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Abstract— Combining task and motion planning (TAMP) is
crucial for intelligent robots to perform complex and long-
horizon tasks. In TAMP, many approaches generally employ
Monte-Carlo tree search (MCTS) with upper confidence bound
(UCB) for task planning to handle exploration-exploitation
trade-off and find globally optimal solutions. However, since
UCB basically considers the estimation error caused by noise,
the error caused by insufficient optimization of the sub-tree
is not represented. Hence, UCB-based approaches have the
disadvantage of not exploring underestimated sub-trees. To
alleviate this issue, we propose a novel tree search method
using perturbation-based best-arm identification (PBAI). We
theoretically prove the bound of the simple regret of our
method and empirically verify that PBAI finds the optimal task
plans faster and more efficiently than the existing algorithms.
The source code of our proposed algorithm is available at
https://github.com/jdj2261/pytamp.

I. INTRODUCTION

Robots that perform complex and long-horizon tasks re-
quire the ability to plan high-level tasks by considering low-
level motion plans, which is known as a problem of task and
motion planning (TAMP) [1], [2]. Task planning is required
to obtain efficient long-horizon plans, such as a sequence
of possible robotic operations like pick, place, or push in
manipulation domain. Motion planning is also needed to
obtain actual low-level movements to perform a task plan.
Most standard approaches have integrated a task planner [3]–
[5] with a motion planner [6].

With the recent development of efficient motion planners
[6], [7], task planning has become a more crucial issue in
solving long-horizon planning problems. The main challenge
of task planning is the exponentially increasing computa-
tional complexity. For example, in a sequential manipulation
scenario, as shown in Fig. 1, as the number of interacting
objects increases, the possible sequences of operations ex-
ponentially grow. For instance, for pick motion, the possible
combinations increase proportion to the number of objects,
and for place motion, similarly, the possible choices also
increase linearly to the number of objects. In this regard,
developing efficient task planners is a crucial issue in TAMP.

To overcome these issues, we focus on developing an
efficient Monte-Carlo tree search (MCTS) algorithm for
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(a) Initial state in simulation (b) Initial state in real world

Fig. 1: Benchmark 1 (Blocks World). A robot should stack
alphabetical boxes in one place in alphabetical order taking
into account the obstacles and the constraints of the robot.

task-level planning. Most approaches [8]–[10] have often
utilized the upper confidence bound (UCB) [11], [12] for
task-level planning, however, we argue that the confidence
bound used in existing methods is not efficient for task-level
optimization. In order for the UCT to successfully optimize a
task plan, the confidence bound must accurately represent the
solution’s error caused by two sources: estimation error of the
objective function and optimization error of the sub-tree. The
former is usually caused by randomness in the problem, such
as noisy observations. The latter is caused by insufficient
optimization of sub-trees. In general, the confidence bound
used in the UCT accurately reflects the former error, not the
latter error.

In this paper, we propose a novel perturbation-based search
method for MCTS to consider both estimation and optimiza-
tion errors. In the existing UCT, the optimization error was
not sufficiently considered. Hence, we added the concept of
random perturbation that can make underestimated sub-trees
to be explored randomly. To apply our algorithm to task
planning, we define symbolic states, actions from a given
scene, and rewards received after the robot performs each
step. Notably, we present a level-wise TAMP framework,
similarly to [13] where the proposed MCTS optimizes a task
plan.

The main contribution of this paper is twofold: We propose
a perturbation-based exploration for MCTS and prove that
the convergence speed is O(T exp(−T )) where T is the
number of iterations. We would like to emphasize that
convergence guarantee is an essential factor of a planning
algorithm. Second, we demonstrate our method in four
benchmarks which cannot be solved trivially. We verify that
the proposed method nearly outperforms other task planners
with a large margin regarding the convergence speed and the
final sum of rewards.
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II. RELATED WORK

