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Abstract

With the increasing popularity of robotics in industrial control
and autonomous driving, deep reinforcement learning (DRL)
raises the attention of various fields. However, DRL compu-
tation on the modern powerful multi-GPU platform is still
inefficient due to its heterogeneous tasks and complicated
inter-task interactions. To this end, we propose GMI-DRL,
the first systematic design for scaling multi-GPU DRL via
adaptive-grained parallelism. To facilitate such a new paral-
lelism scheme, GMI-DRL introduces a new concept — GPU
Multiplexing Instance (GMI), a unified resource-adjustable
sub-GPU design for heterogeneous tasks in DRL scaling.
Besides, GMI-DRL introduces an adaptive Coordinator to
effectively manage workloads and resources for better system
performance. GMI-DRL also incorporates a specialized Com-
municator with highly efficient inter-GMI communication
support to meet diverse communication demands. Extensive
experiments demonstrate that GMI-DRL outperforms state-
of-the-art DRL accelerating solution in training throughput
(up to 2.34x) and GPU utilization (up to 40.8% improvement)
on the DGX-A100 platform.

1 Introduction

Recently, deep reinforcement learning (DRL) has raised sig-
nificant interest in research and industry fields. DRL com-
bines the conventional RL algorithms [25, 39] with deep
neural networks (DNNs) and has demonstrated superhuman
performance in decision-making. DRL has been applied in
many real-world applications across various domains, like
robotics [12,18,33,44,50], industrial control [4,8,41,51], and
autonomous driving [5,20,38,48]. The latest DRL application
highlighted most is OpenAl ChatGPT [33], which is trained
with DRL from human feedback. Due to the cost, efficiency,
and safety concerns in the real world, DRL training is com-
monly conducted in simulated environments on computers.
Then the pretrained DRL model (policy) is fine-tuned and
deployed to the real-world environment [15,24].
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Figure 1: (a) Basic DRL computation flow in PPO [39] with
three major components: simulator, agent, and trainer. Note
that the dotted-outline boxes/arrows indicate DRL training
copies. s: the environment state; a: the agent action; r: the
action reward; w: the policy weight; batched(s,a,r): the
experience data.; (b) averaged GPU utilization of Isaac Gym
for PPO training on a DGX-A100 platform.

Unlike the conventional DL. methods (e.g., DNNSs) that
learn from offline collected datasets, DRL learns from online
collected data generated through model-environment interac-
tions. DRL computation features heterogeneous workloads
and multi-granularity communication patterns (Figure 1(a)).
It interleaves the execution of three components: Environ-
ment Simulator, Agent, and Trainer. Agents will interact with
environment simulators to collect enough experience (con-
sisting of state, action, and reward). After a number of (e.g.,
32) agent-environment interactions, the agent will commu-
nicate with a trainer to update the policy model. The above
three components feature distinct computation patterns. The
environment simulator relies on physics simulation (e.g., lo-
cal motion and robotics control) while the agent and trainer
depend on GEMM-based NN operations (e.g., policy model
inference/training).
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Figure 2: (a) Throughput (samples/seconds) and (b) GPU
utilization (via nvidia-smi) for DRL training scaling (in-
creasing batch size) across three different DRL benchmarks.

To catch up with the increasingly intricate and dynamic
real-world scenarios with high fidelity, modern DRL applica-
tions (e.g., power-grid control [4] and robotics [24]) tend to be
more complex (enormous action and state space) and require
millions/billions of interaction steps for the final convergence.
This motivates the urgent demands for scaling up DRL train-
ing on more powerful multi-GPU platforms (e.g., NVIDIA
DGX [29]), typically equipped with many (8 or 16) large-size
high-end GPUs (e.g., A100 and H100). Such platforms are
also the key Al computing building blocks (for more than
60% of machines on the latest Top500 list [42]) and the future
trend of DL scaling.

However, existing DRL designs are still yet to maximize
the computing benefits of those powerful platforms. For illus-
tration, we profile the popular PPO [39] algorithm from the
state-of-the-art Isaac Gym [24] on NVIDIA DGX-A100 (8
GPUs). Figure 1(b) gives the average utilization of GPUs on
three representative DRL benchmarks over 10 training epochs.
We can see that the multi-GPU training of DRL exhibits both
temporally low GPU utilization (where a DRL training flow
would only perform intermittent DNN model training/infer-
ence per epoch) and spatially low GPU utilization (where the
computation/memory demands of DRL training flow could
hardly occupy the entire GPU). This indicates that there is
a large portion of the computing power of GPU platforms
being throttled by the existing designs. DRL performance
can potentially be improved by turning those “spare” GPU
resources into full utilization.

The common practice to overcome such issues is to adapt
computation to fit the underlying resources (i.e., scaling
through fine-grained parallelism) [7, 24]. For example, we
can increase the simulation batch size to promote DRL train-
ing throughput. Figure 2 shows that when first increasing
the simulation/training batch size, the performance would in-
crease proportionally w.r.t. the batch size. The overall through-
put performance degrades when further increasing the batch
size beyond a certain threshold (e.g., 16,384 for Anymal [16]
(AY)). Such an increase-followed-by-decrease performance
trend is similar across benchmarks and is also observed in
GPU utilization. This is mainly because when increasing the
batch size, individual DRL components will scale up their re-
source demands (e.g, SMs, memory/cache) for more task-level
concurrency (e.g., DRL simulation). Different DRL compo-
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Figure 3: Training Comparison between fine- (FG) and

adaptive-grained (AG) parallelism on (a) throughput and (b)

GPU utilization on the Humanoid [46] (HM) benchmark.

nents running in parallel would compete for a fixed amount
of GPU resources. GPU utilization would suffer since dif-
ferent DRL components are busy waiting for some common
resources to move forward. For instance, the GEMM-based
DRL policy training/inference would wait for SMs occupied
by DRL simulation. The performance penalty of such con-
tention would offset the parallelism benefits after reaching a
certain threshold.

