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Abstract— Many critical robot environments, such as health-
care and security, require robots to account for context-
dependent criteria when performing their functions (e.g., nav-
igation). Such domains require decisions that balance multiple
factors, making it difficult for robots to make contextually
appropriate decisions. Multi-Objective Optimization (MOO)
methods offer a potential solution by trading off between
objectives; however concepts like Pareto fronts are not only
expensive to compute but struggle with differentiating among
solutions on the Pareto front. This work introduces the Con-
textual Multi-Objective Path Planning (CMOPP) algorithm,
which enables the robot to trade off different complex costs
dependent on context. The key insight of this work is to
separate the path planning and path cost estimation into two
independent steps, thus significantly reducing computation cost
without impacting the quality of the resulting path. As a result,
CMOPP is able to accurately model path costs, which provide
meaningful trade-offs when choosing a path that best fits the
context. We show the benefits of CMOPP on case studies that
demonstrate its contextual path planning capabilities. CMOPP
finds contextually appropriate paths by first reducing the search
space up to 99.9% to a near-optimal set of paths. This reduction
enables the generation of accurate path cost models, using up
to 90% less computation than similar methods.

I. INTRODUCTION

Robots have moved into critical sectors, such as healthcare
and security, that require complex decisions that balance
multiple context-dependent costs. A robot responding to an
emergency call needs to choose a path that is likely to get
there fastest with a low chance of failure. However, the
same robot carrying delicate lab samples will instead need
to consider paths with minimal potential disruptions, such
as crowded hallways or bumps in the floor. Each of these
contexts requires that the robot reason about different trade-
offs to make an appropriate decision for the given context.

Multi-Objective Optimization (MOO) looks for optimal
solutions on the Pareto front and offers ways to balance and
trade off different objectives. However, finding the Pareto
front is often computationally expensive, especially when
complex costs are difficult to model. MOO methods typically
calculate the cost of each solution during the search, effec-
tively multiplying the complexity of each function. Surrogate
methods aim to reduce computational complexity by using
learned proxy functions to reduce the search space [1]. This
allows them to perform the expensive cost computations on
only a small subset of the search space. However, these
require an extensive learning setup and training time.
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This work introduces the CMOPP algorithm, a path plan-
ner that leverages and balances complex cost measures to
choose a contextually appropriate path. CMOPP accom-
plishes this by utilizing traditional graph search techniques
to narrow the search space and focus on a promising set of
paths. This allows it to separately perform the expensive path
cost calculations, which are estimated from complex edge
cost models, such as Gaussian Mixture Models (GMMs).
This is a similar structure to surrogate multiobjective meth-
ods, but leverages graph search algorithms to eliminate the
need for learned proxy functions. Finally, CMOPP employs
MOO tools to trade-off between path costs and choose a
final path based on contextual costs. In this work, we define
context to be the set of objectives most appropriate to the
situation, which is similar to setting dynamic weights —
though that is not the mechanism used.

The key insight of this work is recognizing that paths are
easy to find, but path costs can be expensive to compute.
By separating the path and cost computations into two
steps, we are able to significantly reduce overall compu-
tation without reducing the quality of paths found. As a
consequence, CMOPP is able to accurately model path costs
on a siginficantly reduced number of paths, which provide
meaningful trade-offs when deciding which path best fits
the context. Note that this approach does not guarantee the
preservation of the optimal path for each objective. However,
because additional computation will delay the determination
of the optimal path, it is of little value in environments
with uncertainty and non-deterministic execution. Instead,
our approach focuses on the vicinity of the optimal solution
for all costs concerned and provides paths that address all
contextual requirements.

We show the utility of CMOPP on case studies
that demonstrate the contextual path planning capabilities.
CMOPP finds contextually appropriate paths by first reduc-
ing the search space up to 99.9% to a near-optimal set of
paths. Though we do not guarantee coverage of the entire
Pareto front, our method is able to find multiple solutions
across the Pareto front in all cases tested. This reduction
enables the generation of accurate path cost models using
up to 90% less computation than other similar methods.

