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Exploration is the Core Problem in Reinforcement Learning

The goal of reinforcement learning is to maximize the return

Exploration: the agent experiments with novel strategies that may improve returns in the long run
Exploitation: the agent maximizes rewards through behavior that is known to be successful
Exploitation makes sense only when the agent had stumbled into high-reward states
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Exploration is the Core Problem in Reinforcement Learning

The goal of reinforcement learning is to maximize the return

Exploration: the agent experiments with novel strategies that may improve returns in the long run
Exploitation: the agent maximizes rewards through behavior that is known to be successful
Exploitation makes sense only when the agent had stumbled into high-reward states

Oftentimes, the reward is extremely sparse (e.g. Success vs. Failure). Stumbling into a goal state is
futile for all but the simplest of environments.
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A Nalve Solution: Shaping Rewards

Rewards in an easy env: success / Failure
Rewards in a hard env: success / Failure, proximity to the object, overlapping of the object and the

target
Rewards in a very hard env: success / Failure, proximity to the object, overlapping of the object and

the target, distance to the barrier, and MORE
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Shaping Rewards Require Prior Knowledge on the Task

Montezuma’s revenge

* Getting key = reward
* Opening door = reward
e Getting killed by skull = nothing (is it good? bad?)

* Finishing the game only weakly correlates with
rewarding events

 We know what to do because we understand what
these sprites mean!



Shaping Rewards Require Prior Knowledge on the Task
What if the Task is Extremely Complex...

e “the only rule you may be told is this one”
* Incur a penalty when you break a rule

* Can only discover rules through trial and
error

* Rules don’t always make sense to you

* Temporally extended tasks like Montezuma’s
revenge become increasingly difficult based
on

* How extended the task is
* How little you know about the rules

* Imagine if your goal in life was to win 50
games of Mao...

* (and you didn’t know this in advance)
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| et's Rethink about the Problem. Can We Discover
the Intended Behavior without Rewards?

 Intended behaviors:
» Avoid the barrier
» Move the object to spacious regions
» Move the object to the target location

. A « Exploration is all you need:
\ ) > Try out new behaviors with the hope of
r O discovering high rewards (if given)
. T » Explore efficiently once we know what we do
not know

» With what we learn about the world, we can
tackle new tasks more effectively



Exploration is All You Need... No Reward RL

« Babies are excellent explorers. They try out
different body poses. They play with different
objects.

» Learn skills unsupervisedly
» Learn the dynamics of the environment

« What are the factors that drive babies to explore?

« Inother words, how can we do exploration more
efficiently and effectively?

Image credit S. Levine



INtrinsic vs. Extrinsic Motivations

« Motivation: “Forces” that energize an organism to act and that direct its activity

 Extrinsic Motivation: being moved to do something because of some external reward
($$, a prize, etc.).
» Problem: such rewards are sparse..

« Intrinsic Motivation: being moved to do something because it is inherently enjoyable
(curiosity, exploration, novelty, surprise, incongruity, complexity...)
» Gain: Task independent! Free of human supervision, no need to code up reward
functions to incentivize the agent. A general loss functions that drives learning.



Intrinsic Motivation vs. Intrinsic Necessity

 Curiosity vs. Survival

“As knowledge accumulated about the conditions that
govern exploratory behavior and about how quickly it
appears after birth, it seemed less and less likely that this
behavior could be a derivative of hunger, thirst, sexual
appetite, pain, fear of pain, and the like, or that stimuli
sought through exploration are welcomed because they
have previously accompanied satisfaction of these drives.”

D. E. Berlyne, Curiosity and Exploration, Science, 1966
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How to Model Exploration?

« We can re-formulate the objective of reinforcement
learning:

Rt(s,a,s') =1(s,a,s") + Bi(s,a,s")
. | . a,

extrinsic reward intrinsic reward
(related to the task) (unrelated to the task)
« Types of intrinsic rewards:

1. Data-based exploration (Optimistic exploration)
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Data-based Exploration

 |dea: Maximize the coverage and minimize the uncertainty of data distribution

« For example, deciding the exploration bonus based by counting the times of visiting the
action/ state

» Upper Confidence Bounds (UCB)

— —

logt
A =
¢ arginax Qi(a) +c N, (a)

e t: how many times | have played any action,

e N(a): how many times | have played action ain t interactions
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Data-based Exploration

 |dea: Maximize the coverage and minimize the uncertainty of data distribution

« For example, deciding the exploration bonus based by counting the times of visiting the

action / state

» Upper Confidence Bounds (UCB)

A; = argmax
(L

Oi(a) + ¢ logt

Nt(ﬂ;) |

« We can count the times of visiting the state
instead (select the action that goes to the
least-frequently visited state)

« A strong assumption of discrete action /
Sstate space

e t: how many times | have played any action,

e N(a): how many times | have played action ain t interactions

13



he Trouble with Counts

e How to count continuous states/actions?
» We never see the same thing twice
» Some states are more similar than others

(N

..0
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|[dea 1: Fitting Generative Models

« Fit a generative model that captures the distribution of seen data
pe (x) (e.g. diffusion models, energy-based models ...)
»  pe(x) is high for seen data or unseen but similar data

« (Canwe use pg(x) to get a “pseudo-count™?

The true probability: After seeing x:.
count of x 0
N(x) — N(x) +1
P — P’ =
) =—==___ () =———

total count
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|[dea 1: Fitting Generative Models

« Fit a generative model that captures the distribution of seen data
pe (x) (e.g. diffusion models, energy-based models ...)
»  pe(x) is high for seen data or unseen but similar data

« (Canwe use pg(x) to get a “pseudo-count™?

The true probability: After seeing x:.
R pseudo count of x _
()_N(x)/’ ()_N(x)+1
Po \X) == — Por ) = a1

total pseudo count
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|[dea 1: Fitting Generative Models

« Fit a generative model that captures the distribution of seen data
pe (x) (e.g. diffusion models, energy-based models ...)
»  pe(x) is high for seen data or unseen but similar data

« (Canwe use pg(x) to get a “pseudo-count™?