Such an observation motivates us to think about whether it
is a better option to tailor resources for computation demands,
so that we can seek for optimal compute-resource efficiency
instead of blindly increasing the batch size. Our key insight is
to explore adaptive-grained parallelism (AGP) on GPUs. AGP
opens a new way for flexible utilization of GPU resources,
where a large GPU can be used as a set of size-adjustable
sub-GPUs for different tasks. AGP also enlarges the existing
design and optimization space for using individual GPUs. For
instance, we can treat one GPU as a multi-sub-GPU system
for computation and communication at the sub-GPU level.
When scaling up to multiple GPUs, AGP is also an effective
way for better resource management of different workloads. It
can facilitate the creation of the best-fit GPU resource plans,
given the specified number of GPUs and the GPU affinity
demand (e.g., NVLinks).

However, AGP is not a low-hanging fruit. It is naturally hin-
dered by the memory isolation among different sub-GPUs due
to GPU spatial multiplexing. This would be the performance
killer for DRL with heterogeneous tasks and substantial inter-
task communication. Efficient communication at the sub-GPU
level is still missing from existing high-performance GPU
communication libraries (e.g., NCCL [28]). Such communi-
cation hurdles may offset computation gains of GPU spatial
multiplexing. Besides, finding the right-fit parallelism granu-
larity (sub-GPU size) for individual tasks is non-trivial. The
mismatch between sub-GPUs and their assigned DRL work-
loads would easily degrade the overall performance while
wasting valuable GPU resources (e.g., SM). Furthermore,
identifying the optimal layout of sub-GPUs requires careful
consideration of the specialties of workloads (e.g., communi-
cation) and hardware (e.g., GPU interconnections).

To this end, we introduce GMI-DRL, the first end-to-end
system for scaling multi-GPU DRL via adaptive-grained par-
allelism (AGP), with significantly improved throughput and
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GPU utilization compared to fine-grained parallelism (Fig-
ure 3). To facilitate AGP, GMI-DRL introduces a new con-
cept — GPU Multiplexing Instance (GMI), a unified resource-
adjustable sub-GPU design tailored for heterogeneous tasks.
GMI-DRL also provides systematic support for communica-
tion, computation, and programming for GMIs. GMI-DRL au-
tomates DRL scaling while respecting the black-box nature
of DRL simulation (which commonly takes months/years of
effort for re-design and implementation).
In short, we make the following contributions

* We introduce a novel adaptive-grained parallelism
scheme for DRL scaling and propose GPU Multiplexing
Instance (GMI) to facilitate such a new scheme.

* We build a GMI-centric adaptive Coordinator (§3.1) and
a specialized Communicator (§3.2) design to meet di-
verse communication demands among GMIs, to achieve
better system performance and GPU utilization.

e We also provide GMI-centric programming support
(§3.3) to ease the scaling of diverse DRL-like appli-
cations on multi-GPU platforms.

 Extensive experiments show that GMI-DRL outperforms
the state-of-the-art DRL acceleration solution (Isaac
Gym [24] + MSRL [52]) across various benchmarks.

2 Background

2.1 Deep Reinforcement Learning

Deep Reinforcement Learning (DRL) [25, 39, 49] features
heterogeneous computational workloads and diverse com-
munication patterns. Figure | exemplifies the workflow of
a typical PPO [39] algorithm in DRL. It interleaves the exe-
cution of three components: Environment Simulator, Agent,
and Trainer. The environment simulator is responsible for
generating environment states and action rewards with the
help of its internal physics simulation engine (e.g., local mo-
tion and robotics control). GPU-based simulators (e.g., Isaac
Gym [24]) can hold hundreds or thousands of environments
running concurrently. The agent is the key component to
making action decisions based on the environment states. It
depends on GEMM-based NNs (e.g., Multi-Layer Percep-
tron) for policy model inference (action prediction). DRL
trainer updates the policy model based on experience (with
states, actions, and rewards) from agents. There are two major
computing modes of DRL in real-world settings.

DRL Serving: Agents interact with environment simula-
tors by applying the pre-trained policy model. The interac-
tion between simulators and agents demonstrates fine-grained
state-action sharing. DRL serving is also essential for experi-
ence generation for the DRL training process on computers
and the real-world evaluation of the DRL policy.
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DRL Training: Agents first interact with simulators to
collect experience. After a number (e.g., 32) of interactions,
agents will communicate with trainers via coarse-grained ex-
perience sharing for policy updates. DRL training aims to
maximize the accumulated reward of agent actions by updat-
ing the policy iteratively. Depending on whether the policy
model training happens sequentially or concurrently with each
round of agent-simulator interaction, DRL training can be cat-
egorized into synchronized (e.g., PPO [39]) and asynchronized
DRL training (e.g., A3C [25]).

2.2 Adaptive-grained Parallelism (AGP)

We propose AGP as a new type of parallel computing
paradigm that can adjust the size or granularity of the paral-
lel tasks to optimize performance. While the existing scal-
ing schemes are commonly confined to a certain level of
granularity for parallelism. For instance, existing data paral-
lelism explores coarse-grained dataflow-level parallelization,
model parallelism explores the middle-grained operator ex-
ecution concurrence, and operator fusion/grouping explores
fine-grained kernel-level parallelization. AGP is complemen-
tary to those existing schemes by adding parallelization hier-
archies with “configurable” granularity.

