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Abstract. The objective of cross-city transfer learning methods focuses on how
to effectively transfer knowledge from data-rich cities to help data-scarce cities,
and solve the problem that city development levels are quite unbalanced.
However, transfer-learning and meta-learning-based spatial-temporal approa-
ches can quickly learn and adapt to (novel-) source cities, but the prior expe-
rience in base-source cities will be largely forgotten, i.e., the models may lead to
catastrophic forgetting problem on base attributes. In this paper, we proposed an
incremental few-shot learning based spatial-temporal model (IFS-STP), which
utilized an incremental few-shot learner strives to build a generalized model that
can not only transfer learned knowledge from source cities to improve the
performance of spatial-temporal prediction in a target city with limited data but
also prevent the catastrophic forgetting problem of source cities. We evaluate
IFS-STP on traffic prediction tasks and the experience results show that our
approach significantly outperforms competitive baseline models.

Keywords: Spatial-temporal prediction * Incremental few-shot learning *
Meta-learning - Traffic prediction

1 Introduction

Recently, the construction of smart cities has been promoted with the application of
deep learning [1, 2]. In smart urban computing, the spatial-temporal prediction problem
is a fundamental problem, e.g., traffic flow, water quality, and air quality, which is the
key technique in building a smart city. Traffic prediction system has drawn increasing
attention due to its impacts in real-world applications such as deploy transportation
resources and control traffic signal intelligently.

Previous works achieve impressive breakthroughs in the spatial-temporal prediction
problem. To get around spatial-temporal prediction, basic time series models [3, 4],
regression models with spatial-temporal regularizations [5], and external context fea-
tures [6] are used for spatial-temporal prediction. Moreover, deep neural network
models significantly improve the performance of spatial-temporal prediction [6—8] by
characterizing nonlinear spatial-temporal correlations more exactly.
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However, the superior performance of these methods is conditioned on large-scale
training data which are probably inaccessible in real-world applications. Data collection
with unbalanced spatial distributions is the most common way to spatial-temporal
prediction problems. As an example, some regions may have abundant traffic data
whereas some regions may exist only a few days of traffic data for prediction.

The similarity of distributions between different cities verifies the spatial func-
tionality is globally shared [9]. Transfer learning [10] has been studied as an effective
solution to address the data insufficiency problem, by leveraging knowledge from those
cities with abundant data. While previous works achieve impressive breakthroughs in
the spatial-temporal prediction problem, there are at least three challenges in the
existing approaches: (i) The earlier methods transferring the knowledge from only a
single source city, would cause unstable results and the risk of negative transfer.
(i) Existing approaches are difficult to learn effectively with limited data due to missing
values or the effects of special events (e.g., holidays). (iii) [9] using meta-learning
methods with a rapid adaptation according to new information, e.g. MAML [11], but
old knowledge is forgotten equally quickly. This greatly reduces the generalization
ability of the model. To tackle the aforementioned practice problems, we proposed an
incremental few-shot learning algorithm that enables the backbone network to transfer
knowledge from multiple cities. Build on the insights of incremental learning, our
motivation is to pursue novel knowledge from new-source cities and merge it with prior
knowledge learned from previous experience (base-source cities) to prevent catas-
trophic forgetting [12]. Different from previous studies [9, 13], we aim to utilize
incremental few-shot learner strives to build a generalized model that can not only
transfer learned knowledge from source cities to improve the performance of spatial-
temporal prediction in a target city with limited data, but also prevent the catastrophic
forgetting problem of source cities. We summarize our contributions as follows.

e To the best of our knowledge, we are the first to utilize incremental few-shot
learning algorithm to solve the traffic flow prediction problem.

e We propose a novel IFS-STP framework to solve the problem by combining a
spatial-temporal network with the meta-learning paradigm. Moreover, we optimize
a memory regularizer, describing and storing long-term spatial-temporal patterns,
that reduces catastrophic forgetting from the incremental few-shot learning.

e We empirically demonstrate that IFS-STP compares favorably to state-of-art con-
ventional methods.

