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ABSTRACT

Imitation learning, which learns agent policy by mimicking expert
demonstration, has shown promising results in many applications
such as medical treatment regimes and self-driving vehicles. How-
ever, it remains a difficult task to interpret control policies learned
by the agent. Difficulties mainly come from two aspects: 1) agents
in imitation learning are usually implemented as deep neural net-
works, which are black-box models and lack interpretability; 2)
the latent causal mechanism behind agents’ decisions may vary
along the trajectory, rather than staying static throughout time
steps. To increase transparency and offer better interpretability of
the neural agent, we propose to expose its captured knowledge in
the form of a directed acyclic causal graph, with nodes being action
and state variables and edges denoting the causal relations behind
predictions. Furthermore, we design this causal discovery process
to be state-dependent, enabling it to model the dynamics in latent
causal graphs. Concretely, we conduct causal discovery from the
perspective of Granger causality and propose a self-explainable
imitation learning framework, CAIL. The proposed framework is
composed of three parts: a dynamic causal discovery module, a
causality encoding module, and a prediction module, and is trained
in an end-to-end manner. After the model is learned, we can obtain
causal relations among states and action variables behind its deci-
sions, exposing policies learned by it. Experimental results on both
synthetic and real-world datasets demonstrate the effectiveness of
the proposed CAIL in learning the dynamic causal graphs for un-
derstanding the decision-making of imitation learning meanwhile
maintaining high prediction accuracy.
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1 INTRODUCTION

In imitation learning, neural agents are trained to acquire control
policies by mimicking expert demonstrations. It circumvents two
vital deficiencies of traditional DRL methods: low sampling effi-
ciency and reward sparsity. Following demonstrations that return
near-optimal rewards, the imitator can prevent a vast amount of un-
reasonable attempts during explorations and has been shown to be
promising in many real-world applications [11, 19, 25, 34, 46]. How-
ever, despite the high performance of imitating neural agents, one
problem persists in the interpretability of control policies learned
by them. With deep neural networks used as the policy model, the
decision mechanism of the trained neural agent is not transparent
and remains a black box, making it difficult to trust the model and
apply it on high-stake scenarios like the medical domain [35, 41].

Many efforts have been made to increase the interpretability
of policy agents. For example, Reference [44] and [30] compute
saliency maps to highlight critical features using gradient infor-
mation or attention mechanism; [45] models interactions among
entities via relational reasoning; [28] designs sub-tasks to make
decisions with symbolic planning. However, these methods either
provide explanations that are noisy and difficult to interpret [30, 44],
only in the instance level without a global view of the overall pol-
icy or make too strong assumptions on the neural agent and lack
generality [28].
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To increase the interpretability of learned neural agents, we
propose to explain it from the cause-effect perspective, exposing
causal relations among observed state variables and outcome deci-
sions. Inspired by advances in discovering directed acyclic graphs
(DAGs) [49], we aim to learn a self-explainable imitator by discover-
ing the causal relationship between states and actions. Concretely,
taking observable state variables and candidate actions as nodes, the
neural agent can generate a DAG to depict the underlying depen-
dency between states and actions, with edges representing causal
relationships. For example, in the medical domain, the obtained
DAG can contain relations like “Inactive muscle responses often in-
dicates losing of speaking capability” or “Severe liver disease would
encourage the agent to recommend using Vancomycin”, as shown
in the case study Figure 6. Such exposed relations can improve user
understanding of the policies of the neural agent from a global view,
and can provide better explanations of decisions made by it.

However, designing such interpretable imitators from a causal
perspective is a very challenging task, mainly due to two reasons:
1) It is non-trivial to identify causal relations behind the decision-
making of imitating agents. Modern imitators are usually imple-
mented as a deep neural network, in which the utilization of fea-
tures is entangled and nonlinear, and lack interpret-ability; and
2) Imitators need to make decisions in a sequential manner, and
latent causal structures behind it could evolve over time, instead of
staying static throughout the produced trajectory. For example, in
a medical scenario, a trained imitator needs to make sequential de-
cisions that specify how the treatments should be adjusted through
time according to the dynamic states of the patient. As indicated
in [4, 8], there are multiple stages in the states of patients w.r.t dis-
ease severity, which would influence the efficacy of drug therapies
and result in different treatment policies at each stage. However,
directly incorporating this temporal dynamic element into causal
discovery would give too much flexibility in search space, and can
easily lead to over-fitting.

