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Abstract

Crime prediction is a crucial yet challenging task within ur-
ban computing, which benefits public safety and resource op-
timization. Over the years, various models have been pro-
posed, and spatial-temporal hypergraph learning models have
recently shown outstanding performances. However, three
correlations underlying crime are ignored, thus hindering the
performance of previous models. Specifically, there are two
spatial correlations and one temporal correlation, i.e., (1) co-
occurrence of different types of crimes (type spatial correla-
tion), (2) the closer to the crime center, the more dangerous
it is around the neighborhood area (neighbor spatial corre-
lation), and (3) the closer between two timestamps, the more
relevant events are (hawkes temporal correlation). To this end,
we propose Hawkes-enhanced Spatial-Temporal Hypergraph
Contrastive Learning framework (HCL), which mines the
aforementioned correlations via two specific strategies. Con-
cretely, contrastive learning strategies are designed for two
spatial correlations, and hawkes process modeling is adopted
for temporal correlations. Extensive experiments demonstrate
the promising capacities of HCL from four aspects, i.e., su-
periority, transferability, effectiveness, and sensitivity.

Introduction

Crimes, as a crucial social problem, are seen worldwide.
If poorly managed, such activities will lead to severe ad-
verse effects on urban safety (Wortley and Townsley 2016).
Thus, the government has put forward higher requirements
for effective crime prevention and combat. With the devel-
opment of artificial intelligence (AI) technologies (Liu et al.
2023d,c; Chen et al. 2022a,b; Li et al. 2023; Tian et al. 2020;
Peng et al. 2023; Luo et al. 2023; Liu et al. 2023b,a; Liu
and Liu 2021; Liu, Wu, and Liu 2022) and the availability
of crime data (Wang et al. 2016; Huang et al. 2019), vari-
ous crime prediction models have emerged, which will assist
governments in allocating police resources rationally based
on spatial-temporal characteristics of different crimes and
further contribute to the construction of the smart city in the
future (Su, Li, and Fu 2011; Angelidou 2014).

Early attempts for crime prediction leverage convolu-
tional neural networks (CNNs) to model the region-wise cor-
relations and temporal properties (Feng et al. 2020; Zhang,
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Zheng, and Qi 2017). Later on, recurrent neural networks
(RNNSs) are adopted to capture the temporal information
(Huang et al. 2018; Wu et al. 2020a). After that, graph neural
networks (GNNs) have shown their promising capacities for
spatial dependency modeling among different locations. For
example, DCRNN (Li et al. 2017) and STGCN (Yu, Yin, and
Zhu 2017) leverage spectral graph-based message-passing
for information aggregation. Besides, GMAN (Zheng et al.
2020) and ST-MetaNet (Pan et al. 2019) adopt the graph at-
tention network (GAT) for spatial feature aggregation be-
tween different region blocks. More recently, hypergraph
models, i.e., ST-HSL (Li et al. 2022), ST-SHN (Xia et al.
2022c), have shown their huge advantages on crime pre-
diction, relying on more accurate and sufficient spatial-
temporal modeling. However, they are still at an early stage.
Specifically, they fail to leverage three correlations within
crime data, including two spatial and one temporal correla-
tion, thus hindering their capacity.

At first, we will introduce two spatial correlations, i.e.,
type spatial correlations and neighbor spatial correlations,
as follows. (1) Type Spatial Correlation. Different types of
crimes may co-occur in the same region block, which is in-
dicated in Fig. 1 (b). For example, robbery usually occurs
along with the assault simultaneously. There are two main
reasons for it. (i) Criminals often commit various crimes si-
multaneously unconsciously due to poor moral character and
lack of legal awareness. (ii) Regions with poor law and or-
der provide fertile soil for all kinds of crimes. (2) Neigh-
bor Spatial Correlation. When crimes occur in a block,
the government will usually warn the people to be careful
when passing by its neighborhood areas. It reveals a typical
characteristic of crime data, i.e., the farther from the crime
center, the safer the region is; the closer, the more danger-
ous. Previous hypergraph crime prediction models ignore
the spatial information underlying the aforementioned corre-
lations. Motivated by the promising ability of CL techniques
on mining information underlying data itself, especially for
graph data (Thakoor et al. 2021; Lee, Lee, and Park 2022;
Liang et al. 2023a), specific contrastive learning (CL) strate-
gies are designed in this work to leverage the spatial corre-
lations for better prediction performance.