A. Search Algorithms for Task Planning

One of the major strategies [14]–[16] for task planning
has conventionally taken a tree search algorithm. Traditional
search algorithms such as Breadth-First search (BFS) or
Depth-First search (DFS) iteratively expand a node until a
goal node is found. It provides the optimal solution to the
problem but is quite exhaustive. In this regard, the compu-
tational cost of brute force search increases exponentially
as the tree depth and the branching factor increase. Branch-
and-bound [17], [18] alleviates this issue. This algorithm is
widely used to solve NP-hard discrete optimization problems.
The technique is based on the principle of dividing the
set of feasible solutions into smaller subsets and evaluating
them repeatedly until the best solution is found. For smaller
problems, an optimal solution can be found within a given
problem. As the problem size increases, the tree may grow
to a point where processing times become longer due to
the increased number of nodes. A* algorithm [19] searches
for the minimum cost path between nodes and additionally
employs a heuristic function value (h-value) for each node
to predict the future cost, providing an efficient solution. But
It can take a long time in case of a complex cost function.

B. Monte-Carlo Tree Search

Many TAMP approaches have employed the MCTS as a
task-level planner [8]–[10], [20], [21]. A goal of MCTS is to
find the optimal sequence of actions using a random sampling
technique in the discrete action space. The main challenge in
MCTS is to control the trade-off between exploration (select
unvisited actions) and exploitation (select the known-best
actions). To control the exploration-exploitation trade-off, the
upper confidence bound for tree (UCT) algorithm [12] has
employed the principle of optimism in the face of uncertainty
as an exploration method. The confidence bound represents
the potential to find a better value that may be underestimated
by an estimation error. The UCT explores action space by
considering estimated values and their confidence bounds.
However, considering the trade-off is inefficient from the
perspective of optimization. In optimization, the quality of
the final solution found as a result of the optimization is
the most crucial factor instead of controlling the trade-off
during optimization. In this regard, the best arm identification
(BAI) framework [22] is often used to focus on finding
the optimal action. BAI-UCB [23] have first applied BAI
framework to the UCT and guarantee the faster convergence
than the original UCT. However, we would like to emphasize
that the confidence bound used in UCT and BAI-UCB is
derived from Hoeffding inequality, which mainly considers
the estimation errors instead of the optimization error of the
sub-tree. In this paper, we overcome this issue by adding a
random perturbation.

III. PROBLEM FORMULATION

In this section, we formulate a problem of task and
motion planning (TAMP). To represent a task-level plan, we
introduce a symbolic state m ∈ M and symbolic action

u ∈ U whereM is a set of symbolic states and U is a set of
symbolic actions. A symbolic state indicates a logical mode
of the system, and a symbolic action indicates changing
the logical mode to another logical mode. For example, a
symbolic state expresses the discrete state of the system
such as the object Oi is on the object Oj or a robot is
holding the object Oi. After taking a symbolic action u, a
symbolic state m will be moved to another symbolic state
m′ = T (m,u) where T (m,u) is a transition function. For
example, a symbolic action expresses the change of dynamics
or kinematics of the system such as grasping the object Oi or
placing the object Oi on the object Oj is a symbolic action.
Furthermore, another goal of TAMP is to find motion plans
that are a sequence of continuous states x ∈ X , where x
represents the robot’s configurations and its surroundings,
such as objects in object manipulation.

Then, the problem of TAMP is to find a sequence of
symbolic state and action pairs and corresponding configura-
tion trajectories from initial configuration x0 and initial state
m0, and can be formulated as a form of a Logic-Geometric
Program (LGP) [13], [24] as follows,

max
K,{uk, x(Tk−1:Tk)}Kk=1

K∑
k=1

[∫ Tk

Tk−1

rp(x(t))dt+ rf(x(Tk))

]
s. t. K ≤ H,x(0) = x0, Tk − Tk−1 ≤ T

∀k ∈ [1 : K] x(Tk) ∈ Cswitch(mk−1, uk),

∀k ∈ [1 : K] mk = T (mk−1, uk) ,

∀t ∈ [Tk−1 : Tk) x(t) ∈ Cpath(mk−1),

(1)

where H is the maximum length of symbolic transitions,
T indicates the maximum length of a robot trajectory per
symbolic action, Cpath(mk−1) and Cswitch(mk−1, uk) are a
set of feasible configurations depending a symbolic state
and action pair, rp(x) is a reward function of a trajectory
of configuration, and rf(x) is a reward function of a final
configuration at the end of the trajectory.

