-

ing Toeplitz matrices. Given a vector x = [x(1),z(2),--- ,x(m)], the Toeplitz matrix

T(x,c,p,w) € RP—ctxw jg.

z(c)  x(c—1) -+ z2lc—w+1)

- x(c.—l—l) z(c) e zle—w+2)

zp)  xp—-1) - zlp—w+1)
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Using a coordinate descent approach, the minimization in (2.1) can be facilitated by

alternating between the dictionary learning problem

F
e . 2
(DL)  minimize > [ly; — Tad’|
=1 (2.2)

subject to  |Di|? <1, V1 <k < K,

where y; = [Y'(f,),Y2(f,), .., YN(£,)]F € RVNTX! for f = 1,2,....F, d/ =
[Dl(fv ')a D2(f")7'--7DK(f7')]T € RKWXl for f = 1a2a"'7F and TA € RNTXKW
given by

T(a;, W,L,W) -+ T(ag,W,L,W)

T(a%,WL,W) T(a%(7VV7LaW)
Ty =

T(a{V7W7L’W) e T(a%7w/7L7W)

and activation extraction problem

N
(AE) minimize Y (|ly’ — Tpa’|]” + Alla’|1), (2.3)

1 52 N
a-,a“,...,a .
» EARAS} i=1

where y* = [Y¥(1,)7, Y 2,)T, ..., Y{(F, )T € RFT¥! for i = 1,2,...,N, a' =

[aﬁT,a’éT, ... ,a%T]T e RELXI for 4 =1,2,...,N, and Tp € RFTXKL given by
T(Dl(lv)vl/V’LvL) T(DK(].,),W,L,L)
T(D:(2,-),W,L,L) --- T(Dx(2,),W,L,L)
TD = . .
T(Dl(Fv)’VVerL) T(DK(Fv)aVVvaL)

Constructing Tp and T 4 Toeplitz matrices is memory inefficient and solving the above
alternating quadratic programming problem with matrix inversion is time consuming. To

reduce the computational complexity and the memory issue of the convolutive model, we
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propose a random projected convolutive model with modified gradient descent algorithm

that utilizes the convolution operator.

2.2 Solution approach for dictionary learning and activation extrac-
tion

Consider the (DL) problem in (2.2), least square solution with normalization or projected
Newton descent method are both simple to derive. Consider the L; regularized (AE)
problem in (2.3), Least-angle-regression (LARS) algorithm [26] or feature-sign sparse
coding algorithm are also applicable [59]. However, these algorithms require a large
matrix inversion to obtain an efficient and exact solution. In our problem, comput-
ing TETp and T4 T4 requires a computational complexity of the order O(FKT logT)
and O(NKTlogT) respectively and computing their inverse requires O((KL)3) and
O((KW)3) respectively, which limits the practical applicability of the approach. Hence,
we propose an optimization transfer algorithm to minimize (2.1). In optimization trans-
fer, a surrogate function g(x,z’) is considered as a replacement to the original objective
f(z) such that (i) f(z) < g(x,2’), Va,2’ and (ii) f(2’) = g(2/,2"), Va’. The update
iteration zU+1) = argmin, g(z, 2’') guarantees f(xU*D) < f(x()). The update rules are
derived by minimizing a surrogate such that the computation is reduced by utilizing the
fast Fourier transform (FFT) implementation of the discrete Fourier transform (DFT)

and its inverse.
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2.2.1 Random projected dictionary learning

The convolutive model provides a natural representation for spectrograms of bird vo-
calizations. To reduce the computational complexity, we propose to make use of the
fact that bird vocalizations are concentrated in a small range of frequencies. Conse-
quently, spectrograms of bird vocalization tend to have sparse columns. We consider a
compressive sampling approach to facilitated the reduction in computational complexity.

To reduce the computational complexity, we apply the same transformation to both
the spectrogram side and dictionary word side. In such way, the computational com-
plexity of computing both dictionary words and activations is decreased by reducing the

number of unknowns. The new formulation of the dictionary learning is

N r T
minimize > (33 (YO (c,t) = Y aj(t) « DY (c, 1))
D94 i=1 c=1 t=1 k=1
K L
A 0D ag (b)) (2.4)
k=1 t=1
r W
subject to ZZDS(C, t)2 <1, V1<k<K
c=1 t=1

with a transformation matrix Q = [Q(1),Q(2),...,Q(F)] € R™¥ where Q(f) =
[1(F);q2(f), -, a-(f)]T € R” such that » < F. Note that YO) = QY? and DY = QDy.

Many dimension reduction techniques can be considered when generating the trans-
formation matrix Q, e.g., principal component coefficients (PCC) and Mel-frequency
cepstral coefficients (MFCCs). But the problem of signal or spectrogram distortion and
the difficulty of recovering the original signal or spectrogram may arise. For example,
if the intensities at several frequency bins are compressed into a single coefficient using

MFCQC, it is difficult to recover the their value from the single coefficient. To prevent
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a potential distortion problem, we apply a compressive transformation with a random
matrix [122]. We rely on the sparsity of the signal and the compressive approach to
improve recovery. The recovery of the spectrograms or dictionary words can be imple-

mented using a linear programming approach [8, 101].

2.2.2  Dictionary learning

Since we consider an optimization transfer approach (i.e., majorization-minimization
[44]) to facilitate an iterative minimization of the objective in (2.4), our goal is to identify

an efficient surrogate for our DL objective. The following inequality

1 1 / /
Sly! = Tad* = S Ta(d’ —d”) — (y/ = Tad")|?
= %de —df|? - T (ys — Tad’ )d’ + const.
! ]_ !/
- gudf — (@ + 7:rg(yf — Tud” )2 + const.,  (2.5)
!

provides a surrogate to Z?:l tly! — Tad”||?. To satisfy the inequality, we choose
Y4 = max; v > maxy || Ta(df — d’")||2/||df — df'||2. Replacing the objective using the
surrogate in (2.5) and minimizing with respect to the dictionary yields
F
minimize fz_:l %de —g/|?

dl.d2,..d¥ (2.6)

subject to || D|?> <1, V1 <k <K,

/ / T T
where g/ = d/ +71dVD and Vp = Tz(yf—TAdf ). We denote df = [d{ ,e .,d}; )7 and
T T / ’
gl = [g{ yee ,g{( 17, where g,]: = d£ +%VD]“ and VE = TﬁT(yf—Tﬁdﬁ ). To solve (2.6),

we form the Lagrangian L(D, fi) = Z?Zl Zszl %Hdi—ggﬂ%rzklil Bk(Z?:l Hd£||2—1).
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Minimizing the Lagrangian with respect to d£ results in d£ = gk Substituting

’Yd+2/3k
d£ back into the Lagrangian yields the dual function Zle [5k(m Ef:l ||g£||2 -1)].

Maximizing the dual objective with respect to S subject to 8 > 0 yields

* F
B =0, SE gl < 1;

Jd__ — 1 Otherwise
Y2B; T ’ :
RN SN D

To obtain the optimal df we replacing 3y = 3}, back into df = gk, and obtain

’Yd+25

F
gl S lgll? < 1;
gl

B =y v Otherwise.
=1l

Finally, replacing gf = df + 7—1‘1‘/5 back into (2.7) yields

df(]) Vva Zf ||df (4) + VDH2 <1
df(])+’deD (2.8)

fG+1) _
d; = ‘
, otherwise,

JEs 1+ b2

where vE, = Tk " (y,—~TEDY (£, ) and T = [T(al, W, L,W)T, ..., T(a}, W, L,W)T|7.
Step-size selection for the DL update: To determine the step size 4, we consider

two cases. When the updated dictionary words satisfies the constraint that 4. =1 ||gk 2 <

1, the optimal step-size 7 = ”ﬁ/v’ﬁ“ . When the constraints are not satisfied, the op-
timal step-size has no closed-form solution. Setting v4 = maxy % = Amax (T 4Ta)

ensures that || T 4v]||?> < v4||v||? for any v. This conservative approach results in a small

step size 1/v4, which leads to a slow convergence rate. To improve this, we consider the



30

following tighter bound on 4. We rely on maximizing first individual for each f and
then take the maximum over all fs.

From (2.8), we have df — d/" = ¢(yq)(d/" + %VD) —df = ayd’" + agvp. Since
d/ —d/" e span{df’,vp}, we can further restrict 44 without violating the bound on .
Using Gram-Schmidt orthogonalization, we obtain the orthogonal basis for [v4, df l] as
w; = vg/|v4l and ug = d/'/||d”’||, where d/ = df’ — (d/ Tu;)u;. For every value
of (a1, a0) in the representation of df — df' = a1d”" + ayvp there exists a (61, B2) in
the equivalent representation of df — df" = Bju; + Bouy. Hence, we can find vt by

maximizing the following with respect to (f1, f2):

ITa(@” —a”)|* | Tafu, uo][B1, )" I
1/ —d/"|]? 1181, B2] 1|

/
3 [Ta(df—d/)|1?
Consequently, we can bound ldr—ar|? b

Yt = Amax([u1, ug) T TET 4[uy, ug)).

Note that although T?;T A is independent of frequency f, it is fairly large and its as-
sociated eigen-decomposition may be computationally intensive. Instead, we replace it
with the eigen-decomposition of F' 2 x 2 f-dependent matrices [uy, uQ]TTET Alug, ug).

To ensure that the bound holds for every f, we select the step size ) = maxy vy.

2.2.3 Activation Extraction

Similarly to DL, we consider an optimization transfer approach to facilitate an iterative

approach to the minimization of the objective in (2.4) with respect to the activations.
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Similar bounding technique yields

1. . . o . §
5”)’Z — Tpa'|]” < %H&lz —(a" + —Th(a’ — Tpa"))||? + const.,
Ya
where v, > w. Consequently, the surrogate problem of (AE) is defined as:
Ya % 212 7
2111211121111126 Z; (lla® = h*|| + Alja’|1), (2.9)
(2

where h? = ai'—i—%aVA = [hi(1),..., hi(L), hi (1), ..., hi (L))" and V4 = TH(y*—~Tpa®)).

Note that the objective in (2.9) is separable:

N N K L ‘ 4 ‘
Z%Ha WP+ Al = 5 D0 D7 D" (k) = hi(6)? + Mag(0):

i=1 k=1 t=1

Consequently, the solution to (2.9) can be obtained by solving element-wise for every
at(t). The optimal solution to each element ai (¢)* is obtained by a thresholding function

as al(t)* =S 2 (hi(t)) where S (hi(t)) is a soft-thresholding function defined as

Ya
B () + 500 () < =3

So(h() = Qhi(t) — 2, hi(t) > 2,

Ya Ya Ya

0, Otherwise.
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The resulting update rule for extracting the activation signal az(j ) (t) at iteration j follows

the iterative soft-thresholding approach as

(

a () + L(vh(t) =), a? () + LB - N >0
i(j+1 i e
a () = { 2l p) 4 LB+, a? @)+ L(vhE) + 1) <0 (2.10)
0, otherwise,
\
where v& = (T%)7 (y'~Tpa’¥)) and T% = [T(Dx(1,-), W, L,L)",..., T(Dx(F,-),W, L, L)T]".

Step-size selection for the AE update: Since the optimal step-size for activation

updates must satisfy

Ya 2 | Tp(a’ —a")|*/|la’ —a”|?,

we can bound v, by )\maX(TgT D), which is the largest eigenvalue of the matrix T%T D.
Computing the largest eigenvalue of a KL x KL matrix is costly. Instead, we apply the
DFT operator and further bound the maximum eigenvalue of T:]STD. Using Parseval

Theorem and Cauchy-Schwartz inequality, we derive the following bound

ITp(a’ —a")|* Z”Z}g 1 Di(f,) * (aj() — ai (O))|?

la? —a”||2 - Zk 1 llag, — ay |2

Z o [T 10 Di(f, w) (8 (w) — &L (w))[2dw

: f=1 Zk 1217rf &l (w) — &l (w)|2dw
F s s L
ffﬂ Zkzl |Dk(f7w)‘ Zk |a2(w) — a}C (w)|2dw
<
- fz—:l JD . !éz(w)—éz<w)|2dw
< imawak L Dr(fw) 2 750 18 (w) — &) (w)[2dw
= S i |8 (w) a( >12dw
<

F K
> 3Dl
=1 k=1
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. ./
[Tp(a’—a®)|?
lai—a®’|2

Hence, can be upper bounded by v} = Z?:l max, Y1 Dy (f,w)|?, where
ﬁk( f,w) is the wth coefficient in the frequency domain on the Discrete Fourier Transform

of D¢(f,-) at frequency band f for dictionary word k.

2.2.4 Solution approach for random projection model

For the random projection approach, we simply replace Y with Y? and D with D?. We
propose an efficient algorithm for practical dictionary extraction. The algorithm consists
of three main parts: (i) Transforming the original input spectrograms using a random
projection matrix, (ii) Alternatively solving the (DL) and (AE) until a convergence
criterion is met, and (iii) Recovering the uncompressed domain dictionary words by

solving the (DL) problem with the extracted activations and the original data Y.

2.2.5 Computational complexity

Since the convolution operator with length L can be computed more efficiently by using
FFT and inverse fast Fourier transform (IFFT), the computational complexity for each
convolution block with size L is O(Llog L). For the iterative procedure in (2.8), calcu-
lating T4d/, Vp and 73 all require O(N K Llog L), therefore the overall computational
complexity for (DL) is O(FNKLlog L). Updating the activations produces the same
computational complexity as O(NFK Llog L). The total computational complexity for
the algorithm without random projection is O(FNK Llog L). With random projection,
the computational complexity is proportional to the original computation complexity of
O(FNKLlogL). If the reduced frequency band r is 20% of the original frequency band

F, the running time will be five times faster than the uncompressed dictionary learning
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algorithm, which makes the convolutive dictionary learning method more efficient and

practical.

2.3 Extension to classification framework

Dictionary learning is not limited to spectrogram reconstruction or denoising. It can
be considered as a preprocessing step for classification [33]. We present a dictionary-
based classification step that aims to use the learned sparse representation for classifying
bioacoustic recordings. The proposed scheme is inspired by the framework used in music
analysis [144]. In Fig. 2.2, we present the classification framework in two parts: i)
training and ii) test. In the first part, the dictionary words and activation signals are
estimated from the training set, a set of features is extracted from the activations signals
which is used for training an SVM classifier. In the second part, the activations signals
corresponding to the test set are estimated using the dictionary previously learned. Then
features are extracted based on the activations. Finally, the features are provided as an
input tor the SVM classifier. The supervised dictionary learning adaptation, feature

extraction and SVM for training and classification are explained below.

2.3.1 Supervised dictionary learning

For classification, we consider the case in which each recording may contain dictionary
words from multiple classes. In our application, vocalizations in the same recording may
come from multiple bird species. This classification framework has been considered for
species recognition of in-situ recordings [15]. This setting is often referred to as the

multiple label setting. In the multiple label setting, recording 7 is associated with a
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Training
»| Activation — Feature — SVM
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- Model
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TIalnlI_lg » [ wo-dimensiona —»| Dictionary
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Test di C'wo-dimensiona »| Activation |—— Feature > SVM
recordings representation estimation extraction classification

Figure 2.2: Diagram of dictionary-based classification (reproduction of [103].

label vector [hi1, hi2, ..., hip]? in which hij € {0,1}. The j entry of the label vector
is binary and indicates the presence (by 1) or the absence (by 0) of the j species in
the ith recording. The label information can therefore be summarize using the matrix
H ¢ RY*M where H;; = h;j. To adopt the dictionary learning approach to this setting,
we assume that the dictionary consists of M sub-dictionaries (one for each class). The jth
sub-dictionary consists of K; words and the total number of dictionary words is K such
that Z?i 1 Kj = K. Moreover, each dictionary word is affiliated with one class only. We
use the mapping S(-) : [1,2,..., K] — [1,2,..., M] to indicate this affiliation. Hence the
set of all dictionary words associated with class jis S; = {k| k € [1,2,..., K], S(k) = j}
and its cardinality is K; = |S;|. Moreover, we assume that dictionary words of a class can
only be used to construct a given spectrogram if that class is present in the spectrogram.
Alternatively, if the class is absent from spectrogram ¢, the activations associate with its

dictionary words a};(t) =0fort=1,2,...,T. Consequently, we extend our formulation
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to
N F T K K L
mlnlmlzez ZZ (Yi(t, f) — Za};(t) « Dy(t, ) + )\ZZ laj,(t)|]
i=1 f=1t=1 k=1 k=1 t=1
F W
subject tozz Dx(f,1) 2<1,V1<k<K (2.11)
f=1t=1

and al(t) =0for t =1,2,...,Tifh;; =0, k€S;, jel,...,M]

2.3.2 Feature extraction

We consider using a summarization of the activations as a feature vector that will provide
information about the presence or absence of a given class in a recording. To this end,
we map the set of activations of the i-th spectrogram {al = [al,,...,a};] € Rl x 1]1 <
k < K} to a vector where its dimension is the number of estimated features. Therefore,
we compute a vector g; = [gi1 - .. gix] where

L .

> lagl

=1

K L
>0 2 lag,l

k=1t=1

gik =

In the summarization process, for each activation, the entire activation time series is first
replaced with its [y norm. Then, the [; norms are scaled by the sum of /; norms to make
g;. sum to one. We use the set of feature extracted from activation signals as input of a

support vector machine (SVM) classifier.
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2.3.3 SVM classifier

For training the SVM classifier, we use two types of kernels:

e Histogram intersection kernel (HIK): which is computed as follows

K
Kpi(gi,g;) = Y min(gik, gjk)-

k=1
Notice that the range of this kernel is [0,1] due to the applied normalization
K
(> gk =1).
k=1

e Exponential kernel (Kg,,):

_llsi—g;11p

KEp(gzag]) =€ o

where the parameter P is usually 1 or 2, and ¢ requires being tuned.

2.4 Results and Analysis

In this section, we empirically evaluate the proposed random projected dictionary learn-
ing approach on both synthetic and real data. First, we compare how the boundary effect
is addressed by our approach and CNMF. Additionally, we evaluate the proposed ap-
proach for the problems of denoising, dictionary discovery and classification of birdsong

recordings.
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2.4.1 Analysis on synthetic data

In this case, we use three spectrograms synthetically generated with three dictionary
words and their corresponding sparse activation signals. The dimensions of each spec-
trogram are fixed to F' = 50 x T' = 500, and the dimensions of each dictionary word are
F =50 x W = 50.

The learned dictionary words for these three spectrograms and activations using our
approach and CNMF [107] are shown in Fig. 2.3. The number of iterations is 10,000
in both cases. We observe the proposed approach accurately recovers the dictionary
words (see Fig. 2.3(e)) and the spectrograms (see Fig. 2.3(c)) despite the boundary
effect in the first spectrogram in Fig. 2.3(b). However, CNMF learns each dictionary
word as a mixture of the original dictionary words (see Fig. 2.3(g)) including the part of
the dictionary word appearing in the beginning of the first spectrogram, and it fails to
recover the spectrograms(see Fig. 2.3(d)). As it can be seen, our model is more robust

to boundary effects than CNMF.

2.4.2 Analysis on real-world data

In order to apply our random projected convolutive dictionary learning approach for

birdsong analysis tasks, we use two real-world data sets:

e MLSP 20132 dataset: it contains 645 recordings of 19 different bird species.

e H. J. Andrews (HJA) dataset [15]: it contains a total of 548 recordings with
six different locations PC1, PC4, PC7, PC8, PC13, and PC15.