Besides the spatial correlations, temporal characteristics

'www.nyc.gov/site/nypd/stats/crime-statistics/historical.page
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Figure 1: Characteristics of crime data. (a) is an exam-
ple of used crime data. (b) describes the proportion of co-
occurrence of different crimes in the same block. (c¢) presents
the probability of the same crime occurring in both a block
and its 1-hop neighbors. (d) reflects the dynamics' of differ-
ent crimes along the timeline.

also play an essential role in crime prediction. Previous
spatial-temporal hypergraph models (Li et al. 2022; Xia
et al. 2022c) only use temporal relation encoding for dy-
namic information mining. Unlike these models, we de-
signed a specific hawkes-enhanced spatial-temporal hyper-
graph model for feature encoding. Specifically, hawkes pro-
cess modeling (Hawkes 1971), a classic yet effective tech-
nique, is adopted to enhance the dynamic interactions un-
derlying the typical temporal correlations, i.e., the closer two
moments are, the more relevant events are, which is named
as Hawkes Temporal Correlations in this paper.

Building upon the above ideas, we propose Hawkes-
enhanced Spatial-Temporal Hypergraph Contrastive
Learning (HCL), which mines the aforementioned corre-
lations via two specific strategies, i.e., contrastive learning
and hawkes process modeling for spatial and temporal
correlations, respectively. Concretely, the spatial criminal
correlation extractor is designed to capture type and neigh-
bor spatial correlations, further contributing to constructing
contrastive pairs. Then, an alignment self-supervised loss,
i.e., MSE loss (Ermolov et al. 2021), is adopted for learning
and optimization. Besides, hawkes process is utilized for
dynamic interaction modeling within specific historical
scopes. To evaluate HCL, experiments are carried out from
four aspects, i.e., superiority, transferability, effectiveness,
and sensitivity. Our contributions are in three aspects:

* Problem. To the best of our knowledge, we are the first
to point out that three criminal correlations, i.e., type and
neighbor spatial correlations and hawkes temporal corre-
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lation, should be exploited to benefit crime prediction.

* Algorithm. We propose a Hawkes-enhanced spatial-
temporal hypergraph Contrastive Learning framework
(HCL), which mines spatial and temporal correlations via
contrastive learning and hawkes process modeling.

» Evaluation. We conduct experiments on two typical
datasets, i.e., NYC and CHI, between seventeen state-of-
the-art crime prediction models. The results demonstrate
promising capacities of HCL from four aspects, i.e., su-
periority, transferability, effectiveness, and sensitivity.

Related Work

GNN-based Crime Prediction Models Spatial-temporal
scenarios are important in real-world applications, such as
urban computing, which benefits public safety and resource
optimization. Various models (Yu et al. 2023a,b,c; Shao
et al. 2023) are developed based on it. Multiple GNN-
based models are proposed for crime prediction due to their
promising capacities to model spatial dependency among
different locations (Wang et al. 2020; Shao et al. 2022; Ji
et al. 2023b; Tang et al. 2023; Tang, Xia, and Huang 2023).
For example, DCRNN (Li et al. 2017) and STGCN (Yu,
Yin, and Zhu 2017) leverage spectral graph-based message-
passing for information aggregation. Then, GMAN (Zheng
et al. 2020) and ST-MetaNet (Pan et al. 2019) adopt the
graph attention network (GAT) for spatial message commu-
nication for feature aggregation between correlated regions.
More recently, more works are developed based on hyper-
graph learning models (Wu et al. 2024b; Wu, Yan, and Ng
2023; Wu et al. 2024a). Meanwhile, spatial-temporal hy-
pergraph learning models, i.e., ST-HSL (Li et al. 2022),
ST-SHN (Xia et al. 2022c), have shown their huge advan-
tage on crime prediction, relying on more accurate and suf-
ficient spatial-temporal modeling. However, they are still at
an early stage. Specifically, they fail to leverage three cor-
relations within crime data, including two spatial and one
temporal correlation, thus hindering their capacity.