AGP can be broadly categorized into two major types: 1)
adjust the tasks’ workloads (e.g., batch size in DNNs) to fit
the hardware; 2) adjust the hardware resource size to fit the
given workload. In DRL, the first one is hard to achieve (Fig-
ure 2) due to its intrinsically complicated simulator design
and mixed workload. We thus advocate solution-2 for per-
formance, resource efficiency, and design complexity. When
targeting other workloads, solution-2 can be combined or-
thogonally with the existing solution-1 for a larger granularity
space for diverse settings.

For AGP, GPU Spatial Multiplexing is the most potential
candidate with adjustable resource granularity and minimized
runtime interference. There are two major techniques: 1)
Multi-processing Service (MPS) [31] can transparently en-
able cooperative multi-process CUDA applications to share
a GPU. MPS provides concurrency among client processes
to share a GPU via GPU SMs partitioning. 2) Multi-Instance
GPU [30] is a new GPU spatial multiplexing solution intro-
duced in NVIDIA Ampere GPUs (e.g., A100). Multi-Instance
GPU offers higher isolation (SMs, memory space/bandwidth)
compared to MPS. However, the existing practices of GPU
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spatial multiplexing are limited to their initially targeted set-
tings with independent and homogeneous tasks, like DNN
serving [6,22,45], thus, unable to offer communication sup-
port and strategies for inter-dependent task mapping. Com-
paratively, we are the first to explore the potential of GPU
spatial multiplexing for more challenging DRL applications
with heterogeneous tasks and intricate inter-task interactions.

3 GMI-DRL Design

GMI-DRL (Figure 4) reshapes the existing GPU-based DRL
scaling with a new notion of GMIs. To support such new scal-
ing schemes, GMI-DRL introduces an adaptive Coordinator
(§3.1) to manage the workload-resource mapping and config-
uration optimization and a specialized Communicator (§3.2)
to handle diverse inter-task interactions.

3.1 Adaptive Coordinator

The key aspect of AGP is to generate a good mapping choice
between DRL components and underlying computing re-
sources. This motivates the GMI-DRL Coordinator to sys-
tematically combine coarse-grained mapping and fine-grained
configuration tuning for maximized overall performance.

3.1.1 Task-aware GMI Mapping

The mapping of DRL tasks on GMIs demands careful con-
sideration of the specialties of various DRL tasks and hard-
ware, which requires the mapping that will not only benefit
individual tasks but also complex inter-task interactions. For
instance, using dedicated GMI instances for simulators can
achieve high simulation task performance. However, it may
lead to inferior inter-task performance due to the inefficient
data communication between simulators and agents on other
GMIs. We, therefore, introduce a task-aware GMI mapping
strategy to explore the GMI-backed scaling design space.

DRL Serving DRL serving aims to collect enough experi-
ence by applying a trained policy model. DRL serving fea-
tures continuous interaction between simulators and agents.
Optimizing DRL serving aims to achieve low latency at each
round of interaction between the simulator and agent so that
experience can be collected quickly. The interaction between
simulators and agents relies on frequent and fine-grained in-
formation exchange for high serving performance. With these
observations, we explore the potential mappings with the syn-
ergy of data (DP) and model parallelism (MP).

1) DP-MP Serving (Figure 52) uses DP as the backbone for
running multiple copies of DRL serving and leverages MP
to distribute individual components of each copy to different
GMIs. This guarantees the performance of individual compo-
nents but at a heavy penalty of inter-component performance,

Table 1: Definition of Terms.

Term ‘ Meaning

R, R;, R; | the size of dominant resources for the simulator,
agent, and trainer, respectively.

I the type of dominant resource: SM or Memory.

S, A, W the size of a single state, action, and reward vector,
respectively.

Ts, T, T; the execution time for the simulator, agent, and
trainer in each DRL training/serving iteration.

BW the bandwidth of inter-GMI communication.

M, the size of the policy model.

m the number of simulation steps before a training.

n the total number of GMIs in the current system.

o, B the size ratio factor when multiple environment sim-

ulators are sharing agents or trainers.

4 serve other
1 GMis

ENV Agent ENV Agent

ENV Agent ENV Agent

ENV Agent ENV Agent
(a) DP-MP. (b) MP-DP. & ™" (c) DP-Only.

Figure 5: GMI mapping for DRL serving. Note that Grey
shadows indicate GMIs.

since the fine-grained, frequent data movement between GMIs
would incur high overhead.

2) MP-DP Serving (Figure 5b) leverages MP for inter-
phase scaling for decoupled simulators and agents and uti-
lizes DP for intra-phase scaling to run multiple copies of
simulators and agents. The key insight is that the through-
put of simulators and agents is naturally different, where an
NN-based agent comes with high throughput and can thus be
“shared” among different simulators which have relatively low
throughput. With this insight, we can achieve higher resource
efficiency by accommodating more simulators and agents to
improve the theoretical performance. However, the commu-
nication between simulators and agents from different GMIs
would still throttle the practical system performance.

3) DP-only Serving (Figure 5¢) relies on DP for scaling. It
runs multiple copies of DRL serving in parallel. In this design,
simulators and agents are co-located within the same GMI.
Compared with the prior two designs, the state data generated
from the simulator can be easily shared with the subsequent
agent for action prediction via low-cost intra-GMI memory
access. However, it comes at the cost of additional resource
consumption and potential resource underutilization. Since
different GMIs have to maintain a full copy of the simulator
and agent, each agent can only serve one simulator.

Serving Resource-Performance Analysis is to quantify the
cost and benefits of different mapping solutions to guide our
mapping selection. Terms are defined in Table 1. Here, we
compare MP-DP and DP-only solutions for illustration. We
first determine the dominated resources type (I) based on
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Table 2: Comparing MP-DP and DP-only in DRL serving.