We convert each recording into a two-dimensional spectrogram with F' = 247 and T' =

*https://www.kaggle.com/c/mlsp-2013-birds
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(g) Learned dictionary words by CNMF [107].  (h) Learned activations by CNMF [107].

Figure 2.3: Comparison between our approach and CNMF [107] (reproduction of [103]).
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2497 and examine four aspects of the proposed approach: (i) spectrogram denoising (ii)

optimal parameter selection, (iii) dictionary learning, and (iv) species classification.

L

)

(a) Test spectrogram on PC1 with rain noise (b) Reconstructed test spectrogram on PC1

Figure 2.4: Examples of rain denoising on test spectrogram (reproduction of [103]).

Spectrogram denoising: We use the proposed dictionary learning approach for spec-
trogram denoising. To this end, we learn a dictionary from a clean set of recordings and
use it for recovering a rain corrupted dataset. In this test, we use the HJA data set.
The result in Fig. 2.4 shows that after running the dictionary learning algorithm, the
rain artifact that appears as a long vertical line has been significantly reduced in the
reconstructed spectrogram.

Parameter selection for dictionary learning The model parameters that affect the
performance of dictionary learning are the number of dictionary words K and sparsity of
the activations A. To show the relationship between the model parameters and the dictio-
nary learning performance, we present the reconstruction error Zf\il Z?Zl Zthl (Yi(t, f)—
Zszl al (t) « Dy(t, f))? against a practical approximation of the Ly norm of the activa-
tions (number of the elements in A that are greater than e = 1072). During the training
phase, we select 8 spectrograms from location PC15 of the HJA dataset and run the
proposed algorithm to extract the dictionary words for each of the following parameter

values K = {5,10,15} and A = {1,5,10,15,30,50}. We apply the learned dictionary
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10° 10* 10° 10*
(a) training phase (b) validation phase
(c) learned dictionary (d) learned dictionary

Figure 2.5: Parameter selection (reproduction of [103]): (a) training phase reconstruction
error vs. Lo norm of activations for PC'15 (the first number for each point represents K
and the second number for each point represents \); (b) validation phase reconstruction
error vs. Ly norm of activations for PC15; (c¢) learned dictionary with K = 15 and
A =10 for PC15; (d) learned dictionary with K = 15 and A = 50 for PC15
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words in the validation phase to independent three test spectrograms, the performance
curves are shown in Fig. 2.5a (a) and (b). Results show that the reconstruction error
decreases with decreasing value of A and/or increasing the value of K. The Ly norm of
the activations increases with decreasing the value of A\. For a large A, the dictionary
concentrates on high energy words and low energy words are not discovered. For a small
A, the Lo norm of activations increases significantly even though the reconstruction error

decreases.

(a) PC1 (b) PC4

(c) PCT7 (d) PC13

Figure 2.6: Learned dictionary words for HJA dataset (reproduction of [103]).

We select the optimal set of parameters (A = 10, K = 15) to balance the recon-
struction error and the sparseness of the activation in the validation set. We show the
extracted dictionary words in the Fig. 2.6.

Extracted dictionary words on MLSP2013 dataset: We select four or five rich-
of-syllable spectrograms from each species to learn the bird song dictionary and show

the discovered dictionary words of all 19 species in Fig. 2.7 by using randomly projected
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Figure 2.7: Learned bird dictionary words (reproduction of [103]).

dictionary learning with » = 10%F" and setting W = 200 for all species.

2.4.3 Classification experiments

In order to test the discriminative information provided by the learned dictionary, we
formulate the problem of bird species recognition in recordings of the HJA dataset. We
randomly choose 36 recordings for training and 58 for testing (choosing at least ten per
class in each case) and perform five two-class (one-against-all) experiments. Table 2.2
shows the classes (species) considered and the number of training and test recordings for

each class. Five binary classification problems are considered where each single class is



Table 2.2: Number of training and test recordings selected of the HJA data set.

Index | Abbreviation | Class name # training # test
(Class label) recordings | recordings
1 BRCR Brown Creeper 25 26
2 WIWR Winter Wren 10 10
3 PSFL Pacific-slope Flycatcher 16 19
4 CBCH Chestnut-backed Chickadee 10 12
5 HAFL Hammond’s Flycatcher 10 10
- - Others 10 10
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selected as target. Performance is evaluated by using the multi-label measures F1,,4010

and F1,,;cr0, as follows:

M
1
Flmaero = MZFl(TPj, FPj, TN;, FN;)

and

M M M M
Flmicro = F1() TP;,> FP;,» TN;, > FNy)
=1 j=1 j=1 j=1

j=1

J

where F1(-) stands for F1-score value, and T'P;, F'Pj, TN; and F'N; are the true positive,

false positive, true negative and false negative values estimated when the target is class

J-

Random projection is applied with r = 12. The following are the used parameters:

A = 0.1 (heuristically fixed), K = 20 (for supervised dictionary learning: K; = 3

where j € {1,2,3,4,5} and, additionally, all spectrograms are labeled with a new class

6, for which K¢ = 5, in order to find common patterns), and, 10000 iterations for

dictionary words and activations estimation. The parameter C', which controls the trade

off between errors of the SVM and margin maximization, and ¢ are selected among

{0.01,0.02,0.05,0.1,0.2,0.5,1, 2,5, 10, 20, 50, 100}. The reported performance is the best
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F1,,cr0 score obtained in each case.

Table 2.3 shows the results. The baseline is the classification framework where the
features are directly extracted from spectrograms instead of activation signals, which
implies that supervised dictionary learning is not applied. The kernels used are Ky

and Kg, (P =1 and 2; Kp, and Kp,, respectively).

Table 2.3: Classification results obtained with the proposed approach where features are
extracted from activation signals and the baseline where features are directly extracted
from spectrograms.

Features from\Kernel Kyr Kg, Kg,
Flmacro ‘ Flmicro Flmacro ‘ Flmicro Flmacro ‘ Flmicro

Activations 0.7835 | 0.7472 | 0.7855 | 0.7746 | 0.8127 | 0.7800

Spectrograms 0.7805 | 0.7895 | 0.71062 | 0.7724 | 0.7060 | 0.7639

According to our results, in the baseline exhibits higher F1,,;cr0 scores than Fliyacro
scores, which means that performances is not similar for all classes. On the other hand,
since Flyacro measure equally weighs all classes, we can say that our dictionary learning
approach can find more complex relationships and increase the performance even when

frequency band of vocalizations is not highly discriminant.
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Chapter 3: Simple case study: supervised recurring signal pattern

recognition and localization !

Due to rapid data growth we are facing nowadays, the capability to recognize recurring
patterns in data becomes increasingly important because it helps to find regularities in
data and can be used for downstream data analysis tasks such as feature extraction and
classification. The weakly-supervised dictionary learning problem can be sim-
plified to recognizing and localizing a recurring signal pattern problem. A
common goal in this context is to discover recurrent patterns from data without any prior
knowledge of what the patterns might look like. Toward this goal, several approaches
have been proposed recently, most of which focused on finding the fundamental charac-
teristics of the signal pattern [18, 62, 90, 111] and are generative in nature. By contrast,
limited work has considered a discriminative approach for this task. One important
issue with generative approaches of discovering recurring pattern is that the detection
performance significantly degrades with increased noise and variations of the recurring
signal. To address this issue, we focus on the problem of finding a discriminative con-
volutional kernel of the unknown recurring pattern, such that the resulting signal will
directly indicate the location of the pattern. The problem of discovering convolutional

kernel of recurring unknown pattern has been less studied.

!This chapter is a joint work with Raviv Raich, Xiaoli Fern, and Jinsub Kim. This work was published
as: Zeyu You, Raviv Raich, Xiaoli Z. Fern, and Jinsub Kim. “Discriminative recurring signal detection
and localization.” In 2017 IEEE International Conference on Acoustics, Speech and Signal Processing
(ICASSP), pp. 2377-2381.
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3.1 Single class case

We are given a collection of signals and their labels {(x1,Y7), (x2,Y2)..., (xa, Yir)},
where x,, denotes the mth signal x,,(t) for 1 < t < T, and Y,,, € {0,1} denotes the
presence or absence of an arbitrarily time-delayed pattern within signal x,,. Our goal
is to develop a discriminative framework for training a detector based on the given
training data that can detect presence or absence of an unknown recurring pattern in
a test signal. In contrast to the classical time delay estimation, we do not assume that
the patterns within different signals are identical or identical up to a scaling factor. A
generative model for detecting a recurring pattern [150] aims at finding the pattern and
its corresponding delay as shown in Fig. 3.1(a). A discriminative approach [147] uses
a convolution kernel to predict the presence and absence of that pattern as shown in
Fig. 3.1(b). Unlike the generative approach, the discriminative kernel does not resemble
the original shape of that recurring pattern, but transforms the original signal data into
a new signal that matches up with the signal label. Here, we focus on the latter.

To predict the presence or absence of the common pattern, we consider a sliding
window of size Ty and treat the signal segment within each window as an instance.
Specifically, we associate X,,(t), the mth signal at location ¢, with a corresponding se-
quence Y, € {0,1}. The instance label y,,; being equal to 1 indicates the presence of
a pattern at location t in xX,,. The sequence of instance labels for x,,, which we denote
by V. = [Wmls - - YmT, |, directly determines the bag-level label Y,,. Specifically, if y,,
contains any entry with value 1, then Y, is 1; otherwise, Y,, is zero.

The Probabilistic Model: In developing our model, we focus on a special case of
the problem in which a single observance of the pattern of interest is made in each

signal. Consequently, we assume that although the signal the instance label sequence
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(a) Generative (b) Discriminative
Figure 3.1: Problem formulation of generative and discriminative recurring pattern

recognition (reproduction of [147])

Y are not observed, we have the information that y,, is either a vector with all zero
entries or a vector with all zero entries except a single nonzero entry taking value 1. For
completeness, we express the mth signal label Y;,, in terms of the corresponding instance
label sequence y;, as
0, ym=20

Yim=41, yme {em1,- - emr, }

2, otherwise,

where T, is the number of sliding window segments in x,,,, and e,,,; = [0,...,0,1,0,..., O]T €
RTm vl =1,...,T,, is the ith standard basis vector of RT™, i.e., its l[th entry is one,
and all other entries are zeros. Note that Y,, = 2 is only used for ensuring a complete
probabilistic characterization of the model. However, in our setting, it is never observed.
We employ a probabilistic model (shown in Fig. 3.2) with a logistic function to
model the conditional distribution of an instance label y,,; given a realization of the
corresponding sliding window segment X,y = [Xp (t), X (t—1), ..., X (t—=Tp+1)]T € RTo
as the tth windowed instance and w = [w(1),...,w(Tp)]7 € RT0 as the kernel signal.

Therefore, the probabilistic model for y,,; is given by:
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OaCn®,

M

Figure 3.2: The probabilistic graphical model (reproduction of [147]).

W Ximtymt
P(ymt|Xme; w) = 1 ewTxmt (3.1)
Note that w!x, forallt =1,...,T), and m = 1,..., M are implemented as a convolu-

tion such that w’x,,; = ZZO:O X (t — T)W(T).

To model the mth signal label Y,, given the instance labels y,,, we consider two
cases. When the signal label is positive Y,, = 1, only one out of T},, instance label can
be one and the others are zeros. When the signal label is negative Y,,, = 0, all of the T,
instances must be zeros. Therefore, the probabilistic model for the signal label Y;,, given

the instance labels y,, is:

Tm

P(Ymlym) = [Z I(ym = eml)]Ym M(ym = 0)]17Ym7 (3.2)
=1

The probabilistic graphical model in Fig. 3.2 describes the conditional dependence struc-
ture of our model.

Extension to 2-D signals: When the data signal is 2-D such as spectrogram
i.e.,Xm € REXT for some frequency F', the probabilistic model in (3.1) can be smoothly
adopted by setting the convolutive kernel to be 2-D as well, i.e., w € RF*T0_ In this

case, W! X, is replaced with trace(w”X,,;) = Zf 1 ZT oXm(fit —T)w(f, 7).
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Maximum Likelihood Estimation: Given our proposed model, we consider estimat-
ing the model parameter w using maximum likelihood estimation (MLE).

Data Likelihood: Denote D = {(x1,Y1), (x2,Y2)...,(xa, Yar)} as the observed
data and assume that Y;, € {0, 1}, the data likelihood L(w) = P(D;w), is obtained as

6W Xmi)Ym
L(w) = H (Zl 1 ) P(x,). (3.3)

Ty (1 e Pm)

m=1

Therefore, the negative log-likelihood function is:

M Tn Tm
w) :Z Z log(1 + e™ *mt) — Y, log(z e xmi)] 4 C,
m=1 t=1 t=1
where C' = Z 11og(P(x,,)) is a constant. The challenge is this function is a combina-

tion of convex and concave function such that the non-convexity of the problem makes
it harder to minimize.

Solution with CCCP: Since the objective is a convex-concave function, we apply
the convex-concave procedure (CCCP) [151] to update w. The general idea is to con-
struct a majorizing function g(w, w?) such that (i) g(w,w') > f(w) for any w, w’; and
(i) g(w,w?) = f(w) for w = w'. Minimizing g(w, w') function instead of f(w) results
in the following update rule w1 = argminy, g(w,w?), which yields non increasing
sequence of the objective, i.e., f(w( D) < f(wh).

A simple upper bound function g(w, w’) can be obtained by linearizing the convex

function v(w) = log(3 L, e *mt). Since v(w) > v(w') + (w — w')T Av(w?), then
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f(w) < g(w,w") [56]. Therefore, the upper bound g(w,w?') is:

(Zt e t>T(w—Wi)].

ZTml W Xme

Using the gradient descent method, we obtain the update rule as follows:

wl+1:WZ+’yg(2;V7W) | wewi, where, (3.4)
(w w') M Im
|w wi — Z Z ymt Ymp(ymt’Ym)}th
m=1 t=1

and 7 is a learning rate. We refer to P(ymt) = P(Ymt = 1|Xme; w') in (3.1) as a prior
probability and P(y,t|Y) = P(yme = 1|V, x; W) = % as a posterior probabil-
ity, which can also be directly computed using Bayes trtlﬂe.

Prediction: Given a test signal x's!, the localization signal or instance label signal

9iest is obtained by

g/ = arg max P(y = a|x"", w)Vt=1,..T.

ac{0,1}

A signal level label is obtained by

rtest (T ~test
Y = Uy

Computational complexity: To simplify the computational complexity analysis, as-
sume that the number of instance per signal T}, are all the same and equal to T. The

overall computational complexity is O(NMT1T;), where N is the total number of itera-
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tion needed for updating the kernel w. If Tj is set to be large (Tp ~ T'), we can apply
Fast Fourier Transform (FFT) and Inverse of FFT to speed up the convolution [84] such

that the computational complexity will become O(NMT logT).
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(e) Generative localization (f) Discriminative localization
Figure 3.3: Synthetic data results (reproduction of [147]).
Numerical Evaluation: In order to evaluate our discriminative pattern recognition

approach, we perform a numerical synthetic experiment.

Synthetic data generation: The synthetic 2-D signals are generated with height
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(number of frequency bins) F' = 10 and width (time frames) 7' = 50 by randomly placing
a rectangular shape into one of the T'— 6 maximally overlapped 10 x 7 windows of the
signals. Each window is referred as an instance and is labeled as 1 if the rectangular
shape is within that window, otherwise, it will be labeled as 0, the negative class. See
Fig.3.3 (a) for an example.

Numerical results: To verify our proposed approach, we use 10 independent ran-
dom shuffles of 200 signals with balanced label that are split into 160 training signals
and 40 test signals. The convolution kernel dimensions are set to F' = 10 and Ty = 7.
Fig. 3.3(c) shows the original rectangular shape, while Fig. 3.3(d) shows the learned
kernel, which appears to approximate the gradient of the rectangular shape. Fig. 3.3(f)
verifies that the position where the rectangular signal lies is correctly predicted, how-
ever, using the original signal pattern in the generative framework yields some ambiguity
about the shape location (see Fig. 3.3(e)). To show the resulting detection performance,
we plot the receiver operating characteristic (ROC) curve [13]. The averaged test ROC
curves based on the 10 different training sets are shown in Fig. 3.3(b). We can see that
using a discriminative kernel produces higher true positive rate when the threshold is
low.

Real-world Experiment: In this experiment, our goal is to learn a discriminative acti-
vation signature for each appliance using a set of training data and to test the detection
performance on a separate test data set.

Data Set and preprocessing: We use the Pecan Street dataset (Source: Pecan
Street Research Institute), which contains four homes of disaggregated, time-sampled
electricity usage data. The data set includes both voltage and apparent power readings in
a period of 25 days. For the experimental setup, we split the four home data into training

data with extracted activation signature with 1000 samples of a period of 11/17/2012-
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11/25/2012 and test data is one hour readings, which contains around 500, 000 samples,
with a period of 11/26/2012-12/11/2012. For each home and each appliance, the training
activation event of short sequence voltage responses are generated based on the ground
truth of a power increase from 0 to 80 watt or more on the independent measurement
from a commercial power meter. The negative labeled data of short sequence voltage
responses are randomly extracted based on non-increase of the power meter.

Due to a time varying DC offset on voltage peak to peak (V},,) value, we consider a
moving window (each window contains 1000 samples) approach to calculate the average
DC offset signal. For both training and test data, we remove that DC offset. We also
apply a five-tap median filter to despike the voltage waveforms, since the voltage peak to
peak (V) waveform is corrupted by spike noise. For home ps-029, we use a fifteen-tap
median filter.

Results and Analysis: In the training phase, we tune the window size T using
ten random shuffles of the data. On each of the ten, we first shuffle and then pick
the first 80% of the data for training and the remaining 20% for validation. For each
random shuffle, we compute the signal label accuracy 1/M Z%zl I(Yyal = yval) for
Ty € {100, 300, 500, 700, 900, 1500, 2000} and present mean and standard deviation (over
the ten shuffles) as in Fig. 3.4(b). An iterative gradient descent method is used to find
the discriminative activation signature. To compare with the results obtained from a
generative approach [150], we show a detection example from the generative approach
and the discriminative approach in the Fig. 3.4. Since [150] uses Tp=700, we show the
resulting AUCs comparison with our approach by using both T;=700 and best window
size in the Table 3.1.

Fig. 3.4(c) shows an example for the detector output (before applying the thresh-

old) for the generative detector. We observe that the peak level of the discriminative
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detector output in Fig. 3.4(d) appears more consistent than that of the generative detec-
tor. In general, we observe that the discriminative approach presents higher detection
performance than the generative approach, especially for some of the appliances which
contains more variation in their template. For example, for oven in home ps-025 and
Fridge in ps-046, the detection AUCs of the discriminative approach are 0.86 and 0.87
respectively, which are significantly higher than the generative approach AUCs, 0.52 and

0.49 respectively.

House ID |App. Name|Gen.(7p=700)|Disc.(Tp=700) |Disc.(best Tp)
PS-025 | Air-Cond. 0.95 0.97 0.97 TH=700
PS-025 Oven 0.52 0.80 0.86 T5=100
PS-029 | Air-Cond. 0.92 0.99 0.99 T,=700
PS-029 Dryer 0.99 0.93 0.96 Top=100
PS-029 Fridge 0.72 0.85 0.86 TH,=900
PS-029 | Furnace 0.86 0.89 0.89 T;,=700
PS-029 | Microwave 0.88 0.94 0.94 T5=700
PS-029 Oven 0.91 0.78 0.88 Tp=100
PS-046 | Air-Cond. 0.85 0.93 0.97 TH=>500
PS-046 Fridge 0.49 0.85 0.87 T5=900
PS-046 Furnace 0.54 0.56 0.56 T,=700
PS-046 Oven 0.92 0.76 0.88 Tp=100
PS-051 | Air-Cond. 0.91 0.97 0.97 TH=700
PS-051 Oven 0.78 0.61 0.72 Th=100

Table 3.1: AUC for the generative method [150] and for our discriminative method.

