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Abstract
High-level human cognition supports reasoning
about multiple objects as evident in manipulation
or navigation tasks. Object-based reasoning in
real-world environments, however, impose a chal-
lenge: as the number of considered objects scale,
planning becomes increasingly computationally in-
tractable. In this paper, we theoretically and em-
pirically prove the efficiency of Object-Oriented
Partially Observable Monte-Carlo Planning (OO-
POMCP), an object-oriented online POMDP plan-
ner that robustly scales with the number of con-
sidered objects. The performance of OO-POMCP
generalizes to a class of POMDPs explored in this
paper where the model is factored in terms of ob-
jects. We first prove the sample efficiency of belief
factorization via Rademacher complexity by deriv-
ing general upper bounds on the number of samples
for online POMDP planning. We second evaluate
OO-POMCP on domains relevant for multi-object
reasoning and show that the performance of OO-
POMCP is robust to the number of objects, even
when considering low sample sizes, local spacial
dependencies, and large observation spaces.

Introduction
High-level human cognition supports reasoning about mul-
tiple objects as evident in manipulation or navigation tasks.
In parallel with advances in object-segmentation and object-
recognition techniques for images, recently, object-based rea-
soning has received attention in robotics as a means of sup-
porting rich interactions with the environment [Janner et al.,
2018; Devin et al., 2018; Greff et al., 2019; Li et al., 2016;
Pajarinen and Kyrki, 2017]. In real-world settings, how-
ever, the number of considered objects may scale arbitrar-
ily, which makes planning increasingly computationally in-
tractable. The unstructured and uncontrolled nature of com-
plex real-world environments makes it essential to guaran-
tee the performance of multi-object planning that is robust to
the number of objects: whether it be for avoiding numerous
pedestrians in a busy walkway or searching for the many sur-

Figure 1: Visualization of 100 samples drawn from different belief
representations varying from unfactored to factored, each dimension
reflecting possible states of an object (3 in total). In this work, we an-
alyze OO-POMCP—an object-oriented online POMDP planner that
leverages the belief representation for robust multi-object planning.

vivors in a disaster site.
Partially observable Markov decision processes

(POMDPs) [Kaelbling et al., 1998] have been popu-
larly explored in sequential decision making in robotics
by accounting for uncertainty as a consequence of a lack
of knowledge of the full state of the environment (partial
observably) or imprecise sensors or actuators (stochastic
dynamics). However, POMDPs are intractable to exactly
solve. The two sources of intractability have been termed
the curse of dimensionality and the curse of history [Pineau
et al., 2006], which are defined respectively as: a POMDP
planner reasons in terms of probability distributions over
the state, called beliefs, and a POMDP planner must plan
over action-observation contingencies, called histories,
which increase double exponentially in depth of the planning
horizon.

In multi-object planning, the size of the belief grows ex-
ponentially with the number of considered objects by repre-
senting object-to-object dependencies (see Figure 1). When
reasoning about complex interactions, however, one cogni-
tive strategy employed by humans is to separate each source
of variation into “conceptual chunks” [Halford et al., 1998].



In this paper, we theoretically and empirically prove the ef-
ficiency of OO-POMCP: an object-oriented online POMDP
planing algorithm introduced in [Wandzel et al., 2019].
We examine OO-POMCP in the context of object-oriented
POMDPs (OO-POMDPs) which represent the state, transi-
tion, and observation spaces in terms of classes and objects
[Wandzel et al., 2019]. Similar to conceptual chunking, OO-
POMCP factors the belief into independent object-specific
distributions, which in turn reduces the computational com-
plexity of POMDP planning.

We first theoretically analyze OO-POMCP by deriving
bounds on the number of samples to estimate the Q-value
function within online POMDP planning. The bounds make
use of a Rademacher complexity measurement [Bartlett and
Mendelson, 2002] taken from computational learning the-
ory, which is sensitive to reward signal variance [Jiang et
al., 2015]. We establish a direct relationship between the be-
lief representation and the number of samples required for
POMDP planning by comparing bounds while varying the
degree of belief factorization in terms of objects. We demon-
strate that factorization serves as a complexity control param-
eter of the POMDP model. This result validates the sample
efficiency of OO-POMCP on a class of POMDPs where the
model can be represented in terms of object factors.