The true probability: After seeing x:.
N(x) N(x) +1
pe(x) = P Pe'(x) = TAar1

1-— per(x)
pgr(x) — po(x

N(x) = i pg(x)

n=

) Po (X)

17



No bonus

Does It Work?

With bonus
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|[dea : Counting with Hash Codes

Learn to convert continuous inputs into discretized hash codes.
Count the occurrences of the code
How do we get the image encoding? E.g. using Autoencoders
» Do similar states get the same hash? Maybe...
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Does It Work?

TRPO-AE-SimHash
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#Exploration: A Study of Count-Based Exploration for Deep
Reinforcement Learning. Tang et al.
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How to Model Exploration?

« We can re-formulate the objective of reinforcement
learning:

Rt(s,a,s') =1(s,a,s") + Bi(s,a,s")
‘ ’ \ T J
extrinsic reward intrinsic reward
(related to the task) (unrelated to the task)
« Types of intrinsic rewards:
1. Data-based exploration (Optimistic exploration)
2. Knowledge-based exploration
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Knowledge-based Exploration

* |dea: Maximize the knowledge about the world. The motivation is
also known as curiosity. Knowledge could be in the form of:
» surprise
» Unpredictability
» How much learned about the world
» Uncertainty

22



Computational Curiosity

* “Thedirect goal of curiosity and boredom is to improve
the world model. The indirect goal is to ease the learning
of new goal-directed action sequences.”

e “The same complex mechanism which is used for ‘normal’
goal-directed learning is used for implementing curiosity
and boredom. There is no need for devising a separate
system which aims at improving the world model”

e “Curiosity Unit”: reward is a function of the mismatch
between model’s current predictions and actuality. There
is positive reinforcement whenever the system fails to
correctly predict the environment.

e “Thus the usual credit assignment process ... encourages
certain past actions in order to repeat situations similar to
the mismatch situation.” (planning to make your (internal)
world model to fail)

Jurgen Schmidhuber, 1991, 1991, 1997

Slide credit K. Fragkiadaki 23



Computational Curiosity

In other words:

 Model learning and model improvement can be cast as the
goals of goal-seeking behaviour.

My goal is not to beat Atari but to improve my Atari
model.

 OK.Whatis my reward then that trying to maximize that
reward will lead to fast model learning?

24



Curiosity Exploration

predicted » Set the implicit reward Bt(s, a,s") as the prediction
observation og44 error of the dynamics model
« Action a is worth exploring if we are uncertain of its
outcome
dynamics
model observation o;41
/\ predicted

observation o441

action a;

observation o;
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s Pixel-based Prediction Error Desirable?

« Suppose the agent control to switch channels, and one
channel if offline, showing white noise

« The prediction error on this channel will be very high

« The agent is encouraged to select this channel...

observation os44

predicted
observation 0444

26



|[dea: Curiosity as Prediction Errors in the Latent
Feature Space

predicted
feature v, feature vy,

I | I |
A A

predicted
feature v, feature ve4q

| | | | —_ | . |
visual dynamics
encoder model

visual
encoder

|

T

feature v action a;

observation o;

observation o
Curiosity-driven Exploration by Self-supervised Prediction. Pathak et al. 27 t+1




Regularize the Latent Feature Space: Only Encode
Action-Related Information
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Does It Work?
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(a) “dense reward” setting

L | Room: 13
(“sparse”)

Room: 17
(“very sparse”)

(b) Test Map Scenario

(a) Train Map Scenario

Mumber of training steps {in millions})

(b) “sparse reward” setting

Figure 4. Maps for VizDoom 3-D environment: (a) For general-
ization experiments (c.f. Section 4.3), map of the environment
where agent is pre-trained only using curiosity signal without any
reward from environment. ‘S’ denotes the starting position. (b)
Testing map for VizDoom experiments. Green star denotes goal
location. Blue dots refer to 17 agent spawning locations in the
map in the “dense” case. Rooms 13, 17 are the fixed start loca-
tions of agent in “sparse” and “very sparse” reward cases respec-
tively. Note that textures are also different in train and test maps.
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RL Objective:

Ri(s,a,s") =7r(s,a,s") + Bi(s,a,s")



What if We Train the Policy with Only Intrinsic Reward?

RL Objective:
Ri(s,a,s’) = M+ Bl(s,a,s")
Trained on Level-1 Testing on Level-2
: e MORIO | oo WORLD TINE
By

PP P LY N e

Distance 40 (1%)
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Curiosity Driven Exploration
by Self-Supervised
Prediction

ICML 2017

Deepak Pathak, Pulkit Agrawal, Alexei Efros, Trevor Darrell
UC Berkeley




What Could be Wrong?

« The source of high predictions errors result from:

1.

Amount of training data (epistemic uncertainty): few similar examples
were seen by the predictor

Stochasticity (aleatoric uncertainty): stochastic transitions are a source
of such error for forward dynamics prediction

Model misspecification: necessary information is missing, or the model
class is too limited to fit the complexity of the dynamic function

Learning dynamics: the optimization process fails to find a predictor in
the model class that best approximates the dynamic function

32



What Could be Wrong?

