Al for learning tasks
/ movements

Object Representations

Transition Models

Skill Policies

Hierarchical Task Structures

[1] Example manipulation skills including inserting, stacking, opening,
pushing, cutting, screwing, pouring, and writing.
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Object and
Environment Representations
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Tactile points in red



i) Segmenting ii) Tracking iii) Predicting iv) Controlling

Learning Object Properties
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Passive and Interactive Perception

® Passive: -"ﬁ' Interactive:
* Using camera to observe the * Push a box to obtain its properties
environment * Haptic, tactile, vision, and
* Moving a camera to a better audio sensors

vantage point
* Observe human performing an
action

€) Lots of observation in short time () More specific details

€) Low effort €D Supervisory signal for passive perception




Transition Models

Model Representations Uncertainty

Self-Supervision and Exploration Transfer and Reuse




Model Representations

Deterministic Function:

T:SxA—= S

Continuous Models

Discrete Models

Stochastic Distribution:

T:-SxAxS 3R Hybrid Models

[1]




Uncertainty
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Self-Supervision and Exploration

Random Sampling Active Sampling




Transfer and Reuse

T1 (Cloth flinging) ZN T2 (Box tossing)
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Skill Policies

Action Spaces Imitation Learning

Policy Structures Skill Transfer

Reinforcement Learning Safety and Performance




What are Skill Policies?

* Goal: aquire skill controller
* Common skill controller representation:
State-action pairs mapped to probabilities

Let's see how to implement skill policies!




Skill Policies:
Action Spaces




Action spaces

—~ When implementing Skill Policy, you need to select an Action Space (a set of
valid robot actions)

E An intermediary controller is often placed between the policy output and
"= actuators (actuators can be, for example, motors)

g Intermediary controller translates the Action into specific signals for the
actuators

W This is necessary for complexity reduction and stability.




Skill Policies:
Reinforcement learning




|
; LF_‘I_'H_" l
What is %
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Subfield of ML where an agent 1
(robot) learns to make % Wa O
decisions by performing ’d <
actions in an environment to In tel"pre ter
maximize cumulative reward.
0O
Slate U )
i

Agent



Icy Terra

o L N
e A

E -’ o ¥ t
» o3 Va B 5
ln : : £ - : 3
il o ¥
. v e W
A

Student-teacher training

* Teacher Policy:
* Has access to all domain parameters

* Adapt behaviors based on the specific
dynamics of each simulated scenario

e Student Policy:
* No direct access to domain parameters
* Learns by mimicking the teacher's actions

* Uses historical sensory data to infer the
necessary parameters for decision-
making
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[3] (b) Door Pushing




Curriculum Learning
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Curiosity-Driven Learning

Mechanisms to Guide Exploration:

Requires predominantly hand-crafted

Expert Demonstrations q .
emonstrations

Generation and efficient scheduling of

Curriculum Learning intermediate tasks are still considered unsolved

Learn without external rewards for the pure sake

Intrinsic Motivation (Curiosity) of knowledge gain




How to incorporate curiosity?

1. Surprise-Based Curiosity

e Approach: Model that predicts the environment's forward dynamics. The intrinsic reward is then based on the
Euclidean distance between the predicted next state and the observed transition.

2. State Embedding Predictions

e Approach: Rather than predicting the complete world state directly, predict a lower-dimensional embedding of
the state.

e Learning Progress: Intrinsic rewards are given for actions that lead to improvements in the agent's understanding
or capability within particular areas of the state space.

e Count-Based Exploration: Implements a straightforward count of visits to each state, with a preference for
states that have been visited less frequently.

[7], [9]




A curiosity-driven sparse reward RL approach for
learning end-to-end manipulation tasks without
task-specific engineering

The notion of curiosity states as guiding
mechanisms, allowing to focus curiosity on non-
directly observable states






Skill Policies:
Imitation learning




What
IS Imitation learning?

Subfield of ML where an agent
(robot) learns to perform tasks by
mimicking human
demonstrations

[19]




Why imitation learning?

va

AR

bypass time-consuming exploration
that would be requiredin a
reinforcement learning setting

communicate user preferences for
how a task ought to be done

D

describe concepts, such as a good
tennis swing, that may be difficult to
specify formally or programmatically




Types of Imitation Learning [1]

g v @

Behavior Cloning Direct Policy Learning Inverse Reinforcement
Learning




Behavior Cloning

Behavioral Cloning is Supervised Learning

1. Collect demonstration data (state-action pairs)

2. Use state-action pairs as training data for supervised learning

3. Learn by minimizing the loss function




Behavior Cloning demo




Direct Policy
Learning

* Improved version of behavior
cloning

* Human expert needed during
iterative training process

* Each training iteration, human
corrects robot behavior

* New state-action pairs are used in
the next training iteration

Expert provides
feedback/demonstrations

traming
dala

trajectory

Supervised
learning

Rollout in
environment










Inverse Reinforcement Learning

Attempt to infer the underlying reward function that the demonstrator was trying
to optimize

