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Part I: Curiosity

“One of the striking differences between current reinforcement learning
algorithms and early human learning is that animals and infants appear to
explore their environments with autonomous purpose, in a manner appropriate
to their current level of skills.”

ALT 2011, invited talk by Peter

Modeling Curiosity (ALW model)
• Controlled process
• Stochasticity: Makes things more interesting/realistic
• Countably many states, they are observed
– Simplifying assumption
– Hope: some of the principles/algorithms transfer to the general case
– You have to start somewhere

• Reset to an initial state
– Necessary
– Engineer the environment to make this happen (robot moms!)

• Goal: Extend the set of reliably reachable states as quickly as
possible

Performance metric
• # Reliably reachable states/time
• Fix an arbitrary partial order, ≺, on states
– Not known to learner..

• Fix 𝐿 > 0. Define 𝒮'≺ as follows:

– 𝑠) ∈ 𝒮'≺
– 𝑠 ∈ 𝒮'≺ if ∃𝜋 on {𝑠 . ≺ 𝑠: 𝑠 . ∈ 𝒮'≺ } s.t. 𝜏 𝑠 𝜋 ≤ 𝐿

• Define: 𝒮'→ =∪≺ 𝒮'≺ .
• Note: Simpler definitions don’t work (counterexamples).
• Prop: ∃≺ s.t. 𝒮'→ = 𝒮'≺ and 𝒮'→ is finite.

UCBExplore

Known states

1. Discover
2. Propose
3. Verify
Lim and Auer (COLT 2012)

Main result

Anytime, continual learning version:

Lim and Auer (COLT 2012)

Nonstationarity

w. Auer, Gajane,Ortner (2019)

Performance metric
• 𝐹: number of times the transition probabilities change
– (t=1: always a change)

• 𝑊(𝐿) time steps to find all 𝐿-reachable states in a single MCP
⇒ 𝐹 𝑊(𝐿) time steps when there are 𝐹 changes
• Classification of time steps: Alg has correct knowledge of what
is reachable; or not. Alg is competent vs incompetent
• Goal: Minimize the # time steps when Alg is incompetent
• Difficulty: The location and number of changes is unknown

Main ideas
• Two phases:
– Build set of reachable states 𝒦 (UCBExplore)
– Repeat: Check for new reachable states (UCBExplore) or
disappearing states (as in verification phase of
UCBExplore) – break out when UCBExplore often takes too
long compared to predicted runtime
• Checking starts when building is done
• Issues with building:
– How can the alg know whether a change happened while building?
E.g. new state was found reachable. Before change, after change?

• Solution: Staggered start of many parallel building processes.
Quit building when any of the processes finishes.

w. Auer, Gajane,Ortner (2019)

Result
• Theorem: Up to lower order terms and log factors, the total
number of steps when the alg is incompetent is at most
𝑊 𝐿 𝐹 = irrespective of when the changes happen.
• Questions:
– Is 𝑊 𝐿 cost necessary without changes?
– Is the quadratic dependence above necessary?
– Nontabular?

w. Auer, Gajane,Ortner (2019)

Part II: Unobserved rewards
• RL: rewards are always observed
– internally computed
– externally provided

• Is this reasonable?
• Is the environment state observable?
• What happens when rewards are not observable?
• Consequences for:
– Planning
– Learning ⇒ exploration; which will need planning!

• Bandits: MPDs w. iid state
• Partial monitoring: POMPDBC w. iid state
w. Tor Lattimore (2019)

Interacting
user

User happy
(unobserved)

Show webpage
(agent’s choice)

User clicks
(observed)

Environment,
𝑋

Loss ℒ(𝐴, 𝑋)
(unobserved)

Action, 𝐴

Observation:
𝑂 = Φ(𝐴, 𝑋)

Partial Monitoring
Learner is given maps ℒ, Φ
For rounds 𝑡 = 1,2, … , 𝑛:
1.

Environment choose𝑠 𝑋Q ∈ 𝒳

2.

Learner chooses 𝐴Q ∈ 𝒜

3.

Learners suffers loss ℒ(𝐴Q , 𝑋Q ) – which remains hidden!

