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 a b s t r a c t

Recent advances in dynamic GPU partitioning, such as NVIDIA’s Multi-Instance GPU (MIG) technology, have en-
hanced resource utilization by enabling task co-execution without contention. However, existing MIG schedulers 
remain limited to static or task-agnostic methods that sacrifice optimality for tractability. This paper presents a 
Deep Reinforcement Learning framework that seeks to minimize the completion time of a task queue by holis-
tically addressing the dimensions of the problem: task molding, GPU reconfiguration and execution order. To 
manage the vast solution space, we apply optimizations such as discrete and canonical representation of states, 
unification of equivalent configurations, action masking, or promoting the exploration of reconfigurations; this 
offers insights for similar resource management scenarios. The proposed models are extensively evaluated with 
widely used benchmarks of the Rodinia and Altis suites, and synthetic workloads generated to emulate a wide 
range of plausible real situations. The final model improves to the state-of-the-art, especially in workloads that 
clearly contradict the assumptions of previous proposals, achieving a difference of less than 20% to the optimum. 
Additionally, two different approaches to the problem are faced (offline vs. online), discussing their theoretical 
advantages and disadvantages, and evaluating them experimentally for the final model.

1.  Introduction

Recent advances in Artificial Intelligence (AI), mainly driven by the 
development of Large Language Models (LLMs), have dramatically in-
creased the demand for massively parallel computing. Modern data-
center GPUs, featuring thousands of cores and hundreds of gigabytes 
of memory, provide PetaFLOPS for LLM training. Many common GPU 
workloads, however, still underutilize these resources, as evidenced by 
HPC benchmarks [1,2] and other Deep Learning (DL) tasks [3,4] . This 
underutilization not only delays task completion, but also wastes a lot 
of energy due to the huge power consumption of these devices [5] .

A natural solution is to run independent applications concurrently 
on the GPU to share its resources. NVIDIA supports this with technolo-
gies like the well-established Multi-Process Service (MPS) [6] and more 
recently the Multi-Instance GPU (MIG) [7] technology. MPS allocates 
certain resources per process, such as Stream Multiprocessors (SMs), 
while sharing others, such as memory bandwidth, which can lead to 
contention and quality-of-service issues [1,8]. In contrast, MIG parti-
tions the GPU into isolated virtual instances with dedicated resources 
(SMs, L2 cache, DRAM and memory channels), ensuring predictable per-
formance [8,9]. Moreover, MIG supports flexible and dynamic reconfig-
uration, allowing one virtual GPU in the partition to be modified on the 
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fly, without interfering with the others, unlike other technologies such 
as AMD’s MxGPU [10] that opt for less costly but more inflexible static 
partitioning.

For Cloud Service Providers (CSPs), MIG offers a solution to resource 
contention in multi-tenant scenarios. However, it has traditionally been 
applied in a static, task-agnostic manner, meaning that the MIG parti-
tion is rarely reconfigured and does not take into account the specific 
features of the tasks as they are generated. MIG is currently supported 
by job management systems widely used in the High Performance Com-
puting (HPC) arena, such as SLURM [11] and HTCondor [12], as well 
as by workload orchestrators such as Kubernetes [13]. However, their 
scheduling policies do not integrate strategies that combine dynamic 
MIG reconfiguration with job scheduling. Reconfiguring MIG partitions 
involves a small overhead, but it is often cost-effective as it better adapts 
the GPU to the demands of the pending tasks.

This gives rise to a task scheduling problem in a reconfigurable sys-
tem, which requires determining both the task execution order and 
the partitions and GPU instances assigned to each task. This paradigm 
is known in the literature as moldable scheduling, since the sched-
uler determines the amount of resources to allocate to each task-i.e., 
molds them-instead of receiving these allocations as inputs, as in rigid 
scheduling. Even without reconfiguration or moldability, this scheduling
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problem is NP-hard [14]. The addition of these two crucial dimensions 
to fully leverage MIG further increases the complexity, and it is a topic 
roughly explored in the literature. In addition, the particularities of the 
MIG technology for GPU partitioning impose constraints that scheduling 
must address, exacerbating the complexity of the problem.

In a previous work [2], we demonstrated the potential of this ap-
proach for MIG, introducing an approximation algorithm to address that 
scheduling problem. Our solution notably reduced the completion time 
of several task sets versus: not using MIG, using MIG statically (no recon-
figuration), and a state-of-the-art dynamic MIG scheduler. However, the 
approach relied on heuristics and major simplifications given the prob-
lem’s complexity, as also occurs in similar methods [15,16]. This leaves 
room for improvement, which we will try to exploit in this paper. The 
same occurs in approaches that tackle the problem with exact optimiza-
tion methods, such as linear programming, which simplify the problem 
with key assumptions to eliminate its NP-hardness [17]. Section 2.2 out-
lines common simplifications and emphasizes the errors they introduce. 
This work goes a step further by approaching the problem without rely-
ing on overly simplistic assumptions or predefined scheduling forms.

Naturally, this involves a vast search space that cannot be exhaus-
tively analyzed. However, for very complex problems like this, it works 
really well to learn by “trial and error” with a type of machine learning 
known as Reinforcement Learning (RL) [18]. When combined with neu-
ral networks, RL excels at tackling high-dimensional problems where the 
number of variables or the cardinality of the state-action space makes it 
computationally infeasible to represent and explore it with traditional 
table-based methods [19]. This fusion—known as Deep Reinforcement 
Learning (DRL)—has proven to be very effective for other resource man-
agement and control challenges [20,21]. Thus, it will be used in this 
paper for scheduling moldable tasks to optimize the use of MIG.

Beyond using a DRL approach to leverage MIG without major
assumptions, this work can serve as a guide for other DRL solutions 
in similar environments, characterized by dynamic reconfiguration or 
moldability. In this regard, this paper details the steps, challenges, and 
solutions encountered in developing a satisfactory final model. Many of 
these aspects may appear in future related research and this information 
may be very useful. Our main contributions are summarized below:

• We formulate a moldable scheduling problem with dynamic MIG re-
configuration. We propose a Deep Reinforcement Learning frame-
work for MIG scheduling, without major assumptions on the form of 
the solutions.

• We extensively evaluate our DRL scheduler, improving the makespan 
(completion time of all tasks) over the static use of MIG and the state-
of-the-art. We also show that the obtained solutions are not too far 
from the optimum.

• We offer to the community a set of tools [22]: the modeling and 
training code of our RL agent, a scheduling tool to execute tasks on a 
MIG-capable GPU following the decisions of a pre-trained agent, and 
a graphical visualization interface for the agent’s scheduling status.

• We describe the challenges and design decisions for model develop-
ment, serving as actionable insights for future research on DRL-based 
solutions for dynamically reconfigurable or moldable environments.
The rest of the paper is organized as follows. Section 2 covers back-

ground on MIG and the related work. Section 3 presents the scheduling 
problem. Section 4 describes the modeling of the problem with Rein-
forcement Learning. Section 5 details the experimental setup. Section 6 
offers an iterative refinement of the scheduler. Section 7 presents the 
conclusions.

2.  Background

2.1.  Concepts and constraints of MIG

NVIDIA incorporates the MIG technology into its latest GPU datacen-
ter models with Ampere, Hopper, and Blackwell architectures. Specifi-

Fig. 1. Slice per instance configurations of MIG-capable GPUs.

cally, the GPU models supporting MIG are A30, A100, H100, B100, and 
B200. A MIG-capable GPU can be partitioned into multiple virtual GPUs, 
called GPU instances. Each instance consists of one or more physically 
hardware-contiguous resource units called slices (𝑆𝑖, 1≤ 𝑖≤𝐾, where 
𝐾 is the number of slices). Each slice corresponds to a GPU Process-
ing Cluster (GPC), a hardware block that includes its own Streaming 
Multiprocessors (SMs), a portion of L2 cache + DRAM, and dedicated 
memory bandwidth. The instance size is determined by the number of 
slices it contains. Finally, the collective set of instances into which the 
GPU is divided is called configuration or partition.

Fig. 1 illustrates the possible configurations for current MIG-capable 
GPUs. As shown, not all combinations of slices form valid instances and 
not all combinations of instances produce feasible configurations. On 
the one hand, NVIDIA A30 consists of 4 slices, which can be grouped 
into instances of sizes 1, 2, and 4, leading to 5 possible configurations. 
It is clear that it is not allowed to create instances of 3 slices, nor an 
instance with the two central slices. On the other hand, the rest of the 
GPU models comprise 7 slices, which can be grouped into instances of 
sizes 1, 2, 3, 4 and 7, resulting in 19 possible configurations. Apart from 
other restrictions, in this case it is observed that configurations 5, 6 and 
7 disable slice 𝑆4 because a 3-slice instance offers the same amount of 
memory as a 4-slice instance. This is fine for {𝑆5, 𝑆6, 𝑆7}, since 𝑆7 can 
offer twice as much memory as the other slices, but with {𝑆1, 𝑆2, 𝑆3} it 
involves using the memory of 𝑆4 while its other resources remain idle.

Configurations can be dynamically adjusted by destroying some in-
stances and creating new ones in their place. For example, in configu-
ration 2-2-3 (configuration number 8), instances of size 2 ({𝑆1, 𝑆2} and 
{𝑆3, 𝑆4}), could be merged by destroying them and creating an instance 
with its 4 slices ({𝑆1, 𝑆2, 𝑆3, 𝑆4}), thus transitioning to configuration 4-3 
(conf. no. 2). Alternatively, the first instance of size 2 could be subdi-
vided by destroying it and creating two new instances of size 1, thus 
reconfiguring to 1-1-2-3 (conf. no. 14). The instances to be destroyed 
must be idle, since task preemption is not allowed. However, reconfig-
uring an instance is independent from others, and does not affect to tasks 
running on them. Thus, in the previous reconfiguration examples, the 
instance of size 3 could be running a concurrent task. The creation or 
destruction of instances takes a specific amount of time, depending on 
their size, which must be considered to decide if reconfiguration is bene-
ficial. Table 1 reports the measured times for these operations observed 
on different MIG-capable devices. These times were very consistent be-
tween runs, with deviations of no more than 2%. As such, they can be 
considered as constant data for scheduling on each (virtual) device, as 
we will do.

We also verified the effectiveness of instance isolation by measuring 
execution times. Experiments show negligible (< 2%) timing variations 
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Table 1 
Average time in seconds for the creation/destruction of an instance.
Instance
Size

 A30  A100  H100
 Create  Destroy  Create  Destroy  Create  Destroy

 1  0.11  0.10  0.16  0.20  0.16  0.21
 2  0.12  0.10  0.17  0.20  0.21  0.23
 3  –  –  0.20  0.21  0.33  0.25
 4  0.13  0.10  0.21  0.21  0.38  0.26
 7  –  –  0.24  0.22  0.42  0.26

Table 2 
Task duration for each instance size (in bold, the optimal 
efficiency).

