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Abstract

Learning Knowledge Sharing Schemes for Time Series Modeling

In 1oT mobile sensing world, with the rapidly growing volume of Internet-
connected sensory devices, the IoT generates massive data characterized
by its velocity in terms of spatial and temporal dependency. Analyzing
these mobile time series data appropriately can bring considerable socio-
economic bene ts such as target-advertising based on accurate prediction of
cellular tra c data, real-time health status monitoring, anomaly detection
for core infrastructures security and early warning based on the forecasting
of heartbeat data from kinds of sensors, and underground passenger tra c
prediction to avoid peak travel risks, and so on.

In this work, we focus on how to further improve the generalization
performance for machine learning based time series modeling approaches
as a copious amount of IoT sensors in many real-life scenarios consecutively
generate substantial volumes of time series data. In Machine Learning
(ML), we normally focus on optimizing for a speci ¢ metric whether it is a
score on a speci ¢ benchmark or a business KPI. To accomplish this, we
usually train a single model or a group of models to perform the task at
hand. The models are then ne-tuned and tweaked until their performance
plateaus. While we can generally attain satisfactory results in this manner,
we miss out on information that could help us improve our performance on
the statistics we give concern. This information is derived speci cally from
the training signals of related tasks. We can improve the generalization of
our model on our initial task by sharing representations between similar
tasks. This method is also known as Multi-Task Learning (MTL), and the

focus of this thesis will be on how to use the MTL paradigm to improve
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time series modeling procedures. Considering the existing spatial infor-
mation of entities in many real-world applications, Graph Convolutional
Networks (GCNSs) have recently revealed discriminative power in learning
graph representations due to their permutation-invariance, local connectiv-
ity, and compositionality. Graph neural networks allow each graph node to
acknowledge its neighborhood context by propagating information through
structures. We then present a graph-based framework for modeling ge-
ographical information in multivariate time series data. Moreover, other
challenges such as privacy preservation and label data scarcity drive us
devise an innovative federated learning-based framework in online learning
fashion. A semi-supervised learning approach for time series modeling is
also proposed in this work to overcome insu cient labeled data in many

scenarios.
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Chapter 1:  Multi-Task Time Series Forecasting With Shared

Attention

1.1 Motivation

Multi-task time series forecasting, i.e. the prediction of multiple time
series data from di erent tasks, is a crucial problem within both time series
forecasting and multi-task learning. In contrast to single-task learning,
multi-task time series forecasts provide users with access to estimates
across multiple related time series paths, allowing them to optimize their
actions in multiple related domains simultaneously in the future. The
development of multi-task time series forecasting can benet many ap-
plications such as stock prices forecasting, weather forecasting, business
planning, tra c prediction, resources allocation, optimization in loT and
many others. Especially in recent years, with the rapid development of the
Internet of Things (loT), billions of connected mobile devices have generated
massive data and further bring many novel applications that can change
human life [99,126]. Analyzing these data appropriately can bring consider-
able socio-economic bene ts such as target-advertising based on accurate
prediction of cellular tra c data, real-time health status monitoring, etc.

Di erent from general single-task forecasting problems, practical multi-task
forecasting applications commonly have access to a variety of data collection
resources as shown in Fig. 1.1. In this cellular tra c forecasting problem,

all the base stations are well deployed in certain urban areas. Station A and
Station B share a similar pattern possibly due to geographical proximity
while di erent from the tra c pattern of Station C a lot. If we want to

forecast the future cellular tra ¢ of any of them, one main challenge is



Figure 1.1: A paradigm of cellular tra ¢ data collected from multiple base
stations.

that how we can fully utilize both commonality and di erence among these
time series from di erent stations with the aim of mutual bene t. It is vital
especially when there is little acquired data from each station due to failure
or privacy reasons. Traditional time series forecasting methods include
auto-regressive integrated moving average (ARIMA) [7, 143], vector auto-
regression (VAR) [30], support vector regression (SVR) [29], etc. Recently,
deep neural networks [42,87,127,136] o ers an alternative. The recurrent
neural networks (RNNs) have become one of the most popular models in
sequence modeling research. Two variants of RNN in particular, the long
short term memory (LSTM) [49] and the gated recurrent unit (GRU) [22],
have signi cantly improved the state-of-the-art performance in time series
forecasting and other sequence modeling tasks. Especially, meta multi-task
learning [18,81,82] proposed a new sharing scheme of composition function
across multiple tasks based on LSTM models. Most recently, as the ability

to capture long term dependency with good parallelism, the Transformer



architecture [76,137] has been widely used in natural language processing
(NLP) and yields state-of-the-art results on a number of tasks. Despite
the popularity of various sequence modeling research, most of the work
focus on either single-task learning or combining multi-task learning with
recurrent neural networks and there have been few works in combining
MTL with Transformer, especially the self-attention mechanism.

In this work, we propose to bridge the gap between multi-task learn-
ing and Transformer attention-based architectures by designing a shared-
private attention sharing scheme MTL-Trans to jointly train on multiple
related tasks. Inspired by shared external memory [81] based on LSTM mod-
els, we propose two architectures of sharing attention information among
di erent tasks under a multi-task learning framework. All the related tasks
are integrated into a single system that is trained jointly. Speci cally, we
use an external multi-head attention function as a shared attention layer to
store long-term self-attention information and knowledge across di erent
related tasks.

We demonstrate the e ectiveness of our architectures on a real-world
multi-task time series forecasting task. Experimental results show that
jointly learning of multiple related tasks can improve the performance of each
task relative to learning them independently. Additionally, attention-based
sharing architectures can outperform the RNN-based sharing architectures.

In summary:

" We are the rst to propose an attention-based multi-task learning
framework (MTL-Trans) to solve multi-task time series forecasting

problems.

" We propose two di erent attention sharing architectures for sharing

self-attention information among di erent tasks during jointly training

3



process. The external public multi-head attention helps to capture

and recording self-attention information across di erent tasks.

" We conducted extensive experiments on a real-world multi-task time
series forecasting task, and the proposed approach obtains signi cant

improvement over state-of-the-art baseline methods.

1.2 Related Work

Time Series Forecasting. Even though forecasting can be considered
as a subset of supervised regression problems, some speci ¢ tools are neces-
sary due to the temporal nature of observations. Traditional data-driven ap-
proaches such as auto-regressive integrated moving average (ARIMA) [7,143]
model, Kalman Itering [143], support vector regression (SVR) [29], and
holt-winters exponential smoothing [134] remain popular. Also, with the
rise of various deep learning technigues, many e cient deep models have
been proposed for time series forecasting. The recurrent neural networks
(RNNSs) [42,49,69,127] are powerful tools to model the temporal sequence
data. Specically, based on the variational auto-encoder (VAE) frame-
work [67,156], several variants of the RNNs have been proposed to process
a highly structured natural sequence by capturing long-term dependencies.
DCRNN [78] proposed a deep learning framework for tra ¢ forecasting
that incorporates both spatial and temporal dependency in the time serial
trac ow. DSSM [109] presented a probabilistic way that combined state-
space models with a recurrent neural network. DeepAR [114] estimated
a time series' future probability distribution given its past by training an
auto-regressive recurrent neural network model.

Transformer framework. Even though the problems of gradient van-



ishing or explosion have been overcome by LSTMs to some extent, the RNN
based models are still not able to modeling very long term dependency [49].
Self-attention, also known as intra-attention, is an attention mechanism
relating di erent positions of a single sequence in order to compute a rep-
resentation of the same sequence. It has been shown to be very useful
in machine reading [21], abstractive summarization, or image description
generation. With the help of the attention mechanism [9, 88, 137], the
dependencies between source and target sequences are not restricted by the
in-between distance anymore. Among all the attention based variants, the
Transformer model [137] emerges as one of the most e ective paradigms for
dealing with long-term sequence modeling. It presented a lot of improve-
ments to the soft attention [152] and make it possible to do sequence to
sequence modeling without recurrent network units. The proposed trans-
former model is entirely built on the self-attention mechanisms without
using sequence-aligned recurrent architecture. Recently, temporal fusion
transformer [79] combines high-performance multi-horizon forecasting with
interpretable insights into temporal dynamics, which further demonstrated
the advantages of attention mechanism in time sequence forecasting. How-
ever, most existing research approaches focus on the single-task learning
problem. When faced with multiple time series sequences collected from
many other related domains, the existing models have to train each task
separately without a strong multi-task generalization capability.

Multi-task Learning. Multi-task learning (MTL) is an important ma-
chine learning paradigm that aims at improving the generalization perfor-
mance of a task using other related tasks [30, 42, 64, 156]. Particularly,
CellScope [54] applied multi-task learning to resolve the trade-o between

data collection latency and analysis accuracy in real-time mobile data ana-



lytic, in which data from geographically nearby base stations were grouped
together. Luong et al. [87] examined three multi-task strategies for sequence

to sequence models: the oneto-manysetting, the manyto-one setting and
the manyto-manysetting. Liu et al. [18,81,82] proposed several multi-task
sequence learning architectures by using enhanced and external memory to
share information among paralleled RNN models. Despite the wide interest

of various sequence modeling research, there is hardly any previous work
done on combining multi-task time series forecasting with attention based

architectures based on my knowledge.

1.3 Shared-Private Attention Sharing Scheme

1.3.1 Task De nition

In this work, we focus on single-step forecasting. The basic de nition of

a multi-task time series single-step forecasting problem is: Given a dataset

D = ff Xmn; ymngng“lgjpr",=l with multiple sequence tasks, M denotes the number
of tasks, Np means the number of instances in m-th task, Xmnis the n-th
sample in mth task. For instance, Xmn= fx%n;:::;xﬁgng could be historical
observation values with length s, and ymn= fytr%n;::: ;ytm“nlg means the future
time series sequence with the same length s corresponding to  Xmn. Hence,
the goal of the multiple single-step time series forecasting tasks is to learn

a function that maps observation sequence fxmnir'\]';"lgjr'\r"]:l to future sequence
fymnng“lgj,’}",:l: f(Xmn) ! Ymn jointly by utilizing the latent similarities among

the tasks based on multi-task learning.



1.3.2 Preliminary Exploration

Scaled Dot-Product Attention. The original Transformer used a partic-
ular scaled dot-product attention [137]. The input consists of queries and
keys of dimension di, and values of dimension d,. The dot product of the
query with all keys would be computed and divided each by P dy. A softmax
function would be applied to obtain the weights on the values. In practice,
the attention function on a set of queries is computed simultaneously by
being packed together into a matrix Q. The keys and values are also packed
together into matrices K and V, as a result, the matrix of outputs is as
following:

T
Attention (Q;K;V) = softmax (SE:)V (1.2)
k

More speci cally, this attention mechanism operates on an input se-
quence, X=(Xy;X2; ;X)) with n elements where x; 2 R%, and computes a
new sequence z=(z;2; ;z,) of the same length where z 2 R%,

Each output element, z, is computed as weighted sum of a linearly

transformed input elements:

n
z = éﬁa” MVVV 1.2
=1

Each weight coe cient, ajj, Is computed using a softmax funtion:

expaj
& 1= 1 €XpeKk

ajj = (1.3)

And gj is computed by the attention function that essentially nds the

similarity between queries and keys using this dot-product so as to perform



a soft-addressing process:

WQ_ x;WK T
aj = p d—
VA

(1.4)

where WR2 R% % WK 2 R% & WY 2 R% & gre parameter matrices. In

practice, we usually set dx= dy= d,.

