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ABSTRACT
Machine learning (ML) is powering a rapidly-increasing number of
web applications. As a crucial part of 5G, edge computing facilitates
edge artificial intelligence (AI) by ML model training and inference
at the network edge on edge servers. Compared with centralized
cloud AI, edge AI enables low-latencyML inference which is critical
to many delay-sensitive web applications, e.g., web AR/VR, web
gaming andWeb-of-Things applications. Existing studies of edge AI
focused on resource and performance optimization in training and
inference, leveraging edge computing merely as a tool to accelerate
training and inference processes. However, the unique ability of
edge computing to process data with context awareness, a powerful
feature for building the web-of-things for smart cities, has not been
properly explored. In this paper, we propose a novel framework
named Pyramid that unleashes the potential of edge AI by facilitat-
ing homogeneous and heterogeneous hierarchical ML inferences.
We motivate and present Pyramid with traffic prediction as an il-
lustrative example, and evaluate it through extensive experiments
conducted on two real-world datasets. The results demonstrate the
superior performance of Pyramid neural networks in hierarchical
traffic prediction and weather analysis.
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1 INTRODUCTION
The last decade has witnessed the success of artificial intelligence
(AI) powered by machine learning (ML), especially deep learning
that has been widely employed to transform our lives, from face
recognition and natural language processing to medical diagnosis
[25]. In recent years, the proliferation of mobile and Web-of-Things
(WoT) applications has profoundly increased the volume of data
generated at the network edge. These data are normally transmitted
to the cloud to facilitate centralized ML model training and infer-
ence. This cloud AI model suffers from inherent limitations. First,
it struggles to ensure low latency for delay-sensitive applications,
e.g., web AR/VR [43], web gaming [32] and many WoT applications
[40]. For example, offloading a camera frame to an AWS server and
performing a computer vision task take more than 200 milliseconds
end-to-end [4]. Second, it incurs excessive traffic over the backhaul
network that is already under tremendous pressure.

Fortunately, edge computing offers a new computing paradigm
that enables ML at the network edge to overcome the above limita-
tions. In an edge computing environment, edge servers equipped
with computing resources are deployed at base stations or access
points [16]. ML models can be trained and deployed on edge servers
instead of remote cloud servers to facilitate edge AI [44]. Compared
with cloud AI, edge AI offers the following benefits:

• Model training and inference can be performed within close prox-
imity to data and end-devices. This enables real-time interactions
between AI applications and end-devices.

• Model training and inference at the network edge can minimize
the traffic produced over the backhaul network.

• Edge servers’ computing and storage resources suffice to facilitate
ML model training and inference that are too large and/or too
complex for lightweight end-devices.

• Powered by 5G, the high-speed links between end-devices and
edge servers minimize the delays caused in ML model training
and inference.

In an edge computing environment, an edge server communi-
cates with end-devices within its coverage area [16]. Data collected
by these end-devices, e.g., cameras, sensors and mobile phones, can
be transmitted to the edge server for processing. On one hand, an
ML model deployed on the edge server can capture the intra-level
spatial-temporal correlations in the data. Take traffic prediction as
an example. The road traffics in a region can be predicted based on
the traffic data collected by the sensors deployed in the region, as
demonstrated in Fig. 1(a). This is referred to as local prediction. In re-
cent years, a series of graph neural networks have been proposed to
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make traffic predictions based on such intra-region spatial-temporal
correlations [31, 41, 50]. On the other hand, an ML model can be
deployed on a remote cloud server to capture the inter-level spatial-
temporal correlations in the data collected by multiple edge servers.
For example, the traffics on a freeway connecting multiple regions
can be predicted based on the traffic data collected by the edge
servers deployed in these regions, as demonstrated in Fig. 1(b). This
is referred to as global prediction.
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For example, the traffics on a freeway connecting multiple regions
can be predicted based on the traffic data collected by the edge
servers deployed in these regions, as demonstrated in Fig. 1(b). This
is referred to as global prediction.

(a) Local Traffic Prediction (b) Global Traffic Prediction

Figure 1: Hierarchical Traffic Prediction
The benefits brought by edge computing enable hierarchical

ML inference that allows AI applications to perform both local and
global inferences. This is unprecedented prior to edge computing. In
this paper, we propose Pyramid, a novel framework that facilitates
hierarchical ML inference in the edge computing environment.
Based on the Pyramid framework, a Pyramid neural network (NN)
can be deployed across the edge and the cloud, as demonstrated in
Fig. 2. Training data collected by end-devices is fed to the Pyramid
NN. A properly-trained Pyramid NN can make local predictions on
edge servers and global predictions on the cloud server. Compared
with state-of-the-art studies [11, 31, 41, 50, 59], the unique features
of Pyramid are summarized as follows.
• Pyramid NNs can make homogeneous and heterogeneous hierar-
chical predictions while existing spatial-temporal graph neural
networks (GNNs) enable local predictions only. This unleashes
many new possibilities for building the WoT for smart cities,
e.g., smart transportation management, weather analysis, energy
consumption management, etc.

• Pyramid NNs capture the intra-level spatial-temporal correla-
tions at the local level, as well as the inter-level spatial-temporal
correlations between the local level and the global level. Com-
pared with conventional spatial-temporal GNNs, Pyramid NNs
obtain higher inference accuracy and faster convergence.

• Pyramid NNs can make local predictions on edge servers with
low inference delays. This contributes to real-time smart city
management and allows end-devices like autonomous vehicles to
respond rapidly to environmental changes like traffic congestion
and accidents.
In addition to traffic prediction, Pyramid also supports other ML

applications, e.g., air quality prediction [13], energy consumption
prediction [10], etc. In the remainder of this paper, we present and
discuss Pyramid with its application to traffic prediction, a key and
active task in smart city management [31, 50].

