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This document contains notes | took during the events | managed to make it to at ICML, in Long
Beach, CA, USA. Please feel free to distribute it and shoot me an email atlavid abel@brown.edu
if you nd any typos or other items that need correcting.
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Conference Highlights

| spent most of my time at the RL sessions this round (and sadly missed all of the keynotes), so
most of my re ections (and notes) are concentrated on RL:

1.

»

Lots of great work on o -policy evaluation and o -policy learning (see, for instance, work
by Hanna et al. [35], Le et al. [49], Fujimoto et al. [26], Gottesman et al. [32], and talks in
Section 6.3). These problem settings are really important, as | (and many others) anticipate
RL applications will come along with loads of data from sub-optimal policies.

Exploration was a hot topic again, and rightfully so (see work by Mavrin et al. [57], Fatemi
et al. [25], Hazan et al. [37], Shani et al. [76]). Along with o -policy evaluation (and a few
others), it's one of the foundational problems in RL that we're in a good position to make
serious progress on at the moment.

Some really nice work continuing to clarify distributional RL [10] (see work by [74, 57, 67]).

The Al for climate change workshop on Friday was fantastic and extremely well attended
(standing room only for the talks | was there for). I've said this after previous conferences,
but: as we all know, there are profoundly important problems, and the tools of ML can be
extremely e ective in their current form.

| really think we need to standardize evaluation in RL. Not that we only need a single method
for doing so, or a single domain, but at the moment there is far too much variance in evaluation
protocols.

. Loved the panel at the RL for real life workshop (see Section 6.2.1)



2 Monday June 10th: Tutorials

It begins! | arrived for the second half of the PAC-Bayes tutorial.

2.1 Tutorial: PAC-Bayes Theory (Part 1)

The speakers are Benjamin Guedi and John Shawe-Taylor.

Part | Recap: Shawe-Taylor and Williamson [77] carried out PAC [86] analysis of Bayesian esti-
mators (also see Figure 1. Shortly after, McAllester [58] presented the rstPAC-Bayesian bound:

Theorem 1. (McAllester [58]) For any prior P, 2 (0;1], we have:
0 S 1

. zpm
Pr@8gan 1 Rout(Q)  Rin(Q) + DL (Q1i 2Pr31)+|n im

1 (1)

where H is the hypothesis spacem is the number of samplesRqy; is the risk of a hypothesis on
the test data, Rj, (h) is the risk of the hypothesis on the training dataP is the prior, and Q is the
posterior.

PAC-Bayes: a exible learning theoretic framework! Tight connections to regression, linear classi-
cation & SVMs, transductive learning, uses in RL [24], and more.

Figure 1: Di erences in Bayes and PAC-Bayes

2.1.1 PAC-Bayes Theory

Q: How can PAC-Bayes drive learning?

A: First, recall:
Rout(Q) Rin (Q) +F (Q)a (2)

Or:
Error on unseen data Error on sample + complexity term: 3)
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This de nes a principle strategy for obtaining new algorithms:

h Q (4)
Q 2 arginfy pfRn(Q)+ F(Q)g: (5)

Presents an optimization problem: can be solved or approximated to nd good solutions!

PAC-Bayes interpretation of celebrated algorithms:

SVM with a sigmoid loss and KL-regularized Adaboost can be reinterpreted as minimizer of
PAC-Bayesian bounds [5].

Also, the minimizer of:

Rin(Q)+ =

is the celebrated Gibbs posterior:

Q (h)/ exp( Rin(h)POh);  8nan:

When ! O, we get a at posterior, and as !1 , we get Dirac mass on expected risk
minimization (ERMs).
Theorem 2. Z Z
log exp dP = sup dQ Dk (Qjj P)
Q P

Proof. First require variational de nition of KL-Divergence [18]

N dQdP
D (QjiG)= g 2ot dQ ©
Z Z
= Dk (QjiP)+ dp log expdP: )
Note that KL > 0, Q! Dk (Qjj P) reaches its max inQ = G. Thus, taking = R :
Q (h)/ exp( Rin(h)P(h); 8non: O

Q: What about non-i.i.d. data?

A: Sure! Let's drop the i.i.d. and bounded loss assumptions. First, need moments:

De nition 1 (Moment): The p-th moment of a distribution is given by:
z
Mp:=  E[Rin(h) Rou(h)jPldP(h):

Also make use off -divergences, a generalization of the KL-Divergence.



Theorem 3. Let ,:x 7! xP. Fix p> 1,9= pil and 2 (0;1). W/ probability at least 1, for

any distr. Q:
1=q

Rout(Q Rn(Qi (M9 (D, ,(Q;P)+1) ™

Takeaway: we can bound generalization error using the -divergence O | , and moment (Mg).
Proof strategy requires: 1) Jensen's inequality, 2) change of measure, 3) Holder's inequality, and
4) Markov's inequality.

Oracle Bounds; Catoni [13] derived PAC-Bayesian bounds for the Gibbs posterior.

2.1.2 PAC-Bayes and Task Awareness

Note: PAC-Bayesian bounds express a trade-o between empirical accuracy and a measure of com-
plexity.

Q: So, how can we improve the bounds we get? How do we choose the right prior distribution so
that we can 1) control complexity, and 2) ensure good performance?

I So: can we choose a \better' prior? (without looking at the test data itself?)
Main ldea: use part of the data to learn how to choose a prior.

Can use PAC-Bayes in SVMs:

Assume prior and poster are spherical Gaussians (w/ prior centered at origin, posterior cen-
tered at a scaling of unit SVM weight vector).

Implies that KL term in generalization error bound is 2=2 (see Theorem 1).