Instance
Size

 Task 1  Task 2 & Task 3
 Time  Efficiency  Time  Efficiency

 1 25 1 12 1
 2 10 1.25 5 1.2
 4 10 0.625 2 1.5

between single- and multi-task execution [2]. To conduct this analysis, 
we employed multiple GPU benchmarks from the Rodinia [23] and Altis 
[24] suites, which will also be used later for a comprehensive evaluation. 
Tests were conducted on NVIDIA A30, A100 and H100 GPUs, ensuring 
that task execution times remain highly predictable and are unaffected 
by possible co-execution patterns. Notably, prior research has presented 
highly accurate and efficient predictors for the execution time in MIG 
instances of different kind of tasks [8,9,25], achieving error margins be-
low 2%. This capability solidifies the reliability of time-based schedulers 
in MIG environments, enabling these predicted times to serve as robust 
inputs for scheduling decisions.

2.2.  Related work

MIG scheduling. Previous works have relied on heuristics [2,9,16,26,
27] and optimizing methods [17], making assumptions and simplifica-
tions to reduce problem’s complexity, although they induces very spe-
cific and suboptimal solutions.

A prevalent simplification involves decoupling the task molding de-
cision (i.e., the number of resources for each task), from the final co-
execution order and the specific resource allocation [2,16,17,26]. This is 
typically achieved by assigning to each task the instance size 𝑛 that max-
imizes parallel efficiency eff𝑛= time1 ∕ (𝑛 ⋅ time𝑛). However, this simpli-
fication is not valid in all scenarios. For example, Table 2 presents three 
tasks that obtain their optimal efficiency at instance sizes 2, 4, and 4, 
but such an allocation is more than 40% worse for an A30 than allocat-
ing 2 slices to all tasks, as illustrated in Fig. 2. While the first allocation 
forces sequential execution due to resource constraints, the alternative 
enables parallelism, masking latency. This basic example underscores 
that optimizing MIG in a general case requires a joint consideration of 
task molding, execution order, and placement—a problem with an expo-
nentially increasing solution space. Some works [2,26] attempt to detect 
and refine this problem, but start from poor schedules derived from de-
coupled decisions, and use fast and limited heuristics that still produce 
quite improvable solutions in some cases, as we will see with an example 
of final results in Section 6.7.

A second major simplification involves the greedy allocation of re-
sources to pending tasks, favoring immediate assignment over strategic 
idleness that could enable resource merging or the exploration of larger 
subsets of tasks than those immediately following [2,9,16,17,26,27]. 
This may lead to worse results if the speedup from allocating more re-
sources compensates for the idle time needed to merge instances, or 
allows for better load balancing among concurrent tasks. Also, heuris-
tics are often quite ad hoc, making it difficult to generalize them to other 
similar systems, conditions, or optimization goals.

Fig. 2. Schedule of the tasks in Table 2 with independent molding according to 
efficiency vs. optimal joint decision.

One of our evaluation baselines will be MISO [9], which uses the 
MIG configuration that maximizes the sum of individual task speedups 
for the next queued tasks in FIFO order (reconfiguring if necessary). We 
will also compare against FAR [2], a 3-phase approximation algorithm 
that optimizes MIG scheduling of tasks in batches: phase 1 molds the 
tasks by creating a family of allocations where it assigns the possible in-
stance sizes in which to execute each one; phase 2 schedules the tasks, 
trying to minimize the makespan for each allocation by a greedy algo-
rithm; finally, phase 3 improve the schedule by moving or swapping 
some critical tasks.

As mentioned earlier, MIG is supported by job management tools 
such as SLURM [11] and HTCondor [12], as well as by the Kubernetes 
container orchestrator [13]. However, existing schedulers for those sys-
tems, most notably Volcano [28] and YuniKorn [29], do not imple-
ment a task feature-aware strategy to optimize MIG partitioning for co-
execution. Their use of MIG is based on simple greedy methods that only 
ensure that tasks quickly satisfy their resource requirements, with worse 
results than the previous approaches mentioned.

The existing literature on moldable scheduling in environments 
different to MIG relies on similar approaches [30,31], with the limi-
tations just discussed. To overcome this, in this paper we adopt Deep 
Reinforcement Learning, a technique renowned for its effectiveness 
in high-dimensional complex systems, and its adaptability to diverse 
environments and objectives. Although we will make approximations 
to manage the vast solution space, we will not assume a specific form 
of the solution, thus avoiding the issues inherent to prior methods.

Task scheduling using RL. Reinforcement Learning has been success-
fully applied to a wide range of task scheduling problems [32–34]. 
These span from classical challenges, such as Job Shop Schedule (JSS) 
[35,36] and Parallel Machine Scheduling (PMS) [37], to HPC clusters 
and a variety of heterogeneous systems [38–40]. However, tasks are 
typically not moldable in these works, as their resource requirements 
are predefined, and the system is not reconfigurable (at least, not 
in the way MIG is). Moreover, these approaches are not formulated 
as partitioning problems, as they do not have strict conditions such 
as contiguity of resources in MIG instances. Our proposal models 
these key features to leverage the full potential of MIG, discussing 
related approaches and challenges that can be extrapolated to similar 
environments.

Dynamic reconfiguration and partitioning. In the field of FPGAs, 
many works have explored Dynamic Partial Reconfiguration (DPR) [41], 
similar to MIG in terms of partitioning into isolated hardware regions 
with dynamic reconfiguration. DPR has been optimized with methods 
like those discussed for MIG [42,43], under the simplifications and lim-
itations discussed above. Moreover, DRL has recently been successfully 
applied in domains with similar characteristics, such as cache partition-
ing [44,45] or adaptive network reconfiguration [46], which suggests 
suitability for our proposal.

Future Generation Computer Systems 176 (2026) 108145 

3 



J. Villarrubia et al.

Fig. 3. Evolution of offline and online approaches with the execution or arrival 
of some tasks, for a batch limited to 𝑁 tasks in both cases.

3.  Problem Statement

In multi-device environments, incoming tasks are typically routed to 
one of the devices, creating queues of pending tasks on each. Although 
task distribution has been extensively explored [39,47,48], we focus on 
optimizing the scheduling of pending tasks on a MIG-capable GPU. As 
previously mentioned, we attempt to improve existing methods by holis-
tically considering the dimensions of the problem. It can be approached 
in the following two ways, illustrated by an example in Fig. 3:

• Offline multi-batch: Pending tasks are organized by arrival order 
into batches, typically of limited size 𝑁 , that the scheduler treats 
offline and sequentially1. It fully schedules each batch before pro-
cessing the next one. Any task arriving during batch scheduling is 
part of a future batch.

• Online: The scheduler manages a dynamic batch of tasks, adapting 
its decisions to changes in the batch. Incoming tasks are included in 
the batch and are considered for next decisions. Schedulers that need 
a fixed batch size or cannot handle a large one can take as a batch 
the first 𝑁 tasks of the pending queue (see Fig. 3). If a task moves 
from batch to execution, it is replaced by the next in the queue.

The offline approach is simpler and inherently prevents task starva-
tion, regardless of the scheduling policy. In contrast, the online approach 
can find better co-executions between new tasks added to the batch and 
those that were not previously executed. However, it is more complex 
due to its stochastic nature. This work considers both methods, as DRL 
can develop robust policies for stochastic environments like the online 
approach, despite requiring much more training.
Input. Several papers have presented efficient and very accurate pre-
dictors for the execution times of various types of tasks at MIG instance 
sizes (errors up to 2%) [8,9,25]. They have used them in their sched-
ulers without introducing significant errors. In addition, the duration 
of reconfiguration operations was found to be stable between runs for 
each instance size on a GPU (see values in Table 1). Thus, the scheduler 
employs a time function 𝑡𝑖 for each task 𝑇𝑖, and the functions 𝑡create and 
𝑡destroy with the duration of creating and destroying an instance (times 
in Table 1), depending on the instance size:2

𝑡𝑖, 𝑡create, 𝑡destroy ∶ 𝑆𝐺 → ℝ+ ∪ {∞},

1 While resources are busy, many tasks can be accumulated, especially with 
the high demand of cloud and data-centers. However, if there are not so many 
tasks, but free resources, a smaller batch or an online approach may be used.
2 Often, a task cannot run on an instance due to lack of resources (usually 

memory). Its duration is set to infinite to avoid choosing that instance size.

where 𝐺 is the GPU on which to run tasks and 𝑆𝐺 is its set of possi-
ble MIG instance sizes for that GPU (e.g., 𝑆𝐴30 = {1, 2, 4} and 𝑆𝐴100 =
{1, 2, 3, 4, 7}; see Fig. 1).
Output decisions. The scheduler decides the next action based on the 
current batch of tasks: either reconfiguring the GPU or assigning a task 
to a free instance of the current configuration. In the offline approach, 
decisions are made only when a GPU instance is released, as no new 
tasks are considered in the meantime. In the online approach, the sched-
uler also makes decisions when a new task joins the batch if there are 
available resources in the GPU.
Goal. The problem can be oriented to optimize different metrics, but 
RL allows to easily adapt the objective by redesigning the rewards. We 
will minimize makespan, i.e., the time required to complete a sequence 
of tasks, which is the most common metric in the literature [49,50] and 
is linked to better joint resource utilization (our main motivation). It is 
especially relevant when tasks are frequently accumulated in batches, 
which is precisely the challenging case that presents room for improve-
ment, rather than arriving sporadically.

4.  Reinforcement Learning modeling

In this section, we present the DRL agent modeling for the MIG 
scheduling problem, whose high-level diagram is illustrated in Fig. 4. 
The environment comprises the GPU—characterized by its current MIG 
configuration and the tasks running on each instance (“GPU state” in 
the diagram)—together with the “scheduler’s batch” of the task queue 
(introduced in the previous section). By applying time discretization and 
canonical encoding (which will be developed in detail in Section 4.1), 
those components are transformed into the state representation pro-
cessed by the model: the tuple (GPU𝑡, Batch𝑡

) that will be specified in 
Section 4.1.

The model is a MLP neural network trained to approximate the 
agent’s policy: it accepts (GPU𝑡, Batch𝑡

) as input and outputs a prob-
ability distribution over the actions that will be designed in Section 4.2 
(red nodes of Fig. 4 whose darkness indicates the probability). As we 
will explain in that section, many of the actions are infeasible in some 
states, and the action masking technique will be used to assign a zero 
probability to invalid ones; this is shown on the right of Fig. 4, with 
all nodes turning white (probability 0), except for the only valid action, 
which turns into a black node (probability 1). Finally, the scheduler se-
lects and executes an action (in Fig. 4, the Advance action, which will 
be explained in Section 4.2); and receives a reward according to the 
function that will be presented in Section 4.3 (-2 in this example).

4.1.  State definition

To enable informed decisions, the DRL agent must jointly consider 
the current status of the GPU with the profile of the tasks in the batch. 
Formally, the state at timestep 𝑡 is
State𝑡 =

(

GPU𝑡, Batch𝑡
)

, where:

• The GPU state (GPU𝑡) captures the current MIG configuration and 
resource availability:
GPU𝑡 =

(

Conf𝑡, 𝑆 𝑡
1.time … , 𝑆 𝑡

𝐾 .time
)

,

where Conf𝑡 denotes3 the current MIG configuration, 𝑆𝑡
𝑖 .time the re-

maining time until slice 𝑆𝑖 is available (0 if idle), and 𝐾 the amount 
of GPU slices (e.g., 𝐾 = 7 for A100, or 𝐾 = 4 for A30).