Graph Contrastive Learning Graph neural networks
show their promising capacities in graph structural data
(Yang et al. 2023c; Lee, Lee, and Park 2022; Zhao, Zhang,
and Wang 2022). Contrastive learning (CL) is a simple yet
effective way to enhance the representation capability of
graph neural networks (GNN) (Liu et al. 2022a; Ji et al.
2023a; Xia et al. 2022a,b; Liu et al. 2022b; Liang et al.
2023b,c; Yang et al. 2022, 2023a,b). There are usually two
essential elements for CL, i.e., correlated view and con-
trastive loss. CL methods usually mine information within
the data itself by optimizing specific contrastive loss to reach
an agreement between correlated views (Li et al. 2022), i.e.,
pull together the same samples across correlated views (pos-
itive samples) and push away the others (negative samples).
GCL techniques are widely applied to various applications,
such as recommendation (Wei et al. 2023, 2022; Wei, Xia,
and Huang 2023; Xia et al. 2023), More recently, more re-
searchers have believed that CL methods should pursue the
precision of contrastive pairs rather than overemphasizing
the completeness of positive and negative samples. Thus,
many negative-free CL methods (Thakoor et al. 2021; Lee,
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Figure 2: Framework of HCL. HCL contains three main procedures, i.e., (a) hawkes-enhanced hypergraph encoding, (b) spatial
criminal correlation extraction, and (c) correlation-based contrastive learning. The appeared notations can be found in Tab. 1.

Lee, and Park 2022; Liang et al. 2023a) are proposed, which
also achieve promising performances. When it comes to CL-
based spatial-temporal data prediction, few works exist. In
particular, only two typical works are there for crime pre-
diction. ST-HSL (Li et al. 2022) performs cross-view CL
between local and global patterns and AutoST (Zhang et al.
2023) proposes an automated graph-level CL model to ad-
dress the data noise and distribution diversity issues. Com-
pared to them, HCL is the first negative-free spatial-temporal
hypergraph CL framework based on three aforementioned
criminal correlations.

Method
Preliminary

In this section, we introduce preliminaries i.e., problem for-
mulation and notation summary to understand our meth-
ods better. The urban space is generally divided into dif-
ferent geographical region blocks with grid-based map seg-
mentation in urban computing (Xia et al. 2022c). Follow-
ing these settings, we assume that there are |B| urban re-
gion blocks, |T'| timestamps, and |C'| crime categories in the
data. Based on it, we further define the initial crime feature
as X € RICIXIBIXITI which describes the occurrence of
crimes. With such crime tensor as input, we aim to get the
predictions X7 *1 € RICI*IBl on future crime occurrences.
Moreover, we summarize the notations in Tab. 1.

Hawkes-enhanced Hypergraph Encoding

This procedure is mainly designed to compensate for the
information underlying the hawkes temporal correlations.
We leverage hawkes process modeling to enhance the dy-
namic interactions between different representations in this
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procedure. Specifically, given the initial criminal feature
X e RICIXIBIXIT| the hawkes-enhanced representation H
will be generated by two substeps, i.e., primitive hypergraph
encoding, and hawkes process enhancement.

Primitive Hypergraph Encoding As elaborated before,
hypergraph learning paradigms can achieve better perfor-
mance on crime prediction based on more accurate spatial-
temporal modeling and more expressive representations. To
inherit such good attributes, HCL is also developed based
on hypergraph learning, and the adopted hypergraph back-
bones g;(-) will generate primitive spatial-temporal repre-
sentations H,, by Eq. 1.

H, = gb(X)7 ()
where different hypergraph learning encoders can be se-

lected as candidate backbones,e.g., ST-HSL (Li et al. 2022),
and ST-SHN (Xia et al. 2022c).

Hawkes Process Enhancement Hawkes process model-
ing (Hawkes 1971), a simple yet effective technique, is
adopted to enhance the dynamic interactions underlying
the typical temporal correlations (hawkes temporal correla-
tions), i.e., the closer two moments are, the more relevant
events are. Motivated by it, the procedure of hawkes process
enhancement f;(-) aims to enhance the modeling of the tem-
poral information underlying such correlations. As shown in
Eq. 2, the primitive representation H,, is taken as input, and
the hawkes-enhanced representation H will be generated by
the following equation.

H = f,(H,), (@)
where the representations (H and H,) are composed of
a sequence of representations at different timestamps i.e.,
H = {(H" |j € [0,T)}.and H, = {H | j € [0,T)}.
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Notation Explanation
C,B, T set of crime categories, region blocks, timestamps
Ciy iy T it" crime category, k' region block, ;™ timestamp
|| quantity of the elements in set
X initial crime feature
agi(+) adopted hypergraph learning backbone
fi() hawkes process enhancement procedure
H,H primitive and hawkes-enhanced representation
HY, H;,’ primitive and hawkes-enhanced representation at
w calculated hawkes weight
s historical scope for hawkes enhancement
0 trade-off hyperparameter for hawkes enhancement
Topt; category set of occurred crimes in by, at ¢;
b:‘,j correlated category set of the crime in by, at ¢;
anchor block with ¢; in by, at ¢;
correlated neighbor spatial set with ¢; in by, at ¢;

type, neighbor spatial correlation
type, neighbor spatial correlation set
correlation-based contrastive pair constructor
set of type, neighbor correlation-based contrastive pairs
calculated category coefficient

trade-off hyperparameters of type, neighbor correlation
contrastive losses of type, neighbor spatial correlations

overall loss, and original task loss

N,
byt
Ct Cn

Sfca Sn(’,

i:0pt
X

Table 1: Notation summary

Specifically, hawkes process modeling is performed on
the representation level (the primitive representation H) to
enhance the dynamic interactions between different features
via different hawkes weights (Zuo et al. 2018) within a pre-
defined historical scope along the timeline. Eq. 3 shows the
enhancement procedure at timestamp ¢;.