II. RELATED WORKS

Global path planning in a static environment with a
single objective is considered solved. A* [2] and Dijkstra
[3], including their many variants, provide an optimal path
under these constraints. However, adding the complexity of a
dynamic environment or multiple competing objectives leads
to an abundance of open research questions. Our method
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interweaves three areas of research: path planning that relies
on (1) multiple objectives, (2) context, and (3) uncertainty.

A. Multi-Objective Path Planning

There are many strategies for autonomous decision making
with multiple objectives. The strategies that are most closely
related to this work are Pareto methods. Pareto methods aim
to find the set of non-dominated paths. Non-dominated Sort-
ing Genetic Algorithm II (NSGA-II) [4] is an evolutionary
method commonly used for this purpose. NSGA-II ranks
each point by how many points it dominates and how many
points dominate it, then uses this to evolve the search space.
Other methods find a Pareto front with more traditional path
planning techniques [5], [6]. However, these methods do not
include path costs that are difficult to compute, nor do they
choose a path to adapt to the context.

Pareto methods can be computationally expensive to com-
pute. Some works have looked at how to speed up the graph
search component [7], [8]. Surrogate methods are utilized
in cases where the environment is computationally cheap to
search, but costs are expensive to compute [1], [9]. They
rely on a set of learned proxy functions to reduce the search
space. Once learned, these proxy functions are significantly
cheaper to compute than the actual cost. This allows for
the expensive cost computation to be performed on a small
subset of the overall search space.

B. Contextual Path Planning

One interesting area of research that includes contextual
information is Tourist Route Planning (TRP). Methods often
incorporate the information into either a cost map or as a
weight function [10], [11]. These methods integrate context
by choosing and balancing a subset of costs to best fit the
context. They rely on a linear combination of costs and sum
across edges to estimate the total path cost. In order to make
a final decision, some present the Pareto front as a set of
options to a user [12], [13] or learn human preferences to
align the decision-making process with human intent [14].

C. Path Planning Under Uncertainty

Global planning under uncertainty presents unique chal-
lenges, as the robot must learn and utilize long-term trends
to plan a path. Many methods utilize non-scalar edge costs
to model uncertainty, including normal distributions [15].
These methods rely on the ability to easily add values across
edges to come up with a representative path cost. Therefore,
they can rely on traditional graph search algorithms by
incorporating these costs into the weight function.

Mixture models present a unique challenge, as they cannot
be easily used in traditional graph search methods that add
attributes across edges to get a path cost. Yang, et al. [16]
model uncertain edge costs as a Gaussian Mixture Model
(GMM), then find the Pareto front of paths. They use a
graph search technique and estimate the path cost with every
expanded edge by convoluting the individual distributions
across edges. Using this method, if each distribution contains
two modes, the result is 2" distributions, where n is the

number of edges. For example, combining the bi-modal
distributions of six edges, resulting in 64 distributions. This
quickly becomes an unwieldy and uninformative model.
They handle this by sampling and refitting a new GMM
as the number of distributions grows. Given that they are
performing this method for each edge expanded in the graph
search, this method is extremely computationally heavy and
infeasible in large search spaces.

III. CONTEXTUAL MULTI-OBJECTIVE PATH PLANNING
(CMOPP) ALGORITHM

In this work, we study how to alter a robot’s path to best
fit the operating context, where the context mandates trading
off multiple costs that are difficult or expensive to compute.
This paper introduces the Contextual Multi-Objective Path
Planning (CMOPP) algorithm, a path planner that leverages
complex uncertainty models to choose a contextually appro-
priate path. CMOPP models uncertainty in the environment
to enable the generation of multiple meaningful path costs.

CMOPP accomplishes this in three steps, shown in Al-
gorithm 1. First, it reduces the search space in order to
focus on a set of promising paths (Alg. 2). This allows it
to spend more computation power to estimate the path costs
from complex edge cost models (Alg. 3). Finally, it chooses
amongst the paths by balancing the costs most relevant to
the given context (Alg. 4).

