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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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Batch RL / Offline RL
Instead of actively interacting with the environment 



Batch RL / Offline RL
Why batch RL?

•Re-use experience: gathering experience is the 
most expensive part of RL

•Gathering experience may be unsafe
•Learn from other’s experience



Problems with Off-line Learning

• Extrapolation error

• we do not know where our estimate of  is good

• even if we assume  is an unbiased estimate, the 

 will cause it to become biased
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Experiment 1Off-Policy Deep Reinforcement Learning without Exploration

Training Mismatch. Even with sufficient data, in deep Q-
learning systems, transitions are sampled uniformly from the
dataset, giving a loss weighted with respect to the likelihood
of data in the batch:

⇡ 1

|B|
X

(s,a,r,s0)2B

||r+ �Q✓0(s0,⇡(s0))�Q✓(s, a)||2. (5)

If the distribution of data in the batch does not correspond
with the distribution under the current policy, the value
function may be a poor estimate of actions selected by the
current policy, due to the mismatch in training.

We remark that re-weighting the loss in Equation (5) with
respect to the likelihood under the current policy can still
result in poor estimates if state-action pairs with high like-
lihood under the current policy are not found in the batch.
This means only a subset of possible policies can be evalu-
ated accurately. As a result, learning a value estimate with
off-policy data can result in large amounts of extrapolation
error if the policy selects actions which are not similar to the
data found in the batch. In the following section, we discuss
how state of the art off-policy deep reinforcement learning
algorithms fail to address the concern of extrapolation error,
and demonstrate the implications in practical examples.

3.1. Extrapolation Error in Deep Reinforcement

Learning

Deep Q-learning algorithms (Mnih et al., 2015) have been
labeled as off-policy due to their connection to off-policy Q-
learning (Watkins, 1989). However, these algorithms tend
to use near-on-policy exploratory policies, such as ✏-greedy,
in conjunction with a replay buffer (Lin, 1992). As a result,
the generated dataset tends to be heavily correlated to the
current policy. In this section, we examine how these off-
policy algorithms perform when learning with uncorrelated
datasets. Our results demonstrate that the performance of
a state of the art deep actor-critic algorithm, DDPG (Lil-
licrap et al., 2015), deteriorates rapidly when the data is
uncorrelated and the value estimate produced by the deep
Q-network diverges. These results suggest that off-policy
deep reinforcement learning algorithms are ineffective when
learning truly off-policy.

Our practical experiments examine three different batch set-
tings in OpenAI gym’s Hopper-v1 environment (Todorov
et al., 2012; Brockman et al., 2016), which we use to train
an off-policy DDPG agent with no interaction with the en-
vironment. Experiments with additional environments and
specific details can be found in the Supplementary Material.

Batch 1 (Final buffer). We train a DDPG agent for 1 mil-
lion time steps, adding N (0, 0.5) Gaussian noise to actions
for high exploration, and store all experienced transitions.
This collection procedure creates a dataset with a diverse
set of states and actions, with the aim of sufficient coverage.
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Figure 1. We examine the performance (top row) and correspond-
ing value estimates (bottom row) of DDPG in three batch tasks on
Hopper-v1. Each individual trial is plotted with a thin line, with
the mean in bold (evaluated without exploration noise). Straight
lines represent the average return of episodes contained in the
batch (with exploration noise). An estimate of the true value of the
off-policy agent, evaluated by Monte Carlo returns, is marked by
a dotted line. In all three experiments, we observe a large gap in
the performance between the behavioral and off-policy agent, even
when learning from the same dataset (concurrent). Furthermore,
the value estimates are unstable or divergent across all tasks.

Batch 2 (Concurrent). We concurrently train the off-policy
and behavioral DDPG agents, for 1 million time steps. To
ensure sufficient exploration, a standard N (0, 0.1) Gaus-
sian noise is added to actions taken by the behavioral pol-
icy. Each transition experienced by the behavioral policy is
stored in a buffer replay, which both agents learn from. As
a result, both agents are trained with the identical dataset.