« The source of high predictions errors result from:

1. Amount of training data (epistemic uncertainty): few similar examples
were seen by the predictor Can we fix them?

X 2. Stochasticity (aleatoric uncertainty): stochastic transitions are a source
of such error for forward dynamics prediction

X 3. Model misspecification: necessary information is missing, or the model|
class is too limited to fit the complexity of the dynamic function

B o e e e e e e M e e M M e R mmm M e e mmm M M e mmm M e e mmm M e e mmm M e e mmm M M e mmm R e e Mmm M e e mmm M e e mmm M e e mmm M M e mmm M e e mmm M e e Mmm M M e mmm M e e e G e e e

X 4, Learning dynamics: the optimization process fails to find a predictor in
the model class that best approximates the dynamic function
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Exploration By Random Network Distillation

ENVIROHMENT FEATURES
Oi+1 ——— fi1

feature f / ‘2

ri=|fi+1— fi+1
‘ POLICY PREDICTOR

Next
state s

t PREDICTOR PREDICTOR
- fi... St

Learned PARAMETERS = OPTIMIZER

Network

feature f

01G1 r ),
POLICY 2 POLICY -
PARAMETERS OPTIMIZER Ot at T.t

Exploration by Random Network Distillation. Burda et al. 34



Novel States Result in Larger Feature Distance

Random
Network

Next
state s

Learned
Network

—> feature f

—> feature f

(O Feature of seen state

¢ Feature of novel state
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What Could be Wrong?

Solution: (1) Bypass learning forward dynamics model but deterministically
learn to encode future states. (2) Smoothness prior in neural network
enhance the robustness of novel-state estimation

P e e o o e e e e e e M M e e M M e M Mmm M e M M M e Smm M M e mmm M M e Smm M e e mmm M e e Smm M M e mmm M M e mmm M M e mmm M M e mmm M M e mmm M M e mmm M e e M M e e S M e e e

X 2. Stochasticity (aleatoric uncertainty): stochastic transitions are a source
of such error for forward dynamics prediction

X 3. Model misspecification: necessary information is missing, or the model|
class is too limited to fit the complexity of the dynamic function

Solution: Build the target network and the predictor with similar model class

36



Representation Learning is More Suitable for Non-episodic
Learning

» Under episodic setting Y- yR¢:
> The return is truncated at “game over”.
» The environment is reset to a fixed initial scene at “game over”
> Agents prefer risk-free behavior to avoid game over

A 2 N
o Let rinwinsic = ||f — f||”. This reward decreases for seen states
, : , . 1 —
« If we train the agent under non-episodic return stream Thm ;ZL(} Ry
— 00

» The agent will avoid “game over” behavior, since the reward of initial
states become small

» Episodic intrinsic rewards can leak information about the task to the
agent (Burda et al 2018)

37



Details Matter: Separate Return Streams

For extrinsic rewards: episodic return streams and an independent value

head Vg
For extrinsic rewards: non-episodic return streams and an independent
value head Vj

Train the agent with PPO using V.= Vg + V]

38



Mean episodic return
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Non-episodic Intrinsic Return Streams Matter
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(a) RNN policies
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Mean episodic return
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State-of-the-Art in Montezuma's Revenge

Progress in Montezuma’s Revenge
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Outperforms PPO

— PPO ~ RND = Dynamics
Gravitar MontezumaRevenge Pitfall
4000 - 04
2000 1 —109
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Exploration by Random Network Distillation. Burda et al. 41



How to Model Exploration?

« We can re-formulate the objective of reinforcement
learning:

Rt(s,a,s') =1(s,a,s") + Bi(s,a,s")
‘ ’ \ T J
extrinsic reward intrinsic reward
(related to the task) (unrelated to the task)
« Types of intrinsic rewards:

1. Data-based exploration (Optimistic exploration)
2. Knowledge-based exploration

3. Information gain exploration

42



Empowerment and Mutual Information

The concept of empowerment. an attempt at formalizing and quantifying the degrees of
freedom (or options) that an organism or agent has as a proxy for “preparedness”

Preparedness can be seen as:
» Keeping options open

> Influence over the environment
» Resilience to uncertainty

Empowerment through Mutual Information Maximization: Find policy m(aly, x) that
maximizes mutual information 7(x; y)

Mutual information:
I(x;y) = H(x) — H(x|y)

where H denotes entropy (the higher entropy the higher uncertainty is)

43



Empowerment and Mutual Information

The concept of empowerment. an attempt at formalizing and quantifying the degrees of
freedom (or options) that an organism or agent has as a proxy for “preparedness”

Preparedness can be seen as:
» Keeping options open
» Influence over the environment
» Resilience to uncertainty

Empowerment through Mutual Information Maximization: Find policy m(aly, x) that

maximizes mutual information 7(x; y)
. How much information you know about x

Mutual information: " when you perform action y
I(x;y) = H(x) — H(x|y)

where H denotes entropy (the higher entropy the higher uncertainty is)

44



Some Useful Identities

p(X) distribution (e.g., over observations x)  tp(x)

H(p(x)) = = Ex~p(x) [log p(x)]

entropy — how “broad” p(x) is

L(x;y) = Dxr(p(x,y)|lp(x)p(y))
= B(x,y)~p(x,y) llog pix; y) ]

=H(p(y)) — H(p(y|x))

45




Skill-based Exploration: Diversity is All You Need (DAIYN)

« This paper defines skill as the states that the
agent visits

« The coreideais to find skill that induces actions

oxills move rioht to visit different states. These states should be
to become distinguishable

discriminable.

(a) 2D Navigation (b) Overlapping Skills « How to formulate the problem?

46



Skill-based Exploration: Diversity is All You Need (DAIYN)

* Let g4 (z]s) be the discriminator probability of

skill z given state s parameterized by ¢.

