Applied Data Science Track Paper

KDD ’19, August 4-8, 2019, Anchorage, AK, USA

Multi-Horizon Time Series Forecasting with Temporal Attention
Learning

Chenyou Fan!, Yuze Zhangl, Yi Pan!, Xiaoyue Li', Chi Zhang!, Rong Yuan!, Di Wu'

Wensheng Wang!, Jian Peil®, Heng Huang

2,4+

TD.com, 4JD Finance America Corporation
3 School of Computing Science, Simon Fraser University
4 Electrical & Computer Engineering, University of Pittsburgh

ABSTRACT

We propose a novel data-driven approach for solving multi-horizon
probabilistic forecasting tasks that predicts the full distribution of a
time series on future horizons. We illustrate that temporal patterns
hidden in historical information play an important role in accurate
forecasting of long time series. Traditional methods rely on setting
up temporal dependencies manually to explore related patterns
in historical data, which is unrealistic in forecasting long-term
series on real-world data. Instead, we propose to explicitly learn
constructing hidden patterns’ representations with deep neural net-
works and attending to different parts of the history for forecasting
the future. In this paper, we propose an end-to-end deep-learning
framework for multi-horizon time series forecasting, with temporal
attention mechanisms to better capture latent patterns in historical
data which are useful in predicting the future. Forecasts of multiple
quantiles on multiple future horizons can be generated simultane-
ously based on the learned latent pattern features. We also propose
a multimodal fusion mechanism which is used to combine features
from different parts of the history to better represent the future.
Experiment results demonstrate our approach achieves state-of-the-
art performance on two large-scale forecasting datasets in different
domains.
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1 INTRODUCTION

Time series forecasting problem is to study how to predict the
future accurately based on the historical observations. Increasing
forecasting accuracy is beneficial to operational efficiency in many
aspects of society. For example, data-driven demand forecasting
techniques enable online retailers to gain a better understanding of
market demands, thus improving supply chain operation efficiency
such as delivery speed and product in-stock rate.

Classical time series forecasting approaches include Holt-Winters
method [15, 30] and ARIMA [5]. These models are ineffective in
modeling highly nonlinear time series. Recently, Recurrent Neural
Networks (RNNs), and the frequently used variant Long Short-Term
Memory Networks (LSTMs), have been proposed for modeling
complicated sequential data, such as natural language [27], audio
waves [25], and video frames [7]. LSTMs have also been applied to
forecasting tasks in recent studies [4, 9], and have shown the ability
to capture complex temporal patterns in dynamic time series. By
using an LSTM encoder-decoder model to map the history of a time
series to its future, multi-step forecasting can be naturally formu-
lated as sequence-to-sequence learning. Prior models based on this
architecture outperformed classical methods on several benchmark
forecasting datasets, e.g. GEFCom2014 Electricity [16], but with
shortcomings that this work addresses.

In many practical circumstances, multi-horizon forecasting (fore-
casting on multiple steps in future time) is preferred, as it provides
guidance for resource scheduling and decision making over a pe-
riod of time. This topic has received more and more attention in
recent studies [6, 29]. However, forecasting on long horizons brings
challenges to existing LSTM-based approaches in exploring tempo-
ral patterns on future horizons, where local dynamics stem from
both historical information and dynamic input variables on future
horizons. We will show that our method proposes to model proper
latent representations of the future dynamics by referring to most
relevant temporal patterns in historical data and thus produces
accurate forecasts.

Moreover, sometimes it is necessary to forecast the overall distri-
bution of the target to help business decision. An a typical example,
inventory planning requires forecasts of sales of products with dif-
ferent levels of overestimation to reduce stock-out costs. Depending
on the popularity and the stock-out cost of each product, different
levels of overestimation are chosen from the forecast distributions.
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In these cases, quantile regression has been widely used to make
predictions of different quantiles to approximate the target distribu-
tion without making distributional assumptions. Mean regression,
also known as the least squares method, is a special case of quan-
tile regression which focuses on conditional mean, while quantile
regression can extend to arbitrary quantile. For sales forecasting,
the targeted quantile of a product can be interpreted as the “intol-
erance” of being out of stock, e.g., the target quantile of a high-end
smartphone could be as high as 0.9 while that of a third-party cable
could be only 0.5. In Fig 1, we give an example of sale forecasting
with quantile predictions. Given the daily sales of 50,000 products
from January to March, the target is to predict sales of the future,
e.g., from April to June. Shaded blue areas demonstrate the quantile
predictions between 0.2 and 0.8, which we observe that they are
robust to sudden changes. Many recent forecasting models [29, 31]
are designed to produce quantile estimations which are evaluated
with quantile loss functions. We will show that our proposed model
can make efficient quantile estimations without adding additional
complex network structures.

