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Figure 1: Illustration of a workflow in an automated data center: (a) a warehouse robot retrieves a server from
storage; (b) then transfers it on a delivery robot at a workstation; (c) the delivery robot transports the server
to the designated server room; (d) it meets a human worker who retrieves and installs the server. Possibly the
delivery robot goes back to the warehouse with faulty parts, where a warehouse robot retrieves the assets and
places them in storage, creating a second sequence of steps (c), (b) and (a). rhotws: © NavER CORP. ALL RIGHTS RESERVED.

Abstract

We consider a large-scale data center where a fleet of heterogeneous mobile robots and human workers
collaborate to handle various installation and maintenance tasks. We focus on the underlying multi-
agent task assignment problem which is crucial to optimize the overall system. We formalize the problem
as a Markov Decision Process and propose an end-to-end learning approach to solve it. We demonstrate
the effectiveness of our approach in simulation with realistic data and in the presence of uncertainty.

a fleet of heterogeneous agents, including warehouse
robots, delivery robots, and human workers, collabo-
rate to fulfill installation and maintenance tickets.

1. Introduction

With the increasing demand for hyperscale Al, auto-
mated data centers must not only scale their computing
power and data storage but also improve operational
efficiency. This need has driven the adoption of robotic

A typical ticket consists of retrieving assets (servers
or small parts) from a warehouse, transporting them,

automation for handling various tasks such as installing
and maintaining computing assets. However, efficient
coordination of robotic fleets remains a significant chal-
lenge, particularly when multiple heterogeneous agents,
both mobile robots and human workers, must collabo-
rate to execute complex tasks under time constraints.

In this work, we consider a large data center where

and processing them at a designated server rack, as
illustrated in Figure 1. This workflow exhibits several
collaborative tasks with some dependency constraints:
(i) a warehouse robot retrieves the assets and transfers
them to a delivery robot at an intermediate worksta-
tion; (ii) a human worker meets the delivery robot at
the server rack for installation or maintenance; and pos-
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sibly (iii) the delivery robot goes back to the warehouse
loaded with faulty parts which are then retrieved by a
warehouse robot and placed in storage. When schedul-
ing those tasks, one must take into account their time
dependency and the fact that they should all involve
the same delivery robot while the other agents are free
to do other tasks in-between.

We formalize the optimization of such system as a Multi-
Agent Task Assignment problem (MATAP), where a cen-
tralized planner assigns tasks to agents of the required
types and produce optimized schedules, typically mini-
mizing either the sum of task completion times or the
makespan (maximum task completion time). This prob-
lem is strongly NP-hard, as it belongs to the family of
single-task robots, multi-robot tasks, time-extended as-
signment problems in the seminal taxonomy [9], with
the additional challenge of cross-schedule dependen-
cies [15]. Due to this computational complexity, exact
optimization methods fail to scale to real-world settings,
making specialized heuristics a more suitable choice.
However such heuristics heavily rely on expert knowl-
edge and must be manually tailored to each specific
use-case. Recently, machine learning approaches have
emerged as a promising alternative to learn data-driven
customized heuristics for NP-hard optimization prob-
lems without the need for domain-specific expertise
[3,5]. These approaches particularly excel in scenar-
ios where similar optimization instances are solved re-
peatedly, allowing a model to learn structural patterns
to produce a customized heuristic. However, existing
ML-based heuristics have primarily been developed for
classical NP-hard problems with relatively simple con-
straints such as vehicle routing [14, 28] or job shop
scheduling problems [16,30], making their application
to richer real-world problems such as the MATAP non-
trivial.

In this paper, we propose an end-to-end learning frame-
work to solve the maTap. We start by formalizing a
generic version of the MATAP as a combinatorial opti-
mization problem and the construction of optimal solu-
tions as a Markov Decision Process (MDP). To effectively
capture the problem’s features and constraints, we in-
troduce a graph-based state representation and design
a customized encoder and decoder for a transformer-
based policy network. Then we explore multiple train-
ing strategies to learn the MDP policy, including imi-
tation learning, using solutions generated by a simple
greedy heuristic, and self-supervised learning. Finally,
we validate our approach using a realistic simulator
for a fleet of robots in a data center environment and
demonstrate its effectiveness in dealing with various
numbers of agents and tasks as well as environment

uncertainties through re-planning. In summary, our
key contributions are:

* Problem Formalization: we formalize the MATAP
in data centers as a combinatorial optimization
problem and design an efficient MDP to model the
solution construction process.