Can compute stochastic error of posterior distribution behaves like a soft margin, scaling
trades between margin loss and KL.

Bound holds for all , so choose to optimize the bound.
Q: But how do we learn the prior for SVMs?

Bound depends on distance between prior and posterior

Better prior means tighter bound

Idea: learn prior P with part of the data.

Introduce learnt prior in the bound.

Computer stochastic error with remaining data: PrPAC.

Can go a step further: 1) scaling the prior in the chosen direction -PrPAC, or 2) Adapt
SVM to optimize the new bound:  Prior SVM.



Figure 2: Results from applying di erent PAC-Bayes prior selection methods to experiments.

Results from the above methods for tightening the bounds: see Figure 2.

Takeaways from results:
1. Bounds are remarkably tight!
2. Model-selection via these new bounds ias goodas 10-fold cross validation.

3. Best bounds don't necessarily translate into best model selection.
I We're not completely capturing the right thing (but de nitely some of the right thing).

Next up: distribution-de ned priors:

Consider P and Q are Gibbs-Boltzmann distributions:

P (M= yexn( Rou(h) Q (h)= S exp( Rin(h):

These distributions hard to work with since we can't apply it to a single weight vector.

From Catoni [13], we can show:

P

Di (Rin(Q )i Rau(Q ) "= ="+ 2=am ;

where ~ ignores log terms on the right hand side (Dave: my (awful) construction for abbre-

viation, not theirs).

On stability:
If A has sensitivity at sample sizem, then generalization error can be bounded [11].

Q: Algorithm output is highly concentrated, does that imply stronger results?

I Yes! We can derive (tighter) bounds that depend on KL between a distributionally sensitive

prior and a well chosen posterior.
Open area! Lots of room to explore a new kind of generalization error analysis.
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(a) Classical view of Over tting (b) New Paradigm?

Figure 3: Classical view of over tting (left), and a new proposal for why deep nets might be avoiding
over tting (right), from Belkin et al. [9].

A nal case study: Can we use any of this to analyze deep neural networks?
Q: Is deep learning breaking the statistical paradigm we know?

I Neural nets trained on massive data sets achieveero training error, which does not bode well
for their performance. Yet! They tend to achieve remarkably low error on test sets, too.

Idea: Perhaps we can use PAC-Bayes to explain this phenomena.

Dziugaite and Roy [22] derived extremely tight deep learning generalization error bounds in this
way;

Based on training to expand the \basin of attraction"
Hence, not measuring good generalization afiormal training

Q: How much information is contained in the training set?

Al: Achille and Soatto [1] studied the amount of information stored in the weights of deep net-
works. Over tting might be related to information being stored in weights that encode training
set, as opposed to the data generation distribution.

A2: Information bottleneck criterion [] might control this information, and could lead to a tighter
PAC-Bayes bound.

Conclusions:
PAC-Bayes arises from two elds: 1) statistical learning theory, and 2) Bayesian Learning.

Generalizes both elds and points to promising directions.
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PAC-Bayes theory can be an inspiration toward new theoretical analysis, but also drive algo-
rithm design (especially when theory has proven di cult).

2.2 Tutorial: Meta-Learning

The speakers are Chelsea Finn and Sergey Levine.
Motivation:  Learn from small amounts of data.

I Recent advancementghrive in large diverse data sets in the sense that it allows for broad gen-
eralization) (see: BERT, AlexNet)

I Existing approaches require huge data sets. But, some questions:
1. What if we don't have a large data set?
2. What if we want a general purpose Al system in the world?
3. What if our data has a long tail?

Point: these settings start to break the standard supervised learning setting.

Example: few shot learning with painting, people (the audience) was able to \generalize" to guess
the painter of a new painting.

Q: How do we accomplish this?

A: Well, previous experience! We weren't really doing this based on no prior experiences. We have
encountered similar questions/tasks/images before.

Q: How might we get a machine to accomplish this task?

A: Well, we might encode structure via: f modeling image formation, geometry, task-speci c fea-
tures, hyperparameter choicg, and so on

Main Point:  Can we explicitly learn priors from previous experience that lead to e cient
downstream learning?

Outline:
Problem statement
Meta-Learning Algorithms
Meta-Learning Applications

Meta-Reinforcement Learning

10



2.2.1 Two Ways to View Meta-Learning

Q: How do we formulate the meta-learning problem?

Al: Mechanistic view! A model reads in an entire data set and makes predictions for new data-
points. Training this network uses a \meta"-dataset which itself consists of many datasets.

A2. Probabilistic view: extract prior info from a set of (meta-training) tasks that allows e cient
learning of tasks. Learning a new task uses this prior training set to infer most likely posterior
parameters.

I Al is more convenient for implementation, A2 is more convenient for understanding.

De nition 2  (Supervised Learning): Find the parameters given dataD:

argmaxPr( jD);

argmaxlogPr(D j )+Pr( ):

De nition 3  (Meta-Learning): Find the parameters that enables us to quickly solve new
tasks, given a bunch of datasetB meta-train -
z

argmaxlog Pr( j D; D meta-train ) =argmax log  Pr( jD; )Pr( j Dmeta-train ):

That is, we assume are the su cient statistics for

Hard to perform this decomposition in general: usually take a Maximum A Posteriori (MAP) ap-
proach.

Goal of Meta-Learning: Find an appropriate set of parameters , that are maximially probable
given the meta-datasets. So:

= argmax log Pr( j Dmeta-train )

Notably, Dmeta-train  Might consist of di erent tasks (with related structure).

Example: Want to classify new data sets. First, do meta learning;

=argmax log Pr( j Dmeta-train ):
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