In this paper we propose an end-to-end deep-learning framework
for multi-horizon time series forecasting, with novel structures to
better capture temporal patterns on future horizons. The idea is to
first propagate information of future input variables in both for-
ward and backward directions with a bi-directional LSTM decoder,
considering dynamic future information such as promotions and
calendar events. Then at each future time step we use the decoder
hidden state to attend to several different periods of the history and
generate attention vector individually. We treat different periods of
the history as different modalities and we combine them by learning
relative importance of each modality for predicting current time
step. The combined feature, which we call temporal context feature,
incorporates both historical information and future contextual in-
formation that can best describe current time step. We use a fully
connected layer to emit quantile predictions based on the temporal
context feature and the entire framework can be trained end-to-end
and deployed with standard deep-learning platform such as Ten-
sorflow [1] and PyTorch [26]. Our approach outperforms current
state-of-the-art models on two large-scale forecasting datasets in
different domains.

In the next section, we review related work on RNNs, quan-
tile regression, and recent RNN-based approaches to forecasting.
The following sections explain our network architecture including
the encoder-decoder structure, temporal attention mechanism and
multimodal fusion. Then we introduce two large-scale forecasting
datasets - JD50K sales forecasting dataset and the GEFCom2014
electricity price forecasting dataset, and describe their features and
targets in detail. Finally, we explain our experimental settings and
demonstrate state-of-the-art results.

2 RELATED WORK

Neural Networks (NNs), including Convolutional Neural Networks
(CNNs), have recently emerged as powerful models for many es-
sential tasks in machine learning and computer vision [11, 21].
Recurrent Neural Networks (RNNs) are a special type of NNs which
contain self-connections. Unlike feedforward NN, the hidden states
of RNNs serve as memory to help map both current time inputs
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Figure 1: An example of sales forecasts on real-world online
sales data with quantile predictions. The average daily sales
of 50,000 products of each month are shown. Given histor-
ical daily sales from January to March 2018 as shown with
magenta line, the task is to forecast from April to June. The
black line shows the true sales; the dark blue line shows fore-
cast of quantile 0.5; the blue shaded areas show quantile fore-
casts of 0.2 and 0.8. Best viewed in color.

and previous time internal states to new desired outputs. This al-
lows RNNs to capture temporal information in sequence data. Long
Short-Term Memory (LSTM) [14] is an important class of RNN
variants, which has additional memory-control gates and memory
cells to selectively store historical information and keep long term
information. RNNs and LSTMs have been widely used for learn-
ing sequential data such as signals [13, 14] and natural language
sentences [8, 12].

RNNs and LSTMs have also been successfully applied to time-
series data forecasting problems. Langkvist et al. [22] reviewed
recent research in unsupervised feature learning and sequence mod-
eling with deep learning methods for various time-series data such
as video frames, speech signals, and stock market prices. Bianchi et
al. [4] compared different RNN variants and showed that LSTMs
outperformed others on highly non-linear sequences with sharp
spikes thanks to the quick memory cell modification mechanism.

Taieb and Atiya [28] analyzed the performance of different multi-
horizon forecasting strategies on synthetic datasets with differ-
ent factors, such as length of time series and number of horizons.
Flunkert et al. [9] proposed a technique called DeepAR to make
probabilistic forecasts by assuming an underlying distribution for
time-series data (e.g., negative binomial distribution for counting
problems). DeepAR could produce the probability density functions
for target variables by estimating the distribution parameters on
each time point with multi-layer perceptrons (MLPs). However, the
distributional assumption is often too strong to apply to real-world
datasets.

In another direction, many researches focus on generating quan-
tile estimations for target variables by formulating forecasting prob-
lems as quantile regressions [20]. Zheng [33] proposed to minimize
objective functions for quantile regressions with high dimensional
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predictors by gradient boosting [10]. Xu et al. [31] proposed a quan-
tile autoregressive model which can output multi-horizon quantile
predictions by sequentially feeding predictions of previous steps
into the same NN for current prediction. Their NN-based autore-
gressive model is different from RNN as prediction values, instead of
hidden states, are fed recursively. For the above methods, separate
models have to be trained for different quantiles for multi-quantile
forecasting tasks, which is inefficient in practice. Wen et al. [29]
proposed a technique called MQ-RNN to generate multiple quantile
forecasts for multiple horizons. MQ-RNN uses an LSTM to encode
the history of time series into one hidden vector, and uses two
MLPs to summarize this hidden vector, together with all future
inputs, into one global context feature and horizon-specific context
features for all horizons. However, this global context feature is too
general to capture short-term patterns.

