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Abstract—Multivariate Time Series (MTS) prediction has been
studied broadly, which is widely applied in real-world appli-
cations. Recently, Transformer-based methods have shown the
potential in this task for their strong sequence modeling ability.
Despite progress, these methods pay little attention to extracting
short-term information in the context, while short-term patterns
play an essential role in reflecting local temporal dynamics.
Moreover, we argue that there are both consistent and specific
characteristics among multiple variables, which should be fully
considered for multivariate time series modeling. To this end,
we propose a Multi-Resolution Transformer (MR-Transformer)
for MTS prediction, modeling multivariate time series from both
the temporal and the variable resolution. Specifically, for the
temporal resolution, we design a long short-term Transformer.
We first split the sequence into non-overlapping segments in
an adaptive way and then extract short-term patterns within
segments, while long-term patterns are captured by the inherent
attention mechanism. Both of them are aggregated together to
capture the temporal dependencies. For the variable resolution,
besides the variable-consistent features learned by long short-
term Transformer, we also design a temporal convolution module
to capture the specific features of each variable individually.
MR-Transformer enhances the multivariate time series modeling
ability by combining multi-resolution features between both time
steps and variables. Extensive experiments conducted on real-
world time series datasets show that MR-Transformer signifi-
cantly outperforms the state-of-the-art MTS prediction models.
The visualization analysis also demonstrates the effectiveness of
the proposed model.

Index Terms—Multivariate time series, Multi-step forecasting,
Transformer-based model, Dynamic temporal wrapping (DTW).

I. INTRODUCTION

MULTIVARIATE time series (MTS) are ubiquitous in the
modern manufacturing industry, sensor networks and

information services. MTS prediction helps decision-making
with the estimated forecasts of metrics or events, which is
widely applied in various real-world fields such as financial
markets [46, 44, 2], energy management [55, 14], traffic
analysis [12, 33] and climate modeling [41]. It is a challenging
problem, as both intra-series temporal dependencies and inter-
series correlations need to be modeled jointly. In other words,
each variable depends not only on its historical values but also
on other variables.
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Fig. 1: The hourly occupancy rate of three regions in San
Francisco Bay Area for 2 weeks. Examples of long-term and
short-term patterns are marked with dotted lines.

Traditional time series forecasting methods including auto-
regressive models like Auto-Regressive Integrated Moving
Average (ARIMA) [5], latent state-based models like Kalman
Filters (KF) [17] and others have been extensively studied.
However, these methods assume a linear dependence over
time, and they are not well-suited to model long-term depen-
dencies. Due to the ability of modeling long-term and non-
linear relationships for large-scale and complicated sequential
data, deep learning models have achieved better performance
than these traditional methods.

Existing deep learning models for time series forecast-
ing can be divided into three categories: Recurrent Neural
Network (RNN)-based models [35, 42, 21, 39], Temporal
Convolutional Network (TCN)-based models [4, 40] and
Transformer-based models [45, 23, 49, 56, 52]. The first two
categories face challenges in capturing long-term dependencies
in time series data. RNN-based methods easily suffer from
gradient vanishing and exploding problems, while TCN-based
methods require deeper layers to achieve larger local receptive
fields. For both of them, information must pass through a long
path between two distant temporal locations.

Recently, Transformer-based methods have shown great po-
tential in time series forecasting. The self-attention mechanism
in Transformer allows for modeling relationships between
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any pair of elements, regardless of their distance, making it
more suitable for capturing long-term dependencies [26, 23].
As a result, researchers have explored the value of Trans-
formers in time series analysis, achieving promising results
on certain tasks, particularly on long sequence time series
forecasting (LSTF) [56, 52]. However, these Transformer-
based methods pay little attention to extracting short-term
information in the context, while short-term patterns play
an important role in reflecting local temporal dynamics. For
example, Fig. 1 displays the evolution of the occupancy rate
over three selected regions in San Francisco Bay Area. For
each region, i.e., each individual time series, there are two
time scale patterns, weekly and daily. The former long-term
patterns (Fig. 1(a)) reflect the workday and weekend modes
that repeat over an extended period, while the latter short-
term patterns (Fig. 1(b)) portray the characteristics within short
temporal slices. The fluctuations vary across different temporal
slices, with more intense dynamics during the weekdays, with
morning and evening peaks, and smoother changes on the
weekends. Taking both kinds of temporal patterns into account,
we aim to design a long short-term Transformer for more
accurate time series forecasting.

Moreover, as manifested in Fig 1, the MTS of different
regions exhibit some similar trends, but each has its own
unique characteristics such as differences in scales and dy-
namic patterns. In this work, we view variable-consistent
features as the impact imposes a similar effect on all variables,
while variable-specific features as the impact affects individual
variable specifically. Fully incorporating both the variable-
consistent and variable-specific characteristics can help cap-
ture the complementary features of MTS. However, existing
Transformer-based models mainly focus on modeling variable-
consistent features while neglecting the specific features of
each variable.

To address the aforementioned limitations, we propose
Multi-Resolution Transformer (MR-Transformer) for MTS
prediction, modeling multivariate time series from a more
comprehensive perspective. For the temporal resolution, we
design a Long Short-Term Transformer that utilizes the classic
Transformer encoder-decoder architecture to capture long-term
temporal dependencies via the vanilla attention mechanism.
To capture the short-term temporal patterns, we first split
the sequence into non-overlapping segments in an adaptive
manner and then extract the features within each segment.
Note that the segmenting approach is adaptive rather than
fixed or pre-defined. Specifically, we employ Dynamic Time
Warping (DTW) [38] to perform semantic segmentation auto-
matically by aligning the representation of the sequence and
the prototypical features of the segments, which are trainable
and optimized simultaneously with the network parameters.
For the variable resolution, variable-consistent and variable-
specific features reflect disentangled effects on multiple vari-
ables. Besides the variable-consistent features learned by the
Long Short-Term Transformer, we design a Temporal Con-
volution module to learn a set of variable-specific dynamics
individually. In this way, MR-Transformer is able to produce
a more comprehensive representation for MTS prediction
by combining both variable-consistent and variable-specific

features. The major contributions of this paper are summarized
as follows:

• We take both the long-term patterns and short-term
patterns into account and design a Long Short-Term
Transformer for more accurate time series forecasting.

• Apart from the temporal resolution, we also consider
the variable resolution. We fully consider both variable-
consistent and variable-specific features and thus enhance
the multivariate time series modeling ability by combin-
ing multi-resolution features between both time steps and
variables.

• We verify the model effectiveness via extensive experi-
mental evaluation on real-world MTS datasets, achieving
competing performance compared with existing state-of-
the-art methods. The visualization analysis shows our
model can effectively capture different time series depen-
dencies. Furthermore, we demonstrate MR-Transformer
is also generally applicable to univariate time series
datasets.

The remainder of this paper is organized as follows. Section II
reviews related works on MTS prediction and Transformer-
based forecasting models. Section III introduces our MR-
Transformer model in detail. In Section IV, we demonstrate
the effectiveness of MR-Transformer empirically. Finally, Sec-
tion VI summarizes the paper.

II. RELATED WORK

A. Time Series Forecasting

Time series forecasting is a long-standing problem in
the literature, which has received significant attention over
the years. Early works are based on classical models such
as Vector Auto-Regression (VAR) [28] and Auto-Regressive
Integrated Moving Average (ARIMA) [5]. However, these
classical methods assume a linear dependence over time, and
are not well-suited to model long-term dependencies.

With the development of deep learning, neural networks
have shown stronger modeling ability than traditional models,
especially in capturing non-linear data features. Recurrent
Neural Networks (RNNs) [7] are particularly suitable for time
series forecasting due to their advantages in sequence learning.
Among them, DeepAR [39] proposes an RNN-based auto-
regressive model to predict the probabilistic future distribution.
LSTNet [21] introduces CNN with recurrent-skip connections
to capture both long-term and short-term dependencies. There
are also some works [42, 35, 43, 15] that introduce temporal
attention to RNN to achieve long-range dependencies for
better prediction performance. Despite progress, RNN-based
methods easily suffer from gradient vanishing and exploding
problems and are hard to work in parallel. Recently, Temporal
Convolution Networks (TCNs) [32, 3] have been proposed
with convolutional architecture for sequence modeling tasks.
Benefiting from the well-designed architecture with a parallel
mechanism, TCN-based models [40, 4] are effective in cap-
turing local temporal features and have achieved good results.
However, for both RNN-based and TCN-based models, signals
must pass through a long path between two far-away temporal
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locations, which can make it difficult to capture long-term
dependencies in time series data.

In recent years, hybrid models have emerged as a promising
approach for improving time series forecasting performance
by incorporating multiple modules. For instance, DReF [31]
combines a statistical model (such as ARIMA or SARIMA)
for performing linear forecasts and a selected machine learn-
ing model for forecasting the residual errors. Self-supervised
LSTM-DeepFM [36] proposes a hybrid model that combines
LSTM, deep, and FM components to extract temporal, high-
dimensional, and low-dimensional features, respectively. HyD-
CNN [24] utilizes position-aware dilated CNNs and an autore-
gressive model to capture the sequential non-linear and linear
dependencies. Additionally, frequency information has been
found to be effective in improving forecasting performance.
Within the framework of the ATFN [53], the time-domain
block learns the trend feature, while the frequency-domain
block learns the complicated periodic features of time series.
Hybrid models can overcome the limitations of individual
established methods and achieve superior forecasting results.

An MTS is a collection of univariate time series, where
there are temporal dependencies within each series and corre-
lations across multiple variables. Various methods have been
proposed to tackle MTS prediction. TRMF [54] assumes that
MTS has a low-rank structure, while some studies [25, 35]
leverage attention mechanisms to learn correlations among
multiple variables. ST-Norm [9] introduces temporal normal-
ization (TN) and spatial normalization (SN) modules to refine
high-frequency and local components separately. CATN [13]
proposes a tree-embedding approach to learn inter-series
correlations and multi-level dependency learning to capture
temporal patterns for intra-series data. MCTAN [37] employs
a channel attention mechanism to weigh contributions from
different channels and extracts temporal relations through an
attention mechanism. Furthermore, recent studies [40, 15, 11]
have adopted a hybrid perspective that combines global and
local modules to respectively extract shared patterns among
all variables and individual variable patterns. Inspired by these
works, we disentangle variable-consistent and variable-specific
characteristics and integrate them for variable resolution mod-
eling.

B. Transformer-based Models

Transformer [45] was originally proposed as a sequence-
to-sequence model in natural language processing (NLP) to
deal with machine translation. Due to its powerful and flexible
modeling capabilities, it has been widely applied in processing
non-sequential data such as images in computer vision (CV)
tasks [6, 27]. In addition to its significant success in NLP and
CV, researchers have explored the adoption of Transformer to
solve time series forecasting problems [23, 49, 56, 52, 48].

With the self-attention mechanism, Transformer directly
models the relationships between any element pairs regardless
of distance, making it potentially more suitable for capturing
long-term dependencies. However, applying attention to long-
term time series forecasting can be computationally prohibitive
due to the quadratic increase in time and memory requirements

with sequence length. To address this challengeLogTrans [23]
introduces the local convolution to Transformer and proposes
the LogSparse attention to select time steps following the
exponentially increasing intervals. Informer [56] defines a
sparsity measurement for queries and uses ProbSparse at-
tention to select dominant queries. Reformer [20] introduces
local-sensitive hashing to approximate attention by allocating
similar queries, leading to significant complexity reduction.
Moreover, subsequent Transformer-based models such as Aut-
oFormer [52] and FEDformer [57] further improve the perfor-
mance of Autoformer by incorporating series decomposition
and frequency transform to extract relevant features. Nonethe-
less, these Transformer-based methods tend to overlook the
importance of extracting multi-resolution information from
time series, including variable correlations and short-term
information within the context.

In this work, we propose an adaptive segment attention
mechanism to explore the short-term information within seg-
ments. Our method differs from the above method in ex-
plicitly discovering different segment-wise patterns. More-
over, we design a Temporal Convolution module to extract
variable-specific features, which is combined with the variable-
consistent features captured by the Long Short-Term Trans-
former.

III. METHOD

The basic idea of the proposed method Multi-Resolution
Transformer (MR-Transformer) is to model multivariate time
series from a comprehensive perspective, for both temporal
and variable resolutions.

The framework of MR-Transformer is illustrated in Fig. 2.
It mainly consists of two modules for learning variable-
consistent and variable-specific patterns, respectively. In the
variable-consistent module, multivariate time series are pro-
cessed by the Long Short-Term Transformer to extract
both long-term and short-term temporal features. To discover
various short-term patterns, we carefully design an adaptive
segment attention mechanism, which first splits the sequence
into non-overlapping segments in an adaptive way and then
extracts short-term patterns within segments. In the variable-
specific module, each univariate time series is fed indepen-
dently into the Temporal Convolution, producing the unique
temporal patterns for each variable. Finally, we aggregate
the representations from both variant-consistent and variant-
specific modules for final predictions.

A. Problem Statement

In this paper, we focus on multivariate time series fore-
casting. Under the rolling forecasting setting with a fixed
size window, we have a sequence of historical 𝑇 time steps
of observations, denoted as 𝑿1:𝑇 = {𝒙1, 𝒙2, . . . , 𝒙𝑇 }, where
𝒙𝑡 ∈ R𝑁 and 𝑁 is the variable dimension. Our goal is to pre-
dict a sequence of future values {𝒙𝑇+1, 𝒙𝑇+2, . . . , 𝒙𝑇+ℎ} where
ℎ is the desirable horizon. Let 𝒁𝑇+ℎ = {𝒛1, 𝒛2, ..., 𝒛𝑇+ℎ} be
associated time-dependent covariate vectors that are assumed
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Fig. 2: The overall framework of Multi-Resolution Transformer (MR-Transformer), composed of variable-consistent and
variable-specific modules. The multivariate time series are fed into Long Short-Term Transformer to extract both long-
term and short-term temporal features, while each univariate time series is independently fed into the Temporal Convolution
to extract unique temporal features of a single variable. The features from the two modules are aggregated to produce multi-
resolution representations for prediction.

to be known over the entire time. The MR-Transformer takes
the following form:

𝑿̂𝑇+1:𝑇+ℎ = 𝑓 (𝑿1:𝑇 , 𝒁𝑇+ℎ;Φ), (1)

where 𝑓 is the forecasting model and Φ denotes the learnable
parameters of the model.

B. Long Short-Term Attention (LSA)

Long Short-Term Attention (LSA) plays a crucial role in
the MR-Transformer model by capturing both long-term and
short-term temporal dependencies in time series. We refer to
both Long Short-Term Self-Attention and Long Short-Term
Cross-Attention as Long Short-Term Attention (LSA) and use
the term LSA directly in the paper for brevity and clarity.

The process begins by mapping the time series embedding
𝑿𝑒𝑚𝑏 into different subspaces:

𝑸 = 𝑿𝑒𝑚𝑏𝑾𝑞 , 𝑲 = 𝑿𝑒𝑚𝑏𝑾𝑘 ,𝑽 = 𝑿𝑒𝑚𝑏𝑾𝑣 , (2)

where 𝑸 ∈ R𝑇×𝑑𝑞 , 𝑲 ∈ R𝑇×𝑑𝑘 ,𝑽 ∈ R𝑇×𝑑𝑣 represent
queries, keys and values in attention mechanism [45]. 𝑾𝑞 ∈
R𝑑𝑚𝑜𝑑𝑒𝑙×𝑑𝑞 ,𝑾𝑘 ∈ R𝑑𝑚𝑜𝑑𝑒𝑙×𝑑𝑘 ,𝑾𝑣 ∈ R𝑑𝑚𝑜𝑑𝑒𝑙×𝑑𝑣 denote learn-
able projection matrices. Typically, we set the dimensions 𝑑𝑞 ,
𝑑𝑘 , and 𝑑𝑣 to be the same as 𝑑𝑚𝑜𝑑𝑒𝑙 . Throughout the rest of
the paper, we will use 𝑑𝑚𝑜𝑑𝑒𝑙 to represent all three dimensions.

As illustrated in Fig. 3, the long-term representation of time
series is extracted through the vanilla attention mechanism,
which allows the model to access any part of the input
sequence, regardless of the distance, making it potentially suit-
able for capturing recurring patterns with long-term dependen-
cies [23, 10, 26]. In addition, the short-term representation is
extracted through the adaptive segment attention mechanism.

1) Long-term Attention: The long-term attention leverages
vanilla attention mechanism [45] to learn the long-term rep-
resentation 𝑴𝑙𝑜𝑛𝑔. For each attention layer, the calculation
process is similar. Hence we omit the layer index for simplic-

ity. Specifically, we calculate temporal correlations between
time steps by scaled dot-product, as follows:

𝒆 =
𝑸 (𝑲)𝑇
√
𝑑𝑘

, (3)

where 𝒆 ∈ R𝑇×𝑇 is the attention score matrix with element 𝑒𝑖 𝑗
representing the attention score between 𝑸𝑖 and 𝑲 𝑗 , and 𝑑𝑘
is the dimension of keys 𝑲.

Subsequently, softmax(·) is applied to every element of 𝒆
to obtain normalized scores as attention weights, as follows:

𝜶𝑖 𝑗 =
exp

(
𝑒𝑖 𝑗

)∑𝑇
𝑘=1 exp (𝑒𝑖𝑘)

,𝜶𝑖 𝑗 ∈ 𝑨𝑙𝑜𝑛𝑔, (4)

where 𝜶𝑖 𝑗 represents the attention weight between 𝑖-th time
step and 𝑗-th time step and 𝑨𝑙𝑜𝑛𝑔 ∈ R𝑇×𝑇 is the attention
weight matrix. Finally, the output of the attention layer is
calculated as:

𝑴𝑙𝑜𝑛𝑔 = 𝑨𝑙𝑜𝑛𝑔𝑽, (5)

where 𝑴𝑙𝑜𝑛𝑔 ∈ R𝑇×𝑑𝑚𝑜𝑑𝑒𝑙 can be viewed as the long-term
representation of the input sequence.

2) Short-term Attention: As for the short-term patterns
extraction, we design the an adaptive segment attention mech-
anism, which first splits the input sequence into multiple seg-
ments and then performs short-term attention within segments.
The adaptive segment attention layer aims to learn short-term
representation 𝑴𝑠ℎ𝑜𝑟𝑡 .

A straightforward strategy for segmentation is to evenly
partition a whole time series into shorter ones of the same fixed
length in a static manner, but it has several limitations. First,
the segmentation aims to discover distinct short-term patterns
which are internally homogeneous. Thus the length of each
optimal time series segment is not the same as the others’ in
most cases. Furthermore, time points from different sample
instances are not generally temporally aligned, making it dif-
ficult to find absolute temporal locations for segmentation. To
tackle the challenges mentioned above, we propose an adaptive
way to divide an input sequence into disjoint segments.
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h0
2

<latexit sha1_base64="Bhf4ySGdGIPeAb6HAUkycFWNWpE=">AAAB/nicbVDNS8MwHE39nPWrKp68BIfoabRD0OPQi8cJ7gO2UtI03cLSpCSpMErBf8WLB0W8+nd4878x3XrQzQchj/d+P/LywpRRpV3321pZXVvf2Kxt2ds7u3v7zsFhV4lMYtLBggnZD5EijHLS0VQz0k8lQUnISC+c3JZ+75FIRQV/0NOU+AkacRpTjLSRAud4GAoWqWlirnxcnAd5s7DtwKm7DXcGuEy8itRBhXbgfA0jgbOEcI0ZUmrguan2cyQ1xYwU9jBTJEV4gkZkYChHCVF+PotfwDOjRDAW0hyu4Uz9vZGjRJUJzWSC9FgteqX4nzfIdHzt55SnmSYczx+KMwa1gGUXMKKSYM2mhiAsqckK8RhJhLVprCzBW/zyMuk2G57b8O4v662bqo4aOAGn4AJ44Aq0wB1ogw7AIAfP4BW8WU/Wi/VufcxHV6xq5wj8gfX5A5PDlTQ=</latexit><latexit sha1_base64="Bhf4ySGdGIPeAb6HAUkycFWNWpE=">AAAB/nicbVDNS8MwHE39nPWrKp68BIfoabRD0OPQi8cJ7gO2UtI03cLSpCSpMErBf8WLB0W8+nd4878x3XrQzQchj/d+P/LywpRRpV3321pZXVvf2Kxt2ds7u3v7zsFhV4lMYtLBggnZD5EijHLS0VQz0k8lQUnISC+c3JZ+75FIRQV/0NOU+AkacRpTjLSRAud4GAoWqWlirnxcnAd5s7DtwKm7DXcGuEy8itRBhXbgfA0jgbOEcI0ZUmrguan2cyQ1xYwU9jBTJEV4gkZkYChHCVF+PotfwDOjRDAW0hyu4Uz9vZGjRJUJzWSC9FgteqX4nzfIdHzt55SnmSYczx+KMwa1gGUXMKKSYM2mhiAsqckK8RhJhLVprCzBW/zyMuk2G57b8O4v662bqo4aOAGn4AJ44Aq0wB1ogw7AIAfP4BW8WU/Wi/VufcxHV6xq5wj8gfX5A5PDlTQ=</latexit><latexit sha1_base64="Bhf4ySGdGIPeAb6HAUkycFWNWpE=">AAAB/nicbVDNS8MwHE39nPWrKp68BIfoabRD0OPQi8cJ7gO2UtI03cLSpCSpMErBf8WLB0W8+nd4878x3XrQzQchj/d+P/LywpRRpV3321pZXVvf2Kxt2ds7u3v7zsFhV4lMYtLBggnZD5EijHLS0VQz0k8lQUnISC+c3JZ+75FIRQV/0NOU+AkacRpTjLSRAud4GAoWqWlirnxcnAd5s7DtwKm7DXcGuEy8itRBhXbgfA0jgbOEcI0ZUmrguan2cyQ1xYwU9jBTJEV4gkZkYChHCVF+PotfwDOjRDAW0hyu4Uz9vZGjRJUJzWSC9FgteqX4nzfIdHzt55SnmSYczx+KMwa1gGUXMKKSYM2mhiAsqckK8RhJhLVprCzBW/zyMuk2G57b8O4v662bqo4aOAGn4AJ44Aq0wB1ogw7AIAfP4BW8WU/Wi/VufcxHV6xq5wj8gfX5A5PDlTQ=</latexit><latexit sha1_base64="Bhf4ySGdGIPeAb6HAUkycFWNWpE=">AAAB/nicbVDNS8MwHE39nPWrKp68BIfoabRD0OPQi8cJ7gO2UtI03cLSpCSpMErBf8WLB0W8+nd4878x3XrQzQchj/d+P/LywpRRpV3321pZXVvf2Kxt2ds7u3v7zsFhV4lMYtLBggnZD5EijHLS0VQz0k8lQUnISC+c3JZ+75FIRQV/0NOU+AkacRpTjLSRAud4GAoWqWlirnxcnAd5s7DtwKm7DXcGuEy8itRBhXbgfA0jgbOEcI0ZUmrguan2cyQ1xYwU9jBTJEV4gkZkYChHCVF+PotfwDOjRDAW0hyu4Uz9vZGjRJUJzWSC9FgteqX4nzfIdHzt55SnmSYczx+KMwa1gGUXMKKSYM2mhiAsqckK8RhJhLVprCzBW/zyMuk2G57b8O4v662bqo4aOAGn4AJ44Aq0wB1ogw7AIAfP4BW8WU/Wi/VufcxHV6xq5wj8gfX5A5PDlTQ=</latexit>

h0
3

<latexit sha1_base64="efhrKCWNNFmrQ22SdRZormpFd60=">AAAB/nicbVBPS8MwHE3nv1n/VcWTl+AQPY1WBT0OvXic4NxgKyVN0y0sTUqSCqMU/CpePCji1c/hzW9juvWgmw9CHu/9fuTlhSmjSrvut1VbWl5ZXauv2xubW9s7zu7egxKZxKSDBROyFyJFGOWko6lmpJdKgpKQkW44vin97iORigp+rycp8RM05DSmGGkjBc7BIBQsUpPEXPmoOAny88K2A6fhNt0p4CLxKtIAFdqB8zWIBM4SwjVmSKm+56baz5HUFDNS2INMkRThMRqSvqEcJUT5+TR+AY+NEsFYSHO4hlP190aOElUmNJMJ0iM175Xif14/0/GVn1OeZppwPHsozhjUApZdwIhKgjWbGIKwpCYrxCMkEdamsbIEb/7Li+ThrOm5Te/uotG6ruqog0NwBE6BBy5BC9yCNugADHLwDF7Bm/VkvVjv1sdstGZVO/vgD6zPH5VKlTU=</latexit><latexit sha1_base64="efhrKCWNNFmrQ22SdRZormpFd60=">AAAB/nicbVBPS8MwHE3nv1n/VcWTl+AQPY1WBT0OvXic4NxgKyVN0y0sTUqSCqMU/CpePCji1c/hzW9juvWgmw9CHu/9fuTlhSmjSrvut1VbWl5ZXauv2xubW9s7zu7egxKZxKSDBROyFyJFGOWko6lmpJdKgpKQkW44vin97iORigp+rycp8RM05DSmGGkjBc7BIBQsUpPEXPmoOAny88K2A6fhNt0p4CLxKtIAFdqB8zWIBM4SwjVmSKm+56baz5HUFDNS2INMkRThMRqSvqEcJUT5+TR+AY+NEsFYSHO4hlP190aOElUmNJMJ0iM175Xif14/0/GVn1OeZppwPHsozhjUApZdwIhKgjWbGIKwpCYrxCMkEdamsbIEb/7Li+ThrOm5Te/uotG6ruqog0NwBE6BBy5BC9yCNugADHLwDF7Bm/VkvVjv1sdstGZVO/vgD6zPH5VKlTU=</latexit><latexit sha1_base64="efhrKCWNNFmrQ22SdRZormpFd60=">AAAB/nicbVBPS8MwHE3nv1n/VcWTl+AQPY1WBT0OvXic4NxgKyVN0y0sTUqSCqMU/CpePCji1c/hzW9juvWgmw9CHu/9fuTlhSmjSrvut1VbWl5ZXauv2xubW9s7zu7egxKZxKSDBROyFyJFGOWko6lmpJdKgpKQkW44vin97iORigp+rycp8RM05DSmGGkjBc7BIBQsUpPEXPmoOAny88K2A6fhNt0p4CLxKtIAFdqB8zWIBM4SwjVmSKm+56baz5HUFDNS2INMkRThMRqSvqEcJUT5+TR+AY+NEsFYSHO4hlP190aOElUmNJMJ0iM175Xif14/0/GVn1OeZppwPHsozhjUApZdwIhKgjWbGIKwpCYrxCMkEdamsbIEb/7Li+ThrOm5Te/uotG6ruqog0NwBE6BBy5BC9yCNugADHLwDF7Bm/VkvVjv1sdstGZVO/vgD6zPH5VKlTU=</latexit><latexit sha1_base64="efhrKCWNNFmrQ22SdRZormpFd60=">AAAB/nicbVBPS8MwHE3nv1n/VcWTl+AQPY1WBT0OvXic4NxgKyVN0y0sTUqSCqMU/CpePCji1c/hzW9juvWgmw9CHu/9fuTlhSmjSrvut1VbWl5ZXauv2xubW9s7zu7egxKZxKSDBROyFyJFGOWko6lmpJdKgpKQkW44vin97iORigp+rycp8RM05DSmGGkjBc7BIBQsUpPEXPmoOAny88K2A6fhNt0p4CLxKtIAFdqB8zWIBM4SwjVmSKm+56baz5HUFDNS2INMkRThMRqSvqEcJUT5+TR+AY+NEsFYSHO4hlP190aOElUmNJMJ0iM175Xif14/0/GVn1OeZppwPHsozhjUApZdwIhKgjWbGIKwpCYrxCMkEdamsbIEb/7Li+ThrOm5Te/uotG6ruqog0NwBE6BBy5BC9yCNugADHLwDF7Bm/VkvVjv1sdstGZVO/vgD6zPH5VKlTU=</latexit>

h0
T

<latexit sha1_base64="kK6UmXr+yFNxDZ/mt9SprCJC7CM=">AAAB/nicbVDNS8MwHE39nPWrKp68BIfoabQi6HHoxeOEfcFWSpqmW1ialCQVRin4r3jxoIhX/w5v/jemWw+6+SDk8d7vR15emDKqtOt+Wyura+sbm7Ute3tnd2/fOTjsKpFJTDpYMCH7IVKEUU46mmpG+qkkKAkZ6YWTu9LvPRKpqOBtPU2Jn6ARpzHFSBspcI6HoWCRmibmysfFeZC3C9sOnLrbcGeAy8SrSB1UaAXO1zASOEsI15ghpQaem2o/R1JTzEhhDzNFUoQnaEQGhnKUEOXns/gFPDNKBGMhzeEaztTfGzlKVJnQTCZIj9WiV4r/eYNMxzd+TnmaacLx/KE4Y1ALWHYBIyoJ1mxqCMKSmqwQj5FEWJvGyhK8xS8vk+5lw3Mb3sNVvXlb1VEDJ+AUXAAPXIMmuAct0AEY5OAZvII368l6sd6tj/noilXtHIE/sD5/AMexlVY=</latexit><latexit sha1_base64="kK6UmXr+yFNxDZ/mt9SprCJC7CM=">AAAB/nicbVDNS8MwHE39nPWrKp68BIfoabQi6HHoxeOEfcFWSpqmW1ialCQVRin4r3jxoIhX/w5v/jemWw+6+SDk8d7vR15emDKqtOt+Wyura+sbm7Ute3tnd2/fOTjsKpFJTDpYMCH7IVKEUU46mmpG+qkkKAkZ6YWTu9LvPRKpqOBtPU2Jn6ARpzHFSBspcI6HoWCRmibmysfFeZC3C9sOnLrbcGeAy8SrSB1UaAXO1zASOEsI15ghpQaem2o/R1JTzEhhDzNFUoQnaEQGhnKUEOXns/gFPDNKBGMhzeEaztTfGzlKVJnQTCZIj9WiV4r/eYNMxzd+TnmaacLx/KE4Y1ALWHYBIyoJ1mxqCMKSmqwQj5FEWJvGyhK8xS8vk+5lw3Mb3sNVvXlb1VEDJ+AUXAAPXIMmuAct0AEY5OAZvII368l6sd6tj/noilXtHIE/sD5/AMexlVY=</latexit><latexit sha1_base64="kK6UmXr+yFNxDZ/mt9SprCJC7CM=">AAAB/nicbVDNS8MwHE39nPWrKp68BIfoabQi6HHoxeOEfcFWSpqmW1ialCQVRin4r3jxoIhX/w5v/jemWw+6+SDk8d7vR15emDKqtOt+Wyura+sbm7Ute3tnd2/fOTjsKpFJTDpYMCH7IVKEUU46mmpG+qkkKAkZ6YWTu9LvPRKpqOBtPU2Jn6ARpzHFSBspcI6HoWCRmibmysfFeZC3C9sOnLrbcGeAy8SrSB1UaAXO1zASOEsI15ghpQaem2o/R1JTzEhhDzNFUoQnaEQGhnKUEOXns/gFPDNKBGMhzeEaztTfGzlKVJnQTCZIj9WiV4r/eYNMxzd+TnmaacLx/KE4Y1ALWHYBIyoJ1mxqCMKSmqwQj5FEWJvGyhK8xS8vk+5lw3Mb3sNVvXlb1VEDJ+AUXAAPXIMmuAct0AEY5OAZvII368l6sd6tj/noilXtHIE/sD5/AMexlVY=</latexit><latexit sha1_base64="kK6UmXr+yFNxDZ/mt9SprCJC7CM=">AAAB/nicbVDNS8MwHE39nPWrKp68BIfoabQi6HHoxeOEfcFWSpqmW1ialCQVRin4r3jxoIhX/w5v/jemWw+6+SDk8d7vR15emDKqtOt+Wyura+sbm7Ute3tnd2/fOTjsKpFJTDpYMCH7IVKEUU46mmpG+qkkKAkZ6YWTu9LvPRKpqOBtPU2Jn6ARpzHFSBspcI6HoWCRmibmysfFeZC3C9sOnLrbcGeAy8SrSB1UaAXO1zASOEsI15ghpQaem2o/R1JTzEhhDzNFUoQnaEQGhnKUEOXns/gFPDNKBGMhzeEaztTfGzlKVJnQTCZIj9WiV4r/eYNMxzd+TnmaacLx/KE4Y1ALWHYBIyoJ1mxqCMKSmqwQj5FEWJvGyhK8xS8vk+5lw3Mb3sNVvXlb1VEDJ+AUXAAPXIMmuAct0AEY5OAZvII368l6sd6tj/noilXtHIE/sD5/AMexlVY=</latexit>