2 PROBLEM STATEMENT
In this section, we introduce definitions and formulate the problem
of hierarchical traffic prediction. A summary of the key notations
used in this paper is given in Table 1.

Figure 2: Pyramid in the Edge Computing Environment

Table 1: Notations

Notation Definition

𝐴𝑟𝑟
𝑘

Road-road adjacency matrix for 𝑘th region
𝐴
𝑟 𝑓

𝑙
Road-freeway adjacency matrix for 𝑙th freeway

𝐴𝑓 𝑓 Freeway-freeway adjacency matrix
𝐾 Number of regions
𝐿 Number of freeways
𝑀 Number of all freeway sensors
𝑁𝑘 Number of road sensors in the 𝑘the region
𝑁 Number of road sensors in all regions
𝑉 𝑟
𝑘

Road sensors monitoring roads in 𝑘th region
𝑉
𝑓

𝑙
Freeway sensors monitoring 𝑙th freeway

X Series of traffic flow data
X𝑟
𝑘

Road traffic matrix for 𝑘th region

By making use of the traces of historical traffic data collected
by sensors, a Pyramid NN can learn spatial-temporal traffic corre-
lations by 1) predicting traffics on the roads in individual regions;
and 2) predicting traffics on the freeways connecting these regions.
Traffic Network. Given 𝐾 regions connected by 𝐿 freeways, the
𝑁𝑘 road sensors monitoring the roads in the 𝑘th (1 ≤ 𝑘 ≤ 𝐾 ) region
are represented as 𝑉 𝑟

𝑘
= {𝑣𝑟

𝑘,1, · · · , 𝑣𝑟𝑘,𝑁𝑘
}. The set of the 𝑁 road

sensors are represented as 𝑉 𝑟 = {𝑉 𝑟1 , · · · ,𝑉 𝑟𝐾 }. On each of the 𝐿
freeways, there are usually at least three freeway sensors, including
two endpoint freeway sensors, one at each end that connects the
freeway to one of the two corresponding regions, and a midpoint
freeway sensor in themiddle of the freeway. The sensorsmonitoring
the 𝑙th freeway are represented as 𝑉 𝑓

𝑙
= {𝑣 𝑓

𝑙,1, 𝑣
𝑓

𝑙,2, 𝑣
𝑓

𝑙,3}. In total,
there are 𝑀 (𝑀 = 3𝐿) freeway sensors, represented by a set 𝑉 𝑓 =

{𝑉 𝑓1 , · · · ,𝑉
𝑓

𝐿
}.

Adjacency Matrices. The spatial distance between roads plays a
crucial role in road traffic correlations [11, 20, 50]. In an individ-
ual region, the traffic condition at a location impacts its adjacent
locations significantly [50]. For example, a congested road can
quickly reduce the traffic flow on nearby roads. Thus, similar to
[11, 20, 50], a road-road adjacency matrix for each of the 𝐾 regions
based on the spatial distance between roads is constructed, denoted
by 𝐴𝑟𝑟

𝑘
∈ R𝑁𝑘×𝑁𝑘 that corresponds to the 𝑘th region. On the free-

way that connects two regions, say the 𝑘1th and the 𝑘2th regions,
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active task in smart city management [31, 50].
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2 PROBLEM STATEMENT
In this section, we introduce definitions and formulate the problem
of hierarchical traffic prediction. A summary of the key notations
used in this paper is given in Table 1.

Table 1: Notations

Notation Definition

Ar rk Road-road adjacency matrix for kth region
A
r f
l Road-freeway adjacency matrix for lth freeway

Af f Freeway-freeway adjacency matrix
K Number of regions
L Number of freeways
M Number of all freeway sensors
Nk Number of road sensors in the kthe region
N Number of road sensors in all regions
V r
k Road sensors monitoring roads in kth region

V
f
l Freeway sensors monitoring lth freeway
X Series of traffic flow data
Xr
k Road traffic matrix for kth region

By making use of the traces of historical traffic data collected
by sensors, a Pyramid NN can learn spatial-temporal traffic corre-
lations by 1) predicting traffics on the roads in individual regions;
and 2) predicting traffics on the freeways connecting these regions.
Traffic Network. Given K regions connected by L freeways, the
Nk road sensors monitoring the roads in the kth (1 ≤ k ≤ K ) region
are represented as V r

k = {vrk,1, · · · ,vrk,Nk
}. The set of the N road

sensors are represented as V r = {V r
1 , · · · ,V r

K }. On each of the L
freeways, there are usually at least three freeway sensors, including
two endpoint freeway sensors, one at each end that connects the
freeway to one of the two corresponding regions, and a midpoint
freeway sensor in themiddle of the freeway. The sensorsmonitoring
the lth freeway are represented as V f

l = {vfl,1,v
f
l,2,v

f
l,3}. In total,

there are M(M = 3L) freeway sensors, represented by a set V f =

{V f
1 , · · · ,V

f
L }.