Targeting at aforementioned challenges, we build our causal
discovery objective upon the notion of Granger causality [3, 10],
which declares a causal relationship s; — a; between variables s;
and a; if aj can be better predicted with s; available than not. A
causal discovery module is designed to uncover causal relations
among variables, and extracted causes are encoded into embed-
dings of outcome variables before action prediction. Noted that we
intervene on the variables used by the agent during prediction and
are interested in how its behavior is affected following the notion
of Granger causality, and are not discovering causal relations of
real-world data.

Concretely, in this work, we propose to design an imitator which
is able to produce DAGs providing interpretations on the control pol-
icy alongside predicting actions and name it as Causal-Augmented
Imitation Learning (CAIL). Identified causal relations are encoded
into variable representations as evidence for making decisions. With
this manipulation of inputs, we circumvent the onerous analysis of
internal structures of neural agents and manage to model causal
discovery as an optimization task. Following the observation that
the evolvement of causal structures usually follows a stage-wise
process [4], we assume a set of latent templates during designing
the causal discovery module which can both model the temporal
dynamics across stages and allows for knowledge sharing within
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the same stage. Consistency between extracted DAGs and captured
policies is guaranteed in design, and this framework can be updated
in an end-to-end manner. Intuitive constraints are also enforced
to regularize the structure of discovered causal graphs, like en-
couraging sparsity and preventing loops. In summary, our main
contributions are:

e We study a novel problem of learning dynamic causal graphs to
uncover the knowledge captured as well as latent causes behind
agent’s decisions.

e We propose a novel framework CAIL, which is able to learn
dynamic DAGs to capture the casual relation between state vari-
ables and actions and adopt the DAGs for decision-making in
imitation learning;

e We conduct experiments on synthetic and real-world datasets to
demonstrate the effectiveness of CAIL in learning the dynamic
DAGs for understanding the decision making of imitation learn-
ing meanwhile maintain high prediction accuracy.

2 RELATED WORK
2.1 Imitation Learning

Imitation learning is a special case in the reinforcement learning
domain, where an agent (policy model) is trained to perform a task
and learn a mapping between observations and actions from expert
demonstrations [18, 48]. Such expert knowledge avoids acquiring
skills from scratch, and reduces the difficulties of learning in com-
plex and uncertain environments. Imitation learning has been found
effective in a wide range of applications, such as human-computer
interaction [32, 36, 46, 50], self-driving vehicles [1, 6] and robotic
arms [16, 23].

Existing imitation learning algorithms can mainly be categorized
into two groups, behavior cloning and reinforcement learning with
self-defined reward functions [41]. Behavioral cloning establishes
a direct mapping between states and actions on expert trajectories,
hence rewards can be obtained similar to the supervised learn-
ing setting [39, 42]. However, it could suffer from reward sparsity
problems due to insufficient demonstrations. The other group de-
signs their own reward scores, like inverse reinforcement learn-
ing [51] which learns a reward function that would be maximized
by expert trajectories, and generative adversarial imitation learning
(GAIL) [15] which trains a discriminator to tell those generated by
agents apart from expert trajectories.

Besides these progresses, lack of interpretability is a critical weak
point shared by most imitation learning methods. Neural agent is
usually implemented as a DNN and treated as a black box. Currently,
interpreting imitation learning agents is still an under-explored
task. Similar to our idea, Reference [7] also introduces causality into
imitation learning. However, it identifies causal relations through
targeted intervention and feature masking, which is computation
extensive and relies upon domain knowledge.

2.2 Structure Learning from Time-Series

The task of modeling discrete-time temporal dynamics in DAGs,
which is also known as learning dynamic Bayesian networks (DBNs),
has generated significant interest in recent years [14, 21, 26, 31, 477
]. It has been used successfully in a variety of domains like dis-
ease prognosis [40] and speech recognition [29, 33]. Most existing
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approaches are designed as structural vector autoregressive (SVAR)
models, learning cross-time dependency among variables. For ex-
ample, Reference [31] fits a linear structural equation model (SEM)
on temporal sequences. Reference [37] designs an LSTM-based
model to latently encode SEM, and is able to model nonlinear re-
lations. However, in these works, conditional dependence among
variables is taken as stationary across time points. In many real-
world applications, the conditional dependency among variables
might change. For example, the impacts of oil price on GDP growth
are significantly different when the economy is in a high growth
phase versus low growth phase [2]. Initial efforts have been made
to allow the modeling of dynamic DAGs [12, 38] via regularization
like graph LASSO. More related to ours is the work [17], which
learns state-dependent linear SEMs with the assumption of multiple
stages.

Our work differentiates from these methods mainly from two
perspectives. First, we focus on incorporating causal discovery into
the design of imitators to make them more interpretable. Second,
we make little assumption on the form of causal models as the
decision policy is usually very complex and nonlinear.

