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My research interest is sequential decision making in meaningful factored spaces, which are also called combinatorial domains. Their states can be described by variables assigned to values in a discrete domain, such as X ∈ {a, b, c}
or P osition ∈ {0, 1, 2, 3}. Their states can also be described by predicates grounded in discrete domains, such as
Inside(x, y) for x ∈ {a, b, c}, y ∈ {truck, warehouse}. My research considers the problem of reaching a factored state
that satisfies a goal, such as Inside(a, warehouse).
This research agenda should lead to effective methods for applications in human situations, such as business
or manufacturing1 , including the transportation of goods, choosing diagnostic actions, composing web services, and
coordinating actions between humans or agents.
Two fundamental areas of artificial intelligence (AI) are concerned with obtaining controllers for sequential decision making over atomic states [69; 57]. Model-based AI methods assume that an explicit transition function is
given, thus making Search possible. Experience-based AI methods assume that a source of experience is available,
thus making Reinforcement Learning (RL) possible. Fundamental algorithms for the factored case can employ any
of these methods but also exploit the structure of the problem. For instance, state-of-the-art planning algorithms
combine Search and heuristics synthetized from the given domain model [27].
My current research goal is to develop methods for learning generalized controllers that reach a goal in
meaningful factored spaces with imperfect information. I intend to use Reinforcement Learning and
Function Approximation for generalized planning but without a planning model, obtaining fixed-size-memory
controllers2 . Moreover, a single controller should operate in unseen situations of the same domain, especially larger
situations.
My research focuses on a simple combinatorial domain where the factors have loose dependency, actions affect a
few factors, and human intelligence is effective despite the size of the space. My contributions to acting under incomplete/imperfect information specialize in islands of uncertainty with loose interactions between them. I formalized
such intuitions in my PhD thesis and other contributions, leading to both theoretical and empirical contributions3 .
Indeed, I was awarded the IJCAI-JAIR4 Best Paper Prize 2012 for an outstanding paper published in JAIR in
the preceding five calendar years for an article coauthored with my advisor, Hector Geffner [55]. My PhD dissertation was awarded the 2010 Best Dissertation Award by the International Conference on Automated Planning
and Scheduling (ICAPS) and an Honorable Mention at the 2009 Artificial Intelligence Dissertation Award by the
European Coordinating Committee for AI (ECCAI).
The methods I developed achieve great scalability while avoiding part of the exponential nature of acting in the
presence of imperfect information. However, a controller produced by these techniques is an unbounded plan for a
single problem, which remains in the agent memory during execution5 . Moreover, these techniques require a detailed
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leave open the question of where the abstracted states come from. The issue is related to learning disentangled representations
through acting, a problem I am also interested in. In any case, AI tools working at a given level of abstraction are very relevant for
practical applications.
2 While an unbounded search would be out of scope, fixed-size-memory controllers can benefit from a bounded lookahead, as it could
mitigate dead-ends and improve the robustness of the behavior [65]. Lookahead requires a predictive model.
3 Further details about my past contributions can be found in Appendix A.
4 Joint award by the International Joint Conferences on Artificial Intelligence and the Journal of Artificial Intelligence Research.
5 The plan can be exponential in the number of possible observations.
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description of the actions. My current goal is to continue working on these problems but to use learning methods to
simultaneously overcome these limitations.