1. Collect demonstrations of an expert performing a task.
2. Infer the underlying reward function that the expert is optimizing

3. Use reinforcement learning techniques to learn a policy that maximizes the
Inferred reward function.




Maximum Entropy

4 = R o

INITIALIZE REWARD COMPUTE POLICY COMPUTE STATE UPDATE REWARD REPEAT
WEIGHTS VISITATION WEIGHTS
FREQUENCIES




Skill Policies:
Skill Transfer




Parameterized
Skills [2]

* |n certain tasks, only some aspects
of the context change, while other
properties remain unchanged

* Manifold learning modulates policy
parameters based on the changing
task parameter

Task space
' T

policy space

Figure 1. Steps involved in executing a parameterized skill:
a task is drawn from the distribution P?; the classifier x
identifies the manifold to which the policy for that task
belongs; the corresponding regression models for that man-

ifold map task parameters to policy parameters.

[17]




Metalearning [ 3]

* "Learning to learn”

* Model Agnostic Metalearning (MAML)

o Given a sequence of tasks, the
parameters of a given model are
trained such that few iterations of
gradient descent with few training
data from a new task will lead to good
generalization performance on that
task. MAML "trains the model to be
easy to fine-tune."

— meta-learning

9 ---- learning/adaptation
VLs
VL,
VL:l =t 93

k ,/, \\ *
Te s

Figure 1. Diagram of our model-agnostic meta-learning algo-
rithm (MAML), which optimizes for a representation € that can
quickly adapt to new tasks.

[18]




Domain Adaptation

« Used when two tasks are the same /7 TCalibrated sim | ' Reality
at a high level but differ in low- 4 distibsution of O A
level details domain-randomized sims P A

* Example: sim2real task 3 Wi __w®” " .

N S -~ _- 7 Domain

* Popular method: Domain Randomiz T _-~ .- Randomization

ation

[20]




Charecterizing skills
by Preconditions and Effects

Pre- and Postconditions as Skill Monitoring and Outcome
Propositions and Predicates Detection
Learning Pre-and .Postcond|t|on Predicates and Skill Synthesis
Groundings




What are Pre- and Post- conditions?

* Precondition: A set of
conditions that must be met
for a robot to successfully
execute a particular skill.

 Postcondition: A set of
conditions describing the
state of the environment
after a robot has executed a
particular skill.

Robot skKill

Execution

Precondition check

Continuous evaluation

Postcondition check

Preconditions

Current state “ Parameter

Prediction

Skill flow Information flow Input/Output

State change




Pre- and Postconditions as Propositions and Predicates

Proposition Predicate
AtTableB At(TableB)
GraspedKnifeAwRHand Grasped(KnifeA, RHand)

&

7 How can a robot map its complex environment to
pu abstract predicates?




Grounding a Predicate is linking abstract symbols or logical
expressions to real-world data and conditions.

Classifier Distribution
Representation: Representation:

Class B




Ways to Monitor Outcomes and Errors

MOTION 7o

Sl PREDICTION j/

ﬁ) 4

o2

VISUAL o gy " 1. Learning Goal and
FRELE L EH Error Classifiers
\ERROR

R . 2. Detecting

- . .
,‘ & Deviations from
o~ B Nominal Sensory
Values

i

, ——r

TARGET

.
[hd

3. Verifying Predicates



Compositional
and Hierarchical task
structures

Cc?mposr’clonal Structure of Robotic Skill Execution
and Hierarchical tasks

Ways to Segment Trajectories into S

Skill Discovery While Solving Tasks

Component Skills



Instruction 1:
Open the drawer.

Instruction 2:

Put the apple inside
the drawer while keep it
open.

Instruction 3:
Release the apple
and move hand away.

Instruction 4:
Close the drawer.



Structure of Robotic Skill Execution

e

0 = (Iﬂ't .ﬁﬂﬁﬁﬂ)a

3 Sl e 1,:5—{0,1)
= £ |
2 Execution g
O =
5 g e ;Bﬂ : S = [U‘ 1]
S S
& B
o Continuous evaluation 8 o T
o0

A skill library is a set of reusable skills for a robot.

initiation set.

termination condition.

option policy.




How to identify skills?