Variables used in these algorithms are as follows:

o Start and goal nodes (start, goal)

o Graph (G) with observed edge costs (EC)

o The set estimated path costs (PC)

e The set of contextual costs (CC), the subset of PC
that is most relevant to the current context. Ordered
with most important first

o The set of paths (P) found in Algorithm 2

o The set of domination numbers (D) for each path.

o An individual cost (c), path (p), weight function (w),
edge (e), sample (s), or domination number (dp).

o The final path (final) chosen

Algorithm 1: Top-level algorithm

1 Function CMOPP (G, start, goal)

PC={}// Initialize path costs
P < Reduce (G, start,goal) // Alg. 2
PC < Estimate (G,P) // Alg. 3
final + Choose (CC,P,PC) // Alg. 4
return final;

A U A WN

A. Algorithm 2: Reduce the search space

CMOPP relies on complex edge costs to inform contex-
tually appropriate decisions. This makes it computationally
expensive to get an accurate path cost model from edge costs.
CMOPP first reduces the search space in order to focus on
a set of promising paths to compare. The key is to utilize
a diverse set of edge costs to find a breadth of partially
optimized paths. The aim here is not to form a Pareto front,

10241



Algorithm 2: Reduce the search space

1 Function Reduce (G, start, goal)
P={} // Resulting paths
foreach c;,c; € G.EC x G.EC do
W = ¢; X Cj; // Weight function
p < Dijkstra (G,start,goal, w);
if p ¢ P then
‘ add p to P;
return P

®X Q9 S v B W N

but instead focus the search in order to provide meaningful
trade-offs that may be appropriate in different contexts.

CMOPP creates a set of diverse weight functions by taking
the product of each pair of possible edge costs (e.g. distance
and mean time to traverse an edge). CMOPP runs Dijkstra
with each weight function and keeps the unique paths, as is
shown in Algorithm 2. Note that the exact functional form
of these weight functions does not have a significant impact
on the results; the critical factor is their ability to cover a
breadth of different costs in order to find a diverse set of
partially optimized paths.

B. Algorithm 3: Estimate timing distributions

By reducing the search space to a set of partially optimized
paths, CMOPP focuses additional computation on creating
accurate path cost models. Algorithm 3 demonstrates how
CMOPP estimates the path costs. Many relevant costs, such
as distance, can be accurately represented by a scalar. Other
costs, however, require a more complex representation. The
distribution of times it takes for the robot to traverse a
sporadically busy hallway may have multiple peaks; as
such, the time cannot be represented by a scalar or normal
distribution, but can be modeled as a GMM. We consider
two models for path costs: scalars and GMMs.

For this work, we model the time it takes to traverse each
edge as a GMM. As demonstrated by Yang, et. al. [16], com-
bining edge costs represented by GMM distributions requires
convolution and/or sampling in order to find an accurate path
cost model. Therefore, CMOPP estimates the path timing
costs by sampling from each edge cost distribution; this
method is inspired by Markov Chain Monte Carlo (MCMC)
techniques [17]. As shown in lines 4 to 13 in Algorithm 3,
for each iteration and each path, CMOPP takes a sample
time from each edge GMM, then sums the sampled times
together to get a realistic sample path time. After a fixed
number of iterations, it fits a GMM to the sampled times
for each path. Since the environment is stochastic, this step
creates meaningful cost models for each path.

This differs from, and is more efficient than, the method
developed by Yang, et. al [16]. They convolve, sample, and
refit the distributions multiple times for a single path, which
is done iteratively throughout the graph search each time an
edge is expanded. Our method does not use convolution; we
only sample and fit a new GMM once per path, as our path
cost calculations are separate from the graph search.

For all scalar edge costs, we calculate the associated path
cost by summing values across edges. For example, the
distance of the path can be directly calculated by adding
the distance of each individual edge. This is shown in lines
14 to 17 in Algorithm 3.