• The batch state (Batch𝑡) represents the execution times of the candi-
date tasks for MIG instance sizes at timestep 𝑡:
Batch𝑡 =

(

𝑡1, 𝑡2,… , ⃗𝑡𝑁
)

,

3 The superscript notation 𝑡 should not be confused with exponentiation; it will 
indicate correspondence with timestep 𝑡 when the subscript is already used.
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Fig. 4. High-level schematic of the DRL-based MIG scheduler.

where 𝑡𝑖 =
(

𝑡𝑖(1), 𝑡𝑖(2),… , 𝑡𝑖
(

max𝑆𝐺
))

∈ ℝ#𝑆𝐺  is the execution time 
vector for the 𝑖th task of the batch, formed by its run-times 𝑡𝑖(𝑠) on 
each instance size 𝑠 ∈ 𝑆𝐺, arranged in increasing order of size.

Fixed dimensionality. For compatibility with neural networks 
commonly used in DRL, both components (GPU𝑡 and Batch𝑡) are 
fixed-dimensional. The slice availability vector of the GPU state has 
length 𝐾, fixed per GPU architecture. Moreover, the batch state is 
padded with zeros to an amount of 𝑁 tasks: if 𝐴 tasks are available, 
𝑡𝑖 = 0⃗ for 𝐴 < 𝑖 ≤ 𝑁 . Tasks exceeding 𝑁 are deferred to subsequent 
batches (offline) or to a dynamic pending queue (online). A larger 𝑁
provides a richer set of scheduling options, but it also enlarges the 
state space, which can slow down the learning process. Conversely, a 
smaller 𝑁 simplifies the state space at the risk of excluding valuable 
scheduling information. 𝑁 will be selected based on an empirical 
trade-off between learning efficiency and scheduling quality.

Data types. Another key consideration is the choice of data types for 
the state representation. In the case of Conf𝑡, an integer indicating 
the current configuration is the simplest and most appropriate choice. 
However, for the components 𝑆𝑡

𝑖 .time and 𝑡𝑖(𝑠), the decision is less 
obvious: should these values be continuous real numbers or may they 
be discretized? Although DRL can handle continuous spaces, many 
previous works have relied on quantized inputs to simplify the agent’s 
learning process, particularly when representing time [16,51,52]. 
This introduces some approximation error, but may be necessary 
for our approach due to the huge number of combinations it faces. 
Quantization works well when high precision is not essential, as should 
be the case, since the times used are estimates with a slight error that 
in previous strategies did not practically affect the result [9,16]. In 
any case, both options (continuous and discretized task times) will be 
tested experimentally.

Canonical state representation. To facilitate agent learning, it is cru-
cial to unify the representation of equivalent states. This makes sense 
when task times have been discretized, as similar states are already col-
lapsed into equivalent states, except for reordering (in the continuous 
case, an exact state match is almost impossible). The batch used by the 
scheduler is inherently a set, so the order in which tasks appear should 
not affect scheduling decisions (e.g., (𝑡1, 𝑡2) is equivalent to (𝑡2, 𝑡1)). How-
ever, the neural network approximating the policy receives the input as 
a vector, where task ordering matters (hence, the use of tuple notation 
for Batch𝑡). For times quantized to 𝑀 possible values, each task is repre-
sented as a vector 𝑡𝑖=

(

𝑡𝑖(1),… , 𝑡𝑖
(

max𝑆𝐺
))

∈ℕ#𝑆𝐺
𝑀 , interpreted in base 

𝑀 to obtain an associated natural value Num(

𝑡𝑖
)

. These numbers allow 
sorting the tasks to obtain a canonical representation of the batch that 
simplifies the agent’s learning:

Batch𝑡 =
(

⃗𝑡𝑖1 ,… , ⃗𝑡𝑖𝑁
)

, with:

{𝑖1,… , 𝑖𝑁} = {1,… , 𝑁}, Num
(

𝑡𝑖𝑗
)

≥ Num
(

⃗𝑡𝑖𝑗+1
)

, ∀ 1 ≤ 𝑗 < 𝑁.

However, this representation is redundant and can be simplified by in-
cluding the number of available tasks of each class, rather than repeat-
edly listing their vectors. A task class is each of the discretized time 
vectors 𝑡𝑖𝑗 , so that two tasks with the same associated vector are of the 
same class. The total number of tasks represented remains capped to 𝑁
(i.e., the sum of the task counts does not exceed 𝑁), and prior aspects 
such as sorting or padding with zeros still apply:

Batch𝑡 =
((

𝑢𝑖1 , 𝑛
𝑡
𝑖1

)

,… ,
(

⃗𝑢𝑖𝑁 , 𝑛𝑡𝑖𝑁

))

, with:
𝑈 = {𝑢𝑖1 ,… , ⃗𝑢𝑖𝑁 } = {𝑡1,… , ⃗𝑡𝑁}, (Same unique tasks)
𝑛𝑡𝑖𝑗 = #{𝑖 ∶ 𝑡𝑖 = 𝑢𝑖𝑗 }, (Counts of tasks)
Num

(

𝑢𝑖𝑗
)

> Num
(

⃗𝑢𝑖𝑗+1
)

, 1 ≤ 𝑗 ≤ #𝑈, (Unique and sort)
𝑢𝑖𝑘 = 0⃗, 𝑛𝑡𝑖𝑘 = 0, #𝑈 < 𝑘 ≤ 𝑁. (Padding)

Useless configurations. As explained in Section 2.1, current MIG-
capable GPUs (except NVIDIA A30) offer three configurations with 
the instance {𝑆1, 𝑆2, 𝑆3} (labels 5, 6, and 7 in Fig. 1), where slice 𝑆4
is disabled by using its memory but not its computational resources. 
Except for marginal energy savings, these configurations are worse 
in every way than those that fully utilize 𝑆4 via {𝑆1, 𝑆2, 𝑆3, 𝑆4}. Our 
tests indicate that an instance of size 4 runs at least as fast as an 
instance of size 3, making size 4 preferable when size 3 disables four 
slices. Fig. 7 illustrates the speedup with respect to instance size for 
several benchmarks of the Rodinia and Altis suites, and in particular 
shows higher or equal speedup with 4 slices than with 3. This evidence 
supports eliminating the mentioned configurations (5, 6 and 7 of 
Fig. 1), thus reducing the solution space.

Equivalent configurations. Different configurations can be equivalent 
for scheduling, as they represent identical scenarios under instance re-
ordering. For example, configurations 2-1-1-3 and 1-1-2-3 (labels 11 and 
14 in Fig. 1) become the same when the instance order is changed from 
(𝐼1, 𝐼2, 𝐼3, 𝐼4) to (𝐼2, 𝐼3, 𝐼1, 𝐼4); that is, the slice basis is transformed to 
(𝑆3, 𝑆4, 𝑆1, 𝑆2, 𝑆5, 𝑆6, 𝑆7). Moreover, this base-change does not affect the 
scheduling possibilities, since every possible GPU configuration has a 
preimage in the original base (there is a bijection between their solu-
tion spaces). However, this property does not hold for all instance re-
orderings. For example, consider configurations 2-2-1-1-1 and 1-1-2-2-1 
(labels 10 and 15), which become the same by reordering its instances as 
(𝐼3, 𝐼4, 𝐼1, 𝐼2, 𝐼5), corresponding to a new base (𝑆3, 𝑆4, 𝑆5, 𝑆6, 𝑆1, 𝑆2, 𝑆7). 
In one configuration, merging instances of size 2 yields 4-1-1-1, while in 
the other, this merging is not permitted. This discrepancy is illustrated 
by reversing the change of base on the 4-1-1-1 configuration, which 
results in 1-1-4-1, that violates the MIG constraints (see Fig. 1). Accord-
ingly, the following formal definition is established:
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Fig. 5. Conversion between the real GPU state and the scheduler’s canonical 
state by changing basis with 𝜎 and 𝜎−1.

Definition 1. Let two configurations 𝐶 = (𝑐1,… , 𝑐𝐾 ) and 𝐶 ′ =
(𝑐′1,… , 𝑐′𝐾 ), where 𝑐𝑖 is the size of the instance to which the 𝑖th slice 
of 𝐶 belongs4. 𝐶 and 𝐶 ′ are equivalent if and only if:
1. Equals under reordering: There exists a permutation 𝜎 over 

{

1,… , 𝐾
} such that 𝑐𝜎(𝑖) = 𝑐′𝑖 , ∀ 1 ≤ 𝑖 ≤ 𝐾.

2. Same configurations: Each MIG valid configuration 𝐶 ′′=
(

𝑐′′1 ,… , 𝑐′′𝐾
)

has a preimage via 𝜎. That is, 
(

𝑐′′
𝜎−1(1)

,… , 𝑐′′
𝜎−1(𝐾)

)

 is also a valid MIG 
configuration5.

Equivalent configurations represent the same scheduling scenario in 
different bases, but each adds extra dimensionality to the state space. 
Thus, choosing a canonical representative for each equivalence class is 
beneficial; it inherently tells the scheduler that states differing only by 
order are equivalent, simplifying its learning. We select the canonical 
configuration as the one with the highest lexicographical value; for ex-
ample, partition 2-1-1-3 is greater than 1-1-2-3 since its first element (2) 
exceeds that of the other (1). This canonical form is used by the sched-
uler even if the GPU is actually partitioned in another equivalent way. 
For example, if the GPU is configured as 1-1-1-1-3, and the third and 
fourth instances just finish, the device can be immediately reconfigured 
to 1-1-2-3, but the state handled by the scheduler will be in the canon-
ical form 2-1-1-3. This is shown in Fig. 5, performing the conversion 
from the real state to the canonical one with the permutation 𝜎 between 
them:

GPU𝑡 =
(

Canon(Conf𝑡), 𝑆 𝑡
𝜎(1).time,… , 𝑆 𝑡

𝜎(𝐾).time
)

.

The scheduler makes decisions in the canonical configuration, and its 
decisions are translated back to the real configuration with the inverse 
permutation 𝜎−1. This is illustrated in Fig. 5 by assigning a new task to 
the size 2 instance (first and second slices for the scheduler), which is 
translated by 𝜎−1 to the real instance of size 2 on the GPU (third and 
fourth real slices). For the NVIDIA A30, this method reduces one of the 
five possible partitions since the configurations 2-1-1 and 1-1-2 (labels 
3 and 4 in Fig. 1) are equivalent. For other GPUs (A100, H100, B100, 
and B200), the number of partitions is reduced from sixteen to thirteen 
since the following pairs are equivalent: 2-1-1-3 vs. 1-1-2-3 (labels 11 
and 14), 2-1-1-2-1 vs. 1-1-2-2-1 (labels 12 and 15), and 2-1-1-1-1-1 vs. 
1-1-2-1-1-1 (labels 13 and 16).