The remainder of this paper is organized as follows: Sect. 2 reviews the related
work. Section 3 defines some notations and formulate the problem. Section 4 intro-
duces the details of our proposed framework of IFS-STP. Then we apply our model on
five real-world datasets and conduct extensive experiments in Sect. 5. Finally, we
conclude our paper in Sect. 6.
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2 Related Work

In this section, we present recent researches related to our work, which mainly contains
some representative works for spatial-temporal prediction and knowledge transferring.
All these observations indeed motivate the work of this paper.

2.1 Spatial-Temporal Prediction

The earliest studies on spatial-temporal prediction problems almost only utilizes the
basic time series data (e.g., ARIMA). Recent work further utilize some context data to
make model more effective [14—16]. Wang et al. [14] propose to capture city dynamics
via venue information of POI data. Wu et al. [15] study shows that external datasets
(e.g., geotagged tweets, holiday and weather conditions) can be helpful. Tong et al.
[16] adopt a simple linear model with very high-dimensional features in predicting the
Unit Original Taxi Demand.

Recently, various deep learning methods have attracted much attention from many
researchers and have been applied to deal with the problem of spatial-temporal pre-
diction. Yi et al. [6] proposed a DNN-based distributed fusion network to fuse
heterogeneous urban data. Yu et al. [17] build a deep neural network based on LSTM
units to forecast urban traffic. Yao et al. [18] propose a novel Spatial-Temporal Dynamic
Network to model both spatial and temporal information with CNN and RNN.

2.2 Transfer Learning

Different from the traditional spatial-temporal prediction tasks which all rely on large-
scale training data, we aim to utilize meta-learning paradigm to transfer learned
knowledge from source cities to a target city with limited data samples to improve the
performance of spatial-temporal prediction of the target city.

Recently, few-shot learning methods have caught the attention of researchers.
These methods aim to transfer shared knowledge from multiple training tasks to a new
task for quick adaptation. [19] proposed a novel few-shot learning method to especially
adopt a deep neural network—meta-transfer learning. Jiang et al. [20] proposed to
extract multi-scale features and learns the relations between samples to achieve clas-
sification. In addition, this study also proposed a new loss function to optimize the
model. But a key challenge for meta-learning methods is catastrophic forgetting [12],
i.e., the model forgets the learned knowledge. Incremental Few-Shot (IFS) learning is
also known as few-shot learning. Different from previous meta-learning methods, IFS
will add basic tasks to the query set during the evaluation stage, and the classifier will
be augmented to include all tasks. Ren et al. [21] propose to add a learned regularizer to
help identify new classes while remembering old classes without having to review the
original training data.

However, only a few attempts have been made on transferring knowledge of space.
Wei et al. [22] propose to construct a regularization that can transfer the knowledge
between cities. For predicting traffic flow, Yao et al. [9] propose a framework to solve
spatial-temporal prediction by constructing a memory regularizer, which can learn a
global memory from all source cities. But this method is still based on MAML.
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3 Preliminaries

In this section, we first briefly and formally define the spatial-temporal prediction
problem. We following previous works [9, 13], and propose cross-city transfer learning
methods for spatial-temporal prediction, which solve the problem of the city develop-
ment levels are quite unbalanced. The objective of cross-city transfer learning methods
is to predict a certain type of service data (e.g., crowd flow) in a data-scarce city (target
cities) by transferring knowledge learned from a data-rich city (source cities).

Definition 1. Region. For consistency to prior works [7-9, 23], we partition a city ¢
into the W, x H, size (e.g., 1 km x 1 km) grid map with M regions in total
(M =W, x H.). We take each grid as a region r and r;; denotes a city region with
coordinates of (i,7). The whole set of regions in the city c is denoted as G..