* Neural Network Design: we adapt a transformer-
based policy architecture to effectively encode the
the MATAP’s intricate state and action spaces.

* Efficient Training: we propose an efficient train-
ing strategy, combining a supervised pretraining
followed by a self-supervised fine-tuning.

* Empirical Evaluation: we benchmark our ap-
proach in realistic simulator against classic schedul-
ing heuristics, adapting them to our setting and
show the superiority of our learned policies, across
various combinations of tasks and agents distribu-
tions and in the presence of uncertainty.

2. Related Works

Multi-Agent Optimization in Automated Ware-
houses. Several works address multi-agents optimiza-
tion in automated warehouses. For example, [17] con-
siders a warehouse scenario where products need to be
transported by mobile robots from shelves to packaging
stations but without a specific coordination between
the robots. [29] uses Large Neighborhood Search to op-
timize the task assignment for a multi-agent pickup and
delivery scenario. Several works focus on multi-agent
path finding, i.e. finding optimal collision-free paths
for a fleet of robots, which is crucial in warehouses [19,
21]. In this paper, we focus on the task assignment and
scheduling while the path planning and collision avoid-
ance is handled by independent modules (either the
robot’s local controllers or a multi-robot path finding
planner) which provide estimates of the travel times
that used within the maTAP.

Multi-Robot Task Allocation (MRTA). There are many
works addressing different variants of MRTA, using a
range of techniques including integer programming,
auction-based methods and graph-based methods, see
surveys [10,12,26]. Learning-based approaches for
multi-robot applications are surveyed in [22]. The clos-
est works to ours are [27] and [24] which address
the single-task single-robot setting, with in-schedule
or cross-schedule dependencies respectively, using re-
inforcement or imitation learning. The only learning-
based approach which addresses a multi-robot task set-
ting is [23] but it considers the case where the multi-
robot tasks do not require the explicit collaboration
between different agents but rather that the sum of
time steps spent on a given task by any of the homoge-
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neous agents corresponds to the workload of the task.
On the other hand, learning-based approaches have
been successful for classical scheduling problems such
as the (flexible) job shop scheduling problem [7,16,25,
30] but these scheduling problems are much simpler
than the mATAP.

3. Problem description

3.1. MATAP description

In this section we introduce the data and notations and
formulate the MATAP optimization problem.

Agents and Tasks. We consider a finite set of tasks T,
and a finite set of heterogeneous agents A, partitioned
according to skills into subsets of homogeneous agents:
A=l¥,csAs. A task ueT happens at a certain location, it
has a processing time &, and requires the collaboration
of agents of different skills, expressed through a binary
parameter Ay, which indicates whether task u requires
an agent of skill s (if it does, we assume it requires
exactly one agent of that skill; furthermore, we assume
a task always requires at least one skill). For two tasks
u, v, we denote by 8., the time it takes for agent a to
be ready to start task v after finishing task u (which
typically includes the travel time between the tasks
locations).

Precedence Constraints. In our application, the work-
flow is split between several collaborative tasks which
are interdependent and need to be executed in a cer-
tain order and involve the same agent of a certain skill.
Typically a delivery robot loaded by a warehouse robot
(task u) is the same one that should then meet a worker
at a designated server rack (task v). We express this
requirement as a precedence constraint, using a binary
parameter Ag,, to indicate that task v must be executed
right after task u by the same agent of skill s. Note that
there are no constraints on the agents of the other skills
required by u and v.