A. Overview

We address the problem (1) by combining a Monte-Carlo
tree search (MCTS) with a geometric motion planner. First,
we separate optimization variables into two groups. The first
group consists of (mk−1, uk, x(Tk)). The second group is
a trajectory of configuration x(Tk−1 : Tk). Note that if
for all k, first groups are given, then the second groups
can be simply optimized by using a conventional geometric
motion planner such as a sample-based planner [25]–[27], or
trajectory optimization methods [28], [29].

Given the geometric motion planner, we reformulate the
original problem into the Markov decision problem. First,
we define a state as sk := (mk, x(Tk)) and define an
action as ak := (uk, x(Tk+1)). Based on these definitions,
we can further define a deterministic transition function as
P(sk, ak) := (T (mk, uk), x(Tk+1)). The original problem
can be reduced to the following high-level planning problem,

max
K,a1:K

K∑
k=1

R̄(sk, ak,P (sk, ak)) s. t. K ≤ H, (2)
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Fig. 2: Overview of our proposed level-wise TAMP framework. A robot moves along the optimized plans generated by our
framework when given a task goal in an initial state.

where R̄(sk, ak, sk+1) :=
∫ Tk
Tk−1

rp(x(t))dt+ rf(x(Tk)) and
sk+1 := P (sk, ak). Consequently, we propose a novel ex-
ploration method for MCTS to optimize high-level planning.
Hence, the entire optimization is separated into two levels. In
the first level, high-level plans are computed by optimizing
r(sk, ak, sk+1) := rf(x(Tk)) with the proposed MCTS and
it returns candidates of high-level plans. In the second level,
we check the feasibility and optimize continuous trajectories
for given high-level plans by considering R̄(sk, ak, sk+1).
We present an overview of our proposed algorithm in Fig. 2,
and provide detailed explanations in Section IV-C.

IV. PERTURBATION-BASED BEST-ARM IDENTIFICATION
FOR MONTE-CARLO TREE SEARCH

In this section, we propose a perturbation-based best-arm
identification (PBAI) method. The best-arm identification
(BAI) has often been applied to a multi-armed bandit [30],
and tree search problems [23]. The BAI focuses on finding
the best action after finishing all iterations instead of mini-
mizing cumulative regrets during the optimization procedure.
This property of BAI makes it suitable for TAMP problems
since finding feasible high-level plans is more important than
not losing many rewards during the optimization. Especially,
we proposed a novel BAI method by using a random
perturbation, which will be explained in Section IV-B. Note
that the proposed method is the first approach to employ the
perturbation method for both BAI and TAMP problems.

A. Value Estimation

The goal of MCTS is to find a sequence of optimal
actions that have the optimal values defined by the optimal
Bellman equation as Q(k)

? (s, a) := r̄(s, a)+V
(k+1)
? (P(s, a))

and V
(k)
? (s) := maxa∈AQ

(k)
? (s, a), where r̄(s, a) :=

r(s, a,P(s, a)) and k indicates the kth step (or depth k in a
search tree). In MCTS, we estimate Q(k)

? and V (k)
? using a

Monte-Carlo simulation. For each node in a tree, we estimate
the rewards as R̂(s, a) :=

∑n(k)(s,a)
i=1 Ri/n

(k)(s, a) where
n(k)(s, a) is the number of the times (s, a) has been visited
at depth k and Ri is reward at the ith visit. Note that while
we address a deterministic reward in this paper, we propose
the most general case, including the noisy reward setting.
Then, by using the estimated rewards, estimated values can
be computed by Q̂(k)(s, a) := R̂(s, a) + V̂ (k+1)(P(s, a))

Algorithm 1: Perturbed Best Arm Identification (PBAI)

1: Input: {Q̂(s, a)}a∈A, {n(k)(s, a)}a∈A
2: Output: I(k)(s)
3: Sample perturbations g(k)(s, a) for each action a ∈ A
4: Compute B(k)(s, a) for each action a ∈ A
5: Compute b(k)(s) = arg minaB

