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SUMMARY

Discovering causal relations from data is at the foundation of science.
Identifying causal relations helps to predict the e�ect of actions in a
system, providing a basis for policy and decision making. While tra-
ditionally causal relations are discovered by performing experiments,
in the last decades researchers have shown that it is possible to obtain
substantial causal information also from observational data.
In this thesis, we focus on constraint-based methods, a promising

category of methods for discovering causal relations from observa-
tional and experimental data that can easily deal with potential un-
measured factors. These methods rely on statistical independence
tests to constrain possible causal models, which makes them vulner-
able to errors in test results that may happen in small datasets. Ex-
isting approaches that address this issue typically have to choose to
sacri�ce either accuracy or scalability. Moreover, current methods
that combine observational and experimental data do not take full
advantage of all the possible causal information. Therefore, the main
research question that we try to address in this thesis is:

How can we improve the accuracy and scalability of
causal discovery in the presence of uncertainty and latent
confounders, taking advantage of all possible background
knowledge and available datasets?

The thesis is divided in three chapters that tackle di�erent aspects
of this question. We focus on constraint-based methods formulated
in terms of logical rules, which o�er an easy integration of almost
arbitrarily complex background knowledge.
In Chapter �, we tackle the accuracy and scalability aspects. In

particular, we present Ancestral Causal Inference (ACI), a logic-based
method that provides a comparable accuracy to state-of-the-art meth-
ods, but improves on their scalability. This improvement in scala-
bility is achieved by using a coarse-grained representation of causal
information, ancestral relations (“indirect” causal relations). We also
propose a general method to score causal predictions according to



their con�dence that approximates their marginal probability. We
show on a synthetic dataset that ACI achieves a speedup of some
orders of magnitude over the state-of-the-art. This improvement in
scalability also allows us to apply ACI to a challenging real-world
protein signalling dataset.

In Chapter �, we try to take full advantage of all available obser-
vational and experimental datasets. In particular, we introduce Joint
Causal Inference (JCI), a powerful formulation of causal discovery in
which we jointly learn both the causal structure and targets of in-
terventions from independence test results on all available datasets.
Current constraint-based methods cannot be applied to JCI because
of faithfulness violations due to deterministic relations, so we pro-
pose a simple strategy for dealing with this type of faithfulness vi-
olations. We implement this strategy in Ancestral Causal Inference
with Determinism (ACID), a determinism-tolerant extension of ACI.
In an evaluation on synthetically generated dataset, we show that JCI,
implemented as ACID, improves substantially the accuracy of causal
predictions with respect to simpler methods as ACI.

In Chapter �, we take a step in the direction of improving the
scalability of general-purpose probabilistic logic solvers. In partic-
ular, we propose foxPSL, a distributed and scalable solver for a prob-
abilistic logic that extends Probabilistic Soft Logic (PSL). In PSL max-
imum a posteriori inference can be formulated as a convex optimiza-
tion problem, making it much more scalable than other probabilis-
tic logics, which generally require the solution of discrete optimiza-
tion problems. FoxPSL implements a distributed algorithm for con-
vex optimization in a state-of-the-art graph processing system and
several problem-speci�c optimized algorithms. In the evaluation on
synthetic datasets, we show that foxPSL outperforms the state-of-the-
art PSL implementation both in execution time and solution quality.
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