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Abstract

Reasoning with counterfactuals is one of the hallmarks of
human cognition, involved in various tasks such as explana-
tion, credit assignment, blame, and responsibility. Counter-
factual quantities that are not identifiable in the general non-
parametric case may be identified under shape constraints on
the functional mechanisms, such as monotonicity. One promi-
nent example of such an approach is the celebrated result by
Angrist and Imbens on identifying the Local Average Treat-
ment Effect (LATE) in the instrumental variable setting. In
this paper, we study the identification problem of more gen-
eral settings under monotonicity constraints. We begin by
proving the monotonicity reduction lemma, which simplifies
counterfactual queries using monotonicity assumptions and
facilitates the reduction of a larger class of these queries to
interventional quantities. We then extend the existing identifi-
cation results on Probabilities of Causation (PoCs) and LATE
to a broader set of queries and graphs. Finally, we develop
an algorithm, M-ID, for identifying arbitrary counterfactual
queries from combinations of observational and experimental
data, which takes as input a causal diagram with monotonic-
ity constraints. We show that M-ID subsumes the previously
known identification results in the literature. We demonstrate
the applicability of our results using synthetic and real data.

1 Introduction

Counterfactual reasoning is essential for human cognition,
underpinning various of our abilities related to understand-
ing, credit assignment, attribution of blame and responsi-
bility, and regret (Pearl 2000; Pearl and Mackenzie 2018;
Starr 2019; Van Hoeck, Watson, and Barbey 2015). In a
structure known as Pearl Causal Hierarchy (PCH), coun-
terfactual knowledge resides at Layer 3, while observational
and interventional knowledge corresponds to Layers 1 and 2
(Pearl and Mackenzie 2018; Bareinboim et al. 2022).

The question of non-parametric identification of causal
queries from one layer of the PCH using data from an-
other layer has received a lot of attention in the literature.
Various versions of this problem have been studied exten-
sively, from Pearl’s celebrated result known as do-calculus
to other more systematic, algorithmic approaches (Pearl
1995; Tian and Pearl 2002; Shpitser and Pearl 2007; Huang
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and Valtorta 2006; Bareinboim and Pearl 2012, 2016; Correa
and Bareinboim 2017; Lee, Correa, and Bareinboim 2019;
Correa and Bareinboim 2020; Lee and Bareinboim 2020;
Lee, Correa, and Bareinboim 2020; Correa and Barein-
boim 2024). Specifically, the problem of identifying inter-
ventional queries from observational data and the causal di-
agram (Layer 2 from Layer 1) has been solved by the ID
algorithm from (Tian and Shpitser 2010) and from a com-
bination of observations and experiments (Layers 142 to
Layer 2) (Lee, Correa, and Bareinboim 2019). Similarly, the
Ctf-ID algorithm from (Correa, Lee, and Bareinboim 2021)
solves the problem of identifying counterfactual queries
from a combination of observations and arbitrary experi-
ments (Layer 3 from Layers 142). These algorithms have
been shown to be sound and complete.

In contrast, the causal inference literature in economet-
rics and statistics has traditionally considered effect identi-
fication under parametric assumptions. A popular and well-
studied case is effect identification in linear systems (Brito
and Pearl 2002; Tian 2004, 2005; Chen, Pearl, and Barein-
boim 2016; Chen, Kumor, and Bareinboim 2017; Kumor,
Chen, and Bareinboim 2019; Kumor, Cinelli, and Barein-
boim 2020; Shimizu 2014). The literature on this area has
a rich past, rooted in the study of regression (Gauss 1877;
Galton 1886) and instrumental variables (Wright 1928;
Reiersgl 1945). This setting could be seen as the opposite
of non-parametric identification, which makes no assump-
tions about the form of causal mechanisms, whereas the lin-
ear identification setting assumes all mechanisms (globally)
to be linear (see Fig. 1a).

Interestingly, the space between the two extremes of the
spectrum in Fig. 1a has received relatively less attention, and
yet many interesting possibilities exist for considering ef-
fect identification under other functional form assumptions.
These include examples such as additive noise models (Pe-
ters, Janzing, and Scholkopf 2011), models with local para-
metric assumptions (as opposed to linear models where ev-
ery mechanism is assumed to be linear), shape-constrained
models (assuming monotonic or convex/concave functional
forms) (Imbens and Angrist 1994), and many others.

In this paper, we make an important step in this direction
and study the identification of counterfactuals under local
monotonicity constraints. To illustrate how such constraints
can aid identification, we begin with the following example.
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Figure 1: (a) Spectrum of identification settings for different functional forms. (b) IV Graph. (c) Example of a graph where
LATE is identifiable, but the assumptions of LATE are not satisfied. (d) Standard fairness graph

Example 1 (Local Average Treatment Effect or LATE (Im-
bens and Angrist 1994)). Consider the instrumental vari-
able setting in Fig. 1b with variables X (binary), Y, and an
instrument Z (binary). The Local Average Treatment Effect
(LATE) is defined as the effect of X on Y within the group
of units who “comply” with the treatment Z, meaning that
X = 0 in the absence of Z and X = 1 in the presence of
Z, written X,, = 0,X,, = 1. The LATE quantity can be
written in counterfactual notation as:

LATE = E[Y,, — Yy, | X., =0,X., =1. (1)

In the general non-parametric setting, the LATE is not
identifiable (uniquely computable) from observational data.
However, under the monotonicity assumption of 2 — X,
that is if for all individuals Z = z; produces a greater or
equal outcome in X than Z = z, written

X, (u) > Xz (u) 2

for all assignments u of unobserved variables, the quantity
can be computed as:

E[Y | Z =1]
E[X | Z=1]

~E[Y | Z =0

LATE = :
—E[X | Z=0]

3

This is a seminal result, widely used in the econometrics lit-
erature (Imbens and Angrist 1994), and is part of the reason
why the original authors were awarded a Nobel Prize.

Various extensions of the basic setting in Fig. 1b have
been studied. Consider for instance the 401(k) dataset stud-
ied in (Abadie 2003), represented here by the causal dia-
gram in Fig. Ic, with the following variables: income (W),
401(k) eligibility (Z), 401(k) participation (X ), net finan-
cial assets (M), and total wealth (Y ). We wish to compute
the LATE of 401(k) participation (X ) on total wealth (Y ).

Note that eligibility (Z) cannot serve as an instrument
due to potential confounders like self-employment and pref-
erences for non-financial assets, some of which may be un-
observed, represented as a bidirected edge between Z and
Y. In addition, there may also be unobserved confounding
such as saving proclivity, between 401(k) participation (X)
and net financial assets (M). Our goal is to compute the
LATE across income groups,

LATE(w) = E[Y,, =Y, | X,, =0, X, = L,w]. &)

Applying the classical non-parametric LATE estimator from
(Imbens and Angrist 1994) conditional on the income group

W =w,

E[Y | 21, w]
E[X | Zl7w]

—E[Y | 29, w]

classic-LATE(w) = X | ]
- 20, W

&)

would, in this context, lead to incorrect conclusions. Sim-
ilarly, an attempt of conditioning on M before applying
the classical LATE estimator, labeled cond(M)-LATE(w),
given by

would also lead to an incorrect result. Thus, interestingly,
state-of-the-art methods in the econometrics literature can-
not solve the problem at hand. In this paper, we develop a
general, graphical approach to identification under mono-
tonicity and derive the correct identification expression

2y Quly,w) 32,y Qoly, w) o
Zy Ql (y7’lU) Zy QO(va)
where, the weights Q;(y) are given by

[P(m,xi | w,2;) — P(m, z; | 'W,Zl—z')]-
The above example is an initial indication of the usefulness
of the graphical approach to causality. In previous works
in econometrics (Imbens and Angrist 1994; Abadie 2003),
the assumptions used for identification are hard-coded to
a specific setting. In this paper, we show how to encode
shape constraints into causal diagrams and then prove more
general results by algorithmically leveraging the topological
constraints within the graph. In doing so, we challenge the
prior belief in the literature that “causal diagrams have dif-
ficulty coding shape restrictions such as monotonicity” (Im-
bens 2020) and demonstrate the opposite: graphical models
provide a flexible and transparent language for expressing
a broader set of assumptions, leading to novel identification
results. Formally, our contributions are as follows:

(i) We introduce a graphical encoding of monotonicity
(Def. 2) and prove the monotonicity reduction lemma
(MRL) (Lem. 2), which allows us to reduce a broad class
of counterfactual queries to interventional queries.



(i1) Leveraging this result, we extend the identification re-
sults for LATE and Local Natural Direct Effect (LNDE)
to a broader graphical context (Prop. 3 and 4). Addition-
ally, we establish identification conditions of a general-
ization of the probability of necessity (PN) and probabil-
ity of sufficiency (PS) that allow for conditioning on any
post-treatment variable(s) (Prop. 5).

(iii) We then develop a sound algorithm for identifying ar-
bitrary counterfactual queries based on the causal graph
and local monotonicity constraints (Alg. 1).

Finally, in Sec. 4, we demonstrate our methods on both
synthetic and real data (analyzing the data from (Abadie
2003), as mentioned in the example), showcasing their prac-
tical utility. All proofs and expressions for identification (ID
expressions) are provided in Appendix B.

Preliminaries Throughout this work, we use the language
of structural causal models (SCMs) (Pearl 2000). An SCM
is defined as a tuple M := (V,U,F, P(u)), where V
and U are sets of endogenous (observable) and exogenous
(latent) variables, respectively. F is a set of functions fy,,
one for each V; € V, where V; < fy, (Pa(V;),Uy,), with
pa(V;) € V and Uy, C U. P(u) is a strictly positive prob-
ability measure over U. Each SCM M is associated with a
causal diagram G over the node set V, where V; — V; if V;
is an argument of fvj, and V; «--» V; if Uy, and Uvj are
dependent (Bareinboim et al. 2022). The potential response
Y. (u) is the value of Y when X = z for the unit u, de-
rived by evaluating u in the submodel M, where equations
associated with X are replaced by X = x.

Related Works (VanderWeele and Robins 2010) intro-
duced strong monotonicity, where a variable has a mono-
tonic relationship with its parents. An edge X — Y is
signed positive or negative based on whether X has a pos-
itive or negative monotonic effect on Y. While they fo-
cus on providing conditions for deriving inequalities in ob-
servational distribution, our work leverages monotonicity
for identifying counterfactual quantities. Identification of
specific quantities like LATE (Imbens and Angrist 1994),
LNDE (Yamamoto 2013), and PN/PS (Pearl 2022) have also
been explored under monotonicity, often with specific distri-
butional assumptions. Our algorithm builds on (Correa, Lee,
and Bareinboim 2021), where the concepts of ctf-factors and
inconsistency were introduced. A ctf-factor is a distribution
of the form P(Wijpa,) = wi,..., Wijpa, = wi), where
each W; € V and pa; are the values of parents of W,;. A
ctf-factor is inconsistent if it has a single c-component and
one of the following holds:

1. (Parent-Child) 3W; € W,,Z € T N V(W,) such that
z€t,2 €w,and z # 2/

2. (Common Parent) IWj; 1, Wi, € Wi and T € T; N
T; suchthatt € t1,t' € toandt # ¢'.

(Correa, Lee, and Bareinboim 2021) also showed that
such inconsistencies imply that the ctf-factors are non-
identifiable (non-ID). Later, we demonstrate how mono-
tonicity can resolve certain inconsistencies in a ctf-factor.

2 Extending Identification of Counterfactual
Quantities under Monotonicity

In this section, we explore the concept of local monotonic-
ity in causal graphs, where a variable depends monotonically
only on its parents, and show how these local constraints can
relate to global constraints. While global monotonicity as-
sumptions are often challenging, local monotonicity is more
practical and more accessible to assume.

Definition 1 (Local Monotonicity Property). Let X be a
variable with a parent Z. We say that Z has a positive (neg-
ative) monotonic relationship with X if for all values z, '
of Z and for all assignment pa~ to Pa(X) \ Z, we have

Xz,pa* (ll) Z Xz’,pa* (u) (9)

whenever z > 7' (z < 2'). An edge Z — X is non-
monotonic if Z has neither positive nor negative monotonic
relationship with X. Otherwise, it is called monotonic.

A convenient aspect of such local properties is its ease of
representation in a causal graph, since it is an edge property.
Now, we formally define causal diagrams with monotonicity
assumptions.

Definition 2 (Causal Graph with Monotonicity Assumptions
or CGMA). A CGMA is a tuple (G, M), where

* G is a causal graph, with set of vertices V(QG), set of
directed edges Ep(G) and bidirected edges Eg(G).

* M C Ep x {+,—} is the set of monotonicity assump-
tions, where if ((X,Y),+) € M, then X is positive
monotonic on'Y and if (X,Y),—) € M, then X is neg-
ative monotonic on 'Y .

In the following lemma, we explore the relation between
two variables that do not have a parent-child relation.

Lemma 1. Ifthe product of signs over edges along all paths
from Z to X are positive in CGMA G, then the global rela-
tion between Z and X is positive monotonic, that is, for all
assignments u of exogenous variables and for values z, 2’ of
Z

X.(u) > X,/ (u) (10)

whenever z > z'. Conversely, if any path from Z to X in-
cludes a non-monotonic edge, then there exists an SCM con-
sistent with G where Eq. 10 does not hold.

