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ABSTRACT
Multivariate time series forecasting has been drawing increasing
attention due to its prevalent applications. It has been commonly
assumed that leveraging latent dependencies between pairs of vari-
ables can enhance prediction accuracy. However, most existing
methods suffer from static variable relevance modeling and igno-
rance of correlation between temporal scales, thereby failing to
fully retain the dynamic and periodic interdependencies among
variables, which are vital for long- and short-term forecasting. In
this paper, we propose METRO, a generic framework with multi-
scale temporal graphs neural networks, which models the dynamic
and cross-scale variable correlations simultaneously. By represent-
ing the multivariate time series as a series of temporal graphs,
both intra- and inter-step correlations can be well preserved via
message-passing and node embedding update. To enable informa-
tion propagation across temporal scales, we design a novel sampling
strategy to align specific steps between higher and lower scales and
fuse the cross-scale information efficiently. Moreover, we provide a
modular interpretation of existing GNN-based time series forecast-
ing works as specific instances under our framework. Extensive
experiments conducted on four benchmark datasets demonstrate
the effectiveness and efficiency of our approach. METRO has been
successfully deployed onto the time series analytics platform of
Huawei Cloud, where a one-month online test demonstrated that
up to 20% relative improvement over state-of-the-art models w.r.t.
RSE can be achieved.
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1 INTRODUCTION
Multivariate time series (MTS) forecasting has greatly shaped our
modern societies in tremendous scenarios ranging from stock mar-
kets, traffic flows to urban electricity consumption, and so forth,
where people are interested in learning the dynamic tendencies or
making predictive maintenance.

Traditionally, statistical methods, e.g., autoregressive integrated
moving average (ARIMA) [1], vector autoregression (VAR), Gauss-
ian process models (GP) [7, 35] and their variants [2], are used
in time series forecasting. Recently, advanced machine learning
methods significantly improved the accuracy of prediction by their
flexibility in modeling nonlinear patterns [15, 34, 45]. Even more
recently, to capture the interdependencies and dynamic trends over
a group of variables, Graph Neural Networks (GNNs) have become
increasingly popular in MTS forecasting where the variables are
taken as nodes and interactions of variables can be modeled by
edges [11, 22, 42]. It has also been proven that even for tasks where
explicit graph structures do not naturally exist, there can be signifi-
cant improvements when the hidden graph structures are extracted
[42].

Despite the advance of GNNs in exploring potential interde-
pendencies of variables, most existing works assume the graph
structure of MTS to be static [29]. However, as depicted in Figure
1, the interdependencies between variables can be temporally dy-
namic. State-of-the-art MTS forecasting models MTGNN [42] and
TEGNN [46] learn/compute adjacency matrices of graphs from the
whole input time series and hold them for subsequent temporal
modeling. ASTGCN [11], which is proposed for a more specialized
task, i.e., traffic prediction, where connections between nodes are
known in advance, considers adaptive adjacency matrix (attention
value) but on a relatively large scale that only changes with regard
to input series sample. In a similar problem setting, STDN [47]
proposes a flow gating mechanism to learn dynamic similarity by
time step, but the approach can only be applied on consecutive, and
grid partitioned regional maps.

In real-world scenarios, time series can be expressed in multi-
ple scales, e.g., daily, weekly, and monthly. Generally, mainstream
models dealing with multi-scale patterns in two ways. One group
of works, e.g, [52], treat time stamps of MTS as side-information
and combine the embedded timestamps with MTS’s embedding
through operations such as summation. Another line of works, e.g.,
[42, 46], first adopt filters with different kernel sizes to the MTS
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and then sum or concatenate the multi-scale features to get final
predictions. Though to a certain degree, above mentioned mod-
els can incorporate information across different scales, they suffer
from a common problem that the methods are essentially simple
linear-weight transformation and thus the relation between pairs
of scales are ignored. However, interacted scale features can have
a much stronger influence than independent ones. For example,
suppose one wants to know the flow of a metro station at 6 pm on
July 15th, 2021 (a Thursday). The scales of time-related features are
[hour: 6 pm, day: 15th, week: Thursday, month: July, year: 2021]. In-
tuitively, when making such predictions one will primarily consider
the features 6 pm AND Thursday jointly as they imply a rush
hour on weekdays. In other words, single-scale features and fea-
tures of monthly or yearly scales are less relevant to this prediction
task.

To address the problems of 1) the dependencies between vari-
ables are dynamic and 2) temporal patterns inMTS occur inmultiple
scales, we propose a generic, end-to-end framework:Multi-scalE
Temporal gRaph neural netwOrks (METRO). It has four key com-
ponents, a temporal graph embedding (TGE) unit, which obtains
node (variable) embeddings under multiple time scales, a single-
scale graph update (SGU) unit, which dynamically leverages graph
structures of nodes in each single scale and propagates information
from a node’s intra- and inter-step neighbors, a cross-scale graph
fusion (CGF) kernel, which walks along the time axis and fuses
features across scales, and a predictor, which serves as a decoder
that decodes node embeddings and gives final predictions. Overall,
our contributions can be briefly summarized as follows:
• We propose METRO, a generic multi-scale temporal graph
neural network framework that leverages both dynamic and
cross-scale variable correlations for MTS forecasting and
show that previous GNN-based MTS forecasting models can
be interpreted as specific instances of our framework.
• To achieve effectiveness and maintain efficiency, a light-
weight implementation of the framework is presented based
on the attention mechanism.
• We show the effectiveness of the proposed framework through
extensive experiments on four benchmark MTS datasets.
Comprehensive ablation studies comparing different instances
of our framework are conducted to verify the effectiveness
of each key component.
• A one-month online prediction test in production environ-
ment showed that METRO brought up to 20 % relative im-
provements over state-of-the-art models w.r.t root square
error (RSE).

2 PRELIMINARIES
Multivariate Time Series Forecasting: A multivariate time se-
ries (MTS) can be represented as X = {X (1),X (2), ...,X (t)}, where
X (i) = [xi,1, ..,xi,n ] ∈ Rn×m , i ∈ [1, ..., t], is the observed multi-
variate variable at time step i , and xi,k ∈ Rm , k ∈ [1, ...,n], is the
representation value of the kth variable at time step i , which is of
dimensionm. The goal of multivariate time series forecasting is
to predict the representation value of the multivariate variable ∆
steps ahead, i.e., Ŷ (t +∆) = X (t +∆) = [xt+∆,1, ..,xt+∆,n ], using its
historical sequence of window sizew , i.e., {X (t −w + 1), ...,X (t)}.

Node (variable)
Intra-step edge
Inter-step edge
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Figure 1: An example of MTS represented in temporal
graphs. The variables are taken as nodes and the interaction
between variables are taken as edges. The relation between
nodes are temporally dynamic.
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Gs1(t1)<latexit sha1_base64="vxWEZ1JLdroHEz8yOAih+LWsr/0=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoMQL2FHBD0GPegxgnlAsiyzk0kyZPbBTK8QlvyGFw+KePVnvPk3TpI9aGJBQ1HVTXdXkChp0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVXDR5rGLdCZgRSkaiiRKV6CRasDBQoh2Mb2d++0loI+PoESeJ8EI2jORAcoZW6t35mfHptIo+PffLFbfmzkFWCc1JBXI0/PJXrx/zNBQRcsWM6VI3QS9jGiVXYlrqpUYkjI/ZUHQtjVgojJfNb56SM6v0ySDWtiIkc/X3RMZCYyZhYDtDhiOz7M3E/7xuioNrL5NRkqKI+GLRIFUEYzILgPSlFhzVxBLGtbS3Ej5imnG0MZVsCHT55VXSuqhRt0YfLiv1mzyOIpzAKVSBwhXU4R4a0AQOCTzDK7w5qfPivDsfi9aCk88cwx84nz/fnZDo</latexit><latexit sha1_base64="JCFBGF9N/ONJDrvcWRZLQO/IS1k=">AAACGHicjVC7SgNBFL3rM8ZX1NJmMQixCTsiaBm00FLBPCBZltnJJBkyO7vM3BXCkt+wsPFXbERs0/k3TpItNLHwwMDhnHO5c0+YSGHQ876cldW19Y3NwlZxe2d3b790cNgwcaoZr7NYxroVUsOlULyOAiVvJZrTKJS8GQ5vpn7ziWsjYvWIo4T7Ee0r0ROMopU6t0FmAjKuYEDOglLZq3ozuMuE5KQMOf4XD0qTTjdmacQVMkmNaRMvQT+jGgWTfFzspIYnlA1pn7ctVTTixs9mh43dU6t03V6s7VPoztSfExmNjBlFoU1GFAdm0ZuKf3ntFHtXfiZUkiJXbL6ol0oXY3faktsVmjOUI0so08L+1WUDqilD22XRnk4WD10mjfMq8ark4aJcu847K8AxnEAFCFxCDe7gHurAIIFneIV358V5cz6cz3l0xclnjuAXnMk3yTaYYQ==</latexit><latexit sha1_base64="JCFBGF9N/ONJDrvcWRZLQO/IS1k=">AAACGHicjVC7SgNBFL3rM8ZX1NJmMQixCTsiaBm00FLBPCBZltnJJBkyO7vM3BXCkt+wsPFXbERs0/k3TpItNLHwwMDhnHO5c0+YSGHQ876cldW19Y3NwlZxe2d3b790cNgwcaoZr7NYxroVUsOlULyOAiVvJZrTKJS8GQ5vpn7ziWsjYvWIo4T7Ee0r0ROMopU6t0FmAjKuYEDOglLZq3ozuMuE5KQMOf4XD0qTTjdmacQVMkmNaRMvQT+jGgWTfFzspIYnlA1pn7ctVTTixs9mh43dU6t03V6s7VPoztSfExmNjBlFoU1GFAdm0ZuKf3ntFHtXfiZUkiJXbL6ol0oXY3faktsVmjOUI0so08L+1WUDqilD22XRnk4WD10mjfMq8ark4aJcu847K8AxnEAFCFxCDe7gHurAIIFneIV358V5cz6cz3l0xclnjuAXnMk3yTaYYQ==</latexit><latexit sha1_base64="JCFBGF9N/ONJDrvcWRZLQO/IS1k=">AAACGHicjVC7SgNBFL3rM8ZX1NJmMQixCTsiaBm00FLBPCBZltnJJBkyO7vM3BXCkt+wsPFXbERs0/k3TpItNLHwwMDhnHO5c0+YSGHQ876cldW19Y3NwlZxe2d3b790cNgwcaoZr7NYxroVUsOlULyOAiVvJZrTKJS8GQ5vpn7ziWsjYvWIo4T7Ee0r0ROMopU6t0FmAjKuYEDOglLZq3ozuMuE5KQMOf4XD0qTTjdmacQVMkmNaRMvQT+jGgWTfFzspIYnlA1pn7ctVTTixs9mh43dU6t03V6s7VPoztSfExmNjBlFoU1GFAdm0ZuKf3ntFHtXfiZUkiJXbL6ol0oXY3faktsVmjOUI0so08L+1WUDqilD22XRnk4WD10mjfMq8ark4aJcu847K8AxnEAFCFxCDe7gHurAIIFneIV358V5cz6cz3l0xclnjuAXnMk3yTaYYQ==</latexit>

Gs1(t3)<latexit sha1_base64="xgDLbjOaEctlY1MpTNJnCycdRm4=">AAAB83icbVBNS8NAEJ34WetX1aOXxSLUS0lU0GPRgx4r2A9oQ9hst+3SzSbsToQS+je8eFDEq3/Gm//GbZuDtj4YeLw3w8y8MJHCoOt+Oyura+sbm4Wt4vbO7t5+6eCwaeJUM95gsYx1O6SGS6F4AwVK3k40p1EoeSsc3U791hPXRsTqEccJ9yM6UKIvGEUrde+CzATepILBxVlQKrtVdwayTLyclCFHPSh9dXsxSyOukElqTMdzE/QzqlEwySfFbmp4QtmIDnjHUkUjbvxsdvOEnFqlR/qxtqWQzNTfExmNjBlHoe2MKA7NojcV//M6Kfav/UyoJEWu2HxRP5UEYzINgPSE5gzl2BLKtLC3EjakmjK0MRVtCN7iy8ukeV713Kr3cFmu3eRxFOAYTqACHlxBDe6hDg1gkMAzvMKbkzovzrvzMW9dcfKZI/gD5/MH4qeQ6g==</latexit><latexit sha1_base64="bs5zhoo9k6obRVsFRvOSbfIYRfI=">AAACGHicjVC7SgNBFL0bXzG+opY2g0GITdhVQcughZYK5gHJssxOZpMhsw9m7gphyW9Y2PgrNiK26fwbJ8kWmlh4YOBwzrncucdPpNBo219WYWV1bX2juFna2t7Z3SvvHzR1nCrGGyyWsWr7VHMpIt5AgZK3E8Vp6Eve8oc3U7/1xJUWcfSIo4S7Ie1HIhCMopG6t16mPWdcRe/81CtX7Jo9A1kmTk4qkON/ca886fZiloY8Qiap1h3HTtDNqELBJB+XuqnmCWVD2ucdQyMacu1ms8PG5MQoPRLEyrwIyUz9OZHRUOtR6JtkSHGgF72p+JfXSTG4cjMRJSnyiM0XBakkGJNpS6QnFGcoR4ZQpoT5K2EDqihD02XJnO4sHrpMmmc1x645DxeV+nXeWRGO4Biq4MAl1OEO7qEBDBJ4hld4t16sN+vD+pxHC1Y+cwi/YE2+AcyKmGM=</latexit><latexit sha1_base64="bs5zhoo9k6obRVsFRvOSbfIYRfI=">AAACGHicjVC7SgNBFL0bXzG+opY2g0GITdhVQcughZYK5gHJssxOZpMhsw9m7gphyW9Y2PgrNiK26fwbJ8kWmlh4YOBwzrncucdPpNBo219WYWV1bX2juFna2t7Z3SvvHzR1nCrGGyyWsWr7VHMpIt5AgZK3E8Vp6Eve8oc3U7/1xJUWcfSIo4S7Ie1HIhCMopG6t16mPWdcRe/81CtX7Jo9A1kmTk4qkON/ca886fZiloY8Qiap1h3HTtDNqELBJB+XuqnmCWVD2ucdQyMacu1ms8PG5MQoPRLEyrwIyUz9OZHRUOtR6JtkSHGgF72p+JfXSTG4cjMRJSnyiM0XBakkGJNpS6QnFGcoR4ZQpoT5K2EDqihD02XJnO4sHrpMmmc1x645DxeV+nXeWRGO4Biq4MAl1OEO7qEBDBJ4hld4t16sN+vD+pxHC1Y+cwi/YE2+AcyKmGM=</latexit><latexit sha1_base64="bs5zhoo9k6obRVsFRvOSbfIYRfI=">AAACGHicjVC7SgNBFL0bXzG+opY2g0GITdhVQcughZYK5gHJssxOZpMhsw9m7gphyW9Y2PgrNiK26fwbJ8kWmlh4YOBwzrncucdPpNBo219WYWV1bX2juFna2t7Z3SvvHzR1nCrGGyyWsWr7VHMpIt5AgZK3E8Vp6Eve8oc3U7/1xJUWcfSIo4S7Ie1HIhCMopG6t16mPWdcRe/81CtX7Jo9A1kmTk4qkON/ca886fZiloY8Qiap1h3HTtDNqELBJB+XuqnmCWVD2ucdQyMacu1ms8PG5MQoPRLEyrwIyUz9OZHRUOtR6JtkSHGgF72p+JfXSTG4cjMRJSnyiM0XBakkGJNpS6QnFGcoR4ZQpoT5K2EDqihD02XJnO4sHrpMmmc1x645DxeV+nXeWRGO4Biq4MAl1OEO7qEBDBJ4hld4t16sN+vD+pxHC1Y+cwi/YE2+AcyKmGM=</latexit>