We second empirically evaluate OO-POMCP on a num-
ber of domains relevant for multi-object planning, comparing
performance to POMCP a well known online planning algo-
rithm for large domains [Silver and Veness, 2010]. Across a
class of POMDPs, OO-POMCP provides robust performance
as the number of objects scale while preserving sample effi-
ciency versus the existing POMCP algorithm. OO-POMCP,
furthermore, deals well with large jointly considered obser-
vation spaces and local spatial dependencies between objects.
Taken together, these theoretical and empirical results prove
the efficiency of OO-POMCP as well as lay the foundation for
an exciting line of research for future online planning algo-
rithms that explores dynamically factoring the belief on task
onset.

Related Work
Online POMDP planning has demonstrated high performance
over other approaches (e.g. offline planning) while scaling to
large domains [Ross et al., 2008]. State-of-the-art POMDP
solvers, DESPOT [Somani et al., 2013] or POMCP [Silver
and Veness, 2010], are online planners that break both in-
tractability curses via Monte Carlo sampling. These algo-
rithms interleave planning and action execution within a plan-
ning cycle composed of two steps: constructing a forward
search tree from the current belief for planning an action
(search) and updating the current belief to the next belief so
as to incorporate the observation yielded from executing the
planned action (tracking).

Although shown to compute near-optimal policies for large
POMDPs, these algorithms are susceptible to tracking error
by estimating the next belief. This error compounds over
the number of planning cycles and with size of the state, ac-
tion, or observation spaces [Sunberg and Kochenderfer, 2018;
Garg et al., 2019]. Belief estimation, furthermore, is excep-

tionally challenging in a multi-object setting because the size
of the belief increases exponentially with the number of con-
sidered objects. OO-POMCP differs from existing methods
by representing the belief in terms of object factors rather
than jointly. Furthermore, OO-POMCP separates search from
tracking into two dedicated processes. Together this allows
OO-POMCP to tractably update the belief per planning cycle
so as to support error-free tracking.

A factored belief representation has been explored as a
means of supporting tractable POMDP planning with analysis
[Poupart, 2005; Guestrin et al., 2001; McAllester and Singh,
2013]. However, not in the context of Monte Carlo online
planning approaches, which is the current state-of-the-art for
probabilistic POMDP planning. Our analysis of OO-POMCP,
furthermore, defines bounds in terms of samples with an ad-
ditional Rademacher complexity measurement, which consti-
tutes the first ever application to POMDPs. In addition to a
factored representation, other orthogonal approaches for ap-
proximate POMDP planning has looked at compressed be-
liefs [Roy et al., 2005] or beliefs defined over only compo-
nents of the state relevant for decision making [Ong et al.,
2010].

One algorithm similar to OO-POMCP is Factored-Value
POMCP (FV-POMCP) by [Amato and Oliehoek, 2015]. FV-
POMCP factors the problem in terms of agents within a mul-
tiagent POMDP. One algorithmic difference is FV-POMCP
maintains separate forward search trees per factor which in-
troduces additional hyperparameters as each factor requires
a weight to return a joint action. OO-POMCP avoids this by
jointly considers actions and observations over objects, which
eliminates hyperparameter tuning, however, at the cost of in-
ducing a larger forward search tree.

Preliminaries
A POMDP is defined as a 7-tuple composed of the state space
S, action space A, observation space Ω, transition function
T (s′, a, s) = p(s′|s, a), reward function R(s, a) : S × A →
R with probability p(r|s, a), γ discount factor, and observa-
tion function O(o, s′, a) = p(o|s′, a):

〈S,A, T,R, γ,Ω, O〉.