The lemma can be used to identify PoCs in CMGA shown
Fig. 1d. Note that the condition is necessary to guarantee that
all SCMs consistent with the CGMA satisfy Eq. 10. Hence,
we remark that assuming global monotonicity, as done in
previous works including (Pearl 2022), is equivalent to as-
suming these conditions.

In the rest of the paper, we use the term monotonic to
mean positive monotonic unless specified otherwise. We
now introduce a lemma that leverages these monotonicity
constraints to simplify ctf-factors, making previously non-
identifiable counterfactual events identifiable. Let t, to de-
note two assignments of a set of variables T. We say t1 < to
ifforallT € T,wehavet € ty,t’ € tgandt <.

Lemma 2 (Monotonicity Reduction Lemma (MRL)). Let
T, S be a partition of the parents of W such that T and S
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Figure 2: Examples related to local average treatment effects (LATE) and Local Natural Direct Effect (LNDE)

are the set of monotonic and non-monotonic parents of W
respectively. Let P(Y,, Wy s = w, Wy s = w') be a cif-
factor. If W is binary, then we can apply the following rules
to reduce it to a simpler ctf-factor.
1. Simplification Rule: If t < t’, then
(a) P(Yi,Wys =0,Wyp s =0) = P(Yy, Wy s = 0)
(b) P(Kkth,s = 17VV(:’,S = 1) = P(KHWt,s = 1)
2. Difference Rule: Ift < t/, then
P(Y*7Wt,s = 07 Wt’,s = 1)
= P(Y,, Wy s = 1) = P(Yo, Wy s =1)  (11)
=P(Y ,Wys=0)-PY, ,Wps=0) (12)

In practice, Eq. 11 and 12 are applied in such a way that
the resulting term can be consistent. For instance, if w; (or
wp) appears in the ctf-expression of its children, we would
use Eq. 11 (or Eq. 12). Consequently, when designing an
algorithm, we will apply Rule 2 first on children and then
on parents. An example of the application of MRL is shown
below:

Example 2. Consider the ctf-factor P(M,,, = 0, M,,, =
1, Ye,2omy = 0,Ye2me = 0) with respect to the causal
graph in Fig. 1d, where X and M are binary. We can sim-
plify this quantity as follows:

P(Mzoz =0, lez =1, chlzml = Ovymozmo = 0)
=P(My;,. =0,My,. =1,Y,,2m, =0) (Rulel)
= P(My,. =1,Ys,2m, = 0)
— P(My,. =1,Y3,2m, =0) (Rule2)
Now, these simplified terms can be written as

P(ml |$1,Z)P(y0 | xlazvml)
— P(m1 | o,2)P(yo | 21,2,m1) (13)

In a later section, we will propose an algorithmic ap-
proach for applying these rules to any general ctf-factor. We
will also demonstrate (in Thm. 2) that if we cannot get a
set of consistent ctf-factors by application of MRL, then the
ctf-factor is non-identifiable (non-ID).

At first glance, the binary nature of W may seem limit-
ing. However, note that the lemma can be applied whenever
the domain can be reduced to a binary form. Consider the
counterfactual query P(X,, < z < X,,) in the CGMA in
Fig. 1b. We can treat any value < x as 0 and any value > x
as 1. Then, by applying the difference rule, we obtain:

P(X.y <0< X)) = P(X. <2)— P(X., <2) (14)
=P(X,, >z)— P(X,, >z) (15

We provide a detailed discussion of the application of MRL
to such queries in the non-binary case in Appendix D. For
the next sections, we will use non-identifiable to mean non-
identifiable from observational distribution unless specified
otherwise.

2.1 Identifying Local Effects

Identifying and estimating the Local Average Treatment Ef-
fect (LATE) has been extensively studied in previous liter-
ature (Imbens and Angrist 1994; Angrist and Imbens 1995;
Frolich 2007; Heckman, Urzua, and Vytlacil 2006; Cher-
nozhukov et al. 2018).

LATE Extensions The assumptions for identification, as
proposed in these earlier works, can be restrictive in prac-
tice, with an explicit example presented in Ex. 1 related to
the causal graph in Fig. 1c. In this setting, the assumption
on the existence of valid instrument (Imbens and Angrist
1994) is violated since Y, and Y7, are not independent of
Z. Any attempt to apply the standard LATE formulation or
conditioning on M can lead to incorrect conclusions. Inter-
estingly, P(Yz,, X, = 0,X,, = 1) can be identified by
decomposing the effect into two factors - the effect of X
on M and the effect of X and M on Y. The former can be
identified using Z as an instrument, and the latter is identi-
fiable from observation. Once P(Y,,,X,, = 0,X,, = 1)
has been computed, we can identify the query in Eq. 4 of the
introductory example, as stated in the following proposition:

Proposition 3 (LATE Extensions). LATE is identifiable in
the causal graph in Fig. 1c, with local monotonicity of Z —
X, where X is binary. In particular, the same is given by the
expression:

Sy ¥ @i w)Plw)
Sy 1y, w) P(w)

Zw,y Y- QO(?% ’LU)P(U])
Sy Qoly,w)Pw)

(16)

where the weight Q;(y,w) can be evaluated as follows

Q’L(va) = Zp(y | w,z,m,mi)P(z ‘ w)

m,z

[P(m,z; | w,2) — P(m,zi | w,21-3)]. (17)

Similarly, LATE is also ID in the causal graph in Fig. 2b,
with the identification expression given in Appendix B.

An intuitive understanding of why LATE can be identi-
fied in Fig. 1c can be developed through the following se-
ries of observations: (i) the total effect consists of the di-
rect effect X — Y and the indirect effect X — M — Y,



(i) X — M — Y requires inferring the effect X — M,
and M — Y, (iii) for the X — M effect, Z is a valid
instrument, assuming monotonicity, (iv) when considering
{X, M} jointly, the pair {Z, W}, in fact, gives a valid back-
door set for the effect of {X, M} on Y, reflected in the ig-
norability statement Yy, 1L X, M | Z, W. This allows the
identification of the effect of a joint intervention of {X, M}
on Y. We provide further discussion on the algebraic and
graphical assumptions needed for the identification of LATE
that addresses the scenarios in Fig. 1c and 2b in Appendix
C.2.

Local Effects and Mediation Extensions of LATE have
led to concepts like the Local Natural Indirect Effect (LNIE)
and Local Natural Direct Effect (LNDE) (Yamamoto 2013).
LNIE captures the part of the average treatment effect due
to the mediator within the subpopulation of compliers, while
LNDE represents the portion not attributable to the mediator.
They are defined as follows:

LNIE(JJ) = E[Y@-’]ijl - Yw,]V[,,,O ‘ Xzo = O,le = 1]
LNDE(Z‘) = E[Yazl,ﬂh — Y$0,]Wu; | Xzo = O,le = 1]

It has been shown that under certain conditions, LNIE
and LNDE could be estimated from the observational dis-
tribution (Yamamoto 2013). However, these assumptions are
non-trivial to check in practice from observational data with-
out the aid of a graphical structure, as many of them are in-
dependence relations in Layer 2 and 3 of PCH. In addition,
they may limit the applicability to many practical scenar-
i0s. Consider the graph in Fig. 1c and 2b, which does not
satisfy some of their assumptions, including exclusion re-
striction and conditionally ignorable treatment assignment.
However, the LNDE is identifiable by the use of MRL and
the graphical properties of the causal diagram.

Proposition 4 (LNDE/LNIE Extensions). LNDE and LNIE
are identifiable in the graph in Fig. 2b with local monotonic-
ity of Z — X, where X is binary. In particular, LNDE(x)
can be computed as:

2wy ¥ Ty, w)Pw) 32, ¥ Toly, w)P(w) (18)
2wy T1(y, w)P(w) 2wy To(y, w)P(w)

where the weights T;(y, w) can be computed as

(
ZP(m | w,z,2;)P(z | w)

[P(y | w,m,mi,zi)P(mi | ’UJ,ZZ‘)
— P(y | w,m,x;, z1-)P(z; | w, z1-;)]. (19)
The LNIE(xq) can be computed similarly. The addition of

any directed or bidirected edge to the graph makes these
quantities non-ID.

Also, it should be noted that LNDE and LNIE are also

identifiable in the causal graph in Fig. 1c. For further dis-
cussion on LNDE/LNIE identification, refer to Appendix C.

2.2 Queries with Post-Treatment Conditioning

In this section, we demonstrate that certain queries
with post-treatment conditioning, though generally non-
identifiable, can be identified under specific monotonicity

assumptions. Conditioning on post-treatment variables in-
volves computing the effect of a treatment given any of its
descendants (including the treatment itself). Examples in-
clude probability of necessity (PN) and probability of suffi-
ciency (PS).

PN:=P(Y;, =0 z1,y1) (20)
PS:= P(Yy, = 1| x0,%0) 2D

Here, we identify the local monotonicity constraints
needed for identifying PN and PS in graph 1d. By Lem. 1
and (Pearl 2022), we can show that these quantities are iden-
tifiable with monotonicityon X - Y, X — M, M — Y. If
either of these edges is non-monotonic, then PN/PS are non-
ID. PN/PS are not the only quantities of interest with post-
treatment. These quantities have been studied in several ar-
eas, including the study of fairness, in particular, V' -specific
effects in (Plecko and Bareinboim 2024), analyzing dangers
of post-treatment bias in designing experiments for political
and social science (Montgomery, Nyhan, and Torres 2018)
and mitigating post-treatment bias (Blackwell et al. 2023).

Consider the standard fairness graph in Fig. 1. Let X de-
note the sex of the job applicant, M their PhD status, and
Y the hiring decision. We might be interested in how sex
influences hiring, given that the applicant has a PhD. The
M -specific effect, m1-TEg, 4, (y) can then be written as

m1-TE := E[Y,, — Yz, | mi] (22)

However, this quantity is not identifiable from observational
distribution. Interestingly, if X — M is monotonic, we
can identify m;-TE from observational distribution. We now
present the following proposition for identifying queries in-
volving post-treatment conditioning in a causal graph:

Proposition 5 (Generalized Post-Treatment Conditioning).
In the causal diagram in Fig. 1d, the following holds for any
set of values y,m toY, M and x,z' to X :

1. If X — M is monotonic and M is binary, then P(Y, |
m,z') and P(Y, | m) are ID.

2. If X - M, X - Y, M — Y are monotonic and M,Y
are binary, P(Y, | ', m,y) and P(Y, | ', y) are ID.

If either of the required edges is non-monotonic, then the
effects are non-ID whenever x # x'.

3 M-ID: Algorithmic Identification of
Arbitrary Counterfactual Quantities

In previous sections, we discussed how monotonicity
constraints aid in identifying well-studied counterfactual
queries. However, many graphical structures and counter-
factual queries remain unexplored. In this section, we pro-
pose an algorithm that identifies arbitrary counterfactual
quantities from interventional and observational distribu-
tions, given a causal graph with monotonicity assumptions.
Our approach extends the algorithm from (Correa, Lee, and
Bareinboim 2021) to account for monotonicity constraints.
The algorithm for deriving the ID expression of a coun-
terfactual quantity, given a CGMA, is shown in Algorithm



Algorithm 1: M-ID

Algorithm 2: M-REDUCE

Input: Causal graph with monotonicity constraints (G, M),
set of counterfactual terms X, = X,, Y, = Yy, available
distributions Z.
Output: P(Y. = y. | X« = x.) in terms of available
distributions

I: di, D : P(W,=w,) < CTF-FACTOR(G,Y, =

Y, X* - X*)
2: vi, Q < M-REDUCE(W, = w,,x. Uy.,G, M)
3: fors, T, =t. € Qdo

4. C;. = ¢ (i € [k]) + CTF-FACTORIZE(T, =
ty, G)

5:  for each C; do

6: Py\c, (C;) < IDENTIFY(C;, G, Z)

8: end for

10: end for

11: if M-REDUCE or IDENTIFY fails, return FAIL
12: D = Zw*\v* Z.S,T*:t*eQ s-P(T, =t,)
13: return Zd*\(x*uy*) D/ Zd*\x* D

1. We also assume that the domain of the variables that re-
sult in inconsistency is binary. Given a conditional counter-
factual query, first, M-ID obtains the ctf-factors that need
to be computed using CTF-FACTOR (Line 1). Then, it re-
duces each ctf-factor using MRL (Line 2) if needed. For
each of the reduced factors, M-ID factorizes them using
CTF-FACTORIZE, based on the c-components (Line 4) in
G[V(W..)], which is the subgraph containing variables in
W... If these factors are not inconsistent, they can be writ-
ten as interventional quantities, which can then be identi-
fied using IDENTIFY (Line 6), adapted from (Tian and Pearl
2002). The details of CTF-FACTOR, CTF-FACTORIZE, and
IDENTIFY are provided in Appendix C.3. We now make the
following claim about M-ID.

Theorem 1. M-ID is sound in identifying a counterfactual
query in terms of available interventional and observational
distributions, given a causal diagram and a set of mono-
tonicity constraints.

