
Learning and Using Causal Knowledge: 
A Further Step Towards a Higher-Level 

Intelligence
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• For control
• For fault detection
• For counterfactuals
• …

Why Causality?
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• Association: X and Y are associated iff 
                          ∃x1 ≠ x2 P(Y|X=x1) ≠ P(Y|X=x2)

         Causality: X is a cause of Y iff 
                            ∃x1 ≠ x2 P(Y|do (X=x1)) ≠ P(Y|do (X=x2))

Causality and Graphical Causal Representations

• Graphical representations for causal 
relations

• Node: a random variable
• Directed edge X1     X2: X1 is a direct cause 

of X2 relative to the given variable set



• Randomized Controlled Trials
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Hard to do
Or even impossible!!

Treatment 
group

Control 
group

- Impossible (e.g., astronomy)
- Infeasible (e.g., too many variables)
- Unethical (e.g., living human brains)

• Association        causality 

• Association + assumptions/constraints         causality 

How to Find Causality?
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• Causal Discovery: discover causal relationships from 
observational data under appropriate assumptions

Different from the problem of identifying causal effect 
given the causal graph
• Potential-outcome framework (Neyman, 1923; Rubin 1974)
• Do calculus (Peter et al., 1993; Pearl, 2000)

X1 X2 … X5
0.5 -0.3 … 1.0
0.2 1.2 … -0.4
… … … …
0.3 0.1 … -0.5
0.8 0.9 … 0.2
-0.2 0.3 … -0.7

How to Find Causality?



• Learning causality from observational data
• Basic principles 

• From nonstationary/heterogenous data
• Learning linear latent hierarchical structure

• Using causality to facilitate AI/ML
• A causal view of transfer reinforcement learning 
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Outline



causal structure
Y → X → Z

Statistical 
independence(s)

 Y      Z | X

Causal Markov condition: 
Structural separation => Statistical independence 

Faithfulness assumption: 
Statistical independence => Structural separation 

 Y      X      Z

Causal Structure vs. Statistical Independence
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Conditional Independence



• (Conditional) independence constraints ⇒ 
candidate causal structures
• PC algorithm (Spirtes & Glymour, 1991): 

iid, acyclic, no latent confounders

• Causal skeleton is identifiable, but some causal 
directions may be not
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X1 X2 X3 X4 X5

1.2 0.7 2.1 1.5 0.9

0.5 0.1 2.2 1.2 1.9

2.9 1.9 3.1 2.2 0.9

2.5 3.5 1.2 1.9 1.4

1.3 1.7 2.3 3.1 2.9

X1⫫X3 | X5 

X1⫫X4 | X2 

X3⫫X4 | X2 

X4⫫X5 | X2 

X2⫫X5 | X1,X3

X1 X3

X2

X4

X5

Constraint-Based Causal Discovery
Ground truth:



• Functional causal model: represents effect as a function 
of direct causes and noise: Y = f (X, E), with X     E
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(Causal direction) (Reverse direction)

Asymmetry!

X1 X3

X2

X4

X5

• An illustration of asymmetry: data generated by 
Y = aX + E (E: non-Gaussian distributed)

Asymmetric Independent Noise Condition

Linear regression: Y = aX + EY Linear regression: X = bY + EX

Shimizu et al., 2006; Hoyer et al. 2009; 
Zhang et al., 2006 & 2009
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• Independent change between causal modules 
Causal module

Modularity

Asymmetric Independent Change

Hoover, 1990; Tian & Pearl, 2001; Janzing, 
et al., 2010; Schölkopf et al., 2012; Zhang 
et al., 2013; Huang et al., 2017 & 2020

• Causal representations: with minimal changes



11

• Previous approaches in causal discovery usually 
rely on assumptions about:
• I.I.D. or stationary data
• Linear causal relations
• Latent confounders
• Selection bias
• …

Some assumptions may not hold & not testable

Strong Assumptions of Classical Approaches



• Learning causality from observational data
• Basic principles
• From nonstationary/heterogenous data 

• Learning linear latent hierarchical structure

• Using causality to facilitate AI/ML
• A causal view of transfer reinforcement learning 
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Outline
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Causal Discovery from 
Nonstationary/Heterogeneous Data 
— Do distribution shifts impede or facilitate 
causal discovery?



