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Many approaches in reinforcement learning make use of the recursive relationship known as the
Bellman equation:

Q⇡(st, at) = Ert,st+1⇠E

⇥
r(st, at) + � Eat+1⇠⇡ [Q

⇡(st+1, at+1)]
⇤

(2)

If the target policy is deterministic we can describe it as a function µ : S  A and avoid the inner
expectation:

Qµ(st, at) = Ert,st+1⇠E [r(st, at) + �Qµ(st+1, µ(st+1))] (3)

The expectation depends only on the environment. This means that it is possible to learn Qµ off-
policy, using transitions which are generated from a different stochastic behavior policy �.

Q-learning (Watkins & Dayan, 1992), a commonly used off-policy algorithm, uses the greedy policy
µ(s) = argmaxa Q(s, a). We consider function approximators parameterized by ✓Q, which we
optimize by minimizing the loss:

L(✓Q) = Est⇠⇢� ,at⇠�,rt⇠E

h�
Q(st, at|✓Q)� yt

�2i
(4)

where
yt = r(st, at) + �Q(st+1, µ(st+1)|✓Q). (5)

While yt is also dependent on ✓Q, this is typically ignored.

The use of large, non-linear function approximators for learning value or action-value functions has
often been avoided in the past since theoretical performance guarantees are impossible, and prac-
tically learning tends to be unstable. Recently, (Mnih et al., 2013; 2015) adapted the Q-learning
algorithm in order to make effective use of large neural networks as function approximators. Their
algorithm was able to learn to play Atari games from pixels. In order to scale Q-learning they intro-
duced two major changes: the use of a replay buffer, and a separate target network for calculating
yt. We employ these in the context of DDPG and explain their implementation in the next section.

3 ALGORITHM

It is not possible to straightforwardly apply Q-learning to continuous action spaces, because in con-
tinuous spaces finding the greedy policy requires an optimization of at at every timestep; this opti-
mization is too slow to be practical with large, unconstrained function approximators and nontrivial
action spaces. Instead, here we used an actor-critic approach based on the DPG algorithm (Silver
et al., 2014).

The DPG algorithm maintains a parameterized actor function µ(s|✓µ) which specifies the current
policy by deterministically mapping states to a specific action. The critic Q(s, a) is learned using
the Bellman equation as in Q-learning. The actor is updated by following the applying the chain rule
to the expected return from the start distribution J with respect to the actor parameters:

r✓µJ ⇡ Est⇠⇢�

⇥
r✓µQ(s, a|✓Q)|s=st,a=µ(st|✓µ)

⇤

= Est⇠⇢�

⇥
raQ(s, a|✓Q)|s=st,a=µ(st)r✓µµ(s|✓µ)|s=st

⇤ (6)

Silver et al. (2014) proved that this is the policy gradient, the gradient of the policy’s performance 2.

As with Q learning, introducing non-linear function approximators means that convergence is no
longer guaranteed. However, such approximators appear essential in order to learn and generalize
on large state spaces. NFQCA (Hafner & Riedmiller, 2011), which uses the same update rules as
DPG but with neural network function approximators, uses batch learning for stability, which is
intractable for large networks. A minibatch version of NFQCA which does not reset the policy at
each update, as would be required to scale to large networks, is equivalent to the original DPG,
which we compare to here. Our contribution here is to provide modifications to DPG, inspired by
the success of DQN, which allow it to use neural network function approximators to learn in large
state and action spaces online. We refer to our algorithm as Deep DPG (DDPG, Algorithm 1).

2In practice, as in commonly done in policy gradient implementations, we ignored the discount in the state-
visitation distribution ⇢� .
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Algorithm 1 DDPG algorithm

Randomly initialize critic network Q(s, a|✓Q) and actor µ(s|✓µ) with weights ✓Q and ✓µ.
Initialize target network Q0 and µ0 with weights ✓Q

0  ✓Q, ✓µ
0  ✓µ

Initialize replay buffer R
for episode = 1, M do

Initialize a random process N for action exploration
Receive initial observation state s1
for t = 1, T do

Select action at = µ(st|✓µ) +Nt according to the current policy and exploration noise
Execute action at and observe reward rt and observe new state st+1

Store transition (st, at, rt, st+1) in R
Sample a random minibatch of N transitions (si, ai, ri, si+1) from R
Set yi = ri + �Q0(si+1, µ0(si+1|✓µ