Algorithm 3: Estimate path costs
1 Function Estimate (G,P)

2 | PC={}
// For each path and edge cost
3 foreach p € P,c € G.EC do
4 if c is GM M then
// Take samples from edge GMM
and fit GMM for path

5 samples = [|;

6 repeat /000 times

7 s =0;

8 foreach e € p do

9 ‘ s += sample from ce;

10 samples.append(s);

11 PCp,.cmm + fit a GMM to samples
12 else // ¢ is a scalar

13 cost = 0;

14 foreach e € p do

15 ‘ cost += cCg;

16 PC, ¢ < cost ;
17 return PC

C. Algorithm 4: Choose a path

Finally, CMOPP uses the path cost models to choose a
path that best fits the context. CMOPP calculates the set
of non-dominated paths of the reduced search space under
the given subset of contextual costs, CC. This method was
inspired by the domination criterion in NSGA-II [4].

We define dominance under the contextual costs, CC; path
A dominates path B if changing from A to B will cause
deterioration in the performance over one or more costs, with
no improvement in other costs. For the given subset of costs,
CMOPP calculates the domination number for each path by
counting the number of paths it is dominated by and the
number of paths it dominates, then subtracting the former
from the latter. Utilizing both values allows CMOPP to find
the Pareto front of the reduced space and contextual costs,
then determine most dominant point within the front. If this
step does not result in a single path, a runoff occurs. The
runoff criteria is the first cost in the given contextual costs,
CC, which is ordered by importance. This is the only case
where the order of costs comes into play; all other steps
assume they are equally important.

Figure 1 shows the domination criterion and runoff situa-
tion. Note that the « and y values are purely demonstrative,
as this works for any set of costs. Three of the four Pareto
front points have the same domination number, as they all
dominate the same number of points and are not dominated
by any others. This is a case where the runoff criterion are
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needed. The blue triangle is chosen, as it is the most optimal
of the three points under the primary cost (z-axis).

Algorithm 4: Choose a path based on context

1 Function Choose (CC,P,PC)

2 | D={}
3 foreach p; € P do
4 dp, =0;
5 foreach p; € P, p; # p; do
6 if p; dominates pj,Vc € CC then
7 | dp, +=1;
8 else if p; dominates p;, Ve € CC then
9 | dp, —=1;
10 add dp, to D;
11 final + py, s.t. dp, = maz(D);
12 return final
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Fig. 1. Demonstration of Algorithm 4. Red points are dominated; gold

are the Pareto front; the blue triangle is the final path choice. This method
assigns a dominance value to each point (points are scaled by dominance
value) by counting the number of points it dominates, and number of points
it is dominated by, then subtracting the latter from the former.

IV. EXPERIMENTAL EVALUATION

Below we outline the details of how we implemented
CMOPP. The implementation utilized the data described
below to demonstrate a useful application of CMOPP.

A. Experimental Setup

This section covers how we collected the data used in this
paper. First, we model a building environment with humans
present. The simulation environment is set up in Gazebo
and an undirected NetworkX graph; each node is a region
grounded in 2D space and edges are the areas between them,
as shown in Figure 2. On each edge, we represent how often
humans are present (frequency) and how “busy” the space is
when there are humans present (presence). In the simulation

Environment with node and edge embeddings
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Fig. 2. Environment with node and edge embedding. Cond 1 and 2 show

the human conditions in each area of the map.

environment, we reduced the robot’s top speed as a proxy
for presence. We used three conditions:

o Condition 0: humans never present
o Condition 1: frequency 40%; top speed reduced to 75%
o Condition 2: frequency 80%; top speed reduced to 50%

Areas where no presence is specified are in condition 0. In
any given moment, the presence of humans along an edge is
independent of all other edges.

