SUPPLEMENTARY MATERIAL
Computationally and statistically efficient learning of causal Bayes nets using
path queries

Appendix A Discussion

Learning causal Bayes nets from purely interventional data. Our interest in purely interven-
tional data stems from our goal of discovering the true causal relationships. We perform single-vertex
interventions for each node, which agrees with the numbers of single-vertex interventions sufficient
and in the worst-case necessary to identify any DAG, as shown in [8].

Availability of purely interventional data. The availability of purely interventional data is an
implicit assumption in several prior works, which equivalently assume that one can perform an
intervention on any node [19, 28, 11, 10, 25, 13]. As an illustration of the availability of interventional
data, as well as the applicability of our method, we show experimental evidence using three gene
perturbation datasets from [33, 9]. (See Appendix G.4.)

Appendix B  Algorithms

B.1 Algorithm for Transitive Reduction

As proved in [1], the time complexity of the best algorithm for finding the transitive reduction of a
DAG is the same as the time to compute the transitive closure of a graph or to perform Boolean matrix
multiplication. Therefore, we can use any exact algorithm for fast matrix multiplication, such as [15],
which has O(n?-372%) time complexity. As a result, the time complexity of Algorithm 4 is dominated
by the computation of the transitive reduction since answering a query Q(%, j) is in O(logn). Finally,
note that performing n? queries (one per each node pair) is equivalent to performing n single-vertex
interventions, in which we intervene one node and observe the remaining n — 1 nodes. This number
of interventions is necessary in the worst case, as discussed in [8].

Algorithm 4 Learning the transitive reduction by using noisy path queries
Input: Vertex set V
QOutput: Edge set B
B+ o
:fori=1...ndo
forj=1...ndo

if i # j and Q(i, j) = 1 then
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Assuming that we have correct answers for all path queries, Algorithm 4 will indeed exactly recover
the TR(G) of any DAG G. However, this is not necessary. We can recover the true transitive reduction,
TR(G), if we have correct answers for queries Q¢ (i, 7) when i € w (), and when there is no directed
path from i to j, and arbitrary answers when there is a directed path from ¢ to j. This is because
the transitive reduction step will remove every transitive edge. It is the previous observation that
motivated our characterization of noisy queries given in Definition 3.

B.2 Noisy Path Query Algorithms

Algorithms 5 and 6 present our algorithms for answering a noisy path query Q(z, Jj) motivated by
Theorems 1 and 2 respectively. For discrete CBNs, we first create a list £ of size d = |Dom/[X}]|,



containing the empirical probability mass functions (PMFs) of X after intervening X; with all the
possible values from its domain Dom[X;]. Next, if the {,,-norm of the difference of any pair of
PMFs in L is greater than a constant v, then we answer the query with 1, and 0 otherwise. For
continuous CBNs, we intervene X; with a constant value z and compute the empirical expected
value of X;. We then output 1 if the absolute value of the expected value is greater than 1/2, and 0
otherwise. (The threshold of 1/2 is due to the particular way to set z, as prescribed by Theorem 2 and
Corollary 1.)

Algorithm 5 Noisy path query algorithm for discrete variables

Input: Nodes ¢ and j, number of interventional samples 1, and constant .
Output: Q(i, )

1: £ < emptyList()

2: for x; € Dom[X;] do

3: Intervene X; by setting its value to x;, and obtain m samples x§-1), . ,xg-m) of X;
4 pe=2 7 1l = k), ¥k € Dom[X]]

5: Add p to the list £

6:

Qi) < 1{(3FP,q € L) [P~ dllc > ]

Algorithm 6 Noisy path query algorithm for continuous variables

Input: Nodes ¢ and j, number of interventional samples m, and constant z (set as prescribed by
Theorem 2 or Corollary 1.)

Output: Q(7, )
1: Intervene X; by setting its value to z, and obtain m samples :v;l), e ,xg-m) of X;
~ m k
2 i %Zkzlxg )
3: Q(i,4) + L[| > /2] > (The threshold of 12 is due to the particular way to set z, as prescribed
by Theorem 2 and Corollary 1.)

B.3 Noisy Transitive Query Algorithms

Algorithms 7 and 8 show how to answer a transitive query for discrete and continuous CBNs
respectively. Both algorithms are motivated on a property of CBNss, that is, Vi € V and for every set
S disjoint of {i, TG (Z)}, we have P(Xi|dO(X,TG(i) = .”L'WG(Z-)), dO(XS = .’Es)) = P(Xi‘dO(XWG(i) =
xWG(i))). Thus, both algorithms intervene all the variables in S, if S is the parent set of j, then ¢ will
have no effect on j and they return 0, and 1 otherwise.

Algorithm 7 Noisy transitive query algorithm for discrete variables

Input: Nodes ¢ and j, set of nodes S, number of interventional samples m, and constant .
Output: 7'(4,7,S)

1: £ <+ emptyList()

2: for x5 € XpegDom[X}] do

T(i,j,8) + 1[3P,a € L) [P — dlloc > ]
if 7'(i,j,S) = 1 then STOP

3: Intervene set Xg by setting its value to

4: for x; € Dom[X;] do

5: Intervene X; by setting its value to x;, and obtain m samples zgl), e ,:clg.m) of X;
6: P =& 0, 1z = k], ¥k € Dom[X;]

7: Add p to the list £

8:

9:

B.4 Query Algorithm for Discrete Networks Under Imperfect Interventions

Algorithm 9 shows how to answer a noisy query for discrete CBNs under imperfect interventions.
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Algorithm 8 Noisy transitive query algorithm for continuous variables

Input: Nodes i and 7, set of nodes S, number of interventional samples m, and constants z7, z5 (set
as prescribed by Theorem 4 or Corollary 2.)