Initial Tasks. To allow the definition of MATAP in a
dynamic setting where some agents may already be
executing some tasks (see Sec. 3.3), we introduce the
concept of initial tasks, which are not part of T and
possibly dummy. We denote by i(a) the initial task of
agent a. Its processing time 6;(,) corresponds to the
time when agent a will be available to be assigned tasks
in T. We denote by 84, (short for §4(q),) the time it
would take agent a to be ready to start a task v after
finishing i(a). Finally to express possible precedence
constraints linked to the initial tasks, we denote by 1., a
binary parameter that indicates if agent a must execute
task v immediately after its initial task. We denote by
To the set of initial tasks and let T:=TUTy.

Plans and Schedules. The goal of MATAP is to compute
an assignment of the tasks of T to the agents and an
associated schedule such that all the constraints are
satisfied and a certain objective function is optimized.
The decision variables are plans, i.e. sequences of tasks
for each agent. We denote by X the space of such plans.
For a plan xeX, we denote by x,,, the binary indicator
that agent a is assigned to task v immediately after task
u in x. Given a plan, we can construct a valid schedule,
where the start time y, and completion time z, of each
task v are defined by:

0 YveTy,
Yv =
v IESAX uef(zu+6auu)xauu YueT, D
2y = Y +S, VveT.

Objective Function. We denote the objective func-
tion as F and use in our experiments two stan-
dard metrics which are the sum of completion times
Csum= 2, et 20 OF the makespan (maximal completion
time): Crmax=Max, <7 Zu.

MATAP Formulation. We can now formulate our multi-
agent task assignment problem, parametrized by the
tuple (A, T, 8, A) as the following optimization problem:

min, F(2)
s.it. zu=Yy,+6,
Yv 2 Zuef"(zu"‘Sauu)xauu
DacA, 2ueT Xaw = Asy
ZaeAS Xaww 2 Asuw
Xai(a)v = Aau

x € X.

YueT, (a)
VveT, a€A, (b)
YveT, s€Ss, (c)
Yu, veT,seS, (d)
VaeA, veT (e)

Constraints (a-b) reflect the completion and start time
definitions (1); (c) expresses that the number of agents
of skill s assigned to a task v is exactly A,,€{0, 1}; (d)
ensures that if there is a precedence constraint between
tasks u, v for a skill s (A5, = 1), then at least one agent
from that skill is assigned to v immediately after u;
and similarly (e) ensures the precedence constraint
satisfaction for the initial tasks. Note that y and z are
intermediary variables and can be removed, since they
are completely determined by the x variable by the
definitions (1). This optimization problem is therefore
a purely combinatorial optimization problem on the
discrete space X of plans.

3.2. Formalization as an MDP

We formalize the construction of plans for the MmATAP as
a Markov Decision Process (MDP). We use the BQ-NCO
approach [8] which allows the definition of an efficient
MDP whose optimal policy produces optimal solutions
for the original combinatorial optimization (CO) prob-
lem. The BQ approach relies on two assumptions: (i)
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the CO problem must satisfy the Bellman optimality
principle of dynamic programming [2,4] and (ii) local
conditions on the actions ensure the feasibility of the
final solution. We will see that both conditions hold for
MATAP. We now define each component of the MDP:

States. A state is an instance of MATAP, parametrized
by a tuple (A, T, 8, A). The initial state is the original
instance and terminal states are those for which T=0.

Actions. An action is an assignment (I, ¢) of a non-
empty set of agents ICA to a single task t€T. Thus, the
solution is built by iteratively assigning the tasks, one
by one until exhaustion.

Transitions. It is intuitive to see that once a task has
been assigned, the remaining optimization subproblem
is of the same nature as the original one, with one less
task to assign and some adjustments of the problem
parameters. More precisely, the transition after taking
action (I, t) can be written as:

MATAP{(A,T,8, 1) ﬂ» MATAP{A,T', 8, 1"), (2)
where the selected task t is discarded: T’=T\{t}. Most
of the instance parameters remain unchanged, except
the parameters that are linked to the initial tasks of the
selected agents. In fact, the initial tasks are updated
to account for task t in the following way. First, the
processing time of the initial tasks for the assigned
agents become:

61{(a) = 92}(6i(a’)+6a’f)+6f Yael, 3

to account for all the agents in I finishing their initial
tasks (8;()), then moving to task t (§,.) and finally
jointly executing it (8,). Second, the transfer times for
these agents to start a new task v after completing their
initial task become:

8, =6ary Vacl,veT’. @

And finally the initial dependency parameters become:

A =Asew  YacANI,veT’. 5)

Note that this transition to an instance of the MATAP
proves that our problem does indeed satisfy assumption
(i) of the BQ-NCO framework.