3.1 Monotonicity Reduction Algorithm

MRL can be applied to the ctf-factor in order to obtain a lin-
ear combination of several simplified ctf-factors. This idea
is realized in Algorithm 2. The first step of M-REDUCE
rewrites a variable that causes inconsistency as a summation
over its domain, where the domain of V' is denoted by D (V)
in Line 4. Then, on Line 8, it checks for any impossibil-
ity imposed by the monotonicity constraint. An impossible
term is one for which the probability of it happening is 0.
The conditions for impossibility are given as follows:

Definition 3 (Impossible ctf-factor). A ctf-factor is impossi-
ble if either of the following conditions holds:

1. There exists w,w’ € w, corresponding to the same vari-
able Wy and w # W',

Input: Ctf-factor W, = w,, assignments Y, = y,, causal
graph (G, monotonicity constraints M.
Output: Q, a list of ctf-factors along with their signs.
Initialize: Q = {+1,W, = w.,},z, = y.,V =
V(W,)

1: Cix = ¢ix (i € [k]) + FACTORIZE(T, = t.,G)

2: forVeVands, T, =t, € Qdo

3:  if V € C;\'Y and causes inconsistency in Cj. = c;j,

for any j then
4: Replace (s, T, = t,) in Q with (s, T, = t.(v))
forall v € D(V') and update z, =z, U D(V)

5 end if

6: end for

7. for s, T, =t, € Qdo
8: if T, = t, is impossible, remove item from Q
9 Apply Simplification Rule with M for all variables
0 if any condition of Lem. 6 holds, return FAIL.
1 if Common-Parent inconsistency exists for two vari-
ables in the same C; for any ¢, return FAIL
12: end for
13: for V in C; in reverse topological order in G do
14: fors, T, =t, € Qdo

10:
].

15: if the conditions of Difference Rule are not appli-
cable, continue
16: if there exists V1 € Ch(V), Vi, € T., such that

V, V1 belongs to same c-component and v € ti,
apply Eq. 11 if v = 1 and Eq. 12 if v = 0 (if no
such child exists apply either Eq. 11 or 12) to get
P(T. =t,) = P(T, = t,) — P(T/ = t!)

17: if Difference Rule cannot be applied, return FAIL

18: Replace (s, T, = t,) with s,T, = t, and
(~s. T/ = 1)

19:  end for

20: end for

21: for s, T, =t, € Qdo

22:  if any factors in the ctf-factorization of T, = t, is
inconsistent, return FAIL.

23: end for

2. There exists Wy, s = w1, Wi, s = w2 € Wy = w,,
such that t1 < tg and wy > ws, where T and S are the
set of monotonic and non-monotonic parents of W.

Once impossible terms have been removed, the algorithm
applies Rule 1 of Lem. 2 in Line 9. After simplifying the
ctf-factors, M-REDUCE checks the non-identification of a
ctf-factor through the conditions of the following Lemma.

Lemma 6. After repeated application of Rule 1 from Lem. 2,
if there exists i,j (i # j) in the ctf-factor P(Y ., Wy, =
wy, Wy, = wa,...,Wt, = wy,) such that either of the
following holds:

1. t e t;,t' € t;,t# 1t for a non-monotonic parent T,

2. There is no total ordering between t;,t;,

then the ctf-factor is non-ID.

If conditions of Lem. 6 are satisfied, the ctf-factor is im-
mediately non-ID. Otherwise, if Common-Parent Inconsis-
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Figure 3: Experiments comparing the newly proposed method versus different baselines. (a) LATE computed in dollars on the
401(k) dataset, using the causal diagram in Fig. 1c, as discussed in Ex. 1. (b) Effects with post-treatment conditioning, based on
simulations using the causal diagram in Fig. 1d. The ground truth is shown in red, the new method in green, and the baselines

in blue/orange.

tency exists for two variables in the same c-component of
G[V (W.))], then the ctf-factor is also non-ID (Line 11). Af-
ter that, M-REDUCE applies the Difference Rule of Lemma
2 in the reverse topological order so that the application does
not result in any inconsistency. If at any point the condition
of the Rule 2 is satisfied, but the rule cannot be applied be-
cause it will result in inconsistency, the ctf-factor is non-ID
(Line 23). Finally, consider the following proposition.

Theorem 2. If M-REDUCE returns FAIL on a ctf-factor,
then the ctf-factor is non-ID.

This result shows that the algorithm is complete in removing
inconsistencies from a ctf-factor, or in other words, reducing
a ctf-factor to a linear combination of interventional terms.

4 Experiments

In this section, we demonstrate how our method can be used
in practice to identify counterfactual quantities that would
otherwise be impossible to compute, and how seemingly
natural choices can often lead to incorrect conclusions.

4.1 401(k) Dataset

In this section, we illustrate how naive estimation of local
effects without considering graphical constraints can lead
to misleading conclusions in real-world data, a problem our
method effectively addresses.

To demonstrate this, we use the 401(k) dataset, which is a
sample of financial data of individuals drawn from the 1991
Survey of Income and Program Participation (SIPP). The
dataset comprises 9,915 observations and includes variables
such as income (W), 401(k) eligibility (Z), 401(k) partic-
ipation (X), net financial assets (M), and total wealth (Y").
As discussed in Ex. 1, there are many unobserved confound-
ings, such as saving proclivity between X and M, and oc-
cupation between Z, W, and Y. The causal graph is shown
in Fig. 1c. (Abadie 2003; Chernozhukov et al. 2018) have
studied the LATE of 401 (k) participation on net financial as-
sets by using eligibility as an instrument. Here, we look at

a more general setting (in terms of the graph and variables)
and want to evaluate the LATE of participation in 401(k)
(X) on total wealth (Y) for different income groups ().
Note that Z cannot be used as an instrument due to potential
unobserved confounding between Z and Y, and any such
attempt to ignore the causal graph is doomed to fail.

For the purpose of analysis, we discretize income, net fi-
nancial assets, and total wealth into groups corresponding to
quartiles, with each group represented by its mean value.
Using these discretized data, we design a synthetic SCM
M that matches the observational distribution of the origi-
nal data. The causal graph corresponding to M is shown in
Fig. 1c. We then generate 30,000 data points from this model
to estimate LATE, classic-LATE, and cond-LATE. The ex-
pressions for these estimators are detailed in Ex. 1.

The bar plots of the values for the four income groups
are shown in Fig. 3a. It shows that classic-LATE and cond-
LATE may fail to estimate the true quantity. For example, in
the low-income quartile, both methods fail to approximate
the true effects by a large margin. In middle-income quar-
tiles, conditional LATE concludes a negative impact of par-
ticipation in 401(k) on total wealth despite the ground truth
indicating a positive effect. On the other hand, in the high-
income quartile, the classic-LATE overestimates a high pos-
itive effect, while in reality, the effect is a little negative. In
contrast, our method consistently provides an estimate well-
aligned with the ground truth across all income groups.

4.2 Fair Machine Learning Application

In this part, we discuss an example in the context of fair ma-
chine learning. Consider the causal graph from Fig. 1d with
binary variables Z (age, 0 old, 1 young), X (sex, O female,
1 male), M (education, O low education, 1 high) and Y (in-
come, 0 low income, 1 high). The functions and distribution
in the SCM are given as follows, where U, UY are ternary



with values from {a, ¢, n}.
ZZUz;XZUx, P(szl):P(UZ:1)=0.5
UL =a} + X - 1{U}, =c} ifZ=1

M = 0 0 :
{U), =a}+ X -1{U), =c} ifZ=0
PUL =a)=0.5,
P(U? =a) =0.25,

PU}, =¢) =03
PUY =¢)=05

To, Mo | o, M1 | T1,Mg | T1,M]
20 0.1 0.8 0.9 0.6
21 0.4 0.9 0.1 0.8

Table 1: Distribution of P(Y =1 | z,z,m) in Sec. 4.2

We are interested in understanding the total causal effect
of X on Y, for various subgroups of the population. We be-
gin by computing the total effect (TE), written E[Y,, — Yz ],
which measures the average effect of changing z¢ — 1
(female to male) across all individuals in the population. We
find that TE = 0.175, which means that being male causally
increases the income in the population. We then wish to look
into different age groups to understand if Z modifies the ef-
fect, by computing z-specific total effect

2-TEwq 0, (y) := B[z, | 2] = E[Yz, | 2] (23)
=E[Y | 21, 2] — E[Y | o, 2]. (24)

This allows us to quantify discrimination separately for
young and old populations. Furthermore, we believe that
possible discrimination may be specifically different for
highly educated individuals (in each age group), and we are
thus also interested in computing the counterfactual quantity

given by the following (z, m)-specific total effect (Plecko
and Bareinboim 2024):

(zﬁm)_TEl‘oﬂ‘l (y) = E[le | Z’m] - E[Y;o ‘ Z’m} (25)
Note that this corresponds to a counterfactual question: “For
a person of fixed age and education level, how would their
income change if X had been equal to male, compared to
had X been equal to female?” Notably, in the absence of
monotonicity, this effect is not identifiable since it involves
post-treatment conditioning (M comes after X causally),
yet when assuming X — M monotonicity, we can recover
this term.

The reader may be tempted to use the estimator
(z2,m)-TVyy 2, (y) = E[Y | 21,2, m] — E[Y | 2o, z,m]
in place of (z,m)-TE,, ., (y). However, the (z,m)-TV
quantity does not equal the (z,m)-TEg, 5, (y) effect, and
using it may lead to incorrect conclusions (in fact, in the
graph in Fig. 1, (z,m)-TV is a measure of direct effect,
not total causal effect, which also includes the indirect ef-

fect X - M —Y).

For the experiment, we sample 10000 data points from
the given SCM and obtain the empirical values for the 3
quantities. Along with these estimates, we also show the
ground truth (z,m)-TE as obtained from the distribution
of the SCM. We also show a 95% confidence interval with
bootstrapping. We present our results in Fig. 3b. More de-
tails about both experiments are in Appendix E.

5 Conclusions

This work represents a significant step towards encoding and
utilizing local monotonicity constraints in a general way in a
causal model. In Sec. 2, we introduced the Monotonicity Re-
duction Lemma that helps simplify inconsistent ctf-factors
to consistent ctf-factors. We then show how this result can
be used to identify local effects, such as LATE, LNDE/L-
NIE (Sec. 2.1), and effects with post-treatment conditioning
(Sec. 2.2). In Sec. 3, we developed an efficient algorithm
for identifying counterfactual quantities under monotonicity
constraints (M-ID). Generalizing the standard setting found
in the literature based on IVs, this algorithm takes as input
an arbitrary counterfactual quantity and causal model and
returns an identification expression in terms of available ob-
servational and interventional distributions. Finding a com-
plete (sufficient and necessary) algorithm for general iden-
tification under monotonicity constraints is an important,
open research question. Future works can explore mono-
tonicity constraints for continuous variables and also addi-
tional shape constraints such as convexity and concavity to
further our identification toolbox and bridge the gap. We
hope this paper highlights the versatility of the graphical
approach of causality in accommodating different types of
shape constraints, including highly general models such as
non-parametric ones, as well as linearity, additivity, and now
monotonicity. This, of course, generalizes more popular and
well-studied models found in the literature, including the
back-door/ignorability, front-door, napkin, and instrumental
variable graphs.
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Supplementary Material Counterfactual Identification Under Monotonicity Constraints

A Background and Previous Results
A.1 Local Average Treatment Effect

Let X be a binary treatment variable and Y be its effect. Define an instrument variable Z, which is independent of Y, , Y,
and X is dependent on Z. The local average treatment effect is the effect of X on Y for the group of units whose treatments
comply with the instrument Z and is given quantitatively as follows:

LATE := E[Y,, - Y, | X,, =0, X, =1] (26)
(Imbens and Angrist 1994) shows that under the following two assumptions, LATE is identifiable.
Assumption 1 (Existence of Instruments). Let Z be a random variable such that

1. Forall z € D(Z), Yy, Y, , X» are jointly independent of Z, and,
2. P(X | Z) is a non-trivial function of Z.

Assumption 2 (Monotonicity). For all units, X,, > X,,.

Under these two assumptions, we have

E[Y | 1] — E[Y | 2] 27)
= E[Yﬂh . XZl + YJEO : (1 - le) ‘ Zl} - E[Yﬂil 'XZO + vao : (1 - XZO) | ZO] (28)
(@)

= E[(le - Xzo) : (le - YIU)] (29)
(i) P(le - XZO = 1) ED/M - Y;‘U ‘ le - XZo = 1] (30)

(¢) follows from Assumption 1 and (i¢) follows from Assumption 2. Hence,

EY |Z=1-E[Y|Z=0]

LATE = .
EX|Z=1-EX|Z=0

(31
For more details, refer to (Imbens and Angrist 1994).

A.2  Assumptions for Identification of LNDE and LNIE

(Yamamoto 2013) proposes that LNDE and LNIE can be identified under the following assumptions, mapped to the notation
used in this paper.

1. Assumption 1: Exclusion Restriction
Mz,w(u) = Mz’,z(u) Yz,x,m(u) = Yz/,x,m(u) (32)
forall z,2’ € {0,1},t € {0,1}, m e M,ue U

2. Assumption 2: Monotone Treatment Reception
X (w) < Xz, (u) (33)

forallu € U.
3. Assumption 3: Conditionally Ignorable Treatment Assignment

{Yoms My, X, cx,2',2€ {0,1},me M} IL Z|W (34)
4. Assumption 4: Conditionally Ignorable Observed Mediator among Compliers
Yorm AL My | X =2, W, X, =0,X;, =1 (35)
forall z,z’ € {0,1},m € M.