Output: 7(i,4,S)
1: Intervene all variables Xg by setting their values to 21
2: Intervene X; by setting its value to z,, and obtain m samples x§1), e ,:L';m) of X
~ m k
3: /f<_ %Zkzlx; )
4: T(i,4,S) « 1[|s] > Y/2] > (The threshold of 12 is due to the particular way to set z; and zo, as
prescribed by Theorem 4 and Corollary 2.)

Algorithm 9 Noisy path query algorithm for discrete variables under imperfect interventions.
Input: Nodes ¢ and j, number of interventional samples mn, and constant
Output: Q(i, )

1: L + emptyList()

2: for x; € Dom[X;] do

3 Try to intervene X; with value z;, and obtain m pair samples (z'", (-1))7 (@™ x;m))
of X; and X

4: ﬁk:WZl 1 [ —k/\(E(l)— Z-],VkeDom[Xj]

5: Add p to the list £

6: Qi,j) + 1[3AD,a € L) | — dlloc > ]

Appendix C  On Imperfect Interventions

In this section we relax the assumption of perfect interventions and analyze the sample complexity of a
noisy path query. [7] analyzed a general framework of interventions named as uncertain interventions.
In general terms, we model an imperfect intervention by adding some degree of uncertainty to the
intervened variable. Note that the main distinction with respect to perfect interventions is that now the
intervened variable is a random variable, meanwhile in perfect interventions the intervened variable
is considered a constant.

Discrete random variables. For a discrete CBN, we assume that an intervention follows a
Bernoulli trial. That is, when one wants to intervene a variable X; with target value v, the probability
that X; takes the target value v is ¢;, i.e., P(X; = v) = ¢;, and P(X; # v) = 1 — ¢, otherwise.

To answer a noisy path query under this setting, we modify lines 3 and 4 of Algorithm 5. In

(1 ) " (pm <m>)

line 3, we now get pair samples {(z; ’, z; ooy (2™, }. In line 4, we know estimate

p(X;|do(X; = x;)) as follows: Yk € Dom|[X;], pr = W m1z) = kaal) = a).

For completeness we include the algorithm in Appendix B.4. Finally, the number of interventional
samples m is prescribed by the following theorem.
Theorem 5. Let B = (G, Pg), v, and v follow the same definition as in Theorem 1. Let o be a

constant such that for all i € V, 1/2 < o < ¢, in terms of imperfect interventions. Let G = (V,E)
be the output of Algorithm 4. Then for v > 0 and a fixed probability of error 6 € (0,1), we have

P(TR(G) = G) > 1 — 6, provided that m € (’)(a#2 (Inn +1n %)) interventional samples are used
per §-noisy partially-correct path query in the modified Algorithm 5 as described above.

In practice, knowing the value of each ¢; can be hard to obtain, hence our motivation to introduce a
lower bound o in Theorem 5.

Continuous random variables. For continuous CBNs, we model an imperfect intervention by
assuming that the intervened variable is also a sub-Gaussian variable. That is, when one intervenes a
variable X; with target value v, X; becomes a sub-Gaussian variable with mean v and variance I/Z-Q.

Finally, we continue using Algorithm 6 to answer noisy path queries under this new setting.
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Theorem 6. Let B = (G,Pg),pn; = 0, and ojz follow the same definition as in Theorem 2.
Let (1)40(x,=2) and O?\do(X,-:z) denote the expected value and variance of X; after perfectly
, and

intervening X; with value z. Furthermore, let p(B,z) = ming j)eg [Ex, [1j|do(x,=2)]

0%(B, z) = max(max; j)eg Ex, [of‘do(xizz)], max;ey 07). Let G = (V,E) be the output of Al-

gorithm 4. If there exist an upper bound agb and a finite value z such that o*(B, z) < Ugb and
(B, z) > 1, then for a fixed probability of error § € (0,1), we have P(TR(G) = G) > 1 — 4,
provided that m € O(o2, log %) interventional samples are used per 0-noisy partially-correct path
query in Algorithm 6.

The motivation of the conditions in Theorem 6 are similar to Theorem 2. Next, we show that ASGN
models can fulfill the conditions above.

Corollary 3. Under the settings given in Corollary 1. If forall j € V, ij < 02, in terms of

imperfect interventions. Then, for a fixed probability of error § € (0,1), we have P(TR(G) = G) >
1 — 6 provided that m € O (Jib log g) interventional samples are used per §-noisy partially-correct
path query in Algorithm 6.

Appendix D Examples

D.1 Example for the use of faithfulness assumption

Consider the following ASGN network in Figure 4, assume that X is intervened, then we have that
the expected value of X3 is 0 regardless of the value of the intervention. This occurs because the
effect is canceled via the directed paths {(1,2),(2,3)} and {(1,3)}. This motivated us to use the
faithfulness assumption and rule out such “pathological” parameterizations. Finally, in practice, the
values of w,,;, and oib are unknown. Fortunately, knowing a lower bound of w,,;, and an upper

bound of o2, suffices for structure recovery.
»?E 3 -
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Figure 4: An ASGN network in which the effect of X; on X3 is none.