• Questions to answer:

I. Detect variables with 
changing causal modules & 
recover causal skeleton.

II. Identify causal directions 
by making use of 
distribution shifts.

III. Visualize changing causal 
mechanisms.

With our proposed approach:
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Huang*, Zhang*, Glymour, Schölkopf, et al. Causal 
Discovery from Nonstationary/Heterogeneous Data. 
JMLR, 2020
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(a) (b)
Figure 1: An illustration on how ignoring changes in the causal model may lead
to spurious connections by the constraint-based method. (a) The true causal
graph (including confounder g(C)). (b) The estimated conditional independence
graph on the observed data in the asymptotic case.

If the changes in some modules are related, one can treat the situation as
if there exists some unobserved quantity (confounder) which influences those
modules and, as a consequence, the conditional independence relationships in
the distribution-shifted data will be di↵erent from those implied by the true
causal structure. Therefore, standard constraint-based algorithms such as PC [2,
3] may not be able to reveal the true causal structure. As an illustration,
suppose that the observed data were generated according to Fig. 1(a), where
g(C), a function of C, is involved in the generating processes for both V2 and
V4; the conditional independence graph for the observed data then contains
spurious connections V1 �V4 and V2 �V4, because there is only one conditional
independence relationship, V3 ?? V1 |V2, as shown in Fig. 1(b).

!2 0 2
!2

!1

0

1

2

X
1

X
2

(b) on data set 2

!2 0 2
!2

!1

0

1

2

X
1

X
2

(c) on both data sets

!2 0 2
!2

!1

0

1

2

X
1

X
2

(a) on data set 1

!2 0 2
!1

!0.5

0

0.5

1

X
1

Ê
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Figure 2: Illustration on the failure of using the approach based on functional
causal models for causal direction determination when the causal model changes.
(a) Scatter plot of V1 and V2 on data set 1. (b) That on data set 2. (c) That
on merged data (both data sets). (d) The scatter plot of V1 and the estimated
regression residual on merged data.

Moreover, when one fits a fixed functional causal model (e.g., a linear, non-
Gaussian model [6]) to distribution-shifted data, the estimated noise may not
be independent from the cause any more. Consequently, the approach based
on restricted functional causal models in general cannot infer the correct causal
structure either. Fig. 2 gives an illustration on this. Suppose we have two data
sets for variables V1 and V2: V2 is generated from V1 according to V2 = 0.3V1+E
in the first and according to V2 = 0.7V1+E in the second, and in both data sets
V1 and E are mutually independent and follow a uniform distribution. Fig. 2(a
- c) show the scatter plots of V1 and V2 on data set 1, on data set 2, and on
merged data, respectively. (d) then shows the scatter plot of V1, the cause, and
the estimated regression residual on both data sets; they are not independent
any more, although on either data set the regression residual is independent

4

Ground truth

Causal Discovery from Heterogeneous/ 
NOnstationary Data (CD-NOD)
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• C: domain index, time index, etc.
    (surrogate to characterize latent change factors)

Basic idea:

C: time index

θ5(C)

V1 V2 V3 V4

g(C)

V5
V1 V2 V3 V4

(a) (b)
Figure 1: An illustration on how ignoring changes in the causal model may lead
to spurious connections by the constraint-based method. (a) The true causal
graph (including confounder g(C)). (b) The estimated conditional independence
graph on the observed data in the asymptotic case.

If the changes in some modules are related, one can treat the situation as
if there exists some unobserved quantity (confounder) which influences those
modules and, as a consequence, the conditional independence relationships in
the distribution-shifted data will be di↵erent from those implied by the true
causal structure. Therefore, standard constraint-based algorithms such as PC [2,
3] may not be able to reveal the true causal structure. As an illustration,
suppose that the observed data were generated according to Fig. 1(a), where
g(C), a function of C, is involved in the generating processes for both V2 and
V4; the conditional independence graph for the observed data then contains
spurious connections V1 �V4 and V2 �V4, because there is only one conditional
independence relationship, V3 ?? V1 |V2, as shown in Fig. 1(b).
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Figure 2: Illustration on the failure of using the approach based on functional
causal models for causal direction determination when the causal model changes.
(a) Scatter plot of V1 and V2 on data set 1. (b) That on data set 2. (c) That
on merged data (both data sets). (d) The scatter plot of V1 and the estimated
regression residual on merged data.