3 PROBLEM DEFINITION

Throughout this work, we use S and A to denote sets of states
and actions, respectively. In a classical discrete-time stochastic
control process, the state at each time step is dependent upon
the state and action from the previous step: s;41 ~ P(s|ss, az).
s; € S is the state vector in time step ¢, consisting of descriptions
over observable state variables. a; € RK indicates actions taken in
time ¢, and K is the size of candidate action set |A|. Traditionally,
deep reinforcement learning dedicates to learning a policy model
mp to select actions given states: mg(s) = Py, (als), which can
maximize long-term rewards. In imitation learning setting, ground-
truth rewards on actions at each time step are not available. Instead,
a set of demonstration trajectories 7 = {ry, 72, ..., Try } sampled from
expert policy g is given, where 7; = (s, ag, S1, a1, ...) is the i-th
trajectory with s; and a; being the state and action at time step t.
Accordingly, the target is changed to learn a policy 7y that mimics
the behavior of expert 7g. A summary of notations is provided in
Appendix. A.

In this work, besides obtaining the policy model g, we further
seek to provide interpretations for its decisions. Using notations
from the causality scope, we focus on discovering the cause-effect
dependency among observed states and predicted actions encoded
in 7g. Without loss of generality, we can formalize it as a causal
discovery task. Concretely, we model causal relations with an aug-
mented linear Structural Equation Model (SEM) [49]:

st+1,ar = f2(Gr - fi(s,ar-1)) (1)
In this equation, fi, f2 are nonlinear transformation functions. Di-
rected acyclic graph (DAG) G; € R(S*)X(S+A) can be repre-
sented as an adjacency matrix as it is unattributed. G measures the
causal relation of state variables s and action variable a in time step
t, and sheds lights on interpreting decision mechanism of xg. It
exposes the latent interaction mechanism between state and action
variables lying behind . The task can be formally defined as:
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PROBLEM 1. Given m expert trajectories represented as t, learn a
policy model 7y that predicts the action a; based on states sy, along
with a DAG G; exposing the causal structure captured by it in the
current time step. This self-explaining strategy helps to improve user
understanding of trained imitator.

4 METHODOLOGY

In this section, we introduce the details of the proposed framework
CAIL. The basic idea of CAIL is to discover the causal relationships
between state and action and utilize the causal relations to help
the agent make decisions. The discovered causal graphs can also
provide a high-level interpretation of the neural agent, exposing
the reasons behind its decisions. An overview of the proposed CAIL
is provided in Figure 1. Concretely, we develop a self-explaining
framework that can provide the latent causal graph besides pre-
dicted actions, which is composed of: (1) a causal discovery module
that constructs a causal graph capturing the causal relations among
states and actions for each time step, which can help decision of
which action to take next and explain the decision; (2) a causal
encoding module which models causal graphs to encode the dis-
covered causal relations for imitation learning; and (3) a prediction
module that conducts the imitation learning task based on both the
current state and causal relation. All three components are trained
end-to-end, and this design guarantees the conformity between
discovered causal structures and the behavior of 7g. Next, we will
introduce the detailed design of these modules one by one.

4.1 Dynamic Causal Discovery

Discovering the causal relations between state and action variables
can help decision-making of neural agents and increase their inter-
pretability. However, for many real-world applications, the latent
generation process of observable states s and the corresponding ac-
tion a may undergo transitions at different periods of the trajectory.
For example, there are multiple stages for a patient, such as “just
infected”, “become severe” and “begin to recovery”. Different stages
of patients would influence the efficacy of drug therapies [4, 8],
making it sub-optimal to use one fixed causal graph to model policy
7g. On the other hand, separately fitting a G; at each time step is
an onerous task, and could suffer from the lack of training data.

To address this problem, we design a causal discovery module
to produce dynamic causal graphs. Concretely, we assume that the
evolving of a time series can be split into multiple stages, and the
casual relationship within each stage is static. This assumption
widely holds in many real-world applications, as observed in [4,
8, 12]. Under this assumption, a discovery model with M DAG
templates is designed, and G; is extracted as a soft selection of
those templates.

4.1.1 Causal Graph Learning. An illustration of this causal discov-
ery module is shown in Figure 2. Specifically, we first construct
an explicit dictionary {g", i€[1,2,..,M]} as the DAG templates.
G' e R(S*AX(S+A) and these templates are randomly initialized
and will be learned together with the other modules of CAIL. They
encode the time-variate part of causal relations.