A.3 Counterfactual Identification

In this section, we provide the necessary background needed for understanding counterfactual evaluation and identification.
Most of the results presented here are from (Correa, Lee, and Bareinboim 2021). We first begin by defining counterfactual
distributions:

Definition 4 (Counterfactual Distribution). An SCM M = (U, V, F, P(U) induces a family of joint distributions over coun-
terfactual events Y, ..., Lw forany Y, Z,... X, W CV

PM(ys,...,2w) = > P(u) (36)

u|Yy.=y,
sl =2z

The above definition describes how counterfactual distributions are defined through the elements of the SCM, namely the
functional mechanisms F and the distribution over the exogenous variables P(u). Since the latent variables U are unobserved,
a key challenge in practice is on how to evaluate the right-hand side of Equation 4 based on observational/interventional
data and the causal diagram (this task is usually called identification). (Correa, Lee, and Bareinboim 2021) proposes ways to
identify counterfactual distributions from observational distributions. Some definitions and background needed to understand
their identification algorithm are provided below.

Definition 5 (Ancestors of a counterfactual). Let Yx be a counterfactual term where Y € VX C V. Then the set of ancestors
of Yx, denoted by An(Yx ) consists of each Wz, such that W € An(Y )gx and z = x N An(W) g

Similarly, we can define the Parents of a counterfactual to be W, such that W € Pa(Y)g, and z = x N An(W)g..
Definition 6 (Counterfactual Factor (ctf-factor)). A counterfactual factor is a distribution of the form

P(Wl[pal] = Wiy, VVl[pal] = U)l) 37
where each W; € V and W; can be equal to W for some i,j € {1,...,1}.

Theorem 3 (Counterfactual factorization). Let P(W, = w.,.) is a ctf-factor and let W1 < Wy < ... be a topological order
over the variables in GV (W)|. If Cy, Cy, ... are c-components in the same graph, define Cj, = {Wpa € W. | W € C;}
and c;, are the values in w corresponding to the values in Cj,, then

P(W. =w,) =[] P(Cj. =c;.) (38)
J

(Correa, Lee, and Bareinboim 2021) introduced the concept of inconsistency in a ctf-factor and shows that if a ctf-factor is
inconsistent, then the ctf-factor is non-ID.

Definition 7 (Inconsistent ctf-factor). P(W, = w.,.) is an inconsistent ctf-factor if it is a ctf-factor, G|V (W.,)] has a single
c-component, and one of the following conditions hold

1. Parent-Child Inconsistency: there exists Wy € W, Z € TNV (W.,) such that z € t,2' € w, and z # 2’
2. Common Parent Inconsistency: there exists Wi, Wjie,) € Wi and T € T; N'Tj such thatt € t1,1 € ty andt #t'.

The counterfactual query may need to be simplified before it can be represented as a ctf-factor. Unnesting and minimization
are two ways to do that.

Theorem 4 (Counterfactual Unnesting Theorem (CUT)). Let X, Z be any natural interventions on disjoint sets X,Z C 'V,

andY C 'V be disjoint from X, Z such that X € An(Y ). Then P(Yx 5 = y) is identifiable iff P(Y 4, =y, X = x) and is
given by

P(Ygz=Yy)=) P(Yy, =y.X=x) (39)

Definition 8 (Interventional Minimization). Let ||Y.|| := Uy, ey, such that HYXH =Yy where Z = XN An(Y)q, and y/
x| =xand ||0]| = 0. Then Y. = || Y]|-

is consistent with HX

If the counterfactual query to be evaluated is in the conditional form, then (Correa, Lee, and Bareinboim 2021) proposes the
following to get the final counterfactual query we need to evaluate.

Definition 9 (Ancestral components). Let X, Y, be two sets of counterfactual variables and G be the causal diagram. Then
the ancestral components induced by W, = X, U Y, given X, are sets A1., Ao, ... that form a partition over An(W.,),
made of the union of ancestral sets An(Wy)cyx _ w,, for Wy € W.. Sets An(Wg,)) and An(Wyg,)) are

put together if they are not disjoint or there exists a bidirected arrow in G connecting variables in those sets. Here X (W) =
VXL, 0 An(We).

O Wiy Cxe Wapry))



This is used for the following reduction.

Lemma 7 (Conditional Query Reduction). Let X, Y . be two sets of counterfactual variables and D, be the set of variables
in the same ancestral component given X, as any variable in'Y ., then

P(Ap,ep,Dpa, =d
P(Y* =¥« | X* = X*) = Zd*\(y*ux*) ( D:eD pPag ) (40)
Zd*\x* P(/\DtGD*Dpad = d)

where pag is consistent with t and d, for each Dy € D,. Moreover, P(Y, = y. | X, = x.) is ID iff P(Ap,ep. Dpa, = d)
is ID.

For more details, refer to (Correa, Lee, and Bareinboim 2021).

B Proofs
B.1 Proof of Lem. 1

Proof. Proof of first part: First, we use Theorem 1 from (VanderWeele and Robins 2010) to convert all edges on all paths
from X to Y to be positive monotonic. Consider a particular assignment of exogenous variables u. Suppose X (u) = z( and
we are changing it to 1. Now, for all children Z of X on a path from X to Y, we have, Z,, (u) > Z, (u).

Consider any node M on the path from X to Y. None of the non-monotonic parents of M gets affected since that would
violate our assumption that all paths from X to Y consist of only monotonic edges. If the monotonic parents Pa(M),, (u) >
Pa(M),,(u), then M, (u) > M, (u).

We know the base case is true for children of X. Hence, by induction on the children, we get Y, (u) > Y, (u). Similarly, it
can be shown when X (u) = z7.

Proof of second part: In this case, we will find an assignment such that when there is a non-monotonic edge, the condition of
monotonicity is violated. Let on the path from X to Y, the edge W — Z is non-monotonic. Let’s call this path P. If a node is
not in P it is just a random coin toss. For all nodes in P except Z, they can be equal to 0, 1 or parent on this path. For 7, it can
be either 0,1, W, 1 — W.

Consider the assignment of exogenous variables u as follows: all nodes in P are equal to their parents, except for Z, which
is 1 — W. Now, W, (u) = 1, W,,(u) = 0, which implies Z,, (u) = 0, Z,,(u) = 1 and Y;, (u) = 0,Y,,(u) = 1, violating
the condition of monotonicity. O

Note that the condition of Lem. 1 is not necessary for every SCM to have the global monotonicity, that is, there exists SCMs
which does not satisfy the condition, but can still have global monotonicity. The situation is illustrated through two SCMs
M 1, MQ below:

Z=Uy, (both My, Ms) 1)
Uy -(1-2)+(1-Uw)-Z (M)

W = 42
{UW (M>) @

X=1Ux =1)+1{Ux =2)- (W& 2) 43)

Here Uy, Uy are binary with P(Uz = 1) = P(Uw = 1) = 0.5. Ux isternary and P(Ux = 1) = P(Ux =2) = P(Ux =
3) = 1/3. Note that for model My, X, (u) = X, (u) implying that Z — X is monotonic. However, in M»

le(Uz,Uwzl,UXZQ)<XZO(U2,UW:1,UX:2) 44)
implying that Z — Y is not monotonic. Observe that M7, M5 have the same observational and interventional distribution. So,
the two models cannot be distinguished by observations or experiments.

B.2 Proof of Lem. 2

Proof. Let the ctf-factor be of the form P(Y,, Wi s = w, Wy s = w’) where t’ > t, and W is binary. By definition of
monotonicity, we have
Wt,s(u) < Wt’,s(u) (45)

The definition has the following two implications:
1. No u satisfies Wy g(u) = 1, Wy s(u) =0

2. Wes(u) =0,Wy s(u) =0 <= Wy 4(u)=0
3. ths(u) = 17Wt/,s(11) =1 <— Wt,s(u) -1



We will use the above implications to first prove the Simplification Rule and then the Difference Rule.

Proof of Simplification Rule:

P(Y,,Wys =0,Wy s =0) Z P(u)1{Y,(u) = y., Wy s(u) = 0, Wy s (u) = 0) (46)
= Z P(u)1{Y,(u) = y., Wy s(u) = 0) (Definition of Monotonicity) 47
= P(Y*, Wy s = 0) (48)
PY, Wy =1, Wy s =1) ZP J{Y,(u) = y., Ws(u) = 0, Wy (1) = 0) (49)
= Z P(u)1{Y.(u) = y., Wy s(u) = 1) (Definition of Monotonicity) (50)
= P(Y*, Wes=1) (51)

This proves Rule 1 of MRL. Now, we use this to prove the Difference Rule.

Proof of Difference Rule:
PYi Wy s=1)=PY, Wy s =1, Wy s =1)+ P(Ys, Wys =0,Wp s =1) (52)
=P, Wis=1)+P(Y,, Wy s =0,Wy s =1) (Simplification Rule) (53)
This can be rewritten as
PY, Wys=0Wps=1)=PY,, Wy s=1)—P(Y, , Wy s=1) (54)
This proves Eq. 11. Eq. 12 can be proved similarly.

B.3 Proof of Prop. 3
Causal Graph in Fig. 1c

Proof. First, we will show how to compute P(Y,,, X,, = 0, X,, = 1) for the causal graph in Fig. lc. Once we can compute
this term, the claim follows. Note that, An(Y,) = {Y, M W, Z}, An(X,) = {X,, W}

P(Ye, =y, Xey = 0,Xe, = 1) = > P(Yaumew = ¥ Moy =m0, Xogu = 0, Xopu = 1, Zy = 2, W =w)  (55)
(2 Z P(lemzw =y, Zy=2W)P ( wrzw = My Xzgw = 0, X0 = 1) (56)

@) " P(Vaymew = Y Zuw = 2, W) [P(Myy = m, Xayop = 1)— 57

o P(Myy 0 = m, Xogw = 1)] (58)

= Z P(y,z,w | do(;v,m))[P(m,xl | do(w,zl,y)) _P(m7$1 ‘ do(/w?Zan)} (59)

w,z,m

= Z P(y | w,z,@1,m)P(w,z)[P(m, 21 | w,z1) — P(m,z1 | w, 20)] (60)

w,z,m

(¢) follows from counterfactual factorization and (i¢) follows from Difference Rule Eq. 11. For clarity, let’s denote

=Y Py | w,zx1,m)P(z | w)[P(m,z1 | w, 1) — P(m, a1 | w, 2)] 61)

Using a similar calculation as above and replacing z; with xg, and applying Difference Rule Eq. 12 instead of Eq. 11. Then,

y) = ZP(y | w,z,xo,m)P(z ‘ w) [P(m,il)o | w,Zo) - P(m,xo I ’LU,Z1)] (62)



By definition of expectation, we get

LATE: — 2wy ¥ Qi) Pw) >y, Y- Qo(y)P(w)

Dy Q1) P(w) 2wy Qo) P(w)

Causal Graph in Fig. 2b
Proof. We use a similar calculation as in the proof for Fig. 1c.
P(Yy,, X, =0,X,, =1)
= Z P(Yzlmuanlzw = vazow = Oalew = 1, Zw = Z,w)
w,z,m
Z P(Ye mws Xogw = 0, Xz = 1, w)P(My, .0y = m, Zy, = z)  (Ctf-factorization)
= Z [P(Yzlmwalew =1Lw) - P(YzlmwaXzO'w = l,w)} P(My, 2o = m, Z,, = z) (Diff. Rule)
Z [P(yal'lvw | do(zl,m)) - P(y»mlaw ‘ do('zOvm))]P(m’Z | do(waany))

Z P(w)[P(y | w, 21,21, m)P(z1 | w,21) — P(y | w, 20, 21, m)P(z1 | w, 20)| P(m | w, 21, 2)P(z | w)

w,z,m

For clarity of notation, let’s use:
Ri(y) = Z [P(y | w, 21,21, m)P(z1 | w,21) — P(y | w, 20, x1,m)P(z1 | w, 20)| P(m | w, 21, 2)P(z | w)
m,z
Similarly,
Ro(y) = Z [P(y | w, z0,z0, m)P(zo | w, 20) — P(y | w, 21, z0, m)P(xg | w, 21)| P(m | w, 20, 2)P(z | w)
m,z
By definition of expectation, we get
Ywy ¥ Ba@)Pw) 3,y Ro(y)P(w)

LATE: = Ywy BIWPw) X, Ro(y)P(w)

B.4 Proof of Prop. 4
Proof. We follow a similar proof technique as employed for Proposition 3.