(k)(s, a) and u(k)(s) =
arg maxa 6=b(k)(s) U

(k)(s, a)

6: Select I(k)(s) = arg maxa∈{b(k)(s),u(k)(s)} β
(k)(s, a)

and V̂ (k)(s) := maxa∈A Q̂
(k)(s, a). From this estimation

rule, we can observe a source of the estimation error of
Q̂(k)(s, a). The error of V̂ (k+1) will be propagated to Q̂(k).
Hence, if V̂ (k+1) is insufficiently optimized, Q̂(k) can be
underestimated. The proposed method alleviates this issue
by using a random perturbation.

B. Action Selection

For an exploration strategy, we propose the perturbation-
based best-action identification. For each state node s at
depth k, we select the action a to be explored. Then,
designing the action selection rule is the key idea for the
efficient exploration of MCTS. To choose the action to be
explored, we first compute the lower and upper bounds of
the value estimation as follows,

U (k)(s, a) := Q̂(k)(s, a) + β(k)(s, a) (3)

L(k)(s, a) := Q̂(k)(s, a)− β(k)(s, a) (4)

where β(k)(s, a) is a perturbed confidence interval. We add
a random perturbation to the confidence bound defined as
follows,

β(k)(s, a) :=

√
2R2

max

√
Tg(k)(s, a)

n(k)(s, a)
+ 2ε(k+1), (5)

where g(k)(s, a) is a positive random perturbation sampled
from the sub-Gaussian distribution with mild conditions and
ε(k+1) is a tolerance of estimation error at the next depth.
More detail conditions on Rmax, g(k) and ε(k+1) can be
found in Theorem 1 and 2. By using the perturbed confidence
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Algorithm 2: PBAI Task and Motion Planning

1: Global variables: T ,A,P, r, T,K, γ
2: Input: s0
3: Initialize a tree T (s0) = {U = Ø, Q̂(s, ·) = −∞, 0}
4: for t = 1, · · · , T do
5: Level-One-Planning(s0, 0)
6: if T (s0).feasible high level plan == True then
7: Level-Two-Planning()
8: end if
9: end for

10: return τ = {joint(arg maxi T (s0).Q̂(x0, a(:)))}

bound, we compute the length of the confidence interval for
each action a as follows,

B(k)(s, a) := max
a′ 6=a

U (k)(s, a′)− L(k)(s, a). (6)

Then, we denote the possibly optimal action at s as
b(k)(s) := arg minaB

(k)(s, a). Note that b(k)(s) may be
an optimal action with high probability since B(k)(s, a)
indicates the maximum gap between the lower bound of a
and the upper bounds of other actions not including a. Fur-
thermore, we define u(k)(s) := arg maxa6=b(k)(s) U

(k)(s, a),
which is the best possible action except for b(k)(s). Then, our
method selects the action which has the maximum confidence
bounds among b(k)(s) and u(k)(s).

I(k)(s) = arg maxa∈{b(k)(s),u(k)(s)}β
(k)(s, a). (7)

The entire algorithm is summarized in Algorithm 1. We
would like to emphasize that the source of noise of estimated
values consists of randomness in the sample-based kinematic
planner and randomness of the estimated value of the sub-
tree. However, general UCT cannot properly represent con-
fidence. Hence, by using perturbation, the randomness in
confidence bound finds a better solution than UCT.

C. Proposed Algorithm

The entire proposed method is summarized in Algorithm
2, which combines Level-One-Planning (Algorithm 3) and
Level-Two-Planning (Algorithm 4). The main algorithm
takes the initial state s0, T (a tree), A (a set of actions), P (a
transition function), r (a reward function), T (the maximum
horizon), K (the maximum depth), and γ (the discount
factor) as input variables. After initializing the tree in the
initial state, Level-One-Planning is iteratively performed for
T rounds. If a feasible high-level plan is obtained during
Level-One-Planning, then, Level-Two-Planning is performed
to optimize kinematic trajectories. The resulting output is
a sequence of symbolic states, actions, and corresponding
trajectories that maximizes the Q-values.

