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Abstract—The emergence of Multi-Instance GPU (MIG) tech-
nology enables us to run smaller machine learning models
on partitions of a GPU rather than the entire device, thus
improving utilization and reducing energy consumption, albeit
with potential performance trade-offs. Meanwhile, the growing
energy demands of GPU-equipped data centers motivate the
development of online partitioning and scheduling schemes that
not only ensure fast job processing but also achieve high energy
efficiency. However, achieving energy-tardiness efficiency with
manageable algorithmic complexity in large-scale scheduling
remains a great challenge, due to the dual objectives of deciding
on the GPU partitions and scheduling jobs onto the slices of the
heterogeneous partitions. To address this challenge, we propose
SMART-MIG, a parallel computing system that combines Mean-
Field Multi-Agent Reinforcement Learning (MF-MARL) for
large-scale MIG repartitioning with tailored heuristic algorithms
for job scheduling. We demonstrate that the complexity of the
repartitioning component remains constant even as the number
of jobs and GPUs increases. We also establish theoretical lower
bounds on energy consumption and tardiness to rigorously
benchmark system performance. Finally, extensive experiments
show that SMART-MIG improves the energy—tardiness efficiency
by 18% compared to its corresponding static partitioning coun-
terpart, while being only 27% above the theoretical lower bound
on energy consumption.

Index Terms—Scheduling, Energy-Efficiency, Repartitioning,
Tardiness, GPU, MIG, PPO, Mean Field, Multi-Agent Reinforce-
ment Learning, A100, Algorithms, Lower Bounds

I. INTRODUCTION

In recent years, the increasing adoption of artificial intelli-
gence (Al) and machine learning (ML), especially driven by
large language models (which require large-scale parallel pro-
cessing), has advanced the deployment of GPU clusters. These
clusters form an important component of modern data centers,
and they often run longer-running training jobs and latency-
sensitive inference jobs in a co-located manner to increase
utilization and improve throughput. According to [1], data
centers accounted for 4.4% of total electricity consumption
in the United States in 2023 (excluding cryptocurrency), and
this number is expected to increase to 12% in 2028. About
40% of this energy was used by computing systems such as
CPUs and GPUs, and another 40% was used for cooling. The
tremendous scale of this issue creates a pressing need for a
GPU scheduling framework that balances energy efficiency
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with SLO compliance (there is often a trade-off) to create a
sustainable, high-performance Al infrastructure for the future.
There are several reasons for the high energy consumption
of Al workloads on GPUs, including (i) underutilization of
GPUs, (ii) fragmented or poor job allocations, (iii) fluctuations
in demand, and (iv) the requirements of complex cooling
systems. In this work, some of our scheduling algorithms
are designed to address the first two issues by intelligently
assigning jobs to slices, and our RL-based repartitioning
scheme helps resolve the third issue by learning patterns in
arrival rates.

For multi-tenant environments, NVIDIA recently introduced
Multi-Instance GPU (MIG) technology across several of its
GPUs, including the A100 and the H100. MIG technology
allows a GPU to be partitioned into up to seven isolated
instances or slices, each with its own compute, cache, and
memory resources. A scheduler for MIG has to make two
intertwined sets of decisions: (i) which job to allocate to
which slice of which MIG partition, and (i) when and how
to repartition a GPU to be more suitable for the job mix.
Repartitioning adds a temporal dimension that can reduce
energy at the cost of possible job disruption.

Previous work on GPU scheduling has emphasized through-
put, fairness, utilization, and SLOs [2], while energy studies
rely largely on DVFS or cluster-level schedulers that treat
GPUs as uniform units. Such approaches overlook MIG,
which enables dynamic resource splitting, which is particularly
useful for today’s smaller models like Phi-4 [3] and Gemma-
2 [4]. Recent studies [5]-[8] explore MIG-based placement
and repartitioning, demonstrating the feasibility of runtime
adaptation, but primarily target utilization and performance
rather than jointly addressing energy and performance trade-
offs.

The repartitioning of MIGs is highly complex as it must
consider online decision-making, the nonlinear throughputs of
workloads, and the trade-offs between repartitioning overhead
and potential performance gains, all while managing energy
efficiency. Furthermore, the nature of data centers necessitates
scheduling at a massive scale — a large number of GPUs must
handle extremely diverse jobs characterized by heterogeneity,
high uncertainty, and large problem sizes. The challenge is to
deliver high-quality solutions to this NP-hard problem (since
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restricted versions of it are also NP-hard [9]) in seconds.

Previous studies [10], [11] have relied mainly on simple
heuristics or limited the number of reconfigurable MIGs to
allow exhaustive search or basic linear programming (LP)
formulations. However, these approaches are inadequate in
highly uncertain environments, as they cannot effectively
capture workload characteristics, adapt to diverse configura-
tions, or scale to large jobs and GPU pools without severe
performance degradation and unacceptable computation time.
A recent paper has explored reinforcement learning (RL) to
address online scheduling, using Deep Q-Networks to learn
task characteristics and maintain service quality [12]. How-
ever, because the computational complexity of traditional RL
scales exponentially with the number of GPUs and jobs, these
approaches can only handle very small-scale scenarios (such
as scheduling on a single GPU or a few GPUs).

Motivated by these challenges, we pose a fundamental
research question: Is it possible to design an efficient,
multi-objective, and scalable MIG-based scheduling frame-
work for industrial-scale computing that can adapt to
uncertainty and real-time demands, while producing high-
quality global optimization solutions in seconds?

We address this challenge by introducing SMART-MIG:
Scheduling with Mean-field Multi-Agent RL using Top-k
sampling for MIG, an intelligent real-time scheduling system.
The SMART-MIG pipeline is shown in Figure 1. It builds
on the key observation that all MIGs are interchangeable; the
scheduling process only needs to determine how many MIGs
are assigned to each valid configuration, rather than tracking
the details of each MIG. Accordingly, the input to the central
controller is represented as a distribution of GPU and job
states, while the output is a randomized policy that can be
uniformly applied to all MIGs.

This formulation bounds the size of the input—output space,
making it much less dependent on the number of GPUs and
jobs. Within this tractable space, the strong representational
power of neural networks enables the learning of highly
efficient, generalizable RL policies for repartitioning MIGs,
regardless of system scale. Once the configuration of each
MIG is decided, since the subsequent multi-machine job
scheduling problem has a complex action space, we employ
a carefully designed efficient heuristic algorithm that achieves
competitive performance.