Adjacency Matrices. The spatial distance between roads plays a
crucial role in road traffic correlations [11, 20, 50]. In an individ-
ual region, the traffic condition at a location impacts its adjacent
locations significantly [50]. For example, a congested road can
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quickly reduce the traffic flow on nearby roads. Thus, similar to
[11, 20, 50], a road-road adjacency matrix for each of the K regions
based on the spatial distance between roads is constructed, denoted
by Ar rk ∈ RNk×Nk that corresponds to the kth region. On the free-
way that connects two regions, say the k1th and the k2th regions,
the traffic condition at an endpoint is impacted significantly by the
traffic conditions on adjacent roads in the corresponding region.
The traffic condition at the midpoint is impacted by the road traffics
in both regions. Their connections are described by a road-freeway
adjacency matrix A

r f
l ∈ R(Nk1+Nk2 )×3. The traffic conditions on

connected freeways are also correlated. We use a matrix Af f to
describe their connections.
Problem Definition. The historical traffic data collected by a road
sensor or a freeway sensor v over a period of T is represented by a
sequence Xv = (xv,1,xv,2, · · · ,xv,T ) ∈ RT . The historical traffic
data collected by all the road and freeway sensors are represented
as X = (X1, · · · ,XN ,XN+1, · · · ,XN+M ) ∈ R(N+M )×T . Given X,
hierarchical traffic prediction aims to 1) predict the traffic conditions
on the roads in individual regions at a future time stepT+1, denoted
as Xr

T+1 ∈ RN ; and 2) predict the traffic conditions on the freeways
connecting individual regions at a future time step T + 1, denoted
as Xf

T+1 ∈ RM .

3 PYRAMID NEURAL NETWORK
Fig. 3 overviews the Pyramid NN built for hierarchical traffic pre-
dictions. It is comprised of two main components: 1) Local Learners
deployed on edge servers for predicting road traffics in correspond-
ing regions; and 2) Global Learner deployed on a cloud server for
predicting traffic conditions on freeways connecting individual re-
gions. First, the traffic data collected by road sensors in a region
are transmitted to the edge server covering that region. The data is
then fed to the Local Learner to capture spatial-temporal road traf-
fic correlations for predicting road traffics. Then, the edge servers
covering different regions send the extracted road traffic features
to the cloud server to feed the Global Learner. The Global Learner
will aggregate these features with the data collected by freeway
sensors to capture the spatial-temporal freeway correlations for
predicting freeway traffics.

Figure 3: Hierarchical Traffic Prediction based on Pyramid

3.1 Local Prediction

Figure 4: Local Learner (for Road Traffic Prediction)

Based on Pyramid, a Local Learner is deployed on each edge
server to predict road traffics in the region covered by the edge
server. It is comprised of three main components, i.e., data model-
ing, feature extraction, and prediction components, as shown in
Fig. 4. The key is to capture complex spatial-temporal road traffic
correlations. State-of-the-art approaches, like STRN [31], STGNN
[50], LSGCN [20], and HGCN [11], have adopted a methodology
similar to ST-GCN [56], i.e., to capture spatial correlations with
graph convolutional networks (GCNs) and temporal correlations
with gated linear units (GLUs), or gate recurrent units (GRUs). Many
approaches, e.g., ST-GCN, LSGCN and HGCN employ the "sand-
wich" structure that consists of two temporal blocks and a spatial
block in-between. In particular, ST-GCN and HGCN stack multiple
such sandwiches to capture complex spatial-temporal correlations.
However, the temporal blocks between stacked sandwiches incur
extra training overheads and inference delays but do not necessarily
increase inference accuracy. Local Learner employs a novel "double
decker sandwich" structure that consists of three temporal blocks
interleaved with two spatial blocks to capture spatial-temporal road
traffic correlations.

3.1.1 Data Modeling. We put the historic traffic data collected by
road sensors into matrices readable to Local Learner. Let us assume
that the historical traffic data in the kth region are collected by
the Nk road sensors in the region over T time steps. The input
matrix Xr

k ∈ RNk×T for the corresponding Local Learner can be
represented as follows.

Xr
k =



xr1,1 . . . xr1,T−1 xr1,T
xr2,1 . . . xr2,T−1 xr2,T
...

. . .
...

...

xrNk−1,1 . . . xrNk−1,T−1 xrNk−1,T
xrNk ,1 . . . xrNk ,T−1 xrNk ,T


(1)

1862



WWW ’22, April 25–29, 2022, Virtual Event, Lyon, France Qiang He & Zeqian Dong, et al.

3.1.2 Feature Extraction. Local Learner employs temporal blocks
to extract temporal road traffic features from the input matrix Xr

k .
A temporal block includes a modified gate linear unit (GLU) [8].
The advantage of using GLU in the temporal block is that the gate
unit transmits both linear and non-linear features to subsequent
layers. This will retain most information for inference during the
forwarding propagation. Eq. (2) shows the operation performed by
the GLU to learn parametersW ∈ RNk and V ∈ RNk :

Xt−out = (WXt−in + b) ⊗ σ (VXt−in + c) (2)
where b, c ∈ RNk are the biases for the direct connect component
and the activation component, and σ is a sigmoid activation layer.
Specifically, the convolution for both components is calculated first.
Then, the sigmoid activation layer filters the activating part of the
convolution before the two parts are multiplied. There are three
temporal blocks in Local Learner. The input to the first temporal
block is matrix Xr

k produced by the data modeling block, i.e., Xt
in =

Xr
k . The inputs to the other two temporal blocks are the matrices

produced by their precedent spatial blocks.
Local Learner employs two spatial blocks to extract spatial road

traffic features. The main component of a spatial block is a Graph
Convolutional Network (GCN) [24], which captures spatial road
traffic correlations through graph convolution. Eq. (3) shows the
operation performed by the GCN to learn parameterW ∈ RNk :

Xs−out = τ (WXs−in · D−1/2ÂD−1/2) (3)
where Xs−in is the output of the precedent temporal block (see
Eq. (2)), i.e., Xs−in = Xt−out , τ is a ReLU activation layer, D is the
diagonal degree matrix with Di,i =

∑
j Âi, j , Âi, j = Ai, j + Ii , and

A is the adjacency matrix. When used by Local Learner, A is the
road-road adjacency matrix Ar rk defined in Section 2.