Definition 2. Time Series. In a city ¢, we split the time period (e.g., 1 year) into equal-
length continuous time intervals. To be more specific, we denote the current/last time-
stamp as d, and the set of data time-stamps of ¢ can be defined as:

D, = [d. — |D.| + 1,d] (1)

Where |D,| is the number of time-stamps and D, is consist of | D, | equal-length time
intervals (e.g., 1 h). At a specific time-stamp d., we define the spatial-temporal series in
city ¢ as follows:

yc - {yn,d‘-'rc S Gmdc S ]D)c} (2)
Where y,. 4 is the spatial-temporal information. It’s a most common way to model a

variety of urban data in reality, e.g., traffic demand and air quality.

Definition 3. Spatial-Temporal Data. Given a set of source cities Cg =
{c1,¢2,...,¢,} with rich data and a target city Cpwith limited data, i.e., |D¢,| > |De,|.
In this aforementioned case, we formalize the problem.

Definition 4. Problem Definition. Our goal is to learn a spatial-temporal network
Fo(-) with parameters 0 to predict the spatial-temporal data in target city Cgat the next
time-stamp d ., + 1 Thereby, the problem can be calculated as predicting the spatial-
temporal information that maximizes the conditional probability:

y =ar max F
Vrepde,+1 = T8 T%'d%ﬂp(yr%,d%ﬂl’y%, 5) (3)

Then, we can formulate the error function of base-learner for each city c as:

min error (., 11 Vrepdepr1).

where )7r%,d%+1 = Folepcs) |D,| > D, |s
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According to the real application requirement, the error metric can be mean absolute
error, root mean squared error (RMSE), etc.

Definition 5. Application. In this paper, we use traffic prediction tasks to illustrate the
aforementioned problem concretely. Similar as the previous traffic volume prediction
studies in [8, 9, 23], each individual trip as the important part of the whole city traffic is
always departs from a region, and then arrives at the destination region after a period of
time. The start/end traffic volume in a region as the number of trips departing/arriving
from/in the region at a fixed time interval. Therefore, our work is aim to predict the start
and end volume of taxi at time interval d,, + 1.

4 Methodology

4.1 The Spatial-Temporal Network Architecture (ST-Net)

Recent researches [7, 9, 13, 23, 24] utilize convolution neural networks (CNN) and
long short-term memory (LSTM) as the basic components of the neural network to
learn spatial-temporal patterns and have achieved superior results. Thus, we follow
previous works [7, 9] that use CNN to capture the spatial interactions between regions
and an LSTM to learn sequential dependency, as shown in Fig. 1.

=l

d. —|D.|+1 d. — |D.| +2
C il W

[Frr,dﬁ\v,m] [Fn ,drmum]

w U T

(A .1+ [

Fig. 1. The architecture of the backbone network.

Convolution: Intuitively, the traffic volume in nearby regions may affect each other,
and the CNN can be effectively handled this situation. Specifically, in city ¢ at each
time interval d., we treat the spatial-temporal value of region r, and its surrounding
neighbors as a S x S image with v channels F,, 4, € R****”. In our work, we set v = 2,
i.e., we jointly predict taxi volume, one channel contains the start volume information,
another one contains end volume information. The CNN takes F). ;4. as input F 9 4 and
feeds it into L convolutional layers. The formulation of each convolutional layer / is
defined as follows:
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Fi»,dc = 6<W£*F£7(11 erl,), (5)

¢ = RELU(-) is an activation function and * denotes the convolutional operation.
er and blr are two learnable parameters in the /-th convolution layer. After stacking L
convolutional layers, a fully connected layer following a flatten layer is used to infer
the spatial representation A, _; for region r..

Temporal: In the sequel, we use LSTM to capture the temporal sequential dependency
and model sequential relations in the time series. The memory cell ¢, at time interval d in
LSTM is an accumulator of the state information. To be more specific, in each time
interval d., we take A, ;. as LSTM input, Ultimately, h,_ 4, from LSTM represents the
spatial and temporal representations of region r.. At last y. 4 4 can be accessed by:

Vrod, +1 = tanh(Wah,_4 +by) (6)
Where W, and b, are learnable parameters. The output of our backbone framework
is scaled to (—1, 1) via a tanh(-) function since we normalize the value of start and end

volume. We later demoralize the prediction to get the actual demand values. Moreover,
the loss function for each city ¢ we used is defined as:

L3, Y Fofes) - v o

where 0 is the learnable parameters in the spatial-temporal network.
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Fig. 2. The architecture and parameter update process (i.e., knowledge transfer process) of our
proposed model
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4.2 Incremental Few-Shot Learning

In this subsection, we proposed an incremental few-shot learning algorithm that enables
ST-Net to transfer knowledge from multiple cities. Albeit used meta-learning methods
with a rapid adaptation according to new information, such as MAML [11], Yao used a
meta-learning approach for spatial-temporal prediction [9], but old knowledge is for-
gotten equally quickly. The main issue of incremental learning [21, 25, 26] is to
overcome catastrophic forgetting [12], after learning the new tasks, the information of
the old task is missed, resulting in the poor performance of the model. Build on the
insights of incremental learning, our motivation is to pursue novel knowledge from
new-source cities and merge it with prior knowledge learned from previous experience
(base-source cities) to prevent catastrophic forgetting of the base-source cities. Thus,
we detail our meta-learning approach to incremental few-shot learning in three parts:
(i) Base-training phase, pre-training a backbone network (ST-Net) on a set of basic
cities; (ii) Incremental Few-Shot task, built upon the pre-trained model, meta-training is
done with episodes(tasks) form of training with our meta-learnd memory loader;
(iii) Meta-training phase, leverage memory regularizer to extract the mixture of the base
and novel knowledge. For better illustration, the incremental few-shot attribute learning
process of the proposed model is shown in Fig. 2. Details of these stages follow.

Base-Training Phase: Cs denotes the set of source cities Cs = {c1,¢2,...,¢,}. It is
split into base-source cities Cg and new-source cities Cg for base-training and meta
training, i.e., Cs = CgU Cg. We learn the backbone network (ST-Net) Fy(-) on Cs. The
purpose of this stage is to learn both a good base learner and a good representation. The
parameters of the backbone network Op, are learned in this stage and will be fixed
after base-training.

Incremental Few-Shot Task: We define the task training strategy widely used by
existing meta-learning based few-shot learning models [9, 11, 27]. Meta-learning
leverage the shared structure across different tasks from the task distribution p(7),
learning prior knowledge for new tasks. Each task 7; splits the sampled data-points
into support set S used for training the model with a memory loader and the query sets
Q for measuring whether or not training was effective.

Concretely, under the few-shot setting, we give a sample set from a set of new-
source cities C%. For each |C%|-way n-shot task, there are |C%| novel source cities
disjoint from the base-source cities. Each new-source city has # and v datapoints to
form the support set S” and novel-query set Q° respectively. Therefore, we have
subtask (Sb , Qb), in which we learn on S whose learnable parameters 0, are called
the fast weights as they are only used during this task. The query set Q consists of
samples not only from the novel but also base source cities, i.e., a (‘C§| + !Cg‘)-way.
Formally, we sampled v datapoints from C to form the base-query set Q“ and added to
0 to form the query set @ = QU 0. For each task, learnable parameters are updated
by computing loss during training on Q,. As indicated aforementioned, we use the
following steps to iteratively sample tasks 7 = S’ U Q and use them to train the model:
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e For each new-source city c€ C%, randomly sample # datapoints to form a support
set Sib;

e v data-points (¢ Sf) were extracted from base-source cities C and new-source
cities Cg respectively to form QY and Qf, where Q; = Q7 U Ql-b.

e Repeat step (1) and (2) for |7| = Z times.

Meta-training Phase: In the meta-training phase, we learn the meta-parameters in
order to minimize the joint prediction loss on Q; = Q?UQ?. Here, we design a
memory regularizer M (-, ¢) such that the fast weights are learned via minimizing the
loss L(Omera, S) + M(Bmera, @) where L(0pera, S) is Toot mean square error for traffic
volume prediction. For the meta-learning stage, the meta-parameters of meta-learner ¢
are optimized by iterative updating on S(Oers — 0,,,,), Which are exactly the
knowledge that encrypts spatial-temporal correlations. In our model, meta-parameters
are encapsulated via the attention-attractor network, which produces regularizers for the
fast weights in the few-shot learning objective.