Gs1(t4)<latexit sha1_base64="STuaeeTyaxJxDPQLcEcKeyUNRwU=">AAAB83icbVBNS8NAEJ34WetX1aOXxSLUS0mkoMeiBz1WsB/QhrDZbtulm03YnQgl9G948aCIV/+MN/+N2zYHbX0w8Hhvhpl5YSKFQdf9dtbWNza3tgs7xd29/YPD0tFxy8SpZrzJYhnrTkgNl0LxJgqUvJNoTqNQ8nY4vp357SeujYjVI04S7kd0qMRAMIpW6t0FmQm8aQWD2kVQKrtVdw6ySryclCFHIyh99foxSyOukElqTNdzE/QzqlEwyafFXmp4QtmYDnnXUkUjbvxsfvOUnFulTwaxtqWQzNXfExmNjJlEoe2MKI7MsjcT//O6KQ6u/UyoJEWu2GLRIJUEYzILgPSF5gzlxBLKtLC3EjaimjK0MRVtCN7yy6ukdVn13Kr3UCvXb/I4CnAKZ1ABD66gDvfQgCYwSOAZXuHNSZ0X5935WLSuOfnMCfyB8/kD5CyQ6w==</latexit><latexit sha1_base64="JqkzchMt7ymIygsdY1fd4DRr5nQ=">AAACGHicjVC7SgNBFL0bXzG+opY2g0GITdiVgJZBCy0VzAOSZZmdzCZDZh/M3BXCkt+wsPFXbERs0/k3TpItNLHwwMDhnHO5c4+fSKHRtr+swtr6xuZWcbu0s7u3f1A+PGrpOFWMN1ksY9XxqeZSRLyJAiXvJIrT0Je87Y9uZn77iSst4ugRxwl3QzqIRCAYRSP1br1Me86kil793CtX7Jo9B1klTk4qkON/ca887fVjloY8Qiap1l3HTtDNqELBJJ+UeqnmCWUjOuBdQyMacu1m88Mm5MwofRLEyrwIyVz9OZHRUOtx6JtkSHGol72Z+JfXTTG4cjMRJSnyiC0WBakkGJNZS6QvFGcox4ZQpoT5K2FDqihD02XJnO4sH7pKWhc1x645D/VK4zrvrAgncApVcOASGnAH99AEBgk8wyu8Wy/Wm/VhfS6iBSufOYZfsKbfzjSYZA==</latexit><latexit sha1_base64="JqkzchMt7ymIygsdY1fd4DRr5nQ=">AAACGHicjVC7SgNBFL0bXzG+opY2g0GITdiVgJZBCy0VzAOSZZmdzCZDZh/M3BXCkt+wsPFXbERs0/k3TpItNLHwwMDhnHO5c4+fSKHRtr+swtr6xuZWcbu0s7u3f1A+PGrpOFWMN1ksY9XxqeZSRLyJAiXvJIrT0Je87Y9uZn77iSst4ugRxwl3QzqIRCAYRSP1br1Me86kil793CtX7Jo9B1klTk4qkON/ca887fVjloY8Qiap1l3HTtDNqELBJJ+UeqnmCWUjOuBdQyMacu1m88Mm5MwofRLEyrwIyVz9OZHRUOtx6JtkSHGol72Z+JfXTTG4cjMRJSnyiC0WBakkGJNZS6QvFGcox4ZQpoT5K2FDqihD02XJnO4sH7pKWhc1x645D/VK4zrvrAgncApVcOASGnAH99AEBgk8wyu8Wy/Wm/VhfS6iBSufOYZfsKbfzjSYZA==</latexit><latexit sha1_base64="JqkzchMt7ymIygsdY1fd4DRr5nQ=">AAACGHicjVC7SgNBFL0bXzG+opY2g0GITdiVgJZBCy0VzAOSZZmdzCZDZh/M3BXCkt+wsPFXbERs0/k3TpItNLHwwMDhnHO5c4+fSKHRtr+swtr6xuZWcbu0s7u3f1A+PGrpOFWMN1ksY9XxqeZSRLyJAiXvJIrT0Je87Y9uZn77iSst4ugRxwl3QzqIRCAYRSP1br1Me86kil793CtX7Jo9B1klTk4qkON/ca887fVjloY8Qiap1l3HTtDNqELBJJ+UeqnmCWUjOuBdQyMacu1m88Mm5MwofRLEyrwIyVz9OZHRUOtx6JtkSHGol72Z+JfXTTG4cjMRJSnyiC0WBakkGJNZS6QvFGcox4ZQpoT5K2FDqihD02XJnO4sH7pKWhc1x645D/VK4zrvrAgncApVcOASGnAH99AEBgk8wyu8Wy/Wm/VhfS6iBSufOYZfsKbfzjSYZA==</latexit>
Gs2(t3)<latexit sha1_base64="+lz0fuj6uuIoxQDPYkCdBK7M7FY=">AAAB83icbVBNS8NAEJ3Ur1q/qh69BItQLyWpgh6LHvRYwX5AG8Jmu2mXbjZhdyKU0L/hxYMiXv0z3vw3btsctPXBwOO9GWbmBYngGh3n2yqsrW9sbhW3Szu7e/sH5cOjto5TRVmLxiJW3YBoJrhkLeQoWDdRjESBYJ1gfDvzO09MaR7LR5wkzIvIUPKQU4JG6t/5mfbr0yr6F+d+ueLUnDnsVeLmpAI5mn75qz+IaRoxiVQQrXuuk6CXEYWcCjYt9VPNEkLHZMh6hkoSMe1l85un9plRBnYYK1MS7bn6eyIjkdaTKDCdEcGRXvZm4n9eL8Xw2su4TFJkki4WhamwMbZnAdgDrhhFMTGEUMXNrTYdEUUomphKJgR3+eVV0q7XXKfmPlxWGjd5HEU4gVOoggtX0IB7aEILKCTwDK/wZqXWi/VufSxaC1Y+cwx/YH3+AOQxkOs=</latexit><latexit sha1_base64="hRRGlG/2eXCfJNWbdlXTtE2BjBs=">AAACGHicjVC7SgNBFL0bXzG+opY2g0GITdiNgpZBCy0VzAOSZZmdzCZDZh/M3BXCkt+wsPFXbERs0/k3TpIt1Fh4YOBwzrncucdPpNBo259WYWV1bX2juFna2t7Z3SvvH7R0nCrGmyyWser4VHMpIt5EgZJ3EsVp6Eve9kfXM7/9yJUWcfSA44S7IR1EIhCMopF6N16mvfqkit7ZqVeu2DV7DrJMnJxUIMf/4l552uvHLA15hExSrbuOnaCbUYWCST4p9VLNE8pGdMC7hkY05NrN5odNyIlR+iSIlXkRkrn6fSKjodbj0DfJkOJQ//Zm4l9eN8Xg0s1ElKTII7ZYFKSSYExmLZG+UJyhHBtCmRLmr4QNqaIMTZclc7rz+9Bl0qrXHLvm3J9XGld5Z0U4gmOoggMX0IBbuIMmMEjgCV7gzXq2Xq1362MRLVj5zCH8gDX9As45mGQ=</latexit><latexit sha1_base64="hRRGlG/2eXCfJNWbdlXTtE2BjBs=">AAACGHicjVC7SgNBFL0bXzG+opY2g0GITdiNgpZBCy0VzAOSZZmdzCZDZh/M3BXCkt+wsPFXbERs0/k3TpIt1Fh4YOBwzrncucdPpNBo259WYWV1bX2juFna2t7Z3SvvH7R0nCrGmyyWser4VHMpIt5EgZJ3EsVp6Eve9kfXM7/9yJUWcfSA44S7IR1EIhCMopF6N16mvfqkit7ZqVeu2DV7DrJMnJxUIMf/4l552uvHLA15hExSrbuOnaCbUYWCST4p9VLNE8pGdMC7hkY05NrN5odNyIlR+iSIlXkRkrn6fSKjodbj0DfJkOJQ//Zm4l9eN8Xg0s1ElKTII7ZYFKSSYExmLZG+UJyhHBtCmRLmr4QNqaIMTZclc7rz+9Bl0qrXHLvm3J9XGld5Z0U4gmOoggMX0IBbuIMmMEjgCV7gzXq2Xq1362MRLVj5zCH8gDX9As45mGQ=</latexit><latexit sha1_base64="hRRGlG/2eXCfJNWbdlXTtE2BjBs=">AAACGHicjVC7SgNBFL0bXzG+opY2g0GITdiNgpZBCy0VzAOSZZmdzCZDZh/M3BXCkt+wsPFXbERs0/k3TpIt1Fh4YOBwzrncucdPpNBo259WYWV1bX2juFna2t7Z3SvvH7R0nCrGmyyWser4VHMpIt5EgZJ3EsVp6Eve9kfXM7/9yJUWcfSA44S7IR1EIhCMopF6N16mvfqkit7ZqVeu2DV7DrJMnJxUIMf/4l552uvHLA15hExSrbuOnaCbUYWCST4p9VLNE8pGdMC7hkY05NrN5odNyIlR+iSIlXkRkrn6fSKjodbj0DfJkOJQ//Zm4l9eN8Xg0s1ElKTII7ZYFKSSYExmLZG+UJyhHBtCmRLmr4QNqaIMTZclc7rz+9Bl0qrXHLvm3J9XGld5Z0U4gmOoggMX0IBbuIMmMEjgCV7gzXq2Xq1362MRLVj5zCH8gDX9As45mGQ=</latexit>

Gs2(t2)<latexit sha1_base64="k7qVxCCCaD1qZ+xOBTZHwAT0u8o=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahXkpSBD0WPeixgq2FNoTNdtsu3WzC7kQooX/DiwdFvPpnvPlv3LY5aOuDgcd7M8zMCxMpDLrut1NYW9/Y3Cpul3Z29/YPyodHbROnmvEWi2WsOyE1XArFWyhQ8k6iOY1CyR/D8c3Mf3zi2ohYPeAk4X5Eh0oMBKNopd5tkJmgPq1iUD8PyhW35s5BVomXkwrkaAblr14/ZmnEFTJJjel6boJ+RjUKJvm01EsNTygb0yHvWqpoxI2fzW+ekjOr9Mkg1rYUkrn6eyKjkTGTKLSdEcWRWfZm4n9eN8XBlZ8JlaTIFVssGqSSYExmAZC+0JyhnFhCmRb2VsJGVFOGNqaSDcFbfnmVtOs1z6159xeVxnUeRxFO4BSq4MElNOAOmtACBgk8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/4qyQ6g==</latexit><latexit sha1_base64="QSrGAkTXZh3Lb4hmO9OWJwlgJB4=">AAACGHicjVC7SgNBFL0bXzG+opY2g0GITdgNgpZBCy0VzAOSZZmdzCZDZh/M3BXCkt+wsPFXbERs0/k3TpItNLHwwMDhnHO5c4+fSKHRtr+swtr6xuZWcbu0s7u3f1A+PGrpOFWMN1ksY9XxqeZSRLyJAiXvJIrT0Je87Y9uZn77iSst4ugRxwl3QzqIRCAYRSP1br1Me/VJFb36uVeu2DV7DrJKnJxUIMf/4l552uvHLA15hExSrbuOnaCbUYWCST4p9VLNE8pGdMC7hkY05NrN5odNyJlR+iSIlXkRkrn6cyKjodbj0DfJkOJQL3sz8S+vm2Jw5WYiSlLkEVssClJJMCazlkhfKM5Qjg2hTAnzV8KGVFGGpsuSOd1ZPnSVtOo1x645DxeVxnXeWRFO4BSq4MAlNOAO7qEJDBJ4hld4t16sN+vD+lxEC1Y+cwy/YE2/AcyPmGM=</latexit><latexit sha1_base64="QSrGAkTXZh3Lb4hmO9OWJwlgJB4=">AAACGHicjVC7SgNBFL0bXzG+opY2g0GITdgNgpZBCy0VzAOSZZmdzCZDZh/M3BXCkt+wsPFXbERs0/k3TpItNLHwwMDhnHO5c4+fSKHRtr+swtr6xuZWcbu0s7u3f1A+PGrpOFWMN1ksY9XxqeZSRLyJAiXvJIrT0Je87Y9uZn77iSst4ugRxwl3QzqIRCAYRSP1br1Me/VJFb36uVeu2DV7DrJKnJxUIMf/4l552uvHLA15hExSrbuOnaCbUYWCST4p9VLNE8pGdMC7hkY05NrN5odNyJlR+iSIlXkRkrn6cyKjodbj0DfJkOJQL3sz8S+vm2Jw5WYiSlLkEVssClJJMCazlkhfKM5Qjg2hTAnzV8KGVFGGpsuSOd1ZPnSVtOo1x645DxeVxnXeWRFO4BSq4MAlNOAO7qEJDBJ4hld4t16sN+vD+lxEC1Y+cwy/YE2/AcyPmGM=</latexit><latexit sha1_base64="QSrGAkTXZh3Lb4hmO9OWJwlgJB4=">AAACGHicjVC7SgNBFL0bXzG+opY2g0GITdgNgpZBCy0VzAOSZZmdzCZDZh/M3BXCkt+wsPFXbERs0/k3TpItNLHwwMDhnHO5c4+fSKHRtr+swtr6xuZWcbu0s7u3f1A+PGrpOFWMN1ksY9XxqeZSRLyJAiXvJIrT0Je87Y9uZn77iSst4ugRxwl3QzqIRCAYRSP1br1Me/VJFb36uVeu2DV7DrJKnJxUIMf/4l552uvHLA15hExSrbuOnaCbUYWCST4p9VLNE8pGdMC7hkY05NrN5odNyJlR+iSIlXkRkrn6cyKjodbj0DfJkOJQL3sz8S+vm2Jw5WYiSlLkEVssClJJMCazlkhfKM5Qjg2hTAnzV8KGVFGGpsuSOd1ZPnSVtOo1x645DxeVxnXeWRFO4BSq4MAlNOAO7qEJDBJ4hld4t16sN+vD+lxEC1Y+cwy/YE2/AcyPmGM=</latexit>