…
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Long Short-Term Representation

Input Embedding

h1
<latexit sha1_base64="JpJeYdGco+y31DdwOY53NgsP4Mg=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZkRQZdFNy4r2Ae0w5DJpG1oJhmSTKEM/RM3LhRx65+482/MtLPQ1gMhh3PuJScnSjnTxvO+ncrG5tb2TnW3trd/cHjkHp90tMwUoW0iuVS9CGvKmaBtwwynvVRRnEScdqPJfeF3p1RpJsWTmaU0SPBIsCEj2FgpdN1BJHmsZ4m98vE89EO37jW8BdA68UtShxKt0P0axJJkCRWGcKx13/dSE+RYGUY4ndcGmaYpJhM8on1LBU6oDvJF8jm6sEqMhlLZIwxaqL83cpzoIpydTLAZ61WvEP/z+pkZ3gY5E2lmqCDLh4YZR0aiogYUM0WJ4TNLMFHMZkVkjBUmxpZVsyX4q19eJ52rhu81/MfrevOurKMKZ3AOl+DDDTThAVrQBgJTeIZXeHNy58V5dz6WoxWn3DmFP3A+fwDjYpPO</latexit><latexit sha1_base64="JpJeYdGco+y31DdwOY53NgsP4Mg=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZkRQZdFNy4r2Ae0w5DJpG1oJhmSTKEM/RM3LhRx65+482/MtLPQ1gMhh3PuJScnSjnTxvO+ncrG5tb2TnW3trd/cHjkHp90tMwUoW0iuVS9CGvKmaBtwwynvVRRnEScdqPJfeF3p1RpJsWTmaU0SPBIsCEj2FgpdN1BJHmsZ4m98vE89EO37jW8BdA68UtShxKt0P0axJJkCRWGcKx13/dSE+RYGUY4ndcGmaYpJhM8on1LBU6oDvJF8jm6sEqMhlLZIwxaqL83cpzoIpydTLAZ61WvEP/z+pkZ3gY5E2lmqCDLh4YZR0aiogYUM0WJ4TNLMFHMZkVkjBUmxpZVsyX4q19eJ52rhu81/MfrevOurKMKZ3AOl+DDDTThAVrQBgJTeIZXeHNy58V5dz6WoxWn3DmFP3A+fwDjYpPO</latexit><latexit sha1_base64="JpJeYdGco+y31DdwOY53NgsP4Mg=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZkRQZdFNy4r2Ae0w5DJpG1oJhmSTKEM/RM3LhRx65+482/MtLPQ1gMhh3PuJScnSjnTxvO+ncrG5tb2TnW3trd/cHjkHp90tMwUoW0iuVS9CGvKmaBtwwynvVRRnEScdqPJfeF3p1RpJsWTmaU0SPBIsCEj2FgpdN1BJHmsZ4m98vE89EO37jW8BdA68UtShxKt0P0axJJkCRWGcKx13/dSE+RYGUY4ndcGmaYpJhM8on1LBU6oDvJF8jm6sEqMhlLZIwxaqL83cpzoIpydTLAZ61WvEP/z+pkZ3gY5E2lmqCDLh4YZR0aiogYUM0WJ4TNLMFHMZkVkjBUmxpZVsyX4q19eJ52rhu81/MfrevOurKMKZ3AOl+DDDTThAVrQBgJTeIZXeHNy58V5dz6WoxWn3DmFP3A+fwDjYpPO</latexit><latexit sha1_base64="JpJeYdGco+y31DdwOY53NgsP4Mg=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZkRQZdFNy4r2Ae0w5DJpG1oJhmSTKEM/RM3LhRx65+482/MtLPQ1gMhh3PuJScnSjnTxvO+ncrG5tb2TnW3trd/cHjkHp90tMwUoW0iuVS9CGvKmaBtwwynvVRRnEScdqPJfeF3p1RpJsWTmaU0SPBIsCEj2FgpdN1BJHmsZ4m98vE89EO37jW8BdA68UtShxKt0P0axJJkCRWGcKx13/dSE+RYGUY4ndcGmaYpJhM8on1LBU6oDvJF8jm6sEqMhlLZIwxaqL83cpzoIpydTLAZ61WvEP/z+pkZ3gY5E2lmqCDLh4YZR0aiogYUM0WJ4TNLMFHMZkVkjBUmxpZVsyX4q19eJ52rhu81/MfrevOurKMKZ3AOl+DDDTThAVrQBgJTeIZXeHNy58V5dz6WoxWn3DmFP3A+fwDjYpPO</latexit>

h2
<latexit sha1_base64="1Mgn7Kt5TsXebW7515p5XI2dCdE=">AAAB+XicbVDLSgMxFL3js9bXqEs3wSK4KjNF0GXRjcsK9gHtMGQyaRuaSYYkUyhD/8SNC0Xc+ifu/Bsz7Sy09UDI4Zx7ycmJUs608bxvZ2Nza3tnt7JX3T84PDp2T047WmaK0DaRXKpehDXlTNC2YYbTXqooTiJOu9HkvvC7U6o0k+LJzFIaJHgk2JARbKwUuu4gkjzWs8Re+XgeNkK35tW9BdA68UtSgxKt0P0axJJkCRWGcKx13/dSE+RYGUY4nVcHmaYpJhM8on1LBU6oDvJF8jm6tEqMhlLZIwxaqL83cpzoIpydTLAZ61WvEP/z+pkZ3gY5E2lmqCDLh4YZR0aiogYUM0WJ4TNLMFHMZkVkjBUmxpZVtSX4q19eJ51G3ffq/uN1rXlX1lGBc7iAK/DhBprwAC1oA4EpPMMrvDm58+K8Ox/L0Q2n3DmDP3A+fwDk5pPP</latexit><latexit sha1_base64="1Mgn7Kt5TsXebW7515p5XI2dCdE=">AAAB+XicbVDLSgMxFL3js9bXqEs3wSK4KjNF0GXRjcsK9gHtMGQyaRuaSYYkUyhD/8SNC0Xc+ifu/Bsz7Sy09UDI4Zx7ycmJUs608bxvZ2Nza3tnt7JX3T84PDp2T047WmaK0DaRXKpehDXlTNC2YYbTXqooTiJOu9HkvvC7U6o0k+LJzFIaJHgk2JARbKwUuu4gkjzWs8Re+XgeNkK35tW9BdA68UtSgxKt0P0axJJkCRWGcKx13/dSE+RYGUY4nVcHmaYpJhM8on1LBU6oDvJF8jm6tEqMhlLZIwxaqL83cpzoIpydTLAZ61WvEP/z+pkZ3gY5E2lmqCDLh4YZR0aiogYUM0WJ4TNLMFHMZkVkjBUmxpZVtSX4q19eJ51G3ffq/uN1rXlX1lGBc7iAK/DhBprwAC1oA4EpPMMrvDm58+K8Ox/L0Q2n3DmDP3A+fwDk5pPP</latexit><latexit sha1_base64="1Mgn7Kt5TsXebW7515p5XI2dCdE=">AAAB+XicbVDLSgMxFL3js9bXqEs3wSK4KjNF0GXRjcsK9gHtMGQyaRuaSYYkUyhD/8SNC0Xc+ifu/Bsz7Sy09UDI4Zx7ycmJUs608bxvZ2Nza3tnt7JX3T84PDp2T047WmaK0DaRXKpehDXlTNC2YYbTXqooTiJOu9HkvvC7U6o0k+LJzFIaJHgk2JARbKwUuu4gkjzWs8Re+XgeNkK35tW9BdA68UtSgxKt0P0axJJkCRWGcKx13/dSE+RYGUY4nVcHmaYpJhM8on1LBU6oDvJF8jm6tEqMhlLZIwxaqL83cpzoIpydTLAZ61WvEP/z+pkZ3gY5E2lmqCDLh4YZR0aiogYUM0WJ4TNLMFHMZkVkjBUmxpZVtSX4q19eJ51G3ffq/uN1rXlX1lGBc7iAK/DhBprwAC1oA4EpPMMrvDm58+K8Ox/L0Q2n3DmDP3A+fwDk5pPP</latexit><latexit sha1_base64="1Mgn7Kt5TsXebW7515p5XI2dCdE=">AAAB+XicbVDLSgMxFL3js9bXqEs3wSK4KjNF0GXRjcsK9gHtMGQyaRuaSYYkUyhD/8SNC0Xc+ifu/Bsz7Sy09UDI4Zx7ycmJUs608bxvZ2Nza3tnt7JX3T84PDp2T047WmaK0DaRXKpehDXlTNC2YYbTXqooTiJOu9HkvvC7U6o0k+LJzFIaJHgk2JARbKwUuu4gkjzWs8Re+XgeNkK35tW9BdA68UtSgxKt0P0axJJkCRWGcKx13/dSE+RYGUY4nVcHmaYpJhM8on1LBU6oDvJF8jm6tEqMhlLZIwxaqL83cpzoIpydTLAZ61WvEP/z+pkZ3gY5E2lmqCDLh4YZR0aiogYUM0WJ4TNLMFHMZkVkjBUmxpZVtSX4q19eJ51G3ffq/uN1rXlX1lGBc7iAK/DhBprwAC1oA4EpPMMrvDm58+K8Ox/L0Q2n3DmDP3A+fwDk5pPP</latexit>

h3
<latexit sha1_base64="PLTnfqG6II01gn4S9//5fvVeeBI=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZlRQZdFNy4r2Ae0w5DJpG1oJhmSTKEM/RM3LhRx65+482/MtLPQ6oGQwzn3kpMTpZxp43lfTmVtfWNzq7pd29nd2z9wD486WmaK0DaRXKpehDXlTNC2YYbTXqooTiJOu9HkrvC7U6o0k+LRzFIaJHgk2JARbKwUuu4gkjzWs8Re+XgeXoZu3Wt4C6C/xC9JHUq0QvdzEEuSJVQYwrHWfd9LTZBjZRjhdF4bZJqmmEzwiPYtFTihOsgXyefozCoxGkpljzBoof7cyHGii3B2MsFmrFe9QvzP62dmeBPkTKSZoYIsHxpmHBmJihpQzBQlhs8swUQxmxWRMVaYGFtWzZbgr375L+lcNHyv4T9c1Zu3ZR1VOIFTOAcfrqEJ99CCNhCYwhO8wKuTO8/Om/O+HK045c4x/ILz8Q3mapPQ</latexit><latexit sha1_base64="PLTnfqG6II01gn4S9//5fvVeeBI=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZlRQZdFNy4r2Ae0w5DJpG1oJhmSTKEM/RM3LhRx65+482/MtLPQ6oGQwzn3kpMTpZxp43lfTmVtfWNzq7pd29nd2z9wD486WmaK0DaRXKpehDXlTNC2YYbTXqooTiJOu9HkrvC7U6o0k+LRzFIaJHgk2JARbKwUuu4gkjzWs8Re+XgeXoZu3Wt4C6C/xC9JHUq0QvdzEEuSJVQYwrHWfd9LTZBjZRjhdF4bZJqmmEzwiPYtFTihOsgXyefozCoxGkpljzBoof7cyHGii3B2MsFmrFe9QvzP62dmeBPkTKSZoYIsHxpmHBmJihpQzBQlhs8swUQxmxWRMVaYGFtWzZbgr375L+lcNHyv4T9c1Zu3ZR1VOIFTOAcfrqEJ99CCNhCYwhO8wKuTO8/Om/O+HK045c4x/ILz8Q3mapPQ</latexit><latexit sha1_base64="PLTnfqG6II01gn4S9//5fvVeeBI=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZlRQZdFNy4r2Ae0w5DJpG1oJhmSTKEM/RM3LhRx65+482/MtLPQ6oGQwzn3kpMTpZxp43lfTmVtfWNzq7pd29nd2z9wD486WmaK0DaRXKpehDXlTNC2YYbTXqooTiJOu9HkrvC7U6o0k+LRzFIaJHgk2JARbKwUuu4gkjzWs8Re+XgeXoZu3Wt4C6C/xC9JHUq0QvdzEEuSJVQYwrHWfd9LTZBjZRjhdF4bZJqmmEzwiPYtFTihOsgXyefozCoxGkpljzBoof7cyHGii3B2MsFmrFe9QvzP62dmeBPkTKSZoYIsHxpmHBmJihpQzBQlhs8swUQxmxWRMVaYGFtWzZbgr375L+lcNHyv4T9c1Zu3ZR1VOIFTOAcfrqEJ99CCNhCYwhO8wKuTO8/Om/O+HK045c4x/ILz8Q3mapPQ</latexit><latexit sha1_base64="PLTnfqG6II01gn4S9//5fvVeeBI=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZlRQZdFNy4r2Ae0w5DJpG1oJhmSTKEM/RM3LhRx65+482/MtLPQ6oGQwzn3kpMTpZxp43lfTmVtfWNzq7pd29nd2z9wD486WmaK0DaRXKpehDXlTNC2YYbTXqooTiJOu9HkrvC7U6o0k+LRzFIaJHgk2JARbKwUuu4gkjzWs8Re+XgeXoZu3Wt4C6C/xC9JHUq0QvdzEEuSJVQYwrHWfd9LTZBjZRjhdF4bZJqmmEzwiPYtFTihOsgXyefozCoxGkpljzBoof7cyHGii3B2MsFmrFe9QvzP62dmeBPkTKSZoYIsHxpmHBmJihpQzBQlhs8swUQxmxWRMVaYGFtWzZbgr375L+lcNHyv4T9c1Zu3ZR1VOIFTOAcfrqEJ99CCNhCYwhO8wKuTO8/Om/O+HK045c4x/ILz8Q3mapPQ</latexit>

h4
<latexit sha1_base64="drkrjTvkKHrVIzpZXlMcZqcAl+E=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZkRQZdFNy4r2Ae0w5DJpG1oJhmSTKEM/RM3LhRx65+482/MtLPQ1gMhh3PuJScnSjnTxvO+ncrG5tb2TnW3trd/cHjkHp90tMwUoW0iuVS9CGvKmaBtwwynvVRRnEScdqPJfeF3p1RpJsWTmaU0SPBIsCEj2FgpdN1BJHmsZ4m98vE8vA7dutfwFkDrxC9JHUq0QvdrEEuSJVQYwrHWfd9LTZBjZRjhdF4bZJqmmEzwiPYtFTihOsgXyefowioxGkpljzBoof7eyHGii3B2MsFmrFe9QvzP62dmeBvkTKSZoYIsHxpmHBmJihpQzBQlhs8swUQxmxWRMVaYGFtWzZbgr355nXSuGr7X8B+v6827so4qnME5XIIPN9CEB2hBGwhM4Rle4c3JnRfn3flYjlaccucU/sD5/AHn7pPR</latexit><latexit sha1_base64="drkrjTvkKHrVIzpZXlMcZqcAl+E=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZkRQZdFNy4r2Ae0w5DJpG1oJhmSTKEM/RM3LhRx65+482/MtLPQ1gMhh3PuJScnSjnTxvO+ncrG5tb2TnW3trd/cHjkHp90tMwUoW0iuVS9CGvKmaBtwwynvVRRnEScdqPJfeF3p1RpJsWTmaU0SPBIsCEj2FgpdN1BJHmsZ4m98vE8vA7dutfwFkDrxC9JHUq0QvdrEEuSJVQYwrHWfd9LTZBjZRjhdF4bZJqmmEzwiPYtFTihOsgXyefowioxGkpljzBoof7eyHGii3B2MsFmrFe9QvzP62dmeBvkTKSZoYIsHxpmHBmJihpQzBQlhs8swUQxmxWRMVaYGFtWzZbgr355nXSuGr7X8B+v6827so4qnME5XIIPN9CEB2hBGwhM4Rle4c3JnRfn3flYjlaccucU/sD5/AHn7pPR</latexit><latexit sha1_base64="drkrjTvkKHrVIzpZXlMcZqcAl+E=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZkRQZdFNy4r2Ae0w5DJpG1oJhmSTKEM/RM3LhRx65+482/MtLPQ1gMhh3PuJScnSjnTxvO+ncrG5tb2TnW3trd/cHjkHp90tMwUoW0iuVS9CGvKmaBtwwynvVRRnEScdqPJfeF3p1RpJsWTmaU0SPBIsCEj2FgpdN1BJHmsZ4m98vE8vA7dutfwFkDrxC9JHUq0QvdrEEuSJVQYwrHWfd9LTZBjZRjhdF4bZJqmmEzwiPYtFTihOsgXyefowioxGkpljzBoof7eyHGii3B2MsFmrFe9QvzP62dmeBvkTKSZoYIsHxpmHBmJihpQzBQlhs8swUQxmxWRMVaYGFtWzZbgr355nXSuGr7X8B+v6827so4qnME5XIIPN9CEB2hBGwhM4Rle4c3JnRfn3flYjlaccucU/sD5/AHn7pPR</latexit><latexit sha1_base64="drkrjTvkKHrVIzpZXlMcZqcAl+E=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZkRQZdFNy4r2Ae0w5DJpG1oJhmSTKEM/RM3LhRx65+482/MtLPQ1gMhh3PuJScnSjnTxvO+ncrG5tb2TnW3trd/cHjkHp90tMwUoW0iuVS9CGvKmaBtwwynvVRRnEScdqPJfeF3p1RpJsWTmaU0SPBIsCEj2FgpdN1BJHmsZ4m98vE8vA7dutfwFkDrxC9JHUq0QvdrEEuSJVQYwrHWfd9LTZBjZRjhdF4bZJqmmEzwiPYtFTihOsgXyefowioxGkpljzBoof7eyHGii3B2MsFmrFe9QvzP62dmeBvkTKSZoYIsHxpmHBmJihpQzBQlhs8swUQxmxWRMVaYGFtWzZbgr355nXSuGr7X8B+v6827so4qnME5XIIPN9CEB2hBGwhM4Rle4c3JnRfn3flYjlaccucU/sD5/AHn7pPR</latexit>

h5
<latexit sha1_base64="H2tUiSDQP3NN0io/nwNmNC3XABs=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZkRRZdFNy4r2Ae0w5DJpG1oJhmSTKEM/RM3LhRx65+482/MtLPQ6oGQwzn3kpMTpZxp43lfTmVtfWNzq7pd29nd2z9wD486WmaK0DaRXKpehDXlTNC2YYbTXqooTiJOu9HkrvC7U6o0k+LRzFIaJHgk2JARbKwUuu4gkjzWs8Re+XgeXoVu3Wt4C6C/xC9JHUq0QvdzEEuSJVQYwrHWfd9LTZBjZRjhdF4bZJqmmEzwiPYtFTihOsgXyefozCoxGkpljzBoof7cyHGii3B2MsFmrFe9QvzP62dmeBPkTKSZoYIsHxpmHBmJihpQzBQlhs8swUQxmxWRMVaYGFtWzZbgr375L+lcNHyv4T9c1pu3ZR1VOIFTOAcfrqEJ99CCNhCYwhO8wKuTO8/Om/O+HK045c4x/ILz8Q3pcpPS</latexit><latexit sha1_base64="H2tUiSDQP3NN0io/nwNmNC3XABs=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZkRRZdFNy4r2Ae0w5DJpG1oJhmSTKEM/RM3LhRx65+482/MtLPQ6oGQwzn3kpMTpZxp43lfTmVtfWNzq7pd29nd2z9wD486WmaK0DaRXKpehDXlTNC2YYbTXqooTiJOu9HkrvC7U6o0k+LRzFIaJHgk2JARbKwUuu4gkjzWs8Re+XgeXoVu3Wt4C6C/xC9JHUq0QvdzEEuSJVQYwrHWfd9LTZBjZRjhdF4bZJqmmEzwiPYtFTihOsgXyefozCoxGkpljzBoof7cyHGii3B2MsFmrFe9QvzP62dmeBPkTKSZoYIsHxpmHBmJihpQzBQlhs8swUQxmxWRMVaYGFtWzZbgr375L+lcNHyv4T9c1pu3ZR1VOIFTOAcfrqEJ99CCNhCYwhO8wKuTO8/Om/O+HK045c4x/ILz8Q3pcpPS</latexit><latexit sha1_base64="H2tUiSDQP3NN0io/nwNmNC3XABs=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZkRRZdFNy4r2Ae0w5DJpG1oJhmSTKEM/RM3LhRx65+482/MtLPQ6oGQwzn3kpMTpZxp43lfTmVtfWNzq7pd29nd2z9wD486WmaK0DaRXKpehDXlTNC2YYbTXqooTiJOu9HkrvC7U6o0k+LRzFIaJHgk2JARbKwUuu4gkjzWs8Re+XgeXoVu3Wt4C6C/xC9JHUq0QvdzEEuSJVQYwrHWfd9LTZBjZRjhdF4bZJqmmEzwiPYtFTihOsgXyefozCoxGkpljzBoof7cyHGii3B2MsFmrFe9QvzP62dmeBPkTKSZoYIsHxpmHBmJihpQzBQlhs8swUQxmxWRMVaYGFtWzZbgr375L+lcNHyv4T9c1pu3ZR1VOIFTOAcfrqEJ99CCNhCYwhO8wKuTO8/Om/O+HK045c4x/ILz8Q3pcpPS</latexit><latexit sha1_base64="H2tUiSDQP3NN0io/nwNmNC3XABs=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZkRRZdFNy4r2Ae0w5DJpG1oJhmSTKEM/RM3LhRx65+482/MtLPQ6oGQwzn3kpMTpZxp43lfTmVtfWNzq7pd29nd2z9wD486WmaK0DaRXKpehDXlTNC2YYbTXqooTiJOu9HkrvC7U6o0k+LRzFIaJHgk2JARbKwUuu4gkjzWs8Re+XgeXoVu3Wt4C6C/xC9JHUq0QvdzEEuSJVQYwrHWfd9LTZBjZRjhdF4bZJqmmEzwiPYtFTihOsgXyefozCoxGkpljzBoof7cyHGii3B2MsFmrFe9QvzP62dmeBPkTKSZoYIsHxpmHBmJihpQzBQlhs8swUQxmxWRMVaYGFtWzZbgr375L+lcNHyv4T9c1pu3ZR1VOIFTOAcfrqEJ99CCNhCYwhO8wKuTO8/Om/O+HK045c4x/ILz8Q3pcpPS</latexit>

hn�2
<latexit sha1_base64="UsRzeyhnSQx/OwRUlVHDBJcO5CM=">AAAB/XicbVDNS8MwHE3n15xf9ePmJTgEL452CHocevE4wX3AVkqapltYmpQkFWYp/itePCji1f/Dm/+N6daDbj4Iebz3+5GXFySMKu0431ZlZXVtfaO6Wdva3tnds/cPukqkEpMOFkzIfoAUYZSTjqaakX4iCYoDRnrB5Kbwew9EKir4vZ4mxIvRiNOIYqSN5NtHw0CwUE1jc2Xj3M/4eTP37brTcGaAy8QtSR2UaPv21zAUOI0J15ghpQauk2gvQ1JTzEheG6aKJAhP0IgMDOUoJsrLZulzeGqUEEZCmsM1nKm/NzIUqyKgmYyRHqtFrxD/8wapjq68jPIk1YTj+UNRyqAWsKgChlQSrNnUEIQlNVkhHiOJsDaF1UwJ7uKXl0m32XCdhnt3UW9dl3VUwTE4AWfABZegBW5BG3QABo/gGbyCN+vJerHerY/5aMUqdw7BH1ifP/l5lYo=</latexit><latexit sha1_base64="UsRzeyhnSQx/OwRUlVHDBJcO5CM=">AAAB/XicbVDNS8MwHE3n15xf9ePmJTgEL452CHocevE4wX3AVkqapltYmpQkFWYp/itePCji1f/Dm/+N6daDbj4Iebz3+5GXFySMKu0431ZlZXVtfaO6Wdva3tnds/cPukqkEpMOFkzIfoAUYZSTjqaakX4iCYoDRnrB5Kbwew9EKir4vZ4mxIvRiNOIYqSN5NtHw0CwUE1jc2Xj3M/4eTP37brTcGaAy8QtSR2UaPv21zAUOI0J15ghpQauk2gvQ1JTzEheG6aKJAhP0IgMDOUoJsrLZulzeGqUEEZCmsM1nKm/NzIUqyKgmYyRHqtFrxD/8wapjq68jPIk1YTj+UNRyqAWsKgChlQSrNnUEIQlNVkhHiOJsDaF1UwJ7uKXl0m32XCdhnt3UW9dl3VUwTE4AWfABZegBW5BG3QABo/gGbyCN+vJerHerY/5aMUqdw7BH1ifP/l5lYo=</latexit><latexit sha1_base64="UsRzeyhnSQx/OwRUlVHDBJcO5CM=">AAAB/XicbVDNS8MwHE3n15xf9ePmJTgEL452CHocevE4wX3AVkqapltYmpQkFWYp/itePCji1f/Dm/+N6daDbj4Iebz3+5GXFySMKu0431ZlZXVtfaO6Wdva3tnds/cPukqkEpMOFkzIfoAUYZSTjqaakX4iCYoDRnrB5Kbwew9EKir4vZ4mxIvRiNOIYqSN5NtHw0CwUE1jc2Xj3M/4eTP37brTcGaAy8QtSR2UaPv21zAUOI0J15ghpQauk2gvQ1JTzEheG6aKJAhP0IgMDOUoJsrLZulzeGqUEEZCmsM1nKm/NzIUqyKgmYyRHqtFrxD/8wapjq68jPIk1YTj+UNRyqAWsKgChlQSrNnUEIQlNVkhHiOJsDaF1UwJ7uKXl0m32XCdhnt3UW9dl3VUwTE4AWfABZegBW5BG3QABo/gGbyCN+vJerHerY/5aMUqdw7BH1ifP/l5lYo=</latexit><latexit sha1_base64="UsRzeyhnSQx/OwRUlVHDBJcO5CM=">AAAB/XicbVDNS8MwHE3n15xf9ePmJTgEL452CHocevE4wX3AVkqapltYmpQkFWYp/itePCji1f/Dm/+N6daDbj4Iebz3+5GXFySMKu0431ZlZXVtfaO6Wdva3tnds/cPukqkEpMOFkzIfoAUYZSTjqaakX4iCYoDRnrB5Kbwew9EKir4vZ4mxIvRiNOIYqSN5NtHw0CwUE1jc2Xj3M/4eTP37brTcGaAy8QtSR2UaPv21zAUOI0J15ghpQauk2gvQ1JTzEheG6aKJAhP0IgMDOUoJsrLZulzeGqUEEZCmsM1nKm/NzIUqyKgmYyRHqtFrxD/8wapjq68jPIk1YTj+UNRyqAWsKgChlQSrNnUEIQlNVkhHiOJsDaF1UwJ7uKXl0m32XCdhnt3UW9dl3VUwTE4AWfABZegBW5BG3QABo/gGbyCN+vJerHerY/5aMUqdw7BH1ifP/l5lYo=</latexit>

p1<latexit sha1_base64="50wQ55u3Z/LFK0h8oVQaahW2mnc=">AAAB+3icbVDLSsNAFL3xWesr1qWbYBFclUQEXRbduKxgH9CGMJlM2qGTmTAzEUvIr7hxoYhbf8Sdf+OkzUJbDwxzOOde5swJU0aVdt1va219Y3Nru7ZT393bPzi0jxo9JTKJSRcLJuQgRIowyklXU83IIJUEJSEj/XB6W/r9RyIVFfxBz1LiJ2jMaUwx0kYK7MYoFCxSs8RceVoEuVcEdtNtuXM4q8SrSBMqdAL7axQJnCWEa8yQUkPPTbWfI6kpZqSojzJFUoSnaEyGhnKUEOXn8+yFc2aUyImFNIdrZ67+3shRosp4ZjJBeqKWvVL8zxtmOr72c8rTTBOOFw/FGXO0cMoinIhKgjWbGYKwpCargydIIqxNXXVTgrf85VXSu2h5bsu7v2y2b6o6anACp3AOHlxBG+6gA13A8ATP8ApvVmG9WO/Wx2J0zap2juEPrM8fv7eU4g==</latexit><latexit sha1_base64="50wQ55u3Z/LFK0h8oVQaahW2mnc=">AAAB+3icbVDLSsNAFL3xWesr1qWbYBFclUQEXRbduKxgH9CGMJlM2qGTmTAzEUvIr7hxoYhbf8Sdf+OkzUJbDwxzOOde5swJU0aVdt1va219Y3Nru7ZT393bPzi0jxo9JTKJSRcLJuQgRIowyklXU83IIJUEJSEj/XB6W/r9RyIVFfxBz1LiJ2jMaUwx0kYK7MYoFCxSs8RceVoEuVcEdtNtuXM4q8SrSBMqdAL7axQJnCWEa8yQUkPPTbWfI6kpZqSojzJFUoSnaEyGhnKUEOXn8+yFc2aUyImFNIdrZ67+3shRosp4ZjJBeqKWvVL8zxtmOr72c8rTTBOOFw/FGXO0cMoinIhKgjWbGYKwpCargydIIqxNXXVTgrf85VXSu2h5bsu7v2y2b6o6anACp3AOHlxBG+6gA13A8ATP8ApvVmG9WO/Wx2J0zap2juEPrM8fv7eU4g==</latexit><latexit sha1_base64="50wQ55u3Z/LFK0h8oVQaahW2mnc=">AAAB+3icbVDLSsNAFL3xWesr1qWbYBFclUQEXRbduKxgH9CGMJlM2qGTmTAzEUvIr7hxoYhbf8Sdf+OkzUJbDwxzOOde5swJU0aVdt1va219Y3Nru7ZT393bPzi0jxo9JTKJSRcLJuQgRIowyklXU83IIJUEJSEj/XB6W/r9RyIVFfxBz1LiJ2jMaUwx0kYK7MYoFCxSs8RceVoEuVcEdtNtuXM4q8SrSBMqdAL7axQJnCWEa8yQUkPPTbWfI6kpZqSojzJFUoSnaEyGhnKUEOXn8+yFc2aUyImFNIdrZ67+3shRosp4ZjJBeqKWvVL8zxtmOr72c8rTTBOOFw/FGXO0cMoinIhKgjWbGYKwpCargydIIqxNXXVTgrf85VXSu2h5bsu7v2y2b6o6anACp3AOHlxBG+6gA13A8ATP8ApvVmG9WO/Wx2J0zap2juEPrM8fv7eU4g==</latexit><latexit sha1_base64="50wQ55u3Z/LFK0h8oVQaahW2mnc=">AAAB+3icbVDLSsNAFL3xWesr1qWbYBFclUQEXRbduKxgH9CGMJlM2qGTmTAzEUvIr7hxoYhbf8Sdf+OkzUJbDwxzOOde5swJU0aVdt1va219Y3Nru7ZT393bPzi0jxo9JTKJSRcLJuQgRIowyklXU83IIJUEJSEj/XB6W/r9RyIVFfxBz1LiJ2jMaUwx0kYK7MYoFCxSs8RceVoEuVcEdtNtuXM4q8SrSBMqdAL7axQJnCWEa8yQUkPPTbWfI6kpZqSojzJFUoSnaEyGhnKUEOXn8+yFc2aUyImFNIdrZ67+3shRosp4ZjJBeqKWvVL8zxtmOr72c8rTTBOOFw/FGXO0cMoinIhKgjWbGYKwpCargydIIqxNXXVTgrf85VXSu2h5bsu7v2y2b6o6anACp3AOHlxBG+6gA13A8ATP8ApvVmG9WO/Wx2J0zap2juEPrM8fv7eU4g==</latexit>