Yu et al. [32] proposed adding temporal dependencies of differ-
ent window sizes as regularizers with the objective of minimizing
forecasting errors. However, their method was designed to find
temporal dependencies, such as repeating patterns in input vari-
ables, while our design aims to combine contextual information
of different temporal scales and establish better latent features for
forecasting. Also note that their matrix factorization method has
O(L?) time complexity in which L is number of temporal depen-
dencies (also called lag sets). It becomes impractical to utilize the
entire history such as three months.

Attention mechanism was firstly introduced by Bahdanau et
al. [3] in machine translation task. They proposed an encoder-
decoder structure to encode the source sentence, and apply the
attention mechanism at decoding stage to decide which parts of the
source sentence to attend to in order to emit the target word. The
general idea of attention mechanism is to assign soft weights to a se-
ries of features to measure each feature’s relevance to a given query
feature, and combine them by weighted sum to obtain attended fea-
ture. Hori et al. [17] proposed to handle multimodal data by fusing
features of different modalities such as texts, audios and videos to-
gether with softly assigned weights of each modality. Cinar et al. [6]
proposed using an LSTM encoder-decoder with position-based at-
tention model to capture patterns of pseudo-periods in sequence
data. They applied the attention mechanism to explore similar lo-
cal patterns in historical data for future prediction. However, it
is impractical to look into the full history of time series and the
selection of which part of the history to attend to relies on human
knowledge. Moreover, their decoder is a feed-forward LSTM which
ignores dynamic future information such as promotion and calen-
dar events which could have strong influence in real-world time
series forecasts. In addition, at each future step the hidden state
depends on previous attended historical pattern representation,
which could lead to error accumulation.

Different from [6], we utilize a bi-directional LSTM decoder to
first propagate future information in both forward and backward
directions, considering dynamic future information such as pro-
motions and calendar events. Then at each future time step we
attend to several different periods of the history and generate at-
tention vector individually. We treat different periods of the history
as different modalities and we combine them by learning relative
importance of each modality for predicting current time step.
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3 APPROACH

In this section, we propose our designed network architectures
for multi-horizon time series forecasting. We first introduce the
basic encoder-decoder structure, and then explain in detail each
important component of our networks including the embedding
layer, temporal attention structure, and multimodal fusion layer.

3.1 Basic encoder-decoder structure

The LSTM-based encoder-decoder model has recently been widely
used in machine learning tasks [18, 27] and time series forecasting
tasks [6, 9]. We adopt this sequence-to-sequence learning pipeline
to encode historical (and future) input variables and decode to future
predictions, but with major modifications. As shown in Figure 2,
the encoder part is a two-layer LSTM which maps the history of
sequences to latent representations h;—; (typically hidden states at
the last step) that are passed to decoder. Formally, we denote the
input of each time step as x;, the hidden state as h;, the internal
gates of the LSTM cell as i, f, o and ¢;, The formulations of the
gates, cell update and output are as follows:

it = o(Wixxt + Wimm;—1)

fr = c(Wryxe + Wepme—1)

ot = o(Woxxt + Wommy—1) 1)
ct = fr - cr—1 + iy - tanh(Wexxy + Wemmye—1)

hy = oy - tanh(cy)

We abbreviate the formulation as h{ = LSTM®(x;; h;-1), in which
the superscript e indicates that they are hidden states of the encoder.

The decoder is another recurrent network which takes the en-
coded history as its initial state, and the future information as
inputs to generate the future sequence as outputs. In our design a
bi-directional LSTM (BiLSTM) is used as the decoder backbone that
propagates future input features both in time order and reverse
time order. This structure allows both backward (past) and forward
(future) dynamic inputs to be observed at each future time step.
Then the hidden states of BiLSTM are fed into a fully-connected
layer or a temporal convolution layer (discussed in next subsection)
to produce final predictions. We emphasize that the final prediction
should be made after the information propagation in BiLSTM, in
other words, we do not use prediction results of previous time steps
to predict the current time step. The purpose of separating infor-
mation propagation stage with prediction stage is to prevent error
accumulation especially for long-horizon forecasting. Our design
differs from MQ-RNN [29] by explicitly modeling temporal patterns
in future with BiLSTM as designed. A bi-directional LSTM is com-
posed of two LSTMs that propagate information in forward and
backward direction respectively. Formally, we denote the hidden

states emitted at time t from forward LSTM as h’; , from backward

LSTM as h?, as well as the concatenation as h;. The formulations
are defined as follows

W) = LSTM (xy:he1)
hY = LSTM® (x13 hes1) 2)
he = [H]:hb]
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Figure 2: Structure of LSTM-based Encoder-Decoder. In the encoding stage, historical inputs x are passed through embedding
layers and combined with ground truth quantities y. The output at each step is a prediction of the next step to regularize
encoder training. In the decoding stage, future inputs are passed through the same embedding layers shared with encoder,
and future quantities are predicted on top of temporal context features and evaluated with quantile losses.

