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Abstract—In this work, we propose a novel method, NLNS-
MASPEF, to solve the Multi-Agent Scheduling and Pathfinding
(MASPF) problem. The problem exhibits a bi-level structure,
consisting of High-level Scheduling and Low-level Pathfinding.
Our method applies a graph neural network in the high-level
scheduling process and utilizes a MAPF solver with a schedule
segmenting technique in the low-level pathfinding process.
Through these approaches, NLNS-MASPF has experimentally
demonstrated superior performance compared to the previous
state-of-the-art MASPF algorithm, LNS-PBS, in solving the
MASPF problem.

I. INTRODUCTION

Effectively controlling multiple robots to operate har-
moniously is of immense importance, a significance that
has steadily increased across various industries. In logistics
systems, optimizing and efficiently operating logistics robots
responsible for delivery and transportation lies at the core
of industrial growth. In real-life scenarios such as indoor
maintenance, healthcare, and service environments, the ability
of service robots to cooperate appropriately is also of
paramount importance.

Among the research efforts aimed at effectively managing
multi-robots, the field of Multi-Agent Path Finding (MAPF)
has gained significant attention for developing methodologies
to plan the paths of multiple robots. Researchers have
been working on determining how to construct optimized
and collision-free paths for multi-robots. Standard MAPF
algorithms are designed to search for collision-free paths
when there is a one-to-one correspondence between robots and
tasks. For example, Cooperative A* [1], conflict-based search
(CBS) [2], and extended CBS [3] aim to find the shortest
paths for robots when robots and tasks are provided in a one-
to-one matching scenario. On the other hand, Anonymous
MAPF algorithms focus on constructing collision-free paths
when robots are not assigned to specific tasks. For instance,
algorithms like TAPF (Task Assignment for Path Finding)
[4] and AMAPFwID-DOT (Anonymous Multi-Agent Path
Finding with Incomplete and Dynamic Task Ordering) [5]
focus on finding paths when the specific tasks for robots are
not predefined.

While these methodologies are quite effective, they primar-
ily deal with one-to-one mappings. In reality, many systems
involve a large number of tasks that are not predefined.
Consequently, the need to schedule task sequences and find
collision-free paths becomes a simultaneous requirement. This
complex problem is referred to as multi-agent scheduling and
pathfinding (MASPF) [6].
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The state-of-the-art algorithm for MASPF, LNS-PBS [7],
tackles the challenge of scheduling tasks for multiple robots
and tasks. LNS-PBS creates an initial schedule using heuris-
tics, then generates multiple candidate schedules by modifying
the schedule. Afterward, the MAPF solver calculates the
sum of the true collision-free path cost for every candidate
schedule, and selects the schedule with the lowest path
cost. This improved schedule is repeated within the time
budget until best schedule is chosen. In this step-by-step
approach, the algorithm iteratively outputs the improved
schedules from the initial schedule. Due to its bi-level
structure, conducting scheduling and pathfinding sequentially
allows for comprehensive computation and potentially results
in optimal solutions. However, achieving good solutions may
require multiple iterations, which can lead to a significant
computational load.

Our research addresses a limitation of LNS-PBS through
the use of neural large neighborhood search (NLNS), which
necessitates multiple iterations and repeated executions of the
MAPEF solver to achieve substantial schedule improvement.
To achieve this, we have developed a graph neural network
(GNN) architecture designed to predict the path cost of
the MAPF solver by employing an attention mechanism.
We propose NLNS-MASPF, which eliminates the need for
complicated and numerous executions of the MAPF solver
during scheduling, as the neural network’s forward process
alone can efficiently predict the path cost of the MAPF
problem. We experimentally validated that NLNS-MASPF
could efficiently improve the low-level MAPF cost as well
as the high-level scheduling performance, achieving 25%
improved scheduling performance within the time budget
compared to the starte-of-art MASPF solver.

The main contributions of our research are as follows:

« We designed a prediction model that can estimate the
output of MAPF solver, allowing batched computation
of MAPF cost which can be utilized in scheduling.

o We proposed a novel method for interpreting schedule
cost through schedule decomposition method.

o« We verified that the scheduling performance could
increase through batched prediction of MAPF cost.