Discussion on computational complexity: In a generative approach, [150] pro-
poses an algorithm of computational complexity of O(Ty(MT)?). In our discriminative
approach, the computational complexity is O(NMT1Tp). If the total number of iteration

N is set to be less than MT', our discriminative approach is more efficient.



57
3.2 Multiple class case as an extension

Given the observed signals and the associated labels {(x1, Y1), (x2,Y2)..., (xnm, YY)},
where x,,, denotes the mth signal x,,,(t) for 0 < ¢ <T,, and Y, € {0,1,2,...,C} denotes
a particular class ¢ type of time-delayed pattern is shown within signal x,,, the goal is to
develop a discriminative framework for training a detector based on the given training
data that can detect an unknown recurring pattern belongs to which class in a test signal.

To predict the multiple recurring patterns, we consider a sliding window of size Ty, and
treat the signal segment within each window as an instance. We denote A = (Ty, — 1)/2
by assuming window size is odd for simplicity. Specifically, we associate x,,(t), the mth
signal at location ¢, with a corresponding sequence y,,(t) € {0,c} for ¢ =1,2,...C. The
instance label y,,; being equal to ¢ indicates the presence of a pattern c at location ¢ in x,,.

o

The sequence of instance-level labels for x,,, which we denote by y,, = [Ym1,-- -, YmT,.],

directly determines the bag-level label Y;,. Specifically, if y,, contains any entry with
value ¢, then Y, is ¢; otherwise, Y,,, is zero.

The Probabilistic Model: In developing our model, we focus on a special case of
the problem in which a single observance of the pattern of interest is made in each
signal. Consequently, we assume that although the signal time-instance label sequence
ym are not observed, we have the information that y,, is either a vector with all zero
entries or a vector with all zero entries except a single nonzero entry taking value 1.
For completeness, we express the mth signal label Y, in terms of the corresponding

time-instance label sequence y,, as
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0, ym=20

¢, yme{efn(_m_l),...,e;(TmJFA)};c:1,2,...,0

C + 1, otherwise,

where T, is the number of samples in the mth signal and there is total of T;, + T, + 1
sliding window segments in X, and e, = [0,...,0,¢,0,...,0]T € RTm*TTw=1" vy} =
—A+1,..., T, + A is the Ith standard basis vector of RTmtTw=1 4 ¢  its Ith entry is
class ¢, and all other entries are zeros. Note that Y,, = C'+ 1 is only used for ensuring a
complete probabilistic characterization of the model. However, in our setting, it is never
observed.

To model the mth signal label Y;, given the instance labels y,,, we consider two
cases. When the signal label is positive Y,, = 1, only one out of T}, time instance label
can be one and the others are zeros. When the signal label is negative Y,,, = 0, all of the

T,, time instances must be zeros. Therefore, the probabilistic model for the signal label

Y,, given the instance labels y,, is:

C Tm“l‘A
PVlym) = [[1 3 1ym = €)= I(y, = 0)]/Om=0), (3.5)
c=11l=—A+1

Maximum Likelihood Estimation: Given our proposed model, we consider estimat-
ing the model parameter w using maximum likelihood estimation (MLE).

Data Likelihood: Denote D = {(x1,Y1), (x2,Y2)...,(xa, Yar)} as the observed
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data and assume that Y;,, € {0, 1}, the data likelihood L(w) = P(D;w), is obtained as

C Tm+A

WTX —wa m=C
M H( Z ee ml 0 nLZ)H(Y )
c=1 |=—A+1
m=1 H 1+Z w Xt — Woxmt)
t=—A+1 u=1
Therefore, the negative log-likelihood function is:
M Tm+A C - .
f(W) :Z [ Z log(]_ —|— Z ewu Xmt—Wq th) o
m=1t=—A+1 u=1
c Tm+A . ;
S LY = c)log( Y eMExmewWExm) 57
c=1 t=— A+1

The challenge is this function is a combination of convex and concave function such that
the non-convexity of the problem makes it harder to minimize.
Solution with CCCP: Since the objective is a convex-concave function, we apply

the convex-concave procedure (CCCP) [151] to update w. A simple upper bound func-

tion g(w, w') can be obtained by linearizing the convex function v(w Z Z (Y, =

m=1 c=1

c) log(z ewzxmt_wOTx’"t). Since v(w) > v(w') + (w — w))T Av(w?), then f(w) <
t=1
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g(w,w') [56]. Therefore, the upper bound g(w, w') is:

M T,+A C . -
e ) =3[ S log( + 30 e
m=1 t=—A+1 u=1
C Tim+A , .
I S N
t=—A+1
T77L+A . .
] iNT (t=—A+1
(we — wi —wo + wh) T (E2L )))-
Z ewZTxmtfwaTxmt
t=—A+1

Using the gradient descent method, we obtain the update rule as follows:

< dg(w, w'
wit =wi —i—’yg(awo) |wo=wi - Where, (3.8)
dg(w,w') wt) M T
)y =3 S -0
m=1t=— A-‘rl

ZH m —C ymt‘Y ))]tha
c=1

and
. . Bg(w,w!
witl=wi 4 ,yg(aww) lw.—wi, Where, (3.9)
W ‘
8g(w w') M Totd
|wC =wi — Z Z ymt (Ym - C)P(ymt‘ym)]xmb
m=1t=—A+1
for ¢ = 1,2,...,C, and v is a learning rate. We refer P(ymt) = P(Ymt = ¢|[Xme; W) as
a prior probability and refer P(ym|Y) = P(ym = c|Y,x;w') = — fzﬂxmt Two :mtzT ,
m vvC Xmt—Wh Xm
t=—A+1

as a posterior probability.
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Chapter 4: Weakly-supervised dictionary learning for time-series !

When both data and global labels are observed, the conventional dictionary learning
approaches are not suited. Instead, we present a convolutive analysis dictionary learn-
ing under weak supervision,where we learn a dictionary given a set of signals andtheir
label sets. In analysis dictionary learning, we are given a collection of data vectors
{x1,...,xp} and look for an analysis dictionary [wi, ..., w¢] such that for each n the
analysis of x,, given by [W{x,,...,wkx,] is sparse [102]. In the convolutive setting,
we are given a set of signals {xi(t),...,zn(¢t)} and look for an analysis dictionary of
the form [wi(t),...,wc(t)] such that for each n the analysis of signal x,(t) given by
[wo(t) * xy(t),. .., we(t) * z,(t)] is a sparse signal, where * is a convolution operator
[92, 93]. Based on the convolutive version of analysis dictionary learning, we develop a
discriminative version of the convolutive analysis dictionary learning is. In particular, we
consider the weak supervision setting in which every signal x,(t) is accompanied with
a single label set Y. Focusing on time-series analysis, we proceed with the proposed

formulation of this problem using a probabilistic model approach.

4.1 Problem statement

In the following of the whole chapter, we denote signals in lower case, e.g., z(t) or y(t).

Similarly, we use lower case letters to represent indexes such as ¢ or j. For simplicity,

!This chapter is a joint work with Dr. Raviv Raich, Xiaoli Fern and Jinsub Kim. This work was
published as: Zeyu You, Raviv Raich, Xiaoli Z. Fern, and Jinsub Kim. “Weakly supervised dictionary
learning.” IEEE Transactions on Signal Processing 66, no. 10 (2018): 2527-2541.
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| wo(t) z(t) * wO(t):
x(t) > wl(t) x(t) *wl(t)> Instance- y(t) 4| signal- Y
labeler |labeler [
weni el

Figure 4.1: An illustration of the setting of weakly supervised analysis dictionary learning
(reproduction of [148]).

we omit the dependence on time for signals, e.g., we also use z to denote signal z(t).
In some cases, we use the time-evaluation operator |; to denote evaluation of a signal
at time t, e.g., z|; = x(t). We denote vectors by boldfaced lower case, e.g., x or y. We
use upper case letters to denote sets, e.g,. Y, or constants such as C. All signals in this

paper are assumed to be in discrete time. Consequently, we use the convolution operator

o0

* to denote discrete time convolution wxx|; = Y 7

z(t—u)w(u). Common notations
used in this paper are given in Table 4.1.

In the sparsity-driven setting of convolutive analysis dictionary learning, we are
given a set of discrete-time signals {x1,x9,...,2x} and look for an analysis dictionary
{wi,wy,...,wc} such that for each n € {1,2,..., N}, each analysis signal of xz,, in
{wy * @y, wa * Tp, ..., W * T, } 1s sparse [92, 93]. Without loss of generality, we assume
that the support of z,, is included in {0, ..., T}, — 1}, i.e., zn(t) =0if t ¢ {0,..., T, — 1}.

In the fully-supervised setting, for each x,, a potentially sparse time-instance label
signal y,, is provided and the observed data is of the form {(x1,v1), (z2,y1), ..., (zN,yN)}-
The signal y,, can be viewed as a fine-grain label indicating the presence of particular

class patterns at each point in time. In this setting, location of a pattern from a given

class can be used to extract examples for that class to train a classifier.
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Table 4.1: List of notations

Notation|Explanation

Zn  |the nth signal, e.g., x,(¢) for 1-D signal indexed
by time ¢ and x,(f,t) for 2-D signal indexed by
frequency f and time ¢
F |the number of frequency bins, F' = 1 in 1-D signal
case
T,  |number of samples in nth signal
w. |the cth dictionary signal, e.g., w.(t) for 1-D signal
and w.(f,t) for 2-D signal
w. |is the vector format of cth analysis dictionary word
be is the bias term for the cth analysis dictionary
word
w (wd,wl,...,wi]T, C dictionary words
b [bo, b1, ..,bc]T, a vector of C bias terms
C  |number of class or dictionary words
T, number of samples for dictionary
Xnt [is a tth time instance in nth signal
X Hx,}N_,, set of N signals
Y {Y,}_,, N sets of label set
yn(t) |is the instance label at time index ¢ in the nth
signal
N,, |maximum number of non-novel instances in nth
signal

In the weak supervision setting (see Fig. 4.1), y,, is unknown and we are interested
in learning a discriminative version of the convolutive analysis dictionary given the ob-
served data. Under this setting, every signal x,, is accompanied with a single label set
Y,, containing the classes that are present in signal z,, e.g., ¥;, = {2,6} if z,, contains
patterns from only classes 2 and 6. Hence the data provided in our setting is of the
form {(z1,Y1), (x2,Y2),...,(xn,YN)}. Our goal in this setting, is two-fold: (i) to de-
velop a time-instance-level classifier that predicts the latent label signal y(t) value for
a previously unseen signal z(t) based on training data D; and (ii) to develop a signal-
level classifier that predicts the label set Y for a previously unseen signal z(t) based

on training data D. We proceed with the proposed formulation of this problem using a
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probabilistic model approach.

4.2 Probabilistic graphical model

To solve the weakly-supervised dictionary learning problem, we present a probabilistic
model for learning a discriminative convolutional dictionary. We begin by introducing
the convolution used in our model and proceed with a graphical representation of the

proposed discriminative convolutional dictionary learning model.

Convolutional model: To simplify the exposition of the model using vectors instead
of signals, we convert each signal z,, to a set of T}, + T, — 1 vectors such that each vector
is a Ty, width windowed portion of the signal. For simplicity, we assume T}, to be odd
and denote A = (T, — 1)/2. This notation allows us to replace the convolution we * z,, |;

with wlx,; fort = —A, —A+1,...,T, — 1 + A such that

A
Tn * We |t = Z xn(t - T)U)C(T) = XZ:th;

T=—A
where x,,; € RT» is defined as
Xpt = [Bn(t+ A),zp(t+ A =1),...,2,(t — AT,
and w, € R™» is given by

W = [We(—A), we(—A+1),...,w.(A)]T.

The aforementioned one-dimensional signal model can be extended to a two-dimensional
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signal model in which convolution analysis dictionary is applied only on the time dimen-
sion. In the two-dimensional setting, z,, denotes x,(f,t) and the c-th analysis dictionary
word signal w,. denotes w.(f,t). Using a 2-D window with size F' x Ty,, the analysis

signal x,, * w, with the time-convolution of the two signal is given by

F A
Tn * We |t = Z Z .In(f,t - T)wc(fv T) = Xz:tWC?

f=l7=—A

where each windowed portion of the signal is
Xpt = (oo (1t + A),z(1,t + A= 1),...,2(F,t — A7,

and

We = [we(1, —A), we(1,—A+1), ... wo(F, A)]T.

While it is possible to develop a model that can handle boundary effects, such models
are not time-invariant and hence may not benefit from the simplicity of the convolutional
model.

Model assumptions: To develop our model, we introduce additional assumptions to
the aforementioned setting to explain the link between the analysis result and the signal
label. Specifically, we assume that

A.1 Convolutive instance labeler: for each signal z,, a hidden discrete-value label
signal y,(t) € {0,1,...,C} is produced given only the analysis result at time ¢, i.e.,
the probability P(y,(t) = c|z,) depends on signal x,, only through [wg * =, |¢,wy *

Zn |ty ..., Wo * Ty |¢], the analysis result evaluated at time ¢:

P(yn(t) = clzn) = fe(wo * p ¢, - ., we * Ty [1)
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Figure 4.2: The proposed graphical model for WSCADL (reproduction of [148]).

for c=0,1,...,C, where f. is an arbitrary multivariate function such that f.: R€T! —
[0,1] and )", fo = 1.
A.2 Sparse instance label signals: the instance label signal y, is sparse with the

number of nonzero values at most N,,:

Tn—1+A

Y Iya(t) #0) < Ny

t=—A

A.3 Signal label union assumption: the signal label Y, is produced by taking the

union of all the nonzero values of y,

Tn—1+A

Yn - U {yn(t)}

Yn (t)7é0

Note that this assumption makes it is possible to have an empty signal label set in the

case that all instantaneous labels are zero and no positive class is associated with any
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time instance. For simplicity, we remove the braces of y,(t) and change to y,(t) to
represent a set of union of time instances.

Model description: The probabilistic graphical model for the weakly-supervised convo-
lutive analysis dictionary learning (WSCADL) is shown in Figure 4.2, in which, our target
is to estimate the model parameters w = [WE,W{, e ,wg]T and b = [bg, by,...,bc]".
As explained earlier, the latent label signal at time t given by y,(t) depends on the
entire signal x,, through the convolution w. * x,, for ¢ = 0,1,...,C evaluated at time

t and hence through signal window x,;. The probabilistic model for y,(t) follows the

multinomial logistic regression model given by:

ewz—’xnt +be

P(yn(t) = C|xn;W7b) = (4.1)

ZC’ 0 €w5x"t+b“ ’

u=

forc=0,1,...,C, where w, is the cth analysis word and b, is a scalar bias term for the
logistic regression model.

To encode the notion of sparsity in the instance label y,(¢), we introduce class 0
following the novel class concept of [95]. To integrate a constraint on the number of non-
zero instances in the nth signal (i.e., the sparsity of y,,(¢)) into our probability model, we
introduce the latent random variable I,,, an indicator that takes the value 1 if the number
of nonzero y,(t) is less than or equal a sparsity upper bound N,, and zero otherwise. We
treat N, as a tuning (or hyper-) parameter of the graphical model. The smaller the value
of Ny, the sparser the label signal 3, (t) is. The probability model for sparsity indicator
I, of label signal y, is given by

P(In = 1lyn; Na) = Lisrareay, ) 20)<x,)"
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Using this notation, the sparsity constraint can be encoded as observing I, = 1.

Since the class 0 is not represented in the signal label set, to obtain the signal label
Y, from y,(—A4Q),...,yn(T, — 1 + A), we consider two possibilities. First, if the label
signal y,,(t) does not contain zeros then we expect Y;, = Ui{y,(t)}. Alternatively, if the
label signal y,(t) contains zeros then we expect Y,, U{0} = Ui{yn(t)}. Consequently, the
corresponding probabilistic model for the signal label Y;, is given by:

t=—A

4.3 Solution approach

Given the parametric representation of our proposed model it is natural to consider es-
timating the model parameter using a maximum likelihood estimation (MLE). Since the
model contains hidden variables, we adopt an expectation-maximization (EM) frame-
work to facilitate the MLE estimator. We continue with the derivation of the complete

and incomplete data likelihood.

4.3.1 Complete and incomplete data likelihood

Define the observed data as D = {X,¥,I; = 1,...,Ix = 1}, the hidden data as H =
{y1,...,yn}, the unknown parameters as = [w’,b”]”, and the tuning parameters as

¢ = [N1,...,Nn]T. According to the graphical model shown in Figure 4.2, the complete
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data likelihood P(D,H; 0, ¢) is computed as

P(Ynlyn)

N
U (Ya=UTn =3y, T H(Ynuw}:ufg:i\“‘{yna)})]

P(yn ‘xn;wvb)
P(In=1|yn;Npn) Th—1+A
st -t a1y, m20<8.) H Plyn(8)|an; w, b). .

The incomplete data likelihood is calculated by marginalizing out the hidden variables

as

' ... > P(DH;0,9) (4.5)

yn(=A)=0 yn(Tn+A)=0

Taking the natural logarithm of (4.5) and plugging in the probability with (4.4) produces

the incomplete log-likelihood:

C C

N
l(H)zlogP(X)—l—Zlog( Z >
n=1

(—A)=0  yn(Tn—1+A)=0

Ly, —um-1+a g, mp + H(Ynu{O} % ",;M{yn(t)})]
Th—1+A

st (w20 < ) t_HA Plyn(t) n; w, b)). (46)

Calculating the incomplete data likelihood in (4.5) involves enumerating all possible
instance labels, which is computationally intractable especially when the number of

instance per signal is large.
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4.3.2 Expectation maximization

Exact inference which computes the likelihood in a brute force manner by marginalizing
over all instance value combinations is intractable. To resolve this, we consider an expec-
tation maximization (EM) approach [80], where the proposed approach is very similar
to the one in [95]. Specifically, the EM algorithm alternated between the expectation
over the hidden variable and maximization of the auxiliary function as the following two

steps:
e E-step: Compute Q(0,0°) = Eyp.gillog P(H,D; 0)].
e M-step: 0'"! = arg maxg Q(6, 8)

The auxiliary function for the proposed model is given by

N Th—1+A C

QO,6)=> " > > Pyn(t) = c[D; Ny, 6 -

n=1 t=—A ¢=0

C
(Wl +be) — log(z eng”t+b“)] + const.

u=0

The derivation of the auxiliary function for our model is explained in Appendix B.
The maximization of the auxiliary function Q(8,0?) provides an update rule for both

dictionary words w and bias terms b with a learning rate ~:

i i 0Q(6, 6

Wchl = W.+7v 8(W ) ‘9:0“
i i 0Q(0,6°

chrl = bc +y ébc ) ‘0:0“
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forc=0,1,...,C, where

N Th—1+A
(0,0")
aQaw Z Z - C‘Yn7$na Iny Nnu 01)

¢ n=1 t=—A

—P(yn(t) = clzn; W, b)|xnt, (4.7)
N Tp—14+A
8 0 0)
an Q Z Z - C’YTL’;UTHITIJ Nn» 02)

n=1 t=—

—P(yn( ) = clzn; w, b)]. (4.8)

The term P(yn(t) = c|zn;w,b) in (4.7) and (4.8), which is calculated using (4.1), is
regarded as a prior probability of the instance label, i.e., without any information about
the signal label or a sparsity constraint. The term P(y,(t) = ¢|Yy, Zpn, In; Ny, 0%) can be
viewed as a posterior instance label probability that takes into account the signal label
and the sparsity constraint. Denote the difference between the posterior probability of
yn(t) and its prior by anc(t) = P(yn(t) = c|Yn, Zn, In; Ny, 0°) — P(yn(t) = c|z,; w, b).
The gradient calculation w.r.t. w, in (4.7) is performed as a convolution between

anc(t) and the time-reversed signal x,(—t) such that

2

0Q(0,0°
815}5@)) = ZZ nct+7xn )

[
Mz i

Ane(t) * zp(—1)

i
I

fort = -A,—-A+1,...,A. When both signal x,, and kernel w, are 2-D, the gradient
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step in (4.7) is

N Tp,—1

9Q(0,6")
Tl D S anelt +T)an(f,7)

n=1 7=0

N
— Z Ane(t) x xp (f, —1)

for f=1,2,...,Fandt=—-A,—-A+1,..., A

Regularization: To guarantee the boundedness of the solution, we add an Lo-regularization

term —\, /2 ZSZO |we||? in the M-step.