HY = H) 463wy HY ™, 3)
=1

where ¢ is the trade-off hyperparameter for hawkes enhance-
ment. s denotes the predefined size of the historical scope,
and w;_; ; represents the hawkes weights between times-
tamp ¢;_; and ¢;, which can be calculated by Eq. 4.

tj —tjfi +].

tj —tj—s+ 1).

“

wj—i,; = exp (—

Spatial Criminal Correlation Extraction

Inspired by previous works (Liang et al. 2023a; Thakoor
et al. 2021), we mine the information underlying two afore-
mentioned spatial correlations i.e., type spatial correlations
and neighbor spatial correlations via contrastive learning
techniques. To prepare for it, we first formally define these
two spatial correlations in Def. 1 and Def. 2, defined as tu-
ples corresponding to the target samples and their correlated
samples for contrastive learning. Both correlations are ex-
tracted in this procedure and further contribute to the con-
struction of contrastive pairs in the next section.

Type Spatial Correlation Extraction Type spatial corre-
lation describes the characteristic, i.e., co-occurrence of dif-
ferent types of crimes in the same region block. Thus, the
feature representations of different crimes will affect each

8736

other. In particular, the occurred crimes will influence the
probability of occurrence of the others. Besides, the inter-
actions among crime types will also differ in region blocks.
For example, assuming two situations, i.e., (a) three types of
crimes co-occur in one block, and (b) one type of crime oc-
curs, the rest types of crime are more likely to happen in (a)
compared to (b). To mine such information, we first traverse
all of the region blocks and then extract the type spatial cor-
relations C! satisfying the Def. 1. As a result, all of the C?
constitute correlation set S (See an example in Fig. 1).

Definition 1 (Type Spatial Correlation) Given crime data
X e RICXIBIXITI type spatial correlation in k' block at
§t timestamp is denoted as Cik’t]_ = (Tort; Top 4, )» 1f the
correlation exists.
Tort; = {ei | Xlei] [be][t;] > 0},
Toy, 1, = {ei | Xlei][b][t;] = 0},

where c; € C, b, € Bandt; €T.

(&)

Neighbor Spatial Correlation Extraction Neighbor spa-
tial correlation describes the characteristic, i.e., the closer to
the crime center, the more dangerous it is around the neigh-
borhood area. Thus, the crime in the center block will affect
their occurrence in neighborhood blocks. However, different
types of crimes may have different impacts on their neigh-
bors. Fig. 1 (c¢) indicates that Larceny is more influenced by
this correlation than other crimes. To mine such informa-
tion, we first locate the blocks where the crimes exist and
traverse their neighbors. Then, we extract the neighbor spa-
tial correlations C" satisfying the Def. 2 and further build
the correlation set S™¢ (See an example in Fig. 2).

Definition 2 (Neighbor Spatial Correlation) Given crime
data X € RICKIBIXITI neighbor spatial correlation with

it" crime category in k" block at ' timestamp is denoted

as CZAbk,tj = (Nc,;,bk.,tj , th,bk,tj ), iff the correlation exists.
Ne; bit; = bk if Xlei][bx][t;] > 0, ©
N:'ivbkytj = {¢(ch‘,bk¢j) | X[Ci][(b(NCi!bkvtj )][tj} = O}:

where ¢; € C, by, € B, t; € T and ¢(-) denotes the opera-
tion for locating the neighborhood block of a specific block.
¢(N)=[N£1,N +]cols.|], eg.,, | cols.| = 4 in Fig. 2.

Correlation-based Contrastive Learning

After extracting spatial criminal correlations, we leverage
the contrastive learning paradigm to mine their hidden se-
mantics. It will endow the selected hypergraph learning
backbone for better expressive and discriminative ability.
We leverage a self-supervised alignment loss, i.e., MSE loss,
to pull together the representations of the elements within
each correlation tuple in latent space due to the positive ef-
fects on each other described in previous sections.