Gs2(t1)<latexit sha1_base64="7LsfK+HhF+OPnB5b6t3WLK0akto=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahXkpSBD0WPeixgq2FNoTNdtsu3WzC7kQooX/DiwdFvPpnvPlv3LY5aOuDgcd7M8zMCxMpDLrut1NYW9/Y3Cpul3Z29/YPyodHbROnmvEWi2WsOyE1XArFWyhQ8k6iOY1CyR/D8c3Mf3zi2ohYPeAk4X5Eh0oMBKNopd5tkJmgPq1i4J0H5Ypbc+cgq8TLSQVyNIPyV68fszTiCpmkxnQ9N0E/oxoFk3xa6qWGJ5SN6ZB3LVU04sbP5jdPyZlV+mQQa1sKyVz9PZHRyJhJFNrOiOLILHsz8T+vm+Lgys+ESlLkii0WDVJJMCazAEhfaM5QTiyhTAt7K2EjqilDG1PJhuAtv7xK2vWa59a8+4tK4zqPowgncApV8OASGnAHTWgBgwSe4RXenNR5cd6dj0VrwclnjuEPnM8f4SeQ6Q==</latexit><latexit sha1_base64="XDr8Oc7S402spRZoNXtxqpQWiKY=">AAACGHicjVC7SgNBFL0bXzG+opY2g0GITdgNgpZBCy0VzAOSZZmdzCZDZh/M3BXCkt+wsPFXbERs0/k3TpItNLHwwMDhnHO5c4+fSKHRtr+swtr6xuZWcbu0s7u3f1A+PGrpOFWMN1ksY9XxqeZSRLyJAiXvJIrT0Je87Y9uZn77iSst4ugRxwl3QzqIRCAYRSP1br1Me/VJFT3n3CtX7Jo9B1klTk4qkON/ca887fVjloY8Qiap1l3HTtDNqELBJJ+UeqnmCWUjOuBdQyMacu1m88Mm5MwofRLEyrwIyVz9OZHRUOtx6JtkSHGol72Z+JfXTTG4cjMRJSnyiC0WBakkGJNZS6QvFGcox4ZQpoT5K2FDqihD02XJnO4sH7pKWvWaY9ech4tK4zrvrAgncApVcOASGnAH99AEBgk8wyu8Wy/Wm/VhfS6iBSufOYZfsKbfyuWYYg==</latexit><latexit sha1_base64="XDr8Oc7S402spRZoNXtxqpQWiKY=">AAACGHicjVC7SgNBFL0bXzG+opY2g0GITdgNgpZBCy0VzAOSZZmdzCZDZh/M3BXCkt+wsPFXbERs0/k3TpItNLHwwMDhnHO5c4+fSKHRtr+swtr6xuZWcbu0s7u3f1A+PGrpOFWMN1ksY9XxqeZSRLyJAiXvJIrT0Je87Y9uZn77iSst4ugRxwl3QzqIRCAYRSP1br1Me/VJFT3n3CtX7Jo9B1klTk4qkON/ca887fVjloY8Qiap1l3HTtDNqELBJJ+UeqnmCWUjOuBdQyMacu1m88Mm5MwofRLEyrwIyVz9OZHRUOtx6JtkSHGol72Z+JfXTTG4cjMRJSnyiC0WBakkGJNZS6QvFGcox4ZQpoT5K2FDqihD02XJnO4sH7pKWvWaY9ech4tK4zrvrAgncApVcOASGnAH99AEBgk8wyu8Wy/Wm/VhfS6iBSufOYZfsKbfyuWYYg==</latexit><latexit sha1_base64="XDr8Oc7S402spRZoNXtxqpQWiKY=">AAACGHicjVC7SgNBFL0bXzG+opY2g0GITdgNgpZBCy0VzAOSZZmdzCZDZh/M3BXCkt+wsPFXbERs0/k3TpItNLHwwMDhnHO5c4+fSKHRtr+swtr6xuZWcbu0s7u3f1A+PGrpOFWMN1ksY9XxqeZSRLyJAiXvJIrT0Je87Y9uZn77iSst4ugRxwl3QzqIRCAYRSP1br1Me/VJFT3n3CtX7Jo9B1klTk4qkON/ca887fVjloY8Qiap1l3HTtDNqELBJJ+UeqnmCWUjOuBdQyMacu1m88Mm5MwofRLEyrwIyVz9OZHRUOtx6JtkSHGol72Z+JfXTTG4cjMRJSnyiC0WBakkGJNZS6QvFGcox4ZQpoT5K2FDqihD02XJnO4sH7pKWvWaY9ech4tK4zrvrAgncApVcOASGnAH99AEBgk8wyu8Wy/Wm/VhfS6iBSufOYZfsKbfyuWYYg==</latexit> Gs3(t1)
<latexit sha1_base64="fFPdzatx7q6FlpjReC7UEtSwEtY=">AAAB83icbVBNS8NAEJ34WetX1aOXxSLUS0lU0GPRgx4r2A9oQ9hst+3SzSbsToQS+je8eFDEq3/Gm//GbZuDtj4YeLw3w8y8MJHCoOt+Oyura+sbm4Wt4vbO7t5+6eCwaeJUM95gsYx1O6SGS6F4AwVK3k40p1EoeSsc3U791hPXRsTqEccJ9yM6UKIvGEUrde+CzAQXkwoG3llQKrtVdwayTLyclCFHPSh9dXsxSyOukElqTMdzE/QzqlEwySfFbmp4QtmIDnjHUkUjbvxsdvOEnFqlR/qxtqWQzNTfExmNjBlHoe2MKA7NojcV//M6Kfav/UyoJEWu2HxRP5UEYzINgPSE5gzl2BLKtLC3EjakmjK0MRVtCN7iy8ukeV713Kr3cFmu3eRxFOAYTqACHlxBDe6hDg1gkMAzvMKbkzovzrvzMW9dcfKZI/gD5/MH4rGQ6g==</latexit><latexit sha1_base64="z9oYeAxN6nCs6bmLwFC8DVJStr0=">AAACGHicjVC7SgNBFL0bXzG+opY2g0GITdhVQcughZYK5gHJssxOZpMhsw9m7gphyW9Y2PgrNiK26fwbJ8kWmlh4YOBwzrncucdPpNBo219WYWV1bX2juFna2t7Z3SvvHzR1nCrGGyyWsWr7VHMpIt5AgZK3E8Vp6Eve8oc3U7/1xJUWcfSIo4S7Ie1HIhCMopG6t16mvfNxFT3n1CtX7Jo9A1kmTk4qkON/ca886fZiloY8Qiap1h3HTtDNqELBJB+XuqnmCWVD2ucdQyMacu1ms8PG5MQoPRLEyrwIyUz9OZHRUOtR6JtkSHGgF72p+JfXSTG4cjMRJSnyiM0XBakkGJNpS6QnFGcoR4ZQpoT5K2EDqihD02XJnO4sHrpMmmc1x645DxeV+nXeWRGO4Biq4MAl1OEO7qEBDBJ4hld4t16sN+vD+pxHC1Y+cwi/YE2+AcyUmGM=</latexit><latexit sha1_base64="z9oYeAxN6nCs6bmLwFC8DVJStr0=">AAACGHicjVC7SgNBFL0bXzG+opY2g0GITdhVQcughZYK5gHJssxOZpMhsw9m7gphyW9Y2PgrNiK26fwbJ8kWmlh4YOBwzrncucdPpNBo219WYWV1bX2juFna2t7Z3SvvHzR1nCrGGyyWsWr7VHMpIt5AgZK3E8Vp6Eve8oc3U7/1xJUWcfSIo4S7Ie1HIhCMopG6t16mvfNxFT3n1CtX7Jo9A1kmTk4qkON/ca886fZiloY8Qiap1h3HTtDNqELBJB+XuqnmCWVD2ucdQyMacu1ms8PG5MQoPRLEyrwIyUz9OZHRUOtR6JtkSHGgF72p+JfXSTG4cjMRJSnyiM0XBakkGJNpS6QnFGcoR4ZQpoT5K2EDqihD02XJnO4sHrpMmmc1x645DxeV+nXeWRGO4Biq4MAl1OEO7qEBDBJ4hld4t16sN+vD+pxHC1Y+cwi/YE2+AcyUmGM=</latexit><latexit sha1_base64="z9oYeAxN6nCs6bmLwFC8DVJStr0=">AAACGHicjVC7SgNBFL0bXzG+opY2g0GITdhVQcughZYK5gHJssxOZpMhsw9m7gphyW9Y2PgrNiK26fwbJ8kWmlh4YOBwzrncucdPpNBo219WYWV1bX2juFna2t7Z3SvvHzR1nCrGGyyWsWr7VHMpIt5AgZK3E8Vp6Eve8oc3U7/1xJUWcfSIo4S7Ie1HIhCMopG6t16mvfNxFT3n1CtX7Jo9A1kmTk4qkON/ca886fZiloY8Qiap1h3HTtDNqELBJB+XuqnmCWVD2ucdQyMacu1ms8PG5MQoPRLEyrwIyUz9OZHRUOtR6JtkSHGgF72p+JfXSTG4cjMRJSnyiM0XBakkGJNpS6QnFGcoR4ZQpoT5K2EDqihD02XJnO4sHrpMmmc1x645DxeV+nXeWRGO4Biq4MAl1OEO7qEBDBJ4hld4t16sN+vD+pxHC1Y+cwi/YE2+AcyUmGM=</latexit>

Gs3(t2)
<latexit sha1_base64="3/pB5ROoGj5Ge8Ky5EonHUj/NDM=">AAAB83icbVBNS8NAEJ3Ur1q/qh69BItQLyWpgh6LHvRYwX5AG8Jmu2mXbjZhdyKU0L/hxYMiXv0z3vw3btsctPXBwOO9GWbmBYngGh3n2yqsrW9sbhW3Szu7e/sH5cOjto5TRVmLxiJW3YBoJrhkLeQoWDdRjESBYJ1gfDvzO09MaR7LR5wkzIvIUPKQU4JG6t/5mfYvplX06+d+ueLUnDnsVeLmpAI5mn75qz+IaRoxiVQQrXuuk6CXEYWcCjYt9VPNEkLHZMh6hkoSMe1l85un9plRBnYYK1MS7bn6eyIjkdaTKDCdEcGRXvZm4n9eL8Xw2su4TFJkki4WhamwMbZnAdgDrhhFMTGEUMXNrTYdEUUomphKJgR3+eVV0q7XXKfmPlxWGjd5HEU4gVOoggtX0IB7aEILKCTwDK/wZqXWi/VufSxaC1Y+cwx/YH3+AOQ2kOs=</latexit><latexit sha1_base64="0ZNiXP7Rz57B6WSYOs6atfwR70c=">AAACGHicjVC7SgNBFL0bXzG+opY2g0GITdiNgpZBCy0VzAOSZZmdzCZDZh/M3BXCkt+wsPFXbERs0/k3TpIt1Fh4YOBwzrncucdPpNBo259WYWV1bX2juFna2t7Z3SvvH7R0nCrGmyyWser4VHMpIt5EgZJ3EsVp6Eve9kfXM7/9yJUWcfSA44S7IR1EIhCMopF6N16mvbNJFb36qVeu2DV7DrJMnJxUIMf/4l552uvHLA15hExSrbuOnaCbUYWCST4p9VLNE8pGdMC7hkY05NrN5odNyIlR+iSIlXkRkrn6fSKjodbj0DfJkOJQ//Zm4l9eN8Xg0s1ElKTII7ZYFKSSYExmLZG+UJyhHBtCmRLmr4QNqaIMTZclc7rz+9Bl0qrXHLvm3J9XGld5Z0U4gmOoggMX0IBbuIMmMEjgCV7gzXq2Xq1362MRLVj5zCH8gDX9As4+mGQ=</latexit><latexit sha1_base64="0ZNiXP7Rz57B6WSYOs6atfwR70c=">AAACGHicjVC7SgNBFL0bXzG+opY2g0GITdiNgpZBCy0VzAOSZZmdzCZDZh/M3BXCkt+wsPFXbERs0/k3TpIt1Fh4YOBwzrncucdPpNBo259WYWV1bX2juFna2t7Z3SvvH7R0nCrGmyyWser4VHMpIt5EgZJ3EsVp6Eve9kfXM7/9yJUWcfSA44S7IR1EIhCMopF6N16mvbNJFb36qVeu2DV7DrJMnJxUIMf/4l552uvHLA15hExSrbuOnaCbUYWCST4p9VLNE8pGdMC7hkY05NrN5odNyIlR+iSIlXkRkrn6fSKjodbj0DfJkOJQ//Zm4l9eN8Xg0s1ElKTII7ZYFKSSYExmLZG+UJyhHBtCmRLmr4QNqaIMTZclc7rz+9Bl0qrXHLvm3J9XGld5Z0U4gmOoggMX0IBbuIMmMEjgCV7gzXq2Xq1362MRLVj5zCH8gDX9As4+mGQ=</latexit><latexit sha1_base64="0ZNiXP7Rz57B6WSYOs6atfwR70c=">AAACGHicjVC7SgNBFL0bXzG+opY2g0GITdiNgpZBCy0VzAOSZZmdzCZDZh/M3BXCkt+wsPFXbERs0/k3TpIt1Fh4YOBwzrncucdPpNBo259WYWV1bX2juFna2t7Z3SvvH7R0nCrGmyyWser4VHMpIt5EgZJ3EsVp6Eve9kfXM7/9yJUWcfSA44S7IR1EIhCMopF6N16mvbNJFb36qVeu2DV7DrJMnJxUIMf/4l552uvHLA15hExSrbuOnaCbUYWCST4p9VLNE8pGdMC7hkY05NrN5odNyIlR+iSIlXkRkrn6fSKjodbj0DfJkOJQ//Zm4l9eN8Xg0s1ElKTII7ZYFKSSYExmLZG+UJyhHBtCmRLmr4QNqaIMTZclc7rz+9Bl0qrXHLvm3J9XGld5Z0U4gmOoggMX0IBbuIMmMEjgCV7gzXq2Xq1362MRLVj5zCH8gDX9As4+mGQ=</latexit>

s1
<latexit sha1_base64="74/5ryLy7rv4hfaCJ57+tAHgIZ0=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpwfT9vlv1at4cZJX4BalCgUbf/eoNEpbFXCGT1Jiu76UY5FSjYJJPK73M8JSyMR3yrqWKxtwE+fzUKTmzyoBEibalkMzV3xM5jY2ZxKHtjCmOzLI3E//zuhlG10EuVJohV2yxKMokwYTM/iYDoTlDObGEMi3srYSNqKYMbToVG4K//PIqaV3UfK/m319W6zdFHGU4gVM4Bx+uoA530IAmMBjCM7zCmyOdF+fd+Vi0lpxi5hj+wPn8AQQSjZs=</latexit><latexit sha1_base64="aGDqzGZFp2Lgbkc76FR8uupjknc=">AAACD3icjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY6loHpAsYXZyNxkyO7vMzAphySdY2PgrNiK2tnb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFldW19o7hZ2tre2d0r7x80dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mvqtB1Sax/LejBP0IzqQPOSMGivd6Z7XK1fcqjsDWSZeTiqQ43/xXvmz249ZGqE0TFCtO56bGD+jynAmcFLqphoTykZ0gB1LJY1Q+9nsngk5sUqfhLGyTxoyU39OZDTSehwFNhlRM9SL3lT8y+ukJrzwMy6T1KBk80VhKoiJybQc0ucKmRFjSyhT3P6VsCFVlBlbYcme7i0eukyaZ1XPrXq355X6Zd5ZEY7gGE7BgxrU4RpuoAEMBvAIz/DqPDkvzpvzPo8WnHzmEH7B+fgGfzCVFA==</latexit><latexit sha1_base64="aGDqzGZFp2Lgbkc76FR8uupjknc=">AAACD3icjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY6loHpAsYXZyNxkyO7vMzAphySdY2PgrNiK2tnb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFldW19o7hZ2tre2d0r7x80dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mvqtB1Sax/LejBP0IzqQPOSMGivd6Z7XK1fcqjsDWSZeTiqQ43/xXvmz249ZGqE0TFCtO56bGD+jynAmcFLqphoTykZ0gB1LJY1Q+9nsngk5sUqfhLGyTxoyU39OZDTSehwFNhlRM9SL3lT8y+ukJrzwMy6T1KBk80VhKoiJybQc0ucKmRFjSyhT3P6VsCFVlBlbYcme7i0eukyaZ1XPrXq355X6Zd5ZEY7gGE7BgxrU4RpuoAEMBvAIz/DqPDkvzpvzPo8WnHzmEH7B+fgGfzCVFA==</latexit><latexit sha1_base64="aGDqzGZFp2Lgbkc76FR8uupjknc=">AAACD3icjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY6loHpAsYXZyNxkyO7vMzAphySdY2PgrNiK2tnb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFldW19o7hZ2tre2d0r7x80dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mvqtB1Sax/LejBP0IzqQPOSMGivd6Z7XK1fcqjsDWSZeTiqQ43/xXvmz249ZGqE0TFCtO56bGD+jynAmcFLqphoTykZ0gB1LJY1Q+9nsngk5sUqfhLGyTxoyU39OZDTSehwFNhlRM9SL3lT8y+ukJrzwMy6T1KBk80VhKoiJybQc0ucKmRFjSyhT3P6VsCFVlBlbYcme7i0eukyaZ1XPrXq355X6Zd5ZEY7gGE7BgxrU4RpuoAEMBvAIz/DqPDkvzpvzPo8WnHzmEH7B+fgGfzCVFA==</latexit>