Moreover, when one fits a fixed functional causal model (e.g., a linear, non-
Gaussian model [6]) to distribution-shifted data, the estimated noise may not
be independent from the cause any more. Consequently, the approach based
on restricted functional causal models in general cannot infer the correct causal
structure either. Fig. 2 gives an illustration on this. Suppose we have two data
sets for variables V1 and V2: V2 is generated from V1 according to V2 = 0.3V1+E
in the first and according to V2 = 0.7V1+E in the second, and in both data sets
V1 and E are mutually independent and follow a uniform distribution. Fig. 2(a
- c) show the scatter plots of V1 and V2 on data set 1, on data set 2, and on
merged data, respectively. (d) then shows the scatter plot of V1, the cause, and
the estimated regression residual on both data sets; they are not independent
any more, although on either data set the regression residual is independent

4

Ground truth

Causal Discovery from Heterogeneous/ 
NOnstationary Data (CD-NOD)

C: subject index
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• Kernel-based conditional independence tests (Zhang et al., 
2012) + efficient search procedure (e.g., PC)

Basic idea:

• Incorporate C into the causal system

θ5(C)

V1 V2 V3 V4

g(C)

V5
V1 V2 V3 V4

(a) (b)
Figure 1: An illustration on how ignoring changes in the causal model may lead
to spurious connections by the constraint-based method. (a) The true causal
graph (including confounder g(C)). (b) The estimated conditional independence
graph on the observed data in the asymptotic case.

If the changes in some modules are related, one can treat the situation as
if there exists some unobserved quantity (confounder) which influences those
modules and, as a consequence, the conditional independence relationships in
the distribution-shifted data will be di↵erent from those implied by the true
causal structure. Therefore, standard constraint-based algorithms such as PC [2,
3] may not be able to reveal the true causal structure. As an illustration,
suppose that the observed data were generated according to Fig. 1(a), where
g(C), a function of C, is involved in the generating processes for both V2 and
V4; the conditional independence graph for the observed data then contains
spurious connections V1 �V4 and V2 �V4, because there is only one conditional
independence relationship, V3 ?? V1 |V2, as shown in Fig. 1(b).
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Figure 2: Illustration on the failure of using the approach based on functional
causal models for causal direction determination when the causal model changes.
(a) Scatter plot of V1 and V2 on data set 1. (b) That on data set 2. (c) That
on merged data (both data sets). (d) The scatter plot of V1 and the estimated
regression residual on merged data.

Moreover, when one fits a fixed functional causal model (e.g., a linear, non-
Gaussian model [6]) to distribution-shifted data, the estimated noise may not
be independent from the cause any more. Consequently, the approach based
on restricted functional causal models in general cannot infer the correct causal
structure either. Fig. 2 gives an illustration on this. Suppose we have two data
sets for variables V1 and V2: V2 is generated from V1 according to V2 = 0.3V1+E
in the first and according to V2 = 0.7V1+E in the second, and in both data sets
V1 and E are mutually independent and follow a uniform distribution. Fig. 2(a
- c) show the scatter plots of V1 and V2 on data set 1, on data set 2, and on
merged data, respectively. (d) then shows the scatter plot of V1, the cause, and
the estimated regression residual on both data sets; they are not independent
any more, although on either data set the regression residual is independent

4

Ground truth

Causal Discovery from Heterogeneous/ 
NOnstationary Data (CD-NOD)

• C: domain index, time index, etc.
    (surrogate to characterize latent change factors)
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Anomaly detection 
& Root cause analysis 

θ5(C)
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(a) (b)
Figure 1: An illustration on how ignoring changes in the causal model may lead
to spurious connections by the constraint-based method. (a) The true causal
graph (including confounder g(C)). (b) The estimated conditional independence
graph on the observed data in the asymptotic case.

If the changes in some modules are related, one can treat the situation as
if there exists some unobserved quantity (confounder) which influences those
modules and, as a consequence, the conditional independence relationships in
the distribution-shifted data will be di↵erent from those implied by the true
causal structure. Therefore, standard constraint-based algorithms such as PC [2,
3] may not be able to reveal the true causal structure. As an illustration,
suppose that the observed data were generated according to Fig. 1(a), where
g(C), a function of C, is involved in the generating processes for both V2 and
V4; the conditional independence graph for the observed data then contains
spurious connections V1 �V4 and V2 �V4, because there is only one conditional
independence relationship, V3 ?? V1 |V2, as shown in Fig. 1(b).
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Figure 2: Illustration on the failure of using the approach based on functional
causal models for causal direction determination when the causal model changes.
(a) Scatter plot of V1 and V2 on data set 1. (b) That on data set 2. (c) That
on merged data (both data sets). (d) The scatter plot of V1 and the estimated
regression residual on merged data.