Figure 1.2: Multi-head attention architecture in Transformer.

Multi-head Attention. Instead of performing a single attention function
with dmogerdimension keys, values, and queries, it is bene cial to linearly
project the queries, keys, and values  h times with di erent, learned linear
projections to dk, dx and d, dimensions, respectively. Parallel attention func-
tion can be performed on each of these projected versions of queries, keys,
and values, yielding dy-dimensional output values. These are concatenated
and once again projected, resulting in the nal values. This multi-head
attention mechanism (MHA) allows the model to jointly attend to information
from di erent representation subspaces at di erent positions.

Generally, once we capture the new sequences output from the multi-
head functions as z(D;z?: ;z("W where Z" means the attention score com-

puted by the ith head. We concatenate these scores as  [zZVz(?  z("] and



multiple them with an additional weight matrix to align the dimension with
targets. See Fig. 1.2 for an illustration of the multi-head attention model
used in Transformer.

Masking Self-Attention Heads. In order to prevent from attending to
subsequent positions, we apply attention masks, combined with the fact
that the output embeddings are o set by one position, ensuring that the
predictions for position i can depend only on the known outputs at positions
before i.

Shared-Private Attention Scheme. The main challenge of multi-task
learning is how to design the sharing scheme. Despite the big success
of recurrent neural networks in temporal pattern recognition, long-term
information has to sequentially travel through all cells before getting to the
present processing cell which means it can be easily corrupted by being
multiplied much time by small negative numbers. This is the major cause of
shared information forgetting. Fortunately, the Transformer helps drawing
global dependencies between inputs and outputs by creatively relies entirely
on the attention mechanism result in setting the distance between any two
elements in a sequence to 1. Additionally, its good parallelism is well suited
for multi-task learning. In this paper, we plan to provide a shared attention
model MTL-Trans among multiple tasks based on the Transformer with two

di erent sharing architectures.

1.3.3 General Global Shared Attention

Though the classic Transformer model employs an encoder-decoder struc-
ture, consisting of stacked encoder and decoder layers, in this work, we only
consider the self-attention without giving concern to the encoder-decoder

attention since our work focuses on a sequence self-modeling process. To



Figure 1.3: A global Shared-Private multi-head attention scheme for multi-
task learning.

exploit the shared information between di erent tasks, the general global
shared attention architecture consists of private (task-speci c) encoder lay-

ers and a shared (task-invariant) attention layer. The shared multi-head
attention layer captures the shared information for all the tasks. In this
architecture, the source time series is modeled by task-speci ¢ stacked
self-attention based encoders. More formally, given an input time series
sequence x(M =(x;;%; ;X)) from a random selected task m, the shared
attention information output ™ =(s;;s; :sn) from the public multi-head

attention layer is de ned as

s™ = MultiheadAttention  ghared X(™) (1.5)

where s 2 R%. Simultaneously, the task-speci ¢ attention output z(km) =

(z1;22; ;z,) of multi-head attention from the kth encoder layer is computed

10



as

2™ = MultiheadAttention 1 (z™,) (1.6)

where z(km)1 is the output of the (k 1)th encoder from task m. The shared

attention values and private values are then arranged in concatenated
manner. The task-speci ¢ encoders take the output of the shared layer as

input. The attention output from kth encoder layer is updated as
2 3

.
(m)
Z

Am = §% £ wo (1.7)
sm

where WO 2 R(G+d) 0 j5 g parameter matrix that computes the weighted
average information on a combination of both shared attention and private
attention. This also helps align the outputs as the same dimension with our
target sequences. The output is then fed into a fully connected feed-forward
network (FFN) just as the original Transformer does. See Fig. 1.3 for the

illustration of a general global attention sharing scheme.

1.3.4 Hybrid Local-global Shared Attention

Di erent from the general global attention sharing scheme, a hybrid
local-global shared attention mechanism can make all tasks share a global
attention memory, but can also record task-speci c information besides
shared information.

More generally, given an output sequence zf(m) =(z;2; ;z, fromthe kth
encoder layer for a random task  m. The output will be fed back into the

shared multi-head attention layer de ned as
s ateq= MultiheadAttention  sparedz™) (1.8)

11



Again, the shared attention values and private outputs are arranged in
concatenated manner and fed into the next encoder layer. The multi-head

attention output from  (k+ 1)th encoder layer is nally as

2 3
(m
Z™ = MultiheadAttention (3 o £) (1.9)
Supdated

By recurrently feeding outputs from task-speci ¢ encoders to the shared
multi-head attention layer, this attention sharing architecture can enhance
the capacity of memorizing while general global shared attention enables
the information owing from di erent tasks to interact su ciently. Fig. 1.4
and Fig. 1.5 clearly describe the two attention sharing architectures and

illustrate the di erence.

Figure 1.4: General global attention sharing architecture.

Figure 1.5: Hybrid attention sharing architecture.

12



1.4 Experiments

In this section, we investigate the empirical performances of our proposed

architecture MTL-Trans on the following multi-task real-world dataset.

1.4.1 Dataset Description

TRA-MI This tra c dataset was published by Telecom ltalia ! and it
contained network measurements in terms of total cellular tra ¢ volume
obtained from Milan city in Italy, where the city was partitioned into 100
100 grids of equal size 235m 235m. The measurements were logged over
10-minute intervals between 1 Nov 2013 and 1 Jan 2014. Interestingly,
each divided area is regarded as an independent task while there are also
some hidden connections between each area. As an example, region A
and region B are geographically adjacent which means these two areas
are somehow related, such as sharing similar geographic information or
municipal resources. If our proposed model can learn the similarity between
di erent tasks, there is no doubt it will enhance the generalization ability to
forecasting other related tasks even without pre-training it. For computing
e ciency, we geographically merge all the small grids into 10 regions as
10 di erent tasks. Each region contains 1000 samples and naturally be

marked as Task #1, Task #2, etc.

1.4.2 Benchmarks

We extensively compare MTL-Trans to a wide range of models for time
series forecasting. Hyperparameter optimization is conducted using random

search over a pre-de ned search space, using the same number of iterations

Lhttps://dandelion.eu/datamine/open-big-data/
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across all benchmarks for the same given dataset. Speci cally, for single-

task learning, the methods in our comparative evaluation are as follows.

A

LSTM [49] Recurrent neural network with two-layer hidden long-short

memory units and dropout applied.

Seq2Seqg-Attn  [9,127] Sequence to sequence network is a model con-
sisting of two RNNs called the encoder and decoder. The encoder reads
an input sequence and outputs a single vector, and the decoder reads
that vector to produce an output sequence. Additionally, attention

mechanism is applied.

DeepAR [114] Auto-regressive RNN time series model which consists
of an LSTM that takes the previous time points and co-variates as

input for next time step.

DSSM [109] Deep state-space model is a probabilistic time series
forecasting approach that combines state-space models with deep
learning by parameterizing a per-time-series linear state-space model

with a jointly-learned recurrent neural network.

For multi-task learning, we compare our proposed approaches with the

RNN-based generic sharing schemes.

N

SSP-MTL [81,82] An LSTM-based multi-task sequence learning model
with a shared-private sharing scheme by stacking hidden states from

di erent tasks.

For the single-task learning methods above, we trained each model on each

task independently. All the models forecast one-time step forward with a

consistent historical horizon.

14



1.4.3 Evaluation Metrics

These methods are evaluated based on three commonly used metrics in

time series forecasting, including:

" Empirical Correlation Coe cient (CORR)

)

o N ~
at:l yt

O

CORR= ¢ — (1.10)
Al % ¥° ali(n 9
" Root Mean Squared Error (RMSE)
" #1=2
o N ~ 2
RMSE= E M (1.11)
" Symmetric mean absolute percentage error (SMAPE)
o n i .
smapg= 100%g % W (1.12)

0 & i+ i) =2
where V; is the ground truth value and y; is the forecast value.

1.4.4 Training Procedure

We patrtition all time series of all tasks into 3 parts in chronological order

a training set (60%) for learning, a validation set (20%) for hyperparameter
tuning, and a hold-out test set (20%) for performance evaluation. All time
series have been preprocessed by applying Min-Max normalization such
that all the values range from -1 to 1. Hyperparameter optimization is
conducted via random search, using 50 iterations. Additionally, we use

AdamW optimizer [83] with learning rate decay strategy applied: the learning
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rate of each parameter group decayed by gamma g every pre-de ned steps 2.
Full search ranges for all hyperparameters are below, with optimal model

parameters listed in Table. 1.1.

" Shared and each task-speci c embedding dimension 16, 32, 64,

128
" Number of heads 2,4,8
" Number of encoder layers 1,2,3,4,5,6
" Dimension of feed-forward layer 128, 256, 512, 1024
" Dropout rate 0.1, 0.2,0.3,0.4, 0.5, 0.7, 0.9
" Mini-batch size 32, 64, 128, 256
" Learning rate 0.0003, 0.003, 0.03
Max. gradient norm 0.01, 0.7, 1.0, 100.0
" Learning rate decay rate 0.80, 0.95, 0.99
" Decay step size 1.0, 5.0, 10.0

Following [23, 81], the training is achieved in a stochastic manner by

looping over tasks:
1. Randomly select atask m.
2. Train a consecutive mini-batch b of samples from this task m.

3. Update the parameters for this task by gradient backward with respect

to this mini-batch  b.

2All the experiments were done by using Pytorch library.
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4. Go to Step 1.

Across all training process, all task-speci ¢ models were trained on the
same single NVIDIA Tesla P100 GPU, and can be deployed without the need

for extensive computing resources.

1.4.5 Loss Function

Both global-shared attention architecture and hybrid architecture are
trained by minimizing the squared L2 norm loss [75], summed across all
outputs:

In=(% Yn)? (1.13)

where N is the batch size. x and y are sequences of arbitrary shapes with a

total of n elements each.

TRA-MI
Dataset Details
Target Type R
Number of Tasks 10
Network Parameters
Embedding Dimension 32
Number of Heads 4

Number of Encoder Layers 2

Dimension of FFN 128
Dropout Rate 0.1
Training Parameters

Mini-batch Size 64
Learning Rate 0.0003
Max Gradient Norm 0.7
Learning rate decay rate 0.95
Decay step size 1.0

17

Table 1.1: Information on dataset and optimal training con guration.