Space cardinality. The real number of states that the problem may pose 
is difficult to estimate, since it depends heavily on the workload type. 
In the continuous representation, it is potentially infinite, and with dis-
cretization it is huge but many representable states never occur. For 

4 For clarity, the configurations are represented in the text with a compact 
notation, listing the size of each instance in order (e.g., 4-1-1-1). However, for 
this formal definition, it is preferable to list the instance size of each slice (e.g., 
(𝑐1, 𝑐2, 𝑐3, 𝑐4, 𝑐5, 𝑐6, 𝑐7) = (4, 4, 4, 4, 1, 1, 1)).
5 The injectivity is trivially inherited from the injectivity of 𝜎. Thus, only 

suprayectivity is required for MIG configurations in point 2.

example, Fig. 7 shows that instance-size relative speedups do not decay 
as slices increase, ensuring that non-decreasing time workloads do not 
happen (i.e., 𝑡𝑖(𝑠) ≥ 𝑡𝑖(𝑠′) for 𝑠 < 𝑠′ ∈ 𝑆𝐺). Although calculating the state 
space after excluding non-decreasing tasks would still overestimate real-
ity, it illustrates the enormous potential combinations — a key motiva-
tion for earlier optimizations. Omitting tedious details, the state space’s 
cardinality for NVIDIA A100 is given by ∑𝑁

𝑖=1 𝐶
(

𝐶(𝑀+4, 5), 𝑖
)

⋅ 7𝑀6, 
where 𝐶(𝑛, 𝑘) is the combinatorial notation, 𝑁 is the number of tasks 
in the batch, and 𝑀 is the number of discretization levels. With just 
𝑁 = 7 and 𝑀 = 7 there are ∼1017 possibilities. In practice, only a small 
fraction of these states occur, and even fewer are frequent enough to be 
truly relevant. Moreover, modern learning algorithms do not require ex-
haustive exploration of the state space to find patterns that offer robust 
performance.

Clearly, the complexity of the state space grows with the number of 
configurations. However, as discussed, there is neither the need nor the 
opportunity to exhaustively explore a vast number of states to discover 
effective policies when using modern guided methods such as DRL. Fur-
thermore, in the short to medium term it is unlikely that GPUs will sup-
port many more configurations, since the current partitioning already 
provides more than enough flexibility for co-executing various applica-
tions. In fact, the last three NVIDIA generations (Ampere, Hopper, and 
Blackwell) have maintained the same MIG scheme, as shows the long 
list of GPU models in Fig. 1. So far, GPUs has been scaled by increasing 
the resources per slice (more SMs and memory), instead of adding more 
slices. Also, our proposal could be realized in any subset of configura-
tions.

4.2.  Action definition

Possible actions consist of reconfiguring the GPU or executing batch 
tasks on an instance of the current configuration (in the online approach, 
the next pending task is added to the batch if available). Actions can 
only be performed when at least one instance in the current configu-
ration is free (that is, ∃ 1 ≤ 𝑖 ≤ 𝐾 | 𝑆𝑡

𝑖 .𝑡𝑖𝑚𝑒 = 0): reconfiguration or the 
execution of a new task is impossible when all instances are occupied. 
This constraint defines the decision timesteps for the RL agent. To model 
these timesteps, we include an additional action Advance, which moves 
the GPU time forward until the next instance becomes free. Notably, 
the Advance action may be taken consecutively or even when some in-
stances are available, allowing the model to maintain idle slices until 
enough tasks accumulate to merge them into a larger instance (one of 
the motivating aspects over previous proposals in Section 2.2). Thus, for 
each state, the model performs one of these actions, modifying the state 
as detailed formally below:

Advance
Precondition: It is available if the GPU is not completely idle, meaning 
that not all slices have a remaining time of zero (i.e., 𝑆𝑡

𝑖 .time ≠ 0 for 
some 1 ≤ 𝑖 ≤ 𝐾).

Result: This action advances the decision time until the next instance 
completes:

𝑆𝑡+1
𝑖 .time ∶= 𝑆𝑡

𝑖 .time − next_time, ∀ 1 ≤ 𝑖 ≤ 𝐾,

where next_time = min
{

𝑆𝑡
𝑖 .time ∶ 𝑆𝑡

𝑖 .time > 0, 1 ≤ 𝑖 ≤ 𝐾
}

. This action 
is equivalent to wait for the shortest remaining task completion event. 
Reconfiguration to C
Precondition: The slices to be modified from the current scheduler con-
figuration Canon(Conf𝑡) = (𝑐𝑡1,… , 𝑐𝑡𝐾 ) to the target configuration 𝐶 =
(𝑐1,… , 𝑐𝐾 ) must be free (i.e., their remaining times must be 0):

𝑆𝑡
𝑖 .𝑡𝑖𝑚𝑒 = 0, ∀ 1 ≤ 𝑖 ≤ 𝐾 such that 𝑐𝑡𝑖 ≠ 𝑐𝑖.
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Fig. 6. Scheduler’s state and its evolution after 2 actions. It graphically illustrates the GPU (GPU𝑡), the batch (Batch𝑡) and a list of possible actions.

For example,6 to change 4-3 (4-4-4-4-3-3-3) to 4-2-1 (4-4-4-4-2-2-1), 
we ensure the last three slices are free to remove the size 3 instance and 
create size 2 and 1 instances. Two or more consecutive reconfiguration 
actions do not make sense, since the model could transition directly to 
the last configuration at a lower cost.
Result: Instances that are in Canon(Conf𝑡) and not in 𝐶 are destroyed, and 
instances that are in 𝐶 and not in Canon(Conf𝑡) are created (applying 𝜎−1𝑡
to go from the representations to the real GPU instances). The remaining 
time for reconfigured slices is increased by the time required to destroy 
the previous instance and create the new one:
𝑆𝑡+1
𝑖 .time += 𝑡destroy(𝑐𝑡𝑖 ) if 𝑐𝑡𝑖 ≠ 𝑐𝑖, 1 ≤ 𝑖 ≤ 𝐾,

𝑆𝑡+1
𝑖 .time += 𝑡create(𝑐𝑖) if 𝑐𝑡𝑖 ≠ 𝑐𝑖, 1 ≤ 𝑖 ≤ 𝐾.

The next configuration is set to 𝐶, i.e., Conf𝑡+1 ∶= 𝐶, computing the new 
canonical configuration Canon(Conf𝑡+1) and updating the permutation 
𝜎𝑡+1. 

Execute task t⃗𝒊𝒋  on instance 𝐼𝑚
Precondition: The task does not belong to the padding, i.e., 1≤𝑗≤𝑁 and 
𝑡𝑖𝑗 ≠ 0⃗. Moreover, the instance 𝐼𝑚 must be one of the available instances 
in the current configuration; specifically, the canonical configuration 
Canon(Conf𝑡) must contain at least 𝑚 instances such that each slice 𝑆 ∈
𝐼𝑚 is free: 𝑆.time = 0 ∀𝑆 ∈ 𝐼𝑚.

Result: The counter 𝑛𝑖𝑗  is decremented, removing the task from the batch 
if it reaches zero (last task with those times):
𝑛𝑡+1𝑖𝑗

∶= 𝑛𝑡𝑖𝑗 − 1, removing (𝑢𝑖𝑗 , 𝑛𝑡+1𝑖𝑗
) if 𝑛𝑡+1𝑖𝑗

= 0.

If the task 𝑢𝑖𝑗  has been removed, the canonical form of 𝐵𝑎𝑡𝑐ℎ𝑡+1 is recal-
culated. Task 𝑇𝑖𝑗  begins execution on the GPU instance 𝐼𝑚 (using 𝜎−1𝑡  to 
identify the real instance on the GPU). The state is updated by adding 
the task’s duration on that instance size to the remaining time of its 
slices:

𝑆𝑡+1
𝑖 .time += 𝑡𝑖𝑗 (#𝐼𝑙), ∀𝑆𝑖 ∈ 𝐼𝑙 .

Each action can be mapped to a different integer that uniquely iden-
tifies the action to be executed. In particular, the number 0 is the Ad-
vance action; the following consecutive integers correspond to each of 
the possible reconfigurations; and the subsequent integers are assigned 
to the execution of each task in every possible instance. Given that there 
are up to 𝑁 tasks in the batch (maybe there is no padding) and up to 𝐾
instances in the current configuration (configuration with all instances 
of size 1), there are up to 𝑁 ⋅𝐾 possible task execution actions. Thus, 

6 For clarity, indices from 1 to 𝐾 are in the scheduler’s reference system. This 
means that 𝑆1 may not be the actual GPU first slice but rather to 𝑆𝜎−1

𝑡 (1).

the total number of possible actions is:

#Actions = 1 + #Configurations +𝑁 ⋅𝐾.

For current GPUs, this gives 5 + 4𝑁 possible actions on NVIDIA A30 
and 14 + 7𝑁 actions on all other GPU models (with configuration re-
ductions made). However, it should be noted that many actions can-
not be executed in every state due to the preconditions mentioned
above.

Fig. 6 presents an example of the scheduler state, and its evolution 
with two actions, as visualized by the graphical tool provided [22]. Al-
though the initial batch contains 𝑁=14 tasks, many have already been 
processed using the offline approach until timestep 𝑡, leaving only 5 
tasks of two classes (1 task of class 𝐶1 and 4 tasks of class 𝐶2). At timestep 
𝑡, only 3 of the 14 + 7 ⋅ 14 = 112 total actions are available: Advance and 
insert each class of task into the free instance. Many actions are for-
bidden because the batch is not full, there are up to 4 repeated tasks of 
class 𝐶2, and no reconfigurations are available with the entire GPU used 
except for one instance. Similarly, only Advance is possible at timestep 
𝑡 + 1, after a task is placed on the free instance. Finally, at timestep 𝑡 + 2, 
the first instance is freed, and 2 more possible actions arise: execute the 
class of task left on it, or reconfigure the GPU by splitting that instance 
(2-1-1-3 to 1-1-1-1-3). In summary, the figure illustrates that normally 
very few of the represented actions will be feasible.

An option to limit the action space in each state is to heavily penalize 
infeasible actions so that the RL agent learns to avoid them. However, 
given the vast state space, this approach may require extensive training 
without guaranteeing that an impossible action will never be chosen. 
Although a decision could be made using only the probabilities of fea-
sible actions, incorporating the probabilities of infeasible actions into 
model training distorts the process. To address this issue, we make the 
model aware of feasible actions in each state by employing the action 
mask technique [53,54]. As shown in prior work [53], this technique 
outperformed penalty-based methods by achieving early convergence—
within the first 10% of timesteps in some cases—while penalties failed 
to prevent prohibited actions even after full training. Our tests revealed 
the same: after hundreds of millions of timesteps providing stable con-
vergence on action-masked results (Section 6), penalties still allowed
forbidden actions, resulting in extremely poor average rewards and 
learning issues. Some RL training algorithms such as PPO are already 
implemented with these masks in popular frameworks such as Stable-
Baselines37, and others can be easily adapted using the guidelines pro-
vided in the literature.

