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Abstract

Imitation learning is a powerful approach to opti-
mize sequential decision making policies from
demonstrations. Most strategies in imitation
learning rely on per-step supervision from pre-
collected demonstrations as in behavioral cloning
(Pomerleau, 1989) or from interactive expert pol-
icy queries such as DAgger (Ross et al., 2011). In
this work, we present a unified view of behavioral
cloning and DAgger through the lens of local tra-
jectory optimization, which offers a means of in-
terpolating between them. We provide theoretical
justification for the proposed local trajectory opti-
mization algorithm and show empirically that our
method, POLISH (Policy Optimization by Local
Improvement through Search), is much faster than
methods that plan globally, speeding up training
by a factor of up to 14 in wall clock time. Fur-
thermore, the resulting policy outperforms strong
baselines in both reinforcement learning and imi-
tation learning.

1. Introduction
Reinforcement learning (RL) has seen a great deal of success
in recent years in various domains including gaming (Mnih
et al., 2015; Silver et al., 2016), robotics (Gu et al., 2017;
Singh et al., 2019) and systems and chip design (Mirhoseini
et al., 2017; 2018; 2020; Zhou et al., 2019). However, a well-
known disadvantage of reinforcement learning approaches
is high sample complexity. This issue can be mitigated by
learning from expert behavior, i.e., imitation learning. A
variety of strategies have been developed in imitation learn-
ing to learn from expert behavior, where the expert can be a
human (Stadie et al., 2017) or a pre-trained policy (Ho & Er-
mon, 2016). Earlier approaches, such as behavioral cloning
(BC), rely on training models to mimic expert behavior at
various states in the demonstration data (Pomerleau, 1989).
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However, these models suffer from generalization issues
arising from state distribution shift (Ross & Bagnell, 2010).
To mitigate this issue, DAgger (Ross et al., 2011) uses an
expert policy to provide interactive feedback. Although BC
and DAgger differ on how expert feedback is collected, they
both reduce the learning problem to a (cost-sensitive) super-
vised learning problem in the end. In this work, we present
a unified framework for interactive imitation learning that
uses local search to improve the policy, which balances
generalization with computation. Furthermore, we show
that BC and DAgger are special cases within the proposed
framework.

Most of imitation learning algorithms assume access to
an expert policy. However, it is not always possible to
have such an expert policy, for example for novel tasks.
To address this issue, we apply Monte Carlo Tree Search
(MCTS) to perform local trajectory optimization and use
the improved trajectories as demonstrations. In this setting,
we show that a new algorithm, called POLISH, can provide
wall-clock time speedup for learning as well.

In summary, our main contributions are:

• A unified framework for imitation learning that in-
cludes BC and DAgger as special cases. We show
that by varying the time horizon for local trajectory
improvements, we can interpolate between BC and
DAgger.

• A theoretical analysis for how the time horizon param-
eter affects the imitation learning outcome.

• A strong empirical study on a suite of high-dimensional
continuous control problems based on both sample ef-
ficiency and training time. Additionally, we validate
using MCTS as a local trajectory improvement proce-
dure.

2. Related Work
Imitation learning (IL) refers to the problem of learning
to perform a task from expert demonstrations. Behavioral
cloning (Pomerleau, 1989) is a popular approach which
maximizes the likelihood of expert actions under the agent’s
policy but it suffers from distributional shift (Ross & Bag-
nell, 2010).
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Figure 1. DAgger (Ross et al., 2011) collects 1-step feedback at
every state. Behavioral cloning collects T -step feedback only from
the initial state. Our method collects t-step feedback every t states.

Various solutions to the problem of distributional shift have
been proposed (Daumé et al., 2009; Ross & Bagnell, 2010;
Ross et al., 2011; Laskey et al., 2017). Some of these meth-
ods reduce the effects of distributional shift by interactively
querying the expert (Daumé et al., 2009; Ross et al., 2011).
DAgger (Ross et al., 2011), one of the most widely used
of these solutions, queries the expert on every state that is
visited by the policy and uses expert actions to improve the
policy. There are other offline imitation learning approaches
that do not require interactive queries. Inverse reinforcement
learning (Abbeel & Ng, 2004; Ziebart et al., 2008) attempts
to recover the reward function. Distributional matching ap-
proaches optimize for the agreement of occupancy measures
(Ho & Ermon, 2016; Kostrikov et al., 2019). In this work,
we focus on interactive imitation learning.