1

Reinforcement Learning Challenges

Learning to reach goals in factored spaces can be formulated as RL, where achieving the goal leads to a high reward,
as is done in RL-based methods for perfect information games [63]. However, some RL challenges become more
relevant when dealing with discrete factored spaces.
For instance, there could be abundant dead-end states, where the goal cannot be achieved or can only be achieved
at a very high cost. These states are difficult to explore effectively [59]; thus, learning predictive models becomes a
key tool beyond a pure emphasis on policy search [64; 59; 71; 70, chap 8]. In some cases, dead-ends may need to be
explicitly avoided as part of the task, as in Safe RL [3].
Hierarchical RL (HRL) is particularly relevant in factored spaces. State-of-the-art abstractions tend to distinguish
low- and high-level behavior [58; 4], although other abstractions can also rely on distinctions like a reward structure
[75; 45]. New abstractions based on discovering the loose dependency structure of a domain may be crucial for better
scalability.
The domains of my interest are high dimensional, but their dependency structure remains loose as the number of
factors increases. Thus, the methods I develop may be suitable for dead-ends or abstractions involving a few factors.
In contrast, such contributions may not apply directly to more complex settings, such as puzzles, game playing
(e.g., Go or Poker), or the continuous control of robot joints. However, advances on my agenda are complementary
to the general advances on discovering dead-ends, achieving better exploration and discovering abstractions.

2

Evaluation, Domains and Simulators

A diversified evaluation is important, as the goal of this research is to use the same algorithm and hyperparameters
to obtain controllers for different problems. A simple initial idea is to use existing planning models as simulators for
problems ranging from full observability to partial observability and probabilistic effects [34]. In that way, the benchmarks of the International Planning Competition can be as beneficial as the Arcade Learning Environment (ALE)
but for reachability in factored spaces [49; 48]6 . These benchmarks are not just toy examples, as many of them have
industrial application if the controllers are able to scale sufficiently well. Moreover, their size can be gradually and
meaningfully increased, making systematic evaluation easier. This diversified evaluation differs from published work
that evaluates general methods on a small number of domains or reports a reduced number of experiments due to
the computational cost [31].
For instances, a simple but significant result would be learning a single general controller for the Blocks World
problem, a classical model-based planning domain [66]. This domain consists of named blocks on a table with
unlimited space, where blocks can be stacked/unstacked on top of each other or over the table. A general controller
receives as input the state of the world and k blocks that must be stacked on top of each other. The controller then
outputs the next action. A shared challenge for both model-based and learning areas is to develop general methods
that can produce a controller for the Blocks World [12; 73].

3

Research problems

While my goal is to obtain generalized controllers under imperfect information, it is convenient to consider simplified
problems and their specific challenges.
6 Many planning domains have generators for a family of problems, although we may need to refine them further to study the capability
of the methods.
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3.1

Full Observability

The case of full observability and deterministic actions is worth considering by itself [63; 65]. The controller to be
learned receives as input a fixed set of variables assigned to values taken from fixed domains. By allowing a goal to
be set as part of the input, the controller should generalize across that class of goals. The controller output is an
action to be applied and an internal representation of the state if learning a predictive model.
State-of-the-art RL with function approximation (Deep RL) is applicable immediately, although most recent
work focuses on perceptual tasks, where the inputs are pixels contiguous to each other [49]. The present problem is
arguably simpler, as factors are explicit and meaningful. However, a representation still needs to be learned, as the
explicit factors by themselves may not be sufficient for solving the problem [63]. Current work using auxiliary tasks,
count-based exploration and intrinsic motivation are relevant to our problem [75; 45; 42; 35; 4; 67; 6; 65]. Factored
spaces may need specific regularization techniques relying on loose dependency, complementary to state-of-the-art
ideas based on relative entropy of policies during learning [52].
If we consider probabilistic actions, this problem is a factored version of the most commonly studied in RL.

