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[dea 1: Imitation Learning via Supervised Learning

Given: Demonstrations of optimal behavior o
arg max E(s+,a*)~D [log mg(a™|s™)]
Goal: Train a policy to mimic the demonstrator

|dea: Treat imitation learning as a supervised learning problem! —— Behavior Cloning

supervised
[ learning ] ﬂg(atlot)




So does behavior cloning really work?

= Imitation Learning # Supervised Learning

Compounding error!

argmg“XE(s*,a*)ND [lOgﬂ'Q(CL*‘S*)] <1:"(S,a,)f'\J,O(T(') []‘(a’ — a*)]
T |

Not the same!




Let's try and understand where the problem lies?

Behavior cloning has challenges in both theory and practice
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Fffects of choice of f-divergence on behavior

Different divergences lead to different properties

By opr, () [DrL(T(|87)] |70 (-[57))] " Eoenp, () [Dr(me(]s7), mo(-]s"))]

Forward KL (behavior cloning) More general class of divergences

p()
f(qmﬂ

Forward KL (mode covering) f(af) = X log(aﬁ)
— — = = Reverse KL (mode seeking) f(:C) = — log(:c)

Df(p(CC), Q(:U)) — Eq(ac)

or Use aricher distribution class!

: Y,
So how do we fix BC: (Change my)



Using Richer Policy Distribution Classes

Multimodal behavior = use more expressive probability
distributions, no mode averaging issues

1. Output mixture of Gaussians
2. Latent variable models

3. Autoregressive discretization
4. Diffusion models

5.
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Let's try and understand where the problem lies?

Behavior cloning has challenges in both theory and practice
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Concrete Instantation: DAgger

can we make pqata(0t) = D, (04)7?

idea: instead of being clever about p;,(0:), be clever about pgata(0¢)!

DAgger: Dataset Aggregation

goal: collect training data from p;,(0;) instead of pgata(0¢)
how? just run mg(a;|o;)

but need labels a;!

1. train mg(a;|os) from human data D = {07,a1,...,0n,ayN}
2. run my(as|o;) to get dataset D, = {01,...,0p/}

3. Ask human to label D, with actions ay

4. Aggregate: D < DU D,

Ross et al. ‘11



DAgger Example

Ross et al. ‘13
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What's the problem?

Requires human

effort

Ross et al. ‘11

1. train my(as|os) from human data D = {oq, ay,

2. run mwy(az|os) to get dataset D, = {oq,
3. Ask human to label D, with actions a;
4. Aggregate: D < DU D,

...,oN,aN}
...,OM}—

Requires running policies
and labeling post-hoc



How might we fix this?

1. train my(as|os) from human data D = {o1,a1,...,0n,an}
2. run my(az|o;) to get dataset D, = {01,...,057} Can we avoid
Can we reduce S —— e labeling post-hoc?
human cost? 1 3. Ask human to label D, with actions a;

4. Aggregate: D < DUD,

Ross et al. ‘11



How might we fix this?

1. train my(as|os) from human data D = {o1,a1,...,0n,an}

Can we avoid
2. run my(az|o;) to get dataset D, = {01,...,057} labeling post-hoc?
3. Ask human to label D, with actions a;

4. Aggregate: D < DU D,

Ross et al. ‘11



DAgger is a bit impractical —=> HG-DAgger

Dagger requires revisiting states and What if we allowed people to take
labeling post-hoc control for longer?
7 7

A

V4
,, . .
A/ Human intervention

. St d™? (point of intervention)
7T
St ~~ d’™® St41:t4k ~ d™r ’375 (human takeover)

a ~ mp(als) a ~ h(als) (human actions)

Can do “blended” control, but

s Can we do this pre-emptively?
becomes hard to get precision this pre-emptively

Kelly et al, HG-Dagger, 2018



Noising the Data Collection Process

Key idea: force the human to correct for noise during training

Under noise during data collection

Maximize likelihood

. Supervisor - l
A Robot Yusa = argmin By, ) — 3 log [my (mg (xe ) xt, )
t=0

V'S
.