3.1.3 Prediction. Local Learner aims to predict Xr
T+1 ∈ RNk . It

employs a fully connected layer to do so, taking all the spatial-
temporal road traffic features outputted by the feature extraction
component as input:

Xr−out =WXin + b (4)
whereW ∈ Rf s×1 is the trainable weight and f s is the size of the
extracted features. Making local predictions, the output of a Local
Learner is the road traffics at time step T + 1, i.e., Xr−out = Xr

T+1.
In the meantime, it transmitsXin to Global Learner deployed in the
cloud to facilitate global predictions, i.e., freeway traffic predictions.

3.2 Global Prediction
The traffic on a freeway is spatially and temporally correlated with
the traffics in the regions connected by the freeway as well as those
on other freeways. Based on the Pyramid framework, a Global
Learner is deployed in the cloud to capture these freeway traffic
correlations. It is comprised of two main components, i.e., feature
extraction and prediction components, as shown in Fig. 5.

3.2.1 Feature Extraction. The inputs to Global Learner are the
road traffic features extracted by Local Learners deployed on edge
servers in different regions:

Xr = concatk=1, · · · ,K (Xin
k ) (5)

where Xin
k is transmitted from the kth Local Learner.

Figure 5: Global Learner (for Freeway Traffic Prediction)

From Xr , Global Learner captures three types of freeway traffic
correlations: 1) the spatial correlations between road traffics and
freeway traffics; 2) the spatial traffic correlations between freeways;
and 3) the temporal correlations in freeway traffics.

Global Learner employs a novel transformation block to convert
road traffic featuresXr into freeway traffic featuresXf . It uses two
sparse layers and a batch normalization layer in-between to capture
spatial correlations between freeway traffics and road traffics. The
first sparse layer converts the N -dimensional road traffic features
Xr to Q-dimensional intermediate features:

Xinter = (E0 ⊙W0) ∗ Xr + b0 (6)

whereW0 is the parameter to learn, b0 is a random bias commonly
used in neural network training, E0 is the embedding matrix for the
first sparse layer. The second sparse layer converts intermediate
features Xinter toM-dimensional freeway traffic features:

Xf = (E1 ⊙W1) ∗ Xbn−inter + b1 (7)

whereW1 is the parameter to learn, b1 is a random bias, Xbn−inter
is the intermediate features normalized by the batch normalization
layer (to be discussed later), E1 is the embedding matrix for the
second sparse layer.

Embedding layers E0 and E1 are constructed based on the road-
freeway adjacency matrices Ar fl , l = 1, · · · ,L. First, a N ×M global
road-freeway adjacency matrix Ar f is built from A

r f
l , l = 1, · · · ,L,

where each binary element ai, j ∈ Ar f indicates whether the ith
road sensor is relevant to the jth freeway sensor. Then, Ar f fac-
torized into N × Q E0 and Q × M E1 for the first and the second
sparse layers in the transformation block, where N > Q > M and
Q mod M = 0.

The batch normalization layer [21] between the sparse layers
aims to reduce the internal covariate shift. It stabilizes the training
of Global Learner by fixing the mean and variance of Xinter . First,
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it calculates the mean and variance of the elements in Xinter :

µ =
1
Q

Q∑
q=1

Xinter σ 2 =
1
Q

Q∑
q=1

(Xinter − µ)2 (8)

It then normalizes each dimension of Xinter :

Xbn−inter =
Xinter − µ√

σ 2 + ϵ
(9)

where ϵ is a minimum constant for numerical stability [21].
By learningW0 (Eq. (6)) andW1 (Eq. (7)), Global Learner cap-

tures the spatial correlations between road traffics and freeway traf-
fics. Next, given Xf (Eq. (7)) from the transformation layer, Global
Learner employs a "sandwich" structure to capture the spatial-
temporal freeway traffic correlations. Unlike Local Learners, its
spatial block uses Af f instead of Ar rk in Eq. (3).

3.2.2 Prediction. Global Learner employs a fully-connected layer
to produce the prediction results:

Xf −out =WXf + b (10)

whereW is the parameter to learn and b is a random bias. Making
global predictions, the output of Global Learner is the freeway
traffics at time step T + 1, i.e., T f −out = X

f
T+1 ∈ MM .

4 EVALUATION
To validate the applicability and performance of Pyramid, we im-
plement, train and test two Pyramid NNs, Pyramid-TP for traffic
prediction and Pyramid-WA for weather analysis. Due to the space
limit, this section will focus on Pyramid-TP and the evaluation of
Pyramid-WA is presented in Appendix A.

4.1 Experiment Setup
Dataset. Pyramid-TP is trained on the PeMSD4 dataset [3] widely
used for traffic predictions [1, 12, 20, 56]. It contains the traffic flow
information in five regions surrounding the San Francisco Bay Area,
collected by 963 road sensors and 57 freeway sensors over 7 months
between January and August in 2018.
Environment. To simulate a cloud-edge environment for exper-
iments, we hire a g3s.xlarge Amazon EC2 instance as the cloud
server and deploy five virtual machines in our private data center
as edge servers, each with a 4-core processor, 16GB RAM and a
GPU comparable to GeForce RTX 2080 Ti. We run network tests in
this environment and find that the network latency between the
cloud server and edge servers is between 90 and 140 milliseconds.
The network latency between sensors and edge servers is negligi-
ble because 5G technologies ensure ultra-low latencies between
end-devices and edge servers. In traffic prediction, the uplink speed
plays an important role in communication performance. Thus, sim-
ilar to [58], we throttle edge servers’ maximum uplink speed at
50MB/s, 500MB/s and 1,000MB/s to simulate slow, medium and fast
networking environments.
Baselines. In the experiments, Pyramid-TP is evaluated against
five representative traffic prediction approaches, two statistical
approaches, including ARIMA and SVR, and four neural network
(NN) based approaches, including LSTM, GRU, DDNN and HGCN.