Figure 1.6: Predicted time series of nine randomly selected samples from
di erent tasks with the same historical horizon as 15 hours and forecast
window as 10 mins on test set.
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. Single-Task Multi-Task MTL-Trans (ours)
Task Metrics D
LSTM Seg2Seq-Atth DeepAR DSSM  SSP-MTL  Global Local-Global
CORR  0.7108 0.8005 0.8536 0.8640 0.8885 0.9045 0.9049 +1.85 %
#1 RMSE 0.1138 0.1050 0.0986 0.0979 0.0952 0.0937 0.0934 +1.82 %
sMAPE 16.20 % 14.91 % 13.92% 13.96%  13.50 % 13.22 % 13.17 % +2.46 %
CORR 0.6781 0.7673 0.8149 0.8248 0.8492 0.8628 0.8623 +1.61 %
#2 RMSE 0.1279 0.1176 0.1102 0.1105 0.1068 0.1044 0.1046 +2.25 %
SMAPE 14.66 % 13.45% 1253% 1251% 1217% 1196 % 11.96 % +1.74 %
CORR 0.6967 0.7784 0.8392 0.8418 0.8679 0.8836 0.8835 +1.81 %
#3 RMSE  0.1129 0.1041 0.0977 0.0966 0.0941 0.0925 0.0931 +1.77 %
SMAPE 24.88 % 22.76 % 2131 % 21.44% 20.72% 20.31 % 20.36 % +2.00 %
CORR 0.7339 0.8301 0.8882 0.8901 0.9211 0.9390 0.9392 +1.96 %
#4 RMSE  0.1488 0.1354 0.1276 0.1278 0.1236 0.1211 0.1205 +2.50 %
SMAPE 83.24 % 76.10 % 71.75% 71.68%  69.42 % 68.16 % 68.15 % +1.83 %
CORR 0.7585 0.8575 0.9183 0.9242 0.9489 0.9638 0.9646 +1.65 %
#5 RMSE 0.1134 0.1045 0.0980 0.0974 0.0948 0.0929 0.0921 +2.81 %
SMAPE 51.84 % 47.89 % 4490% 4484% 43.34% 42.48 % 42.03 % +3.02 %
CORR 0.6775 0.7618 0.8149 0.8199 0.8457 0.8587 0.8593 +1.61 %
# RMSE  0.1635 0.1493 0.1405 0.1394 0.1356 0.1331 0.1330 +1.98 %
SsMAPE 70.18 % 64.76 % 60.65 % 60.15%  58.63 % 57.31 % 56.89 % +2.98 %
CORR 0.7572 0.8523 0.9131 0.9149 0.9444 0.9593 0.9580 +1.58 %
#7 RMSE 0.0728 0.0667 0.0628 0.0626 0.0608 0.0594 0.0602 +2.37 %
SMAPE 7.98 % 7.32% 6.89% 6.88% 6.67 % 6.52 % 6.69 % +2.30 %
CORR 0.5364 0.6001 0.6454 0.6494 0.6679 0.6814 0.6785 +2.01 %
# RMSE  0.1051 0.0972 0.0910 0.0902 0.0880 0.0865 0.0868 +1.77 %
SMAPE 9.75 % 8.99 % 840% 8.41% 8.15% 7.97 % 7.99 % +2.28 %
CORR 0.6369 0.7144 0.7659 0.7726 0.7969 0.8107 0.8111 +1.78 %
#9 RMSE  0.1865 0.1712 0.1606 0.1602 0.1558 0.1533 0.1532 +1.70 %
SMAPE 53.70 % 48.84 % 46.29% 4576% 4461% 43.70 % 43.85 % +2.03 %
CORR 0.6457 0.7258 0.7706 0.7785 0.8035 0.8231 0.8227 +2.44 %
#10 RMSE 0.1711 0.1571 0.1472 0.1468 0.1432 0.1399 0.1404 +2.28 %
SMAPE 33.79 % 30.92 % 29.00% 28.90%  28.04 % 27.42 % 27.37 % +2.40 %

Table 1.2: Model performance of two proposed attention sharing schemes
against state-of-the-art neural models on

mance in boldface.

TRA-MI
D represents the improvements compared to SSP-MTL.
Experiments on all tasks are with the same historical horizon as 15 hours
and forecast window as 10 minutes. Our proposed MTL-Trans consistently

dataset. Best perfor-

outperform all benchmarks over the variety of tasks and metrics.
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Figure 1.7: Loss decrement against training steps among three architec-
tures.

1.4.6 Main Results

We compare our proposed two architectures with a wide range of base-
lines for both single-task forecasting and multi-task forecasting. Table. 1.2
summarizes the forecasting performance of our proposed method through
three evaluation metrics. Our proposed MTL-Trans architectures signi -
cantly outperform all benchmarks over the variety of metrics and tasks.
Moreover, the multi-task frameworks (SSP-MTL & ours) that jointly train
the data outperform the single-task training framework as the model perfor-
mance consistently tells. It demonstrates the shared information scheme
across tasks can enhance modeling ability and capture both similarities
and di erence between tasks that nally bene ts the model. With the help
of the shared attention layer, the performances of all tasks by our proposed
methods are signi cantly improved roughly around 2% across all metrics
compared to the LSTM-based architecture SSP-MTL. This consistent im-
provements demonstrate the long term dependency modeling capability of
the self-attention mechanism. Moreover, the two di erent attention sharing

schemes share the winning tickets since the global sharing scheme performs
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better on Tasks 2, 3, 7, 8, 10 while the other one performs better on the rest
tasks. As we described in section 1.3, for tasks with highly similar patterns,
a general global attention memory might be more suitable since consistent
global attention helps capture the similarity and backward this information
to each speci c task more e ciently. For tasks with more inconsistent pat-
terns, a local-global attention sharing scheme might be more appropriate
because it can also record task-speci ¢ information besides globally shared
information which can diversify each task-speci c pipeline.

Fig. 1.6 shows some predicted time series by local-global sharing archi-
tecture. The predicted curve almost coincides with the groundtruth which
further demonstrate the model's predictive capability. Fig. 1.8 further
shows the good predictive ability of our proposed model as the simulated

forecasting based on partial real data maintains the original pattern well.

Figure 1.8: Simulation test on future prediction based on real data.

1.4.7 Ablation Analysis

One intuitive question is that what if we only train each task-speci c
transformer encoder separately instead of sharing public multi-head atten-
tion? If we tune the hyperparameter of each task-speci c model (As an ex-

ample, increase the number of heads, deepen the encoder layers, etc.) such
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that they own similar amount of model parameters to the shared-attention
scheme, removing the performance gain induced by model complexity, will
they perform better than our shared attention model? Fig. 1.7 tells us
the answer by showing the loss decrement against training steps among
three architectures global sharing scheme, hybrid local-global sharing
scheme, and pure paralleled transformer encoders without sharing infor-
mation. The fastest for loss descent is by local-global attention sharing
scheme followed by the global attention sharing scheme and they eventually
converged together. Compared to the shared attention architecture, the
loss of pure encoders without sharing information drops more slowly, and
the nal result is not as good as the others which again demonstrates the
e ectiveness of sharing paradigm in multi-task learning.

To further illustrate the e ectiveness of MTL-Trans in modeling the

multi-task time series data, we summarize the following reasons:

A

First of all, there are similarities between all related tasks and one
fundamental mission in multi-task learning is to nd these similarities

out and take further advantages of them to benet in solving other
unseen tasks. The shared attention captures the similarity between
di erent tasks and feedback on all related tasks. This is the main
reason why this shared attention architecture can outperform naive

models.

Self-attention mechanism is the second hero that helps to make this
happen. As we have discussed in section IV, the essence of the
self-attention mechanism is a soft-addressing process. Our shared
multi-head attention plays an important role that helps to record
this query-key pairwise addressing information that can bene t other

unseen tasks under the hypothesis that similar tasks share similar
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self-addressing information.

1.5 Conclusion

In this paper, we presented a shared attention-based architecture with
two di erent sharing schemes for multi-task time series forecasting. By
setting an external public multi-head attention function for capturing and
storing self-attention information across di erent tasks, the proposed ar-
chitectures signi cantly improved the state-of-the-art results in multi-task
time series forecasting on this multi-resource cellular tra ¢ dataset TRA-
MI . With ablation analysis and empirical evidence, we show the e ciency
of the proposed architecture and the essence of why it succeeds. For future
work, we will investigate the following two aspects: (1) applying the proposed
model to other sequence modeling tasks such as machine translation; (2)
developing other attention sharing schemes to further enhance the predic-
tive ability; (3) nding another way or architecture that computes the shared
multi-head attention more e ciently, e.g. the time and memory complexity
of computing a multi-head self-attention function would cost O(L?) where
L is the length of input sequences. It could be hard to compute when the

sequence length is very long or the computational power is limited.
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Chapter 2:  Learning Sharing Schemes via Task Clustering

2.1 Moativation

In recent years, the Internet of Things (loT) has made rapid progress,
becoming one of the most essential and promising technological topics [25].
Billions of connected devices generate massive data and further bring many
novel applications that can change human life [26]. The data collected from
loT devices have played an indispensable role in modern society. Analyzing
these data appropriately can bring considerable socio-economic bene ts
such as target-advertising based on accurate prediction of cellular tra c
data, real-time health status monitoring and early warning based on the
forecasting of heartbeat data from kinds of sensors, and underground
passenger volumes prediction to avoid peak travel risks, and so on [167].

The data produced by the 10T devices are usually time series, which is
the sequence of values of a variable over time. Time series data are highly
structured, characterized by intense and complex dependencies among the
outputs at di erent timestamps. How to forecast time series values based
on historical values is always an attractive and vital task. The accurate
forecasting in time series data, especially the multi-step time series forecast-
ing, can help operators make decisions or important plannings, drawing
the researcher's interests for many years, for example, the autoregressive
integrated moving average (ARIMA) approach [45] and some exponential
smoothing methods [135]. Besides, kinds of e cient deep learning-based
models have been proposed for time series forecasting recently. For instance,
WaveNet [103] proposed an auto-regressive neural network based on causal

convolutions to generate time series speech audios. DCRNN [77] proposed
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Figure 2.1: Cellular tra c time series datasets from multiple sources show
spatial similarities and di erences.

a deep learning framework for tra ¢ forecasting of road networks incor-
porating both spatial and temporal dependency in the time series tra c
oWw.