Noise Injection

DART: Noise Injection for Robust Imitation Learning, Laskey et al CoRL ‘17



Why might this not be enough?

Key idea: force the human to correct for noise during training

Supervisor

Robot

®

Noise Injection

Assumes that the expert can actually perform behaviors under noise
- Not always possible!

DART: Noise Injection for Robust Imitation Learning, Laskey et al CoRL ‘17



How might we fix this?

1. train my(as|os) from human data D = {o1,a1,...,0n,an}
2. run mg(az|oy) to get dataset D, = {01,...,05}
Can we reduce Ask h label D with :
human cost? 3. Ask human to label D, with actions a;

4. Aggregate: D < DU D,

Ross et al. ‘11



Can we avoid expensive online data collection/labeling?

—
-
—>
—> D={s,a,s’}
—>
SN— -

Generate corrective labels
to dataset for imitation

AbHa&
Deshpande

How can we find corrective labels without an expensive human in the loop
and online data collection?

Yunchu ]JWnﬂng
Zhang Ke



Generating Corrective Labels From True Dynamics

Find states (s,), actions (a,) that lead back
to optimal states under true dynamics

NO--- min [lsg,; — f(s0, a0)|| < e

Easy with known dynamics

Intuition: find labels to bring OOD states back in distribution

But models are unknown! ®

CCIL: Continuity-based Data Augmentation for Corrective Imitation Learning, Ke et al ‘24
Data Efficient Behavior Cloning for Fine Manipulation via Continuity-based Corrective Labels, Deshpande et al ‘24



Generating Corrective Labels with Learned Dynamics

Ok models are unknown,
let’s learn them!

(s ) [ (50000) = st 2]

]
s

-

O ’
| 4

. * L
But learned dynamics f,; are not globally accurate? Isip1 — fo(se, ae)|| < e
1 Find states (s,), actions (a,) that lead back to
Under approximately Lipschitz smooth optimal states under tr4e learned dynamics,
models, trust models around training data where learned dynamics can be trusted
min ||s;, 1 — fe(st,ar)] < € - Corrective label

St, At
s.t||sy — st|| < e, ||lay — at]| < eg «—— Close to data

CCIL: Continuity-based Data Augmentation for Corrective Imitation Learning, Ke et al ‘24
Data Efficient Behavior Cloning for Fine Manipulation via Continuity-based Corrective Labels, Deshpande et al ‘24



How well does generating corrective labels work?

With corrective labels Without corrective labels

Altonomous (1x)

CCIL: Continuity-based Data Augmentation for Corrective Imitation Learning, Ke et al 24
Data Efficient Behavior Cloning for Fine Manipulation via Continuity-based Corrective Labels, Deshpande et al ‘24



How well does generating corrective labels work?

With corrective labels

Without corrective labels
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But BC works unreasonably well!

s this by accident?

Generative Models Action chunking

Action Chunking

g i
v OO0

t=4

w @00
@O
t=2 L]

t=3

L]

O oog

2 3 4 5 6 7

o OO

Action Chunking + Temporal Ensemble

x [0.5,0.3,0.2,0.1] = |:|

L]
L1
| ]

Flow matching, diffusion, etc Short-horizon open-loop prediction

Both are non-trivially important!