s2
<latexit sha1_base64="qN923TPi/PUCw4bkJcCJu6fCh+s=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48V7Ae0oWy2m3bp7ibsToQS+he8eFDEq3/Im//GpM1BWx8MPN6bYWZeEEth0XW/ndLG5tb2Tnm3srd/cHhUPT7p2CgxjLdZJCPTC6jlUmjeRoGS92LDqQok7wbTu9zvPnFjRaQfcRZzX9GxFqFgFHPJDhuVYbXm1t0FyDrxClKDAq1h9WswiliiuEYmqbV9z43RT6lBwSSfVwaJ5TFlUzrm/Yxqqrj108Wtc3KRKSMSRiYrjWSh/p5IqbJ2poKsU1Gc2FUvF//z+gmGN34qdJwg12y5KEwkwYjkj5ORMJyhnGWEMiOyWwmbUEMZZvHkIXirL6+TTqPuuXXv4arWvC3iKMMZnMMleHANTbiHFrSBwQSe4RXeHOW8OO/Ox7K15BQzp/AHzucPOqqNsA==</latexit><latexit sha1_base64="qN923TPi/PUCw4bkJcCJu6fCh+s=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48V7Ae0oWy2m3bp7ibsToQS+he8eFDEq3/Im//GpM1BWx8MPN6bYWZeEEth0XW/ndLG5tb2Tnm3srd/cHhUPT7p2CgxjLdZJCPTC6jlUmjeRoGS92LDqQok7wbTu9zvPnFjRaQfcRZzX9GxFqFgFHPJDhuVYbXm1t0FyDrxClKDAq1h9WswiliiuEYmqbV9z43RT6lBwSSfVwaJ5TFlUzrm/Yxqqrj108Wtc3KRKSMSRiYrjWSh/p5IqbJ2poKsU1Gc2FUvF//z+gmGN34qdJwg12y5KEwkwYjkj5ORMJyhnGWEMiOyWwmbUEMZZvHkIXirL6+TTqPuuXXv4arWvC3iKMMZnMMleHANTbiHFrSBwQSe4RXeHOW8OO/Ox7K15BQzp/AHzucPOqqNsA==</latexit><latexit sha1_base64="qN923TPi/PUCw4bkJcCJu6fCh+s=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48V7Ae0oWy2m3bp7ibsToQS+he8eFDEq3/Im//GpM1BWx8MPN6bYWZeEEth0XW/ndLG5tb2Tnm3srd/cHhUPT7p2CgxjLdZJCPTC6jlUmjeRoGS92LDqQok7wbTu9zvPnFjRaQfcRZzX9GxFqFgFHPJDhuVYbXm1t0FyDrxClKDAq1h9WswiliiuEYmqbV9z43RT6lBwSSfVwaJ5TFlUzrm/Yxqqrj108Wtc3KRKSMSRiYrjWSh/p5IqbJ2poKsU1Gc2FUvF//z+gmGN34qdJwg12y5KEwkwYjkj5ORMJyhnGWEMiOyWwmbUEMZZvHkIXirL6+TTqPuuXXv4arWvC3iKMMZnMMleHANTbiHFrSBwQSe4RXeHOW8OO/Ox7K15BQzp/AHzucPOqqNsA==</latexit><latexit sha1_base64="qN923TPi/PUCw4bkJcCJu6fCh+s=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48V7Ae0oWy2m3bp7ibsToQS+he8eFDEq3/Im//GpM1BWx8MPN6bYWZeEEth0XW/ndLG5tb2Tnm3srd/cHhUPT7p2CgxjLdZJCPTC6jlUmjeRoGS92LDqQok7wbTu9zvPnFjRaQfcRZzX9GxFqFgFHPJDhuVYbXm1t0FyDrxClKDAq1h9WswiliiuEYmqbV9z43RT6lBwSSfVwaJ5TFlUzrm/Yxqqrj108Wtc3KRKSMSRiYrjWSh/p5IqbJ2poKsU1Gc2FUvF//z+gmGN34qdJwg12y5KEwkwYjkj5ORMJyhnGWEMiOyWwmbUEMZZvHkIXirL6+TTqPuuXXv4arWvC3iKMMZnMMleHANTbiHFrSBwQSe4RXeHOW8OO/Ox7K15BQzp/AHzucPOqqNsA==</latexit>

s3
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Figure 2: Examples of multi-scale temporal graphs. The
node embeddings are obtained through multi-scale tempo-
ral graph embedding unit.

Definition 2.1. Graph. A graph G = (V ,E) is comprised of a set
of vertices V and a set of edges E, which can be described by an
adjacency matrix A ∈ R |V |× |V | , where Ai j > 0 if there is an edge
ei j between vertex vi and vj and Ai j = 0 if there is no edge.

In our problem setting, variables are taken as vertices and the
interactions between variables are modeled as edges. The above-
defined graph can also be referred to as Static Graph, where vertices
and edges are invariant over time. We further define a temporal
graph as:

Definition 2.2. Temporal Graph. A temporal graph G(t) =
(V (t) ,E(t)) is a graph as a function of time. It models a series
of multivariate variable observations and can be viewed as a se-
quence of static graphs, where V (t) and E(t) denote the sets of
vertices and edges at a particular time step t respectively.

There can be two types of temporal graphs in MTS forecasting.
In Intra-step Temporal Graph, V (t) is made up of variables within
time step t and in Inter-step Temporal Graph,V (t) consists variables
of time step t and its previous time step t − 1 (t ≥ 2). Figure 1
illustrates examples of the two types of temporal graphs.

Definition 2.3. Multi-scale TemporalGraph.A temporal graph
of scale s , denoted as Gs (t) = (Vs (t),Es (t)), is a temporal graph
where each node in the graph represents an observation of time-
lengthws . Examples of multi-scale temporal graphs are depicted
in Figure 2.
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3 METRO
3.1 Temporal Graph Embedding Unit
The temporal graph embedding (TGE) unit serves as an encoder
where embeddings of temporal features of each variable a under
certain time scale are obtained.

For a multivariate time sequence of w length, i.e., {X (t0), ...
,X (t0 +w − 1)}, its temporal feature at time step t, t ∈ [t0, ..., t0 +
w − 1], under scale si is obtained as:

H0
si (t) = emb(si , t) = f (X (t), ...,X (t +wsi − 1)), (1)

where H0
si (t) ∈ R

n×d is the obtained temporal features, scale
si ∈ {s1, .., sp } is a hyper-parameter to control the granularity
of the receptive field, n is the number of variables, d denotes the em-
bedding dimension, and f (·) is the embedding function. There can
be multiple choices for implementation of such a function, e.g., sim-
ple concatenation of time steps followed by a linear transformation
layer, RNNs such as LSTMs [14] or GRUs [3], where the scales can
be controlled by feeding the network with input of corresponding
length. In other alternatives such as CNNs, kernels with multiple
receptive fields can be applied to obtain multi-scale temporal fea-
tures. Since in our datasets, X (t) ∈ Rn×1, for simplicity, we choose
the embedding function as unpadded convolution with multiple
filters with kernel size 1 × wsi , i = 1, ..,p and a shared stride S .
Mathematically, the convolutional function can be expressed as:

H0
si , j (t) = σ (Wsi , j ∗ [X (t), ...,X (t +wsi − 1)] + bj ), (2)

where σ () denotes the sigmoid function,Wsi , j is the kernel of the
jth channel, ∗ is the convolution operator, [ ] denotes the concate-
nation operation and bj is the convolution bias. Then the outputs
of multiple convolution channels are concatenated to obtain H0

si (t).

3.2 Single-scale Graph Update Unit
As proven by some of the recent works [42, 46], modeling hidden
relations among variables by training and updating adjacency ma-
trices of the graphs is promising. However, it is problematic to
perform message aggregation over time with fixed global graph
structures.

To deal with this problem, in the single-scale graph update (SGU)
unit, we adaptively learn intra- and inter-step adjacency matrix
of variables and propose a graph-based temporal message passing
strategy that computes and aggregates historical temporal infor-
mation of nodes which is then utilized to update node embeddings.
Taking the multi-scale temporal graphs in Figure 2 as an example,
SGU operates s1, s2, s3 separately. For the temporal graphs of a sin-
gle scale, e.g, Gs1 (:) SGU jointly considers message passing within
a time step, e.g., the connection between pairs nodes ofGs1 (ti ) and
between time steps, e.g., the connection between pairs of nodes of
Gs1 (t1) andGs1 (t2). Intuitively, in real-world scenarios such as traf-
fic flow prediction, the first kind of message passing can simulate
spatial correlations of sensors and the second resembles the flow
transition.

Since the following descriptions in this subsection are all for a
single scale, for simplicity, we omit the scale variable s in all related
notations.

The SGU unit and the to-be-introduced cross-scale graph fusion
(CGF) kernel can be combined and stacked multiple times, a.k.a.

the multiple layers of the deep model. Since the network struc-
tures are the same for each of the stacked layers, in the following
sections, we will take layer l as an example. For layer l , given the
node embeddings of the most recent previous k ∈ N+ steps, i.e.,
Hl (t − k), ...,Hl (t − 1), and the to-be-updated node embeddings
of current time step t , i.e., Hl (t), SGU unit first learns messages
between nodes of two adjacent time steps as:

ml (t − j) =msд(Hl (t − j − 1),Hl (t − j),Alt−j−1,t−j ),

Alt−j−1,t−j = дm (H
l (t − j − 1),Hl (t − j)),

(3)

where ml (t − j) denotes learned message, j ∈ [1, ...,k − 1]msд is a
learnable message function that models information be passed from
V (t − j − 1) to V (t − j), e.g., GCNs [20], and дm is the graph learn-
ing function, which computes the adjacent matrix Alt−j−1,t−j ∈

RNt−j×Nt−j , where Nt−j = |V (t − j − 1)| + |V (t − j)|. дm can be
implemented as transfer entropy [46], or node-embedding-based
deep layer model [22] etc.

A message here can be viewed as intermediate information be-
tween two consecutive time step in range [t − k , t − 1]. To pass all
the messages to the current step, we take the learned message as a
sequence and apply an aggregation function:

m̃l (t) = aдд(ml (t − k − 1), ..,ml (t − 1)), (4)

where aдд is the learnable message aggregation function, which can
be implemented as simple concatenation, or more complex models
such as RNN and its variants or Transformer [39] based models,
m̃l (t) denotes the aggregated message for the current layer, where
all nodes appearing in G(t − k − 1), ...,G(t − 1) are included and
represented.

The embeddings of nodes in the current step t are then be up-
dated based on the aggregated message and the memory of the
previous layer:

Ĥl+1(t) = upd(m̃l (t),Hl (t),Alt ),

Alt = дu (m̃
l (t),Hl (t)),

(5)

the update function upd can be any memory update function e.g.,
GRUs [3] or LSTMs [14], дu is the graph learning function that
adaptively computes the adjacent matrix Alt . In DMGNN [22], a
graph-based GRU is also proposed for such an update.

3.2.1 Contextual Update. Note that the above message passing
and embedding update strategy is one-way: from previous steps to
the current step, which is analogous to traditional memory update
models such as GRUs and LSTMs and is efficient to be implemented.
However, the dynamic change holds contextually, and for a specific
time step in the given series, future information is often available. It
is beneficial if not only previous information but future information
is made use of. This can be achieved by extending Hl (t)’s temporal
neighbors to future v ∈ N+ steps. In this case, Equation (3) - (4)
are still valid with j ∈ [−v, ...,−1]. We name this strategy as SGU-
Contextual (SGU-C).

For the sake of efficiency, in the representative implementation
of METRO, i.e., MTTRO-attn, we jointly implement Equation 3- 5
in SGU-C mode with multi-head attention (MultiHeadAttn) [39].
The adjacency matrix is accompanied with attention matrix, which
dynamically adjusts the impacting weights between nodes. We use
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a threshold to measure the significance of the attention, by which
the attention values smaller than the threshold are set to 0s. Note
that this is different from the selection strategy used in MTGNN
[42], where nodes are connected with their top-k most relevant
neighbors. Since top-k nodes are always connected regardless of
the relevance scores, noisy messages may be propagated from a
node’s irrelevant neighbors (have low relevance score but in the
top-k shortlist). Formally, the node embedding can be updated as:

Ĥl+1(t) = MultiHeadAttn(Ql (t),Kl ,Vl , r1),

Ql (t) = Hl (t),

Kl = Vl = [Hl (t − k), ...,Hl (t), ...,Hl (t +v)],

(6)

where r1 is the attention value cutoff threshold.

3.3 Cross-scale Graph Fusion Kernel
To understand and diffuse information across scales, we propose
the cross-scale graph fusion (CGF) kernel, which walks along the
obtained embedding features of multiple scales and enables infor-
mation fusion.

Scales are defined by the size of respective fields. Larger scales
capture global but coarse features of the raw time series while
smaller scales capture local but fine features. Taking METRO-attn’s
embedding function as an example, i.e., convolution, when the con-
volutional kernel walking down the time axis with a certain stride,
each primitive time period, i.e., some continuous time-steps of the
raw time series, is mapped to a certain time step in the output
feature matrix, which is not temporally aligned across scales. It is
desirable to conduct cross-scale fusion on features from multiple
scales describing the same object. Thus, given the updated embed-
dings from the SGU unit, we need to first decide which time steps
in which scales can interact.

We solve this problem by taking the time steps of higher scale as
the standard and then sampling fine features (time steps) from lower
scales. It is expected that the primitive time periods of the selected
time steps of lower scales 1) can cover the standard’s primitive time
period; 2) are not overlapped.

A toy example of how to do the sampling can be found in the
left part of Figure 4. Suppose the raw time series has been em-
bedded in three scales with a shared stride S , i.e., s1, s2, s3, where
4ws1 = 2ws2 = ws3 and S = ws1 . Since the SUG unit is omit, we only
plot the updated embeddings in the second most left column, i.e.,
Ĥl+1
s1 (:), Ĥ

l+1
s2 (:), Ĥ

l+1
s3 (:), which are illustrated as cubes and each of

the cubic layer inside denotes the embeddings of variables of certain
time steps. The CGF kernel takes the highest scale as standard, i.e.,
s3. For a specific time step t , the sampling function samp(·) sam-
ples time steps from Ĥl+1

s1 (:), Ĥ
l+1
s2 (:) such that the corresponding

primitive time periods (circled by dashed grey lines in the most left
column) of lower-scale time steps can cover the standard’s (circled
by solid red line) while are not overlapped.