P(YIIMJ:()?XZO = 07XZ1 = 1)

= Z P(lemwyMzozw = m7Xzow = Oalew = 1a Zw = Z,’U})

w,z,m

Z P(Yoymuws Xeow = 0, Xoyw = 1, w)P(Myy 200 = m, Zyy = z)  (Ctf-factorization)

= > [PMVeymws Xeyw = L,w) = P(Vaymuy Xagw = 1, w)| P(Mayz00 = m, Z,y = 2) (Dff. Rule)
= Z I:P(yal'lvw | do(zl,m) - P(yaxlaw | d0(207m)} P(m,z | do(w,xo,y))

Z P(w)[P(y | w, z1,21,m)P(z1 | w, z1) — P(y | w, 20,21, m)P(z1 | w, 20)| P(m | w, o, 2) P(z | w)

w,z,m

(63)

(64)
(65)

(66)

(67)

(63)

(69)

(70)

(71)

(72)

(73)
(74)

(75)

(76)

(77)

(78)



For clarity, let’s call the following quantity 77 (y).

Ti(y) = [Py | w, 21,21, m)P(z1 | w,21) — Py | w, 20,21, m)P(x1 | w, 20)| P(m | w, 0, 2) Pz | w) (79)
Similarly,
To(y) = Z [P(y | w, 20, 20, m)P(xg | w, z0) — Py | w, 21,20, m)P(xo | w,zl)]P(m | w, 29, 2)P(z | w) (80)

m,z

By definition of expectation, we have

LNDE: — 2w ¥ TiWPW) 3,y To(y)P(w) (81)

> owy T1(y)P(w) > wy To(y)P(w)

LNIE can be obtained similarly or simply by subtracting LNDE from LATE. O

In the next part, we show that the addition of bidirected edges to the graph makes LATE non-ID and, as a consequence,
LNDE and LNIE.

Proof. Case 1: Unobserved confounder between Z, X. Define two SCMs M, M as follows:

Z=Uz, P({Uz=1)=P{Uz=0)=0.5 (82)

Y =Uy, PUy=1)= P( Uy =0) =05 (83)
Z-Ug - +(1- Uy)-Ux in M

x={z. (1—UZ) (1—Uy) (Uz +Uy)-Ux  in M, (84)

Ux, P({Ux=0)=PUx =1)=0.5 inother cases

Here P(Ux = 0) = 0.5 is there to make the distribution positive. The observational distribution is the same in both the models,
while P1(Y,, | X,, =0,X,, =1)=1and P1(Y,, | X,, =0,X,, =1) =0.

Case 2: Unobserved confounder between )/, Y Define two SCMs M7, M5 as follows, where Uy, Ux are of canonical types

{a,c,n}

Z=Uyz, PUz=1)=PUz=0)=0.5 (85)
M= Uy=a)+Z Uy =c) (86)
={Ux=a)+7Z -(Ux =c) (87)

0 ifUx =c,Upy=c (M)
Y={MaoX ifUx =c,Upy =c (M) (83)

Uy, P{Uy =1)=P({Uy =0)=0.5 otherwise

The observational distribution is the same in both the models, but P1(Y,, | Ux = ¢,Upr = ¢) # P3(Y,, |Ux = ¢, Uy =
¢). Hence, LATE is non-ID.

Case 3: Unobserved confounder between X and M. Define two SCMs 17, T5 as follows, where Uz, Uy, Ux, Uy are binary
variables with probability of being 1 is 0.5. Also, My and M are the first and second elements of M, respectively.

Z =Uyg (89)
M = (Uz,Un) (90)
X=7Z Uy Uy+1-Uy -Uy) Ux 91)
Y = {MO iftM,-Uy =1 (T1)X ifM;-Uy =1 (T3)Bernoulli(0.5) otherwise (92)

The observational distribution is the same in both models, since My = Uz = Z = X when U,; - Uy = 1. However,
PYY,, =1|X,,=0,X,, =1)=05and P*(Y,, =1| X,, =0,X,, =1) = 1. Similarly, LATE will be 0 in 7} and 1 in
Ts.

The proof technique can be extended to other cases as well. A general construction is shown in Sec. B.7. O



B.5 Proof of Proposition. 5
When 2 = 2/, then we can write the terms as

oy 1 ify=yvy
Pe =y [z,m.y) = {0 otherwise 4
Proof of ID of P(Y, | 2/,m)
Proof. In this part, we will consider z # .
An(X) ={X,Z} (96)
An(M) ={M, X, Z} o7
An(Y) ={Y, X, M, Z} (98)
Now, we can write the first quantity as follows:
P(Y,=yX=a,M=m)=> PYe=y M, =m',Z=2X=a',M=m) (99)
= ZP(Yzm’z:y,Mmz:m/>Z:Z7Xz=$/,Mz’z:m) (100)
=Y Ply|ax,m,2)P(z,2")P(My. = m', My = m) (101)

Now, P(M,, = m’, M/, = m) can be computed by exploiting the monotonicity of X — M and that M is binary. Without
loss of generality, assume 2’ > x. Then, by monotonicity, we have

P(M,, =0,M,, =0)=P(M,_, =0)=P(mg | 2/,2) (102)
P(My, =0, My, =1) = P(My. = 1) = P(My. = 1) = P(my | 2/,2) — P(mq | @, 2) (103)
PM,,=1,M,,=0)=0 (104)
PM,,=1,My,=1)=P(M,, =1)=P(my |z, 2) (105)
Thus P(Y, = y | x,m) is identifiable for all z, m, y. O

Proof of ID of P(Y, | 2/, y',m)

Proof. In this part, we will consider the expression P(Y, =y | 2/, y’, m). Similar to the previous proof, we have

PY,=y,X=2'M=mY =y) (106)
=Y PYa=yMy=m/Z=2X=2M=mY =y (107)
= Z P(YZL”H’L'Z = yyMzz = m/; Z = Zsz = m/yMz’z = m7Ya:’mz = y/) (108)
= Z P(Z,.Z‘/)P(sz = mlaMx’z = m)P(Yxm/z =9, Yom, = y,) (109)

Now, P(M,. = m/, M,,, = m) can be computed as shown in the proof of identifiability of P(Y,. | =, m). Here, we show
how to compute P(Yymz = ¥, Yormz = ¥'). If (z,m') < (2/,m), then

P(Yomiz = 0,Yarme = 0) = P(Yarm. = 0) = P(yo | 2',m, 2) (110)
P(Yomz = 0,Yermz = 1) = P(y1 | 2',m,2) — P(y1 | w,m/, 2) (111)
P(Yxmlz =1,Ym, = 0) =0 (112)
Pz =1,Yorm:=1) = PYom. = 1) = P(11 | x,m', z) (113)

(114)



Similarly, the terms can be derived when (z,m’) > (2/,m). Note that, for cases x > z/,m' < morz < z/,m’ > m,
P(M,, =m',M,, =m) =0.Hence, P(Yym'» =y, Yorm. = y') need not be computed. O

Proof of Necessity of X — )/ monotonicity:

Proof. Now, we show that the quantity P(Y,, m,z’) is non-ID without the monotonicity on X — M. Consider the sub-
graph without Z. Now, we will define two models M, M», which coincides on Layer 1 and Layer 2 distribution, but not on
counterfactual distribution. Define functions such that P(X = 1) = P(X = 1) = 0.5 and the distribution of Y as

P(y1 | o,mo) = 0.1 (115)
P(y1 | g, m1) =0.2 (116)
P(yl ‘ xl,mo) =0.3 (117)
P(y; | £1,m1) =04 (118)

In My, M = Uy and in My, M = Uy @ X. P(Up = 1) = 0.5. The observational and interventional distribution is the
same in all the models as P(z), P(m | z), P(y | «,m) are the same in both the models. Now, P(Y, =y, X = 2/, M = m)
can be written as

P(Yw = an = xlvM = m) = ZP(LIJ/)P(y ‘ xam/)P(Mac = mlvMI’ = m) (119)

Now, in M, the second term is non-zero only when m’ = m and in Mo, the second term is non-zero only when m’ # m.
Then the counterfactual evaluation varies in the two models

P (Y, =y, X =2/,M =m)=05-05-P(y | z,m) (120)
P (Y, =y, X =a/,M =m)=05-05-P(y | ,m’) (121)

The quantities cannot be equal by our definition of the models.
O

Proof of necessity of X — M, M — Y, X — Y monotonicity: Now, in the next part, we show that local monotonicity on
all the three edges X — Y, X — M, M — Y are necessary. We will show that if either of them is non-monotonic, the query
at hand becomes non-ID.

Proof. Casel: X — Y is non-monotonic. Consider the following SCMs M7, M5, where the functions for X, M are the same,
and that of Y is different.

X = Uy (122)

M =Uyy (123)
_ Uy (M)

Y = {X@UY (M2) (124)

Here Ux, Uy, Uy are binary and P(Ux = 0) = P(Upy = 0) = P(Uy = 0) = 0.5. Note that the monotonicity conditions
are satisfied as X — M, M — Y trivially. The observational and interventional distribution is the same for both of them since
P(z), P(m | x), P(y | z,m) is the same in both models. However,

PYY, | 2',y) # P*(Y, | 2',y) and P Y, |m,a,y) # P*(Yy | m,2',y) (125)
where P!, P? denotes the distribution in M, M, respectively.
Case 2: M — Y is non-monotonic. Consider the following SCMs M7, M5, where the functions are given as follows
X =Ux (126)
MZI-{UMZGA{}-FX-{UMZCM}+0'{UMZHM} (127)

Y:{X-{UYZCy}+1'{UY:aY}+O'{UY:nY} (M)

X'{UyZCY}+M-{UY:ay}+(1—M)'{UYZny} (M>) (128)

Uy can be apg, cpr, mpy with probability of 1/3 each. Uy can be ay, ¢y, ny with probability 1/3. It is easy to see that the
monotonicity constraints are satisfied, and the observational distribution is the same from table 2.



Table 2: P(Y | X, M) distribution for Case 2

X MY My M,
0 0 0 cy+ny cy-+ay
0 0 1 ay ny
0 1 0 cy+ny cy-+ny
0 1 1 ay ay
1 0 0 ny ay
1 0 1 c¢cy+ay cy+ny
1 1 0 ny ny
1 1 1 cy +ay cy +ay

However, the quantity P(Y,, = 0,Y,, = 1) is not identifiable. In M;
P(Y;, =1,Y;, =0) = P(cy)

In M5, however,
P(Y,, = 1Y, = 0) = P(ey) + P(ea) Play)
Hence,
PYY, | 2',y) # P*(Y, | «',y) andalso P (Y, |m,a',y) # P*(Y, | m,a’,y)

Case 3: X — M is non-monotonic. Define the canonical SCM M7, M5 as follows:

X =Ux
M:X{UM:C]\/[}jL(].*X){UM:dM}

Now, define the following distribution for the canonical types of Y

Table 3: Each row represents a canonical type for Y’

Yacomg Yaclmo Ytoml Yaclml UY Ml M2

0 up  p1 p1
U2 D2 P2 — €
uz p3 p3TteE
Uy P4 pate
Us b5 Ps —€
Ue De DPs

—OoO OO OO
-0 0O
_ = Ok OO

[ S S SR

Note that the observational distribution is the same in both models since P(z), P(m | x) are the same and

P(y1 | zo,m0) = ps

P(y1 | x1,m0) = pa+ p5 + pe
P(yy | zo,m1) = Ps +p5 + Do
P(yy | w1,m1) =

However, the distribution P(Y,,, = 0,Y,, = 1) varies in the two models as shown below:

PY (Y =0,Yy, =1) = P(ea)(1— p1 — pe) + Pdar) (pa)
P2(Y,, =0,Y,, =1) = P(eam)(1 — p1 — ps) + P(dar)(ps + €)

Hence,
Pl(Yz | &' y) # PQ(YI | 2',y) and Pl(Y:r | m,z’,y) # PQ(Yx | m,z’,y)

Cases 1, 2, and 3 demonstrate that all the edges X — Y, Y — M, M — X are necessary.

(129)

(130)

(131)

(132)
(133)

(134)
(135)
(136)
(137)

(138)
(139)

(140)



B.6 Proof of Thm. 1

Proof. In this section, we show that M-ID is sound. From (Correa, Lee, and Bareinboim 2021) and (Tian and Pearl 2002), we
already know that CTF-FACTOR, CTF-FACTORIZE, IDENTIFY are sound. Here, we need to show that M-REDUCE is sound,
that is given a ctf-factor, it returns us an expression over the ctf-factors, which evaluate to the same value, that is

P(W,=w,)= Y ¢ PT.=t,) (141)
¢, T,=t,€Q

Note that the list Q in M-REDUCE is a list of ctf-factors, whose sum (along with their signs) evaluates to the given coun-
terfactual query. In the first part, expanding the summation increases the number of items in the list but does not change the
evaluation. Simplification Rule of Lem. 2 is sound. Hence, its application also does not change the evaluation of each term. If
the algorithm does not return fail, we move on to the application of the Difference Rule.

If the condition of the Difference Rule is satisfied, and it can be applied, then we apply the rule, change the signs accordingly,
and add them to the list. Observe that the evaluation still does not change since the Difference Rule is sound.

Y. ¢ P(W.=w.)= > ¢ P(W,=w.)+s P(T, =t) + (~s)- P(T! = t!) (142)
c, W, =w,.€Q e, W,=w,eQ\{s,T.=t,}

Thus, the final evaluation returned by M-REDUCE evaluates to the same expression as its input, proving that the algorithm is
sound. O

B.7 Proof of Thm. 2

We assume that all the impossible ctf-factors have been removed, and hence, every ctf-factor in this part of the proof are
possible, that is there exists SCMs where the probability of the ctf-factor is greater than 0. Before, we proceed with the proof,
let us introduce a function, by which a variable depends on its parents and exogenous variables. Let’s call this c-function.