The agent maintains a belief, b ∈ B, which is a probability
distribution over the state space, such that the agent believes
it is in state s with probability p(s). The POMDP reward
function defined on beliefs returns the expected reward under
b: R(b, a) =

∑
s b(s)R(s, a), Executing an action a yields

an observation o, which is used to compute a new belief via
an update function (with η normalizing constant):

b(s′) = η O(o, s′, a)
∑
s∈S

T (s′, a, s) b(s). (1)

Rademacher complexity
Rademacher complexity measures the difficulty of estimating
a function of a target function class from samples drawn from
the training set distribution [Bartlett and Mendelson, 2002].
We can compute the Rademacher empirical average of a class
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Figure 2: (a). The relationship between the estimated empirical
Rademacher complexity over horizon depth with number of factors
of the POMDP model: 4 is fully factored and 1 is unfactored for
all objects. Visualization of fπ(.) evaluation at horizon depth 4 for
a fully factored (b). and unfactored (c). model for 10 samples per
action; each sample averaged over 20 policies. Note: the difference
in degree of value variation.

of functionsF with respect to a training setX = {x1, ..., xk}
drawn from distribution D as follows:

R̂k(F , X) = E
σ

[
sup
f∈F

1

k

k∑
i=1

σif(xi)

]
, (2)

where the expectation is taken over the distribution of the
Rademacher variables σ = {σ1, ..., σk}. Each Rademacher
variable σi is an independent random variable with value 1 or
-1 with probability 1/2. The Rademacher empirical average
measures the richness of function class F by recording how
well on average the best fitting function in the function class
correlates to random noise of the Rademacher variables over
training setX . If there is no variance over f ∈ F , that is, each
function produces the same constant value, then R̂k(.) = 0.

Online POMDP Planning
The aim of planning is to return an optimal policy π∗ ∈ Π
evaluated with respect to a modelM of the environment [Sut-
ton and Barto, 2018]. In online POMDP planning, the plan-
ner employs local forward search from the current belief to
beliefs reachable within a planning horizon of H , denoted as:
B̄. We term a policy defined over B̄, π : B̄ → A, a policy

tree reflecting an assignment of actions for reachable beliefs.
The online POMDP planning problem consists of selecting
an action maximizing the Q-value function from the current
belief b: measures the expected reward of executing an action
a in belief b while following policy tree π.

The Q-value function for a POMDP can be written as
a piece-wise linear function of the state: Qπ(b, a) =∑
s b(s)V

a
π (s) [Kaelbling et al., 1998], reflecting that the be-

lief can be represented as a vector of probabilities of length
|S|. We define V aπ (s) and V aoπ (s) respectively as the expected
value of state s after taking action a or taking a and receiving
o, and thereafter following policy tree π. The following is a
novel explicit formulation of the POMDP Q-value function
and POMDP model:
Qπ(b, a) =

∑
s

b(s)V aπ (s) (3)

=
∑
s

b(s)[R(s, a) + γ
∑
s′

T (s′|s, a)
∑
o

O(o|s′, a)V aoπ (s′)]

=
∑
s

p(s)[
∑
r

rp(r|s, a) + γ
∑
s′,o

p(s′|s, a)p(o|s′, a)V aoπ (s′)]

=
∑
s

p(s)[
∑
r

rp(r|s, a) + γ
∑
s′,o

p(o, s′|s, a)V aoπ (s′)]

=
∑
s

∑
r,o,s′

p(s)[rp(r, o, s′|s, a) + γp(r, o, s′|s, a)V aoπ (s′)]

=
∑
s

∑
r,o,s′

p(s)p(r, o, s′|s, a)[r + γV aoπ (s′)]. (4)

Line 2 is from [Kaelbling et al., 1998] and proof of line 4
is given in Appendix C. The form of Equation 4 reveals the
complexity of POMDP online planning: the first probabil-
ity term p(s) corresponds to the belief and the curse of di-
mensionality while the second p(r, o, s′|s, a) to the POMDP
model and the curse of history.