Following existing work [49], we add the sparsity constraint and
the acyclicity regularizer on G* to make sure that G* is directed
acyclic graph. The sparsity regularizer applies L1 norm on the
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( ‘,0 i . to learn the representation of the trajectory for input time step ¢ as
1 —
s Lras *e = Enc(s1, 82, ...,5¢). )
7 ‘
[OOOOJ [OOOO] 00 - O In the experiments, we apply a Temporal CNN as the encoding

O
|

] E?opdc;rruag I 8H model. Note that other sequence encoding models like LSTM and
O Transformer can also be used here. For each template G, we also

learn its representation as:

Template Proximity
¥

St

Option
IEJoss Rpac :RSP’”S""

u' =g(g"). ©)

As G is unattributed and its nodes are ordered, we implement g()
as an MLP with flattened G as input, i.e., the connectivity of each
node. Note that geometric networks like graph neural networks

Figure 2: Overview of the dynamic causal discovery module.

causal graph templates to encourage sparsity of discovered causal
relations so that those non-causal edges could be removed. It can

be mathematically written as (GNNS) [13, 22] can also be used here.

) Since z; captures the trajectory up to time ¢, we can use z; to

min R ity = Y. 2 enerate G; by selecting from templates {G'} as

(Ghielta..m]} Pty Z gl ) g Gt by g plates {G'}
i M
. . L . .
where |G'| denotes number of edges inside it. a; = ijp((zt,u >/T) , Gr= Z a, - G' 6)
In a causal graph, edges are directed and a node cannot be its Yiz; exp({z¢,u')/T)

own descendant. To enforce such constraint on extracted graphs,
we adopt the acyclicity regularization in [43]. Concretely, G' is
acyclic if and only if H(G?) = tr[e9°9"] - (|S| +|A|) = 0, where
o is element-wise square, e” is the matrix exponential of A, and
tr denotes matrix trace. |S| and |A| are the number of state and
action variables, respectively. Then the regularizer to make the
graph acyclic can be written as:

where (, ) denotes vector inner-product. Here, we adopt a soft se-
lection by setting temperature T to a small value, 0.1. A small T
would make a! more close to 0 or 1.

To encourage consistency in template selection across similar
time steps, we design the template selection regularization loss
here. Specifically, states and historical actions at each time are
concatenated and clustered into M groups beforehand. We use q; to
denote whether time steps t belongs to group i, which is obtained

M
min RpAG = Z (H (GH - (IS| + |A). (3) from the clustering results. Then, the loss function for guiding the

{gie[12...M]} i=1 template selection can be written as
When Rp 4G is minimized to be 0, there would be no loops in the M
discovered causal graphs and they are guaranteed to be DAGs. mgin Roption = = Z Z qilogai. (7)
4.1.2  Causal Graph Selection. With the DAG templates, at each
time stamp ¢, we select one DAG from the templates that can well where ¢ is the selection weight of time step ¢ on template i from
describe the causal relation between state variables and actions at Eq.(6) and 0 is the set of parameters of graph templates, temporal
the current status. Specifically, we use a temporal encoding network encoding network Enc and g().
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4.2 Encoding Causal Relations into Embeddings

For the purpose of learning G to capture causal structures, we
need to guarantee its consistency with the behavior of y. In this
work, we achieve that on the input level. Specifically, we obtain
variable embeddings by modeling the interactions among them
based on discovered causal relations, and then train g on top of
these updated embeddings. In this way, the structure of G; can be
updated along with the optimization of 7y. Next, we will introduce
the process of encoding causality into variable embeddings in detail.

4.2.1 Variable Initialization. Let s; j denote state variable s; at
time ¢. First, we map each observed variable s; ; to the embedding
of the same shape for future computations with:

hY; =se;-Ej, ®)
where E; € RIS/ 1% is the embedding matrix to be learned for the j-
th observed variable. fl? e RIS Xd, d is the dimension of embedding
for each variable. We further extend it to h? e RUSIHAD XA 1
include representation of actions. Representation of these actions
are initialized as zero and are learned during training.

4.2.2  Causal Relation Encoding. Then, we update the represen-
tation of all variables using G;, which aims to encode the casual
relation with the representations. In many real-world cases, vari-
ables may contain very different semantics and directly fusing them
using homophily-based GNNs like GCN [22] is improper. To bet-
ter model the heterogeneous property of variables, we adopt an
edge-aware architecture:

_ mal-1 4l-1 1
mj; = [hi,t ’hj,t ] 'wedge

) 5 - I
b, =o([ Z Gjimjoi by TWog)
jevV

©)

where Wle dge and WL are the parameter matrices for edge-wise

agg
propagation and node-wise aggregation respectively in layer .
m;_,; refers to the message from node j to node i. In the experi-
ments, L is set as 2 if not stated otherwise.