Contrastive Pair Construction The contrastive pairs are
constructed based on the former extracted type and neighbor
spatial correlations. Whichever category it is, we should first
encode the elements, i.e., Ty, 1, Tyr 1 s Neo byt ./\/:’bk’t] ,
in the correlation tuples, and further construct the contrastive
pairs. Specifically, we leverage the average pooling strategy
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to generate the embeddings based on the hawkes-enhanced
representation H € RICIXIBIXITIXD by Eq. 7.

HTbk,tj ﬁbtj
n*k’tj _ Ez,tj
HNci,bk,tj p( Nc;-,bk,tj )
HN:,L,bk,tj Cisbitj
1
o] 2ocieTay o, Bl [be][t5]
1 ) .
_ | a1 Zeery,, Hlalblt]
Hic,] [bx][t;]
W1 S, ,, Bl bu[E)]

(N

Afterward, we construct two corresponding contrastive

pair sets, i.e., P, and Py, based on the generated corre-
lation representations following the Eq. 8.

Pre = {(an,tj ) Hn*k,tj) | cik,tj € Stc}7

n 3
Pnc = {(HNCirbk,:tj ) H ) ‘ Cc“bk,t]- S Snc}

N’*
cirbpot;

Correlation-based Training Objective As shown in Eq.
9, the overall training objective composes of two parts, i.e.,
task loss and correlation-based contrastive loss. Our HCL is
optimized by minimizing the overall loss L.

L= Actask + )\tc . ['tc + )\nc . £nc .

contrastive loss

®

Specifically, compared to some of the other contrastive
learning frameworks, HCL is more like a plug-and-play aux-
iliary module, which should be coupled with the task losses,
i.e., regression loss for the quantity prediction of different
crimes and classification loss for binary crime occurrence
prediction (Xia et al. 2022c; Li et al. 2022).

Besides, the correlation-based contrastive loss contains
two parts, both relying on the self-supervised alignment loss,
i.e., MSE loss, which aim to pull together the features in the
correlations for training (See Eq. 10).

Ptc
1
Lee = o > MSE(Hr, , Hry ),
o,
1 73’7‘LC
Coc= (it D0 e MSE(H, . Hx, )
U Cl bty
(10)

Here, the /3., is the category coefficient corresponding to
the probability that the same type of crime occurs in the 1-
hop neighbors when a crime occurs, which is calculated dur-
ing the spatial criminal correlation extraction(See Fig. 1 (c)
as an example). Besides, the MSE(H,, H/") can be calcu-
lated as follows:

H |
H |2
(Hq, HY)
Ll - [ H 2

where || - ||2 denotes the L£2-norm, and (-) denotes the cosine
value. Concretely, the correlated samples in each contrastive

H,
MSE(H., H,) = H M,
all

2 (1)
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Data New York City-Crimes Chicago-Crime
Time Span | Jan, 2014 to Dec, 2015 | Jan, 2016 to Dec, 2017
Category | Burglary = Robbery Theft Battery
Cases # 31,799 33,453 124,630 99,389
Category Assault Larceny Damage Assault
Cases # 40,429 85,899 59,886 37,972

Table 2: Two benchmark datasets for crime prediction.

pair are pulled together in the latent space in this manner,
thus improving the discriminative capability of the network.
Algorithm 1 presents the pseudo-code of HCL.

Complexity Analysis The overall complexity is O(| B| x
|C| x (|B| x D + |T)). Considering the complexity of
adopted hypergraph models, e.g., O(|B|?> x |C]?> x D) in
ST-HSL (Li et al. 2022), There is no redundant complex-
ity and only a small proportion of extra complexity is added
by HCL, thus leading to comparable model efficiency com-
pared to previous models.

Experiment

This section presents the evaluation and analysis of HCL.
Concretely, we first introduce the experiment setup. Then,
different experiments are conducted for evaluation. We fur-
ther put forward the following four questions in this section:

* Q1: Superiority. Does HCL outperform the existing
state-of-the-art existing crime prediction models?

* Q2: Transferability. Will the proposed strategies be able
to be transferred to different hypergraph backbones?

* Q3: Effectiveness. Are the proposed strategies effective
in leveraging criminal correlations?

* Q4: Sensitivity. How does the performance fluctuation
of HCL with different hyper-parameters?

Experiment Setup

Dataset Two real-world crime datasets in New York City
(NYC) and Chicago (CHI) are used. Their statistics are re-
ported in Tab. 2. They are split into disjoint regions with 3km
x 3km spatial units. As in previous works, We use one day
as the time interval to map crime records into a series. The
training and test set are split with a ratio of 7:1 and use the
crimes of the last month in the training set for validation.