We abbreviate the formulation as h‘ti = BiLSTMd(xt; ht—1,ht+1),in
which the superscript d indicates that they are hidden states of the
decoder. To generate quantile predictions from hidden states, we
attach one linear layer on top of the hidden states at each time step
to generate K quantile predictions at one time, as shown in the top
of Fig 2. Formally, we denote K-dimensional quantile predictions at
encoding and decoding stages as y; and yf such that

y§ = Weh{ + b )
3
d d

Yy = Wahy +bg
We will discuss the loss functions used to evaluate the predictions
and update the networks in Section 4.

3.2 Embedding

Embedding is a feature learning technique which maps categori-
cal variables to numerical feature vectors. For example, the word
embedding [24] is to learn a dictionary which maps vocabulary
words to distributed and numerical feature vectors. Formally, we
denote the one-hot representation of a |C|-category variable x, =
{0...010...0} € RIC!, the learnable embedding matrix as W, €
RPXICI The transformed categorical variable can be computed
as x; = Wex in which x/ is an embedded D-dimensional feature
of the input categorical variable. We concatenate multiple embed-
ded categorical input variables, as well as the true target value in
encoding stage, to form the final inputs for the model as shown in
the bottom part of Fig 2.

3.3 Attention model

The encoder-decoder model shown in Fig 2 is difficult to capture
long-term dependency due to its memory update mechanism which
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Figure 3: Structure of multi-scale temporal convolution
layer and context selection layer. Embedding layers of the
decoder are omitted for simplicity. Best viewed in color.

keeps erasing previous memories and refreshes with new obser-
vations. Cinar et al. [6] proposed to use position-based attention
model [2] to capture patterns of pseudo-periods in historical data.
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However, their model suffers from error accumulation while ig-
nores dynamic future information which could have significant
influence on prediction accuracy. Also, it is difficult to apply their
model over a long history time directly, as their attention is applied
over the entire history and can be significantly diluted.

We augment with attention and describe in details in this section.
In Fig 3, we illustrate our designed architecture to three parts. The
bottom part is history encoder, which is identical to the history
encoder shown in Fig 2. The top part is a BILSTM future decoder
which propagates available future information in both directions
first, then attends to relevant history data for finding similar pat-
terns. Our designed multimodal attention mechanism, as shown in
the middle part of Fig 3, is guided by BiLSTM hidden states gener-
ated at each future time step ¢, and multiple attentions are applied to
different parts of historical data and fused with attentional weights.

Temporal attention At decoding stage, we use BILSTM hidden
state at each future time step to attend to different parts of the his-
tory, and thus form hidden representation of future step. In contrast
to [6], we do not attend to the entire history for several considera-
tions. The first consideration is that for real-world time series data
such as online sales, the history can be quite long. Attending to a
long history would lead to inaccurate attention as well as ineffi-
cient computation. Instead, we propose to attend to each period of
the history separately and combine them with multimodal fusion
scheme which will be demonstrated in next section. The length
of the period can be set to meaningful business cycle such as one
month or one quarter which are typical in online sales forecasting.

Now we discuss the details of temporal attention applied on
each period of the history. Following [17], the temporal attention
weights y;.7, are computed by

g= v-gr tanh(Wgs; + Vgh +by)
_ exp(gi)

o @)
2" explg))

fori=1...T,

and shown by the dashed lines in Fig. 3. Then the attended content
vectors ¢; and the transformed d; are

Ty
ct = Z yihi
i=1

dt = RCLU(WdCt + bd)

®)

Multimodal fusion As shown in Fig 3, we apply temporal atten-
tion mechanism on M periods of historical data (M=2 in Fig 3), and
fuse them with the multimodal attention weights ¢}"'M obtained
by interacting the previous hidden state s;.; with the transformed
content vectors d}*

py = v; tanh(Wps; + V5'dy" +bp)

o exp(p;”)
mo L
ZiL, exp(pf)

The fused knowledge x; is computed by the sum of d}* with multi-
modal attention weights ¢ such that

(6)

form=1...M

M
xi = ) ¢pdp )
m=1
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3.4 Scalability discussion

The scalability of a forecasting model is crucial as a deployed ser-
vice for a large company. We now briefly discuss the scalability
of our models in terms of computation resources, data size, and
number of quantiles of interest. First of all, our model is scalable to
computation resources. The batch size for both training and test-
ing is linearly increasing with the number of GPUs, as most deep
learning packages support parallelization over multi-GPUs in the
batch dimension. Our model can be either deployed on standalone
workstations or deployed over clusters. In JD.com, our sales fore-
casting model is deployed in multiple servers to provide a service
which can be scaled with the client requests. (2) It is scalable to
the size of training dataset, as the increase in dataset size will only
increase the number of training iterations linearly. Moreover, as
new sales data is being collected every day, our model update strat-
egy is finetuning existing model every week in order to capture
rapidly changing sales patterns influenced by trending products,
seasonable changes and celebrity effects, etc. (3) It is scalable with
the number of quantiles of interest. We use a linear layer to directly
produce all K quantile estimations. Increase of K will linearly in-
crease size of this layer but will have no effect on other parts of the
model.