3.2

Variable Input for Generalizing to a Family of Problems

The task in this setting is to learn a controller given a fixed set of predicates and parametric actions. The input of
the controller refers to such predicates but can contain arbitrarily new categorical objects where their information is
assumed to be summarized by their relationships according to the predicates7 . The controller output is an action,
referring to the objects previously perceived. The structural assumptions made about the input are also present in
recent work about transfer learning [38; 80; 29; 22; 61; 62; 51; 37, sect. 15.2].
One crucial question is what we can hope to achieve when feeding variable inputs into a fixed-size-memory
controller. One can recall the notion of indexicals, a reference to an object but in an indirect way, such as the block
on top of the one I want to grasp [17; 5]. Even if a situation comprises many objects, indexicals remark that effective
compact representations are feasible by focusing on the task to be solved [12]. Task-oriented emerging representations
are one of the main arguments in favor of deep learning and a central idea in the representations I introduced for
model-based planning [8; 29; 49; 55; 1; 36; 25].
Relevant state-of-the-art methods, including pointer networks, memory-extended networks, and other RNN-based
methods, can be used to accept and refer to variable inputs [77; 30; 68; 43]. Learning long-distance dependencies
and being sensible to the input order are critical [44; 76; 78]. Graph embeddings are also relevant, as they are
nongeometric and do not depend on the order or name of objects; however, such embeddings tend to rely on the
local properties of the nodes in a graph [79].

3.3

Partial Observability

Let us start assuming that actions are deterministic and that the inputs are fixed-size factored observations. In this
situation, the agent is forced to address its imperfect information about the environment without resorting to trial
and error. While in the two previous settings, an experience is an action applied to a state, now an experience is an
online execution, as each observation depends on all previous actions and an unknown initial state8 . This setting can
be formalized as a POMDP or as an MDP combined with a memory function to summarize the observation history.
Our agenda requires such a function to use fixed-size memory.
My previous work in this setting relies on islands of uncertainty with loose interactions between them. The overall
approach can be understood as mapping a POMDP into a synthesized MDP whose states consist of goal-dependent
features. Effective MDPs may grow polynomially instead of exponentially with the number of variables. In addition,
such MDPs can be both compact and complete, having the same solutions as the POMDP, as far as it has low width,
a task-oriented measure of the degree of entanglement of the dependencies between latent variables [55; 1]. Such
7 This
8 This

is a consequence of the full-observability assumption.
setting can address single-player imperfect-information games, such as Solitaire, although that problem is out of scope [9].
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features keep a compact summary of the observations, starting from the hidden and observable variables at the initial
state.
Learning such a decoupled representation may sound as costly as learning a latent probabilistic distribution,
but our focus should prevent us from paying such a cost. First, we assume that the latent structure has loose
dependency. Second, even if the environment is very complex, achieving the goal may not need a complete model of
the environment. Neither of these statements are true in situations where the imperfect information is very entangled,
as in Poker.
Some ideas may come from tractable deep graphical models [41; 74]. Other relevant work avoids a single point
value estimate for the complete information case using a fixed-size distributional representation [7; 19]9 . In general,
this setting also calls for new forms of regularization for learning disentangled representations that are not only
decomposable but have sparse dependency [72; 14].

4

Further Interests: Natural Language and Multiagent Settings

I am also interested in obtaining controllers for multiagent settings on the emergence of coordination under very
low bandwidth for communication [47]. My main intuition is that most coordination relies on the simulation of the
other agents and assumptions about their goals. At the same time, emerging coordination generates new questions
regarding the emergence of language between bounded intelligent agents [40; 18; 50; 24; 46; 32].
I became interested in natural language during my recent experience as an industrial researcher. I am attracted
to Natural Language Understanding (NLU) and goal-oriented dialogue. Although it is not usually presented in this
way, I find both problems to be very close to acting under incomplete information with deterministic actions. For
example, smooth recovery in front of a confusing situation is a major practical issue in dialogue. I am also interested
in machine comprehension [60], especially in making a bridge between language in concrete domains and general
language, a challenge I faced while working in domain-specific Question Answering with little data. This can be seen
as a generalization from usual NLU task. Instead of mapping into a fixed domain-dependent interpretation, we can
project the meaning of utterances into a restricted domain. This projection is a case of natural language inference
and is related to embedding-based semantics [15; 23].