Action Chunking

Action chunking = predicting small “chunk” of open loop actions

closed loop

[01] 02] 03] o4

— policy
: ! ! anvironment action chunking with smoothening Action Chunking + Temporal Ensemble

[a1 ] [32} {33] - 0 [@T0 x[05,03,02,01] =[]
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action chunking (open loop)

O oog

https://www.haonanyu.blog/post/action chunking/
https://arxiv.org/abs/2304.13705



https://www.haonanyu.blog/post/action_chunking/

‘Real-Time" Action Chunking

Real challenge when trying to operate robotic policies quickly

inference starts

(15N

temporal
ensemble

naive async

obstacle

Vv

inference delay, d 8 @, 4 A4
15

inference finishes

Leads to jerky/suboptimal motion

e

1

guidance
weight

0

as a, a3 a, a, a a a a a G4 GG 4G Ay G G Ay G Gz G G

. J ~— B L — \L J
v v v v
execution horizon, s inference delay, d intermediate region, H-d - s execution horizon, s
steps since last inference started frozen, will be executed actions can be changed empty, must be freshly generated
inference starts

Freeze k steps and inpaint the rest

Real-Time Execution of Action Chunking Flow Policies, Black et al, ‘25



Generative Modeling — why does it help?

Do generative models help because human data is multimodal?

Much Ado About Noising: Dispelling the Myths of
Generative Robotic Control

Chaoyi Pan®® Giri Anantharaman® Nai-Chieh Huang” Claire Jin® Daniel Pfrommer”
Chenyang Yuan® Frank Permenter Guannan Qu®' Nicholas Boffi®*' Guanya Shi%'
Max Simchowitz®"

Shows that the benefits of generative Shows that the benefits come from
models is not only in multimodal settings stochasticity injection + iteration



Generative Modeling — why does it help?

Do generative models help because human data is multimodal?

Not much multimodality in existing policies Better even with deterministic experts

o o P % P 1 'e
juie | Dataset Flow Reg.
o.' ““; .. ". O. . 0.5 . .
CHARAS (SR Original ~ — 0.78 ~ 0.58
Ve ',:f.: o TS0 e ‘0.0 Deterministic ~ 0.72  0.64
(a)Push T  (b)Kitchen (c)Tool Hang Q
Task z=0 N(0,I) Meanz
Push-T 097 097 095 Ok - so why do these flow models help?

Kitchen 0.99 0.99 0.97
Tool-Hang 0.78 0.80 0.76




Generative Modeling — why does it help?

C1. Distributional Learning

|+ A

C2. Stochasticity Injection

e > >

C3. Supervised Iterative Compute

Train with stochasticity injected to
“correct for errors” in generation

& e
02‘./1"

.9’ Ideal GCP generation
‘9‘ GCP updates during training

___> Implicit correction due to
stochasticity injection
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Kind of like DART but inside a
single step of action generation
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Regression mmm Straight Flow mmm Residual Regression . MIP . Flow

Minimal degradation when flow noise is removed



How is this being actualized today?

—
T dataset

a7 ¢
Rk &

Internet
pre-training

i TEN

7

E==ll=s==ll==l=l==I=1=2

pre-trained VLM
SigLIP (400M) + Gemma (2.6B)

(DC)(D (DCD(D (D(D(D D(DCDO

action expert
(389M)

/ \/ —

#tonomous, 2x speed

I l
e

E A

r——{’
\---- R

noise

AE/

—

14 DoF
Bimanual
Manipulators

18 DoF
Mobile
Manipulators

7 and 8 DoF
Single Arm
Manipulators

Vision-language-
action policies



So does this solve all the issues in imitation?



Frontiers in Imitation Learning

Non-Markovian Demonstrators Characterizing generalization

Humanoid Transformer }

Action-Free Data
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Frontiers in Imitation Learning

Human

Data Curation and Quality Embodiment Shift

State Action
Coverage ‘ consistency

Teleoperation Interfaces




Frontiers in Imitation Learning

Learning how to retry and improve

Task Plan Generation
Sub-goal 1: Sub-goal 2: Sub-goal 3: . Collected
C@ "Open the top drawer ') Grasp the top drawer handle Pull out the drawer handle Check for drawer open Successful task trajectory demonstrations
Trajectory 9
Filtering -

Action Sub-goal
& =P Generation - Verification
2 .. ° Module A Module
Verification condition: E Temporary Goal State
'Did the robot gripper grasp Generated action code
the top drawer handle?'

