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Abstract

Sequential prediction problems such as imitation
learning, where future observations depend on
previous predictions (actions), violate the com-
mon i.i.d. assumptions made in statistical learn-
ing. This leads to poor performance in theory
and often in practice. Some recent approaches
(Daumé III et al., 2009; Ross and Bagnell, 2010)
provide stronger guarantees in this setting, but re-
main somewhat unsatisfactory as they train either
non-stationary or stochastic policies and require
a large number of iterations. In this paper, we
propose a new iterative algorithm, which trains a
stationary deterministic policy, that can be seen
as a no regret algorithm in an online learning set-
ting. We show that any such no regret algorithm,
combined with additional reduction assumptions,
must find a policy with good performance under
the distribution of observations it induces in such
sequential settings. We demonstrate that this
new approach outperforms previous approaches
on two challenging imitation learning problems
and a benchmark sequence labeling problem.

1 INTRODUCTION

Sequence Prediction problems arise commonly in practice.
For instance, most robotic systems must be able to pre-
dict/make a sequence of actions given a sequence of obser-
vations revealed to them over time. In complex robotic sys-
tems where standard control methods fail, we must often
resort to learning a controller that can make such predic-
tions. Imitation learning techniques, where expert demon-
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strations of good behavior are used to learn a controller,
have proven very useful in practice and have led to state-
of-the art performance in a variety of applications (Schaal,
1999; Abbeel and Ng, 2004; Ratliff et al., 2006; Silver
et al., 2008; Argall et al., 2009; Chernova and Veloso, 2009;
Ross and Bagnell, 2010). A typical approach to imitation
learning is to train a classifier or regressor to predict an ex-
pert’s behavior given training data of the encountered ob-
servations (input) and actions (output) performed by the ex-
pert. However since the learner’s prediction affects future
input observations/states during execution of the learned
policy, this violate the crucial i.i.d. assumption made by
most statistical learning approaches.

Ignoring this issue leads to poor performance both in the-
ory and practice (Ross and Bagnell, 2010). In particular,
a classifier that makes a mistake with probability ✏ under
the distribution of states/observations encountered by the
expert can make as many as T

2
✏ mistakes in expectation

over T -steps under the distribution of states the classifier
itself induces (Ross and Bagnell, 2010). Intuitively this is
because as soon as the learner makes a mistake, it may en-
counter completely different observations than those under
expert demonstration, leading to a compounding of errors.

Recent approaches (Ross and Bagnell, 2010) can guarantee
an expected number of mistakes linear (or nearly so) in the
task horizon T and error ✏ by training over several itera-
tions and allowing the learner to influence the input states
where expert demonstration is provided (through execution
of its own controls in the system). One approach (Ross and
Bagnell, 2010) learns a non-stationary policy by training
a different policy for each time step in sequence, starting
from the first step. Unfortunately this is impractical when
T is large or ill-defined. Another approach called SMILe
(Ross and Bagnell, 2010), similar to SEARN (Daumé III
et al., 2009) and CPI (Kakade and Langford, 2002), trains
a stationary stochastic policy (a finite mixture of policies)
by adding a new policy to the mixture at each iteration of
training. However this may be unsatisfactory for practical
applications as some policies in the mixture are worse than
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training distribution when ⇡̂ 6= ⇡
⇤ and because the learner

does not learn how to recover from mistakes it makes. The
intuition behind the next approach, called forward training
algorithm, is that both of these problems can be solved if
we allow the training to occur over several iterations, where
at each iteration we train one policy for one particular time
step. If we do this training sequentially, starting from the
first time step to the last, then at the i

th iteration, we can
sample states from the actual testing distribution at time
step i by executing the learned policies for each previous
step, and then ask the expert what to do at the i

th time step
to train the next policy. Furthermore, if the learner makes
mistakes, the expert demonstrates how to recover at future
steps. The algorithm terminates once it has learned a policy
for all T steps. This is similar to the Sequential Stacking
algorithm (Cohen 2005) for sequence classification.

Formally, let ⇡
n
i denote the policy executed at time step

i after the n
th iteration of the algorithm and ⇡

n the non-
stationary policy defined by ⇡

n
i for i = 1, . . . , T . Initially,

we set ⇡
0
1 , ⇡

0
2 , . . . ,⇡

0
T to query the expert and do the same

action. At iteration i, the algorithm trains the policy ⇡
i
i

on state distribution d
i
⇡i�1 , and all other policies remain

unchanged (i.e. ⇡
i
j = ⇡

i�1
j 8j 6= i). After T iterations, ⇡

T

does not query the expert anymore and we are done.

We can bound the expected total cost of the final policy ⇡
T

as follows. Let J⇡(⇡0, t) denote the expected T -step cost of
executing ⇡

0 at time t and policy ⇡ at all other time steps,
and denote the policy disadvantage of ⇡

i
i with respect to

⇡
i�1 as A(⇡i�1

, ⇡
i
i) = J

⇡i�1
(⇡i

i , i)�J(⇡i�1). The policy
disadvantage represents how much increase in T -step cost
we incur by changing the current policy at a single step.
Theorem 3.1. J(⇡n) = J(⇡⇤) + nĀ, where Ā =
1
n

Pn
i=1 A(⇡i�1

, ⇡
i
i). (Proof in Supplementary Material)

This bound suggests that we should choose ⇡
i
i to minimize

A(⇡i�1
, ⇡

i
i), or equivalently J

⇡i�1
(⇡i

i , i), i.e. minimize the
cost-to-go from step i, assuming we follow ⇡

⇤ afterwards.
Minimizing cost-to-go is impractical in imitation learning,
however. To train a classifier, this requires the ability to try
several actions from the same state and see what cost-to-go
is incurred after for each of these actions. This can only be
achieved if we have the ability to restart the system in any
particular state, which is usually not the case in practice.
Learning a value-estimate (i.e. regression) also typically
requires far more samples and is less robust if we are only
interested in determining the best action. Besides sample
complexity, the interaction required with an expert in this
case is quite unnatural as well– we have to try an action,
use the expert in the loop and then try alternate actions “re-
seting” to the original state for multiple runs.

Finally, in imitation learning the true cost function C we
would ideally like to minimize for mimicry is often un-
clear; instead we typically use agreement with the expert
to bound the loss with respect to an arbitrary cost. That

Initialize ⇡
0
1 , . . . ,⇡

0
T to query and execute ⇡

⇤.
for i = 1 to T do

Sample T -step trajectories by following ⇡
i�1.

Get datasetD = {(si, ⇡
⇤(si))} of states, actions taken

by expert at step i.
Train classifier ⇡

i
i = argmin⇡2⇧ Es⇠D(e⇡(s)).

⇡
i
j = ⇡

i�1
j for all j 6= i

end for
Return ⇡

T
1 , . . . ,⇡

T
T

Algorithm 3.1: Forward Training Algorithm.

is, if ⇡
i
i mimics exactly ⇡

i�1
i = ⇡

⇤, then the policy dis-
advantage A(⇡i�1

, ⇡
i
i) = 0. Hence, small classification

error mimicking the policy we are replacing at each iter-
ation should guarantee good performance under all cost
functions. Thus, our forward algorithm (detailed in Al-
gorithm 3.1) chooses ⇡

i
i to minimize the 0-1 loss with

respect to ⇡
⇤ under d

i
⇡i�1 . From the reduction point of

view, any standard classification algorithm, IOC technique
or other imitation learning method can be used to train this
classifier. Now let J

⇡(⇡0, t, s) represent the expected T -
step cost of ⇡ conditioned on being at state s at time t

and executing ⇡
0 instead of ⇡ at time t and suppose that

sup⇡2⇧,s|di
⇡i�1

(s)>0[J⇡i�1
(⇡, i, s)�J

⇡i�1
(⇡⇤, i, s)]  ui.

Intuitively ui represents the maximal increase in expected
cost-to-go from any probable state at time i, when chang-
ing only the policy at time i of ⇡

i�1. Then if ⇡
i
i is

such that Es⇠di
⇡i�1

(e⇡i
i
(s)) = ✏i, the policy disadvan-

tage is bounded by A(⇡i�1
, ⇡

i
i)  ✏iui. This implies that

J(⇡T )  J(⇡⇤) + T ✏u, where ✏u = 1
T

PT
i=1 ✏iui.

In the worst case, ✏u  T ✏̄, where ✏̄ = 1
T

PT
i=1 ✏i, as each

of the ui could be T � i + 1. This is the same guarantees
as the traditional approach. However, it is often the case
that changing only one action in the current policy will not
increase the cost by much more than some small constant
k on average. Especially, if ⇡

⇤ has some stability proper-
ties, i.e. it can rapidly bring itself back into its typical state
distribution upon random disturbances then, we can expect
the cost to increase only for a few steps in the worst case.
In such cases, the forward algorithm has a regret of O(T ✏̄).