Formally, for time step t of scale si , we sample the features from
lower scales by:

Zls−i (t) = samp(Ĥl+1
s1 (:), ..., Ĥ

l+1
si−1 (:), Ĥ

l+1
si (t)), (7)

where Ĥl+1
sj (:) is the output updated features of SGU unit, Zls−i is

the selected lower scale features concatenated in time axis and

Algorithm 1 Network Training Algorithm
1: Input: Historical MTS X, Y, ∆, scales s1, ..., sp , other hyper-

parameters
2: Output: Model parameters
3: Initialize model parameters
4: for batch (X (t0), ...,X (t0 +w − 1)) ∈ training set do
5: /* Temporal graph embedding */
6: ∀ si ∈ [s1, ..., sp ], ∀ t ∈ [t0, ..., t0 + w − wsi ], H0

si (t) ←
emb(si , t)

7: for layer l in range (nlayers) do
8: /* Single-scale graph update */
9: for si ∈ [s1, ..., sp ] do
10: for ∀t ≤ tsi , in parallel or sequentially:
11: /* tsi denotes the last time steps under si */
12: ml (1), ...,ml (t−1),ml (t+1), ...,ml (tsi −1)← Calculate

between-step message w.r.t. Equation 3
13: Ĥl+1

si (t)←Update node embedding to obtainw.r.t. Equa-
tion 5

14: end for
15: /* Cross-scale graph fusion */
16: for si ∈ [s1, ..., sp ] with lower scales satisfying Equation

8 do
17: for ∀t ≤ tsi , in parallel or sequentially:
18: Zls−i (t) ← Sample time steps from lower scales w.r.t.

Equation 7
19: Hl+1

s1:si−1 (:),H
l+1
si (t)←Update embedding of certain time

steps w.r.t. Equation 9
20: end for
21: end for
22: Ŷ (t0 +w − 1 + ∆) = pre(Hl+1

s1 (:), ...,H
l+1
sp (:))

23: L = MSE(Ŷ (t0 +w − 1 + ∆),Y (t0 +w − 1 + ∆))
24: Perform gradient descend w.r.t model parameters
25: end for

samp denotes the sampling function, which can be implemented as
slicing operation. Mathematically, to sample time steps mapping
with un-overlapped primitive time period, a selectable lower scale
sj should satisfy:{

wsj = nS, n = 1, 2, 3, ...
wsi =mwsj , m = 2, 3, 4, ... (8)

Based on above conditions, the sampled time slices are {Hl
sj (tk )|tk =

t + k ∗ n, k ∈ {0, 1, ...,n(m − 1))}}. Note that above conditions ac-
tually impose restrictions on stride S and the window of scales,
which means one needs to take those conditions into account when
determining the hyper-parameters. In our implementations, we set
S as 12, and apply three scales:ws1 = 24,ws2 = 48,ws3 = 96.

To enable information diffusion between Zls−i (t) and Ĥ
l+1
si (t), we

further use a graph learning function дf to adaptively learn the
adjacency matrix A(s−i ,si ),t between nodes of two parties and then
fuse the information in bidirectional way:

Hl+1s1 :si−1 (:), H
l+1
si (t ) ← f use(Zls− (t ), Ĥ

l+1
si (t ), A

l
(s−i ,si ),t

),

Al
(s−i ,si ),t

= дf (Zls−i
(t ), Ĥl+1si (t )),

(9)
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Figure 4: Examples of cross-scale fusion. Scale 3 is chosen as
the standard scale.

where Hl+1
s1:si−1 (:) denotes the cross-scale fused embedding of

the sampled lower scale features and Hl+1
si (t) denotes that of the

standard high scale at time step t . f use can be implemented such
as GCNs. The choices of дf can be many, similar to what was
discussed in previous sections. There can be multiple CGF kernels
under different standard high scales to facilitate the interaction
among lower scales where their various receptive fields may not
be covered by only one kernel.

For efficiency purpose, in the representative implementation of
METRO, i.e., METRO-attn, we again adopt MultiHeadAttn for f use
and the attention matrix with a cut-off threshold r2 is taken as
the adjacency matrix. The cross-scale graph fusion process can be
represented as:

Hl+1
s1:si−1 (:),H

l+1
si (t) = MultiHeadAttn(Q

′l (t)

K
′l (t),V

′l (t), r2),

Q
′l (t) = K

′l (t) = V
′l (t) = [Zls− (t), Ĥ

l+1(t)].

(10)

3.4 Predictor and Training Strategy
SGU unit and CGF kernel are combined and stacked as several
layers. Once node embeddings of the final layer obtained, final
prediction can be achieved through a predictor

Ŷ (t + ∆) = pre(Hs1:sp (:)), (11)

where Hs1:sp (:) denotes the node embeddings of the final layer
of the stacked network. pre can be implemented as sum of the
last time steps or through learnable functions e.g., MLPs. In our
implementations, we concatenate the time steps of scales s1 to sp−1
w.r.t. the time period corresponding to the last step of the largest
scale sp . We then feed it to a reshaping function to the get prediction
values. As a common practice [21, 33, 42, 46], we implement the
reshaping function as an one-layer MLP for efficiency purpose.

MSE loss is implemented to evaluate the predicted values and the
overall training strategy is described in Algorithm 1. The overall
data flow is illustrated in Figure 3.

3.5 Instantiate METRO
METRO as a generic framework can have different choices of imple-
mentations at each of its key components, which results in a large
number of possible instances. In Table 1 we list some of the possible
implementations and illustrate how previous GNN-based models
for MTS forecasting can be cast as specific instances of METRO
1. For example, MTGNN [42] uses the graph learning function
A = ReLU (tanh(α(M1MT

2 − M2MT
1 ))), where Mi = tanh(αEiWi )

and GCN+1dConv as graph update function is a specific case of SGU
when the message passing between temporal graphs is missing. The
representative implementation, i.e., the one used to present main
comparison results with baseline models in Table 3, is METRO-attn.

4 EXPERIMENTS AND RESULTS
4.1 Datasets and Metrics
We conduct experiments on four benchmark datasets2.
• Solar Energy:The raw dataset of Solar Energywas collected
by the National Renewable Energy Laboratory (NREL) 3 as
synthetic solar photovoltaic (PV) power plant data points for
the United States, the year 2006. NREL’s Solar Power Data
was generated every 5 minutes. We use the pre-processed

1Technically, TPA-LSTM [33] is not claimed to be a GNN-based MTS forecasting
approach. We here include it because the attention mechanism used in TPA-LSTM can
be viewed as an introduction of connection matrix of graphs.
2https://github.com/laiguokun/multivariate-time-series-data
3https://www.nrel.gov/grid/solar-power-data.html
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Table 1: Previous GNN-based MTS forecasting models interpreted within METRO

Model Temporal Graph Embedding Single-scale Graph Update Cross-scale Graph Fusion Predictemb. msg. дm agg. upd. дu samp. fuse дf

MTGNN [42] concatenation - - - GCN+1dConv A = ReLU (tanh(α (M1MT
2 −M2MT

1 ))),
Mi = tanh(αEiWi )

- concatenation - conv
TEGNN [46] concatenation - - - GCN+1dConv Transfer entropy - concatenation - MLP

ASTGCN [11] concatenation - - - GCN+1dConv A = Sof tMax (tanh(XW1)tanh(W T
2 X

T )) - sum - linear
trans.

TPA-LSTM
[33] LSTM - - - LSTM αi = siдmoid (Conv(M )TWM ),

M = LSTM (X) - - - last

METRO-linear concat. time steps
+linear transform MultiHeadAttn attn sum-all MultiHeadAttn attn slicing MultiHeadAttn attn MLP

METRO-prev 1dConv MultiHeadAttn attn sum-prev MultiHeadAttn attn slicing MultiHeadAttn attn MLP
METRO-GRU GRU GRU - last MultiHeadAttn attn slicing MultiHeadAttn attn MLP
METRO-GCN 1dConv MultiHeadAttn attn sum-all GCN attn slicing MultiHeadAttn attn MLP
METRO-cat 1dConv MultiHeadAttn attn sum-all MultiHeadAttn attn last concatenation - MLP
METRO-sum 1dConv MultiHeadAttn attn sum-all MultiHeadAttn attn last sum - MLP
METRO-attn 1dConv MultiHeadAttn attn sum-all MultiHeadAttn attn slicing MultiHeadAttn attn MLP

data in the released version, representing the 10-minute
variation of 137 PV plants.
• Traffic: The Traffic dataset was generated by the California
Department of Transportation 4 and collected for the year
2015-2016, describing hourly road occupancy rates measured
by 862 sensors on San Francisco Bay area freeways.
• Electricity: The raw dataset of Electricity is from the UCI
Machine Learning Repository 5, which contains electricity
consumption of 370 clients every 15 minutes from 2011 to
2014. We use the pre-processed dataset from [21], which
reflects the hourly consumption of 321 clients from 2012 to
2014.
• Exchange Rate: First proposed in [21], the Exchange Rate
dataset collects the daily exchange rates of 8 countries of
the years from 1990 to 2016. The 8 countries are Australia,
British, Canada, Switzerland, China, Japan, New Zealand,
and Singapore.

Table 2: Statistics of dataset.

Dataset # samples # variables Sample rate Input length

traffic 17544 862 1 hour 168
solar-energy 52560 137 10 minutes 168
electricity 26304 321 1 hour 168
exchange-rate 7588 8 1 day 168

The statistic of datasets is summarized in Table 2. Input length 168
is common in many MTS forecasting works.

As a common practice, we evaluate the model using two met-
rics, Root Relative Squared Error (RSE) and Empirical Correlation
Coefficient (CORR), which are computed as:

RSE =

√
t1∑

t=t0

m∑
i=1
(yt,i − ŷt,i )2√

t1∑
t=t0

m∑
i=1
(yt,i − yt0:t1,1:m )

2

, (12)

CORR =
1
m

m∑
i=1

t1∑
t=t0
(yt,i − yt0:t1,i )(ŷt,i − ŷt0:t1,i )√

t1∑
t=t0
(yt,i − yt0:t1,i )

2
t1∑

t=t0
(ŷt,i − ŷt0:t1,i )

2

, (13)

where ŷ is the prediction output, y is the ground-truth value, t ∈
[t0, t1] is the time instance in test set, y is the mean of set y.
4https://pems.dot.ca.gov/
5https://archive.ics.uci.edu/ml/datasets/ElectricityLoadDiagrams20112014

4.2 Baselines
We compared the proposed model with the following methods:
• AR: A standard autoregression model.
• LRidge: The most popular model for MTS forecasting, which
is based on Vector Autoregression (VAR) model with L2-
regularization.
• VAR-MLP: A hybrid model that combines multi-layer per-
ception (MLP) and VAR [51].
• GP: Gaussian process model for time series forecasting [7,
28].
• LSTNet-Skip6: LSTNet [21] with recurrent-skip layer, where
LSTNet is a deep neural network that combines convolu-
tional neural networks and recurrent neural networks.
• TPA-LSTM7: An attention-based LSTM model [33].
• MTGNN8: A graph-based convolutional model [42].
• Informer9: A sparse-attention-based model [52].
• HI: A statistical model that use historical data directly as
output. [4].

4.3 Implementation Details
All experiments are implemented on an Intel (R) Xeon(R) Gold
6278C CPU @ 2.60GHz and two Tesla T4 GPUs.

4.3.1 Module Architecture. For TGE unit, the channel size is set
as 16. For all MultiHeadAttn parts of SGU unit and CGF kernel,
the number of layers is set as 1, with queries, keys, and values of
dimension 3, head number equals 3, and inner-layer of dimension
8. For a detailed description of the MultiHeadAttn-related hyper-
parameters, please refer to [39]. As for the predictor, embedding
dimension of the MLP is optimized by the hyper-parameter opti-
mization framework Optuna 10 within the range [16, 64], step size
16.

4.3.2 Hyper-parameter Setting. For each dataset, we split it into
6:2:2 for training, validation, and test. The batch size is chosen by
Optuna in range [8,64] with step size 8. The optimizer and learning
rate are also chosen byOptuna, searching fromAdam [19], stochastic
gradient descent(SGD) [27], RMSprop [13] and within the range [1e-5,
1e-1]. We apply a scheduler to control the decay of learning rate,
whose step size is chosen from {5, 15, 20} and decay rate chosen

6https://github.com/laiguokun/LSTNet
7https://github.com/gantheory/TPA-LSTM
8https://github.com/nnzhan/MTGNN
9https://github.com/zhouhaoyi/Informer2020
10https://github.com/optuna/optuna
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Table 3: Summary of comparison results w.r.t. RSE and CORR. The best results are highlighted in bold and the second best
results are underlined.

Dataset Solar Energy Traffic Electricity Exchange Rate

Horizon Horizon Horizon Horizon

Method Metric 3 6 12 24 3 6 12 24 3 6 12 24 3 6 12 24

HI RSE 0.2749 0.4488 0.7436 1.1937 1.0492 1.3492 1.5224 0.6400 0.4522 0.7331 1.0024 0.1058 0.0170 0.0237 0.0388 0.0462
CORR 0.9629 0.8977 0.7132 0.2490 0.4021 -0.0390 -0.3774 0.7401 0.5930 0.1150 -0.2979 0.8670 0.9737 0.9652 0.9463 0.9285

AR RSE 0.2549 0.3849 0.6127 0.8585 0.6028 0.6257 0.6302 0.6400 0.1016 0.1045 0.1083 0.1164 0.0230 0.0295 0.0388 0.0462
CORR 0.9615 0.9239 0.8086 0.5492 0.7763 0.7543 0.7519 0.7401 0.8781 0.8610 0.8506 0.8592 0.9702 0.9581 0.9463 0.9285

LRidge RSE 0.2161 0.3084 0.4792 0.7376 0.5981 0.6065 0.6151 0.6221 0.1530 0.1463 0.2354 0.1292 0.0202 0.0288 0.0468 0.0694
CORR 0.9771 0.9533 0.8773 0.6788 0.7968 0.8000 0.7856 0.7804 0.8868 0.8583 0.7943 0.8733 0.9739 0.9691 0.9531 0.9216

VAR-MLP RSE 0.2144 0.2880 0.4293 0.6921 0.5686 0.6718 0.6075 0.6234 0.1485 0.1784 0.1607 0.1306 0.0270 0.0437 0.0450 0.0604
CORR 0.9742 0.9591 0.9050 0.7097 0.8189 0.7654 0.7909 0.7852 0.8694 0.8306 0.8190 0.8596 0.8548 0.8654 0.8206 0.7644

GP RSE 0.2409 0.3317 0.5284 0.7986 0.6175 0.6343 0.6735 0.6821 0.1500 0.2014 0.1732 0.1303 0.0218 0.0281 0.0399 0.0597
CORR 0.9706 0.9366 0.8454 0.5918 0.7772 0.7665 0.7361 0.7241 0.8615 0.8302 0.8338 0.8756 0.8831 0.8170 0.8470 0.8224