In real-world scenarios, multiple time series datasets might be collected
from multiple sources, in which the data statistics might be quite di erent.
For example, in the cellular tra c forecasting problem, as shown in Fig.
2.1, the cellular base stations are densely deployed in several di erent
urban areas, which show spatial similarities and di erences. In detail, base
station 1 and base station 4 have similar tra c patterns due to geographical
proximity, while showing large di erences from the tra c pattern of other
base stations. When forecasting the future tra ¢ of one speci ¢ important
base station, one solution usually built a general model based on data
collected from all base stations. However, the general model's performance

based on the tra c data from all base stations with quite di erent fore-
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casting patterns can be hindered. Another solution might apply time series
forecasting model for each base station separately. However, the amount of
acquired data from each base station might be restrained due to failure or
privacy reasons, which may decrease separate training models' performance
because of the shortage of training instances. Therefore, how to make a
trade-o between similarities and di erences of all base stations is vital
Along this line, few existing works adopted the idea of multi-task learning to
eliminate the di erences of multiple data sources [154,170]. However, the
existing multi-task time series forecasting models usually assumed all tasks
should be related to each other, ignoring the extent of relatedness among
tasks, which can identify commonalities among tasks and simply allows
similar tasks to share knowledge. Base stations with similar tra ¢ patterns
can be grouped into one cluster. By learning each base station's forecasting
model jointly, similar base stations can share parameters. Accordingly, the
performance of each forecasting model can be improved.

In this paper, we propose a multi-task multi-step time series forecasting
model based on variational autoencoders (VAE) with Dirichlet process prior.
We rst formulate the multi-step time series forecasting problem using
the sequence-to-sequence model, where the historical time series values
denote the source sequences, and the future time series values indicate the
target sequences. We then propose a VAE based framework to capture the
variability in the highly structured time series data in each task. Notably, we
adopt an attention layer in the decoder to enhance the performance. Finally,
we place a much richer prior distribution to the latent representations
in the VAE framework, which can automatically cluster multiple tasks to
consider the di erent tasks' di erences and similarities. Similar tasks can

be grouped together, which can share the same parameters. The main
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contributions of this paper are summarized as follows.

" We formulate the multi-task multi-step time series forecasting problem.
Within each task, a variational autoencoder (VAE) framework is pro-
posed to map historical time series sequences to latent representations.
Then future time series sequences are constructed based on the latent

representations.

We place a Dirichlet process prior on the latent representations of all
tasks. Dirichlet process prior is a much richer prior compared with
traditional VAE setting, which aims to cluster similar tasks automati-

cally.

We implement the multi-task multi-step time series forecasting model
and evaluate its performance using two real-world datasets. We con-
duct extensive experiments to compare the proposed model with the
existing time series forecasting algorithms. It is shown that the pro-
posed model performs the best in terms of a variety of performance

metrics.

2.2 Literature Review

Time series forecasting. Time series forecasting is a fundamental re-
search problem, which can bene t many applications such as resource allo-
cation and optimization in loT, business planning, weather forecasting [151].
Traditionally, vector autoregressive model (VAR), ARIMA, support vector
regression (SVR) approach [120], and holt-winters exponential smoothing
method [135] were widely used for time series forecasting. In recent years,
various kinds of e cient deep learning-based models were proposed for

time series forecasting. DCRNN [77] proposed a deep learning framework
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Figure 2.2: The overview of the proposed multi-task multi-step time series
forecasting model.

for tra c forecasting of road networks incorporating both spatial and tem-
poral dependency in the time series trac ow. DeepAR [115] estimated
a time series' future probability distribution given its past by training an
autoregressive recurrent neural network model. As mentioned before, the
time series datasets might be collected from multiple sources with high vari-
ations, in which the data statistics are quite di erent. Up to now, few works
have adopted the idea of multi-task learning to eliminate the di erences
of multiple data sources [154,170]. However, the existing multi-task time
series forecasting models usually assumed all tasks should be related to
each other, ignoring the extent of relatedness among tasks, which is the
focus of our work.

VAE for sequence models. Deep generative models have drawn many
researchers' interests in recent years [40, 56, 66]. Variational autoencoder
(VAE) [66] is one kind of deep generative models, which combines the in-
terpretability of the variational Bayesian methods with the scalability of
the neural network. VAE-nCRP [41] proposed an unsupervised learning

framework to combine nonparametric priors with VAESs, in which the data
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was embedded into a latent space with a hierarchical structure. Yoo et
al. [162] proposed a variational autoencoded regression method for high di-
mensional visual output. SB-VAE [101] proposed a Bayesian nonparametric
version of VAE that has a latent representation with stochastic dimension-
ality. However, none of the mentioned models can be applied in multi-task
learning. Along this line, in this work, we propose a VAE based multi-task
learning framework to map source time series sequences to target time
series sequences within each task to capture the long-term dependencies

in both source sequences and target sequences.

2.3 Problem description

Given a dataset D = ff Xmn; ymngng“lgjm:l with multiple sequence tasks, M
denotes the number of tasks, Nm means the number of instances in m-th

task, Xmnisthe n-th samplein m-thtask. In multi-step time series forecasting,

Xmn = fxtr%m; i ;x‘r%ng could be historical observation values with length s, and
Ymn= fyt,%nl; 11 Ymn g means the future time series sequence with length S

corresponding to  Xnn. Hence, the goal of the multiple multi-step time series
forecasting tasks is to learn a function that maps observation sequence
fxmnir'\]';“lgjr'\f,:l to future sequence fymrﬂwgnlgjr'\f,:l: f(Xmn) ! Ymnjointly by utilizing

the latent similarities among the tasks based on multi-task learning.

2.4 Model description

In this work, we propose a multi-task sequence-to-sequence model based
on VAE framework to characterize the strong and complex dependencies
among the output variables at di erent timestamps. The overview is shown

in Fig. 4.1. Similar with the traditional VAE framework, within each
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Figure 2.3: The details of the variational autoencoder model within one
task.

task, the proposed multi-task multi-step time series forecasting model
includes two parts: the encoder, and the decoder. The encoder can encode
the input sequence X into latent representations Znn, Which can capture
the variations on the observed variables. Then the decoder outputs the
corresponding sequence according to the latent representations. Besides,
since tasks might be highly correlated or similar, and knowledge in one task
could be helpful in another similar task, the performance of multiple tasks

can be improved by learning them jointly. Based on this, our proposed
multi-task multi-step time series forecasting model contains a clustering

part, which can group similar tasks together to enhance the performance.

2.4.1 VAE framework

Preliminaries.  In VAE framework, from a perspective of generative model,

the likelihood of the n-th data pointin  mth task can be represented as [10]:

109Pg (Yim) B, 4 (g 11001 BEG] = E; g (s [109 P (YmriZ)] - Dt (6 (Z%mn)jj Pa(2)
(2.1)

30



in which the variational distribution Or (Zxmn) IS utilized to approximate the
posterior distribution Pq(Ymn2), since pg(ymn2) does not have an analytic
form which makes the inference intractable. VAE usually models Pq(Ymni2)
and o (Zxmn) using highly non-linear approximator such as neural network.

The encoder models the distribution 0r (Zxmn) Which encodes the input into

latent representations. While the decoder models Pq(Ymni2) which constructs
the outputs based on the latent representations. ff m;gmg are parameters
of encoder and decoder respectively. In addition, p(2) denotes the prior

distribution over the latent random variables. Di erent from the use of
Gaussian distribution in traditional VAE, we utilize Dirichlet process prior
for z in order to cluster tasks automatically, which is one contribution of
our work.

Encoder network. According to the theory of the VAE [66], Ot (ZmrXmn)
is usually assumed to follow a Gaussian distribution. Given an input time
sequence Xmn, the encoder can produce the parameters [Mhnn; Smn] Of the
Gaussian distribution over the latent representation Zmn- In our work, the

details of the variational distribution are shown as follows:

0 (ZniXmn) N (Min; Smn); [Minn; Smnl = ENA(Xmn) (2.2)

Since Xxmp are time series sequence data, we utilize LSTM netowrk as the
basic encoder, which can capture long term dependencies of time series
data well [167]. As shown in Fig. 2.3, within each task, the encoder network
includes two kinds of layers: input layer and a two-tier LSTM layer. Within
the input layer, the input at each timestamp is the time series value.

Decoder network. We denote pg(Ymniznn) using the decoder network,

which can generate ymn based on the latent representation Zon.  Similar
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Figure 2.4: The generative process of prior distribution of yA

with the encoder, we utilize a two-tier LSTM network as the decoder. As
depicted in Fig. 2.3, within each task, the input of the decoder network
at each timestamp is the concatenation of the following three parts: (1)
latent representation  znp; (2) the output of the previous LSTM cell, which are
traditional settings in training of the seq2seq models [153]; (3) we introduce
an attention layer to allow the decoder to attend to di erent parts of the
input sequence by looking at the history of encoder outputs. Therefore,
the third part is the weighted attention of the entire history of encoder
outputs [10], which is shown in the following equations.

expWe i+ Bfn)

hin= K(Whisn+ bin)ibfs, =
mn ( mn''mn mn) mn ésexqwn%nh}*%n‘i' brznn)

(2.3)

where k() is the activation function, b/ refers to the importance of which
part in the input sequence, and hn= &shlshis,, denotes the weighted fusion
of the entire encoder outputs. By feeding the above inputs into the two-tier
LSTM nAetwork,Athe decoder can generate the future time series sequence

data fylg! s gwith length s .
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2.4.2 Multiple tasks clustering

As shown in Fig. 4.1, in addition to the encoder and decoder network,
the proposed model can cluster multiple tasks automatically. We achieve
this by place a much richer prior for the latent representations Z, namely
the stick-breaking view of the Dirichlet process [53], which is quite di erent
from the traditional VAE setting for the prior distribution of z with zero
mean Gaussian distribution [66]. The graphical model is shown in Fig. 2.4.
Each cluster has a parameter vector  wy depending on a parameter vector
sampled from constant values. We utilize the stick-breaking process to draw
an indicator vector sy, whose values are all-zero except that  k-th value is
one if task m belongs to cluster k. The number of clusters can be in nite
according to Dirichlet process theory. Then the latent representation Znn Of
the n-th instance in the m-th task can be drawn from a distribution with
parameters ws,. The details of the generative process can be found in Alg.
1, and the variational inference is shown as follows.

Variational inference. The estimation of the parameters on the stick-
breaking Dirichlet process prior is usually based on the variational infer-
ence [155]. This is because it is usually di cult to calculate the posterior
distributions which are lack of analytic forms in most cases, the variational
inference can introduce a variational distribution g to approximate the
corresponding posterior distribution p [60]. The distribution g and p are
assumed to have the same distribution type but with di erent parameters.
Therefore, the posterior distributions can be transformed to an optimization
problem by minimizing the Kullback-Leibler (KL) divergence between the
posterior distribution p and the corresponding variational distribution g.