In particular, if the cost function is truly to minimize im-
itation loss (e(s, a)), then ui = 1 because ⇡

⇤ achieves
cost-to-go of 0, no matter the current state. This implies
J(⇡T )  J(⇡⇤) + T ✏̄. In general, if we have a sys-
tem where suptT,⇡i

i2⇧8it,s|d⇡t�1 (s)>0[J⇡t�1
(⇡t

t , t, s) �
J

⇡t�1
(⇡⇤, t, s)]  k (i.e. there exist no (t � 1)-step tra-

jectory from which the expected cost-to-go of the expert
can be made much worse by changing only the action at
time t), then we will have that ui  k for all i, so that
J(⇡T )  J(⇡⇤) + kT ✏̄. For instance, navigation problems
where the expert can reach a goal state within k steps (in
expectation) starting in any state would fall in that cate-
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Initialize ⇡
0  ⇡

⇤ to query and execute expert.
for i = 1 to N do

Execute ⇡
i�1 to get D = {(s, ⇡⇤(s))}.

Train classifier ⇡̂
⇤i = argmin⇡2⇧ Es⇠D(e⇡(s)).

⇡
i = (1� ↵)i

⇡
⇤ + ↵

Pi
j=1(1� ↵)j�1

⇡̂
⇤j .

end for
Remove expert queries: ⇡̃

N = ⇡N�(1�↵)N ⇡⇤

1�(1�↵)N

Return ⇡̃
N

Algorithm 4.1: The SMILe Algorithm.

⇡̂
n = pn�1⇡̂

⇤n + (1 � pn�1)⇡̃n�1 approximates ⇡
n�1

using the new estimate ⇡̂
⇤n of ⇡

⇤, and the previously
trained policies ⇡̃

n�1. Using the same update rule as be-
fore (⇡n = (1 � ↵)⇡n�1 + ↵⇡̂

n), we obtain that ⇡
n =

pn⇡
⇤ + ↵

Pn
i=1 pi�1⇡̂

⇤i. Hence we will use directly this
update rule instead as we don’t have to construct the ⇡̂

n.
Finally, to ensure we get training data (s, ⇡⇤(s)) for every
state we encounter while following ⇡

n, we always query
the expert’s action, but ⇡

n only executes it with probabil-
ity (1 � ↵)n. This now completes the description of our
algorithm, called SMILe, for Stochastic Mixing Iterative
Learning, which is detailed in Algorithm 4.1. Again, from
the reduction perspective, SMILe can use any classifica-
tion algorithm, IOC technique or other imitation learning
technique to train the classifier at each iteration. Note that
for SMILe the weights of each learned policy remain con-
stant over the iterations and decays exponentially as n gets
larger. This contrasts with SEARN where old policies have
much smaller weights than the newest policies. This makes
intuitive sense as we might expect that for SMILe the old
policies are better at mimicing ⇡

⇤ on the states encountered
most often when ⇡

n does a good job at mimicing ⇡
⇤.

Now let ✏i = Es⇠d⇡i�1 (e(s, ⇡̂⇤i)), ✏̃ =
↵

(1�(1�↵)n)

Pn
i=1(1 � ↵)i�1

✏i and Ã1 =
↵

(1�(1�↵)n)

Pn
i=1(1 � ↵)i�1A1(⇡i�1

, ⇡̂
⇤i|⇡⇤), for

A1(⇡i�1
, ⇡̂

⇤i|⇡⇤) = J̄
⇡i�1

1 (⇡̂⇤i) � J̄
⇡i�1

1 (⇡⇤) then for
SMILe we have the following guarantee:

Theorem 4.1. For ↵ =
p

3
T 2
p

log T
, and N = 2T

2(lnT )3/2,

then J(⇡̃N )  J(⇡⇤) + O(T (Ã1 + ✏̃) + 1). (Proof in
Supplementary Material)

Since in most problems, Ã1 will be at least in the order of
✏̃, then this is effectively O(T Ã1 +1). Hence SMILe needs
O(T 2(lnT )3/2) iterations to guarantee regret of O(T Ã1 +
1). This is an improvement over SEARN which requires
O(T 3 lnT ) iterations.

Just as with the forward algorithm, in the general case,
O(T Ã1) may be as large as O(T 2

✏̃) as an early error may
simply be unrecoverable. Again, in parallel with the for-
ward algorithm, in many instances– particularly those rel-
evant to imitation learning– we can show that this pol-
icy disadvantage is upper bounded because of favorable

Dn  ;
while |Dn|  m do

Sample r ⇠ Uniform(0, 1)
if r  (1� ↵)T then

Pick trajectory (T samples) from Dn�1 (without re-
placement) and add it to Dn

else
Sample t uniformly in {1, 2, . . . , T}
Add new trajectory (T samples) to Dn by executing
⇡

n at every step i 6= t, and ⇡̂
n at step t.

end if
end while
Return Dn

Algorithm 4.2: First algorithm to construct dataset for
state distribution d⇡n at iteration n+1 efficiently (n � 1).

mixing properties of the dynamic system or recovery be-
havior of the policy to be mimicked. In particular, it is
straightforward to construct classes where Ã1 is bounded
by O(log T ✏̄), while standard supervised training is still
only able to achieve quadratic regret (see example in Sup-
plementary Material). Further, we find in practice that the
policy disadvantage is typically bounded on average due to
the “recoverability” of the problem, leading to significantly
better performance of the SMILe approach.

Sample Complexity. The sample complexity of the
SMILe algorithm might seem prohibitive as it requires
O(T 2(log T )3/2) iterations. If it takes m examples to train
a classifier then, we might fear needing more than O(T 2

m)
samples to guarantee our error bound. Fortunately, this is
not the case as one can reuse a significant part of the sam-
ples collected at previous iterations as shown below.

Intuitively, the requirement to slowly change the policy im-
plies that some of the samples that we draw for a given
algorithm iteration are exactly that which the previous
policies would have generated– no actions have actually
changed on these. Concretely, as ⇡

n = (1�↵)⇡n�1+↵⇡̂
n,

with probability (1 � ↵)T , ⇡
n always executes ⇡

n�1 over
T steps. Thus a first simple approach, detailed in Algo-
rithm 4.2, is to reuse a trajectory from the previous dataset
for ⇡

n�1 with probability (1 � ↵)T . With this approach,
we expect to collect less than ↵Tm new samples at each
iteration. Summing over N = 2

↵ lnT iterations, we need
O(T lnTm) samples (in expectation) to complete all iter-
ations, rather than O(T 2 lnTm). This first approach ig-
nores that ⇡̂

n is similar to ⇡
n�1, so that even more sam-

ples can be reused. This is shown in the following lemma.
Let D(⇡) = d⇡ , D

⇡
k (⇡0) the T -step state frequencies if

⇡
0 is executed k times and ⇡ at all other timesteps, and

D
⇡
k,j(⇡

0
, ⇡

00) the T -step state frequencies if ⇡
0 is executed k

times, ⇡
00

j times and ⇡ at all other timesteps. Then D(⇡n)
can be related to the distributions D

⇡⇤

k (⇡̃n�1) (which are
sampled during execution of ⇡

n�1):
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Initialize D  ;.
Initialize ⇡̂1 to any policy in ⇧.
for i = 1 to N do

Let ⇡i = �i⇡
⇤ + (1� �i)⇡̂i.

Sample T -step trajectories using ⇡i.
Get dataset Di = {(s, ⇡⇤(s))} of visited states by ⇡i

and actions given by expert.
Aggregate datasets: D  D

S
Di.

Train classifier ⇡̂i+1 on D.
end for
Return best ⇡̂i on validation.

Algorithm 3.1: DAGGER Algorithm.

In other words, DAGGER proceeds by collecting a dataset
at each iteration under the current policy and trains the next
policy under the aggregate of all collected datasets. The in-
tuition behind this algorithm is that over the iterations, we
are building up the set of inputs that the learned policy is
likely to encounter during its execution based on previous
experience (training iterations). This algorithm can be in-
terpreted as a Follow-The-Leader algorithm in that at itera-
tion n we pick the best policy ⇡̂n+1 in hindsight, i.e. under
all trajectories seen so far over the iterations.

To better leverage the presence of the expert in our imita-
tion learning setting, we optionally allow the algorithm to
use a modified policy ⇡i = �i⇡

⇤ + (1 � �i)⇡̂i at iteration
i that queries the expert to choose controls a fraction of the
time while collecting the next dataset. This is often desir-
able in practice as the first few policies, with relatively few
datapoints, may make many more mistakes and visit states
that are irrelevant as the policy improves.