Moreover, when one fits a fixed functional causal model (e.g., a linear, non-
Gaussian model [6]) to distribution-shifted data, the estimated noise may not
be independent from the cause any more. Consequently, the approach based
on restricted functional causal models in general cannot infer the correct causal
structure either. Fig. 2 gives an illustration on this. Suppose we have two data
sets for variables V1 and V2: V2 is generated from V1 according to V2 = 0.3V1+E
in the first and according to V2 = 0.7V1+E in the second, and in both data sets
V1 and E are mutually independent and follow a uniform distribution. Fig. 2(a
- c) show the scatter plots of V1 and V2 on data set 1, on data set 2, and on
merged data, respectively. (d) then shows the scatter plot of V1, the cause, and
the estimated regression residual on both data sets; they are not independent
any more, although on either data set the regression residual is independent

4

Ground truth

Causal Discovery from Heterogeneous/ 
NOnstationary Data (CD-NOD)
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Theoretical guarantee: 
Given C, the causal skeleton can be correctly 
discovered asymptotically, as if the hidden 
change factors were known.
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g(C)

V5
V1 V2 V3 V4

(a) (b)
Figure 1: An illustration on how ignoring changes in the causal model may lead
to spurious connections by the constraint-based method. (a) The true causal
graph (including confounder g(C)). (b) The estimated conditional independence
graph on the observed data in the asymptotic case.

If the changes in some modules are related, one can treat the situation as
if there exists some unobserved quantity (confounder) which influences those
modules and, as a consequence, the conditional independence relationships in
the distribution-shifted data will be di↵erent from those implied by the true
causal structure. Therefore, standard constraint-based algorithms such as PC [2,
3] may not be able to reveal the true causal structure. As an illustration,
suppose that the observed data were generated according to Fig. 1(a), where
g(C), a function of C, is involved in the generating processes for both V2 and
V4; the conditional independence graph for the observed data then contains
spurious connections V1 �V4 and V2 �V4, because there is only one conditional
independence relationship, V3 ?? V1 |V2, as shown in Fig. 1(b).
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Figure 2: Illustration on the failure of using the approach based on functional
causal models for causal direction determination when the causal model changes.
(a) Scatter plot of V1 and V2 on data set 1. (b) That on data set 2. (c) That
on merged data (both data sets). (d) The scatter plot of V1 and the estimated
regression residual on merged data.

Moreover, when one fits a fixed functional causal model (e.g., a linear, non-
Gaussian model [6]) to distribution-shifted data, the estimated noise may not
be independent from the cause any more. Consequently, the approach based
on restricted functional causal models in general cannot infer the correct causal
structure either. Fig. 2 gives an illustration on this. Suppose we have two data
sets for variables V1 and V2: V2 is generated from V1 according to V2 = 0.3V1+E
in the first and according to V2 = 0.7V1+E in the second, and in both data sets
V1 and E are mutually independent and follow a uniform distribution. Fig. 2(a
- c) show the scatter plots of V1 and V2 on data set 1, on data set 2, and on
merged data, respectively. (d) then shows the scatter plot of V1, the cause, and
the estimated regression residual on both data sets; they are not independent
any more, although on either data set the regression residual is independent

4

Ground truth

Causal Discovery from Heterogeneous/ 
NOnstationary Data (CD-NOD)
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(a) (b)
Figure 1: An illustration on how ignoring changes in the causal model may lead
to spurious connections by the constraint-based method. (a) The true causal
graph (including confounder g(C)). (b) The estimated conditional independence
graph on the observed data in the asymptotic case.