Batch 3 (Imitation). A trained DDPG agent acts as an ex-
pert, and is used to collect a dataset of 1 million transitions.

In Figure 1, we graph the performance of the agents as
they train with each batch, as well as their value estimates.
Straight lines represent the average return of episodes con-
tained in the batch. Additionally, we graph the learning
performance of the behavioral agent for the relevant tasks.

Our experiments demonstrate several surprising facts about
off-policy deep reinforcement learning agents. In each task,
the off-policy agent performances significantly worse than
the behavioral agent. Even in the concurrent experiment,
where both agents are trained with the same dataset, there
is a large gap in performance in every single trial. This
result suggests that differences in the state distribution un-
der the initial policies is enough for extrapolation error to
drastically offset the performance of the off-policy agent.
Additionally, the corresponding value estimate exhibits di-



But, existing methods work, don’t they?

• DQN, DDPG aren’t really off-policy, use -greedy policies

•  introduces a bias, but unsubstantiated optimism can be 

tested in subsequent iterations.

ϵ

max



Batch-constrained Q-learning

• policy should induce a similar state-action distribution as dataset
• minimize distance of selected action to data in batch
• lead to states where familiar data is observed
• maximize the value function

• train a pair of networks (use minimum of Q-value)



Batch-constrained Q-learning
Off-Policy Deep Reinforcement Learning without Exploration

sible candidate actions with high similarity to the batch,
and then selects the highest valued action through a learned
Q-network. Furthermore, we bias this value estimate to
penalize rare, or unseen, states through a modification to
Clipped Double Q-learning (Fujimoto et al., 2018). As a
result, BCQ learns a policy with a similar state-action visi-
tation to the data in the batch, as inspired by the theoretical
benefits of its tabular counterpart.

To maintain the notion of batch-constraint, we define a sim-
ilarity metric by making the assumption that for a given
state s, the similarity between (s, a) and the state-action
pairs in the batch B can be modelled using a learned state-
conditioned marginal likelihood PG

B (a|s). In this case, it
follows that the policy maximizing PG

B (a|s) would min-
imize the error induced by extrapolation from distant, or
unseen, state-action pairs, by only selecting the most likely
actions in the batch with respect to a given state. Given
the difficulty of estimating PG

B (a|s) in high-dimensional
continuous spaces, we instead train a parametric generative
model of the batch G!(s), which we can sample actions
from, as a reasonable approximation to argmaxa P

G
B (a|s).

For our generative model we use a conditional variational
auto-encoder (VAE) (Kingma & Welling, 2013; Sohn et al.,
2015), which models the distribution by transforming an un-
derlying latent space1. The generative model G! , alongside
the value function Q✓, can be used as a policy by sampling n
actions from G! and selecting the highest valued action ac-
cording to the value estimate Q✓. To increase the diversity of
seen actions, we introduce a perturbation model ⇠�(s, a,�),
which outputs an adjustment to an action a in the range
[��,�]. This enables access to actions in a constrained
region, without having to sample from the generative model
a prohibitive number of times. This results in the policy ⇡:

⇡(s) = argmax
ai+⇠�(s,ai,�)

Q✓(s, ai + ⇠�(s, ai,�)),

{ai ⇠ G!(s)}ni=1.
(11)

The choice of n and � creates a trade-off between an im-
itation learning and reinforcement learning algorithm. If
� = 0, and the number of sampled actions n = 1, then the
policy resembles behavioral cloning and as �! amax�amin
and n!1, then the algorithm approaches Q-learning, as
the policy begins to greedily maximize the value function
over the entire action space.

The perturbation model ⇠� can be trained to maximize
Q✓(s, a) through the deterministic policy gradient algorithm
(Silver et al., 2014) by sampling a ⇠ G!(s):

� argmax
�

X

(s,a)2B

Q✓(s, a+ ⇠�(s, a,�)). (12)

To penalize uncertainty over future states, we modify
1See the Supplementary Material for an introduction to VAEs.

