
A Brain-Inspired Causal Reasoning Model Based on
Spiking Neural Networks

Hongjian Fang1,2,+, Yi Zeng1,2,3,4,+,*

1Research Center for Brain-inspired Intelligence, Institute of Automation, Chinese Academy of Sciences, Beijing, China
2School of Future Technology, University of Chinese Academy of Sciences, Beijing, China

3Center for Excellence in Brain Science and Intelligence Technology, Chinese Academy of Sciences, Shanghai, China
4National Laboratory of Pattern Recognition, Institute of Automation, Chinese Academy of Sciences, Beijing, China

+Co-first authors with equal contribution
*Corresponding authors

{fanghongjian2017, yi.zeng}@ia.ac.cn

Abstract—In today’s field of artificial intelligence, the plau-
sibility of neural networks still lacks breakthrough. We believe
one reason is that the current deep neural network method
based on the framework of statistical learning, in essence, only
uses the correlation between the data to make predictions,
different from human beings who complete reasoning and
decision-making by invariably induce the causality between
propositions. To solve this problem, previous researchers have
proposed some causal reasoning approaches based on the causal
graphs. Inspired by the human brain, we propose Causal
Reasoning Spiking Neural Network(CRSNN) to implement the
causal reasoning with STDP learning rule and population
coding mechanism. After the verification experiment in the
basic case, we show the possibility of implementation causal
reasoning with SNN. As far as we know, this is the first time
that SNN is used to complete causal reasoning tasks, which is
an essential topic both in cognitive neuroscience and artificial
intelligence.

Index Terms—Brain-Inspired AI, Causal Reasoning, Popu-
lation Coding, Spiking Neural Network

I. Introduction

There is evidence from cognitive psychology that chil-
dren have a part of causal reasoning ability at an early
age [1]. From the perspective of evolution, children’s
brain has a wealth of preset mechanisms and pre-existing
templates [2] [3], which can help them to establish
a preliminary causal relationship between things. As to
causal reasoning, Judy Pearl put forward the “ladder of
causality” theory [4] [5], and he argued that the explana-
tion of causality rather than the boring facts constitute
most of our knowledge, it should become the cornerstone of
machine intelligence. The ladders of causality are divided
into three levels: relevance [6], intervention [7], and
counterfactual [8]. Today’s AI cannot reason why, but
can only be at the first level of the causality ladder [9] ).
Therefore, today’s AI will sometimes regarding correlation
as causality by mistake, such as CNN will be more
superstitious about texture information [10].

In this paper, based on a new causal learning paradigm
[4] [11], inspired by the causal reasoning ability of children,
we tried to establish a SNN to mimic the causal reasoning
process of human children. Specifically, we believe that
machines should explore the world through continuous
construction and improvement of causal graph, use the
causal graph in dynamic construction to complete the
current reasoning and decision-making, and continuously
improve the causal graph in the process of interaction
with the world [4]. In this work, we focus on the sub-
process of using causal graph in dynamic construction to
complete the current reasoning. We chose LIF model [12]
as the building block of spiking neural network, utilized
STDP learning rule and population coding mechanism to
complete the construction of SNN, which maintaind the
topological structure between the proposition in causal
graph. Under the guidance of causal graph, we showed the
possibility of causal reasoning on SNN by the experiment.

Although [13] argued that they had completed the
causal reasoning task by using SNN, the task they are
concerned about is more focused on sensory perception,
and there is no participation of causal graph. As far as we
know, our work is the first to use SNN to complete causal
reasoning tasks based on causal graph.

II. Model

A. Causal Graph
How to acquire the knowledge about causality is the

key to the realization of causal reasoning. Pearl points
out [4] that we can first answer a relatively straightforward
question: how machines represent causal knowledge, get
the necessary information quickly, answer the questions
correctly. The human brain must have some concise infor-
mation representation. At the same time, it has some very
active continuous to explain each question correctly, and
extract the correct answer from the stored information.
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Fig. 1. Example of Causal Graph:Five nodes in the graph represent
five different propositions, each proposition is true or false. If a
prisoner is going to be executed by a firing squad, the occurrence of
this event is bound to be based on a series of events. First, the court
will order the execution of the prisoner; when the execution team
captain is reached, he will instruct the execution team’s soldiers
(A and B) to execute the execution. We assume that they are
professional gunmen who obey orders, only listen to the order
design, and as long as any of the gunmen shoot, the prisoners will
undoubtedly die.