Error Recovery

Duan et al



Accounting for Suboptimal Data

Suboptimal
data

Target
>
N
Rg”ﬁom How can we use this suboptimal data,
;‘;y despite not reaching the target?

\_ J




Hindsight relabeling for Imitation Learning

Target (goriginal)

Key insight: maybe the data is not bad, it’s
just been labeled for the wrong problem!

| |

Relabel the right goal in “hindsight” Treat reached states as optimal goals

Learn a multi-goal policy mg(als, g)



What does this result in?

Undirected play data

Goal-directed behavior

Single Play-LMP policy



Dealing with non-Markovian demonstrators

Markov property  p(so, 51, 52, a0, a1, a2) = p(so)p(aolso)p(s1]so, ao)p(ai|s1)p(sals1, a1)p(az|ss)

Are human demonstrators Markovian?

If we see the same thing

@a®
"‘ twice, we do the same thing

twice, regardless of what

To (a ‘ S) happened before

Not necessarily!

Humans often rely on history Mixtures of Markovian humans may not
be Markovian



How can we deal with non-Markovian demonstrators?

Learn 7T9(CLt|St, St—Tyeens So)

variable number of frames,
too many weights

Option 1: Stack all the past frames into a feedforward NN

Credit: Sergey Levine



How can we deal with non-Markovian demonstrators?

Learn 7T9(CLt|St, St—Tyeens So)

shared weights \

RNN state

RNN state

RNN state

Option 2: Use a recurrent model (LSTM/transformer/RNN) . .
Credit: Sergey Levine



Why might this be challenging?

Learn W@(&t‘st, St—Tyeens So)

Easier to go OOD Learns spurious shortcut behaviors

Scenario A: Full Information

— training tre
— Ty expectec

policy attends to brake indicator

Scenario B: Incomplete Information

policy attends to pedestrian




Recent advances in memory for imitation learning

Use text + video encoder for long and short term memory

TTTTTTTTTTTTTTTTTT

OOOOO
AAAAAAA

IIIIIIIIIIIIII

Still many open questions!



Some cool imitation videos



Generalist/Sunday Robots

Sensorized people improve
data throughput




Inheriting capabilities of vision-language models

»



Perspectives on Imitation

supervised We(at |0t>
learning

m  Pros:

= Easyto use, no additional infra

= Can sometimes be unreasonably effective

m Cons:

= Challenges of compounding error, multimodality

= Doesn’t really generalize

= Very expensive in terms of data collection!
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Class Structure

14

/—[ Imitation Learning ]\
/

4 Model-free Reinforcement Learning

~

Policy Gradient ADP Model-based Reinforcement Learning
J
\—[ Unifying Perspectives on RL and IRL ]—/
Frontiers A
Exploration Learning from Prior Data Learning across tasks
J




Objective of Reinforcement Learning

* Rules for choosing actions

——————————————————————— A
f

:[AgentJ— - “

state | | reward action Policy
X R A, 9

< 1 g .

| . _S.. | Environment -~ \_ : J
| :
& i

T
max K-, E r(s¢, ar)
0
T | t=0

Needs to be learned
Trajectory sampled using policy



Finite horizon vs infinite horizon objective

’_l Agent l
T state | | reward action
max Erer, Z’r St, Q) S| R A,
i R (
t=0 §< S.. | Environment ]4—
Finite horizon Infinite horizon discounted
Ewg T(Sh at) Eﬂ‘@ Z /ytr(sh CLt)
T | t=0 Time-dependent policy t=0

(not stationary)

A
1 Time-independent (stationary) policy
t
e Z vr(st, at)} - Need discount to prevent blow up

Lemma: there always exists a stationary optimal policy



Objective of Reinforcement Learning

state reward
S, R,

i

:[AgentJ—
4 R (
S | Environment ]4

max K-,

T

Trajectory sampled using policy

&

T
E T Staat

| =0

Assumptions:
action 1. Rewards are additive
A, 2. Dynamics can be sampled from,
but functional form is unknown
3. Rewards are provided as every
state is visited, functional form
is unknown



Connection to Optimal Control

Closely related: typically problem of finding control given a plant

X
min/ L(t,z(t),u(t)).dx
€Ir,u

w.r.t

Main difference: model known vs unknown
Minor differences: Cost vs reward, discrete vs continuous time




How should we optimize this objective?