Algorithm 1 BCQ
Input: Batch B, horizon T , target network update rate
⌧ , mini-batch size N , max perturbation �, number of
sampled actions n, minimum weighting �.
Initialize Q-networks Q✓1 , Q✓2 , perturbation network ⇠�,
and VAE G! = {E!1 , D!2}, with random parameters ✓1,
✓2, �, !, and target networks Q✓0

1
, Q✓0

2
, ⇠�0 with ✓01  

✓1, ✓02  ✓2, �0  �.
for t = 1 to T do

Sample mini-batch of N transitions (s, a, r, s0) from B
µ,� = E!1(s, a), ã = D!2(s, z), z ⇠ N (µ,�)
!  argmin!

P
(a� ã)2 +DKL(N (µ,�)||N (0, 1))

Sample n actions: {ai ⇠ G!(s0)}ni=1

Perturb each action: {ai = ai + ⇠�(s0, ai,�)}ni=1

Set value target y (Eqn. 13)
✓  argmin✓

P
(y �Q✓(s, a))2

� argmax�
P

Q✓1(s, a+ ⇠�(s, a,�)), a ⇠ G!(s)
Update target networks: ✓0i  ⌧✓ + (1� ⌧)✓0i
�0  ⌧�+ (1� ⌧)�0

end for

Clipped Double Q-learning (Fujimoto et al., 2018), which
estimates the value by taking the minimum between two Q-
networks {Q✓1 , Q✓2}. Although originally used as a coun-
termeasure to overestimation bias (Thrun & Schwartz, 1993;
Van Hasselt, 2010), the minimum operator also penalizes
high variance estimates in regions of uncertainty, and pushes
the policy to favor actions which lead to states contained in
the batch. In particular, we take a convex combination of
the two values, with a higher weight on the minimum, to
form a learning target which is used by both Q-networks:

r+�max
ai


� min

j=1,2
Q✓0

j
(s0, ai) + (1� �) max

j=1,2
Q✓0

j
(s0, ai)

�

(13)
where ai corresponds to the perturbed actions, sampled
from the generative model. If we set � = 1, this update
corresponds to Clipped Double Q-learning. We use this
weighted minimum as the constrained updates produces less
overestimation bias than a purely greedy policy update, and
enables control over how heavily uncertainty at future time
steps is penalized through the choice of �.

This forms Batch-Constrained deep Q-learning (BCQ),
which maintains four parametrized networks: a generative
model G!(s), a perturbation model ⇠�(s, a), and two Q-
networks Q✓1(s, a), Q✓2(s, a). We summarize BCQ in Al-
gorithm 1. In the following section, we demonstrate BCQ
results in stable value learning and a strong performance in
the batch setting. Furthermore, we find that only a single
choice of hyper-parameters is necessary for a wide range of
tasks and environments.

Off-Policy Deep Reinforcement Learning without Exploration

sible candidate actions with high similarity to the batch,
and then selects the highest valued action through a learned
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penalize rare, or unseen, states through a modification to
Clipped Double Q-learning (Fujimoto et al., 2018). As a
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For our generative model we use a conditional variational
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2015), which models the distribution by transforming an un-
derlying latent space1. The generative model G! , alongside
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(Silver et al., 2014) by sampling a ⇠ G!(s):

� argmax
�

X

(s,a)2B

Q✓(s, a+ ⇠�(s, a,�)). (12)
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Clipped Double Q-learning (Fujimoto et al., 2018), which
estimates the value by taking the minimum between two Q-
networks {Q✓1 , Q✓2}. Although originally used as a coun-
termeasure to overestimation bias (Thrun & Schwartz, 1993;
Van Hasselt, 2010), the minimum operator also penalizes
high variance estimates in regions of uncertainty, and pushes
the policy to favor actions which lead to states contained in
the batch. In particular, we take a convex combination of
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form a learning target which is used by both Q-networks:
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where ai corresponds to the perturbed actions, sampled
from the generative model. If we set � = 1, this update
corresponds to Clipped Double Q-learning. We use this
weighted minimum as the constrained updates produces less
overestimation bias than a purely greedy policy update, and
enables control over how heavily uncertainty at future time
steps is penalized through the choice of �.

