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Montezuma’s Revenge — Rooms Visited

Stochasticity can break performance of predictive error-based exploration, e.g. BYOL-Explore.
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Montezuma’s Revenge — Rooms Visited

Hindsight can improve performance of BY OL-Explore, esp. in high-stochasticity settings.
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Montezuma’s Revenge — Episode Score

Hindsight can improve performance of BY OL-Explore, esp. in high-stochasticity settings.
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Montezuma’s Revenge — Episode Score

Hindsight can improve performance of BY OL-Explore, esp. in high-stochasticity settings.
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Curiosity: Prioritize exploring—and learning from—what is not yet understood.
Predictive Error-based Exploration:

“understanding” := ability to predict outcomes

Dynamics Model — Outcome Prediction « Intrinsic Reward — Agent Policy

Hurdle 1: Dimensionality. Solution: Context Representations.
Hurdle 2: Stochasticity. epistemic knowledge (viz. necessary truths) « “novelty”

vs. aleatoric variation (viz. contingent facts) « “noise”
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Problem: How to explore the world when external rewards are sparse or absent?
Curiosity: Prioritize exploring—and learning from—what is not yet understood.
Predictive Error-based Exploration:

“understanding” := ability to predict outcomes

Dynamics Model — Qutcome Prediction « Intrinsic Reward — Agent Policy

Hurdle 1: Dimensionality. Solution: Context Representations.
Hurdle 2: Stochasticity. Solution: Hindsight Representations.
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pred. 7
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Motivation — Problem Formalism

Notation: states X, actions A, dynamics 7, policy .

Curiosity: Define the intrinsic reward

2
Reward (x,a,) := [EXm”XIH = xt_H”
pred. 7

The agent performs

(policy) (model)
maximize min Ex 4 [ Reward (X, A)) ]
T z G pred.

Stochastic Traps: The reward converges to the entropy!

What about... 0

Reward (x,, a,) := Divergence( (X, 11| %a)

"X, 1%, a) )
(reality)

(model)

...but how?
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Motivation — Related Work

Curiosity-driven Prediction  Prediction Measure of Random X-/A-Dep. Dynamics Representation
Exploration Method Inputs Target Learning Noise Noise  Awareness Space

AE [10] X, Ae Xit1 E‘,’i“’di“ v reconstructive
ICM [11] X, As Xe41 o v v action predictive
EMI [13] X, A Xer1 e v MI-maximizing
RND [12] X Srandom (X¢) C‘,’i“’d’“ v v random projection
Dora [16] X, A const. zero i o v v pixel space
AMA [15] X, A Xeyr  LE%_T(S0)| v v v pixel space
BYOL-Explore [14] Xy, A Xit1 Cpredict v bootstrapped
Curiosity in Hindsight T divaciads .

+ any repyresentationg Xt, Aty Zeta Xepr Lgy™ "+ Lgp™ v v v any representation

Existing methods are either tied to specific representations, susceptible to some noise,
or a significant departure from the dynamics-aware notion of curiosity.
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learning with deep predictive models. International Conference on Learning Representations,

2016.
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systems, 35, 2022.
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Motivation — Related Work

Curiosity-driven Prediction  Prediction Measure of Random X-/A-Dep. Dynamics Representation
Exploration Method Inputs Target Learning Noise Noise  Awareness Space

AE [10] X, As Xit1 Lamis v reconstructive
ICM [11] X, A Xit1 i v v action predictive
EMI [13] X, A Xer1 S v MI-maximizing
RND [12] X Jrandom (X¢) P v v random projection
Dora [16] X, As const. zero CE‘{“‘"“‘ v v pixel space
AMA [15] X, As Xip1 L‘,',’;““"“‘fTr()A]LH) v v v pixel space
BYOL-Explore [14] Xy, A Xit1 Cpredict v bootstrapped
Curlosity in Hindelghi X, Agy Ziga Hppy L0y paerise v v v any representation

+ any representation

Existing methods are either tied to specific representations, susceptible to some noise,
or a significant departure from the dynamics-aware notion of curiosity.

Curiosity in Hindsight

1. Stochasticity Types: It handles different types of stochasticities in generality.

2. Dynamics Awareness: It does not discard the curiosity-driven paradigm entirely.

3. Generality and Scalability: It is not be restrictive wrt. representations/computation.
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Example — Betting on a Hidden Coin

We take the action A, = “bet on heads”.
We observe the outcome X, | = “lost the bet”.

Two facts are clear:
1. a priori, we could not have predicted this result at all;
2. a posteriori, we may deduce the latent fact Z,_ ; = “coin landed tails”.

Knowing how the game works:
In hindsight (i.e. given Z,, ), the outcome is obvious (i.e. X, ; is identified).

Not knowing how the game works:
We wouldn’t be able to infer Z, |, nor would having it let us identify X, ;.