Informer RSE 0.2387 0.3188 0.3654 0.4950 0.5481 0.5597 0.6613 0.5590 0.1475 0.1481 0.1691 0.1489 0.1590 0.1438 0.1788 0.1637
CORR 0.9763 0.9587 0.9417 0.8834 0.8360 0.8270 0.7470 0.8289 0.8777 0.8760 0.8659 0.8692 0.9176 0.9062 0.8478 0.8223

LSTNet-Skip RSE 0.1978 0.2607 0.3329 0.4654 0.4880 0.4860 0.5047 0.5214 0.0925 0.1018 0.1090 0.1100 0.0231 0.0289 0.0367 0.0500
CORR 0.9750 0.9609 0.9421 0.8850 0.8684 0.8687 0.8541 0.8523 0.9242 0.9088 0.9066 0.9072 0.9725 0.9641 0.9505 0.9285

TPA-LSTM RSE 0.1833 0.2365 0.3347 0.4471 0.4516 0.4693 0.4793 0.4810 0.0862 0.0931 0.1005 0.1042 0.0172 0.0243 0.0361 0.0454
CORR 0.9791 0.9662 0.9403 0.9065 0.8777 0.8708 0.8669 0.8626 0.9436 0.9302 0.9177 0.9086 0.9794 0.9683 0.9496 0.9323

MTGNN RSE 0.1817 0.2405 0.3133 0.4469 0.4244 0.4784 0.4538 0.4670 0.0751 0.0927 0.0968 0.0944 0.0196 0.0265 0.0361 0.0476
CORR 0.9799 0.9696 0.9469 0.8996 0.8896 0.8656 0.8771 0.8812 0.9457 0.9240 0.9259 0.9242 0.9768 0.9660 0.9502 0.9309

METRO-attn RSE 0.1760 0.2353 0.3092 0.4171 0.4087 0.4345 0.4380 0.4406 0.0717 0.0802 0.0909 0.0912 0.0182 0.0242 0.0339 0.0431
CORR 0.9854 0.9726 0.9531 0.9090 0.8983 0.8853 0.8812 0.8810 0.9501 0.9409 0.9327 0.9301 0.9790 0.9709 0.9581 0.9407

between [0.6, 1.0] by Optuna. The weight decay rate is set as 1e-5.
The total number of epochs is set as 100, through which we save the
best model based on CORR/RSE of the validation set and reload it
for the evaluation of the test set. Unless explicitly stated, all reported
results are on the test set. Dropout 0.1 is applied to the outputs of
the MultiHeadAttn and MLP layers. Threshold r in Equation (6)
and (10) is set as r1 = r2 = 80%, 80%, 180% and 60% of the mean of
attention values for Solar Energy, Traffic, Electricity and Exchange
Rate dataset respectively. If not specified or tuned with Optuna,
all parameters are the same on four datasets. We report the mean,
or mean and standard deviation in ten runs with different random
seeds.

4.4 Main Results
Table 3 compares the performance of our proposed network and
baselinemodels for 3, 6, 12, and 24 steps ahead prediction on the four
datasets. The best results are highlighted in bold and the second-
best results are underlined.

We observe that the implementation of METRO, METRO-attn,
achieves state-of-the-art results in almost all cases. One interesting
observation is that METRO-attn gets more significant improvement
on longer-term predictions (horizon=12, 24). In other words, com-
pared with baselines, the model is more robust when the prediction
horizon becomes even larger. We credit this to the fact that METRO
models dynamic graph structure and the cross-scale information
fusion mechanism can enhance the pattern related to the target
horizon, thus, the prediction accuracy deterioration from small to
large horizons is not drastic.

Another observation is that HI achieves the best results on small
horizons, i.e., horizon = 3, the Exchange Rate dataset. This is resulted
from that the Exchange Rate dataset has an almost linear temporal

feature, which is easier to predict for naive models but can be over-
fitted by more sophisticated models such as MTGNN and METRO.

There is an overall trend that the prediction accuracy drops as
the prediction horizon increases. This follows our intuition that
farther future is harder to predict. However, for HI and Informer, we
can observe a rebound at the prediction horizon of 24, Electricity,
and Traffic datasets. We argue that this is because of the one-day
(24 hours) periodic pattern of the datasets and the two models both
having preference or mechanism to deal with periodic data, i.e.,
periodic phase similarity in historical data can greatly enhance the
performance of HI [4] and there is a time-stamp feature embedding
mechanism in Informer.

4.5 Detailed Study of METRO
4.5.1 Choice of Modules. As METRO is designed as a loosely cou-
pled framework, there can be many instances with different choices
of implementations for each module. In this section a comprehen-
sive analysis and comparison on different instances of METRO are
performed. In the following discussions, we take the representative
implementation METRO-attn as the standard and compare other
variants with it. Results of some variants can be regarded as the
ablation study of the framework METRO to verify the effective-
ness of some key components. We are mostly interested in the
trade-off between the prediction accuracy (RSE and CORR) and the
model efficiency, measured by training time, prediction time, GPU
memory cost and model size. The variants we experiment with are
reported in Table 1 and the results are reported in Figure 5, where
the dashed lines denote the best performance of RSE and CORR
among all baselines. The performance of three most recent works,
i.e. LSTNet-Skip [21], TPA-LSTM [33] and MTGNN [42], are also
included in Figure 5. All variants run 100 epochs with the same
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Figure 5: Trade off between prediction accuracy and train-
ing time, test time, GPU memory cost and model size on Ex-
change Rate dataset with horizon of 24.

hyper-parameter setting discussed before. We observe a similar
trend on the four datasets and report the results on the Exchange
Rate dataset at horizon 24 only. The same reason applies to results
reported in subsequent sections. Though convolution might not be
implemented in some variants, we retain the term "stride" when
describing the movement of receptive fields.

The very first observation is that most of our models signifi-
cantly outperform state-of-the-art baselines in both effectiveness
and efficiency. Besides, some other observations are as follows.

TGE. METRO-linear obtains node embeddings by linearly trans-
forming the concatenation of input time series. Each concatenation
is operated along the time axis of a scale-window-sized subsequence
of the input series, which then strides to the next subsequence. The
obtained tensor is then linearly transformed to a certain embedding
dimension, which is set as 16 in our experiments. While METRO-
linear is a little bit faster in training, METRO-attn performs better
on RSE and CORR, indicating the importance of comprehensively
modeling temporal information. It is also worth mentioning that
METRO-linear is slightly smaller than METRO-attn in terms of
parameters, but costs more training memory. This is because the
slicing operation needs extra containers to receive the time period
slices.

SGU. METRO-prev excludes the contextual update strategy and
only uses information from previous steps for aggregation and
update. We implement this variant by introducing a mask when
performing MultiHeadAttn, where the attention values of future
steps are masked as zeros. The effectiveness of the contextual up-
date strategy is evidenced by faster and more accurate prediction
of METRO-attn. The masks used in METRO-prev that prevent the
model from seeing feature values also increase training memory

Table 4: Performance of METRO-attn with different scales
for prediction on Exchange Rate and Electricity datasets
with horizon of 3 and 24.

Dataset Electricity Exchange Rate

Horizon 3 24 3 24

Scales RSE CORR RSE CORR RSE CORR RSE CORR

12 0.1906 0.8358 0.1122 0.8753 0.0206 0.9784 0.0435 0.9374
24 0.1165 0.9158 0.1026 0.8847 0.0186 0.9788 0.0434 0.9384
12,24 0.0966 0.9225 0.1030 0.8857 0.0214 0.9757 0.0442 0.9367
12,24,48 0.0808 0.9377 0.0999 0.9053 0.0183 0.9789 0.0432 0.9390
12,48 0.0945 0.9251 0.1019 0.9029 0.0243 0.9748 0.0494 0.9207
24,48,96 0.0717 0.9501 0.0912 0.9301 0.0182 0.9790 0.0431 0.9407
12,24,48,96 0.0848 0.9451 0.1046 0.9240 0.0325 0.9471 0.0457 0.9369
12,24,96 0.0729 0.9486 0.0919 0.9271 0.0276 0.9741 0.0427 0.9409

cost. However, as they are non-parameterized, the model size of
METRO-prev is the same as METRO-attn. For METRO-GRU, we
feed a 1-layer GRU with scale-window-sized subsequences of the
input and then take the last output hidden state as the aggregated
node embeddings. METRO-GRU exhibits the slowest speed for that
the embeddings are updated sequentially in GRU layers. The GRU
layer also introduces much more parameters, which slows the train-
ing process and leads to poor performance under limited epochs.
For the same reason, it needs more memory storage and results in
larger model size. METRO-GCN replaced the MultiHeadAttn func-
tion with a 1-layer GCN, in which the adjacency matrix is computed
through self-attention [39]. It can be observed that METRO-GCN
slightly hurts the prediction accuracy but has a significant increase
in time cost and storage-related metrics, which confirms the effi-
ciency of MultiHeadAttn.

CGF.METRO-cat andMETRO-sum are the variants of our frame-
work where cross-scale fusion is removed. The two variants can
indeed speed up the training process but significantly underperform
METRO-attn on prediction accuracy, which verifies the benefits of
cross-scale information propagation in modeling node embeddings.
The METRO equipped with either simplified fusion component has
only slightly less training memory cost than METRO-attn since the
overall storage cost of CGF kernels is negligibly small compared
with data-related storage. However, CGF does take an important
portion of storage if viewing the model itself, given that METRO-
cat and METRO-sum both have notably smaller model sizes than
METRO-attn.

4.5.2 Multi-scale Analysis. To analyze the effect of multiple scales,
we further evaluate the METRO-attn model with different scales
on Exchange Rate and Electricity datasets, for short- (horizon=3)
and long-term prediction (horizon=24). The stride size is fixed as
12. Table 4 depicts the results.

The first insight is that the choices of scales have an obvious
impact on the performance on the Electricity dataset, as shown
by the fact that for horizon 3, RSE reaches up to 0.1906 with scale
(12) and can be lowered to 0.0717 with scale (24,48,96). Moreover,
for the Electricity dataset, two scales are always better than one
scale and three get the best results. This is because the Electricity
dataset has more explicit periodical patterns (daily, weekly) that are
easier to be extracted by the model with multiple scales. Another
interesting observation is that the model gives better performance
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when larger scales are introduced, and the trend is more obvious
on horizon 24, e.g., RSE and CORR get better from scale setting
(12)→(12,24)→(12,24,48) on horizon 24 of the Electricity dataset.
This is in line with the intuition that considering the larger scales
enable the model to capture long-run/global patterns, which are
vital for long-term prediction.
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Figure 6: Effect of adapted cut-off threshold r on Exchange
Rate dataset with horizon of 24.

4.5.3 Effect of threshold r. Attention matrix with thresholds plays
a key role in the proposed model architecture. In this section, we
evaluate the effect of the thresholds on Electricity and Exchange
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tion set of Exchange Rate dataset, horizon
of 24.
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(b) CORR over training epochs on the val-
idation set of Exchange Rate dataset, hori-
zon of 24.

Figure 7: Effect of model layers and embedding dimensions.
RSE and CORR are measured for prediction on Exchange
Rate dataset at horizon 24.

Rate datasets, which have 8 and 321 variables respectively. We are
mostly interested in how the values of the thresholds contribute
to forecasting performance. Therefore, for simplicity, we first let
r1 = r2 = r and conduct experiments on 1) manually-set values of r
and 2) self-adapted values of r, which are calculated as n% of the
mean value of the attention matrix. The results are shown in Figure
6.

A graph whose adjacency matrix adopts directly from an at-
tention matrix can be seen as a fully connected graph. Removing
connections with attention values lower than a fixed threshold
only considers the absolute value of attention while ignores its
overall distribution. Accordingly, it inevitably leads to an inferior
performance, i.e., the RSE and CORR in Figure 6 (a) (b) (e) (f) are
significantly worse than most cases in Figure 6 (c) (d) (g) (h), where
the values of r are adapted. Another interpretation for this phe-
nomenon can be from the perspective of training: a fixed small
value of r might not be helpful enough in propagating useful in-
formation from potential neighbors, while a fixed large value of r
might introduce noise information. Thus, training is harder under
such an inflexible setting than using an adapted threshold. Form
Figure 6 (c) (d) (g) (h), we can tell that a relatively medium-value of
r benefits prediction the most. In conclusion, r has a great influence
on prediction accuracy and its value needs to be carefully decided
or the contribution could be negative. Although it is an empirical
parameter, 100% of the mean value is a simple and generally good
choice.

4.5.4 Effect of Network Depth. We further investigate the depth
of the proposed network. The results are demonstrated in Figure 7,
which are obtained on the validation set at the process of network
training on the Exchange Rate dataset at horizon 24. The notation
in the form of METRO-attn L-x-C-y denotes the network is of
x ∈ {1,2,3} layer deep with nodes of embedding dimension y ∈
{16,32,64}. Other hyper-parameters setting is in accordance with
those stated at the beginning of the section. We can conclude from
Figure 7 that, generally, a deeper network and larger embedding
dimensions enable higher CORR and lower RSE. However, it can
also be observed that with more epochs, RSE increases and CORR
decrease. This phenomenon is more significant in the case of deeper
networks and especially, with larger embedding dimensions, which
indicates that models with high complexity can over-fit more easily.
Many strategies such as early stop can be adopted to remedy this
problem but it is beyond the scope of this paper.
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Figure 8: Relative improvement of METRO over MTGNN
w.r.t. MSE and CORR on the online test.

4.6 Deployment and Online Experiments
Online experiments were conducted on the cloud-native time series
analytics platform of Huawei Cloud to verify the superior perfor-
mance of METRO. Huawei Cloud provides cloud and AI services
to hundreds of thousands of individual and industry customers,
including but not limited to storage, computing, and network re-
sources. Users of Huawei Cloud generate hundreds of thousands of
resource/solution queries every day. To guarantee user experience
and resource security, the time series analysis system watches over

Table 5: Statistics of deployment dataset.

Dataset # samples # variables Sample rate Input length
A6 3168 2 1 hour 168
B1 3168 6 1 hour 168
C1 3168 3 1 hour 168
C4 3168 1 1 hour 168

the state of certain services performing tasks such as anomaly de-
tection or predictive maintenance. To deploy METRO, we utilize
one Intel (R) Xeon(R) Gold 6278C CPU @ 2.60GHz and one Tesla
T4 GPU card. METRO was implemented as METRO-attn.

The dataset for training recorded the hourly virtual CPU (VCPU)
requirements of the users on Huawei Cloud. The training data
was collected from July 28. 2020 to December 7, 2020. We evaluated
METRO on four sub-datasets namedA6, B1, C1, and C4, respectively,
each corresponds to the VCPU queries in a specific pod. Different
dimensions in a dataset correspond to different VCPU types. A
detailed description of the datasets can be found in Table 5. We
tested METRO with the input length equal to 168 and prediction
horizon [3, 6, 12, 24], for a testing duration of about 1 month. State-
of-the-art MTGNN was chosen as a comparison method for its
superiority.

Figure 8 shows the relative improvement of METRO over MT-
GNN w.r.t. MSE and CORR. We can see that METRO-attn signifi-
cantly outperforms the baseline model in most cases, bringing up
to 20% and 1300% relative improvement w.r.t RSE and CORR on
dataset C1. Another interesting observation is that METRO tends
to perform much better when the data has more variables. For
example, the relative improvement on B1 and C1 is much more
significant than on A6 and C4. This further verifies that effectively
capturing correlations between variables can enhance prediction
accuracy.