II. PROBLEM FORMULATION

In this section, we formulate the multi-agent scheduling
and pathfinding (MASPF) problem as a bi-level optimization
problem, where a set of agents needs to complete a set of
tasks while avoiding conflicts with each other. The objective
is to find a schedule of all the agents and a set of collision-
free paths for the agents that minimize the total travel cost
given the optimized schedule. The MASPF is composed
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of N robot agents and M tasks, where the set of robot
and task are referred as A/ and M, index of robot and
task are referred as n € AN and m € M, and location
of robot and task are referred as [,, and [,,, respectively.
The problem consists of two hierarchical steps: high-level
scheduling, which determines the task schedule for the robots,
i.e., the sequence of task, and low-level pathfinding, which
determines the shortest path for the robots to follow the task
schedule without collisions. We follow the problem definition
defined as in [6]. The bi-level formulation is as below:

N
c*(s) = Zc:‘,/(sn;s_n) 1)
n=1
¢ (Sn; 8—n) = Solver(sy, s_y),¥n

@

where decision variable s = (s1, ..., sy) is the joint schedule
of all the agents, s,, is the individual task schedule of robot
n, S_, is the joint task schedule other than n-th agent,
¢ (8n; 8S—p) represents the minimal path cost of robot n
given joint tasks schedules, and c*(s), the sum of the path
costs of all robots, is the overall objective function that we
want to minimize.

(High-level) min

(Low-level) s.t.

A. High-level Scheduling

The high-level scheduling problem, Eq 1, aims to find
the optimal joint schedule of all the robot agents, s*, that
minimizes the path-finding cost. Each high-level schedule
consists of a robot and its corresponding task sequence. The
schedule of n-th robot, s, is defined as the sequence of
robot/task indices:

Sp - [n,T}L,...,TE"] 3)

where Tfl € M denotes the i-th task sequence of robot n,
and T;, indicates the number of tasks that n-th robot should
visit.

B. Low-level Path Finding

In the low-level problem, the objective is to determine
collision-free paths for each agent from their initial positions
to their assigned tasks, while considering the paths of other
agents and map information. Unlike traditional MAPF, which
aims to find a path for all agents with a single goal location,
MASPF deals with multiple goal locations, necessitating
multiple instances of MAPF solving to find an optimal path
with intermediate points. The low-level problem’s goal is to
minimize the total travel cost by finding paths with schedule.
The result of the path planning is a path trajectory and the
corresponding path cost ¢*(s).

ITIT. NLNS-MASPF

We propose NLNS-MASPEF, a novel methodology approach
for effective multi-robot multi-task schedule planning while
ensuring collision-free paths. NLNS-MASPF schedules the
task orders of robots using a local search based on the LNS
algorithm. NLNS-MASPF continuously refines the given
initial schedule until it achieves low enough path cost. In

Algorithm 1 Pseudo Code of Scheduling Iteration

Input : initial schedule s, time budgetB
while 7" > 0 do
Sc« 0
fori=1,...,N, do
s+ O(s)
S.+ {s'}US.
end for
¢ [er(sh), ..,
8" + argming (
if ¢*(s*) < é*(s
s+ s*
end if
T— = operationtime
end while

é)(S/NO )| < farapr(Se)

¢
) then

this section, we elaborate on the step-by-step process of how
the schedule is updated. Figure 1 depicts a single schedule
update. Additionally, it is assumed that path cost is provided
by a deep-learning based prediction model fy; 4pr which
estimates the path cost of the MAPF solver:

Ak

¢*(s) = fmarr(s) (4)
A. Schedule Modification

Scheduling procedure starts from establishing initial sched-
ule s. NLNS-MASPF utilized Hungarian algorithm to get
appropriate initial schedule cheaply. Initial schedule s is
generated by connecting task with the smallest Manhattan
distance from each robot’s starting point sequentially. After
that, schedule modification is conducted. Schedule modifica-
tion step proposes candidate schedule s’ by modifying current
schedule s by operator O. To be more specific, operator
reinsert tasks into random positions in schedule s and produce
s'. k is a hyperparameter which modulates the degree of
change in schedule per operation. In our study, £ is set to 3.

B. Schedule Selection

After generating NN, candidate schedules, the best schedule
needs to be selected. NLNS-MASPF utilizes an efficient
prediction model for this selection process. The predict model
takes candidate schedule as an input and predicts the true
path costs of given candidate schedule through a network
forward process. This process can be carried out in a parallel
and efficient manner by using batch data. By selecting the
candidate schedule with the smallest path cost, we obtain
an improved schedule denoted as s*. Repeating such single
schedule update step within a predefined time budget B,
NLNS-MASPF achieves the final improvement. The complete
pseudocode describing the iterative process is provided in
algorithm 1.