4.3 Memory Regularizer Combine Base and Novel Knowledge

The similarity of distributions between different cities verifies the spatial functionality
is globally shared [9]. However, a target city still suffers from certain constraints.

To this end, we proposed a spatial-temporal memory regularizer to load the mixture
weight vectors Opye and 60,,.,,.We start with an attention mechanism to encode base
information (knowledge) 65,s.. Here we taken the learned vector (U, = Opyse.») Of each
base class stored in the memory matrix U = {U, U,, ...,‘ll|cg|}. The attention mech-

anism assigns the attention weight V, , to base weight vectors as follows (0 € C%):

1
oy = TA (ﬁ ZjeS; hj7 Hhase.w) )

exp(oy) ®)
Zw/ecg exp(tloy)’

uw’ = E el V(o’,wgbase,w + U07
S

Vw’,(o =

where A is the cosine similarity function, h; represents the spatial-temporal rep-
resentations of inputs in the support set S and 7 is a learnable temperature scalar. Thus,
the attention vector is used to compute the memory matrix, which stored a learned
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attractor vector of each base-source city, where Ufj is an embedding vector and serves
as a bias for the attractor. Thus we can derive the memory regularizer. The key feature
of memory regularizer is the regularization term M (0,10, $):

M= Z(:)’€|C§| (0’"61‘13“’/ - u“’/)Tdiag(eXp()}))(Ometcuu’ - uw’) (9)

where u,, is the so-called attractor and 0 / is the @ -th column Of 0. This

meta
sum of squared Mahalanobis distances from the attractors adds a bias to the learning
signal arriving solely from novel-source cities. To conclude, the meta-parameters ¢
include Uy, 7, and 7, which have the same dimension as base parameters 0j,,.. In meta-
training phase, we can formulate the task objective as:

1 -
£(817 gmetaa ¢) = - @ Zjeslyilogylsj + M(Gmemv d)) (10>
Once the support set is processed, 0, . is the optimal parameters that minimize the
regularized objective in Eq. 10. During testing on the joint prediction of both base and
novel source cities in query set Q, jzf =F (F v O*mem).

During meta-learning, for each task, ¢ are updated to minimize an expected loss of
the query set Q which contains both base and novel classes:

E(sz ¢a$i) = argmin - logp(Qi|9;wm(¢7 81)) (11)

The pseudo-codes for meta-training phase is outlined in Algorithm 1.

4.4 Parameter Optimization (Knowledge Transfer)

In each task, we need to minimize £(S;) to obtain 0}, through an iterative optimizer.
More importantly, need to transfer all learned knowledge to model and optimize it to

improve the prediction of the target cities. For this reason, the question is how to

efficiently compute %&j’”, i.e., back-propagating through the optimization. In our work,

we use the recurrent back-propagation (RBP) algorithm [28, 29] to efficiently back-
propagate through the fixed point. The fast weight updating via a fixed number of
gradient descent can be formulate as:

66+1 — 6

meta meta

— BVL(S;, 0510 (12)

Uy Ymeta
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Algorithm 1: IFS-STP Training Algorithm.

Input: The set of source cities Cs = C¢ U C2, the set of target cities Cj.
Output: Traffic volume prediction of each target city.

/* Base-Training Phase. */

Learn the parameters of backbone network 8, on C¢

/* Meta-Training Phase. */

[u—

2 fori=1,---,7do

3 {SF, 0P} «Sample support/novel-query set (C2);

4 a+b  Sample base-query set (C&) U Q°

5 Get the task 7; = {S?,0;}

6  while 6,,,.,, not converged do

7 Compute memory knowledge M by Eq 8 and 9 using 0,45, and 0,014
8 Compute L(S;; Omerq, )by Eq 10 using §; and M (6era, D);