We collected data of the robot continuously navigating
around the space using the standard Robot Operating System
(ROS) navigation stack. We recorded the amount of time it
took to traverse each edge and fit a GMM to the data. We re-
move any timings where there were localization or navigation
failures that result in a failure of all recovery behaviors (more
than four standard deviations above the mean). Navigation
failures are important to note, but we do not want these
extreme outliers to affect statistical measures of timing, as it
could provide an unrealistic picture. Therefore, in a separate
measure, we tally of how many times navigation completely
failed on a given edge.

Based on the data collected from the ROS test environ-
ment, we also created a set of NetworkX graphs to test the
speed and accuracy of our method in different search spaces.
We modeled the edge costs on those collected from ROS and
created 20 worlds, ranging from 16 nodes to 150 nodes.

B. Contextual costs for Algorithm 4

This section outlines the contextual costs used. In this
implementation, we use the robot’s task as a type of con-
text. The motivation behind these examples is enabling an
assistive robot in a hospital setting to find the best course of
action in different contexts.

Scenario 1: The urgent context is for when the robot needs
to get somewhere with relative urgency. In this scenario, the
robot will consider the following costs to meet the goal:

e Cost 1: 95% upper quartile cost of the largest path
GMM, as these will be the slowest timings on that path
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e Cost 2: Mean of all path time data, as it will need a
relatively fast path

Scenario 2: The delicate context is for when the robot
requires minimal disturbance, such as when it is carrying
something delicate or that cannot be jostled. In this scenario,
the robot will need to consider the least disruptive path; time
and distance will be less of a concern. In order to do this, it
minimizes the following costs:

o Cost 1: Total distance over which it encounters humans

o Cost 2: Number of intersections - this is used as a proxy
for how many times it might have to stop along the path
due to cross-traffic, a cost that would be gathered from
real data.

Scenario 3: The after hours context is for times when there
are few humans around, such as after visiting hours.

e Cost 1: 95% quartile of the smallest path time GMM,
as these would likely be times when there are minimal
humans around

e Cost 2: Number of navigation failures in order to avoid
areas that may cause it to go into recovery behavior

V. RESULTS

In this section, we show the efficiency and accuracy of
Algorithms 2, 3, and 4 individually, then provide case studies
to demonstrate the contextual decision making capabilities
of CMOPP. To our knowledge, no other method has imple-
mented contextual multi-objective path planning with GMMs
as edge costs. Therefore, we provide a piecewise comparison
to the other leading methods that cover relevant subsets of
this work. We show our method provides similar and accurate
results in significantly less time. We utilize the ROS and
graph world data described in section IV-A.

A. Algorithm 2: Reduce the search space

We tested this method in the fabricated grid worlds to
show the efficiency of search space reduction in different
size graphs. This method reduces the search space by 88%
for smaller graphs (15 nodes) and more than 99.9% in larger
graphs (>25 nodes) compared against all simple paths.

Simply reducing the space is insufficient, as it does not
guarantee a good set of paths. Figure 3 shows the quality of
the resulting set of paths (both costs are minimized) against
all possible paths, which is the entire search space. This
graph shows that our method focuses the search on the area
that balances between the costs. These results were consistent
across all graph sizes and costs tested. Note that the subset
of paths do not aim to form a Pareto front, but instead
provide meaningful tradeoffs that may be appropriate in
different contexts. In spite of having no theoretical coverage
guarantees, in practice, this approach provides good coverage
of the Pareto front because CMOPP utilizes a diverse set of
cost functions to account for different potential tradeoffs.
This shows that this method is extremely effective in not
only reducing the search space but finding a near optimal
set of paths from which to choose.

Search Space Reduction
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Fig. 3. This data came from the grid world with 20 nodes; our method

reduced the search space from 976 to 29 paths. Blue triangles show paths
chosen by our method. Yellow markers show the entire search space. Results
were consistent across all graphs and costs tested.
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Fig. 4. This figure shows the time taken to calculate one path distribution
versus the number of total edges in the graph. This compares our method
(sampling) to the convolution method used by Yang, et. al. [16]. Run time
is calculated as the average time over ten trials with randomly generated
edge cost mixture models.