Normally, interactive imitation learning requires a pre-
defined expert policy for feedback. Recently, several ap-
proaches have been proposed to relax this constraint (Silver
et al., 2017; Anthony et al., 2017; Sun et al., 2018) by using
look-ahead planning to generate feedback. We plan with
Monte Carlo Tree Search (MCTS) in our experiments.

3. The POLISH Algorithm
We first present a general framework for imitation learning
from local trajectory improvements in Section 3.1. We then
describe a method based on MCTS to perform the proposed
local trajectory optimization in Section 3.2.

3.1. Main Algorithm

Our main algorithm builds on the observation that behav-
ioral cloning (Pomerleau, 1991) and DAgger (Ross et al.,
2011) are two extremes along the spectrum of possible al-
gorithms using experts to generate trajectory improvement.

Algorithm 1 POLISH (Policy Optimization by Local Im-
provement through Search)
1: Input: an initial policy π1, the expert policy π∗, the segment

length t, number of iterations N , a policy class Π.
2: for 1 ≤ i ≤ N do
3: Sample {τj}nj=1 from πi
4: S ← ∅
5: D ← ∅
6: for each trajectory τj = (s0, a0, s1, · · · , sT−1, aT−1, sT )

do
7: k ← dT/te − 1
8: Sj ← {s0, st, s2t, · · · , skt}
9: S ← S ∪ Sj

10: end for
11: for each s ∈ S do
12: Run π∗ for t steps from the state s to generate a partial

trajectory τs = (s, a′0, s
′
1, · · · , a′t−1, s

′
t)

13: D ← D ∪ {(s, a′0), (s′1, a
′
1), · · · , (s′t−1, a

′
t−1)}

14: end for
15: πi+1 ← arg minπ∈Π L(D,π)
16: end for
17: Return πN+1

This is illustrated in Figure 1. The solid nodes represent the
states visited by a current policy π during a rollout of length
T . DAgger collects expert feedback for every state along the
trajectory τ , while behavioral cloning only imitates a single
complete trajectory from the expert. There is a spectrum
of algorithms that lie in between, parametrized by the time
horizon t to collect expert demonstrations and the frequency
with which to choose the start state for the expert policy.

We present our main algorithm in Algorithm 1 that collects
locally improved partial trajectories, as shown in Figure 1
and trains a policy to imitate the expert on the collected
trajectories. For each iteration, we first collect trajectories
from a current policy πi (Line 3). Then, we collect ev-
ery kth state from these trajectories as starting states for
running the expert policy (Line 7, 8, 9). From each state
collected, we rollout π∗ for t steps to generate a partial
improved trajectory (Line 12, 13). Once all the data has
been generated, we optimize for the behavioral cloning loss
L(D,π) = 1

|D|
∑

(s,a∗)∈D(I(π(s) 6= a∗)), i.e., the super-
vised learning loss from data collected in D.

3.2. MCTS as the Expert Policy

General imitation learning requires an expert policy. We
follow a series of recent works that apply MCTS to pro-
vide feedback for policy improvement (Guo et al., 2014;
Silver et al., 2017; Anthony et al., 2017). Specifically, for
every iteration, π∗ becomes the policy obtained by run-
ning MCTS with πi, following a variant of MCTS that uses
the following UCT rule to select the leaf node in MCTS:

UCT(s, a) = r(s,a)
n(s,a)+c·π(a|s)

√
logn(s)
n(s,a) , where n(s) is the

number of times the node s has been visited so far, n(s, a)
is the number of times action a is selected at node s, and
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r(s, a) is the sum of all rewards obtained in simulations by
taking a in s. At a leaf node, Monte Carlo rollouts for value
estimation (Browne et al., 2012) is replaced by an estimate
obtained from a value network trained with the policy.

4. Theoretical Analysis
In this section, we provide theoretical justification for our
local trajectory improvement in relation to both behavioral
cloning and DAgger. We provide proofs in the Appendix.

We define quantities related to the state distributions induced
by policies at different time steps. Let dtπ denote the state
distribution obtained by following π for t steps. We use
dπ = (1 − γ)

∑∞
t=0 γ

tdtπ to denote the discounted state
distribution. With these quantities, we can rewrite J(π) =∑∞
t=0 Es∼dtπ,a∼π(s)[γ

tr(s, a)] = Es∼dπ,a∼π(s)[r(s, a)].

4.1. Motivation for Local Trajectory Improvement

We first make some assumptions on the quality of the expert
policy π∗: (1) J(π∗) ≥ J(π); (2) one-step deviation from
π∗ according to π will result in lower-valued states if we
were to follow π∗ from that point on.