p2<latexit sha1_base64="fPe1rRqCGtnaxzHmosRQGKJ3sRs=">AAAB+3icbVDLSsNAFL2pr1pftS7dBIvgqiRF0GXRjcsK9gFtCJPJpB06mQkzE7GE/IobF4q49Ufc+TdO2iy09cAwh3PuZc6cIGFUacf5tiobm1vbO9Xd2t7+weFR/bjRVyKVmPSwYEIOA6QIo5z0NNWMDBNJUBwwMghmt4U/eCRSUcEf9DwhXowmnEYUI20kv94YB4KFah6bK0tyP2vnfr3ptJwF7HXilqQJJbp+/WscCpzGhGvMkFIj10m0lyGpKWYkr41TRRKEZ2hCRoZyFBPlZYvsuX1ulNCOhDSHa3uh/t7IUKyKeGYyRnqqVr1C/M8bpTq69jLKk1QTjpcPRSmztbCLIuyQSoI1mxuCsKQmq42nSCKsTV01U4K7+uV10m+3XKfl3l82OzdlHVU4hTO4ABeuoAN30IUeYHiCZ3iFNyu3Xqx362M5WrHKnRP4A+vzB8E8lOM=</latexit><latexit sha1_base64="fPe1rRqCGtnaxzHmosRQGKJ3sRs=">AAAB+3icbVDLSsNAFL2pr1pftS7dBIvgqiRF0GXRjcsK9gFtCJPJpB06mQkzE7GE/IobF4q49Ufc+TdO2iy09cAwh3PuZc6cIGFUacf5tiobm1vbO9Xd2t7+weFR/bjRVyKVmPSwYEIOA6QIo5z0NNWMDBNJUBwwMghmt4U/eCRSUcEf9DwhXowmnEYUI20kv94YB4KFah6bK0tyP2vnfr3ptJwF7HXilqQJJbp+/WscCpzGhGvMkFIj10m0lyGpKWYkr41TRRKEZ2hCRoZyFBPlZYvsuX1ulNCOhDSHa3uh/t7IUKyKeGYyRnqqVr1C/M8bpTq69jLKk1QTjpcPRSmztbCLIuyQSoI1mxuCsKQmq42nSCKsTV01U4K7+uV10m+3XKfl3l82OzdlHVU4hTO4ABeuoAN30IUeYHiCZ3iFNyu3Xqx362M5WrHKnRP4A+vzB8E8lOM=</latexit><latexit sha1_base64="fPe1rRqCGtnaxzHmosRQGKJ3sRs=">AAAB+3icbVDLSsNAFL2pr1pftS7dBIvgqiRF0GXRjcsK9gFtCJPJpB06mQkzE7GE/IobF4q49Ufc+TdO2iy09cAwh3PuZc6cIGFUacf5tiobm1vbO9Xd2t7+weFR/bjRVyKVmPSwYEIOA6QIo5z0NNWMDBNJUBwwMghmt4U/eCRSUcEf9DwhXowmnEYUI20kv94YB4KFah6bK0tyP2vnfr3ptJwF7HXilqQJJbp+/WscCpzGhGvMkFIj10m0lyGpKWYkr41TRRKEZ2hCRoZyFBPlZYvsuX1ulNCOhDSHa3uh/t7IUKyKeGYyRnqqVr1C/M8bpTq69jLKk1QTjpcPRSmztbCLIuyQSoI1mxuCsKQmq42nSCKsTV01U4K7+uV10m+3XKfl3l82OzdlHVU4hTO4ABeuoAN30IUeYHiCZ3iFNyu3Xqx362M5WrHKnRP4A+vzB8E8lOM=</latexit><latexit sha1_base64="fPe1rRqCGtnaxzHmosRQGKJ3sRs=">AAAB+3icbVDLSsNAFL2pr1pftS7dBIvgqiRF0GXRjcsK9gFtCJPJpB06mQkzE7GE/IobF4q49Ufc+TdO2iy09cAwh3PuZc6cIGFUacf5tiobm1vbO9Xd2t7+weFR/bjRVyKVmPSwYEIOA6QIo5z0NNWMDBNJUBwwMghmt4U/eCRSUcEf9DwhXowmnEYUI20kv94YB4KFah6bK0tyP2vnfr3ptJwF7HXilqQJJbp+/WscCpzGhGvMkFIj10m0lyGpKWYkr41TRRKEZ2hCRoZyFBPlZYvsuX1ulNCOhDSHa3uh/t7IUKyKeGYyRnqqVr1C/M8bpTq69jLKk1QTjpcPRSmztbCLIuyQSoI1mxuCsKQmq42nSCKsTV01U4K7+uV10m+3XKfl3l82OzdlHVU4hTO4ABeuoAN30IUeYHiCZ3iFNyu3Xqx362M5WrHKnRP4A+vzB8E8lOM=</latexit>

pNseg
<latexit sha1_base64="MHugCSwDyQfJV9GNVzI78Dw+VpU=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL8EieCqJCHosevEkFWwttCFsNtN26WY37G6EEuLFv+LFgyJe/Rfe/Ddu2hy09cGyj/dmmJkXJowq7brfVmVpeWV1rbpe29jc2t6xd/c6SqSSQJsIJmQ3xAoY5dDWVDPoJhJwHDK4D8dXhX//AFJRwe/0JAE/xkNOB5RgbaTAPuiHgkVqEpsvS/IguwkyBcM8D+y623CncBaJV5I6KtEK7K9+JEgaA9eEYaV6nptoP8NSU8Igr/VTBQkmYzyEnqEcx6D8bHpB7hwbJXIGQprHtTNVf3dkOFbFkqYyxnqk5r1C/M/rpXpw4WeUJ6kGTmaDBilztHCKOJyISiCaTQzBRFKzq0NGWGKiTWg1E4I3f/Ii6Zw2PLfh3Z7Vm5dlHFV0iI7QCfLQOWqia9RCbUTQI3pGr+jNerJerHfrY1ZascqeffQH1ucP6iCX0Q==</latexit><latexit sha1_base64="MHugCSwDyQfJV9GNVzI78Dw+VpU=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL8EieCqJCHosevEkFWwttCFsNtN26WY37G6EEuLFv+LFgyJe/Rfe/Ddu2hy09cGyj/dmmJkXJowq7brfVmVpeWV1rbpe29jc2t6xd/c6SqSSQJsIJmQ3xAoY5dDWVDPoJhJwHDK4D8dXhX//AFJRwe/0JAE/xkNOB5RgbaTAPuiHgkVqEpsvS/IguwkyBcM8D+y623CncBaJV5I6KtEK7K9+JEgaA9eEYaV6nptoP8NSU8Igr/VTBQkmYzyEnqEcx6D8bHpB7hwbJXIGQprHtTNVf3dkOFbFkqYyxnqk5r1C/M/rpXpw4WeUJ6kGTmaDBilztHCKOJyISiCaTQzBRFKzq0NGWGKiTWg1E4I3f/Ii6Zw2PLfh3Z7Vm5dlHFV0iI7QCfLQOWqia9RCbUTQI3pGr+jNerJerHfrY1ZascqeffQH1ucP6iCX0Q==</latexit><latexit sha1_base64="MHugCSwDyQfJV9GNVzI78Dw+VpU=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL8EieCqJCHosevEkFWwttCFsNtN26WY37G6EEuLFv+LFgyJe/Rfe/Ddu2hy09cGyj/dmmJkXJowq7brfVmVpeWV1rbpe29jc2t6xd/c6SqSSQJsIJmQ3xAoY5dDWVDPoJhJwHDK4D8dXhX//AFJRwe/0JAE/xkNOB5RgbaTAPuiHgkVqEpsvS/IguwkyBcM8D+y623CncBaJV5I6KtEK7K9+JEgaA9eEYaV6nptoP8NSU8Igr/VTBQkmYzyEnqEcx6D8bHpB7hwbJXIGQprHtTNVf3dkOFbFkqYyxnqk5r1C/M/rpXpw4WeUJ6kGTmaDBilztHCKOJyISiCaTQzBRFKzq0NGWGKiTWg1E4I3f/Ii6Zw2PLfh3Z7Vm5dlHFV0iI7QCfLQOWqia9RCbUTQI3pGr+jNerJerHfrY1ZascqeffQH1ucP6iCX0Q==</latexit><latexit sha1_base64="MHugCSwDyQfJV9GNVzI78Dw+VpU=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL8EieCqJCHosevEkFWwttCFsNtN26WY37G6EEuLFv+LFgyJe/Rfe/Ddu2hy09cGyj/dmmJkXJowq7brfVmVpeWV1rbpe29jc2t6xd/c6SqSSQJsIJmQ3xAoY5dDWVDPoJhJwHDK4D8dXhX//AFJRwe/0JAE/xkNOB5RgbaTAPuiHgkVqEpsvS/IguwkyBcM8D+y623CncBaJV5I6KtEK7K9+JEgaA9eEYaV6nptoP8NSU8Igr/VTBQkmYzyEnqEcx6D8bHpB7hwbJXIGQprHtTNVf3dkOFbFkqYyxnqk5r1C/M/rpXpw4WeUJ6kGTmaDBilztHCKOJyISiCaTQzBRFKzq0NGWGKiTWg1E4I3f/Ii6Zw2PLfh3Z7Vm5dlHFV0iI7QCfLQOWqia9RCbUTQI3pGr+jNerJerHfrY1ZascqeffQH1ucP6iCX0Q==</latexit>

…

…

…

… ………

hT
<latexit sha1_base64="OQEgqTT1z7wJXcAi3uYA2DAf3K0=">AAAB+XicbVDNSgMxGPy2/tX6t+rRS7AInsquCHosevFYoa2Fdlmy2bQNzSZLki2UpW/ixYMiXn0Tb76N2XYP2joQMsx8H5lMlHKmjed9O5WNza3tnepubW//4PDIPT7papkpQjtEcql6EdaUM0E7hhlOe6miOIk4fYom94X/NKVKMynaZpbSIMEjwYaMYGOl0HUHkeSxniX2ysfzsB26da/hLYDWiV+SOpRohe7XIJYkS6gwhGOt+76XmiDHyjDC6bw2yDRNMZngEe1bKnBCdZAvks/RhVViNJTKHmHQQv29keNEF+HsZILNWK96hfif18/M8DbImUgzQwVZPjTMODISFTWgmClKDJ9ZgoliNisiY6wwMbasmi3BX/3yOuleNXyv4T9e15t3ZR1VOINzuAQfbqAJD9CCDhCYwjO8wpuTOy/Ou/OxHK045c4p/IHz+QMYfZPx</latexit><latexit sha1_base64="OQEgqTT1z7wJXcAi3uYA2DAf3K0=">AAAB+XicbVDNSgMxGPy2/tX6t+rRS7AInsquCHosevFYoa2Fdlmy2bQNzSZLki2UpW/ixYMiXn0Tb76N2XYP2joQMsx8H5lMlHKmjed9O5WNza3tnepubW//4PDIPT7papkpQjtEcql6EdaUM0E7hhlOe6miOIk4fYom94X/NKVKMynaZpbSIMEjwYaMYGOl0HUHkeSxniX2ysfzsB26da/hLYDWiV+SOpRohe7XIJYkS6gwhGOt+76XmiDHyjDC6bw2yDRNMZngEe1bKnBCdZAvks/RhVViNJTKHmHQQv29keNEF+HsZILNWK96hfif18/M8DbImUgzQwVZPjTMODISFTWgmClKDJ9ZgoliNisiY6wwMbasmi3BX/3yOuleNXyv4T9e15t3ZR1VOINzuAQfbqAJD9CCDhCYwjO8wpuTOy/Ou/OxHK045c4p/IHz+QMYfZPx</latexit><latexit sha1_base64="OQEgqTT1z7wJXcAi3uYA2DAf3K0=">AAAB+XicbVDNSgMxGPy2/tX6t+rRS7AInsquCHosevFYoa2Fdlmy2bQNzSZLki2UpW/ixYMiXn0Tb76N2XYP2joQMsx8H5lMlHKmjed9O5WNza3tnepubW//4PDIPT7papkpQjtEcql6EdaUM0E7hhlOe6miOIk4fYom94X/NKVKMynaZpbSIMEjwYaMYGOl0HUHkeSxniX2ysfzsB26da/hLYDWiV+SOpRohe7XIJYkS6gwhGOt+76XmiDHyjDC6bw2yDRNMZngEe1bKnBCdZAvks/RhVViNJTKHmHQQv29keNEF+HsZILNWK96hfif18/M8DbImUgzQwVZPjTMODISFTWgmClKDJ9ZgoliNisiY6wwMbasmi3BX/3yOuleNXyv4T9e15t3ZR1VOINzuAQfbqAJD9CCDhCYwjO8wpuTOy/Ou/OxHK045c4p/IHz+QMYfZPx</latexit><latexit sha1_base64="OQEgqTT1z7wJXcAi3uYA2DAf3K0=">AAAB+XicbVDNSgMxGPy2/tX6t+rRS7AInsquCHosevFYoa2Fdlmy2bQNzSZLki2UpW/ixYMiXn0Tb76N2XYP2joQMsx8H5lMlHKmjed9O5WNza3tnepubW//4PDIPT7papkpQjtEcql6EdaUM0E7hhlOe6miOIk4fYom94X/NKVKMynaZpbSIMEjwYaMYGOl0HUHkeSxniX2ysfzsB26da/hLYDWiV+SOpRohe7XIJYkS6gwhGOt+76XmiDHyjDC6bw2yDRNMZngEe1bKnBCdZAvks/RhVViNJTKHmHQQv29keNEF+HsZILNWK96hfif18/M8DbImUgzQwVZPjTMODISFTWgmClKDJ9ZgoliNisiY6wwMbasmi3BX/3yOuleNXyv4T9e15t3ZR1VOINzuAQfbqAJD9CCDhCYwjO8wpuTOy/Ou/OxHK045c4p/IHz+QMYfZPx</latexit>

…

hn�1
<latexit sha1_base64="NCFbsC3wtlIW/8XxJY0+izmrkYo=">AAAB/XicbVDLSsNAFL2pr1pf8bFzM1gEN5ZEBF0W3bisYGuhDWEymbZDJ5MwMxFqCP6KGxeKuPU/3Pk3TtostPXAMIdz7mXOnCDhTGnH+bYqS8srq2vV9drG5tb2jr2711FxKgltk5jHshtgRTkTtK2Z5rSbSIqjgNP7YHxd+PcPVCoWizs9SagX4aFgA0awNpJvH/SDmIdqEpkrG+V+Jk7d3LfrTsOZAi0StyR1KNHy7a9+GJM0okITjpXquU6ivQxLzQinea2fKppgMsZD2jNU4IgqL5umz9GxUUI0iKU5QqOp+nsjw5EqAprJCOuRmvcK8T+vl+rBpZcxkaSaCjJ7aJBypGNUVIFCJinRfGIIJpKZrIiMsMREm8JqpgR3/suLpHPWcJ2Ge3teb16VdVThEI7gBFy4gCbcQAvaQOARnuEV3qwn68V6tz5moxWr3NmHP7A+fwD39JWJ</latexit><latexit sha1_base64="NCFbsC3wtlIW/8XxJY0+izmrkYo=">AAAB/XicbVDLSsNAFL2pr1pf8bFzM1gEN5ZEBF0W3bisYGuhDWEymbZDJ5MwMxFqCP6KGxeKuPU/3Pk3TtostPXAMIdz7mXOnCDhTGnH+bYqS8srq2vV9drG5tb2jr2711FxKgltk5jHshtgRTkTtK2Z5rSbSIqjgNP7YHxd+PcPVCoWizs9SagX4aFgA0awNpJvH/SDmIdqEpkrG+V+Jk7d3LfrTsOZAi0StyR1KNHy7a9+GJM0okITjpXquU6ivQxLzQinea2fKppgMsZD2jNU4IgqL5umz9GxUUI0iKU5QqOp+nsjw5EqAprJCOuRmvcK8T+vl+rBpZcxkaSaCjJ7aJBypGNUVIFCJinRfGIIJpKZrIiMsMREm8JqpgR3/suLpHPWcJ2Ge3teb16VdVThEI7gBFy4gCbcQAvaQOARnuEV3qwn68V6tz5moxWr3NmHP7A+fwD39JWJ</latexit><latexit sha1_base64="NCFbsC3wtlIW/8XxJY0+izmrkYo=">AAAB/XicbVDLSsNAFL2pr1pf8bFzM1gEN5ZEBF0W3bisYGuhDWEymbZDJ5MwMxFqCP6KGxeKuPU/3Pk3TtostPXAMIdz7mXOnCDhTGnH+bYqS8srq2vV9drG5tb2jr2711FxKgltk5jHshtgRTkTtK2Z5rSbSIqjgNP7YHxd+PcPVCoWizs9SagX4aFgA0awNpJvH/SDmIdqEpkrG+V+Jk7d3LfrTsOZAi0StyR1KNHy7a9+GJM0okITjpXquU6ivQxLzQinea2fKppgMsZD2jNU4IgqL5umz9GxUUI0iKU5QqOp+nsjw5EqAprJCOuRmvcK8T+vl+rBpZcxkaSaCjJ7aJBypGNUVIFCJinRfGIIJpKZrIiMsMREm8JqpgR3/suLpHPWcJ2Ge3teb16VdVThEI7gBFy4gCbcQAvaQOARnuEV3qwn68V6tz5moxWr3NmHP7A+fwD39JWJ</latexit><latexit sha1_base64="NCFbsC3wtlIW/8XxJY0+izmrkYo=">AAAB/XicbVDLSsNAFL2pr1pf8bFzM1gEN5ZEBF0W3bisYGuhDWEymbZDJ5MwMxFqCP6KGxeKuPU/3Pk3TtostPXAMIdz7mXOnCDhTGnH+bYqS8srq2vV9drG5tb2jr2711FxKgltk5jHshtgRTkTtK2Z5rSbSIqjgNP7YHxd+PcPVCoWizs9SagX4aFgA0awNpJvH/SDmIdqEpkrG+V+Jk7d3LfrTsOZAi0StyR1KNHy7a9+GJM0okITjpXquU6ivQxLzQinea2fKppgMsZD2jNU4IgqL5umz9GxUUI0iKU5QqOp+nsjw5EqAprJCOuRmvcK8T+vl+rBpZcxkaSaCjJ7aJBypGNUVIFCJinRfGIIJpKZrIiMsMREm8JqpgR3/suLpHPWcJ2Ge3teb16VdVThEI7gBFy4gCbcQAvaQOARnuEV3qwn68V6tz5moxWr3NmHP7A+fwD39JWJ</latexit>

h1
<latexit sha1_base64="JpJeYdGco+y31DdwOY53NgsP4Mg=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZkRQZdFNy4r2Ae0w5DJpG1oJhmSTKEM/RM3LhRx65+482/MtLPQ1gMhh3PuJScnSjnTxvO+ncrG5tb2TnW3trd/cHjkHp90tMwUoW0iuVS9CGvKmaBtwwynvVRRnEScdqPJfeF3p1RpJsWTmaU0SPBIsCEj2FgpdN1BJHmsZ4m98vE89EO37jW8BdA68UtShxKt0P0axJJkCRWGcKx13/dSE+RYGUY4ndcGmaYpJhM8on1LBU6oDvJF8jm6sEqMhlLZIwxaqL83cpzoIpydTLAZ61WvEP/z+pkZ3gY5E2lmqCDLh4YZR0aiogYUM0WJ4TNLMFHMZkVkjBUmxpZVsyX4q19eJ52rhu81/MfrevOurKMKZ3AOl+DDDTThAVrQBgJTeIZXeHNy58V5dz6WoxWn3DmFP3A+fwDjYpPO</latexit><latexit sha1_base64="JpJeYdGco+y31DdwOY53NgsP4Mg=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZkRQZdFNy4r2Ae0w5DJpG1oJhmSTKEM/RM3LhRx65+482/MtLPQ1gMhh3PuJScnSjnTxvO+ncrG5tb2TnW3trd/cHjkHp90tMwUoW0iuVS9CGvKmaBtwwynvVRRnEScdqPJfeF3p1RpJsWTmaU0SPBIsCEj2FgpdN1BJHmsZ4m98vE89EO37jW8BdA68UtShxKt0P0axJJkCRWGcKx13/dSE+RYGUY4ndcGmaYpJhM8on1LBU6oDvJF8jm6sEqMhlLZIwxaqL83cpzoIpydTLAZ61WvEP/z+pkZ3gY5E2lmqCDLh4YZR0aiogYUM0WJ4TNLMFHMZkVkjBUmxpZVsyX4q19eJ52rhu81/MfrevOurKMKZ3AOl+DDDTThAVrQBgJTeIZXeHNy58V5dz6WoxWn3DmFP3A+fwDjYpPO</latexit><latexit sha1_base64="JpJeYdGco+y31DdwOY53NgsP4Mg=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZkRQZdFNy4r2Ae0w5DJpG1oJhmSTKEM/RM3LhRx65+482/MtLPQ1gMhh3PuJScnSjnTxvO+ncrG5tb2TnW3trd/cHjkHp90tMwUoW0iuVS9CGvKmaBtwwynvVRRnEScdqPJfeF3p1RpJsWTmaU0SPBIsCEj2FgpdN1BJHmsZ4m98vE89EO37jW8BdA68UtShxKt0P0axJJkCRWGcKx13/dSE+RYGUY4ndcGmaYpJhM8on1LBU6oDvJF8jm6sEqMhlLZIwxaqL83cpzoIpydTLAZ61WvEP/z+pkZ3gY5E2lmqCDLh4YZR0aiogYUM0WJ4TNLMFHMZkVkjBUmxpZVsyX4q19eJ52rhu81/MfrevOurKMKZ3AOl+DDDTThAVrQBgJTeIZXeHNy58V5dz6WoxWn3DmFP3A+fwDjYpPO</latexit><latexit sha1_base64="JpJeYdGco+y31DdwOY53NgsP4Mg=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZkRQZdFNy4r2Ae0w5DJpG1oJhmSTKEM/RM3LhRx65+482/MtLPQ1gMhh3PuJScnSjnTxvO+ncrG5tb2TnW3trd/cHjkHp90tMwUoW0iuVS9CGvKmaBtwwynvVRRnEScdqPJfeF3p1RpJsWTmaU0SPBIsCEj2FgpdN1BJHmsZ4m98vE89EO37jW8BdA68UtShxKt0P0axJJkCRWGcKx13/dSE+RYGUY4ndcGmaYpJhM8on1LBU6oDvJF8jm6sEqMhlLZIwxaqL83cpzoIpydTLAZ61WvEP/z+pkZ3gY5E2lmqCDLh4YZR0aiogYUM0WJ4TNLMFHMZkVkjBUmxpZVsyX4q19eJ52rhu81/MfrevOurKMKZ3AOl+DDDTThAVrQBgJTeIZXeHNy58V5dz6WoxWn3DmFP3A+fwDjYpPO</latexit>

h2
<latexit sha1_base64="1Mgn7Kt5TsXebW7515p5XI2dCdE=">AAAB+XicbVDLSgMxFL3js9bXqEs3wSK4KjNF0GXRjcsK9gHtMGQyaRuaSYYkUyhD/8SNC0Xc+ifu/Bsz7Sy09UDI4Zx7ycmJUs608bxvZ2Nza3tnt7JX3T84PDp2T047WmaK0DaRXKpehDXlTNC2YYbTXqooTiJOu9HkvvC7U6o0k+LJzFIaJHgk2JARbKwUuu4gkjzWs8Re+XgeNkK35tW9BdA68UtSgxKt0P0axJJkCRWGcKx13/dSE+RYGUY4nVcHmaYpJhM8on1LBU6oDvJF8jm6tEqMhlLZIwxaqL83cpzoIpydTLAZ61WvEP/z+pkZ3gY5E2lmqCDLh4YZR0aiogYUM0WJ4TNLMFHMZkVkjBUmxpZVtSX4q19eJ51G3ffq/uN1rXlX1lGBc7iAK/DhBprwAC1oA4EpPMMrvDm58+K8Ox/L0Q2n3DmDP3A+fwDk5pPP</latexit><latexit sha1_base64="1Mgn7Kt5TsXebW7515p5XI2dCdE=">AAAB+XicbVDLSgMxFL3js9bXqEs3wSK4KjNF0GXRjcsK9gHtMGQyaRuaSYYkUyhD/8SNC0Xc+ifu/Bsz7Sy09UDI4Zx7ycmJUs608bxvZ2Nza3tnt7JX3T84PDp2T047WmaK0DaRXKpehDXlTNC2YYbTXqooTiJOu9HkvvC7U6o0k+LJzFIaJHgk2JARbKwUuu4gkjzWs8Re+XgeNkK35tW9BdA68UtSgxKt0P0axJJkCRWGcKx13/dSE+RYGUY4nVcHmaYpJhM8on1LBU6oDvJF8jm6tEqMhlLZIwxaqL83cpzoIpydTLAZ61WvEP/z+pkZ3gY5E2lmqCDLh4YZR0aiogYUM0WJ4TNLMFHMZkVkjBUmxpZVtSX4q19eJ51G3ffq/uN1rXlX1lGBc7iAK/DhBprwAC1oA4EpPMMrvDm58+K8Ox/L0Q2n3DmDP3A+fwDk5pPP</latexit><latexit sha1_base64="1Mgn7Kt5TsXebW7515p5XI2dCdE=">AAAB+XicbVDLSgMxFL3js9bXqEs3wSK4KjNF0GXRjcsK9gHtMGQyaRuaSYYkUyhD/8SNC0Xc+ifu/Bsz7Sy09UDI4Zx7ycmJUs608bxvZ2Nza3tnt7JX3T84PDp2T047WmaK0DaRXKpehDXlTNC2YYbTXqooTiJOu9HkvvC7U6o0k+LJzFIaJHgk2JARbKwUuu4gkjzWs8Re+XgeNkK35tW9BdA68UtSgxKt0P0axJJkCRWGcKx13/dSE+RYGUY4nVcHmaYpJhM8on1LBU6oDvJF8jm6tEqMhlLZIwxaqL83cpzoIpydTLAZ61WvEP/z+pkZ3gY5E2lmqCDLh4YZR0aiogYUM0WJ4TNLMFHMZkVkjBUmxpZVtSX4q19eJ51G3ffq/uN1rXlX1lGBc7iAK/DhBprwAC1oA4EpPMMrvDm58+K8Ox/L0Q2n3DmDP3A+fwDk5pPP</latexit><latexit sha1_base64="1Mgn7Kt5TsXebW7515p5XI2dCdE=">AAAB+XicbVDLSgMxFL3js9bXqEs3wSK4KjNF0GXRjcsK9gHtMGQyaRuaSYYkUyhD/8SNC0Xc+ifu/Bsz7Sy09UDI4Zx7ycmJUs608bxvZ2Nza3tnt7JX3T84PDp2T047WmaK0DaRXKpehDXlTNC2YYbTXqooTiJOu9HkvvC7U6o0k+LJzFIaJHgk2JARbKwUuu4gkjzWs8Re+XgeNkK35tW9BdA68UtSgxKt0P0axJJkCRWGcKx13/dSE+RYGUY4nVcHmaYpJhM8on1LBU6oDvJF8jm6tEqMhlLZIwxaqL83cpzoIpydTLAZ61WvEP/z+pkZ3gY5E2lmqCDLh4YZR0aiogYUM0WJ4TNLMFHMZkVkjBUmxpZVtSX4q19eJ51G3ffq/uN1rXlX1lGBc7iAK/DhBprwAC1oA4EpPMMrvDm58+K8Ox/L0Q2n3DmDP3A+fwDk5pPP</latexit>

h3
<latexit sha1_base64="PLTnfqG6II01gn4S9//5fvVeeBI=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZlRQZdFNy4r2Ae0w5DJpG1oJhmSTKEM/RM3LhRx65+482/MtLPQ6oGQwzn3kpMTpZxp43lfTmVtfWNzq7pd29nd2z9wD486WmaK0DaRXKpehDXlTNC2YYbTXqooTiJOu9HkrvC7U6o0k+LRzFIaJHgk2JARbKwUuu4gkjzWs8Re+XgeXoZu3Wt4C6C/xC9JHUq0QvdzEEuSJVQYwrHWfd9LTZBjZRjhdF4bZJqmmEzwiPYtFTihOsgXyefozCoxGkpljzBoof7cyHGii3B2MsFmrFe9QvzP62dmeBPkTKSZoYIsHxpmHBmJihpQzBQlhs8swUQxmxWRMVaYGFtWzZbgr375L+lcNHyv4T9c1Zu3ZR1VOIFTOAcfrqEJ99CCNhCYwhO8wKuTO8/Om/O+HK045c4x/ILz8Q3mapPQ</latexit><latexit sha1_base64="PLTnfqG6II01gn4S9//5fvVeeBI=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZlRQZdFNy4r2Ae0w5DJpG1oJhmSTKEM/RM3LhRx65+482/MtLPQ6oGQwzn3kpMTpZxp43lfTmVtfWNzq7pd29nd2z9wD486WmaK0DaRXKpehDXlTNC2YYbTXqooTiJOu9HkrvC7U6o0k+LRzFIaJHgk2JARbKwUuu4gkjzWs8Re+XgeXoZu3Wt4C6C/xC9JHUq0QvdzEEuSJVQYwrHWfd9LTZBjZRjhdF4bZJqmmEzwiPYtFTihOsgXyefozCoxGkpljzBoof7cyHGii3B2MsFmrFe9QvzP62dmeBPkTKSZoYIsHxpmHBmJihpQzBQlhs8swUQxmxWRMVaYGFtWzZbgr375L+lcNHyv4T9c1Zu3ZR1VOIFTOAcfrqEJ99CCNhCYwhO8wKuTO8/Om/O+HK045c4x/ILz8Q3mapPQ</latexit><latexit sha1_base64="PLTnfqG6II01gn4S9//5fvVeeBI=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZlRQZdFNy4r2Ae0w5DJpG1oJhmSTKEM/RM3LhRx65+482/MtLPQ6oGQwzn3kpMTpZxp43lfTmVtfWNzq7pd29nd2z9wD486WmaK0DaRXKpehDXlTNC2YYbTXqooTiJOu9HkrvC7U6o0k+LRzFIaJHgk2JARbKwUuu4gkjzWs8Re+XgeXoZu3Wt4C6C/xC9JHUq0QvdzEEuSJVQYwrHWfd9LTZBjZRjhdF4bZJqmmEzwiPYtFTihOsgXyefozCoxGkpljzBoof7cyHGii3B2MsFmrFe9QvzP62dmeBPkTKSZoYIsHxpmHBmJihpQzBQlhs8swUQxmxWRMVaYGFtWzZbgr375L+lcNHyv4T9c1Zu3ZR1VOIFTOAcfrqEJ99CCNhCYwhO8wKuTO8/Om/O+HK045c4x/ILz8Q3mapPQ</latexit><latexit sha1_base64="PLTnfqG6II01gn4S9//5fvVeeBI=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZlRQZdFNy4r2Ae0w5DJpG1oJhmSTKEM/RM3LhRx65+482/MtLPQ6oGQwzn3kpMTpZxp43lfTmVtfWNzq7pd29nd2z9wD486WmaK0DaRXKpehDXlTNC2YYbTXqooTiJOu9HkrvC7U6o0k+LRzFIaJHgk2JARbKwUuu4gkjzWs8Re+XgeXoZu3Wt4C6C/xC9JHUq0QvdzEEuSJVQYwrHWfd9LTZBjZRjhdF4bZJqmmEzwiPYtFTihOsgXyefozCoxGkpljzBoof7cyHGii3B2MsFmrFe9QvzP62dmeBPkTKSZoYIsHxpmHBmJihpQzBQlhs8swUQxmxWRMVaYGFtWzZbgr375L+lcNHyv4T9c1Zu3ZR1VOIFTOAcfrqEJ99CCNhCYwhO8wKuTO8/Om/O+HK045c4x/ILz8Q3mapPQ</latexit>