’,l Agent Jl

state reward

action

7

Gradient Ascent

\.

Environment ]4

Dynamic Programming

Each method has it’s own +/-

Model-Based Optimization



L ecture outline

Deriving the Policy Gradient

What makes the Policy Gradient Challenging? - Variance

What makes the Policy Gradient Challenging? — Covariant Parameterization



Gradient Ascent

p(samples|d)

argmax

p(samples|d)

argmax

Simple view — move the parameters in the
direction of the gradient of the objective

0ii1 =0, + aVgJ(0)|g—o,

More later: can be derived as steepest ascent in Euclidean norm



Gradient Ascent for Supervised Learning

Recall our imitation learning objective arg m@ax E(S* a*)~D [lOg To (CL* \S* )]

Let’s apply gradient ascent

VGE(s*,a*)ND log mg(a™|s™)]
Vo /p(s* ,a™ ) log mg(a™|s™)ds™ da*

/p(s*, a*)Vologme(a™|s™)ds* da™

IEj’(s* ,a*)~D [VQ 10g . (CL* ’S*)]

Compute gradient and average



Ok let's do gradient ascent for the RL objective

A
max Err, Z r(se, az) REINFORCE gradient descent (RL)
| t=0 R
) " VQE:UNZDQ () [f(aj)]
/pe (T)R(T)dT (Cannot simply compute average of expectation)

Standard gradient descent (supervised learning)

Gradient wrt expectation variable, not of integrand! VeEa;Ng(a:) [fe (x)]

(Whiteboard) (Gradient passes inside the expectation -

compute gradient and average)



14

Taking the gradient of sum of rewards

A
max ]ETNM T(St, at) Let’s take the gradient of this objective
¢ | t=0
J(@) — /pg (T)R(T)d(T) Let’s think about this from the trajectory view
We need to express this in a way that we can
Vo J(@) / (T)R(T)d(T) evaluapte with expectat)i/ons
Po(T)
V = / Vopo(T)R(7)d(T
= [ Vamsn) @) = [ EEEopo(r)R(r)(r)
/ T)Vologpy(7)R(T)d(1) = Ep(r) [V logpe(7)R(7)]

dlog(z) dlog(z)dr 1dx REINFORCE trick

d0  —  de d0 xdf

Use chain rule
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Taking the gradient of return

Initial State

Dynamics Policy @ @ @ @

pe(T) = P(SO)HtTop(3t+1‘3taat)”(at|8t) @ @ @ @

log po(T)

(Ancestral sampling)

T—1

= log p(s0) + Z log p(st+1]st, at) + log m(at|st)

t=0

-1
Vg logpg(T) = Vg 1>g{(so) + ) Vs 10%%4&% at) + Vo log m(az|s:)

tOTl

Vo logpe(T Z Vg log m(ay] St)\

t—0 Model Freel!



Taking the gradient of return

T
VoJ(0) = Erp,r) | Vologpa(r Zr St, Q)

| t=0 _
- . _
VoJ(0) =E 5 ~p(so) Z Vo logmg(as|st) Z r(se, at)
st+1~D(St+1]5¢,a4) | t=0 t’'=0 _
CLtN7T(a,t|St)
| N7 T o
~ Z Z Vo log mo(aj|s}) Z r(sy,ay) (approximating using samples)
1=0 t=0 t’=0

(Monte-Carlo approximation)



What does this mean?