7 https://sb3-contrib.readthedocs.io/en/master/modules/ppo_mask.html
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4.3.  Reward design

Although, in theory, the number of timesteps can be infinite, in prac-
tice, training is conducted in successive epochs with a finite number 
of steps. The most popular frameworks model this process as episodes, 
where a stopping condition eventually signals the end. The objective 
of the RL model is to learn a policy 𝜋 that maximizes the cumulative 
time-discounted reward over the episode: max𝜋 𝔼

[

∑𝑇
𝑡=0 𝛾

𝑡𝑟𝑡 ∣ 𝜋
]

, where 
𝛾 ∈ (0, 1] is the discount factor, 𝑟𝑡 is the reward for the action of step 
𝑡, and 𝑇  is the episode duration. Setting 𝛾 = 1 and defining the reward 
of each action as the time spent with it, the final reward corresponds 
to the completion time of the last task (makespan) if the episode con-
cludes after placing all tasks and spending time until there are no tasks 
left executing. Thus, the stopping condition of an episode is given by: 
𝑆𝑇
𝑖 .𝑡𝑖𝑚𝑒 = 0 for all 1 ≤ 𝑖 ≤ 𝐾 and Batch𝑇 =

(

0⃗,… , 0⃗
)

. The only action 
that allows time to progress is Advance, which is rewarded with a neg-
ative time value so that the maximization objective ultimately becomes 
makespan minimization:

𝑟𝑡 =

{

−next_time𝑡 if 𝑎𝑡 = Advance,
0 otherwise,

with next_time𝑡 = min
{

𝑆𝑡
𝑖 .time ∶ 𝑆𝑡

𝑖 .time > 0, 1 ≤ 𝑖 ≤ 𝐾
}

. Note that the 
Advance action is the only available option when all GPU slices are 
occupied or were reconfigured in the previous step. This ensures that 
episodes cannot be infinite or absurdly long, a situation that could arise 
from consecutive reconfigurations of reward 0, but such actions are ex-
plicitly disallowed.

5.  Experimental setup

5.1.  Workload datasets

To thoroughly evaluate the proposal, we use real workloads from 
the Rodinia [23] and Altis [24] benchmark suites, and synthetic task 
times generated on demand. In our case, synthetic times are essential 
for training because one of the key aspects is to have a large amount 
of different input data to train the models. In addition, they allow us to 
explore particularly illustrative or extreme scenarios that help to refine 
it, while facilitating a more complete and varied validation in a wider 
range of situations. Although RL modeling is general and serves for all 
current and future MIG capable GPUs, all evaluation experiments will 
be carried out on a NVIDIA A100, whose partitioning scheme is the 
most complex and challenging at present (more than NVIDIA A30, and 
equivalent to more modern GPUs).

5.1.1.  Real benchmark tasks
We aim to include applications with diverse computational and 

memory access patterns. Generally, we have used benchmarks with their 
default input, but in some cases the input size has been adjusted (either 
increasing or decreasing their input sizes) to create more diverse work-
loads. Overall, we have utilized 18 real tasks based on state-of-the-art 
benchmarks. Fig. 7 shows the speedups observed on NVIDIA A100 as a 
function of the MIG instance size (relative to a single slice) for 14 se-
lected benchmarks8. Some of these tasks scale marginally from 2 slices 
(e.g., Backprop), others exhibit scalability up to a certain instance size 
before reaching a performance plateau (e.g., Gaussian up to 4 slices), 
and others scale efficiently across all GPU slices (e.g., SRAD). There are 
also tasks that superscale, since they are memory bound, and increas-
ing the available memory with more slices improves their performance 
above linear (e.g. Raytracing). The duration of the tasks is also varied, 
with some like Myocyte lasting less than a second, while others like Ray-
tracing take minutes.

8 The 4 benchmarks not shown exhibit considerable overlap with some of the 
displayed ones, and their inclusion would not add further information.

Fig. 7. MIG speedup of selected Rodinia and Altis kernels on NVIDIA A100.

These workloads will be used for testing, as a tool to validate the 
real applicability of the model, without using them in training. The au-
tomatic generation of synthetic workloads for training will be inspired 
by the behaviors exhibited by benchmarks (poor scaling, scaling up to 
a certain instance size or superscaling), but with some randomness to 
avoid sticking exclusively to that particular data, guaranteeing a richer 
exploration. From the 18 available benchmarks, we generate 100 differ-
ent random test subsets containing at least 𝑁 tasks and another 100 
random different test subsets with less than 𝑁 tasks. This allows us 
to evaluate not only the joint scheduling of all tasks but also different 
groupings, including scenarios where the number of tasks is insufficient 
to fill a batch. Additionally, for each subset, we consider five different 
permutations to assess the impact of task arrival order in both offline 
and online scheduling approaches.

We provide a MIG scheduling tool [22] that determines the sequence 
of actions to execute on a set of tasks by querying a pre-trained RL agent, 
and then performs those actions on the GPU. To achieve this, the tool 
waits for the required slices to be idle before executing any action, us-
ing synchronization mechanisms; task execution or reconfiguration re-
serves the involved slices exclusively and releases them upon comple-
tion, thereby blocking subsequent actions that require the same slices. 
The process is easily and faithfully simulated due to the predictability 
of the times resulting from the isolation of the instances, and the inher-
ent determinism of MIG. In fact, the agent performs internal simulations 
during training based on the state transitions described in Section 4.2, 
where the progression of time with the 𝐴𝑑𝑣𝑎𝑛𝑐𝑒 action corresponds to 
the next resource release event. It is important to check that the sim-
ulation is faithful to reality as expected, so Table 3 compares the end 
times of a set of benchmarks co-executed with MIG on an NVIDIA A100 
against the simulated results, along with the corresponding percentage 
deviations. As illustrated, the deviations are minimal, which supports 
the simulation’s accuracy. We will use the simulation to evaluate the 
proposal over a large number of workloads, in particular over synthetic 
times, which will facilitate model debugging and refinement.

5.1.2.  Task time generator
The synthetic generator was introduced in our previous work [2]. 

However, to ensure this paper is self-contained and easier to follow, we 
revisit its fundamental concepts. Synthetic times aim to replicate the 
behavior observed in real workloads (Fig. 7), where task performance 
scales efficiently (linearly or superlinearly) up to a certain instance size, 
beyond which improvements become negligible. In some cases, this crit-
ical instance size corresponds to the full GPU, so the task scales effec-
tively across all resources. The generator takes as inputs:

• The number of tasks 𝑛 to generate.
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Table 3 
Comparison of simulated vs. real end execution times, in a 
batch of 9 Rodinia kernels scheduled by the RL agent on 
NVIDIA A100.

 End time (s)
 Kernel  Sim.  Real  Diff. (%)
 PathFinder  3.45  3.53  2.27
 LavaMD  7.34  7.29 −0.69
 Huffman  7.81  7.89  1.01
 NW  8.63  8.71  0.92
 PathFinder  8.64  8.65  0.12
 LU  8.66  8.65 −0.12
 HotSpot  8.73  8.70 −0.34
 HeartWall  9.07  9.11  0.44
 Gaussian  11.01  11.22  1.87

Fig. 8. Synthetic speedups for 𝑛=10 tasks in NVIDIA A100 MIG scheme, using 
𝑝1=𝑝2=10%, 𝑝3=20%, 𝑝4=𝑝7=30% and 𝑝sup=50%.

• The percentage 𝑝𝑠 of tasks that scale well up for each instance size 
𝑠 ∈ 𝑆𝐺: near-linear speedup for 𝑠′ ≤ 𝑠 and sub-linear speedup for 𝑠′ >
𝑠.

• The percentage 𝑝sup of tasks that initially exhibit super-linear 
speedup when transitioning from 1 to 2 slices, as commonly observed 
in memory-bound workloads.

Furthermore, at each transition to a larger instance size, there is a 0.3 
probability that the task ceases to be memory-bound, thus no longer ex-
hibiting superscaling behavior. For each task, a duration for an instance 
with one slice, denoted as 𝑡𝑖(1), is generated using a uniform distribution 
𝑈 (𝑡min, 𝑡max), where 𝑡min and 𝑡max are configurable parameters. Then, the 
time for an additional slice, 𝑡𝑖(𝑠 + 1), is generated based on the previous 
value 𝑡𝑖(𝑠) according to the type of speedup between them:

𝑡𝑖(𝑠 + 1) = 𝑠 + 𝑟
𝑠 + 1

⋅ 𝑡𝑖(𝑠), with 𝑟 taken random as 

𝑟 ∈

⎧

⎪

⎨

⎪

⎩

𝑁(−0.25, 0.25)[−0.5,0] if super-linear speedup,
𝑁(0.1, 0.1)[0,0.2] if near-linear speedup,
𝑁(0.75, 0.25)[0.5,1] if sub-linear speedup,

where 𝑁(𝜇, 𝜎)[𝑎,𝑏] is a normal distribution of mean 𝜇 and standard de-
viation 𝜎 clipped to [𝑎, 𝑏]. For 𝑟=0, the speedup is linear, while higher 
𝑟 values reduce improvement. It generates 𝑟<0 for super-linear, 𝑟≈0
for near-linear, and 𝑟>0 for sub-linear speedup. Values are clipped to 
ensure the desired speedup type (e.g., no 𝑟>0 for super-linear cases).

This synthetic generation strategy of tasks allows replicating behav-
iors similar to those observed in benchmarks with some variability, 
while offering the flexibility to produce specific workloads if needed. 
Fig. 8 presents the speedups for a set of synthetically generated execu-
tion times, closely resembling the patterns observed in the benchmarks 
shown in Fig. 7.

5.1.3.  Synthetic workloads
Training is performed with task times obtained successively with the 

generator, according to the workload specification among those listed 

Fig. 9. Synthetic tasks of different workloads according to their scalability and 
duration with 1 slice.

below. For evaluation, the generator is used to create datasets covering 
varied and boundary cases. Specifically, 1000 datasets were created for 
each of the below workload types, with 𝑛 = 100 tasks per dataset:

• PoorScaling: Scale up to few slices (at most 2 slices). It is defined 
by (𝑝1, 𝑝2, 𝑝3, 𝑝4, 𝑝7)=(50, 50, 0, 0, 0)%, 𝑝sup=25% and (𝑡min, 𝑡max)=
(90, 100) seconds.

• GoodScaling: Scale to nearly all GPU slices. It is defined 
by (𝑝1, 𝑝2, 𝑝3, 𝑝4, 𝑝7)=(0, 0, 0, 50, 50)%, 𝑝sup=75% and (𝑡min, 𝑡max)=
(90, 100) seconds.

• MixScalingUniform: Varying scaling capabilities. It is defined 
by (𝑝1, 𝑝2, 𝑝3, 𝑝4, 𝑝7)=(20, 20, 20, 20, 20)%, 𝑝sup=50% and [𝑡min, 𝑡max]=
[90, 100] seconds.

• MixScalingExtreme: Varying scaling capabilities, polarized to 
scale very poorly or very well. It is defined by (𝑝1, 𝑝2, 𝑝3, 𝑝4, 𝑝7)=
(45, 5, 0, 5, 45)%, 𝑝sup=50% and (𝑡min, 𝑡max)=(90, 100) seconds.

• WideTimes: Times span a wide range [𝑡min, 𝑡max], with very 
short tasks scheduled alongside much longer ones. It is com-
bined with the most varied scalability configuration. It is defined 
by (𝑝1, 𝑝2, 𝑝3, 𝑝4, 𝑝7)=(20, 20, 20, 20, 20)%, 𝑝sup=50% and (𝑡min, 𝑡max)=
(1, 100) seconds.

Fig. 9 illustrates the distribution of 2 of the 1000 datasets gener-
ated for each workload, each containing 100 tasks. For the WideTimes, 
however, 30 of the 1000 datasets are shown, as these cover a broader 
range of options. Each task is positioned according to its scalability level, 
which is quantified as the average parallelization efficiency across dif-
ferent instance sizes. Formally, for a given task 𝑇𝑖, the scalability is de-
fined as:

scalability(𝑇𝑖) =
1

#𝑆𝐺 − 1
∑

𝑠∈𝑆𝐺⧵{1}

𝑡𝑖(1)
𝑠 ⋅ 𝑡𝑖(𝑠)

.