Solution ‘ Resource (RD) ‘ Comm. (COM)
MP-DP (Ts Ry + T, -0t 2-S+A+W
Ry)/(T; +Tu)
DP-only (Ts+To) - 0
max{Rs,Rq}/(T; + Ta)

Equation | for R,, R,, and R,, which can be either GPU SM
or memory, depending on DRL benchmarks and GPUs.

SM Rsm  ~ _ Rem
I= RsypercPu = RuemperPU )

Memory  Otherwise.

Rsy and Ry, are computing and memory resource con-
sumption measured on a single DRL serving/training process
running exclusively on a GPU. Take the DRL benchmarks
from Isaac Gym on DGX-A100 as an example, our empirical
study shows that o is around 0.2, Ry =~ 10R,, and T; ~ 67,.
Thus, the overall serving throughput can be calculated as

R 1

TOPgerving = R m 2)

With Table 2 and (’;;)—WM ~2-(T;+T,) based on our profiling,
we can estimate that the overall serving throughput of DP-only
serving would be higher (about 2.5 <) compared with MP-DP
serving. This is because the resource penalty (i.e., decrease
in parallelism) of simulator-agent co-locating on throughput
is minor ((T; 4+ T,) - max{Rs, Ry} /(Ty Ry + T, -0.-R,) — 1 ~
0.16x) compared with the throughput benefits (around 3 x)
by saving inter-GMI data movements. We experimentally
validate this in §4.3.

Synchronized DRL Training Synchronized DRL training
has two stages, 1) simulator-agent interaction for experience
collection and 2) agent-trainer interaction for policy train-
ing. These two stages happen sequentially at each iteration
and the training performance is sensitive to both stages. The
major goal of optimizing synchronized DRL training is to
achieve higher model update frequency. Compared with DRL
serving, synchronized DRL training is more complex in its
components and inter-component interactions. This brings
more tradeoffs for GMI mapping. We first discuss the ones
that extend the existing DRL serving mapping principles and
then introduce the new ones specific to DRL training.

1) DP-MP and DP-only Training (Figure 6a and 6b) follow
similar scaling principles as the DRL serving. For DP-MP
scaling, the size of communication would increase signifi-
cantly compared with DRL serving due to the additional agent-
trainer interaction for experience sharing and inter-trainer
interaction for policy gradient synchronization. In DP-only
scaling, it aligns the environment, agent, and trainer in the
same GMI. Despite that it can enjoy the benefit of saving
data movements, it would incur additional memory costs of
duplicating both agents and trainers.

ENV Agent i ENV Agent Trainer

ENV g Agent vodel Il ENV (S Agent MY Traimer M 'oce
iziney ENV Agent Trainer

(a) DP-MP. (b) DP-only.

0 Trainer Model
ENV Agent

A serve other
(d) MP-DP (EA-T). |

W Agents

4
(c) MP-DP (E-AT).y Serve other

Figure 6: GMI mapping for Synchronized DRL Training scal-
ing. Note that Grey shadows indicate GMIs.

Table 3: DP-MP (EA-T) and DP-only in Sync. DRL training.

Solution ‘ Resource (R!) ‘ Comm. (COM)

DP-MP (T, R+ T, 0-Ry+T;-B- m-(S+A+W)+M, +

(BA-T) R)/(T,+ T, +T;) 2 (n—1)-Mp/n

DP-only (T+ T+ 1) - 2-(n—1)-My/n
max{Rs,Rq, R}/ (Ts+ T, +T;)

2) DP-MP Training with Selective Pipeline Partitioning
(Figure 6¢ and 6d) enables the sharing of common resources
like agents and trainers among different training instances.
There are two major types of DP-MP training based on their
training pipeline partitioning. The first one is E-AT, which par-
titions the DRL training pipeline between simulators (E) and
agents (A). Such partitioning enables the sharing of agents
and trainers among different simulators. The second type is
EA-T, which partitions the DRL training pipeline between
agents and trainers (T). It enables sharing of trainers among
different training instances. With more component sharing,
such as E-AT, the entire system could accommodate more
training instances to achieve higher overall theoretical perfor-
mance. While with less component sharing, such as EA-T, the
communication critical path between the simulator and agent
is no longer the bottleneck.

Training Resource-Performance Analysis on synchronized
DRL training follows similar steps as DRL serving, except
that we need to include the impact of the trainer on the
pipeline. Here we compare DP-MP (EA-T) and DP-only
training and take as an example the DRL benchmarks from
Isaac Gym on DGX-A100. Our empirical study shows that
o is around 0.2, B is around 0.3, Ry ~ 10R, =~ 5R;, and
T; =~ 6T, =~ 3T;, the overall throughput is calculated as

TOP gy — Rt 1
train — RH m

3)
With Table 3 and % ~7-(Ty+T,+T;) based on our profil-
ing, we can derive that the overall system throughput of DP-
only training would increase evidently (about 5x) compared
with DP-MP (EA-T). This is because the resource penalty on
throughput ((7; + T, 4+ T;) - max{Rs, Ry, R; } /(T - Ry + T, - 0.+
R,+T;-B-R)) — 1 = 0.5x) is offset by throughput benefits
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(around 8x) via avoiding unnecessary inter-GMI experience
movements. We provide experimental validation in §4.3. For
other DRL benchmarks on different platforms, the lightweight
profiling over several training rounds is sufficient to get the
above parameters to analyze different training mappings.

Asynchronized DRL Training Asynchronized DRL train-
ing concurrently executes policy serving for experience collec-
tion and policy updates. However, it comes with the staleness
of policy parameters that may impact the algorithmic effi-
ciency (e.g., convergence rate). The common practice is to
maximize throughput so that all DRL agents can get the model
trained with the latest experience. We choose the mapping
template from Figure 6d, with decoupled serving and train-
ing phase for the minimum communication bottleneck. We
use designs in §3.2.1 for latency-optimized inter-trainer syn-
chronization and §3.2.2 for throughput-optimized experience
sharing between agents and trainers.