IV. RELATIONAL TRANSFORMER-BASED COST
PREDICTION

We designed a graph neural network for predicting path
costs, which takes various map state features into account,
including information on robots, tasks, obstacles, and the
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Fig. 2: Schedule Decomposition

robot-task schedule. This network creates unique path embed-
dings using these features. Path embeddings are tailored to
capture information about the paths between nodes based on
the distributions of robots, tasks, and obstacles. The neural
network leverages these path embeddings to compute the sum
of the tour lengths for the entire schedule.

Furthermore, MAPF solvers continually monitor the move-
ment of robots over time to explore paths, offering precise
results but exhibiting inefficiency and slowness. NLNS-
MASPF takes a different approach by approximating the
schedule’s cost through division into several additive parts and
summing the prediction results of each part. This approach
allows the neural network to predict the path cost for the entire
schedule within just a few forward network steps, eliminating
the need to track the positions of robots over time. This
not only enhances algorithm efficiency but also significantly
improves speed.

A. Schedule Decomposition

In this section, we compare the schedule interpretation
approach of previous MAPF research with our method,
NLNS-MASPF. Figure 2 (a) illustrates the time-oriented cost
calculation. When following this approach, the MAPF solver
repeatedly calculates the paths of the robots at every time step.

In other words, the solver continuously tracks the movement
of the robots along their paths, recalculating the length of
the paths multiple times throughout the process. Instead of
that, our method factorizes the schedule into () schedule
segments divided by tasks and applied neural network to
estimate path costs for each decomposed schedule. Estimated
cost of schedule segment is d NLNS-MASPF sum entire d
to attain total schedule cost. By computing the decomposed
schedule cost in a compact network forward pass, it is possible
to obtain a much faster yet substantial solution. Figure 2 (b)
illustrates the decomposed cost estimation.

B. Graph Representation

We first define a graph G = (V, £) to effectively represent
a MAPF instance. We define each grid cell as a node, V =
{v }‘Xlx‘yl, where |X| and |Y| indicates a grid size. The
edges e;; € £ represent the connectivity between grid cells.
To process the graph using a GNN, we define a node feature
as the concatenation of normalized node coordinates and
node type, where node type represents whether the cell is
one of {empty, obstacle, robot, task} where x; and y; are
normalized coordinates of cell 7. i.e.,

U = [xh Yis 1empty7 Lovstactes Lrobot s 1task] Vi € |V| (5)

C. GNN Prediction Model

In this section, we describe how the prediction model is
structured and the process by which it predicts the path cost
of a schedule. To effectively handle information distributed in
the map about robots, tasks, and their schedules, the prediction
model is constructed using a graph neural network. Our goal
is for the neural network to correctly process information
about paths between cells and infer path costs. To achieve
this, we introduced the widely used attention mechanism
from the transformer architecture. The core idea of this
concept was proposed in Relational Transformer [8]. This
research applied the attention mechanism to GNN, allowing
the network to more effectively understand information about
the graph’s structure by treating node information as entity
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Fig. 3: Prediction

features and edge information as relational features, enabling
deeper insights into the graph’s structure. Overall process
where the prediction model takes each schedule as input and
calculates the estimated path cost is illustrated in Figure 3.

In order to make path embeddings containing information
between all nodes treated as source and destination nodes,
each embedding with feature dimension F' is transformed
into query, key, and value vectors with hidden dimension H
using separate linear layers:

kij = [n; @ pi] WX, (6)
¢ij = [N @pij]WQ, N
vij = [n; & piy]W" ®)

where [n; ® pi;] € RF, p;; € RE, WO WK WV e RFxH,
kij, Qij,vij € RH. n is a node embedding and pij is a
path embedding from source node ¢ to destination node
j. Using the k;j,q;;,v;5, the attention score of d a; is
computed. This process ensures that relational information
about source-destination paths is effectively incorporated into
the node embeddings, similar to how it works in the attention
mechanism:

Gijki

),

ij

NG ©))
Obtaining the attention vector guides node embeddings to
effectively absorb relational information across the entire map.
Subsequently, a standard message-passing scheme for edge
updates is applied. The message m;; between node 7 and
node j is expressed as follows:

a; = softmax; (

Mg = ReLU([pij D pj; On; O nj]Wm) (10)

where W™ € RZ*F)*H Using the message m;; and path
embedding p;;, an updated path embedding u;; is generated
as follows:

u;; = LayerNorm(m;; W™ + p;;) (11)
Finally, the path embedding is updated as follows:
updated
e = LayerNorm(ReLU (u;; W )W" +p;;)  (12)
121

Model Structure

where W4 € REXE 1/ ¢ REXE W' ¢ REXE  After
our graph neural network generates path embeddings p;;
that contain information of the map and schedule, it outputs
the predicted cost of each schedule segments. As mentioned
before, we factorized schedule into max segment schedules.
Predicted cost of total schedule s* is sum of dg:

N
dy = @psn[qlasnmu we (13)
n=1
Q-1
&(s) =Y ds (14)
q=0

where W@ ¢ RHx1,

D. Training Neural Network

In this section, we will provide a detailed explanation of
how we trained the neural network described in IV-C. To
train our neural network, we followed a traditional supervised
training process.

Data Collection: We gathered a dataset consisting of input
data and corresponding label data. The input data includes
maps and robot-task schedules. The purpose of this process
is to train the GNN prediction model to predict how the true
MAPF cost will be calculated when schedule data is given.
The map is an 8x8 grid with various obstacle ratio, N, M.

when o represents the density of obstacles distributed on
the map. For example, the first configuration corresponds to
a scenario where there are 0% obstacle cells on the map, and
there are 25 agents and 25 tasks, respectively. The label data
consists of the true path costs calculated by the PBS [7] for
each schedule.

Training Objective and Loss Function: The objective of
the training is to minimize the difference between the model’s
predicted values and the ground truth values. To measure the
distance between the predicted values and the ground truth,
we used the L1 loss function defined as:

L =Esp||¢"(s) — c"(s)]] (15)
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V. EXPERIMENTS

Our experiments can be divided into two parts. First, we
need to validate the prediction performance of the trained
network. To solve the bi-level target problem, it is essential
to accurately predict the low-level path cost. We aimed to
experimentally demonstrate whether the network can predict
high-accuracy values when given a schedule, allowing robots
to move toward their designated tasks.

After verifying the network’s performance in predicting
low-level path costs, we examined the extent of performance
improvement when applying it to high-level scheduling.
The baseline algorithm used is LNS-PBS. LNS-PBS is a
heuristic Large Neighborhood Search algorithm for high-
level scheduling that does not incorporate neural networks. It
operates by iteratively destroying and repairing the initial
schedule within a predetermined time budget, ultimately
leading to the schedule with the lowest path cost. We executed
our model with the same time constraint as the baseline
algorithm and compared the results. The hyperparameters of
our model are as follows: The hidden dimension size of the
neural network is 16. There are 8 layers stacked within the
graph neural network. The node embedding aggregator uses
the ’sum’ operator, and the path embedding aggregator uses
the “max’ operator.

A. Performance of low-level cost prediction

Experiment Setup We generated datasets using grid
maps of size 8x8. The difficulty levels of these grid maps
varied according to the density of obstacles. The difficulty
level based on the density of obstacles ranges from 0%
to 30%. For each map configuration, we set (N, M) €
{(5,15), (5, 20), (5,25), (5,30)}. Figure 4 shows the predic-
tion performance of 10,000 test samples in sparse, medium,
and dense maps. For each subfigure, x-axis represents the
model’s predicted cost, while the y-axis represents the true
cost. The closer our proposed model’s predictions align with
the label data, points will be plotted along a diagonal line.

Experiment Result The x-axis represents the predicted
values of the GNN prediction model, and the y-axis represents
the true values of the label data. Therefore, the higher the
predictive accuracy of our model, the more the plot should
resemble an upward-sloping diagonal line, similar to the
graph of y=x. When examining the plots, it is evident that the
prediction accuracy remains consistently stable regardless of
the number of robots and tasks. This observation indicates that
our proposed model exhibits robust performance concerning
variations in the numbers of robots and tasks. The prediction
accuracy in the dense map is relatively lower compared to the
accuracy in other maps. However, it’s important to emphasize
that our target problem doesn’t require obtaining the exact
path cost values in every scenarios. The key lies in the ability
of the model to compare the relative sizes of schedules in
the subsequent high-level scheduling procedure and select
the best schedule. From this perspective, the upward trend
observed in the dense map case suggests that the model
can correctly discern the relative magnitudes of schedules

in challenging scenarios, which is crucial for the high-level
scheduling process.