Definition 10 (c-function). Suppose Wy, = wy, Wy, = wa, ..., Wy, = w., are terms in a ctf-factor. We will call the following
construction of the function for W as c-function. U and R are the exogenous variables for W.

1. Case1: w; =0, Vi€ [m], then W =U.
2. Case2: w; =1,Vi € [m], then W =~ U.
3. Case3: W=(1-U)-1{3j pa(W)>t;,w; =1}+U" R
Note that the monotonicity of pa(W') on W holds true by such construction.
Lemma 8. For any possible ctf-factor P(W, = w..), we can have an SCM, such that all endogenous variables are c-functions

and
P(W,=w,)=P(U=0) (143)

Proof. This follows from the definition of the c-function, which guarantees that U = 0 is the only value that satisfies all the
variables in the ctf-factor W, = w,. O

Now, we prove Lem 6, which we will call Multi-Parent Inconsistency.

Proof. Without loss of generality, assume t1,ts are the values of parents that either of the above condition holds. Let all
variables in V(Y ) follow the c-functions as described earlier. Note that the graph is essentially Markovian.

Let Uy be the set of all exogenous variables corresponding to the monotonic functions of W, and each one occurs with the
same probability in M;. Let W, = w, be an extension of Wy, = wy, Wy, = wa, ..., W = wy, such that Wy, = wy, Wy, =
wa, ..., Wy, = wp, W, = w, corresponds to exactly one u € Uyy, that is * corresponds to all other assignment of parents of
W.Let uy, ug, us, uq be 4 values of Uy, which corresponds to the following assignments

UQZth :wl,Wtzsz,...,Wt
. — —
Ul.th —wl,WtZ—wg,...,Wt

ug : Wy, = wy, Wy, = wy, ..., Wi, = wm, Wy = ws

= wm7W* = Wk«

m

= W, Wi = w,y

m

. — o _ _
ug : Wy, = wy, Wy, = ws, ..., Wi, = wn, Wi = ws

Note that such an assignment is possible without violating monotonicity since we have already applied simplification. Define
model M5 such that

P%(ug) = P (ug) + ¢, P?(u3) = P'(u3) + ¢
P%(uy) = P'(u1) — ¢, P?(ug) = P?(ug) — ¢



Now, consider the observational distribution P(W = wj | t;) when t; # ti,to

P(W =wj | t;) = P(uo) + P(u1) + P(uz) + P(u3) + P(u : Wy, (u) = w;) (144)
= P'(Wy, = w;) (145)
= P*(Wy, = wj) (146)

Fort; = t1, PY(W,;, = wy) = P>(Wy, = w1) = P(ug) + P(ur) + P(u: Wy, (u) = wy)
Note that the Lo distribution is also the same for both models.
How, the counterfactual query, P(Y ., Wy, = wy, Wy, = wa, ..., Wy, = wy,) is given by

Pl(Y*7 Wt1 = Wy, Wtz =w2,..., th = wm) (147)
= PYU) (P (ug) + P (u: Wy, = wi, Wiy = wa, ..., Wi, = wp)) (148)
< P2(U$)(P?(uo) + P (u: Wy, = wy, Wy, = wa, ..., Wi, = wp)) (149)

O

Hence, if there is a multi-parent inconsistency, the ctf-factor is non-ID. From here on, we will assume that there is no
multi-parent inconsistency in the ctf-factor. Note that if there are no such inconsistencies, then there can be at most two terms
corresponding to a variable in the CTF-factor, and if there are two terms, they would have different assignments.

Lemma 9 (Common-Parent Inconsistency). If after applying Simplification Rule, there exists Wi, Wie,1 (Wi, W; in the
same c-component of G[V(W,)]) and T € T; N'T; such thati # j,t € t1,t' € to,t # t', then the ctf-factor is non-ID.

Proof. Before we proceed with the cases, let’s define another class of functions called v-functions.

Definition 11 (v-function). Let W be a node and U and R, its exogenous variables. Let T' be a parent where T — W is
monotonic. Given a ctf-factor, define the function as follows:

1. Case 1: If the ctf-factor has only one term with W, then
W=0-{U=n}+t-{U=c}t+1-{U=0a}
2. Case 2: If the ctf-factor has two terms, then either
(a) There exists Wy, , Wk, in the ctf-factor, such that tg € t1,t1 € ty then
W=0-{U=n}+t-{U=c}+1-{U=0a} (150)

(b) There exists Wy, , Wy, in the ctf-factor, such that ty € ti,to and there exists a monotonic parent X, such that xo €
tl,SCl S tg. Then
W=RX+(1-X)-(0-{U=n}+t-{U=c}+1-{U =a})) (151)

where R is a binary exogenous variable which is 1 with probability 0.5.

Note that this definition will also satisfy the actual counterfactual term since we have only applied the simplification rule for
the reduction. The different terms that can be in the ctf-factor corresponding to W and the values of the exogenous variable that
satisfies the condition are shown in table 4.

Table 4: v-function and counterfactual terms

Notation Term Exogenous variables
wen Wi, =0 U={en}
wn Wi, =0 U= {n}
we Wi =1 U={a}
wae Wy, =1 U={a,c}
we Wi, =0,Ws, =1 U={c}

W Wiwe =0, Wie, =1 U ={n,c},R=1
W™ Wiay =0,Wie, =1 U={n},R=

Let the ctf-factor be P(Y., W, [61]5 Wm[tm]). Let Wy, ..., W, _1 be nodes that lie on the bidirected path from W; to W,,.
W;’s are in topological ordering. Let T be the parent of W1, W,,, such thatt € t1,t € t,,,t # t’. We will divide the proof into
two cases: Case 1: There is a bidirected edge between W1, W,,,, that is, m = 2. Case 2: m > 2.



Case 1: m = 2. Let all nodes in V(Y.) follow c-functions and W7y, W5 follow v-functions of U given the query, which is
the common exogenous variable between W7, W,. We will first propose the assignment for the 3 SCMs My, Ms, M3 as shown
below (superscript denotes the SCM):

PY U =u)=1/9 Yuc{a,c,n} x {a,c,n} (152)
P*U=u)=1/9+¢ Yu € {ac,cn,na} (153)
P*U=u)=1/9—¢ Yu € {ca,nc,an} (154)
PX U =u)=1/9 Yu < {aa,cc,nn} (155)
P*U=u)=1/9+¢ Vuc€ {nc,ca} (156)
P}U=u)=1/9—¢ Yu€ {cc,na} (157)
P3(U =wu)=1/9 for other u (158)

All other exogenous variables denoted by U* are random coin tosses. The counterfactual distributions are then given by:

P(Y, =y, We,WE) = P(U* = 0)P(U = cc) (159)
P(Y, =y, We, W) = P(U* = 0)P(U = cn)P(Ry = 1) (160)
P(Y, =y, Wo W) = P(U* = 0)(P(U = nn) + P(U = cn))P(Ry = 1)P(Ry = 1) (161)

Similarly, it can be shown that for all combination of queries, either P (Y, W, 61 Winjtn]) 7 P2(Y., W, (611> Winlt,.]) Of
PY(Y,, Wite,]s Winfen]) 7 P3(Y., W, (61]> Wint,.])- Now, we show that the observational distribution is the same under the
three cases.

Subcase 1: W7, W follows v-function from Eq. 150. Then, the observational distribution is given by,

P(V,Wy,Wa) = > P(U*)P(Us) [[ P(v | Pa(V))P(Wy | T,Ur2) P(Ws | t,Un) (162)
U*,U12 v
=373 PUn)L(Wy | T,Usz) - L(Wa | T, Usa) (163)
U* Uis

It follows from the fact that given U*, all the variables in Z are independent of U;o. The values of U;5 and the assignment
of Wy, Wy given T and U, are given in table 5. Note that in M7, Ms, M3, the observational distribution is the same.

Table 5: T, W1, Wa, Uqo

E

Wa Uiz

0 nn,nc, cn, cc
1 na, ca
0 an, ac
1 aa

0 nn
1

0

1

na, nc
an, cn
aa, ac, ca, cc

el e N e e el |

OO FEFOO

Subcase 2: W; follows Eq. 150, and W5 follows Eq. 151. The observational distribution is then given by

P(V,Wy,Wo) = Y P(U")P(Ur2) P(Re) [[ P(v | Pa(V))P(Wy | T, Usa) P(Wy | X, T, Usz) (164)
U*,U12,R2 v
=> Z- Y PU)P(Ry) - 1(W1 | T,Ur) - 1(Wy | X, T, Usz, Ry) (165)
u* Ui2,R2
Observation: When Ry = 0, W5 = 0 and for any assignment of W7, permissible values of U 2 are of the form U; x{a, ¢, n}.
Hence, when R, = 0, we have the same distribution in M7, My, M3. When Ry = 1, X = 1, we have a similar situation. When

Ry =1, X = 0, we have a situation same in Table 5. Note that X can be equal to W/, but it does not change anything in the
analysis. Hence, the observational distribution is the same in the three models.



Subcase 3: Both Wy, W5 follows the Eq. 151. The observational distribution is given by

P(V,Wy,Wa)= > P(U")P(Ur2)P(R1)P(Ry) [[ P(v | Pa(V))P(Wy | T,Ur2) P(Wy | X, T,Usz)  (166)
U*,Uy12,R1,R2 v
=Y Z- Y PU)P(R)P(Ry)-1(W1 | T,X,U1, Ry) - 1(Wa | Y, T, Us, Ry) (167)
U Ui2,R2

Similar to the observation above, when Ry = 0 or R; = 0, the distribution remains the same in the three models. Similarly,
when Ry = 1,Y = 1or Ry = 1, X = 1, we have the distribution same in the three models because the permissible values of
U2 are of the form Uy x {a,c¢,n} or {a,c,n} xUs. When Ry =1, X =0, Ry = 1,Y = 0, we have the non-trivial case, which
is again similar to Table. 5. Thus, the observational distribution in this case is also the same in the three models M, Ma, M.
Note that if X =Y, we can just take it as T', or if X, Y is equal to W7 or Wy, the analysis does not change.

The interventional distribution is also the same in the three cases, as the permissible values of Ujo are the same if the
intervention is on any other node than Wy, Ws. If it is on W1 or W, the permissible values are of the for U; x {a,c,n} or
{a,¢e,n} x Us.

Case 2: m > 2. Consider the term P (Y, W1, Wai(m—1)%s Wns). Along with Uy, ..., U,,—1 introduce binary exogenous
variables S, . .., Sy, such that

1.5 = Ulvsm =Upn—1
2. Sz :]I{Ui_l %Ui}fori:&...,(nfl)

Wy, W, are v-functions of S, .S, and W, ..., W, _; are c-functions of Ss,...,S,_1.
Similar to the previous section, Assignments 1 and 2 are given by

PY(Sy =0 uy,ug) =05 Yui,us € {a,c,n} x {a,c,n} (168)

P%(Sy =0 | ui,ug) =05+¢ Vu € {ac,cn,na} (169)

P%(Sy =0 |up,up) =0.5—¢ Yu € {ca,nc,an} (170)

P%(Sy =0 uy,uz) = 0.5 Vu € {aa,cc,nn} (171)

P3(Sy =0 | uy,uz) = 0.5 Yu € {a,c,n} x {a,c,n} (172)

P3(Sy =0 |uy,up) =05+¢€ Yue€ {nc,ca} (173)

P3(Sy =0 uy,ug) =0.5—¢ Yué€ {cc,na} (174)

P3(Sy =0 | uy,up) = 0.5 for other u (175)

All other exogenous variables are random coin toss. Let’s compute P(sq,. .., S,) in the three models. Firstly, compute the
number of possible assignments of uy,...,u,,—1 given si,...,s,. The number can be computed using the following tree,

where,

¢ The root of the tree is u,,_1
e If v; = 0, u; has only child u;—1 = u;
e If v; = 1, u; has two children u; 1 # uy

Herei € [3...m — 1].If u,, = u, then the number of leaves with value u is given by dj, and those not equal to w is given by
CL.

2 1

dp == (=1)F 4 - . 2% 176
k=g (1) 43 (176)

Lok Loor 1 k k
er =75 (2"—cp) =5 2" = - (-1)" =dp + (1) (177)

2 3 3
Let’s denote €(u1 X ug) = >, o s PH(S2 =0 | u12) — P*(S2 = 0] u12) where i is 2 or 3. Now.

P'(u1,0,8,up) = ZPi(ul,O,,um | u)P(u) (178)
= PY(u1,0,8, ) + C - dp(e(ur x {a,e,n}) + Z - (=1)*(u1 x {a,c,n} \ um) (179)

The middle term is always 0, and the difference with the model M; for different assignments of wuq, u,,—1 are shown in
Tab. 6.