We will typically use �1 = 1 so that we do not have to spec-
ify an initial policy ⇡̂1 before getting data from the expert’s
behavior. Then we could choose �i = p

i�1 to have a prob-
ability of using the expert that decays exponentially as in
SMILe and SEARN. We show below the only requirement
is that {�i} be a sequence such that �N = 1

N

PN
i=1 �i ! 0

as N ! 1. The simple, parameter-free version of the al-
gorithm described above is the special case �i = I(i = 1)
for I the indicator function, which often performs best in
practice (see Section 5). The general DAGGER algorithm is
detailed in Algorithm 3.1. The main result of our analysis
in the next section is the following guarantee for DAGGER.
Let ⇡1:N denote the sequence of policies ⇡1, ⇡2, . . . ,⇡N .
Assume ` is strongly convex and bounded over ⇧. Suppose
�i  (1� ↵)i�1 for all i for some constant ↵ independent
of T . Let ✏N = min⇡2⇧

1
N

PN
i=1 Es⇠d⇡i

[`(s, ⇡)] be the
true loss of the best policy in hindsight. Then the following
holds in the infinite sample case (infinite number of sample
trajectories at each iteration):

Theorem 3.1. For DAGGER, if N is Õ(T ) there exists a

policy ⇡̂ 2 ⇡̂1:N s.t. Es⇠d⇡̂ [`(s, ⇡̂)]  ✏N + O(1/T )

In particular, this holds for the policy ⇡̂ =
arg min⇡2⇡̂1:N

Es⇠d⇡ [`(s, ⇡)]. 3 If the task cost
function C corresponds to (or is upper bounded by) the
surrogate loss ` then this bound tells us directly that
J(⇡̂)  T ✏N + O(1). For arbitrary task cost function C,
then if ` is an upper bound on the 0-1 loss with respect to
⇡
⇤, combining this result with Theorem 2.2 yields that:

Theorem 3.2. For DAGGER, if N is Õ(uT ) there exists a

policy ⇡̂ 2 ⇡̂1:N s.t. J(⇡̂)  J(⇡⇤) + uT ✏N + O(1).

Finite Sample Results In the finite sample case, sup-
pose we sample m trajectories with ⇡i at each it-
eration i, and denote this dataset Di. Let ✏̂N =
min⇡2⇧

1
N

PN
i=1 Es⇠Di [`(s, ⇡)] be the training loss of the

best policy on the sampled trajectories, then using Azuma-
Hoeffding’s inequality leads to the following guarantee:

Theorem 3.3. For DAGGER, if N is O(T 2 log(1/�)) and

m is O(1) then with probability at least 1� � there exists a

policy ⇡̂ 2 ⇡̂1:N s.t. Es⇠d⇡̂ [`(s, ⇡̂)]  ✏̂N + O(1/T )

A more refined analysis taking advantage of the strong con-
vexity of the loss function (Kakade and Tewari, 2009) may
lead to tighter generalization bounds that require N only of
order Õ(T log(1/�)). Similarly:

Theorem 3.4. For DAGGER, if N is O(u2
T

2 log(1/�))
and m is O(1) then with probability at least 1 � � there

exists a policy ⇡̂ 2 ⇡̂1:N s.t. J(⇡̂)  J(⇡⇤)+uT ✏̂N +O(1).

4 THEORETICAL ANALYSIS

The theoretical analysis of DAGGER only relies on the no-
regret property of the underlying Follow-The-Leader algo-
rithm on strongly convex losses (Kakade and Tewari, 2009)
which picks the sequence of policies ⇡̂1:N . Hence the pre-
sented results also hold for any other no regret online learn-
ing algorithm we would apply to our imitation learning set-
ting. In particular, we can consider the results here a re-
duction of imitation learning to no-regret online learning
where we treat mini-batches of trajectories under a single
policy as a single online-learning example. We first briefly
review concepts of online learning and no regret that will
be used for this analysis.

4.1 Online Learning

In online learning, an algorithm must provide a policy ⇡n at
iteration n which incurs a loss `n(⇡n). After observing this
loss, the algorithm can provide a different policy ⇡n+1 for
the next iteration which will incur loss `n+1(⇡n+1). The

3It is not necessary to find the best policy in the sequence
that minimizes the loss under its distribution; the same guarantee
holds for the policy which uniformly randomly picks one policy
in the sequence ⇡̂1:N and executes that policy for T steps.

DAgger
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`max

q
2 log(1/�)

mN with probability at least 1� �. Hence, we
obtain that with probability at least 1� �:
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The use of Azuma-Hoeffding’s inequality suggests we need
Nm in O(T 2 log(1/�)) for the generalization error to be
O(1/T ) and negligible over T steps. Leveraging the strong
convexity of ` as in (Kakade and Tewari, 2009) may lead to
a tighter bound requiring only O(T log(T/�)) trajectories.

5 EXPERIMENTS

To demonstrate the efficacy and scalability of DAGGER, we
apply it to two challenging imitation learning problems and
a sequence labeling task (handwriting recognition).

5.1 Super Tux Kart

Super Tux Kart is a 3D racing game similar to the popular
Mario Kart. Our goal is to train the computer to steer the
kart moving at fixed speed on a particular race track, based
on the current game image features as input (see Figure 1).
A human expert is used to provide demonstrations of the
correct steering (analog joystick value in [-1,1]) for each of
the observed game images. For all methods, we use a linear

Figure 1: Image from Super Tux Kart’s Star Track.

controller as the base learner which updates the steering at
5Hz based on the vector of image features4.

4Features x: LAB color values of each pixel in a 25x19 re-
sized image of the 800x600 image; output steering: ŷ = w

T
x+ b

where w, b minimizes ridge regression objective: L(w, b) =
1
n
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xi + b� yi)

2 + �
2 w

T
w, for regularizer � = 10�3.

We compare performance on a race track called Star Track.
As this track floats in space, the kart can fall off the track at
any point (the kart is repositioned at the center of the track
when this occurs). We measure performance in terms of the
average number of falls per lap. For SMILe and DAGGER,
we used 1 lap of training per iteration (⇠1000 data points)
and run both methods for 20 iterations. For SMILe we
choose parameter ↵ = 0.1 as in Ross and Bagnell (2010),
and for DAGGER the parameter �i = I(i = 1) for I the in-
dicator function. Figure 2 shows 95% confidence intervals
on the average falls per lap of each method after 1, 5, 10, 15
and 20 iterations as a function of the total number of train-
ing data collected. We first observe that with the baseline
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Figure 2: Average falls/lap as a function of training data.

supervised approach where training always occurs under
the expert’s trajectories that performance does not improve
as more data is collected. This is because most of the train-
ing laps are all very similar and do not help the learner to
learn how to recover from mistakes it makes. With SMILe
we obtain some improvements but the policy after 20 iter-
ations still falls off the track about twice per lap on aver-
age. This is in part due to the stochasticity of the policy
which sometimes makes bad choices of actions. For DAG-
GER, we were able to obtain a policy that never falls off
the track after 15 iterations of training. Though even after
5 iterations, the policy we obtain almost never falls off the
track and is significantly outperforming both SMILe and
the baseline supervised approach. Furthermore, the policy
obtained by DAGGER is smoother and looks qualitatively
better than the policy obtained with SMILe. A video avail-
able on YouTube (Ross, 2010a) shows a qualitative com-
parison of the behavior obtained with each method.

5.2 Super Mario Bros.

Super Mario Bros. is a platform video game where the
character, Mario, must move across each stage by avoid-

Super Tux Kart
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ing being hit by enemies and falling into gaps, and before
running out of time. We used the simulator from a recent
Mario Bros. AI competition (Togelius and Karakovskiy,
2009) which can randomly generate stages of varying diffi-
culty (more difficult gaps and types of enemies). Our goal
is to train the computer to play this game based on the cur-
rent game image features as input (see Figure 3). Our ex-
pert in this scenario is a near-optimal planning algorithm
that has full access to the game’s internal state and can
simulate exactly the consequence of future actions. An ac-
tion consists of 4 binary variables indicating which subset
of buttons we should press in {left,right,jump,speed}. For

Figure 3: Captured image from Super Mario Bros.

all methods, we use 4 independent linear SVM as the base
learner which update the 4 binary actions at 5Hz based on
the vector of image features5.

We compare performance in terms of the average distance
travelled by Mario per stage before dying, running out of
time or completing the stage, on randomly generated stages
of difficulty 1 with a time limit of 60 seconds to complete
the stage. The total distance of each stage varies but is
around 4200-4300 on average, so performance can vary
roughly in [0,4300]. Stages of difficulty 1 are fairly easy
for an average human player but contain most types of en-
emies and gaps, except with fewer enemies and gaps than
stages of harder difficulties. We compare performance of
DAgger, SMILe and SEARN6 to the supervised approach
(Sup). With each approach we collect 5000 data points per
iteration (each stage is about 150 data points if run to com-
pletion) and run the methods for 20 iterations. For SMILe
we choose parameter ↵ = 0.1 (Sm0.1) as in Ross and Bag-

5For the input features x: each image is discretized in a grid
of 22x22 cells centered around Mario; 14 binary features de-
scribe each cell (types of ground, enemies, blocks and other spe-
cial items); a history of those features over the last 4 images is
used, in addition to other features describing the last 6 actions
and the state of Mario (small,big,fire,touches ground), for a to-
tal of 27152 binary features (very sparse). The k

th output binary
variable ŷk = I(wT

k x + bk > 0), where wk, bk optimizes the
SVM objective with regularizer � = 10�4 using stochastic gradi-
ent descent (Ratliff et al., 2007; Bottou, 2009).