1. ARIMA [51]: Auto Regression Integration Moving Average is
a widely-used approach for time series analysis. It is a common
baseline in traffic predictions [11, 31, 50, 55, 56] and predicts
road traffic and freeway traffic individually without considering
their spatial correlations.

2. SVR [46]: Support Victor Regression uses a support vector
machine to perform regression analysis for traffic predictions.
Its main limitations are its stability assumptions and the lack of
consideration in spatial-temporal traffic correlations. It is also a
common baseline in traffic predictions [50, 56].

3. LSTM [47]: Long-Short Term Memory is a classic NN model
for analyzing traffic time series [11, 31, 50, 56]. It is incapable
of modeling spatial traffic correlations.

4. GRU [7]: Gated Recurrent Unit is a lightweight variant of LSTM
with gate units and is often employed to analyze traffic se-
quences as time series [11, 20, 56]. Similar to LSTM, it does not
model spatial traffic correlations.

5. DDNN [49]: Deep Distributed Neural Network is a hierarchical
NNmodel that can be deployed across the edge and the cloud. Its
key idea is to partition a convolutional neural network (CNN)
into two parts to be deployed at the edge and in the cloud.
However, it processes the traffic data collected by different
sensors as individual traffic sequences and does not model the
spatial-temporal correlations in and between them.

6. HGCN [11]: Hierarchical Graph Convolution Network is the
state-of-the-art approach for traffic predictions, outperform-
ing ST-GCN [56] and GWNET [54]. It models the temporal
correlations within individual traffic sequences and the spatial
correlations between them.

Experiment Settings. Following the same settings as [31, 50], the
PsMSD4 dataset is split into three parts, the first part containing
70% of the data for training, the second part containing 20% for
test, and the third part containing 10% for validation. There are
a total of 32,256 time steps in the dataset. The 10-minute traffic
prediction at a time step is made based on the previous 20 time
steps. ARIMA, SVR, LSTM, GRU and DDNN make predictions for
individual locations, one per sensor, using the traffic time series
collected by these sensors as individual traffic sequences. HGCN
models the spatial-temporal correlations in the traffic data collected
by all sensors, including road sensors and freeway sensors, with
one graph neural network.

All the baselines are implemented and trained based on open-
source projects, following default hyper-parameter settings from
corresponding papers or common settings. When testing LSTM and
GRU, we train two models on the cloud server, one for predicting
road traffics solely based on road traffics and the other for predicting
freeway traffics solely based on freeway traffics. When testing
DDNN, we train and deploy multiple models across the edge and
the cloud, one for each region with two exits. The exits at the
edge make road traffic predictions and the ones in the cloud make
freeway traffic predictions. When testing HGCN, we train one
model on the cloud server for predicting road traffics and freeway
traffics, treating them equally. When testing Pyramid-TP, we train
one model with exits across the edge and the cloud, the ones at the
edge for road traffic predictions and the one on the cloud server for
freeway traffic predictions, similar to DDNN and BranchyNet [48].
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Pyramid-TP is configured with 16 features for temporal blocks and
8 features for spatial blocks. We employ the Adam optimizer [23]
for model training, with a learning rate of 0.0001, a batch size of
1,008, and the mean square error (MSE) as the loss. We run each
approach five times and report the average results.
Performance Metrics. Prediction accuracy is measured by four
commonly-used performance metrics, including Mean Squared Er-
ror (MSE), Mean Absolute Error (MAE), Root Mean Squared Error
(RMSE) and R-Squared (R2). Lower MSE, MAE, RMSE and higher
R-Squared values indicate higher accuracy.

4.2 Experimental Results
Overall Performance. The results are shown in Table 2 where the
best results are underlined. The performance of ARIMA and SVR
is impacted by the window size, i.e., the number of previous time
steps taken as input to make predictions. We demonstrate their
results obtained with windows size = 25 and 10. The performance
of neural networks is impacted by the number of training epochs.
We show their results obtained with 500 and 1,000 epochs. The
following key observations can be derived from Table 2.
1. Statistical approaches like ARIMA and SVR suffer poor perfor-

mance. A larger window size takes more data into consideration
but lowers their accuracy in general. This indicates that these
approaches cannot handle the temporal dynamics in traffic se-
quences well. The large accuracy margins between them and
NN-based approaches tell us that they are incapable of modeling
complex spatial-temporal traffic correlations.

2. Taking the advantages offered by the RNN architecture in ana-
lyzing time series, LSTM and GRU achieve remarkably higher
accuracy than statistical approaches. This indicates the impor-
tance of modeling temporal traffic correlations. However, LSTM
and GRU both overlook spatial traffic correlations.

3. DDNN has the worst performance among all five NN-based
approaches. In certain cases, it is even outperformed by ARIMA
and SVR. This shows that DDNN is not capable of modeling
complex spatial-temporal traffic correlations.