17

VoJ(0) :/ 0(7)Vglogpg(T

T
S‘ S‘ Vo log mg(al|s?) Z r(st,al)

zOtO

Increase the likelihood of actions in high return trajectories

R =30
R =100
R=-10

Density

0.5 A

0.4 1

0.3 A

0.2 A1

0.1 A

0.0 A

t'=0

0 1

Action



Resulting Algorithm (REINFORCE)

18

]

V-l i
VoJ(0) = / po(T)Vologpg(T)dr {COIIeCtData J [Takesci;d‘e”t
—— ——

0ii1=0; + aVeJ(0)|g=s,

REINFORCE algorithm:
On-policy —==> 1. sample {7?} from my(a¢|s;) (run it on the robot)

2. VoJ(0) = Y, (X, Ve log me(ailsh)) (3, r(si, al))
3. 0« 0+aVeJ(6)



19

How is this related to supervised learning?

Reinforcement Learning Supervised Learning

VoJ(0) = /pg(T)Vg log pg(T)dT mQaX]E(a:,y)ND log pe(y|z)]

T
. 1 g
_ YYVQ logﬂ'@ a’t‘st) Z r(si,,afg,) ~ N Zve lnge(y'L’(I;z)

zOtO t’'=0

PG = select good data + increase likelihood of selected data



How do we implement this?

19

REINFORCE algorithm:

= 1. sample {7'} from mg(as|s;) (run it on the robot)

| 2. VoJ(0) = >, (Zt Vo log 7r9(a§'|s§)) (Zt r(st, ai))

1 3. 0« 0+aVeJ(0)

Vo (0) = / po () Vg log po(r)dr ~

1

N

N T T
> ) Velogm(ajlsy) Y r(sh,al)
1=0 t=0 t’'=0

Compute gradients with autodiff ~ Sum up rewards in a trajectory



How do we implement this?

19

Maximum likelihood:

# Given:

# actions - (N*T) x Da tensor of actions

# states - (N*T) x Ds tensor of states

# Build the graph:

logits = policy.predictions(states) # This should return (N*T) x Da tensor of action logits
negative likelihoods = tf.nn.softmax_cross_entropy with logits(labels=actions, logits=logits)
loss = tf.reduce_mean(negative likelihoods)

gradients = loss.gradients(loss, variables)

AStandard maximum likelihood training



How do we implement this?

19

REINFORCE algorithm:

@ 1. sample {7'} from my(a;|s;) (run it on the robot)

2. Vo (6) ~ X (5, Vologmo(ails)) (5, 7(sihad)
- 3 0«0+ aVyJ(0)

Policy gradient:

# Given:

# actions - (N*T) x Da tensor of actions

# states - (N*T) x Ds tensor of states

# q_values - (N*T) x 1 tensor of estimated state-action values —2 Sum of rewards

# Build the graph:

logits = policy.predictions(states) # This should return (N*T) x Da tensor of action logits
negative_likelihoods = tf.nn.softmax_cross_entropy with logits(labels=actions, logits=logits)
weighted negative likelihoods = tf.multiply(negative likelihoods, q_values)

loss = tf.reduce_mean(weighted negative likelihoods)

gradients = loss.gradients(loss, variables)

Formalizes the notion of trial and error



19

How do we implement this?

Vo log mg(at|st)
Let’s try it for a Gaussian
m(a| s)

=m(a| pne(s),Xe(s))

! ! ! s) H(x — S
= (a | Ho(s): B0(9)) = s (06— o) Boa) o))

4 ) s)
_ : HS Easier for distributions
Similar for categorical or N ANAY .
o S SR R where likelihood can be
other distributions AV exp expressed symbolicall
CNENE log2(s) — X(s) P y y
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Does this work?

HalfCheetah-v1

2000

Comparison of 1500 P e
RL algorithms 1000 g
iIn Humanoid-v2 500
using CleanRL 0

-500

0 1000000

Kind of?
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