6We use the same cost-to-go approximation in Daumé III et al.
(2009); in this case SMILe and SEARN differs only in how the
weights in the mixture are updated at each iteration.

nell (2010). For DAGGER we obtain results with differ-
ent choice of the parameter �i: 1) �i = I(i = 1) for I

the indicator function (D0); 2) �i = p
i�1 for all values

of p 2 {0.1, 0.2, . . . , 0.9}. We report the best results ob-
tained with p = 0.5 (D0.5). We also report the results with
p = 0.9 (D0.9) which shows the slower convergence of
using the expert more frequently at later iterations. Simi-
larly for SEARN, we obtain results with all choice of ↵ in
{0.1, 0.2, . . . , 1}. We report the best results obtained with
↵ = 0.4 (Se0.4). We also report results with ↵ = 1.0
(Se1), which shows the unstability of such a pure policy
iteration approach. Figure 4 shows 95% confidence inter-
vals on the average distance travelled per stage at each it-
eration as a function of the total number of training data
collected. Again here we observe that with the supervised
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Figure 4: Average distance/stage as a function of data.

approach, performance stagnates as we collect more data
from the expert demonstrations, as this does not help the
particular errors the learned controller makes. In particu-
lar, a reason the supervised approach gets such a low score
is that under the learned controller, Mario is often stuck at
some location against an obstacle instead of jumping over
it. Since the expert always jumps over obstacles at a sig-
nificant distance away, the controller did not learn how to
get unstuck in situations where it is right next to an ob-
stacle. On the other hand, all the other iterative methods
perform much better as they eventually learn to get unstuck
in those situations by encountering them at the later iter-
ations. Again in this experiment, DAGGER outperforms
SMILe, and also outperforms SEARN for all choice of ↵

we considered. When using �i = 0.9i�1, convergence is
significantly slower could have benefited from more itera-
tions as performance was still improving at the end of the
20 iterations. Choosing 0.5i�1 yields slightly better per-
formance (3030) then with the indicator function (2980).
This is potentially due to the large number of data gener-
ated where mario is stuck at the same location in the early
iterations when using the indicator; whereas using the ex-

Super Mario Bros.
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pert a small fraction of the time still allows to observe those
locations but also unstucks mario and makes it collect a
wider variety of useful data. A video available on YouTube
(Ross, 2010b) also shows a qualitative comparison of the
behavior obtained with each method.

5.3 Handwriting Recognition

Finally, we demonstrate the efficacy of our approach on a
structured prediction problem involving recognizing hand-
written words given the sequence of images of each charac-
ter in the word. We follow Daumé III et al. (2009) in adopt-
ing a view of structured prediction as a degenerate form of
imitation learning where the system dynamics are deter-
ministic and trivial in simply passing on earlier predictions
made as inputs for future predictions. We use the dataset
of Taskar et al. (2003) which has been used extensively in
the literature to compare several structured prediction ap-
proaches. This dataset contains roughly 6600 words (for
a total of over 52000 characters) partitioned in 10 folds.
We consider the large dataset experiment which consists of
training on 9 folds and testing on 1 fold and repeating this
over all folds. Performance is measured in terms of the
character accuracy on the test folds.

We consider predicting the word by predicting each charac-
ter in sequence in a left to right order, using the previously
predicted character to help predict the next and a linear
SVM7, following the greedy SEARN approach in Daumé
III et al. (2009). Here we compare our method to SMILe,
as well as SEARN (using the same approximations used
in Daumé III et al. (2009)). We also compare these ap-
proaches to two baseline, a non-structured approach which
simply predicts each character independently and the su-
pervised training approach where training is conducted
with the previous character always correctly labeled. Again
we try all choice of ↵ 2 {0.1, 0.2, . . . , 1} for SEARN, and
report results for ↵ = 0.1, ↵ = 1 (pure policy iteration)
and the best ↵ = 0.8, and run all approaches for 20 itera-
tions. Figure 5 shows the performance of each approach on
the test folds after each iteration as a function of training
data. The baseline result without structure achieves 82%
character accuracy by just using an SVM that predicts each
character independently. When adding the previous charac-
ter feature, but training with always the previous character
correctly labeled (supervised approach), performance in-
creases up to 83.6%. Using DAgger increases performance
further to 85.5%. Surprisingly, we observe SEARN with
↵ = 1, which is a pure policy iteration approach performs
very well on this experiment, similarly to the best ↵ = 0.8
and DAgger. Because there is only a small part of the in-
put that is influenced by the current policy (the previous

7Each character is 8x16 binary pixels (128 input features); 26
binary features are used to encode the previously predicted let-
ter in the word. We train the multiclass SVM using the all-pairs
reduction to binary classification (Beygelzimer et al., 2005).
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Figure 5: Character accuracy as a function of iteration.

predicted character feature) this makes this approach not
as unstable as in general reinforcement/imitation learning
problems (as we saw in the previous experiment). SEARN
and SMILe with small ↵ = 0.1 performs similarly but sig-
nificantly worse than DAgger. Note that we chose the sim-
plest (greedy, one-pass) decoding to illustrate the benefits
of the DAGGER approach with respect to existing reduc-
tions. Similar techniques can be applied to multi-pass or
beam-search decoding leading to results that are competi-
tive with the state-of-the-art.

6 FUTURE WORK

We show that by batching over iterations of interaction
with a system, no-regret methods, including the presented
DAGGER approach can provide a learning reduction with
strong performance guarantees in both imitation learning
and structured prediction. In future work, we will consider
more sophisticated strategies than simple greedy forward
decoding for structured prediction, as well as using base
classifiers that rely on Inverse Optimal Control (Abbeel and
Ng, 2004; Ratliff et al., 2006) techniques to learn a cost
function for a planner to aid prediction in imitation learn-
ing. Further we believe techniques similar to those pre-
sented, by leveraging a cost-to-go estimate, may provide
an understanding of the success of online methods for rein-
forcement learning and suggest a similar data-aggregation
method that can guarantee performance in such settings.
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Abstract

Policy search methods can allow robots to learn control policies for a wide range of
tasks, but practical applications of policy search often require hand-engineered components
for perception, state estimation, and low-level control. In this paper, we aim to answer
the following question: does training the perception and control systems jointly end-to-
end provide better performance than training each component separately? To this end,
we develop a method that can be used to learn policies that map raw image observations
directly to torques at the robot’s motors. The policies are represented by deep convolutional
neural networks (CNNs) with 92,000 parameters, and are trained using a guided policy
search method, which transforms policy search into supervised learning, with supervision
provided by a simple trajectory-centric reinforcement learning method. We evaluate our
method on a range of real-world manipulation tasks that require close coordination between
vision and control, such as screwing a cap onto a bottle, and present simulated comparisons
to a range of prior policy search methods.

Keywords: Reinforcement Learning, Optimal Control, Vision, Neural Networks

1. Introduction

Robots can perform impressive tasks under human control, including surgery (Lanfranco
et al., 2004) and household chores (Wyrobek et al., 2008). However, designing the perception
and control software for autonomous operation remains a major challenge, even for basic
tasks. Policy search methods hold the promise of allowing robots to automatically learn new
behaviors through experience (Kober et al., 2010b; Deisenroth et al., 2011; Kalakrishnan
et al., 2011; Deisenroth et al., 2013). However, policies learned using such methods often
rely on a number of hand-engineered components for perception and control, so as to present
the policy with a more manageable and low-dimensional representation of observations and
actions. The vision system in particular can be complex and prone to errors, and it is
typically not improved during policy training, nor adapted to the goal of the task.

In this article, we aim to answer the following question: can we acquire more e↵ec-
tive policies for sensorimotor control if the perception system is trained jointly with the
control policy, rather than separately? In order to represent a policy that performs both
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Summary

• Demonstrates end-to-end learning leads to higher performance 
than modularized approaches

• Design of a sample efficient way of training end-to-end policies
• Design of neural network architectures for visuo-motor tasks
• Key-trick: assume full-state information at training time
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Figure 2: Visuomotor policy architecture. The network contains three convolutional lay-
ers, followed by a spatial softmax and an expected position layer that converts pixel-wise
features to feature points, which are better suited for spatial computations. The points are
concatenated with the robot configuration, then passed through three fully connected layers
to produce the torques.

architectures rely on large datasets and focus on semantic tasks such as classification, often
intentionally discarding spatial information. Our architecture, illustrated in Figure 2, uses
a fixed transformation from the last convolutional layer to a set of spatial feature points,
which form a concise representation of the visual scene suitable for feedback control. Our
network has 7 layers and around 92,000 parameters, which presents a major challenge for
standard policy search methods (Deisenroth et al., 2013).

initial
controllers

requires robot

automatically 
collect visual 
pose data

train pose CNN
learn initial
local
controllers

train global 
policy       to match
local controllers

initial
visual features

Guided Policy Search

optimize local 
controllers

collect samples
from pi

pi pi
⇡✓

{⌧ ji }

Figure 3: Diagram of our ap-
proach, including the main guided
policy search phase and initializa-
tion phases.