3.1.2 Workload-GMI Joint Optimization

After determining the efficient mapping templates, properly
matching DRL workloads with right-size GMISs is also of
great importance. However, there are two major challenges:
1) How to model the relation between the DRL training per-
formance and GMI resources? The performance of a single
GMI depends on configurations of both the DRL algorithmic
and the GMI resource, which creates a large design space for
exploration. 2) How to balance the single-GMI performance
and the overall system performance? The high single-GMI
performance does not always imply “optimal” system perfor-
mance due to its excessive resource consumption and missing
effective global planning to jointly optimize resources and
performance. We introduce a workload-GMI joint optimiza-
tion to co-optimize the configuration of the DRL tasks and
the GMI resources for maximizing system throughput.
Configurations of DRL tasks and GMI resources. There
are two key configurations that will impact the performance
and resources of GMI-based DRL. 1) num_env describes the
number of concurrent environments running at each GML. It
is equivalent to the batch size in conventional DNN training.
The common choices for num_env range from 128 to 32,768
considering the algorithmic (convergence) and system (run-
time execution) efficiency [24]. Generally, a larger value of
num_eny would lead to higher throughput. However, when all
the computation resources of a GMI are fully occupied, fur-
ther increasing the num_env would only increase the memory
consumption while being largely throttled by computation
resources. This would lead to minor or even no throughput
improvement. ii) GMIperGPU describes the quota of com-
putation and memory resources assigned to each GMI. Com-
putation resources determine the throughput performance of
DRL computation, since the simulation and the training are
computationally intensive and resource sensitive. Compara-
tively, memory resources mainly determine whether the DRL

Algorithm 1: Profiling-based GMI Exploration.

input :DRL_bench, num_GPU
output : num_env, GMIperGPU
1 best_config = tuple(); max_top = —inf;
2 for GMIperGPU in 10 ... 1 do

3 pre_top = 0; pre_mem = 0;
4 for num_envin [128, 256, 512, ..., 16384, 32768] do
5 > Filter out the GMI OOM/crashing cases..
6 if num_env>=512 & & projMem(num_env) >
GPUem/GMIperGPU then
7 | break;
8 end
9 > Profile the performance of a GML..
10 top, mem = profile(DRL_bench, GMIperGPU, num_env);
1 > Initialize tracking variables..
12 if pre_top == pre_mem == 0 then
13 pre_top = top; pre_mem = mem;
14 continue;
15 end
16 > Compute performance/resource changes..
17 Riop = (top — pre_top) / (pre_top);
18 Ryem = (mem — pre_mem) [ (pre_mem);
19 Sat = Riop/Rmem
20 pre_top = top; pre_mem = mem,
21 > Check if the performance saturates..
22 if Sat < o then
23 ‘ break;
24 end
25 > Project the overall system throughput..
26 acc_top = estimate(GMIperGPU, num_GPU, top);
27 if acc_top > max_top then
28 max_top = acc_top;
29 best_config = (num_env, GMIperGPU);
30 end
31 end
32 end

33 num_env, GMIperGPU = best_config|0], best_config[1];

training can be successfully launched on GPUs, since DRL
components have their own minimum memory requirements
for basic execution without considering performance.

Workflow of Joint Optimization. We will take the environ-
ment specification (e.g., name and type) and the num_GPUs
as the input, and return num_env and GMIperGPU as the de-
sired runtime configuration. As illustrated in Algorithm 1,
we will iterate through the GMI resource space by adjusting
GMIperGPU (Line 4). For instance, when GMIperGPU is 4,
the resources of each GPU will be divided into 4 GMIs evenly.
Another design dimension to be explored is the number of
environments (num_env). These two dimensions will help us
to pinpoint the design that can maximize the throughput given
the GMI resource budget. To reduce unnecessary searches,
we develop new metrics and heuristics for an early stop, as
detailed in the following paragraphs.

We monitor memory at the first two steps of num_env
(128 and 256 are unlikely to trigger out-of-GMI-memory
based on our study). Then for all the following steps of
num_env>= 512, we project its memory (m,,) based on the
prior two steps of num_env (e1,e2) and memory (m,mjy), as
shown in Equation 4. When m,, exceeds the GMI memory
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limits, we avoid searching for even larger num_env.

(e—e2)
ey —eq

mp = “(my —my) +my C))
The profile function will get the throughput (fop) and memory
cost (rmem) of each configuration. We will then compare the
change in computation throughput and the change in memory
consumption between its current run and its last run (Line 17
to 18). Our empirical study (§4.3) shows that a GMI tends
to saturate its computation capacity when we increase the
num_env and observe (i) the large increase of memory con-
sumption (ii) the minor improvement of top.

Algorithm 1 is currently running offline, given that real-
world DRL training usually takes thousands of iterations
(hours) for convergence. The major cost of profiling (sev-
eral minutes) is minor compared to the entire training. We
count down from 10 to 1 so as to prioritize (i.e., greedy search)
the testing of the upper bound values of the number of GMIs,
such that we can early terminate the search, which can make
each of our experimental trials worthy and save efforts.

We also perform fine-grained measurement of GMI over-
head across our evaluated datasets (§ 4) and policy NNs on
the DGX-A100 platform. Specifically, the creation of the
GMIs (1, 2, and 4) instance is low-cost (0.05s on average),
which is largely minor compared to the typically hours of the
DRL training process. Besides, the communication overhead
is about 16% on average across GMIs. With the adaptive-
grained sub-GPU design, we can better utilize those idle re-
sources that can offset its communication cost brought by the
memory isolation. Therefore, we can still achieve evident pos-
itive performance gains. per-GMI kernel launch is about 4.5%
on average under different numbers of GMIs per GPU (1, 2,
and 4), considering both the GPU-based simulation engine
and neural network kernels, compared to the direct launch of
a single kernel on the entire GPU.