4.3 Prediction with Causality-Encoded
Embeddings

After obtaining causality-encoded variable embeddings, a predic-
tion module is implemented on top of them to conduct the imitation
learning task. Its gradients will be back-propagated through the
causal encoding module to the causal discovery module, hence in-
formative edges containing causal relations can be identified. In
this section, we will introduce the detailed design of this module,
along with its training signals.

4.3.1 Imitation Learning Task. After previous steps, now h; ; en-
codes both observations and causal factors for variable j. Then, we
make predictions on a;, which is a vector of length |A|, with each
dimension indicating whether to take the corresponding action or
not. Concretely, for action candidate a’, the process is as follows: (1)
h; o and a;_l are concatenated as the input evidence. h; o is the
obtained embedding for variable a” at time ¢, and a;_l corresponds
to the history action from last time. (2) The branch a’ of trained

policy model 7 predicts the action aj based on [hy o, @} _,]. In our
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implementation, 7y is composed of |A| branches with each branch
corresponding to one certain action variable.

Following existing works [15], the proposed policy model is
adversarially trained with a discriminator D to imitate expert deci-
sions. Specifically, the policy 7g aims to generate realistic trajec-
tories that can mimic 7z so as to fool the discriminator D; while
the discriminator aims to differentiate if a trajectory is from sy
or 7g. Through such a min-max game, my can imitate the expert
trajectories. The learning objective L;n; on policy 7y is given as:

log(1—D(s,a)) — AH(mg)

minE
Ty (82)~Pry

(10)
- ETiErE(s,,a,)»vfiPno (ar | s¢),

where p, is the trajectory generated by mg and 7 is the set of

expert demonstrations. H(n) = Eg,[—logr(als)] is the entropy

that encourages my to explore and make diverse decisions. The

discriminator D is trained to differentiate expert paths from those

generated by 7y, whose objective function is:

meEpElog(D(s, a)) +Ep,log(1 - D(s,a)) 11)

Our framework is agnostic towards architecture choices of policy
model 7y. In the experiments, 7y is implemented as a three-layer
MLP, with the first two layers shared by all branches. Relu is selected
as the activation function.

4.3.2  Auxiliary Regression Task. Besides the common imitation
learning task, we further conduct an auto-regression task on state
variables. This task can provide auxiliary signals to guide the dis-
covery of causal relations, like the edge from Blood Pressure to
Heart Rate in Figure 1. Similar to the imitation learning task, for
state variable s’ we use [hy, s;] as the evidence, and use model
7y to predict s, | as Lyes:

n;g)n _ETiETE(st,a[)~Ti lOan¢ (sl+1 | ht,s, St),

(12)

in which P,[4S denotes the predicted distribution of sz 1.

4.4 Final Objective Function of CAIL

Putting everything together, the final objective function of the
proposed CAIL is given as:

min maxLimi +y1 + Lres + A1 - Rsparse + V2 - Roption
Tp:To D

s.t.

(13)
Rpac = 0.
where A1, y1, and yy are weights of different losses, and the con-
straint guarantees acyclicity in graph templates.
To solve this constrained problem in Equation 13, we use the
augmented Lagrangian algorithm and get its dual form:
min maxLim; +y1 + Lres + A1 - Rsparse + V2 - Roption
TT$,7o D
o (19)
+42:Rpac + 5|1Rpacl’,

where A is the Lagrangian multiplier and c is the penalty parameter.
The optimization steps are summarized in Algorithm 1. Within each
epoch, discriminator and the model parameter 6, ¢ are updated
iteratively, as shown from line 2 to line 5. Between each epoch, we
use augmented Lagrangian algorithm to update the multiplier A,
and penalty weight ¢ from line 6 to line 11. These steps progressively
increase the weight of Rp ¢, so that it will gradually converge to
zero and templates will satisfy the DAG constraint.
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Table 1: Comparison with Baseline Causal Discovery Models

Input: Demonstrations 7 generated from expert policy 7, initial
template set {Qi, i €[12,..,M]}, initial model parameter 0, ¢,
hyperparameters A4, A2, y1, y2, ¢, initialize H,;; = inf, parame-
ter in Augmented Lagrangian: o = 1, p = 10

1: while Not Converged do
2. forr; ~7do
3 Update parameter of discriminator D to increase the loss
of Equation 11;
Update 6, ¢ with gradients to minimize Equation 13;
end for

Compute H with Equation 3;

Ay — A +H-c

if H < o-H,, then

ce—cxp

100 endif

11: ﬂold —H

12: end while

13: return Learned templates {gi,i € [1,2,..., M]}, trained policy

model 7y

4
5
6:
7:
8
9

5 EXPERIMENT

In this section, we evaluate the prediction accuracy and inter-
pretability of the proposed CAIL on both synthetic and real-world
datasets. Specifically, we aim to answer the following questions:

e RQ1: Can the proposed approach correctly identify causal rela-
tions among state and action variables?

e RQ2: Can our proposed method achieve better interpretability
without sacrificing performance in imitation learning?

e RQ3: How would different hyperparameter configurations influ-
ence the effectiveness of proposed method?