To reduce the amount of experience needed to train
visuomotor policies, we also introduce a pretraining
scheme that allows us to train e↵ective policies with
a relatively small number of iterations. The pretraining
steps are illustrated in Figure 3. The intuition behind
our pretraining is that, although we ultimately seek to
obtain sensorimotor policies that combine both vision
and control, low-level aspects of vision can be initialized
independently. To that end, we pretrain the convolu-
tional layers of our network by predicting elements of xt

that are not provided in the observation ot, such as the
positions of objects in the scene. We also initially train
the guiding trajectory distributions pi(ut|xt) indepen-
dently of the convolutional network until the trajecto-
ries achieve a basic level of competence at the task, and
then switch to full guided policy search with end-to-end
training of ⇡✓(ut|ot). In our implementation, we also
initialize the first layer filters from the model of Szegedy
et al. (2014), which is trained on ImageNet (Deng et al.,
2009) classification. The initialization and pretraining
scheme is described in Section 5.2.

4. Guided Policy Search with BADMM

Guided policy search transforms policy search into a supervised learning problem, where
the training set is generated by a simple trajectory-centric RL algorithm. This algorithm

7
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optimizes linear-Gaussian controllers pi(ut|xt), and is described in Section 4.2. We refer
to the trajectory distribution induced by pi(ut|xt) as pi(⌧). Each pi(ut|xt) succeeds from
di↵erent initial states. For example, in the task of placing a cap on a bottle, these initial
states correspond to di↵erent positions of the bottle. By training on trajectories for multiple
bottle positions, the final CNN policy can succeed from all initial states, and can generalize
to other states from the same distribution.

run each
pi(ut|xt)
on robot

samples
{⌧ ji }

optimize ⇡✓
w.r.t. L✓

fit
dynamics

optimize each pi(⌧)
w.r.t. Lp

inner
loop

outer
loop

The final policy ⇡✓(ut|ot) learned with guided policy search
is only provided with observations ot of the full state xt, and
the dynamics are assumed to be unknown. A diagram of
this method, which corresponds to an expanded version of the
guided policy search box in Figure 3, is shown on the right. In
the outer loop, we draw sample trajectories {⌧ ji } for each ini-
tial state on the physical system by running the corresponding
controller pi(ut|xt). The samples are used to fit the dynamics
pi(xt+1|xt,ut) that are used to improve pi(ut|xt), and serve as
training data for the policy. The inner loop alternates between
optimizing each pi(⌧) and optimizing the policy to match these trajectory distributions.
The policy is trained to predict the actions along each trajectory from the observations
ot, rather than the full state xt. This allows the policy to directly use raw observations
at test time. This alternating optimization can be framed as an instance of the BADMM
algorithm (Wang and Banerjee, 2014), which converges to a solution where the trajectory
distributions and the policy have the same state distribution. This allows greedy supervised
training of the policy to produce a policy with good long-horizon performance.

4.1 Algorithm Derivation

Policy search methods minimize the expected cost E⇡✓ [`(⌧)], where ⌧ = {x1,u1, . . . ,xT ,uT }

is a trajectory, and `(⌧) =
PT

t=1 `(xt,ut) is the cost of an episode. In the fully observed case,

the expectation is taken under ⇡✓(⌧) = p(x1)
QT

t=1 ⇡✓(ut|xt)p(xt+1|xt,ut). The final policy
⇡✓(ut|ot) is conditioned on the observations ot, but ⇡✓(ut|xt) can be recovered as ⇡✓(ut|xt) =R
⇡✓(ut|ot)p(ot|xt)dot. We will present the derivation in this section for ⇡✓(ut|xt), but we

do not require knowledge of p(ot|xt) in the final algorithm. As discussed in Section 4.3, the
integral will be evaluated with samples from the real system, which include both xt and ot.
We begin by rewriting the expected cost minimization as a constrained problem:

min
p,⇡✓

Ep[`(⌧)] s.t. p(ut|xt) = ⇡✓(ut|xt) 8xt,ut, t, (1)

where we will refer to p(⌧) as a guiding distribution. This formulation is equivalent to the
original problem, since the constraint forces the two distributions to be identical. However,
if we approximate the initial state distribution p(x1) with samples xi

1, we can choose p(⌧)
to be a class of distributions that is much easier to optimize than ⇡✓, as we will show later.
This will allow us to use simple local learning methods for p(⌧), without needing to train
the complex neural network policy ⇡✓(ut|ot) directly with reinforcement learning, which
would require a prohibitive amount of experience on real physical systems.

The constrained problem can be solved by a dual descent method, which alternates
between minimizing the Lagrangian with respect to the primal variables, and incrementing
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While we can train the visuomotor policy entirely from scratch, the algorithm would
spend a large number of iterations learning basic visual features and arm motions that
can more e�ciently be learned by themselves, before being incorporated into the policy.
To speed up learning, we initialize both the vision layers in the policy and the trajectory
distributions for guided policy search by leveraging the fully observed training setup. To
initialize the vision layers, the robot moves the target object through a range of random
positions, recording camera images and the object’s pose, which is computed automatically
from the pose of the gripper. This dataset is used to train a pose regression CNN, which
consists of the same vision layers as the policy, followed by a fully connected layer that
outputs the 3D points that define the target. Since the training set is still small (we use
1000 images collected from random arm motions), we initialize the filters in the first layer
with weights from the model of Szegedy et al. (2014), which is trained on ImageNet (Deng
et al., 2009) classification. After training on pose regression, the weights in the convolutional
layers are transferred to the policy CNN. This enables the robot to learn the appearance of
the objects prior to learning the behavior.

To initialize the linear-Gaussian controllers for each of the initial states, we take 15
iterations of guided policy search without optimizing the visuomotor policy. This allows
for much faster training in the early iterations, when the trajectories are not yet successful,
and optimizing the full visuomotor policy is unnecessarily time consuming. Since we still
want the trajectories to arrive at compatible strategies for each target position, we replace
the visuomotor policy during these iterations with a small network that receives the full
state, which consisted of two layers with 40 rectified linear hidden units in our experiments.
This network serves only to constrain the trajectories and avoid divergent behaviors from
emerging for similar initial states, which would make subsequent policy learning di�cult.

requires robot

collect visual
pose data

pretrain
trajectories

train pose
CNN

initial visual
features

initial
trajectories

end-to-end
training

policy

After initialization, we train the full visuomotor policy with
guided policy search. During the supervised policy optimiza-
tion phase, the fully connected motor control layers are first
optimized by themselves, since they are not initialized with pre-
training. This can be done very quickly because these layers are
small. Then, the entire network is further optimized end-to-end.
We found that first training the upper layers before end-to-end
optimization prevented the convolutional layers from forgetting
useful features learning during pretraining, when the error sig-
nal due to the untrained upper layers is very large. The entire
pretraining scheme is summarized in the diagram on the right.
Note that the trajectories can be pretrained in parallel with the
vision layer pretraining, which does not require access to the physical system. Further-
more, the entire initialization procedure does not use any additional information that is not
already available from the robot.

6. Experimental Evaluation

In this section, we present a series of experiments aimed at evaluating our approach and
answering the following questions:
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• Full objective can be broken down into sub-problems
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• Trajectory Optimization under Unknown Dynamics
• Fit linear gaussians to dynamics
• Constrain new trajectory to be close to current trajectory
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• Supervised Policy Optimization
• Minimize KL divergence 

•
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optimizes linear-Gaussian controllers pi(ut|xt), and is described in Section 4.2. We refer
to the trajectory distribution induced by pi(ut|xt) as pi(⌧). Each pi(ut|xt) succeeds from
di↵erent initial states. For example, in the task of placing a cap on a bottle, these initial
states correspond to di↵erent positions of the bottle. By training on trajectories for multiple
bottle positions, the final CNN policy can succeed from all initial states, and can generalize
to other states from the same distribution.

run each
pi(ut|xt)
on robot

samples
{⌧ ji }

optimize ⇡✓
w.r.t. L✓

fit
dynamics

optimize each pi(⌧)
w.r.t. Lp

inner
loop

outer
loop

The final policy ⇡✓(ut|ot) learned with guided policy search
is only provided with observations ot of the full state xt, and
the dynamics are assumed to be unknown. A diagram of
this method, which corresponds to an expanded version of the
guided policy search box in Figure 3, is shown on the right. In
the outer loop, we draw sample trajectories {⌧ ji } for each ini-
tial state on the physical system by running the corresponding
controller pi(ut|xt). The samples are used to fit the dynamics
pi(xt+1|xt,ut) that are used to improve pi(ut|xt), and serve as
training data for the policy. The inner loop alternates between
optimizing each pi(⌧) and optimizing the policy to match these trajectory distributions.
The policy is trained to predict the actions along each trajectory from the observations
ot, rather than the full state xt. This allows the policy to directly use raw observations
at test time. This alternating optimization can be framed as an instance of the BADMM
algorithm (Wang and Banerjee, 2014), which converges to a solution where the trajectory
distributions and the policy have the same state distribution. This allows greedy supervised
training of the policy to produce a policy with good long-horizon performance.