3.2 Specialized Communicator

Scaling DRL via AGP demands handling diverse communica-
tion to connect DRL components. However, comprehensive
communication support is absent from existing GPU multi-
plexing techniques [6,45], communication libraries [28,40],
and schedulers [2,26]. Such a gap drives the specialized de-
sign of GMI-DRL Communicator, which tackles two major
types of DRL communication: the inter-copy communication
in GMI-centric data-parallel scaling and the inter-component
communication in GMI-centric model-parallel scaling.

3.2.1 Collective Primitive Composition

We introduce a novel GMI-based collective primitive com-
position strategy with two major primitives: 1) Inter-process
primitive (IP). This primitive treats inter-GMI communication
as a pure inter-process synchronization. It firstly moves the

policy model gradients from GMI to CPUs and then applies
gradient reduction on the CPUs across different processes. 2)
Ring primitive (RP). This primitive works for GMI layouts
with cross-GPU reduction demands. It counts on the exist-
ing inter-GPU communication infrastructure, like NCCL on
NVLinks, to synchronize GMIs on different GPUs. Note that
NCCL prohibits synchronization among GMIs on the same
GPU. With the above primitives, we can generate diverse
communication compositions given a GMI layout. There are
three major types:

IP-only composition only leverages IPs for connecting
GMIs. It can handle arbitrary GMI layouts regardless of their
underlying placement on GPUs. As exemplified in Figure 72,
all GMIs are synchronized with each other through IPs in
only one step. The theoretical cost of the IP-only solution
i % based on the standard allreduce operation [28],
where Bj is the bandwidth over PCle, S is the policy model
size, n and m are the number of GPUs and GMIs per GPU,
respectively. However, our study shows that this composition
can only show advantages in settings with fewer GMIs and
small policy models due to the limited throughput of using IPs.
In scale-up settings, IP-only composition would 1) incur an
excessive amount of data traffic between CPUs and GPUs; 2)
idle the high-performance GPU interconnects (e.g., NVLinks)
that are available on most modern GPU-based platforms; 3)
be throttled by slow CPU-based reduction.

RP-only composition only counts on the RPs for connect-
ing different GMIs. It divides GMIs into separate communica-
tion groups that satisfy the NCCL constraints Figure 7b shows
that GMIs on different GPUs form multiple non-intersect
rings for RP communication (0). We then use one additional
RP to synchronize all partial results from the prior stage of
reduction (@). The theoretical cost of the RP-only solution is

2+ 225 where B is the bandwidth of NCCL on NVLink

and synchronization on different rings of @) are parallelized.
While this composition can enjoy high-speed inter-GPU com-
munication, it is limited to settings where (#GMIs per GPU)
< (#GPUs) given the constraint of NCCL (connected GMIs
must be on different GPUs). With more GMIs per GPU, there
will be more NCCL rings and the communication contentions
will also increase, potentially decreasing performance.

Hybrid IP + RP composition: This type of composition
mixes IPs and RPs. It offers flexibility to fine-grained prim-
itive combinations. One example of such composition is il-
lustrated in Figure 7c, where we have k GMIs per GPU use
RPs and (m — k) GMIs per GPU use IPs for reduction. This
composition example consists of two major steps: @ is gradi-
ent synchronization among GMIs on different GPUs through
RPs. @ is gradient synchronization among GMISs on the same
GPUs (and different GPUs, if possible) through IPs.

The theoretical cost of hybrid IP + RP solution is An=1)S

Jr
Vl~32
W The key to utilizing this hybrid composi-

tion is to properly adjust the ratio of IPs and RPs and apply
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Figure 7: Exemplification of GMI Communication Primitive Composition. Note that the final broadcasting step is omitted for
simplicity. n and m are the number of GPUs and GMIs per GPU, respectively. k is a configurable number of GMIs per GPU that
uses RPs for communication. B; and B, are bandwidth by using IPs an RPs, respectively.

them in specific schedules. We next discuss the workflow of
generating the effective composition given platform settings.

Overall Composition Workflow: Given an input GMI
layout and DRL benchmark, we will generate a composition
plan with optimized efficiency. We first analyze its charac-
teristics (e.g., #GMIs per GPU and the GPU interconnects)
and performs one-time profiling on basic composition. Based
on the analyzed inputs, we will generate all candidate com-
positions. We then project performance based on profiling
results to derive the latency cost of possible compositions.
The costs of two basic compositions are IP-only (Cost;;,) and
RP-only (Cost,,) compositions measured on n GPUs with 1
GMI per GPU. This will determine the “unit” communication
cost given the DRL benchmark and hardware platform. We
measure Cost;p (i.e., 2(';31)5) and Cost,, (i.e., 2(1.—312)43) in raw
latency (ms) by averaging 100 runs, where 7 is the number
of GPUgs, S is the policy model size, and B and B, are the
bandwidth of using IPs and RPs, respectively.

We then estimate the cost of (a) and (b) in n GPUs with
m GMIs per GPU by scaling the Cost;, and Cost,;, based on
the ratio of measured and the target problem size. For exam-
ple, in (a), we have (n - m) instance in the targeted problem
size and n in the measured problem size, we then estimate
Cost(a) = % -Costip = S:(Z:B - Costp. Simi-
larly, we can get the Cost(b) = 2 * Cost,,. Note that different
RPs can be parallelized if there is no output dependency.
For (c), given a parameter k (where k < m), we can derive
Cost®(c) = (ﬁ +m — k) - Cost;,, + Cost,p,, Finally, we select
the composition with the minimum projected latency. We
provide an experimental demonstration in §4.3.