Such a way not only exists but also has the simplicity of
children’s thinking, which is the causal graph [14].

Figure 2 includes all the three possible connection forms
between nodes in the causal graph, i.e. ”chain”, ”fork”
and ”collision”. The establishment process of causal graph
is the process of agent understanding the world [11] .
Through continuous interaction with the environment,
agent can gradually build a more perfect causal graph.
Based on the causal graph in dynamic construction, agent
can answer the higher level intervention in the cause and
effect ladder, even the related questions of counterfactual
reasoning [4].

B. Spiking Neural Networks and STDP
SNN is called the third generation neural network [15],

compared with ANN, SNN has better biological plausibil-
ity [16], low energy consumption and structural flexibility.
The human brain is a symbol based causal reasoning
which is realized by using Spiking Neural Network. [17]
Therefore, we tried to use LIF neuron model [12] as the
building block of SNN, to explore SNN’s capacity in causal
reasoning. The LIF Model is shown in Equation (1-4).

Model/Rule Parameter Value
LIF model Cm 300µF

Vreset -65v
Vthreshold -35v
g 0.1si

STDP Rule τw 25ms
A+ 1.2
A− 0.2

TABLE I
Model parameters

Cm
dV

dt
= −g(V − Vs) + I (1)

V → Vreset if(V ≥ Vthreshold). (2)

I =
∑
j

wj,iσj(t− 1) + Is (3)

σi(t) =

{
0 V < Vthreshold

1 V ≥ Vthreshold
(4)

Cm is the membrane capacitance of the neuron, V is the
membrane potential of the neuron, g is the conductance of
the membrane, Vs is the steady-state leaky potential,here
we let Vs = Vreset to simplify the model. I is the input
current of neurons.Is is the external current stimulation,
which can be controlled. Wj,i is the weight of j-th neuron
to i-th neuron. σi(t) is the indicator to judge if the i-th
neuron firing at the time of t.

Spike Timing Dependent Plasticity (STDP) is one
of the most important learning principle for the
biological brain [18] , the update function is shown in
Equation 5, where A+ and A− are learning rates. τ−
and τ+ are STDP time constant, and ∆t is the delay
time from the presynaptic spike to the postsynaptic spike.

If a child falls off a stool, he would immediately feels
physical pain. Through the close connection of time,
combined with the rules of STDP, the child attributes
the pain to falling off the table. Therefore, we claim that
the learning mechanism of STDP plays a vital role in the
establishment and repair of causality diagram. That is to
say, the STDP mechanism tends to connect the neurons
with a very close time of pulse release. Intuitively, it is
consistent with the high coupling in the time of causal
events.

∆wj,i =

{
A+e

(∆t/τ+) −τw < ∆t < 0

−A−e
(−∆t/τ−) 0 < ∆t < τw

(5)

C. Population Coding
Neurons can encode complicated temporal sequences

such as the mating songs that songbirds learn, store, and
replay [19] [20]. Inspired by the previous research work,
an invariant, sparse, and explicit code, which might be im-
portant in the transformation of complex visual percepts
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Fig. 2. All the three possible connection forms between nodes in the causal graph, i.e. “chain”, “fork” and “collision”.

Fig. 3. The building block of SNN: From causal graph to neuron
populations connection. A and B is the proposition nodes of causal
graph, reprensented by two populations of neurons. ”cause” and
”effect” are the two relations between proposition nodes in causal
graph, reprensented by other two populations of neurons. The
building block of causal graph: A → B is stored in the connection of
the populations of neurons.

into long-term and more abstract memories [19]. It is
reliable to assume that population of neurons can encode
different concepts, entities even relations [19] [21] [23] [22].