Furthermore, the intrinsic nature of each task is characterized by its du-
ration. To capture this in a single dimension, we consider the execution 
time for one slice, 𝑡𝑖(1), since the durations corresponding to larger in-
stance sizes are inherently reflected in the scalability measure. It can 
be observed a varied distribution of loads that effectively covers a wide 
spectrum of scalability levels: from 0.4 (i.e., just 40% average efficiency) 
to 1.4 (i.e., 140% average efficiency). The WideTimes workloads span 
a range of durations, while other specific loads are tailored for differ-
ent scaling scenarios (some of which are deliberately exaggerated) for 
debugging purposes in the scalability dimension, so they are generated 
within a narrower time range.

5.2.  Evaluation metrics

To evaluate the model, we compare it to other state-of-the-art ap-
proaches using a metric that implicitly returns a maximum distance to 
the optimal makespan. For that, we use a lower bound on the makespan 
for a set of 𝑛 tasks, computing a lower bound on the total area occupied 
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in a 2D representation such as Fig. 2 (horizontal axis is slices and verti-
cal is time), and evenly partitioning it among the 𝐾 slices on the GPU. 
Since the total area is at least the sum of the area occupied by tasks 
(𝐴task) and the area occupied by reconfigurations (𝐴reconfig.), we lower 
bound each term based on the subset 𝑆 of instance sizes used by tasks, 
minimizing for all possible subsets:

𝑙_𝑏𝑜𝑢𝑛𝑑 =
min

𝑆≠∅⊆𝑆𝐺

(

𝐿tasks(𝑆) + 𝐿reconfig.(𝑆)
)

𝐾

≤
𝐴tasks + 𝐴reconfig.

𝐾
≤

𝐴total
𝐾

≤ opt. makespan,

where 𝑆 is the subset of instance sizes used by the tasks in the batch. To 
calculate the task area bound, we add a lower bound on the area of each 
task, minimizing for the possible instance sizes 𝑠 ∈ 𝑆 the sum between 
the area occupied by it (𝑠 ⋅ 𝑡𝑖(𝑠)) and the area that necessarily remains 
idle (Idle(𝑠, 𝑆) ⋅ 𝑡𝑖(𝑠)):

𝐿tasks(𝑆) =
𝑛
∑

𝑖=1
min
𝑠∈𝑆

(

𝑠 ⋅ 𝑡𝑖(𝑠) + Idle(𝑠, 𝑆) ⋅ 𝑡𝑖(𝑠)
)

.

Idle(𝑠, 𝑆) calculates a number of slices that will necessarily be idle while 
a task executes on an instance of size 𝑠, where 𝑆 is the subset of sizes used 
by all tasks. To do this, for each possible configuration 𝐶 that includes 
an instance of size 𝑠, the instance sizes 𝑠′ that are necessarily unoccupied 
since they are not in 𝑆 are added together, making the minimum among 
all possible configurations:

Idle(𝑠, 𝑆) = min
𝑠∈𝐶 of MIG

∑

𝑠′∈𝐶, 𝑠′∉𝑆
𝑠′.

Finally, to compute a lower bound of the reconfiguration, 𝐿reconfig.(𝑆), 
we simply sum the area associated with the creation and destruction of 
each instance size used 𝑠 ∈ 𝑆 once:

𝐿reconfig.(𝑆) =
∑

𝑠∈𝑆
𝑠 ⋅

(

𝑡create(𝑠) + 𝑡destroy(𝑠)
)

.

We use this lower bound to calculate the ratio 𝑟opt of the makespan 
produced by the model, which serves as an overestimated bound of the 
deviation from the optimum:

𝑟opt =
scheduler’s makespan

𝑙_𝑏𝑜𝑢𝑛𝑑
.

Although the times may be discretized for the model observations, ob-
viously the makespan for the above metric is performed with the orig-
inal continuous times, so that the error derived from the discretization 
will be included in the ratio. The closer the ratio is to 1 the closer the 
scheduled makespan is to the optimum; for example, 𝑟opt = 1.2 means a 
difference of at most 20% relative to the optimal solution (possibly less). 
For clarity, we will report this percentage 𝑝opt, calculated as follows:

𝑝opt = (𝑟opt − 1) ⋅ 100

For the offline approach, the scheduler does not process other tasks from 
the dataset until all tasks in the batch have been planned, so we con-
sider each batch as a set of tasks to compute the metric. In this case, 
the dataset’s metric is obtained by averaging the metrics computed of 
its batches. In the online approach, after 𝑁 tasks scheduled (the batch 
size), the model has handled unscheduled tasks due to replacement (see 
Fig. 3). Computing the metric only with scheduled tasks, or with all han-
dled tasks, would be unfair. The most equitable would be to compare 
against the subset of 𝑁 handled tasks with the smallest lower bound, 
but this is computationally prohibitive due to the exponential number 
of possibilities. Instead, we will directly compare the makespan achieved 
by the online RL method with that of other approach 𝐴 on the same task 
set, reporting the results as percentage improvements:

𝑝𝐴online =
(

makespan of 𝐴
makespan of online RL agent − 1

)

⋅ 100

5.3.  Comparison baselines

The model will be compared against the following proposals:

• FAR: A heuristic-based approximation MIG scheduler presented in 
our previous work [2]. It works offline, so it will serve to compare 
the RL agent exclusively in that approach. According to our observa-
tions, its results are better than: previous state-of-the-art proposals, 
execution without using MIG, and MIG without taking advantage of 
dynamic reconfiguration.

• MISO: A state-of-the-art MIG scheduler [9] that prioritizes queued 
tasks in FIFO order, running each with the next possible configura-
tion that maximizes the cumulative speedup of running instances.

• FixBest: MIG without reconfiguration, meaning that a single parti-
tion is used for the entire dataset. Tasks are allocated to instances in 
FIFO order. An ideal scenario is assumed in which the chosen config-
uration is optimal for the dataset, i.e. the makespan is computed for 
all configurations, and the one with the lowest makespan is selected.

• NoMIG: Tasks are allocated to the entire GPU without MIG parti-
tioning and task co-execution.

6.  Evaluation and refinement

This section presents the evaluation of our proposal, where numer-
ous hyperparameters require fine-tuning. To demonstrate the impact of 
some hyperparameters, we include plots that depict the evolution of the 
𝑝opt metric during training. Additionally, we refer to the results summa-
rized in Table 4, which shows the 𝑝opt values after 200 million timesteps 
for various models and workloads. In this table, the rows correspond to 
the different workload types, while the columns compare the baselines 
with the various refined versions explained in this section. Since the 
𝑝opt metric is better suited to an offline approach, we adopt this method 
for our experiments until Section 6.6, where we will perform an online 
evaluation and compare its results with those of the offline approach.

6.1.  Model training strategy

For training the RL agent in the environment described in Section 4, 
we evaluated various frameworks, algorithms, and neural network ar-
chitectures. Naturally, the choice depends on preliminary tests before 
conducting longer training sessions with the selected setup. The set of 
training options had to be constrained due to the high cost of long train-
ing runs, especially with certain modeling decisions still open for exper-
imental validation, which act as hyperparameters (𝑁 , 𝑀 , offline vs on-
line approach, etc.). In particular, we adopt the offline approach for this 
study since the 𝑝opt metric is more accurate in that case, as explained 
above, and there is no reason to suspect that the approach is decisive in 
these validations.

Regarding frameworks, we tested StableBaselines3 [55] and RLlib 
[56], finding better performance with StableBaselines3. This is proba-
bly because RLlib is designed for distributed learning in clusters and 
typically requires multi-agent environments with quite large network 
architectures to be fully leveraged.

We evaluated two widely adopted DRL training algorithms, repre-
senting distinct paradigms: Deep Q-Learning (DQN) [57], which esti-
mates state-action values, and Proximal Policy Optimization PPO [58], 
which directly optimizes the policy by gradient descent, refining it 
through an actor-critical method with the value estimates. As Fig. 10 
shows, PPO surpasses DQN in convergence speed and final performance 
for GoodScaling workload, batch size 𝑁=14, discretization levels 
𝑀=14, and two different neural network architectures. That superior-
ity was reinforced through experiments with varying workload types, 
values of 𝑁 and 𝑀 , and network architectures. Consequently, we adopt 
PPO as the algorithm for all subsequent evaluations.

The framework’s default architecture is a multilayer perceptron 
(MLP) with two fully connected hidden layers of 64 neurons each (size 
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Fig. 10. Metric 𝑝opt with 4 algorithm-architecture pairs, according to the num-
ber of training timesteps, for GoodScaling datasets with 𝑁=14 and 𝑀=14.

64 × 64). We modified it to a 256 × 256 configuration, which obtains 
better evaluation metric values 𝑝opt within a reasonable training pe-
riod, as also shown in Fig. 10. Small-scale tests with alternative ar-
chitectures that scaled width and depth (such as 256 × 256 × 256 and 
512 × 512, among others) did not yield significant improvements and 
resulted in considerably longer training times. The final choice of archi-
tecture 256 × 256 will be further supported by the results obtained.

6.2.  Time discretization

Regarding the discretization of task durations handled by the sched-
uler, we conducted several experiments comparing the use of original 
continuous time values with uniformly discretized representations of 
varying granularity. Specifically, the maximum representable time was 
divided into 𝑀 evenly spaced levels, exploring different values of 𝑀 .

Fig. 11 illustrates the evolution of the 𝑝opt over 200 million training 
timesteps, comparing the agent’s performance when using continuous 
time values versus discretized representations with 𝑀 ∈ {7, 14, 21, 28}
levels. As mentioned above, 𝑝opt includes the discretization error, so it 
is considered in the comparison. It begins with at least 𝑀=7 levels since 
the GPU has that number of slices and it would be the minimum to repre-
sent the durations of a linear scaling task with different discrete times. 
The values of 𝑀 progress in multiples of 7, gradually increasing the 
number of levels per slice for discretization. It is noteworthy that, even 
with a relatively large amount of training, learning with the original 
continuous time values has not yet achieved the improvements in 𝑝opt
observed in the discretized versions with 𝑀=14 and 𝑀=21. This ob-
servation, which also occurred for other tests with different batch sizes 
𝑁 , leads us to adopt the discretization. Additionally, 𝑀=14 achieves 
a 𝑝opt value similar to 𝑀=21, but requires considerably fewer train-
ing timesteps and significantly less time (training is slower with higher 
𝑀 since the observation size, and consequently the number of neural 
network operations, depends on it). Therefore, we select 𝑀=14 for sub-
sequent evaluations.

It may be considered if the use of 𝑀=21 or even 𝑀=28 could be 
beneficial with substantially longer training. However, training must 
stop at some point (200 million timesteps was already considerable for 
us in this type of validation experiment), and at most 17% mean error 
versus the optimum seems difficult to be significantly improved. This 
choice for 𝑀 will also be validated by the results of our approach, which 
will meet one of our main objectives by outperforming the baselines.