9 Update Oy, through optimization step: Omerq < Vo, £(S1)

10 end

11  Evaluate task loss £(Q;; ¢; S;) on query set Q; by Eq 11;

/* Backprop through the above optimization via RBP */
/* A dummy gradient descent step */
12 gr’neta < Ometa — ,BvemetaL(‘Si)
9meta L)
B J < Gt P Somena’
14 Initialization g « p;
15 while g not converged do
16 p=3Jp—dp
17 9<9g+p

18 end
19  Update the network parameters: ¢p* « g7 ae;”f;m
20 end

/* Evaluating IFS-STP on target cities. */
21for each target city c, € Cy do
22 S« Sample a support set (c,);
23 Compute L(S; Oerar @) by Eq 12 and adapt parameters 6,,,., through opti-
mization step: Operq < Vo, ..o £(S)
24 Sample new series to form a query set @ and predict.
25end

where f is the step size. We update 0,,,.,, by a vanilla gradient descent process with
step size ff. The difference between two steps i can be written as:

lp(efneta) = (efneta) - Z(ereneta) (13)

where Z(05,01q) = 05t1, is the update function parameterized by 0Oy, At the
fixed point, y(6;,,,,) = 0, using the total derivative and the dependence of 67 . on ¢

we can get:
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aww:nem)_( _qT )‘1aeineta_a_z_
ap J ere‘r*neta b a¢_0 <14)

. T .
Since I = Jz - is

where Jz g . is the Jacobian matrix of Zwvaluated at 0" e

meta meta*

invertible, we reformulate Eq. 14 as:

. -1
=0 n) 5 13)

It is worth noting that, Eq. 13, Eq. 14, and Eq. 15 apply the Implicit Function
Theorem, which guarantees the existence and uniqueness of an implicit function. Similar
to previous work [9, 28], we use the Neumann series (7 — J7)"1p = X% (I p =to
compute the matrix-inverse vector product (7 — J7)~!p. To avert numerical instability
caused by directly applying the Neumann RBP algorithm, it proposed to add a damping

term ¢ to (7 — J7). The results is update by: 5 = (J7 — §7)"p , where 6 = 0.1.

5 Experiment

In this Section, we use traffic volume prediction (i.e., taxi volume prediction), an
important type of spatial-temporal prediction task in urban computing. Following
previous studies on traffic prediction [8, 9, 23], we aim to predict the start and end
volume of taxi at each time interval for each region to tackle the following issues:

e QI1: How does IFS-STP perform compared with the traditional traffic volume
prediction models, transfer-learning based models and meta-learning based
approaches?

e Q2: How do different parts in IFS-STP affect predictive performance?

¢ Q3: How do the optimization method affect the performance of IFS-STP?

5.1 Datasets

We use the datasets and experimental setup in [9]. We conduct experiments for the
domain application of taxi volume prediction, and collect datasets from five different
cities, i.e., New York City (NYC), Washington (D.C.), Chicago (CHI), Porto and
Boston (BOS).

Table 1. Descriptive statistics of all datasets.

Task | City | Trip records | Map size | Time span

Taxi | NYC | 6,748,857 | 10 x 20 | 1/1/15-7/1/15
D.C. | 8,151,077 |16 x 16 |5/1/15-1/1/16
Porto | 1,710,671 |20 x 10 | 7/1/13-6/30/14
CHI | 124,820 15 x 18 |9/1/13-11/1/14
BOS | 839,897 18 x 15 | 10/1/12-10/31/12
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Taxi Volume Prediction: For the task, we evaluate our proposed method on five real-
world mobility datasets, which collecting from five different cities, i.e., NYC, D.C.,
CHI, Porto, and BOS. Remarkably, we use Cs = {NYC,D.C.,Porto} as the source
cities (where C% = {NYC},C% = {D.C.,Porto}) and Cx = {CHI,BOS} (we only
predict start volume in BOS) as target cities.

5.2 Data Preprocessing

Table 1 details the statistics of all datasets. We spatially partition a city into a grid map
(regions). For example, in taxi volume prediction, the grid map size of NYC, D.C.,
CHI, BOS, Porto are 10 x 20, 16 x 16, 15 x 18, 18 x 15,20 x 10, respectively. In
addition, for each source city, we select 80% data for training/validation, and the rest
for testing. For each target city, we select the 1-day, 3-day and 7-day data for training,
and the rest for testing. And the time intervals of the traffic prediction task is 1 h.