hT
<latexit sha1_base64="OQEgqTT1z7wJXcAi3uYA2DAf3K0=">AAAB+XicbVDNSgMxGPy2/tX6t+rRS7AInsquCHosevFYoa2Fdlmy2bQNzSZLki2UpW/ixYMiXn0Tb76N2XYP2joQMsx8H5lMlHKmjed9O5WNza3tnepubW//4PDIPT7papkpQjtEcql6EdaUM0E7hhlOe6miOIk4fYom94X/NKVKMynaZpbSIMEjwYaMYGOl0HUHkeSxniX2ysfzsB26da/hLYDWiV+SOpRohe7XIJYkS6gwhGOt+76XmiDHyjDC6bw2yDRNMZngEe1bKnBCdZAvks/RhVViNJTKHmHQQv29keNEF+HsZILNWK96hfif18/M8DbImUgzQwVZPjTMODISFTWgmClKDJ9ZgoliNisiY6wwMbasmi3BX/3yOuleNXyv4T9e15t3ZR1VOINzuAQfbqAJD9CCDhCYwjO8wpuTOy/Ou/OxHK045c4p/IHz+QMYfZPx</latexit><latexit sha1_base64="OQEgqTT1z7wJXcAi3uYA2DAf3K0=">AAAB+XicbVDNSgMxGPy2/tX6t+rRS7AInsquCHosevFYoa2Fdlmy2bQNzSZLki2UpW/ixYMiXn0Tb76N2XYP2joQMsx8H5lMlHKmjed9O5WNza3tnepubW//4PDIPT7papkpQjtEcql6EdaUM0E7hhlOe6miOIk4fYom94X/NKVKMynaZpbSIMEjwYaMYGOl0HUHkeSxniX2ysfzsB26da/hLYDWiV+SOpRohe7XIJYkS6gwhGOt+76XmiDHyjDC6bw2yDRNMZngEe1bKnBCdZAvks/RhVViNJTKHmHQQv29keNEF+HsZILNWK96hfif18/M8DbImUgzQwVZPjTMODISFTWgmClKDJ9ZgoliNisiY6wwMbasmi3BX/3yOuleNXyv4T9e15t3ZR1VOINzuAQfbqAJD9CCDhCYwjO8wpuTOy/Ou/OxHK045c4p/IHz+QMYfZPx</latexit><latexit sha1_base64="OQEgqTT1z7wJXcAi3uYA2DAf3K0=">AAAB+XicbVDNSgMxGPy2/tX6t+rRS7AInsquCHosevFYoa2Fdlmy2bQNzSZLki2UpW/ixYMiXn0Tb76N2XYP2joQMsx8H5lMlHKmjed9O5WNza3tnepubW//4PDIPT7papkpQjtEcql6EdaUM0E7hhlOe6miOIk4fYom94X/NKVKMynaZpbSIMEjwYaMYGOl0HUHkeSxniX2ysfzsB26da/hLYDWiV+SOpRohe7XIJYkS6gwhGOt+76XmiDHyjDC6bw2yDRNMZngEe1bKnBCdZAvks/RhVViNJTKHmHQQv29keNEF+HsZILNWK96hfif18/M8DbImUgzQwVZPjTMODISFTWgmClKDJ9ZgoliNisiY6wwMbasmi3BX/3yOuleNXyv4T9e15t3ZR1VOINzuAQfbqAJD9CCDhCYwjO8wpuTOy/Ou/OxHK045c4p/IHz+QMYfZPx</latexit><latexit sha1_base64="OQEgqTT1z7wJXcAi3uYA2DAf3K0=">AAAB+XicbVDNSgMxGPy2/tX6t+rRS7AInsquCHosevFYoa2Fdlmy2bQNzSZLki2UpW/ixYMiXn0Tb76N2XYP2joQMsx8H5lMlHKmjed9O5WNza3tnepubW//4PDIPT7papkpQjtEcql6EdaUM0E7hhlOe6miOIk4fYom94X/NKVKMynaZpbSIMEjwYaMYGOl0HUHkeSxniX2ysfzsB26da/hLYDWiV+SOpRohe7XIJYkS6gwhGOt+76XmiDHyjDC6bw2yDRNMZngEe1bKnBCdZAvks/RhVViNJTKHmHQQv29keNEF+HsZILNWK96hfif18/M8DbImUgzQwVZPjTMODISFTWgmClKDJ9ZgoliNisiY6wwMbasmi3BX/3yOuleNXyv4T9e15t3ZR1VOINzuAQfbqAJD9CCDhCYwjO8wpuTOy/Ou/OxHK045c4p/IHz+QMYfZPx</latexit>

h0
1

<latexit sha1_base64="6Bj9ODhC6HRIjSqPXQAo6qAaNZs=">AAAB/XicbVDLSsNAFL2pr1pf8bFzM1hEVyURQZdFNy4r2FpoQ5hMpu3QySTMTIQagr/ixoUibv0Pd/6NkzYLbT0wzOGce5kzJ0g4U9pxvq3K0vLK6lp1vbaxubW9Y+/udVScSkLbJOax7AZYUc4EbWumOe0mkuIo4PQ+GF8X/v0DlYrF4k5PEupFeCjYgBGsjeTbB/0g5qGaRObKRvmJn7l5zbfrTsOZAi0StyR1KNHy7a9+GJM0okITjpXquU6ivQxLzQinea2fKppgMsZD2jNU4IgqL5umz9GxUUI0iKU5QqOp+nsjw5EqAprJCOuRmvcK8T+vl+rBpZcxkaSaCjJ7aJBypGNUVIFCJinRfGIIJpKZrIiMsMREm8KKEtz5Ly+SzlnDdRru7Xm9eVXWUYVDOIJTcOECmnADLWgDgUd4hld4s56sF+vd+piNVqxyZx/+wPr8AVY/lR8=</latexit><latexit sha1_base64="6Bj9ODhC6HRIjSqPXQAo6qAaNZs=">AAAB/XicbVDLSsNAFL2pr1pf8bFzM1hEVyURQZdFNy4r2FpoQ5hMpu3QySTMTIQagr/ixoUibv0Pd/6NkzYLbT0wzOGce5kzJ0g4U9pxvq3K0vLK6lp1vbaxubW9Y+/udVScSkLbJOax7AZYUc4EbWumOe0mkuIo4PQ+GF8X/v0DlYrF4k5PEupFeCjYgBGsjeTbB/0g5qGaRObKRvmJn7l5zbfrTsOZAi0StyR1KNHy7a9+GJM0okITjpXquU6ivQxLzQinea2fKppgMsZD2jNU4IgqL5umz9GxUUI0iKU5QqOp+nsjw5EqAprJCOuRmvcK8T+vl+rBpZcxkaSaCjJ7aJBypGNUVIFCJinRfGIIJpKZrIiMsMREm8KKEtz5Ly+SzlnDdRru7Xm9eVXWUYVDOIJTcOECmnADLWgDgUd4hld4s56sF+vd+piNVqxyZx/+wPr8AVY/lR8=</latexit><latexit sha1_base64="6Bj9ODhC6HRIjSqPXQAo6qAaNZs=">AAAB/XicbVDLSsNAFL2pr1pf8bFzM1hEVyURQZdFNy4r2FpoQ5hMpu3QySTMTIQagr/ixoUibv0Pd/6NkzYLbT0wzOGce5kzJ0g4U9pxvq3K0vLK6lp1vbaxubW9Y+/udVScSkLbJOax7AZYUc4EbWumOe0mkuIo4PQ+GF8X/v0DlYrF4k5PEupFeCjYgBGsjeTbB/0g5qGaRObKRvmJn7l5zbfrTsOZAi0StyR1KNHy7a9+GJM0okITjpXquU6ivQxLzQinea2fKppgMsZD2jNU4IgqL5umz9GxUUI0iKU5QqOp+nsjw5EqAprJCOuRmvcK8T+vl+rBpZcxkaSaCjJ7aJBypGNUVIFCJinRfGIIJpKZrIiMsMREm8KKEtz5Ly+SzlnDdRru7Xm9eVXWUYVDOIJTcOECmnADLWgDgUd4hld4s56sF+vd+piNVqxyZx/+wPr8AVY/lR8=</latexit><latexit sha1_base64="6Bj9ODhC6HRIjSqPXQAo6qAaNZs=">AAAB/XicbVDLSsNAFL2pr1pf8bFzM1hEVyURQZdFNy4r2FpoQ5hMpu3QySTMTIQagr/ixoUibv0Pd/6NkzYLbT0wzOGce5kzJ0g4U9pxvq3K0vLK6lp1vbaxubW9Y+/udVScSkLbJOax7AZYUc4EbWumOe0mkuIo4PQ+GF8X/v0DlYrF4k5PEupFeCjYgBGsjeTbB/0g5qGaRObKRvmJn7l5zbfrTsOZAi0StyR1KNHy7a9+GJM0okITjpXquU6ivQxLzQinea2fKppgMsZD2jNU4IgqL5umz9GxUUI0iKU5QqOp+nsjw5EqAprJCOuRmvcK8T+vl+rBpZcxkaSaCjJ7aJBypGNUVIFCJinRfGIIJpKZrIiMsMREm8KKEtz5Ly+SzlnDdRru7Xm9eVXWUYVDOIJTcOECmnADLWgDgUd4hld4s56sF+vd+piNVqxyZx/+wPr8AVY/lR8=</latexit>

h0
2

<latexit sha1_base64="Bhf4ySGdGIPeAb6HAUkycFWNWpE=">AAAB/nicbVDNS8MwHE39nPWrKp68BIfoabRD0OPQi8cJ7gO2UtI03cLSpCSpMErBf8WLB0W8+nd4878x3XrQzQchj/d+P/LywpRRpV3321pZXVvf2Kxt2ds7u3v7zsFhV4lMYtLBggnZD5EijHLS0VQz0k8lQUnISC+c3JZ+75FIRQV/0NOU+AkacRpTjLSRAud4GAoWqWlirnxcnAd5s7DtwKm7DXcGuEy8itRBhXbgfA0jgbOEcI0ZUmrguan2cyQ1xYwU9jBTJEV4gkZkYChHCVF+PotfwDOjRDAW0hyu4Uz9vZGjRJUJzWSC9FgteqX4nzfIdHzt55SnmSYczx+KMwa1gGUXMKKSYM2mhiAsqckK8RhJhLVprCzBW/zyMuk2G57b8O4v662bqo4aOAGn4AJ44Aq0wB1ogw7AIAfP4BW8WU/Wi/VufcxHV6xq5wj8gfX5A5PDlTQ=</latexit><latexit sha1_base64="Bhf4ySGdGIPeAb6HAUkycFWNWpE=">AAAB/nicbVDNS8MwHE39nPWrKp68BIfoabRD0OPQi8cJ7gO2UtI03cLSpCSpMErBf8WLB0W8+nd4878x3XrQzQchj/d+P/LywpRRpV3321pZXVvf2Kxt2ds7u3v7zsFhV4lMYtLBggnZD5EijHLS0VQz0k8lQUnISC+c3JZ+75FIRQV/0NOU+AkacRpTjLSRAud4GAoWqWlirnxcnAd5s7DtwKm7DXcGuEy8itRBhXbgfA0jgbOEcI0ZUmrguan2cyQ1xYwU9jBTJEV4gkZkYChHCVF+PotfwDOjRDAW0hyu4Uz9vZGjRJUJzWSC9FgteqX4nzfIdHzt55SnmSYczx+KMwa1gGUXMKKSYM2mhiAsqckK8RhJhLVprCzBW/zyMuk2G57b8O4v662bqo4aOAGn4AJ44Aq0wB1ogw7AIAfP4BW8WU/Wi/VufcxHV6xq5wj8gfX5A5PDlTQ=</latexit><latexit sha1_base64="Bhf4ySGdGIPeAb6HAUkycFWNWpE=">AAAB/nicbVDNS8MwHE39nPWrKp68BIfoabRD0OPQi8cJ7gO2UtI03cLSpCSpMErBf8WLB0W8+nd4878x3XrQzQchj/d+P/LywpRRpV3321pZXVvf2Kxt2ds7u3v7zsFhV4lMYtLBggnZD5EijHLS0VQz0k8lQUnISC+c3JZ+75FIRQV/0NOU+AkacRpTjLSRAud4GAoWqWlirnxcnAd5s7DtwKm7DXcGuEy8itRBhXbgfA0jgbOEcI0ZUmrguan2cyQ1xYwU9jBTJEV4gkZkYChHCVF+PotfwDOjRDAW0hyu4Uz9vZGjRJUJzWSC9FgteqX4nzfIdHzt55SnmSYczx+KMwa1gGUXMKKSYM2mhiAsqckK8RhJhLVprCzBW/zyMuk2G57b8O4v662bqo4aOAGn4AJ44Aq0wB1ogw7AIAfP4BW8WU/Wi/VufcxHV6xq5wj8gfX5A5PDlTQ=</latexit><latexit sha1_base64="Bhf4ySGdGIPeAb6HAUkycFWNWpE=">AAAB/nicbVDNS8MwHE39nPWrKp68BIfoabRD0OPQi8cJ7gO2UtI03cLSpCSpMErBf8WLB0W8+nd4878x3XrQzQchj/d+P/LywpRRpV3321pZXVvf2Kxt2ds7u3v7zsFhV4lMYtLBggnZD5EijHLS0VQz0k8lQUnISC+c3JZ+75FIRQV/0NOU+AkacRpTjLSRAud4GAoWqWlirnxcnAd5s7DtwKm7DXcGuEy8itRBhXbgfA0jgbOEcI0ZUmrguan2cyQ1xYwU9jBTJEV4gkZkYChHCVF+PotfwDOjRDAW0hyu4Uz9vZGjRJUJzWSC9FgteqX4nzfIdHzt55SnmSYczx+KMwa1gGUXMKKSYM2mhiAsqckK8RhJhLVprCzBW/zyMuk2G57b8O4v662bqo4aOAGn4AJ44Aq0wB1ogw7AIAfP4BW8WU/Wi/VufcxHV6xq5wj8gfX5A5PDlTQ=</latexit>

h0
3

<latexit sha1_base64="efhrKCWNNFmrQ22SdRZormpFd60=">AAAB/nicbVBPS8MwHE3nv1n/VcWTl+AQPY1WBT0OvXic4NxgKyVN0y0sTUqSCqMU/CpePCji1c/hzW9juvWgmw9CHu/9fuTlhSmjSrvut1VbWl5ZXauv2xubW9s7zu7egxKZxKSDBROyFyJFGOWko6lmpJdKgpKQkW44vin97iORigp+rycp8RM05DSmGGkjBc7BIBQsUpPEXPmoOAny88K2A6fhNt0p4CLxKtIAFdqB8zWIBM4SwjVmSKm+56baz5HUFDNS2INMkRThMRqSvqEcJUT5+TR+AY+NEsFYSHO4hlP190aOElUmNJMJ0iM175Xif14/0/GVn1OeZppwPHsozhjUApZdwIhKgjWbGIKwpCYrxCMkEdamsbIEb/7Li+ThrOm5Te/uotG6ruqog0NwBE6BBy5BC9yCNugADHLwDF7Bm/VkvVjv1sdstGZVO/vgD6zPH5VKlTU=</latexit><latexit sha1_base64="efhrKCWNNFmrQ22SdRZormpFd60=">AAAB/nicbVBPS8MwHE3nv1n/VcWTl+AQPY1WBT0OvXic4NxgKyVN0y0sTUqSCqMU/CpePCji1c/hzW9juvWgmw9CHu/9fuTlhSmjSrvut1VbWl5ZXauv2xubW9s7zu7egxKZxKSDBROyFyJFGOWko6lmpJdKgpKQkW44vin97iORigp+rycp8RM05DSmGGkjBc7BIBQsUpPEXPmoOAny88K2A6fhNt0p4CLxKtIAFdqB8zWIBM4SwjVmSKm+56baz5HUFDNS2INMkRThMRqSvqEcJUT5+TR+AY+NEsFYSHO4hlP190aOElUmNJMJ0iM175Xif14/0/GVn1OeZppwPHsozhjUApZdwIhKgjWbGIKwpCYrxCMkEdamsbIEb/7Li+ThrOm5Te/uotG6ruqog0NwBE6BBy5BC9yCNugADHLwDF7Bm/VkvVjv1sdstGZVO/vgD6zPH5VKlTU=</latexit><latexit sha1_base64="efhrKCWNNFmrQ22SdRZormpFd60=">AAAB/nicbVBPS8MwHE3nv1n/VcWTl+AQPY1WBT0OvXic4NxgKyVN0y0sTUqSCqMU/CpePCji1c/hzW9juvWgmw9CHu/9fuTlhSmjSrvut1VbWl5ZXauv2xubW9s7zu7egxKZxKSDBROyFyJFGOWko6lmpJdKgpKQkW44vin97iORigp+rycp8RM05DSmGGkjBc7BIBQsUpPEXPmoOAny88K2A6fhNt0p4CLxKtIAFdqB8zWIBM4SwjVmSKm+56baz5HUFDNS2INMkRThMRqSvqEcJUT5+TR+AY+NEsFYSHO4hlP190aOElUmNJMJ0iM175Xif14/0/GVn1OeZppwPHsozhjUApZdwIhKgjWbGIKwpCYrxCMkEdamsbIEb/7Li+ThrOm5Te/uotG6ruqog0NwBE6BBy5BC9yCNugADHLwDF7Bm/VkvVjv1sdstGZVO/vgD6zPH5VKlTU=</latexit><latexit sha1_base64="efhrKCWNNFmrQ22SdRZormpFd60=">AAAB/nicbVBPS8MwHE3nv1n/VcWTl+AQPY1WBT0OvXic4NxgKyVN0y0sTUqSCqMU/CpePCji1c/hzW9juvWgmw9CHu/9fuTlhSmjSrvut1VbWl5ZXauv2xubW9s7zu7egxKZxKSDBROyFyJFGOWko6lmpJdKgpKQkW44vin97iORigp+rycp8RM05DSmGGkjBc7BIBQsUpPEXPmoOAny88K2A6fhNt0p4CLxKtIAFdqB8zWIBM4SwjVmSKm+56baz5HUFDNS2INMkRThMRqSvqEcJUT5+TR+AY+NEsFYSHO4hlP190aOElUmNJMJ0iM175Xif14/0/GVn1OeZppwPHsozhjUApZdwIhKgjWbGIKwpCYrxCMkEdamsbIEb/7Li+ThrOm5Te/uotG6ruqog0NwBE6BBy5BC9yCNugADHLwDF7Bm/VkvVjv1sdstGZVO/vgD6zPH5VKlTU=</latexit>

h0
T

<latexit sha1_base64="kK6UmXr+yFNxDZ/mt9SprCJC7CM=">AAAB/nicbVDNS8MwHE39nPWrKp68BIfoabQi6HHoxeOEfcFWSpqmW1ialCQVRin4r3jxoIhX/w5v/jemWw+6+SDk8d7vR15emDKqtOt+Wyura+sbm7Ute3tnd2/fOTjsKpFJTDpYMCH7IVKEUU46mmpG+qkkKAkZ6YWTu9LvPRKpqOBtPU2Jn6ARpzHFSBspcI6HoWCRmibmysfFeZC3C9sOnLrbcGeAy8SrSB1UaAXO1zASOEsI15ghpQaem2o/R1JTzEhhDzNFUoQnaEQGhnKUEOXns/gFPDNKBGMhzeEaztTfGzlKVJnQTCZIj9WiV4r/eYNMxzd+TnmaacLx/KE4Y1ALWHYBIyoJ1mxqCMKSmqwQj5FEWJvGyhK8xS8vk+5lw3Mb3sNVvXlb1VEDJ+AUXAAPXIMmuAct0AEY5OAZvII368l6sd6tj/noilXtHIE/sD5/AMexlVY=</latexit><latexit sha1_base64="kK6UmXr+yFNxDZ/mt9SprCJC7CM=">AAAB/nicbVDNS8MwHE39nPWrKp68BIfoabQi6HHoxeOEfcFWSpqmW1ialCQVRin4r3jxoIhX/w5v/jemWw+6+SDk8d7vR15emDKqtOt+Wyura+sbm7Ute3tnd2/fOTjsKpFJTDpYMCH7IVKEUU46mmpG+qkkKAkZ6YWTu9LvPRKpqOBtPU2Jn6ARpzHFSBspcI6HoWCRmibmysfFeZC3C9sOnLrbcGeAy8SrSB1UaAXO1zASOEsI15ghpQaem2o/R1JTzEhhDzNFUoQnaEQGhnKUEOXns/gFPDNKBGMhzeEaztTfGzlKVJnQTCZIj9WiV4r/eYNMxzd+TnmaacLx/KE4Y1ALWHYBIyoJ1mxqCMKSmqwQj5FEWJvGyhK8xS8vk+5lw3Mb3sNVvXlb1VEDJ+AUXAAPXIMmuAct0AEY5OAZvII368l6sd6tj/noilXtHIE/sD5/AMexlVY=</latexit><latexit sha1_base64="kK6UmXr+yFNxDZ/mt9SprCJC7CM=">AAAB/nicbVDNS8MwHE39nPWrKp68BIfoabQi6HHoxeOEfcFWSpqmW1ialCQVRin4r3jxoIhX/w5v/jemWw+6+SDk8d7vR15emDKqtOt+Wyura+sbm7Ute3tnd2/fOTjsKpFJTDpYMCH7IVKEUU46mmpG+qkkKAkZ6YWTu9LvPRKpqOBtPU2Jn6ARpzHFSBspcI6HoWCRmibmysfFeZC3C9sOnLrbcGeAy8SrSB1UaAXO1zASOEsI15ghpQaem2o/R1JTzEhhDzNFUoQnaEQGhnKUEOXns/gFPDNKBGMhzeEaztTfGzlKVJnQTCZIj9WiV4r/eYNMxzd+TnmaacLx/KE4Y1ALWHYBIyoJ1mxqCMKSmqwQj5FEWJvGyhK8xS8vk+5lw3Mb3sNVvXlb1VEDJ+AUXAAPXIMmuAct0AEY5OAZvII368l6sd6tj/noilXtHIE/sD5/AMexlVY=</latexit><latexit sha1_base64="kK6UmXr+yFNxDZ/mt9SprCJC7CM=">AAAB/nicbVDNS8MwHE39nPWrKp68BIfoabQi6HHoxeOEfcFWSpqmW1ialCQVRin4r3jxoIhX/w5v/jemWw+6+SDk8d7vR15emDKqtOt+Wyura+sbm7Ute3tnd2/fOTjsKpFJTDpYMCH7IVKEUU46mmpG+qkkKAkZ6YWTu9LvPRKpqOBtPU2Jn6ARpzHFSBspcI6HoWCRmibmysfFeZC3C9sOnLrbcGeAy8SrSB1UaAXO1zASOEsI15ghpQaem2o/R1JTzEhhDzNFUoQnaEQGhnKUEOXns/gFPDNKBGMhzeEaztTfGzlKVJnQTCZIj9WiV4r/eYNMxzd+TnmaacLx/KE4Y1ALWHYBIyoJ1mxqCMKSmqwQj5FEWJvGyhK8xS8vk+5lw3Mb3sNVvXlb1VEDJ+AUXAAPXIMmuAct0AEY5OAZvII368l6sd6tj/noilXtHIE/sD5/AMexlVY=</latexit>

Long-Term Representation

h0
4

<latexit sha1_base64="AGhnSb3VD4QE5km0LugFipRCMOU=">AAAB/HicbVBPS8MwHE3nvzn/VXf0Ehyip9HKQI9DLx4nuDnYSknTdAtLk5KkQin1q3jxoIhXP4g3v43p1oNuPgh5vPf7kZcXJIwq7TjfVm1tfWNzq77d2Nnd2z+wD48GSqQSkz4WTMhhgBRhlJO+ppqRYSIJigNGHoLZTek/PBKpqOD3OkuIF6MJpxHFSBvJt5vjQLBQZbG58mlx5uedwrdbTtuZA64StyItUKHn21/jUOA0JlxjhpQauU6ivRxJTTEjRWOcKpIgPEMTMjKUo5goL5+HL+CpUUIYCWkO13Cu/t7IUazKfGYyRnqqlr1S/M8bpTq68nLKk1QTjhcPRSmDWsCyCRhSSbBmmSEIS2qyQjxFEmFt+mqYEtzlL6+SwUXbddruXafVva7qqINjcALOgQsuQRfcgh7oAwwy8AxewZv1ZL1Y79bHYrRmVTtN8AfW5w8e3ZUO</latexit><latexit sha1_base64="AGhnSb3VD4QE5km0LugFipRCMOU=">AAAB/HicbVBPS8MwHE3nvzn/VXf0Ehyip9HKQI9DLx4nuDnYSknTdAtLk5KkQin1q3jxoIhXP4g3v43p1oNuPgh5vPf7kZcXJIwq7TjfVm1tfWNzq77d2Nnd2z+wD48GSqQSkz4WTMhhgBRhlJO+ppqRYSIJigNGHoLZTek/PBKpqOD3OkuIF6MJpxHFSBvJt5vjQLBQZbG58mlx5uedwrdbTtuZA64StyItUKHn21/jUOA0JlxjhpQauU6ivRxJTTEjRWOcKpIgPEMTMjKUo5goL5+HL+CpUUIYCWkO13Cu/t7IUazKfGYyRnqqlr1S/M8bpTq68nLKk1QTjhcPRSmDWsCyCRhSSbBmmSEIS2qyQjxFEmFt+mqYEtzlL6+SwUXbddruXafVva7qqINjcALOgQsuQRfcgh7oAwwy8AxewZv1ZL1Y79bHYrRmVTtN8AfW5w8e3ZUO</latexit><latexit sha1_base64="AGhnSb3VD4QE5km0LugFipRCMOU=">AAAB/HicbVBPS8MwHE3nvzn/VXf0Ehyip9HKQI9DLx4nuDnYSknTdAtLk5KkQin1q3jxoIhXP4g3v43p1oNuPgh5vPf7kZcXJIwq7TjfVm1tfWNzq77d2Nnd2z+wD48GSqQSkz4WTMhhgBRhlJO+ppqRYSIJigNGHoLZTek/PBKpqOD3OkuIF6MJpxHFSBvJt5vjQLBQZbG58mlx5uedwrdbTtuZA64StyItUKHn21/jUOA0JlxjhpQauU6ivRxJTTEjRWOcKpIgPEMTMjKUo5goL5+HL+CpUUIYCWkO13Cu/t7IUazKfGYyRnqqlr1S/M8bpTq68nLKk1QTjhcPRSmDWsCyCRhSSbBmmSEIS2qyQjxFEmFt+mqYEtzlL6+SwUXbddruXafVva7qqINjcALOgQsuQRfcgh7oAwwy8AxewZv1ZL1Y79bHYrRmVTtN8AfW5w8e3ZUO</latexit><latexit sha1_base64="AGhnSb3VD4QE5km0LugFipRCMOU=">AAAB/HicbVBPS8MwHE3nvzn/VXf0Ehyip9HKQI9DLx4nuDnYSknTdAtLk5KkQin1q3jxoIhXP4g3v43p1oNuPgh5vPf7kZcXJIwq7TjfVm1tfWNzq77d2Nnd2z+wD48GSqQSkz4WTMhhgBRhlJO+ppqRYSIJigNGHoLZTek/PBKpqOD3OkuIF6MJpxHFSBvJt5vjQLBQZbG58mlx5uedwrdbTtuZA64StyItUKHn21/jUOA0JlxjhpQauU6ivRxJTTEjRWOcKpIgPEMTMjKUo5goL5+HL+CpUUIYCWkO13Cu/t7IUazKfGYyRnqqlr1S/M8bpTq68nLKk1QTjhcPRSmDWsCyCRhSSbBmmSEIS2qyQjxFEmFt+mqYEtzlL6+SwUXbddruXafVva7qqINjcALOgQsuQRfcgh7oAwwy8AxewZv1ZL1Y79bHYrRmVTtN8AfW5w8e3ZUO</latexit>

h0
5

<latexit sha1_base64="jO9MyK6sCwNOjfBd+8N6GDWFdoM=">AAAB/HicbVDNS8MwHE39nPOruqOX4BA9jVYUPQ69eJzgPmArJU3TLSxNSpIKpdR/xYsHRbz6h3jzvzHdetDNByGP934/8vKChFGlHefbWlldW9/YrG3Vt3d29/btg8OeEqnEpIsFE3IQIEUY5aSrqWZkkEiC4oCRfjC9Lf3+I5GKCv6gs4R4MRpzGlGMtJF8uzEKBAtVFpsrnxSnfn5Z+HbTaTkzwGXiVqQJKnR8+2sUCpzGhGvMkFJD10m0lyOpKWakqI9SRRKEp2hMhoZyFBPl5bPwBTwxSggjIc3hGs7U3xs5ilWZz0zGSE/UoleK/3nDVEfXXk55kmrC8fyhKGVQC1g2AUMqCdYsMwRhSU1WiCdIIqxNX3VTgrv45WXSO2+5Tsu9v2i2b6o6auAIHIMz4IIr0AZ3oAO6AIMMPINX8GY9WS/Wu/UxH12xqp0G+APr8wcgYpUP</latexit><latexit sha1_base64="jO9MyK6sCwNOjfBd+8N6GDWFdoM=">AAAB/HicbVDNS8MwHE39nPOruqOX4BA9jVYUPQ69eJzgPmArJU3TLSxNSpIKpdR/xYsHRbz6h3jzvzHdetDNByGP934/8vKChFGlHefbWlldW9/YrG3Vt3d29/btg8OeEqnEpIsFE3IQIEUY5aSrqWZkkEiC4oCRfjC9Lf3+I5GKCv6gs4R4MRpzGlGMtJF8uzEKBAtVFpsrnxSnfn5Z+HbTaTkzwGXiVqQJKnR8+2sUCpzGhGvMkFJD10m0lyOpKWakqI9SRRKEp2hMhoZyFBPl5bPwBTwxSggjIc3hGs7U3xs5ilWZz0zGSE/UoleK/3nDVEfXXk55kmrC8fyhKGVQC1g2AUMqCdYsMwRhSU1WiCdIIqxNX3VTgrv45WXSO2+5Tsu9v2i2b6o6auAIHIMz4IIr0AZ3oAO6AIMMPINX8GY9WS/Wu/UxH12xqp0G+APr8wcgYpUP</latexit><latexit sha1_base64="jO9MyK6sCwNOjfBd+8N6GDWFdoM=">AAAB/HicbVDNS8MwHE39nPOruqOX4BA9jVYUPQ69eJzgPmArJU3TLSxNSpIKpdR/xYsHRbz6h3jzvzHdetDNByGP934/8vKChFGlHefbWlldW9/YrG3Vt3d29/btg8OeEqnEpIsFE3IQIEUY5aSrqWZkkEiC4oCRfjC9Lf3+I5GKCv6gs4R4MRpzGlGMtJF8uzEKBAtVFpsrnxSnfn5Z+HbTaTkzwGXiVqQJKnR8+2sUCpzGhGvMkFJD10m0lyOpKWakqI9SRRKEp2hMhoZyFBPl5bPwBTwxSggjIc3hGs7U3xs5ilWZz0zGSE/UoleK/3nDVEfXXk55kmrC8fyhKGVQC1g2AUMqCdYsMwRhSU1WiCdIIqxNX3VTgrv45WXSO2+5Tsu9v2i2b6o6auAIHIMz4IIr0AZ3oAO6AIMMPINX8GY9WS/Wu/UxH12xqp0G+APr8wcgYpUP</latexit><latexit sha1_base64="jO9MyK6sCwNOjfBd+8N6GDWFdoM=">AAAB/HicbVDNS8MwHE39nPOruqOX4BA9jVYUPQ69eJzgPmArJU3TLSxNSpIKpdR/xYsHRbz6h3jzvzHdetDNByGP934/8vKChFGlHefbWlldW9/YrG3Vt3d29/btg8OeEqnEpIsFE3IQIEUY5aSrqWZkkEiC4oCRfjC9Lf3+I5GKCv6gs4R4MRpzGlGMtJF8uzEKBAtVFpsrnxSnfn5Z+HbTaTkzwGXiVqQJKnR8+2sUCpzGhGvMkFJD10m0lyOpKWakqI9SRRKEp2hMhoZyFBPl5bPwBTwxSggjIc3hGs7U3xs5ilWZz0zGSE/UoleK/3nDVEfXXk55kmrC8fyhKGVQC1g2AUMqCdYsMwRhSU1WiCdIIqxNX3VTgrv45WXSO2+5Tsu9v2i2b6o6auAIHIMz4IIr0AZ3oAO6AIMMPINX8GY9WS/Wu/UxH12xqp0G+APr8wcgYpUP</latexit>