Level-One-Planning uses MCTS that recursively expands
state nodes and action nodes based on action selection rules
and the state transition model. Then, the recursive function
will stop if a goal state is reached, or the current state is
infeasible, or the maximum depth is reached. In the state
node, if child action nodes are empty, then, actions are
randomly sampled, otherwise, the PBAI method is used to

Algorithm 3: Level-One-Planning

1: Global variables: T ,A,P, r, T,K, γ
2: Input: s, k
3: Initialize rgoal, rinf, T (s0).feasible high level plan =

False
4: if s == goal then
5: T (s).feasible high level plan = True
6: return rgoal
7: end if
8: if s == infeasible or k == K then
9: return rinf

10: end if
11: if Child of T (s) is empty then
12: T (s).Q̂(s, a) = −∞ and T (s).N(s, a) = 0 for all a ∈ A
13: a = Sample a ∈ A
14: else
15: T (s).N(s) = T (s).N(s) + 1
16: a = PBAI(T (s).Q̂, T (s).N )
17: end if
18: T (s).U = T (s).U ∪ {a}
19: s′ = P(s, a)
20: Q̂new = r(s, a, s′) + γLevel-One-Planning(s′, k + 1)
21: T (s).Q̂(s, a) = max(Q̂new, T (s).Q̂(s, a))

Algorithm 4: Level-Two-Planning

1: Global variables: T ,A,P, r, T,K, γ
2: P = get sub optimal plans(T )
3: for p ∈ P do
4: Get reward rp = RRT-STAR(p)
5: Q̂new = rp + T (s).Q̂(s, a))
6: T (s).Q̂(s, a) = max(Q̂new, T (s).Q̂(s, a))
7: end for

obtain the next actions. All nodes maintain the best values
found during iterations and the values are updated if better
solutions with higher Q-values are found.

Level-Two-Planning obtains a set of trajectories if a feasi-
ble high-level plan is obtained through Level-One-Planning.
For each high-level plan, RRT* motion planning computes
rp after finding trajectories. The final Q-value is updated by
adding rp to the previously updated Q̂(s, a) obtained from
Level-One-Planning.

D. Theoretical Analysis

In this section, we analyze the convergence speed of the
proposed planning method. We first provide convergence
speed at the leaf node of the tree. At the leaf node, the
planning problem is reduced to a simple MAB problem.
Then, we extend the result at the leaf node to arbitrary depth
k. We define the sum of expected rewards of MCTS at the
state s after n visits as V̄ (k)

n (s) :=
∑K

h=k r(sh, ah), where
sk := s, ah is the best action computed by MCTS, and
sh+1 := P(sh, ah). Then, we define the simple regret of the
proposed MCTS,

regret(k)n (s) := V
(k)
? (s)− V̄ (k)

n (s). (8)

The problem of selecting optimal action from leaf nodes
is equivalent to a MAB problem since the leaf node will
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no longer be extended. Hence, the simple regret of MCTS
becomes the simple regret of MAB as regret

(k)
n (s) :=

maxa′ r(s, a
′)−r(s, b(k)(s)) where b(k)(s) is the best action

computed by a PBAI at the leaf node. Before stating the
main theorem, we first define a nice event as E(s) :=
{∀a ∈ A, |R̂(s, a) − r(s, a)| < β(k)(s, a), g(k)(s, a) ≤
(n −NA)ε2/(8NAR

2
max

√
T )} where NA is the number of

action and n is the number of visits at the node s. We first
state the following useful lemmas on E .

Lemma 1. Let B(k)(s) = U (k)(s, u(k)(s))−L(k)(s, b(k)(s)).
Then, B(k)(s, b(k)(s)) = B(k)(s) holds.

Lemma 2. At each visit t ∈ [1, · · · , N (k)(s)], the following
statements hold.
• If u(k)(s) is pulled, L(k)(s, u(k)(s)) ≤ L(k)(s, b(k)(s))
• If b(k)(s) is pulled, U (k)(s, u(k)(s)) ≤ U (k)(s, b(k)(s))

Lemma 3. If an action a is pulled at visit n, then, B(k)(s) <
2β(k)(s, a).