4.1 Algorithm Derivation

Policy search methods minimize the expected cost E⇡✓ [`(⌧)], where ⌧ = {x1,u1, . . . ,xT ,uT }

is a trajectory, and `(⌧) =
PT

t=1 `(xt,ut) is the cost of an episode. In the fully observed case,

the expectation is taken under ⇡✓(⌧) = p(x1)
QT

t=1 ⇡✓(ut|xt)p(xt+1|xt,ut). The final policy
⇡✓(ut|ot) is conditioned on the observations ot, but ⇡✓(ut|xt) can be recovered as ⇡✓(ut|xt) =R
⇡✓(ut|ot)p(ot|xt)dot. We will present the derivation in this section for ⇡✓(ut|xt), but we

do not require knowledge of p(ot|xt) in the final algorithm. As discussed in Section 4.3, the
integral will be evaluated with samples from the real system, which include both xt and ot.
We begin by rewriting the expected cost minimization as a constrained problem:

min
p,⇡✓

Ep[`(⌧)] s.t. p(ut|xt) = ⇡✓(ut|xt) 8xt,ut, t, (1)

where we will refer to p(⌧) as a guiding distribution. This formulation is equivalent to the
original problem, since the constraint forces the two distributions to be identical. However,
if we approximate the initial state distribution p(x1) with samples xi

1, we can choose p(⌧)
to be a class of distributions that is much easier to optimize than ⇡✓, as we will show later.
This will allow us to use simple local learning methods for p(⌧), without needing to train
the complex neural network policy ⇡✓(ut|ot) directly with reinforcement learning, which
would require a prohibitive amount of experience on real physical systems.

The constrained problem can be solved by a dual descent method, which alternates
between minimizing the Lagrangian with respect to the primal variables, and incrementing
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The dynamics are determined by the environment. If they are known, p(ut|xt) can be
optimized with a variant of the iterative linear-quadratic-Gaussian regulator (iLQG) (Li and
Todorov, 2004; Levine and Koltun, 2013a), which is a variant of DDP (Jacobson and Mayne,
1970). In the case of unknown dynamics, we can fit p(xt+1|xt,ut) to sample trajectories
sampled from the trajectory distribution at the previous iteration, denoted p̂(⌧). If p̂(⌧) is
too di↵erent from p(⌧), these samples will not give a good estimate of p(xt+1|xt,ut), and
the optimization will diverge. To avoid this, we can bound the change from p̂(⌧) to p(⌧) in
terms of their KL-divergence by a step size ✏, producing the following constrained problem:

min
p(⌧)2N (⌧)

Lp(p, ✓) s.t. DKL(p(⌧)kp̂(⌧))  ✏.

This type of policy update has previously been proposed by several authors in the con-
text of policy search (Bagnell and Schneider, 2003; Peters and Schaal, 2008; Peters et al.,
2010; Levine and Abbeel, 2014). In the case when p(⌧) is Gaussian, this problem can be
solved e�ciently using dual gradient descent, while the dynamics p(xt+1|xt,ut) are fitted
to samples gathered by running the previous controller p̂(ut|xt) on the robot. Fitting a
global Gaussian mixture model to tuples (xt,ut,xt+1) and using it as a prior for fitting the
dynamics p(xt+1|xt,ut) serves to greatly reduce the sample complexity. We describe the
dynamics fitting procedure in detail in Appendix A.3.

Note that the trajectory optimization cost function Lp(p, ✓) also depends on the policy
⇡✓(ut|xt), while we only have access to ⇡✓(ut|ot). In order to compute a local quadratic
expansion of the KL-divergence term DKL(p(ut|xt)k⇡✓(ut|xt)) inside Lp(p, ✓) for iLQG, we
also estimate a linearization of the mean of the conditionally Gaussian policy ⇡✓(ut|ot) with
respect to the state xt, using the same procedure that we use to linearize the dynamics. The
data for this estimation consists of tuples {xi

t, E⇡✓(ut|oi
t)
[ut]}, which we can obtain because

both the states xi
t and the observations oit are available for all of the samples evaluated on

the real physical system.
This constrained optimization is performed in the “inner loop” of the optimization

described in the previous section, and the KL-divergence constraint DKL(p(⌧)kp̂(⌧))  ✏
imposes a step size on the trajectory update. The overall algorithm then becomes an
instance of generalized BADMM (Wang and Banerjee, 2014). Note that the augmented
Lagrangian Lp(p, ✓) consists of an expectation under p(⌧) of a quantity that is independent of
p. We can locally approximate this quantity with a quadratic by using a quadratic expansion
of `(xt,ut), and fitting a linear-Gaussian to ⇡✓(ut|xt) with the same method we used for the
dynamics. We can then solve the primal optimization in the dual gradient descent procedure
with a standard LQR backward pass. This is significantly simpler and much faster than
the forward-backward dynamic programming procedure employed in previous work (Levine
and Abbeel, 2014; Levine and Koltun, 2014). This improvement is enabled by the use of
BADMM, which allows us to always formulate the KL-divergence term in the Lagrangian
with the distribution being optimized as the first argument. Since the KL-divergence is
convex in its first argument, this makes the corresponding optimization significantly easier.
The details of this LQR-based dual gradient descent algorithm are derived in Appendix A.4.

We can further improve the e�ciency of the method by allowing samples from multiple
trajectories pi(⌧) to be used to fit a shared dynamics p(xt+1|xt,ut), while the controllers
pi(ut|xt) are allowed to vary. This makes sense when the initial states of these trajectories
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are similar, and they therefore visit similar regions. This allows us to draw just a single
sample from each pi(⌧) at each iteration, allowing us to handle many more initial states.

4.3 Supervised Policy Optimization

Since the policy parameters ✓ participate only in the constraints of the optimization problem
in Equation (1), optimizing the policy corresponds to minimizing the KL-divergence between
the policy and trajectory distribution, as well as the expectation of �T

µtut. For a conditional
Gaussian policy of the form ⇡✓(ut|ot) = N (µ⇡(ot),⌃⇡(ot)), the objective is

L✓(✓, p)=
1

2N

NX

i=1

TX

t=1

Epi(xt,ot)

⇥
tr[C�1

ti ⌃⇡(ot)]�log |⌃⇡(ot)|

+(µ⇡(ot)�µp
ti(xt))C

�1
ti (µ⇡(ot)�µp

ti(xt)) + 2�T
µtµ

⇡(ot)
⇤
,

where µp
ti(xt) is the mean of pi(ut|xt) and Cti is the covariance, and the expectation is eval-

uated using samples from each pi(⌧) with corresponding observations ot. The observations
are sampled from p(ot|xt) by recording camera images on the real system. Since the input
to µ⇡(ot) and ⌃⇡(ot) is not the state xt, but only an observation ot, we can train the policy
to directly use raw observations. Note that L✓(✓, p) is simply a weighted quadratic loss on
the di↵erence between the policy mean and the mean action of the trajectory distribution,
o↵set by the Lagrange multiplier. The weighting is the precision matrix of the conditional
in the trajectory distribution, which is equal to the curvature of its cost-to-go function
(Levine and Koltun, 2013a). This has an intuitive interpretation: L✓(✓, p) penalizes de-
viation from the trajectory distribution, with a penalty that is locally proportional to its
cost-to-go. At convergence, when the policy ⇡✓(ut|ot) takes the same actions as pi(ut|xt),
their Q-functions are equal, and the supervised policy objective becomes equivalent to the
policy iteration objective (Levine and Koltun, 2014)

In this work, we optimize L✓(✓, p) with respect to ✓ using stochastic gradient descent
(SGD), a standard method for neural network training. The covariance of the Gaussian
policy does not depend on the observation in our implementation, though adding this de-
pendence would be straightforward. Since training complex neural networks requires a
substantial number of samples, we found it beneficial to include sampled observations from
previous iterations into the policy optimization, evaluating the action µp

ti(xt) at their corre-
sponding states using the current trajectory distributions. Since these samples come from
the wrong state distribution, we use importance sampling and weight them according to
the ratio of their probability under the current distribution p(xt) and the one they were
sampled from, which is straightforward to evaluate under the estimated linear-Gaussian
dynamics (Levine and Koltun, 2013b).

4.4 Comparison with Prior Guided Policy Search Methods

We presented a guided policy search method where the policy is trained on observations,
while the trajectories are trained on the full state. The BADMM formulation of guided
policy search is new to this work, though several prior guided policy search methods based
on constrained optimization have been proposed. Levine and Koltun (2014) proposed a
formulation similar to Equation (1), but with a constraint on the KL-divergence between
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Figure 6: Tasks for linear-Gaussian controller evaluation: (a) stacking lego blocks on a fixed
base, (b) onto a free-standing block, (c) held in both gripper; (d) threading wooden rings
onto a peg; (e) attaching the wheels to a toy airplane; (f) inserting a shoe tree into a shoe;
(g,h) screwing caps onto pill bottles and (i) onto a water bottle.

