HISHIEHE R EF IR SREE

Self-supervised learning of spatio-temporal trajectories
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» [user] [check-in time] [latitude] [longitude] [location id]
* 196514 2010-07-24T13:45:06Z 53.3648119 -2.2723465833 145064
}_l_ y& 196514 2010-07-24T13:44:58%Z 53.360511233 -2.276369017 1275991
j:E 196514 2010-07-24T13:44:46Z 53.3653895945 -2.2754087046 376497
N k 196514 2010-07-24T13:44:38%Z 53.3663709833 -2.2700764333 98503
E?{MEHQH&?% 1;$ 196514 2010-07-24T13:44:26Z 53.3674087524 -2.2783813477 1043431
196514 2010-07-24T13:44:08Z2 53.3675663377 -2.278631763 881734
. R 1§!J 196514 2010-07-24T13:43:18Z 53.3679640626 -2.2792943689 207763
QUFEBIASEESE AT 196514 2010-07-24T13:41:10Z 53.364905 -2.270824 1042822
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= | = % FoursquareNYC 1,077 3,908 82,091
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W g 1 {§ Foursquare-JKT 9,193 13,105 536,792
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Tra
Time of aRadio
Signal
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signal_id

1

© N O OB WwN

day_num
190.511826148

190.511826148
190.511826148
190.511826148
190.511826148
190.511826148
190.511826148
190.511826148

vehicle_id

10
10
10
10
10
10
10
10

trip_id

2400
2400
2400
2400
2400
2400
2400
2400

time_stamp

0
100
1000
1100
1700
2100
2200
2500

IR EES

latitude

42.27820111MM
42.27820111MM
42.27820111M
42.27820111M
42.27820111M
42.27820111M
42.2782011111
42.2784791667

longitude

-83.7484502778
-83.7484502778
-83.7484502778
-83.7484502778
-83.7484502778
-83.7484502778
-83.7484502778

-83.7483075

speed
33.7599983215

33.7599983215
31.5599994659
31.5599994659
31.5599994659
29.4099998474
29.4099998474
29.4099998474

¥ s PBHE HRBEEE PNEANE

R
t,E RE 298,995 3,791 7,025,468
10 Z'% W% 376407 3,558 10,198,837
R 1T W/REE 614,830 3,704 12,692,468
=] WORE 55,120 2225 1482751

Satellites is the
Basis of the System
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Input layer Hidden layer Output layer
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T. Mikolov, K. Chen, G.
Corrado, and J. Dean,
“Efficient Estimation of
Word Representations in
Vector Space.” in ICLR
2013.
T. Mikoloy, I. Sutskever, K.
Chen, G. S. Corrado, and J.
Dean, “Distributed
Representations of Words
and Phrases and their
Compositionality,” in
NeurlPS 2013.
X. Rong, “word2vec
Parameter Learning
Explained.”
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M. E. Peters et al., “Deep contextualized word representations.” in HLT-NAACL 2018.
J. Devlin, M.-W. Chang, K. Lee, and K. Toutanova, "“BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding.”
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Feng S, Cong G, An B, et al. POI2Vec: Geographical latent representation for predicting future visitors[C]//Proceedings of the AAAI

Conference on Artificial Intelligence. 2017, 31(1).
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» Time-Aware Location Embedding (TALE)
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Huaiyu Wan, Yan Lin, et al. Pre-training time-aware location embeddings from spatial-temporal trajectories. /EEE Transactions on
Knowledge and Data Engineering (TKDE), 2021, 34 (11), 5510-5523.
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» Context and Time-aware Location Embeddings (CTLE)
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Yan Lin, Huaiyu Wan, et al. Pre-training Context and Time Aware Location Embeddings from Spatial-Temporal Trajectories for User Next
Location Prediction. 7he 35th AAAI Conference on Artificial Intelligence (AAAI), 2021, 35(5), 4241-4248.
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» Context and Time-aware Location Embeddings (CTLE)
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Hinton G E, Salakhutdinov R R. Reducing the dimensionality of data with neural networks[J]. science, 2006, 313(5786): 504-507.
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Kingma D P, Welling M. Auto-encoding variational bayes[C]//2nd International Conference on Learning Representations (ICLR), 2014.
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Compressed Image
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e SEEIRES

Vincent P, Larochelle H, Bengio Y, et al. Extracting and composing robust features with denoising autoencoders[C]//Proceedings of the
25th international conference on Machine learning. 2008: 1096-1103.

RRER EmA BEEE WHEY RRRE 31




=T BRiSsriITRTR TS

> BémtSes A F AL EYR
- (RAEFRTHEESHNAHEERIER, RBETHTHVHEN

Decoder

DR

BRigss XMHFEI  KREE



BT BRBEINTERRES

> traj2vec
- (EREIEREUERS. INRE. TRARSFSNFEIL

Learning Target b1 | |bo

< A A
Encoder Moving Behavior o
Vector z 1 C1 Yy 1 C
EFRNNE ~_|.
\ A 2 (0]
FABEREE | (e () . il
T Decoder I
b1 b2 I b ] - - br rC1—:
- Yao D, Zhang C, Zhu
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Midjourney's artificial intelligence program.
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mind that the Al is capable of
understanding a wide range of language
and can interpret abstract concepts, so feel
free to be as imaginative and descriptive as
possible. For example, you could describe a
scene from a futuristic city, or a surreal
landscape filled with strange creatures. The
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resulting image will be. Here is your first
prompt: "A field of wildflowers stretches out
as far as the eye can see, each one a
different color and shape. In the distance, a
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I want you to act as an academician. You
will be responsible for researching a topic
of your choice and presenting the findings.
ina paper or article form. Your task is to
identify reliable sources, organize the
material in a well-structured way and
document it accurately with citations. My
first suggestion request is *I need help
witing an article on modern trends in
renewable energy generation targeting
college students aged 18-25."