Factored OO-POMDP
The OO-POMDP is a framework for representing uncertainty
over objects [Wandzel et al., 2019]. More exactly, an object
is a state abstraction with a semantic reference. As a gen-
eralization of OO-MDPs [Diuk et al., 2008], there are two
levels of organization: classes and objects. An OO-POMDP
is formally defined as a 10-tuple:

〈C,ATT(c),DOM(a), Obj, A, T,R, γ,Ω, O〉.
States are represented as an |Obj| length vector of object
states such that s = 〈s1, ..., sn〉 and S = {S1 × ... × Sn},
for a state and the state space respectively, where Si is the
state subspace of the ith object. This representation is akin
to a factored-state MDP [Strehl et al., 2007], however, there
is additional object-specific structure. Each object is an in-
stance of a particular class, c ∈ C consisting of a set of class-
specific attributes Att(c). Each attribute has a domain of
possible values Dom(a). All possible values of an object’s
attributes make up the object subspace Si (e.g. all (x, y) lo-
cations that object i can occupy). This additional structure of
OO-POMDPs allows for uncertainty to be represented with
varying degrees of specificity: over a class of objects, a sin-
gle object, or an object-attribute.
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Figure 3: (a). Forward search tree from the current belief Note: not
all belief nodes were drawn for space constraints. (b). Qπ(b, a)
backup diagram for a sample drawn from p(s)p(r, o, s′|s, a)
(dashed lines) for a given action and π. Accumulated reward de-
noted in red.

Factored OO-POMDP Model
In an OO-POMDP, the belief can be factored and compactly
written as:

b(s) =

|C|∏
i=1

b(ci), (5)

where C = {c1, ..., cm} is a factorization of m non-
overlapping object-factors ci and each ci is a grouping of
object substates (e.g. ci = 〈s1, s2〉, ci ∈ S1 × S2). One im-
plication of a factored belief is that the OO-POMDP model
is factored such that the reward, observation, and transition
functions are defined in terms of independent object-factors.

The Q-value function for a factored model, furthermore,
may be decomposed as a linear function defined in terms of
each object-factor, Qπ(b, a) =

∑|C|
i=1Qπ(bi, a):

Qπ(b, a) =
∑

s
b(s)V aπ (s)

=
∑

c1

∑
s̄
b(s̄|c1)b(c1)[V aπ (s̄) + V aπ (c1)]

=
∑

s̄
b(s̄)

∑
c1
b(c1)[V aπ (s̄) + V aπ (c1)]

=
∑

s̄
b(s̄)V aπ (s̄) +

∑
c1
b(c1)V aπ (c1)

=
∑

s̄
b(s̄)V aπ (s̄) +Q(b1, a)

Line 2: s̄ = s \ c1; Line 3: s̄ is independent of c1; Line
4: c1 is only in the domain of V aπ (c1); Our final equation
is achieved by repeating the above steps for |C|. This proof
is satisfied by assuming a linear value function over objects
such that for all s: V (s) = V (c1) + ...+ V (c|C|). Note: the
original Q-value function is retained when |C| = 1. With i
indexing an object, the Q-value function for a factored belief
bi is expressed as:

Qπ(bi, a)

=
∑
ci

∑
ri,oi,c′i

p(ci)p(ri, oi, c
′
i|ci, a)(ri + γV aoiπ (c′i)). (6)

How the OO-POMDP is factored may vary from 1 to n
factors, n being the total number of considered objects. We
define MC to be the POMDP model defined according to C.
M|C|=1 implies a POMDP model that represents all object-
to-object dependencies and M|C|=n implies a model that
does not represent any object-to-object dependencies. While
M|C|=1 models are the most general, as we prove below,
these models are disadvantageous to plan in for large n.

OO-POMCP
OO-POMCP [Wandzel et al., 2019] extends POMCP [Silver
and Veness, 2010]. These algorithms apply Monte Carlo Tree
Search (MCTS) to POMDPs by constructing a forward search
tree per planning cycle for action selection. In the tree, each
node is a belief (the root is the current belief) and each branch
is a possible action-observation contingency (see Figure 3a).
A Monte Carlo simulation consists of sampling a state from
the current belief that follows a sampled action-observation
path down the forward search tree. The Q-value function is
estimated as the average of discounted returns and the belief
as a multiset (implicitly capturing the frequency) of states en-
countered at each node. Previous algorithms, like POMCP,
perform a filtering step to track the belief: only the node cor-
responding to the next real-world action and observation is
selected as the next belief. If there are too few particles in
this node, the performance of the planner declines, as a con-
sequence of belief underestimation, which compounds over
planning cycles. OO-POMCP, instead, represents the belief
in terms of object factors and separates search from tracking
into two dedicated processes, thereby supporting explicit be-
lief updates for error-free tracking.