B. Algorithm 3: Estimate timing distributions

Next, we demonstrate the efficiency and accuracy of
estimating the path costs in Algorithm 3. For simplicity, we
refer to this method as the sampling method or Algorithm
3. In this instance the edge cost we are modeling is the
time it takes to traverse each edge, recorded in ROS and
modeled as a GMM. The sampling method estimates path
cost distributions by sampling from the edge costs.

To demonstrate efficiency, we compare the sampling
method against the convolution method presented by Yang,
et al [16]; we show that our method reduces computation
time by up to 90% compared to convoluting, resampling,
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of the time and the robot’s speed is reduced to 50%. r## represents the room endpoints of the path (associated with the room numbers in the first figure).

and refitting. The sampling method also scales much better
in larger search spaces, as can be seen in Figure 4.

However, reducing the computation time is not sufficient
if it does not provide accurate results. We demonstrate
the accuracy of this method by comparing against direct
measurements of path costs in ROS, the ground truth. Table
I shows the result of fitting GMMs to each of these distribu-
tions. These results show that our method provides accurate
costs that can be used to make a path choice.

TABLE I: Comparison of GMMs fit to the distribution of
data by the sampling method and ROS experiments.

| Mean Stdev. Wt | Mean Stdev Wt
Alg. 3 | 197.5 122 0.20 | 239.1 129 0.80
ROS 198.2 11.0 0.18 | 240.3 109 0.82

C. Algorithm 4: Choose a path

The final step is to choose a path for the robot to
execute. As demonstrated in Figure 1, CMOPP finds the most
dominant points within the reduced search space, utilizing
runoff criterion if there is a tie. This allows the robot to make
a final decision by balancing multiple competing costs.

With this last step, we present case studies in Figure 5
showcasing CMOPP in its entirety. This figure shows the
capabilities of CMOPP, based on the urgent, delicate, and
after hours contexts. Note that condition 1 has fewer people
around less often (40% of the time); condition 2 is crowded
often (80% of the time). Any areas not under these conditions
do not have humans present at any point in time. Areas where
navigation failures occurred are noted with a yellow triangle;
this cost is used in the after hours context.

We show CMOPP planning a path between two rooms on
opposite sides of the building. Rooms that are close together
do not provide interesting cases, as there is often only one
reasonable path. Each sub-figure shows CMOPP planning a
path for each of the three contexts.

The urgent context is used when the robot needs to get
somewhere with relative urgency. From Figure 5, we see
that in the urgent context, CMOPP occasionally takes a
slightly longer route but finds paths that avoid heavy foot
traffic and slow areas. The delicate scenario is used when
the robot needs minimal physical disruption, such as when
it is handling something delicate like a lab sample. In the
delicate scenario, CMOPP avoids crowded hallways or paths
with many potential interruptions (using intersections as a
proxy). Finally, the after hours context is for times when
there are likely few humans around. It is able to ignore most
traffic, as it is operating during non-peak hours. CMOPP
finds quick paths that also avoid areas the robot may get
stuck (represented by navigation failures).

VI. CONCLUSION

This work introduces the Contextual Multi-Objective Path
Planning (CMOPP) algorithm, a path planner that leverages
complex cost measures to choose a contextually appropriate
path. By first reducing the search space, we focus the
expensive path cost estimations on a partially optimal set
of paths. As a result, CMOPP accurately models path costs,
which provides meaningful trade-offs when deciding which
path best fits the context.

We demonstrate the contextual reasoning provided by this
method through case studies. CMOPP finds a contextually
appropriate path by effectively reducing the search space up
to 99.9% to a near-optimal set of paths. CMOPP also pro-
vides accurate path costs using up to 90% less computation
than other similar methods. For this work, the contextual
objectives are hand-selected and tuned to individual scenar-
ios. Future work would seek to learn which objectives are
important for these situations and expand to novel contexts
that have not been anticipated.
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