Table 6: P(s1,s2 = 0,8, s,)

51,82 = O7S337L € M1 M2 M3
aa e(ac,an) 0 0 —e
ac e(aa,an) —e 0 €
an e(aa, ac) 0 0
ca e(cc, en) e —e 0
cc e(ca,en) 0 € 0
cn e(cc,ca)  —e 0
na e(nc,nn)  —e € 0
ne e(na,mn) € —€ €
nn e(na,nc) 0 0 —e

Table 7: P(s1,82 = 1,8, 5,)

51,52 = 1,8,y € My M, M;
aa e(ac,an) 0 0 €
ac e(aa,an) € 0 —¢
an e(aa,ac) —e 0 0
ca e(ce,en) —e € 0
cc e(ca,cn) - 0
cn €(ca, cc) € 0 0
na e(ne,nn) € — 0
ne e(na,nn) —e €  —¢
nn e(na,nc) 0 0 €

Similarly, for v,,_; = 1, it is exactly the same with the signs changed and shown in table 7.
Now the proof follows similar to Case 1, with u;5 replaced by s;ss,,, where s; = uq, s,,, = us. For example, the following
counterfactual quantity can be represented by replacing all s with 0 except s1, S, in this case as

P(Y, =y, W W2 (180)
= P(U* =0)(P(s1 =n,82.m-1 =0,8n =n) + P(s1 =¢,82.m-1 = 0,8, =n))P(R; =1)P(Ry = 1) (181)

Observational distributions can be shown to be equal in a similar fashion:

PV, Wi, Wy)= > Z- > Pur,up1)P(R1)P(Rp) - L(Wy | T, X,U1, Ry) - L(Wpy | Y, T, i1, Ro)
U*,52.m UL U —1,R1,Rm

(182)

Similar to Case 1, the observational and interventional distribution is the same in all three models, M7, My, Ms.
O

Lemma 10 (Parent-Child Inconsistency). Consider a ctf-factor with a single c-component. If there is no Multi-Parent or
Common-Parent Inconsistency in the ctf-factor, and there exists Wy € W,,Z € T N V(W,), such that z € w,,z’ € t
and z # 2', then the ctf-factor is non-ID.

Proof. Consider the ctf-factor P(Y ., Wi., Wai(m—1)%s Wns), Where Wa, ..., W, lie on the bidirected path from W; to W,,.
Observation: If there are two terms with W) in the query then both w;,w| € Wi,. Apply the Difference Rule. If it is not
applicable, it means w1, w) occur in the counterfactual worlds of other variables.

1. If wy, w) occurs in two different variables, it is a Common-Parent Inconsistency and is taken care of earlier.
2. If wy, w) occurs in W,,, apply the Difference Rule to W, first so that there are two terms, one with w; and another with w}
and then apply the Difference Rule to W7, as it is applied in reverse topological order, then the inconsistency is removed.

Hence, if we are returning FAIL because of Parent-Child inconsistency after a Difference Rule, then, Wi, = wy and Wy,
has w] € ty,.
We will divide these into two cases, as above, when m = 2 and m > 2.



Case 1: m = 2. Let Wy, W, are v-functions, the former with no parent and the latter with parent W;. All other nodes are
c-functions, given the query. Define the models M, M> as follows:

P Uy =u)=1/6 Yu€ {a,n} x {a,c,n} (183)
PY (U =u) =1/6+¢ Yu € {nn,aa} (184)
PY (U =u)=1/6 —€¢ Yu € {nc,ac} (185)
P%(U;2 =u) =1/6 for other u (186)

Subcase 1: W5 follows Eq. 150. Then, the counterfactual distributions are given by

P(Y*, W1 = 07W2[wl:1] = 1) = P(U*)(P(Ulg = ’fla) + P(U12 = TLC)) (187)
P(Y*, W1 = O7W2[w1:0] = 0, W2[w1:1] = 1) = P(U*)P(U12 = TLC) (188)

Similarly, it can be shown for combinations that the counterfactual terms vary in models M, M5. Now, we show that the
observational distribution is the same.

P(‘/, Wl,Wg) = Z P(U*)P(Ulg)HP(’U ‘ Pa(V))P(W1 | T7 U12)P(W2 ‘ X, T7 U12) (189)
U*,Up2 v
=3 Z-Y P(Us) - 1(Wy | Urp) - L(Wa | Wy, Usz) (190)
u* Uio

Now, from Table 8, we can see that the observational distribution is the same in both models.

Table 8: Assignment of Wy

Wy Wy U
0 0 nn,nc
0 1 na
1 0 an
1 1 aa, ac

Subcase 2: W, follows Eq. 151. Then again, the counterfactual distributions are given by
P(Y., W1 =0, Wap,=1,20] = 0, Wopu,=1,0,] = 1) = P(U")P(Ry = 1)(P (U2 = nn) (191)
P(Y., Wi =1, Wy,—0,20] = 0, Wajw,—0,0,] = 1) = P(U")P(Ry = 1)((P(Ui2 = an) + P(Uy2 = ac)) (192)
The observational distribution can be shown to be the same by the following:
P(V,Wy,Wy) = Y P(U")P(U2)P(Re) [[ P(v | Pa(V))P(Wy | T,Ur2) P(Wy | X, T, Urz, Ry)  (193)
U*,U12,R2 v
=>"Z- Y P(Uw)P(Ry)- L(Wy | Urp) - 1(Wa | X, Wy, Usa, Ry) (194)
U~ Ui2,Rz

We make a similar observation as the last proof. When Ry, = 0 or Ry = 1, X = 1, we have the same distribution since
the valid values of Uy are from U X {a,,c,n}. For R, = 1, X = 0, we have the same assignment as Table 8 for Wy, W.
Hence, the distribution is the same in models M7, M5. The interventional distribution is also the same in the two models, as
the permissible values of U;, are the same if the intervention is on any other node than Wy, W5. If it is on Wy or Wa, the
permissible values are of the for Uy x {a,c,n} or {a,c,n} x Us.

Case 2: We follow the exact same construction as the previous proof and the changes are shown as M3 in Table 6 and 7.
From Case 1, it follows that the observational and interventional distributions are the same in M3, M7, and the counterfactual
distributions are different. An example calculation is shown below:

PV,W,Wp)= Y. Z- > PULUx)P(Ry) - LWy [ U1) - LW, | X, W1, Up, Ra) (195)
U*,89.m—1 U1,Un,R2

O



C Discussion and Further Examples
C.1 Monotonicity Reduction Lemma

Testability from observations and interventions. Monotonicity is not testable in general from observational and interven-
tional data. Consider the causal graph shown in Fig. 4. If in the observational or interventional data, we see P(y1 | z1) <
P(y1 | zo) or P(Yy, = 1) < P(Yy, = 1), we can be sure that X is not positive monotonic on Y. However, if we have
P(y1 | 1) = P(y1 | @o) or P(Y,, = 1) > P(Y, = 1), it is not immediately true that monotonicity holds. To witness,
consider two SCMs as follows: M7, Ms. In both M; and Ms, we have

X=Ux, PUx=1)=PUx=0)=05 (196)
Y =1{Uy =a} + X - 1{Uy =c} + (1 - X) - 1{Uy = d} (197)

In My, we have P (Uy = ¢) = 0.75, PL(Uy = d) = 0.25 and in Ms, we have P?>(Uy = a) = P*(Uy = n) = 0.25 and
P(Uy = ¢) = 0.5. Note that both observational and interventional distributions induced by M7, M are the same, however, the
edge X — Y is non-monotonic in M7, but monotonic in Ms.

MRL in Non-binary case: We now explore how Monotonicity Reduction Lemma changes in the non-binary case. First, we
show that for the CGMA in Fig. 4, when Y is not binary, nor can be reduced to binary form in the query (that is some set of
values can be taken to be 0 and another set of values to be 1 for MRL to be applied), then the query is non-ID. Then we propose
a variation of MRL to circumvent this issue. Note that monotonicity for the non-binary case can be defined in many ways, and
in this case we follow the one in Def. 1.

Consider SCMs, M7, Ms, where P(X = 1) = P(X = 0) = 0.5 and Y is ternary (values can be 0,1 or 2). The join
counterfactual distributions in these two models are given by the Table. 9

Yoo Ya, PH(Uy) P*(Uy)

0 0 D1 D1
0 1 D2 P2+ €
1 1 D3 p3 — €
0 2 D4 P4 — €
1 2 Ps D5+ €
2 2 Dé Dé

Table 9: Each row represents the probability of canonical type Y, = v, Y, = %/ in SCM M7 and M,

The observational and interventional distribution for the two models are the same, and the following facts follow:
1. P(Y,, =y,Ys, =¢')isnon-IDunlessy =y’ =0ory =y’ = 2, and
2. P(Y,, <y<Y,)isIDforally.
With this observation, we propose MRL for non-binary variables as follows:
Lemma 11 (Monotonicity Reduction Lemma (MRL)). Let T, S be a partition of the parents of W, such that T and S are the
set of monotonic and non-monotonic parents of W, respectively. Let P(Y,, Wy s x w, Wy s x w’) be a ctf-factor, where * can
be < or >. Then the following rules can be applied to reduce the query to a simpler ctf-factor.
1. Simplification Rule: Ift < t',w < w’, then
(a) P(Yi, Wy s <w', Wy s <w) = P(Ys, Wy s <w)
(b) P(Yo,Wis > w' Wy s >w) = P(Ys, Wi s > W)
2. Difference Rule: Ift < t/, then

P(Y*7 Wt,s S w, Wt’,s > w)
=P, Wy s>w)— P(Y,, W s> w) (198)
= P(Y*, Wt,s < w) - P(Y*a Wt/,s < w) (199)
Proof. By monotonicity, we have for any unit u, Wy s < Wy 5. Hence, Wy s(u) < w implies Wy ¢ < w’ for all u. The
simplification Rule follows from this. The Difference Rule can be obtained by binarizing the domain and applying MRL. [

C.2 Graphical Conditions

In this section, we discuss how the algebraic conditions for LATE, LNDE and LNIE fail in causal diagrams in Figs. 1c, 2b and
then provide a set of assumptions for identification.
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Figure 4: 2 variables with monotonicity.

Violation of LATE Assumption: Consider Assumption 1 on the existence of instruments. It is not satisfied in Fig. 1c for the
following three reasons:

1. Directed path from Z to Y

2. Unobserved confounder between Z and Y
3. Confounder W between Z and Y

4. Confounder W between Z and X

To illustrate why, consider the following functional forms of Z and Y.

Z=fz(W,Uz,Uwz,Uzy) (200)
Y =fW,Z,X,M,Uy,Uyy,Uzy) (201)
Yo = fy(W, Z, 2, M,Uy,Uwy,Uzy) (202)

Now, since Y is still a function of Z, Uy, W, Y, /I Z.

Similarly, the assumption is violated in Fig. 2b because of:
1. Directed path from Z to Y
2. Confounder W between Z and Y
3. Confounder W between Z and X

To illustrate, consider the following functional forms:

Z=fz(W,Uz,Uzm) (203)
Y = fy(W, X, M,Uy,Uyy,Uxy) (204)
M = fu(W,Z,X,Un,Uznr) (205)
Y, = fy(W, 2z, M,Uy,Uyy,Uxy) (206)

= fyW,z, fu(W, Z, X, Un, Uz ), Uy, Uwy, Uxy) (207)

Since, Y, is still a function of Z, W, Y, 1l Z.
Violation of LNDE/LNIE Assumptions: Consider Fig. 2b and the functional forms shown above:

Z = fz(W,Uz,Uzn) (208)
Y =f(W,X,M,Uy,Uwy,Uxy) (209)
M= fu(W,2Z,X,Un,Uznr) (210)
My = fu(W, Z,2,Unr,Uznr) (211)
212)

Since, M, is still a function of Z, the assumption of Conditionally Ignorable Treatment Assignment A.2 is violated since
M, L Z|W.

Algebraic Assumptions and Graphical Conditions for Identification of LATE: We now provide two sets of assumptions
for identifying LATE. We will assume that W, Z, X, M, Y are in strict topological order. Consider Fig. 1c and the following
conditions:

Assumption 3. /. No unobserved confounder between W and X, that is X, 1L W.
No unobserved confounder between W and M, that is M,, 1L W.

No unobserved confounder between Z and X, that is X .., 1L Z,,.

No direct effect from Z to M, that is My, = Moy,

No unobserved confounder between Z and M, that is My, 1L Z,,.

No unobserved confounder between X and 'Y, that is Yz 1L X

No unobserved confounder between M and Y, that is Yymzw 1L My .

N AW



It is easy to see that this completely defines the graph in Fig. 1c, as all other edges are present in the graph. We showed
in Sec. B that LATE can be identified in this graph. We now distill the set of assumptions satisfied by this causal graph, and
implied by Assumptions 3, which uniquely identifies LATE.

Assumption 4. [f for all values z,x, m of Z, X, M and for all values u of exogenous variables

1. Yo, Z UL X, M, | W
2. X, (u) > X,,(u) (Monotonicity)

Proposition 12. LATE is identifiable for any structural causal model that satisfies Assumption 4.