Implementation Detail All experiments are conducted
with a single NVIDIA 3090 Ti GPU (24 GB) and intel core
19-9900K CPU. For a fair comparison, the parameter set-
tings in HCL for the selected hypergraph backbones are the
same as the original papers of them, i.e., ST-HSL (Li et al.
2022) for quantity prediction of different crimes, ST-SHN
(Xia et al. 2022c) for occurrence prediction. We find the
best combination of the hyperparameters in a grid-search
manner. Concretely, the hyperparameter A;. and \;. are both
searched in {0.05,0.1,0.15,0.2,0.25}. The size of the his-
torical scope s is searched in {1, 3,5, 7, 9}, and the temporal
influential weight ¢ is searched in {0.001,0.01,0.05,0.1}.
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New York City Chicago

Models Burglary Larceny Robbery Assault Theft Battery Assault Damage
MAE MAPE MAE MAPE MAE MAPE MAE MAPE| MAE MAPE MAE MAPE MAE MAPE MAE MAPE
SVM (2011) 1.1604 0.7653 1.4979 0.6417 1.1278 0.6733 1.1928 0.6964|1.7711 0.5629 1.3493 0.6027 1.0879 0.6560 1.1313 0.5721
ARIMA (2012) |0.8999 0.6305 1.3015 0.6268 0.9558 0.5969 0.9983 0.6198|1.5965 0.5720 1.3212 0.5792 0.8691 0.6044 1.0430 0.6134
ST-ResNet (2017) |0.8680 0.5603 1.1082 0.5329 0.8717 0.5209 0.9645 0.5749|1.3931 0.5488 1.1519 0.5719 0.7679 0.4633 0.9064 0.5018
DCRNN (2018) |0.8176 0.5324 1.0732 0.5492 0.9189 0.5532 0.9692 0.5955|1.3699 0.5770 1.1583 0.5528 0.7639 0.4600 0.8764 0.4756
STGCN (2018) ]0.8366 0.5404 1.0629 0.5295 0.9035 0.5441 0.9375 0.5757|1.3628 0.5359 1.1512 0.5761 0.7963 0.4810 0.9068 0.4959
DeepCrime (2018) |0.8227 0.5508 1.0618 0.5351 0.8841 0.5537 0.9222 0.5677|1.3391 0.5430 1.1290 0.5389 0.7737 0.4616 0.9096 0.4960
GWN (2019) 0.7993 0.5235 1.0493 0.5405 0.8681 0.5351 0.8866 0.5646|1.3211 0.5502 1.1331 0.5503 0.7493 0.4580 0.8584 0.4850
STDN (2019)  |0.8831 0.5768 1.1442 0.5889 0.9230 0.5649 0.9498 0.5661 |1.5303 0.6287 1.2076 0.5791 0.8052 0.4820 0.9169 0.4869
ST-MetaNet (2019) | 0.8285 0.5369 1.0697 0.5627 0.9214 0.5766 0.9323 0.5702|1.3369 0.5369 1.1762 0.5748 0.7904 0.4753 0.8907 0.4756
STtrans (2020) |0.8617 0.5592 1.0896 0.5478 0.8839 0.5651 0.9363 0.5679|1.3404 0.5356 1.1466 0.5684 0.7671 0.4499 0.8987 0.4842
GMAN (2020) |0.8652 0.5633 1.0503 0.5340 0.9234 0.5671 0.9338 0.5803|1.3235 0.5307 1.1442 0.5560 0.7852 0.4714 0.8823 0.4838
AGCRN (2020) |0.8260 0.5397 1.0499 0.5404 0.9013 0.5383 0.9063 0.5519|1.3281 0.5304 1.1432 0.5697 0.7669 0.4612 0.8712 0.4859
MTGNN (2020) |0.8329 0.5439 1.0473 0.5330 0.8759 0.5457 0.9090 0.5714|1.3054 0.5378 1.1307 0.5597 0.7571 0.4572 0.8667 0.4859
ST-SHN (2021) |0.8012 0.5198 1.0431 0.5291 0.8717 0.5362 0.9169 0.5682|1.3292 0.5310 1.1348 0.5544 0.7758 0.4574 0.8741 0.4747
DMSTGCN (2021) | 0.8376 0.5485 1.0410 0.5464 0.8597 0.5403 0.9036 0.5601|1.3292 0.5291 1.1297 0.5552 0.8058 0.4759 0.8698 0.4877
ST-HSL (2022) |0.5413 0.3431 0.9131 0.4347 0.6397 0.3689 0.6672 0.3802|1.2917 0.4887 1.0895 0.4821 0.6417 0.3802 0.8246 0.4424
HCL (Ours) 0.5228 0.3146 0.9017 0.4142 0.6116 0.3391 0.6487 0.3662|1.2506 0.4502 1.0601 0.4621 0.6284 0.3712 0.8006 0.4269

Table 3: Performance (MAE, MAPE) comparison of quantity prediction of different crimes on NYC and CHI datasets.