According to the Bayesian non-parametric setting and the mean- eld ap-

proximation [155], the variational distribution g is assumed to be factorized
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Algorithm 1 The generative process of the prior distribution of z

1: Draw Vg independently from Beta distribution Betgdl;a), k=1, ;¥.
k 1

2 pk=wO (1 w), k=1 ¥
i=1

Draw m from Gaussian distribution N (m);SSI).
Draw wy independently from Gaussian distribution N (m ;SZI), k=1, ;¥.

5. for each task mdo

6 sm  Mult(l;p1;  py).

7. for each instance nintask mdo

8: Draw z,, independently from Gaussian distribution N (ws,;S2l)
9: end for

10: end for

with each factorized component in the exponential family:

K K N
q(vw;s) = O a(v) O d(wi) O a(sm) (2.4)
k=1 k=1 m=1
in which the variational distribution d(vk) are Beta distributions with pa-

rameter (ouk; Qk). For each cluster k, the parameter vector wy is distributed
as q(wyx) N(m; Sﬁl). For latent representation  zyp, the cluster assignment
variable sy is distributed as q(sm) Mult(sy), where the dimension of sy is
equal to the number of clusters. Similar with literature [15], we adopt the
truncated stick-breaking process, in which K denote the truncation level.

Table 2.1: Results of forecasting by di erent approaches on TRA-MI dataset
using MAE and RMSE as metrics.

10 h - 10 mins 10h-1h |10h-2h | 15h- 10 mins 15h-1h |15h-2h | 20 h- 10 mins 20h-1h |20h-2h | Mean value

VAR MAE 0.3598 0.3309 0.3069 0.2389 0.2473 0.3230 0.3289 0.4432 0.5297 0.3436
RMSE 0.6264 0.5825 0.5432 0.4086 0.4129 0.5581 0.5723 0.7243 0.8837 0.5857

NPTS MAE 0.3159 0.2574 0.2302 0.3003 0.2245 0.1730 0.2039 0.1546 0.1442 0.2227
RMSE 0.3294 0.2815 0.2647 0.3184 0.2528 0.2085 0.2245 0.1842 0.1630 0.2474

GP MAE 0.1449 0.1411 0.1772 0.1520 0.1444 0.1968 0.1537 0.1487 0.1980 0.1619
RMSE 0.1693 0.1904 0.2427 0.1736 0.1826 0.2665 0.1774 0.1949 0.2691 0.2074

ENN MAE 0.1266 0.1461 0.1788 0.1246 0.1475 0.1810 0.1254 0.1496 0.1797 0.1510
RMSE 0.1540 0.1773 0.2125 0.1514 0.1795 0.2156 0.1519 0.1820 0.2131 0.1819

DeepAR MAE 0.1207 0.1542 0.1287 0.1288 0.1073 0.1629 0.0956 0.1153 0.1597 0.1304
RMSE 0.1429 0.1885 0.1659 0.1502 0.1385 0.1944 0.1103 0.1488 0.1991 0.1598

Bi-LSTM MAE 0.0834 0.1287 0.1707 0.0829 0.1218 0.1683 0.0830 0.1301 0.1583 0.1252
RMSE 0.1103 0.1620 0.2112 0.1096 0.1531 0.2069 0.1093 0.1631 0.1954 0.1579

MMVAE MAE 0.0854 0.1069 0.1284 0.0849 0.0997 0.1268 0.0957 0.1075 0.1302 0.1073
RMSE 0.1125 0.1389 0.1648 0.1121 0.1207 0.1627 0.1199 0.1400 0.1623 0.1371
Estimation of the parameters of d(vk) : In order to estimate the pa-
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Table 2.2: Results of forecasting by di erent approaches on METR-LDN
dataset using MAE and RMSE as metrics.
10 h - 15 mins 10h-1h |10h-2h | 15h- 15 mins 15h-1h |15h-2h | 20 h- 15 mins 20h-1h |20h-2h | Mean value
VAR MAE 0.8042 1.7248 1.7500 0.9947 3.3388 3.5327 0.9188 2.1250 2.6846 2.1337
RMSE 1.9094 3.3938 3.5841 2.7132 6.0341 6.7518 2.2668 4.4295 5.3229 4.3120
NPTS MAE 0.6539 0.7162 0.8269 0.8109 0.8459 0.8929 0.7685 0.7830 0.7805 0.7865
RMSE 0.7017 0.7695 0.8908 0.8672 0.9041 0.9566 0.8194 0.8359 0.8371 0.8425
GP MAE 0.1673 0.1809 0.5187 0.1919 0.2128 0.5370 0.3023 0.3144 0.6406 0.3466
RMSE 0.1876 0.2057 0.5671 0.2023 0.2320 0.5800 0.3129 0.3283 0.6841 0.3667
ENN MAE 0.1099 0.2594 0.4730 0.1026 0.2468 0.5103 0.0818 0.1813 0.3514 0.2574
RMSE 0.1328 0.3190 0.6008 0.1237 0.2995 0.6276 0.1018 0.2236 0.4289 0.3175
DeepAR MAE 0.0988 0.1158 0.3065 0.0545 0.1445 0.3237 0.0575 0.1418 0.5420 0.1983
RMSE 0.1027 0.1424 0.3376 0.0673 0.1681 0.3596 0.0754 0.1821 0.5890 0.2249
Bi.LSTM MAE 0.0532 0.3593 0.4209 0.0404 0.1698 0.6548 0.0577 0.4177 0.5158 0.2988
RMSE 0.0679 0.3309 0.4937 0.0632 0.1960 0.7357 0.0799 0.4748 0.5900 0.3369
MMVAE MAE 0.0492 0.1049 0.2721 0.0343 0.1350 0.2385 0.0533 0.1069 0.2976 0.1435
RMSE 0.0669 0.1345 0.3209 0.0403 0.1548 0.3377 0.0704 0.1535 0.4110 0.1878

rameter (gu; k) of the variational distribution

corresponding posterior distribution

in which

ad(vk), we rstly derive the

p(vjs;a) in exponential family:

M
p(wis,a) u & . P(smivi) P(vida ) W expf
me=

M
& (I[sn>K+a 1)log(l vi)+ I[smn= Kllogvg
m=1

I[]is an indicator function,

(2.5)

M denotes the number of tasks. In

variational inference framework, the parameters

distributions

(cuk; ) of the variational

posterior distribution under the variational distribution [15]. Therefore,

(chk; k) can be calculated:

M
Gk = 1+ Egl(sn= k)= 1+ & s
m=1

MoK
bk=a+ a a Sm
m=1j=k+1

Estimation of the parameters of

posterior distribution of

g(vk) equal to the expectation of the natural parameter of the

(2.6)

d(sm) : Similarly, the derivation of

Sm can be written:

P(SjV; W 2) 1 P(S,V)

N .
(_) P(Zmni Smy W)

1

As mentioned in the generative process in Alg. 1,

2.7)

Sm is drawn from multi-

nomial distribution, therefore, the corresponding variational distribution
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d(sm) has the same distribution type with parameter Sn. The inference of sy

is shown as follows.

s, W expf Eqlogv; + ilél Eqlog(1 vj)+
=1 (2.8)
[(Zon ™) (Zon M)+ SAg

m

1

28

ﬁQ,)oZ

1

Eglogvi = Y (qui) Y (ohi+ @)

(2.9)
Eglog(1 vj)= Y(%j) Y(%j+ %))
where Y () is the digmma function, which denotes the rst derivative of the
log Gamma function.

Estimation of the parameters of g(wy) : Due to the variational inference
setting, the variational distribution g(w) follows the Gaussian distribution
a(wy) N(rrk;Sﬁl). According to the literature [41], the calculation of (mx; Sk)
can be written as follows:

M Nm

R

S s° 0% (2.10)
& s

1 -1 + ML

2T st e

2.4.3 Parameters learning

According to the theory of VAE, the goal of the proposed model is to
maximize the lower bound on the data log-likelihood function. Hence, given
a dataset D = ff Xmp; ymngjr'\]';*‘lgjmz 1, the variational lower of the  n-th data point

in mth task is
L (93 ) = B, g (g3 [109 Pg (Ymri2)]

Dk (0 (ZXmn)jj Pq(2)

(2.11)

Itis worth noting that  f means the parameters of the encoder LSTM network,

while ¢ includes two parts: the parameters of the decoder LSTM network
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fqmg{\r"':1 and the variational parameters updated in Sec. 2.4.2. For the
neural network parameters f and fgmg™.,, we utilize back-propagation
algorithm to update. While for the stick-breaking variational parameters,

we use equations Eqg. 2.6, Eq. 2.8, Eq. 2.10 to update.

In order to jointly learn the neural network parameters and the stick-
breaking variational parameters, we adopted alternating optimization strate-
gies [41]. In details, we rst x the stick-breaking variational parameters
and perform several steps of neural network parameters updating. Then
we X the neural network parameters and perform several steps of stick-
breaking variational parameters updating. The alternating optimization
strategies can allow the variational inference to utilize the increasingly ac-
curate latent representations to cluster di erent tasks, and the improved
clustering results to guide the encoder-decoder LSTM network to learn more

meaningful latent representations.

2.5 Experiments

Dataset description. We conduct experiments on two real-world datasets:
(1) TRA-MI was published by Telecom Italia and it contained network mea-
surements in terms of total cellular tra ¢ volume obtained from Milan city
in Italy, where the city was partitioned into 100 100grids of size 235m 235m.
The measurements were logged over 10-minute intervals between 1 Nov
2013 and 1 Jan 2014. (2) METR-LDN was published by T of UK govern-
ment including London Underground (LU) data for customer volumes and
movements in stations and train occupancy for a typical weekday. Data was
provided for every 15 minutes time period within four days. Both of these
two time series datasets contained linear and non-linear interdependencies.

Before testing our model, the  TRA-MI dataset is preprocessed by applying
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Min-Max normalization such that all the values ranging from 1to 1. Forthe
METR-LDN dataset, the Z-Score normalization is applied. Each time series
task in both datasets has been split into a training set ( 50%), validation set
(20%), and testing set ( 30%) in chronological order. In this prediction task,
each sub-region of the city is viewed as an individual task, and we predict

all the tasks simultaneously as a multi-task time series forecasting problem.

We conduct experiments for 5 trials for each empirical result and report the
average value over all tasks.

Baselines. We compare the proposed model with other widely used time
series forecasting models, including: VAR [45], NPTS [37], FNN, DeepAR [38],
Bi-LSTM [128].

Numerical results. On both datasets, we chose the best model evaluated
on the validation set using MAE and RMSE as the metrics for the testing
set. The numeric results are tabulated in Table 2.1 and Table 2.2. The
tables show the performance comparison of di erent approaches for di er-
ent observation horizons and future prediction windows on two di erent
datasets. Based on the results, we observe the following phenomenons from
both tables. (1) RNN-based methods generally outperform other baselines,
which emphasizes the importance of modeling the temporal dependency.