4 DATASET DESCRIPTION

We apply our approach to multi-horizon forecasting problems on a
large-scale public forecasting dataset - the GEFCom2014 Electricity
Price Forecasting dataset, and a huge real-world dataset with daily
sales of 50,000 products on JD.com - the JD50K sales dataset. We
show that our design is a unified framework which can generate
accurate multi-quantile predictions on datasets of different input
types and different objective functions without major changes in
architectures or tricks for training.

4.1 JD50K Online Sales Forecasting

We collect a huge real-world online sales dataset from JD.com -
a global online retail company. This dataset includes a total of
50,000 time series of daily sales data for different products sold in 6
regions in China from 2014 to 2018. We are interested in forecasting
demand volume of each day of interested month for all products in
all demand regions, and quantile predictions ranging from 0.50 to
0.95 are interested.

Sales forecasting is challenging as multiple factors have to be
taken into account simultaneously such as product categories, geo-
graphical regions, promotions, etc. We briefly introduce available
features as both historical and future information provided in the
dataset.

e Dc-id indicates which distribution center (dc) of the 6 de-
mand regions delivers a particular product. The sales differ-
ence of the same product in different regions reflects geo-
graphical preferences.

o Cat-id is the category index associated with each product. All
1000 products in the dataset are categorized as 96 different
classes such as snacks, stationary, laptops, etc.

e Promotion_1...4 are four binary variables indicating which
promotions are in effect on each day. There are 4 different
types of promotions including direct discount, threshold
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discount, gift and bundle deal. Promotion events are assumed
to be planned ahead and thus available as both history and
future input variables.

e Event is the calendar variable indicating five special dates
that past statistics indicated surge of sales. These are New
Year’s Day (January 1st), Labor Day (May 1st), National Day
of China (October 1st) and two major sales festivals on June
18th and November 11th.

We evaluate forecasting algorithms with mean absolute deviation
(MAD), which is defined as the sum of standard quantile loss over
each time series i and each future time step t as follows

pMap 1§ % Dlatwie - g+ (1= 9@, - il ()
i q ¢

where i € {1,2,....,50,000}, g € {0.5,0.6,0.7,0.8,0.9, 0.95}.

Underestimating time series with high quantile values (> 0.5)
results in higher penalties than overestimation, which is brought
by the asymmetrical property of quantile loss function. Therefore,
the targeted quantile g of a product can be interpreted as the “intol-
erance" of being out of stock, and is determined by its popularity
and the targeted inventory level. We train a unified model to pro-
duce forecasts for all quantiles by forwarding once, by virtue of
the linear output layer which maps the hidden context feature to
all K quantiles of interest. We avoid training separate models for
different quantiles because it is inefficient and unnecessary.

We sample three typical months of year 2018 as test sets, while
the months before are further randomly divided to training and
validation sets with ratio 5:1. The quantile of interest for each
product is decided by business logic and providing the full quantile
prediction is extremely beneficial for this purpose.

4.2 GEFCom2014 Electricity Price Forecasting

We also evaluate our models on the electricity price forecasting
task introduced by the Global Energy Forecasting Competition 2014
(GEFCom2014) [16].

The GEFCom2014 price forecasting dataset contains three years
of hourly-based electricity prices from 2011-01-01 to 2013-12-31.
The task is to provide future 24-hour forecasts on 12 evenly dis-
tributed evaluation weeks. On a rolling basis, ground truth price
information for previous rounds can be used as well to predict fu-
ture rounds. In this dataset, hourly-based estimations of zonal and
total electricity loads are two temporal features available in both
past and future information. Following the competition instruc-
tions, each hourly price forecast should provide the 0.01, 0.02, ...,
0.99 quantile predictions, noted by g1, ..., g99. To make our settings
comparable with [29], we train our models only to provide 5 quan-
tile predictions on 0.01, 0.25, 0.5, 0.75, 0.99, while the remaining 94
quantiles are provided by linear interpolation. The quantile loss of
a 24-hour forecast is defined as

LMAP = 57 % 2 lat =" + (-G -y)1 ()
q t

in which T = 24, y; and §J; are ground truth and predicted prices
for t-th hour, and ¢ € {0.01,0.25,0.5,0.75,0.99}. To evaluate the
full quantile forecasts over all evaluation weeks, losses of all tar-
get quantiles (99) for all time periods (12 weeks) over all forecast
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horizons are calculated and then averaged, which is an average of
12X 7% 99 forecasts in total. A lower loss indicates a better forecast.