M=15 M=20 M=25 M=30

c* | 20% c* | 10% c* | 0%

c* | 30%

Fig. 4: Low-level cost prediction performance. In each
subfigure, x-axis indicates predicted cost, ¢*(s), and y-axis
indicates the true cost, ¢*(s). 10,000 datapoints are plotted
for each subfigure.

B. Performance of high-level scheduling

Experiment Setup We applied the NLNS-MAPSF in
each iteration of scheduling improvement to verify how the
prediction network could further improve schedule within
time budget. We verified the scheduling cost in scenarios
with N =5 and M € {15,20, 25,30}, with obstacle density
of 0%, 10%, 20%, 30%.

Operator Variants The LNS algorithm explores the
solution space by destroying and repairing the previous
solution. In this process, we implemented various types of
operators for destroying and repairing the solution to verify
the robustness of our GNN prediction model. The process of
selecting nodes to be destroyed by the operator was fixed to
be random.

« Random operator modifies the solution by re-inserting

the selected nodes at random positions.

o Closest-first operator modifies the solution by re-
inserting the closest nodes to each other at random
positions.

o Fharest-first operator modifies the solution by re-
inserting the farthest nodes from each other at random
positions.

Baseline Algorithms In the experiment, we compared
NLNS-MASPF with three different baselines. The difference
among these algorithms lies in how they select the best
schedule from the candidate schedules as described in V-B.
The descriptions of the baseline algorithms are as follows:

e LNS-PBS [7] calculates the true path costs for all
candidate schedules using a solver and then selects the
best one.

o« LNS-PBS(r) randomly selects a schedule from the
candidate schedules.
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Fig. 5: High-level scheduling performance of random op-
erator. Comparison of High-level scheduling performance
between algorithms (8 x 8). In each subfigure, x-axis indi-
cates the computation time budget and y-axis indicates the
scheduling performance (cost) of each algorithms. Shaded
region represents 95% confidence interval.

« MDOVRP is a combinatorial optimization solver for
solving the multi-depot open vehicle routing problem.
Due to the nature of the combinatorial optimization
problem, it does not consider obstacles. When obstacle
information is not considered, it finds a path that
minimizes the total length.

High-level scheduling performance Figure 5 indicates
the scheduling performance of all the algorithms. In figures,
each column comprises subfigures with the same obstacle
density, while each row corresponds to sparse, high, and
medium map types. The shaded regions within each subfigure
represent 95% confidence intervals, offering insights into
obstacle distribution variability across different map categories
and obstacle densities. During a time budget of 60 seconds,
each algorithm is executed to determine how much the cost
of the solution has decreased. Our algorithm, which schedules
using the GNN prediction model, showed the fastest cost
reduction in all scenarios. We experimentally validated that
our GNN prediction model yields superior results compared
to the conventional approach of verifying schedule path costs
one by one using a solver. Further experinmental results on
high-level insertion method can be found on Appendix D

C. Visualized multi-robot schedule

In this section, we qualitatively compared and evaluated
the scheduling performance of our models, NLNS-MASPF
and LNS-PBS. The experimental setup involved a scenario
in which 5 robots on an 8x8 map should visit 15 tasks
without collisions. Information regarding the matching and
scheduling between robots and tasks was not provided at all.
Each algorithm, LNS-PBS and NLNS-MASPF autonomously
conducted scheduling with the objective of minimizing the

sum of the path costs. Both algorithm performed scheduling
for the same time duration (120s), and we compared the
schedules generated by LNS-PBS and NLNS-MASPF by
plotting their final results on the map. The schedule generated
by LNS-PBS resulted in sum of path cost ¢*(s), of 46. While
the schedule generated by NLNS-MAPF resulted in a lower
sum of path cost, which is 35, which is 25% improved
schedule than that of PBS-LNS.