Proof. First, we compute P(Y,, X, = 0, X,, = 1). Once such terms are available, the LATE can be computed.
Zny(Yzl = anzo = O,le = 1) Zny(Yzo = y;Xzo = O,le = 1)

LATE := - (213)
>, PYe, =y, X, =0,X;, =1) >y PYey =y,X:=0,X,, =1)
By monotonicity, we have

PYy =4, X,=0,X,, =1)=PY,, =y, X,, =1)—P(Yy, =y, X,y =1) (214)

Now, we compute P(Y,, =y, X,, = 1). Other terms can be computed similarly.
P(Y,, =1,X., =1) = P(You,, 2, = L. X, = 1) (215)
=Y P(Yeym:=1,X., =1,M,, =1,2) (Unnesting) (216)
= Z PYoym:=1,X,, =1,M,, =1,z | w)P(w) (Law of total probability) 217
= Y P(Yamz 2| w)P(X,, =1,M,, =1|w)P(w) (Assumption 4.1) (218)
= Z P(y | do(x,m),w, z)P(z | w)P(w)P(X,, =1, M,, =1]|w) (219)

Consider all possible SCMs for which the Assumption 4 holds.
Observation: The assumption M, 1l Z | W implies that all the directed paths from Z to M go through X and all the
confounding paths are blocked by 1W. Hence,

PX,,=1,M,, =1|w)=P(X,, =1,M,,,, =1|w)=P(x1,mq | do(z1),w) (220)

Also, X,, M, 1l Z | W implies that all confounding paths between by Z and {X, M} are blocked by W. Since, Z is an
ancestor of {X, M}, all directed paths are removed in Gz. Hence, X, M 1l Z | W in Gz, which implies by do-calculus that
P(z1,mq | do(z1),w) = P(x1,my | 21, w).

On the other hand, we have Y,,,, 1L X,, M, | W, which implies there cannot exist a confounding path between Y and
{X, M} without W or Z. If the confounding path does not contain Z, then it must be blocked by W, orelse Y, 1L X, M,, |
W will not hold. If the confounding path contains Z, it can be of the form:

e M+ .. X+ .. «Z+..+C—...=>Y

e XM+ .. +C—...>Z—...=Y

e M+ .. X+—... < —...—>Y

XM+ .. +C—...5Z+ ..« C —...=Y

All except the last kind of path are blocked by Z. For the last case, there is a confounding path between Z and X (or M),
so it must be blocked by W. Hence, we have Y 1L X, M | Z, W in Gx s, which implies P(y; | do(z, m),w,z) = P(y1 |
w, z,2,m)P(z | w). From this, we derive the final expression for LATE. O

Next, we consider Fig. 2b and graphical conditions implied by it:

Assumption 5. 1. No unobserved confounder between W and Z, that is Z,, 1L W.
2. No unobserved confounder between W and M, that is M, 1. W.

3. No unobserved confounder between Z and X, that is X ,,, 1L Z,,,.

4. No direct effect from Z to 'Y, that is Yy .mw = Yemuw-

5. No unobserved confounder between Z and Y, that is Yy AL Z,,.



6. No unobserved confounder between X and M, that is M., 1l X,
7. No unobserved confounder between M and'Y, that is Yz 1L My .

Again, it should be noted that these set of assumptions define the graph in Fig. 2b. We now distill another set of assumptions
satisfied by this causal graph, and implied by Assumptions 5, which uniquely identifies LATE.

Assumption 6. [f for all values z, x,m of Z, X, M and for all values u of exogenous variables

I My, Z AL Y, X, | W
2. X, (u) > X, (u) (Monotonicity)

Proposition 13. LATE is identifiable for any structural causal model that satisfies Assumption 6.

Proof. First, we compute P(Y,, X,, = 0,X,, = 1). Once, we have computed that LATE can be computed easily. By mono-
tonicity, we have
P(le = y7X20 = 07X21 = 1) = P(le = anzl = 1) - P(Y’El = anzo = 1) (221)

Now, we compute P(Y,, =y, X,, = 1). The rest of the terms can be computed similarly.

P(Yy, =1,X., =1) = P(Your,, = 1,X,, =1) (222)
= P(Yaym =1,X., =1,M,, =1) (Unnesting) (223)
= Z PYym=1,X,, =1,M,, =1]|w)P(w) (Law of total probability) (224)
m,w
=Y P(My=m|w)P(Yom =1,X,, =1 | w)P(w) (225)

Observation: Since Z I X, | W, all confounding paths between X and Z are blocked by V. Now, consider the assump-
tion M, 1l X, | W, which implies there are no confounding paths between X and M that do not contain either W, Z. If it
does not contain Z it must be blocked by W. If it contains Z, it must be of the following forms:

e X+ ..« Z+—...+C—...- M

e X+ .. «C—..5Z—...-M

e X« ...« —>...—- M

e X+ .. «C—..5Z+..+C—...- M

The first, second, and third types of paths are blocked by Z. For the fourth type, we note that all confounding paths between
Z and X are blocked by W. Hence all confounding paths between X, M are blocked by Z,W. Hence, X 1l M | Z,W in
G x, which implies

P(m | do(z),w) = _P(m | z,zw)P(z | w)

Since Y,.,, 1L Z | W, all directed paths from Z the Y passes through either X or M, and all confounding paths are blocked
by W. Using the fact that M is descendant of X, it follows:

P(Yrm = 17X21 =1 ‘ U)) = P(ylaxl | do(z,m),w) = P(yl | do(z,m),z,w)P(x | dO(Z),’LU)

Consider the graph G zs. All the directed paths from Z to Y are removed, and all confounding paths between Z and Y are
blocked by W. All the confounding paths between M and Y that do not contain Z are also blocked by W. If this confounding
path contains Z and is not blocked by Z, Z should be a collider, which means the path is of the form M «+ ... - Z < ... —
Y. But we know that confounding paths between Z and Y are blocked by W. Hence, Y 1L Z, M | X, W

P(y1 | do(z,m), z,w) = P(yr | z,m,z,w), P(x|do(z),w) = Pz | zw) (226)

Putting the values, we have the expression for LATE.
O

C.3 Algorithmic Identification

In this section, we provide the sub-routines from Algorithm 1, M-ID. CTF-FACTOR is shown in Algorithm 3, CTF-FACTORIZE
is shown in Algorithm 4 and IDENTIFY is shown in Algorithm 6. For more details about the algorithm, please refer (Correa,
Lee, and Bareinboim 2021) and (Tian and Pearl 2002).



Algorithm 3: CTF-FACTOR

Input: Causal Graph G. X, = x,, Y, = y. are two sets of counterfactual variables and their values.

Output: ctf-factor that needs to be computed and P(W,, = w,) and the variables in the summation d.,

: Let A1, Ao, ... be the ancestral components of X, U Y, given X,

Let D, be the union of the ancestral components containing a variable in Y, and d, be the corresponding set of values.
D, = |Up, en. Dyas |

If any term in D', is not possible return 0

Remove repeated terms in D’

W.. « An(D’,) and the corresponding values w,

return d,, P(W, = w,)

AR A ol ey

Algorithm 4: CTF-FACTORIZE

Input: Causal Graph G. Ctf-factor W, = w,

Output: Factors in the factorization of P(W, = w,)
1: Cy,Cy, ... are the c-components of G[V (W]
2: Cj, = {Wpa,, € W, | W € C;} and cj, are the values in w, corresponding to Cj,
3: return Cq,,C,,, ...

D Further Results
D.1 Multiple Instruments

LATE with Multiple Instruments In Sec. 1, we looked at estimating in IV graphs. Here, we consider cases with multiple
instruments affecting a binary treatment. IV Graphs with multiple instruments (see Fig. 5) have been studied extensively both in
theory and practice (Mogstad, Torgovitsky, and Walters 2019), (Angrist and Imbens 1995). (Angrist and Imbens 1995) studied
estimations with 2SLS under monotonicity assumption and (Mogstad, Torgovitsky, and Walters 2019) have focused on causal
interpretation under similar assumptions. In this section, we provide a characterization of the queries that are identifiable in
the non-parametric setting under the condition that some of the incoming edges are monotonic and some of the edges are
not. One approach is to treat multiple parent variables as a single parent whose values are the Cartesian product of their
domains. For example, if X has two binary parents, Zy, Z;, we can think of it as a single parent Z with values in {0, 1}2.
This allows us to identify a quantity like P(Y,, X,—00 = 0, X,—11) using MRL as the domain of z can be treated as binary
for this query. However, complications arise when the values of Z in the counterfactual world are not comparable. making
estimation of queries like P(Y,, X,—01 = 0, X,—1¢) challenging. In the following proposition, we claim that such queries are
not identifiable.

Proposition 14 (Multi-Parent LATE Identification). In the Causal Graph 5, let Z = {Z1,...,Z,} be the set of monotonic
parents of X and W = {W1, ..., Wy, } be the set of non-monotonic parents of X. Let zo,z1 be two sets of values of Z and
wo, W1 be two sets of values of W. The effect P(Yy | Xp9 wo = 0, Xz, w, = 1) is identifiable if and only if zg < z1 and
wo = W1 = W and is given by

P(Yz,

Xaowo =0, Xzy .wy = 1) (227)

_ P(y7x7, ‘ Zi,W) - P(y?x’b | Zl—iaw) (228)
P(z; | z3,w) — P(x; | 21-1, W)

Algorithm 5: ID
Input: Causal Graph G. C € T € V,Q = Q[T'] = Py\7(T). Assume G¢1, G|7) is composed of single c-component.
Output: Expression for Q[C] = Py\¢P(C) in terms of Q or FAIL
s A An(C)gyyy
if A=C,return Q[C] =3, . Q
if A =T, return FAIL
if A = C then
T" be the c-component containing C' in G4
Compute Q[I"] from Q[A] =3~ , @
return ID(C,T",Q[T"], G)
end if

PPHQ\H‘.J?H’!\?.”




Algorithm 6: IDENTIFY

Input: Causal Graph G. A ctf-factor with a single c-component C,. = c... Available distribution Z.
Output: Py\¢(C)

1. forZeZ,ZNnC =0do
2:  Let B be the c-component of Gz such that C' C B, compute Py g(B) from Pz(V)
3:  ifID(C, B, Py\p(B), G) does not FAIL then
4: return ID(C, B, P\ 5(B),G)
5.  endif
6: end for
Zn
. +
Z \Jr; PR,
Xy
W, W
Wi,

Figure 5: LATE with multiple instruments

This extends the result in (Imbens and Angrist 1994). The proof follows from Multi-Parent Inconsistency in Proof of
Thm. 2(Sec. B.7).

E Experiment Details

In this section, we provide some more details about the experiments. The experiments are run on an Apple M2 chip with 16GB
of memory.

401k Dataset: We select only a subset of columns, namely income (inc), eligibility in 401k (e401), participation in 401k
(p401), net financial asset (net_tfa), and total wealth (tw). Then, we discretize the variables income, net financial assets, and
total wealth, based on the quartiles. For each quartile, we take the mean value to be its representative. For example, the mean
of the four income groups is approximately 12905, 25388, 39277, 71242. Then we design a synthetic SCM that has the same
distribution as this selected dataset. This is used to generate 30000 samples, from which we evaluate the expression given
in Ex. 1. While evaluating the expression in 7, we use add-one smoothing since the dataset is not strictly positive. We use
bootstrapping to get the confidence interval. The ground truth is obtained from the synthetic SCM. The code and dataset are
available in the accompanying repository.

Fair Machine Learning: The expression for E[Y,, — Yy, | m1] can be obtained as follows:

P(le = 17m1) P<Y$0 = 17m1)

E[Y,, — Y, = - 229
[ 1 0 |m1] P(ml) P(ml) ( )
We first compute P(Yyx, = 1,mq).
P(Yy, =1,my) (230)
= P(Y,, = L, x1,my) + P(Yy, = 1,20,m1) (231)
= P(yr.a1,m1) + Y P(Yayme =1, My, =m, My, = 1,X. =0,2) (232)
= P(ys,@1,m1) + Y P(Vaymyz = 1, My, o = my, My, = 1, X, =0, 2) (233)
=Py, x1,m1) + Y PVaymye = 1, Myye = 1, X, =0, 2) (234)

z

= P(y1,x1,m1) + ZP(xo,z)P(ml | 2o, 2)P(y1 | m1,21,2) (235)



Now, we compute P(Yx, = 1,mq).

P(Yy, =1,my) (236)
=P(Yy, = 1,20,m1) + P(Yz, = 1,21,m1) (237)
= P(Yay = Liwg,m1) + Y P(Vegmz =1, Myyz =m, My, . =1, X, = 1,2) (238)
= P(Yy, = 1,20, m1) + EP(E;Um,OZ =1, My, =0,M,,. =1,X, =1,2) (239)
+ Y P(YVagmye = 1L, Mye = 1, M,,. = 1,X, =1,2) (240)
= Py, w0,m1) + Y [P(Vegmoz = 1, M,z = 1, X = 1,2) = P(Voymz = 1, Mo = 1, X, = 1, 2)] (241)
+ Z;(Yzomlz =1,M,,.=1,X.=1,z) (242)
= P(y1,70,m1) + ZP(JJMZ)P(?J | 20, M0, 2) [P(ma | 21, 2) — P(my | 20, 2)] (243)
+ ZP(xl,z)P(y | 29, m1,2)P(my | zg, 2) (244)

Now, the final quantity can be calculated using Eq. 229.
The code for running the experiments is provided in the Supplementary Material and also in the following code repository:
https://anonymous.4open.science/r/M-ID-Experiments/
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