Evaluation Metric Following previous works (Li et al.
2022; Huang et al. 2018), (1) Mean Absolute Error (MAE),
and Mean Absolute Percentage Error (MAPE) (Huang et al.
2018) are used for quantity prediction of different crimes
(the lower, the better), and (2) Macro-F1 and Micro-F1
(Geng et al. 2019) are used for occurrence prediction (the
higher, the better). The mean results of five runs are reported.

Compared Baseline We compare HCL with seventeen
SOTA baselines divided into five groups. (1) conventional
machine learning models, i.e., ARIMA (Pan, Demiryurek,
and Shahabi 2012), SVM (Chang and Lin 2011); (2) CNN-
based models, i.e., ST-ResNet (Zhang, Zheng, and Qi 2017),
UrbanFM (Liang et al. 2019); (3) RNN-based models, i.e.,
STDN (Yao et al. 2019), DeepCrime (Huang et al. 2018),
STtrans (Wu et al. 2020a); (4) GNN-based models, i.e.,
DCRNN (Li et al. 2017), STGCN (Yu, Yin, and Zhu 2017),
GWN (Wu et al. 2019), AGCRN (Bai et al. 2020), MTGNN
(Wu et al. 2020b), GMAN (Zheng et al. 2020), ST-MetaNet
(Pan et al. 2019), DMSTGCN (Han et al. 2021); (5) Hy-
pergraph Learning-based models, i.e., ST-SHN (Xia et al.
2022c¢), ST-HSL (Li et al. 2022). We rerun ST-SHN and ST-
HSL, as they are selected as backbones. The other results
are copied from the original papers. More details for each
compared baseline can be found in their references.

Main Performance (RQ1 & RQ2)

Tab. 3 and Tab. 4 show the main performances of HCL on
two crime prediction tasks. Based on them, the Q1 and Q2
about the superiority and transferability can be answered.

Superiority Analysis (RQ1) HCL outperforms other
models on all the metrics. Specifically, for crime quantity
prediction, HCL can boost best MAE and MAPE perfor-
mances on average by 2.96% and 6.20% on NYC and im-
prove MAE and MAPE performance by 2.72% and 4.74%
on CHI. In particular, HCL shows great superiority in Bur-
glary predictions in NYC, i.e., improving MAE and MAPE
performances by 3.42% and 8.31%. Similar to it, the MAE
and MAPE performance of Theft prediction in CHI can
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Models New York City Chicago
Micro-F1 Macro-F1 | Micro-FI  Macro-F1
SVM (2011) 0.4982 0.5049 0.6089 0.6068
ARIMA (2012) 0.4591 0.4629 0.4591 0.4629
ST-ResNet (2017) 0.5461 0.5497 0.6268 0.6339
DCRNN (2018) 0.5715 0.5773 0.6517 0.6507
STGCN (2018) 0.5722 0.5771 0.6752 0.6755
DeepCrime (2018) | 0.5717 0.5820 0.6653 0.6717
STDN (2019) 0.5316 0.5355 0.6279 0.6261
UrbanFM (2019) 0.5631 0.5695 0.6464 0.6420
ST-MetaNet (2019) | 0.5301 0.5316 0.6748 0.6765
STtrans (2020) 0.5767 0.5792 0.6501 0.6498
GMAN (2020) 0.5517 0.5570 0.6723 0.6759
ST-SHN (2021) 0.6111 0.6126 0.6868 0.6901
HCL (Ours) 0.6301 0.6304 0.6955 0.6973

Table 4: Performance (Micro-F1, Macro-F1) comparison of
crime occurrence prediction on NYC and CHI datasets.

also be improved by 3.18% and 7.88%. Meanwhile, as for
crime occurrence prediction, our method can also achieve
the best performance. Concretely, the values of Micro-F1
and Macro-F1 are raised by 3.1% and 2.9% compared to
the previous best performances in NYC. Based on the above
performances, we can find the performance of HCL in NYC
is better than it on CHI.

