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This document contains notes I took during the events I managed to make it to at (my first)
ICLR, in New Orleans, LA, USA. Please feel free to distribute it and shoot me an email at
david_abel@brown.edu if you find any typos or other items that need correcting.

1 Conference Highlights

Sadly, I missed more talks than normal this conference (and had to fly out a bit early so I missed
a good chunk of Thursday). Some highlights:

� Lots of continued discussion following the recent wave of conversations around Rich Sutton’s
bitter lesson1. The debate held at the main conference track (see Section 4.4) and the panel
at the SPiRL workshop2 (see Section 2.2.11) featured lots of insights about the topic – highly
recommended to check them out!

� The SPiRL workshop was outstanding. The speaker lineup, contributed talks, and panel were
all exceptional (see Section 2.2). A huge thanks to the organizers for putting on such a great
event.

� Hot topics: 1) Meta learning is very popular (particularly meta RL), and 2) Graph neural
networks.

� Favorite talks: I loved the keynotes! I didn’t make it to all of them but the ones I did catch
were all fantastic. Definitely check out Prof. Zeynep Tufekci’s amazing talk if you can find a
video (my summary is in Section 4.3). If I happen to find a recording I’ll link it here.

� Some really nice papers in learning abstraction/hierarchies in RL: 1) “Near-Optimal Represen-
tation Learning for Hierarchical Reinforcement Learning” by Nachum et al. [30]; 2) “Learning
Multi-Level Hierarchies with Hindsight” by Levy et al. [26]; and 3) “Learning Finite State
Representations of Recurrent Policy Networks’ by Koul et al. [23].

� A small thing, but I *loved* how large the poster were allowed to be (something like 1.5
meters (5 feet) wide). Encouraged some great designs and easy viewing for the onlookers,
even from a distance.

1http://incompleteideas.net/IncIdeas/BitterLesson.html
2http://spirl.info
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2 Monday May 6th: Workshops

The conference begins! Today we have a few keynotes and the workshops.

2.1 Keynote: Cynthia Dwork on Recent Developments in Algorithmic Fairness

The field (of algorithmic fairness) began around 2010, but today we’ll talk about brand new devel-
opments.

2.1.1 Algorithmic Fairness

Point 1: Algorithms are unfair, data are unrepresentative, labels can embody bias.

Point 2: Algorithms can have life altering consequences.

� Mortgage terms.

� Detention/release.

� Medical assessments and care.

� Deciding if a child is removed or not from a home.

! Lots of papers that say: “we’re shocked by these examples of algorithmic bias!”. But now we’re
in a position to do something about it.

Algorithmic Fairness:

1. Natural desiderata of fairness conflict with each other

2. One piece of an unfair world. Deployment can be unfair, too

Goal: Develop a theory of algorithmic fairness. Two groups of fairness definitions:

1. Group fairness

2. Individual fairness

Definition 1 (Group Fairness): Statistical requirements about the relative treatment of two
disjoint groups.

Example of group fairness: demographics of students accepted to a college should be equal. Or,
balance for positive/negative class.

Definition 2 (Individual Fairness): People who are similar with respect to a given classi�cation
task should be treated similarly
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! Comes from a strong legal foundation.

Problems:

� Group notions fail under scrutiny

� Individual fairness requires a task specific metric.

! Paucity of work on individual fairness because we need such specific metrics.

2.1.2 Approaches to Fairness

Metric Learning for Algorithmic Fairness:

� Adjudicator has an intuitive mapping from high dimensional feature vector (X) to the im-
portant aspects of the problem (Z).

� Relative queries are easy (which of A and B is closer to C?)

� Absolute queries are hard (what is d(A;B)?) ! Idea: turn to learning theory.

� Three insights in trying to answer above absolute queries:

1. Distance from a single representative element produce useful approximations to the true
metric.

2. Parallax can be achieved by aggregating approximations obtained from a small number
of representatives.

3. Can generalize to unseen elements.

� See also: Bridging the Group vs Individual Gap [16, 21]:

2.1.3 Hybrid Group/Individual Fairness Approaches

Consider individual probabilities: 1) what is the probability that P will repay a loan? 2) What is
the probability that a tumor will metastasize?, and so on.

! One concern: these events will just happen once. How should we think about these in terms of
giving medical/legal recommendations? How can we justify the answer?

Philip Dawid wrote a recent survey of individual fairness definitions [7].

One idea: calibration. Consider forecasting the weather. When we say 30% chance of rain, we
mean that 30% of the days we predict 30% rain will rain, and 70% will not.

The Tumor Example: Expectations are obtained from binary outcome data.
! Study A says 40% chance of a tumor, and Study B says 70% (but not training data/context,
just the studies output).