This forms Batch-Constrained deep Q-learning (BCQ),
which maintains four parametrized networks: a generative
model G!(s), a perturbation model ⇠�(s, a), and two Q-
networks Q✓1(s, a), Q✓2(s, a). We summarize BCQ in Al-
gorithm 1. In the following section, we demonstrate BCQ
results in stable value learning and a strong performance in
the batch setting. Furthermore, we find that only a single
choice of hyper-parameters is necessary for a wide range of
tasks and environments.
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(d) Imperfect demonstrations performance

Figure 2. We evaluate BCQ and several baselines on the experi-
ments from Section 3.1, as well as the imperfect demonstrations
task. The shaded area represents half a standard deviation. The
bold black line measures the average return of episodes contained
in the batch. Only BCQ matches or outperforms the performance
of the behavioral policy in all tasks.

5. Experiments

To evaluate the effectiveness of Batch-Constrained deep
Q-learning (BCQ) in a high-dimensional setting, we focus
on MuJoCo environments in OpenAI gym (Todorov et al.,
2012; Brockman et al., 2016). For reproducibility, we make
no modifications to the original environments or reward
functions. We compare our method with DDPG (Lillicrap
et al., 2015), DQN (Mnih et al., 2015) using an indepen-
dently discretized action space, a feed-forward behavioral
cloning method (BC), and a variant with a VAE (VAE-BC),
using G!(s) from BCQ. Exact implementation and experi-
mental details are provided in the Supplementary Material.

We evaluate each method following the three experiments
defined in Section 3.1. In final buffer the off-policy agents
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Figure 3. We examine the value estimates of BCQ, along with
DDPG and DQN on the experiments from Section 3.1 in the
Hopper-v1 environment. Each individual trial is plotted, with
the mean in bold. An estimate of the true value of BCQ, evaluated
by Monte Carlo returns, is marked by a dotted line. Unlike the state
of the art baselines, BCQ exhibits a highly stable value function
in each task. Graphs for the other environments and imperfect
demonstrations task can be found in the Supplementary Material.

learn from the final replay buffer gathered by training a
DDPG agent over a million time steps. In concurrent the
off-policy agents learn concurrently, with the same replay
buffer, as the behavioral DDPG policy, and in imitation, the
agents learn from a dataset collected by an expert policy.
Additionally, to study the robustness of BCQ to noisy and
multi-modal data, we include an imperfect demonstrations
task, in which the agents are trained with a batch of 100k
transitions collected by an expert policy, with two sources of
noise. The behavioral policy selects actions randomly with
probability 0.3 and with high exploratory noise N (0, 0.3)
added to the remaining actions. The experimental results
for these tasks are reported in Figure 2. Furthermore, the
estimated values of BCQ, DDPG and DQN, and the true
value of BCQ are displayed in Figure 3.

Our approach, BCQ, is the only algorithm which succeeds
at all tasks, matching or outperforming the behavioral policy
in each instance, and outperforming all other agents, besides
in the imitation learning task where behavioral cloning un-
surprisingly performs the best. These results demonstrate
that our algorithm can be used as a single approach for both
imitation learning and off-policy reinforcement learning,
with a single set of fixed hyper-parameters. Furthermore,
unlike the deep reinforcement learning algorithms, DDPG
and DQN, BCQ exhibits a highly stable value function in
the presence of off-policy samples, suggesting extrapolation
error has been successfully mitigated through the batch-
constraint. In the imperfect demonstrations task, we find
that both deep reinforcement learning and imitation learn-
ing algorithms perform poorly. BCQ, however, is able to
strongly outperform the noisy demonstrator, disentangling
poor and expert actions. Furthermore, compared to current
deep reinforcement learning algorithms, which can require
millions of time steps (Duan et al., 2016; Henderson et al.,
2017), BCQ attains a high performance in remarkably few
iterations. This suggests our approach effectively leverages
expert transitions, even in the presence of noise.
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(d) Imperfect demonstrations performance