Identifying Skills:

1. Discovering Skills While Solving Tasks

2
[ Event-Based Skill 3
Task Execution Ereaiion Skill Refinement

2. Segmenting Trajectories into Component Skills

Skill similarity Specific Events Language-guided




Ways to measure skill similarity

Policy Similarity: Pre- and Postcondition Similarity:
* Measures skill similarity by fitting * Segments skills based on achieving
data to policies and evaluating goals from different initial
distance in parameter space. canditions

d*(z,y) = D1sT("(z), 7" (y)) + W1 (d") (P™ (-] ), P™ (-] )
(A) (B)
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| o s T

'| Goal: Place a microwaved apple "x avigate to kitchen step 1 (LLM)

| slice on top of the table | Action 1: LookDownl5

| Action 2: MoveAhead300

i Navigate to kitchen step 2 (LLM) :

| Action 3: RotateRight90 |

| Action 4: MoveAhead100 ;

i_@gtinn 5: LookDownl5 !
i
I
I
I
I

1

1

1

1

1

1
lActmn l: LookDownl5 i
' Action 2: MoveAhead300 !
' Action 3: RotateRight90 !
| Action 4: MoveAhead 100 i
1

1

1

1

1

1

1

1

1

1

1

i

1

1

1

| Action 5: LookDownl 5

'I Action 6: PickupOhbject

' ButterKnife

' Action 7: SliceObject Apple
| Action 8: LookUpl5

&

! Pick up butterknife and slice apple (LLM)
| Action 6: PickupObject ButterKnife
! Action 7: ShiceObject Apple

. - :
i Place microwaved apple shice on table (LLM)

E ,ﬂu:tmn T Put{]h_]ect I‘-_m:if:T:-ilJulf:

Step l: ]mtlal Sﬂgmentatmn

- ® Skill 1
modal ;
' Variational @ Skill 2

: ' Encoder

_,_____,_._.,_____._.__.____,__,._____.._____,.

(Language mput) 5

Step 2: Temporal Varlatlonal Inference




Figure 1. The trajectory segmentation and merging procedure.
[10]




Eureka and DrEureka



& Environment Code & Coding LLM

S def compute_reward(

J ((3F>1'£1) (:l\ .obj_rot, obj_angvel, ...

class ShadowHandPenSpin(VecTask): ~ 4D ):
def compute_observations(self): Reward 7 .
self.obj_pose = ... qu v y penalty

self.obj_pos = ... - Candidate av_norm = torch.norm(obj_angvel)

self.obj_rot = ... av_penalty = torch.where(

self.obj_linvel Sampling av_norm > 2.9,
self obj_angvel > torch.exp(av_norm - 2.0)
o )
self.tgt_pose = ... - o
self.tgt_pos = ...
- &
self.fingertip_state = ...

self.tgt_rot = ...
self.fingertip_pos = ... Query with E u re ka GPU-

self.compute_full_state() Feedback Accelerated RL
def compute_full_state(self): -
We trained a RL policy using the
provided reward function code...
av_penalty: ['0.62', '0.05', Q
> e 2 '0.85', '0.04', '0.03', ...]
Task Descrlptlon success_rate: ['0.00', '0.38°',
'1.57', '3.01°', '3.95', ...] Reward
e Please carefully analyze the policy .
To make the shadow hand spin the pen feedback and provide a new, improved Reflectnon
to a target orientation reward function...

[11]
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[12]

Eureka Reward Design Reward Function y 8 Final Sim2Real
Initial Policy Learning 1 Policy Learning
a Reward-Aware Domain
135 Physics Prior Randomization
Policy Gravity |

—) &
0000000 &
BRAAA A A A S
| -

|
1
{

Task + Safety Instruction |

~\

To make the gol quadruped balance on
the top of the ball. The quadruped
should maintain a z-position of 2 *
ball_radius or higher.

Please keep in mind that the ‘ D r E u re ka
policy will be deployed on a robot in ..l'

the real world. As such, you should
prioritize safety, robustness...




Voyager
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Curiosity learning, curriculum learning, skills

Automatic Curriculum Iterative Prompting Mechanism Skill Library

awalt bot.equip{sword, "hand");} Craft Stone Sword

ake Crafting Table else {

async function combatZombie(bot) {
s E{]‘UT:,D a weapon Mine Wood Log
const sword = bot. imen‘rt:-r; findInventoryItem(
mcData. itemsByName["stone_sword"].id); Make Crafting Table
if (sword) {
M

P S

Mew await craftStoneSword{bot);} .--------. f Skill Make Furnace
Combat Task AS Craft and equip a shield Retrieval
Zombie await craftShield({bot); SV . — Craft Shield
} Cook Steak
N Combat Zombie
Env Feedback Code as Refine Program
Execution Errors Actions 6

Mine Diamond Update
Exploration
Progress

[13] Environment Self-Verification

Q Add New Skill
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