D.2 Example about the Number of Experiments in the Worst Case for Multiple-Vertex
Interventions

Consider the following DAG in Figure 5 of 6 binary variables. Such that, P(4) = 0.5, P(B) =
0.2, P(C') = 0.1. Let us also assume that P(X;|~A-B-C) = 0.4, and for any other combination
of A, B,C we have P(X;|-) =0.8.

Let us say that we perform a multiple-vertex intervention of A, B, C, and that we want to unveil
the causal edge (A, X7). For this DAG we have that P(X;|do(A), do(B), do(C)) = P(X1|ABC).
Next let us say that we randomly select the configuration A, —B, C for the intervention. Then
P(X1|do(A-BC)) = P(X1|A-BC) = 0.8, in order to discover the causal edge, we also perform
the following intervention, P(X;|do(—A-BC)) = P(X;|-A-BC) = 0.8. Which results in an
“independence” or apparent no causal effect. In order to unveil the causal edge (A4, X7), it is required
to intervene with the configurations A, =B, —~C' and ~A, =B, —~C, which in the worst case may be a
single configuration out of an exponential number of possible configurations that allows to find the
direct causal effect.

Appendix E  On Latent Confounders

It is well-known that the existence of confounders imposes the most crucial problem for inferring
causal relationships from observational data [17, 21]. However, since we perform single-vertex
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Figure 5: DAG of 6 variables where we perform a multiple-vertex intervention.

interventions for every node in the CBN, the existence of hidden confounders does not impose a
problem. In the leftmost graph of Figure 6, X and Y are associated observationally due to a hidden
common cause, but neither of them is a cause of the other. By intervening X or Y, we remove the
“hidden edges”. As a consequence, we are able to infer that neither X nor Y is a cause. The middle
graph shows an association between X and Y, and the need to intervene X in order to discover that
X is acause of Y. Finally, the rightmost graph shows that even in more complex latent configurations,
by intervening X we are removing any association between X and Y due to confounders.

Q\__TQ\\ /Q\
x"O\\x X'Q\x y ¥ ;\\*
€y » OF——© @W—~@~v

Figure 6: Examples of a latent configurations that associate the variables X and Y.

Appendix F  Detailed Proofs

We now present the proofs of Propositions, Theorems and Corollaries from our main text.

F.1 Proof of Proposition 1

Proof. The proof follows directly from rule 3 of do-calculus [21], which states that P(X;|do(X; =
x;)) = P(X;)if (X; L X;) in the mutilated graph after the intervention on X;. Since there is no
directed path from 7 to j, in the mutilated graph there is either no path or a path with a v-structure
between 4 and j, which implies the independence of X; and X ;.

For clarity, we also provide a longer (and equivalent) proof. The proof follows a d-separation
argument. Let B be the network after we perform an intervention on X; with value z;, i.e., B has
the edge set £\ {(p;,?) | pi € ma(4)}. Let ance (i) and ancg(j) be the ancestor set of ¢ and j
respectively. Now, if there is no directed path from 4 to j in B then there is no directed path in 5
either, therefore, ¢ ¢ ancg(j). Also, ancg(i) = @ as a consequence of intervening X;. Next, we
follow the d-separation procedure to determine if X; and X; are marginally independent in B. Since
ancg (i) = @, the ancestral graph of 7 consists of just ¢ itself in isolation, moralizing and disorienting
the edges of the ancestral graph of j will not create a path from ¢ to j. Thus, guaranteeing the
independence of X; and X, i.e., P(X;) = P(X;|X;) in B. Finally, since P(X;|X ;) is fully
specified by the parents of j and these parents are not affected by 7, we have that the marginal of X
in B remains unchanged in B, i.e., P(X;|do(X; = z;)) = P(X;). O

F.2 Proof of Proposition 2

Proof. Here we assume faithfulness in the post-interventional distribution. Both claims follow a proof
by contradiction. For Claim 1, if for all z; € Dom/[X;] we have that P(X;) = P(X,|do(X; = z;))
then X; would not be a cause of X, which contradicts the fact that i € 7g (7). For Claim 2, if for all
x;, x5 € Dom[X;] we have that P(X|do(X; = z;)) = P(X;|do(X; = x})) then in the mutilated
graph we have that P(X;) = P(X,|X; = x;) for all z;, which implies that X; would not be a cause
of X;, thus contradicting the fact that ¢ € wg/(5). O
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F.3 Proof of Proposition 3

The proof follows similar arguments to the proof of Theorem 1.

F.4 Proof of Theorem 1

To answer a path query in a discrete CBN, our algorithm compares two empirical PMFs, therefore,
we need a good estimation of these PMFs. The following lemma shows the sample complexity to
estimate several PMFs simultaneously by using maximum likelihood estimation.

Lemma 1. Let Yy, ...,Yr be L random variables, such that w.l.o.g. the domain of each variable,

Dom[Y], is a finite subset of ZF. Also, let y(l) . ,yl(m) be m independent samples of Y;. The
maximum likelihood estimator, p(Y;), is obtained as follows:

Z 1™ =4, j € Dom[Yi.