5 EXPERIMENTS

We evaluate our forecasting model on two large-scale forecasting
datasets in different domains. We also measure the performance
contribution of each component of our networks and make an
ablation study for feature selection.

5.1 Training and evaluation

In this section, we describe the details of model training and evalua-
tion. There is a total of 50,000 time series in the JD50K online-sales
dataset. Each time series is split into the training and testing part.
The training part starts from the beginnings of time series (as early
as January 2014) and the testing part starts at the beginning of
April, May or March of 2018. In addition, randomly sampled sets
of consecutive days in total of one fifth of the series length per
time series are held out as validation series. During training time,
we randomly sample a batch of 32 different time series for each
iteration. For each sampled time series, we randomly pick a training
creation date, then take T}, steps past of creation date as the history
and Ty steps after as the future, to form the final training sequence.
Validation and testing sequences have the same length as training
sequences. In real implementation, validation and testing sequences
are held out in the data pre-processing step to guarantee no over-
lapping with training sequences. For the GEFCom2014 electricity
price dataset, there is one single long series of electricity price
records starting from January 2011 to December 2013. Following
the settings of the competition [16], we split the time series into 12
shorter training sequences by 12 evaluation creation dates. We train
12 different models on different training sequences, and evaluate
forecasting results of 99 quantiles. The average of quantile losses of
12 sequences are reported. On both datasets, we train the models
up to 100 epochs while early stopping applies. The best performing
models on validation sets are selected to report final performance
on testing sets.

5.2 Baseline methods

We implemented several baselines to characterize the difficulty of
forecasting on these datasets and confirm the effectiveness of our
approach.

e Benchmark directly replicates historical values as future pre-
dictions. For online-sales dataset, benchmark predictions for
the evaluation month are borrowed from sales quantities of
previous month (31 days ago). For electricity price dataset,
benchmark predictions on evaluation days are from one day
before (24 hours ago).

Gradient-Boosting [10] is a classical machine learning method
for regression and classification problems. We use gradient
boosting to learn prediction models for all future horizons,
and use grid search to find optimal parameters.

POS-RNN [6] is a deep learning approach that applies a
position-based attention model to history of the sequence
and obtains a softly-attended historical feature. It then uses
a combination of historical feature and current hidden state
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Quantile Loss

Methods
0.5 0.6 0.7 0.8 0.9 0.95 Avg
Benchmark 5.92 5.53 5.14 4.76 4.37 4.18 4.98
. POS-RNN [6] 3.41 3.24 3.19 3.00 2.68 2.18 2.95
Baselines
MQ-RNN [29] 2.55 2.73 2.79 2.68 2.26 1.80 2.47
BiLSTM-Enc-Dec(h=1) 2.32 2.48 2.51 2.36 1.90 1.46 2.18
BiLSTM-Enc-Dec(h=3) 2.33 2.49 2.51 2.36 1.91 1.45 2.17
Our approach . .
Slngle-Attentlon(h:l) 2.31 2.47 2.48 2.32 1.85 1.39 2.14
Multimodal-Attention(h=3) 2.28 2.43 2.45 2.29 1.85 1.39 2.12

Table 1: Experiment results of baselines and our models on JD50K Sales Forecasting task.

Quantile Loss

Methods
0.01 0.25 0.5 0.75 0.99 Avg 99
Benchmark 3.82 3.75 3.67 3.60 3.53 3.67
Baselines Gradient-Boosting 1.34 3.96 4.37 3.44 0.55 3.17
POS-RNN [6] 0.22 2.76 3.82 3.86 1.90 3.05
MQ-RNN [29] 0.18 2.48 3.48 3.43 1.37 2.68
BiLSTM-Enc-Dec(h=1) 0.19 2.51 3.39 3.19 0.67 2.67
Our approach BiLSTM-Enc-Dec(h=3) 0.18 243 3.35 3.24 0.69 2.64
Single-Attention(h=1) 0.16 2.37 3.20 3.26 1.13 2.54
Multimodal-Attention(h=3) 0.15 2.28 3.23 3.17 1.02 2.48

Table 2: Experiment results of baselines and our models on GEFCom2014 electricity price results.

from LSTM decoder for prediction at each future horizon
sequentially.

e MQ-RNN [29] uses LSTM encoder to summarize history of
the sequence to one hidden feature, and uses MLPs to make
forecasts for all future horizons from the hidden feature
together with future input variables.

e TRMF [32] incorporate temporal dependencies into matrix
factorization models by adding a regularization term which
measures the likelihood of observing training time series.
We adopted their choices of parameters for sales prediction.