Valid Actions. To be valid, an assignment action (I, t)
should on one hand satisfy the constraints of the maTAP
and on the other hand be such that the remaining sub-
problem (i.e. the next state) is feasible. We formalize
this using the following conditions:

VseS  Ay=|A,NI),
VaeA\I Aq=0,

VYael, veT’ A4,=0,

VseS,ueT’ Agy,:=0. (6)

The first condition ensures that the skill requirements of
task t are satisfied by the agents I; the second and third
ensure that there is no agent outside of I which was
required to be been assigned to t and that the agents in
I were not required by other tasks than ¢; and finally the
last condition ensures that there is no remaining task u
that should be assigned before t. These conditions are
obviously necessary to ensure the current constraints
and the feasibility of the remaining subproblem. One
can prove that they are also sufficient (proof not in-
cluded for lack of space).

Reward. The reward is based on the incremental
change of the objective caused by the assignment, such
that at the end of the construction process, the (undis-
counted) sum of rewards corresponds exactly to the
value of the objective for the whole solution. When the
objective is the sum of completion times, we define the
reward as minus the completion time z, of the newly as-
signed task t, i.e. r=—z=—maX,e;(8;(a)+84)+6;. When
the objective is the makespan, the incremental change
in the makespan can be either 0 if the completion time
of t is smaller than the completion time of one of the
initial tasks, or the difference otherwise. Therefore we
can define the reward as r=— max(z;— maxgea 8i(q), 0).

3.3. Uncertainty, dynamic changes, and re-
planning

The maTAP instances we have considered so far are
static (fixed number of tasks) and assume full knowl-
edge of the time parameters of the problem, namely the
task durations &, and transfer times 8,,,. In practice
though, these quantities are always uncertain and can
only be estimated. To address this uncertainty as well
as the dynamic nature of the problem (tasks may arise
at any time), we propose a simple re-planning scheme.
Given an initial schedule, computed based on the es-
timated durations, the agents start applying the plan.
Every time a task is completed (by its assigned set of
agents), we compare its actual completion time with
the planned completion time. If the difference is above
a certain threshold, or if new tasks have appeared, we
trigger the re-planning. To do so, we use the most up-
to-date information to define a new MATAP instance as
follows. The already-executed tasks are excluded and
the ongoing tasks are accounted for by updating the
durations and dependencies of the agents’ initial tasks,
similarly to the MDP transition above. By solving the
new instance, we get an updated plan that provides the
next assignments. We continue checking for new tasks
or completion time deviations and re-plan accordingly
each time a task is finished.
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4. Model Architecture and Training

In order to solve the maTaP MDP, we propose to learn a
neural-network parametrized policy. In this section, we
first describe the state representation that we adopt as
input to the policy model, then the model architecture
and finally the training procedure.

4.1. State Representation

We represent the MDP state, i.e. a MATAP instance
(A, T, 8, 1) as a graph which involves two types of nodes,
agents and tasks, as well as two types of edges, task-
task and agent-task (there is no agent-agent edges).
The features for each node and edge types are defined
as follows.

Node/Edge Features

Agent a (T {qea,})ses: (.)ne—}.lot skill. in.di.cz.itor vector
8i(a): completion time of its initial task

Task u 8, processing time

(Asy)ses: required skills

Squ: initial transfer time

Aqy: initial dependency constraint indicator
(8puv)ses: transfer time

(Asuv )ses: precedence constraint indicator

Agent-task a-u

Task-task u-v

Note that in our application agent transfer times be-
tween tasks 8., are homogeneous within each cate-
gory of agents seS (hence the notation &, in the ta-
ble). Therefore all the dimensions of the features above
are independent from the number of agents and tasks,
which will allow us to learn a unique policy that can
be applied to variable number of tasks and agents. The
number of skills however is fixed.