 Intrinsic reward as the discriminability of skill z
given state s:

Skills move right
to become

discriminable. 1,(s,a) :==log q4(z|s) —logp(2)

(a) 2D Navigation (b) Overlapping Skills e The objective of the pOHCyI

mg(als,z) = argmaxz Eser(s|z) [ (S, 2)]
ya
Z

reward states that are unlikely for other z" # z

47



Skill-based Exploration: Diversity is All You Need (DAIYN)

p(z) is fixed so that model won't collapse

Algorithm 1: DIAYN

i SKILL ' : Ee—‘j" ML while not convergeddo[
sampieonestper /14 1y (04 | 51, 21\ [LFixed Sample skill z ~|p(z)]and initial state so ~ po(s)
skill distribution. yar_ St+1 for t < 1 to steps_per_episode do
2~ p(2) ENVIRONMENT Sample action a; ~ g (at | st, z) from skill.
St+1 ~ P(St41 | ¢, ar) Step environment: ;11 ~ P(St+1 | St, Gt).
_____ ySt+1 . Compute g4 (z | s¢+1) with discriminator.
ot stmates 01y DISCRIMINATOR | 901 | 51) Set skill reward r; = log g4 ( | st+1) —logp(2)
to maximize aiserminabitty. Q{2 | S1) 1 ghcinne Update policy (0) to maximize r; with SAC.
""""" Update discriminator (¢) with SGD.

48



Example of Learned Skills

49



The Connection to Mutual Information

m(als, 2) = argmax ) Een(s|)[r(s, 2)]

r(s,z) = 10gp(Z|S)

maximized by using uniform prior p(z) minimized by maximizing log p(z|s)

50



How to Model Exploration?

« We can re-formulate the objective of reinforcement
learning:

Rt(s,a,s') =1(s,a,s") + Bi(s,a,s")
. , . hat
extrinsic reward intrinsic reward
(related to the task) (unrelated to the task)
« Types of intrinsic rewards:
1. Data-based exploration (Optimistic exploration)
2. Knowledge-based exploration
3. Information gain exploration
4. Reachability exploration

51



Exploration is Hard...

« Hard exploration problem:
» When the reward is sparse, precise sequences of many (e.g. hundreds or more)
actions must be taken between obtaining rewards
» When the reward is deceptive, it actually provides misleading feedback for reaching
the overall global objective, which can lead to getting stuck on local optima

« Exploration methods based intrinsic motivations have two problems:
» Detachment: an agent become detached from the frontiers of high intrinsic reward
» Derailment: an agent derail from the discovered high-reward state

52



Previous Exploration Strategy
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Previous Exploration Strategy

Low IR states ‘
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Previous Exploration Strategy: Little Incentive to Explore
Visited States
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1. Intrinsic reward (green) is distributed 2.
throughout the environment

A

Start

3. By chance, it may explore
another equally profitable area

(purple) a nearby area with intrinsic reward

Detachment

An IM algorithm might start by exploring

4. Exploration fails to rediscover
promising areas it has detached from

« IM-based exploration occurs as follows:

1. An agent is encouraged by discover regions
with high intrinsic rewards (IR)

2. After exhausting IRs, the agent may by chance
start consuming IR in another regions

3. BEveniftheIRin 2.is consumed, it's still hard
to rediscover region of 1., where IR is also
exhausted

« This phenomena is called detachment

« Large replay buffer may solve this issue, but
why not explicitly store these previously
discovered states?



Derailment

57

An agent has two types of exploration
mechanism:
1. high-level exploration: IR incentive that
rewards when new states are reached
2. low-level exploration: epsilon-greedy
exploration, action-space noise, or
parameter-space noise

The longer, more complex, and more precise a
sequence of actions needs to be in order to
reach a previously-discovered high-IR state,
the more likely it is that such stochastic
perturbations will “derail” the agent from ever
returning to that state



Go-Explore: Go to a State You Have Visited without adding
exploration and Randomly Explore from There

Low IR states K

7 RN
/\S&?ﬁn@ xplore \ A /\
lo hogt Dot A g

« Go-Explore assumes the environment can be reset to any state,
in reality, you may need to train a goal-conditioned policy

58



Go-Explore: Go to a State You Have Visited without adding
exploration and Randomly Explore from There

 State representations of Go-Explore: (1) convert an image to grayscale, (2) down-scale to 11 x
8 resolution, and (3) rescale pixel intensities between 0 and 8, instead of the original 0 to 255

Figure 3: Example cell representation without domain knowledge, which is simply to down-
sample each game frame. The full observable state, a color image, is converted to grayscale and
downscaled to an 11 x 8 image with 8 possible pixel intensities.
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Go-Explore: Go to a State You
exploration and Randomly Explore from There

Phase 1: explore until solved

Select sta.te Go to state Explore Updgte
rom archive from state archive

ave Visited without adding

Phase 2: robustify
(if necessary)

Run imitation learning
on best trajectory

Figure 2: A high-level overview of the Go-Explore algorithm.

Go-Explore: a New Approach for Hard-Exploration Problems. Ecoffet et al.
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Breakthrough in Long-horizon Tasks

60,000 -
304 15,000 -
73]
E n v
S . S 40,000
o i '
@ 20 State of the art g 10,000 A
o] c + Human Expert
c =3 @
3 2 ®
“ 101 5,000 - 20,000 -
01 0 0 ( Average Human
0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0
Game Frames 1le9 Game Frames 1le9 Game Frames 1e9
(a) Number of rooms found (b) Number of cells found (¢) Maximum score in archive

Figure 4: Performance of the exploration phase of Go-Explore with downscaled frames on
Montezuma’s Revenge. Lines indicating human and the algorithmic state of the art are for compar-
ison, but recall that the Go-Explore scores in this plot are on a deterministic version of the game

(unlike the post-Phase 2 scores presented in this section).
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Breakthrough in Long-horizon Tasks

Score

40,000

30,000

20,000

10,000

Go-Explore
L

Human Expert
PPO+CoEX
DQN-PixelCNN oo
Reactor RND
Feature-EB
Avg. Human DQN-CTS E
IMPALA
DDQN e e o
SARSA Gorila | A3CA3SCTS oo Ape-X
- L DQN . L BN [ ] ] L . )
Linear MP-EB T Pop-A ESC51 Rainbow
Prior. DQN
Duel. DQN BASS-hash
2013 2014 2015 2016 2017 2018 2019

Time of publication

Figure 6: History of progress on Montezuma’s Revenge vs. the version of Go-Explore that does
not harness domain knowledge. Go-Explore significantly improves on the prior state of the art.
These data are presented in tabular form in Appendjx
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How to Model Exploration?