Figure 7: Distance to target point during
training of linear-Gaussian controllers. The
actual target may di↵er due to perturbations.
Error bars indicate one standard deviation.

with the initialization of the controllers
p(ut|xt) described in Appendix B.2. The
number of samples required to learn each
controller is around 20-25, substantially
lower than many prior policy search meth-
ods in the literature (Peters and Schaal,
2008; Kober et al., 2010b; Theodorou et al.,
2010; Deisenroth et al., 2013). Total learn-
ing time was about ten minutes for each
task, of which only 3-4 minutes involved sys-
tem interaction. The rest of the time was
spent resetting the robot to the initial state
and on computation.

The linear-Gaussian controllers are optimized for a specific condition – e.g., a specific
position of the target lego block. To evaluate their robustness to errors in the specified
target position, we conducted experiments on the lego block and ring tasks where the target
object (the lower block and the peg) was perturbed at each trial during training, and then
tested with various perturbations. For each task, controllers were trained with Gaussian
perturbations with standard deviations of 0, 1, and 2 cm in the position of the target object,
and each controller was tested with perturbations of radius 0, 1, 2, and 3 cm. Note that
with a radius of 2 cm, the peg would be placed about one ring-width away from the expected
position. The results are shown in Table 2. All controllers were robust to perturbations of
1 cm, and would often succeed at 2 cm. Robustness increased slightly when more noise was
injected during training, but even controllers trained without noise exhibited considerable
robustness, since the linear-Gaussian controllers themselves add noise during sampling. We
also evaluated a kinematic baseline for each perturbation level, which planned a straight
path from a point 5 cm above the target to the expected (unperturbed) target location. This
baseline was only able to place the lego block in the absence of perturbations. The rounded
top of the peg provided an easier condition for the baseline, with occasional successes at
higher perturbation levels. Our controllers outperformed the baseline by a wide margin.

All of the robotic experiments discussed in this section may be viewed in the corre-
sponding supplementary video, available online: http://rll.berkeley.edu/icra2015gps.
A video illustration of the visuomotor policies, discussed in the following sections, is also
available: http://sites.google.com/site/visuomotorpolicy.
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Figure 6: Tasks for linear-Gaussian controller evaluation: (a) stacking lego blocks on a fixed
base, (b) onto a free-standing block, (c) held in both gripper; (d) threading wooden rings
onto a peg; (e) attaching the wheels to a toy airplane; (f) inserting a shoe tree into a shoe;
(g,h) screwing caps onto pill bottles and (i) onto a water bottle.
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ing time was about ten minutes for each
task, of which only 3-4 minutes involved sys-
tem interaction. The rest of the time was
spent resetting the robot to the initial state
and on computation.

The linear-Gaussian controllers are optimized for a specific condition – e.g., a specific
position of the target lego block. To evaluate their robustness to errors in the specified
target position, we conducted experiments on the lego block and ring tasks where the target
object (the lower block and the peg) was perturbed at each trial during training, and then
tested with various perturbations. For each task, controllers were trained with Gaussian
perturbations with standard deviations of 0, 1, and 2 cm in the position of the target object,
and each controller was tested with perturbations of radius 0, 1, 2, and 3 cm. Note that
with a radius of 2 cm, the peg would be placed about one ring-width away from the expected
position. The results are shown in Table 2. All controllers were robust to perturbations of
1 cm, and would often succeed at 2 cm. Robustness increased slightly when more noise was
injected during training, but even controllers trained without noise exhibited considerable
robustness, since the linear-Gaussian controllers themselves add noise during sampling. We
also evaluated a kinematic baseline for each perturbation level, which planned a straight
path from a point 5 cm above the target to the expected (unperturbed) target location. This
baseline was only able to place the lego block in the absence of perturbations. The rounded
top of the peg provided an easier condition for the baseline, with occasional successes at
higher perturbation levels. Our controllers outperformed the baseline by a wide margin.

All of the robotic experiments discussed in this section may be viewed in the corre-
sponding supplementary video, available online: http://rll.berkeley.edu/icra2015gps.
A video illustration of the visuomotor policies, discussed in the following sections, is also
available: http://sites.google.com/site/visuomotorpolicy.
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Figure 2: Visuomotor policy architecture. The network contains three convolutional lay-
ers, followed by a spatial softmax and an expected position layer that converts pixel-wise
features to feature points, which are better suited for spatial computations. The points are
concatenated with the robot configuration, then passed through three fully connected layers
to produce the torques.

architectures rely on large datasets and focus on semantic tasks such as classification, often
intentionally discarding spatial information. Our architecture, illustrated in Figure 2, uses
a fixed transformation from the last convolutional layer to a set of spatial feature points,
which form a concise representation of the visual scene suitable for feedback control. Our
network has 7 layers and around 92,000 parameters, which presents a major challenge for
standard policy search methods (Deisenroth et al., 2013).

pi

pi pi
⇡✓

{⌧ ji }

Figure 3: Diagram of our ap-
proach, including the main guided
policy search phase and initializa-
tion phases.

To reduce the amount of experience needed to train
visuomotor policies, we also introduce a pretraining
scheme that allows us to train e↵ective policies with
a relatively small number of iterations. The pretraining
steps are illustrated in Figure 3. The intuition behind
our pretraining is that, although we ultimately seek to
obtain sensorimotor policies that combine both vision
and control, low-level aspects of vision can be initialized
independently. To that end, we pretrain the convolu-
tional layers of our network by predicting elements of xt

that are not provided in the observation ot, such as the
positions of objects in the scene. We also initially train
the guiding trajectory distributions pi(ut|xt) indepen-
dently of the convolutional network until the trajecto-
ries achieve a basic level of competence at the task, and
then switch to full guided policy search with end-to-end
training of ⇡✓(ut|ot). In our implementation, we also
initialize the first layer filters from the model of Szegedy
et al. (2014), which is trained on ImageNet (Deng et al.,
2009) classification. The initialization and pretraining
scheme is described in Section 5.2.

4. Guided Policy Search with BADMM

Guided policy search transforms policy search into a supervised learning problem, where
the training set is generated by a simple trajectory-centric RL algorithm. This algorithm

7
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(a) hanger (b) cube (c) hammer (d) bottle

Figure 8: Illustration of the tasks in our visuomotor policy experiments, showing the vari-
ation in the position of the target for the hanger, cube, and bottle tasks, as well as two of
the three grasps for the hammer, which also included variation in position (not shown).

6.4 Deep Visuomotor Policy Evaluation

In this section, we present an evaluation of our full visuomotor policy training algorithm on
a PR2 robot. The aim of this evaluation is to answer the following question: does training
the perception and control systems in a visuomotor policy jointly end-to-end provide better
performance than training each component separately?

Experimental tasks. We trained policies for hanging a coat hanger on a clothes rack,
inserting a block into a shape sorting cube, fitting the claw of a toy hammer under a nail with
various grasps, and screwing on a bottle cap. The cost function for these tasks encourages
low distance between three points on the end-e↵ector and corresponding target points, low
torques, and, for the bottle task, spinning the wrist. The equations for these cost functions
and the details of each task are presented in Appendix B.2. The tasks are illustrated in
Figure 8. Each task involved variation of 10-20 cm in each direction in the position of the
target object (the rack, shape sorting cube, nail, and bottle). In addition, the coat hanger
and hammer tasks were trained with two and three grasps, respectively. The current angle
of the grasp was not provided to the policy, but had to be inferred from observing the
robot’s gripper in the camera images. All tasks used the same policy architecture and
model parameters.

Experimental conditions. We evaluated the visuomotor policies in three conditions: (1)
the training target positions and grasps, (2) new target positions not seen during training
and, for the hammer, new grasps (spatial test), and (3) training positions with visual
distractors (visual test). A selection of these experiments is shown in the supplementary
video.3 For the visual test, the shape sorting cube was placed on a table rather than held in

3. The video can be viewed at http://sites.google.com/site/visuomotorpolicy
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coat hanger training (18) spatial test (24) visual test (18)
end-to-end 100% 100% 100%

pose features 88.9% 87.5% 83.3%
pose prediction 55.6% 58.3% 66.7%

shape cube training (27) spatial test (36) visual test (40)
end-to-end 96.3% 91.7% 87.5%

pose features 70.4% 83.3% 40%
pose prediction 0% 0% n/a

toy hammer training (45) spatial test (60) visual test (60)
end-to-end 91.1% 86.7% 78.3%

pose features 62.2% 75.0% 53.3%
pose prediction 8.9% 18.3% n/a

bottle cap training (27) spatial test (12) visual test (40)
end-to-end 88.9% 83.3% 62.5%

pose features 55.6% 58.3% 27.5%

Success rates on training positions, on novel test positions, and
in the presence of visual distractors. The number of trials per
test is shown in parentheses.

Figure 9: Training and visual test scenes as seen by the policy (left), and experimental
results (right). The hammer and bottle images were cropped for visualization only.

to task execution. The policy tends to pick out robust, distinctive features on the objects,
such as the left pole of the clothes rack, the left corners of the shape-sorting cube and
the bottom-left corner of the toy tool bench. In the bottle task, the end-to-end trained
policy outputs points on both sides of the bottle, including one on the cap, while the pose
prediction network only finds points on the right edge of the bottle.