So, given C = fS1; S2g, consider the venn diagram formed by the recommendation of the two
studies. We can choose values for elements P = S1 S2, Q = S1 \ S2, and R = S2 S1, that retain
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the given expectations. This can help us clarify the appropriate decision.

But: many multi-accurate solutions. If, however, we had ensured calibration, we can narrow down
the expectation to something accurate.

The Loan Example:

� Intersecting demographic/ethnic/age/gender/etc/ groups.

� Minimally: policies consistent with expected repayment rates for each group.

Q: Who decides which groups should be prioritized? The culturally dominant? The oppressed?
How do we set our scoring function? Really hard question [19]

A: Let’s turn to complexity theory!
! All groups identifiable by small circuits acting on the given data.

Conjecture 2.1. Captures all historically disadvantaged groups S.

Multi-accuracy and multi-calibration: we can do it!

� Multi-Accuracy: Complexity of creating the scoring function depends on hardness of (agnos-
tic) learning of C, but function is efficient.

� Multi-calibration: f is calibrated on each set S 2 C simultaneously, accurate in expectation.

Problem: The Devil is in the collection of C.

! We hope we capture task specific semantically significant differences.

Q: What are the sources of information available to child protective services and call screening?

2.1.4 Fair Ranking

Q: Why?

A1: Ranking is crucial to many endeavors: the heart of triage, underlying impetus for scoring, rank
translates to policies or to scores in clinical trials.

A2: Thinking about ranking can help us in thinking about a scoring function more generally.

Idea: Let’s think about fair ranking from the cryptographic perspective.

Rank Unfairness:

� Suppose we have two groups of people: A and B.

� Suppose E[A] > E[B].

� But! It’s silly to then rank everyone in A above everyone in B.
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Take a cryptographic/complexity theoretic approach to address this problem!
! If positive and negative examples are computationally indistinguishable, the best one can do is
assign to everyone a probability according to the base rate.

2.1.5 Approaches from Representation Learning

Idea: Learn a \fair" representation (in group fairness).

� Stamps out sensitive information (\censoring")

� Retains su�cient information to permit standard training.

Goal: learn a censored mapping to a lower dimensional spaceZ [10].

� Encoder tries to hide membership bit, permit prediction on Z .

� Decoder tries to reconstructx from z = Enc(x)

� Adversary (A) tries to distinguish Enc(x 2 S) from Enc(x 2 Sc).

! Approach by Madras et al. [28] tie this objective to scoring, show that transfer is possible.

Figure 1: The cryptographic setup for learning fair representations.

The Harvard-Stanford Problem: Suppose you're at Stanford, and you build an algorithm for
detecting tumors that works really well. Suppose someone else is at Harvard and does the same.

! Claim: the algorithms wont work across the populations due to di�erences in the groups and in
the lab settings.

Goal, then, is to �nd a way to identify di�erences/similarities across populations so that these
methods can be transferred across populations.
Approach:

� Choosey � Bernoulli (base rate)

� Choosex � N (�; �)

� Retain x if Bernoulli (� (f 1; s1)) = f 26i (x2) = y.

Summary:
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� A fair algorithm is only one piece of an unfair world

� Multiple kinds of fairness: group, individual, Multi-X.

� Breakthrough in metric learning for individual fairness

� Individual probabilities are hard to understand, but we can learn from fairness methods to
improve their use.

� Censored representations and out-of-distribution generalization.

Now o� to the Structure and Priors in Reinforcement Learning workshop!

2.2 SPiRL Workshop

First, Pieter Abbeel on Model-based RL!

2.2.1 Pieter Abbeel on Model-Based RL from Meta RL

Few-shot RL/Learning to RL: we have a family of environments, M 1; M 2; : : : ; M n . Hope is that
when we learn from thesen environments, we can learn faster on environmentM n+1 .

Fast Learning:

max
�

EM E� M

"
nX

i =1

Ri
� M

j RLAgent �

#

: (1)

Objective is roughly the above, where we ground RLAgent� as an RNN (or some othe generic
computational architecture).

Other ways to solve this objective like Model-Agnostic Meta Learning (MAML) [11].

Point: Family of methods that let you train quickly in new environments (new R, T), given inter-
actions with prior environments.

Motivation for Simulation:

� Less expensive (can't break robot).

� Faster/more scalable.

� Easier to get lots of labels.

Q: How can we leveragecrude simulation through domain randomization?

! Think about minecraft { there's some visual structure that is useful for learning about the world,
but it's not perfect. How can we train in minecraft (or similar domains) and transfer to the world?
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A: Randomize aspects of simulations in order to make training of vision system easier. Can then
transfer these trained perceptual classi�ers to the world, and it works! (same goes for grasping)

A: Same goes for grasping { can train to grasp in simulation, then grasp real objects (with around
80% success rate).