VI. CONCLUSION

In this study, we introduce an efficient approach for
solving multi-agent scheduling and pathfinding (MASPF)
problems by integrating a neural network-based technique. We
formulated the problem with a bi-level structure, considering
both task sequence scheduling and true path construction
simultaneously. To address this, we developed a GNN model
capable of effectively processing complex map state and path
information. The trained GNN serves as a predictive model
for generating higher-quality multi-robot schedules. Our
experimental results demonstrated a significant performance
enhancement of NLNS-MASPF compared to traditional
heuristic-based scheduling methods. In future work, we
aim to enhance the algorithm’s capabilities by exploring
advanced neural network architectures, optimizing training
methodologies, and investigating real-world scenarios.
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APPENDIX
A. Multi-Agent Path Finding

Multi-Agent Path Finding addresses the challenge of
finding collision-free paths for multiple robots in an envi-
ronment with designated start and goal locations. MAPF
algorithms primarily focus on constructing collision-free
paths. Traditional MAPF solvers can be categorized into
two main types: optimal and bounded-suboptimal. Optimal
solvers, such as CBS [2] and its variants, aim to find optimal
solutions but may incur heavy computational overhead in
complex scenarios. Bounded-suboptimal solvers, including
ECBS [9], EECBS [3], and WDG [10], provide suboptimal
yet reasonably practical solutions, offering computational
advantages.

B. Multi-Agent Scheduling and Path Finding

Multi-Agent Scheduling and Path Finding (MASPF) prob-
lem is the primary focus of this research. While the previously
described MAPF problem concentrated on finding collision-
free paths within a predetermined schedule, the MASPF
problem concurrently addresses task scheduling for multiple
agents and the establishment of collision-free paths. Not many
studies have tackled problems that consider both scheduling
and pathfinding together, but there have been a few attempts
in some research studies. CBS-TA [11] generates a search
forest consisting of task-assignment sets and explore the
search forest with tree search. Its scheduling performance
relies on heuristic factors. CBSS [12] construct a high-
level search forest of task assignments and utilize a TSP
solver to traverse the search forest through Steiner search to
find the optimal solution. Its performance heavily relies on
heuristic techniques also. LNS-PBS considers the MASPF
problem as the Multi-Goal Multi-Agent Pickup and Delivery
(MG-MAPD) problem. Among current studies addressing
the MASPF problem, LNS-PBS stands as one of the most
scalable and computationally powerful algorithms, resolving
the problem through a combination of Large-Neighborhood
Search-based scheduling and MAPF solver. LNS-PBS is
influenced by search power of the LNS algorithm.

C. Combinatorial Optimization

Combinatorial Optimization (CO) is a field of mathematics
and computer science that focuses on finding the best
solution from a finite set of possible solutions for problems
characterized by combinatorial elements. In this context, our
focus is on the application of combinatorial optimization in
path planning and scheduling. Some well-known examples
of combinatorial optimization problems include the Traveling
Salesman Problem (TSP) [13] and the Vehicle Routing
Problem (VRP) [14]. Several approaches employ improving
methods to tackle these planning problems. Cross-Exchange
[15] entails the exchange of edges between two distinct
planned schedules, while Large Neighborhood Search [16]
initiates with an arbitrary schedule as an initial solution and
iteratively enhances it through schedule modifications. The
algorithm we propose also performs scheduling based on
the LNS method. Due to the nature of the LNS algorithm,

improving the schedule requires repeatedly verifying the path
lengths of numerous multi-agent schedules using a MAPF
solver. Overcoming this computationally expensive drawback
by harnessing the predictive performance of the graph neural
network is the primary contribution of this research.

D. Neural Combinatorial Optimization

Neural Combinatorial Optimization (NCO) harnesses the
capabilities of neural networks to tackle combinatorial opti-
mization problems with increased efficiency and scalability. It
primarily employs two approaches: constructive methods that
gradually construct feasible solutions and improving methods
that iteratively enhance initial solutions through local search
processes. Previous research has successfully integrated neural
networks into improving methods’ strategies [17], [18], [19],
[20], [21], leading to improved combinatorial optimization
problem-solving capabilities. Inspired by these achievements,
we employed a graph neural network structure to enhance
the performance of LNS-PBS, thereby addressing multi-robot
task scheduling with collision-free path requirements more
effectively.
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Fig. 6: High-level scheduling performance of Closest-first
operator.

Fig. 7: High-level scheduling performance of Farthest-first
operator.
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