h0
T�1

<latexit sha1_base64="Ix5kfq9kghSMeTmHRQit5Oleblg=">AAAB/nicbVDNS8MwHE3n15xfVfHkJThEL45WBD0OvXicsC/YSknTdAtLk5KkwigF/xUvHhTx6t/hzf/GdOtBNx+EPN77/cjLCxJGlXacb6uysrq2vlHdrG1t7+zu2fsHXSVSiUkHCyZkP0CKMMpJR1PNSD+RBMUBI71gclf4vUciFRW8racJ8WI04jSiGGkj+fbRMBAsVNPYXNk4P/Oz9oWb+3bdaTgzwGXilqQOSrR8+2sYCpzGhGvMkFID10m0lyGpKWYkrw1TRRKEJ2hEBoZyFBPlZbP4OTw1SggjIc3hGs7U3xsZilWR0EzGSI/VoleI/3mDVEc3XkZ5kmrC8fyhKGVQC1h0AUMqCdZsagjCkpqsEI+RRFibxmqmBHfxy8uke9lwnYb7cFVv3pZ1VMExOAHnwAXXoAnuQQt0AAYZeAav4M16sl6sd+tjPlqxyp1D8AfW5w83b5Wg</latexit><latexit sha1_base64="Ix5kfq9kghSMeTmHRQit5Oleblg=">AAAB/nicbVDNS8MwHE3n15xfVfHkJThEL45WBD0OvXicsC/YSknTdAtLk5KkwigF/xUvHhTx6t/hzf/GdOtBNx+EPN77/cjLCxJGlXacb6uysrq2vlHdrG1t7+zu2fsHXSVSiUkHCyZkP0CKMMpJR1PNSD+RBMUBI71gclf4vUciFRW8racJ8WI04jSiGGkj+fbRMBAsVNPYXNk4P/Oz9oWb+3bdaTgzwGXilqQOSrR8+2sYCpzGhGvMkFID10m0lyGpKWYkrw1TRRKEJ2hEBoZyFBPlZbP4OTw1SggjIc3hGs7U3xsZilWR0EzGSI/VoleI/3mDVEc3XkZ5kmrC8fyhKGVQC1h0AUMqCdZsagjCkpqsEI+RRFibxmqmBHfxy8uke9lwnYb7cFVv3pZ1VMExOAHnwAXXoAnuQQt0AAYZeAav4M16sl6sd+tjPlqxyp1D8AfW5w83b5Wg</latexit><latexit sha1_base64="Ix5kfq9kghSMeTmHRQit5Oleblg=">AAAB/nicbVDNS8MwHE3n15xfVfHkJThEL45WBD0OvXicsC/YSknTdAtLk5KkwigF/xUvHhTx6t/hzf/GdOtBNx+EPN77/cjLCxJGlXacb6uysrq2vlHdrG1t7+zu2fsHXSVSiUkHCyZkP0CKMMpJR1PNSD+RBMUBI71gclf4vUciFRW8racJ8WI04jSiGGkj+fbRMBAsVNPYXNk4P/Oz9oWb+3bdaTgzwGXilqQOSrR8+2sYCpzGhGvMkFID10m0lyGpKWYkrw1TRRKEJ2hEBoZyFBPlZbP4OTw1SggjIc3hGs7U3xsZilWR0EzGSI/VoleI/3mDVEc3XkZ5kmrC8fyhKGVQC1h0AUMqCdZsagjCkpqsEI+RRFibxmqmBHfxy8uke9lwnYb7cFVv3pZ1VMExOAHnwAXXoAnuQQt0AAYZeAav4M16sl6sd+tjPlqxyp1D8AfW5w83b5Wg</latexit><latexit sha1_base64="Ix5kfq9kghSMeTmHRQit5Oleblg=">AAAB/nicbVDNS8MwHE3n15xfVfHkJThEL45WBD0OvXicsC/YSknTdAtLk5KkwigF/xUvHhTx6t/hzf/GdOtBNx+EPN77/cjLCxJGlXacb6uysrq2vlHdrG1t7+zu2fsHXSVSiUkHCyZkP0CKMMpJR1PNSD+RBMUBI71gclf4vUciFRW8racJ8WI04jSiGGkj+fbRMBAsVNPYXNk4P/Oz9oWb+3bdaTgzwGXilqQOSrR8+2sYCpzGhGvMkFID10m0lyGpKWYkrw1TRRKEJ2hEBoZyFBPlZbP4OTw1SggjIc3hGs7U3xsZilWR0EzGSI/VoleI/3mDVEc3XkZ5kmrC8fyhKGVQC1h0AUMqCdZsagjCkpqsEI+RRFibxmqmBHfxy8uke9lwnYb7cFVv3pZ1VMExOAHnwAXXoAnuQQt0AAYZeAav4M16sl6sd+tjPlqxyp1D8AfW5w83b5Wg</latexit>

h0
T�2

<latexit sha1_base64="lHk2IPCxG+0IFfQfdrFbKWotW4s=">AAAB/nicbVDNS8MwHE39nPOrKp68BIfoxdEOQY9DLx4n7Au2UtI03cLSpCSpMErBf8WLB0W8+nd4878x3XrQzQchj/d+P/LygoRRpR3n21pZXVvf2KxsVbd3dvf27YPDrhKpxKSDBROyHyBFGOWko6lmpJ9IguKAkV4wuSv83iORigre1tOEeDEacRpRjLSRfPt4GAgWqmlsrmycn/tZ+7KR+3bNqTszwGXilqQGSrR8+2sYCpzGhGvMkFID10m0lyGpKWYkrw5TRRKEJ2hEBoZyFBPlZbP4OTwzSggjIc3hGs7U3xsZilWR0EzGSI/VoleI/3mDVEc3XkZ5kmrC8fyhKGVQC1h0AUMqCdZsagjCkpqsEI+RRFibxqqmBHfxy8uk26i7Tt19uKo1b8s6KuAEnIIL4IJr0AT3oAU6AIMMPINX8GY9WS/Wu/UxH12xyp0j8AfW5w849JWh</latexit><latexit sha1_base64="lHk2IPCxG+0IFfQfdrFbKWotW4s=">AAAB/nicbVDNS8MwHE39nPOrKp68BIfoxdEOQY9DLx4n7Au2UtI03cLSpCSpMErBf8WLB0W8+nd4878x3XrQzQchj/d+P/LygoRRpR3n21pZXVvf2KxsVbd3dvf27YPDrhKpxKSDBROyHyBFGOWko6lmpJ9IguKAkV4wuSv83iORigre1tOEeDEacRpRjLSRfPt4GAgWqmlsrmycn/tZ+7KR+3bNqTszwGXilqQGSrR8+2sYCpzGhGvMkFID10m0lyGpKWYkrw5TRRKEJ2hEBoZyFBPlZbP4OTwzSggjIc3hGs7U3xsZilWR0EzGSI/VoleI/3mDVEc3XkZ5kmrC8fyhKGVQC1h0AUMqCdZsagjCkpqsEI+RRFibxqqmBHfxy8uk26i7Tt19uKo1b8s6KuAEnIIL4IJr0AT3oAU6AIMMPINX8GY9WS/Wu/UxH12xyp0j8AfW5w849JWh</latexit><latexit sha1_base64="lHk2IPCxG+0IFfQfdrFbKWotW4s=">AAAB/nicbVDNS8MwHE39nPOrKp68BIfoxdEOQY9DLx4n7Au2UtI03cLSpCSpMErBf8WLB0W8+nd4878x3XrQzQchj/d+P/LygoRRpR3n21pZXVvf2KxsVbd3dvf27YPDrhKpxKSDBROyHyBFGOWko6lmpJ9IguKAkV4wuSv83iORigre1tOEeDEacRpRjLSRfPt4GAgWqmlsrmycn/tZ+7KR+3bNqTszwGXilqQGSrR8+2sYCpzGhGvMkFID10m0lyGpKWYkrw5TRRKEJ2hEBoZyFBPlZbP4OTwzSggjIc3hGs7U3xsZilWR0EzGSI/VoleI/3mDVEc3XkZ5kmrC8fyhKGVQC1h0AUMqCdZsagjCkpqsEI+RRFibxqqmBHfxy8uk26i7Tt19uKo1b8s6KuAEnIIL4IJr0AT3oAU6AIMMPINX8GY9WS/Wu/UxH12xyp0j8AfW5w849JWh</latexit><latexit sha1_base64="lHk2IPCxG+0IFfQfdrFbKWotW4s=">AAAB/nicbVDNS8MwHE39nPOrKp68BIfoxdEOQY9DLx4n7Au2UtI03cLSpCSpMErBf8WLB0W8+nd4878x3XrQzQchj/d+P/LygoRRpR3n21pZXVvf2KxsVbd3dvf27YPDrhKpxKSDBROyHyBFGOWko6lmpJ9IguKAkV4wuSv83iORigre1tOEeDEacRpRjLSRfPt4GAgWqmlsrmycn/tZ+7KR+3bNqTszwGXilqQGSrR8+2sYCpzGhGvMkFID10m0lyGpKWYkrw5TRRKEJ2hEBoZyFBPlZbP4OTwzSggjIc3hGs7U3xsZilWR0EzGSI/VoleI/3mDVEc3XkZ5kmrC8fyhKGVQC1h0AUMqCdZsagjCkpqsEI+RRFibxqqmBHfxy8uk26i7Tt19uKo1b8s6KuAEnIIL4IJr0AT3oAU6AIMMPINX8GY9WS/Wu/UxH12xyp0j8AfW5w849JWh</latexit>

m0
T�2

<latexit sha1_base64="YEugUwVyknpXhpOMig2dNNXbros=">AAAB/nicbVDNS8MwHE39nPOrKp68BIfoxdEOQY9DLx4n7Au2UtI03cKStCSpMErBf8WLB0W8+nd4878x3XrQzQchj/d+P/LygoRRpR3n21pZXVvf2KxsVbd3dvf27YPDropTiUkHxyyW/QApwqggHU01I/1EEsQDRnrB5K7we49EKhqLtp4mxONoJGhEMdJG8u3jYRCzUE25uTKen/tZ+7KR+3bNqTszwGXilqQGSrR8+2sYxjjlRGjMkFID10m0lyGpKWYkrw5TRRKEJ2hEBoYKxInysln8HJ4ZJYRRLM0RGs7U3xsZ4qpIaCY50mO16BXif94g1dGNl1GRpJoIPH8oShnUMSy6gCGVBGs2NQRhSU1WiMdIIqxNY1VTgrv45WXSbdRdp+4+XNWat2UdFXACTsEFcME1aIJ70AIdgEEGnsEreLOerBfr3fqYj65Y5c4R+APr8wdAsJWm</latexit><latexit sha1_base64="YEugUwVyknpXhpOMig2dNNXbros=">AAAB/nicbVDNS8MwHE39nPOrKp68BIfoxdEOQY9DLx4n7Au2UtI03cKStCSpMErBf8WLB0W8+nd4878x3XrQzQchj/d+P/LygoRRpR3n21pZXVvf2KxsVbd3dvf27YPDropTiUkHxyyW/QApwqggHU01I/1EEsQDRnrB5K7we49EKhqLtp4mxONoJGhEMdJG8u3jYRCzUE25uTKen/tZ+7KR+3bNqTszwGXilqQGSrR8+2sYxjjlRGjMkFID10m0lyGpKWYkrw5TRRKEJ2hEBoYKxInysln8HJ4ZJYRRLM0RGs7U3xsZ4qpIaCY50mO16BXif94g1dGNl1GRpJoIPH8oShnUMSy6gCGVBGs2NQRhSU1WiMdIIqxNY1VTgrv45WXSbdRdp+4+XNWat2UdFXACTsEFcME1aIJ70AIdgEEGnsEreLOerBfr3fqYj65Y5c4R+APr8wdAsJWm</latexit><latexit sha1_base64="YEugUwVyknpXhpOMig2dNNXbros=">AAAB/nicbVDNS8MwHE39nPOrKp68BIfoxdEOQY9DLx4n7Au2UtI03cKStCSpMErBf8WLB0W8+nd4878x3XrQzQchj/d+P/LygoRRpR3n21pZXVvf2KxsVbd3dvf27YPDropTiUkHxyyW/QApwqggHU01I/1EEsQDRnrB5K7we49EKhqLtp4mxONoJGhEMdJG8u3jYRCzUE25uTKen/tZ+7KR+3bNqTszwGXilqQGSrR8+2sYxjjlRGjMkFID10m0lyGpKWYkrw5TRRKEJ2hEBoYKxInysln8HJ4ZJYRRLM0RGs7U3xsZ4qpIaCY50mO16BXif94g1dGNl1GRpJoIPH8oShnUMSy6gCGVBGs2NQRhSU1WiMdIIqxNY1VTgrv45WXSbdRdp+4+XNWat2UdFXACTsEFcME1aIJ70AIdgEEGnsEreLOerBfr3fqYj65Y5c4R+APr8wdAsJWm</latexit><latexit sha1_base64="YEugUwVyknpXhpOMig2dNNXbros=">AAAB/nicbVDNS8MwHE39nPOrKp68BIfoxdEOQY9DLx4n7Au2UtI03cKStCSpMErBf8WLB0W8+nd4878x3XrQzQchj/d+P/LygoRRpR3n21pZXVvf2KxsVbd3dvf27YPDropTiUkHxyyW/QApwqggHU01I/1EEsQDRnrB5K7we49EKhqLtp4mxONoJGhEMdJG8u3jYRCzUE25uTKen/tZ+7KR+3bNqTszwGXilqQGSrR8+2sYxjjlRGjMkFID10m0lyGpKWYkrw5TRRKEJ2hEBoYKxInysln8HJ4ZJYRRLM0RGs7U3xsZ4qpIaCY50mO16BXif94g1dGNl1GRpJoIPH8oShnUMSy6gCGVBGs2NQRhSU1WiMdIIqxNY1VTgrv45WXSbdRdp+4+XNWat2UdFXACTsEFcME1aIJ70AIdgEEGnsEreLOerBfr3fqYj65Y5c4R+APr8wdAsJWm</latexit>

m0
T�1

<latexit sha1_base64="G6sVlv/C7pp2rNegAJF7EZWOlNI=">AAAB/nicbVDNS8MwHE3n15xfVfHkJThEL45WBD0OvXicsC/YSknTdAtLmpKkwigF/xUvHhTx6t/hzf/GdOtBNx+EPN77/cjLCxJGlXacb6uysrq2vlHdrG1t7+zu2fsHXSVSiUkHCyZkP0CKMBqTjqaakX4iCeIBI71gclf4vUciFRVxW08T4nE0imlEMdJG8u2jYSBYqKbcXBnPz/ysfeHmvl13Gs4McJm4JamDEi3f/hqGAqecxBozpNTAdRLtZUhqihnJa8NUkQThCRqRgaEx4kR52Sx+Dk+NEsJISHNiDWfq740McVUkNJMc6bFa9ArxP2+Q6ujGy2icpJrEeP5QlDKoBSy6gCGVBGs2NQRhSU1WiMdIIqxNYzVTgrv45WXSvWy4TsN9uKo3b8s6quAYnIBz4IJr0AT3oAU6AIMMPINX8GY9WS/Wu/UxH61Y5c4h+APr8wc/K5Wl</latexit><latexit sha1_base64="G6sVlv/C7pp2rNegAJF7EZWOlNI=">AAAB/nicbVDNS8MwHE3n15xfVfHkJThEL45WBD0OvXicsC/YSknTdAtLmpKkwigF/xUvHhTx6t/hzf/GdOtBNx+EPN77/cjLCxJGlXacb6uysrq2vlHdrG1t7+zu2fsHXSVSiUkHCyZkP0CKMBqTjqaakX4iCeIBI71gclf4vUciFRVxW08T4nE0imlEMdJG8u2jYSBYqKbcXBnPz/ysfeHmvl13Gs4McJm4JamDEi3f/hqGAqecxBozpNTAdRLtZUhqihnJa8NUkQThCRqRgaEx4kR52Sx+Dk+NEsJISHNiDWfq740McVUkNJMc6bFa9ArxP2+Q6ujGy2icpJrEeP5QlDKoBSy6gCGVBGs2NQRhSU1WiMdIIqxNYzVTgrv45WXSvWy4TsN9uKo3b8s6quAYnIBz4IJr0AT3oAU6AIMMPINX8GY9WS/Wu/UxH61Y5c4h+APr8wc/K5Wl</latexit><latexit sha1_base64="G6sVlv/C7pp2rNegAJF7EZWOlNI=">AAAB/nicbVDNS8MwHE3n15xfVfHkJThEL45WBD0OvXicsC/YSknTdAtLmpKkwigF/xUvHhTx6t/hzf/GdOtBNx+EPN77/cjLCxJGlXacb6uysrq2vlHdrG1t7+zu2fsHXSVSiUkHCyZkP0CKMBqTjqaakX4iCeIBI71gclf4vUciFRVxW08T4nE0imlEMdJG8u2jYSBYqKbcXBnPz/ysfeHmvl13Gs4McJm4JamDEi3f/hqGAqecxBozpNTAdRLtZUhqihnJa8NUkQThCRqRgaEx4kR52Sx+Dk+NEsJISHNiDWfq740McVUkNJMc6bFa9ArxP2+Q6ujGy2icpJrEeP5QlDKoBSy6gCGVBGs2NQRhSU1WiMdIIqxNYzVTgrv45WXSvWy4TsN9uKo3b8s6quAYnIBz4IJr0AT3oAU6AIMMPINX8GY9WS/Wu/UxH61Y5c4h+APr8wc/K5Wl</latexit><latexit sha1_base64="G6sVlv/C7pp2rNegAJF7EZWOlNI=">AAAB/nicbVDNS8MwHE3n15xfVfHkJThEL45WBD0OvXicsC/YSknTdAtLmpKkwigF/xUvHhTx6t/hzf/GdOtBNx+EPN77/cjLCxJGlXacb6uysrq2vlHdrG1t7+zu2fsHXSVSiUkHCyZkP0CKMBqTjqaakX4iCeIBI71gclf4vUciFRVxW08T4nE0imlEMdJG8u2jYSBYqKbcXBnPz/ysfeHmvl13Gs4McJm4JamDEi3f/hqGAqecxBozpNTAdRLtZUhqihnJa8NUkQThCRqRgaEx4kR52Sx+Dk+NEsJISHNiDWfq740McVUkNJMc6bFa9ArxP2+Q6ujGy2icpJrEeP5QlDKoBSy6gCGVBGs2NQRhSU1WiMdIIqxNYzVTgrv45WXSvWy4TsN9uKo3b8s6quAYnIBz4IJr0AT3oAU6AIMMPINX8GY9WS/Wu/UxH61Y5c4h+APr8wc/K5Wl</latexit>

m0
T

<latexit sha1_base64="Qsr73AGkIw5t40TiYKji9rvGXNQ=">AAAB/HicbVBPS8MwHE3nvzn/VXf0Ehyip9GKoMehF48TtjnYSknTdAtL0pKkQin1q3jxoIhXP4g3v43p1oNuPgh5vPf7kZcXJIwq7TjfVm1tfWNzq77d2Nnd2z+wD48GKk4lJn0cs1gOA6QIo4L0NdWMDBNJEA8YeQhmt6X/8EikorHo6SwhHkcTQSOKkTaSbzfHQcxClXFz5bw48/Ne4dstp+3MAVeJW5EWqND17a9xGOOUE6ExQ0qNXCfRXo6kppiRojFOFUkQnqEJGRkqECfKy+fhC3hqlBBGsTRHaDhXf2/kiKsyn5nkSE/VsleK/3mjVEfXXk5Fkmoi8OKhKGVQx7BsAoZUEqxZZgjCkpqsEE+RRFibvhqmBHf5y6tkcNF2nbZ7f9nq3FR11MExOAHnwAVXoAPuQBf0AQYZeAav4M16sl6sd+tjMVqzqp0m+APr8wdXL5Uz</latexit><latexit sha1_base64="Qsr73AGkIw5t40TiYKji9rvGXNQ=">AAAB/HicbVBPS8MwHE3nvzn/VXf0Ehyip9GKoMehF48TtjnYSknTdAtL0pKkQin1q3jxoIhXP4g3v43p1oNuPgh5vPf7kZcXJIwq7TjfVm1tfWNzq77d2Nnd2z+wD48GKk4lJn0cs1gOA6QIo4L0NdWMDBNJEA8YeQhmt6X/8EikorHo6SwhHkcTQSOKkTaSbzfHQcxClXFz5bw48/Ne4dstp+3MAVeJW5EWqND17a9xGOOUE6ExQ0qNXCfRXo6kppiRojFOFUkQnqEJGRkqECfKy+fhC3hqlBBGsTRHaDhXf2/kiKsyn5nkSE/VsleK/3mjVEfXXk5Fkmoi8OKhKGVQx7BsAoZUEqxZZgjCkpqsEE+RRFibvhqmBHf5y6tkcNF2nbZ7f9nq3FR11MExOAHnwAVXoAPuQBf0AQYZeAav4M16sl6sd+tjMVqzqp0m+APr8wdXL5Uz</latexit><latexit sha1_base64="Qsr73AGkIw5t40TiYKji9rvGXNQ=">AAAB/HicbVBPS8MwHE3nvzn/VXf0Ehyip9GKoMehF48TtjnYSknTdAtL0pKkQin1q3jxoIhXP4g3v43p1oNuPgh5vPf7kZcXJIwq7TjfVm1tfWNzq77d2Nnd2z+wD48GKk4lJn0cs1gOA6QIo4L0NdWMDBNJEA8YeQhmt6X/8EikorHo6SwhHkcTQSOKkTaSbzfHQcxClXFz5bw48/Ne4dstp+3MAVeJW5EWqND17a9xGOOUE6ExQ0qNXCfRXo6kppiRojFOFUkQnqEJGRkqECfKy+fhC3hqlBBGsTRHaDhXf2/kiKsyn5nkSE/VsleK/3mjVEfXXk5Fkmoi8OKhKGVQx7BsAoZUEqxZZgjCkpqsEE+RRFibvhqmBHf5y6tkcNF2nbZ7f9nq3FR11MExOAHnwAVXoAPuQBf0AQYZeAav4M16sl6sd+tjMVqzqp0m+APr8wdXL5Uz</latexit><latexit sha1_base64="Qsr73AGkIw5t40TiYKji9rvGXNQ=">AAAB/HicbVBPS8MwHE3nvzn/VXf0Ehyip9GKoMehF48TtjnYSknTdAtL0pKkQin1q3jxoIhXP4g3v43p1oNuPgh5vPf7kZcXJIwq7TjfVm1tfWNzq77d2Nnd2z+wD48GKk4lJn0cs1gOA6QIo4L0NdWMDBNJEA8YeQhmt6X/8EikorHo6SwhHkcTQSOKkTaSbzfHQcxClXFz5bw48/Ne4dstp+3MAVeJW5EWqND17a9xGOOUE6ExQ0qNXCfRXo6kppiRojFOFUkQnqEJGRkqECfKy+fhC3hqlBBGsTRHaDhXf2/kiKsyn5nkSE/VsleK/3mjVEfXXk5Fkmoi8OKhKGVQx7BsAoZUEqxZZgjCkpqsEE+RRFibvhqmBHf5y6tkcNF2nbZ7f9nq3FR11MExOAHnwAVXoAPuQBf0AQYZeAav4M16sl6sd+tjMVqzqp0m+APr8wdXL5Uz</latexit>

m0
1

<latexit sha1_base64="1BS5szHyQhVmrkucn0VbCs48FBs=">AAAB/HicbVDNS8MwHE3n15xf1R29BIfoabQi6HHoxeME9wFbKWmabmFJWpJUKKX+K148KOLVP8Sb/43p1oNuPgh5vPf7kZcXJIwq7TjfVm1tfWNzq77d2Nnd2z+wD4/6Kk4lJj0cs1gOA6QIo4L0NNWMDBNJEA8YGQSz29IfPBKpaCwedJYQj6OJoBHFSBvJt5vjIGahyri5cl6c+blb+HbLaTtzwFXiVqQFKnR9+2scxjjlRGjMkFIj10m0lyOpKWakaIxTRRKEZ2hCRoYKxIny8nn4Ap4aJYRRLM0RGs7V3xs54qrMZyY50lO17JXif94o1dG1l1ORpJoIvHgoShnUMSybgCGVBGuWGYKwpCYrxFMkEdamr4YpwV3+8irpX7Rdp+3eX7Y6N1UddXAMTsA5cMEV6IA70AU9gEEGnsEreLOerBfr3fpYjNasaqcJ/sD6/AEiAJUQ</latexit><latexit sha1_base64="1BS5szHyQhVmrkucn0VbCs48FBs=">AAAB/HicbVDNS8MwHE3n15xf1R29BIfoabQi6HHoxeME9wFbKWmabmFJWpJUKKX+K148KOLVP8Sb/43p1oNuPgh5vPf7kZcXJIwq7TjfVm1tfWNzq77d2Nnd2z+wD4/6Kk4lJj0cs1gOA6QIo4L0NNWMDBNJEA8YGQSz29IfPBKpaCwedJYQj6OJoBHFSBvJt5vjIGahyri5cl6c+blb+HbLaTtzwFXiVqQFKnR9+2scxjjlRGjMkFIj10m0lyOpKWakaIxTRRKEZ2hCRoYKxIny8nn4Ap4aJYRRLM0RGs7V3xs54qrMZyY50lO17JXif94o1dG1l1ORpJoIvHgoShnUMSybgCGVBGuWGYKwpCYrxFMkEdamr4YpwV3+8irpX7Rdp+3eX7Y6N1UddXAMTsA5cMEV6IA70AU9gEEGnsEreLOerBfr3fpYjNasaqcJ/sD6/AEiAJUQ</latexit><latexit sha1_base64="1BS5szHyQhVmrkucn0VbCs48FBs=">AAAB/HicbVDNS8MwHE3n15xf1R29BIfoabQi6HHoxeME9wFbKWmabmFJWpJUKKX+K148KOLVP8Sb/43p1oNuPgh5vPf7kZcXJIwq7TjfVm1tfWNzq77d2Nnd2z+wD4/6Kk4lJj0cs1gOA6QIo4L0NNWMDBNJEA8YGQSz29IfPBKpaCwedJYQj6OJoBHFSBvJt5vjIGahyri5cl6c+blb+HbLaTtzwFXiVqQFKnR9+2scxjjlRGjMkFIj10m0lyOpKWakaIxTRRKEZ2hCRoYKxIny8nn4Ap4aJYRRLM0RGs7V3xs54qrMZyY50lO17JXif94o1dG1l1ORpJoIvHgoShnUMSybgCGVBGuWGYKwpCYrxFMkEdamr4YpwV3+8irpX7Rdp+3eX7Y6N1UddXAMTsA5cMEV6IA70AU9gEEGnsEreLOerBfr3fpYjNasaqcJ/sD6/AEiAJUQ</latexit><latexit sha1_base64="1BS5szHyQhVmrkucn0VbCs48FBs=">AAAB/HicbVDNS8MwHE3n15xf1R29BIfoabQi6HHoxeME9wFbKWmabmFJWpJUKKX+K148KOLVP8Sb/43p1oNuPgh5vPf7kZcXJIwq7TjfVm1tfWNzq77d2Nnd2z+wD4/6Kk4lJj0cs1gOA6QIo4L0NNWMDBNJEA8YGQSz29IfPBKpaCwedJYQj6OJoBHFSBvJt5vjIGahyri5cl6c+blb+HbLaTtzwFXiVqQFKnR9+2scxjjlRGjMkFIj10m0lyOpKWakaIxTRRKEZ2hCRoYKxIny8nn4Ap4aJYRRLM0RGs7V3xs54qrMZyY50lO17JXif94o1dG1l1ORpJoIvHgoShnUMSybgCGVBGuWGYKwpCYrxFMkEdamr4YpwV3+8irpX7Rdp+3eX7Y6N1UddXAMTsA5cMEV6IA70AU9gEEGnsEreLOerBfr3fpYjNasaqcJ/sD6/AEiAJUQ</latexit>

m0
2

<latexit sha1_base64="Jcme9RQXLf3bxuyEo2TuFGxL1bM=">AAAB/HicbVBLS8NAGNz4rPUV7dFLsIieSlIEPRa9eKxgH9CGsNls2qX7CLsbIYT4V7x4UMSrP8Sb/8ZNm4O2Diw7zHwfOzthQonSrvttra1vbG5t13bqu3v7B4f20XFfiVQi3EOCCjkMocKUcNzTRFM8TCSGLKR4EM5uS3/wiKUigj/oLME+gxNOYoKgNlJgN8ahoJHKmLlyVpwHebsI7KbbcudwVolXkSao0A3sr3EkUMow14hCpUaem2g/h1ITRHFRH6cKJxDN4ASPDOWQYeXn8/CFc2aUyImFNIdrZ67+3sghU2U+M8mgnqplrxT/80apjq/9nPAk1ZijxUNxSh0tnLIJJyISI00zQyCSxGR10BRKiLTpq25K8Ja/vEr67Zbntrz7y2bnpqqjBk7AKbgAHrgCHXAHuqAHEMjAM3gFb9aT9WK9Wx+L0TWr2mmAP7A+fwAjhZUR</latexit><latexit sha1_base64="Jcme9RQXLf3bxuyEo2TuFGxL1bM=">AAAB/HicbVBLS8NAGNz4rPUV7dFLsIieSlIEPRa9eKxgH9CGsNls2qX7CLsbIYT4V7x4UMSrP8Sb/8ZNm4O2Diw7zHwfOzthQonSrvttra1vbG5t13bqu3v7B4f20XFfiVQi3EOCCjkMocKUcNzTRFM8TCSGLKR4EM5uS3/wiKUigj/oLME+gxNOYoKgNlJgN8ahoJHKmLlyVpwHebsI7KbbcudwVolXkSao0A3sr3EkUMow14hCpUaem2g/h1ITRHFRH6cKJxDN4ASPDOWQYeXn8/CFc2aUyImFNIdrZ67+3sghU2U+M8mgnqplrxT/80apjq/9nPAk1ZijxUNxSh0tnLIJJyISI00zQyCSxGR10BRKiLTpq25K8Ja/vEr67Zbntrz7y2bnpqqjBk7AKbgAHrgCHXAHuqAHEMjAM3gFb9aT9WK9Wx+L0TWr2mmAP7A+fwAjhZUR</latexit><latexit sha1_base64="Jcme9RQXLf3bxuyEo2TuFGxL1bM=">AAAB/HicbVBLS8NAGNz4rPUV7dFLsIieSlIEPRa9eKxgH9CGsNls2qX7CLsbIYT4V7x4UMSrP8Sb/8ZNm4O2Diw7zHwfOzthQonSrvttra1vbG5t13bqu3v7B4f20XFfiVQi3EOCCjkMocKUcNzTRFM8TCSGLKR4EM5uS3/wiKUigj/oLME+gxNOYoKgNlJgN8ahoJHKmLlyVpwHebsI7KbbcudwVolXkSao0A3sr3EkUMow14hCpUaem2g/h1ITRHFRH6cKJxDN4ASPDOWQYeXn8/CFc2aUyImFNIdrZ67+3sghU2U+M8mgnqplrxT/80apjq/9nPAk1ZijxUNxSh0tnLIJJyISI00zQyCSxGR10BRKiLTpq25K8Ja/vEr67Zbntrz7y2bnpqqjBk7AKbgAHrgCHXAHuqAHEMjAM3gFb9aT9WK9Wx+L0TWr2mmAP7A+fwAjhZUR</latexit><latexit sha1_base64="Jcme9RQXLf3bxuyEo2TuFGxL1bM=">AAAB/HicbVBLS8NAGNz4rPUV7dFLsIieSlIEPRa9eKxgH9CGsNls2qX7CLsbIYT4V7x4UMSrP8Sb/8ZNm4O2Diw7zHwfOzthQonSrvttra1vbG5t13bqu3v7B4f20XFfiVQi3EOCCjkMocKUcNzTRFM8TCSGLKR4EM5uS3/wiKUigj/oLME+gxNOYoKgNlJgN8ahoJHKmLlyVpwHebsI7KbbcudwVolXkSao0A3sr3EkUMow14hCpUaem2g/h1ITRHFRH6cKJxDN4ASPDOWQYeXn8/CFc2aUyImFNIdrZ67+3sghU2U+M8mgnqplrxT/80apjq/9nPAk1ZijxUNxSh0tnLIJJyISI00zQyCSxGR10BRKiLTpq25K8Ja/vEr67Zbntrz7y2bnpqqjBk7AKbgAHrgCHXAHuqAHEMjAM3gFb9aT9WK9Wx+L0TWr2mmAP7A+fwAjhZUR</latexit>