4.3.3 Key challenge

The computation of the gradient in (4.7) and (4.8) involves the computation of the
posterior probability P(y,(t) = ¢|Yy, Tn, In; Ny, 8%) for each y,, signal. This term presents
one of the challenges of EM inference for the proposed model. Brute-force calculation
requires marginalization over all other instance level labels, i.e., y,(s) for s # ¢t. This
marginalization is exponential in the number of instances per signal and hence makes the
brute-form calculation prohibitive. In the following, we present the proposed efficient

approach for calculating the posterior instance level label probability.

4.4  Graphical model reformulation for the E-step

The goal of the E-step is to obtain the posterior probability P(y,(t) = ¢|Yp, Tn, In; N, 0%),
which first requires the calculation of the prior probability. To efficiently compute the

prior probability P(y,(t)|z,;w,b) as a function of ¢ for each signal z,, C'+ 1 convo-
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lutions of the form w, * z,, are performed to obtain the values of w!x,; in (4.1) for
t=-A—-A+1,...,T,—1+ A. Under some settings, the fast Fourier transform (FFT)
and its inverse can be used as a computationally efficient implementation of the convolu-
tion. We proceed with two efficient procedures for calculating the posterior probability

of y,(t) given the prior probabilities.

@ @ @ g (=4) C S

Y, Sy, At —

(&)
=

z

sll>

;

—A+])

(a) Original model (b) Graphical chain model

Figure 4.3: The label portion of the proposed graphical model (a) and its reformulation
as a chain (b) (reproduction of [148]).

4.4.1 Chain model reformulation

Consider the label portion of the original graphical model in Figure 4.3(a). Enumerating
over the set of all possible values of (y,(—A4),...,yn(T,—1+A)) to compute the posterior
is exponential with respect to the number of time instances. The v-structure graph in
Figure 4.3(a) does not offer an immediate efficient approach for computing the posterior.

Hence, we propose a reformulation of the model as follows. We denote

t

U {un(9)}, Nt = Z [(yn (i) # 0)
i=—A, i=—A

Un (i) 70
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as the label set and the number of non-zero class instances of the first ¢ instances in nth

signal. Both of the aforementioned newly introduced variables follow a recursive rule

Yo = Yau{ya(t+1) |yt +1) # 0} (4.9)
N = N+ T(yn(t+1) #0) (4.10)
fort = —A,...,T, — 1+ A — 1. This reformulation gives rise to the chain model in

Figure 4.3(b). We proceed with a linear time procedure for calculating the posterior

probabilities that takes advantage of the reformulation of our model as a chain.

Forward and backward message passing on the chain: Given the prior probability

First step Update step Final step First step Update step Final step
< T
/]
gz cisroliet s @06
N N N N
N N N '
(a) Forward algorithm (b) Backward algorithm

Figure 4.4: Graphical illustration of the chain forward and backward message passing
routines (reproduction of [148]).

of y,(t) = cfor c € {0,1,...,C} and t = —A,..., T, — 1+ A, our goal is to obtain
the posterior probability of y,(t) = c¢. This can be done by first computing the joint
probability defined by P = P(yn(t) = ¢, Y, In|Tn; Np, %) and then applying Bayes

rule as

P(yn(t) = C|yna T, In; Nm 91) = Pntc/ ZCC:O Prte. (4~11)

We compute the joint probabilities P, using a dynamic programming approach that is



75

summarized in the following three steps:

Step 1: Forward message passing. In this step, the goal is to compute the joint
state probability P(Y,!, N}|z,;0°) for t = —A,..., T, — 1+ A. Denote an element in the
power set of all class labels in the nth signal by L € 2¥». A forward message is defined

as

(L, 1) £ P(Yv'r;f = LaNfL = l|$n701)

The first message is initialized as Figure 4.4(a) first step shows

Ckl(]L, l) =

;

P(yn(=A) = 0lzg; W', bY), 1=0,L={0};
P(yn(—A) = clzg; wi,bi), 1=1,L={c} c€Yy;

0, Otherwise,

The update equation for the forward message of the tth instance is calculated by marginal-

izing over the (¢t—1)th state and the ¢th instance label as Figure 4.4(a) update step shows:

at(lﬂl):at—l(ﬂ-"a Z)P(yn(t) = O|xnawl)bz)

C
+ L0y ZP(yn(t) = clzn; W', b')
c=1

o1 (L 0= 1) + Leery -1 (Lo, 1)) (4.12)

In the final step, P(Y,, =L, I, = 1|z,;0%) = Zﬁ”l ar,—1+A(L,1).

Step 2: Backward message passing. In this step, the goal is to compute the con-

ditional joint state probability defined as P(Yy, I, = 1|Y,!, N} x,;0% N,). We denote a
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backward message as
Bi(L,1) & P(Yy, I, = 1|Y,! = L, Nt = 1,2,; 0", N,).

According to the graphical model in Figure 4.4(b) such that Y,,, I,, is only dependent on

Y In=1H+A NTa—1+4 the first backward message is initialized as

Br,—1+a(L,1) = Ly y L=y,

The update equation for the ¢ — 1th backward message is calculated by marginalizing

over the tth backward message as Figure 4.4(b) update step shows 3;_1(L,1) =

C

> BUL U {c # 0}, 1+ Ier0)) P(yn(t) = clag, w', b). (4.13)
c=0

Properties: To understand the range that should be used in computing the joint prob-
ability, we examine the values for which the forward and the backward messages are
non-zero. The forward and backward messages for t = —A,..., T, — 1 + A have the
following properties: (i) a;(IL,1) = 0 for I >t + 1, (ii) B;(L,1) = 0 for | > N, L ¢ 2¥».
Where (i) is from the definition of N} in (4.10) and (ii) is from the sparsity constraint

in (4.2) and the definition of Y} in (4.9) such that each Y!"' C V!, and V,/»~1+4 = LL.

Step 3: Joint probability. Finally, the numerator of (4.11) fort = —A,..., T, — 1+ A

is computed using all of the forward messages and the backward messages as

P(yn(t) = ¢, Yy, I, = 1|xy; o', Np) = p(yn(t) = c|zn; wi,bi)
N
S Y BLU{e # 03,1+ Tizo)) a1 (L, 1)), (4.14)

Le2Yn =0
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n

where N = min(N,, —I.0),t). Since Y74, N,74 is only dependent on the first instance

yn(—A) as Figure 4.4(b) shows,

P(yn(=A) = ¢, Yy, I, = 1|z, Ny, 07) =

B-al{e # 0}, Ier0))p(yn(1) = clan; W', bY).

Note: Based on property (i) that ay—1(L,l) = 0 when [ > ¢, and property (ii) that
Bi(L,1) = 0 when [ > N, the effective calculation and actual need of storing both

forward and backward message is for 0 < I < min(N,, t).
yn(=A)

NG <

nl
Om<
N

Figure 4.5: Graphical model reformulation as a tree

4.4.2 Tree model reformulation

When both the cardinality constraints N,, and size of signal T}, are large, chain model
reformulation become computational-wise inefficient, since the complexity for both time
and space grows as N,, x T}, increases. Instead, we propose a complete full binary tree

(denoted as ’T(an, j) with depth L 4 1, where j indicates the tree level, Sth is the node
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First step Update step Final step First step Update step Final step
SHSI® DN
\z
Y .
» @ @ »i (V) " L
oy 2 [
]\/'01 In I’I’L an
o G
T+ Tw—1 @ To+Tw—1
(a) Forward algorithm (b) Backward algorithm

Figure 4.6: Graphical illustration of the tree forward and backward message passing
routines (reproduction of [148]).

variable at index ¢ in jth level and L = [logy(T,,+T—1)]) graph structure reformulation
of the original graphical model in Figure 4.3(a) to make the E-step calculation more
efficient.

In the complete full binary tree structure, each node of the tree Sf is considered as
the joint state node (Ygt and Ngt). We denote Y,{t as the label set of all ancestors of
node t in level j of the nth tree and Nfl't as the number of non-zero class instances of all
ancestors of node t in level j of the nth tree. We present the recursive relation At the

leaf’s level, we assign the values as:

YnLt {yn(t_A_ 1)|yn(t_A_ 1) 7é 0}7

L
Npy = Ly, t—a-1)20)

fort=1,2,..., T+ T, —1,and Vi =0, NL =0fort =T, + T, T, + T + 1,..., 2%,

The relationship between the child node and its left parent node and its right parent



79

node is using the following recursive formula:

- ) .
Vi = Yoy Uy (4.15)
- ) .
Ny = Nrjz(Qt—l) + N;L(Qt) (4.16)
for t =1,2,...,2~. This reformulation gives rise to the tree model in Figure 4.5. Note

that Y, = U {un(t)|yn(t) # 0} = Y, and N = 3, I, (1)0) which is used to determine
I.
Forward and backward message passing on the tree:

In the tree inference, the target is the same as the chain inference as to compute the
posterior probability of y,(t) = cfor c € {0,1,...,C}and t = —A,...,T,,— 1+ A. Using
a dynamic programming approach, the joint probabilities P(y,(t), Yo, In|2n; Ny, w') can

be computed efficiently with the following three steps:

Step 1: Forward message passing. In this step, the goal is to compute the joint
state probabilities P(Ygt,Ngt]:rn; 0%) for all t = 1,2,...,2/ and 0 < j < L. Denote an
element in the power set of all class labels in nth signal by L. € 2¥». The forward message

is defined as

Oég(]L, ) = P(Yfrgt =L, Ngz‘t = l|zn; 02)
At the leaf level, the forward messages are initialized as o) (L, 1) =
P(yn(t — A—1) =0|z,;0"), 1=0,L=0;

Plyn(t — A —1) =clz,;0Y), 1=1,L={c},ceYy;

0, Otherwise,
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fort=1,2,...,1,+ 7T, — 1, and

1, 1=0,L =0
ol (L)1) =

0, Otherwise,

for t = Ty, 4+ T, T+ Ty + 1,..., 2%,
The update for the forward message of the tth node in j-1th level is calculated by
marginalizing over its left parent (the (2¢ — 1)th message in jth level) and the right

parent ((2t)th message in jth level) as

!
of ML) = DD Tasm—r)0h,1(A a)ad,(B,1 - a). (4.17)

ACL BCL a=0
We summarize the forward message step in Figure 4.6(a).

Step 2: Backward message passing. In this step, the goal is to compute the joint

state posterior probability P(Yy,, I, = 1|Y7, N/

nt» * 'nt»

7,;0°,N,). We denote a backward
message as

BIL,1) 2 P(Y,,, I, =1|Y), = L,N?, = 1,2,; 6", N,).

The first backward message is initialized as

ﬁ?(L’ l) = H(lSNn)H(L:Yn)'

The update equation for the backward messages are calculated as follows:

N,—a
Bl (A a) = Yy B Y AUE, a+ e)al,(E, e). (4.18)

Ec2¥n e=0



81

Np—e
BhEBe)= > > BTHAUE,a+e)od, (A, a). (4.19)
Ae2Yn a=0

We summarize the backward message step in Figure 4.6(b). Note: To efficiently calcu-

late and store the forward and backward messages, we consider the following results: (i
o (IL,1) = 0 for I > 2E7 + 1. (ii) B (L,1) =0 for I > N, or L ¢ 2% for j = 0,1,...,L
and t = 1,...,2/. Where (i) is obtained from the recursive formula of Ngt in (4.16)
with the initialization of N2 and (ii) is obtained from the sparsity constraint in (4.2)
and the definition of Y7, in (4.15) such that each Y7, C YT{J; , and Y, = L. Based on
summary (i) that o7 (L, 1) = 0 when [ > 259 41, and (ii) that 8/(L,1) = 0 when [ > N,,,
the effective calculation and actual storing of both forward and backward message is for

0 <! < min(N,, 2577 +1).

Step 3: Joint probability. Finally, the numerator on the RHS of (4.11) for ¢t =

1,...,T, is computed using the backward message 3 (L, 1) such that

Pyn(t) = ¢, Yo, In = 1‘$n30ivﬁn) = /BtL({C}v]I(c;éO)) )

P(yn(t) = clzn; w', bY). (4.20)

Convolutive model on tree: Based on update equation of the forward message in
(4.17), if we treat each a{fl message of a particular set value L as a discrete signal
ag _I(L, t), then the update of each forward message is performing a convolution between
agtfl(A, t) and agt(lﬁé, t). For the update on the backward message in (4.18) and (4.19),
the update of backward message signal 5gt_1(A, t) is a convolution between Btj 71(A U
E, —t) and agt(E, t) and the update of backward message signal ﬁgt (E,t) is a convolution

between 3/ (AUE, —t) and of, (A, 1).
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4.4.3 Complexity analysis

The complexity analysis can be divided into three parts (i) prior calculation, (ii) posterior
calculation in E-step, and (iii) gradient calculation in M-step. We evaluate both prior
probability and gradient update by forming (C' + 1) x F number of convolutions in the
time domain for the nth signal. Therefore, the time complexity for both (i) and (iii)
is 0(2521(0 + 1)FT,,T,y). The space complexity is O((C + 1)F(T,, + T\, — 1)) and
O((C + 1)FT,) respectively.

On the posterior calculation of the E-step, the chain forward and backward mes-
sages require to run over all possible values of y,(¢) and the previous state values of
Y!7l € 2¥» and 0 < N!7' < N,,. Therefore the overall time and space complexity
is O(ZnN:1 Y, |2V 1(T;, 4+ Tp)N,,) and O(2Y21(T;, 4 T,,)N,,) respectively. To formulate
the tree forward and backward messages, we need to run over all possible values of
the previous two parents’ states. Therefore the resulting time and space complexity is

OSSN aYel(T, 4 To,) (logy N )?) and O(2Y2(T;, 4 T,) logy N,,) respectively.

4.5 Prediction

In addition to identifying the analysis words w,, the discriminative model allows for the
prediction of time instance labels y, (t) for both labeled and unlabeled signals as well for
the prediction of the signal label. Given a test signal x!®%(¢) for t = 1,2, ..., T}, the goal

n

is to predict the time instance label signal g, (¢) and the signal label Y,,.
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4.5.1 Time instance prediction:

For an unlabeled test instance x'$*, the predicted label is

~test

g (t) = arg max Pyn(t) = cloy™; w, b).

4.5.2 Signal label prediction:

For an unlabeled test signal x!®*  the predicted signal label set using the union rule is

yU — Tn 1+A{Atest( ) ‘ Atest( ) # 0}.

n

Alternatively, the signal label can be predicted by maximizing a posterior probabil-

ity (MAP) rule:

}A/P

’I’L_

arg max P(Y, = A, I, = 12" N, w,b),
gAe{Oi(}C (Yn n |2y, n )

where,

P(Yn = A, In|x:LeSt§ Nny W) = Zf\;no O‘Tn*1+A(A7 l)

4.6 Results and Analysis

In this section, we first present a runtime comparison between chain and tree model
reformulations of the E-step inference. We continue by evaluating the performance of

the proposed approach using synthetic datasets and real world datasets.
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4.6.1 Run time analysis

Run time
S
S

Run time
Run time _

o4

1 2 ' 4 5 0.1 04 N.T, 038

(b) N,,/T,, = 0.5 (c) |Yn| =2

Figure 4.7: Running time versus Ty,, |Yy,|, N,,. (Blue color for chain and red color for tree
algorithm. (a) o : |Y,| =1, x: |Y,| =3, ¢ : |Y,| = 5. (b)-(c) o: T), = 50, x : T,, = 500,
o : T, = 5000.) (reproduction of [148])

The computational complexity is due to three main calculations namely the prior
calculation, the posterior calculation and the gradient calculation in the M-step. Since
the posterior calculation dominates the computational complexity and since we have
focused on developing an efficient computation for this step, the following results are on
the runtime analysis of the posterior calculation during the E-step based on the chain and
the tree reformulations of our model. We used a randomly generated prior probability
as an input to the posterior calculation. We illustrate the relationships between the
E-step posterior calculation time and the number of classes per signal |Y,,|, the number
of time instances per signal T},, the sparsity regularization per signal N,,, we vary |Y,,| €
{1,2,3,4,5}, T,, € {5,10, 20,50, 100, ...,10000} and N,,/T, € {0.1,0.2,...,1.0}.

Figure 4.7(a) shows the posterior calculation time per signal based on the tree re-
formulation grows in a nearly-linear rate with respect to T, when setting the sparsity
level to 0.27),. In addition, it shows the chain based inference time grows quadrati-

cally in T, when T;, > 100. However, the chain reformulation is more efficient than
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T | 5 [ 50 ] 500 ] 5000 [ 10000
Nyp/Tn =02, |Yn|=2
chain 0.024ms | 0.08ms 4.27ms 0.55s 2.32s
tree 0.074ms 0.84ms 11.80ms 0.21s 0.39s
Nn/Tn = 0.5, |Yy,| =2
chain 0.028ms | 0.13ms | 10.20ms 1.19s 5.52s
tree 0.071ms 0.95ms 13.97ms 0.23s 0.46s
Np/Tn =02, |Yn|=5
chain 0.046ms | 0.63ms 0.06s 10.32s 45.34s
tree 0.95ms 28.11ms 0.52s 9.29s 22.25s
N./Tn =0.5, |Y,| =5
chain 0.074ms | 1.21ms 0.16s 24.39s 198.78s
tree 0.90ms 37.91ms 0.57s 11.15s 27.00s

Table 4.2: Runtime values for the chain-based and the tree-based E-step calculation as
a function of T,, for four scenarios.

the tree approach when 7), is small or when |Y,,| is large. Even though Figure 4.7(b)
shows the posterior calculation time is exponential with respect to |Y;,|, the number of
classes per signal is usually a small number in practice (see [94]). Figure 4.7(c) exhibits
a near-constant runtime with respect to the sparsity factor N, /T}, for the tree inference.

Runtime values for both models are shown in Table 4.2.

4.6.2 Synthetic datasets and results

In designing the synthetic datasets, our goal is to test the performance of the proposed
algorithms on different types of data both in terms of the dimension of the data and
whether a generative or discriminative approach is taken for the data generation mech-
anism.