To rigorously evaluate system performance, we investigate
a theoretical lower bound for the MIG scheduling problem in
terms of energy and tardiness, where tardiness is defined as the
maximum of 0 and the difference between the job completion
time and the deadline. (In other words, jobs that end before
their deadlines have 0 tardiness, while jobs that are late by x
units of time have a tardiness of x.) We then compare algo-
rithmic results with their corresponding bounds, substantially
reducing evaluation biases arising from dataset differences.
This contribution establishes a standardized benchmark for
fair and consistent evaluation.

In summary, our contributions are as follows.

1) We observe how energy and tardiness vary with the

number of GPUs and note diminishing returns as the
number of GPUs increases. This fact can help estimate
the number of GPUs needed (Subsection IV-A).

2) We propose SMART-MIG, a large-scale MIG schedul-
ing framework that integrates methodologies from ML
and OR. The framework consists of two parts:

a) We design EDF-based scheduling algorithms to
assign jobs to MIG slices across multiple GPUs
(without repartitioning), leveraging job throughput
characteristics and MIG’s concave power curve
(Subsection IV-C).

b) We employ Mean-Field Multi-Agent Reinforce-
ment Learning (MF-MARL), suitable for large-
scale problems, together with Top-k sampling to
repartition GPUs (Subsection IV-D).

3) We develop lower bounds for energy and tardiness that
serve as references for evaluating our scheduling policies
(Section V).

4) We conduct extensive experiments against theoretical
lower bounds to validate the effectiveness of our method.
Under high job arrival rates, the traditional no-partition
GPU model rapidly deteriorates in performance. In
contrast, our static repartitioning scheduler achieves
robust results, operating within ~ 30% of the lower
bounds of the energy and tardiness on average. In
addition, incorporating dynamic repartitioning based
on MF-MARL yields an additional 18% improvement
in energy—tardiness efficiency. Importantly, our method
demonstrates consistent advantages across diverse work-
loads: even under low arrival rates, it reduces tardiness
by 47% compared to the no-MIG baseline (Section VI).
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Fig. 1. Method Pipeline Overview. For each task, we extract the job profile,
then deploy the MF-MARL model at the central controller to read the
state distributions of jobs and MIGs. The controller issues repartitioning
instructions, after which a scheduling algorithm assigns jobs to different slices.
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II. RELATED WORK

In this section, we further elaborate on the related work by
categorizing it and noting our added contributions.



A. Energy Aware GPU Scheduling for AI/ML Workloads

GPU scheduling has been widely studied in both single-
node and cluster contexts. Previously, Gandiva [13] introduced
cluster scheduling for heterogeneous workloads with time-
sharing and job packing to improve utilization by making use
of job migration, while recent surveys such as [2] highlight
scheduling approaches for Al training and inference that focus
on meeting performance targets (SLOs) and efficient job place-
ment in modern GPU data centers. DVFS [14] and PowerFlow
[15] reduce energy consumption by integrating energy budgets
into scheduling, enabling faster job completion within power
limits. However, most of these methods treat GPUs as static
resources and overlook dynamic partitioning capabilities like
NVIDIA’s MIG. Our work builds on these ideas by addressing
tardiness while explicitly prioritizing energy efficiency in
dynamically reconfigurable GPU environments.

B. MIG-Aware Scheduling and Repartitioning

There has been extensive recent research on MIG-based
scheduling. MISO [5], for example, makes use of Multi-
Process Service (MPS) to decide the best MIG configurations
by profiling the job throughputs before making costly switches.
MIG-Serving [6] looks at deep neural network serving as a
scheduling challenge where GPUs can be reshaped on the
fly with a two-phase algorithm. MIGER [7] combines MIG
and MPS within a GPU to better handle a mixture of online
and offline jobs. Other studies [8] explore scheduling while
accounting for PCle bandwidth limits or allowing dynamic
layout changes, while mapping out MIG’s valid setups and
practical repartitioning constraints.

[16] introduces a 3-phase approach called FAR that aims
to optimize for makespan, whereas [17] provides a method to
first assign jobs to slices and then rearrange them as needed (in
addition to repartitioning) to minimize the number of GPUs.
[18] also optimizes to minimize the number of GPUs while
maintaining the SLO requirements.

C. RL for Resource Management

RL has often been used in resource management, starting
with [19]. Mean Field Multi Agent RL gives tractable approx-
imations for large populations of agents (here, GPUs) [20],
and has been used for mean field games [21], while Proximal
Policy Optimization (PPO) provides stable on-policy learning
[22]. We use them together to obtain scalable, feedback-driven
repartitioning policies in a collection of MIGs.

D. Lower Bounds in Scheduling

Lower bounds help us benchmark the performance of our
scheduling policies. There are several classical results for
bound flow time and tardiness under various scheduling poli-
cies [23]. We derive new lower bounds for energy and tar-
diness, where the former reduces to makespan minimization,
and the latter employs a time-indexed mixed-integer program
(MIP).

III. BACKGROUND

In this section, we briefly explain the existing technology
and techniques used in this paper.

A. Multi-Instance GPUs

We first introduce Multi-Instance GPU, a form of resource
sharing in GPUs as an alternative to Multi-Process Service
(MPS). We focus on the A100-40 GB GPUs, but our tech-
niques can be extended to other similar MIG-enabled GPUs.

NVIDIA’s Multi-Instance GPU (MIG), available on the
A100-40GB GPU, partitions the device into up to seven inde-
pendent isolated slices. A MIG-enabled GPU supports several
partitioning configurations by fusing slices into groups of sizes
1, 2, 3, 4, or 7. Each slice is allocated its dedicated hard-
ware resources, including streaming multiprocessors, memory,
and cache, ensuring predictable performance and strong fault
isolation. This makes MIG essential for multi-tenant cloud
environments and workloads that require guaranteed Quality
of Service (QoS), as a fault in one instance does not impact
others. In this work, we focus on configurations that fully
utilize the 40GB of memory on the A100-40GB (Figure 2),
while ignoring redundant permutations of identical slices in
different orders.