m0
3

<latexit sha1_base64="/1jjRrBwaCd7zardOp47nvQ3URw=">AAAB/HicbVDNS8MwHE39nPOruqOX4BA9jVYFPQ69eJzgPmArJU3TLSxpSpIKpdR/xYsHRbz6h3jzvzHdetDNByGP934/8vKChFGlHefbWlldW9/YrG3Vt3d29/btg8OeEqnEpIsFE3IQIEUYjUlXU83IIJEE8YCRfjC9Lf3+I5GKivhBZwnxOBrHNKIYaSP5dmMUCBaqjJsr58Wpn18Uvt10Ws4McJm4FWmCCh3f/hqFAqecxBozpNTQdRLt5Uhqihkp6qNUkQThKRqToaEx4kR5+Sx8AU+MEsJISHNiDWfq740ccVXmM5Mc6Yla9ErxP2+Y6ujay2mcpJrEeP5QlDKoBSybgCGVBGuWGYKwpCYrxBMkEdamr7opwV388jLpnbdcp+XeXzbbN1UdNXAEjsEZcMEVaIM70AFdgEEGnsEreLOerBfr3fqYj65Y1U4D/IH1+QMlCpUS</latexit><latexit sha1_base64="/1jjRrBwaCd7zardOp47nvQ3URw=">AAAB/HicbVDNS8MwHE39nPOruqOX4BA9jVYFPQ69eJzgPmArJU3TLSxpSpIKpdR/xYsHRbz6h3jzvzHdetDNByGP934/8vKChFGlHefbWlldW9/YrG3Vt3d29/btg8OeEqnEpIsFE3IQIEUYjUlXU83IIJEE8YCRfjC9Lf3+I5GKivhBZwnxOBrHNKIYaSP5dmMUCBaqjJsr58Wpn18Uvt10Ws4McJm4FWmCCh3f/hqFAqecxBozpNTQdRLt5Uhqihkp6qNUkQThKRqToaEx4kR5+Sx8AU+MEsJISHNiDWfq740ccVXmM5Mc6Yla9ErxP2+Y6ujay2mcpJrEeP5QlDKoBSybgCGVBGuWGYKwpCYrxBMkEdamr7opwV388jLpnbdcp+XeXzbbN1UdNXAEjsEZcMEVaIM70AFdgEEGnsEreLOerBfr3fqYj65Y1U4D/IH1+QMlCpUS</latexit><latexit sha1_base64="/1jjRrBwaCd7zardOp47nvQ3URw=">AAAB/HicbVDNS8MwHE39nPOruqOX4BA9jVYFPQ69eJzgPmArJU3TLSxpSpIKpdR/xYsHRbz6h3jzvzHdetDNByGP934/8vKChFGlHefbWlldW9/YrG3Vt3d29/btg8OeEqnEpIsFE3IQIEUYjUlXU83IIJEE8YCRfjC9Lf3+I5GKivhBZwnxOBrHNKIYaSP5dmMUCBaqjJsr58Wpn18Uvt10Ws4McJm4FWmCCh3f/hqFAqecxBozpNTQdRLt5Uhqihkp6qNUkQThKRqToaEx4kR5+Sx8AU+MEsJISHNiDWfq740ccVXmM5Mc6Yla9ErxP2+Y6ujay2mcpJrEeP5QlDKoBSybgCGVBGuWGYKwpCYrxBMkEdamr7opwV388jLpnbdcp+XeXzbbN1UdNXAEjsEZcMEVaIM70AFdgEEGnsEreLOerBfr3fqYj65Y1U4D/IH1+QMlCpUS</latexit><latexit sha1_base64="/1jjRrBwaCd7zardOp47nvQ3URw=">AAAB/HicbVDNS8MwHE39nPOruqOX4BA9jVYFPQ69eJzgPmArJU3TLSxpSpIKpdR/xYsHRbz6h3jzvzHdetDNByGP934/8vKChFGlHefbWlldW9/YrG3Vt3d29/btg8OeEqnEpIsFE3IQIEUYjUlXU83IIJEE8YCRfjC9Lf3+I5GKivhBZwnxOBrHNKIYaSP5dmMUCBaqjJsr58Wpn18Uvt10Ws4McJm4FWmCCh3f/hqFAqecxBozpNTQdRLt5Uhqihkp6qNUkQThKRqToaEx4kR5+Sx8AU+MEsJISHNiDWfq740ccVXmM5Mc6Yla9ErxP2+Y6ujay2mcpJrEeP5QlDKoBSybgCGVBGuWGYKwpCYrxBMkEdamr7opwV388jLpnbdcp+XeXzbbN1UdNXAEjsEZcMEVaIM70AFdgEEGnsEreLOerBfr3fqYj65Y1U4D/IH1+QMlCpUS</latexit>

m0
4

<latexit sha1_base64="Ay9WmoNwviDPzILgI7ctv/3mZwA=">AAAB/HicbVBPS8MwHE3nvzn/VXf0Ehyip9HKQI9DLx4nuDnYSknTdAtL0pKkQin1q3jxoIhXP4g3v43p1oNuPgh5vPf7kZcXJIwq7TjfVm1tfWNzq77d2Nnd2z+wD48GKk4lJn0cs1gOA6QIo4L0NdWMDBNJEA8YeQhmN6X/8EikorG411lCPI4mgkYUI20k326Og5iFKuPmynlx5uedwrdbTtuZA64StyItUKHn21/jMMYpJ0JjhpQauU6ivRxJTTEjRWOcKpIgPEMTMjJUIE6Ul8/DF/DUKCGMYmmO0HCu/t7IEVdlPjPJkZ6qZa8U//NGqY6uvJyKJNVE4MVDUcqgjmHZBAypJFizzBCEJTVZIZ4iibA2fTVMCe7yl1fJ4KLtOm33rtPqXld11MExOAHnwAWXoAtuQQ/0AQYZeAav4M16sl6sd+tjMVqzqp0m+APr8wcmj5UT</latexit><latexit sha1_base64="Ay9WmoNwviDPzILgI7ctv/3mZwA=">AAAB/HicbVBPS8MwHE3nvzn/VXf0Ehyip9HKQI9DLx4nuDnYSknTdAtL0pKkQin1q3jxoIhXP4g3v43p1oNuPgh5vPf7kZcXJIwq7TjfVm1tfWNzq77d2Nnd2z+wD48GKk4lJn0cs1gOA6QIo4L0NdWMDBNJEA8YeQhmN6X/8EikorG411lCPI4mgkYUI20k326Og5iFKuPmynlx5uedwrdbTtuZA64StyItUKHn21/jMMYpJ0JjhpQauU6ivRxJTTEjRWOcKpIgPEMTMjJUIE6Ul8/DF/DUKCGMYmmO0HCu/t7IEVdlPjPJkZ6qZa8U//NGqY6uvJyKJNVE4MVDUcqgjmHZBAypJFizzBCEJTVZIZ4iibA2fTVMCe7yl1fJ4KLtOm33rtPqXld11MExOAHnwAWXoAtuQQ/0AQYZeAav4M16sl6sd+tjMVqzqp0m+APr8wcmj5UT</latexit><latexit sha1_base64="Ay9WmoNwviDPzILgI7ctv/3mZwA=">AAAB/HicbVBPS8MwHE3nvzn/VXf0Ehyip9HKQI9DLx4nuDnYSknTdAtL0pKkQin1q3jxoIhXP4g3v43p1oNuPgh5vPf7kZcXJIwq7TjfVm1tfWNzq77d2Nnd2z+wD48GKk4lJn0cs1gOA6QIo4L0NdWMDBNJEA8YeQhmN6X/8EikorG411lCPI4mgkYUI20k326Og5iFKuPmynlx5uedwrdbTtuZA64StyItUKHn21/jMMYpJ0JjhpQauU6ivRxJTTEjRWOcKpIgPEMTMjJUIE6Ul8/DF/DUKCGMYmmO0HCu/t7IEVdlPjPJkZ6qZa8U//NGqY6uvJyKJNVE4MVDUcqgjmHZBAypJFizzBCEJTVZIZ4iibA2fTVMCe7yl1fJ4KLtOm33rtPqXld11MExOAHnwAWXoAtuQQ/0AQYZeAav4M16sl6sd+tjMVqzqp0m+APr8wcmj5UT</latexit><latexit sha1_base64="Ay9WmoNwviDPzILgI7ctv/3mZwA=">AAAB/HicbVBPS8MwHE3nvzn/VXf0Ehyip9HKQI9DLx4nuDnYSknTdAtL0pKkQin1q3jxoIhXP4g3v43p1oNuPgh5vPf7kZcXJIwq7TjfVm1tfWNzq77d2Nnd2z+wD48GKk4lJn0cs1gOA6QIo4L0NdWMDBNJEA8YeQhmN6X/8EikorG411lCPI4mgkYUI20k326Og5iFKuPmynlx5uedwrdbTtuZA64StyItUKHn21/jMMYpJ0JjhpQauU6ivRxJTTEjRWOcKpIgPEMTMjJUIE6Ul8/DF/DUKCGMYmmO0HCu/t7IEVdlPjPJkZ6qZa8U//NGqY6uvJyKJNVE4MVDUcqgjmHZBAypJFizzBCEJTVZIZ4iibA2fTVMCe7yl1fJ4KLtOm33rtPqXld11MExOAHnwAWXoAtuQQ/0AQYZeAav4M16sl6sd+tjMVqzqp0m+APr8wcmj5UT</latexit>

m0
5

<latexit sha1_base64="jlD2mgzTKDSZUWFEXw7DnIjEnss=">AAAB/HicbVDNS8MwHE39nPOruqOX4BA9jVYUPQ69eJzgPmArJU3TLSxpSpIKpdR/xYsHRbz6h3jzvzHdetDNByGP934/8vKChFGlHefbWlldW9/YrG3Vt3d29/btg8OeEqnEpIsFE3IQIEUYjUlXU83IIJEE8YCRfjC9Lf3+I5GKivhBZwnxOBrHNKIYaSP5dmMUCBaqjJsr58Wpn18Wvt10Ws4McJm4FWmCCh3f/hqFAqecxBozpNTQdRLt5Uhqihkp6qNUkQThKRqToaEx4kR5+Sx8AU+MEsJISHNiDWfq740ccVXmM5Mc6Yla9ErxP2+Y6ujay2mcpJrEeP5QlDKoBSybgCGVBGuWGYKwpCYrxBMkEdamr7opwV388jLpnbdcp+XeXzTbN1UdNXAEjsEZcMEVaIM70AFdgEEGnsEreLOerBfr3fqYj65Y1U4D/IH1+QMoFJUU</latexit><latexit sha1_base64="jlD2mgzTKDSZUWFEXw7DnIjEnss=">AAAB/HicbVDNS8MwHE39nPOruqOX4BA9jVYUPQ69eJzgPmArJU3TLSxpSpIKpdR/xYsHRbz6h3jzvzHdetDNByGP934/8vKChFGlHefbWlldW9/YrG3Vt3d29/btg8OeEqnEpIsFE3IQIEUYjUlXU83IIJEE8YCRfjC9Lf3+I5GKivhBZwnxOBrHNKIYaSP5dmMUCBaqjJsr58Wpn18Wvt10Ws4McJm4FWmCCh3f/hqFAqecxBozpNTQdRLt5Uhqihkp6qNUkQThKRqToaEx4kR5+Sx8AU+MEsJISHNiDWfq740ccVXmM5Mc6Yla9ErxP2+Y6ujay2mcpJrEeP5QlDKoBSybgCGVBGuWGYKwpCYrxBMkEdamr7opwV388jLpnbdcp+XeXzTbN1UdNXAEjsEZcMEVaIM70AFdgEEGnsEreLOerBfr3fqYj65Y1U4D/IH1+QMoFJUU</latexit><latexit sha1_base64="jlD2mgzTKDSZUWFEXw7DnIjEnss=">AAAB/HicbVDNS8MwHE39nPOruqOX4BA9jVYUPQ69eJzgPmArJU3TLSxpSpIKpdR/xYsHRbz6h3jzvzHdetDNByGP934/8vKChFGlHefbWlldW9/YrG3Vt3d29/btg8OeEqnEpIsFE3IQIEUYjUlXU83IIJEE8YCRfjC9Lf3+I5GKivhBZwnxOBrHNKIYaSP5dmMUCBaqjJsr58Wpn18Wvt10Ws4McJm4FWmCCh3f/hqFAqecxBozpNTQdRLt5Uhqihkp6qNUkQThKRqToaEx4kR5+Sx8AU+MEsJISHNiDWfq740ccVXmM5Mc6Yla9ErxP2+Y6ujay2mcpJrEeP5QlDKoBSybgCGVBGuWGYKwpCYrxBMkEdamr7opwV388jLpnbdcp+XeXzTbN1UdNXAEjsEZcMEVaIM70AFdgEEGnsEreLOerBfr3fqYj65Y1U4D/IH1+QMoFJUU</latexit><latexit sha1_base64="jlD2mgzTKDSZUWFEXw7DnIjEnss=">AAAB/HicbVDNS8MwHE39nPOruqOX4BA9jVYUPQ69eJzgPmArJU3TLSxpSpIKpdR/xYsHRbz6h3jzvzHdetDNByGP934/8vKChFGlHefbWlldW9/YrG3Vt3d29/btg8OeEqnEpIsFE3IQIEUYjUlXU83IIJEE8YCRfjC9Lf3+I5GKivhBZwnxOBrHNKIYaSP5dmMUCBaqjJsr58Wpn18Wvt10Ws4McJm4FWmCCh3f/hqFAqecxBozpNTQdRLt5Uhqihkp6qNUkQThKRqToaEx4kR5+Sx8AU+MEsJISHNiDWfq740ccVXmM5Mc6Yla9ErxP2+Y6ujay2mcpJrEeP5QlDKoBSybgCGVBGuWGYKwpCYrxBMkEdamr7opwV388jLpnbdcp+XeXzTbN1UdNXAEjsEZcMEVaIM70AFdgEEGnsEreLOerBfr3fqYj65Y1U4D/IH1+QMoFJUU</latexit>

m1
<latexit sha1_base64="w018kIESPCcu6LNup+f7BEjkQqw=">AAAB+3icbVBLSwMxGMz6rPW11qOXYBE8lV0R9Fj04rGCfUC7LNlstg3NY0myYln2r3jxoIhX/4g3/43Zdg/aOhAyzHwfmUyUMqqN5307a+sbm1vbtZ367t7+waF71OhpmSlMulgyqQYR0oRRQbqGGkYGqSKIR4z0o+lt6fcfidJUigczS0nA0VjQhGJkrBS6jVEkWaxn3F45L8LcL0K36bW8OeAq8SvSBBU6ofs1iiXOOBEGM6T10PdSE+RIGYoZKeqjTJMU4Skak6GlAnGig3yevYBnVolhIpU9wsC5+nsjR1yX8ewkR2ail71S/M8bZia5DnIq0swQgRcPJRmDRsKyCBhTRbBhM0sQVtRmhXiCFMLG1lW3JfjLX14lvYuW77X8+8tm+6aqowZOwCk4Bz64Am1wBzqgCzB4As/gFbw5hfPivDsfi9E1p9o5Bn/gfP4AuxyU3w==</latexit><latexit sha1_base64="w018kIESPCcu6LNup+f7BEjkQqw=">AAAB+3icbVBLSwMxGMz6rPW11qOXYBE8lV0R9Fj04rGCfUC7LNlstg3NY0myYln2r3jxoIhX/4g3/43Zdg/aOhAyzHwfmUyUMqqN5307a+sbm1vbtZ367t7+waF71OhpmSlMulgyqQYR0oRRQbqGGkYGqSKIR4z0o+lt6fcfidJUigczS0nA0VjQhGJkrBS6jVEkWaxn3F45L8LcL0K36bW8OeAq8SvSBBU6ofs1iiXOOBEGM6T10PdSE+RIGYoZKeqjTJMU4Skak6GlAnGig3yevYBnVolhIpU9wsC5+nsjR1yX8ewkR2ail71S/M8bZia5DnIq0swQgRcPJRmDRsKyCBhTRbBhM0sQVtRmhXiCFMLG1lW3JfjLX14lvYuW77X8+8tm+6aqowZOwCk4Bz64Am1wBzqgCzB4As/gFbw5hfPivDsfi9E1p9o5Bn/gfP4AuxyU3w==</latexit><latexit sha1_base64="w018kIESPCcu6LNup+f7BEjkQqw=">AAAB+3icbVBLSwMxGMz6rPW11qOXYBE8lV0R9Fj04rGCfUC7LNlstg3NY0myYln2r3jxoIhX/4g3/43Zdg/aOhAyzHwfmUyUMqqN5307a+sbm1vbtZ367t7+waF71OhpmSlMulgyqQYR0oRRQbqGGkYGqSKIR4z0o+lt6fcfidJUigczS0nA0VjQhGJkrBS6jVEkWaxn3F45L8LcL0K36bW8OeAq8SvSBBU6ofs1iiXOOBEGM6T10PdSE+RIGYoZKeqjTJMU4Skak6GlAnGig3yevYBnVolhIpU9wsC5+nsjR1yX8ewkR2ail71S/M8bZia5DnIq0swQgRcPJRmDRsKyCBhTRbBhM0sQVtRmhXiCFMLG1lW3JfjLX14lvYuW77X8+8tm+6aqowZOwCk4Bz64Am1wBzqgCzB4As/gFbw5hfPivDsfi9E1p9o5Bn/gfP4AuxyU3w==</latexit><latexit sha1_base64="w018kIESPCcu6LNup+f7BEjkQqw=">AAAB+3icbVBLSwMxGMz6rPW11qOXYBE8lV0R9Fj04rGCfUC7LNlstg3NY0myYln2r3jxoIhX/4g3/43Zdg/aOhAyzHwfmUyUMqqN5307a+sbm1vbtZ367t7+waF71OhpmSlMulgyqQYR0oRRQbqGGkYGqSKIR4z0o+lt6fcfidJUigczS0nA0VjQhGJkrBS6jVEkWaxn3F45L8LcL0K36bW8OeAq8SvSBBU6ofs1iiXOOBEGM6T10PdSE+RIGYoZKeqjTJMU4Skak6GlAnGig3yevYBnVolhIpU9wsC5+nsjR1yX8ewkR2ail71S/M8bZia5DnIq0swQgRcPJRmDRsKyCBhTRbBhM0sQVtRmhXiCFMLG1lW3JfjLX14lvYuW77X8+8tm+6aqowZOwCk4Bz64Am1wBzqgCzB4As/gFbw5hfPivDsfi9E1p9o5Bn/gfP4AuxyU3w==</latexit>

m2
<latexit sha1_base64="LBohhcAFbDM9IRA80K6xBkclKok=">AAAB+3icbVBLSwMxGMzWV62vWo9egkXwVHaLoMeiF48V7APaZclms21oHkuSFcuyf8WLB0W8+ke8+W/MtnvQ1oGQYeb7yGTChFFtXPfbqWxsbm3vVHdre/sHh0f140Zfy1Rh0sOSSTUMkSaMCtIz1DAyTBRBPGRkEM5uC3/wSJSmUjyYeUJ8jiaCxhQjY6Wg3hiHkkV6zu2V8TzI2nlQb7otdwG4TrySNEGJblD/GkcSp5wIgxnSeuS5ifEzpAzFjOS1capJgvAMTcjIUoE40X62yJ7Dc6tEMJbKHmHgQv29kSGui3h2kiMz1ateIf7njVITX/sZFUlqiMDLh+KUQSNhUQSMqCLYsLklCCtqs0I8RQphY+uq2RK81S+vk3675bkt7/6y2bkp66iCU3AGLoAHrkAH3IEu6AEMnsAzeAVvTu68OO/Ox3K04pQ7J+APnM8fvKGU4A==</latexit><latexit sha1_base64="LBohhcAFbDM9IRA80K6xBkclKok=">AAAB+3icbVBLSwMxGMzWV62vWo9egkXwVHaLoMeiF48V7APaZclms21oHkuSFcuyf8WLB0W8+ke8+W/MtnvQ1oGQYeb7yGTChFFtXPfbqWxsbm3vVHdre/sHh0f140Zfy1Rh0sOSSTUMkSaMCtIz1DAyTBRBPGRkEM5uC3/wSJSmUjyYeUJ8jiaCxhQjY6Wg3hiHkkV6zu2V8TzI2nlQb7otdwG4TrySNEGJblD/GkcSp5wIgxnSeuS5ifEzpAzFjOS1capJgvAMTcjIUoE40X62yJ7Dc6tEMJbKHmHgQv29kSGui3h2kiMz1ateIf7njVITX/sZFUlqiMDLh+KUQSNhUQSMqCLYsLklCCtqs0I8RQphY+uq2RK81S+vk3675bkt7/6y2bkp66iCU3AGLoAHrkAH3IEu6AEMnsAzeAVvTu68OO/Ox3K04pQ7J+APnM8fvKGU4A==</latexit><latexit sha1_base64="LBohhcAFbDM9IRA80K6xBkclKok=">AAAB+3icbVBLSwMxGMzWV62vWo9egkXwVHaLoMeiF48V7APaZclms21oHkuSFcuyf8WLB0W8+ke8+W/MtnvQ1oGQYeb7yGTChFFtXPfbqWxsbm3vVHdre/sHh0f140Zfy1Rh0sOSSTUMkSaMCtIz1DAyTBRBPGRkEM5uC3/wSJSmUjyYeUJ8jiaCxhQjY6Wg3hiHkkV6zu2V8TzI2nlQb7otdwG4TrySNEGJblD/GkcSp5wIgxnSeuS5ifEzpAzFjOS1capJgvAMTcjIUoE40X62yJ7Dc6tEMJbKHmHgQv29kSGui3h2kiMz1ateIf7njVITX/sZFUlqiMDLh+KUQSNhUQSMqCLYsLklCCtqs0I8RQphY+uq2RK81S+vk3675bkt7/6y2bkp66iCU3AGLoAHrkAH3IEu6AEMnsAzeAVvTu68OO/Ox3K04pQ7J+APnM8fvKGU4A==</latexit><latexit sha1_base64="LBohhcAFbDM9IRA80K6xBkclKok=">AAAB+3icbVBLSwMxGMzWV62vWo9egkXwVHaLoMeiF48V7APaZclms21oHkuSFcuyf8WLB0W8+ke8+W/MtnvQ1oGQYeb7yGTChFFtXPfbqWxsbm3vVHdre/sHh0f140Zfy1Rh0sOSSTUMkSaMCtIz1DAyTBRBPGRkEM5uC3/wSJSmUjyYeUJ8jiaCxhQjY6Wg3hiHkkV6zu2V8TzI2nlQb7otdwG4TrySNEGJblD/GkcSp5wIgxnSeuS5ifEzpAzFjOS1capJgvAMTcjIUoE40X62yJ7Dc6tEMJbKHmHgQv29kSGui3h2kiMz1ateIf7njVITX/sZFUlqiMDLh+KUQSNhUQSMqCLYsLklCCtqs0I8RQphY+uq2RK81S+vk3675bkt7/6y2bkp66iCU3AGLoAHrkAH3IEu6AEMnsAzeAVvTu68OO/Ox3K04pQ7J+APnM8fvKGU4A==</latexit>

m3
<latexit sha1_base64="pemjTcvjsaR0wq6x2mR5UT/2aFk=">AAAB+3icbVBLSwMxGMzWV62vWo9egkXwVHZV0GPRi8cK9gHtsmSz2TY0jyXJimXZv+LFgyJe/SPe/Ddm2z1o60DIMPN9ZDJhwqg2rvvtVNbWNza3qtu1nd29/YP6YaOnZaow6WLJpBqESBNGBekaahgZJIogHjLSD6e3hd9/JEpTKR7MLCE+R2NBY4qRsVJQb4xCySI94/bKeB5kF3lQb7otdw64SrySNEGJTlD/GkUSp5wIgxnSeui5ifEzpAzFjOS1UapJgvAUjcnQUoE40X42z57DU6tEMJbKHmHgXP29kSGui3h2kiMz0cteIf7nDVMTX/sZFUlqiMCLh+KUQSNhUQSMqCLYsJklCCtqs0I8QQphY+uq2RK85S+vkt55y3Nb3v1ls31T1lEFx+AEnAEPXIE2uAMd0AUYPIFn8ArenNx5cd6dj8VoxSl3jsAfOJ8/viaU4Q==</latexit><latexit sha1_base64="pemjTcvjsaR0wq6x2mR5UT/2aFk=">AAAB+3icbVBLSwMxGMzWV62vWo9egkXwVHZV0GPRi8cK9gHtsmSz2TY0jyXJimXZv+LFgyJe/SPe/Ddm2z1o60DIMPN9ZDJhwqg2rvvtVNbWNza3qtu1nd29/YP6YaOnZaow6WLJpBqESBNGBekaahgZJIogHjLSD6e3hd9/JEpTKR7MLCE+R2NBY4qRsVJQb4xCySI94/bKeB5kF3lQb7otdw64SrySNEGJTlD/GkUSp5wIgxnSeui5ifEzpAzFjOS1UapJgvAUjcnQUoE40X42z57DU6tEMJbKHmHgXP29kSGui3h2kiMz0cteIf7nDVMTX/sZFUlqiMCLh+KUQSNhUQSMqCLYsJklCCtqs0I8QQphY+uq2RK85S+vkt55y3Nb3v1ls31T1lEFx+AEnAEPXIE2uAMd0AUYPIFn8ArenNx5cd6dj8VoxSl3jsAfOJ8/viaU4Q==</latexit><latexit sha1_base64="pemjTcvjsaR0wq6x2mR5UT/2aFk=">AAAB+3icbVBLSwMxGMzWV62vWo9egkXwVHZV0GPRi8cK9gHtsmSz2TY0jyXJimXZv+LFgyJe/SPe/Ddm2z1o60DIMPN9ZDJhwqg2rvvtVNbWNza3qtu1nd29/YP6YaOnZaow6WLJpBqESBNGBekaahgZJIogHjLSD6e3hd9/JEpTKR7MLCE+R2NBY4qRsVJQb4xCySI94/bKeB5kF3lQb7otdw64SrySNEGJTlD/GkUSp5wIgxnSeui5ifEzpAzFjOS1UapJgvAUjcnQUoE40X42z57DU6tEMJbKHmHgXP29kSGui3h2kiMz0cteIf7nDVMTX/sZFUlqiMCLh+KUQSNhUQSMqCLYsJklCCtqs0I8QQphY+uq2RK85S+vkt55y3Nb3v1ls31T1lEFx+AEnAEPXIE2uAMd0AUYPIFn8ArenNx5cd6dj8VoxSl3jsAfOJ8/viaU4Q==</latexit><latexit sha1_base64="pemjTcvjsaR0wq6x2mR5UT/2aFk=">AAAB+3icbVBLSwMxGMzWV62vWo9egkXwVHZV0GPRi8cK9gHtsmSz2TY0jyXJimXZv+LFgyJe/SPe/Ddm2z1o60DIMPN9ZDJhwqg2rvvtVNbWNza3qtu1nd29/YP6YaOnZaow6WLJpBqESBNGBekaahgZJIogHjLSD6e3hd9/JEpTKR7MLCE+R2NBY4qRsVJQb4xCySI94/bKeB5kF3lQb7otdw64SrySNEGJTlD/GkUSp5wIgxnSeui5ifEzpAzFjOS1UapJgvAUjcnQUoE40X42z57DU6tEMJbKHmHgXP29kSGui3h2kiMz0cteIf7nDVMTX/sZFUlqiMCLh+KUQSNhUQSMqCLYsJklCCtqs0I8QQphY+uq2RK85S+vkt55y3Nb3v1ls31T1lEFx+AEnAEPXIE2uAMd0AUYPIFn8ArenNx5cd6dj8VoxSl3jsAfOJ8/viaU4Q==</latexit>
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Adaptive Segmentation

Short-Term
Attention Layers

Fig. 3: Illustration of Long Short-Term Attention (LSA). The long-term representation is extracted by multi-head attention
mechanism operating on the whole sequence, while the short-term representation is extracted by segment-wise attention that
operates within non-overlapping subsequences. For splitting the sequence, an adaptive segmentation strategy is utilized. In this
example, given the input embedding 𝑯 = {𝒉1, 𝒉2, 𝒉3, ..., 𝒉𝑇 }, we utilize the prototypical hidden series 𝑷 = { 𝒑1, . . . , 𝒑𝑁𝑠

}
to perform DTW-alignment. According to the binary alignment path, we obtain the segmentation results: 1-st segment:
{𝒉′1, 𝒉

′
2}, 2-nd segment: {𝒉′3, 𝒉

′
4, 𝒉
′
5}, and 𝑁𝑠-th segment: {𝒉′𝑇−2, 𝒉

′
𝑇−1, 𝒉

′
𝑇 }. By aggregating long-term representation 𝑴𝑙𝑜𝑛𝑔 =

{𝒎1,𝒎2,𝒎3, ...,𝒎𝑇 } and short-term representation 𝑴𝑠ℎ𝑜𝑟𝑡 = {𝒎′1,𝒎
′
2,𝒎

′
3, ...,𝒎

′
𝑇
}, the long short-term representation is as

the output of LSA.