Transferability Analysis (RQ2) HCL with two different
backbones, i.e., ST-HSL and ST-SHN, are evaluated on two
subtasks, i.e., quantity prediction of crimes and crime oc-
currence prediction, respectively. Tracking all the records
shows the superiority and effectiveness of HCL when adopt-
ing different backbones. Specifically, our HCL makes an av-
erage of 2.84% MAE and 5.47% MAPE improvements com-
pared to the first backbone and boosts F1 performance by
2.08% compared to the second backbone.

As shown in the above analysis, HCL outperforms previ-
ous typical crime prediction baselines, which shows its su-
periority. Moreover, HCL can also achieve promising per-
formances when applied to different crime prediction tasks
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Figure 3: Ablation study, where ”w.o. HE” denotes remov-
ing hawkes enhancement. "w.o. CLT” and ”"w.o. CLN” de-
note removing contrastive learning techniques for type and
neighbor spatial correlations separately.

and integrated with different hypergraph backbones, demon-
strating its great transfer ability and generalizability of HCL.

Ablation Study (RQ3)

We conduct the ablation study to answer the Q3, i.e., the ef-
fectiveness of three leveraged correlations, i.e., type spatial
correlations, neighbor spatial correlations and hawkes tem-
poral correlations. Fig. 3 shows the performance of the ab-
lation studies. Concretely, the results show that the informa-
tion effectively mined from all these three correlations can
benefit the prediction performance. In general, two spatial
correlations are more effective than the temporal correlation
in our HCL. Besides, the type spatial correlations are more
useful than the neighbor spatial correlations in most situa-
tions. It is reasonable since the type spatial correlations are
more common characteristics compared to neighbor spatial
correlations. Moreover, there are slightly different categories
of crimes on how effective these correlations are. Specifi-
cally, the spatial correlations are more meaningful in Bur-
glary and Theft prediction than Assault prediction. These
performance variances of different correlations are mainly
because of the characteristic differences for different crimes.
Theft and Burglary are more similar, thus leading to similar
performances with different correlations.

In conclusion, Both of the spatial correlations, i.e., type
spatial correlations and neighbor spatial correlations, and
temporal correlations, i.e., hawkes temporal correlations,
are effectively mined by the designed strategies, which im-
proves the capacities of the models for crime prediction.

Hyperparameter Analysis (RQ4)

We investigate the influence of the four extra introduced pa-
rameters, i.e., type spatial correlation tradeoff weight .,
neighbor spatial correlation tradeoff weight \,,., hawkes en-
hancement tradeoff weight §, and historical scope size s, in
this section to answer Q4. We report the MAE performance
on two crime prediction tasks, i.e., Robbery prediction in
NYC and Damage prediction in CHI. The performances of
different combinations of hyperparameters are present in
Fig. 4. According to the figure, we can get the following
three observations. (1) Referring to the absolute value fluc-
tuation, the performances of the crime prediction are in-
sensitive to different values within a specific scope, e.g.,
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Figure 4: Hyperparameter analysis. The X-axes represent
the scope of hyper-parameters. Both two Y-axes in each sub-
figure represent MAE, where the left axis is for "Robbery”
prediction and the right one is for "Damage” prediction.

[0.1,0.15] for A for Robbery prediction in NYC, [0.2, 0.25]
for A\ for Damage prediction in CHI. (2) The trends of per-
formance fluctuation of each parameter are similar in differ-
ent datasets but may have different best values. For example,
HCL achieve the best performance for robbery prediction
in NYC when s = 3, while for Damage prediction in CHI
when s = 5. (3) The influence of the Hawkes enhancement
weights is more stable than the other two correlations. When
0 is around 0.01, HCL usually reaches the best performance.

In summary, the hyperparameter discussion reveals how
the performance fluctuates of HCL with different hyper-
parameters. Regarding to the results, we set \;. = 0.15,
Ane = 0.15, 8 = 0.01, s = 3 for crime prediction in NYC,
and A\ = 0.2, A\, = 0.2, = 0.01, s = 5 for crime pre-
diction in CHI.

Conclusion

In this paper, we first point out three omitted crime correla-
tions, i.e., type spatial correlations, neighbor spatial correla-
tions, and hawkes temporal correlations, which will benefit
the crime prediction. Besides, we design Hawkes-enhanced
Spatial-Temporal Hypergraph Contrastive Learning frame-
work (HCL), which adopts contrastive learning techniques,
and hawkes process modeling to mine the information un-
derlying the spatial and temporal correlation, respectively.
In the future, we plan to develop hyperparameter-efficient
models by reducing the hyperparameters more adaptively
and optimising the extra time consumption brought by HCL.
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