() copy.

(1 Mark ©® Example

| want you to act as an essay writer. You will
need to research a given topic, formulate a
thesis statement, and create a persuasive
piece of work that is both informative and
.engaging. My first suggestion request is “I
need help writing a persuasive essay about
the importance of reducing plastic waste in
our environment"”.
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| want you to act as an accountant and
‘come up with creative ways to manage
finances. You'll need to consider budgeting,
investment strategies and risk management
when creating a financial plan for your
client. In some cases, you may also need to
provide advice on taxation laws and
regulations i order to help them maximize
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\subsection{Overview}

Figure {fig: ork} shows the proposed framework.

Given a spatio-temporal trajectory, our goal is to develop a self-
supervised pretext task using maximum entropy coding, with the aim
maximizing the information entropy of the trajectory's embeddings.

To incorporate multiple aspects of information embedded within the
trajectory, we propose a multi-view scheme for modeling and fusing
aspects of information. In this multi-view scheme, one aspect focuses on
the spatial properties of the trajectory, while the other aspect captures
the temporal dynamics of the trajectory

Specifically, we map-match the trajectory and use an attention-based
discrete trajectory encoder to efficiently extract correlations from the
map-matched trajectory, mapping it into the semantic embedding.

We also recover the underlying continuous movements of the trajectory and
use a NeuralCDE-based continuous trajectory encoder to model the recovered
movements and map these into the continuous spatio-temporal embedding.

We incorporate these two embeddings into our pretext task by defining a
view consistency prior constraint, which we use to pre-train the two
embeddings with our final pretext task. After pre-training, we combine the
two embeddings for use in downstream tasks.

The remainder of the section provides a detailed explanation of the
proposed method.

\subsection{Pre-training General Embeddings by Maximizing Entropy}
Current pre-training methods for trajectory embedding utilize generative
or contrastive losses in their pretext tasks, which can introduce biases
and restrict the generality of the learned embeddings to apply across
different types of downstream tasks.

To address this limitation, we draw inspiration from maximum entropy
coding (MEC) as discussed in Section i d 7} and
develop a pretext task that minimizes the bias o pre-trained
embeddings.

Suppose we have a set of trajectories $\{\mathcal T_1,\mathcal T_2,
athcal T_N\}$ and the corresponding embeddings $\bo _\matt
i1 T_1}, \boldsymbol e_{
T_N}\1}$, where $\bolc C

To minimize blas in the learned embeddings, we utilize MEC to maximize tl
entropy of the embeddlngs Therefor‘e the negative of

Equation { f t is used as our pre- training loss
function. We smphfy Equation ] f tion} using
Taylor expansion following .*} to obtain a more tractable
loss function:
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\subsection{Framework Overview}

The proposed framework is illustrated in Figure~\ref{fig:framework}. The objective is to create
a self-supervised pretext task for a spatio-temporal trajectory using maximum entropy coding
to enhance the information entropy of the trajectory's embeddings. To capture various inform
ation aspects within the trajectory, a multi-view approach is introduced to model and merge t
wo facets of information.

In this approach, the trajectory is map-matched, and an attention-based discrete trajectory e
ncoder is employed to extract correlations efficiently from the map-matched trajectory, transf
orming it into semantic embedding. Simultaneously, the continuous movements underlying th
e trajectory are reconstructed, and a NeuralCDE-based continuous trajectory encoder is utiliz
ed to model these movements and convert them into continuous spatio-temporal embedding.
These two embeddings are integrated into a pretext task by defining a view consistency prior
constraint, which is used for pre-training the two embeddings before combining them for dow
nstream tasks. The subsequent sections elaborate on this methodology.

\subsection{Pre-training Embeddings through Maximum Entropy}

Existing pre-training methods for trajectory embedding typically rely on generative or contras
tive losses in pretext tasks, leading to potential biases and limitations in the generalizability of
learned embeddings for different downstream tasks. To mitigate these issues, inspiration is dr
awn from maximum entropy coding (MEC) as discussed in Section~\ref{sec:maximum-entrop
y-coding} to devise a pretext task that reduces bias in pre-trained embeddings.

Assuming a collection of trajectories {Tl, Toes st Ty} with corresponding embeddings

Er = {eTl 3 €T3 y:0iee 9 €Ty }, where er; ~fi, the goal is to minimize bias by leveraging MEC
to maximize the entropy of embeddings. The negative of Equation~\ref{eq:coding-length-fun
ction} is adopted as the pre-training loss function, which is further simplified using a Taylor ex
pansion following~\cite{liu2022self} to derive a more manageable loss function given by Equa
tion~\ref{eq:expand-coding-length-function}:

%

\begin{equation}

\mathcal L=-\mathrm{trace}(\frac{N+d}{2} \sum_{k=1}"{\infty}\frac{(-1) *{k+1}}{k} (\frac{d{N
\epsilon”2} \boldsymbol E_\mathcal T*\top \boldsymbol E_\mathcal T)"k)
\label{eq:expand-coding-length-function}
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