4. HGCN, as the state-of-the-art approach for traffic prediction,
improves prediction accuracy further compared with LSTM and
GRU by modeling both spatial and temporal traffic correlations.

5. Pyramid-TP achieves the highest prediction accuracy in almost
all the cases. With 1,000 epochs, it outperforms all the other
approaches significantly. This comes from its outstanding ability
to model spatial-temporal road traffic correlations, and three
types of spatial-temporal freeway traffic correlations discussed
in Section 3.2.1.

Model Fitting. Fig. 6 evaluates the ground truth against the pre-
dictions by Pyramid-TP (with 500 epochs) for a road and a freeway
randomly selected over seven days. We can see that it fit in the
ground truth perfectly, except only a few abrupt changes in ground-
truth traffics. This demonstrates the ability of Pyramid-TP to handle
complex traffics over time.
Model Convergence. Fig. 7 visualizes the convergence of the five
NN models for local prediction. Pyramid-TP is always the first to
converge, taking about 150 epochs. Unlike HGCN that attempts to
capture traffic correlations with one neural network, Pyramid-TP

(a) Local Traffic Prediction (b) Global Traffic Prediction

Figure 6: Predictions over Time

deploys a Local Learner on each edge server to capture the traffic
correlations in individual regions. These Local Learners are trained
in parallel, which accelerates model convergence for local predic-
tions. In the meantime, we can see that Pyramid-TP achieves the
highest prediction accuracy after convergence. This implies that
the local traffics in different regions are not strongly correlated
and road traffic correlations can be captured accurately by these
Local Learners rapidly and accurately. This also validates the abil-
ity of Pyramid to capture intra-level spatial-temporal correlations
accurately and rapidly.

(a) MSE (b) MAE

(c) RMSE (d) R-Squared

Figure 7: Model Convergence for Local Prediction
Fig. 8 visualizes the convergence of the five NN models for

global prediction. Again, Pyramid-TP is always the first to con-
verge, slightly faster than HGCN and significantly than the others.
Pyramid-TP and HGCN’s fast convergence indicates that the com-
bination of GNN and RNN is capable of capturing spatial-temporal
traffic correlations rapidly. Similar to Pyramid-TP, HGCN also cap-
tures the traffic correlations between different regions, which con-
tributes to freeway traffic predictions. This allows it to converge
almost as fast as Pyramid-TP. However, it treats road traffics and
freeway traffics equally and fails to capture the multiple types of
spatial-temporal freeway traffic correlations. Thus, its accuracy
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Table 2: Prediction Accuracy

Local Prediction (Road Traffic) Global Prediction (Freeway Traffic)
MSE MAE RMSE R-Sqaured MSE MAE RMSE R-Sqaured MSE MAE RMSE R-Sqaured MSE MAE RMSE R-Sqaured

Statistical Window Size = 25 Window Size = 10 Window Size = 25 Window Size = 10
ARIMA [51] 0.09 2.71 4.47 32.40% 0.07 1.96 3.71 45.71% 0.10 2.00 2.96 25.88% 0.07 1.22 2.09 47.25%
SVR [46] 0.09 2.09 2.88 24.79% 1.18 1.88 0.05 69.89% 0.09 1.62 2.21 16.90% 0.07 0.77 1.26 46.83%
NN-based 500 Epochs 1,000 Epochs 500 Epochs 1,000 Epochs
LSTM [47] 0.03 0.72 1.66 84.32% 0.03 0.64 1.36 87.32% 0.02 0.83 1.45 77.98% 0.01 0.73 1.39 80.12%
GRU [7] 0.02 0.92 1.66 84.61% 0.02 0.64 1.21 89.66% 0.01 0.45 0.96 89.48% 0.01 0.44 0.75 91.63%

DDNN [49] 0.05 1.23 2.25 72.60% 0.05 0.99 2.06 79.61% 0.16 1.81 3.99 40.31% 0.18 1.63 2.30 45.53%
HGCN [11] 0.03 0.84 1.91 81.37% 0.02 0.74 1.59 84.34% 0.01 0.58 0.83 90.45% 0.01 0.63 1.07 90.15%
Pyramid-TP 0.02 0.79 1.54 85.98% 0.01 0.25 0.46 92.81% 0.01 0.67 1.01 90.92% 0.01 0.40 0.63 95.46%

after convergence is much lower than Pyramid-TP. The results
indicate that Pyramid can capture inter-level spatial-temporal cor-
relations accurately and rapidly.

(a) MSE (b) MAE

(c) RMSE (d) R-Squared

Figure 8: Model Convergence for Global Prediction

Training Time. Fig. 9 compares the five approaches’ training times
over 500 epochs in slow, medium and fast networking environ-
ments. Overall, HGCN takes much more time than the other four
approaches to complete and Pyramid-TP’s training time is compa-
rable to LSTM, GRU and DDNN overall. When the uplink speed is
50MB/s, Pyramid-TP’s training time is almost the same as LSTM
and GRU, as shown in Fig. 9(a). When the uplink speed increases to
500MB/s, Pyramid-TP takes less time to complete the training pro-
cess than LSTM and GRU, as shown in Fig. 9(b). Another increase
in the uplink speed to 1,000MB/s does not reduce Pyramid-TP’s
training time further, as shown in Fig. 9(c). When the uplink speed
is above 500MB/s, the data transmission time between edge servers
and the cloud server is no longer a performance bottleneck. DDNN
also benefits from a high uplink speed, taking an average of only
22.8 minutes to complete across all three cases, 11.2% less than

Pyramid-TP. Its simple model is the root cause for this advantage.
However, it is also the reason for its poor prediction accuracy, as
demonstrated before.