3.2.2 Channel-based Experience Sharing

The model-parallel scaling of DRL counts on connecting
different DRL components effectively. Data movement of
model-parallel DRL follows a point-to-point paradigm and is
mixed with heterogeneous types of data under different granu-
larities. For instance, the environment states of simulators are
coarse-grained vectors, while the action/reward of agents is
fine-grained scalars. Such heterogeneity and diverse granular-
ity create a challenge to utilize existing GPU interconnections,
which prefer fixed-sized coarse-grained data packages.

BT GMI-TO
BT GMI-T1

Figure 8: Exemplification of Channel (CH)-based Experience
Sharing (A0 to T1). Note that “GMI-A*” is the GMI for DRL
agents while “GMI-T*” is the GMI for DRL trainers; “PKG*”
are packages decomposed from experiences.

One direct solution is to communicate with heterogeneous
data packages. However, it would suffer from high startup
costs and underutilized bandwidth for fine-grained transfers.
Another direction is to tailor the communication strategies
for different data so that we can manage the granularity and
heterogeneity of data to maximize communication efficiency.
Inspired by this insight and prior efforts on computer net-
works [17], we develop a channel-based experience sharing
strategy for model-parallel DRL scaling. Each channel de-
fines a customized way of communication that will manage
inter-GMI communication for one type of data or a group of
types of data that share similarities (e.g. shapes).

We build such a design with four components (Figure 8).
Specifically, Experience Dispenser (DP) is to decompose the
experience data into packages. Experience Packer (PK) is to
group packages into channels and batch package groups in
each channel for data movement among GMIs. Experience
Migrator (MG) is to manage the routing of experience from
agents to trainers. Experience Batcher (BT) is to conduct data
preparation and model training.

Our initial empirical study shows that the overall perfor-
mance mainly relies on whether PK can maximize inter-GMI
data movement. With multi-channel design in PK, there are
two major aspects that are critical to its performance: /) Which
types of packages should be grouped in the same channel?
and 2) How many such groups (i.e., batch size) should be
transferred each time? To address these questions, we define
a proxy metric TOP,,,, (Equation 5) for inter-GMI commu-
nication throughput given a package group ( §i:1 P}’)) and
the batch size (batch) of package groups. TOP,,,, will re-
ward the higher bandwidth (due to package grouping) while
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penalizing the extra-large packages (due to package concate-
nation overhead) and too many independent channels (due to
inter-channel contention)

TOP,,,, = max { 5)

. B;
~min {44444444447}}
i€[1,grp] Costeqr - Costy,

where B; is the bandwidth given the current grouping and
batching; g; is the number of packages in a package group
(G;) and it can vary among groups; grp is the total number
of package groups; Pj(.l) is the package size (in Bytes) of
the j-th package in G;. Our empirical study shows that B; o<
(batch~2§=1 P;j), Costeq o< (batch-g), and Cost,p, o< grp. Now,
TOP,,,, can be simplified as

g pli)
TOP;;0p = max{ min {721 =1 } (6)
i€[l,grp] 8i* 8P

g

s.1.() g =nt) A(grp € [1,nt]) @
i=1

Constraints
(Di € Gx) N (Dj ¢ Gy) ®)

i,je[l,nt|Ake[1,grp]

where nt is the total types of original packages. Equation 8
describes the constraints that package D; and D; cannot be
in the group/channel Gy, due to their unaligned shape/dimen-
sion that complicates the concatenation. The maximization of
TOP,,,, will balance between the sizes of package groups and
the number of package groups. Given nt < 10 and low evalua-
tion cost per entry, we address this problem with enumerative
combinatorics [11] with deduplication to find possible group-
ing combinations and backtrack search [47] with pruning to
identify possible package concatenation in each group. We
finally return the setting with maximum 7OP,,,, .

3.3 GMl-centric Programming Support

GMI-DRL follows a process-based design for performance
guarantees and compatibility with GPU spatial multiplex-
ing techniques. Processes offer better isolation with configu-
rations (e.g., environmental variables) and memory address
spaces. Listing | shows GMI-DRL example for synchronized
DRL training. There are three major components: 1) GMI
Context (Line 3) configures the basic GMI execution settings.
For DRL training, MPS is used for communication efficiency.
While for DRL serving, MIG is used for a better performance
guarantee with minimized interference. 2) GMI Runtime (Line
5 to 28) manages the GMI-based DRL runtime. init function
will set up the GMI based on its GMI_id and register a GMI
to a global GMI manager. It also attaches GMIs to specific
GPUs based on the GPU ids. The GMI will be assigned to a
GMI group for collective communication if necessary. Users
will implement the GMI_run for training.

Our GMI-based design, while demonstrated on A100, can
be easily generalized toward other GPUs. This covers a

W —

Listing 1: Ilustration of GMI-based Programming.

import GMI_DRL
# import other packages, e.g., PyTorch, Tensorflow ...
GMI_DRL.config = {num_GPUs=3, GPU_arch="sm80",
NVlink=True, backend="MPS"}
# Define GMI tasks.
class GMI_base(object):
def __init_ (self, role, GMI_id, gpu_id):
self.mgr = GMI_DRL.GMI_manager.add GMI(GMI_id)
self.group = self.mgr.get_group(GMI_id, gpu_id)
self.env = gym(’'Ant")
self.actor_model = nn.Modules(...)
self.optimizer = Adam(self.actor_model)
GMI_run(self, n_epsiode, n_step):
for j in range(n_epsiode):
samples_li, reward_1i =
for i in range(n_step):
state, reward = self.env(state, action)
samples_li.append(state, action)
reward_li.append(reward)
self.GMI_train(samples_1i, reward_1li)
GMI_train(self, samples_li, reward_1i):
act_pred = self.model(samples_1i)
act_ref = comp_act_targets(samples_1i, reward_1i)
loss = nn.CrossEntropylLoss(act_pred, act_ref)
loss.backward()
self.GMI_collective()
optimizer.step()
GMI_collective(self):
self.mgr.allreduce(self.model, self.group)

def

list(), list()

def

def

wide spectrum of datacenter GPUs including 1) the older
generations including Kepler (e.g., Tesla K40), Pascal (e.g.,
P100), and Volta (e.g., V100); 2) the newer generation of
GPUs including Hopper (e.g., H100/H200), and Blackwell
(B200). Our design can also work with desktop GPUs (e.g.,
RTX20/30/40 and Quadro series) seamlessly.