It can also be observed from Figure 8 that there are some negative
improvements of MTEOR over MGTNN on C4. This phenomenon is
mainly because C4 is a univariate time series dataset. Since a large
portion of parameters of METRO-attn are designed for variable
interaction, which is not the case for MTGNN, a simple dataset like
C4 makes METRO-attn more vulnerable to overfit.

4.7 Visualizing METRO
We further evaluate METRO by visualizing model parameters and
prediction results in two case studies.

4.7.1 Temporal Graphs. Figure 9 shows the interpretability offered
by METRO’s temporal graphs using the Electricity dataset, predict-
ing horizon of 12. We plot the attention weights used to model the
adjacency matrix of single-scale graphs of one client (#32) over the
other 20 (#1 - #20) across two attention heads and seven time steps.

We see that though each attention head operates on its own
attention scale, they share a similar emphasis on certain clients.
For example, clients #8 - #14 are of higher attention weights to
the evaluated client on the first time step for both heads. This
observation suggests that some clients are more related to a specific
client and such information can be effectively captured by multiple
attention heads.
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t1
<latexit sha1_base64="FVaQdjUWZVLyUUalbbTR1NMDoKM=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpAft+3616NW8Oskr8glShQKPvfvUGCctirpBJakzX91IMcqpRMMmnlV5meErZmA5511JFY26CfH7qlJxZZUCiRNtSSObq74mcxsZM4tB2xhRHZtmbif953Qyj6yAXKs2QK7ZYFGWSYEJmf5OB0JyhnFhCmRb2VsJGVFOGNp2KDcFffnmVtC5qvlfz7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/4Hz+AAWYjZw=</latexit><latexit sha1_base64="FVaQdjUWZVLyUUalbbTR1NMDoKM=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpAft+3616NW8Oskr8glShQKPvfvUGCctirpBJakzX91IMcqpRMMmnlV5meErZmA5511JFY26CfH7qlJxZZUCiRNtSSObq74mcxsZM4tB2xhRHZtmbif953Qyj6yAXKs2QK7ZYFGWSYEJmf5OB0JyhnFhCmRb2VsJGVFOGNp2KDcFffnmVtC5qvlfz7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/4Hz+AAWYjZw=</latexit><latexit sha1_base64="FVaQdjUWZVLyUUalbbTR1NMDoKM=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpAft+3616NW8Oskr8glShQKPvfvUGCctirpBJakzX91IMcqpRMMmnlV5meErZmA5511JFY26CfH7qlJxZZUCiRNtSSObq74mcxsZM4tB2xhRHZtmbif953Qyj6yAXKs2QK7ZYFGWSYEJmf5OB0JyhnFhCmRb2VsJGVFOGNp2KDcFffnmVtC5qvlfz7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/4Hz+AAWYjZw=</latexit><latexit sha1_base64="FVaQdjUWZVLyUUalbbTR1NMDoKM=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpAft+3616NW8Oskr8glShQKPvfvUGCctirpBJakzX91IMcqpRMMmnlV5meErZmA5511JFY26CfH7qlJxZZUCiRNtSSObq74mcxsZM4tB2xhRHZtmbif953Qyj6yAXKs2QK7ZYFGWSYEJmf5OB0JyhnFhCmRb2VsJGVFOGNp2KDcFffnmVtC5qvlfz7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/4Hz+AAWYjZw=</latexit>

t2<latexit sha1_base64="P4+gfywhwn2dG1TBnMWEEbekCJE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKDzioDcoVt+ouQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ+1a1XOr3v1VpXGTx1GEMziHS/CgDg24gya0gMEInuEV3hzpvDjvzseyteDkM6fwB87nDwccjZ0=</latexit><latexit sha1_base64="P4+gfywhwn2dG1TBnMWEEbekCJE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKDzioDcoVt+ouQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ+1a1XOr3v1VpXGTx1GEMziHS/CgDg24gya0gMEInuEV3hzpvDjvzseyteDkM6fwB87nDwccjZ0=</latexit><latexit sha1_base64="P4+gfywhwn2dG1TBnMWEEbekCJE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKDzioDcoVt+ouQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ+1a1XOr3v1VpXGTx1GEMziHS/CgDg24gya0gMEInuEV3hzpvDjvzseyteDkM6fwB87nDwccjZ0=</latexit><latexit sha1_base64="P4+gfywhwn2dG1TBnMWEEbekCJE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKDzioDcoVt+ouQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ+1a1XOr3v1VpXGTx1GEMziHS/CgDg24gya0gMEInuEV3hzpvDjvzseyteDkM6fwB87nDwccjZ0=</latexit>

t3<latexit sha1_base64="WKj3HyKx2Jed9SQ/fr+DW4J1Vsw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB+xf9ssVt+rOQVaJl5MK5Gj0y1+9QczSiCtkkhrT9dwE/YxqFEzyaamXGp5QNqZD3rVU0YgbP5ufOiVnVhmQMNa2FJK5+nsio5ExkyiwnRHFkVn2ZuJ/XjfF8NrPhEpS5IotFoWpJBiT2d9kIDRnKCeWUKaFvZWwEdWUoU2nZEPwll9eJa2LqudWvftapX6Tx1GEEziFc/DgCupwBw1oAoMhPMMrvDnSeXHenY9Fa8HJZ47hD5zPHwigjZ4=</latexit><latexit sha1_base64="WKj3HyKx2Jed9SQ/fr+DW4J1Vsw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB+xf9ssVt+rOQVaJl5MK5Gj0y1+9QczSiCtkkhrT9dwE/YxqFEzyaamXGp5QNqZD3rVU0YgbP5ufOiVnVhmQMNa2FJK5+nsio5ExkyiwnRHFkVn2ZuJ/XjfF8NrPhEpS5IotFoWpJBiT2d9kIDRnKCeWUKaFvZWwEdWUoU2nZEPwll9eJa2LqudWvftapX6Tx1GEEziFc/DgCupwBw1oAoMhPMMrvDnSeXHenY9Fa8HJZ47hD5zPHwigjZ4=</latexit><latexit sha1_base64="WKj3HyKx2Jed9SQ/fr+DW4J1Vsw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB+xf9ssVt+rOQVaJl5MK5Gj0y1+9QczSiCtkkhrT9dwE/YxqFEzyaamXGp5QNqZD3rVU0YgbP5ufOiVnVhmQMNa2FJK5+nsio5ExkyiwnRHFkVn2ZuJ/XjfF8NrPhEpS5IotFoWpJBiT2d9kIDRnKCeWUKaFvZWwEdWUoU2nZEPwll9eJa2LqudWvftapX6Tx1GEEziFc/DgCupwBw1oAoMhPMMrvDnSeXHenY9Fa8HJZ47hD5zPHwigjZ4=</latexit><latexit sha1_base64="WKj3HyKx2Jed9SQ/fr+DW4J1Vsw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB+xf9ssVt+rOQVaJl5MK5Gj0y1+9QczSiCtkkhrT9dwE/YxqFEzyaamXGp5QNqZD3rVU0YgbP5ufOiVnVhmQMNa2FJK5+nsio5ExkyiwnRHFkVn2ZuJ/XjfF8NrPhEpS5IotFoWpJBiT2d9kIDRnKCeWUKaFvZWwEdWUoU2nZEPwll9eJa2LqudWvftapX6Tx1GEEziFc/DgCupwBw1oAoMhPMMrvDnSeXHenY9Fa8HJZ47hD5zPHwigjZ4=</latexit>

t4<latexit sha1_base64="oXLlsRihnG4vP5PAn6ddosrFpZw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKDzioDcoVt+ouQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ+2rqudWvftapXGTx1GEMziHS/CgDg24gya0gMEInuEV3hzpvDjvzseyteDkM6fwB87nDwokjZ8=</latexit><latexit sha1_base64="oXLlsRihnG4vP5PAn6ddosrFpZw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKDzioDcoVt+ouQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ+2rqudWvftapXGTx1GEMziHS/CgDg24gya0gMEInuEV3hzpvDjvzseyteDkM6fwB87nDwokjZ8=</latexit><latexit sha1_base64="oXLlsRihnG4vP5PAn6ddosrFpZw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKDzioDcoVt+ouQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ+2rqudWvftapXGTx1GEMziHS/CgDg24gya0gMEInuEV3hzpvDjvzseyteDkM6fwB87nDwokjZ8=</latexit><latexit sha1_base64="oXLlsRihnG4vP5PAn6ddosrFpZw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKDzioDcoVt+ouQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ+2rqudWvftapXGTx1GEMziHS/CgDg24gya0gMEInuEV3hzpvDjvzseyteDkM6fwB87nDwokjZ8=</latexit>

t5<latexit sha1_base64="YpGzjWobrP7MX/j56aSFMOyj/RE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEoseiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB+zX+uWKW3XnIKvEy0kFcjT65a/eIGZpxBUySY3pem6CfkY1Cib5tNRLDU8oG9Mh71qqaMSNn81PnZIzqwxIGGtbCslc/T2R0ciYSRTYzojiyCx7M/E/r5tieO1nQiUpcsUWi8JUEozJ7G8yEJozlBNLKNPC3krYiGrK0KZTsiF4yy+vktZF1XOr3v1lpX6Tx1GEEziFc/DgCupwBw1oAoMhPMMrvDnSeXHenY9Fa8HJZ47hD5zPHwuojaA=</latexit><latexit sha1_base64="YpGzjWobrP7MX/j56aSFMOyj/RE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEoseiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB+zX+uWKW3XnIKvEy0kFcjT65a/eIGZpxBUySY3pem6CfkY1Cib5tNRLDU8oG9Mh71qqaMSNn81PnZIzqwxIGGtbCslc/T2R0ciYSRTYzojiyCx7M/E/r5tieO1nQiUpcsUWi8JUEozJ7G8yEJozlBNLKNPC3krYiGrK0KZTsiF4yy+vktZF1XOr3v1lpX6Tx1GEEziFc/DgCupwBw1oAoMhPMMrvDnSeXHenY9Fa8HJZ47hD5zPHwuojaA=</latexit><latexit sha1_base64="YpGzjWobrP7MX/j56aSFMOyj/RE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEoseiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB+zX+uWKW3XnIKvEy0kFcjT65a/eIGZpxBUySY3pem6CfkY1Cib5tNRLDU8oG9Mh71qqaMSNn81PnZIzqwxIGGtbCslc/T2R0ciYSRTYzojiyCx7M/E/r5tieO1nQiUpcsUWi8JUEozJ7G8yEJozlBNLKNPC3krYiGrK0KZTsiF4yy+vktZF1XOr3v1lpX6Tx1GEEziFc/DgCupwBw1oAoMhPMMrvDnSeXHenY9Fa8HJZ47hD5zPHwuojaA=</latexit><latexit sha1_base64="YpGzjWobrP7MX/j56aSFMOyj/RE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEoseiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB+zX+uWKW3XnIKvEy0kFcjT65a/eIGZpxBUySY3pem6CfkY1Cib5tNRLDU8oG9Mh71qqaMSNn81PnZIzqwxIGGtbCslc/T2R0ciYSRTYzojiyCx7M/E/r5tieO1nQiUpcsUWi8JUEozJ7G8yEJozlBNLKNPC3krYiGrK0KZTsiF4yy+vktZF1XOr3v1lpX6Tx1GEEziFc/DgCupwBw1oAoMhPMMrvDnSeXHenY9Fa8HJZ47hD5zPHwuojaA=</latexit>

t6<latexit sha1_base64="mzwerQ5cD2AmeP5TWnuhN2azh8A=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB+zX+uWKW3XnIKvEy0kFcjT65a/eIGZpxBUySY3pem6CfkY1Cib5tNRLDU8oG9Mh71qqaMSNn81PnZIzqwxIGGtbCslc/T2R0ciYSRTYzojiyCx7M/E/r5tieO1nQiUpcsUWi8JUEozJ7G8yEJozlBNLKNPC3krYiGrK0KZTsiF4yy+vktZF1XOr3v1lpX6Tx1GEEziFc/DgCupwBw1oAoMhPMMrvDnSeXHenY9Fa8HJZ47hD5zPHw0sjaE=</latexit><latexit sha1_base64="mzwerQ5cD2AmeP5TWnuhN2azh8A=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB+zX+uWKW3XnIKvEy0kFcjT65a/eIGZpxBUySY3pem6CfkY1Cib5tNRLDU8oG9Mh71qqaMSNn81PnZIzqwxIGGtbCslc/T2R0ciYSRTYzojiyCx7M/E/r5tieO1nQiUpcsUWi8JUEozJ7G8yEJozlBNLKNPC3krYiGrK0KZTsiF4yy+vktZF1XOr3v1lpX6Tx1GEEziFc/DgCupwBw1oAoMhPMMrvDnSeXHenY9Fa8HJZ47hD5zPHw0sjaE=</latexit><latexit sha1_base64="mzwerQ5cD2AmeP5TWnuhN2azh8A=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB+zX+uWKW3XnIKvEy0kFcjT65a/eIGZpxBUySY3pem6CfkY1Cib5tNRLDU8oG9Mh71qqaMSNn81PnZIzqwxIGGtbCslc/T2R0ciYSRTYzojiyCx7M/E/r5tieO1nQiUpcsUWi8JUEozJ7G8yEJozlBNLKNPC3krYiGrK0KZTsiF4yy+vktZF1XOr3v1lpX6Tx1GEEziFc/DgCupwBw1oAoMhPMMrvDnSeXHenY9Fa8HJZ47hD5zPHw0sjaE=</latexit><latexit sha1_base64="mzwerQ5cD2AmeP5TWnuhN2azh8A=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB+zX+uWKW3XnIKvEy0kFcjT65a/eIGZpxBUySY3pem6CfkY1Cib5tNRLDU8oG9Mh71qqaMSNn81PnZIzqwxIGGtbCslc/T2R0ciYSRTYzojiyCx7M/E/r5tieO1nQiUpcsUWi8JUEozJ7G8yEJozlBNLKNPC3krYiGrK0KZTsiF4yy+vktZF1XOr3v1lpX6Tx1GEEziFc/DgCupwBw1oAoMhPMMrvDnSeXHenY9Fa8HJZ47hD5zPHw0sjaE=</latexit>