Thus, we use the neuron population mechanism in SNN
to represent the proposition in causal graph, i.e. every
proposition node is represented by a population of neu-
rons. and use the synaptic connection between the neuron
populations formed under the rule of STDP to maintain
the topological structure between the proposition in causal
graph, to realize the storage of causality and use the stored
SNN to realize the process of causality reasoning.

From the perspective of building block, we transform
the truth and false of proposition A and B in causality
A → B into whether the neuron population discharges
at high frequency, and add ”cause” and ”effect” neuron

Fig. 4. The spike train of neurons during the construction process
of the causal reasoning spiking neural network(CRSNN).

population to indicate the direction of causality. As shown
in the Figure 3.

Based on such a simple model assumption, we use the
STDP method to construct the SNN, including three
propositional connection structures, that maintains the
topological structure of Figure 1, observe the firing activity
of different neuron populations in the SNN network under
different stimuli, try to climb the ladder of causality.

III. Experiments

Based on the assumption of the model part, we try
to train SNN by using STDP rules with the guidance
of causal graph. To maintain the topological structure of
the causal graph, we give specific populations of neurons
external current stimulation and carry out preliminary
reasoning experiments. The specific experimental settings
are as follows. In this case, we take Figure 1 as the
causal graph model (Figure 1 covers all the three kinds of
connection structures in the causal graph structure). By
giving different populations of neurons external current
stimulation in the STDP time window, we can generate
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Fig. 5. The Synapse weights of Spiking Neural Networks contains
the Causal Graph that shown in figure 1. The small matrix on
the diagonal of the weight matrix represents the internal synaptic
connections of the populations of neurons. It can be found that the
number of neurons in the neuron populations representing causality
is more than that in the neuron populations representing entity.

synaptic connections between proposition nodes that are
directly causal to each other, and between proposition
nodes and cause and effect nodes. The spike train of the
whole network is shown in Figure 4

We set the number of neurons in each population
representing the proposition to 50, and the number of
neurons in each population representing the relationship to
200. This setting mainly considers that the human brain’s
representation of relationships is more extensive than a
single proposition. Figure 5 shows the distribution of
SNN weights after the training. We can find that there
are weak connections in each neuron population , and the
links between different neuron population s are the results
of retaining the topology of the causal graph (Figure 1).

Based on the training completed SNN, we give network
stimulation: the court orders(CO) the execution of pris-
oners , and it will be found that the captain(C), A, B
and Death(D) proposition nodes in the causal graph will
be activated in turn, then that the whole SNN network
can complete the reasoning process. Specifically, when
we need the network to carry out forward reasoning,
activate the neuron group corresponding to the ”cause”
relationship. Then, after the judge orders, the neuron
population corresponding to each node in the causal graph
discharge in turn, and the firing of neuron population
representing the death can be observed finally. When we
need the network to carry on the reverse reasoning, we
can activate the neuron population corresponding to the
”effect” relationship, and the network can also deduce
reversibly that the final cause of annoying death is the
court order.

Through this simple case, we prove the possibility of
SNN to implement causal reasoning.

IV. Summary and Outlook
From a long-term perspective, we hope that future

artificial intelligence will not only look for the correlation
between data, but also climb to a higher level of the cause
and effect ladder. Moreover, it should move forward in a
more human-like way, that is, to build a cause and effect
diagram according to the dynamic; to reason and make
decisions according to the cause and effect diagram; to
get feedback from the environment; to adjust the cause
and effect diagram, and cycle in turn. This way will bring
better explainability to the agent, effect we can observe
the internal cause and effect diagram when the agent
completes the decision, rather than just a black box similar
to the current ANN. In this work, we verify the possibility
of SNN as a building block to complete primary reasoning
under the premise of maintaining the given topology of
cause and effect diagram.

Even through, the current experimental results are still
relatively preliminary, in the future, we will continue to
explore how to implement intervention, or even counter-
factual reasoning, in the SNN that retains the topology
of causal graph. We hope to introduce the dynamic
construction of the causal graph and the interaction with
the environment into the model. Starting from a higher
level of cognition, we will use the method of counterfactual
reasoning to repair the connection in the causal graph.
How to realize the dynamic construction of causal graph
in SNN and which neural mechanisms are the basis of the
process are fascinating and challenging questions.
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