0
)|✓Q0

)
Update critic by minimizing the loss: L = 1

N

P
i(yi �Q(si, ai|✓Q))2

Update the actor policy using the sampled policy gradient:

r✓µJ ⇡ 1

N

X

i

raQ(s, a|✓Q)|s=si,a=µ(si)r✓µµ(s|✓µ)|si

Update the target networks:
✓Q

0
 ⌧✓Q + (1� ⌧)✓Q

0

✓µ
0
 ⌧✓µ + (1� ⌧)✓µ

0

end for

end for

high dimensional tasks such as gripper, tasks involving contacts such as puck striking (canada)
and locomotion tasks such as cheetah (Wawrzyński, 2009). In all domains but cheetah the actions
were torques applied to the actuated joints. These environments were simulated using MuJoCo
(Todorov et al., 2012). Figure 1 shows renderings of some of the environments used in the task (the
supplementary contains details of the environments and you can view some of the learned policies
at https://goo.gl/J4PIAz).

In all tasks, we ran experiments using both a low-dimensional state description (such as joint angles
and positions) and high-dimensional renderings of the environment. As in DQN (Mnih et al., 2013;
2015), in order to make the problems approximately fully observable in the high dimensional envi-
ronment we used action repeats. For each timestep of the agent, we step the simulation 3 timesteps,
repeating the agent’s action and rendering each time. Thus the observation reported to the agent
contains 9 feature maps (the RGB of each of the 3 renderings) which allows the agent to infer veloc-
ities using the differences between frames. The frames were downsampled to 64x64 pixels and the
8-bit RGB values were converted to floating point scaled to [0, 1]. See supplementary information
for details of our network structure and hyperparameters.

We evaluated the policy periodically during training by testing it without exploration noise. Figure
2 shows the performance curve for a selection of environments. We also report results with compo-
nents of our algorithm (i.e. the target network or batch normalization) removed. In order to perform
well across all tasks, both of these additions are necessary. In particular, learning without a target
network, as in the original work with DPG, is very poor in many environments.

Surprisingly, in some simpler tasks, learning policies from pixels is just as fast as learning using the
low-dimensional state descriptor. This may be due to the action repeats making the problem simpler.
It may also be that the convolutional layers provide an easily separable representation of state space,
which is straightforward for the higher layers to learn on quickly.

Table 1 summarizes DDPG’s performance across all of the environments (results are averaged over
5 replicas). We normalized the scores using two baselines. The first baseline is the mean return
from a naive policy which samples actions from a uniform distribution over the valid action space.
The second baseline is iLQG (Todorov & Li, 2005), a planning based solver with full access to the
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Figure 3: Density plot showing estimated Q values versus observed returns sampled from test
episodes on 5 replicas. In simple domains such as pendulum and cartpole the Q values are quite
accurate. In more complex tasks, the Q estimates are less accurate, but can still be used to learn
competent policies. Dotted line indicates unity, units are arbitrary.

Table 1: Performance after training across all environments for at most 2.5 million steps. We report
both the average and best observed (across 5 runs). All scores, except Torcs, are normalized so
that a random agent receives 0 and a planning algorithm 1; for Torcs we present the raw reward
score. We include results from the DDPG algorithn in the low-dimensional (lowd) version of the
environment and high-dimensional (pix). For comparision we also include results from the original
DPG algorithm with a replay buffer and batch normalization (cntrl).

environment Rav,lowd Rbest,lowd Rav,pix Rbest,pix Rav,cntrl Rbest,cntrl

blockworld1 1.156 1.511 0.466 1.299 -0.080 1.260
blockworld3da 0.340 0.705 0.889 2.225 -0.139 0.658

canada 0.303 1.735 0.176 0.688 0.125 1.157
canada2d 0.400 0.978 -0.285 0.119 -0.045 0.701

cart 0.938 1.336 1.096 1.258 0.343 1.216
cartpole 0.844 1.115 0.482 1.138 0.244 0.755

cartpoleBalance 0.951 1.000 0.335 0.996 -0.468 0.528
cartpoleParallelDouble 0.549 0.900 0.188 0.323 0.197 0.572
cartpoleSerialDouble 0.272 0.719 0.195 0.642 0.143 0.701
cartpoleSerialTriple 0.736 0.946 0.412 0.427 0.583 0.942

cheetah 0.903 1.206 0.457 0.792 -0.008 0.425
fixedReacher 0.849 1.021 0.693 0.981 0.259 0.927