4.

Learner observes feedback Φ 𝐴Q , 𝑋Q
Regret: 𝑅K = max ∑KQTU ℒ 𝐴Q , 𝑋Q − ℒ(𝑎, 𝑋Q )
O

[Rustichini, 1999]

Why great?
• Informal examples of PM problems:
–
–
–
–

Dynamic pricing
Altruistic agents
Statistical testing (balancing power and cost)
Delayed rewards/surrogates

• Subsumes classic frameworks:
–
–
–
–
–
–

finite-armed bandits
prediction with expert advice
bandits with graph feedback
linear bandits
dueling bandits
…
15

Partial Monitoring –
Classification Theorem
Theorem: Let 𝒜, 𝒳 be finite. Let 𝑅K∗ 𝐺 be the minimax regret
on PM problem G = (ℒ, Φ). Then:
0
𝑅K∗

Θ 𝑛
𝐺 =
Θ(𝑛=/q )
Ω(𝑛)

if 𝐺 has no nb actions
if 𝐺 is L. O. and has nb actions
if 𝐺 is G. O. but not L. O.
otherwise

[Cesa-Bianchi, Lugosi, Stoltz, 2006; Bartók, Pál, Sz., 2011; Foster
and Rakhlin, 2012; Antos, Bartók, Pál and Sz., 2013; Bartók, Foster,
Pál, Rakhlin, Sz., 2014; Lattimore and Sz., 2019a].

Algorithms?
• Classical approaches fail in partial monitoring
– Optimism/Thompson-sampling/exponential weights

• Complicated algorithms exist; none are good!

Exploration by Optimisation

Theory
•
•
•
•

Single algorithm works in all ‘learnable’ finite games
Near-optimal for bandits, full information, graph feedback
Best known bounds in general case
Essentially no tuning; learning rate tuned online

Experiments

Experiments

Conlusions/Future plans
• It is sometimes good to be ambitious!
• More experiments needed
• How to solve the optimization problem? It is convex! But cost
is not 𝑂(𝑘) ..
• What happens when 𝒳 is large or infinite?
• Generalizations?
– Add state/context! Use “explore by optimization” beyond PM?

• Find more applications?

Part III: RL & generalization
•
•
•

•

The world is big
Need approximate
models
Minimal
assumptions to
make RL + Gen
work?
policy error
=f(approximation
error of “model”)

3 results:
Generative model access/planning by solving a reduced order model
Model-based RL: factored linear models – a convenient model class
Model-free RL

LRA: Linearly Relaxed ALP
minŠ
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𝑐 x Φ𝑟

𝑐 ≥ 0, 1x 𝑐 = 1
𝑊O ∈ 0, ∞ z×| , 𝜓 ∈ 0, ∞ z
𝐽 𝑠
𝐽 •,€ = max
• 𝜓 𝑠
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∗
𝐽ŽŒ’
𝑠 = min { 𝑟 x 𝜙 𝑠 ∶ Φ𝑟 ≥ 𝐽∗ , 𝑟 ∈ ℝ– }
𝑠 = min { 𝑟 x 𝜙 𝑠 ∶ 𝑊 x 𝐸 Φ𝑟 ≥ 𝑊 x 𝐸 𝐽∗ , 𝑟 ∈ ℝ– }

Model-based RL

Good? Bad?
Bonus question: Can ‖𝑉 ∗ − 𝑉 š› ‖ be controlled via controlling ‖𝑉œ − 𝑉 ∗ ‖?
Can we do better? Perhaps using extra structure?

w. Bernardo ÁVILA PIRES COLT 2016

Structure: Factored linear models
𝒫 𝑑𝑥 . 𝑥, 𝑎 ≈ 𝜉 𝑑𝑥′ x 𝜓(𝑥, 𝑎)
𝒫: VFUN → AVFUN

𝒫𝑉 𝑥, 𝑎 = ∫ 𝑉 𝑥 . 𝒫(𝑑𝑥 . |𝑥, 𝑎)