6.3.  Batch size

Similarly, we search for an appropriate value for the hyperparam-
eter 𝑁 that defines the batch size. Given that a GPU with 7 slices can 
execute this number of tasks in parallel, we begin our experiments with 
𝑁=7 to ensure that the model processes information from all tasks that 
could potentially run concurrently. From there, we test at multiples of 7, 

Fig. 11. Comparison of learning with continuous or discretized time represen-
tation with different granularity for 𝑁=14 and GoodScaling workloads.

Fig. 12. Comparison of learning with different batch sizes 𝑁 , using 𝑀=14 and
GoodScaling workloads.

obtaining during training the 𝑝opt shown in Fig. 12, for GoodScaling
workloads and the 𝑀=14 value selected previously. It can be observed 
that the value to which 𝑁=7 converges after 200 training timesteps is 
inferior to that achieved with higher values of 𝑁 , suggesting that 7 tasks 
are not enough. Higher values (𝑁 ∈ {14, 21, 28}) converge to approx-
imately the same results, but require more iterations as 𝑁 increases, 
with each training time step being slower as more operations are re-
quired. Consequently, we choose 𝑁 = 14 since it converges to the same 
value as larger 𝑁 but significantly faster.

6.4.  Discrete time encoding

Based on the previous experiments, we decided to discretize the 
times for the representation, and we will now analyze two possible dis-
crete encodings for the state. The first approach consists of a One-Hot
encoding, i.e., a 𝑀-dimensional vector with all components fixed at 0, 
except the component corresponding to the assigned discretization level, 
which is set to 1. The alternative, which we call Float representation, 
directly uses the nearest quantized real value after dividing the time into 
M equally spaced levels. For example, discretizing the interval [0,1] with 
𝑀=4 would have levels 0.25, 0.5, 0.75 and 19, so a value of 0.6 would 
be quantized to the nearest level, 0.5, with One-Hot encoding (0, 1, 0, 
0) to indicate the second level, while its Float representation would 
simply be 0.510.

On the one hand, One-Hot is widely used for categorical variables 
in machine learning and is the default for discrete representations in 

9 Note that there is no level for 0, because the model would interpret an in-
stance as still free when assigning to it a task with duration 0. We reserve the 
value 0 to represent task completion and resource availability.
10 Tasks that are not executable on certain instance size due to lack of resources 
take infinite time, and are not quantized in Float, while are represented by an 
entire vector of −1 in One-Hot
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Table 4 
Average 𝑝𝑜𝑝𝑡 (%) with respect to the optimum for different real and synthetic workloads with 𝑀 = 14 and 𝑁 = 14 after 
200 million training timesteps.

 Baseline  RL agent version
 Workload  FAR  MISO  FixBest  NoMIG  One-Hot  Float  Entropy  Direct Reconfig
 Rodinia + Altis  22.71  26.72  75.37  101.52  89.53  89.36  70.22  21.39
 PoorScaling  18.49  19.21  19.21  173.58  15.19  12.64  12.65  12.65
 GoodScaling  18.68  20.39  23.38  25.17  17.41  14.68  14.94  14.89
 MixScalingUniform  21.95  27.17  94.27  140.11  86.24  85.49  68.47  20.03
 MixScalingExtreme  23.09  25.60  92.73  112.35  78.86  78.41  20.95  19.56
 WideTimes  21.66  27.23  87.81  129.00  87.96  86.54  70.73  20.38

Synthetic workloads are trained by generating times of such type, and after evaluated on its 1000 reference datasets. 
Training for Rodinia + Altis is conducted with WideTimes workloads (the most general and well distributed synthetic 
ones), and is evaluated on the 1000 fixed subsets of real benchmarks.

Fig. 13. Evolution of 𝑝opt during the training of the RL agent with Float version 
for workloads exhibiting the no-reconfiguration issue.

the Gymnasium modeling library we use; the idea is that decomposing 
the levels into different components of the neural network’s input can 
facilitate learning. However, the dimensionality of One-Hot encoding 
depends on 𝑀 , resulting in 𝑁 ⋅𝑀 ⋅𝐾 inputs for Batch𝑡 to represent the 
𝐾 time instances of 𝑁 entries in the batch, while the Float representa-
tion only requires 𝑁 ⋅𝐾 inputs. This dimensionality increase leads to a 
larger initial layer, thereby requiring more computations, slowing down 
training, and potentially extending convergence times. In cases where 
𝑀 is large, this can be counterproductive. To determine the best op-
tion for our scenario, we trained the agent using both methods for 200 
million timesteps with previously selected values of 𝑁 and 𝑀 , and com-
puted the 𝑝opt metric for the different workloads. The results, shown in 
the One-Hot and Float columns of Table 4, reveal that the Float
representation performed slightly better than One-Hot in all cases. In 
addition, each training timestep is faster with Float. Consequently, we 
adopt the Float representation hereafter.

6.5.  Problem of non-reconfiguration

From the results for the One-Hot and Float versions, it is strik-
ing that the results for the Rodinia + Altis workloads, as well as 
for MixScalingUniform, MixScalingExtreme, and WideTimes, are 
considerably poor, yielding 𝑝opt values exceeding 80% relative to the 
optimum (highlighted in red in Table 4). However, in those cases, the 
baselines reach a little more than 20% error. On the other hand, for 
the PoorScaling and GoodScaling workloads, the RL versions obtain 
highly competitive 𝑝opt values, below the 20% distance to the optimum, 
outperforming the baselines.

The key difference between the mentioned workloads lies in the di-
versity of the scaling capacities of the tasks: whereas all PoorScal-
ing tasks can only efficiently use a few slices, and all GoodScaling
tasks can efficiently use many slices, the other workloads include a mix 

(some tasks scale well, while others do not). In these mixed scenarios, 
dynamic reconfiguration is critical, as different co-execution schemes 
will be required for tasks with such varied scaling characteristics. Con-
versely, when all tasks exhibit poor scaling (PoorScaling), employing 
the fixed configuration 1-1-1-1-1-1-1 typically yields the best results, 
while for workloads in which all tasks scale well (GoodScaling), using 
fixed configurations like 7 or 4-3 tends to be highly effective. Look-
ing at concrete examples of problematic workloads, we found that the 
model tended to perform too few reconfiguration actions. Counting the 
number of reconfiguration actions taken during training revealed that 
these actions were hardly explored. Moreover, the learning curves in 
Fig. 13 demonstrated a very rapid convergence to what is probably a 
considerably suboptimal local minimum, from which the model could 
not escape.

6.5.1.  Improvement 1: promote training exploration
As a result of discovering premature convergence and the agent’s 

inability to escape local minima, we decided to significantly favor ex-
ploration over exploitation, during a considerable portion of the training 
timesteps. RL algorithms offer tunable hyperparameters to manage this 
balance; in the PPO algorithm, the entropy coefficient plays a key role 
by promoting model randomness and, consequently, exploration. By de-
fault, the coefficient was set to 0 (meaning no entropy influence), and 
by increasing it to 0.01 we substantially enhanced exploration without 
causing excessive randomness that would lead the model to unlearn (an 
issue observed with higher entropy values). Since this parameter value 
enabled the model to escape local minima, we implemented a milestone-
based annealing: during the first quarter of the training timesteps the en-
tropy was maintained at 0.01, then reduced to 0.075 for the subsequent 
quarter, further decreased to 0.005 for the third quarter, and finally set 
to 0 for the last quarter.

As reflected in the Entropy column of Table 4, there is a remarkable 
improvement for MixScalingExtreme workloads: from 𝑝opt=77.2% of
Float, it pass to only 21.6%, surpassing the baselines (23.67% of FAR
and 26.11% of MISO). However, despite slight improvements, for the 
remaining mixed workloads (MixScalingUniform, WideTimes, and
Rodinia + Altis) performance remains poor, and is still significantly 
worse than baselines. We observed that the MixScalingExtreme work-
loads, which are polarized between tasks that scale very well and those 
that scale poorly, tended to plan effectively with a single reconfigu-
ration from 1-1-1-1-1-1-1 to 7 or 4-3, a behavior already learned by 
the model. In contrast, the remaining mixed workloads require more 
frequent or varied reconfigurations, and the model still has difficulties 
learning those patterns.

6.5.2.  Improvement 2: direct reconfiguration actions
Although the previous improvement encouraged the exploration of 

new actions, reconfigurations remained underutilized. Thus, we attempt 
to simplify the reconfiguration agent’s decision by eliminating the pre-
condition described in Section 4.2. Until now, reconfiguration was only 
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allowed if the slices to be modified from the current partition to the tar-
get partition were free. Although the model technically allows reconfig-
uration from any partition to any other partition by taking the Advance 
action enough times, the probability of sampling such a chain of actions 
during training is low. It is the conditional probability of multiple Ad-
vance actions until sufficient slices become available for a configuration 
change. Consequently, when GPU occupancy is high, it is very unlikely 
to transition to a configuration that differs substantially from the current 
one.

As reconfigurations are particularly useful for general workloads (in-
cluding the Rodinia + Altis benchmarks), we modified their action 
requirements to allow switching to any partition in any state, with the 
necessary Advance actions implicitly executed rather than requiring the 
model to chain them probabilistically. It is similar to looking at several 
moves forward, which RL already handles through the value function 
and accumulated rewards, but for reconfiguration cases we deliberately 
promote that to accelerate its learning. This upgrade was not directly 
integrated into the original model, as it is derived from experimental 
observations in our specific scenario, in contrast with other optimiza-
tions discussed in Section 4. To simplify agent learning, we include an 
additional bit in the state indicating if the last action was a reconfigura-
tion and disabling reconfigurations for that state. The new result of the 
action is:

Direct Reconfig to C
Result: As in the original action, the destruction and creation times 
are added to the slices of those instances where the current configu-
ration Canon(Conf𝑡) = (𝑐𝑡1,… , 𝑐𝑡𝐾 ) differs from the target configuration 
𝐶 = (𝑐1,… , 𝑐𝐾 ):

𝑆𝑡
𝑖 .time += 𝑡destroy(𝑐𝑡𝑖 ) if 𝑐𝑡𝑖 ≠ 𝑐𝑖,

𝑆𝑡
𝑖 .time += 𝑡create(𝑐𝑖) if 𝑐𝑡𝑖 ≠ 𝑐𝑖,

11 but then the GPU time is advanced until all these modifications are 
complete with the corresponding reward:
𝑆𝑡+1
𝑖 .time −= reconfig_delay ∀ 1 ≤ 𝑖 ≤ 𝐾,

𝑟𝑡 = −reconfig_delay,

with reconfig_delay = max
{

𝑆𝑡+1
𝑖 .time ∶ 𝑐𝑡𝑖 ≠ 𝑐𝑖, 1 ≤ 𝑖 ≤ 𝐾

}

. 

With this new action, the GPU at timestep 𝑡 of Fig. 6 could be di-
rectly reconfigured to 4-3 with the result shown in Fig. 14. An implicit 
Advance of 4 time units has occurred to free instances {𝑆1, 𝑆2} and {𝑆3}, 
merging them with {𝑆4}, which was already free. The task of class 𝐶1 is 
then assigned to the new instance of size 4, which scales very efficiently 
at that size. The outcome at timestep 𝑡 + 2, also shown in Fig. 14, is sig-
nificantly better to the decisions depicted in Fig. 6. In fact, the decision 
will be much better than that, because the rest of the tasks to be placed 
(those of class 𝐶2) also scale very well to 4 slices, so it is ideal to have 
transitioned 4-3. Under the original modeling, two consecutive Advance 
actions would have been necessary before reconfiguring to 4-3, which 
would have been highly unlikely to sample during training.