Inspired by [22], we define a prototypical hidden series
𝑷 = { 𝒑1, . . . , 𝒑𝑁𝑠

} ∈ R𝑁𝑠×𝑑𝑠 of length 𝑁𝑠 which best
summarizes the high-level features of 𝑁𝑠 segments, and 𝑑𝑠 is
the dimension of segment features. For temporal segmentation,
we utilize Dynamic Time Warping (DTW) [38] to determine
the optimal alignment between a target sequence and the
prototypical hidden series. DTW is a popular technique for
measuring the discrepancy between two time series of different
length, based on point-to-point matching with the temporal
consistency. Given the prototypical series 𝑷 and target se-
quence 𝑯 of length 𝑁𝑠 and 𝑇 , the DTW distance is defined
as:

DTW (𝑷,𝑯) = min {⟨B,𝚫 (𝑷,𝑯)⟩ , 𝑩 ∈ B} , (6)

where 𝑯 is the hidden representation in our model. B ⊂
{0, 1}𝑁𝑠×𝑇 is the set of possible binary alignment matrices
whose (𝑛, 𝑡)-th entry indicates whether 𝒑𝑛 and 𝒉𝑡 are aligned
or not. The total alignment cost is defined by the inner
product of the cost matrix 𝚫 ∈ R𝑁𝑠×𝑇 and the binary matrix
𝑩 ∈ R𝑁𝑠×𝑇 . Specifically, 𝚫 is the alignment cost matrix whose
(𝑛, 𝑡)-th entry 𝛿

(
𝒑𝑛, 𝒉𝑡

)
encodes the distance between 𝒑𝑛

and 𝒉𝑡 . We define the cost by using their cosine similarity
as follows:

𝛿
(
𝒑𝑛, 𝒉𝑡

)
= 1 − 𝒑𝑛 · 𝒉𝑡

 𝒑𝑛

2 ∥𝒉𝑡 ∥2

. (7)

The goal of DTW is to find the optimal alignment matrix
between 𝑷 and 𝑯, which minimizes their total alignment cost
with the time consistency among the aligned point pairs. The
optimal alignment matrix 𝑩∗ is obtained by:

𝑩∗ = arg min {⟨B,𝚫 (𝑷,𝑯)⟩ , 𝑩 ∈ B} . (8)

However, the DTW is known to be non-differentiable. We
use the smooth min operator min𝛾 {𝛽1, . . . , 𝛽 ¤𝑛} with smooth-
ing parameter 𝛾 > 0 to define our differentiable soft-DTW
distance [8]:

DTW𝛾 (𝑷,𝑯) = min
𝛾
{⟨B,𝚫 (𝑷,𝑯)⟩ ,B ∈ B} ,

min
𝛾
{𝛽1, . . . , 𝛽 ¤𝑛} =

{
min
𝑖≤ ¤𝑛

𝛽𝑖 , 𝛾 = 0
−𝛾 log

∑ ¤𝑛
𝑖=1 𝑒

−𝛽𝑖/𝛾 , 𝛾 > 0
.

(9)

To ensure that each time point is aligned only with a single
segment, we follow [22] to impose an additional constraint on
each alignment matrix in B, such that it represents a single
path connecting the upper-left (1, 1)-th entry to the lower-right
(𝑁𝑠 , 𝑇)-th entry using only →, ↘ moves.

Based on the optimal alignment matrix, we can split the
input sequence into multiple segments, as shown in Fig. 3.
Assume that 𝑸, 𝑲,𝑽 are divided into non-overlapping subse-
quences (segments) by using the above adaptive segmentation
method as Equation (10). We note that the 𝑸, 𝑲,𝑽 are shared
with the long-term attention. Except for the prototypical hid-
den series, the short-term attention does not introduce extra
parameters.

AdaSeg (𝑸, 𝑁𝑠) = {𝑸1,𝑸2, ...,𝑸𝑁𝑠 },𝑸𝑖 ∈ R𝐿𝑖×𝑑𝑞 ,

AdaSeg (𝑲, 𝑁𝑠) = {𝑲1, 𝑲2, ..., 𝑲𝑁𝑠 }, 𝑲𝑖 ∈ R𝐿𝑖×𝑑𝑘 ,

AdaSeg (𝑽, 𝑁𝑠) = {𝑽1,𝑽2, ...,𝑽𝑁𝑠 },𝑽𝑖 ∈ R𝐿𝑖×𝑑𝑣 ,

(10)

where AdaSeg (𝑸, 𝑁𝑠) is the segmentation operation, which
outputs 𝑁𝑠 non overlapping subsequences. Each segmented
subsequence 𝒀 𝑖 has a length 𝐿𝑖 , and similarly, 𝑲 and 𝑽 are
also segmented.
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To extract short-term features within each segment, we
perform segment-wise attention. The calculation is as follows:

𝒆𝑖 =
𝑸𝑖

(
𝑲𝑖

)𝑇
√
𝑑𝑘

∈ R𝐿𝑖×𝐿𝑖

, 𝑖 = {1, 2, ..., 𝑁𝑠},

𝜶𝑚𝑛 =
exp

(
𝒆𝑖𝑚,𝑛

)∑𝐿𝑖

𝑘=1 exp
(
𝒆𝑖
𝑚,𝑘

) ,𝜶𝑚𝑛 ∈ 𝑨𝑖
𝑠ℎ𝑜𝑟𝑡 ,

𝑴𝑖
𝑠ℎ𝑜𝑟𝑡 = 𝑨𝑖

𝑠ℎ𝑜𝑟𝑡𝑽
𝑖 ∈ R𝐿𝑖×𝑑𝑚𝑜𝑑𝑒𝑙 , 𝑖 = {1, 2, ..., 𝑁𝑠},

(11)

where 𝒆𝑖 is the attention score matrix for the 𝑖-th subsequence,
𝜶𝑚𝑛 is the attention weight between the 𝑚-th and 𝑛-th time
steps within the 𝑖-th subsequence, and 𝑨𝑖

𝑠ℎ𝑜𝑟𝑡 denotes the
attention weight matrix for the 𝑖-th subsequence. 𝑴𝑖

𝑠ℎ𝑜𝑟𝑡

represents the local representation of the 𝑖-th subsequence. The
short-term representation 𝑴𝑠ℎ𝑜𝑟𝑡 is obtained by concatenating
the local representations of all subsequences along the time
dimension:

𝑴𝑠ℎ𝑜𝑟𝑡 = {𝑴1
𝑠ℎ𝑜𝑟𝑡 ,𝑴

2
𝑠ℎ𝑜𝑟𝑡 , ...,𝑴

𝑁𝑠

𝑠ℎ𝑜𝑟𝑡
}. (12)

Finally, the long-term and short-term features of the sequence
are fused to obtain the long short-term representation, as
follows:

LSA(𝑿𝑒𝑚𝑏, 𝑿𝑒𝑚𝑏, 𝑿𝑒𝑚𝑏) = FC
( (
𝑴𝑙𝑜𝑛𝑔 ∥ 𝑴𝑠ℎ𝑜𝑟𝑡

) )
, (13)

where FC(·) denotes the fully connected layer and ∥ is the
concatenation operator.

C. Variable-Consistent Long Short-Term Transformer

In this section, we describe the general architecture of the
Long Short-Term Transformer, which consists of the encoder
and decoder stacks.

1) Embedding Layer: In the Transformer model, the input
representation should contain the position information since
other main components of the model are entirely invariant
to sequence order. The original Transformer model [45] uses
absolute positional embedding, which is added to the word
embedding at the bottoms of the encoder and decoder stacks.
Similarly, in our work, we fuse different encoding schemes,
including positional encoding, temporal encoding, and value
encoding. Let 𝑿 be the input time series and 𝒁 be the
covariate vectors. We omit time subscript here, the time series
embedding is summed as follows:

𝑿𝑒𝑚𝑏 = 𝐸𝑝𝑜𝑠 (𝑿) + 𝐸𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙 (𝒁) + 𝐸𝑣𝑎𝑙𝑢𝑒 (𝑿), (14)

where 𝐸𝑝𝑜𝑠 (𝑿), 𝐸𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙 (𝒁) and 𝐸𝑣𝑎𝑙𝑢𝑒 (𝑿) denote posi-
tional embedding, temporal embedding and value embedding,
respectively. In particular, we utilize sinusoidal positional
encoding to represent positions. To extract time information,
a fully connected network is employed to embed the time-
dependent covariate vectors 𝒁. The value encoding uses 1D
convolution to extract timestamp-level features from the time
series.

2) Encoder: The MR-Transformer encoder is composed
of 𝑆 identical layers. Each layer consists of long short-term
self-attention (LSA) and feedforward network (FFN), both
followed by a residual connection and layer normalization
to facilitate better information flow and prevent vanishing
gradients. Let 𝑯 (0)𝑒𝑛 denote the input embedding 𝑿𝑒𝑚𝑏.

For the 𝑙-th encoding layer, the input is the output of the
(𝑙 − 1)-th encoding layer, which can be formulated as:

𝑯 (𝑙) ,1𝑒𝑛 = AddNorm
(
LSA

(
𝑯 (𝑙−1)

𝑒𝑛 ,𝑯 (𝑙−1)
𝑒𝑛 ,𝑯 (𝑙−1)

𝑒𝑛

))
,

𝑯 (𝑙)𝑒𝑛 = AddNorm
(
FFN

(
𝑯 (𝑙) ,1𝑒𝑛

))
, (15)

where AddNorm(·) represents the residual connection with
layer normalization, and FFN(·) denotes a multi-layer feedfor-
ward network as widely adopted in [45, 56, 52]. After stacking
𝑆 layers, 𝑯 (𝑆)𝑒𝑛 is the output of the encoder, which is fed to
the long short-term cross-attention of the decoding layers.

3) Decoder: The MR-Transformer decoder has similar
composition to the encoder, which is composed of stacked
𝑅 decoding layers. It also includes an additional long short-
term cross-attention. Motivated by the generative style decoder
of the Informer model [56], the decoder also receives the
reformatting sequence that combines the subsequence of inputs
and a padding sequence, and instantly predicts output elements
in a generative style instead of in an auto-regressive way.
Specifically, the input of the decoder is a part of the input
of the encoder, i.e., 𝑿𝑡𝑠 :𝑇 , where 𝑡𝑠 is the start time of the
input of the decoder and 1 ≤ 𝑡𝑠 ≤ 𝑇 . 𝑿𝑡𝑠 :𝑇 is converted
to 𝑯0

𝑑𝑒
∈ R(𝑇−𝑡𝑠 )×𝑑model after passing through the embedding

layer of the decoder. 𝑯0
𝑑𝑒

with dimension 𝑑𝑚𝑜𝑑𝑒𝑙 is fed into
the first decoding layer. For the 𝑙-th decoding layer, the input
is the (𝑙 − 1)-th hidden representation of the decoding layer
and the output of the encoder. The process of calculating the
output of the 𝑙-th decoding layer is as follows:

𝑯 (𝑙) ,1
𝑑𝑒

= AddNorm
(
LSA

(
𝑯 (𝑙−1)

𝑑𝑒
,𝑯 (𝑙−1)

𝑑𝑒
,𝑯 (𝑙−1)

𝑑𝑒

))
,

𝑯 (𝑙) ,2
𝑑𝑒

= AddNorm
(
LSA

(
𝑯 (𝑙) ,1

𝑑𝑒
,𝑯 (𝑆)𝑒𝑛 ,𝑯 (𝑆)𝑒𝑛

))
,

𝑯 (𝑙)
𝑑𝑒

= AddNorm
(
FFN

(
𝑯 (𝑙) ,2

𝑑𝑒

))
. (16)

After stacking 𝑅 layers, 𝑯 (𝑅)
𝑑𝑒

is the output of the decoder.
We note that there exist three kinds of attention mechanisms

in MR-Transformer, i.e., encoder self-attention, decoder self-
attention and cross-attention connecting the encoder and the
decoder, as shown in Fig. 2. During the encoding process,
the model uses Long Short-Term Self-Attention to obtain
𝑸 (𝑙)𝑒𝑛 , 𝑲

(𝑙)
𝑒𝑛 ,𝑽

(𝑙)
𝑒𝑛 for encoder self-attention. Similarly, during

the decoding process, the model uses Long Short-Term Self-
Attention to obtain 𝑸 (𝑙)

𝑑𝑒
, 𝑲 (𝑙)

𝑑𝑒
,𝑽 (𝑙)

𝑑𝑒
for decoder self-attention,

as follows:

𝑸 (𝑙)𝑒𝑛 = ¤𝑾𝑞𝑯
(𝑙−1)
𝑒𝑛 , 𝑲 (𝑙)𝑒𝑛 = ¤𝑾𝑘𝑯

(𝑙−1)
𝑒𝑛 ,𝑽 (𝑙)𝑒𝑛 = ¤𝑾𝑣𝑯

(𝑙−1)
𝑒𝑛 , (17)

𝑸 (𝑙)
𝑑𝑒

= ¥𝑾𝑞𝑯
(𝑙−1)
𝑑𝑒

, 𝑲 (𝑙)
𝑑𝑒

= ¥𝑾𝑘𝑯
(𝑙−1)
𝑑𝑒

,𝑽 (𝑙)
𝑑𝑒

= ¥𝑾𝑣𝑯
(𝑙−1)
𝑑𝑒

, (18)

where ¤𝑾𝑞 , ¤𝑾𝑘 , ¤𝑾𝑣 and ¥𝑾𝑞 , ¥𝑾𝑘 , ¥𝑾𝑣 denote learnable projec-
tion matrices.

To handle input sequences with different lengths and tem-
poral misalignment in the encoder and decoder, we introduce
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TABLE I: Statistics of the 13 multivariate datasets.

Datasets ETTh1 ETTh2 ETTm1 SMLm1 SMLm2 Appliance Yahoo SCITOS G5 DSIM Traffic Solar-Energy Electricity Exchange-Rate

Variants 7 7 7 10 10 26 6 24 16 862 137 321 8
Timesteps 17,420 17,420 69,680 2,764 1,373 6,579 6,041 5,456 1,440 17,544 52,560 26,304 7,588

Granularity 1hour 1hour 15min 15min 15min 30min 1day - - 1hour 10min 1hour 1day
Start time 7/1/2016 7/1/2016 7/1/2016 3/13/2012 4/18/2012 1/11/2016 8/26/1996 - - 1/1/2015 1/1/2006 1/1/2012 1/1/1990

Task type Multi-step Multi-step Single-step

Data partition Follow [56] Training/Validation/Testing: 6/2/2

two prototypical hidden series 𝑷𝑒𝑛 and 𝑷𝑑𝑒 to segment the
input sequences of the encoder and the decoder, respectively.
Specifically, in encoder self-attention, 𝑸 (𝑙)𝑒𝑛 , 𝑲

(𝑙)
𝑒𝑛 ,𝑽

(𝑙)
𝑒𝑛 are seg-

mented according to 𝑷𝑒𝑛. Similarly, in decoder self-attention,
𝑸 (𝑙)

𝑑𝑒
, 𝑲 (𝑙)

𝑑𝑒
,𝑽 (𝑙)

𝑑𝑒
are segmented according to 𝑷𝑑𝑒. However, in

the cross-attention, the calculation is as follows:

𝑸 (𝑙)𝑐𝑟𝑜𝑠𝑠 = 𝑾̈𝑞𝑯
(𝑙) ,1
𝑑𝑒

, 𝑲 (𝑙)𝑐𝑟𝑜𝑠𝑠 = 𝑾̈𝑘𝑯
(𝑆)
𝑒𝑛 ,𝑽 (𝑙)𝑐𝑟𝑜𝑠𝑠 = 𝑾̈𝑣𝑯

(𝑆)
𝑒𝑛 ,

(19)

where 𝑾̈𝑞 , 𝑾̈𝑘 , 𝑾̈𝑣 denote learnable projection matrices. The
keys 𝑲 (𝑙)𝑐𝑟𝑜𝑠𝑠 and values 𝑽 (𝑙)𝑐𝑟𝑜𝑠𝑠 are both transformed from the
encoder output 𝑯 (𝑆)𝑒𝑛 , thus they are divided by aligning 𝑷𝑒𝑛

to ensure that each segment corresponds to a relevant part of
the encoder input sequence. Meanwhile, the queries 𝑸 (𝑙)𝑐𝑟𝑜𝑠𝑠
are segmented by 𝑷𝑑𝑒.

D. Variable-Specific Temporal Convolution

Modeling multiple variable dynamics can be challenging
because it requires capturing both the shared temporal patterns
between the variables and the unique temporal patterns of
each individual variable. To address this challenge, we use
1D convolution to capture the individual temporal patterns of
each variable. Specifically, for the 𝑖-th variable, we apply a
set of convolution filters 𝐹 (𝑖) = {𝐹 (𝑖)1 , 𝐹

(𝑖)
2 , . . . , 𝐹

(𝑖)
𝑁𝐹
} to its

input 𝑿 (𝑖) . Here, 𝑁𝐹 is the number of filters in the set. The
convolution filters sweep through the input and produce a set
of feature maps, as follows:

¤𝑯 (𝑖)𝑡𝑐 = TC
(
𝑿 (𝑖) , 𝐹 (𝑖)

)
, (20)

where TC(·) denotes the temporal convolution operation and
¤𝑯 (𝑖)𝑡𝑐 ∈ R𝑁𝐹 represents the the output specific to each variable.

In the temporal convolution operation, filters of size 𝑁𝑘 and
stride 1 are convolved with the input, with appropriate padding
to ensure that the output has the same length as the input.
This operation is used to capture temporal relations in each
univariate time series and produce a sequence of feature maps.
To further extract salient features from the feature maps, we
employ a max pooling operation that aggregates the output of
the convolution filters across time and selects the maximum
value for each filter. The resulting vector representation cap-
tures the most important features of the input with respect to
the corresponding filter.

Multivariate time series often exhibits complex dependen-
cies between different variables. To capture the specific fea-
tures of a single variable, we also consider the correlations
between the variable and others. In existing literature, the
primary tool used to capture similarities among multiple vari-
ables is the graph neural network (GNN) [50, 51]. However,

in multivariate time series analysis, accurately quantifying
the internal dependencies among variables is challenging,
and constructing an adjacency matrix is difficult. Inspired
by the effectiveness of self-attention [25, 35, 37], we intro-
duce a variable attention layer to model the dependencies
between different variables. This layer takes the form 𝑯𝑡𝑐 =

Attention
( ¤𝑯𝑡𝑐, ¤𝑯𝑡𝑐, ¤𝑯𝑡𝑐

)
, and the calculation is as follows:

𝑸𝒕𝒄 = 𝑾̃𝑞
¤𝑯𝑡𝑐, 𝑲𝒕𝒄 = 𝑾̃𝑘

¤𝑯𝑡𝑐,𝑽𝒕𝒄 = 𝑾̃𝑣
¤𝑯𝑡𝑐, (21)

𝑯𝑡𝑐 = Softmax
(
𝑸𝒕𝒄𝑲𝒕𝒄

⊤
√
𝑑𝑡𝑐

)
𝑽𝒕𝒄 , (22)

where the matrices 𝑸𝑡𝑐, 𝑲𝑡𝑐,𝑽𝑡𝑐 ∈ R𝑁×𝑁𝑘 represent
queries, keys and values in the variable attention mechanism.
𝑾̃𝑞 , 𝑾̃𝑘 , 𝑾̃𝑣 are learnable projection matrices, and 𝑑𝑡𝑐 is
the dimension of 𝑲𝑡𝑐. 𝑯𝑡𝑐 = {𝑯 (1)𝑡𝑐 ,𝑯 (2)𝑡𝑐 , . . . ,𝑯 (𝑛)𝑡𝑐 } denotes
variable-specific representation.

E. Forecasting and Learning
We combine the representations from both the variable-

consistent and variable-specific modules by linear projections
and concatenation. The forecasting results are obtained by:

𝑿̂𝑇+1:𝑇+ℎ = FC
(
𝑾1𝑯

(𝑅)
𝑑𝑒
∥ (𝑾2𝑯𝑡𝑐)T

)
, (23)

where 𝑾1 ∈ R𝑑𝑚𝑜𝑑𝑒𝑙×𝑁 , 𝑾2 ∈ R𝑁𝑘×ℎ are learnable projection
matrices.

In the learning phase, our objective is to minimize the mean
squared error (MSE) [30] between the predicted values and
ground truth values, meanwhile optimizing the prototypical
representation. To ensure effective segmentation, the prototyp-
ical hidden series 𝑷 = {𝑷𝑒𝑛, 𝑷𝑑𝑒} should be optimized so that
its 𝑖-th vector learns the latent features corresponding to the
𝑖-th segment. Given a training set, we obtain the prototypical
hidden series by minimizing its soft-DTW distance from the
encoder and decoder representations of all the time series
instances:

Lproto (𝑷) =
1

𝑁𝑡𝑟𝑎𝑖𝑛

𝑁𝑡𝑟𝑎𝑖𝑛∑︁
𝑖=1

(
DTW𝛾

(
𝑷𝑒𝑛,𝑯

(𝑆)
𝑒𝑛

)
+DTW𝛾

(
𝑷𝑑𝑒,𝑯

(𝑅)
𝑑𝑒

)
,

(24)

where 𝑁𝑡𝑟𝑎𝑖𝑛 is the number of training samples. Since soft-
DTW is differentiable with respect to its input, we can easily
optimize 𝑷 using its gradients ∇𝑷𝑫𝑻𝑾𝛾 .

Suppose 𝒙̂𝑡 is the prediction and 𝒙𝑡 is the aligned ground
truth at time stamp 𝑡, We adopt the MSE as the objective
function for prediction:

Lpred (𝒙, 𝒙̂) =
1

𝑁𝑡𝑟𝑎𝑖𝑛ℎ

𝑁𝑡𝑟𝑎𝑖𝑛∑︁
𝑖=1

ℎ∑︁
𝑗=1

(
𝒙𝑖𝑗 − 𝒙̂𝑖𝑗

)2
, (25)
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TABLE II: Performance comparison on the multi-step forecasting datasets. The best results are highlighted in bold and the
second best results are underlined. The last row is the winning count. A lower MSE or MAE indicates a better prediction.

Methods MR-Transformer Informer LSTNet Transformer LogTrans Reformer LSTMa TPA-LSTM N-BEATS TCN

Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

24 0.354 0.396 0.577 0.549 1.293 0.901 0.652 0.574 0.686 0.604 0.991 0.754 0.650 0.624 0.901 0.640 1.285 0.913 0.772 0.662
48 0.410 0.434 0.685 0.625 1.456 0.960 0.728 0.719 0.766 0.757 1.313 0.906 0.702 0.675 0.978 0.688 1.300 0.915 0.862 0.829

ETTh1 168 0.652 0.569 0.931 0.752 1.997 1.214 0.952 0.804 1.002 0.846 1.824 1.138 1.212 0.867 1.697 1.214 1.318 0.924 1.127 0.927
336 0.971 0.739 1.128 0.873 2.655 1.369 1.294 0.904 1.362 0.952 2.117 1.280 1.424 0.994 1.994 1.392 1.505 1.025 1.532 1.043
720 1.046 0.748 1.215 0.896 2.143 1.380 1.327 1.226 1.397 1.291 2.415 1.520 1.960 1.322 2.744 1.851 3.475 1.014 1.572 1.414

24 0.253 0.366 0.720 0.665 2.742 1.457 0.787 0.713 0.828 0.750 1.531 1.613 1.143 0.813 3.139 1.351 3.475 1.448 0.932 0.822
48 0.439 0.504 1.457 1.001 3.567 1.687 1.716 0.982 1.806 1.034 1.871 1.735 1.671 1.221 3.156 1.360 3.442 1.439 2.032 1.133

ETTh2 168 1.930 1.093 3.489 1.515 3.242 2.513 3.867 1.597 4.070 1.681 4.660 1.846 4.117 1.674 5.764 2.344 3.422 1.430 4.579 1.841
336 2.479 1.285 2.723 1.340 2.544 2.591 3.681 1.675 3.875 1.763 4.028 1.688 3.434 1.549 4.808 2.169 3.397 1.419 4.360 1.931
720 2.943 1.380 3.467 1.473 4.625 3.709 3.717 1.474 3.913 1.552 5.381 2.015 3.963 1.788 5.548 2.503 3.439 1.430 4.403 1.700

24 0.108 0.218 0.323 0.369 1.968 1.170 0.398 0.391 0.419 0.412 0.724 0.607 0.621 0.629 0.869 0.881 3.520 1.463 0.471 0.451
48 0.173 0.286 0.494 0.503 1.999 1.215 0.482 0.554 0.507 0.583 1.098 0.777 1.392 0.939 1.949 1.315 3.429 1.437 0.570 0.639

ETTm1 96 0.264 0.370 0.678 0.614 2.762 1.542 0.730 0.752 0.768 0.792 1.433 0.945 1.339 0.913 1.875 1.278 3.402 1.430 0.864 0.868
288 1.028 0.600 1.056 0.786 1.257 2.076 1.389 1.254 1.462 1.320 1.820 1.094 1.740 1.124 2.436 1.574 3.345 1.414 1.645 1.446
672 0.946 0.778 1.192 0.926 1.917 2.941 1.586 1.388 1.669 1.461 2.187 1.232 2.736 1.555 3.830 2.177 3.502 1.452 1.980 1.144

4 0.039 0.100 0.223 0.365 0.389 0.512 0.510 0.562 0.741 0.700 0.889 0.840 0.428 0.563 0.396 0.510 1.289 0.798 0.833 0.767
SMLm1 12 0.232 0.248 0.424 0.498 0.440 0.554 0.737 0.696 0.749 0.713 0.899 0.856 0.484 0.609 0.427 0.536 1.442 0.883 0.843 0.781

24 0.228 0.316 0.619 0.611 0.614 0.647 0.852 0.760 0.816 0.738 0.979 0.885 0.675 0.711 0.622 0.650 1.709 1.004 0.918 0.808

4 0.096 0.207 1.970 1.209 2.121 1.251 2.763 1.382 2.974 1.459 3.569 1.751 2.333 1.376 2.082 1.242 2.596 1.347 3.346 1.599
SMLm2 12 0.599 0.563 3.115 1.490 2.211 1.298 3.247 1.510 3.028 1.482 3.634 1.778 2.432 1.428 2.130 1.269 2.451 1.237 3.407 1.623

24 1.754 1.026 4.086 1.707 2.636 1.406 3.644 1.591 3.087 1.482 3.704 1.778 2.899 1.547 2.235 1.313 2.213 1.136 3.473 1.623

4 0.241 0.283 0.520 0.814 2.560 1.192 1.947 1.073 2.444 1.204 2.932 1.445 2.816 1.311 2.549 1.178 3.515 1.526 2.749 1.319
Appliance 12 0.557 0.497 1.799 1.010 2.581 1.217 2.166 1.130 2.517 1.222 3.021 1.466 2.840 1.338 2.567 1.206 3.567 1.538 2.832 1.338

24 0.738 0.622 2.191 1.129 2.727 1.285 2.289 1.157 2.409 1.199 2.891 1.438 3.000 1.413 2.577 1.221 3.965 1.622 2.710 1.313

4 0.090 0.218 1.108 0.716 1.873 0.938 1.874 0.987 2.610 1.115 3.133 1.338 2.060 1.032 1.863 0.927 0.164 0.279 2.937 1.221
DSIM 12 0.134 0.259 1.180 0.743 1.936 0.965 1.553 0.884 2.663 1.119 3.195 1.343 2.130 1.061 1.915 0.940 0.172 0.282 2.996 1.226

24 0.384 0.353 1.361 0.793 2.064 1.001 1.830 0.964 2.748 1.135 3.298 1.362 2.270 1.101 2.023 0.968 0.401 0.373 3.092 1.243

4 0.350 0.332 0.352 0.341 0.725 0.632 0.517 0.459 0.667 0.555 0.800 0.666 0.797 0.695 0.727 0.634 2.083 0.890 0.750 0.608
SCITOS G5 12 0.444 0.398 0.465 0.420 0.773 0.646 0.529 0.466 0.660 0.551 0.791 0.661 0.850 0.710 0.787 0.659 1.977 0.859 0.742 0.603

24 0.502 0.438 0.537 0.454 0.785 0.651 0.515 0.439 0.658 0.550 0.790 0.660 0.864 0.716 0.837 0.678 1.860 0.842 0.741 0.603

4 0.247 0.202 0.493 0.468 1.990 1.226 0.617 0.527 1.458 1.004 1.750 1.204 2.189 1.349 1.832 1.185 3.466 1.821 1.641 1.099
Yahoo 12 0.277 0.238 0.660 0.588 1.996 1.234 0.588 0.512 1.332 0.962 1.598 1.155 2.196 1.357 1.830 1.185 3.983 1.956 1.498 1.054

24 0.320 0.301 0.921 0.750 1.999 1.232 0.661 0.552 1.622 1.082 1.946 1.298 2.199 1.355 1.978 1.212 4.241 1.969 1.825 1.185

P-value - - 4.7E-03 3.1E-04 3.7E-09 2.5E-08 2.5E-04 5.7E-06 7.0E-06 2.4E-08 2.3E-08 6.3E-12 2.9E-07 5.3E-10 2.4E-07 3.3E-09 3.2E- 11 1.9E-10 1.8E-06 1.1E-09

Average Rank 1.0 1.0 2.8 2.6 4.1 4.0 6.4 7.2 5.2 5.3 8.2 8.1 6.4 6.4 6.6 6.4 7.8 6.9 6.6 6.9

Best Count 66 0

where ℎ is the length of the prediction horizon. All the parame-
ters, including the prototypical hidden series and the network
parameters are optimized simultaneously by minimizing the
corresponding losses. The update process can be described as
follows:

𝑷← 𝑷 − 𝜂 · 𝜕Lproto /𝜕𝑷,
Φ← Φ − 𝜂 · 𝜕Lpred/𝜕Φ,

(26)

where 𝜂 is the learning rate.

IV. EXPERIMENT SETUP

A. Datasets

We evaluated our approach on on 13 multivariate time
series datasets, namely ETTh1, ETTh2, ETTm1, Traffic, Solar-
Energy, Electricity, ExchangeRate, SMLm1, SMLm2, Appli-
ance, Yahoo, SCITOS G5 and DSIM, ranging from various
domains, including energy, finance and traffic domains. During
data pre-processing, we perform zero-score normalization.
Their properties are summarized in Table I and the details of
these datasets are described in Section A of the Supplementary
Material.

B. Metrics

In order to provide a comprehensive evaluation of our
method, we utilize two commonly-used metrics: Mean Abso-
lute Errors (MAE) [16] and Mean Squared Errors (MSE) [30].
For single-step forecasting tasks, we calculate these metrics

based on the last step prediction, while for multi-step fore-
casting tasks, we average the metrics over all step predictions.
The MAE and MSE are defined as follows:

MAE =
1

𝑁𝑡𝑒𝑠𝑡ℎ

𝑁𝑡𝑒𝑠𝑡∑︁
𝑖=1

ℎ∑︁
𝑗=1

��𝒙̂ 𝑗 − 𝒙 𝑗

�� , (27)

MSE =
1

𝑁𝑡𝑒𝑠𝑡ℎ

𝑁𝑡𝑒𝑠𝑡∑︁
𝑖=1

ℎ∑︁
𝑗=1

(
𝒙̂ 𝑗 − 𝒙 𝑗

)2
, (28)

where 𝑁𝑡𝑒𝑠𝑡 is the total number of testing samples. 𝒙̂ 𝑗 denotes
the model’s predicted value at the 𝑗-th time step, while 𝒙 𝑗

represents the corresponding ground-truth value.

C. Implementation

Baselines: To validate the effectiveness of our pro-
posed model, we conducted experiments to compare MR-
Transformer with three categories of multivariate time series
forecasting methods: (1) Transformer-based methods, in-
cluding Informer [56], Reformer [19], LogTrans [23], Trans-
former [45]. (2) RNN-based methods, including LSTNet [21],
TPA-LSTM[42], LSTMa [1] and DARNN [35]. (3) CNN-
based methods, TCN [3]. Additionally, we compared our
model with N-BEATS [34], which achieves state-of-the-art
performance on the large-scale M4 benchmark dataset [29].
It is worth noting that all experiments were conducted on
multivariate forecasting.
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TABLE III: Performance comparison on the single-step forecasting datasets.