5.3 Our approach

We compared four variants of our proposed models and evaluated
their performance quantitatively.

e BiLSTM-Enc-Dec(h=1) and BiLSTM-Enc-Dec(h=3) are
based on the basic encoder-decoder model as shown in Fig 2.
Both the LSTM encoder and BiLSTM decoder have two layers
with hidden state sizes 50. We set the embedding size of
each categorical variable to be 20. BILSTM-Enc-Dec(h=1)
model has single period of historical data, while BILSTM-
Enc-Dec(h=3) model has three periods. For GEF2014 data,
the unit of one period of time is a week of hourly price data
(24*7); while for JD50K sales data, one period of time is one
month of daily sales (31 days).

Single-Attention(h=1) is based on the encoder-decoder
model with attention mechanism as described in Section 3.3.
Similar to BILSTM-Enc-Dec(h=3) , we utilize only one pe-
riod of historical data, while we add temporal attention mech-
anism to help find correct hidden pattern for future steps.
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e Multimodal-Attention(h=3) accepts three periods of his-
torical data and applies multiple attentions on them individ-
ually first, and combines them with multimodal fusion, as
shown in in Fig 3.

54

Table 1 and 2 summarize the experiment results for JD50K and
GEFConf2014 respectively.

Results for JD50K. In Table 1, we report losses of forecasts
with certain quantiles of interests (e.g., 0.5, 0.6, ..., 0.9, 0.95), as well
as the total loss of all time series. We can see that the benchmark
achieved a total quantile loss of 4.98 by simply replicating sales of
previous month to current. POS-RNN produced a significant lower
quantile loss of 2.95, by exploring historical patterns with attention
mechanism. MQ-RNN performed better than POS-RNN (2.47 v.s.
2.95) as it outputs each future horizon independently and avoids
error accumulation in decoding stage. Surprisingly, our basic models
BiLSTM-Enc-Dec(h=1) and BiLSTM-Enc-Dec(h=3) outperformed
previous methods by a good margin thanks to the use of BILSTM
decoder which propagates dynamic future information (events and
promotions) in forward and backward directions. By incorporating
attention mechanism, our Single-Attention(h=1) model improved
BiLSTM models to 2.14, and further improved by our Multimodal-
Attention(h=3) model to 2.12 which uses three months of historical
data and applies attention to each month individually.

Results for GEFCom2014. Experiment results for the electric-
ity price dataset are shown in Table 2. We report losses of five
output quantiles which are the same as [29], and use linear interpo-
lation to extend predictions to all 99 quantiles from 0.01 to 0.99 and

Experiment results
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report the average. The benchmark method performed the worst
(3.67) in terms of total of 99 quantile losses due to high dynamics
in the sequence, while gradient boosting had an improved loss of
3.17 due to quantile-awareness. POS-RNN performed slightly better
(3.05) than gradient boosting, but worse than the official best result
of the competition 2.70 [16]. MQ-RNN achieved current state-of-
the-art 2.68!. This hourly forecasting task has a fixed evaluation
creation time (00:00 at midnight) and cyclic horizons (24 hours),
which brings strong temporal dependencies in input variables. As
analyzed in [29], such temporal patterns can be hard-coded into
network structures as in MQ-RNN design. Reasonable predictions
can be made solely based on input variables of current time point
without considering contexts. This also explains why our basic
BiLSTM-Enc-Dec(h=1) and BiLSTM-Enc-Dec(h=3) models did only
marginally better than MQ-RNN (2.67 and 2.64 v.s. 2.68). Never-
theless, we still found that Single-Attention(h=1) , with a more
powerful decoder with attention mechanism applied on one-week
historical data, achieved significant better result (2.54). Finally, our
Multimodal-Attention(h=3) model which considered three-week
historical data by attending to them separately and combining them
with multimodal fusion, achieved the lowest loss of 2.48.

Methods MSE Loss
GEFCom JD50K
Benchmark 39.98 68.46
TRMF [32] 56.01 50.32
Single-Attention(h=1) 34.86 39.15
Multimodal-Attention(h=3) 33.78 38.89

Table 3: Experiment results evaluated with MSE on GEF-
Com2014 and JD50K datasets.

In addition, we also compare our methods Single-Attention(h=1)
and Multimodal-Attention(h=3) against Benchmark and TRMF [32]
with Mean Squared Error (MSE) on both CEFCom2014 and JD50K
datasets. As shown in Table 3, our proposed methods always outper-
formed Benchmark and TRMF by more than 20%, and Multimodal-
Attention(h=3) outperformed Single-Attention(h=1) by about 3%
on both datasets.