Then, for fixed values of t > 0 and § € (0, 1), and provided that m > t% In %, we have

P((vie{1... L} |[p(¥) — p(¥)| , <t) =16

Proof. We use the Dvoretzky-Kiefer-Wolfowitz inequality [18, 6]:

P sup ‘FJ(YZ) - >t < 2672"”2, t>0,
jE€Dom|[Y;]

where F(Y;) = > oke; Dr(Ya) and Fj(Y;) = 32, o pr(Yi). Since p;(Y;) = F;(Y;) — Fj—1(Y;) and
p;(Y;) = F;(Y;) — Fj_1(Y;), we have

(B0 = Fra (1)) = (V) Fw%))!

<|F5(Y:) - Fj(Y7)

|b;(Ys) — p; (Ya)| =

Fj1(Y;) — Fi_1(Y3)

+

therefore, for a specific ¢, we have

P ([p(v) = p()|, > t) <272 ¢ >0,

Then by the union bound, we have

P((EI@'E{I...L})

B(Y:) — p(Yi)||, > t) <2Le™™/2 >0,

Let § = 2Le~™"/2 then for m > ZIn 2k, we have

P((Vie{l...L})

Which concludes the proof of Lemma 1. O

p(Yi) —p(Vi)||. < t) >1-46, 5€(0,1),t>0.

Lemma 1 states that simultaneously for all L PMFs, the maximum likelihood estimator p(Y;) is at
most t-away of p(Y;) in {o,-norm with probability at least 1 — §. Next, we provide the proof of
Theorem 1.

Proof. We analyze a path query Q(z j) for nodes ¢, j € V. From the contrapositive of Proposition 1
we have that if P(X;|do(X; = z;)) # P(X) then there exists a directed path from 7 to j. To detect
the latter, we opt to use Claim 2 from Proposmon 2.

Let p( ) = P(X;|do(X; = zy)) forall i, j € V and x;, € Dom/[X;], and let pz]) be the maximum

likelihood estimation of pgf

and L = rn2, we have

), Also, let 7 = 7 for convenience. Next, using Lemma 1 with ¢ = 7/4

P ((Vz’,j € V,Vay € Dom[Xi])‘

p) _p”>H <T/4> >1-4.
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That is, with probability at least 1 — §, simultaneously for all 4, j, k, the estimators f)z(-f)

(k)

are at most

T /4-away from the true distributions P;;
are used in the estimation.

in £, norm, provided that m > ﬁ—% (2lnn+1In %T) samples

Now, we analyze the two cases that we are interested to answer with high probability. First, let

i € ma(j). We have that for any two distributions pE;‘), pf;)

pgy) = pE;) or le(»j p” (v) loo > T (recall the definition of y and 7). Next, for a specific i, j, we

where x,,z, € Dom[X,], either

show how to test if two distributions pZ ne pfj) are equal or not. Let us assume p(u) = pg y ), then we
have
p — b = ’ pi —pi) — pw ~py H
() (u) (v) (v)
<[les” -]+ e - el
<7/2.

Therefore,ifo)z(- pw)Hoo > 7/2 then w.h.p. p ;épm) On the other hand, lprw —plj)H

7/2 then w.h.p. we have:

’ pi) —p?

= P57 0 - (o7 - 07) + 0 -

(v)

pm —p!! - (v)

p” —DPij

l

From the definition of -y and 7, we have ||pij p”) |loo > 7 for any pair p” ) 4 p”), then w.h.p.

we have that p(u) = pE;).

<

oy oo

Second, let be the case that there is no directed path from ¢ to j. Then, following Proposition 1, we
have that all the distributions p(k) Yoy € Dom [X], are equal. Similarly as in the first case, we have

that if ||p(“) p”)HOo > 7/2 then w.h.p. p7 ) 4 plj ) and equal otherwise.

Next, note that since Algorithm 5 compares pair of distributions, the provable guarantee of all queries
(after eliminating the transitive edges) is directly related to the estimation of all PMFs with probability
of error at most ¢, i.e., we have that

P((¥j=1,..on A G € ma(j) v j ¢ desea(i) Qli.j) = Qaling)) =134,

where descg (i) denotes the descendants of 4. Finally, note that we are estimating each distribution by
usingm > 32(2Inn+1In Z") samples, i.e., m € (9( 5 (Inn+1In §)). However, for each query Q(i, j)

in Algorithm 5, we estimate a maximum of r dlstrlbutlons as a result, we use 32T > (2Inn 4+ In %T)
interventional samples in total per query.

F.5 Proof of Theorem 2

Proof. From the contrapositive of Proposition 1 we have that if P(X;|do(X; = z;)) # P(X;) then
there exists a directed path from ¢ to j. To detect the latter, we opt to use Claim 1 from Proposmon
2, i.e., using expected values. Recall from the characterization of the BN that there exist a finite
2., such that (B, z) > 1 and 0%(B, 2) < 02,. Let x§-1), e ,xg-m) be m
i.i.d. samples of X after intervening X; with z, and let uj|do( ,—z) and UJQ‘ do(Xi=2) be the mean
(k)

value z and upper bound o2

and variance of X; respectively. Also, let jijqo(x,=2) = 7 Z k=1,
value of X;.