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Client

Ti
m

e 
st

ep

(a) head1

t7
<latexit sha1_base64="l2eavb6efG2sNnMz+0VZf20q4TM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEaI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKDzioDcoVt+ouQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/FsO5nQiUpcsWWi8JUEozJ/G8yFJozlFNLKNPC3krYmGrK0KZTsiF4qy+vk/ZV1XOr3v11pXGTx1GEMziHS/CgBg24gya0gMEInuEV3hzpvDjvzseyteDkM6fwB87nDw6wjaI=</latexit><latexit sha1_base64="l2eavb6efG2sNnMz+0VZf20q4TM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEaI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKDzioDcoVt+ouQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/FsO5nQiUpcsWWi8JUEozJ/G8yFJozlFNLKNPC3krYmGrK0KZTsiF4qy+vk/ZV1XOr3v11pXGTx1GEMziHS/CgBg24gya0gMEInuEV3hzpvDjvzseyteDkM6fwB87nDw6wjaI=</latexit><latexit sha1_base64="l2eavb6efG2sNnMz+0VZf20q4TM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEaI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKDzioDcoVt+ouQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/FsO5nQiUpcsWWi8JUEozJ/G8yFJozlFNLKNPC3krYmGrK0KZTsiF4qy+vk/ZV1XOr3v11pXGTx1GEMziHS/CgBg24gya0gMEInuEV3hzpvDjvzseyteDkM6fwB87nDw6wjaI=</latexit><latexit sha1_base64="l2eavb6efG2sNnMz+0VZf20q4TM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEaI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKDzioDcoVt+ouQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/FsO5nQiUpcsWWi8JUEozJ/G8yFJozlFNLKNPC3krYmGrK0KZTsiF4qy+vk/ZV1XOr3v11pXGTx1GEMziHS/CgBg24gya0gMEInuEV3hzpvDjvzseyteDkM6fwB87nDw6wjaI=</latexit>

t1
<latexit sha1_base64="FVaQdjUWZVLyUUalbbTR1NMDoKM=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpAft+3616NW8Oskr8glShQKPvfvUGCctirpBJakzX91IMcqpRMMmnlV5meErZmA5511JFY26CfH7qlJxZZUCiRNtSSObq74mcxsZM4tB2xhRHZtmbif953Qyj6yAXKs2QK7ZYFGWSYEJmf5OB0JyhnFhCmRb2VsJGVFOGNp2KDcFffnmVtC5qvlfz7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/4Hz+AAWYjZw=</latexit><latexit sha1_base64="FVaQdjUWZVLyUUalbbTR1NMDoKM=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpAft+3616NW8Oskr8glShQKPvfvUGCctirpBJakzX91IMcqpRMMmnlV5meErZmA5511JFY26CfH7qlJxZZUCiRNtSSObq74mcxsZM4tB2xhRHZtmbif953Qyj6yAXKs2QK7ZYFGWSYEJmf5OB0JyhnFhCmRb2VsJGVFOGNp2KDcFffnmVtC5qvlfz7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/4Hz+AAWYjZw=</latexit><latexit sha1_base64="FVaQdjUWZVLyUUalbbTR1NMDoKM=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpAft+3616NW8Oskr8glShQKPvfvUGCctirpBJakzX91IMcqpRMMmnlV5meErZmA5511JFY26CfH7qlJxZZUCiRNtSSObq74mcxsZM4tB2xhRHZtmbif953Qyj6yAXKs2QK7ZYFGWSYEJmf5OB0JyhnFhCmRb2VsJGVFOGNp2KDcFffnmVtC5qvlfz7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/4Hz+AAWYjZw=</latexit><latexit sha1_base64="FVaQdjUWZVLyUUalbbTR1NMDoKM=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTKUw6HnfTmltfWNzq7xd2dnd2z9wD49aJsk0402WyER3Qmq4FIo3UaDknVRzGoeSt8Px7cxvP3FtRKIecZLyIKZDJSLBKFrpAft+3616NW8Oskr8glShQKPvfvUGCctirpBJakzX91IMcqpRMMmnlV5meErZmA5511JFY26CfH7qlJxZZUCiRNtSSObq74mcxsZM4tB2xhRHZtmbif953Qyj6yAXKs2QK7ZYFGWSYEJmf5OB0JyhnFhCmRb2VsJGVFOGNp2KDcFffnmVtC5qvlfz7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/4Hz+AAWYjZw=</latexit>

t2<latexit sha1_base64="P4+gfywhwn2dG1TBnMWEEbekCJE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKDzioDcoVt+ouQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ+1a1XOr3v1VpXGTx1GEMziHS/CgDg24gya0gMEInuEV3hzpvDjvzseyteDkM6fwB87nDwccjZ0=</latexit><latexit sha1_base64="P4+gfywhwn2dG1TBnMWEEbekCJE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKDzioDcoVt+ouQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ+1a1XOr3v1VpXGTx1GEMziHS/CgDg24gya0gMEInuEV3hzpvDjvzseyteDkM6fwB87nDwccjZ0=</latexit><latexit sha1_base64="P4+gfywhwn2dG1TBnMWEEbekCJE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKDzioDcoVt+ouQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ+1a1XOr3v1VpXGTx1GEMziHS/CgDg24gya0gMEInuEV3hzpvDjvzseyteDkM6fwB87nDwccjZ0=</latexit><latexit sha1_base64="P4+gfywhwn2dG1TBnMWEEbekCJE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKUI9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKDzioDcoVt+ouQNaJl5MK5GgOyl/9YczSiCtkkhrT89wE/YxqFEzyWamfGp5QNqEj3rNU0YgbP1ucOiMXVhmSMNa2FJKF+nsio5Ex0yiwnRHFsVn15uJ/Xi/F8NrPhEpS5IotF4WpJBiT+d9kKDRnKKeWUKaFvZWwMdWUoU2nZEPwVl9eJ+1a1XOr3v1VpXGTx1GEMziHS/CgDg24gya0gMEInuEV3hzpvDjvzseyteDkM6fwB87nDwccjZ0=</latexit>

t3<latexit sha1_base64="WKj3HyKx2Jed9SQ/fr+DW4J1Vsw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB+xf9ssVt+rOQVaJl5MK5Gj0y1+9QczSiCtkkhrT9dwE/YxqFEzyaamXGp5QNqZD3rVU0YgbP5ufOiVnVhmQMNa2FJK5+nsio5ExkyiwnRHFkVn2ZuJ/XjfF8NrPhEpS5IotFoWpJBiT2d9kIDRnKCeWUKaFvZWwEdWUoU2nZEPwll9eJa2LqudWvftapX6Tx1GEEziFc/DgCupwBw1oAoMhPMMrvDnSeXHenY9Fa8HJZ47hD5zPHwigjZ4=</latexit><latexit sha1_base64="WKj3HyKx2Jed9SQ/fr+DW4J1Vsw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB+xf9ssVt+rOQVaJl5MK5Gj0y1+9QczSiCtkkhrT9dwE/YxqFEzyaamXGp5QNqZD3rVU0YgbP5ufOiVnVhmQMNa2FJK5+nsio5ExkyiwnRHFkVn2ZuJ/XjfF8NrPhEpS5IotFoWpJBiT2d9kIDRnKCeWUKaFvZWwEdWUoU2nZEPwll9eJa2LqudWvftapX6Tx1GEEziFc/DgCupwBw1oAoMhPMMrvDnSeXHenY9Fa8HJZ47hD5zPHwigjZ4=</latexit><latexit sha1_base64="WKj3HyKx2Jed9SQ/fr+DW4J1Vsw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB+xf9ssVt+rOQVaJl5MK5Gj0y1+9QczSiCtkkhrT9dwE/YxqFEzyaamXGp5QNqZD3rVU0YgbP5ufOiVnVhmQMNa2FJK5+nsio5ExkyiwnRHFkVn2ZuJ/XjfF8NrPhEpS5IotFoWpJBiT2d9kIDRnKCeWUKaFvZWwEdWUoU2nZEPwll9eJa2LqudWvftapX6Tx1GEEziFc/DgCupwBw1oAoMhPMMrvDnSeXHenY9Fa8HJZ47hD5zPHwigjZ4=</latexit><latexit sha1_base64="WKj3HyKx2Jed9SQ/fr+DW4J1Vsw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB+xf9ssVt+rOQVaJl5MK5Gj0y1+9QczSiCtkkhrT9dwE/YxqFEzyaamXGp5QNqZD3rVU0YgbP5ufOiVnVhmQMNa2FJK5+nsio5ExkyiwnRHFkVn2ZuJ/XjfF8NrPhEpS5IotFoWpJBiT2d9kIDRnKCeWUKaFvZWwEdWUoU2nZEPwll9eJa2LqudWvftapX6Tx1GEEziFc/DgCupwBw1oAoMhPMMrvDnSeXHenY9Fa8HJZ47hD5zPHwigjZ4=</latexit>
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Figure 9: Visualized single-scale attention across 2 heads and
7 time steps w.r.t. client #32 and clients #1 - #20 of the Elec-
tricity dataset, horizon of 12. It can be observed that the in-
terdependency between variables (clients) evolves over time.

The proposed temporal graph aims to capture time-evolving
variable correlations. For each attention head, we observe that the
attention weights evolve over time steps. Taking the first head as
an example, the most connected neighbors of the evaluated client
transfer from clients #8 - #14 to #9 - #15 and then #10 - #16, on time
steps 1 to 3. A similar trend can also be found on head 2. Therefore,
we can conclude that time-evolving feature temporal graphs is well
expressed by the model.

4.7.2 Model Predictions. Figure 10 displays sample predictions
from the validation set of the Electricity dataset, horizon of 12. The
two sub-figures (a) and (b) correspond to two different variables; the
left column is the prediction from state-of-the-art method MTGNN
[42] and the right column is from the proposed METRO-attn. We
mark the ground-truth value with dark solid lines and prediction
values with light dash lines. It can be observed that both methods
can well forecast the general trend, while METRO-attn successfully
captures detailed patterns, especially at peaks and valleys, which
once more verifies that the improvement of prediction performance
is indeed introduced by our proposed approach.

5 COMPLEXITY ANALYSIS
In this section, we analyze the time complexity of key components
of METRO by taking the implementationMETRO-attn as an ex-
ample. The time complexity can be summarized in Table 6. We here

Table 6: Time complexity of key components ofMETRO, tak-
ing METRO-attn as an example.

Module Time complexity

Temporal graph embedding unit O (NL2)
Single-scale graph update unit O (NL + N 2L2)
Cross-scale graph fusion kernel O (L + NM + N 2M2)

omit the parameter of batch size. There are some major notations
use in the following analysis: D denotes the number of scales; i rep-
resents the ith ; Ki represents kernel size corresponding to the ith

scale; Si denotes the stride length of the ith scale andC denotes the
number of output channel, a.k.a the number of kernels; N denotes
the number of variables of the MTS; L denotes the length of the
input MTS.

TGE. The time complexity of the temporal graph embedding
(TGE) unit in METRO-attn isO(N

∑D
i (

L−Ki
Si + 1)

2Ki 2C). Taking D,
Ki , Si andC as constants, the time complexity of the graph temporal
graph learning unit becomes O(NL2).

SGU. In the single-scale graph update (SGU) unit, the time com-
plexity can be calculated asO(

∑D
i Nki (

L−Ki
Si +1)C

2/h+N 2ki
2( L−KiSi +

1)2C +Nki (
L−Ki
Si + 1)C

2), where ki is the number of previous steps
taken into considered and h denotes the number of heads. In ad-
vanced version of SGU-Contextual (SGU-C), where not only previ-
ous information but some future information is considered, the time
complexity isO(

∑D
i N (ki+vi )(

L−Ki
Si +1)C

2/h+N 2(ki+vi )2(
L−Ki
Si +

1)2C + N (ki +vi )( L−KiSi + 1)C
2), where vi is the number of future

steps considered. Treating ki , vi , h, D, Ki , Si and C as constants,
the time complexity of SGU can be written asO(NL+N 2L2), which
indicates that attention computation and linear transforming of the
multi-head outputs are the most time-consuming operations of the
SGU unit.

CGF. The time complexity of the cross-scale graph fusion (CGF)
kernel has two major parts. One is resulted from the time-step
align operation, and the other one is resulted from the attention-
based fusion. Taking scale si as the standard scale, let Mi denote
the total number of sampled time steps from lower scales, mathe-
matically, the time complexity of the CGF kernel can be descried
asO(

∑i
1
L−Ki
Si + 1 +

∑D
i NMiC

2/h + N 2Mi
2C + NMiC

2). Treating
D, Ki , Si and C as constants, above formula can be rewritten as
O(L + NM + N 2M2).

6 RELATEDWORK
Known as one of the most widely used models for linear univariate
time series prediction, ARIMA [1, 40], which generalizes auto re-
gression (AR), moving average (MA), and autoregressive moving
average (ARMA) models, aims to extract autocorrelation between
samples. Additionally, the Seasonal ARIMA (SARIMA) [41] model
extends the ARIMA by adding a linear combination of seasonal past
values and/or forecast errors, and BHT-ARIMA [32] generalizes
the classical ARIMA to tensor form and incorporates it into Tucker
decomposition to better capture intrinsic correlation among mul-
tiple time series. LSVR [38] and TRMF [48] extend the univariate
autoregressive model to dynamic multivariate time series. Gaussian
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Figure 10: Prediction visualization on the Electricity dataset, horizon of 12. We plot 300 data points of the true time series
(black) and the predicted ones (blue) by MTGNN (left column) and (red) by METRO-attn (right column) for two variables of
the dataset. We can see that METRO’s predictions fit ground-truth better, especially in peaks and valleys of the data.

processes (GP) [28, 35] approach benefits the prediction by mod-
eling the data quantity properties that are inherited from normal
distributions.

In spite of the easy accessibility of the above statistic models,
they suffer from the strong approximation of linearity to com-
plex real-world problems. Recently, it has been proven that deep-
learning models are promising to capture non-linear interdependen-
cies [12, 30]. LSTNet [21], TPA-LSTM [33] and R2N2 [8] utilize RNN
to capture long-term temporal patterns. TLASM [45] employs the
tensorized LSTM to model the temporal patterns of long-term trend
sequences in a multi-task learning setting. The attention mecha-
nism is employed in [5, 15, 18] to model potential relation in time
series. [42] globally extracts the latent relations among variables
and propagates information through GNN based approach. How-
ever, they all fail to deal with dynamic variable correlations and
ignore potential relations between different temporal scales.

Rather than the typical setting of predicting values of a limited
number of time-steps, i.e. 48 steps or fewer [21, 33, 42], an emerging
line of work focuses on the problem of long sequence time-series
forecasting (LSTF), where up to 720 steps can be predicted at a time
[4, 52]. We here focus on the task of typical time series forecasting
for it fits wider real-world application scenarios. To verify the ef-
fectiveness of METRO, we also include models proposed for LSTF
for comparison and the experimental results verify the superiority
of our proposed model.

Temporal/Dynamic graphs have been attracting increasing atten-
tion in many fields. In the machine learning community, according
to the studied problem, previous works can be categorized into
two groups: learning on Discrete Time Dynamic Graphs (DTDG)
and learning on Continuous Time Dynamic Graphs (CTDG). Ap-
proaches for leaning on DTDG include aggregating graph snapshots

and then applying static methods [17, 23, 31], combining snapshots
with other learning-based models [43, 49, 50] and incorporating
time series models, e.g. RNNs [10, 16]. Only recently have CTDG
been addressed [29]. Sequential model based [24, 36, 37] and ran-
dom walk-based [25, 26] approaches have been proposed to learn
and update embeddings of nodes and edges. Some recent works
have also study dynamic knowledge graphs [6, 9, 44]. However,
the great majority of previous efforts on temporal graphs focus on
representation learning that evaluates the tasks of link prediction
or classification, which have very distinct challenges with time
series prediction and thus cannot be adopted directly.

7 CONCLUSIONS AND FUTUREWORK
In this paper, we propose METRO, a generic multi-scale temporal
graph neural network for MTS forecasting. Our approach models
MTS as a series of automatically learned dynamic graphs and at
multiple temporal scales. Effective propagation strategies have been
proposed to obtain the node embeddings where hidden temporal
patterns of MTS are encoded. The superiority of the approach is ver-
ified by the state-of-the-art results achieved on four offline bench-
mark datasets. Detailed ablation studies also show the effectiveness
of all key components. METRO has been successfully deployed
onto the time series analytics platform of Huawei Cloud, with sig-
nificant performance improvement demonstrated on a one-month
production environment test. In the future, we plan to explore the
automatic instance selection of the framework w.r.t. to specific
tasks.
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