Data generation: Below we describe the two synthetic datasets.

(i) Gabor basis dataset: This dataset is constructed with nine different Gabor filters
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Figure 4.8: Nine Gabor basis used in the experiment (reproduction of [148]).

as 1-D signal templates as shown in 4.8(a):
t2
S(ap)(t) = cos (2m ft) e 2%, for t = —20,-19,...,20

by setting a = 1,2,3 and f = 0.1,0.2,0.3. Each of the nine templates is used to generate
signal of a particular class. The data is generated as follows. 1). First, we generate the
label sets using a fixed proportion such that 50% contains only a single label, 20% contain
two, 20% contain three, and 10% contain no label and are pure noise. The labels in the
label set are generated by sampling uniformly with replacement from the nine classes
until the target size is reached. 2). Given a non-empty label set Y;,, to generate its signal
Ty, we first decide m,,, the number of active time instances in the signal that contain true
templates, by randomly choosing between |Y,,| and |Y,| + 1 for |Y,| < 2 and sampling
uniformly from |Y},| to 10 for |Y;,| > 2. 3) For each active time instance k € {1, ..., m, }, its
exact location ¢y is sampled uniformly without replacement from 1 to 7;, = 200, its class

label ¢ is uniformly sampled from Y,,, and its scaling factor Ay is sampled from U[1, 2].
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4) We then generate y;!(t) = > ;"™ Agle—c,)I(1—,) for each class ¢ and generate the signal
B = Yu_q yi * 8%, where s'(t) = s(10.1)(t), $2(t) = s,02)(8), .-, () = s30.3) (). 5)
Lastly, we generate the final x,, by adding to Z, the white Gaussian noise, whose variance
is set to 0> = E/(T,SNR) = E/(T;,105NRa5/10) " Here F is the average signal energy of
all Z,,s and we use SNRyp to control the signal to noise ratio for our final data.

(ii) Binary patterns dataset: For this dataset, we work with 2-D signals and
generate the data following the discriminative assumption. First we randomly generated
200 binary sequences of size 3 x 200 as synthetic 2-D signals (N = 200, F' = 3, T' = 200).
For each generated 2-D signal, we then determined the label for each of its time instance
t by matching the 3 x 3 sub-window starting at ¢ to three pre-defined class-specific
templates? shown in Figure 4.10(a). The label was set to 1,2 or 3 if the sub-window
matched the template of class 1,2 or 3 respectively, and 0 otherwise. After all time
instance labels were created, the signal label was set to the union of its corresponding
instance labels.

Experimental setting: To demonstrate the performance of the proposed approach, we
used 10 random splits of 100 signals and trained on each split of 80% data and tested on
the rest 20% data. For each random split, we denote it as one Monte-Carlo (MC) run.
We evaluated the performance on the test data with all 10 MC runs to find kernel size T,
regularization term )., and the cardinality constraints N,. For the Gabor basis dataset,
we first tuned the model parameters by evaluating the average signal label prediction
accuracy with A, € {107%,1076,1074,1072,10°,10%} and T}, € {5, 10,20, 40,60,80} .
The iteration number was set to 10,000. Using cross-validation for prediction accuracy,

we found the optimal A\, and T}, and used those to present the prediction performance as

2These class templates are defined by selecting the most frequent 3 patterns in the generated 2-D
signals.
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a function of the cardinality constraint parameter N € {5,10,20, 50,100,200} (setting
Ni,...,Ny = N) and the SNRy5 € {—10,-5,0,5,10,15,20,25} (see Figure 4.9(a)).

For the binary patterns dataset, we tune the kernel size Ty, € {1,3, 5,10}, regulariza-
tion term A\, € {107,107%,1072,10°} and the cardinality constraint N,, € {3, 5, 10,50, 100}.
Benchmark competing algorithm - A generative dictionary learning followed
by logistic regression (GDL-LR) approach: To the best of our knowledge, we
are unaware of other weak-supervision methods for convolutive dictionary learning. In
order to provide a benchmark, we considered a two-step approach: a generative con-
volutive dictionary learning method followed by a classifier.?> For the implementation
of the generative dictionary learning method, we chose [104] (used previously on the
HJA dataset) and constructed a generative dictionary D = {di,da,...,dx}. We used a
matched filter approach to compute a test statistic for each of the K dictionary works
as max; dj, * 27" |, where d, is a time reversed version of dj, (dj(t) = dp(—t)). We
combined the K test statistics into one feature vector and trained C logistic regression
classifiers based on the feature vectors and their corresponding binary labels indicating
the presence and absence of a class ¢ € {1,2,...,C}. We use the resulting C' classifiers in
our performance evaluation for instance level classification and for signal classification.

Using the 10 MC runs, we evaluated the proposed GDL-LR approach by trained on
a fixed number of 5000 outer iterations as in [104]. We vary the dictionary window size
T, € {5, 10,20, 40,60, 80}, sparsity regularization \; € {1078,107¢,107%,1072,10%, 102}
and the number of dictionary words K € {3,5,7,9,15,18} for the Gabor basis dataset.
For the binary patterns dataset, we vary Ty € {1,3,5,10}, sparsity regularization \s €
{107%,1072,1,5} and K € {3,7,9,15}.

3Although the two steps can be combined to yield improved performance, the combination of the
two steps requires further research beyond the scope of this paper.
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Evaluation metric: In computing the instance level detection area-under-the-curve
(AUC), we calculate an AUC for each class ¢ and obtain AUC = 1/C' ) AUC,. For
each class ¢, we obtain the ground truth based on the presence and absence of a given
class ¢ at each time stamp ¢t = 0,...,7, — 1 and use P, = P(y,(t) = c|z!*"; w,b) as a
test score [76].

The signal level detection AUC is obtained based on AUC, for all ¢ = 1,2,...,C.

For each class ¢, the AUC, is obtained based on the signal level ground truth and the
corresponding test score defined as 1 — HtQ:IAJFA(l — P).
Results on synthetic datasets: (i) Gabor basis dataset: Based on the highest
prediction accuracy, the hyper-parameters of our WSCADL approach are set to be A\, =
10~* and T, = 40 via the aforementioned cross-validation. The hyper-parameters on the
GDL-LR approach are set to be A\ = 1, K = 9 and T; = 40. The optimal window size
is learned to be 40, which is close to the ground truth Gabor basis length. We believe
the kernel size should at least cover the length of the signal patterns to obtain a good
performance. If the kernel size is set to be too large, over-fitting may occur. For the
proposed WSCADL approach and the competing GDL-LR framework, we observe that
the prediction performance increases when SNRyp increases in Figure 4.9(a). While the
two methods perform similarly at low SNR;p values, but for medium and high values
the proposed WSCADL approach outperforms the competing GDL-LR approach.

To show the importance of the cardinality constraints, we present the signal label
accuracy of the proposed approach, average instance-level and signal-level detection AUC
as a function of the cardinality parameter N, in Figure 4.9(b). As Figure 4.9(b) shows,
when N,, < 20, the signal label accuracy and signal-level AUC drops significantly. We
suspect that this setting forces some of the non-zero instance labels to be predicted as

zero both in the training and test. When N,, > 20, the performance drops gracefully.
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Figure 4.9: Gabor basis dataset performance metrics for the WSCADL approach (solid
o) and the GDL-LR approach (dashed ¢) as a function of SNRyp in (a), and for the
WSCADL approach as a function of N, in (b) (reproduction of [148]).

In this setting, we allow some of the zero instance labels to be predicted as non-zero.
From Figure 4.9(b), the optimal N,, is 20 in terms of signal label accuracy. We also
observe the average instance-level AUC reaches the peak when N, = 10, which is the
ground truth maximum cardinality in the data. However, the average signal-level AUC
and signal label accuracy reaches peak when N,, = 20, which is slightly higher than the
ground truth.

To evaluate the performance in terms of AUC, we fixed SNRyp to be 20. We present
the detection AUC performance for both methods in Table 4.3. Comparing the instance
level and the signal detection performance from class 1 to 7, we observe that our proposed
WSCADL approach outperforms the GDL-LR approach. For class 8 and 9, the GDL-LR
approach detection AUCs is comparable to our WSCADL and sometimes, the AUCs for

the GDL-LR approach is slightly higher than our approach. The variance of the detection
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AUCs for the GDL-LR approach is mostly higher than our WSCADL approach. We
suspect that since the GDL-LR approach performs an unsupervised dictionary learning
followed by a classifier training in a separate fashion, the resulting words may have
large variability. We believe that this can be fixed by combining the two steps into one.
However, due to the weak-supervision setting, the combined approach is a non-trivial
extension, which to the best of our knowledge is unavailable. Hence, we provide the

results for the two-step approach only.

Clas§| WSCADL-ins. | WSCADL-sig. | GDL-LR-ins. | GDL-LR-sig.
c=1 99.09+1.94 99.89+0.36 92.68+4.33 91.774+5.18
c=2 99.954+0.02 96.744+2.40 90.74+12.78 81.924+7.83
c=3 99.26+1.97 99.67+0.72 95.45+10.33 90.00+5.84
c=4| 96.80+7.34 97.65+1.72 90.401+9.67 87.851+5.46
c=5 99.754+0.10 92.844+2.15 97.27+2.65 86.561+7.60
c=6 97.96+2.92 95.63+5.30 93.2446.77 89.58+4.85
c=7 | 87.83+17.19 | 94.32+9.89 81.26+15.95 | 83.73£15.15
c=8 98.40+2.08 94.844+4.12 93.931+4.86 96.54+3.49
c=9 94.96+5.18 85.5945.29 96.22+5.16 | 97.95+1.21

Table 4.3: Gabor basis dataset: Detection AUCs (%) for the WSCADL and the GDL-LR
approaches with optimal tuning parameters

(ii) Binary patterns dataset: The hyper-parameters are set to be \, = 1072,

N,, = 3 and T, = 5 via the aforementioned cross validation. The optimal kernel size
3 x 5 is slightly higher than the ground truth window size 3 x 3. For the GDL-LR
approach, the optimal dictionary window size T} is 5, sparsity constraint \s is 1 and the
number of dictionary words K is 15.

The learned WSCADL words in Figure 4.10(b) and the learned GDL-LR words in
4.10(c) show that WSCADL is able to recover the true patterns while the GDL-LR
approach fails. Figure 4.10(d) and (e) also shows that WSCADL can localize the cor-
responding class patterns ideally while the GDL-LR approach is failing in this task.
The resulting detection AUCs in both WSCADL and GDL-LR approaches are shown in
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Figure 4.10: Binary patterns dataset setting and results (reproduction of [148]).
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Table 4.4.
Clas§| WSCADL-ins. | WSCADL-sig. | GDL-LR-ins. | GDL-LR-sig.
c=1| 100.00+0.00 99.59+1.08 57.92417.20 48.11+5.18
c=21{ 100.00+0.00 99.344+0.62 60.16+18.93 56.641+8.63
c¢=3| 100.00£0.00 | 99.78+0.45 56.30+8.77 51.89+10.97
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Table 4.4: Binary patterns dataset: Detection AUCs (%) for the WSCADL and the
GDL-LR approaches with optimal tuning parameters

Due to the discriminative nature of the data, our proposed WSCADL model outper-
forms the GDL-LR approaches significantly. Since the data was not constructed as a
linear combination of dictionary words, the GDL-LR approach was not able to recover
a dictionary that could reconstruct the data accurately. Under the discriminative data
generation setting, the GDL-LR approach can reproduce the original data only when
the sparsity constraint is relaxed. However, regardless of sparsity the GDL-LR approach
seems to perform poorly on classification. We suspect that this is due to the lack of

discriminative power in the GDL-LR dictionary words obtained.

4.6.3 Real-world datasets and results

Dataset description: Below we describe the two real-world datasets.

(i) AASP challenge - office live scene dataset: This dataset consists of audio
recordings of sounds taken in an office environment [38]. The training dataset consists
of 20 to 22 individual events (such as door slam, phone ringing, and pen drop) recording
with varying time from 0.05s to 20s for 16 various class. The test dataset contains seven
roughly three minutes long office live sound recordings, where each single recording is
multiple labeled. The task is to detect the presence and absence of events on the test

set.
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(i) HJA bioacoustic dataset: The HJA dataset contains 548 labeled 10-second

recordings of 13 different bird species. The audio recordings of bird song are collected
at the H. J. Andrews (HJA) Experimental Forest, using unattended microphones [14].
Each recording may contain multiple species.
Data preprocessing: For AASP challenge office live training dataset, we compared
our proposed approach with the supervised dictionary learning approaches. Since the
competing supervised dictionary learning algorithms use a fixed size feature vector, we
created a fixed duration training signals from the various duration training data. For a
fair comparison, we used this modified short duration training data for all algorithms.
The fixed short duration training data is selected to be 1 sec duration because (i) most
single occurrence of a sound event lasts less than 1 second and (ii) over 80% of the
recordings are around lsec duration. Recordings longer than 1s were chunked into 1s
duration signals. Recordings shorter than 1s were extended to 1s using the last sample
value. Note that our proposed WSCADL algorithm does not require the aforementioned
preprocessing as it can handle varying signal length. To perform a detection task on
the test audio with 3 minutes long, we chunk the test recordings into 10s and apply the
following procedures.

For both datasets, each audio recording was applied with (i). Spectrogram genera-
tion: FFT is applied to each windowed signal with 16ms window size of 0.9 overlap ratio
and the number of FFT bins is twice of the window samples; (ii). Noise whitening: each
column on the spectrogram was divided by the noise spectrum [14]. (iii). Spectrogram
down-sampling: a Matlab built-in imresize function is applied (For office live dataset on

R707X612 to R256><200 and test

experiment 1, training spectrogram is down-sampled from
spectrograms are from R707x6120 ¢ R256X2000, on experiment 2, spectrograms are down-

sampled from R707x6120 to R256x200  For HJA dataset, spectrograms are from R26x1249
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to R256X200).

Experimental setup: Below we present two real-world experimental setting.

(i) Office live experimental setting: we considered two experiments. In the first
experiment, we trained on the training dataset, which consists of the 1s duration training
examples, and tested on the 10sec-long recording test set. In the second experiment, we
use the 10sec-long recordings for both training and test.

Experiment 1: For cross-validated parameter tuning, we trained on 80% of the
original labeled data and validated on the independent 20% of the data. Parameter
tuning was performed for all dictionary learning approaches and the parameters that
yielded the highest prediction accuracy were selected. For tuning our approach, we
set the dictionary window size T,, € {10,20, 30,40}, the cardinality constraint N,, €
{5,10, 60, 100,200} along with a regularization term A, € {107%,107%,1072, 107, 1, 10}.
Using the learned WSCADL words for the optimal tuning parameter value, we evaluated
both signal and instance level detection performance on the test set. For the other
supervised dictionary learning approaches, it is not easy to perform the detection task
since their approaches are non-convolutive.

Experiment 2: We trained on 80% of the sub-sampled test set along with the signal
labels generated by the union of event ground truth labels. For choosing the optimal
model parameters, we considered the same range as in experiment 1. We evaluated the
detection performance on the remaining 20%.

(iil) HJA bioacoustic experimental setting: For cross-validated parameter tun-
ing, we trained on 80% of the training data and evaluated the performance on the
independent 20% of the data. The tunning parameters considered were: the window
size T, € {10,20,50,100}, the cardinality constraint NN, € {10, 20, 40,60, 100, 160, 200}

and the regularization term ), € {107%,107*,1072,1071,10°,10'}. After we learned the
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analysis words for the optimal tuning parameter value, we used the dictionary to predict
the signal label on the test set.

Real-world results: Below we present the results on two real-world datasets.

Experiment-ins. /sig. || minimum class | mean over class | maximum class
1-instance 40.90+1.99 53.29+£1.00 65.66+£0.14
2-instance 36.57£18.60 54.75+3.32 77.65+16.74
1-signal 45.57+4.62 64.231+0.39 95.124+4.62
2-signal 45.58+9.18 70.19+3.54 99.88+9.18

Table 4.5: Instance level and signal detection AUCs (%) for both experiments across five
MC runs.

(i) Office live event detection: We compared our WSCADL approach with dis-
criminative dictionary learning approaches: sparse representation-based classification
(SRC) [134]; label consistent K-SVD (LCKSVD1,LCKSVD2) [51]; dictionary learning
with structured incoherence and shared features (DLSI) [99]; Fisher discrimination dic-
tionary learning (FDDL) [140]; dictionary learning for separating the particularity and
the commonality (COPAR) [54]; fast low-rank shared dictionary learning for object clas-
sification (LRSDL) [118].

For our proposed approach, the optimal tuning parameters found are window size
T, = 10, the regularization term X\, = 10~* and the cardinality parameter N,, = 10
as shown in Figure 4.11, which presents the performance of our proposed WSCADL
approach on varying cardinality parameter N,, for the AASP dataset. Setting the car-
dinality parameter less than or larger than the optimal value reduces the accuracy. For
all other discriminative dictionary learning algorithms, the parameters values are tuned
with cross-validation. The SRC algorithm uses all training examples as dictionary. In

LCKSVDI1 and LCKSVD2, DLSI and FDDL, 10 dictionary words per each class are used
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Figure 4.11: Prediction accuracy as a function of the cardinality parameter N,, on the
AASP dataset (reproduction of [148]).

so that the total number of dictionary atoms is 160. In COPAR and LRSDL algorithms,
10 dictionary words per class are used with 5 shared dictionary atoms. However, in the
proposed WSCADL algorithm, we assign total of 16 dictionary words therefore only 1
dictionary word is learned to predict each class. The proposed model is limited to 16
words in total since the model uses a single word per class. Potential extensions to allow
more words per class may be considered as future work.

Figure 4.12(a) shows that our proposed method outperforms other discriminative
dictionary learning approaches except SRC. Additionally, our approach outperforms all
others on predicting whether the true class is among the ranked three classes as shown
in Figure 4.12(b). The instance and signal label detection receiver operating curves
(ROCs) for the proposed method are shown in Figure 4.12(c) and (d), and the resulting

AUCs are shown in Table 4.5). The average and maximum detection AUCs across 16
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Table 4.6: Signal evaluation metrics (%) for various methods on HJA dataset. | (1)
next to a metric indicates that the performance improves when the metric is decreased
(increased). The results from column MLR to M-NN are extracted from Table 4 in [94].

Method WSCADL GDL-LR MLR SIM Mfast LSB M-SVM M-NN

| Ham-loss 05.54+0.0" 06.11+0.8 09.61+1.0 15.9£1.5 05.5+1.1 10.6£1.5 04.5+0.6 04.7+1.1
| rank loss 02.24+0.4 03.0+0.7 02.740.6 02.240.8 02.54+0.7 06.94+1.8 02.7+1.1 02.7+1.1
1 avg. prec. 94.6+0.6 92.440.8 94.24+1.2 94.14+1.8 94.1+1.4 89.71+2.6 94.04+2.0 93.942.8
| one error 04.6+1.8 07.0+2.0 03.8+1.8 05.1+3.1 03.7+2.4 03.7+£1.7 04.61+2.6 05.3+4.4
1 coverage 16.2+£0.9 17.0£1.9 13.9£1.6 12.4+1.6 13.4+1.6 21.74+3.6 13.2+1.6 13.4+1.3

classes for instance and signal are slightly higher in experiment 2 than experiment 1,
while the minimum AUCs are lower. The detection AUC for the best performing class
in experiment 2 is close to 100%, which indicates that WSCADL is able to discover that
class perfectly for each test recording. Moreover, the potential of the proposed approach
is demonstrated using experiment 2, in which only weak-supervision is provided. Despite
this limiting setting, the average AUCs in experiment 2 are comparable or higher than the
average AUCs reported in experiment 1 in which a single label per example is provided.
This illustrates the potential in the label-economic weak-supervision setting and the
potential of the proposed approach under this setting.