Curiosity:
“understanding” := ability to outcomes
reconstruct a posteriori
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1. Introduction: Curiosity-driven Exploration
2. Motivation: Stochastic Environments
3. Curiosity in Hindsight
- Structural Causal Model
- Hindsight Representations
- Optimistic Exploration
4. Practical Framework
5. Experiments
6. Future Directions
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Notation: noise variable Z, encapsulating al/ sources of unobserved stochasticity.

By construction, x,,; = f(x,, a,, z,, ;) for some deterministic function f.

Sample from Posterior
Forany Z,; ~ p(- | x, a, x,41):

fxpa,2,) = x4

T

If f needs to be learned,
its reconstruction error
can be driven to zero...!
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Curiosity in Hindsight — Structural Causal Graph

Notation: noise variable Z, encapsulating al/ sources of unobserved stochasticity.

By construction, x,,; = f(x,, a,, z,, ;) for some deterministic function f.

Sample from Posterior
Forany Z,; ~ p(- | x, a, x,41):

fxpa,2,) = x4

T

If f needs to be learned,
its reconstruction error
can be driven to zero...!

... but
how to sample
Z,.1 ~ posterior?

O
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Learn a Reconstructor f(X,A,Z,, ) and a Generator p(Z,,,|X,A, X, ).

O



Curiosity in Hindsight — Hindsight Representations

Learn a Reconstructor f(X,A,Z,,) and a Generator p(Z,,|X,A,X,,,).

mom




Curiosity in Hindsight — Hindsight Representations

Learn a Reconstructor f(X, A, Z,,) and a Generator p(Z,,,|X,A, X, ).

O



Curiosity in Hindsight — Hindsight Representations

Learn a Reconstructor f(X, A, Z,,) and a Generator p(Z,,,|X,A, X, ).

O



Curiosity in Hindsight — Hindsight Representations

Learn a Reconstructor f(X, A, Z,,) and a Generator p(Z,,|X,A,X,, ).

O



Curiosity in Hindsight — Hindsight Representations

Learn a Reconstructor f(X,A,Z,, ) and a Generator p(Z,,,|X,A, X, ).

Objective 1 (Reconstruction)

Loss (X, ay, Zo 1 Xy 1) =

recon.

~ 2
lxt+1 - [, a, Zz+1)”2

O



Curiosity in Hindsight — Hindsight Representations

Learn a Reconstructor f(X,A,Z,, ) and a Generator p(Z,,,|X,A, X, ).

Objective 1 (Reconstruction)

Loss (X, @y, 241, Xp41) 1=

recon.

~ 2
lxt+1 - [, a, Zz+1)”2

Reward (x,,a,) :=Ex_ 7 [ Loss (x,,a,, 2,11, X,11) ]
recon recon.

O



Curiosity in Hindsight — Hindsight Representations

Learn a Reconstructor f(X,A,Z,, ) and a Generator p(Z,,,|X,A, X, ).

Objective 1 (Reconstruction)

Loss (X, ay, Zo 1 Xy 1) =
recon.

~ 2
Ixt+1 - [, a, Zz+1)”2

Reward (x,,a) :=Ey_ 7 |Loss (x,a,Z,.,X,.1) ]

recon. recon.

Z,,, should capture at /east all

A aspects that are unpredictable

Gz (so we don’t reward the agent
for irreducible error).

g Xz
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Learn a Reconstructor f(X,A,Z,, ) and a Generator p(Z,,,|X,A, X, ).

Objective 2 (Invariance)

Loss (x, @, 2,,1) 1=

invar.

critic(x, @, Z;,1)

IEZ,,-+1 [log

e K1 !
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Curiosity in Hindsight — Hindsight Representations

Learn a Reconstructor f(X,A,Z,, ) and a Generator p(Z,,,|X,A, X, ).

Objective 2 (Invariance) N
positive
Loss (x, @, 2,,1) 1= sample '
invar. negative
sample

critic(x,, a,, 7, 1) |

£z, [log i = .2
= (cntlc(x,, Gy Zip1) + X, critic(x, @y, Z;_H))

O



Curiosity in Hindsight — Hindsight Representations

Learn a Reconstructor f(X,A,Z,, ) and a Generator p(Z,,,|X,A, X, ).

Objective 2 (Invariance)

positive
L(?SS (Xp Ay Zypy) = ganris negative
invar. sample
critic(x, a,, Z,, 1) |

Ez., [log T r L2
e (cntlc(x,, Gy Zepr) + Zi=1 critic(x,, a;, Zt‘_H))

Reward (x,,a) :=E; [ Loss (x,a,Z,.,) ]

invar. invar.

At+2
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Curiosity in Hindsight — Hindsight Representations

Learn a Reconstructor f(X,A,Z,, ) and a Generator p(Z,,,|X,A, X, ).