(a) Slow (50MB/s) (b) Medium (500MB/s) (c) Fast (1000MB/s)

Figure 9: Training Time Comparison

Inference Delay. Compared with the cloud AI, a main advantage
offered by edge AI is low inference delay [58]. Fig. 10 compares the
average inference delays achieved by the five NN-based approaches.
Being able to perform local inferences at the edge, Pyramid-TP and
DDNN outperform the other approaches profoundly in making
fast road traffic predictions, taking only an average of only 36
milliseconds and 42 milliseconds, respectively. When it comes to
global prediction, Pyramid-TP and DDNN’s inference delays are
impacted by the uplink speed, similar to what we observed in
Fig. 9. Overall, Pyramid-TP and DDNN make the fastest highway
traffic predictions. An increase in the uplink speed broaders their
advantages over LSTM, GRU and HGCN. This indicates the high
efficiency of Pyramid-TP in making global predictions.

(a) Slow (50MB/s) (b) Medium (500MB/s) (c) Fast (1000MB/s)

Figure 10: Inference Time Comparison
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5 RELATEDWORK
Decentralized Machine Learning. To overcome the limitations
of centralized machine learning (ML), many new ML technologies
have been developed in the last several years. For example, data
parallelism [2, 27, 29] and model parallelism [9, 26] have been pro-
posed to accelerate the training of MLmodels, especially large-scale
ML models. The former partitions a training dataset into multiple
subsets, one for each worker that trains a replica of the ML model.
The latter partitions an ML model into multiple parts to be trained
by multiple workers in parallel. While these efforts are devoted to
decentralizing model training, some researchers have attempted to
reduce inference delays by enabling decentralized model inference
at locations close to data sources and users. A variety of techniques
have been proposed to enable mobile AI by performing ML model
training and inferences on mobile devices [36, 53, 60]. However,
training complex ML models on end-devices is impractical due to
their constrained computing and energy capacities [5]. For example,
a large CNN may take several minutes to process one single image
on a mobile device [35]. Techniques like model compression [6]
and model pruning [35] have been proposed to build compact ML
models that can be deployed on lightweight end-devices. However,
it is difficult and often impossible to obtain a high inference accu-
racy by training an ML model on an individual end-device due to
the low quantity and/or diversity of training data [42].

Following a similar idea as data parallelism, federated learning
[28] offers an architectural solution to training ML models on data
distributed across multiple participants like mobile devices and
Web-of-Things (WoT) devices [39]. It can be implemented under a
centralized or a decentralized setting. The former requires a central
parameter server that coordinates the training process and thus
is subject to performance bottlenecks and single point failures
[14]. Under the decentralized setting, participants must coordinate
themselves to train a common ML model [17]. However, the issue
of high resource and energy consumption remains [15].

Edge AI. Edge computing is a critical part of the 5G technology
stack. It offers a fundamental solution to many challenges faced by
cloud computing [38]. In an edge computing environment, edge
servers are attached to base stations or access points within close
proximity to end-devices like mobile devices [57]. End-devices can
upload data to nearby edge servers for processing. This allows ML
models to be deployed and trained on edge servers, which allevi-
ates the resource and energy consumption incurred by ML model
training on end-devices [44]. End-devices can also access services
and retrieve data from nearby edge servers with low latency. Thus,
ML inference can be performed on edge servers to inform real-time
decision-making for end-devices and end-users in a variety of do-
mains, e.g., social web [52], crowd sensing [61], food recognition
[33] and web AR [34]. Taking this advantage, researchers are in-
vestigating ML model partitioning to strike a trade-off between
inference delay and inference accuracy [18, 22, 58].

By processing data and provisioning services for nearby end-
devices, edge servers offer context awareness [19]. This is a unique
advantage that enables hierarchical ML applications for smart cities
like transportation management, weather analysis, energy con-
sumption management. For example, in a city that consists of mul-
tiple regions, ML models can be trained to predict road traffic and

freeway traffic, i.e., the example application adopted in this paper
for the presentation of Pyramid. ML models can also be trained
to predict road traffic and freeway traffic to make region-level
air quality predictions and city-level weather forecasts. Compared
with existing ML frameworks, the unique advantages of Pyra-
mid are: 1) it facilitates the deployment of neural networks
across the edge and the cloud to make both homogeneous
(road traffic vs. freeway traffic) and heterogeneous (air qual-
ity vs. weather) hierarchical predictions; 2) it allows local
predictions like road traffic and air quality predictions to be
made in real time.

Traffic Prediction. Traffic prediction is one of the core functions
required for smart transportation management and has been stud-
ied intensively in the last two decades. Traditional approaches
employ linear regression models such as ARIMA [51] and ARIMA
[45]. These statistical models cannot well capture the complex traf-
fic correlations and lose the competition to ML models based on
stacked Auto-Encoder [37] and GCRN [30]. In 2017, Yu et al. pro-
posed STGCN [56], the first graph neural network (GNN) based
model for traffic predictions and achieved convincing results. After
that, the ability of GNN to model spatial-temporal traffic correla-
tions fueled the development of many GNN models, e.g., ASTGCN
[12], GWNET [54], AGCRN [1], STGNN [50], LSGCN [20], STRN
[31] and HGCN [11]. Compared with STGCN, these models con-
sider more factors, e.g., road conditions, weather conditions, etc.
These models advanced the accuracy of road traffic predictions, one
better than the other. However, when used to make freeway traffic
predictions, they cannot systematically capture the three types of
freeway traffic correlations described in Section 3.2.1.