9 This

is related to sample-based approaches built on top of my work [16].
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MODEL-BASED PLANNING CONTRIBUTIONS

A

Model-based Planning Contributions

This is a summary of my past contributions to model-based planning. My past work can be framed under modelbased AI, characterized by the formal definition of the input and output in terms of semantics [26]. Model-based AI
is agnostic about the actual technique for creating solver mapping input to output. In the case of planning, a solver
receives a complete model and returns a controller called a plan, whose execution achieves the goal [27].
My main contributions regard solving rich model-based planning problems by translating them into simpler
forms of planning. Thus, my work has been about models and algorithms as well as relationships between them,
reductions, and translations. Moreover, I have leveraged whole bodies of research and software tools by relying on
other AI models.

A.1

Full Observability and Deterministic Actions: Classical Planning

The simplest model-based setting is called classical planning, where there is an initial fully observable state, actions
are deterministic, and the goal is a partial variable assignment. Classical planning is equivalent to a factored MDP
but with deterministic actions. A classical plan is a sequence of actions that maps from the initial state into a goal
state. I have used combinatorial optimization to develop a classical planner [53], but I have mainly used classical
planning tools for more expressive settings.

A.2

Partial Observability by Translations into Full Observability

Models for planning with partial observability represent uncertainty in one of the following two ways: a probability
distribution over the possible states (e.g., POMDPs) or a set of possible states (called contingent planning). The
two are closely related when policies are supposed to reach a goal with certainty.
My PhD thesis focused on conformant planning, that is the problem of computing a linear sequential plan that
achieves a goal with total certainty but without using observations. While MDPs represent one extreme in the
spectrum of planning with partial observability, full-state observability, conformant planning represents the other
extreme as observations, if any, cannot be used for bifurcating. Policies for both MDP and conformant problems are
simpler to express than policies for POMDPs. Conformant planning focuses on the fundamental problem of tracking
a sufficient amount of information about the current state to realize that the goal has been achieved. In more realistic
settings where observations are allowed, robust agents still need to explore possibilities or apply actions without fully
knowing the state.
The main contribution of my dissertation was translating the problem of obtaining a conformant plan into the
problem of obtaining a classical plan, compiling away the uncertainty. I developed tractability conditions that avoid
an exponential translation if the conformant width –introduced in my work– was bounded [55]. This allows me to
create a planner that proved, at running time, that most benchmarks only needed translations with a quadratic
increase in size. This theoretical property helped me win the conformant track of the 5th International Planning
Competition based on a number of problems solved under time and memory restrictions [28].
For partial observability, we leveraged the conformant translations to develop algorithms for offline planning and
online action selection [1]. We introduced the notion of contingent width for characterizing cases where polynomialsize translations were complete. The approach required two translations, one into classical planning and another one
into a nonprobabilistic MDP where nondeterministic actions account for the possible observation results. Follow-up
work built based on this research includes sample-based translations for contingent planning and factored online
belief tracking for POMDPs [16; 10; 11].

A.3

Non-Deterministic/Probabilistic actions

We introduced two algorithms for nondeterministic actions in conformant planning [2]. One relied on replanning when
a nondeterministic effect appeared, as we did for partial observability, and the other was an incomplete translation
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that does not need to plan again [1].
An algorithm for probabilistic conformant planning was introduced [33], leveraging my work of conformant planning using logical circuits [56; 21]. In this case, the task is to achieve the goal with a probability over a threshold,
relying on probabilistic actions. Compilation into logical circuits is an important technique inference in discrete
Bayesian networks [20].

A.4

Temporal Concurrent Planning

When actions have duration, concurrency can be a problem to avoid or a way to achieve a goal. We introduced
translations from temporal planning into classical planning with cost, using features to represent the concurrent
aspects of the problem [36; 25]

A.5

Generalizing Finite-state Controllers

For partial observability, we developed an algorithm that creates memoryless or finite-state controllers and demonstrated its scalability to unseen instances within a family of problems [13]. The mechanism is also able to create
controllers for fully observable problems, as far as they provided observation tokens for grounding the states of the
controller. The algorithm was based on former translations from planning into propositional logic and SAT [39; 54].
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