L stot1 | Stot2 | Stota | stot4 | Slots | Stote | Stot7 |

1 7g.40gb

2 4g.20gb 3g.20gb

3 4g.20gb 2g.10gb 1g.10gb
4 4g.20gb 1g.5gb 1g.5gb 1g.10gb
5 3g.20gb 3g.20gb

6 2g.10gb 2g.10gb 3g.20gb

7 2g.10gb 1g.5gb  1g.5gb 3g.20gb

8 1g.5gb 1g.5gb 1g.5gb 1g.5gb 3g.20gb

9 2g.10gb 2g.10gb 2g.10gb 1g.10gb
10 2g.10gb 2g.10gb 1g.5gb 1g.5gb 1g.10gb
11 2g.10gb 1g.5gb 1g.5gb 1g.5gb 1g.5gb 1g.10gb
12 1gb5gb 1g.5gb 1g5gb 1g5gb 1g5gb 1g.5gb 1g.10gb

Fig. 2. Nontrivial Configurations of A100-40GB MIG

Complementing MIG is the Multi-Process Service (MPS),
a software technology that operates at a different level. While
MIG constructs safe hardware slices for different users or large
tasks, MPS can be enabled within a single MIG slice or on the
entire GPU. It allows multiple CUDA processes from a single
user to share that instance’s resources concurrently, reducing
kernel launch overhead and maximizing utilization.

B. Proximal Policy Optimization

In the actor-critic framework, the critic estimates the value
function to guide updates, while the actor learns the policy
that maps states to actions. Based on this framework, the
policy-gradient RL algorithm Proximal Policy Optimization
(PPO) optimizes a clipped surrogate objective function to
iteratively improve the agent’s policy. This approach balances
exploration and exploitation while avoiding excessively large
policy updates that could destabilize training.



C. Multi-Agent Reinforcement Learning

We consider a cooperative MARL setting with N agents and
a discount factor ~. At each time step ¢, every agent observes
the global state s, € S, where S = S1 x --- X Sy X Sy, and
S; denotes the local state of agent i, and S, is the system
state. Each agent then selects an action from its local action
space A;, which yields the joint action a; = (aj,--- ,al) €
A = A; X --- x Ay. The system transitions according to a
stochastic kernel, and all agents share a joint reward 7 (s, a;).
The objective is to find a Pareto-optimal joint policy that
maximizes the long-term expected reward:

7* = argmaxE lz yre (s, at)] . (1)

t=0

The joint state and action spaces in MARL grow exponen-
tially with the number of agents N, because:

N N
S| < [A] = <H|5i|> X (HM) X [Ssysl- ()
i=1 =1

This is the well-known curse of dimensionality. Such a
rapidly growing state-action space makes data sampling ex-
tremely difficult (there can be millions of states and thousands
of agents in practice), and a huge amount of data is required
for policy evaluation, which makes these algorithms extremely
difficult to scale. In practical data center scheduling, where
large numbers of MIGs and jobs must be managed, this
challenge motivates us to adopt advances from operations
research, specifically Mean Field MARL [20].

D. Mean Field MARL

If all agents are identical, indistinguishable, and inter-
changeable, that is, we care only about whether an appropriate
action is taken, rather than which agent takes it, then we can
adopt the Cooperative Mean Field MARL (MF-MARL) frame-
work. In this framework, all agents share the same state space
S and action space A. The anonymity of agents allows us to
represent their state and action information as distributions,
i.e., the number of agents occupying each state. Each agent’s
decision depends on the other agents only through the empiri-
cal distribution of their state—action pairs. Let P(.5) and P(A)
be the probability measure spaces over the state space S and
the action space A, respectively. The empirical distribution of

N J—g
the states is juy(s) = ZF%(%_) € P(S) and the empirical

> .
distribution of the actions is v¢(a) = 27:%@:&) e P(A).

Formally, at each timestep t, the central controller ob-
serves the state distribution p; and outputs a policy (-, u¢),
which is a mapping from S to P(A). Since all agents are
interchangeable, we consider the representative agent who
selects an action a; ~ (s, p¢) based on its local state
s¢, receives a reward r¢(sq, i, at, v¢), and transitions to the
next state s;41 ~ Pi(s¢, pe, ar,vy). Here, both the transition
probability P, and the reward r; depend on the state and action
distributions v;(-) := [ m¢(s, 11)(+) e () ds.

For notational simplicity, let h;(-) = m¢(-, p¢), and let H :=
{h : S = P(A)} be the function space of h:(-). The policy
learned by the central controller thus belongs to the space

II:={m={m}2y | 7 : P(S) — H is measurable}. (3)

Importantly, the input of the central controller is the space
P(S), and the output is H = P(A)!¥l, which implies that the
dimensionality of the input—output mapping is independent of
the number of agents. In fact, previous work [24] shows that
under Pareto-optimality criteria, cooperative MF-MARL can
approximate cooperative MARL up to an error of (’)(ﬁ)

IV. PROBLEM FORMULATION AND METHODOLOGY

Let J be a collection of n training or inference workloads
(represented as integers in [n]). They arrive in an online
fashion such that a workload j € J has a release time of
r;, a soft deadline of d;, and p;; is the processing time of
workload j on a MIG slice of size k, where k € {1,2,3,4,7}.
The processing times of the online jobs can be obtained from a
job performance estimator such as MISO [5], but in this work,
they are obtained from a probability distribution (along with
the deadlines). There is a collection of m MIG-enabled A100-
40GB GPUs, indexed in [m]. The goal is to decide which job
to allocate to which GPU and to which slice at any point in
time (with preemption being permitted). Given the partitioning
and scheduling strategy, we obtain the total energy consump-
tion e using the concave power characteristics of MIG on
A100-40GB with a power cap of 250W. The precise values are
P = [40,119,160,205.3,243.9,247.7,248.5,248.5], where
the ¢-th entry in this 0-indexed list approximately corresponds
to ¢ MIG slices being utilized [12]. The average tardiness ¢
is defined as (3, ; max(C; — d;,0))/n, where Cj is the
completion time of job j. This problem models a data center
where jobs arrive in real time, and decisions must be made to
repartition GPUs and schedule jobs across GPU partitions to
optimize both energy and performance.

Most workloads consist of linear and sublinear (we consider
capped jobs as sublinear) throughput jobs [6], [25] scaling
with slice size, as shown in Figure 3. An effective GPU repar-
titioning and scheduling strategy can allocate sublinear jobs
appropriately, avoiding oversized slices that waste resources
and undersized slices that cause delays. To analyze SMART-
MIG across different sublinearity levels of throughput, we
define the degree of sublinearity for a group of jobs as the
average of their throughputs across 1g, 2g, 3g, 4g, and 7¢g
slices, effectively converting the group into a single “average
job”. If the group were fully linear, its throughput curve would
form a straight line with a slope equal to the throughput on a
1g slice; we denote this slope as kjjneqr. For any real group of
jobs, we fit a line to its actual throughput curve by minimizing
the mean squared error and denote the slope of this fitted line
by Esuplinear- Clearly, for the same group of jobs, the slope of
the fitted line is always smaller than the slope of the linearized
throughput line. We denote ss = Ksublincar ¢ [0 1] as the

linear

sublinearity score for the group of jobs.
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The fact that the power consumption of MIGs increases
concavely with the number of active slices [12] motivates us
to maximize GPU utilization to reduce energy costs. These
insights demonstrate the feasibility of designing a system that
optimizes both energy and tardiness. To this end, our aim is
to minimize the ET value across simulations, as defined in
[12] as:

N
1 aey + tg
ET = — _— 4

N; a+1’ @

where N is the number of simulations, eg,t; are the total
energy and the average tardiness of the simulation k € [N]. Let
€ and ¢ be the average of the total energy and average tardiness
over N simulations, respectively. a is a scaling parameter

which is usually set to & as in [12].

