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Personal	RoboAcs	Hardware	

PR2		
Willow	Garage	

$400,000	
2009	

Baxter	
Rethink	RoboAcs	

$30,000	
2013	

Fetch	
Fetch	RoboAcs	

~$80,000	
2015	

?	



n  Tele-op	roboAc	surgery	

More	Generally	
n  Driving	

n  Flight	



Challenge	Task:	RoboAc	Laundry	



n  Variability	
n  ApprenAceship	learning	

n  Reinforcement	learning	

n  Uncertainty	
n  Belief	space	planning	

n  Long-term	reasoning	
n  Hierarchical	planning	

Challenges	and	Current	DirecAons	



n  Variability	
n  ApprenAceship	learning	[IJRR	2010,	ICRA	2010	(2x),	ICRA	2012,	ISRR	2013,	IROS	2014,	ICRA	2015	(4x)	IROS	2015	(2x)]	

n  Reinforcement	learning	

n  Uncertainty	
n  Belief	space	planning	[RSS	2010,	WAFR	2010,	IJRR	2011,	ICRA	2014,	WAFR	2014,	ICRA	2015]	

n  Long-term	reasoning	
n  Hierarchical	planning	[PlanRob	2013,	ICRA	2014,	AAAI	2015,	IROS	2015]	

Challenges	and	Current	DirecAons	



n  State-of-the-art	object	detecAon	unAl	2012:	

n  Deep	Supervised	Learning	(Krizhevsky,	Sutskever,	Hinton	2012;	also	LeCun,	Bengio,	Ng,	Darrell,	…):	

n  ~1.2	million	training	images	from	ImageNet	[Deng,	Dong,	Socher,	Li,	Li,	Fei-Fei,	2009]	

Object	DetecAon	in	Computer	Vision	
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Speech	RecogniAon	
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n  State-of-the-art	object	detecAon	unAl	2012:	

n  Deep	Supervised	Learning	(Krizhevsky,	Sutskever,	Hinton	2012;	also	LeCun,	Bengio,	Ng,	Darrell,	…):	

n  ~1.2	million	training	images	from	ImageNet	[Deng,	Dong,	Socher,	Li,	Li,	Fei-Fei,	2009]	
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n  Current	state-of-the-art	robo-cs	

n  Deep	reinforcement	learning	

RoboAcs	
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Reinforcement	Learning	(RL)	

n  RoboAcs	

n  MarkeAng	/	
AdverAsing	

n  Dialogue	

n  OpAmizing	
operaAons	/	
logisAcs	

n  Queue	
management	

n  …	
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Reinforcement	Learning	(RL)	

n  Goal:	

	
	
		

max

✓
E[

HX

t=0

R(st)|⇡✓]

probability	of	taking	acAon	a	in	state	s		

Robot + 
Environment 

⇡✓(a|s)

n  Addi-onal	challenges:	

n  Stability	

n  Credit	assignment	

n  Explora-on	

	 	
		



How	About	ConAnuous	Control,	e.g.,	LocomoAon?	
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A Approximating policies with neural networks
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Figure 4: Neural network architecture for the locomotion domain: Two fully connected hidden lay-
ers transform the input to the mean µ of a Normal distribution from which the controls are sampled.

To represent the stochastic policy ⇡
✓

, we use a neural network with weights ✓. The network maps the
observations to a set of parameters indexing the probability distribution that is then used to sample
the controls for the rollouts. We now describe the architecture used in the respective domains in
more detail.
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Neural	network	architecture:	

Input:	joint	angles	and	velociAes	
Output:	joint	torques	
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Figure 1: Robot models used for locomotion experiments, instantiated in MuJoCo physics simulator.
The three models on the left are constrained to two dimensions and are called the swimmer, hopper,
and walker—these models were used for the main experimental comparisons.

two other approaches: reward-weighted regression (RWR) [23]4 and the cross entropy method. All
of the methods were used to optimize the same neural-network parameterization of the policy.5 A
detailed listing of parameters used in the experiment is provided in Appendix E. We include the
classic cart-pole balancing task in additional to the more challenging locomotion domains, based on
the formulation from Barto et al. [24].

Learning curves of the policy optimization methods are shown in Figure 2. Our vine algorithm was
able to solve all of the tasks, learning a stable and naturalistic gait for the 2D hopper and walker.
The single path algorithm exhibits the best looking learning curves (the most reliably monotonic
improvement of total expected cost), but it did not yield a locomotion controller for the 2D walker;
instead, it yielded a controller that stood up but did not bother to move.

The cross-entropy method was not able to solve any of the tasks other than cart-pole, presumably
because it does not perform well for optimization problems with more than a couple dozen parame-
ters. Reward-weighted regression also performed reasonably well on the tasks, which is consistent
with the fact that it is performing gradient-based optimization of the policy, thus it can be expected
to scale with the number of parameters.6

We have also obtained promising preliminary results optimizing control policies for a 3D humanoid
model, which has 51 state dimensions and 19 actuators, using the single path algorithm. While the
initial policy falls over immediately, after several hundred iterations of policy iteration, we obtain a
policy that make substantial forward progress and survives for more than ten seconds before falling
over. Learning curves are shown in Figure 2.

6.2 Atari Domain

Next, we studied invested applied our algorithms to learn learn policies for playing Atari games,
using raw images as input. These games require a variety of different behaviors, such as dodging
bullets and hitting balls with paddles. Some games are made more difficult by the timing of when
rewards are delivered; for example, in most games, no immediate penalty is received after losing a
life. The diversity of the games makes Atari an interesting testbed for reinforcement learning. We
tested our policy optimization algorithms on the same seven games that Mnih et al. [5] reported
results on, since theirs is the only prior work on this domain that uses raw images as input, so that
work is the only meaningful reference for comparison.