To motivate the idea of using local trajectory improvement
instead of complete trajectory imitation learning, we ex-
tend the analysis in (Ross & Bagnell, 2010) on behav-
ioral cloning. A major issue with (long-horizon) behav-
ioral cloning is the potential for cascading errors if a
learned policy makes a mistake early on. The cascading
error manifests as a quadratic term of the time horizon T ,
J(π) ≥ J(π∗) − T 2ε, where T is the task horizon and
ε = Es∼dπ∗ [I(π(s) 6= π∗(s))] is the error rate.

We can do a more careful analysis that motivates the design
of an algorithm that clones behaviors at a shorter time scale.
Define J ti:ti+1

π (π′) to be the rewards obtained by following
π′ from time step ti to ti+1 from the start distribution dti−1π .
Assume we divide the time horizon into equal parts with
length t so that we have T/t segments with ti = it.

J(π) =

T/t∑
i=1

γt(i−1)J ti:ti+1
π (π)

≥
T/t∑
i=1

γt(i−1)(J ti:ti+1
π (π∗)− t2εi)

=

T/t∑
i=1

γt(i−1)J ti:ti+1
π (π∗)− 1− γT

1− γt
t2ε (1)

where εi is the error rate computed between steps ti and
ti+1. For simplicity, assume εi = ε holds across different
segments, which gives us Equation 1.

The objective is to maximize J(π) and this is done by opti-
mizing the lower bound on the right hand side via imitating

π∗. Next, we consider how the two terms on the right hand
side vary as the time horizon t changes.

Proposition 1. Under the assumptions,∑T/t
i=1 γ

t(i−1)J
ti:ti+1
π (π∗) ≤

∑T/t′

i=1 γ
t′(i−1)J

t′i:t
′
i+1

π (π∗) if
t′ is a multiple of t. Furthermore, it is maximized at t = T .

This proposition says that by multiplying the length of a
segment, the first term, which models the improvement
from utilizing an expert policy, grows. Next we consider
the second term, simple algebraic calculation yields that
1−γT
1−γt t

2ε is an increasing function of t > 0 for γ ∈ (0, 1).
Since the second term is also an increasing function in t,
there can be a balance point where the right hand side is
maximized, giving the tightest lower bound.

5. Experiment
The goals of our experimental evaluation are threefold: (1)
to verify that there exists a balance point for optimized
length for local trajectory improvement, (2) to show that
there is a trade-off between reward improvement by MCTS
and the divergence of action distributions between the policy
and the expert (MCTS) as proved in the theoretical analysis,
(3) to demonstrate that the POLISH algorithm, by design,
enables a significant speedup with a parallel implementation
that is simple and efficient.

5.1. Experiment Setup

We evaluate on four MuJoCo (Todorov et al., 2012) envi-
ronments (Ant, Walker2d, Hopper and Humanoid). For
each environment, we use the standard maximum trajec-
tory length of 1000. For each trajectory, there are multiple
MCTS rollouts starting from every t states, each of which
is distributed on a separate machine. This implementation
takes advantage of the parallelizable nature of Lines 11, 12
in Algorithm 1. For instance, with a trajectory length of
1000 and a segment length of t = 32, we can achieve maxi-
mum parallelization by using 32 machines. For MCTS to
provide meaningful improvement, we pre-train each policy
with 1000 iterations of PPO (Schulman et al., 2017) and use
it to guide the MCTS described in Section 3.2. Our MCTS
implementation is based on (MiniGo, 2020).

5.2. Main Results

Figure 2 compares POLISH with different segment lengths:
t = 1000 (behavioral cloning), t = 32 and DAgger (Ross
et al., 2011), which can be regarded as t = 1 with dataset
aggregation across iterations, as well as the vanilla PPO.
Overall, MCTS-driven imitation learning achieves a higher
return compared to PPO in all three environments, and by
a significant margin with the best choice of segment length
in particular. Regarding the choice of segment lengths, a
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Figure 2. Average returns for continuous control tasks with different t values and the PPO baseline. Experiment results are across 5
random seeded runs. Shaded area indicates ±1 standard deviation.

(a) The MCTS improvement becomes
higher as segment length increases (as
suggested by Proposition 1), but the
variance also grows.

(b) The KL-divergence of action dis-
tributions between policy and MCTS
grows as segment length grows.

(c) Wall clock time to generate MCTS
trajectories in parallel increases as the
segment length increases.