Result: Train a hand controller (for manipulating a block in hand) in simulation, can actually
deploy it on a real robot.

De�nition 3 (Model-Free RL): Interact with the world and collect data D . Then, use this
data to inform � or Q, and use those to act.

De�nition 4 (Model-Based RL): Interact with the world and collect data D . Then, use this
data to inform a world simulator, cM , perform simulations in order to act.

Canonical model-based RL;

1. For iter = 1 ; 2; : : :

2. Collect data under current policy

3. Improve learned simulator from all past data

4. Use simulator to act and collect new data.

Problem: learned models are imperfect!

Fix: Learn a better simulator. But, this is insu�cient. Extremely hard to learn the right simulation.

! New over�tting challenge in model-based RL. Policy optimization tends to exploit regularities
in simulator, leading to catastrophic failures.

Key Idea: Don't need to learn an accurate model, just need to learn a set of models representative
of the real world (and do few-shot RL):

1. For iter = 1 ; 2; : : :

2. Collect data under current adaptive policies,� 1; : : : ; � k

3. learn ENSEMBLE of k simulators from past data.

4. meta-policy optimization over ensemble

5. new meta-policy � �

6. new adaptive policies� 1; : : : ; � k .

Experiments:
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1. MuJoCo: With about 45 minutes of real interaction with the MuJoCo environment, state-of-
the-art model-free methods can't learn, while the meta-learning approach can.

2. Robots: Similarly, can train meta model-based RL in a sample e�cient way to learn to perform
robotic grasping tasks.

! Between 10-100� more e�cient than model-free methods to get to the same asymptotic
performance.

Figure 2: Results from meta model-based RL (and a camera + person).

Challenge Question:Hierarchical RL promises to solve long horizon planning problems.

Q1: Are model-free and model-based HRL fundamentally di�erent approaches or are they the same?

Q2: Do you think there's a way to combine these two?

Pieter A: Yeah absolutely! The methods we presented do some work to combine these methods
together. For HRL it might be a bit di�erent, though. In some sense, at the high level, humans
don't do RL. We don't have enough \high level" trials to explore things like \go to conference/do
a PhD". So, the higher level is probably model-based and more planning based rather than RL.
Another thing that comes to mind is that HRL approaches seem to only have two levels. One in-
teresting direction is to generalize with more depth/levels rather than two levels. Still not obvious
where the separation between model-based/model-free methods takes place.

Q: Pros and Cons of looking for an end-to-end approach as opposed to a more modular approach
(with more intermittent structure like state estimation).

Pieter A: There's no �nal answer here { state estimation sometimes involves human provided
information, might lose the wrong data for doing control (what is state for a self driving car, for
instance?). But, some priors in this way can probably help!

2.2.2 Contributed Talk: Kate Rakelly on O� Policy RL via Context Variables

Goal: Design agents that are skilled a variety of di�erent tasks.

10



! But, training agents in new tasks is statistically/computational infeasible, so really we'd like to
exploit shared structure across tasks.

Approach (High-Level): Meta-RL to learn shared structure across related tasks.

Problems: Rapid adaptation requires e�cient exploration strategies, while meta-training requires
data from each task, exarcerbates sample ine�ciency.

Approach (Detailed View): Meta-RL via an o�-policy approach. But, raises a problem with
exploration since we no longer control the experience distribution.

\Context": task-speci�c information learned from a task ( z). Meta-training then has two pieces:

1. Learn to summarize the context into z.

2. Learn to take actions givens; z.

Algorithm: Pearl . Given a new task, main idea is to maintain a probability distribution over
which task we're in. This lets us exploit knowledge of uncertainty to adapt e�ciently to the new
task.

Experiments: four di�erent MuJoCo domains (half cheetah, humanoid, ant, walker). Rewards
and dynamics change across tasks (locomotion direction, velocity, joint parameters).
Summary:

� Pearl is the �rst o�-policy Meta-RL algorithm

� 20-100� improved sample e�ciency on the domains tested

� Posterior sampling for e�cient exploration during adaption.

Code: github.com/katerakelly/oyster

Posters now for a bit.

2.2.3 Matt Botvinick on Meta-RL: An Appreciation

Point: We need some structure to scale RL. What I have in mind is something like relational RL,
objects, graph nets, and so on.

Guiding Question: What do the algorithms that meta-RL gives rise to, do? What can't they do?

Recent survey summarizing some of the ideas Botvinick et al. [4].

! The �eld seems to have moved on from meta-RL, but I can't! Let's really understand these
algorithms.
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