If the changes in some modules are related, one can treat the situation as
if there exists some unobserved quantity (confounder) which influences those
modules and, as a consequence, the conditional independence relationships in
the distribution-shifted data will be di↵erent from those implied by the true
causal structure. Therefore, standard constraint-based algorithms such as PC [2,
3] may not be able to reveal the true causal structure. As an illustration,
suppose that the observed data were generated according to Fig. 1(a), where
g(C), a function of C, is involved in the generating processes for both V2 and
V4; the conditional independence graph for the observed data then contains
spurious connections V1 �V4 and V2 �V4, because there is only one conditional
independence relationship, V3 ?? V1 |V2, as shown in Fig. 1(b).
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Figure 2: Illustration on the failure of using the approach based on functional
causal models for causal direction determination when the causal model changes.
(a) Scatter plot of V1 and V2 on data set 1. (b) That on data set 2. (c) That
on merged data (both data sets). (d) The scatter plot of V1 and the estimated
regression residual on merged data.

Moreover, when one fits a fixed functional causal model (e.g., a linear, non-
Gaussian model [6]) to distribution-shifted data, the estimated noise may not
be independent from the cause any more. Consequently, the approach based
on restricted functional causal models in general cannot infer the correct causal
structure either. Fig. 2 gives an illustration on this. Suppose we have two data
sets for variables V1 and V2: V2 is generated from V1 according to V2 = 0.3V1+E
in the first and according to V2 = 0.7V1+E in the second, and in both data sets
V1 and E are mutually independent and follow a uniform distribution. Fig. 2(a
- c) show the scatter plots of V1 and V2 on data set 1, on data set 2, and on
merged data, respectively. (d) then shows the scatter plot of V1, the cause, and
the estimated regression residual on both data sets; they are not independent
any more, although on either data set the regression residual is independent

4

Ground truth

Causal Discovery from Heterogeneous/ 
NOnstationary Data (CD-NOD)

Invariance as a 
special case:
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For iid data with general 
functional class:

No determined 
directions

If ignoring distribution shifts:Spurious edges 
& Wrong 
directions

θ5(C)

V1 V2 V3 V4

g(C)

V5
V1 V2 V3 V4

(a) (b)
Figure 1: An illustration on how ignoring changes in the causal model may lead
to spurious connections by the constraint-based method. (a) The true causal
graph (including confounder g(C)). (b) The estimated conditional independence
graph on the observed data in the asymptotic case.

If the changes in some modules are related, one can treat the situation as
if there exists some unobserved quantity (confounder) which influences those
modules and, as a consequence, the conditional independence relationships in
the distribution-shifted data will be di↵erent from those implied by the true
causal structure. Therefore, standard constraint-based algorithms such as PC [2,
3] may not be able to reveal the true causal structure. As an illustration,
suppose that the observed data were generated according to Fig. 1(a), where
g(C), a function of C, is involved in the generating processes for both V2 and
V4; the conditional independence graph for the observed data then contains
spurious connections V1 �V4 and V2 �V4, because there is only one conditional
independence relationship, V3 ?? V1 |V2, as shown in Fig. 1(b).
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Figure 2: Illustration on the failure of using the approach based on functional
causal models for causal direction determination when the causal model changes.
(a) Scatter plot of V1 and V2 on data set 1. (b) That on data set 2. (c) That
on merged data (both data sets). (d) The scatter plot of V1 and the estimated
regression residual on merged data.

Moreover, when one fits a fixed functional causal model (e.g., a linear, non-
Gaussian model [6]) to distribution-shifted data, the estimated noise may not
be independent from the cause any more. Consequently, the approach based
on restricted functional causal models in general cannot infer the correct causal
structure either. Fig. 2 gives an illustration on this. Suppose we have two data
sets for variables V1 and V2: V2 is generated from V1 according to V2 = 0.3V1+E
in the first and according to V2 = 0.7V1+E in the second, and in both data sets
V1 and E are mutually independent and follow a uniform distribution. Fig. 2(a
- c) show the scatter plots of V1 and V2 on data set 1, on data set 2, and on
merged data, respectively. (d) then shows the scatter plot of V1, the cause, and
the estimated regression residual on both data sets; they are not independent
any more, although on either data set the regression residual is independent

4

Ground truth

Causal Discovery from Heterogeneous/ 
NOnstationary Data (CD-NOD)
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Figure 1: An illustration on how ignoring changes in the causal model may lead
to spurious connections by the constraint-based method. (a) The true causal
graph (including confounder g(C)). (b) The estimated conditional independence
graph on the observed data in the asymptotic case.