(iil) HJA bioacoustic classification:

We compared our proposed WSCADL approach with the GDL-LR approach that
both are dictionary learning based approaches, and with methods that perform segmen-
tation and multi-instance multi-label (MIML) leaning approaches: MLR [94], SIM [16],
MIMLfast (short for Mfast) [43], and LSB-CMM (short for LSB) [69]. MIMLSVM (short
for M-SVM) [156] and MIMLNN (short for M-NN) [153, 157].

We evaluated all of the approaches using multi-label evaluation metrics from [157].
The results indicate that the proposed WSCADL approach outperforms GDL-LR for
all metrics considered. Additionally, the proposed approach shows a slight advantage

in terms of rank loss and average precision over the other MIML algorithms. For one
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Figure 4.12: Classification accuracy (%) for the office live training data with mean and
standard deviation over 5 MC runs with (a) selecting top 1 class and (b) selecting top 3

classes. Detection ROCs for (c) time instance level and (d) signal of both experiments
(reproduction of [148]).
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error and Hamming loss the proposed approach is comparable in performance to the
other MIML approaches. Our approach is outperformed by some of the alternative
MIML approaches in terms of coverage. The results from column MLR to M-NN in
Table 4.6 are directly extracted from Table 4 in [94]. Note that the alternative MIML
approaches from MLR to M-NN involve a process of converting spectrograms into a bag-
of-words using segmentation and feature extraction for each segment while the proposed
WSCADL approach and GDL-LR are directly applied to the raw spectrograms. We
suspect that the disadvantage observed with the alternative MIML approaches (based
on the bag-of-words representation) is due to error propagation from the segmentation

and feature extraction steps, which are not jointly optimized for MIML classification.
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Chapter 5: Weakly-supervised dictionary learning with multiple

clusters 1

In reality, the previously proposed dictionary learning uder the weak-supervision setting,
which considers a single dictionary atom per class, may not capture the richness of
patterns in data. We consider a slight generalization of the aforementioned model by
assuming K dictionary words per class, w1, ..., W, g for class ¢. Dictionary words are

analogous to dictionary atoms in synthesis dictionary learning.

5.1 The probabilistic modeling

Define the observed data as D = {X, ), I1,...,In} with I,’s all equal to 1, the hidden
data as H = {y1,...,yn}, the unknown parameters as w = [wg |, wl 5, ..., w5 |7, b =
[b0.1,b0.2, - .- ,bC,K}T, and the tuning parameters as @ = {Ny,..., Ny}. The probabilis-
tic graphical model for including a cluster component in weakly-supervised convolutive
analysis dictionary learning (MC-WSCADL) is shown in Fig. 5.1.

To index a specific word within a class, we introduce a cluster label z,; € {0,...,C} x

{1,...,K}. The probability of the cluster label z,; is modeled using multiple-class

!This chapter is a joint work with Dr. Raviv Raich, Xiaoli Fern and Jinsub Kim. This work was
published as: Zeyu You, Raviv Raich, Xiaoli Z. Fern, and Jinsub Kim. “Weakly-supervised analysis
dictionary learning with cardinality constraints.” In 2016 IEEE Statistical Signal Processing Workshop
(SSP), pp. 1-5. IEEE, 2016.
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Figure 5.1: The proposed graphical model for MC-WSCADL (reproduction of [146]).

logistic regression [96]

eWka”t +be.k

ZC 0 ZK 1 ewgivxnt“rbu.v ’
u= v=

P(zp = c.klzp; w,b) = (5.1)

Moreover, the instance class label signal y,(t) € {0,...,C} is simply the class term
in z,; hence the probabilistic model for y,(t) given z,; is given by P(y,(t) = u|zn =
c.k) = I(u = ¢). Consequently, the class label probability model can be obtained by

marginalizing out z,; as follows

ZkK—l ekax”t +be.k

Zg:o Z'{}{:l ew;{vxnt_;'_bum ’

Plyn(t) = clan;w,b) = (5.2)

In the rest of the paper, we consider only ¥ as the latent portion of the model. The
probabilistic model for I,, and Y, follows equations (4.2) and (4.3), respectively.

Complete and incomplete data likelihood: According to the probabilistic graphical
model shown in Figure 5.1, the complete data likelihood follows the equation in (4.4)
and the incomplete data likelihood follows the equation in (4.5). Calculating the incom-
plete data likelihood in (4.5) involves enumerating all possible instance labels, which is

computationally intractable especially when the number of instance is large.
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5.2 Solution approach

To resolve this, we consider an expectation maximization (EM) approach [80]. Specif-
ically, the EM algorithm alternated between the expectation over the hidden variable

and maximization of the auxiliary function as the following two steps:
e E-step: Compute Q(0,6%) = Eyp,gillog P(y, D; 0)].
e M-step: 0'"! = arg maxg Q(6, 6)

The auxiliary function for the proposed model is given by

Q(0,0") =0 S [ Pyn(t) = c|D; Ny, 67) -

log(Yope eWenXirtber) —log(Yo0 o, eV tbus)] 4 const.

Inference on E-step: Exact E-step inference has been proposed in [146], the goal is to
obtain posterior probability P(y,(t) = c|Ypn, Zn, In; Ny, 6%), which requires the following

three steps:

(i) Calculation of the prior probability requires computing C'x N convolutions between

each signal x,, and each class analysis dictionary w,.

(ii) Forward message passing algorithm to compute each time step P(Y!, N!;x,; 0%,
where Y! is defined as union set up until the ¢th time instances and N! is the

cardinality up until ¢th time instances.

(iii) Backward message passing algorithm to compute each P(Y,, I, = 1|Y,! =L, N} =
l,20; 0", Ny).
Finally, we can obtain the posterior probability by the joint probably P(y,(t) = ¢, Y, ;|

Tpn, Ny, %) and apply the bayes rule.
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Update on M-step: To update dictionary words, we maximize the auxiliary function
(. Since @ is a difference of convex functions, we apply the convex-concave procedure
(CCCP) [151] to surrogate for Q denoted by Q(8, 8%). Using the gradient ascent method,

we obtain the update rule as follows:

: : 9Q(6,0") : ; 0Q(0,8")
i+1 — 3 ) i b,LJrl = 4 ! T 5-3
Wek Wek +7 8Wc.l~c |w7w ) c.k c.k ’yabc.k |b: bi’ ( )
where
9Q(0, 6" _
2990~ S S P(n(0) = elYon, s N, 67)
Wek
ewi'j;cxnt"!‘bi'k ewzkxnt‘i‘bak
Zf_l ewé?;)xbt'*'bgv B 25_1 211}(—1 ew;{mx”i'i'bg.v ]X’VZt' (54)
and
9Q(0, 6" _
%(bk) = 25:1 zgl[P(yn(t) = C|Ynl‘n>In; Ny, 01) :
c.
iT i T
ewcAant+bc.k eWcAk:x”ri»bC-k
I (5.5)

25:1 ewé.ruxbt"’_bgv 25:1 Z'[}KZI ewg.vx”ﬂt—"—bg.v

5.3  Simulations

In this section, we evaluate the performance of the proposed approach in terms of pre-
diction accuracy at the instance level and at the signal level.

Setting: we randomly generate B € {100,200} synthetic spectrograms with height
(number of frequency bins) F' = 10 and width (time frames) 7" € {50,100} using three
different class shapes and two different cluster shapes. We use T' — 6 maximally over-

lapped 10 x 7 windows of the spectrograms as instances. The synthetic spectrograms are



105

(a) One cluster data (b) Two cluster data

Figure 5.2: (a). Signal labels: Y7 = {2},Y> = {1,2},Y3 = {1,2,3}; (b). Signal labels:
Y1 ={1,2,3},Ys = {2}, Y3 = {1,2,3} (reproduction of [146]).

generated by randomly placing one of the predefined shapes into the corresponding po-
sition based on the instance label. The instance label for each spectrogram is generated
from a Dirichlet distribution with high prior on the novel class. To make the synthetic
dataset close to the real-world dataset, each spectrogram contains some phenomenon of
overlapping with different classes and each syllable shape is at different intensity level
for the same class, see Fig. 5.2 for an example.

Empirical Performance Analysis: In this part, we evaluate both instance prediction
accuracy and signal level prediction accuracy of our proposed method by varying different
values of the sparse regularization parameter. In order to make a comparison, we propose
a fully-supervised convolutive analysis dictionary learning (FSCDL). In FSCDL training,
we feed the true instance label as the posterior probability of y,(t)’s to the M-step,
and we perform a gradient ascent updates of the weights in (5.3). N, is set to be in
{5,10, 15, 20, 25, 30, 35,40}, when we choose T' = 50. We use 10 fold cross-validation
with 80 training spectrograms and 20 independent test spectrograms to examine both
instance prediction accuracy and the signal level prediction accuracy. To guarantee

the boundedness of the solution, we add an La-regularization term A", [[wex||? with

A = 0.0001 to the M-step. The discriminative dictionary by setting C' = 3 learned in



both WSCDL approach and FSCDL approach are shown in the Fig. 5.3(a)-(e).
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The

prediction accuracy for the one cluster dataset and two cluster dataset are shown in the

Fig. 5.3(f)-(g).
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Figure 5.3: (a) FSCDL words; WSCDL words with (b) N, = 5; (c) N, = 10; (d)
N,, = 25; and (e) N, = 40. prediction accuracy for B = 100 and 7' = 50 (f) on one
cluster dataset; and (g) on two cluster dataset with K = 1 and K = 2 (reproduction of

[146)).

The results show that the WSCDL approaches FSCDL performance with a prediction

accuracy that is only a little worse than the FSCDL in terms of instance and signal

level prediction. When N,, is set to be too small, the signal level prediction accuracy

drops. When we increase N,,, the smearing effect will occur and the instance prediction

accuracy drops. Additionally, the performance can be further optimized by tuning V,,.

See Figure 5.3(f) for an example. Figure 5.3(g) illustrates that using more analysis



107

words per class increases both instance level and signal level prediction accuracy for a

two clusters dataset.
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Chapter 6: Multiple-scaled weakly-supervised dictionary learning *

Dictionary atoms are usually designed to have the same dimension. However, in many
scenarios patterns in data are naturally present at different scales such that it is neces-
sary to allow dictionary atoms to be of different dimensions. For example, consider the
spectrograms of sound events shown in Fig. 6.1. The sound pattern of throat chuckle
and knock are short and occur multiple times, while the sound patterns of alert and
phone rings are almost four times longer. When label information is provided, dic-
tionary learning is tailored to perform well on the classification task. The previously
proposed convolutive analysis dictionary learning with weak supervision [148] only con-
sider a universal scale for the dictionary. The approach was applied to the acoustic scene
analysis application. However, natural sound patterns or acoustic sound elements can
vary in duration. To capture such patterns with a single scale, one would need to con-
sider a large duration window to capture and differentiate the different patterns. This
can results in over-fitting and potential increase in computational complexity. In this
paper, we extend the model of You et al.’s [148] to accommodate for multiple scales and
learn a multi-scale dictionary, which allows the intrinsic characteristics of a family of

signals to be captured more efficiently.

!This chapter is a joint work with Dr. Raviv Raich, Xiaoli Fern and Jinsub Kim. This work was
published as: Zeyu You, Raviv Raich, Xiaoli Z. Fern, and Jinsub Kim. “Weakly Supervised Learning of
Multiple-Scale Dictionaries.” In 2018 IEEE Statistical Signal Processing Workshop (SSP), pp. 100-104,
2018.
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Throat

Knock

Phone

Figure 6.1: Spectrograms of acoustic sound events for different sound type. Sound
events vary by the number of occurrences and the duration of each event from one class
to another (reproduction of [149]).
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6.1 The multi-scale model

Consider the convolution between two signals x,, * w,, of lengths T,, and T}, respectively.
The convolution can be formulated as converting signal x,, to a set of T, + T, — 1 vectors,
each as a T, windowed portion of the signal x,,. For simplicity, we assume T, is odd
and denote A = (T, — 1)/2. Using this notation, the convolution operation w. * zp |¢
can be replaced with W!x,; as z, * we |y = ETA:_A Tt — Tw(T) = Wwlixy, YVt =
—A,—A+1,...,T, — 1+ A. Vector x,; € R is defined as x,; = [z,(t + A), 2, (t +
A—=1),...,z,(t — A))T, and w, € RTv is w, = [we(—A), we(—=A+1),...,w.(A)]T.

We introduce the scale variable to allow a dictionary word to capture much longer
patterns. For each class, we consider a dictionary word for each of the multiples scales
k =1,2,...,K by introducing a dependence of the dictionary words on ¢ and k, w..

For a particular scale k in class ¢, we formulate the convolution step as:

A kA
wlh MxF, = Z Wek (T) Z M (, Tl).%'n(t—Tl)
T=—A T'=—kA

fort = —A-A+1,...,7, — 1+ A. M could be a subsampling matrix such that
M(r,7') =1(r = k7') with k as the subsampling factor. Since subsampling may distorts
the signal x,, we use a random projection matrix here as M € RT»*¥Tw guch that it
transforms each kT, windowed instance of signal x,, into a random vector of length T,.
Denote the transformed signal x;f with each T, window portioned vector format as

X/n]jt = MXth = [ml * T |t7m2 * T |t7 ..., T, * T ‘t]u

. . . . /
where each m; € R*"» is a random projection signal. We have wg;ng’th = wz;fxn";;.

The aforementioned one-dimensional signal model can be extended to a two-dimensional
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signal model (e.g., spectrograms) by following the approach in [148].
Scale
selector

@D

w, b Cardinality
constraint

Signal
labeler

Figure 6.2: The probabilistic graphical model of MS-WSCADL (reproduction of [149]).

Probabilistic graphical model: To formulate a multi-scale weakly supervised dictio-
nary learning, we introduce a probabilistic graphical model for multiple-scale weakly-
supervised convolutive analysis dictionary learning (MS-WSCADL) in Fig. 6.2. To allow
the dictionary words to operate at multiple scales on the observed signals, we introduce
a time scale instance label signal. To index a specific scale within a class, we denote

zn(t) as the time scale instance label signal. The probability of the scale instance label

signal z, € {11,12,...,CK} is modeled using multi-class logistic regression [96]:
W Xhy ek
P(z,(t) = ck|xp; w,b) = - . 6.1
(snlt) = ekeniw.b) = e e
Moreover, the instantaneous class label is given by
K wl xk 4+b.
_ 4, € ckTnt c
P(galt) = clxiw, b) = — 2= (62)

T Y
1+ 25:1 ZUKZI eWuvXny Hhuy
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and
1

D IS AR e

P(yn(t) = 0[xp; w,b) = (6.3)

In the rest of the paper, we only consider y, as the latent portion of the model. The
probabilistic model for I,, and Y,, follows equations (4.2) and (4.3), respectively. Note
that IV, is treated as a tuning (or hyper-) parameter of the graphical model. The smaller
the constraint value N, is, the sparser the label signal y,,(¢) becomes.

Complete and incomplete data likelihood: Since the multi-scale part is marginal-
ized out in the model, the complete data likelihood follows exactly the same as the
equation in (4.4) and the incomplete data likelihood follows the equation in (4.5). Cal-
culating the incomplete data likelihood in (4.5) involves enumerating all possible instance
labels, which is computationally intractable especially when the number of instance is

large.

6.2 Solution approach

To resolve this, we consider an expectation maximization (EM) approach [80], following
the similar procedure in the WSCADL model. However, the auxiliary function for the

proposed multiple-scale model is changed to

A N Tp,—1+A C A
Q(0,0") =const. +> > > Pyn(t) = ¢|D; N,,,0") -
n=1 t=—A c=1
K C K
log(z ewchfo+bC’“) —log(1+ ewgkxﬁt*'b“’“)}.
k=1 u=1 k=1

To update dictionary words, we minimize the negative auxiliary function —Q(8,8?).

Since —(@) is a difference of convex functions, we apply the convex-concave procedure
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(CCCP) [151] to surrogate for —Q denoted by Qpeq(8,8") as

N T,—1+A
Qneg 9 91 Z Z log 1 =+ ZZ@ ukxm‘f'buk
n=1 t=-— u=1 k=1

C K _ ) w xnt+bck b
_Zzp(yn(t) = C|D; Nn,ez)e = (W kxnt+ ck)]‘
c=1 k=1 Zk:l ewukxnt+bu

Using the momentum method, we obtain the update rule as follows:

i+1 ) aQne 00 i—1
bt = Ul =7 aZk Mo (bl — b )

i+l i 9Qneq(0,6°) i—1
W =We —7 a‘ick ’0 o Tn(w,, — Wk )s

where v is the learning rate and 7 is the momentum parameter, which can be obtained

by exact line search. The gradient terms are:

N Tp—1+A

0 (6, GZ
Honeg(6.0') 2L S ST [Pe(t) = ehfxuswib) -
¢ n=1 t=—A
e
P(yn(t) = ¢|Yn, 2, In; Ny, 6 )EK 1 engz#bév], (6.4)
v=
and
N T,—1+A
8@,169 C2 0’ "
Tck nzl tz = Ck"Xn7W,b) —
_ . @ngﬁﬂrbik k
P(yn(t) = C|Yn7$naIn;Nn702)ZK : ewé{xnt+bév]xnt' (6.5)
e

The momentum step in (6.4) and (6.5) requires calculating P(yn(t) = c|Yy, Zn, In;
Ny, 6%), which is one of the main challenges of EM inference on our proposed model. The

Brute-force manner requires enumerating all possible values of y,,(t) that results in an
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exponential complexity with respect to the number of time instances. Since the brute-
force approach is calculation prohibitive, we directly apply the efficient chain approach

in [148].

6.3 The experimental results

In this part, we evaluate our proposed approach on a synthetic dataset. We compare
our multi-scale approach with a uni-scale approach in [148] both on the synthetic data
and a real-world data. In addition, we compare the proposed multi-scale approach with
an alternative multi-scale approach on the real-world dataset.

Synthetic data analysis: We introduce the following two synthetic datasets:

(i) Uni-scale dataset: we randomly generate N = 50 synthetic data with height
(number of frequency bins) F' = 10 and width (time frames) 7" = 50 using four different
class shapes. The synthetic data are generated by randomly placing one of the predefined
shapes into the corresponding position based on the instance label. The instance label for
each spectrogram is generated from a Dirichlet distribution with high prior on the zero
class. To make the synthetic dataset close to the real-world dataset, each spectrogram
contains some phenomenon of overlapping with different classes and each syllable shape
is at different intensity level for the same class.

(ii) Multi-scale dataset: We use four different scales on the predefined class 1
shape as four different classes. The scales are picked as {1,2,4,8} times of the original
scale of class 1. The data are generated followed by the same procedure as previously
stated.

Experimental setting: To evaluate our proposed approach, we trained our model

both on the uni-scale and multi-scale dataset. We first separated the dataset into 40 sig-
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nals for the training and the remaining independent 10 signals for the validation. We used
5 Monte-Carlo (MC) runs to tune the regularization term A € {1078,107%,107%,1072,
10°,10%} and the cardinality constraints Ny = Ny = ... = Ny € {5, 10, 20, 50, 80, 100}.
We evaluated the average signal label prediction accuracy on each pair of parameter
value with the iteration number set to 5000. Using cross-validation for prediction accu-
racy, we found that A = 107 and N,, = 5 produces the highest classification accuracy
and used those to present the prediction performance.