A. Tardiness-Energy Curves with Increasing Number of GPUs

The first point to consider is the number of GPUs required
to support the maximum load on the GPU system while
preventing resource waste. We experiment by incrementally
increasing the number of GPUs. We observe the Pareto curves
of ¢ versus € as the number of GPUs increases at various arrival
rates (Figure 4) by scheduling jobs using any given algorithm.
As expected, we observe diminishing returns as the number of
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Fig. 4. Tardiness-Energy curves with varying arrival rates

GPUs increases. In particular, as we continue to increase the

GPU count, energy keeps increasing, but with smaller tardiness
savings. The number of GPUs required for scheduling (which
increases with increasing arrival rate) can be estimated from
the knee of the plots (similar to the idea in [26], but in a
different context).

B. SMART-MIG Overview

The general workflow of SMART-MIG is as follows. When-
ever a new job arrives, we first obtain its profile, which in-
cludes the expected completion time in slices of different sizes.
In a typical workflow, a throughput profiler such as MISO
[5] can be used; here, we generate them from distributions
derived from real-world data, as explained in Section VI. Next,
when a new job arrives, or an existing job completes (or the
controller may be invoked less frequently, for example, once
every five arrival or completion events to reduce repartition
overhead), the MF-MARL model deployed at the central
controller reads the state distributions of jobs and MIGs and
outputs reallocation instructions to guide MIG repartitioning.
Once the configuration of each MIG is fixed, the problem
reduces to a multi-machine scheduling problem, where we
employ a carefully designed scheduling algorithm to assign
jobs across different slices of different GPUs. We first present
scheduling algorithms under static configurations in Section
IV-C, followed by the central controller that directs dynamic
MIG repartitioning in Section IV-D.

C. Scheduling Algorithms

We design algorithms that leverage the job throughput char-
acteristics and the concave power curve of GPUs when making
assignment decisions. Unlike the similar single-machine prob-
lem studied in [12], the presence of multiple GPUs signifi-
cantly complicates scheduling decisions, necessitating the use
of more intelligent scheduling algorithms. The pseudocodes
of algorithms depicted here outline the choices of slices and
GPUs, and not the entire scheduling algorithms. The jobs in
each of them are ordered by earliest deadline first (EDF).

We consider the following algorithms:

1) EDF Most Packed (EDF): The jobs in the ready queue
are sorted in increasing order of deadlines, and each job
is assigned one at a time to the slowest slice of the
most fractionally packed GPU that still finishes the job
on time. If all the GPUs are occupied, then the job is
assigned to the GPU slice with the fastest job completion
time.



Algorithm 1 EDF Most Packed (EDF)

1: Sort GPUs by occupied slices (desc), Jobs by deadline
(asc)
2: for job in Jobs, gpu in GPUs do

3 for slice in free slices of gpu do

4 t < now + Djob,slice

5 if ¢ < djp then

6: assign job to (gpu, slice); return
7 end if

8 if ¢ < best_finish then

9: best_choice + (gpu, slice)

10 end if

11: end for

12: end for

13: assign job to best_choice (earliest finish)

2) EDF Marginal ET (MET): The jobs in the ready queue
are sorted in increasing order of deadlines, and each job
is assigned to the GPU that has the lowest marginal ET'
gain, where E'T is defined in equation 4. The marginal
ET is calculated by assuming that no more jobs will be
scheduled on that GPU.

Algorithm 2 EDF Marginal ET

1: Sort Jobs by deadline (asc)
2: for job in Jobs do

3 tardiness <— max (0, now + Pjob, stice — djob)
4 marginal < extra energy if the slice used until finish
. a - marginal + tardiness
5: chosen <— arg mingefree slices )
a
6 assign job to chosen slice
7: end for

3) Categorical EDF (CEDF): This algorithm classifies
jobs into four categories, ranging from least sublinear to
most sublinear. The GPUs are sorted in decreasing order
of the average slice size. The jobs are first sorted by
these categories and within each category, by deadlines.
They are then packed GPU-wise into the slowest slice
that completes the job on time, otherwise the fastest
slice. The procedure for choosing the slice is similar to
EDF Most Packed, but the GPUs are ordered by average
slice size rather than fractional utilization.

Algorithm 3 Categorical EDF (CEDF)
1: procedure CLASSIFYJOB(job)

if thr(4g) < 0.8 - thr(7g),thr_class = 1
elif thr(2g) < 0.8 - thr(7g),thr_class = 2
elif thr(lg) < 0.8 - thr(7g),thr_class = 3
otherwise, thr_class = 4

end procedure

Sort GPUs by average slice size (desc)

Sort Jobs by thr_class and deadline (asc)

Assign Jobs using steps 2-13 of Algorithm 1

A

D. MF-MARL based Central Controller

As the MIGs are identical, indistinguishable, and inter-
changeable, the key is to check whether a valid MIG configura-
tion exists for a given task, and not which MIG executes it. The
jobs share the same property: we are concerned with the char-
acteristics of pending jobs, not their individual identities. So,
for any job, as long as the GPU configuration is appropriate,
the execution outcome remains the same regardless of which
GPU processes it; likewise, given a fixed GPU configuration,
jobs with the same characteristics yield identical results.