be the empmcal expected

Now, we analyze the two cases that we are interested to answer with high probability. First, let
i€ 7mg(y ) Clearly, ,Ug\do(x —.) has expected value |IE[,uJ‘dO(X ) = |tjjdo(x,=)] > 1, and
variance ledo(Xl_z) j|do(XZ_z)/m < 02, /m. Then, using Hoeffding’s inequality we have

" (‘ﬂjdo(xi_z) — Hjldo(X;=2)| = t) < 2¢ 8/ (u00x,=)
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< 2e~ /(200 (6.1)

Second, if there is no directed path from ¢ to j, then by using Proposition 1, we have (1;|q0(x,=2) =

—Oando

2 2
jldo(X;=z) — =0j < Oub

As we can observe from both cases described above, the true mean p;|q0(x,=-) When i € 7g (j) is
at least separated by 1 from the true mean when there is no directed path. Therefore, to estimate
the mean, a suitable value for ¢ in inequality (6.1)is ¢ < 1 /2. The latter allows us to state that if
|f1j|do(x,==)| > 1/2 then Q(i,j) = 1,and Q(i, j) = 0 otherwise. Replacing ¢ = 1/2 and restating
inequality (6.1), we have that for a specific pair of nodes (i, j), if i € wg(j) orif j ¢ desca (i)
(descg (i) denotes the descendants of ¢), then

P (Qali,g) # Q. j)) < 2e7™/ 8ok,

The latter inequality is for a single query. Using the union bound we have
P(@j =1, n A €mal(j) V) ¢ desca(i)) Q. j) # Qali,f)) < 2nPe /o),
Now, let § = 2n2e=m/Bo0) if m > 802, log > then
P (%=1, A (i € ma(j) V j # desca(i)) QUi j) = Qalij)) = 1-6.

That is, with probability of at least 1 — §, the path query Q(%, §) (in Algorithm 6) is equal to Q¢ (¢, j)
for all n? performed queries in which either i € mq(j), or there is no directed path from i to j.
Note also that the probability at least 1 — § is guaranteed after we remove the transitive edges in the
network. Therefore, we obtain m > 803,)(2 logn + log %), ie,m¢e O(aib log %). O

F.6 Proof of Theorem 3

The proof follows the same arguments given in the proof of Theorem 1. For a pair of nodes i, 7,
Algorithm 3 sets S = 7 (j). If S is already the true parent set of j, then X; will only have effect on
X ifi € S. If S is a subset of the true parent set, then X; will only have effect on X if there exists a
transitive edge (4, 7). This is because by intervening S we are blocking any possible effect of X; on
X through any node in S, and since non-transitive edges are already recovered then (¢, j) must be a
transitive edge if there exists some effect. This effect is detected as in Theorem 1, i.e., through the
{-norm of difference of empirical marginals of X;.

F.7 Proof of Theorem 4

The proof follows the same arguments given in the proof of Theorem 2. For a pair of nodes i, 7,
Algorithm 3 sets S = 7 (7). If S is already the true parent set of j, then X; will only have effect on
X if i € S. If S is a subset of the true parent set, then X; will only have effect on X; if there exists a
transitive edge (4, 7). This is because by intervening S we are blocking any possible effect of X; on
X through any node in S, and since non-transitive edges are already recovered then (4, j) must be a
transitive edge if there exists some effect. This effect is detected as in Theorem 2, i.e., through the
absolute value of the difference of the empirical means of X;.

F.8 Proof of Theorem 5

To prove Theorem 5 we first derive a lemma that specifies the number of samples to obtain a good
approximation with guarantees of conditional PMFs.

Lemma 2. Let Yi,...,Yy be L discrete random variables, such that w.l.o.g. the domain of each
variable, Dom|Y;], is a finite subset of Z*. Let Z1, ..., Z, be L Bernoulli random variables, such
that each variable fulfills P(Z; = 1) > « > 1/2. Also, let (z; ( )7%( )), ey (z(m),yl(m)) be m pair

k2

of independent samples of Z; and Y;. The conditional maximum likelihood estimator, p(Y;|Z; = 1),
is obtained as follows:

) SR ,
p;j(YilZ; =1) = WZIL[ B =jnM) j e Domlyi).
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Then, for fixed values of t,§ € (0, 1), and provided that m > —+; In %, we have

at?

P((Vie{l...L})

B(YilZi = 1) —p(YilZi =D, <t) 214

m (

Proof. First, we analyze a pair of variables Z;,Y;. Let & = {% Y ke zik) > « — €}. Next, using
the one-sided Hoeffding’s inequality, we have

P(&)>1—e2m,

Now, let the event & = {||p(Y;|Z; = 1) — p(Yi|Z; = 1)||oc < t}. Using Lemma 1 (see Proof F.4),
we obtain 2
P(&]&) > 1~ 9e—mla—e)t* /2.

Then, by the law of total probability, we have
P(&) > P(&|&1)P(&1)
>1— 6—262771 _ Qe—m(a—e)t2/2.
Let g =e~2¢°m and g = 2¢~m(a=t*/2 Thep provided that m > max(ﬁ In %, ﬁ In %),
P(&)>1-4.

Fore = %,and ¢ € (0, 1), we can simplify the bound on m to be m > —1; In . Finally, using union
bound and provided that m > % In %, we have

P((Vie (1...L})

B(YilZi = 1) ~p(VilZi = D], <t) 2 1-4.
Which concludes the proof. O
Now follows the proof of Theorem 5.