The column Direct Reconfig of Table 4 reports the results of this 
enhanced agent version in different workloads. In cases where the agent 
did not previously reconfigure in an effective way, the improvement is 
substantial, with values of 𝑝opt now about 20%. These results clearly 
demonstrate the strong performance of the model, which is remarkably 
close to the optimal solution, even better in practice than that percent-
age indicates. Furthermore, this approach consistently outperforms all 
baselines: it achieves a slight improvement over our previous method
FAR, a more noticeable gain over the state-of-the-art approach MISO, 
and a significant advantage over the methods without dynamic recon-
figuration (FixBest) or without co-execution (NoMIG).

11 Obviously the reconfiguration times 𝑡destroy and 𝑡create are scaled according 
to task times discretization.

Fig. 14. Timestep 𝑡 + 1 shows the state of the scheduler after reconfiguring di-
rectly to 4-3 from timestep 𝑡 of Fig. 6. The timestep 𝑡 + 2 shows the result of 
allocating the task of class 𝐶1 in the new instance of size 4.

Fig. 15. Learning curves of the Entropy’s agent and the version also including
Direct Reconfig, for workloads with the non-reconfiguration problem.

Fig. 15 shows the training curves of the previous model ver-
sion (Entropy), versus the one with the new reconfiguration actions 
(Direct Reconfig), for two workloads where the non-reconfiguration 
problem were unresolved (Rodinia + Altis and MixScalingUni-
form). The benefits of new actions are evident, both in terms of higher 
reward and faster convergence. Around the midpoint of training, the 
availability of direct reconfiguration enables the agent to reduce the 
distance to the optimum from 𝑝opt∼70% to ∼40%—while Entropy re-
mains stagnant near to 70%. As training progresses, just before reaching 
the final quarter, Direct Reconfig achieves further improvement, low-
ering to 𝑝opt∼20%, but Entropy continues at 70%.

6.6.  Online approach

Finally, we evaluate the results of the online approach, whose ad-
vantages and disadvantages compared to the offline method were dis-
cussed in Section 3. Table 5 shows the percentage improvement 𝑝𝐴online of 
the refined Direct Reconfig version of the online RL agent, compared 
to the state-of-the-art baselines and the same agent’s version of the of-
fline approach. It should be noted that this agent was trained for more 
timesteps than the offline versions in Table 4 (500 million vs. 200 mil-
lion) because the same number of timesteps did not produce sufficiently 
good results. This is probably due to its stochastic nature, which slows 
learning but brings more richness to the scheduling process. To ensure a 
fair comparison between the online and offline approaches, the offline
Direct Reconfig method was also trained for 500 million timesteps 
for Table 5, with no noticeable gain compared to 200 million timesteps.
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Table 5 
Percentage improvement 𝑝𝐴online (%) of the online Direct Recon-
fig after 500 millions of training timesteps vs. approaches 𝐴 in 
the columns.

 Baseline  Offline RL agent
 Workload  FAR  MISO  Direct Reconfig
 Rodinia + Altis  2.45  5.80  1.35
 PoorScaling  4.21  4.85 −0.92
 GoodScaling  2.55  4.02 −0.73
 MixScalingUniform  2.78  7.18  1.16
 MixScalingExtreme  3.28  5.39  0.32
 WideTimes  2.31  7.01  1.25

As Table 5 shows, after 500 million timesteps, the online approach 
slightly improves the makespan of the offline method by approximately 
1% for workloads that are varied or exhibit heterogeneous durations 
(Rodinia + Altis, MixScalingUniform, MixScalingExtreme, and
WideTimes). These were precisely the workloads where the offline ap-
proach’s improvement over the baselines was less pronounced and fur-
ther from the optimum, as observed in Table 4. However, for the more 
homogeneous workloads, PoorScaling and GoodScaling, the online 
approach performed slightly worse than the offline one (by around 1%). 
As consequence, the results against baselines are similar with different 
types of workloads, and in some cases even better for varied tasks of het-
erogeneous duration; improvements range between 2% and 4% against
FAR and between 4% and 7% against MISO.

For both approaches, it is important to consider the overhead result-
ing from the scheduler’s inference latency. As seen in Section 6.1, very 
large MLP architectures are not needed to obtain good results. In partic-
ular, over a sample of 1000 consecutive inferences, an average latency 
of only 3.04 ms was obtained for the final model (MLP 256 × 256 with 
𝑁=𝑀=14), with a 99th-percentile of 3.09 ms, running on a server with 
an Intel Xeon Silver 4314 CPU (16 cores @2.40GHz). These results guar-
antee the viability of the proposal in a real online environment, for all 
classes of tasks (even very short tasks).

6.7.  Assessment of results

Our final RL model (Direct Reconfig) achieves improvements 
of 2–7% across all workload types compared to state-of-the-art base-
lines. Although the improvements are moderate, it should be noted that
FAR—the best performing baseline—is a very recent proposal, quite re-
fined and specifically aimed at minimizing makespan under current MIG 
conditions, which contrasts with the flexibility in objective and model 
specification offered by our DRL proposal. While previous heuristic-
based proposals require a complete redesign to change the optimization 
objective, DRL requires only a simple change of the reward function and 
retraining of the model. Similarly, if the characteristics of the workloads 
change over time (data drift), DRL simply requires retraining with new 
inputs, whereas previous methods would need extensive rethinking to 
adapt them to the new features. In addition to all these advantages, 
our proposal also achieves a sustained improvement in quite varied and 
general scenarios compared to the recent state-of-the-art.

As motivated in Section 2.2, these gains are substantially greater 
when the simplifications of prior approaches are untenable. To evalu-
ate the merits of our approach in more specific scenarios where these 
problems are exacerbated, we generate 1000 new datasets using the syn-
thetic task generator described in Section 5.1.2. Specifically, we reflect 
two situations for NVIDIA A100 where assigning each task to its optimal 
efficiency size is detrimental in terms of their joint execution:

1. 500 datasets containing only tasks whose peak efficiency occurs at 
4 slices, but whose efficiency at 3 slices is only marginally worse. In 
that case, a uniform 4–4 configuration is infeasible (see Fig. 1), so in-
dividual optimization would prevent any co-execution. By contrast, 

Fig. 16. Schedule of FAR vs. Direct Reconfig RL agent for 20 repetitions of 
the Rodinia’s CFD benchmark.

a mixed 4–3 allocation allows concurrent execution even if it is not 
individually optimal for 3-slice tasks.

2. 500 datasets containing only tasks whose peak efficiency occurs at 
2 slices, but is not much worse with 3 slices. However, a 2–2–3 con-
figuration generally yields better makespan, since the third task in 
the configuration is accelerated by a factor near to 3/2 avoiding idle 
resources.

On these workloads, FAR achieves 𝑝opt= 27.82%, MISO 41.23%, and 
our DRL method 18.10%—which translates into makespan reductions 
of 8.23% and 19.59%, respectively.12 In particular, Fig. 16 illustrates 
the schedules produced by FAR and our DRL agent for a batch of 20 
runs of the Rodinia CFD benchmark. Although the benchmark’s individ-
ual optimum is at 4 slices, the best co-execution pattern is 4–3-exactly 
the configuration discovered by our agent. FAR, however, has mech-
anisms to find an assignment that exceeds the uniform 4-slice assign-
ment, assigning 7 slices to each task, but falls far short of the 4-3 pat-
tern. In this experiment, FAR records 𝑝opt = 31.87% versus 5.61% of our 
method, corresponding to a 24.87% makespan improvement. While this 
is a pathological situation, it illustrates problems that the agent solves 
in more general situations, albeit less frequently, as a result of avoiding 
the assumptions of other proposals.

7.  Conclusions and learned lessons

As a result of the design and evaluation of our model, several conclu-
sions emerge: Feasibility and benefits of a holistic approach It was 
shown that a complex scheduling problem, until now approached by op-
timizing its dimensions separately (such as task molding independently 
from reconfiguration and co-execution decisions), can be approached 
jointly despite its vast theoretical amount of possibilities. Deep Rein-
forcement Learning, with its efficient exploration and sampling tech-
niques, enables us to consider all dimensions simultaneously without 
oversimplification. As shown in Tables 4 and 5, the final versions of our 
RL agent achieve a 2%-7% makespan reduction versus the state-of-the-
art, with an average deviation from the optimal schedule of no more 
than approximately 20% (in fact, even lower). The improvements are 
especially significant in scenarios that exacerbate problems related to 
simplifications made in the state of the art, such as those presented in 
Section 6.7, reducing the makespan by 8%–20%. Importance of design 
and representation When facing a problem of such high dimensional-
ity, it is crucial to provide the agent with an expressive, but also simple 
and abstract, representation. Our experience shows that reducing un-
necessary cardinality and facilitating rapid exploration of key scenarios 
is paramount. In this regard, the following refinements were made:

• Discretizing task times with an adjustable parameter 𝑀 .
• Eliminating useless configurations that reserve four slices while only 
using three.

12 Note that the makespan improvement cannot be computed directly from 
𝑝opt = (makespan ∕ 𝑙_𝑏𝑜𝑢𝑛𝑑 − 1) ⋅ 100; instead, one must first solve for the 
makespan itself and then compare those values.
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• Establishing a canonical and compact representation of batched tasks 
by sorting and grouping repeated tasks.

• Unify equivalent configurations that formed isomorphic symmetries 
in the states.

• Explicitly masking prohibited actions in the state instead of relying 
on the model to learn to avoid them.

• Explore Float encoding for discrete state values as an alternative to
One-Hot.

• Promote reconfiguration after experimentally observing their under-
exploration in critical cases. As we saw in Fig. 15, Direct Reconfig
improves ∼50% for mixed workloads with the same amount of train-
ing.

Although some of these techniques may not be useful in other works, 
the key conclusion is that investing effort in refining the state repre-
sentation and evaluating alternative approaches can be very beneficial.
Relevance of the training setup Although it is often necessary to limit 
the number of test configurations, choosing the right training algorithm, 
model architecture and hyperparameters are fundamental. We explored 
a variety of alternatives, as detailed in Sections 6.1, 6.2 and 6.3. In our 
case, the adoption of the PPO algorithm over DQN and the use of an MLP 
architecture 256 × 256 provided marked improvements. Also, as shown 
in Fig. 11, 𝑀=14 discretization levels was much better than finer or 
coarser granularities, and than non-discretization.
Synthetic data and validation with real data In scenarios where real 
datasets are insufficient for machine learning, it is essential to generate 
plausible synthetic cases, based on general patterns extracted from real 
cases and domain knowledge, as in Section 5.1.2. It is also important 
to validate the model by evaluating on real cases, ideally unknown for 
training, as in Table 4 with the subsets of Rodinia + Altis, obtaining 
results similar to the synthetic tests. To obtain more disaggregated re-
sults and detect problems, it is useful to train and evaluate in isolation 
with well-differentiated and distributed workload types, such as those 
presented in Section 5.1.3. For example, isolating datasets with homo-
geneous workloads from datasets with mixed workloads made it easier 
to discover the problem of non-reconfiguration (Section 6.5), since it 
only occurred in the mixed ones.
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