If the changes in some modules are related, one can treat the situation as
if there exists some unobserved quantity (confounder) which influences those
modules and, as a consequence, the conditional independence relationships in
the distribution-shifted data will be di↵erent from those implied by the true
causal structure. Therefore, standard constraint-based algorithms such as PC [2,
3] may not be able to reveal the true causal structure. As an illustration,
suppose that the observed data were generated according to Fig. 1(a), where
g(C), a function of C, is involved in the generating processes for both V2 and
V4; the conditional independence graph for the observed data then contains
spurious connections V1 �V4 and V2 �V4, because there is only one conditional
independence relationship, V3 ?? V1 |V2, as shown in Fig. 1(b).
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Ê

(d) on both data sets

Figure 2: Illustration on the failure of using the approach based on functional
causal models for causal direction determination when the causal model changes.
(a) Scatter plot of V1 and V2 on data set 1. (b) That on data set 2. (c) That
on merged data (both data sets). (d) The scatter plot of V1 and the estimated
regression residual on merged data.

Moreover, when one fits a fixed functional causal model (e.g., a linear, non-
Gaussian model [6]) to distribution-shifted data, the estimated noise may not
be independent from the cause any more. Consequently, the approach based
on restricted functional causal models in general cannot infer the correct causal
structure either. Fig. 2 gives an illustration on this. Suppose we have two data
sets for variables V1 and V2: V2 is generated from V1 according to V2 = 0.3V1+E
in the first and according to V2 = 0.7V1+E in the second, and in both data sets
V1 and E are mutually independent and follow a uniform distribution. Fig. 2(a
- c) show the scatter plots of V1 and V2 on data set 1, on data set 2, and on
merged data, respectively. (d) then shows the scatter plot of V1, the cause, and
the estimated regression residual on both data sets; they are not independent
any more, although on either data set the regression residual is independent

4

Ground truth

Causal Discovery from Heterogeneous/ 
NOnstationary Data (CD-NOD)
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✓ Distribution-shifted data
✓ Particular types of hidden confounders
✓ General data distributions
✓ Linear & nonlinear causal relations
✓ Instantaneous & lagged causal relations

CD-NOD works for

Currently, extending CDNOD to 
• Cyclic graphs
• Selection bias

θ5(C)

V1 V2 V3 V4

g(C)

V5
V1 V2 V3 V4

(a) (b)
Figure 1: An illustration on how ignoring changes in the causal model may lead
to spurious connections by the constraint-based method. (a) The true causal
graph (including confounder g(C)). (b) The estimated conditional independence
graph on the observed data in the asymptotic case.

If the changes in some modules are related, one can treat the situation as
if there exists some unobserved quantity (confounder) which influences those
modules and, as a consequence, the conditional independence relationships in
the distribution-shifted data will be di↵erent from those implied by the true
causal structure. Therefore, standard constraint-based algorithms such as PC [2,
3] may not be able to reveal the true causal structure. As an illustration,
suppose that the observed data were generated according to Fig. 1(a), where
g(C), a function of C, is involved in the generating processes for both V2 and
V4; the conditional independence graph for the observed data then contains
spurious connections V1 �V4 and V2 �V4, because there is only one conditional
independence relationship, V3 ?? V1 |V2, as shown in Fig. 1(b).
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Figure 2: Illustration on the failure of using the approach based on functional
causal models for causal direction determination when the causal model changes.
(a) Scatter plot of V1 and V2 on data set 1. (b) That on data set 2. (c) That
on merged data (both data sets). (d) The scatter plot of V1 and the estimated
regression residual on merged data.

Moreover, when one fits a fixed functional causal model (e.g., a linear, non-
Gaussian model [6]) to distribution-shifted data, the estimated noise may not
be independent from the cause any more. Consequently, the approach based
on restricted functional causal models in general cannot infer the correct causal
structure either. Fig. 2 gives an illustration on this. Suppose we have two data
sets for variables V1 and V2: V2 is generated from V1 according to V2 = 0.3V1+E
in the first and according to V2 = 0.7V1+E in the second, and in both data sets
V1 and E are mutually independent and follow a uniform distribution. Fig. 2(a
- c) show the scatter plots of V1 and V2 on data set 1, on data set 2, and on
merged data, respectively. (d) then shows the scatter plot of V1, the cause, and
the estimated regression residual on both data sets; they are not independent
any more, although on either data set the regression residual is independent

4

Ground truth

Causal Discovery from Heterogeneous/ 
NOnstationary Data (CD-NOD)



• Homotopic connectivities are robust
• Areas for visual input processing (e.g., CALC, 

LIT) and language processing (e.g., LSGA, 
LIPL) have large degree centrality

• Changing causal modules: key areas for visual 
and language perception.