Objective 2 (Invariance) »
positive
Lossi(x a. z. 0= sample
invar. (% O 2011) negative
sample
= critic(x, @, Z,4.1) |
Zi

log 3
t+1 1 — Kl e i
= \eritic(x;, a;, 2,4.1) + Zi=1 critic(x,, a, Zf, ;)

Reward (x,,a) :=E; [ Loss (x,a,Z,.,) ]

invar. invar.

At+2 T

Z,,, should capture af most all

g X1:2 aspects that are unpredictable
(so we do reward the agent

for reducible error).
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Curiosity in Hindsight — Optimistic Exploration

Definition 1 (Curiosity)

Reward (x, a,) := [EXH]

Xt+1 — X1+1
pred.

|2
2,

The agent performs

(policy) (model)
maximize  min Ex 4 [ Reward (X, A, ]
T £ et pred.
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Curiosity in Hindsight — Optimistic Exploration

Definition 1 (Curiosity)

Reward (x, a,) := [EXm”XI o =X
pred.

|2
2,

The agent performs

(policy) (model)
maximize  min Ex 4 [ Reward (X, A, ]
T z B pred.

Definition 2 (Curiosity in Hindsight)
1
Reward (x, a,) := — Reward (x,, a,)) + lim Reward (x,, a,)

hindsight recon. K—oco invar.

The agent performs

(policy)  (model)
maximize min [Ey 4| Reward (x,, a,) ]
P pi "L hindsight

O



Curiosity in Hindsight — Optimistic Exploration
Optimistic Exploration: For an optimal critic and “sufficiently small”...

(X1 | x5 a) )

Reward (x,a,) > Divergence( nX., ilv.a)
(model)

hindsight (reality)

...and converges to zero in the limit.

Definition 2 (Curiosity in Hindsight)

Reward (x,, a,) :== — Reward (x,,a,) + lim Reward (x,, a,)
hindsight recon. K—co invar.

The agent performs

(policy) (model)
maximize ~min  Ey Ar[ Reward (x,, a,) ]
4 p.t hindsight

O
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Practical Framework

In Practice: (1) batch size K < o0, (2) critic not fully optimized, (3) 4 is a hyperparameter.

Overall, simple drop-in modification on top of any curiosity-driven exploration method.

Example: BYOL-Explore = BYOL-Hindsight
maEm-

.9 90
a o

recon-
struction

closed
loop
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Stress Test — Robustness to Different Stochasticities

agent starts
here

Pycolab Maze Environment
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Stress Test — Robustness to Different Stochasticities

progress
tracker

progress
tracker

agent starts
here

? (vertical
1 oscillator)

progress
tracker

(vertical
oscillator)

progress
tracker

oscillator)

Pycolab Maze Environment
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Stress Test — Robustness to Different Stochasticities

r agent starts
agent’s observations here

may be corrupted
by pixel noise

:;r (vertical

1 oscillator)

may move
randomly
may move
randomly
(vertical
oscillator)
may move
randomly
may move oscillator)
randomly

Pycolab Maze Environment



Stress Test — Robustness to Different Stochasticities
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Stress Test — Robustness to Different Stochasticities

Deterministic Baseline Brownian Oscillators
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Stress Test — Robustness to Different Stochasticities

Trackers Touched

Trackers Touched
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Stress Test — Robustness to Different Stochasticities

Deterministic Baseline Brownian Oscillators
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Atari — Hard Exploration (Bank Heist)

Bank Heist (Pure Intrinsic) Bank Heist (Ext. + Intrinsic)
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Atari — Hard Exploration (Bank Heist)

Episode Score

Episode Score

Bank Heist (Pure Intrinsic)
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Atari — Hard Exploration (Montezuma’s Revenge)

Rooms Visited

Montezuma's Revenge (Pure Intrinsic)
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Atari — Hard Exploration (Montezuma’s Revenge)

Rooms Visited

Rooms Visited

Montezuma's Revenge (Pure Intrinsic)
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Episode Score Episode Score Episode Score

Episode Score

Atari — Hard Exploration (with Sticky Actions)
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Overview

Introduction: Curiosity-driven Exploration
Motivation: Stochastic Environments
Curiosity in Hindsight

Practical Framework

Experiments

0 = P =

Future Directions

O



Recap + Future Directions

How to refine curiosity? How to measure curiosity?
(Learnable) (Future-summarizing)
Epistemic Knowledge Hindsight Representations
Vs. Vs.
(Unlearnable) (History-summarizing)
Aleatoric Variation Context Representations
Exploration

Inconsistency as a signal for exploration

Credit Assignment
Different levels of hindsight-conditioning

Multiple Agents
Other agents as “stochasticity”

How to implement curiosity?

(Reducible)
Intrinsic Rewards
Vs.
(Irreducible)
Stochastic Traps

O
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