Methods MR-Transformer Informer LSTNet Transformer Reformer LogTrans LSTMa DARNN TPA-LSTM N-BEATS TCN

Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

4 0.537 0.304 0.693 0.372 1.036 0.617 0.783 0.457 0.875 0.504 0.729 0.420 1.018 0.595 1.066 0.571 1.084 0.649 0.954 0.550 0.820 0.460
12 0.532 0.322 0.669 0.358 1.038 0.620 0.787 0.459 0.940 0.558 0.783 0.465 1.023 0.596 1.080 0.571 1.092 0.641 1.024 0.609 0.881 0.510

Traffic 24 0.517 0.316 0.699 0.371 1.052 0.631 0.787 0.460 0.948 0.541 0.790 0.451 1.024 0.598 1.058 0.559 1.097 0.646 1.033 0.590 0.889 0.494
48 0.545 0.335 0.824 0.440 1.090 0.658 0.772 0.447 0.946 0.528 0.788 0.440 1.004 0.582 0.850 0.492 1.179 0.696 1.031 0.575 0.887 0.482
96 0.459 0.307 0.743 0.390 1.138 0.666 0.755 0.433 1.001 0.549 0.834 0.458 0.982 0.563 0.831 0.477 1.224 0.711 1.091 0.599 0.939 0.501

4 0.028 0.081 0.039 0.103 0.036 0.084 0.109 0.209 0.100 0.204 0.084 0.170 0.142 0.272 0.101 0.180 0.431 0.614 0.109 0.222 0.094 0.186
12 0.074 0.135 0.083 0.153 0.078 0.143 0.142 0.247 0.206 0.299 0.172 0.249 0.185 0.321 0.182 0.265 0.490 0.657 0.225 0.326 0.194 0.273

Solar-Energy 24 0.148 0.210 0.165 0.216 0.184 0.217 0.229 0.298 0.256 0.348 0.214 0.290 0.298 0.387 0.247 0.338 0.575 0.693 0.280 0.379 0.240 0.318
48 0.199 0.252 0.212 0.240 0.278 0.273 0.225 0.312 0.285 0.353 0.237 0.294 0.292 0.405 0.247 0.343 0.628 0.731 0.310 0.385 0.267 0.323
96 0.200 0.258 0.211 0.244 0.215 0.261 0.225 0.308 0.251 0.332 0.209 0.277 0.292 0.400 0.247 0.339 0.548 0.683 0.274 0.362 0.235 0.303

4 0.144 0.263 0.290 0.376 0.122 0.224 0.320 0.394 0.419 0.507 0.349 0.422 0.416 0.512 0.603 0.575 0.675 0.609 0.457 0.552 0.393 0.462
12 0.155 0.265 0.290 0.368 0.146 0.246 0.329 0.403 0.413 0.499 0.344 0.416 0.428 0.523 0.576 0.566 0.683 0.612 0.450 0.544 0.387 0.456

Electricity 24 0.154 0.254 0.286 0.365 0.146 0.240 0.330 0.399 0.445 0.517 0.371 0.431 0.429 0.519 0.498 0.509 0.684 0.612 0.485 0.564 0.417 0.472
48 0.169 0.268 0.324 0.391 0.223 0.307 0.352 0.417 0.444 0.520 0.370 0.434 0.457 0.542 0.387 0.458 0.713 0.634 0.484 0.567 0.416 0.475
96 0.176 0.279 0.339 0.409 0.218 0.314 0.366 0.426 0.464 0.537 0.386 0.448 0.476 0.554 0.402 0.469 0.724 0.644 0.505 0.586 0.435 0.490

4 0.014 0.081 0.436 0.495 0.018 0.094 1.506 0.968 2.356 1.309 1.963 1.091 3.163 2.033 2.450 1.292 2.497 1.144 2.568 1.427 2.209 1.195
12 0.040 0.140 0.555 0.572 0.062 0.179 1.923 1.095 2.367 1.316 1.973 1.097 4.038 2.300 2.621 1.343 2.500 1.151 2.580 1.434 2.219 1.201

Exchange-Rate 24 0.120 0.256 1.199 0.826 0.123 0.267 2.034 1.136 2.648 1.376 2.207 1.146 4.272 2.385 2.591 1.323 2.505 1.158 2.886 1.499 2.483 1.256
48 0.530 0.530 2.021 1.104 0.243 0.382 3.315 1.404 3.684 1.636 3.070 1.363 6.962 2.948 2.664 1.358 2.527 1.186 4.015 1.783 3.454 1.493
96 1.788 0.962 2.282 1.209 0.416 0.518 3.302 1.405 4.034 1.734 3.362 1.445 6.935 2.951 3.633 1.546 2.548 1.204 4.397 1.890 3.783 1.583

P-value - - 7.7E-02 4.4E-02 6.0E-01 3.6E-01 1.5E-02 3.9E-03 5.5E-03 7.3E-04 1.1E-02 3.9E-03 8.9E-03 1.8E-03 3.3E-03 6.4E-04 6.7E-05 6.6E-09 4.0E-03 8.0E-04 7.0E-03 1.7E-03

Average Rank 1.3 1.4 2.8 2.6 4.0 3.9 4.3 4.5 7.6 7.6 4.5 4.5 8.9 9.5 7.6 7.1 9.9 9.3 9.2 9.3 6.2 6.3

Best Count 28 2 10 0

Implementation details: In our experiments, we fixed the
number of encoder and decoder layers to 1 and 2, respectively,
and observed that MR-Transformer performed well under
this setting. With further tuning, the performance could be
improved. We employed the Adam optimizer [18] with an
initial learning rate of 1𝑒 − 4, which was decayed twice every
epoch. We set the total number of epochs to 6 and used early
stopping to prevent overfitting. Additionally, we conducted
a grid-search strategy to find the optimal hyperparameters,
selecting the recommended parameters for comparison. We
varied the batch size from {2, 4, 8, 16, 32}, the number of seg-
ments from {6, 8, 12, 24, 28, 48, 56}, and the number of filters
in the temporal convolution module from {64, 128, 256, 512}.
The filter size was determined based on the frequency of the
dataset. Specifically, we set the filter size to 7 for daily data, 24
for hourly data, 16 for 30-minute data, 32 for 15-minute data,
and 48 for 10-minute data. Moreover, we adjusted the look-
back window 𝑇 to accommodate different lengths of the future
horizon ℎ, setting 𝑇 = 168 for ℎ ∈ {4, 12, 24} and 𝑇 = 336
for ℎ ∈ {48, 96}. It’s worth noting that for the ETT datasets,
we adopted the same look-back window settings as [56].
To reduce the impact of random initialization, we repeated
each experiment 5 times and reported the mean results. All
experiments were conducted on the PyTorch platform using
an Intel Core i7 − 6850K, 3.60-GHz CPU, 64-GB RAM and
a GeForce GTX 1080-Ti 11G GPU.

V. EXPERIMENTAL RESULTS

A. Compare with State-of-the-Arts

In this section, we compare MR-Transformer to several
state-of-the-art baselines, including multi-step and single-step
forecasting scenarios. For quantitative evaluation, we conduct
the Wilcoxon signed-rank test [47] to verify the significance
of differences between our proposed model and other models.
The Wilcoxon signed-rank test is a paired difference test,
and P-value < 0.05 indicates significant improvements over
the compared model. The comparison results on multi-step
forecasting datasets and single-step forecasting are shown in
Table II and Table III, respectively.

Multi-Step Forecasting Scenario As shown in Table II,
MR-Transformer achieves the best performance among all
methods. Note that among these datasets, ETT datasets are
used to verify the effectiveness of LTSF tasks. Compared
with RNN-based methods such as LSTMa and LSTnet, we
can observe that Transformer-based methods achieve better
results, which demonstrates that Transformer-based methods
are better at capturing long-term patterns, thus suffering lower
prediction errors. In this case, MR-Transformer also surpasses
other Transformer-based methods, especially the latest In-
former model. We credit it to the consideration of short-
term information. Specifically, MR-Transformer is statistically
better than all other methods with significant differences.

Single-Step Forecasting Scenario Besides the outstanding
performance on multi-step forecasting, MR-Transformer also
performs well and outperforms most of the other baselines,
except for a few cases.

We contribute these outstanding results to the following
reasons.

(i) MR-Transformer captures both long-term and short-term
temporal patterns and thus better modeling the time series. (ii)
Besides the variable-consistent features, MR-Transformer also
carefully considers the specific characteristics of each variable
and leverages a well-designed module to capture them. (iii)
MR-Transformer takes an adaptive way to automatically split
temporal segments, which is more flexible to adjust to different
short-term patterns in various time series.

We have conducted additional experiments to verify that
our techniques can be applied to advanced model like FED-
former [57] and Autoformer [52]. Detailed experimental anal-
ysis can be found in Section C of the Supplementary Material.

B. Ablation Studies

In order to investigate the contribution of each component
to the final prediction performance, we design four variants of
MR-Transformer, namely:
• w/o TC: MR-Transformer without the temporal convolu-

tion module that captures variable-specific features. We
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Fig. 4: Prediction results under the 𝑇 = 168, ℎ = 12 setting (Traffic).
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Fig. 5: Prediction results under the 𝑇 = 168, ℎ = 12 setting (Exchange-Rate).

removed the temporal convolution module and only kept
the variable-consistent module.

• w/o Long-term: MR-Transformer without capturing the
long-term information. We removed the long-term atten-
tion in LSA and only used the short-term attention.

• w/o Short-term: MR-Transformer without explicitly cap-
turing the short-term information. We removed the short-
term attention in LSA and only used the vanilla attention.

• w/o AdaSeg: MR-Transformer without the adaptive seg-
mentation. We replaced the adaptive segmentation with
static segmentation, which is fixed-length segmentation.

• w/o VariableAttn: MR-Transformer without the variable
attention mechanism in temporal convolution module. We
removed the variable attention layer and only kept the
convolution layer.

As shown in Table IV, we observe that the full model MR-
Transformer achieves significant improvements across all met-

TABLE IV: Ablation analysis of MR-Transformer on ETT
datasets.

Methods Metric ETTh1 ETTh2 ETTm1

168 336 48 168 24 48

Informer MSE 0.931 1.128 1.457 3.489 0.323 0.494
MAE 0.752 0.873 1.001 1.515 0.369 0.503

w/o TC MSE 0.865 0.975 0.806 2.329 0.196 0.243
MAE 0.719 0.759 0.707 1.187 0.323 0.368

w/o Long-term MSE 0.906 1.001 0.961 2.736 0.164 0.260
MAE 0.741 0.783 0.816 1.306 0.291 0.383

w/o Short-term MSE 0.871 0.981 1.298 2.963 0.183 0.243
MAE 0.722 0.773 0.886 1.346 0.314 0.343

w/o AdaSeg MSE 0.913 0.988 1.037 2.911 0.154 0.263
MAE 0.753 0.773 0.817 1.319 0.272 0.376

w/o VariableAttn MSE 0.763 0.970 0.514 2.259 0.126 0.242
MAE 0.669 0.748 0.593 1.284 0.256 0.337

MR-Transformer MSE 0.652 0.970 0.439 1.934 0.108 0.173
MAE 0.569 0.739 0.504 1.093 0.218 0.286

rics and datasets, which verifies the effectiveness of each com-
ponent. Specifically, the comparison with w/o TC indicates the
importance of variable-specific modeling for multivariate time-
series forecasting. Moreover, the results of w/o VariableAttn
demonstrate that capturing variable correlations is crucial for
enhancing the performance of the Variable-Specific Temporal
Convolution module. The comparison with w/o Long-term
demonstrates the inclusion of long-term attention improves
prediction performance and better captures temporal patterns.
The comparison with w/o Short-term shows the advantages
of leveraging the short-term attention implemented within
multiple segments of the sequence. Particularly for longer-term
predictions, the effectiveness of long-term attention becomes
more prominent. These results verify the benefits of our multi-
resolution modeling from a more comprehensive view, which
helps to learn complementary information and enhance time
series representations. Furthermore, we use a fixed-length
segment strategy instead of our adaptive segmentation in w/o
AdaSeg. The comparison results indicate the superiority of
automatically discovering short-term patterns in the adaptive
learning way.

In our detailed analysis of the different variants, we found
that short-term attention in LSA and adaptive segmentation
contributed more to the overall prediction performance, high-
lighting the importance of effectively capturing short-term
information in Transformer-based models. Additionally, we
observed that LSA is particularly effective for longer look-
back window sizes, as more information can be extracted
from the adaptive segmented subsequences. The introduction
of adaptive segmentation provided a self-adaptive approach
for generating segments based on dynamic information, using
learnable segment-level prototypical series, and this further
improved the model’s ability to flexibly discover dynamic
short-term patterns.
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Fig. 6: The segment visualizations on the datasets (a) ETTh1 (b) Traffic (c) Exchange-Rate (d) Yahoo. The black dotted lines
indicate the segment points.

C. Forecast Visualization

In this section, we provide a visualization of our model’s
prediction performance compared with other methods. Here
we randomly select the Traffic and Exchange-Rate datasets as
cases. The prediction results are as shown in Fig. 4 and Fig. 5.

As mentioned earlier, the Traffic dataset exhibits clear daily
and weekly periodicity patterns. The traffic occupancy patterns
differ significantly on weekdays and weekends, and traffic
conditions vary greatly at different times of the day. So it
is challenging to make accurate predictions.

Fig. 4 shows the occupancy rate evolution of different re-
gions, where the series of different regions share some similar
trends while each has its individual characteristics. We observe
that Transformer-based methods including MR-Transformer
and Informer are capable of distinguishing weekdays and
weekends patterns and thus make a more suitable prediction.
This suggests that compared to RNN-based models like LST-
Net, these methods can look further back and capture long-
term dependencies. Furthermore, compared to Informer, MR-
Transformer shows more accurate prediction performance,
especially in details such as some peaks and troughs. We
attribute this to MR-Transformer’s multi-resolution design,
which includes short-term and variable-specific modeling
modules, allowing for a more detailed modeling of the mul-
tivariate time series. The Exchange-Rate dataset lacks clear
periodicity due to its nature as economic data, resulting in
considerable uncertainty and making prediction extremely
challenging. Consequently, the local temporal dynamics are
more influential in determining future values of the time series
compared to trend and seasonal information. While Informer
is designed to capture long-range dependencies, its emphasis
on trend and seasonal patterns in the look-back window may
not be sufficient for modeling short-term information, making
it less suitable for such scenarios. Conversely, LSTNet’s RNN
architecture is better suited to capture nearby information.
Nevertheless, MR-Transformer’s explicit incorporation of a
short-term attention mechanism and a variable-specific module
enables it to achieve superior prediction performance, with
prediction curves that are closer to the ground truth than both
Informer and LSTNet. Overall, the strong performance of MR-
Transformer on both the Traffic and Exchange-Rate datasets
showcases its ability to handle different types of data and its
generalizability to a variety of real-world applications.

D. Segment Visualization

Our model’s adaptive segmentation enhances its predictive
ability by explicitly identifying different short-term patterns. In
this section, we investigate whether our adaptive segmentation
can effectively detect meaningful segment points. We present
visualizations of the segment points detected by our adaptive
segmentation mechanism on various datasets in Fig. 6.

As for the datasets with obvious periodicities, such as
ETTh1 and Traffic, shown in Fig. 6 (a) and (b) respectively,
the adaptive segmentation mechanism successfully identifies
each period, which helps to model the local fluctuations within
periods. On the other hand, for the aperiodic datasets such
as Exchange-Rate and Yahoo, shown in Fig. 6 (c) and (d),
we observe that the duration of local patterns varies greatly,
making segmentation decisions more challenging. This obser-
vation highlights the importance of performing segmentation
in an adaptive manner rather than using pre-defined or fixed
methods. In this case, our adaptive segmentation mechanism
successfully detects meaningful segment points. For instance,
in the exchange-rate series of China shown in Fig. 6 (c), which
exhibits irregular changes in the financial market, the adaptive
segmentation mechanism divides the time series into segments
based on trend patterns, including several troughs at the first
time (1-st and 2-nd segment), a generally stable period (3-
rd segment), and periodic rises and falls (6-th segment).
Similarly, despite Yahoo presents different irregular changes
and local patterns as shown in Fig. 6 (d), the adaptive seg-
mentation can identify each segment location based on overall
time-variant patterns like the rising process (1-st segment), the
decline process (4-th segment).

Currently, our segmentation strategy operates at the se-
quence level rather than the variable level, meaning that
the segmentation results are the same for all variables in a
sequence. However, our ultimate goal is to learn a global
segment-level representation of all variables, as different vari-
ables collected in a multivariate time series scenario are
typically correlated. We also plan to explore a more fine-
grained segmentation strategy for each variable in the future.

E. Hyper-parameter Analysis

In this section, we investigate the impact of the number
of segments 𝑁𝑠 in LSA and the number of output channels
𝑁𝐹 in the temporal convolution module on the prediction
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Fig. 7: Hyper-parameter study of the number of segments 𝑁𝑠 in the long short-term attention (LSA) and the number of output
channels 𝑁𝐹 in the temporal convolution module.

TABLE V: Statistical evaluation of univariate time series forecasting for our MR-Transformer and the other models.

MR-Transformer Informer Reformer LogTrans DeepAR LSTMa Prophet ARIMA

P-value - 1.7E-02 2.1E-05 3.7E-03 2.3E-03 1.7E-04 8.5E-03 8.5E-05
Average Rank 1.00 2.00 7.3 3.3 5.0 5.3 6.4 5.5

performance of our model. The parameter analysis has been
conducted on all datasets and shows similar conclusions. Due
to the space limitation, we present results in Fig. 7 for the
ETT and Solar-Energy datasets as examples.

Impact of the number of segments. We present the perfor-
mance of MR-Transformer under different segment numbers
in LSA, ranging from 6 to 56. In Fig. 7 (a) and (b), each line
represents the MAE value of the prediction performance for
a given prediction horizon ℎ and look-back window size 𝑇 ,
with the optimal value of 𝑁𝑠 (i.e., the number of segments)
tagged with the corresponding MAE value. We observe that
for longer successive sequences, i.e., larger look-back window
sizes 𝑇 , a larger 𝑁𝑠 tends to result in a lower prediction error.
This is because a larger number of segments can discover more
short-term patterns, which subsequently motivates fine-grained
learning within multiple segments.

Impact of the number of filters. We also investigate how
the choice of output channel 𝑁𝐹 in the temporal convolution
module affects the performance of MR-Transformer. The re-
sults are presented in Fig. 7(b). We observe that datasets with a
small number of variables tend to perform better with smaller
𝑁𝐹 values. Specifically, in the case of ETTh1 dataset with 7
variables, smaller 𝑁𝐹 leads to better performance. However, as
𝑁𝐹 continues to increase, the prediction performance begins
to degrade rapidly due to overfitting problem. On the other
hand, for the Solar-Energy dataset, which has a large number
of variables (137), larger 𝑁𝐹 tends to be more beneficial for
achieving better prediction performance.

F. Apply to Univariate Time Series

The proposed model is also suitable for univariate time
series forecasting scenarios, where the variable-specific mod-
ule processes only one variable. We conduct experiments on
various univariate time series datasets. For all the datasets,
we train each predictor five times with different random seeds
and report the average MAE. The detailed results are reported
in Section A of the Supplementary Material. As shown in
Table V, the results demonstrate that our MR-Transformer

outperforms other baselines significantly, confirming that the
multi-resolution modeling is effective and can be applied to
univariate time series forecasting.

VI. CONCLUSION

This paper proposes a novel Multi-Resolution Transformer
(MR-Transformer) model for MTS prediction, modeling mul-
tivariate time series from a comprehensive view. For the
variable resolution, to better learn the variable-consistent and
variable-specific features, we decouple the model into two
components: a long short-term Transformer module and a
temporal convolution module. For the temporal resolution, we
design the long short-term attention (LSA) to better extract
short-term patterns. Our extensive experiments show that the
proposed MR-Transformer significantly improves the state-of-
the-art results on various real-world datasets, including both
multivariate and univariate time series predictions. With fur-
ther analysis and empirical evidence, we show the model can
successfully capture different temporal patterns. The limitation
of our work is that it is currently unable to handle the data
with missing values, which will also be the direction of our
future improvement.

ACKNOWLEDGMENTS

We thank the anonymous reviewers for their helpful
feedbacks. The work described in this paper was par-
tially funded by the National Natural Science Founda-
tion of China (Grant Nos. 62272173, 61872148), the Nat-
ural Science Foundation of Guangdong Province (Grant-
Nos. 2022A1515010179, 2019A1515010768), the Science and
Technology Planning Project of Guangdong Province (Grant
No. 2023A0505050106).

REFERENCES

[1] Dzmitry Bahdanau, Kyunghyun Cho, and Yoshua Ben-
gio. “Neural Machine Translation by Jointly Learning to
Align and Translate”. In: 3rd International Conference
on Learning Representations, ICLR. 2015.



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021 13

[2] Lu Bai et al. “Entropic dynamic time warping kernels
for co-evolving financial time series analysis”. In: IEEE
Transactions on Neural Networks and Learning Systems
(2020).

[3] Shaojie Bai, J Zico Kolter, and Vladlen Koltun. “An em-
pirical evaluation of generic convolutional and recurrent
networks for sequence modeling”. In: arXiv preprint
arXiv:1803.01271 (2018).

[4] Anastasia Borovykh, Sander Bohte, and Cornelis W
Oosterlee. “Conditional time series forecasting with
convolutional neural networks”. In: arXiv preprint
arXiv:1703.04691 (2017).

[5] George E. P. Box, Gwilym M. Jenkins, and Gregory C.
Reinsel. “Time series analysis: Forecasting and con-
trol”. In: Journal of Time 14.2 (1994), pp. 238–242.

[6] Nicolas Carion et al. “End-to-end object detection with
transformers”. In: European Conference on Computer
Vision. Springer. 2020, pp. 213–229.

[7] Jerome Connor, Les E Atlas, and Douglas R Mar-
tin. “Recurrent networks and NARMA modeling”. In:
Advances in Neural Information Processing Systems,
NIPS. 1992, pp. 301–308.

[8] Marco Cuturi and Mathieu Blondel. “Soft-DTW: a
differentiable loss function for time-series”. In: Interna-
tional Conference on Machine Learning. PMLR. 2017,
pp. 894–903.

[9] Jinliang Deng et al. “St-norm: Spatial and temporal
normalization for multi-variate time series forecasting”.
In: Proceedings of the 27th ACM SIGKDD conference
on knowledge discovery & data mining. 2021, pp. 269–
278.

[10] Chenyou Fan et al. “Multi-horizon time series forecast-
ing with temporal attention learning”. In: Proceedings
of the 25th ACM SIGKDD International conference on
knowledge discovery & data mining. 2019, pp. 2527–
2535.

[11] Shoubo Feng et al. “Learning Both Dynamic-Shared
and Dynamic-Specific Patterns for Chaotic Time-Series
Prediction”. In: IEEE Transactions on Cybernetics
(2020).

[12] Liangzhe Han et al. “Dynamic and Multi-faceted
Spatio-temporal Deep Learning for Traffic Speed Fore-
casting”. In: Proceedings of the 27th ACM SIGKDD
Conference on Knowledge Discovery & Data Mining.
2021, pp. 547–555.

[13] Hui He et al. “CATN: Cross Attentive Tree-Aware
Network for Multivariate Time Series Forecasting”.
In: Proceedings of the AAAI Conference on Artificial
Intelligence. Vol. 36. 4. 2022, pp. 4030–4038.

[14] Keke Huang et al. “Metric Learning-Based Fault Diag-
nosis and Anomaly Detection for Industrial Data With
Intraclass Variance”. In: IEEE Transactions on Neural
Networks and Learning Systems (2022).

[15] Siteng Huang et al. “DSANet: Dual Self-Attention
Network for Multivariate Time Series Forecasting”. In:
Proceedings of the 28th ACM International Conference
on Information and Knowledge Management. 2019,
pp. 2129–2132.

[16] Rob J Hyndman and Anne B Koehler. “Another look
at measures of forecast accuracy”. In: International
Journal of Forecasting 22.4 (2006), pp. 679–688.

[17] Rudolph Emil Kalman. “A new approach to linear
filtering and predicted problems”. In: J Basic Eng 82
(1960).

[18] Diederik P Kingma and Jimmy Ba. “Adam: A method
for stochastic optimization”. In: 3rd International Con-
ference on Learning Representations, ICLR. 2015.

[19] Nikita Kitaev, Łukasz Kaiser, and Anselm Levskaya.
“Reformer: The Efficient Transformer”. In: 8th Interna-
tional Conference on Learning Representations, ICLR.
2020.

[20] Nikita Kitaev, Łukasz Kaiser, and Anselm Lev-
skaya. “Reformer: The efficient transformer”. In: arXiv
preprint arXiv:2001.04451 (2020).

[21] Guokun Lai et al. “Modeling long-and short-term tem-
poral patterns with deep neural networks”. In: The 41st
International ACM SIGIR Conference on Research &
Development in Information Retrieval. 2018, pp. 95–
104.

[22] Dongha Lee, Seonghyeon Lee, and Hwanjo Yu. “Learn-
able Dynamic Temporal Pooling for Time Series Classi-
fication”. In: Thirty-Fifth AAAI Conference on Artificial
Intelligence, AAAI. 2021.

[23] Shiyang Li et al. “Enhancing the locality and breaking
the memory bottleneck of transformer on time series
forecasting”. In: Advances in Neural Information Pro-
cessing Systems, NeurIPS. 2019, pp. 5243–5253.

[24] Yangfan Li et al. “Modeling temporal patterns with
dilated convolutions for time-series forecasting”. In:
ACM Transactions on Knowledge Discovery from Data
(TKDD) 16.1 (2021), pp. 1–22.

[25] Yuxuan Liang et al. “GeoMAN: Multi-level Attention
Networks for Geo-sensory Time Series Prediction”. In:
Proceedings of the Twenty-Seventh International Joint
Conference on Artificial Intelligence, IJCAI. Vol. 2018.
2018, pp. 3428–3434.

[26] Bryan Lim and Stefan Zohren. “Time-series forecast-
ing with deep learning: a survey”. In: Philosophical
Transactions of the Royal Society A 379.2194 (2021),
p. 20200209.

[27] Ze Liu et al. “Swin transformer: Hierarchical vision
transformer using shifted windows”. In: arXiv preprint
arXiv:2103.14030 (2021).

[28] Helmut Lütkepohl. New introduction to multiple time
series analysis. Springer Science & Business Media,
2005.

[29] Spyros Makridakis, Evangelos Spiliotis, and Vassilios
Assimakopoulos. “The M4 Competition: 100,000 time
series and 61 forecasting methods”. In: International
Journal of Forecasting 36.1 (2020), pp. 54–74.

[30] Spyros Makridakis et al. “The accuracy of extrapo-
lation (time series) methods: Results of a forecasting
competition”. In: Journal of Forecasting 1.2 (1982),
pp. 111–153.

[31] Joao FL de Oliveira, Eraylson G Silva, and Paulo SG
de Mattos Neto. “A hybrid system based on dynamic



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021 14

selection for time series forecasting”. In: IEEE Trans-
actions on Neural Networks and Learning Systems 33.8
(2021), pp. 3251–3263.

[32] Aaron van den Oord et al. “WaveNet: A Generative
Model for Raw Audio”. In: The 9th ISCA Speech
Synthesis Workshop. 2016, p. 125.

[33] Boris N Oreshkin et al. “FC-GAGA: Fully Connected
Gated Graph Architecture for Spatio-Temporal Traffic
Forecasting”. In: Thirty-Fifth AAAI Conference on Ar-
tificial Intelligence, AAAI. 2021, pp. 9233–9241.

[34] Boris N Oreshkin et al. “N-BEATS: Neural basis expan-
sion analysis for interpretable time series forecasting”.
In: 8th International Conference on Learning Represen-
tations, ICLR. 2019.

[35] Yao Qin et al. “A Dual-Stage Attention-Based Re-
current Neural Network for Time Series Prediction”.
In: Proceedings of the Twenty-Seventh International
Joint Conference on Artificial Intelligence, IJCAI. 2017,
pp. 2627–2633.

[36] Lei Ren et al. “A data-driven self-supervised LSTM-
DeepFM model for industrial soft sensor”. In: IEEE
Transactions on Industrial Informatics 18.9 (2021),
pp. 5859–5869.

[37] Lei Ren et al. “MCTAN: A novel multichannel temporal
attention-based network for industrial health indicator
prediction”. In: IEEE Transactions on Neural Networks
and Learning Systems (2022).

[38] Hiroaki Sakoe and Seibi Chiba. “Dynamic program-
ming algorithm optimization for spoken word recogni-
tion”. In: IEEE Transactions on Acoustics, Speech, and
Signal Processing 26.1 (1978), pp. 43–49.

[39] David Salinas et al. “DeepAR: Probabilistic forecasting
with autoregressive recurrent networks”. In: Interna-
tional Journal of Forecasting 36.3 (2020), pp. 1181–
1191.

[40] Rajat Sen, Hsiang-Fu Yu, and Inderjit Dhillon. “Think
Globally, Act Locally: A Deep Neural Network Ap-
proach to High-Dimensional Time Series Forecasting”.
In: Advances in Neural Information Processing Systems,
NeurIPS. 2019.

[41] Xingjian Shi et al. “Convolutional LSTM Network: A
Machine Learning Approach for Precipitation Nowcast-
ing”. In: Advances in Neural Information Processing
Systems, NIPS. 2015.

[42] Shun-Yao Shih, Fan-Keng Sun, and Hung-yi Lee. “Tem-
poral pattern attention for multivariate time series fore-
casting”. In: Machine Learning 108.8 (2019), pp. 1421–
1441.

[43] Huan Song et al. “Attend and Diagnose: Clinical Time
Series Analysis using Attention Models”. In: Proceed-
ings of the Thirty-Second AAAI Conference on Artificial
Intelligence, AAAI. 2018.

[44] Dat Thanh Tran et al. “Temporal attention-augmented
bilinear network for financial time-series data analysis”.
In: IEEE Transactions on Neural Networks and Learn-
ing Systems 30.5 (2018), pp. 1407–1418.

[45] Ashish Vaswani et al. “Attention is all you need”.
In: Advances in neural information processing systems,
NIPS. 2017, pp. 5998–6008.

[46] Heyuan Wang et al. “Hierarchical Adaptive Temporal-
Relational Modeling for Stock Trend Prediction”. In:
Proceedings of the Twenty-Seventh International Joint
Conference on Artificial Intelligence, IJCAI. 2021.

[47] Frank Wilcoxon. “Individual comparisons by ranking
methods”. In: Breakthroughs in Statistics. Springer,
1992, pp. 196–202.

[48] Neo Wu et al. “Deep transformer models for time series
forecasting: The influenza prevalence case”. In: arXiv
preprint arXiv:2001.08317 (2020).

[49] Sifan Wu et al. “Adversarial Sparse Transformer for
Time Series Forecasting”. In: Advances in Neural In-
formation Processing Systems, NeurIPS. 2020.

[50] Zonghan Wu et al. “A comprehensive survey on graph
neural networks”. In: IEEE transactions on neural net-
works and learning systems 32.1 (2020), pp. 4–24.

[51] Zonghan Wu et al. “Connecting the dots: Multivariate
time series forecasting with graph neural networks”. In:
Proceedings of the 26th ACM SIGKDD international
conference on knowledge discovery & data mining.
2020, pp. 753–763.

[52] Jiehui Xu, Jianmin Wang, Mingsheng Long, et al.
“Autoformer: Decomposition transformers with auto-
correlation for long-term series forecasting”. In: Ad-
vances in Neural Information Processing Systems. 2021.

[53] Zhangjing Yang et al. “Adaptive temporal-frequency
network for time-series forecasting”. In: IEEE Transac-
tions on Knowledge and Data Engineering 34.4 (2020),
pp. 1576–1587.

[54] Hsiang-Fu Yu, Nikhil Rao, and Inderjit S Dhillon.
“Temporal regularized matrix factorization for high-
dimensional time series prediction”. In: Advances in
neural information processing systems, NIPS. 2016,
pp. 847–855.

[55] Fan Zhou et al. “Forecasting the Evolution of Hy-
dropower Generation”. In: Proceedings of the 26th
ACM SIGKDD International Conference on Knowledge
Discovery & Data Mining. 2020, pp. 2861–2870.

[56] Haoyi Zhou et al. “Informer: Beyond efficient trans-
former for long sequence time-series forecasting”. In:
Thirty-Fifth AAAI Conference on Artificial Intelligence,
AAAI. 2021.

[57] Tian Zhou et al. “Fedformer: Frequency enhanced de-
composed transformer for long-term series forecasting”.
In: International Conference on Machine Learning.
PMLR. 2022, pp. 27268–27286.