Figure 2. We evaluate BCQ and several baselines on the experi-
ments from Section 3.1, as well as the imperfect demonstrations
task. The shaded area represents half a standard deviation. The
bold black line measures the average return of episodes contained
in the batch. Only BCQ matches or outperforms the performance
of the behavioral policy in all tasks.

5. Experiments

To evaluate the effectiveness of Batch-Constrained deep
Q-learning (BCQ) in a high-dimensional setting, we focus
on MuJoCo environments in OpenAI gym (Todorov et al.,
2012; Brockman et al., 2016). For reproducibility, we make
no modifications to the original environments or reward
functions. We compare our method with DDPG (Lillicrap
et al., 2015), DQN (Mnih et al., 2015) using an indepen-
dently discretized action space, a feed-forward behavioral
cloning method (BC), and a variant with a VAE (VAE-BC),
using G!(s) from BCQ. Exact implementation and experi-
mental details are provided in the Supplementary Material.
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DDPG and DQN on the experiments from Section 3.1 in the
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the mean in bold. An estimate of the true value of BCQ, evaluated
by Monte Carlo returns, is marked by a dotted line. Unlike the state
of the art baselines, BCQ exhibits a highly stable value function
in each task. Graphs for the other environments and imperfect
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learn from the final replay buffer gathered by training a
DDPG agent over a million time steps. In concurrent the
off-policy agents learn concurrently, with the same replay
buffer, as the behavioral DDPG policy, and in imitation, the
agents learn from a dataset collected by an expert policy.
Additionally, to study the robustness of BCQ to noisy and
multi-modal data, we include an imperfect demonstrations
task, in which the agents are trained with a batch of 100k
transitions collected by an expert policy, with two sources of
noise. The behavioral policy selects actions randomly with
probability 0.3 and with high exploratory noise N (0, 0.3)
added to the remaining actions. The experimental results
for these tasks are reported in Figure 2. Furthermore, the
estimated values of BCQ, DDPG and DQN, and the true
value of BCQ are displayed in Figure 3.

Our approach, BCQ, is the only algorithm which succeeds
at all tasks, matching or outperforming the behavioral policy
in each instance, and outperforming all other agents, besides
in the imitation learning task where behavioral cloning un-
surprisingly performs the best. These results demonstrate
that our algorithm can be used as a single approach for both
imitation learning and off-policy reinforcement learning,
with a single set of fixed hyper-parameters. Furthermore,
unlike the deep reinforcement learning algorithms, DDPG
and DQN, BCQ exhibits a highly stable value function in
the presence of off-policy samples, suggesting extrapolation
error has been successfully mitigated through the batch-
constraint. In the imperfect demonstrations task, we find
that both deep reinforcement learning and imitation learn-
ing algorithms perform poorly. BCQ, however, is able to
strongly outperform the noisy demonstrator, disentangling
poor and expert actions. Furthermore, compared to current
deep reinforcement learning algorithms, which can require
millions of time steps (Duan et al., 2016; Henderson et al.,
2017), BCQ attains a high performance in remarkably few
iterations. This suggests our approach effectively leverages
expert transitions, even in the presence of noise.
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task. The shaded area represents half a standard deviation. The
bold black line measures the average return of episodes contained
in the batch. Only BCQ matches or outperforms the performance
of the behavioral policy in all tasks.