This symmetry motivates the use of Mean-Field MARL,
where the state information of all GPUs and jobs can be
represented as distributions. In practice, GPUs can take on
12 possible configurations, denoted cy,--- ,c12. The current
configuration of each MIG defines its state. We define this
moment of arrival or completion of a job as step ¢. Assuming
there are m MIGs in total, the state of the it" MIG is denoted
as 579 for each i € [m). The state distribution of the MIGs

fa_
can then be computed as: p}1%%(c,) = M

The state of a ]Ob is defined by its duration and deadline,
denoted for the 5 job as (s7"™, s in step t. Since these
states are continuous, they must be discretized in order to be
represented as distributions. Specifically, let duy, - - - , duy de-
note the discretized intervals of job duration. Then s7"™" = du,
if and only if the duration of job j falls into the interval du,,.
Similarly, let dl,--- ,dlo represent the discretized intervals
of job deadlines. To simplify the problem, we consider the
job duration and deadline dlstrlbutlons separately. They can be
Zia T =t) gng P (dl,) =

, assuming that there are n jobs,

Followmg the MF-MARL paradigm described in Section
III-D, the central controller takes the above distributions as
input and outputs a policy h; applicable to all MIGs, guiding
their repartitioning. For any given MIG, this policy takes
its current configuration as input and returns a probability
distribution over the next possible configurations. The next
configuration of the MIG is then sampled from this distribu-
tion. The form of the policy can be expressed as follows:

computed as: p1" (du,) =

S (st =)

p(c1 | 01) P(Clz | 01)
hy = : : ) (5

p(C1 | 012) p(C12 | 012)

where p(c, | ¢p) = p(siﬁ{g = ¢y | 579 = ¢,) forall i € [m).

After the central controller issues repartitioning instructions,
the configurations of all MIGs are updated based on the
transition distribution corresponding to their current state.
We adopt top-k sampling, a widely used technique in large
language models, to improve the system stability. Specifically,
top-k sampling selects the k£ configurations with the highest
probabilities from the distribution, re-normalizes their prob-
abilities, and then randomly samples the next configuration
from this restricted set. The system then applies the scheduling
algorithm to assign jobs across different slices, and the GPUs
process these tasks until either a new job arrives or an existing



job is completed. At this point, the central controller receives
a reward defined as
tardiness; + a X energy_consumption,
14+a
where tardiness, and energy_consumption, denote the new job
delay and the energy cost during this processing interval. The
parameter a is set as discussed earlier. During all timesteps,
the cumulative reward is set to —FT. Therefore, the reward
of the central controller is directly related to the downstream
objectives. This stepwise reward formulation alleviates the
issue of reward sparsity, thereby facilitating effective learning.
Then, we use PPO to train the model to maximize the
expected cumulative reward. We know that there is a 4-second
repartitioning penalty [5], which is incorporated into the model
indirectly by reducing the deadlines by this amount.

(V)

Tt = —

V. LOWER BOUNDS

In this section, we show lower bound results for energy and
tardiness. We first linearize the sublinear jobs to their linear
counterparts and then show that running each of them on 7g
MIGs yields lower bounds for both energy and tardiness.

For the energy lower bound, we reduce our problem to
a polynomial-time solvable makespan minimization problem,
and for the tardiness lower bound, we use a mixed integer
program, which is numerically approximated (it is NP-hard).

Definition 1. For a job j with processing time p; 1 on 1g, we
define its linearization as a job L(j) with processing times
Pji = Dpj1/t for each i € {2,3,4,7}.

For a collection of jobs J, let L(J) represent the corre-
sponding collection of linearized jobs.

A. Energy Lower Bound

Lemma 1. Any schedule 11 with a combination of linear
and sublinear throughput jobs J can be converted to a
corresponding schedule TI' on the linearized job set L(J)
without increasing the energy.

Proof. The above result follows from the power curve’s con-
cavity and the throughput curves’ sub-linearity, implying that
the jobs’ linear extensions will consume less energy running
on a corresponding schedule with the same starting times as
the original schedule (and will finish no later). O]

From now on, we will consider all jobs to be linear and let
the energy used by a schedule I’ on a linearized job set L(.J)
be B (L(J)).

Lemma 2. Any schedule TI' on a linearized job set L(J) on
m machines with any configuration can be converted to a
schedule TI" on m Tg machines without increasing energy.

Proof. Consider the first machine without loss of generality,
with T’ restricted to it being denoted as IT}. Let the finishing
time of I’ be T. For ease of calculation, we deduct PyT from
the total energy E™1(L(.J)) and account for it later.

We divide the schedule IT’ on the first machine into k seg-
ments, where a new segment begins whenever a job starts or

completes (or there is a reconfiguration). Consider a segment
i € [k], and let its duration be ¢; and starting time and
finish times be s; and f; respectively. Let there be [ jobs
running on slices of sizes y;; for each j € [I], such that the
Zj yi; = S;. The power consumed by these jobs is Pg,t;.
Since idle power must be deducted, active power during this
time is (Pg, — Py)t;. Construct a corresponding segment on
7g where the parts of the jobs in segment ¢ are scheduled
consecutively, one after the other. Its duration will be STt
which is no greater than ¢;. The active power consumed will be
(Pr—Py) 8t = Prt; 54 Pot; (1 — £2) —Pot; < (Ps,—Po)ts,
using the concavity of the power curve. Finally, since each new
segment has no greater duration than the original segment, the
reduction is feasible and cannot result in an increase in the
active energy when these segments are combined. The idle
power is PyT. Since we are building a total schedule II} of
duration 7', it can be added in the end. Finally, repeating this
process for all m machines proves the lemma. O

Lemma 3. To compute a lower bound on the total energy, we
calculate the energy of a minimum makespan schedule using
jobs L(J) on m Tg machines.

Proof. Tt can be shown that for jobs L(J) running using any
schedule II on m 7g machines, the total energy consumption
is given by adding the active energy to the idle energy:

EN(L() =Y %ﬂ +(mc" - %)PO,
jedJ jedJ

)

where [n] is the index set of jobs and C'™! is the makespan of a
given schedule II. Replacing C™ with the minimum makespan
C* in (7) yields the energy lower bound (the active energy
cannot be decreased, and minimizing the makespan minimizes
the idle energy). Note that C* can be computed in O(n?) time
using the staircase algorithm for makespan minimization with
preemption on uniform machines from [27]. O

B. Tardiness Lower Bound

It can be shown that Lemmas 1 and 2 also hold for tardiness
(using similar proofs). In this subsection, we replace J with
L(J) and derive a lower bound result on the tardiness of
L(J). We frame our problem as a parallel identical-machine
scheduling problem and develop a mixed integer program
(MIP) with a just-in-time formulation.

Let there be m machines and n linearized jobs. For each
job, j € [n], let the release time be r;, the processing time be
p;, and the deadline be d;. After setting an e that indicates
the time step size, we set the maximum time horizon at
7 = [(max; r; + >, pj)/€]. The time horizon is discretized
into time slots from 0 to 7 with time slot s corresponding to
[se, (s + 1)e).

e Let z;, > 0 be the amount of job j processed in time

slot s for each j € [n] and for each s € [0, 7].

o Let y; o € {0,1} be a binary variable that is 1 if job j

has been completed until time slot s, and 0 otherwise.

o Let C; be the completion time of job j for each j € n.



o Let T; = max{0,C; — d;} be the tardiness of job j for
each j € [n].