Theoretical Analysis
In this section, we derive sample bounds for estimating the Q-
value function of an OO-POMDP. We show how these bounds
vary when factoring the model in terms of objects. The first
part defines the online planning problem and the POMDP
model. The second part defines the factored OO-POMDP
model and class of POMDPs targeted by OO-POMCP. The
third and final part derives the bounds over the class of
POMDPs via Rademacher complexity, demonstrating the the
class of POMDPs targeted by OO-POMCP is the most sam-
ple efficient for POMDP online planning.

Proof of Q-Value Estimation Error Bound
We investigate how factorization improves the sample effi-
ciency of POMDP planning by comparing bounds on the
number of samples to estimate the Q-value function. Specif-
ically, we bound the quantity Qπ(b, a)− Q̂π(b, a) for a fixed
b while varying the number of factors of the OO-POMDP
model |C|. Our bound utilizes a Rademacher complexity
measure, as inspired by [Jiang et al., 2015], which offers tight
bounds due to its dependence on the underlying sample dis-
tribution [Mitzenmacher and Upfal, 2017].
Theorem 1. Let MC be the OO-POMDP model factored
in a set of C object-factors and the reward function is non-
negative with maximum value Rmax. Let bi = p(ci) be the



factored belief defined over one such object-factor. Then for
all bi reflecting all ci ∈ C and K =

∑|C|
i=1

∑
ci
ci:

max
π:B̄→A

∣∣∣Qπ(b, a)− Q̂π(b, a)
∣∣∣ ≤

2 max
ci∈bi∀i
a∈A

R̂Tci,a
(F ) +

3Rmax
1− γ

√
1

2n
log

4|A|K
δ

, (7)

with probability ≥ 1− δ for all f ∈ F , where

• F = {fπ : π ∈ B̄ → A}, with

fπ(ri, oi, c
′
i) = ri + γV aoiπ (c′i).

• Tci,a is a training set of n reward, observation,
and next-state pairs drawn from the true distribution
p(ri, oi, c

′
i|ci, a) with respect to a ci drawn from p(ci)

and fixed action a.

The proof of Theorem 1 as well as the experiment details of
each chart in this section is given in Appendix A and B. The
result is a bound on the error of the Q-value estimate over all
policy trees with respect to the current belief. We compare
the bound across OO-POMDP models, MC , varying the de-
gree of factorization from complete independence |C| = n to
complete interdependence |C| = 1.

The first term reflects the complexity of the OO-POMDP
models in evaluating the Q-value function. Rademacher com-
plexity is sensitive to the variance of fπ(.) evaluations over all
π of the policy space. Each function is evaluated for an ac-
tion and sample (ci, ri, oi, c

′
i) for a randomly selected object-

factor i, following a policy tree π (see Figure 3b).
Figure 2a compares the estimated empirical Rademacher

complexity measurement over horizon depth. The measure-
ment increases with the horizon depth reflecting more vari-
ance of fπ(.). At horizon 0, for example, each evaluation can
differ at most by ri. The measurement increases, more im-
portantly, with the degree of factorization of the OO-POMDP
model, which holds constant when the horizon is greater than
0. Figure 2b and 2c visualizes the variance of evaluations
of fπ(.) for a completely factored versus unfactored OO-
POMDP model at horizon 4. More variance over the pol-
icy space correlates with a higher Rademacher score reflect-
ing the capacity to fit random noise of the Rademacher vari-
ables. Qualitatively, we can see greater variance for the pol-
icy spaces represented under the unfactored versus factored
model. These charts validate that factorization serves as a
complexity control parameter of the POMDP model as mea-
sured by Rademacher complexity.