Proof of Theorem 5. The proof follows the same steps as in the proof of Theorem 1 (Appendix F.4).
The difference is that we now use the sample complexity given by Lemma 2 instead of Lemma 1.

Therefore, for a query Q(4, j) we obtain a sample complexity of i € (’)(a%/2 (Inn+1n%)). O

F.9 Proof of Theorem 6

Proof. Recall from the characterization of the BN that there exist a finite value z and upper bound
02, such that u(B, z) > 1 and 0%(B,z) < 02,. Let a:;l), e ,xg-m) be m i.i.d. samples of X after
trying to intervene X; with value 2. Let 14540 x,;=2) and af.l do(X,== be the mean and variance of X;
respectively, after perfectly intervening X; with value z. Also, let i = % oy xg-k) be the empirical
expected value of X;.

Now, we analyze the two cases that we are interested to answer with high probability. First, let

i € ng(j). Clearly, /i has expected value |E[i]| = |Ex, [1tjja0(x;=2)]| > 1. and variance 6% =

Ex, [ajz,‘do(xi:z)]/m < 02, /m. Then, using Hoeffding’s inequality we have

P

i~ Eli]] > t) < 2e7/C2"

< 2=t/ (200 6.2)

Second, if there is no directed path from ¢ to j, then by using Proposition 1, we have

Ex; [1jldo(x,==)] = Ex; [1;] = 0and Ex, [07, 1 x,—.y] = Ex,[07] < 07

As we can observe from both cases described above, the true mean Ex, [14|40(x,=-)] When i € mq(j)
is at least separated by 1 from the true mean when there is no directed path. Therefore, to estimate
the mean, a suitable value for ¢ in inequality (6.2) is ¢ < 1/2. The latter allows us to state that if

|fi] > 1/2 then Q(i, ) = 1, and Q(i, j) = 0 otherwise. Replacing ¢ = 1/2 and restating inequality
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(6.2), we have that for a specific pair of nodes (4, j), if i € ng(j) orif j ¢ descg (i) (desca (i)
denotes the descendants of 7), then

P (Qalij) # Qi j)) < 267/ %),

The latter inequality is for a single query. Using the union bound we have
P ((Hj =1,...,nA (i € ma(j) Vj ¢ desca (i) QU,J) # QG(i,j)) < on2em/(B),
Now, let § = 2n2e_m/(8"ib), if m > 803}) log % then
P((vj=1,....n A G €ma(j) Vj ¢ desca(i)) Qi) = Qalin)) = 1= 4.

That is, with probability of at least 1 — J, the path query (i, j) (in Algorithm 6) is equal to Q¢ (%, §)
for all n? performed queries in which either i € mg(4), or there is no directed path from i to j.
Note also that the probability at least 1 — § is guaranteed after we remove the transitive edges in the
network. Therefore, we obtain m > 802, (2logn + log %), ie,me O(o2,log%). O

F.10 Proof of Corollary 1

Proof. Let us first analyze the expected value p; of each variable X ; in the network before performing
any intervention. From the definition of the ASGN model we have that the expected value of X; is
wi=> penc (i) W, 1, and from the topological ordering of the network we can observe that the
variables without parents have zero mean since these are only affected by a sub-Gaussian noise with
zero mean. Therefore, following this ordering we have that the mean of every variable X; is p1; = 0.

Recall from Remark 2 that we can write the model as: X = WX + N, which is equivalent to
X =(I-W) !N.Let B= (I- W)™, then Bj; denotes the total weight effect of the noise N; on
the node j. Furthermore, let ;B = (I — ®;W)~! and similarly {®;B} ;1 denotes the total weight
effect of the noise Vi on the node j after intervening the node i.

Next, we analyze if z = 1 /w4y, and aib = mezwmm fulfill the conditions given in Theorem 2.
First, leti € mq(j), i.e., (4,7) € E. Since wy,i, = ming jyep [{©iB}i], we have |pjq0(x,=2)| =
HoiB}jil x |z| = {©iB}jil/wmin. Since wpin < [{®;B};;| for any (i,5) € E, we have
that ;1(B, z) > 1. Let vjj40(x,=-) be the variance of X after intervening X;, then we have that
V2 o(xi=) = Lpevii(1@iB }jp)?07, similarly, the variance of j without any intervention is v} =
Zpev\i(ij)ng?_ Then max; jycr Ujgldo(Xi:z) < max;ey 0,0, [©iBI|%, o, and max;jey v <
02102 Bl|2.2- Which results in 02, = 02, Wimnaq-

Second, let be the case that there is no directed path from ¢ to j. Then from Proposition 1, X; and X
are independent after intervening X, i.e., Hjldo(X;=2) = My = 0, and Ug?\do(x,;:z) = vjz < aib.

As shown above, for these values of z = 1/w,y;, and Ugb = Ufnawwmax, we fulfill the conditions
given in Theorem 2, which concludes our proof. O

F.11 Proof of Corollary 2

For a pair of nodes ¢, j, Algorithm 3 sets S = 7 (j). If S is already the true parent set of j, then X
will only have effect on X if ¢ € S. If S is a subset of the true parent set, then X; will only have
effect on X; if there exists a transitive edge (¢, j). This is because by intervening S we are blocking
any possible effect of X; on X; through any node in S, and since non-transitive edges are already
recovered then (4, j) must be a transitive edge if there exists some effect. Thus, W, = min;; |WU|
is enough to ensure a mean of at least 1 for X ;, since only X is intervened with value zo = 1/w,
while the other nodes in S are intervened with value z; = 0. Finally, because the value of w,,, ., takes
the maximum across all possible interventions of subsets of the parent set of j, then o2, is an upper
bound and similar arguments as in Corollary 1 hold.