« We can re-formulate the objective of reinforcement
learning:

Rt(s,a,s') =1(s,a,s") + Bi(s,a,s")
. | . a,

extrinsic reward intrinsic reward
(related to the task) (unrelated to the task)

« Types of intrinsic rewards:

1.

2
3.
4,
5

Data-based exploration (Optimistic exploration)
Knowledge-based exploration

Information gain exploration

Reachability exploration

Posterior sampling for exploration
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Posterior Sampling for Exploration

« Exploration often waste interaction budget on low-reward states
« |dea:

» To explore more efficiently, an agent should explore only when
there are valuable learning opportunities

» Since any action may have long term consequences, the agent
should reason about the informational value of possible
observation sequence

« Thompson sampling automatically balances exploitation and
exploration : it chooses the action that maximizes the expected
reward with respect to a randomly drawn belief, and updating the
belief with respected to received reward
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Thompson Sampling in Multi-arm Banaits

« Posterior distribution: P(8|D) «< P(6)P(D|6)

« Thompson sampling: Represent a posterior distribution of
mean rewards of the arms, as opposed to point estimates

1. Sample from it: 8,~P(0)
2. Choose action: a = argmax Ey_[7(a; 6,)]
a

probability density

w

— aan 3. Play action, observe reward

f\ 4. Update the posterior distribution
| "\ P(8) « P(6|D) x P(8)P(D|6)

thompson-sampling-in-laymans-terms

« Asimple explanation on stack overflow:
E https://stats.stackexchange.com/questions/187059/what-is-
b/
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https://stats.stackexchange.com/questions/187059/what-is-thompson-sampling-in-laymans-terms
https://stats.stackexchange.com/questions/187059/what-is-thompson-sampling-in-laymans-terms

Thompson Sampling for General MDP

Represent a posterior distribution of Q, instead of a point estimate:

1. Sample from Q~P(Q|D)
2. Choose action according to this Q function for an episode: a =

argmax Q(a, s)

a
3. Play action, observe reward
4. Update the Q distribution

There's no need for e-greedy for exploration!

How can we learn a distribution of Q functions P(Q|D) it Q function is a
deep neural network?
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The Same |dea of Bootstrap!

« How to represent a posterior distribution of Q?

1. Bayesian neural networks. Estimate posteriors for the
neural weights, as opposed to point estimates.
Neural network ensembles. Train multiple Q-function
approximations each on using different subset of the
data. A reasonable approximation to 1.
Neural network ensembles with shared backbone.
Shared network Only the heads are trained with different subset of the
data. A reasonable approximation to 2 with less
computation.
Ensembling by dropout. Randomly mask-out (zero
out)neural network weights, to create different neural
nets, both at train and test time. reasonable
approximation to 2.

Deep Exploration via Bootstrapped DQN. Osband et al. 67 Slide credit K. Fragkiadaki



Bootstrap Captures the Model Uncertainty

I 1 I | | I I |
-1 0 l 2 1 0 | 2

(b) Gaussian process posterior (c) Bootstrapped neural nets

Deep Exploration via Bootstrapped DQN. Osband et al. 68 Slide credit K. Fragkiadaki



Bootstrap Captures the Model Uncertainty

. Inno data regime, Q function values will have
‘ ‘ " high entropy and encourage exploration

69



Results
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Figure 6: Bootstrapped DQN drives more efficient exploration.

Deep Exploration via Bootstrapped DQN. Osband et al. 70



s Exploration Solved?



Exploration Based on Inductive Bias are Inefficient

b left  right

Wasting steps

on obvious
e useless actions

R | |R | |R | K
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Exploration Based on Inductive Bias vs. Semantic Priors

left  right
Wasting steps

onN ObVious
useless actions

73

left  right

The target is
on the left



Where to Obtain Semantic Priors? Internet!

&

SHEE

mage credit SEHYEH

/

Gemini
¥ Claude
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Visual Imitation Learning: Robot Learning From
Human Demonstration Videos with Action Labels

* Pros:
» No need for collecting new data
» We already have a lot of videos
available

e Cons:
> The environment state is unknown
(e.g. object pose, velocity)
> Action labels do not exist
» Reward is not available
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What information should we extract from human
demonstration videos?

« Types of visual imitation learning:
1. Knowledge distillation via representation learning
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Knowledge distillation via representation learning

« Canwe learn robot policies from 3" person human demonstration videos?

E
s
'y
¢

.

.
-

-

) -

3rd-person observation
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Knowledge distillation via representation learning

« What information do we need to know to imitate the following actions?
» Object attributes: liquid level in cups, pouring stages, hand contact,
liquid is flowing, texture, viscosity, presence of foam ...
» Object 3D pose / motion
» Hand 3D motion
» Lighting / layout of the room, who is the demonstrator ...

_ N

<
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Knowledge distillation via representation learning

« What information do we need to know to imitate the following actions?
» Object attributes: liquid level in cups, pouring stages, hand contact, liquid is
flowing, texture, viscosity, presence of foam ...
» Object 3D pose / motion
» Hand 3D motion
> Lighting / layout of the room, who is the demonstrator ...

* An excess of information:
» Some are redundant, while others are costly to obtain...
» We might still miss useful ones...

« (Can we uncover and disentangle dimensions of the world without any priors?
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What We Have Learned from Computer Vision

Goal: learn good features without labels

.\I Latent feature
Visual o .

Training: contrast image instances
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Can We Use the Same Idea for Robot Learning?