The second term is sensitive to the size of the belief K
which counts all the states in the object-factors. Each state
represents an estimated dimension in the belief. Intuitively,
the size of K increases exponentially with the number of
objects jointly represented in the belief. Varying the factor-
ization results in K being

∑
i |Si| versus

∏
i |Si| assuming

equally sized subspaces per object-factor. The exponential
growth of the dimensionality of the belief is a direct conse-
quence of representing object-to-object dependencies in the
joint state. Factorization, thus, mediates a trade off between
generality and tractability: by not representing dependencies,

a factored belief requires less dimensions to estimate. Col-
lectively, the upper bound validates that factoring the OO-
POMDP model in terms of objects, as performed by OO-
POMCP, requires fewer samples for estimating the Q-value
function for online POMDP planning.

Empirical Evaluation
In this section, we empirically evaluate OO-POMCP on a
number of domains relevant for multi-object planning: Rock
Sample (RS), Joint Rock sample (Joint RS), Multi-Object
Search (MOS), and Car Driving Among Pedestrians (CDAP).
The POMDPs represented by these domains are members of
a class of POMDPs where the model can be factored in terms
of objects without model inaccuracy: the reward, observa-
tion, and transition functions can be represented in terms of
independent objects. We compare against various benchmark
conditions including POMCP. We do not include DESPOT as
a comparison method because both methods are complemen-
tary improvements upon POMCP: while the focus of OO-
POMCP is on tracking, DESPOT focuses on search. The
following table compares the size of the belief and state-,
observation-, and action-spaces of each domain (* denotes
approximate):

Domain Belief State Observation Action
RS(11,11) 103∗ 105∗ 2 15

Joint RS(11,11) 103∗ 105∗ 103∗ 5
MOS 1021∗ 1027∗ 109∗ 12∗

CDAP 1014∗ 1012∗ 1014∗ 3

Rock Sample
Rock Sample(m,n) is a canonical POMDP domain for bench-
marking algorithms [Smith and Simmons, 2004]. The objec-
tive is that an agent must collect n rocks in a m by m map.
The belief is defined over each rock, whether it is good or
bad. The agent received positive reward for sampling a good
rock +10, as well as exiting the map on the far East side
+10, and additionally −10 for sampling a bad rock. Each
target rock can be sensed, yielding an observation, with a ac-
curacy decreasing exponentially in the distance between the
agent and the object. The actions are n+ 5, n CHECK actions
for sensing, 4 MOVE actions in each cardinal direction, and 1
SAMPLE action.

In our experiment, we compare the discounted cumulative
reward (γ = .95) of OO-POMCP against POMCP on Rock
Sample with m = 11 and n = 11 while varying the number
of Monte Carlo simulations. Each point is the average of 100
trials. This experiment evaluates the sample efficiency of OO-
POMCP. We add another condition to test performance in a
large observation space by considering a single CHECK action
that jointly observes all rocks, which should improve perfor-
mance by increasing observational information per CHECK
action. We see that OO-POMCP outperforms POMCP even
for a low number of simulations and the margin of difference
increases when jointly considering observations. This is be-
cause OO-POMCP to successfully track the belief, invariant
to the size of the observation space. More specifically, when
POMCP receives a rare observation (one that is not estimated)



Figure 4: Algorithm performance across three domains comparing OO-POMCP with POMCP.

the next belief node will not have states to represent the next
belief. When this occurs, performance fails.

Multi-Object Search
In the Multi-Object Search domain [Wandzel et al., 2019],
the goal is for the agent to locate the 2-D coordinate of n
objects in a roomed, indoor environment with l possible loca-
tions. The belief is defined over the configuration of objects
in locations such that its dimensionality is ln (l = 500), con-
stituting a very challenging POMDP. The reward function is
+1000 and −1000 for correctly and incorrectly locating an
object and −10 for all other actions with an additional cost
for movement actions proportional to distance traveled. The
available actions are: LOOK in each cardinal direction, FIND
marks a location of an object, MOVE moves the agent deter-
minsitically to the center of each room or within room loca-
tions via a variable connection topological map. LOOK yields
an observation indicating the presence of objects in any loca-
tion within a fan-shaped sensor region.