4.2. Model Architecture

To solve our problem, we adopt the Generalist combi-
natorial optimization model GOAL [7], which provides
state-of-the-art performance for a variety of classical
CO problems and has been shown to generalize nicely
beyond its training distribution. This is an important
aspect for us since in practice the number of available
agents and tasks varies everyday. GOAL is a transformer-
based architecture with a sequence of layers featuring
multi-head mixed-attention blocks, adapted to handle
data represented as dense multi-partite graphs with
both node and edge features. While we use the origi-
nal backbone, we define a custom encoder and decoder
tailored to maTap. Figure 2 illustrates the architec-
ture of the model. Given a MATAP instance as input,
the encoder projects the instance features into tasks,
agents and relationships embeddings. The transformer
backbone processes these embeddings and outputs a
final embedding for each task and agent. These are
then processed by the decoder to return a distribution
over the tasks in T and the different families of agents
(As)ses- In order to make the agent’s scores conditioned

on the selected task, we introduce the following mecha-
nism. The decoder first computes the tasks scores, then
selects a task (either by sampling from the scores or tak-
ing the arg max), then the embedding of the selected
task is concatenated to the embeddings of each agent,
and finally the agents scores are computed based on
this richer representation. We use appropriate masks
on the tasks and agents to restrict the assignments to
the valid actions defined in Section 3.2.

4.3. Self-Supervised Training

The neural model GOAL has been trained by imita-
tion of high-quality solutions, provided by specialized
solvers, for a number of classical CO problems. How-
ever, for our real-life maTAP there are no specialized
solvers and even generic mixed-integer programming
solvers would be out of reach for realistic instance sizes.
A natural alternative would be to use Reinforcement
Learning (RL), but previous studies have shown the
challenges of applying RL to this kind of “heavy” trans-
former architectures [20]. Recently, a self-supervised
training paradigm has been successful in neural combi-
natorial optimization [6,25]. Inspired by those works,
we propose a training that alternates between imita-
tion and improvement steps. Starting from a randomly
initialized policy, we sample a number of solutions for
each training instance. The best solution for each in-
stance is then passed to the model for imitation. As we
update the model, the next sampled solutions should
improve, creating a virtuous cycle of self-improvement.
In our experiments, we observed that although success-
ful this approach requires extensive sampling at each
step, making it computationally expensive. In order to
mitigate this training cost, we start by pre-training our
model by imitation of simple heuristic solutions, then
we fine-tune it using the self-supervised approach.

5. Experiments

In this section, we describe our simulation environment
and experimental setup before a quantitative evaluation
of our approach in both a deterministic and stochastic
setting.

5.1. Data Center Simulation

Agents and Tasks. In addition to warehouse robots
(WRs), delivery robots (DRs) and human workers
(HWs), we consider workstations (WS) as “agents”
since they are a limited resource required to transfer
assets between WRs and DRs. We consider three types
of collaborative tasks:

(i) Loading tasks: a WR retrieves a set of assets from
designated shelves and loads them onto a DR at a WS,
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Figure 2: Overview of our end-to-end learning approach for the Multi-Agent Task Assignment problem. A MATA
instance defines the input task, agent and relations state which go through a linear encoder to get their initial
embeddings. These are processed by a multi-layer transformer-based backbone to get final tasks and agents
embeddings. The latter are used in a decoder to output a task and a set of agents conditioned on the task. This
assignment is used to define a MATA subproblem and iterate until all the tasks have been assigned. We can then

construct a schedule.

making multiple trips between the shelves and the WS;

(ii) Unloading tasks: a WR picks up a set of assets from
a DR at a WS and places at designated shelves;

(iii) Processing tasks: a HW meets a DR at a designated
server rack to process some assets (e.g. installing a
new server delivered by the DR and/or loading a faulty
server onto it).

A ticket corresponds to a sequence of such tasks which
introduces the precedence constraints. For example, a
replacement ticket is decomposed into a loading task
u, a processing task v and an unloading task v’ which
must be executed in this order while sharing the same
DR.