 Unlike conventional computer vision, every image instance are independent
 Video frames are temporally dependent
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pouring_013 pouring_0
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Intuition: Visual Difference between Neighboring
Frames Reveals Change of the World State

Picking up the cup
A

Pouring the water
82



|[dea: Contrastive Learning between Video Frames

metric loss
attraction repulsion
» - Py ~ - - - Ml
s ; metric loss
anchor? positive negatwe? tracti Isi
self-supervised imitation ioen. ¥ eB“_S'E"‘
TCN embedding — —— — — w— w— w— — Z o Vs
Views I I I l
(and modalities) deep network anchor | positive 88 negative
| TCN embedding ]
Views ¥ ¥ Y
(and modalities) / deep network \
A

1 - \x

view - ‘

1= ¥ '3
T T I l | I T =
tancht:'r ‘posi&va tnegaﬁve Time
View 4 D e e ! ‘ .

2 - negative range: positive range ; negative range

margin range = m x positive range
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Define Rewards with Learned Features to Follow
the Provided Video Demonstration

AN RN AN
| 1 » ’
g

>
Time

Demonstration u

max

Reward

R(ve,wr) = —afwe —vell3 — By/7 + llwe — vell2

V = (vq, ..., v7) is the embeddings of each
frame in a video demonstration sequence

W = (wy, ...,wr) is the embeddings of image

observed during a robot task execution

Time-Contrastive Networks: Self-Supervised Learning from Video. Sermanet et al. 84



Per-Frame Nearest Neighbor Retrievals

3rd-person < imitating| 1st-person Nearest Neighbors

) a2 )
- . s . S' . s
p— ” ‘ s’ 5 -‘ s’ ‘
[ N ’ N N / Nl . N
Observation multi-view TCN  single-view TCN  Shuffle & Learn

[Misra et al. 16]
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Learning Progress of the Pouring Task

Multi-view TCN
Single-viewTEN.  ~~ ——

= 150 Shuffle and Learn

'g Ima/géNet - Inception

> Maximum Weight N

: £ , v N
@ a "
= 100 " o

b -

=

&

m §

c

£ 50/

PILQR lterations
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Can We Learn to Follow Demonstration More Closely?

« We hoped to obtain the correct robot motion using RL, however, the task is hard...
« We can learn to predict the robot motion from the encoded features, however,
annotating action labels is expensive...

 |dea: Annotate cheap action labels by playing (e.g. random motion, task-agnostic
motion ...)

\ 4

Robot joint angles
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Time Contrastive Learning + Action Regression

TCN supervision TCN supervision Self-regression

[

~

Human

—————————

joints

S R p———
4 N\

—————————
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Learning to imitate, from video, without supervision

3rd-person observation < Imitating Self-regression

Time-Contrastive Networks: Self-Supervised Learning from Video. Sermanet et al. 89



Time-Contrastive Networks: Self-Supervised Learning from Video. Sermanet et al. 90



What information should we extract from human
demonstration videos?

 Types of visual imitation learning:
1. Knowledge distillation via representation learning
2. Knowledge distillation via video generation
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Video Generator as a Language-conditioned Subgoal Predictor

/

Video
generator

Draw a blooming tree

Video
generator

Pour from the Cup to
the Pot

i



Video Generator as a Language-conditioned Subgoal Predictor

i ?
Infer intent or What is the goal”

" subgoals sequentially TASK SPECIFIC

L

Hallucinate subgoals - ’
in robot's perspective S St
!
_____ Interact to achieve How it needs to be done?
translated subgoal
e TASK AGNOSTIC

How to solve the cross-embodiment problem:
inferring robot action from human video?

Third-Person Visual Imitation Learning via Decoupled
Hierarchical Controller. Sharma et al. 94



Hierarchical Control: A High-level Goal Predictor and
a Low-level Goal-conditioned Controller

Goal :
..Generator ii
Huan Demo  y-Net based architecture i g ptimize
} Goal Ground Tt } 1 Loss {D « We need paired dataset of <robot
, ) action, 1st-person-view robot
L Atctochir) - observation, and 3'¥-person-view
S, enerated Image | Djscriminator human observation>
= R « High-level goal predictor: translate change
Rabot Demo in human demonstration to robot
 Qowdevel observation
Robot Demo \ « Low-level controller: predict joint angles
S, from robot observation attimetand t+n

RESNET-18 [—{seu

T )
t"‘ - apmd
FC + -
T
St+1
—_—

23
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Hierarchical Control: A High-level Goal Predictor and
a Low-level Goal-conditioned Controller

Test (deployment) |

Goal I
Generator Goal Goal
(high-level) I Generator _,| Predicted Generator _,| Predicted eoe
I (h|gh‘leve|) Next State (high'level) Next State
S > >
t
00 | "
| °
| . -+
—" I
- ("
0 0 | . .
Controller (¥’ v
I o000
(low-level) —= & I | . Controller ., o [, Controller —» od
¢ I (low-level) < (low-level) g
¥ —
a
— -
at I t a4,
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Imagined Goals

"ot » “ » ﬁ' ‘w \?' \S‘ “ / “ )

Pouring
Prediction
(OURS)

Ground Truth
Input

Placing
Prediction
(OURS)

Pouring Placing
Reaches Pours Reaches Drops

End to End [27] 20% 8% 20% 10%
DAML [30] 25% 15% 20% 10%

Hierarchy (Ours) 75% 60 % 70% 50% 97

Method




A Bigger Story: Video Generator is a World Model

The real world: expensive

to interact with

Video
‘ _ _ generator
The simulator world: expensive to build and almost

impossible to be identical to the real world
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Conditional Video Generator is a World Mode|
with Different Kinds of Interfaces

)

‘al

]

UniSim: Learning Interactive Real-World Simulators. Yang et al. 99



Use All Videos on the Internet

Internet texts, images, videos

Internet Panarama
) i
scenes . scans
- — h - .l Ik | R .
Internet . w1 Simulated
robots gt | navigation
”

Human SR (Ihat bl N T =7 Real-world
manipulation L\ ;

UniSim: Learning Interactive Real-World Simulators. Yang et al. 100



Training RL Policy with the Video-based Simulator

Simulated rollout -
from Ax, Ay moving " =
left, right, down, up

Simulated rollout
from Ax, Ay A
moving diagonally §

Real-robot execution
of “move blue cube to
green circle”

Action a;

State s;

Reward r, + Stage T:

» Train UniSim on action-labeled Language Table dataset
(and all the other datasets)
» Train a policy m with behavior cloning
State sy4q « Stage 2:
Reward 141 » Clone the policy m to predict reward (if from timestep t to t
+ 1 the policy arrived closer to the desired goal)
» Clone the policy T and fine-tune it with RL

Video
generator

UniSim: Learning Interactive Real-World Simulators. Yang et al. 101



Training RL Policy with the Video-based Simulator Works!