Lemma 4. On event E , for any action a 6= a?, we have
B(k)(s, a) ≥ maxa′ r(s, a

′)− r(s, a).

Lemma 5. On event E , if a ∈ {b(k)(s), u(k)(s)} is pulled,
we have,

B(k)(s) ≤ min
(

0,−∆(k)(s, a) + 2β(k)(s, a)
)

+2β(k)(s, a)

The proofs of Lemma 1, 2, 3, 4, and 5 are found in the
supplementary material [31], but, the Lemmas can be easily
proved by applying the same techniques in [22]. However,
we would like to emphasize that the results in [22] have
been extended to the version of perturbed exploration in
our work, which is the main difference from [22]. By using
these lemmas, we prove the following theorem. The proofs
of Theorem 1, 2 and Corollary 1 details can be found in the
supplementary material [31].

Theorem 1. Assume that s is a leaf node at depth k
and it is visited n times after T iterations. If we sam-
ple the perturbation from sub-Gaussian with µn = (n −
NA)ε2/(8NAR

2
max

√
T )+
√
T and σ−2n = 1+2 ln(NAT )/T ,

then, the simple regret at the leaf node s satisfies,

P
(

regret(k)n (s) > ε
)
≤ O

(
NAT exp

(
−T

2
− ε2

8NAR2
max

))
,

where NA is the number of discrete actions and Rmax is an
upper bound of reward.

Corollary 1. Assume that s is a leaf node at depth k and it
is visited n times after T iterations. An estimation error of
the optimal value satisfies,

P
(
|max

a
r(s, a)− R̂(s, b(k)(s))| > 2ε

)
≤ O

(
NATe

−T2 −
ε2

8NAR2
max

)
. (9)

Now, we derive the convergence rate for the entire tree by
using mathematical induction.

Theorem 2. Let {ε(k)}Hk=1 be the set of a threshold of
tolerance for every depth such that ε(k) − 4ε(k+1) > 0

(a) Block (b) Shelf (c) Unpacking (d) Towers of Hanoi

Fig. 3: Illustration of benchmark environments.

and ε(k) − 4ε(k+1) > ε(k+1) − 4ε(k+2) hold for every
depth k. For any state s at any depth k, assume that
the state s is visited at n time after T iterations. If we
sample the perturbation from sub-Gaussian with µn = (n−
NA)(ε(k) − 4ε(k+1))2/(8NAR

2
max

√
T ) +

√
T and σ−2n =

1 + 2 ln(NAT )/T , then, the simple regret at s satisfies,

P
(

regret(k)n (s) > ε(k)
)

≤ O

(NAT )H+1−ke
−T

2
−

(ε(k)−4ε(k+1))2

8NAR2
max


and the estimation error satisfies,

P
(
V̂ (k)(s)− V (k)

? (s) > 2ε(k)
)

≤ O

(NAT )H+1−ke
−T

2
−

(ε(k)−4ε(k+1))2

8NAR2
max

 .

V. EXPERIMENTAL RESULTS

A. Benchmark Environments and Evaluation Metrics

We validate our proposed method in four benchmarks:
Blocks, Shelf, Unpacking, and Towers of Hanoi. Blocks
and Towers of Hanoi were created by referring to [32].
All benchmarks have the following reward function: 0 for
feasible pick, rgoal for reaching a goal state, and rinf for
infeasible actions.

1) Blocks World (Fig. 3(a)): There are six boxes in
alphabetical order. The goal is to stack boxes on the table
in alphabetical order on the tray. The additional reward
is as follows: ra(1/k) for stacking in alphabetical order,
−ra(1/k) for stacking in non alphabetical order, where
rgoal = 5, rinf = −10, ra = 20, and k is current tree depth.

2) Shelf World (Fig. 3(b)): Six bottles are placed on a
shelf, one of which is a red bottle called a goal bottle. A
robot aims to grab the red bottle with the gripper and place
it into a round basket. The additional reward is −1 · I[d ≤
0.2] + 1 · I[d > 0.2] where I is an indicator, d is the y-axis
distance between the center of target bottle and currently
replaced bottle, rgoal = 5, and rinf = −5.