ℛ: VFUN → ℝ¦

ℛ𝑉 = ∫ 𝑉 𝑥 . 𝜉 𝑑𝑥 . (= 𝑤) ∈ ℝ¦

𝒬: ℝ¦ → AVFUN

(𝒬𝑤)(𝑥, 𝑎) = 𝑤 x 𝜓(𝑥, 𝑎)

𝒫 ≈ 𝒬ℛ

Legend:
𝒱 = VFUN
ℐ
𝒲 = ℝ = CVFUN
𝒱 𝒜 = AVFUN

Special cases:
• Tabular
• Linear MDP
• KME
• Stoch. Fact.
• KBRL
• ..
w. Bernardo ÁVILA PIRES COLT 2016/semi/linear/PhD Th.

Policy error in factored linear models

𝑈 ∗ = 𝑀𝑇𝒬 𝑢∗
𝑢 ∗ = 𝑀 . 𝑇ℛ 𝒜 𝒬 𝑢 ∗
𝜋¶ = 𝐺𝑇𝒬 𝑢∗

Questions:
• Is the bound tight?
• Time/action abstraction?
• Efficient learning? What specific
models to use?
w. Bernardo ÁVILA PIRES COLT 2016/semi/linear/PhD Th.

Online, model-free RL w. neural nets
• Continuing RL; 𝑅·¸ : pseudo regret; let 𝑄Q ≔ 𝑄š º .
• Key identity:

¸

𝑅·¸ = » 𝜈š∗ (𝑥) » 𝑄Q 𝑥,⋅ , 𝜋
½

Q

− ⟨𝑄Q 𝑥,⋅ , 𝜋 ∗ ⋅ 𝑥 ⟩

⋅ 𝑥

QTU

• Then..
𝑄Q 𝑥,⋅ , 𝜋 Q ⋅ 𝑥 − 𝑄Q 𝑥,⋅ , 𝜋 ∗ ⋅ 𝑥 =
𝑄ÁQ 𝑥,⋅ , 𝜋 Q ⋅ 𝑥 − 𝑄ÁQ 𝑥,⋅ , 𝜋 ∗ ⋅ 𝑥
+ 𝑄Q 𝑥,⋅ , 𝜋 Q ⋅ 𝑥 − 𝑄ÁQ 𝑥,⋅ , 𝜋 Q ⋅ 𝑥
+ 𝑄ÁQ 𝑥,⋅ , 𝜋 ∗ ⋅ 𝑥 − ⟨𝑄Q 𝑥,⋅ , 𝜋 ∗ ⋅ 𝑥 ⟩

⇒ Control w. OLP
⇒ A: 𝐿U (𝜈š∗ ⊗ 𝜋 Q )
⇒ A: 𝐿U (𝜈š∗ ⊗ 𝜋 ∗ )

w. N. Lazic, Y. Abbasi-Yadkori, G. Weisz, ICML’19 + arXiv

Politex

w. N. Lazic, Y. Abbasi-Yadkori, G. Weisz, ICML’19 + arXiv

Regret bounds
Theorem
Assume that for any policy 𝜋, after following 𝜋 for 𝑛 steps, a blackbox function approximator produces an action-value function
whose error is 𝜖) + 1/ 𝑛 up to some universal constant.
Ä

BÅ

Then the average pseudo-regret of Politex after 𝑇 steps is 𝜖) + 𝑇 .

w. N. Lazic, Y. Abbasi-Yadkori, G. Weisz, ICML’19 + arXiv

Refinements
• Problem: How to get the 𝜖) +

U
K

error?

– E.g. linear VFA? LSPE! 𝜖) : limiting error of LSPE could be ≫ best error.

• Refinement 1:
– Use on-policy state value function-approximator
– add extra action-dithering per state
– assume all policies excite state-features

• Refinement 2:
–
–
–
–

Assume access to an “exploration policy” that excites features
Interleave exploration steps with policy steps
Use off-policy(!) VFA (which one?)
⇒ Regret degrades a bit

• Questions:
– Can we do better with other OL methods? Is averaging really necessary?
– Better value-function learners?

w. N. Lazic, Y. Abbasi-Yadkori, G. Weisz, ICML’19 + arXiv

Summary