(2) MMAVE achieves the best performance regarding all the metrics for
most of the horizons on the rst dataset except for the single-step prediction
(10mins & 15mins). The proposed model outperforms all the other baselines
over all the horizons on the second dataset. Most of the models become
worse with the increment of both the observation horizon and forecasting
window, which indicates the di culty of modeling long-term time series
dependencies. (3) If we compare the results of 10h-15min and 15h-15min,

ve models (out of seven models) have better results when the observation

38



horizon increases from 10h to 15h. However, for both datasets, our model's
advantage tends to become more evident with the increment of the forecast-

ing horizon, which suggests our multi-task temporal modeling e ectiveness.

From Table 2.2, when the historical horizon lasts 15 hours and the predic-

tion window lasts 1 hour, the MAE di erence between DeepAR and MMVAE
is as low as 0:009 In comparison, the di erence between these two models
becomes 0:085 which is almost 10 times higher than before when the predic-
tion window increases up to 2 hours. Also, the MAE gap between MMVAE
and FC-LSTM has been widened 496 times when the prediction window
grows up to 2 hours from 15 minutes, and the observation window is 20

hours from Table 2.2. Comparing with the FNN, the proposed model also
exhibits superior performance. When the historical horizon is 15 hours and

the prediction window is 1 hour from Table 2.1, the MAE result di erence

is 0:0478while the di erence becomes  0:0542when the forecasting window

goes up to 2 hours, which is almost ~ 113%greater than the original.

Figure 2.5: Performance and hid- Figure 2.6: Performance and latent
den LSTM units dimensionality
Hyper parameters analysis. To investigate the in uence of di erent

hyper parameters that e ect the performance of our model, we conduct
experiments on following parameter variants: Number of hidden LSTM units
and Dimension of hidden latent space  znp.

Fig. 2.5 shows the forecasting performance under di erent number of
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hidden LSTM units. The model performance does not seem to be sensitive to
the hidden units dimension which might indicate our clustering mechanism
accelerates the learning convergence so that minimize the e ect caused
by other variants. In this case, we only need to pick the smallest number
of hidden LSTM units which is 4 so that our model can achieve the best
performance and converge fast.

Fig. 2.6 shows the forecasting performance under di erent dimension-
ality of hidden latent space represented by the dimension of the latent
representation znp,. When the other parameters are xed, decreasing the
dimension of latent representation can e ectively improve the model perfor-
mance especially when the hidden latent dimensionality is below 16. More
importantly, the forecasting performance becomes better and stabilize after
getting worse when hidden latent dimension goes up to 32. Overall, this
model reaches the best performance when the hidden latent dimension is
either the smallest such as 4 or around 32 The consistency of the trend for

both metrics demonstrates the credibility of our analysis.

2.6 Conclusion

Multi-step time series forecasting is a fundamental research problem
in many real-world scenarios. In this paper, we addressed the multi-task
multi-step time series forecasting problem, which was particularly suitable
to deal with the applications of training multiple highly correlated tasks
with limited amount of samples jointly. Within each task, a VAE framework
was proposed to map historical time series sequences to future time series
sequences through latent representations. Di erent from conventional VAE
setting, we placed a much richer stick-breaking Dirichlet process prior on

the latent representations of all tasks, in which similarities among tasks
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can be identi ed automatically and only similar tasks can be grouped
together to share knowledge. Extensive experiments based on two real-
world datasets showed that the proposed multi-task multi-step forecasting

model signi cantly outperformed the state-of-the-arts.
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Chapter 3:  ASM2TV: An Adaptive Semi-Supervised Multi-Task

Multi-View Learning Framework

3.1 Motivation

In loT mobile sensing world, with the rapidly growing volume of Internet-
connected sensory devices, the IoT generates massive data characterized by
its velocity in terms of spatial and temporal dependency [91]. The sensing
data collected from heterogeneous devices are multiple modalities, and multi-
task multi-view learning (M2TVL) provides a useful paradigm. For instance,
in human activity recognition (HAR), sensor monitoring data from various
on-body positions can be multi-view. For tra c control in the smart city,
tra c data can be collected from cars, road cameras, and counter sensors
on roads, where each data source represents a separate view. M2TVL
aims to improve e ciency and accuracy by learning multiple objectives
of tasks with multiple shared view features collected from diverse sources
simultaneously [17,48]. Compared with single-task multi-view learning,
the M2TVL paradigm can further improve the training e ciency and reduce
inference cost while promoting the generalization e ect [11,112,124,147]
by learning shared representations across related tasks and views.

When addressing M2TVL in mobile sensing problems, we encounter
several challenges. (1) Since both views and tasks can be either heteroge-
neous or homogeneous, one instinctive question is which views should share
across which tasks under what circumstances to avoid harmful interference
or negative transfer [61,122] and optimally reinforce the positive learning.
Most prior works [57,58, 84, 165] utilized soft-sharing constraints and con-

sidered each view separately by dividing the M2TVL problem into multiple

42



multi-task learning problems under di erent views while ignoring the more
ne-grained task-view-interacted relatedness . (2) Also, as the total number
of views and tasks grows, the computation cost proliferates, making the soft-
sharing scheme more computationally limited . (3) Moreover, obtaining labeled
data in the real mobile sensing world is costly, while the unlabeled data

is prevalent and easily accessible  [91]. Thus, a semi-supervised learning
approach is strongly preferred to utilize these unlabeled data adequately.

Along this line, we propose a novel semi-supervised multi-task multi-view
learning framework ASM2TV to address the above problems (see Figure
3.1). Considering computation e ciency, we inherit the spirit of the hard-
parameter sharing . Unlike previous M2TVL hard-sharing schemes, we
pre-de ne a set of commonly shared bottoms composed of hidden layers
for tasks across all views instead of designing speci c shared layers for
each view. The main idea is to learn an  adaptive gating control policy that
determines which shared block should be open-gated and others are closed
for any view across any task. In other words, the model can adaptively
learn what views across which tasks should share common knowledge via
the same block to gain the maximum positive transfer bene ts. We also
design a regularization term that encourages each view-speci ¢ function to
agree with the view-fusion function as much as possible. Considering most
sensor devices generate data continuously and intermittently, we devise a
gathering consistency adaption algorithm for semi-supervised learning on
fragmented time series. Based on a particular sampling strategy concerning
the temporal data characteristics, we further combine it with the consistency
training [8, 70, 110, 150] for unsupervised learning. Additionally, a task-
dependent uncertainty modeling strategy is applied to prevent unsupervised

loss from being trivial. The main contributions of our work are as follows:
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" We propose a novel multi-task multi-view learning framework ASM2TV
that automatically learns the sharing schemes across di erent views

and tasks to strengthen the positive learning.

We design a novel regularization term to enforce models built on every
view to agreeing with the view-fusion function, which further bene ts

the global optimization.

We devise the gathering consistency adaption algorithm combined with
a task-dependent uncertainty modeling strategy for semi-supervised
learning on fragmented time series. It exibly takes advantage of a large
amount of unlabeled data, making our ASM2TV a general framework

for a wide range of applications.

3.2 Related Work

Multi-Task Learning. MTL aims to improve the generalization and per-
formance by weighing the training knowledge among multiple tasks [166].
Traditionally, MTL can model the relationship structures among multiple
tasks, for example, the fully connected structure [31], tree structure [65],

or network structure [19]. Similar tasks can also be clustered to capture
the commonalities among tasks. For instance, Literature [155] proposed

a multi-task framework to cluster similar tasks automatically based on

Bayesian nonparametric approach.

Multi-Task Multi-View Learning. The research on multi-task multi-view
learning has attracted wide attention in recent years. GraM2 [48] proposed
a graph-based framework, in which an e ective algorithm was proposed

to optimize the framework. However, GraM2 can only deal with the non-
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Figure 3.1: An overview of our approach by comparing with other meth-
ods. For simplicity, we consider an M2TVL scenario with two tasks con-
sisted of three views each. Early M2TV methods use the soft-sharing (e.g.,
regMTMV) via controlling the similarity between functions built on top of
each view across each task. Recent methods such as DMTMV applies the
hard-sharing mechanism to share initial bottom layers across tasks under
every single view. However, these typical M2TV methods focus modeling
relationship on either tasks or views separately while ignoring the task-
view-speci ¢ relatedness. In our proposed ASM2TV, we design an adaptive
gating control policy that learns to determine which views across which
tasks should share information to maximize the positive transfer gain com-
bined with a new multi-view regularization based on the view-fusion block.
Also, we devise a novel gathering consistency adaption algorithm for semi-
supervised learning to take full advantage of unlabeled fragmented time
series.

negative feature values. The regMVMT [165] algorithm was proposed based
on the idea of co-regularization, assuming that di erent view of prediction
models should be consistent. Along this line, a more generalized algorithm
CSL-MTMV [57] was proposed based on the assumption that multiple
related tasks with the same view should be shared in the low-dimensional
common subspace. MAMUDA [58] was proposed for heterogeneous tasks,
in which the shared structure and task-speci ¢ structures can be combined
into a uni ed formulation. DMTMV [147] was a uni ed deep multi-task
multi-view learning framework including shared feature network, specic

feature network, and task network. Nevertheless, these methods assume
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independence among views and tasks, which is improper in many real-life
scenarios. Therefore, we aim to propose a new framework to address these

problems.

3.3 Adaptive Semi-Supervised Multi-Task Multi-View Learning

Given a set of T tasks with each task containing V di erent views, we
dene X 'V as the original inputs from  v-th view in t-th task. We aim to
seek an adaptive sharing scheme that best describes the internal task-view-
interacted relatedness [58,84] instead of investigating task-task or view-view
association. From the perspective of hard-sharing, we seek to know which
views should be shared across which tasks to optimally augment the positive
learning while avoiding the negative transfer [61,122]. The computation
e ciency for scalable M2TVL is also considered as we mainly target |oT

mobile computing scenarios.

3.3.1 Task-View-Interacted Gating Control Policy

Following the spirit of  hard-parameter sharing , we pre-de ne a set of
initially shared blocks (or shared bottoms) for any input from each view
and task to potentially execute or share across (see Figure 3.2). We use
a random categorical variable  Z'V that determinates whether blocks are
open-gated to any inputs X bV from the v-th view of the t-th task. It can
also be viewed as a soft-clustering process since similar representations
attempt to share across the same block (see Figure 3.4). As long as the
learned pattern produce positive feedback, di erent views across all tasks
would be encouraged to share with each other, making it no longer limited to
knowledge sharing under the same view. Inspired by [55, 90], we adopt the

Gumbel-Softmax Sampling technique to optimize our gating control policy
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jointly with the model parameters g through standard backpropagation.
Instead of constructing a policy network to form a speci ¢ policy for each
input mini-batch, we employ a universal learnable policy to make structural
decisions to evade the explosion of parameter complexity restricted by the

computation resources.