Inspired by data parallelism and model parallelism, Pyramid
employs multiple Local Learners to make local predictions on edge
servers in the corresponding regions, and a Global Learner to make
global predictions on a cloud server. It is capable of capturing both
intra-level and inter-level spatial-temporal correlations accurately
and rapidly, as demonstrated in Section 4.

6 CONCLUSION AND FUTUREWORK
In this paper, we proposed Pyramid, a novel framework that enables
homogeneous and heterogeneous hierarchical machine learning
(ML) inferences. It leverages the unique advantages offered by edge
computing to make accurate local and global predictions by jointly
capturing intra-level spatial-temporal correlations and inter-level
spatial-temporal correlations. It can also facilitate low-latency local
inference. Two Pyramid NNs, one for road and freeway traffic
predictions, and the other for air quality and weather forecasts
were built. Extensive experiments were conducted to evaluate the
performance of Pyramid on widely-used datasets demonstrate their
superior performance against state-of-the-arts. In the future, we
plan to capture other factors that have been proven relevant to road
traffic, e.g., road conditions andweather, to investigate their impacts
on freeway traffic prediction and the extensibility of Pyramid.
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A WEATHER ANALYSIS
To demonstrate that Pyramid is also applicable to hierarchical in-
ferences in other domains in addition to traffic prediction, we build,
train and test a Pyramid NN named Pyramid-WA tomake air quality
predictions at the edge and weather forecasts in the cloud.

A.1 Experiment Setup
Dataset. Pyramid-WA is trained on the public KDD18-Beijing dataset1.
This dataset contains hourly air quality information measured by
5 significant pollutants over 13 months between 2017-01-01 and
2018-01-31, including PM2.5, PM10, NO2, CO and O3. The data is
collected from 35 air quality monitoring stations deployed across
five regions in Beijing city. It also contains the weather informa-
tion of 10 classes, e.g., Sunny, Rainy, Cloudy, etc., over the same 13
months
Environment. The experiments on Pyramid-WA are conducted in
the same environment described in Section 4.1, including five edge
servers and a cloud server.
Baselines. Pyramid-WA is evaluated against LSTM [47], GRU [7],
DDNN [49] and HGCN [11]. ARIMA [51] and SVR [46] are not
included because they are not designed to perform classifications.
Experiment Settings. The dataset is split into three parts, 70% of
the data for training, 20% for test and 10% for validation. Similar
to the settings described in Section 4.1, LSTM, GRU and DDNN
models are trained on air quality data to predict air quality, on
weather data to forecast weather. HGCN is trained in a different
way from the experiments on Pyramid-TP. Two HGCN models are
trained, one on air quality data to predict air quality and the other
on weather data to forecast weather. All the approaches predict the
air quality and the weather hourly.

When testing Pyramid-WA, similar to Pyramid-TP, Local Learn-
ers are trained on edge servers to predict air quality at the 35 air
quality monitoring stations. Global Learner is trained on the cloud
server to forecast weather in the five regions. In general, weather
impacts air quality, but not the other way around. For example, on
rainy days, some air pollutants and pollen in the air are washed
away, which increases the air quality. To capture such inter-level
correlations, weather features extracted by Global Learner are fed
to Local Learners for training, in addition to historical air quality
data.
Performance Metrics. Air quality prediction is a regression pre-
diction, similar to traffic prediction. Thus, MSE, MAE, RMSE and
1https://biendata.com/competition/kdd_2018/data/

R-Squared are employed to evaluate the accuracy of Local Learn-
ers. Weather forecast is classification. Thus, MLE and precision are
employed to evaluate the accuracy of Global Learner.

A.2 Experiment Results
Table 3 presents the results. We can see that Pyramid-WA achieves
the highest prediction accuracy in almost all the cases, outperform-
ing the other approaches significantly. Three key conclusions can
be drawn. 1) Pyramid can support hierarchical inferences in various
domains, capturing both intra-level and inter-level temporal-spatial
correlations accurately and rapidly. 2) Pyramid can facilitate homo-
geneous and heterogeneous hierarchical inferences. Pyramid-TP
makes road traffic predictions and freeway traffic predictions, which
are homogeneous. Pyramid-WA makes air quality predictions and
weather forecasts, which are heterogeneous. 3) Pyramid can capture
inter-level spatial-temporal correlations both ways. Pyramid-TP
includes road traffic features in freeway traffic predictions. Pyramid-
WA includes weather features in air quality predictions.

The comparison between Pyramid-TP and the baselines in model
convergence, training time and inference time is similar to what
was presented in Section 4.2. It is thus omitted here.

Table 3: Prediction Accuracy

Local Prediction (Air Quality Index) Global Prediction (Weather)
MSE MAE RMSE R-Squared MSE MAE RMSE R-Sqaured MLE Precision MLE Precision

500 Epochs 1,000 Epochs 500 Epochs 1,000 Epochs
LSTM [47] 0.33 3.66 5.80 33.33% 0.25 3.84 5.05 49.51% 0.90 43.21% 0.91 43.21%
GRU [7] 0.11 2.18 3.85 53.16% 0.09 2.01 2.85 85.99% 0.63 68.95% 0.32 78.57%

DDNN [49] 0.36 2.13 3.15 56.85% 0.22 2.08 3.77 67.88% 2.25 43.21% 1.70 43.21%
HGCN [11] 0.10 2.13 3.16 59.13% 0.09 2.26 2.83 85.11% 0.91 43.21% 0.22 68.80%
Pyramid-WA 0.09 2.01 2.95 67.39% 0.09 2.09 2.83 90.78% 1.51 79.28% 1.40 80.92%
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