For both uni-scale and multi-scale dataset, we compare our proposed multi-scale
learning algorithm with the uni-scale algorithm in [148] with various window size T, €
{4,8,16,32} and multiple scales K € {1,2,3,4}. We evaluate the performance on both

algorithms for both datasets with the 5 MC training output on the additional 50 test

signals.
1 1
0.98 0.98
096+ % oo A * 0.96
0.94 ‘ } 1 l 0.94
0.92 0.92
00 8 16 32 00 8 16 32
(a) instance label AUC (b) signal label AUC

Figure 6.3: On uni-scale dataset: comparison of performance (AUCs) between uni-scale
with various 7, and multi-scale algorithm for T, = 4,K = [1,2]. (o—: uni-scale
algorithm; *----- : multi-scale algorithm; Blue, red, green, black: class 1,2,3,4) (re-
production of [149]).

Synthetic results: We evaluate both approaches in terms of instance level and
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(a) instance label AUC (b) signal label AUC

Figure 6.4: On multi-scale dataset: comparison of performance between uni-scale and
multi-scale algorithm on various T, (reproduction of [149]).

signal level detection accuracy by measuring area under the receiver operating charac-
teristic curve (AUC). As Fig. 6.3 shows on the uni-scale data, the uni-scale approach
produces highest AUC in window size Ty, = 4 for almost all four classes, and the multi-
scale approach performs similarly for class 3 and 4 and a little worse on class 1 and 2.
However, as Fig. 6.4 shows on the multi-scale data, the uni-scale algorithm performs
differently for each class with various window size (T, = 4 produces highest AUC for
class 1, T, = 8 for class 2 and T}, = 16 for class 3 and 4). While the multi-scale al-
gorithm outperforms the uni-scale algorithm significantly for all four classes, especially
for class 3 and 4. To detect various scale patterns for the uni-scale algorithm, we have
to pick a large enough window size that covers almost the largest scale. The uni-scale
algorithm training time grows linearly as the size of window size in Tab. 6.1, therefore,
picking a large window size is not only costly but also results in overfitting. However,
the multi-scale algorithm accommodates the problem by various scales in a comparable
training time. The running time of the multi-scale algorithm is between the running

time of T,, = 4 and T;, = 8 of the uni-scale algorithm, which is 2.5 times faster than the
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uni-scale algorithm picking window size of 16.

Tw uni-4 uni-8 uni-16 uni-32 multi-4
time | 266.1+9.8 | 553.5+19.5 | 1071.2+40.4 | 3505.0£178.5 | 419.3£15.5

Table 6.1: Training time (in s) for various window size in the uni-scale algorithm and
the multi-scale algorithm with T, = 4, K = [1,4].

Real-world data analysis: To evaluate the multi-scale algorithm on the real-world
applications, we choose the office live test dataset on the AASP challenge [38]. This
dataset consists of seven roughly three minutes long sound recording of 16 different
classes on the live office scenario. In this experiment, our task is to detect the presence
and absence of class events on the new recording.

Data preprocessing and experimental setting: We first chunk the recordings
into 10s chunks and transform them to spectrograms. We apply the noise whitening
procedure [14] and the down-sampling from R707x6120 4 R256x200 Ty compare our
proposed multi-scale approach with the uni-scale approach, we first tune the uni-scale
approach with the window size T, € {10, 20, 50,100}, the cardinality constraint N,, €
{10, 20,40, 60, 100, 160, 200} along with a regularization term A € {1076,10~4,1072,107 1,
1,10}. After we obtained the optimal parameter value T}, = 20, N,, = 10, A\ = 10~%. We
heuristically choose a window size of 10, N,, = 10, A\ = 10~* and use scale of 1,4 for our
multi-scale approach. After trained on the 126 spectrograms of the data, we evaluate a
detection performance for both multi-scale approach and uni-scale approach on the rest
31 spectrograms.

Competing algorithm: To the best of our knowledge, since there is no state-of-
the-art algorithm for multi-scale weakly-supervised dictionary learning, we combine a
generative dictionary learning approach in [104] as sparse coding and a spatial pyramid

matching (SPM) algorithm in [138, 139] for scale-invariant as a competing algorithm.
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Although the algorithm is in the fully-supervision setting, we can still detect the presence

and absence of a given class in the signal label by using C' linear-SVM classifiers.

Results on real-world data: The result in Tab. 6.2 shows that our proposed
multi-scale approach outperforms the uni-scale approach on almost all classes in terms
of instance level AUCs, especially for throat and switch classes. The proposed multi-
scale algorithm performances similarly to uni-scale algorithm in terms of signal level
AUCs. Since the office live sound dataset contains various length of recurring patterns,
the uni-scale approach may not be suitable to capture and classify those sound events.
Our proposed multi-scale approach can detect those short patterns and long patterns
at the same time. In addition, both multi-scale and uni-scale algorithms outperforms
the competing SPM algorithm, and the SPM algorithm are not designed to provide
the instance level classification task. We suspect the weakness of the competing SPM
algorithm is due to non-trivial combination of the two approaches and the combined
approach is designed with full-supervision, instead of weak-supervision setting. Further

research is needed to improve the performance, which is beyond the scope of this paper.

Class uni-ins. multi-ins. uni-sig. multi-sig. SPM-sig.
throat 50.21£12.17 | 67.90+£17.14 74.88+£4.01 82.48+12.08 | 39.83£14.00
knock 52.55+13.93 | 57.84+17.14 70.61+12.12 77.584+13.86 | 40.13+13.79
pageturn | 52.98+5.64 | 61.94+10.34 | 79.09+16.45 77.89+6.76 56.10+11.54
phone 46.25+20.15 | 52.84+10.85 | 65.95+22.82 | 63.06+£17.04 | 39.70£14.75
switch 46.33+3.57 | 65.52+11.75 | 88.08+8.43 84.24+6.80 46.95+24.72
average 54.754+10.60 58.37+6.66 70.19+13.09 68.624+13.77 43.884+3.64

Table 6.2: List 5 class example and the average across all 16 classes of instance level and

signal detection AUCs(%) for both approaches.
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Chapter 7: Conclusion and Future research

7.1 Summary

In this work, we presented both generative and discriminative convolutive dictionary
learning approaches for time-series analysis. In particular, in the proposed generative
dictionary learning, we formulated a convolutive dictionary learning objectives to effi-
ciently extract dictionary and sparse activations from time-series data. This approach
combined the power of estimating spectra-temporal patterns given by the convolutive
model and the computational complexity savings associated with the random projection
approach. Additionally, we addressed the boundary effect arising in a collection of dis-
continuous times-series data. Furthermore, we introduced a step-size selection criterion
to improve convergence rate when updating the activations and the dictionary words.
Real-world results suggested that the proposed approach can be used to efficiently repre-
sent bird audio recordings and to solve denoising, syllable discovering and classification
problems.

In discriminative dictionary learning, we developed a novel probabilistic model that
aims to learn a convolutive analysis dictionary under the weak-supervision setting. We
incorporated cardinality constraints as observations to enforce sparsity of the signal label
to determine the location of the patterns-of-interest from agiven class. For the model
parameter estimation, we developed the EM update rules and introduced novel chain
and tree reformulations of the proposed graphical model to facilitate efficient probability

calculations during the inference. In particular, under cardinality constraints that are
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expressed as a fraction of the signal length, we showed that the computational complexity
for the chain reformulation is quadratic in the signal length and nearly-linear for the tree
reformulation, which was verified in a numerical runtime comparison. As a sanity check,
we demonstrated that the proposed discriminative approach performs comparably to a
generative alternative on data that follows the generative paradigm. However, when the
data follows a discriminative model, our approach outperformed the generative approach.
Additionally, we showed that the proposed approach yielded competitive and sometimes
superior performance in terms of accuracy or AUC on real-world datasets when compared
to either state-of-the-art approaches for dictionary learning or to alternative (i.e., non
dictionary based) solutions in the weak-supervision setting.

When the data is rich in class patterns (contains multiple cluster patterns for a
class), the extension of the multiple-cluster approach is needed. Therefore, we considered
a multiple dictionary words per class to accommodate for classes with multiple modes.
The experimental esults sroh what thetmodel with multiple cluste- componentrperformed
better than the one that does not use the clustering component. Since the patterns in
the time-series data are not always in the same scale, the weak-supervised dictionary
learning is not able to capture the difference duration scales of the fundamental patterns
in the time-series data analysis. We proposed a learning strategy to adapt different
scales among classes in the analysis dictionary under the weak-supervision setting. We
showed our approach outperformed the uni-scale approach and a competing approach in

the multi-scale dataset and real-world dataset.

7.2 The contributions of the work

Our contributions are as follows:
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(A) For the generative dictionary learning:

(i) We first developed a random projected convolutive dictionary learning ap-

proach to extract patterns from time-series data [103, 104].

(ii) We derived a set of iterations with a choice of step-size that guarantees mono-

tonically decreasing objective [103, 104].

(iii) We presented an application of the proposed approach for (1) denoising spec-
trograms of in-situ recordings of bird songs, which are corrupted by rain noise,
(2) unsupervised bird syllable discovery and (3) supervised classification of

birdsong recordings [103, 104].

(B) For the discriminative convolutive dictionary learning:

(i) We developed a novel discriminative probabilistic model for analysis dictionary

learning under the weak-supervision setting [148].

(ii) We used an alternative approach for cardinality (or sparsity) constraints as
implicit observations in a graphical model as opposed to commonly used norm
regularization [148]. This approach allowed for localization of the patterns-of-

interest.

(iii) We introduced a novel framework for efficient message passing using a reformu-
lation of the proposed graphical model both as a chain and as a tree [148]. This
reformulation yields a near-linear exact probability calculation that alleviates

the need for approximate inference.

(iv) We extended the weakly-supervised dictionary learning model to learn multiple

dictionary clusters per class [146].
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(v) We developed a multiple-scale dictionary learning model under the weak-
supervision setting [149]. Results indicate that multi-scale dictionaries can

improve classification performance.

7.3 List of Publications

Below is a list of publications associated with this dissertation:

Journal papers

1. Zeyu You, Raviv Raich, Xiaoli Z. Fern, and Jinsub Kim. “Weakly supervised
dictionary learning.” IEEE Transactions on Signal Processing 66, no. 10 (2018):
2527-2541.

2. Ruiz-Munoz, José Francisco, Zeyu You, Raviv Raich, and Xiaoli Z. Fern. “Dic-
tionary learning for bioacoustics monitoring with applications to species classifica-

tion.” Journal of Signal Processing Systems 90, no. 2 (2018): 233-247.
Conference papers

3. Zeyu You, Raviv Raich, Xiaoli Z. Fern, and Jinsub Kim. “Weakly Supervised
Learning of Multiple-Scale Dictionaries.” In 2018 IEEFE Statistical Signal Process-
ing Workshop (SSP), pp. 100-104, 2018.

4. Zeyu You, Raviv Raich, Xiaoli Z. Fern, and Jinsub Kim. “Discriminative recur-
ring signal detection and localization.” In 2017 IEEE International Conference on

Acoustics, Speech and Signal Processing (ICASSP), pp. 2377-2381. IEEE, 2017.

5. Zeyu You, Raviv Raich, Xiaoli Z. Fern, and Jinsub Kim. “Weakly-supervised

analysis dictionary learning with cardinality constraints.” In 2016 IEEFE Statistical
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Signal Processing Workshop (SSP), pp. 1-5. IEEE, 2016.

6. Ruiz-Munoz, José Francisco, Zeyu You, Raviv Raich, and Xiaoli Z. Fern. “Dictio-
nary extraction from a collection of spectrograms for bioacoustics monitoring.” In
2015 IEEE 25th International Workshop on Machine Learning for Signal Process-

ing (MLSP), pp. 1-6. IEEE, 2015.

7.4 Future research

Chapters 4-6 introduced and developed modeling and inference methods for weakly-
supervised learning of time-series. Throughout, a linear model was used for the proba-
bilistic model of the instance level label, i.e., a logistic regression model. In particular, a
linear model in the raw-data time series. However, in some of the real-world applications,
linear classifier applied to raw time-series data may yield sub-optimal results in terms
of classification performance. In the past decade, learning using deep neural networks,
has become the golden standard for many applications including object recognition in
computer vision [105], sound event recognition in audio analysis [119], and speaker recog-
nition in speech analysis [108]. For many of the aforementioned application areas, the
replacement of carefully crafted domain specific features with deep network featurization
was demonstrate to yield significant improvements in terms of classification performance.
The formulation we considered in this work, lends itself to a natural extension to the
deep network featurization. This is accomplished by replacing the linear features in our
model, e.g., x,¢, with a nonlinear transformation g(x,;) obtained by a deep net suited

for the application domain.
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C

(a) The original model (b) The deep learning model

Figure 7.1: A systematic plot of the weak-supervised learning models: (a) The original
graphical model, (b) The deep learning model

7.4.1 Preliminary idea

In Chapters 4-6, we introduced a weakly-supervised learning framework for time-series
data, where each time-series signal x,, is going through a linear system that produces
a set of scores for determining the probability of the time-instance multi-class labels
yn(t) € {0,1,...,C} as shown in Figure 7.1(a). However, in real-world applications,
data examples are often not linearly separable. To increase classification performance
when data are more complex, we incorporate a deep learning model (such as CNN)
into the proposed weak-supervision learning system. The main idea is illustrated in
Figure 7.1(b).

Time-instance labeler: The original time-instance labeler in (3.1) shown in Fig-
ure 7.2(a) is a linear model that maps the input time-series signal into a probabilis-
tic scoring of determining a multi-class label y,(t) for each windowed time-instance.
Here, we propose using a deep learning model as shown in Figure 7.2(b) in place of

the linear model. As a preliminary effort to test the proposed approach, we consider
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a simpler graphical model for the labeling mechanism. We replace the original multi-
class single instance label assumption y,(t) € {0,1,...,C} with a binary multi-label
yn(t) = [yl (t), y2(t),...,yS (t)] where each yC(t) € {0,1} represents the binary decision
corresponding to the presence and absence of a particular class ¢ at the tth time win-
dow. This change allows us to have a separate signal level decision for each class thereby
simplifying the objective to minimize.

Signal labeler: Instead of using a union assumption in (A.3) of chapter 4 for com-
bining the instance labels y,(t) into a signal label Y,,, we consider using an OR rule such
that the probability of the signal label P(Y? = 1) for indicating the class ¢ being present
is P(Y} =1) =1-T[, P(y5(t) = 0). Additionally, we omit the sparsity regularization
term for simplicity. Note that the resulting probability is expressed in closed-form in
terms of the instance level probabilities avoiding the marginalization used in the model

of Chapters 4-6.
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Figure 7.2: The time-instance labeler models: (a) The original graphical model, (b) The
deep learning model
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7.4.2 Preliminary results

To examine the proposed idea, we first considered the toy example problem of detecting
the presence or absence of a target digit in 0-9 in a hand written sequence of digits. More-
over, we want to evaluate the capability of our method to localize the target digit in the
sequence. To examine the applicability of the idea real-world applications, we considered

applying the method to the HJA dataset as described in Chapter 4 Section 4.6.3.

7.4.2.1 MNIST results

Data Generation: We created images of a sequence of digits by placing m € [1,10]
hand-written digits (28 x 28 dimensions) from the MNIST dataset [25] into a 28 x 280
dimensional blank image as follows. (1) First, we generate the center index locations
as L = {lg|ly = k*28+ 14,k =0,1,...,9}; (2) We then generate each signal label Y,
using a Bernoulli distribution; (3) For the generation of a negative example x,, that does
not contain a target digit Y,, = 0, we randomly select m locations from the location
indexes £ and place the randomly selected m non-target digits into the corresponding
locations plus an offset p ~ U[—10, 10]; (4) For a positive example z,, that contains target
digit Y;, = 1, we pick a positive event number n € [1, min(4, m)] and place n randomly
selected target digits into n randomly selected locations from L plus an offset p. The
remaining m — n randomly selected non-target digits are placed into the corresponding
m —n remaining locations plus an offset p. Note that the overlapping digits will add the
intensities from each digits, since placing each digit into the blank image is additive.
Methods: We implemented the proposed approach using a linear model with only 1

dense layer and a CNN model with 3 layers (2 convolutional layers and 1 dense layer). The
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CNN model is shown in Figure 7.3. The loss function is designed using a cross entropy
loss between the signal label Y,, and its probability P(Y,) = (1 — Ht 1 (1= plyn(t) =
D) (TTE (1 = p(yn(t) = 1))=Y, where p(y,(t) = 1) is modeled by the aforementioned
CNN model.

) 140
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Figure 7.3: The deep learning model

Results: First, we consider a qualitative assessment of the proposed approach by
examining the capability of the approach to resolve the location of target digits in the
digit-sequence image and comparing it to a linear model. Figure 7.4 shows the instance
level probability as a function position (i.e., instance index) using both the linear model
and CNN model along side the digit-sequence image example. In the plot, both positive
image examples that contain the target digit of 2 and negative image examples that do
not contain the target digit are examined. We observe that in some cases, the linear
model fails to localize and detect the target number while CNN model correctly localize
and detect the target digit 2.

Next, we examine the approach quantitatively by evaluating classification perfor-

mance at both instance-level and signal-level for both models. To prevent the repeated



250

—o— linear
08 - cn
0.6
0.4
0.2
0.0
o 50 100 150 200 250

128

1.0

_r. —o— linear
08 ¢! - cn
0.6 ! i
il
04 i
i
02 4
)3 &
0.0
0 50 100 150 200 250

(b) Positive example 1

250

—— linear
0.8 —4- cnn
0.6
0.4
0.2
0.0
50 100 150 200 250

—o— linear
0.8 —4- cmn
0.6
0.4
0.2
2
0.0
o 50 100 150 200 250

(e) Negative example 3

; —o— linear
0.8 i —#-cnn
0.6 Il
04 it
! 1
0.2 ey *
Ll
0.0
50 100 150 200 250

(d) Positive example 2

(f) Positive example 3

Figure 7.4: 3 examples of prediction on MNIST data in the weakly-labeled setting with

the linear model and the CNN model.
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counting for each of the positive events (containing the target digit 2), the instance-
level predictions are generated using the following mechanism: (1) For each of the posi-
tive events (instance-level ground truth with positive label), we use a sub-window with
length of 11 centered at its location index [ and measure the predicted probability by
5)), Pyn(l

is converted from {y,(I—5) = 0,y,(I—4) =0,...

max{ P (yn,(l — —4)),...,P(yo(I+5))}. (2) The corresponding ground truth
yUn() = Lyn(l+1) =0,...,y,(I+5)}
to a single label y, (1) = 1.

To show the effect on different window size, we choose a various window size in
{14,28,56} with 2000 training examples generated from the MNIST training set and
the the performance on 10 independent realizations of 2000 examples generated from
the MNIST test sets.

Instance-level and signal-level performance evaluation metrics

(averagetstandard deviation) for various window sizes are provided in Table 7.1.