Gumbel-Softmax Sampling Trick. The sampling process of discrete data
from a categorical distribution is originally non-di erentiable, where typical
backpropagation in deep neural networks cannot be conducted. [55,90] pro-

posed a di erentiable substitution of discrete random variables in stochastic
computations by introducing Gumbel-Softmax distribution, a continuous
distribution over the simplex that can approximate samples from a cate-
gorical distribution. In our gating control policy with a total number of N
candidate shared blocks, we let  z"V be the gating control variable for inputs

X v with open-gate probabilities for each blockas ~ p;Y;  ;px’, where X bV are
inputs from the  v-th view of the t-thtask and p;8i2f1; ;Ng represents
the probability that the  i-th shared block would be opento X Y. Similarly,
by Gumbel-Max trick, we can sample any block's open-or-not gating strategy

2V for inputs X YV with:
V= argima>(logpit“’+ g}“’) (3.1)

where gi; ;gn are i.i.d samples drawn from a standard Gumbel distribution
which can be easily sampled using inverse transform sampling by drawing
u Uniform (0;1) and computing g= log( logu). We further substitute this

arg maxoperation, since it is not di erentiable, with a Softmax reparameter-
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Figure 3.2: Suppose we have two tasks consisted of V views each and two
shared blocks S1 and S,. Our gating control policy's main idea is to use
the Gumbel-Softmax Sampling strategy to sample a random categorical
vector for determining which views across which tasks to share through

the same shared block. For xV, since P s, > P s, (yellow circles), the rst
shared block will be chosen to execute.

ization trick, also known as Gumbel-Softmax trick, as:

4= exp((logp;™ + g™)=t)

- . . (3.2)
&'l exp((logp;¥ + gj*)=t)
where i2f1;, ;Ngand t is the temperature parameter to control Gumbel-
Softmax distribution's smoothness, as the temperature t approaches 0, the

Gumbel-Softmax distribution becomes identical to the one-hot categorical
distribution. As the randomness of g is independent of p, we can now
directly optimize our gating control policy using standard gradient descent

algorithms.

View-Fusion for Co-Regularization. Existing approaches attempt to tackle
the M2TV problem as multiple multi-task learning problems from di erent
views, underlying the assumption that all views are conditionally indepen-

dent [57,58,147,165]. If we let  F Y represent the view function built on view
v, a typical nal model obtained on one task t is the average of prediction

results from all views (also see Figure 3.1)as  F (X )= #a\-,F Y(X Y), where
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V is the total number of views, X is the original multi-task multi-view
inputs, and X Vis the set of features containing data from all tasks under
view v. Unlike the above, we encourage the function built on each view to
agreeing with the view-fusion module compiled on merged views. In our
work, we use a speci ¢ feedforward linear layer as the view-fusion block to
merge multiple views by taking all views concatenated. Thus, we design a

regularization term as:

1 : :
Li=4a vKF X ™) FY(X YHko (3.3)
t v
where F 'V is the task-view-speci ¢ model function for inputs X BV from the
v-th view of t-th task, F !is the view-fusion function for inputs X ! from task

t with all views merged.

3.3.2 Semi-Supervised Learning for Time Series

Considering temporal data characteristics from mobile sensors, we argue
that the time series should always re ect an individual's coherent and
uni ed physical status within a relatively short interval. Thus, we expect
adjacent sub time series within the same time interval (aka. from internal
time interval) to obtain similar representations. In contrast, time series
distant from each other (aka. from external time interval) may obtain

distinctive representations.

Gathering Consistency Adaption. To accommodate this principle to mo-
bile sensing time series, we proposed this gathering consistency adaption
algorithm, as described in Algorithm 2 and Figure 4.3, for semi-supervised
learning. We utilize an original sampling strategy combined with the con-

sistency training [8, 36, 70, 150] on numerous unlabeled time series to
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Algorithm 2~ Semi Supervised Multi-Task Multi-View Learning for Frag-
mented Time Series with Gathering Consistency Adaption

Input : Labeled multi-task multi-view time series data X s, unlabeled data
X u, humber of tasks T, model F with parameters (¢, adaption steps K,
supervised loss L s, unsupervised loss L , unsupervised loss coe cient I,
uncertainty weights parameter ai; by for any task t, learning rate h

Output : Model parameters qo

1: Lett2f1; ;Tgrepresents the specic task code, the current

2. Initialization q and fbg

3: while Training do

4. Let xs= fxig be a mini-batch of X

5.  For all tasks, randomly select subseries of Xy from the internal time
slot as original unlabeled inputs Xu = X400t 1. .¢ for reference

6: For all tasks, select other subseries of Xy uniformly at random from
the internal time slot for K times as Ry = fRy1; ;Ryxg, in which for
8k2f1l, Kgkyk= fbh;thZf 1 :Tg

7. For all tasks, select two subseries from the external time slot, one
before the internal and one after, as Xu = fXy1;Xu20, where Xy =
f)N(tu;lgIZf 1 ;Tg;8i 2 [1; 2]

8 [yshuVul F (XsRu%u;q)

9 vyu F (Xg;q9), gqisahard copy of q

10:  Update L , based on Eq. 3.6

11: Jo(q) LNS(XS;Q)"" L u(Xu;0:0)

122 q g hNgJ (q)

13: end while
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Figure 3.3: The semi-supervised learning framework shown in Algorithm 2

constrain model predictions to be invariant to similar inputs with inevitable
noise while sensitive to essential di erentiation. Let X sand X, represents
the overall labeled data and unlabeled data, respectively. We split any
given long time series from X into multiple fragmented time series for
convenience. Intuitively, for every training step, the chosen fragmented
seqguence is viewed as an internal time slot while other sequences are ex-
ternal time slots. We rst select a random subseries Xy Within the internal
time slot as the original reference. We then uniformly select multiple ran-
dom subseries fRy1; ;Rukg as a set of similar but naturally noisy samples
compared to X, within the same internal time interval for consistency regu-
larization. Finally, we also randomly select two other subseries f Xu:1; Xu:20
from the external slots, respectively before and after the internal slot in
time for inconsistency di erentiation. Therefore, we name this approach
as gathering consistency adaption since it is a cumulative loss adaption
process, including consistency and inconsistency training. In this case, we
apply KL-Divergence as the divergence metric between any pair of prob-
ability distributions D (Py(yixu)kPy(yily; X)) . Figure 4.3 is a visualization of
the semi-supervised learning architecture.

We calculate a cumulative loss through multiple adaption steps, yet the

KL-Divergence is still too trivial to use directly. Also, the loss between
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di erent representations can e ortlessly dominate the loss between similar
ones. To tackle this challenge, we extend the task-dependent uncertainty

modeling approach inspired by [63].

. Supervised Models Semi-Supervised Models Dr "
Proband Metrics %)
DeepSensesingle 1teMM  DMTMV  regMTMV  CSL-MTMV  MFMs ASM2TV

Acc 0.5667 0.2465 0.6937 0.5312 0.5337 0.6932 0.7915 14.10%
T M-F1 0.4949 0.2639 0.6762 0.5317 0.5121 0.6816 0.7612 11.68%
1 W-F1 0.5361 0.2571 0.6678 0.5211 0.5313 0.6994  0.7493 7.13%
Avg 0.5326 0.2558 0.6792 0.5280 0.5257 0.6914 0.7673 10.98%

Acc 0.7131 0.3841 0.8361 0.7649 0.7745 0.8237  0.8659 5.12%

T M-F1 0.6353 0.4532 0.7031 0.7505 0.7614 0.8127 0.8662 6.58%
2 W-F1 0.7076 0.4319 0.7851 0.7694 0.7794 0.8263 0.8416 1.85%
Avg 0.6853 0.4231 0.7748 0.7616 0.7718 0.8209 0.8579 451%

Acc 0.5829 0.2633 0.7374 0.6962 0.7362 0.7945 0.8474 6.66%

T M-F1 0.4659 0.2798 0.7381 0.6986 0.7276 0.7545 0.8073 7.00%
3 W-F1 0.5412 0.2726 0.7343 0.6832 0.7306 0.7497 0.7875 5.04%
Avg 0.5300 0.2719 0.7366 0.6927 0.7315 0.7662 0.8141 6.24%

Acc 0.7046 0.2793 0.7222 0.5287 0.5291 0.6891 0.7911 9.54%

T M-F1 0.5631 0.3479 0.6557 0.5279 0.5193 0.6429 0.7152 9.07%
4 W-F1 0.6743 0.3034 0.6961 0.5295 0.5279 0.6632 0.7583 8.94%
Avg 0.6473 0.3102 0.6913 0.5287 0.5254 0.6651 0.7549 9.19%

Table 3.1: Prediction results on  RealWorld-HAR (8 tasks 7 views) with best
model performance in bold and second-best results with underlines. We

only exhibit 4 tasks out of 8 due to space limitation. ASM2TV generally
achieves the best performance and prediction results on all metrics across all
exhibited tasks. Dy represents the improvement percentage compared to the
second-best approach for all tasks. Our framework achieves a signi cant
improvement compared to other state-of-the-arts. Readers may refer to
supplementary materials for more details.

Task-Dependent Uncertainty Modeling. [63] derived a multi-task loss
function based on maximizing the Gaussian likelihood with homoscedas-

tic uncertainty for weighting losses in multi-task learning. Speci cally,

for a given multi-task model F with parameters q, it leads to an overall

minimization loss objective function as:

1 1
L (9;s1;S2) 4 EL 1(q)+ EL 2(q) + logsis? (3.4)
1 2
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where L ; and L » are the loss functions for task 1 and 2, underlying the
assumption that the prediction probabilities of any given model denote
to a Gaussian distribution with mean given by the model output and an

observation noise scalar s:
Py(iF ()= N (F (¥);s?) (3.5)

Intuitively, if one particular task’'s noise e ect enlarges, the overall loss for

that task would be balanced adaptively to prevent other tasks training from

being dominated. In our consistency adaption procedure, the divergence
distance between any pair of probability distributions genuinely denotes the
Gaussian distribution following the fact that most of the time series are with
Gaussian white noise [91], especially for the IoT sensing data. As a result,

the assumption above matches the facts, which makes the uncertainty
modeling approach for multi-task semi-supervised loss suitable in this

case. We let a; and by (which are equivalentto 2logs;) be the learnable noise
parameter for consistency loss and discrimination loss of task t, respectively.

Thus, the minimization objective function becomes:

T K
L y(g;a;b)= @ & e *EllogP;(yijx) logPy (k)] + a
t k

e "E[logP;(yijx;) 10gPy(§2i%,)]+ b (3.6)

Qors

T
o

+ta
t

1

As the consistency loss is more trivial than the di erentiation loss, the
learnable variance scalar may also become smaller for the consistency piece.
In contrast, the weights for the consistency part increase, which lowers the

risk of being dominated by other signi cant task losses.
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3.4 Experiments

In this section, we conduct experiments on two real-world human activity
recognition datasets to show that our model outperforms many strong M2TV
baselines, meanwhile maintaining a low-memory footprint for computation

e ciency.