5.5 Forecasts visualization

In Figure 4, we show multi-quantile forecasts provided by Multimodal-
Attention(h=3) on two evaluation weeks of distinctive patterns: the
upper series have two modalities within 24 hours while the lower se-
ries have one. By observing the quantile predictions (yellow shaded
areas) of 0.25 and 0.75, we show that our model is able to capture
these distinct temporal patterns on future horizons by attending to
the history.

In Figure 5, we show two examples of sales forecasts on two
product categories on JD.com with quantile predictions of 0.2 and
0.8. Fig (a) illustrates average sales of "snack" category, while Fig
(b) illustrates average sales of "seasoning" category. In each figure,
magenta line shows historical sales of past three months; black line
shows real price; dark blue line shows forecast of quantile 0.5; the

The reported number in [29] was 2.63. Our implementation was 2.68 which
may result from different implementation details.

2534

KDD ’19, August 4-8, 2019, Anchorage, AK, USA

-
% ~ o
=] o S
s s s

Electricity Price

N
v

Electricity Price
o N
o w
)

N
v

o 24 48 72 9 120 144 168

Horizons: 7 days and 24-hour per day
Figure 4: Electricity price forecasts of our approach on two
different evaluation weeks. Black line shows real price; the
lower and upper boundaries of red shaded areas show quan-
tile forecasts of 0.25 and 0.75; the boundaries of yellow
shaded areas show quantile forecasts of 0.01 and 0.99. Best
viewed in color.
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Figure 5: Examples of sales forecasts on two product cate-
gories on JD.com. Fig (a) exhibits average sales of "snack" cat-
egory, while Fig (b) exhibits average sales of "seasoning" cat-
egory. In each figure, magenta line shows historical sales of
past three months; black line shows real price; dark blue line
shows forecast of quantile 0.5; the lower and upper bound-
aries of blue shaded areas show quantile forecasts of 0.2 and
0.8. Best viewed in color.

lower and upper boundaries of blue shaded areas show quantile
forecasts of 0.2 and 0.8. We observe that the sales of the snack shows
much more drastic pattern than seasoning, while our models can
capture both trends by learning from their temporal patterns.

5.6 Embedding study

We further analyze the embedding space of product category (Cat-
id) to help understand what the network has learned. All category
embeddings are projected to a 3-D space with t-sne [23] and we
measure the similarity of two different categories by the distance
in the projected space. We randomly choose four categories “Pa-
per”,‘Mouse”,'Milk” and “Roasted nuts”, and list their nearest neigh-
bors in Table 4, with cosine distances smaller than a threshold 0.25
in embedding space. We observe that most neighboring categories
have associated semantic labels such as paper and pen, and milk
and cereal, indicating that a proper embedding space for product
category has been learned by the network. Studying category em-
bedding space could be useful for discovering association rules
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Target Category Nearest Neighbors

Paper Pen, Folder, Stationery, Flash Disk
Mouse Keyboard, Flash Disk, Paper, Stationery, Router
Milk Cereal, Grains, Dried fruit, Coffee and milk tea

Roasted nuts Dried meat, Rice, Cereal, Beverage

Table 4: Nearest neighbors of different product categories
with cosine distances smaller than 0.25.

based on similar sales patterns supervised by history sales. We
would like to leave this topic for future study.

5.7 Implementation details

Our research code is implemented in PyTorch [26] and can be
deployed in a standalone server with GPUs. During training, we
updated the network parameters by Adam solver [19] with batch
size 32 and fixed learning rate 1073 for 100 epochs. For a typical
GPU server with a single NVidia Tesla V100 GPU, we compare
the inference time on JD50K dataset for forecasting one month
daily sales for the total of 50,000 products. We keep the hidden
size of the LSTMs the same number over all compared models
for either encoders or decoders. Our Single-Attention(h=1) uses
54.1 seconds with attention over one month of historical data, and
Multimodal-Attention(h=3) uses 93.7 seconds with attentions over
three months of historical data. MQ-RNN [29] took a shortest time
of 18.7 seconds as it has a similar LSTM encoder with ours but
a much simpler MLP decoder. POS-RNN [6] took 52.6 seconds as
its decoder is a feedforward LSTM, while ours is a BiLSTM which
propagates future inputs in both directions and thus have more
time costs.

6 CONCLUSION

In this paper, we present an end-to-end deep-learning framework
for multi-horizon time series forecasting, with attention learning
structures to better capture temporal contexts in historical data. We
show that jointly learning temporal attentions on multiple historical
periods and fusing them with multimodal attention weights is ben-
eficial for forecasting, and our approach achieves state-of-the-art
performance on two large-scale forecasting datasets.
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