5.1 Baselines

To the best of our knowledge, there is no existing work on discov-
ering DAGs to help learn and interpret imitation learning models.
To evaluate capacity of CAIL in identifying causal relations, we
compare it with representative and state-of-the-art causal discovery
methods in time-series data: (1) cMLP/cLSTM [37], which discovers
nonlinear causal relations by training an MLP or an LSTM for each
effect, and its causal factors are identified through analyzing non-
zero entries in the weight matrix. (2) SRU/eSRU [21], which extends
cLSTM through training a component-wise time-series predictor
based on Statistical Recurrent Units(SRU). (3) DYNOTEARS [31],
which designs a score-based approach to capture causal structures
in time series. Causal graph is explicitly parameterized. and causal
relations are assumed to be linear. (4) St'VARM [17], which is similar
to DYNOTEARS in design, but assumes that causal graphs are state-
specific and fall into K groups. (5) ACD [27], which trains a single
amortized model that can infer causal relations across instances
with different underlying causal graphs.

The comparison between our approach and these baselines is
summarized in Table 1 in terms of three dimensions: whether dis-
covers dynamic causal relations, whether supports nonlinear causal
relations, and whether guarantees acyclicity in discovered causal
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cMLP
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eSRU
DYNOTEARS
SrVARM
ACD
Our Approach
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X
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X
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Table 2: Causal discovery performance on static Kuramoto
dataset with different number of oscillators.

AUROC

Models Kura5 Kural0 Kura50
cMLP 0.52+0.01 0.48+0.01 0.49+0.02
cLSTM 0.47+£0.01 0.49+0.01 0.49+0.01
SRU 0.81+0.04 0.64+0.02 0.53+0.03
eSRU 0.61+£0.04 0.54+0.03 0.51+0.02
DYNOTEARS 0.63+0.01 0.57 +£0.01 0.55+0.02
Sr'VARM 0.67+0.02 0.66+0.04 0.57+0.03
ACD 0.82+0.04 0.71+£0.03 0.63+0.02
Ours 0.95+0.02 0.98+0.01 0.91+0.03

graphs. Following their designs, we train them through conducting
auto-regression directly on expert trajectories 7.

5.2 Datasets

To evaluate the performance of causal discovery, we conduct exper-
iments on a publicly available synthetic dataset Kuramoto [27] and
a real-world dataset MIMIC-IV [41]. To examine the performance
of CAIL in imitation learning task ad answer RQ2, we further test it
on three classical gym datasets [5]: MiniGrid-FourRoom, LavaGap,
and DoorKey. Descriptions of these datasets are provided in Ap. B.

5.3 Configurations

5.3.1 Hyperparameter Settings. For all approaches, the learning
rate is initialized as 0.005 and maximum epoch is set as 1,000. For
both our approach and baselines, we use grid search to find hyper-
parameters with the best performance on each dataset. For synthetic
dataset Kuramoto, M is fixed as 3 for ease of evaluation. For real-
world datasets, Sepsis and Comorbidity, M is also set as 3 with prior
knowledge on degree of severity [4]. Train:validation:test ratio is
splitas 2 :3: 5.

5.3.2  Evaluation Metrics. To evaluate the quality of discovered
causal relations provided by the policy model, we use AUC-ROC
score to measure their alignment with the ground-truth causal re-
lationships. A higher AUC-ROC score means more accurate causal
discovery performance, which indicates better interpretability. Be-
sides, to evaluate performance in decision making, we also conduct
teacher-forcing test and report the accuracy in action prediction.
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Table 3: Causal discovery performance on dynamic Ku-
ramoto dataset with a different number of oscillators.

AUROC
Models Kura5_vary Kural0_vary Kura50_vary
SRU-D 0.78 £0.03 0.62 £ 0.02 0.54 £0.01
DYNOTEAR-D 0.62 +0.03 0.57 £ 0.02 0.52+0.03
SrVARM 0.63 £0.04 0.64 +0.05 0.56 = 0.02
ACD 0.73 +£0.03 0.68 = 0.02 0.58 = 0.04
Ours 0.82 +£0.05 0.78 £0.04 0.72 £ 0.03

5.4 Performance on Discovering Static DAG

First, we compare the performance of DAG learning of CAIL with
baselines in the static setting. Each method is trained until con-
verges to make a fair comparison. We conduct each experiment for
5 times. Both the average performance and the standard deviation
are reported in Table 2. From the result, we can observe that:

e Our proposed framework achieves the best performance com-
pared to baselines, which validates its capacity to correctly iden-
tify nonlinear causal relations;

e Our proposed framework scales well on this Kuramoto dataset.
Compared to baselines like SRU, its performance is much more
stable w.r.t graph sizes.

o Due to limitations like only support linear causal relations [17, 31]
or unable to guarantee acyclicity [27, 37], baselines fail to achieve
satisfactory performance on this task.