We test if OO-POMCP can exploit local spatial-
dependencies between objects by distributing objects accord-
ing to clusters, which has not been explored in previous work.
Each object is randomly assigned membership in three clus-
ters with random µ and predefined σ ∈ (1.0, 2.0, 4.0). Each
point is the average of 100 trials over 4 domains. In addition
to the performance of OO-POMCP and POMCP, we com-
pare multiple conditions, namely: Known where the object
locations are known in advanced; Random where the agent
executes a random policy; .95/.5 and .90/1.0 which is OO-
POMCP with sensor noise: the first term is sensor accu-
racy and second term is the standard deviation of a Gaussian
noise term for false detection probability. We do not con-
sider discounted cumulative reward because of the large num-
ber of actions necessary to find all objects. We can see that
OO-POMCP out performs POMCP even with sensor noise.
POMCP is also given an additional 1, 000 particles per plan-
ning cycle to prevent particle decay. However, POMCP per-
forms near random because of the difficulty of belief tracking
in such a large POMDP. OO-POMCP plans with a compactly
represented belief in terms of independent distributions which

supports robust planning even as the number of objects in-
creases while taking advantage of local spatial-dependencies.

Car Driving Among Pedestrians
Car Driving Among Pedestrian a grid-world domain model-
ing the behavior of a car agent among walking pedestrians
as inspired by [Garg et al., 2019]. The goal of the car agent
is to reach to the final destination as soon as possible with-
out colliding with pedestrians. There is positive reward for
reaching to the final goal destination +100, and negative re-
ward for collisions −100, and −1 for each action to penal-
ize slow movements. The car moves horizontally from left
to right in a 5-by-25 map, and can vary its speed by choos-
ing one of three available actions: STAY, ONE-STEP, and
TWO-STEP. There are n pedestrians that vertically intersect
the path of the car, where the direction and the exact location
of each pedestrian is unknown. The belief is defined over
each pedestrian location distributed over 3-by-3 cells. Each
action yields an observation. The observation function is rep-
resented by Gaussian noise, and the accuracy of observation
is inversely proportional to the distance between the agent and
each pedestrian, like in Rock Sample.

We examine performance as the number of objects (pedes-
trians) increases while varying the number of simulations. We
record the discounted cumulative reward (γ = .95) of OO-
POMCP against POMCP. Each data point is the average of
100 independent trials. This experiment demonstrates how
the performance of POMCP degrades as the number of ob-
jects increases, reflecting the difficulty of planning with large
beliefs. Sequential decision making under OO-POMCP is ro-
bust to the number of pedestrians even when considering 15
pedestrians for a small number of simulations.

Conclusion
In this paper, we presented a theoretical analysis and em-
pirical evaluation of the OO-POMCP algorithm. Our paper
is the first to make explicit the direct relationship between
belief factorization and the number of samples required for
online POMDP planning with use of a novel application of
Rademacher complexity. We, furthermore, identify a class of



POMDPs that can be tractably solved as the number of ob-
jects scale. On a number of domains, we demonstrate the
performance of OO-POMCP on this class of POMDPs, while
considering a low number of simulations, local spacial de-
pendencies, and large observation spaces. The key insight is
modifying the belief representation for efficient tracking.

When modeling a real-world environment, there exists a
computational trade off between the number of considered
objects and represented object-to-object dependencies. The
incorporation of dependencies with a strong induction bias
will improve the POMDP solver. However, as shown, naively
including all dependencies may harm POMDP planning per-
formance. It is essential to balance tractable planning with the
inclusion of dependencies in real-world robotic planners. In
future work, we aim to connect our analysis of factorization
to concepts of overfitting as in [François-Lavet et al., 2019].
We aim also to explore dynamically factoring the belief on
task onset to selectively include useful dependencies, where
factorization will be decided via environment interactions in
line with recent approaches in robotic interactive perception
[Bohg et al., 2017].

