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Asynchronous, Inter-dependent Events are Everywhere

Electronic Health Records Financial TradingOnline Behaviors

Multi-Type Event Sequence:  an ordered sequence of events, each of 
which consists of both a timestamp and  a type label, indicating when 
and what the event is, respectively.
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• Granger causality:  

- a weaker notion of causality based on predictability. 

- an event type is said to be Granger causal for another event type, if the 
inclusion of historical events of the former type leads to better predictions 
of future events of the latter type. 



Multivariate Point Process

• Due to their asynchronous nature, multi-type event sequences are often 
modeled by multivariate point process (MPP). 

• MPP is a class of stochastic processes that characterize dynamics of 
discrete events of multiple types in continuous time. 

• Most commonly defined by conditional intensity functions (CIFs):  

 

- : number of type-  events before . 

- :  all events before  (history)

λ*k (t) ≜ lim
Δt↓0

𝔼[Nk(t + Δt) − Nk(t) |ℋ(t)]
Δt

Nk(t) k t

ℋ(t) {(ti, ki) | ti < t} t
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• Parametric point processes (primarily Hawkes processes) 
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- Cons: inflexible, can’t model inhibitive effects or event interactions. 
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• Neural point processes
  

- Pros: flexible, good at predicting future events.   

- Cons: uninterpretable, unable to reveal Granger causality.

hi = Encoder(t1, k1, …, ti, ki) λ*k (t) = Decoder(t − ti |hi)



Can we address this tension between model 
flexility and model explainability in existing point 

process models?



CAUSE: Causality from AttribUtions on Sequence of Events
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The Design of NPP

Encoder:  

1. One-hot encoding for event types:   

2. Event embedding:  

3. History embedding:  

Decoder 

4. Weighted sum of a set of basic functions 

                                  

ki ⇒ zi

vi = [ti − ti−1; VTzi]
hi = GRU (v1, v2, …, vi)

λ*k (t) =
R

∑
r=1

αk,r (hi) ψr (t − ti)
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Event Contributions to Single Prediction

∈ ℝi(1+K)Integrated Gradient

Input

{(tj, zj)}i
j=1

Baseline

{(tj, 0)}i
j=1

Target Function
λ*k (t)

ti ti+1

fk(xi) ≜ ∫
ti+1

ti

λk(t |xi)dt

Event contributions

{Aj( fk, xi, xi)}
i
j=1A( fk, xi, xi)

Fidelity-to-Control

Completeness

fk(xi) = fk(xi) +
i

∑
j=1

Aj (fk, xi, xi)
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Choice of Attribution Method A( ⋅ )

• Our framework does not rely a specific attribution method but rather a 
set of properties for attribution methods. 

• Any attribution method that satisfies Linearity, Completeness, Null 
Player, Fidelity-to-control, and Batchability should be applicable. 

• We choose  to be Integrated Gradient method (Sundararajan et al. 
2017):  

A( ⋅ )

IG( f, x, x) ≜ (x − x) ⊙ ∫
1

0

∂f(x̃)
∂x̃

x̃=x+α(x−x)

dα
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Experimental Setup

• Datasets 

• Methods for Comparison 

- HExp: Hawkes process with fixed exponential kernel. 

- HSG (Xu et al. 2016) and NHPC (Achab et al. 2018): state-of-the-art parametric  and non-
parametric methods for Hawkes process.  

- RPPN (Xiao et al., 2019): recurrent point process network 

• Metrics:  

- AUC and Kendall’s τ

Datasets # of sequences # of event types # of events Ground truth
Excitation 1,000 10 250,447 Weighted
Inhibition 1,000 10 250,442 Weighted
Synergy 1,000 10 178,338 Binary

IPTV 1,869 16 966,338 N/A
MemeTracker (MT) 382,014 100 3,419,399 Weighted



How accurate is CAUSE at discovering inter-type Granger causality?

CAUSE: Learning Granger Causality from Event Sequences using Attribution Methods

Table 2: Results for Granger causality discovery on the four datasets with ground-truth causality available. The best and the
second best results on each dataset are emboldened and italicized, respectively.

Excitation Inhibition Synergy MT
Method AUC Kendall’s ⌧ AUC Kendall’s ⌧ AUC Kendall’s ⌧ AUC Kendall’s ⌧

HExp 0.858±0.004 0.453±0.005 0.546±0.002 0.102±0.002 0.872±0.058 0.251±0.039 0.404±0.009 -0.061±0.005
HSG 0.997±0.001 0.635±0.002 0.490±0.002 -0.013±0.002 0.876±0.007 0.254±0.039 0.539±0.008 0.024±0.005

NPHC 0.782±0.007 0.337±0.010 0.400±0.054 -0.138±0.067 0.741±0.129 0.163±0.087 N/A N/A
RPPN 0.595±0.010 0.136±0.012 0.448±0.003 -0.066±0.002 0.891±0.043 0.264±0.029 0.492±0.004 -0.005±0.002

CAUSE 0.920±0.012 0.533±0.013 0.921±0.021 0.532±0.021 0.991±0.004 0.331±0.003 0.623±0.012 0.075±0.007

Figure 3: Visualization of the estimated Granger causality
statistic matrices on IPTV . Better viewed on screen.

4.2.3. SCALABILITY

Finally, we investigate the scalability of CAUSE in comput-
ing the Granger causality statistic by Algorithm 1. Figure 4
shows how much speedup Algorithm 1 achieves over a naive
implementation with different sequence lengths and batch
sizes. The results demonstrate that with batch size and aver-
age sequence length both being relatively large (i.e., greater
or equal to 16 and 100, respectively), our algorithm can
achieve over three orders-of-magnitude speedup relative to
a native implementation. Furthermore, the speedup scales
almost linearly with sequence length and batch size when
they do not exceed 150 and 16, respectively, which is con-
sistent with our analysis in Section 3.3. Beyond this regime,
only a sublinear relationship between the speedup and batch
size or sequence length is observed, which is because the
GPU we tested on was reaching its maximum utilization.

5. Conclusion
We have presented CAUSE, a novel framework for learn-
ing Granger causality between event types from multi-type
event sequences. At the core of CAUSE are two steps:

Figure 4: The speedup achieved by Algorithm 1 relative
to a naive implementation with different average sequence
lengths and batch sizes.

first, it trains a flexible NPP model to capture the complex
event interdependency, then it computes a novel Granger
causality statistic by inspecting the trained model with an ax-
iomatic attribution method. A two-level batching algorithm
is derived to compute the statistic efficiently. We evaluate
CAUSE on both synthetic and real-world datasets abundant
with diverse event interactions and show the effectiveness of
CAUSE on identifying the Granger causality between event
types.
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RPPN performs the worse due to issues with attention 
mechanism.
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military/laws news 
finance/education news

→
→

kids/music drama→



The Estimated Granger Causality on IPTV 

ads/daily life drama  
education entertainment 

→
→



Summary

• CAUSE: a framework for learning Granger causality between event types 
from multi-type event sequences.  

• Two-stage 

- Training: train a flexible NPP model to capture the complex event 
interdependency 

- Post-training: computes a novel Granger causality statistic by inspecting the 
trained model with an ax- iomatic attribution method 

• Effective at identifying Granger causality of various types of event 
interactions. 



Thank you!