Simulated rollout

from Ax, Ay moving ¥ *
left, right, down, up ﬁm

Simulated rollout
from Ax, Ay

moving diagonally k

Real-robot execution
of “move blue cube to
green circle”

Action a;

| Succ. rate (all) | Succ. rate (pointing)

State s;
Reward r;

VLA-BC

0.58 0.12
Simulator-RL 0.81

0.71

Table 3: Evaluation of RL policy. Percentage of
successful simulated rollouts (out of 48 tasks) using
State s the VLA policy with and without RL finetuning on
b+l Language Table (assessed qualitatively using video
Reward 714 rollouts in the simulator). Simulator-RL improves
the overall performance, especially in pointing-based
tasks which contain limited expert demonstrations.

Wait, we still need large-scale robot dataset with
102 action labels!

Video
generator

UniSim: Learning Interactive Real-World Simulators. Yang et al.



Can We Reduce the Need of Action Labels?

« Idea: Train an inverse dynamic model with a small-scale action-labeled dataset, and
use the model to generate pseudo labels on the larger-scale unlabeled dataset

Inverse Inverse
dynamic dynamic

a a
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Learning to Act by Watching Unlabeled Online Videos

« Goal: train a policy in Minecraft from enormous actionless videos on the Internet

Collect Internet data Train the Inverse Dynamics Model (IDM) Train the VPT Foundation Model
@ Search the web @ Contractors produce data -(3;@- Label videos with IDM
TOK hours of 2K hours of video TOK hours of video
unlabeled video labeled with mouse labeled with mouse
and keyboard actions and keyboard actions
Train a model to predict actions Train a model to predict actions
given past and future frames given only past frames

Neural net Neural net

ofs olols) space @O ojols)

L [ J
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Learning to Act by Watching Unlabeled Online Videos

« A model that can use both the past and future of an action to infer what action was
taken, is more accurate than a policy model that maps the past and present to the

action that needs to be taken

Collecting “Clean” Data

Training the VPT Foundation Model

Search for relevant ~ »

Minecraft videos 270k hours Filter for “clean” 70k hours

via keywords unlabeled video segments  unlabeled
video video

Training the Inverse Dynamics Model (IDM)
Train non-causal IDM

G . 1. 1. |
video > -
Colptrf:f;tﬂtfs labeled with JM

collect data actions

26 s

105

|

Label videos
with IDM

via Behavioral Cloning

Train causal
VPT Foundation Model

~70k hours
el | |
e
IDM-labeled ml
with actions

@20 26 o=



Scaling Law with Large-scale Unlabeled Videos

Effect of foundation model training data on fine-tuning

Crafting or collection rate

10e1
- : - .rafting Tables
Trained on contractor : Trained on IDM-labeled o
data ; web data ( /\)/
10e0 =
Wooden Tools
10e-1 / \ / %
10e-2 : b Stone Too
. :
10e-3 /
0 A :
[ [ (N I [ A N [ [ T I O I O i R T Y (1 (0 P I NN
1 hour 10 100 1000 10000 100000

Foundation training data (hours)
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Bootstrap the Model by Fine-tuning on Clean Dataset

Improved early game behavior from BC fine-tuning
Zero-shot VPT foundation model .

Crafting or collection rate Fine-tuned VPT foundation model .
10e2

10e1

10e0

10e-1

10e-2

| I
logs planks crafting tables wooden tools stone tools

Video PreTraining (VPT): Learning to Act by Watching Unlabeled

Online Videos. Open Al 107 Slide credit K. Fragkiadaki



What information should we extract from human
demonstration videos?

« Types of visual imitation learning:
1. Knowledge distillation via representation learning
2. Knowledge distillation via video generation
3. Knowledge distillation with correspondence
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Knowledge distillation with Correspondence:
Finding “Where” and “How" to Interact with an Object

Inter-category correspondence

Action: Pour

109



How to Obtain Correspondence? Use Existing Vision
Foundation Models!

Correspondence from DINO.v2 Correspondence from DINO.v2 and Stable Diffusion

Source Target

DINO

?
3
=
§
£
-
w

<— Object Swapping ——
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Define the Goal with Correspondence

Initial state Final state

Problem formulation

min c(sT, Sgoal ),

{at}
st st=g(a"), s = f(s'a),

Goal image 111



Building a 3D Feature Field for Correspondence

Organize Shoes Collect Debris Organize Office Table

Initial States

Raw Visual Observatlon

Foundation Model &)

Final States

&

'\

Goal Image

\

®
@y

Descriptor Field (AI-Generated Goal Image) (Granular Material)  (Compositional Goal Image and 3D Manipulation)

6\?)

d&

D3Fields: Dynamic 3D Descriptor Fields for Zero-Shot

Generalizable Rearrangement. Wang et al. 112



« Goal: Build a 3D feature field from multiple camera views
1. Extract 2D feature maps and instance masks from
each camera view

—> Distance - 2. Retrieve feature, instance probability and distance
d . .
to the object surface for a 3D point from each
camera view
Multi-View Observations a. To obtain distance, project 3D point x to 2D
| point u; and compare to the sensed depth
Foundation Model
5 Semantic _
Feature
f