5.5 Performance on Discovering Dynamic DAG

Based on the results on static DAG, we select SRU, DYNOTEARS,
SrVARM, and ACD as baselines for the scenario with varying DAGs.
For SRU and DYNOTEARS, they are designed only for static causal
relation discovery. Hence, we take ground-truth DAG index as
known for these baselines and train them once for each DAG. We
mark them as SRU-D and DYNOTEAR-D respectively. Other ap-
proaches can cope with dynamic causal relations and do not require
such modification. The results are summarized in Table 3. From
the results, we can observe that: (i) Our approach again achieves
the best performance, outperforming all baselines with a clear mar-
gin; and (ii) It is more difficult to conduct causal discovery when
the latent DAGs are dynamic. The performance of all approaches
degrades in this setting.

5.6 Performance on Decision Making

To answer RQ2, we compare proposed approach with represen-
tative methods in imitation learning, including Behavior Cloning
(BC), Adversarial Inverse Reinforcement Learning (AIRL) [9] and
GAIL [15]. Performance of our backbone model architecture is also
reported as Vanilla. For the vanilla model, there is no causal dis-
covery or causal encoding modules, and the policy model predicts
actions based on the full observed states. Train, validation and test
sets are split as 3 : 2 : 5. Trained policy models are tested on expert
trajectories. For Kuramoto dataset we report MSE difference in
predicted trajectories (smaller is better), and for Mimic-IV datasets
we report the mean Accuracy and AUROC score (higher is better).
For three gym datasets, we report the mean accuracy, mean reward,
and macro-F score (higher is better). Results are summarized in
Table 4, 5, and Table 6. From the three tables, we can observe that
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Table 4: Action prediction performance measured in terms of
prediction distance on Kuramoto datasets. Smaller is better

Methods Kura5 Kural0 Kura5_vary Kural0_vary
BC 0.0061  0.0069 0.0129 0.0117
AIRL 0.0062  0.0068 0.0133 0.0119
GAIL 0.0059  0.0067 0.0131 0.0128
Vanilla  0.0053  0.0065 0.0122 0.0114
Ours 0.0056  0.0063 0.0125 0.0115

Table 5: Action prediction performance measured in terms
of AUC and Accuracy on MIMIC-IV datasets. Higher is better

Comorbidity Sepsis
Methods AUC  ACC AUC  ACC
BC 0.8695 0.9507 | 0.9311 0.9735
AIRL 0.8574 0.9427 | 0.9216 0.9673
GAIL 0.8716 0.9585 | 0.9315 0.9774
Vanilla  0.8793 0.9618 | 0.9402 0.9818
Ours 0.8774 0.9628 | 0.9317 0.9817
10 0.91
== KuralO
0.9 0.90 —e— KuralO_vary
0.89
== KuralO O 088

AUROC

10-° 102

Al

(a) Kural0,Kural0_vary (b) LavaGap, FourRoom

Figure 3: Sensitivity on weight of sparsity regularization, 4;

the proposed approach can provide an explanation with comparable
performance in decision making.

5.7 Ablation Study

5.7.1 Analyzing Sparsity Regularization. In this subsection, we an-
alyze the sensitivity of the proposed CAIL on hyperparameters
A1. A1 controls the importance of sparsity regularization term. We
vary it as {10_6, 1075,...,0.1, 1}. Evaluations are conducted both
on causal discovery (Kura10 and Kural0_vary) and on action predic-
tion (LavaGap and FourRoom), with other configurations remaining
the same as main experiment. Each experiment is conducted 3 times,
and the average results in causal discovery are shown in Fig 3. From
the figure, we can observe that the proposed CAIL performs rela-
tively stable with A; € [107>,1073]. Setting A; to a too-large value,
e.g, larger than 0.1, will result in a sharp drop in the quality of
identified causal edges and prediction accuracy. This is because
sparsity constraint can encourage the causal discovery module to
remove uninformative edges, but setting it too large would remove
correctly identified edges as well.