5. Experiments

To evaluate the effectiveness of Batch-Constrained deep
Q-learning (BCQ) in a high-dimensional setting, we focus
on MuJoCo environments in OpenAI gym (Todorov et al.,
2012; Brockman et al., 2016). For reproducibility, we make
no modifications to the original environments or reward
functions. We compare our method with DDPG (Lillicrap
et al., 2015), DQN (Mnih et al., 2015) using an indepen-
dently discretized action space, a feed-forward behavioral
cloning method (BC), and a variant with a VAE (VAE-BC),
using G!(s) from BCQ. Exact implementation and experi-
mental details are provided in the Supplementary Material.

We evaluate each method following the three experiments
defined in Section 3.1. In final buffer the off-policy agents
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Figure 3. We examine the value estimates of BCQ, along with
DDPG and DQN on the experiments from Section 3.1 in the
Hopper-v1 environment. Each individual trial is plotted, with
the mean in bold. An estimate of the true value of BCQ, evaluated
by Monte Carlo returns, is marked by a dotted line. Unlike the state
of the art baselines, BCQ exhibits a highly stable value function
in each task. Graphs for the other environments and imperfect
demonstrations task can be found in the Supplementary Material.

learn from the final replay buffer gathered by training a
DDPG agent over a million time steps. In concurrent the
off-policy agents learn concurrently, with the same replay
buffer, as the behavioral DDPG policy, and in imitation, the
agents learn from a dataset collected by an expert policy.
Additionally, to study the robustness of BCQ to noisy and
multi-modal data, we include an imperfect demonstrations
task, in which the agents are trained with a batch of 100k
transitions collected by an expert policy, with two sources of
noise. The behavioral policy selects actions randomly with
probability 0.3 and with high exploratory noise N (0, 0.3)
added to the remaining actions. The experimental results
for these tasks are reported in Figure 2. Furthermore, the
estimated values of BCQ, DDPG and DQN, and the true
value of BCQ are displayed in Figure 3.

Our approach, BCQ, is the only algorithm which succeeds
at all tasks, matching or outperforming the behavioral policy
in each instance, and outperforming all other agents, besides
in the imitation learning task where behavioral cloning un-
surprisingly performs the best. These results demonstrate
that our algorithm can be used as a single approach for both
imitation learning and off-policy reinforcement learning,
with a single set of fixed hyper-parameters. Furthermore,
unlike the deep reinforcement learning algorithms, DDPG
and DQN, BCQ exhibits a highly stable value function in
the presence of off-policy samples, suggesting extrapolation
error has been successfully mitigated through the batch-
constraint. In the imperfect demonstrations task, we find
that both deep reinforcement learning and imitation learn-
ing algorithms perform poorly. BCQ, however, is able to
strongly outperform the noisy demonstrator, disentangling
poor and expert actions. Furthermore, compared to current
deep reinforcement learning algorithms, which can require
millions of time steps (Duan et al., 2016; Henderson et al.,
2017), BCQ attains a high performance in remarkably few
iterations. This suggests our approach effectively leverages
expert transitions, even in the presence of noise.
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D.2. Uncertainty Estimation for Batch-Constrained Reinforcement Learning

Section 4.2 proposes using generation as a method for constraining the output of the policy ⇡ to eliminate actions which are
unlikely under the batch. However, a more natural approach would be through approximate uncertainty-based methods
(Osband et al., 2016; Gal et al., 2016; Azizzadenesheli et al., 2018). These methods are well-known to be effective for
exploration, however we examine their properties for the exploitation where we would like to avoid uncertain actions.

To measure the uncertainty of the value network, we use ensemble-based methods, with an ensemble of size 4 and 10 to
mimic the models used by Buckman et al. (2018) and Osband et al. (2016) respectively. Each network is trained with
separate mini-batches, following the standard deep Q-learning update with a target network. These networks use the default
architecture and hyper-parameter choices as defined in Section G. The policy ⇡� is trained to minimize the standard deviation
� across the ensemble:

� argmin
�

X

(s,a)2B

�
�
{Q✓i(s, a)}Ni=1

�
. (22)

If the ensembles were a perfect estimate of the uncertainty, the policy would learn to select the most certain action for a
given state, minimizing the extrapolation error and effectively imitating the data in the batch.