Instance
> -
Probability
P

3D Workspace

(a) Fusion

D3Fields: Dynamic 3D Descriptor Fields for Zero-Shot
Generalizable Rearrangement. Wang et al. 113



« Goal: Build a 3D feature field from multiple camera views
1. Extract 2D feature maps and instance masks from
each camera view

= Disgnce' 2. Retrieve feature, instance probability and distance
to the object surface for a 3D point from each
camera view
Multi-View Observations a. To obtain distance, project 3D point x to 2D
| point u; and compare to the sensed depth r/
Foundation Model 4—
81 Lo} _ |
Grounded— DINOV2 Semantic _ depth image surface
SAM - Feature camera i
f . view ray
[ A N ) N — .-
- v ) x
%)~ . I
1 " 1‘2 -I- di >
|
|
......... 1
1 _ !
3D point [, Instance dt =Ty =T
Probability
E o Let u be the threshold, we define:
____________________________________________ > Visibility v; = Ig,<,
D Workspace (a) Fusion > Weight w; = exp(min(”_ldil'o))

U
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Multi-View Observations

|

Foundation Model

.........

« Goal:

— Distance - )

d

Semantic
— -
Feature

f

3D point

3D Workspace

(a) Fusion

D3Fields: Dynamic 3D Descriptor Fields for Zero-Shot
Generalizable Rearrangement. Wang et al.

Instance
L -
Probability
P

115

Build a 3D feature field from multiple camera views

Extract 2D feature maps and instance masks from

each camera view

Retrieve feature, instance probability and distance

to the object surface for a 3D point from each

camera view

a. To obtain distance, project 3D point x to 2D
point u; and compare to the sensed depth r/

b. Retrieve the 2D feature map at u;

f,; = W,f [uz}

C. Retrieve the instance mask at u;

pi = W, [uy]



Aggregate across camera views

d. _ Zfil ﬂ?‘—d;
K
6 + Zi:l )

— Distance —

d

Multi-View Observations

|

Foundation Model &5

o o] “ K
Grounded- o Semantic L vsw;t
SAM 'DINOv2 T — Marching ‘ f = Zl_l S

Reconstructed Mesh

Feature
f Cubes

N ‘5+Z§i1“i

.........

?;(H W)_ Descriptor Field

1
|
|
1

.........

3D point |, Instance __
Probability
P

p= Zfil V;W; Py
0+ Zfil U;

Mask Field

3D Workspace (b) Representation

(a) Fusion
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The 3D Feature Field Facilitate Tracking

. Tf(st|W) denotes the 3D feature field at time ¢t

min || F(s" W) — Fe(s°|[W)]|2.

gt+1
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The 3D Feature Field Facilitate Correspondence

Source Image

Ours
Juse huege

Corr. Mesh

D3Fields: Dynamic 3D Descriptor Fields for Zero-Shot
Generalizable Rearrangement. Wang et al. 118



Predict Actions to Follow the Provided Goal

Initial state

1. Sample 3D points, and find their corresponding pixels
in the goal image.

Calculate feature similarity of each pixel in the goal image and obtain
weighted average pixel location based on the similarity

exp (—say; ) gl
o = [ Whealwi] = 2, Bi = =g - , Sgoalj = Z Bij Wi,
Dic1 exp(—saij) i=1

Goal image 119



Predict Actions to Follow the Provided Goal

Initial state

1. Sample 3D points, and find their corresponding pixels
in the goal image.

2. Sample multiple action trajectories, predict the
outcome of each trajectory with a learned dynamic
model (or MPC), and pick the best action trajectory

C(St: Sgoal) = HSED - Sgoaﬂ”g-

Goal image 120



Predict Actions to Follow the Provided Goal

Initial state

1. Sample 3D points, and find their corresponding pixels
in the goal image.

2. Sample multiple action trajectories, predict the
outcome of each trajectory with a learned dynamic

model (or MPC), and pic Again, this require action labels!

C(St: Sgoal) = HSED - Sgoaﬂ”g-

Goal image 121



Can We Obtain Actions without Using Any Labels?

Examples of Different Hand to Gripper
Actions Heuristics

Detected Hand Extracted Hand Model Attached Gripper

Captured Point Cloud with HaMeR and Joints to Hand Heuristics

\\

Pick up phone

Grasping

Pressing

Pushing

R+X: Retrieval and Execution from Everyday Human Videos. Papagiannis et al. 122



Retrieve Human Demonstration and Infer 3D Hand Motion
of the Current Scene

o 3 : i

Execution Phase Action Generation /WWM
'y ./.—/" . kol o o-”/‘ N

Context

We obtain Z video clips from
the Retrieval Phase

R+X: Retrieval and Execution from Everyday Human Videos. Papagiannis et al. 123



Map the Predicted 3D Hand Motion to Robot Action

Generated sequence of
hand joints

Generation

ion

Act

Map to gripper poses
Execution

T
.
I
I
I c
| 2
T -
O
b s M >
|
@
(7]
Q0
(o]
A o
- | &2
» -
ol
-
c |
0 |
el
1 - e e s S W e e — —
Visual
3D keypoints Extracted Hand Joints 3D points

asDYd |PAIRY By}
wouj sdij2 03PIA Z UIDIO IM
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R+X: Retrieval and Execution from Everyday Human Videos. Papagiannis et al.



Results: Few-Shot Imitation Learning without Action Labels

Human demonstrations Robot execution

Open Box Close Microwave

R+X: Retrieval and Execution from Everyday Human Videos. Papagiannis et al. 125



What information should we extract from human

demonstration vigeos?

« Types of visual imitation learning:
ation via representation learning

1

2.
3
4

Know
KNnow
Know
Know

edge disti
edge disti
edge disti
edge disti

ation via video generation
ation with correspondence
ation with affordance

126

Let's continue next week
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