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Abstract

The discovery of potential Granger Causality in the non-stationary Hawkes process is of great
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significance. Existing causal discovery algorithms are mainly based on the assumption of statio-
nary situation and thus cannot be applied to non-stationary situations. For this reason, this pa-
per proposes an algorithm named Granger Causality for Non-stationary Hawkes Process (GC-
NOHP): First, the work establishes the non-stationary Hawkes process causal network structure
learning model; Then, the greedy algorithm is implemented to discover the patterns that are
hidden in a certain Hawkes process and an MLE-SGL-based method is utilized to discover the
corresponding Granger causality of the patterns. The experimental results on synthetic data ve-
rified the correctness and effectiveness of the algorithm, and the algorithm also can find differ-
ent patterns and some interesting causal relationships on the Interactive Internet TV (IPTV)
data set.
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Figure 1. For the viewing records of IPTV users with a time span of one week, it is
likely to be a non-steady Hawkes process. This is because the structure of TV viewing
audiences on weekdays and weekends is different, so there are two different Granger
causalities (or two patterns)
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Figure 2. A small rectangular box in the figure represents the likelihood of
a certain data, the vertical axis represents the number of patterns, and the
horizontal axis represents time. Algorithm 2 can be equivalent to finding a
red path from the data with a time length of T based on the principle of
greed. The small rectangular boxes connected on the path represent the
pattern distribution of data from time stamps 1to T
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Figure 3. The Ground Truth visualization result of the causal matrix used to generate the pair of D = 5 data sets. Each small
image is a normalized (probability value) causal matrix. The greater the brightness of the corresponding element, the higher
the occurrence of the event Probability leads to the next event
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Figure 4. In the case of D = 5 data set, the visual result of the causal matrix learned by the algorithm of this paper, compared
with Figure 3 shows that the method of this paper can basically restore Ground Truth with non-steady-state and
non-steady-state characteristics

Bl 4 7£D =5 BUREMBERAT, BAXHEESE I HRMERIERAILER, 5E 3 LRI ARSI 77 E R A

EAWRE L BBIFFRSIERRSHE Ground Truth
MLE ODE LS o
. 0.15
: 0.1
: 0.05
1 2 3 4 5 1 2 3 4 5 T2 3 4 5 0

Figure 5. In the case of the D = 5 data set, the visualization results of the causal matrix learned by the comparison algorithm
(MLE, ODE, LS), it can be seen that the learning effect of the three algorithms on Ground Truth with non-steady state cha-
racteristics is not ideal
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Figure 6. In the case of D = 3, 4, 5 data sets, the comparison of the relative error RelErr of the causal
matrix learned by different methods (MLE, ODE, LS, our method-GC-NOHP) can be seen in the case
of different dimensions, The relative error RelErr obtained by the GC-NOHP algorithm is the lowest
among these four algorithms
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Figure 7. The method proposed in this paper is applied to the IPTV data set to obtain two steady-state causal matrices
(workday mode and weekend mode)
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