Metric Idins [ 14sig [ 28ins ] 28-sig [ B6ins [ B6sig |

Linear model

Accuracy 99.884:00.02 [ 93.89400.35 [ 99.89+£00.03 | 92.751:00.48 [ 99.72£00.02 | 92.63£00.59

AUC 97.60+00.37 | 97.62+00.27 | 97.17400.21 | 97.12+00.42 [ 95.56+00.34 | 96.61+00.36

F1 81.35+01.69 [ 93.71+00.39 | 81.62+00.77 | 92.36£00.61 [ 64.47+01.61 | 92.40+00.63
CNN model

Accuracy 99.95:£00.00 [ 97.73+00.35 [ 99.96+00.00 | 98.44+00.24 [ 99.96+00.00 [ 98.01+00.25

AUC 99.984:00.00 | 99.71400.08 | 99.99£00.02 | 99.84+00.06 | 99.93+00.02 | 99.76:00.08

F1 92.30401.08 | 97.71400.35 | 94.71£00.31 | 98.43+00.25 | 93.79£00.54 | 98.00+00.26

Table 7.1: Performance results (%) on the MNIST sequenced data for various window
size by using 0/1 signal-labels in the training.

The results show that the window size of 28 produces the highest average values in
terms of accuracy and F1 for linear model. The window size of 28 produces highest
average values for all metric in CNN model. When the window size is small, it may
not contain the entire digit. When the window size is large, multiple segments of digits
may appear within a window. In addition, the CNN model of window size 28 has the

highest average values in terms of accuracy, AUC and F1 scores. The performance gain
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of instance-level F1 score is increased from 81% with the linear model to 94% using the

CNN model.

7.4.2.2 HJA results

In Chapter 4 subsection 4.6.3, we have introduced the HJA bioacoustic dataset. In
this subsection, we use this dataset for performance evaluation. We use the same deep
learning architecture as the one in Figure 7.3 to examine the performance of the proposed
idea on the HJA dataset. Since the HJA data contains 13 different bird species (i.e.,
classes), we test the classification of each class as a separate binary classification problem.
The bag label probability of presence or absence of each class is obtained from the
presence or absence of the class at each time instance (independent of other classes). We
consider using a qualitative assessment by examining the capability of the approach to
resolve the location of each bird species as in Figure 7.5.

Figure 7.5 shows 10 positive examples of 5 out of the 13 classes. For each class,
two spectrograms (containing bird chirps from the target class) are shown. Additionally,
instance-level prediction probabilities are displayed below each of the spectrograms. The
results show that for classes such as Brown Creeper and Red-Breasted Nuthatch, their
class chirps are correctly detected and localized. For some classes such as Varied Thrush
and Hammonds Flycatcher, not all chirps are identified, some chirps seem to have low
detection probabilities. Other classes such as Olive-sided Flycatcher, the chirps are not
detected that flat low probabilities are observed.

Figure 7.6 shows 6 examples of multi-labeled spectrograms and corresponding pre-
diction probabilities over the 13 classes. The results show a subset of the classes are

correctly detected and localized whenever high probabilities are observed around their
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Figure 7.6: HJA data prediction in the multi-labeled scenario.
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class bird chirps.

Both the binary labeled scenario and multi-labeled scenario results show some of
the classes can not be correctly detected and localized that is due to several potential
reasons: (1) Training data is limited, (2) Low signal-to-noise ratio, (3) Different duration
for different classes, and (4) The model is not complex enough to discriminate between
different classes. In the future, we will focus on addressing these issues in order to
increase the classification performance. The ideas involves the following components:
(1) Find data augmentation schemes that are suitable for bioacoustics data; (2) Apply
noise reduction techniques or dimension reduction to the spectrogram; and (3) Search

over different hyper-parameters of the window size, the network size, or the architectures.
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Appendix A: Derivation of complete data likelihood

Given the observed data and the hidden data, we perform the complete data likelihood

as:

P(D,H;6,¢) =

PX, Y, =1,....Ixn =1,y1,...,yn; W,b,N1,..., Ny).

Using the probability rule of P(A, B) = P(A|B)P(B) and the independence assumption
of each observed data point (x,, Yy, I, = 1), the complete data likelihood can be further

computed as:

N
P(D,1;0,¢) = P(X) [[ P(Ya, yn, In = Llzn; w, b, Nyy).

n=1

Apply the probabilistic graphic structure in Fig. 4.2, we have

P(D,H;O, ¢) :P(X) HnNzl P(In = 1|ynaNn)P(Yn‘yn)

'P(yn|$n§ w, b)

Plug in the model formulation in (4.2) and (4.3) and due to conditional independence

assumption of each time instance label, we arrive the final formulation of the complete



data likelihood as:

P(D,H;0,¢) =
N
P) [Ty, —mn-1v2y, 0 + Lyaogoy=uf =52y, 0)
" Tn—14+A
Lo ugaeo<in L1 POn®lenw,b).

t=—A
t=—A
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Appendix B: Derivation of auxiliary function

In the EM algorithm, the auxiliary function is given by the expectation of the complete
data log-likelihood over the hidden conditioned on the observed data. Therefore, the

auxiliary function is formulated as:
Q(O, 01) = EH|D;0i,¢[log P(Dv H; 0, ¢)>}

Applying the natural logarithmic operation on the complete data likelihood, we have

N
log P(D,H;0,¢) =log P(X) + Y logLy, _ u-1+a, )

n=1
iy, ugoy=uTn =34y, ] T 1081081, 1 20)< )
T,—1+A

+ > log P(yn(t)|wn, w, b).
t=—A

Since the hidden data is only associated with each time instance label signal y1, ..., yn,

the expectation of P(I,, = 1|y,; N,,) and P(Y,|y,) are constant. Therefore the auxiliary

function is computed as:

N Tp—1+A

Q(G, 01) = Z Z Eyn(t)|D;0i,¢>[log P(yn(t)’mn) w, b)] + const.
n=1 t=—A
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Since log P(yn(t)|zn, w,b) = Iy, (=) (WEXnt + be) — log(zu Oewu""i“’"), the final

formulation of the auxiliary function is

N T,—-1+A C
Q(8,0% Z Z ZP yn(t) = ¢|D; N, w') -
n=1 t=—
C
W Xpe 4 be — log(z eng”ﬁb“)] + const.
u=0
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Appendix C: Derivation of forward message passing on chain

The derivation of the chain forward message passing is based on the definition of the for-
ward message on the chain model oy (LL,1) = P(Y,! = L, N} = [|z,;0") and the marginal

probability

P(Yy =L, N;, = l|z,;0") = Z:Y;*1 ZNf;l Zyn(t)

P(Y; = LvN?i = Z>Y7€_1’ Nﬁ_lvyn(t”xn; 01’).

The forward message passing update rule can be formulated by marginalizing the pre-
vious state variables (Y!~! Ni=!) and the current time instance y,(¢). Rely on the
v-structure on the update step of the chain structure in Fig. 4.4(a) and the chain rule

of the joint probability (P(A, B,C) = P(A|B,C)P(B)P(C)) such that

P(er =L, Nﬁ = l7YTf_1,N;;_1,yn(t)|xn;0i)
= P(Y) =L,N; =1V, ', Ny ya(t) -

P(yn(t)wn; w', b P(Y, ™1 Ny Han; 6°),

we have

t—-1 C

aL,D)= Y > Y PV =LN, =1y ' =A

AGQYn a=0 c=0
7N7271 =a, yn(t) = C)P(yn(t) = C|xnt§ Wivbi)

PY! = AN =alx,; 6Y).
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According to (4.9) and (4.10) , the conditional probability follows a deterministic rule
such that P(Y,! = L,N., = I|Y,)"! = A/ N7 = a,y,(t) = ¢) = (L = AU {c})I(l =

a + I(c # 0)). Therefore, the update rule of the forward message passing is:

t—1 C

a(L,)= > > 3 IL=AU{chI(l=a+]I(c#0))

Ae2¥Yn a=0 c=0
Pyn(t) = clan; wa—1(A, a)

Due to the constraints that L = AU {c} and | = a + I(c # 0), for a fixed value of L and
I, A and a can only have one value for a particular class ¢. Thus the update rule of the

forward message can be further simplified as:

(L, 1) = P(yn(t) = 0|zy; w')ay_1 (L, 1)

C
+ Z P(yn(t) = c|xn§wi)]l(l # 0)
c=1

o1 (L — 1)+ I(c € L)ay_1 (Lo, ).
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Appendix D: Derivation of backward message passing on chain

The derivation of the chain backward message passing is based on the definition of the
backward message on the chain model 8;_1(L,l) = P(Yy, I, = 1|Y}"! = L, NI-t =

l,x,;0%, Ny,,) and the marginal probability

P(Yn, I, = 1’Y7$717N£717xn;0i7Nn) = ZYJS ZNTZ Z:yn(t)

P(Yy, I, = 1Y Ny, ()Y, N 2,07 N).

y n?

Rely on the v-structure on the update step of the chain structure in Fig. 4.4 (b) and the
chain rule of the conditional probability (P(A, B|C) = P(A|B,C)P(B|C)), we have
P(Yn, In = 1, Y, Ny yn (D)™, Ny 003 67, N
= P(Y’VU In = 1‘Y7’EJ Nrtm er_lv Né_17 yn(t)u xn? 01’7 Nn) .

P(erv N?Z‘Y;Zia NrtLila yn(t))P(yn(tﬂxnt; Wi7 bl)

Given the current time joint state node (Y,f, Ni), the observed node (Y;, I,) is indepen-
dent of the previous joint state node (Y,!~!, N!~1) and the current time instance y, (),
so P(Yy, I, = 1|Y{, NE YL N (), 20300, Ny) = P(Yy, I, = 1|YE NE 2,00 N,,).

Combining the above two equations, we obtain the update rule of the backward message
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passing as:

Bi—1(IL, 1)

t C

=Y Y ) PV, I, =1V} = AN}, = a,X;; N, w)
AGQYn a=0 c=0

P(Y!'=A N =YD =L N7 = 1 yn(t) = ¢)

P(yn(t) = clzn; w',b')

Since P(Y,! =L, N} =1y} "' = ANt =a,y,(t) =c) = (L= AU {c}I(l = a+I(c #
0)) and each one of A, a is only limited to one value for a particular class ¢, therefore,

the update rule of the forward message passing is:

/Btfl(Lv l)

C

:Zﬁt(L U{c# 0}, 1+ Tiero)) P(yn(t) = czn, w', b?).
c=0
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Appendix E: Derivation of joint probability on chain

To calculate the joint probability P(y,(t) = ¢, Yn, I, = 1]x,;0% N,,), we apply a condi-

tional rule that

P(yn(t) =c Y, I, = 1’$n§9i7Nn) =

P(Ynaln = 1‘yn(t) =c xn;oi)]\_fn)p(yn(t) = c|xn;wi7bi)~

Once each time instance label y,(t) is known, the observed state node (Y, I,,) is inde-

pendent of the observed signal x, and parameter 6, so
P(Yy, L|yn(t) = ¢, 250", Ny) = P(Yy, In|yn(t) = ¢; Ny).

Since P(Yy, I |yn(t) = ¢; N,,) can be obtained by marginalizing out the joint state nodes
of both (Y,!, N!) and (Y,i=!, Ni71),

P(Yo, Inlyn(t) = ¢; No) = 2yt Done Doyt D yi-t

P(Yy, L, YL, NL Y NIy, (1) = ¢ Ny,)
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Apply the chain rule of the conditional probability (P(A, B|C') = P(A|B,C)P(B|C)),

P(Yy, I, Y, N YL Ny (1) = ¢; Ny)
= P(Yn,In’YnLt,N;’;Yé_l,Nﬁ_17yn(t),ffn;0i,]vn)

PV NE an; 09)p(yn(t) = clag; wh)

Given the current time joint state node (Y,f, Ni), the observed node (Y;, I,) is indepen-
dent of the previous joint state node (Y;!=1, N{=1) and the current time instance yy (t), so
P(Yy, I, = 1|V, NL YL NEL (1), 20: 07, Ny) = P(Yo, Iy = 1|V, Nt 2000, N,,) =
Be(Y,t, Nt). Combining the above equations, applying the deterministic rule P(Y,! =
L, N = 1Y} = AN = a,y,(t) = ¢) = (L = AU {c})I(l = a + I(c # 0)) and ap-
plying the definition of the forward message P(Y,!™! Ni-1|z,;0%) = oy 1 (VI7L, NETL),

the joint probability is performed as:

P(yn(t) =c Y, I, = 1|xn§0i7Nn)

t—1 t
= Z Z Z Z]I(A:LU{C})]I(a:l+]I(C7é0))

Ae2Yn a=01Le2¥n [=0
atfl(]Lv Z)Bt(Ava)
Ny
=Y D B U{e#0h1+1(c #0)ay1(L,1))

Le2¥Yn 1=0

P(yn(t) = clan; w'),

where N} = min(N,, — I(c # 0),t).
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Appendix F: Derivation of forward message passing on tree

The forward message passing update on tree can be first applied with the definition of
the forward message on tree o (L, 1) = P(Y/; ' = L, NJ7! = I|2,,; 6%) and the marginal

probability

J
Nn(2t)

P Yj—l Nj—l 01 — . . )
(i N ons 0 =20 2oy ¥

J=1 aAri—1 yJ J J J . Q!
P(Ynt ’Nnt ’Yn(Zt—l)’Nn ’Yn Nn(2t)|mn’ez)

(2t—1)’ Tn(2t)’

According to the v-structure of the update step in Fig. 4.6(a) , the joint probability can
be decomposed as:

J
Yn(Zt)’
Yri(Zt)’ N’rjz(2t)) '

NZ(%) [0 67)

N7]L(2t—1)’

(2t—1) NrJL(2t—1)’

)’mnS Hi)P(YT{

i—1 =1 j ; ,
P(Ya Ny ’Y;(Qt—l)’ N7JL(2t)|xn;01)

= PV N

P(Y! N/

@2t—1) Vn(2e-1 (2t)’
Due to the deterministic rule between (Y7, ', N7-!) and (Yg(2t_1), NZ(%_I)), (Yg(%), NZ(%))
_ . L . . . L
as proposed in (4.15) and (4.16), P(ert 1, N,J@t 1|Yri(2t—1)’ Ni(%_l), Yg(%), Ni(Zt)) = H(nyt :fl(Qt_l)

Uer(Zt))H(NZt_l = Ni@til) + NZ(%)). Combining the above the equations, we obtain the



update rule of the forward message passing on tree as:

N\ * N * %
Nn Nn

o ML= 3 Y D HL=AUEI(I=a+e)

Ae2¥n a=0Ee2¥n e=0

'aét—l (Av a)a%t (Ea 6)

l
=N ady (A a)ad, (L AL - a),

ACL a=0

where N* = min(N, 277) 4 1.
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Appendix G: Derivation of backward message passing on tree

Given the definition of the backward message on tree B%t_l (Aya) = P(Y,, I, = I\Y @-1) =

A, Nn(% 1) = @23 0", Ny) and B, (E,e) = P(Yp, I, = 1|Y7f(2t) =E,N’ T o = €20 0%, Ny,

the backward message passing update on tree can be derived based on marginal proba-

bilities:
P(Y,, I 1]Y] 91 Ni(%_l),a:n;ei,l\_fn)
:Zyj ZNj Zyj—l ZNJ'—1 P(Y,, I, = 1,Y5(2t),
1 1 Y
Ni(Qt),Y,,ft Nj |YJ (2t—1) Nj(zt 1) , Tn; @', Np)
and

P(Yp, I, = 1|YJ (28)’ Ng;(%), Tn; 0, Ny,)

N 7 e ;YJ IZNJ IP YTL;I'I'L — 1 Y](Qt 1)

Tn; 0%, Ny,).

n(2t 1

j 1 1
Nj(m 1)’ert Nis ’Yg(2t)’Nn(2t)’
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According to the v-structure of the update step in Fig. 4.6(b), the joint probabilities can

be decomposed as:

P(Yp, I, =1,Y7 NI vi -t NI

(2t)? “'m(2t)’ " nt
|Yg(?t—l)’ N7]1(2t—1)’xn; 9i, Nn)
j—1 i—1(v 7 ; . .
— P(Yh]t 7N'r‘3,t |Y7:Z(2t)7Ni(2t)7y’liz(2t—1)7Ni(2t_1))

P(Y, I, = 1Y NI 2,000 N,)
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we derive the update of the backward message passing update rule by combining the

above equations as:

52t1Aa

and

ﬁQtIEe

N** N**

DY Y Y IL=AUBIl=a+e)

Le2Yn =0 E€2Yn e=0
1 .
g (L, l)a;t(E, e)

N**
Z Zﬁ AUEa+e)a2t(E e).
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N** N**
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Appendix H: Detail of computational analysis

H.1 E-step chain inference

Time complexity is ((’)(ZnN:1 |V,,|2¥»| N,,T;,)): In the chain inference with both for-
ward and backward message passing, each update of forward and backward message
requires running over all possible values of y,,(t) and (I, ), therefore, the computational
complexity is O((|Yy| + 1)2*I min(t, N,,)). Since each time step is only depend on the

previous time step, the overall computational complexity is
Ti(t) = T (t = 1) + O((|Ya] + 12" min(t, N,)).

After solving this recursive formula, we have 7.¢ = O(|Y,|2¥»|N,,T,). Therefore, the
overall chain inference needs a computational complexity of Zﬁf:l Ty = O(Zﬁle Y, |2 N, T5,).

Space complexity is (O(2¥"|T,,N,,)): For E-step chain inference with both forward

and backward message passing, each forward and backward message requires O(?'Y”|min(t+
1, N, +1)). Since each time step is only depend on the previous time step, the overall

space complexity is calculated as:
Se(t) = S¢(t — 1) + 02 min(t + 1, N,, +1)).

Solving this recursive formula, we obtain S¢ = Y"1, 2V lmin(t41, N, +1) = 02T, N,,).



167

H.2 E-step tree inference

Time complexity is (O(3N_, 4"l(log, N,,)?T},)): In the tree inference on both for-
ward and backward message passing, each update of forward and backward message

N yyy) and (Y2 ), N2 ), there-

requires running over all possible values of (YTf n(2t—1)

(2t-1)’
fore, the computational complexity is O(4Y»|(min(N,,,2577) + 1)?). However, the up-
dates of the forward and backward messages on the tree for controlling sparsity [ are
operating in a convolutive nature. When N, is large, we rely on FFT and Inverse of
FFT to speedup such that the convolution complexity will become O((min(N,, 2¢77) 4
1) log(min(N,, +1,2577) 4+ 1)). Since current instance on tree level j only depend on pre-
vious two parents’ at j+ 1, the recursive formula of the overall computational complexity
is
T (1) = THO+D (2) + THGHD (24 — 1) + O(4Y7 X Tog X),

where X = min(N,,25 )4+ 1 and 1 < t < T,/2%77,1 < j < L. After solving this
recursive formula, we have 7,%* = O(4"»(logy N,,)?T},). The overall computational com-
plexity of tree approach is ZnN:1 T = 25:1 O4¥l(log, N,,)?T;,). space complexity
is (O(2"IT;, logy N,,)): For tree forward and backward message passing, each node re-

quires O(2/¥"Imin(27 4 1, N,, + 1)) space. Since current instance on tree level j only

depend on previous two parents’ at j + 1, the recursive formula is:
S0 (1) = SO (21) + STV (21 — 1) + 021 X),

where X = min(N,,,2" /) +1and 1 <t < T,/277,1 < j < L. Solving it, we obtain

St = Yor 2ol (min(29, N,) + 1)T,/27 = O(2MIT, log, N,).