As for the mundane implementation details, we first convert the images to grayscale and downsample
by a factor of four. We use the last four images as input to the policy. The policy is represented by a
convolutional neural network, whose structure is shown in Figure 5.

4We implemented the following variant of reward-weighted regression. First, sample a set of trajectories
from the stochastic policy. Select the top 10% of trajectories that achieve the lowest total cost. Then use
L-BFGS to maximize the log-likelihood of all of the controls performed along those trajectories.

5 We reduced the number of hidden units for the cross-entropy method, which improved its performance.
6 The learning curves slightly overstate the performance of RWR, though, because the experiment with

RWR used a single initial state, whereas the other methods used a distribution over initial states. Using a
single initial state was necessary for good performance of our implementation of RWR, but there may be some
modifications that make RWR suitable for a distribution of initial states.
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Robot	models	in	physics	simulator	
(MuJoCo,	from	Emo	Todorov)	



Learning	LocomoAon	

[Schulman,	Moritz,	Levine,	Jordan,	Abbeel,	2015]	



n  Trust	Region	Policy	OpAmizaAon	[Schulman,	Levine,	Moritz,	Jordan,	Abbeel,	2015]	

n  Policy	OpAmizaAon:	
n  Ojen	simpler	to	represent	good	policies	than	good	value	funcAons	
n  True	objecAve	of	expected	cost	is	opAmized	(vs.	a	surrogate	like	Bellman	error)	

n  Trust	Region:	
n  Sampled	evaluaAon	of	objecAve	and	gradient	
n  Gradient	only	locally	a	good	approximaAon	
n  Change	in	policy	changes	state-acAon	visitaAon	frequencies	

Technical	Ideas	

max

✓
E[

HX

t=0

R(st)|⇡✓]



n  Generalized	Advantage	EsAmaAon	[Schulman,	Moritz,	Levine,	Jordan,	Abbeel,	2015]	

n  Fuse	value	funcAon	esAmates	with	policy	evaluaAons	from	roll-outs	

n  Trust	region	approach	to	(high-dimensional)	value	funcAon	esAmaAon	

Technical	Ideas	

max

✓
E[

HX

t=0

R(st)|⇡✓]



In	Contrast:	Darpa	RoboAcs	Challenge	



n  Deep	Q-Network	(DQN)	[Mnih	et	al,	2013/2015]	

n  Dagger	with	Monte	Carlo	Tree	Search	[Xiao-Xiao	et	al,	2014]	

n  Trust	Region	Policy	OpAmizaAon	[Schulman,	Levine,	Moritz,	Jordan,	Abbeel,	2015]	

Atari	Games	

Pong	 Enduro	 Beamrider	 Q*bert	



How	About	Real	RoboAc	Visuo-Motor	Skills?	



Supervised	learning	

trajectory	opAmizaAon	

policy	search	(RL)	

supervised	learning	

trajectory	opAmizaAon	

complex dynamics complex policy 

complex dynamics complex policy 

complex dynamics complex policy 

HARD	

EASY	

EASY	

general-purpose	neural	network	controller	

Guided	Policy	Search	



Instrumented Training 
training time test time 



Deep	SpaAal	Neural	Net	Architecture	

[Levine*,	Finn*,	Darrell,	Abbeel,	2015,	TR	at:	rll.berkeley.edu/deeplearningroboAcs]	

(92,000	parameters)	

⇡✓



Experimental Tasks 

[Levine*,	Finn*,	Darrell,	Abbeel,	JMLR	2016	



Learning	

[Levine*,	Finn*,	Darrell,	Abbeel,	JMLR	2016	



Learned	Skills	

[Levine*,	Finn*,	Darrell,	Abbeel,	JMLR	2016	



Visuomotor	Learning	Directly	in	Visual	Space	
1.	Set	target	end-effector	pose	

2.	Train	exploratory	non-vision	controller	

3.	Learning	visual	features	with	collected	images	

4.	Provide	image	that	defines	goal	features	

5.	Train	final	controller	in	visual	feature	space	

[Finn,	Tan,	Duan,	Darrell,	Levine,		Abbeel,	2015]	



Visuomotor	Learning	Directly	in	Visual	Space	

[Finn,	Tan,	Duan,	Darrell,	Levine,		Abbeel,	2015]	



Autonomous Flight 

Agriculture Urban 
Delivery 

Key challenge: Enable autonomous aerial vehicles (AAVs) to navigate complex, 
dynamic environments 

Law 
Enforcement 

[Khan,	Zhang,	Levine,	Abbeel	2016]	



ZED Stereo 
Depth Camera 

NVIDIA 
Jetson TX1 

3DR Solo 

  

  

    



Experiments:	Learned	Neural	Network	Policy	

[Khan,	Zhang,	Levine,	Abbeel	2016]	



Experiments:	Learned	Neural	Network	Policy	

[Khan,	Zhang,	Levine,	Abbeel	2016]	



Experiments: comparisons 

Canyon Forest 

[Khan,	Zhang,	Levine,		Abbeel,	2016]	



n  Shared	and	transfer	learning	

FronAers	

n  Hierarchical	reasoning	

n  MulA-Ame	scale	learning	

n  Memory	

n  EsAmaAon	

[Mordatch,	Mishra,	Eppner,	Abbeel	ICRA	2016]	

n  Transfer	simulaAon	->	real	world	
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