Environment Simulation. We have developed a sim-
ulator that accurately models key aspects of Naver’s
GAK Sejong data center, focusing on the factors that in-
fluence maintenance and installation ticket workflows.
Our simulation includes a warehouse and twelve server
rooms distributed across multiple floors. To ensure re-
alism, we use the precise facility map, as well as the
physical characteristics and motion profiles of Naver’s
real robots, SeRo and GaRo, to simulate their move-
ments accurately.

To key inputs to define a MATAP instance are the task
durations and transfer times, which include the robots
and workers travel times, the loading and unloading
times as well as the assets processing times. Specifi-
cally, for DRs, trip durations between the warehouse
workstations and various locations in the server rooms
are computed using real paths, robot motion profiles,
and estimated elevator ride times based on actual mea-
surements. WR movements within the warehouse, in-

cluding retrieving assets from shelves and delivering
them to workstations, are simulated using a custom
multi-agent path-finding algorithm [18] that accounts
for precise WR dynamics and generates collision-free
trajectories in the constrained warehouse environment.
Finally, loading and unloading actions are simulated
in detail to accurately estimate their durations, while
worker processing times (e.g., server installation and
replacement) are derived from historical data. By incor-
porating these real-world data and measurements, our
simulation closely reflects the operational conditions of
a real data center.

5.2. Experimental Setup

Baselines. We adapt two standard scheduling baselines
from the family of Priority Dispatching Rules heuristics
[11], which are widely used in real-world scheduling
applications. These heuristics greedily assign jobs to
the best machine based on a predefined priority order.
Two common priority rules are the Shortest Processing
Time (SPT) and Longest Processing Time (LPT), which
are particularly suited for minimizing the makespan
Cmax and the sum of completion times Cgym, respec-
tively. We also consider the naive rule of First Come
First Serve (FCFS) as a reference. To adapt these heuris-
tics to MATAP, we group tasks per tickets and aggregate
their parameters, then process the tickets sequentially
according to the chosen priority rule. For each sub-task
of the ticket (in the order of the precedence constraint,
if any), we assign the agent within each required cat-
egory that can begin execution the earliest, keeping
the same agent for the sub-tasks that are linked by a
dependency constraint.

Model Hyperparameters and Hardware Our model
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Table 1: Average reduction of the Cpax and Cgymy 0N MATAP test instances from the training distribution (underlined)

and with various numbers of tasks and agents.

. Agents FCFS LPT OURSf
Tickets e ” gmax
DR HW WR WS | reduction time | reduction time reduction time
40 8 8 3 2 0.00% 15s -4.98% 17s | -11.19% -11.93% 50s
20 0.00% 7s -7.12% 8s | -12.25% -12.48% 18s
60 0.00% 24s -4.74% 27s -9.65% -10.08% 1.2m
9 80 8 8 3 2 0.00% 35s -4.51% 40s -8.21%  -8.30%  2.5m
L;é’ 100 0.00% 46s -4.03% 51s -6.95%  -7.42%  3.8m
200 0.00% 2.1m -3.72% 2.3m -5.15%  -5.26% 14.5m
10 10 3 2 0.00% 15s -5.34% 15s | -16.05% -16.91% 50s
40 6 6 2 0.00% 15s -4.54% 15s -6.83% -7.59% 50s
4 4 2 1 0.00% 15s -4.65% 15s -6.13%  -7.01% 50s
| | SPT B Mo

40 8 8 3 2 0.00% 15s -7.87% 17s | -20.49% -21.19% 50s
20 0.00% 7s -5.49% 8s | -17.78% -18.09% 18s
60 0.00% 24s -8.09% 27s | -17.94% -20.50% 1.2m
c 80 8 8 3 2 0.00% 35s -9.07% 40s | -18.89% -20.85% 2.8m
Ua 100 0.00% 46s -8.74% 51s | -18.61% -20.27%  3.8m
200 0.00% 2.1m -9.08% 2.3m | -13.26% -19.57% 14.5m
10 10 3 2 0.00% 15s -7.34% 15s | -24.03% -23.93% 50s
40 6 6 2 0.00% 15s -6.65% 15s | -16.55% -18.94% 50s
4 4 2 1 0.00% 15s -6.86% 15s | -16.03% -19.44% 50s

consists of 9 layers, each with mixed-attention blocks
of 8 heads, an embedding size of 128, a feed-forward
dimension of 512, and ReZero normalization [1]. All
experiments are conducted on a single NVIDIA V100-
SXM2 GPU (32GB RAM).