Objective: min > ", T}

Constraints:

1) Processing requirement: . z; s <p; Vj€ [n].

2) Machine capacity: Y7, ;s <me Vs € [0,7].

3) Job processing rate: z;, < e Vj € [n],Vs € [0,7].

4) Release time: ;=0 Vj,Vs < [r;/€].

5) Completion indicator: y; s < y; s41 V4,Vs € [0,7—1]
and y;; < E:P% vy, vt € [0, 7].

6) Completion time: C; = €Y ._,(1 —y;s) Vj € [n].

7) Tardiness: T; > C; —d;, T; >0 Vj € [n].

8) Domain constraints: y; , € {0,1}, z;, >0 Vj €

[n],Vs € [0,7].
The constraints ensure ;¢ is non-decreasing and switches
from 0 to 1 when ZZ:O Zjs = p; because the tardiness

minimization in the objective pushes the indicator to be 1
as soon as possible (if the completion time is after the due
date). C; = €>., (1 — y;) counts the number of slots
where y;; = 0, multiplied by the slot width, equal to e
times the smallest ¢ where y;; = 1, which approximates when
job j is completed. This procedure uses O(nr) variables and
constraints, and lower-bounds job tardiness with an error up to
twice the time slot width (errors arising from both release time
and completion time discretization). Hence, the lower bound
can underestimate the actual tardiness by at most 2ne when
considering n jobs.

However, in practice, for both energy and tardiness, there is
additional error from the jobs being sublinear in throughput.
But since most common inference jobs are observed to be of
linear throughput [6], we observe that we are empirically not
too far from both the lower bounds (refer to Section VI).

VI. EXPERIMENTAL RESULTS

Here, we explain the processes that generate our workloads
and the parameters that we vary to perform experiments on
MIGs to demonstrate improvements in energy and tardiness.

A. Experimental Settings

The jobs and machines are as defined previously. For the
MIG experiments without repartitioning, we assume that the
workload release times are simulated from a fixed-rate Poisson
arrival process. We then split them into training and inference
jobs. The processing time characteristics of the workloads
are generated from a lognormal distribution [28] for training
jobs and an exponential distribution for inference jobs [29],
with their slicewise processing times determined by using the
Resnet-50 and BERT-Base throughputs from [25] and [6].
Since deadline information is not generally available in data
center traces, we model it as d; ~ Unif(1,1.5) * p; 7, which
is similar to the deadline distribution in [30].

For our repartitioning experiments, we generate workloads
with a base arrival rate that varies during the day [12], [31]
as in Figure 5, which is multiplied by a multiplier. Next,
we split each of these workloads into training and inference

types in a fixed proportion, and again consider their throughput
characteristics, as in the no-repartitioning case, based on the
experiments in [6], [25], [32].

° o
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012
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Fig. 5. Arrival rate variation during a day

We do not consider distributed sliced training because,
according to the NVIDIA documentation [33], MIG-enabled
GPUs do not have P2P communication, which is necessary for
such tasks, and it is beyond our scope.

Using the described experimental setup, we evaluate the
performance gains of MIGs compared to standard GPUs
without MIG. To emulate multi-tenant, large-scale workloads
with high job counts and short-lived tasks, we set the job
arrival rate to be 20 times the base rate. Under such conditions,
non-partitioned GPUs fail to keep up, while MIGs achieve
60 — 100x lower tardiness at high arrival rates (Table I),
since most training jobs have sublinear throughput curves that
degrade efficiency and cause severe backlog. Although the
performance of non-MIG GPUs can be partially improved by
dedicating some GPUs to inference and others to training (still
yielding a 3 — 4x improvement), their performance remains
significantly worse than that of MIG-enabled GPUs. These
results strongly motivate our focus on MIGs.

TABLE I
PERFORMANCE COMPARISON UNDER DIFFERENT ARRIVAL RATES
20x 16x 12x
Energy SMART_—MIG 2.5M 23M | 2M
No Partition 3.1M 2.4M M
Tardiness SMART—MIG 1.0037 0.44 0.18
No Partition 96.67 16.58 | 0.34

We compare the energy and tardiness from our repartition-
ing algorithm with the best scheduling algorithm in practice,
as well as with the lower bound, and with the naive results
obtained by scheduling on GPUs with fixed configurations.

B. Results for Scheduling Algorithms without Repartitioning

We first evaluate different scheduling algorithms without
repartitioning by running experiments with varying (but fixed
per run) arrival rates and configurations, aiming to characterize
their relative performance, strengths, and suitable scenarios.
Each job queue contains 1000 jobs with a 4 1 infer-
ence—training job ratio. We then simulate a full day of jobs
(as in Section VI.C) to identify the best-performing algorithm,



which is subsequently used to train the central controller
model. Experiments are conducted on 8 GPUs without pe-
nalizing preemption. We compare the three algorithms from
Section IV-C against a simple ‘Random’ baseline that assigns
the earliest-deadline job to a randomly available slice.

o Effect of varying arrival rates: At lower arrival rates
with smaller queues, we generally see Most Packed EDF
performs well in terms of energy (Figure 6), whereas
at higher arrival rates, Marginal ET performs the best
(Figure 7). The energy is about 100% worse than the
lower bound at arrival rate 1, whereas it is only 20 —30%
worse for the others, mainly because the loose lower
bound introduces larger errors and we cannot pack as
many GPUs efficiently at such a low arrival rate.
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Fig. 6. Average tardiness and energy consumption at arrival rate 1
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Fig. 7. Average tardiness and energy consumption at arrival rate 8

o Effect of varying the configuration: This change is
most prominent for CEDF as it sorts GPUs by average
slice size (Figure 8), and hence benefits from having
partitions with all slices having similar sizes. With such
‘good’ configurations, CEDF performs the best in terms
of energy and tardiness.
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Fig. 8. Average tardiness and energy consumption for configurations where
slice size varies within a GPU

« Results on realistic 24-hour queues: These queues have
varying arrival rates through the queues, and are also
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Fig. 9. Average tardiness and energy consumption for configurations where
slice sizes are similar within a GPU

longer, with over 4000 jobs. Here, we find that CEDF
generally performs best (Figure 10), even when tested on
varying configurations.
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Fig. 10. Average tardiness and energy consumption for realistic 24-hour
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Fig. 11. Average tardiness compared with lower bounds

o Tardiness lower bound results: Since computing the
tardiness lower bound is computationally complex, we
present tardiness results for running 50 simulations of
50 mixed throughput jobs and 50 linear throughput jobs,
each using MP-EDF on 4 GPUS with configuration 8 and
arrival rate 8 (Figure 11). The average tardiness is above
the lower bound by ~ 34% for mixed throughput jobs
and ~ 17% for linear throughput jobs, on average.