3.4.1 Datasets and Descriptions

We evaluate our framework using two real-world human activity recog-
nition (HAR) datasets, namely = RealWorld-HAR [130], this data set covers
various mobile sensor level data of the activities (e.g., climbing stairs down
and up, jumping, etc.) of fteen probands (or subjects) each for 10 min-
utes roughly. We take each proband as a separate task with dierent
on-body positions (e.g., chest, forearm, etc.) recognized as di erent views .
GLEAM [108], this dataset is a head-motion-tracking dataset collected with
Google Glass with the labeled data from the head-mounted sensor that can
be used to recognize eating and other activities, and ultimately to assist
individuals with diabetes. We also take each subject as an individual task ,
and each sensor is recognized as a single  view . For both datasets, we con-
secutively split the original multivariate time series into multiple fragmented
time series. Each piece lasts only 5 seconds to meet the requirements of
instant response under most mobile computing scenarios. Statistically, we
split the original dataset into 10% labeled and 40% unlabeled train data,

10% labeled data for validation and 40% test data.
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3.4.2 Baselines and Metrics

We compare our method with the following baselines. First, we consider
using DeepSense [161], a deep learning model designed for time-series
mobile sensing data, as a single-task baseline where we train each task
separately. IteM2 [48] is a transductive algorithm, and it can only handle
non-negative feature values. When applying the IlteM2 algorithm to some of
our datasets that have negative feature values, we add a positive constant
to guarantee the non-negativity; regMVMT algorithm [165] is an inductive
algorithm, which assumes all tasks should be similar to achieve a good per-
formance; CSL-MTMV is an inductive M2TVL algorithm [57] that assumes
the predictions of di erent views within a single task are consistent; MFMs
is a multilinear factorization model proposed by [84] which can learn the
task-speci c feature map. DMTMV [147] is a deep multi-task multi-view
method to learn nonlinear feature representations and classi er in a uni ed
framework, which can also learn task relationships in nonlinear models.

To investigate the performance of models, we adopt accuracy (Acc), macro-
F1 score (M-F1), and weighted-F1 (W-F1) score on the test data as the evalu-

ation metrics. The larger value of each metric indicates better performance.

3.4.3 Experiment Settings

We apply the basic feedforward multilayer perceptron (MLP) as the back-
bone for each task-speci ¢ and view-speci c layer. The shared blocks are
also composed of primary linear hidden layers. We use the Cross Entropy
as the supervised loss for human activity classi cation. The unsupervised
loss can be viewed as an extension of KL-Divergence loss. We use Adam as

the optimizer for all deep neural network-based models and set the initial
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learning rate to  3e 4 with a weight decay of 1e ®. Speci cally, an upsampling
strategy is applied to overcome the label imbalance problem. We utilize

a dropout strategy for all deep neural networks with a dropout rate of 0:5
to prevent over tting. For more setting details, readers may refer to the

supplementary materials.

DACC" DM F1 " DN F1 " D#Params#

Model (%) (%) (%) (%)

DeepSense 0.5988 (-) 0.5760 (-) 0.5797 (-) 10M (-)

Supervised IteMM -49% -49% -48% -

DMTMV 25% 24% 25% -20%

regMVMT 7% 6% 6% -0%

Semi-Supervised CSL-MTMV 8% 11% 10% -0%
P MFMs 24% 25% 26% -0%

ASM2TV (ours) 46% 43% 43% -47%

Table 3.2: Overview of comparison on RealWorld-HAR . We additionally
exhibit average prediction results of all tasks and display the overall im-
provement percentage through all quantitative metrics and model space
complexity ( Dgparamg- Generally, our ASM2TV can achieve over 40% signi -
cant improvements on all metrics compared to a single-task model using

47% fewer model parameters.

DAcc" DM Fln DN F1" D#Params#

Model ) ) ) (%)

DeepSense - - - -

Supervised lteMM -45%  -45% -44% -

DMTMV 17% 17% 18% -20%

regMVMT 3% 4% 4% -0%

Semi-Supervised CSL-MTMV 7% 7% 8% -0%
P MFMs 18%  17% 19% 0%

ASM2TV (ours) 35% 34% 33% -47%

Table 3.3: Overview of comparison on
ASM2TV can achieve over

compared to a single-task model using

3.4.4 Experimental Results

Quantitative Results.

GLEAM (10 tasks 6 views). Generally,

30% signi cant improvements on all metrics
47% fewer model parameters.

Table 3.1, 3.2 and 3.3 show the quantitative re-

sults under three metrics for our framework and all the other competitive
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Figure 3.4: Visualization of correlation between di erent views among
di erent tasks and the soft clustering process.

approaches on two datasets RealWorld-HAR and GLEAM . We report all
metrics and relative performance of four tasks (eight tasks in total but

we only exhibit four due to space limitation) in RealWorld-HAR learning
scenario (see Table 3.1) and report a comparative performance improve-
ments results with the single-task baseline (DeepSense) in percentage on
both two datasets (see Table 3.2 and Table 3.3). For more details, one may
refer to the supplementary material for a full version. Speci cally, we have

few following observations: 1) Our ASM2TV generally achieves the best
prediction performance on all metrics across all tasks under two di erent
learning scenarios or two human action recognition datasets. 2) IlteM2

is an early transductive M2TV algorithm based on graphs, originally de-
signed for binary classi cation problems. It can only handle positive feature
values, making it di cult to predict complex real-life mobile sensing time

series data. 3) We apply the DeepSense model as the single-task learning
baseline for all tasks with 10M model parameters in total and compare

all the other M2TV models with it. As we discussed in Section 3.1, M2TV
learning methods such as regMTMV, CSL-MTMV, and MFMs all utilize the
soft-sharing mechanisms by constraining either the similarity or parameter

consistency between tasks or views by keeping every model or function built
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on each task and each view. Thus, these models have a relatively larger
parameter space since they hold the same amount of parameters as needed
for single-task learning. Astonishingly, our ASM2TV inherits the spirit

of hard-sharing, which achieves over 40% overall improvements across all
metrics while only using  47%fewer parameters than the single-task learning
baseline. 4) The MFMs approach generally reaches the second-best predic-
tion results other than our framework. It is mainly due to MFMs can model

a high-dimension-interacted relationship instead of either task-speci c only

or view-speci ¢ only relationship, using the factorization machine. How-
ever, the huge computation cost limits its power in many mobile computing

scenarios.

Soft-Clustering Process. We visualize the gating control policy logits
(probabilities of open-gated for each candidate shared block) to demon-
strate that this process can learn a task-view-interacted relatedness in
terms of softly clustering di erent views from di erent tasks (see Figure

3.4). From Figure 3.4(a), di erent on-body positions (or views) have been
automatically clustered into three groups learned by the policy. Among
which, the head, chest, and waist have been clustered into S 1, the upper
arm and forearm have been clustered into S » and the rest parts are assigned
into the last group. To demonstrate the meaningfulness of the correlation
between di erent body parts, we also display the Dynamic Time Wrapping
(DTW) distance under each specic view between two randomly selected
tasks. We nd that this distance pattern under the head, chest, and waist

is quite similar, and two observations provide a resembling conclusion.

Ablation Studies. We further investigate the in uence of how 1) the num-

ber of shared blocks, 2) the ratio of unlabeled data to labeled data, and 3)
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Figure 3.5: Ablation studies.

our gathering consistency adaption can potentially a ect the model perfor-
mance (see Figure 3.5). We have several interesting observations: 1) The
overall model performance generally reaches the best when the number of
shared blocks attend to 4, roughly half of the total number of views. We
hypothesize that our gating control policy can nd a smaller, trainable, and
optimal sub-M2TV network that needs fewer shared blocks to achieve a
relatively good performance rather than building a sharing scheme across
tasks under every speci c view. 2) For semi-supervised learning, as the
proportion of unlabeled data enlarges, the model performance eventually
reaches the maximum at around 4, indicating the amount of unlabeled
data is four times more than labeled data. It further demonstrates our
framework's e ectiveness, especially under scenarios where unlabeled data
is way more than labeled data such as mobile sensing in loT. 3) Figure
3.5(c) illustrates how our framework performs with or without the gathering
consistency adaption procedure. It can also be viewed as supervised learn-
ing against semi-supervised learning. Our GCA procedure dramatically
improves the overall prediction results by combing the unsupervised loss

from fragmented time series.
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3.5 Conclusion

In this work, we presented a novel semi-supervised multi-task multi-view
learning framework that adaptively decided which views across which tasks
should share common knowledge using the gating control policy. We further
showed that this gating control policy can also be viewed as a soft clustering
function for di erent views across di erent tasks. Our experimental results
demonstrated its superiority by achieving the best model performance with
considerably fewer model parameters than the other state-of-the-arts in
the M2TVL eld. Moreover, we introduced a novel semi-supervised learning
method, namely gathering consistency adaption, to assist the model training
on fragmented time series and enhance the overall model performance by
combining the unsupervised loss. Moving forward, we would like to extend
our ASM2TV to a more ne-grained architecture-wise approach and explored
other deep learning acceleration techniques to make our framework more

e cient for mobile computing.
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Chapter 4:  FedHAR: Semi-Supervised Online Learning for

Personalized Federated Human Activity Recognition

4.1 Motivations

Human activity recognition (HAR) aims to detect human physical activi-
ties in real-world scenarios, allowing intelligent systems to assist individuals
with improving the quality of life in many areas such as healthcare, smart
cities, etc. In recent years, HAR via smart sensing has drawn rapidly growing
interests from both academia and industry [43] [141] [68]. On top of the
powerful modern ubiquitous computing techniques, di erent sensors (e.g.,
accelerometers, gyroscope, etc.) embedded in individuals' smartphones or
smart wearable devices are utilized to measure human activities in various
domains such as medicinal services, digital entertainments, public security,
and many other areas [62].

The sensor-based HAR has its own distinguishing characteristics and
challenges: (1) Privacy preservation. The sensing data carries lots of users'
privacy information, which are often highly sensitive. (2) Label scarcity.
Labeled activity data is always limited. It is costly to obtain labeling feedback
regarding sensing data, which could also impose a heavy burden on users.
(3) Real-timing. The sensing measurements are generated consecutively,
which can be considered as a real-time online data stream. The online
signi es that the entire training data need not be stored in memory, and
the model should instantly respond to adjustments along with the afresh
generated sensor data. (4) Heterogeneity patterns.  Di erent individuals'
activity patterns are considerably heterogeneous and diverse due to either

demographic or other inherent physical distinctions.
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