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This document contains notes I took during the events I managed to make it to at AAAI in
Honolulu, Hawaii, USA, including sessions of the Doctoral Consortium. Please feel free to distribute
it and shoot me an email atdavid_abel@brown.edu if you �nd any typos or other items that need
correcting.

1 Conference Highlights

AAAI was fantastic { the invited talks o�ered impressive videos, inspiring visions of the future,
and excellent coverage of many areas, spanning game playing, learning, human-robot interaction,
data management, and exciting applications. I also enjoyed the two evening events: 1) the 20 year
roadmap for AI research in the US, and 2) the debate on the future of AI. Both events raised
compelling questions for researchers and practitioners of AI alike.

I also want to highlight the doctoral consortium (DC). This was the �rst DC I have participated in;
in short, I strongly encourage grad students to do at least one DC during their program. You will
get exposure to some fantastic work being done by peers all around the world and receive tailored
mentorship on your presentation skills, how you write, and your research objectives and methods
more generally.

AAAI really struck me as doing a great job of mixing together many sub�elds that don't often
spend as much time talking to one another { I met plenty of folks working in planning, constraint
satis�cation, automated theorem proving, AI and society, and lots of ML/RL researchers.

A �nal point that was raised at the roadmap { naturally, a huge fraction of research/industry is
concentrated on ML at the moment. But, it's important that we continue to push the frontiers
of knowledge forward across many di�erent areas. So, if you're considering going into grad school
soon, do consider pursuing other topics/areas that o�er fundamental and important questions (of
which there are many!) beyond ML.

And that's that! Let's dive in.
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2 Sunday January 27th: Doctoral Consortium

It begins! Today I'll be at the Doctoral Consortium (DC) { my goal with the notes is both to give
folks a sense of what a DC entails, and to share the exciting research of some great grad students.

2.1 Overview of the DC

I highly recommend doing a doctoral consortium at some point during grad school. I learned a huge
amount from the experience {
For those that don't know, a DC involves preparing a short abstract summarizing your work, and
giving a 10-20 minute presentation to your peers and their montors. Each student participating
is assigned a mentor (from their area) that helps with preparing your presentation and gives you
more general advice on your research.

It was a great experience! I had the pleasure of meeting many wonderful grad students and hearing
about their work.

2.2 Neeti Pokhriyal: Multi-View Learning From Disparate Sources for Poverty
Mapping

Focus: Learning from multiple disparate data sources, applied to sustainability and biometrics.

Speci�c Application: Povert mapping. Spatial representation of economic deprivations for a coun-
try. A major tool for policy planners.

Current method is a household survey, which is 1) costly, 2) time consuming, 3) only available for
small samples.

Research Goal: Get accurate, spatially detailed and diagnostic poverty maps for a country.

Lots of data available via weather, street maps, economic data, mobile phones, satellite imagery.
But! Each of these data sources are structured very di�erent.

De�nition 1 (Multi-View Learning): A style of learning takes as input separate, semantically
distinct kinds of data, and brings them together into a factorized representation for use in
predictive models.

Method: learn a Gaussian Process (GP) Regression model combined with elastic net regularia-
tion [48].

Using this model yields the map pictured in Figure 1. Then perform quantitive analysis and vali-
dates that their model is making high quality predictions by comparing to census data.

Objective 2: learn a factorized representation from multiple data sources. The hope is that we
can disentangle explanatory factors that are unique to each data source.
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Figure 1: Higher �delity poverty prediction

Sort of an EM like approach:

1. Learning Step: MAp views Y and Z to shared subspacesX i ; : : :.

2. Inference Step: Perform inference on these subspaces.

Q: Main question, then: how do we learn the shared subspace?

A: Separate data belonging to di�erent class across di�erent views is maximized, while ensuring
alignment of projects from each view to the shared space. Can be solved using a Generalized
Eigenvalue problem, or using the kernel trick.

2.3 Negar Hassanpour: Counterfactual Reasoning for Causal E�ect Estimation

Problem: Consider Mr. Smith, who has a disease and some known properties (age, BMI, etc.).
Doctor provides treatment X and observes the e�ect of treatment X (but does not get data about
the counterfactul: what would have happened if doc had applied treatment Y?).

Goal: Estimate the \Individual Treatment E�ects" (ITE) { how does treatment X compare to Y?

Datasets:

� Randomized Controlled Trial (RCT): See lots of both X and Y. But, it's expensive (lots of
trials) and unethical (giving placebos when you know the right treatment).

� Observational Study: provide the preferred treatment. But, sample selection bias.

Example: Treating heart disease, a doc prescribes surgery to younger patients and medication
to older patients. Compare survival time { but, clear bias in who gets what treatment.
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This is a really fundamental problem called \sample selection bias" { rich patients receiving ex-
pensive treatment vs. poor patients receiving cheap treatment and so on.

Overview of this work:

� Generate realistic synthetic datasets for evaluating these methods (since good data is hard
to come by)

! Take an RCT and augment it with synthetic data.

� Use representation learning to reduce sample selection bias.

! Want P r (� (x) j t = 0) � P r (� (x) j t = 1) to be similar, with � the learned representation
and t the treatment.

� Learn underlying causal mechanism with generative models.

! Learn causal relationships between treatments and outcomes by using generative models.
Can we identify the latent sources of outcome from observational dataset?

� Perform survival predictions.

! Can we predict outcomes that are censored or take place after studies end?

� Going beyond binary treatments

! Many, but not all, treatments are binary. Can we go beyond this to categorical or real
valued treatments?

� Providing a course of treatment

! Call on reinforcement learning.

2.4 Khimya Khetarpal: Learning Temporal Abstraction Across Action & Per-
ception

Q: How should an AI agent e�ciently represent, learn, and use knowledge of the world?

A: Let's use temporal abstractions!

Example: preparing breakfast. Lots of subtasks/activities involved like (high level): choose eggs,
type of toast (mid level) chop vegetables, get butter, and (low level) wrist and arm movements.

De�nition 2 (Options [37]): An option formalizes a skill/temporally extended action as a
triple: h; I; �; � i , where I � S is a initiation set, � : S ! Pr(S) is a termination probability,
and � : S ! A is a policy.
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