5.7.2  Analyzing Acyclicity Regularization. In this subsection, we
analyze the sensitivity of CAIL on the importance of acyclicity
regularization. Results are presented in Ap. C.

5.7.3 Influence of Training Instance Amount. In this subsection, we
evaluate the influence of training size on causal discovery and action
prediction quality, to obtain an idea of the amount of data needed
for a successful learning process. We vary the ratio of instances for
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Table 6: Action prediction performance measured on three gym datasets. Besides accuracy and MacroF, we also test the trained

agent on the environment to obtain the mean rewards.

FourRoom LavaGap DoorKey
Methods | ACC Reward macroF | ACC Reward macroF | ACC Reward macroF
BC 0.9012  0.2836 0.6737 | 0.8745  0.9357 0.8634 | 0.8859  0.8403 0.8618
AIRL 0.8725  0.2617 0.6593 | 0.8733  0.9342 0.8629 | 0.8915 0.8672 0.8728
GAIL 0.8468 0.1904 0.6336 | 0.8659  0.9223 0.8605 | 0.8733  0.8328 0.8531
Vanilla | 0.9037 0.2872 0.6795 | 0.8793  0.9464 0.8728 | 0.9035 0.8742 0.8813
Ours 0.9045  0.2863 0.6746 | 0.8821  0.9487 0.8745 | 0.9012  0.8756 0.8804
10 5.8 Case Study
0.9 0900 We further conduct case studies on dataset Kuramoto and Mimic-IV.
0.875 . . . PP
Gos 080 Due to space limitations, we put it in Appendex. D and E.
QD: 0.7 / § 0825
< 0.800 6 CONCLUSION
0.6 =4 KuralO 0.775 —&— KuralO . . . : P :
—e— Kural0_vary 0750 —e— Kuralo_vary In this work, we integrate causal discovery into imitation learning
0.5 : =

1073 1072 107! 1073 1072 107!
Ratio of Training Transitions Ratio of Training Transitions

(a) Kural0,Kural0_vary (b) LavaGap, FourRoom

Figure 4: Influence of training instance amount.

Table 7: Causal discovery performance in terms of AUCROC
with different number or type of GNN layers used in enforc-
ing causal graphs to the decision-making process.

Kural0 Kural0_vary
Layer Number | GCN Edge-aware | GCN Edge-aware
1-layer 0.95 0.96 0.77 0.76
2-layer 0.71 0.98 0.64 0.78
3-layer 0.58 0.59 0.56 0.59

training as {1e—3,5e—3,1e—2,5¢—2,0.1,0.15, 0.2}, and experiment
on datasets Kural0, Kural0_vary, LavaGap and FourRoom. The
results are summarized in Fig 4. From the figure, we can observe
that for the Kuramoto dataset, the benefit of increasing training
examples is more clear with an amount less than 0.01 (corresponds
to 1, 000 transitions) in the static setting. In the dynamic setting, on
the other hand, more training examples are needed for successful
training. For datasets LavaGap and FourRoom, the performance
become more stable with ratio larger then 0.1.

5.7.4  Influence of Model Architectures. Causal encoding module
uses discovered causal graphs to guide the message propagation
among variables, and back-propagates gradients to the causal dis-
covery module so that the framework can be trained end-to-end
jointly. In this subsection, we analyze the model’s performance
w.r.t different architectures of it. Particularly, we test two GNN
layers: GCN [22] which is one of the most popular GNN layers,
and Edge-aware layer which used in the main experiments. Dif-
ferent numbers of GNN layers are also tested here. Experiments
are conducted on Kura10 and Kura10_vary, with AUROC score on
discovered causal edges reported. Results in causal discovery are
summarized in Table 7. From the table, we observe that the perfor-
mance drops quickly as the GCN goes deep, while the edge-aware
layer used in this work performs well for both 1-layer and 2-layer
settings. We attribute this observation to the “homophily” assump-
tion of GCN, which is ineffective in modeling complex interactions
of causal graphs.

and propose a framework with improved interpretability. Besides
learning control policies, the trained imitator is able to provide
DAGs depicting captured dependence among state and action vari-
ables. With dynamic causal discovery module and the causality
encoding module implemented as GNNs, the framework can model
complex nonlinear causal relations. Experimental results on both
simulation and real-world datasets show the effectiveness of the
proposed method in capturing the casual relations for explanation
and prediction. There are several interesting directions need further
investigation. First, in this paper, we use clustering algorithm to
cluster the states into stages and utilize it to supervise template
selection. We would like to extend CAIL to learn the stages instead
of relying on pre-clustered stages. Second, the identified causal rela-
tions could expose distribution shifts across domains. It is promising
to utilize them for a more efficient transfer learning algorithm.
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