fixedReacherDouble 0.924 0.996 0.872 0.943 0.290 0.995
fixedReacherSingle 0.954 1.000 0.827 0.995 0.620 0.999

gripper 0.655 0.972 0.406 0.790 0.461 0.816
gripperRandom 0.618 0.937 0.082 0.791 0.557 0.808

hardCheetah 1.311 1.990 1.204 1.431 -0.031 1.411
hopper 0.676 0.936 0.112 0.924 0.078 0.917

hyq 0.416 0.722 0.234 0.672 0.198 0.618
movingGripper 0.474 0.936 0.480 0.644 0.416 0.805

pendulum 0.946 1.021 0.663 1.055 0.099 0.951
reacher 0.720 0.987 0.194 0.878 0.231 0.953

reacher3daFixedTarget 0.585 0.943 0.453 0.922 0.204 0.631
reacher3daRandomTarget 0.467 0.739 0.374 0.735 -0.046 0.158

reacherSingle 0.981 1.102 1.000 1.083 1.010 1.083
walker2d 0.705 1.573 0.944 1.476 0.393 1.397

torcs -393.385 1840.036 -401.911 1876.284 -911.034 1961.600

is thought to be difficult because it deals simultaneously with complex environmental dynamics and
a complex policy. Indeed, most past work with actor-critic and policy optimization approaches have
had difficulty scaling up to more challenging problems (Deisenroth et al., 2013). Typically, this
is due to instability in learning wherein progress on a problem is either destroyed by subsequent
learning updates, or else learning is too slow to be practical.

Recent work with model-free policy search has demonstrated that it may not be as fragile as previ-
ously supposed. Wawrzyński (2009); Wawrzyński & Tanwani (2013) has trained stochastic policies
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underlying physical model and its derivatives. We normalize scores so that the naive policy has a
mean score of 0 and iLQG has a mean score of 1. DDPG is able to learn good policies on many of
the tasks, and in many cases some of the replicas learn policies which are superior to those found by
iLQG, even when learning directly from pixels.

It can be challenging to learn accurate value estimates. Q-learning, for example, is prone to over-
estimating values (Hasselt, 2010). We examined DDPG’s estimates empirically by comparing the
values estimated by Q after training with the true returns seen on test episodes. Figure 3 shows that
in simple tasks DDPG estimates returns accurately without systematic biases. For harder tasks the
Q estimates are worse, but DDPG is still able learn good policies.

To demonstrate the generality of our approach we also include Torcs, a racing game where the
actions are acceleration, braking and steering. Torcs has previously been used as a testbed in other
policy learning approaches (Koutnı́k et al., 2014b). We used an identical network architecture and
learning algorithm hyper-parameters to the physics tasks but altered the noise process for exploration
because of the very different time scales involved. On both low-dimensional and from pixels, some
replicas were able to learn reasonable policies that are able to complete a circuit around the track
though other replicas failed to learn a sensible policy.

Figure 1: Example screenshots of a sample of environments we attempt to solve with DDPG. In
order from the left: the cartpole swing-up task, a reaching task, a gasp and move task, a puck-hitting
task, a monoped balancing task, two locomotion tasks and Torcs (driving simulator). We tackle
all tasks using both low-dimensional feature vector and high-dimensional pixel inputs. Detailed
descriptions of the environments are provided in the supplementary. Movies of some of the learned
policies are available at https://goo.gl/J4PIAz.
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Figure 2: Performance curves for a selection of domains using variants of DPG: original DPG
algorithm (minibatch NFQCA) with batch normalization (light grey), with target network (dark
grey), with target networks and batch normalization (green), with target networks from pixel-only
inputs (blue). Target networks are crucial.

5 RELATED WORK

The original DPG paper evaluated the algorithm with toy problems using tile-coding and linear
function approximators. It demonstrated data efficiency advantages for off-policy DPG over both
on- and off-policy stochastic actor critic. It also solved one more challenging task in which a multi-
jointed octopus arm had to strike a target with any part of the limb. However, that paper did not
demonstrate scaling the approach to large, high-dimensional observation spaces as we have here.

It has often been assumed that standard policy search methods such as those explored in the present
work are simply too fragile to scale to difficult problems (Levine et al., 2015). Standard policy search
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episodes on 5 replicas. In simple domains such as pendulum and cartpole the Q values are quite
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