C. Results for SMART-MIG

In our evaluation, we consider a node with 8 MIGs and set
the job arrival rate to 20 times the base rate. Throughout these
experiments, the ratio of training-to-inference jobs is fixed at
1 : 4. For SMART-MIG, the central controller is invoked
every 5 steps with top-3 sampling (as explained in Section
IV-D). Once the configurations are fixed, we use CEDF, which
generally yields the best energy—tardiness trade-off among the
algorithms we tested. The central controller model is trained



on ~ 5M jobs, equivalent to 5000 days of workload at this
arrival rate. We select the static configuration [1, 1, 2, 3, 3, 5,
5, 10] as a baseline for comparison with SMART-MIG since
we find that CEDF performs best with it.

Figure 12 shows that SMART-MIG reduces average tardi-
ness by 25% compared to CEDF with a static configuration
and by 40% compared to EDF with a static configuration.
In terms of energy consumption, SMART-MIG achieves im-
provements of 1.2% over CEDF and 7% over EDF. Evaluated
with the ET metric, SMART-MIG delivers overall gains of
18% and 32% relative to CEDF and EDF, respectively. It is
important to note that in this study, SMART-MIG was trained
with CEDF as the scheduling algorithm, though it can, in
principle, be paired with any mature multi-machine scheduler.
The observed improvement of SMART-MIG over its static
configuration counterpart stems from its ability to dynamically
repartition MIGs based on the evolving job queue, allowing
the system to better handle varying urgency and throughput
demands. In the figure, the red line marks the theoretical lower
bound of average energy consumption. Comparing this lower
bound with our three evaluated methods, we find that RL is
27% worse and CEDF is approximately 29% worse in terms
of energy efficiency. Recall that this lower bound is not tight,
as the calculation involves a linearization of jobs, which un-
derestimates the true energy lower bound. Moreover, our focus
is on multi-objective optimization, aiming to balance energy
consumption with job tardiness. Under these considerations,
we argue that all three algorithms achieve reasonably effective
energy optimization.

We also notice that SMART-MIG cannot substantially re-
duce energy consumption via repartitioning. A plausible expla-
nation is: given the requirement to maintain low job tardiness,
the baseline CEDF without repartitioning is already close
to optimal and leaves little room for further improvement.
However, the improvement in tardiness is quite large.
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Fig. 12. Energy consumption and average tardiness results

Next, we analyze the repartitioning behavior of SMART-
MIG. It is clear from [12] that if all jobs were perfectly
linear, then MIGs would provide no benefit. MIGs become
meaningful only when sublinear jobs are present, since in such
cases, the system must balance energy and tardiness. Thus,
effective repartitioning essentially amounts to intelligently
scheduling jobs with different throughput curves.

In our experiments, the sublinearity scores (as defined in
section IV) of the job groups encountered by SMART-MIG at
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Fig. 13. Configuration characterization while repartitioning

different steps range from 0.67 to 0.84. Based on this range,
we categorize job groups into equally divided intervals:

« Severe Sublinearity: ss € [0.67,0.72]
o Moderate Sublinearity: ss € [0.72,0.78|
o Mild Sublinearity: ss € [0.78,0.84]

The central controller encounters job groups with vary-
ing degrees of sublinearity across different experiments and
timesteps. For each of these three categories, we measure
the average repartitioning response of the system, namely the
distribution of selected configurations. For comparison, we
also report the global average distribution of configurations
over all cases (Figure 13).

The most frequently selected configurations are 1, 2, 3, and
7. Meanwhile, several configurations containing small slices
(e.g., 8-12) collectively account for 5%, demonstrating that
a reasonable GPU configuration should maintain a balance
among large, medium, and small sliced GPUs. The specific
balance should adapt dynamically to variations in job arrival
rate and throughput. Furthermore, as the central controller
encounters an increasing number of sublinear jobs, it tends
to select configurations with larger indices that contain more
small slices. This strategy increases task parallelism without
undermining overall job execution efficiency, thereby reducing
latency. Such variations do not cause substantial deviation
in the average proportion of each configuration, indicating
stability in job processing.

Put differently, SMART-MIG smartly balances harder-to-
complete jobs (those more prone to incurring delays) with
easier workloads by dynamically adjusting the configurations.

VII. CONCLUSION AND FUTURE WORK

We propose SMART-MIG, a scalable MIG-based parallel
computing framework that jointly optimizes job performance
efficiency and data center energy consumption. To enable fair
system evaluation, we establish theoretical lower bounds on



energy and tardiness. Our experiments first demonstrate the
superiority of MIGs over traditional GPUs under machine
learning workloads, where the latter nearly break down (with
60-100x worse tardiness). We also design a scheduling al-
gorithm (CEDF) that leverages the nonlinearity of the job
and power curves, achieving performance within ~ 27% of
the energy lower bound. Our dynamic repartitioning approach
based on MF-MARL, when combined with CEDF reduces the
tardiness further by ~ 25% while also decreasing the energy
consumption. These results highlight the effectiveness of using
MF-MARL with intelligent scheduling for achieving energy-
tardiness gains in MIG-based systems.

There are several promising future directions. Some of them
include (i) applying RL for job scheduling in conjunction
with repartitioning, (ii) further tightening the lower bounds
(by avoiding linearization), (iv) extending our work to hetero-
geneous GPUs, and (iv) exploring geometrical job alignment
within and across GPUs to minimize heat dissipation and the
energy needed for cooling.
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Appendix

Artifact Description (AD)

VIII. OVERVIEW OF CONTRIBUTIONS AND ARTIFACTS
A. Paper’s Main Contributions

C1  SMART-MIG framework (integrating ML and OR):
The paper proposes SMART-MIG, a large-scale MIG
scheduling framework with two components: (a)
using Mean-Field Multi-Agent Reinforcement Learn-
ing (MF-MARL) with Top-k sampling to repartition
GPUs, and (b) designing EDF-based scheduling al-
gorithms (without repartitioning) to assign jobs to
MIG slices across multiple GPUs by leveraging job
throughput characteristics and MIG’s concave power
curve.

C>  Energy and tardiness lower bounds: The paper de-
rives energy and tardiness lower bounds as references
for evaluating the scheduling policies.