To test these uncertainty-based methods, we examine their performance on the imitation task in the Hopper-v1 environment
(Todorov et al., 2012; Brockman et al., 2016). In which a dataset of 1 million expert transitions are provided to the agents.
Additional experimental details can be found in Section F. The performance, alongside the value estimates of the agents are
displayed in Figure 8.
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Figure 8. A comparison with uncertainty-based methods on the Hopper-v1 environment from OpenAI gym, on the imitation task. Although
ensemble based methods are able to generate stable value functions (right) under these conditions, they fail to constrain the action space to
the demonstrated expert actions and suffer in performance compared to our approach, BCQ (left).

We find that neither ensemble method is sufficient to constrain the action space to only the expert actions. However, the
value function is stabilized, suggesting that ensembles are an effective strategy for eliminating outliers or large deviations
in the value from erroneous extrapolation. Unsurprisingly, the large ensemble provides a more accurate estimate of the
uncertainty. While scaling the size of the ensemble to larger values could possibly enable an effective batch-constraint,
increasing the size of the ensemble induces a large computational cost. Finally, in this task, where only expert data is
provided, the policy can attempt to imitate the data without consideration of the value, however in other tasks, a weighting
between value and uncertainty would need to be carefully tuned. On the other hand, BCQ offers a computational cheap
approach without requirements for difficult hyper-parameter tuning.
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D. Additional Experiments

D.1. Ablation Study of Perturbation Model

BCQ includes a perturbation model ⇠✓(s, a,�) which outputs a small residual update to the actions sampled by the generative
model in the range [��,�]. This enables the policy to select actions which may not have been sampled by the generative
model. If � = amax � amin, then all actions can be plausibly selected by the model, similar to standard deep reinforcement
learning algorithms, such as DQN and DDPG (Mnih et al., 2015; Lillicrap et al., 2015). In Figure 7 we examine the
performance and value estimates of BCQ when varying the hyper-parameter �, which corresponds to how much the model
is able to move away from the actions sampled by the generative model.
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(a) Imitation performance (b) Imitation value estimates

Figure 7. We perform an ablation study on the perturbation model of BCQ, on the imitation task from Section 3.1. Performance is graphed
on the left, and value estimates are graphed on the right. The shaded area represents half a standard deviation. The bold black line
measures the average return of episodes contained in the batch. For the value estimates, each individual trial is plotted, with the mean in
bold.

We observe a clear drop in performance with the increase of �, along with an increase in instability in the value function.
Given that the data is based on expert performance, this is consistent with our understanding of extrapolation error. With
larger � the agent learns to take actions that are further away from the data in the batch after erroneously overestimating the
value of suboptimal actions. This suggests the ideal value of � should be small enough to stay close to the generated actions,
but large enough such that learning can be performed when exploratory actions are included in the dataset.
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Figure 7. We perform an ablation study on the perturbation model of BCQ, on the imitation task from Section 3.1. Performance is graphed
on the left, and value estimates are graphed on the right. The shaded area represents half a standard deviation. The bold black line
measures the average return of episodes contained in the batch. For the value estimates, each individual trial is plotted, with the mean in
bold.

We observe a clear drop in performance with the increase of �, along with an increase in instability in the value function.
Given that the data is based on expert performance, this is consistent with our understanding of extrapolation error. With
larger � the agent learns to take actions that are further away from the data in the batch after erroneously overestimating the
value of suboptimal actions. This suggests the ideal value of � should be small enough to stay close to the generated actions,
but large enough such that learning can be performed when exploratory actions are included in the dataset.
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Given that the data is based on expert performance, this is consistent with our understanding of extrapolation error. With
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