Training Data. We train our model with realistic in-
stances, based on distributions defined using historical
data and our data center simulator. We consider in-
stances with 8 DRs, 8 HWs, 3 WRs, 2 workstations and
40 tickets, which result in approximately 90-110 tasks
per instance. For the supervised pre-training, we gen-
erate solutions to 30,000 instances using SPT or LPT
depending on the intended objective.

o Tl
np and yrgfum, optimizing for either the Cpax Or Coum
objectives, using self-supervised training or a com-
bination of supervised pretraining followed by self-
supervised fine-tuning (as described in Sec 4.3). In
the case of supervised pre-training, we train the models
for 10 epochs with batches of 128 instances. For the self-
supervised training and fine-tuning, at each training
step, we randomly generate 4 MATAP instances from
our realistic distributions, sample 64 solutions from
the current policy, and use the best one for the next

Training Details. We train four policies:

iteration of imitation learning. All models are trained
to convergence using the Adam optimizer [13] with a
learning rate of 0.0001 and a decay rate of 0.99 every 10
steps. Self-supervised training takes 132 hours, while
supervised pretraining completes in 1.8 hours, with an
additional 49 hours for self-supervised fine-tuning.

5.3. Evaluation in a Deterministic Setting

We first evaluate our learned policy in a determin-
istic setting, where we assume that all the problem
parameters are known in advance. Fig. 3 shows the
GANNT charts obtained by our model (top) vs a heuris-
tic (bottom) on a randomly generated problem in-
stance, illustrating the performance gain on that in-
stance (makespan reduced by 8.9%). Quantitatively,
Table 1 compares our model’s average performance
against the FCFS baseline, which serves as a reference,
as well as the SPT and LPT heuristics. In addition to
evaluating the models on test instances drawn from
the training distributions (underlined parameters), we
assess their generalization performance by varying the
number of tickets and agents. Each test dataset contains
128 instances, and we report the average performance
and total computation time. For both objectives and
all scenarios, we observe that our model consistently
outperforms the standard scheduling heuristics. As ex-
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pected, performance decreases as the test distributions
deviate further from the training distribution (e.g. 200
versus 40 tickets, i.e. approximately 500 versus 100
tasks), but it remains superior to the baselines. Finally
we observe that the computation time scales with the
number of tasks. This is expected as the policy is called
as many times as there are tasks (Fig. 2). In practice,
the agents can start executing the plan after a few as-
signments, while the remaining ones are still being
computed.

5.4. Evaluation in a Stochastic Setting

We now evaluate our policies in a more realistic setting,
where only estimates of the task durations (8,),cr and
transfer times (8qup)qeauver are available for planning.
The true realizations of these parameters are revealed
once the tasks are executed and are used to evaluate
the quality of the plans (here the sum of completion
times). We consider three scenarios:

(i) Looking-into-the-future: The policy is applied with
the true realizations as input. This provides a lower
bound on the objective, which will serve as a reference
for computing a regret metric.

(ii) Planning Once: The policy is applied using esti-
mates as inputs, and its performance is evaluated with
the true realizations.

(iii) Regular Re-planning: The policy is initially ap-
plied using estimates as inputs. As we start executing
the plan, if a significant deviation (above a threshold)
is detected between the planned completion time of a
task and its actual completion time, the state is updated
using the true realizations up to that point. The policy
is then re-applied to the updated (more accurate) state,
with the estimated durations for the remaining tasks.

We define the regret measure as the relative gap be-
tween a given policy’s total completion time and that
of the looking-into-the-future policy. It represents how
much worse the policy performs compared to an ideal
policy which has full knowledge of the environment in
hindsight. Table 2 compares the regret of the planning-
once and re-planning policies, on two data distributions
for the uncertain parameters, one with low variance
and one with high variance. For each scenario, we
generate 128 instances for different numbers of tick-
ets and report the average regret and number of re-
plannings (rounded to the nearest integer), for different
re-planning thresholds.