F.12 Proof of Corollary 3

Proof. To prove the corollary we need to show that for z = 1/w, and 02, = 02, Wmaz, the
conditions (B, z) > 1 and 0?(B, z) < 02, hold, similarly to Proof F.10.
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For the case when @ € mg(j), now X; (the intervened variable) is a sub-Gaussian variable with mean
z 2and va{ianc.e vZ, we clearly have that the same upper bound Tub = U,Qnaxwma:r works since v? <
Ommaz- Likewise, the value z is properly set since the value of W, 18 Wmin = ming jyeg {©:iB};il.
For the case when there is no directed path from ¢ to j, we have that X; and X; are independent after

intervening X, i.e., E[X;] = p; = 0, and Var[X] = v} < 02,

From these analyses we conclude that the ASGN model fulfills the conditions given in Theorem 6.
Which concludes our proof. O

Appendix G Experiments

G.1 Experiments on Synthetic CBNs

In this section, we validate our theoretical results on synthetic data for perfect and imperfect interven-
tions by using Algorithms 4, 5, and 6. Our objective is to characterize the number of interventional
samples per query needed by our algorithm for learning the transitive reduction of a CBN exactly.

Our experimental setup is as follows. We sample a random transitively reduced DAG structure G
over n nodes. We then generate a CBN as follows: for a discrete CBN, the domain of a variable
X, is Dom[X;] = {1,...,d}, where d is the size of the domain, which is selected uniformly at
random from {2,...,5}, i.e., » = 5 in terms of Theorem 1. Then, each row of a CPT is generated
uniformly at random. Finally, we ensure that the generated CBN fulfills v > 0.01. For a continuous
CBN, we use Gaussian noises following the ASGN model as described in Definition 4, where each
noise variable N; is Gaussian with mean 0 and variance selected uniformly at random from [1, 5], i.e.,
02,4 = b, in terms of Corollary 1. The edge weights W;; are selected uniformly at random from
[—1.25,—0.01] U [0.01, 1.25] for all (i, j) € E. We ensure that W fulfills ||(I - W)~![|3 < 20.
After generating a CBN, one can now intervene a variable, and sample accordingly to a given query.
Finally, we set 6 = 0.01, and estimate the probability P(G = G) by computing the fraction of times

that the learned DAG structure G matched the true DAG structure G exactly, across 40 randomly
sampled BNs. We repeated this process for n € {20,40,60}. The number of samples per query
was set to e log nr for discrete BNs, and e logn for continuous BNs, where C' was the control
parameter, chosen to be in [0, 16]. Figure 7 shows the results of the structure learning experiments.
We can observe that there is a sharp phase transition from recovery failure to success in all cases, and
that the log n scaling holds in practice, as prescribed by Theorems 1 and 2.

Similarly, for imperfect interventions we work under the same experimental settings described above.
For a discrete BN, we additionally set « = 0.9 in terms of Theorem 5. Whereas for a continuous
BN, we set 1/1»2 = af for all i € V, in terms of 3. Figure 7 shows the results of the structure learning
experiments. We can observe that the sharp phase transition from recovery failure to success and the
log n scaling is also preserved, as prescribed by Theorems 5 and 6.

G.2 Most Benchmark BNs Have Few Transitive Edges

In this section we compute some attributes of 21 benchmark networks, which are publicly available at
http://compbio.cs.huji.ac.il/Repository/networks.html and http://www.bnlearn.
com/bnrepository/. These benchmark BNs contain the DAG structure and the conditional proba-
bility tables. Several prior works also used these BNs and evaluated DAG recovery by sampling data
observationally by using the joint probability distribution [2, 30].

Table 2 reports the number of vertices, | V|, the number of edges, |E|, the number of transitive edges,
|IRE|, and the ratio, |RE|/|E|. Finally, the mean and median of the ratios is presented. A median
of 0.48% indicates that more than half of these networks have a number of transitive edges less
than 0.50% of the total number of edges. In other words, our methods provide guarantees for exact
learning of at least 99.5% of the true structure for many of these benchmark networks.

G.3 DAG Recovery on Benchmark BNs

In this section we test Algorithms 4, 5, 6, 7, 8, and 3, on benchmark networks that may contain tran-
sitive edges. The networks are publicly available at http://www.bnlearn. com/bnrepository/.
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Figure 7: (Left, Top) Probability of correct structure recovery of the transitive reduction of a discrete
CBN vs. number of samples per query, where the latter was set to e log nr, with all CBNs having
r = 5and v > 0.01. (Right, Top) Similarly, for continuous CBNs, the number of samples per
query was set to e log n, with all CBNs having ||(I — W)~1||2 __ < 20. (Left, Bottom) Results for
imperfect interventions for discrete CBNs under same settings as in perfect interventions and o« = 0.9.
(Right, Bottom) Results for imperfect interventions for continuous CBNs under same settings as in
perfect interventions and v? = o2, Vi € V. Finally, we observe that there is a sharp phase transition
from recovery failure to success in all cases, and the log n scaling holds in practice, as prescribed by
Theorems 1, 2, 5, and 6.