-  Obvious  changes  between  the 
resting state and the task state
-  Changes  between  two  task 
states are relatively small.
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resting state
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CDNOD to Task fMRI Data



• Learning causality from observational data
• Basic principles
• From nonstationary/heterogenous data
• Learning linear latent hierarchical structure 

• Using causality to facilitate AI/ML
• A causal view of transfer reinforcement learning 
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Outline



Causal Discovery for Linear Latent Hierarchical 
Graphs
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Questions to answer:

• Locate (hierarchical) latent 
variables (i.e., cluster the 
lower-level variables)

• Identify the causal structure 
among latent variables

Huang, Han, Xie, Glymour, Zhang. Latent Hierarchical 
Causal Structure Discovery with Rank Constraints. 
NeurIPS 2022.

  Xi: measured variables
  Li: latent variables

Latent cover: L6



Causal Discovery for Linear Latent Hierarchical 
Graphs
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• Rank-deficiency constraints over measured variables
+ Specific search procedure

Basic idea:

‣                      , which is deficient, indicates the smallest number of 
variables that d-separate       from 

Exp:

However, we cannot directly know the location of 
these latent variables in the graph



Causal Discovery for Linear Latent Hierarchical 
Graphs
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1. Find clusters and assign latent covers greedily

2. Refine incorrect clusters and covers from greedy search

3. Refine edges and find v structures

Search procedure: 



Causal Discovery for Linear Latent Hierarchical 
Graphs
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Search procedure: 

Input the data from measured variables

1. Find clusters and assign latent covers greedily
(findCausalClusters)



Causal Discovery for Linear Latent Hierarchical 
Graphs
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Search procedure: 

1. Find clusters and assign latent covers greedily

Exp:

(findCausalClusters)



Causal Discovery for Linear Latent Hierarchical 
Graphs
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Search procedure: 

1. Find clusters and assign latent covers greedily
(findCausalClusters)



Causal Discovery for Linear Latent Hierarchical 
Graphs
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Search procedure: 

1. Find clusters and assign latent covers greedily
(findCausalClusters)



Causal Discovery for Linear Latent Hierarchical 
Graphs
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Search procedure: 

1. Find clusters and assign latent covers greedily
(findCausalClusters)



Causal Discovery for Linear Latent Hierarchical 
Graphs
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1. Find clusters and assign latent covers greedily

2. Refine incorrect clusters and covers from greedy search

3. Refine edges and find v structures

Search procedure: 



Causal Discovery for Linear Latent Hierarchical 
Graphs
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2. Refine incorrect clusters and covers from 
greedy search

Search procedure: 

Pink area: incorrect clusters due to the greedy search in step 1

(refineClusters)



Causal Discovery for Linear Latent Hierarchical 
Graphs
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Search procedure: 

(refineClusters)
2. Refine incorrect clusters and covers from 
greedy search



Causal Discovery for Linear Latent Hierarchical 
Graphs
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Search procedure: 

(refineClusters)
2. Refine incorrect clusters and covers from 
greedy search



Causal Discovery for Linear Latent Hierarchical 
Graphs
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Search procedure: 

(refineClusters)
2. Refine incorrect clusters and covers from 
greedy search



Causal Discovery for Linear Latent Hierarchical 
Graphs
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Search procedure: 

(refineClusters)
2. Refine incorrect clusters and covers from 
greedy search



Causal Discovery for Linear Latent Hierarchical 
Graphs
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Search procedure: 

(refineClusters)
2. Refine incorrect clusters and covers from 
greedy search



Causal Discovery for Linear Latent Hierarchical 
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Search procedure: 

(refineClusters)
2. Refine incorrect clusters and covers from 
greedy search



Causal Discovery for Linear Latent Hierarchical 
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Search procedure: 

(refineClusters)
2. Refine incorrect clusters and covers from 
greedy search



Causal Discovery for Linear Latent Hierarchical 
Graphs
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Search procedure: 

(refineClusters)
2. Refine incorrect clusters and covers from 
greedy search



Causal Discovery for Linear Latent Hierarchical 
Graphs
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1. Find clusters and assign latent covers greedily