In Figure 11, we compare the feature points learned through guided policy search to
those learned by a CNN trained for pose prediction. After end-to-end training, the policy
acquired a distinctly di↵erent set of feature points compared to the pose prediction CNN
used for initialization. The end-to-end trained model finds more feature points on task-
relevant objects and fewer points on background objects. This suggests that the policy
improves its performance by acquiring goal-driven visual features that di↵er from those
learned for object localization.

The feature point representation is very simple, since it assumes that the learned features
are present at all times, and only one instance of each feature is ever present in the image.
While this is a drastic simplification, both the pose predictor and the policy still achieve good
results. A more flexible architecture that still learns a concise feature point representation
could further improve policy performance. We hope to explore this in future work.

6.6 Computational Performance and Sample E�ciency

We used the Ca↵e deep learning library (Jia et al., 2014) for CNN training. Each visuomotor
policy required a total of 3-4 hours of training time: 20-30 minutes for the pose prediction
data collection on the robot, 40-60 minutes for the fully observed trajectory pretraining on
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2 cm 5/5 5/5 5/5 3/5 5/5 5/5 3/5 0/5

kinematic baseline 5/5 0/5 0/5 0/5 5/5 3/5 0/5 0/5

Table 2: Success rates of linear-Gaussian controllers under target object perturbation.

6.3 Spatial Softmax CNN Architecture Evaluation

In this section, we evaluate the neural network architecture that we propose in Section 5.1
in comparison to more standard convolutional networks. To isolate the architectures from
other confounding factors, we measure their accuracy on the pose estimation pretraining
task described in Section 5.2. This is a reasonable proxy for evaluating how well the network
can overcome two major challenges in visuomotor learning: the ability to handle relatively
small datasets without overfitting, and the capability to learn tasks that are inherently
spatial. We compare to a network where the expectation operator after the softmax is
replaced with a learned fully connected layer, as is standard in the literature, a network
where both the softmax and the expectation operators are replaced with a fully connected
layer, and a version of this network that also uses 3 ⇥ 3 max pooling with stride 2 at the
first two layers. These alternative architectures have many more parameters, since the fully
connected layer takes the entire bank of response maps from the third convolutional layer
as input. Pooling helps to reduce the number of parameters, but not to the same degree as
the spatial softmax and expectation operators in our architecture.

The results in Table 3 indicate that using the softmax and expectation operators im-
proves pose estimation accuracy substantially. Our network is able to outperform the more
standard architectures because it is forced by the softmax and expectation operators to
learn feature points, which provide a concise representation suitable for spatial inference.
Since most of the parameters in this architecture are in the convolutional layers, which ben-
efit from extensive weight sharing, overfitting is also greatly reduced. By removing pooling,
our network also maintains higher resolution in the convolutional layers, improving spatial
accuracy. Although we did attempt to regularize the larger standard architectures with
higher weight decay and dropout, we did not observe a significant improvement on this
dataset. We also did not extensively optimize the parameters of this network, such as fil-
ter size and number of channels, and investigating these design decisions further would be
valuable to investigate in future work.

network architecture test error (cm)

softmax + feature points (ours) 1.30 ± 0.73
softmax + fully connected layer 2.59 ± 1.19

fully connected layer 4.75 ± 2.29

max-pooling + fully connected 3.71 ± 1.73

Table 3: Average pose estimation accuracy and standard deviation with various architec-
tures, measured as average Euclidean error for the three target points in 3D, with ground
truth determined by forward kinematics from the left arm.
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the robot and o✏ine pose pretraining (which can be done in parallel), and between 1.5 and
2.5 hours for end-to-end training with guided policy search. The coat hanger task required
two iterations of guided policy search, the shape sorting cube and the hammer required
three, and the bottle task required four. Only about 15 minutes of the training time
consisted of executing trials on the robot. Since training was dominated by computation,
we expect significant speedup from a more e�cient implementation. The number of samples
for training each policy is shown in Table 4. Each trial was five seconds in length, and the
numbers do not include the time needed to collect about 1000 images for pretraining the
visual processing layers of the policy.

number of trials

task trajectory pretraining end-to-end training total

coat hanger 120 36 156

shape cube 90 81 171

toy hammer 150 90 240

bottle cap 180 108 288

Table 4: Total number of trials used for learning each visuomotor policy.

7. Discussion and Future Work

In this paper, we presented a method for learning robotic control policies that use raw
input from a monocular camera. These policies are represented by a novel convolutional
neural network architecture, and can be trained end-to-end using our guided policy search
algorithm, which decomposes the policy search problem in a trajectory optimization phase
that uses full state information and a supervised learning phase that only uses the obser-
vations. This decomposition allows us to leverage state-of-the-art tools from supervised
learning, making it straightforward to optimize extremely high-dimensional policies. Our
experimental results show that our method can execute complex manipulation skills, and
that end-to-end training produces significant improvements in policy performance compared
to using fixed vision layers trained for pose prediction.

Although we demonstrate moderate generalization over variations in the scene, our
current method does not generalize to dramatically di↵erent settings, especially when visual
distractors occlude the manipulated object or break up its silhouette in ways that di↵er from
the training. The success of CNNs on exceedingly challenging vision tasks suggests that
this class of models is capable of learning invariance to irrelevant distractor features (LeCun
et al., 2015), and in principle this issue can be addressed by training the policy in a variety
of environments, though this poses certain logistical challenges. More practical alternatives
that could be explored in future work include simultaneously training the policy on multiple
robots, each of which is located in a di↵erent environment, developing more sophisticated
regularization and pretraining techniques to avoid overfitting, and introducing artificial
data augmentation to encourage the policy to be invariant to irrelevant clutter. However,
even without these improvements, our method has numerous applications in, for example,
an industrial setting where the robot must repeatedly and e�ciently perform a task that
requires visual feedback under moderate variation in background and clutter conditions.

Our method takes advantage of a known, fully observed state space during training.
This is both a weakness and a strength. It allows us to train linear-Gaussian controllers
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6.3 Spatial Softmax CNN Architecture Evaluation

In this section, we evaluate the neural network architecture that we propose in Section 5.1
in comparison to more standard convolutional networks. To isolate the architectures from
other confounding factors, we measure their accuracy on the pose estimation pretraining
task described in Section 5.2. This is a reasonable proxy for evaluating how well the network
can overcome two major challenges in visuomotor learning: the ability to handle relatively
small datasets without overfitting, and the capability to learn tasks that are inherently
spatial. We compare to a network where the expectation operator after the softmax is
replaced with a learned fully connected layer, as is standard in the literature, a network
where both the softmax and the expectation operators are replaced with a fully connected
layer, and a version of this network that also uses 3 ⇥ 3 max pooling with stride 2 at the
first two layers. These alternative architectures have many more parameters, since the fully
connected layer takes the entire bank of response maps from the third convolutional layer
as input. Pooling helps to reduce the number of parameters, but not to the same degree as
the spatial softmax and expectation operators in our architecture.

The results in Table 3 indicate that using the softmax and expectation operators im-
proves pose estimation accuracy substantially. Our network is able to outperform the more
standard architectures because it is forced by the softmax and expectation operators to
learn feature points, which provide a concise representation suitable for spatial inference.
Since most of the parameters in this architecture are in the convolutional layers, which ben-
efit from extensive weight sharing, overfitting is also greatly reduced. By removing pooling,
our network also maintains higher resolution in the convolutional layers, improving spatial
accuracy. Although we did attempt to regularize the larger standard architectures with
higher weight decay and dropout, we did not observe a significant improvement on this
dataset. We also did not extensively optimize the parameters of this network, such as fil-
ter size and number of channels, and investigating these design decisions further would be
valuable to investigate in future work.

network architecture test error (cm)

softmax + feature points (ours) 1.30 ± 0.73
softmax + fully connected layer 2.59 ± 1.19

fully connected layer 4.75 ± 2.29

max-pooling + fully connected 3.71 ± 1.73

Table 3: Average pose estimation accuracy and standard deviation with various architec-
tures, measured as average Euclidean error for the three target points in 3D, with ground
truth determined by forward kinematics from the left arm.
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End-to-End Training of Deep Visuomotor Policies

(a) hanger (b) cube (c) hammer (d) bottle

Figure 10: Feature points tracked by the policy during task execution for each of the four
tasks. Each feature point is displayed in a di↵erent random color, with consistent coloring
across images. The policy finds features on the target object and the robot gripper and
arm. In the bottle cap task, note that the policy correctly ignores the distractor bottle in
the background, even though it was not present during training.

(a) hanger (b) cube (c) hammer (d) bottle

Figure 11: Feature points learned for each task. For each input image, the feature points
produced by the policy are shown in blue, while the feature points of the pose prediction
network are shown in red. The end-to-end trained policy tends to discover more feature
points on the target object and the robot arm than the pose prediction network.
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