Table 2: For each network we show the number of vertices, | V|, the number of edges, |E|, the number
of transitive edges, |RE|, and the ratio, |[RE|/|E|.

Network V] |[E| |RE| |RE|/|E|
Alarm 37 46 4 8.70%
Andes 223 338 45 13.31%
Asia 8 8 0 0.00%
Barley 48 84 14 16.67%
Cancer 5 4 0 0.00%
Carpo 60 74 0 0.00%
Child 20 25 1 4.00%

Diabetes 413 602 48 7.97%
Earthquake 5 4 0 0.00%
Hailfinder 56 66 4 6.06%

Hepar2 70 123 16 13.01%
Insurance 27 52 12 23.08%
Link 724 1125 0 0.00%
Mildew 35 46 6 13.04%
Muninl 186 273 1 0.37%
Munin2 1003 1244 6 0.48%
Munin3 1041 1306 6 0.46%
Munin4 1038 1388 6 0.43%
Pigs 441 592 0 0.00%
Water 32 66 0 0.00%
Win95pts 76 112 8 7.14%
Average 5.46%
Median 0.48%

These standard benchmark BNs contain the DAG structure and the conditional probability distribu-
tions. We sample data interventionally by using the manipulation theorem [21]. We then compare
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the learned DAG versus the true DAG. Several prior works used these BNs and also evaluated DAG
recovery by sampling data observationally by using the joint probability distribution [2, 30].

Discrete networks. We first present experiments on discrete BNs. For each network we set the
number of samples m = e!'2 log nr, and ran Algorithm 4 once. After learning the transitive reduction,
we ran Algorithm 3 to learn the missing transitive edges. For the true edge set E and recovered edge
set E, we define the edge precision as |E N E|/|E|, and the edge recall as |E N E|/|E|. The F1 score
was computed from the previously defined precision and recall. As we can observe in Table 3, all of
the networks achieved an edge precision of 1.0, which indicates that all the edges that our algorithm
learned are indeed part of the true network. Finally, all networks also achieved an edge recall of 1.0,
which indicates that all edges (including the transitive edges) were correctly recovered.

Table 3: Results on benchmark discrete networks. For each network, we show the number of nodes,
n, the number of edges, |E|, the number of transitive edges, |RE|, the maximum domain size, r, the

edge precision, |E N E|/|E|, the edge recall, |[E N E|/|E|, and the F1 score.

Edge Edge

Network no |E[ - [RE| precision  recall

F1 score

Carpo 60 74 0 4 1.00 1.00 1.00
Child 20 25 1 6 1.00 1.00 1.00
Hailfinder 56 66 4 11 1.00 1.00 1.00
Win95pts 76 112 8 2 1.00 1.00 1.00

Additive Gaussian networks. Next, we present experiments on continuous BNs. For each network
we set the number of samples m = e log n, and ran Algorithm 4 once. For the true edge set E and
recovered edge set E, we define the edge precision as |E N E|/|E|, and the edge recall as |ENE|/|E|.
The F1 score was computed from the previously defined precision and recall. As we can observe in
Table 4, both networks achieved an edge precision of 1.0, which indicates that all the edges that our
algorithm learned are indeed part of the true network. Finally, both networks also achieved an edge
recall of 1.0, which indicates that all edges (including the transitive edges) were correctly recovered.

Table 4: Results on benchmark continuous networks. For each network, we show the number of nodes,
n, the number of edges, |E|, the number of transitive edges, |RE|, the constant C, the maximum

domain size, r, the edge precision, |E N E|/|E|, the edge recall, |E N E|/|E|, and the F1 score.

Edge Edge
precision  recall

Magic-Irri 64 102 25 11 1.00 1.00 1.00
Magic-Niab 44 66 12 7 1.00 1.00 1.00

Network n |E| |RE]| F1 score

G.4 DAG Recovery on Real-World Gene Perturbation Datasets

In this section we show experimental results on real-world interventional data. We selected 14 yeast
genes from the gene perturbation data in “Transcriptional regulatory code of a eukaryotic genome”
[9]. A few observations from the learned BN shown in Figure 8 are: the gene YFL044C reaches 2
genes directly and has an indirect influence on all 11 remaining genes; finally, the genes YMLOS1W
and YNRO63W are reached by almost all other genes.

Next we show experimental results on real-world gene perturbation data from Xiao et al. [33]. Figure
9 shows the learned DAGs for genes from mouses (Left) and humans (Right). For mouse genes we
analyzed 17 genes and we can observe the following: the gene Spintl reaches 3 genes directly and all
other genes indirectly; finally, the genes Tgm?2, Ifnb1, Tgfbr2 and Hmgn1 are the most influenced
genes. For human genes we analyzed 17 genes and we observe the following: the gene CTGF reaches
1 gene directly and all the remaining genes indirectly; finally, the gene HNRNPA2BI is reached by
all genes.
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Figure 8: DAG structure recovered from interventional data in [9]. The nodes correspond to yeast
genes.

HNRNPA2B1

Figure 9: DAG structure recovered from interventional data in [33]. (Left) Nodes correspond to
mouse genes. (Right) Nodes correspond to human genes.
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