As expected, a higher variance leads to a significant in-
crease in the regret for the planning-once policy while
re-planning helps mitigate this effect: the lower the
threshold, the better the regret. Interestingly, replan-

ning with a threshold of 10 or 7.5 minutes is sufficient to
achieve a very reasonable regret, with consistent perfor-
mance across both objectives and different numbers of
tickets. Regarding the re-planning time, as mentioned
above, agents can start executing the plan as soon as
their first assignment is computed, which takes at most
a few seconds. These results confirm the effectiveness
of the re-planning approach in handling real-world un-
certainties.

6. Conclusion

In this paper, we presented an end-to-end learning
framework for solving a complex real-world multi-agent
task assignment problem, involving multi-robot tasks
and cross-schedule dependencies. Despite the complex
dependency constraints, we proposed a formulation
of the underlying optimization problem that respects
the optimality principle of dynamic programming, en-
abling the definition of an efficient Markov Decision
Process to model the construction of optimal solutions.
Using a compact graph representation of the problem,
without any feature engineering, we demonstrated that
a transformer-based policy can be effectively learned,
through a combination of supervised pre-training and
self-supervised fine-tuning. Using a realistic data center
simulator, we showed that our learned policies outper-
form standard scheduling baselines while generalizing
to various numbers of tasks and agents. Finally we pro-
posed a simple yet effective re-planning strategy to deal
with the inherent uncertainties of real-world systems.
Beyond the addressed data center use-case, we believe
that our approach provides a generic framework to learn
customized policies that can be applied to a variety of
multi-agent task assignment problems. As robotics ser-
vices continue to expand, such data-driven approaches
to multi-agent task assignment and scheduling will be
crucial for the overall efficiency of such services.
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Table 2: Performance (average regret, the lower the better) of the learned policy with re-planning.

Low Variance Scenario High Variance Scenario
Tickets || Planning Re-planning Planning Re-planning
once 20m 15m 10m 7.5m once 20m 15m 10m 7.5m
40 6.99% | 4.71% 3.22% 2.09% 1.28% 14.72% | 5.73% 3.29% 1.95% 1.68%
(0) (1) (3) ) (13) (0) (5) (11) (20) (27)
60 7.13% | 4.65% 3.46% 1.26% 0.73% 15.80% | 5.48% 3.38% 1.57% 1.24%
g @ 2 “4) (11) (19) (0) 8 (16) (30) (42)
© 80 7.11% | 4.82% 3.36% 1.38% 1.01% 15.57% | 4.94% 2.40% 1.83% 0.95%
@ ) (6) (15) (25) () (12) (22) (40) (55)
100 7.05% | 4.19% 2.81% 1.38% 0.76% 15.22% | 4.88% 2.35% 1.03% 0.35%
@ 4 (7 (19) 3D () (15) (26) (49) (68)
40 5.16% | 3.78% 3.16% 1.98% 1.16% 12.64% | 6.46% 4.38% 2.22% 1.66%
(0) (1) (3) (7) (12) (0) (6) (10) (19) (28)
60 5.95% | 3.96% 3.55% 2.04% 1.17% 14.41% | 7.07% 5.25% 3.00% 2.56%
g (0) (2) “4) (11) (18) (0) (8) (16) (30) (41)
© 80 6.34% | 4.55% 3.52% 1.97% 1.29% 15.34% | 7.28% 4.77% 2.95% 2.42%
@ €)) ) (15) (25) () (12) (21) (38) (55)
100 6.68% | 4.63% 3.89% 2.24% 1.32% 16.79% | 7.82% 4.45% 3.17% 3.02%
@ 4) (7) (19) (31) (0) (15) (33) (48) (69)
OURS — o —
LPT

Figure 3: GANNT charts for our model (ﬂgfm) vs LPT for minimum makespan on one instance. Only 2 agent
types are represented.
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