Appendix
A. Proof of Theorem 1
For a factored OO-POMDP with |C| object-factors:

Qπ(b, a)− Q̂π(b, a) =

|C|∑
i

(Qπ(bi, a)− Q̂π(bi, a))

=

|C|∑
i

∑
ci

∑
ri,oi,c′i

BP[ri + γV a,oiπ (c′i)]−

1

n

n∑
j

[ri,j + γV a,oi,jπ (c′i,j)]

=

|C|∑
i

EBEP[fπ(ri, oi, c
′
i)|ci]−

1

n

n∑
j=1

fπ((ri, oi, c
′
i)j)

=

|C|∑
i

EP[fπ(ri, oi, c
′
i)]−

1

n

n∑
j=1

fπ((ri, oi, c
′
i)j), (8)

where B = p(ci) and P = p(ri, oi, c
′
i|ci, a). Line 4

follows from the law of total expectation. A function in
fπ(ri, oi, c

′
i) ∈ F is a possible evaluation of r + γV aπ (c′i)

dependent on a policy tree π. fπ(.) is within range [0, Rmax

1−γ ]

by a contraction mapping argument given the reward function
is non-negative with a maximum value of Rmax. We apply
the following bound as from [Scott, 2014] for each object-
component c ∈ C, ci ∈ c, and a ∈ A w.p. ≥ 1− δ/(|A|K):

max
π:B̄→A

∣∣∣∣∣E[fπ(ri, oi, c
′
i)]−

1

n

n∑
k=1

fπ((ri, oi, c
′
i)k)

∣∣∣∣∣ ≤
2R̂Tci,a

(F ) +
3Rmax
1− γ

√
1

2n
log

4|A|K
δ

(9)

We take the union bound and the maximum empirical
Rademacher complexity over |A|K to give the upper bound
on 9 to produce Theorem 1.

B. Experimental Details
In this section, we review the experiment details for Figure 2.
We evaluated fπ(.) in an OO-POMDP domain with 4 objects
of unknown location and agent with known location. Each
unknown object can exist in 10 possible locations, yielding
105 states. The action set A consisted of 6 actions: 2 to move
the agent deterministically left or right and 4 to sense if the
ith object exists in the current agent location.

The observation and reward functions encode dependen-
cies between objects. A sense action yields observations
about the other n − 1 objects, each with .5 conditional de-
pendency reflecting maximum entropy. The agent receives a
reward per state rs with an additive bonus ro dependent on the
number of objects present per location. Each experiment gen-
erates an OO-POMDP with randomized reward and locations
of the agent and objects. rs and ro was sampled uniformly
per location from [0, 1] and [0, 10 ∗ f(l)] respectively; f(l)
returns a count of the number of objects present in location
l. The actual reward signal has Gaussian noise with standard
deviation 0.1.

In Figure 2a, each data point is the average of 20 generated
OO-POMDPs, which was sufficient to give low standard error
on the estimated empirical Rademacher complexity measure-
ment. The factored model was sampled 20 times per action
to give the training set: (ci, ri, oi, c

′
i) of random factor i. The

expectation over Rademacher variables σ was estimated as
the average over 1, 000 samples consistent with [Zhu et al.,
2009]. We additionally took the average of 1, 000 policy trees
for fπ ∈ F . This is because the number of policy trees π is
doubly exponential in the horizon depth H: |A||Ω|H (e.g. a
horizon of 4 has approximately 107 such policy trees). We
report the the maximum measurement over all the training set
samples. In Figure 2b and 2c, the factored model was sam-
pled 10 times per action as before. The function fπ(.) for
each sample was evaluated per policy tree. We reported the
average evaluation taken over 20 randomly-generated policy
trees.

C. Supplemental Proof

p(o|s′, a)p(s′|s, a) = p(o|s′, s, a)p(s′|s, a)

= p(o, s′|s, a)

Line 1 and 2 holds by the Markov assumption and Bayes’ rule
respectively.
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