5.3 Baselines

We compare our model IFS-STP with the following three group benchmark baselines.
Traditional traffic prediction methods:

e Historical average (HA): Historical average is the traditional time-series prediction
method, which predicts spatial-temporal value based on the average value of the
previous relative time interval.

e Autoregressive integrated moving average (ARIMA) [30]: ARIMA is a widely
used time-series prediction method in statistics.

e ST-Net*: ST-Net is a deep learning based method for traffic prediction.

Transfer-learning based traffic models:

¢ Fine-tuning Methods (FT): FT method is a transfer baseline. Following [13], we
use single-source fine-tune (Single-FT) and multi-source fine-tune (Multi-FT)
methods.

e RegionTrans [31]: RegionTrans proposed a novel deep spatial-temporal transfer
learning framework for traffic flow prediction.

Meta-learning based traffic approaches:

e MAML [11]: MAML proposed a meta-learning method based on learning easily
adaptable model parameters through gradient descent.

e MetaST [9]: MetaST leverages learned knowledge from multiple source cities to
help the prediction in target data-scarce cities for spatial-temporal prediction.
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5.4 Evaluation Metric

We evaluate our model using the widely used metrics: Root Mean Squared Error
(RMSE), which is defined as follows:

RMSE:L\/Z y (~ - )2 (16)
IN| Tep dc/a yrck,dck+1 yrcﬁ,dcﬁ+1

where f’r%,d%ﬂand Yrepdc,+imean the prediction value and ground truth of

region at time interval d + 1, respectively. |N| is the total number of samples in target
city Cp.

5.5 Experimental Settings

In the backbone network, we set all convolution kernel size to 3 x 3 with 64 filters, the
size of each neighborhood as 7 x 7 for convolution component and IFS-STP does not
use other external features; we set the number of steps in LSTM as 8, and the
dimension of hidden representation of LSTM as 128 in temporal component. In meta-
training phase of taxi volume prediction, we use Adam optimizer with a learning rate of
le-5. Moreover, in order to alleviate overfitting, we use early-stop in our experiments.

Table 2. Evaluation result compared to baseline.

Models Chicago(CHI) Boston(BOS)

Start End Start

1-day | 3-day | 7-day | 1-day | 3-day | 7-day | 1-day | 3-day | 7-day
HA 2.83/2.36 |2.18 | 2.67|2.28 [2.13 |[11.07| 9.13| 7.71
ARIMA 3.19 12.76 |2.71 293|243 241 | 293 | 243| 241
ST-Net 10.51 1 6.04 3.89 |10.51|6.04 3.89 |10.51| 6.04| 3.89

Single-FT |NYC CHI| 2.72 2.06 |1.76 | 2.57 1.87 | 1.60 |12.86| 9.50 | 8.11
D.C.CHI | 390|2.62 2.05 | 4.17/2.19 |2.15 |15.88 10.07]|10.16
Porto CHI| > 571187 |1.60 | 2.87/2.03 |1.74 | 1291 854 8.08
Multi-FT 2.18/1.89 |1.60 | 220 208 |1.69 | 850 822  8.01
Region |NYC CHI| 2.53 201 1.69 | 2.83/2.56 |1.72 |11.98 946  7.95
Trans D.C. CHI | 3.87|2.51 2.04 | 395 2.16 [2.03 1476 9.23|10.12
Porto CHI| 2.45/1.83 |1.60 | 2.85/1.98 |1.73 | 8.43| 8.09 8.07
MAML 201178 152 | 210/ 1.92 |1.66 | 8.18 7.60| 7.25
MetaML 195/1.70 148 | 2.04/1.79 |1.65 | 781 697 658
IFS-STP 191/1.65 146 | 199 1.70 '1.65 | 7.67| 6.71| 6.37




254 J. Wang et al.

5.6 Experimental Result

We evaluate IFS-STP on taxi volume prediction. To ensure a fair comparison, we
compare the baseline results obtained in [9] and use the experimental settings in [9].
We average the results of the 10 test times. Thus Table 2 shows the performance of our
proposed method as compared to all other competing methods in the taxi datasets,
respectively. According to Table 2, our proposed IFS-STP model implements the
lowest RMSE on test datasets, which significantly outperforms all baselines. To vali-
date, we evaluate our IFS-STP model on the standard traffic prediction methods and
meta-learning benchmark.