3) Unpacking World (Fig. 3(c)): Boxes of different sizes
are stacked inside a plastic storage box containing green milk
cartons and a red can, and a blue tray is floating next to the
storage box. This benchmark aims to grab the can and put it
on the blue tray. The additional reward is −1 for re-grasping
an object already switched, 2 otherwise, where rgoal = 10 is
set to, and rinf = −5.
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(a) RTask for benchmark1 (b) RTask for benchmark2 (c) RTask for benchmark3 (d) RTask for benchmark4

(e) RTotal for benchmark1 (f) RTotal for benchmark2 (g) RTotal for benchmark3 (h) RTotal for benchmark4

Fig. 4: Comparison of RTask (Top) and RTotal (Bottom) for each benchmark.

4) Towers of Hanoi world (Fig. 3(d)): According to the
Towers of Hanoi rules, a larger disk cannot be placed on top
of a smaller disk. The game aims to build stacks in order of
size. we set to rgoal = 15, and rinf = −5.

We evaluated four exploration methods per benchmark
for the metric: PBAI (Ours), UCT, BAI-UCB, and Random.
Each algorithm was evaluated on the benchmark tasks for
ten random seeds. The hyperparameter is optimized by
using brute force search. We used two metrics to eval-
uate our method’s performance: reward and success rate.
For reward metric, we compared two rewards: RTask :=∑H

k=1 r(sk, ak, sk+1) and RTotal :=
∑H

k=1 R̄(sk, ak, sk+1),
where RTask is a sum of task planning rewards. Rtotal is a
total reward considering the robot trajectory. The success
rate is the percentage of successful planning attempts for
benchmark 1.

B. Results and Analysis

All results are shown in Fig. 4. First, we compare the task
rewards of each algorithm. For benchmark 1, Fig. 4(a) shows
that PBAI finds the optimal solution much faster than other
methods. Especially, RTask of PBAI is 10.59% higher than the
baseline UCT, which is the second-best algorithm. Similarly,
Fig. 4(b) and 4(c) also shows that RTotal of PBAI increases
the fastest and reaches the best task reward compared to other
algorithms. Unlike other benchmarks, as shown in Fig. 4(d),
all algorithms show similar performances for benchmark
4. In this regard, the proposed PBAI nearly outperforms
other task planning methods in terms of both maximum task
rewards and the fastest convergence speed.

For total rewards, a similar tendency to task rewards can
be observed. As shown at the bottom of Fig. 4, we would like
to emphasize that the PBAI method is the most efficient in
finding the optimal trajectory. Especially, Fig. 4(h) shows that
UCB and BAI-UCB methods sometimes show worse results
than random methods. We believe that this result supports

TABLE I: Success Rates (Benchmark 1)

Algorithm Simulation Real World
Trials Rates (%) Trials Rates (%)

PBAI (Ours) 68/83 81.9 16/20 80
UCT 47/83 56.6 11/20 55
BAI-UCB 39/83 47.0 9/20 45
Random 11/83 13.3 3/20 15

that the general confidence bound cannot help the exploration
for the tree search since it cannot represent the optimization
errors of sub-trees.

The results of the success rate in simulation and real
robot are shown in Table I. In simulations, the random
algorithm has the worst performance 13.3%, and UCT has
a better performance than BAI-UCB by 9.6%. Our algo-
rithm achieves a success rate of 81.9% and outperforms the
baseline UCT by 25.3% for benchmark 1. Similarly, in real
experiments, we observe that the significantly higher success
rate of our method compared to other methods outperforms.
The proposed method achieves the highest success rate in
real-world experiments.

VI. CONCLUSIONS

We proposed an efficient and effective task planning
framework for Task and Motion Planning (TAMP) that incor-
porates a random perturbation to the confidence bounds. The
Perturbation-based Best Arm Identification (PBAI) algorithm
was shown to be optimal through theoretical analysis, and
its superior performance over other search-based approaches
was demonstrated in empirical evaluations on four bench-
marks. We believe that our algorithm can be applied to real-
world scenarios, such as cooking and furniture assembly, to
help a robot find efficient task and motion plans.
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