Cs  Extensive experimental validation: The paper con-
ducts extensive experiments of the studied algorithms
to validate effectiveness, including: performance de-
terioration of the traditional no-partition GPU model
under high arrival rates; static repartitioning op-
erating within ~ 30% of the energy and tardi-
ness lower bounds on average; MF-MARL-based
dynamic repartitioning yielding an additional ~
18% improvement in energy-tardiness efficiency;
and consistent advantages across diverse workloads
(e.g., even at low arrival rates, reducing tardiness by
~ 47% vs. the no-MIG baseline).

B. Computational Artifacts
A;  Scheduling & Simulation Artifact
As  MF-MARL Dynamic Repartitioning Artifact (Con-
troller Training & Inference)
As  Lower-Bound Computation Artifact (Energy LB &
Tardiness LB)
DOI: https://doi.org/10.5281/zenodo.18663599

Artifact ID  Contributions Related
Supported Paper Elements
Al C 1, C 3 Table 1
Figure 6-13
Ay (1,03 Table 1
Figures 6-13
As  Cs Figures 11-12

IX. ARTIFACT IDENTIFICATION
A. Computational Artifact A;
Relation To Contributions

Reproduces the paper’s scheduling experiments for MIG-
based multi-GPU job scheduling using the paper’s EDF-based
heuristics and workload model.

Expected Results

At lower arrival rates, Most Packed EDF tends to be good
on energy; at higher arrival rates, MET tends to perform best;
and on realistic 24-hour queues, CEDF largely performs best
and is used downstream for SMART-MIG training.

Expected Reproduction Time (in Minutes)

The reproduction time is mainly dominated by the artifact
execution time; typically, a single simulation takes about 20
minutes.

Artifact Setup (incl. Inputs)

Hardware: Any computer equipped with a CPU.

Software: The Python package stable-baselines3.

Datasets / Inputs: Energy model uses the paper’s
concave power values (A100-40GB, 250W cap): P =
[40,119, 160, 205.3,243.9,247.7,248.5, 248.5]. Release times
follow a fixed-rate Poisson arrival process. Training job base
durations follow a lognormal distribution. Inference job dura-
tions follow an exponential distribution. Deadlines are mod-
eled as d;j ~ Unif(1,1.5)p; 7.

Artifact Execution

Run simulation batches that mirror the paper’s structure:

e Vary arrival rates (fixed per run), evaluate EDF / MET
/ CEDF (and Random baseline if desired) on the same
workload draws.

e Vary fixed GPU MIG configurations and compare al-
gorithm sensitivity (the paper highlights configuration
effects, especially for CEDF).

o Run realistic 24-hour queues with varying arrival rates
through the day and longer queues (paper: “over 4000
jobs”).

For each run, record:

o Total energy e (from the power curve aggregation).
o Average tardiness.
o ET objective.

Artifact Analysis (incl. Outputs)

Compare algorithms on (energy, tardiness) trade-offs across
arrival rates and configurations; identify which algorithm is
best under each regime (low rate vs high rate; 24-hour queues).
Confirm that CEDF is a strong overall choice on realistic 24-
hour queues and thus is a justified scheduler for the SMART-
MIG controller experiments.

B. Computational Artifact Ay

Relation To Contributions

Reproduces the paper’s SMART-MIG dynamic repartition-
ing results using Mean-Field MARL as a central controller
that periodically changes the GPU partition distribution and
cooperates with the scheduler



Expected Results

e SMART-MIG reduces average tardiness by ~ 25% vs
CEDF static, and ~ 40% vs EDF static.

e SMART-MIG improves energy by ~ 1.2% vs CEDF and
~ 7% vs EDF.

e Overall ET metric improvement: ~ 18% vs CEDF and
~ 32% vs EDF.

Expected Reproduction Time (in Minutes)

Training corresponds to processing 5M jobs (about 5000
simulated days) to learn the MF-MARL controller policy. It
takes about 1200 minutes.

Artifact Setup (incl. Inputs)

Hardware: High-performance CPU or possibly an entry-
level GPU.

Software: The Python package stable-baselines3.

Datasets / Inputs: This part is the same as A;.

Artifact Execution

Train the central controller:

o Run the SMART-MIG loop where each step is a job ar-
rival or completion event; every 5 steps, invoke controller,
sample configuration updates with top-k sampling, then
schedule jobs using CEDF

o Continue training until you reach the paper’s scale.

Evaluate SMART-MIG vs static baselines: Fix the eval-

uation workload setting. Compare against static scheduling
baselines, including the paper’s chosen static configuration.

Artifact Analysis (incl. Outputs)

Verify the headline improvements (tardiness, energy, ET)
relative to static EDF/CEDF baselines. Characterize configura-
tion selection frequencies and how they shift with sublinearity
severity (the paper reports most frequent configurations and
qualitative trends).

C. Computational Artifact As
Relation To Contributions

Reproduces the paper’s theoretical reference baselines by
computing lower bounds for energy and tardiness used for
benchmarking scheduling policies.

Expected Results

o Energy lower bound comparison: RL (SMART-MIG)
reported ~ 27% worse than energy LB, and static CEDF
~ 29% worse, noting the lower bound is not tight due to
linearization.

e The paper’s reported benchmarking example: average
tardiness above the lower bound by ~ 34% for mixed
throughput jobs and ~ 17% for linear throughput jobs in
a specific evaluation setup.

Expected Reproduction Time (in Minutes)

Typically, a single execution takes about 5 minutes for com-
puting the energy lower bound, and 30 minutes for computing
the tardiness lower bound.

Artifact Setup (incl. Inputs)

Hardware: This part is the same as Aj.
Software: stable-baselines3 and ortools.
Datasets / Inputs: This part is the same as A;.

Artifact Execution

o Energy lower bound: compute energy of a minimum
makespan schedule for job queue L(J) on m 7g ma-
chines. The minimum makespan can be computed in
O(n?) using the staircase algorithm for preemptive
makespan minimization on uniform machines, but we use
a flow-based approach for an arbitrarily close approxima-
tion.

o Tardiness lower bound: solve the paper’s MIP using
Google’s OR-Tools.

Artifact Analysis (incl. Outputs)

Report LB values alongside algorithm outcomes (A1/A2),
emphasizing the paper’s caution that LBs may be non-tight
due to linearization and discretization. Reproduce the paper-
style comparison plots/tables: algorithm energy vs energy
LB; algorithm tardiness vs tardiness LB; and the derived
ET comparisons. Compare the energy and tardiness to the
theoretical lower bounds and confirm the reported gap.