2. Refine incorrect clusters and covers from greedy search

3. Refine edges and find v structures

Search procedure: 



Causal Discovery for Linear Latent Hierarchical 
Graphs
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3. Refine edges and find v structures

Search procedure: 

(refineEdges)



Causal Discovery for Linear Latent Hierarchical 
Graphs
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Main identifiability condition:
For each latent variable set L with size k, it has 

• at least k+1 pure children (can be either latent or measured) and
• another k+1 neighbors

Pure children: if  V are pure children of  latent variables L,                
then V do not have other parents besides L 

Exp: 
Let L={L2,L3} with size 2: 
3 pure children: {L6,L7,L8} 
3 neighbors: {L1,L9,L10}



Causal Discovery for Linear Latent Hierarchical 
Graphs
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The proposed approach works for
  ✓ Latent hierarchical causal structure with linear causal relations

✓ Each latent variable set with size k has at least (k+1) pure children
✓ Multiple latent parents for each (measured or latent) variable

Currently, extending it to
‣ Weaker constraints on hierarchical structure by considering higher-

order statistics
‣ Mixed continuous & discrete data types
‣ Nonlinear causal relations (related to representation learning)



How Does Causal Knowledge 
Facilitate ML & AI?
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facilitates



Properties of Causal Models

• Modularity

48

• Causal graph

• Prediction: Would Jack’s headache be cured if we find that he took aspirin?

• Intervention: Would Jack’s headache be cured if we make sure he takes aspirin?

• Counterfactual: Would Jack’s headache be cured had he not taken aspirin, 
given that he took aspirin and recovered?

• Three-layer causal hierarchy



• Learning causality from observational data
• Basic principles
• From nonstationary/heterogenous data
• Learning linear latent hierarchical structure

• Using causality to facilitate AI/ML
• A causal view of transfer reinforcement learning 
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Outline



• Reinforcement Learning (RL): learn policies 
that maximize a reward function by interacting 
with the world

50

Huang, Feng, Lu, Magliacane, Zhang. AdaRL: 
What, Where, and How to Adapt in Transfer 
Reinforcement Learning. ICLR, 2022.

AdaRL:What, Where, and How to Adapt in Transfer RL

• One practical challenge: how to make quick 
adaptations when faced with new environments.

Self-driving cars Sequential treatment
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• AdaRL: 
• Identify a minimal sufficient set of factors essential 

for policy transferring
• Understand how the factors are changing

gravity: 0.9 g 0.38 g

1.07 g

Balance the pole

AdaRL:What, Where, and How to Adapt in Transfer RL
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AdaRL:What, Where, and How to Adapt in Transfer RL



• Graphical representations: a compact 
way to encode what and where the 
changes are

• Not all state dimensions are necessary for 
action prediction

53

• Not all    are necessary for adaptation

• Each factor can be adapted separately

Efficient & Interpretable adaptation

AdaRL:What, Where, and How to Adapt in Transfer RL



• Graphical representations: a compact 
way to encode what and where the 
changes are
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• Each factor can be adapted separately

• Not only take into account the invariant 
part, but also the variable part

• Not all state dimensions are necessary for 
action prediction

• Not all    are necessary for adaptation

Effective adaptation

Efficient & Interpretable adaptation

AdaRL:What, Where, and How to Adapt in Transfer RL
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AdaRL:What, Where, and How to Adapt in Transfer RL

AdaRL works for:
✓ Changes cross domains in RL  

Has been extended to 
✓  Cover nonstationary environments (smooth & 

abrupt changes, [Feng et al., NeurIPS 2022]) 

Currently, extending AdaRL to
•  Cover changing action space and state space as well

The basic idea of AdaRL can be applied to other tasks, e.g., 
domain adaptation, forecasting in nonstationary environments
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AdaRL on real data: Atari Pong Game

Score: the number 
of steps in playing 
the game before 
failure. The higher, 
the better.



• Learning causal relationships is possible
• “Independence” helps in causal discovery: conditional 

independence, (generalized) independent noise, independent 
causal modules  

• Distribution shifts & Higher-order statistics help causal 
relationship identification, even among latent variables

• Causal perspective helps in ML & AI

• Graphical representation & Modularity: 
         A compact description of joint distribution & changes

• Prediction under intervention & counterfactual reasoning
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Summary
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