The traditional traffic volume prediction methods, e.g., HA and ARIMA, are per-
form ineffective, because these methods only rely on the historical records of predicted
value and overlook the spatial and temporal features. Nonetheless, in some situations
(1-day data for training), the traditional traffic volume prediction methods still have
competitive results when compared with ST-Net and some Single-FT, Region Trans
models, the reason lies in the traffic data is periodicity, so that we could predict traffic
start/end volume from limited data.

For transfer-learning based methods, e.g., Single-FT, Multi-FT and Region Trans
models, construct the deep spatial-temporal transfer-learning framework, which can
predict future traffic volume in target cities by transferring knowledge from source
cities. The experiment results in Table 2 show that comparing with ST-Net the
knowledge transfer between cities is effective for prediction. To be more specific, in
contrast to Single-FT and RegionTrans, Multi-FT is preferable in most cases, the
possible reason is that training on multiple source cities can obtain the diversity
information from the source domain.

Comparing with traditional and transfer-learning based models, all meta-learning
methods, e.g., MAML, MetaST, and IFS-STP achieve better performance. This is
because meta-learning methods learn the initialization of multiple cities based on
multiple cities, which can learn the common representation of spatial-temporal tasks in
different cities and quickly adapt to new tasks. In particular, our proposed model IFS-
STP achieves the best performance in all experimental settings. For every learning
model, the performance improves with more training data (e.g., 3-day, 7-day). On all
benchmarks, our model still shows a significant margin over the prior works, which
signifies that our iterative model can solve the few-shot objective till convergence is
better than baselines and that recurrent back-propagation is an effective and modular
tool for learning in a general meta-learning setting.

5.7 Parameter Sensitivity

We conduct a sensitivity analysis to investigate the influence of two important
parameters of IFS-STP. In this work, we report the results on Chicago dataset, but note
that the results are similar on other datasets. Figure 3 illustrates the impact of the
optimization method RBP on RMSE. We use the scenario of 3-day data for sensitivity
analysis.
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Fig. 3. Using T-BPTT and RBP to learn the proposed model.

In this study, we use the truncated BPTT [32] (T-BPTT) as the contrast experiment,
which is a commonly used algorithm in many recent meta-learning approaches [11,
33]. TBPTT is optimized for gradient-based T-step optimization, when T is small, the
training objective may have significant deviation. Remarkable, the RBP algorithm has
the same time complexity compared to truncated BPTT given the same number of
unrolled steps, but RBP does not have to store intermediate activations. From Fig. 3,
the performance of TBPTT learned models are comparable to RBP. However, when
solved to convergence at test time, the performance of T-BPTT models drops signif-
icantly. The reason may be they are only guaranteed to work well for a certain number
of steps and failed to learn a good regularizer.

6 Conclusions

In this paper, we show that our model trained with an incremental few-shot learning
curriculum achieves the top performance for tackling traffic prediction problems. We
start with the spatial-temporal network architecture with learnable parameters, and then
define the setup of incremental few-shot learning. In addition, we proposed a memory
regularizer to store the prior knowledge about source cities and extend it to the target
city, so as to improve the prediction accuracy of the target city.

For future work, we plan to investigate from three directions: (1) we plan to
organize the hierarchical memory to improve the long-term spatial-temporal charac-
teristics of the model. (2) We plan to further consider basic network structure and
combine Graph Neural Network with our model. (3) We plan to perform an inter-
pretative analysis of our model and analyze how the information is transferred.
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