Figure 3. Tradeoff between t and improved rewards from MCTS, KL-divergence, time to generate data from MCTS in the Ant environment.

length of t = 32 is almost always better than t = 1. It
is sometimes matched with t = 1000 (Figure 2a, 2c). In
Section 5.4, we show that in those cases using t = 32 still
has advantage in computation time. This shows that an
interpolated version between BC and DAgger provides a
better trade-off between the two terms in Equation 1.

5.3. Empirical Evidence of Theory behind POLISH

To further understand the impact of segment length on the re-
turn, we show the reward improvement after running MCTS
with the current policy in Figure 3a, and the KL-divergence
of the action distributions between the MCTS and the policy
in Figure 3b. Figure 3a shows how the first term in Equation
1 changes as a function of segment length, and 3b depicts
an approximation of the error term ε in the second term.
For the Ant environment, we show both metrics for a select
range of segment lengths of (1, 4, 32, 256, 1000). As shown
in Proposition 1, the expert (MCTS) improvement (over
the policy) generally increases with segment length. The
KL-divergence, which can be viewed as an approximation
to the ε term is growing with t. As a result, the second term
in Equation 1 is growing as a function of t as well. Both
observations validate our theoretical analyses.

5.4. Parallel Implementation Speedup

Lastly, we show that we are able to achieve a significant
speedup with a parallel implementation. Our algorithm,
by design, is easy to parallelize over distributed compute
(Lines 11, 12 in Algorithm 1). Every MCTS rollout from
an initial state is independent, and thus can be conducted
on separate workers. Figure 3c shows the actual runtime
of the parallel version of MCTS rollouts over a trajectory,
compared to the ideal lower-bound which is the runtime for
one single MCTS rollout at a segment length t. Even with
a small segment length, e.g., t = 32, which implies with a
high number of parallel tasks (=32) over a fixed trajectory
length (=1000), the actual runtime is close to ideal. This
suggests that we can easily achieve a 10-times speedup for
OpenAI Gym-like environments.

6. Conclusion
In this work, we propose POLISH, a general imitation learn-
ing algorithm that provides flexible local trajectory optimiza-
tion based on MCTS. We provide theoretical analysis that
sheds light on the benefit of local trajectory improvement.
We provide empirical support for our theory by demon-
strating strong empirical performance on a suite of high-
dimensional continuous control problems.
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A. Proofs from Section 4
Proof of Proposition 1

Proof. Remember the two assumptions we make about the
expert policy π∗: (1) J(π∗) ≥ J(π); (2) one-step deviation
from π∗ according to π will result in lower-valued states if
we were to follow π∗ from that point on.

Let t′ = kt for some positive integer k. Since Algorithm 1
collects initial state every t and t′ steps, respectively. The
set of starting states collected with the interval t′ is a subset
of those collected with an interval of t. We will show that
for the first segment of length t′ starting from some state s,
J0:t′

π (π∗) ≥
∑k
i=1 γ

t(i−1)J
ti:ti+1
π (π∗). Similar proof holds

for the other segments as well.

J0:t′

π (π∗) =

k∑
i=1

γt(i−1)J
ti:ti+1

π∗ (π∗) (2)

≥
k∑
i=1

γt(i−1)J ti:ti+1
π (π∗) (3)

The inequality holds term-by-term because by Assumption
(2), following π instead of π∗ generates state distributions
that induce a lower valued states.

To show that the sum is maximized at t = T , consider any
t < T .

J0:T
π (π∗) =

T/t∑
i=1

γt(i−1)J
ti:ti+1

π∗ (π∗) (4)

≥
T/t∑
i=1

γt(i−1)J ti:ti+1
π (π∗) (5)

It follows that the sum is maximized at t = T .

Proposition 2. 1−γT
1−γt t

2ε is an increasing function of t > 0

for γ ∈ (0, 1).

Proof. Let f(t) = t2

1−γt . To prove this proposition,
it suffices to show that f(t) is an increasing func-
tion for t > 0. First we take the derivative and get
f ′(t) = 2t(1−γt)+t2γt ln γ

(1−γt)2 .

Let g(t) = 2t(1 − γt) + t2γt ln γ be the numerator
term. It is sufficient to show that g(t) > 0 for t > 0. Taking
the derivative for g(t), we obtain

g′(t) = 2− 2γt − 2tγt ln γ + ln γ(2tγt + t2γt ln γ)

= 2− 2γt + (ln γ)2t2γt

> 0

the last inequality follows from γ ∈ (0, 1). So g(t) is
increasing, i.e., g(t) > g(0) = 0. It follows that f ′(t) > 0
and f(t) is an increasing function of t.