4 Evaluation

Benchmarks: The DRL benchmark consists of the simula-
tion environment and the policy NN model. We cover dif-
ferent types of environments, including locomotion simu-
lation [16, 24, 46] (L), franka cube stacking [19] (F), and
robotics hand control [34] (R). The details of our evaluated
DRL benchmarks are listed in Table 4. “#Dim.” is the dimen-
sion of environment state vectors. The policy NN models are

While there are many DRL algorithms, they can be broadly
categorized into on- and off-policy DRL algorithms [52]. In
this evaluation, we build our baseline based on the state-of-
the-art MSRL [52] framework and Isaac Gym [24] simula-
tor. Since the MSRL uses OpenAI Gym [3] by default for
simulation workload, which is significantly (100x) lower in
simulation throughput compared with Isaac Gym. We select
the most representative PPO [39] for synchronized (Sync.)
DRL training (Isaac Gym + MSRL PPO as IG (PPO)), which
is the official implementation from Isaac Gym [24]. We also
implement the most representative off-policy A3C [1] in Isaac
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Table 4: DRL Benchmarks and Policy NN Models.

Benchmark Abbr. | Type | #Dim. | Policy NN Model

Ant [46] AT L 60 | 60:256:128:64:8
Anymal [16] AY L 48 | 48:256:128:64:12
BallBalance [24] BB L 24 | 24:256:128:64:3
FrankaCabinet [19] FC F 23 | 23:256:128:64:9
Humanoid [46] HM L 108 | 108:200:400:100:21
ShadowHand [34] SH R 211 | 211:512:512:512:256:20

Gym for an asynchronized (Async.) DRL training study Isaac
Gym + MSRL A3C as IG (A3C).

Implementations: GMI-DRL is available'. For evaluation,
we choose several baselines: 1) IG (PPO) in multi-GPU serv-
ing is to directly scale the Isaac Gym serving to multi-GPU
platforms with one serving process per GPU. 2) IG (PPO) +
NCCL is for Sync. DRL training in data parallelism and uses
NCCL [28] as the communication backend and this is also the
only distributed version officially supported by Issac Gym. 3)
IG (PPO) + Horovod is also for Sync. DRL training in data
parallelism, and uses Horovod [40] as the communication
backend. 4) IG (A3C) is for study on Async. DRL training,
where policy serving and policy training are running concur-
rently on different GPUs. 5) Ray is the framework for DRL
training. To compare with Ray [27], we select the officially
optimized multi-GPU PPO training examples in RLLib [23]
of Ray. For all baselines, we manually adjust the simulation
batch size (i.e., num_env) of each DRL benchmark to reach
its peak throughput by using each GPU exclusively. The con-
figurations (num_env and GMIperGPU) are generated with
Algorithm 1.

Platforms & Tools: We use a DGX-A100 [29] (including
8xXNVIDIA A100 GPUs and Dual AMD Rome 7742 CPUs
with a total of 128 cores@2.25 GHz). For environment simu-
lation, we leverage NVIDIA Isaac Gym [24]. We use PyTorch
(v3.8) [35] to build the policy model, and NCCL (v2.8.4) [28]
and Gloo [10] (commit a@1540¢) to build the GMI-based
communication layer. To measure the performance, we lever-
age the nvidia-smi tool and PyTorch runtime profiler. The
throughput metric of DRL serving and Sync. DRL training is
the training samples (simulation steps) per second [24].

4.1 Opverall Performance

DRL Serving Figure 9a shows how with the help of our
GMI-oriented design, the overall throughput of policy serv-
ing can be improved (up to 2.62x, averaged 2.08 x) across
settings with different numbers of GPUs. Based on our de-
tailed profiling results, our GMI-based design can improve
GPU utilization (up to 45.7%, averaged 27.9%) compared
with the state-of-the-art Isaac Gym. This also demonstrates
GMI-DRL to maximize GPU utilization and performance.
Sync. DRL Training We conducted two experiments.
Compared with IG (PPO) + NCCL: Figure 9b demonstrates

Ihttps://gitlab.com/YK-Wang96/gmi-drl-ae.git

that GMI-DRL with the optimal GMI planning can achieve
up to 2.07x (averaged 1.69x) throughput compared to Isaac
Gym + MSRL with NCCL under the same number of GPUs.
In the more complex DRL setting with a higher number of con-
current simulations and state/observation dimensions, GMI-
DRL demonstrates more benefits. This is because of our ef-
fective resource planning to maximize the performance gains
from available GPU resources, resource isolation to minimize
execution interference and communication support to syn-
chronize policy gradients among different training copies. In
addition, our profiler shows that GMI-DRL improves GPU
utilization by up to 40.8% (31.8% on average). Such an im-
provement can help users save evident cloud service costs
under the same training throughput.

Compared with IG (PPO) + Horovod: Figure 9c shows that
GMI-DRL outperforms Isaac Gym + MSRL with Horovod
backend with up to 2.34x (averaged 1.72x) training perfor-
mance throughput. We also notice that there are performance
differences between NCCL and Horovod baselines. It can be
attributed to the way of updating the policy model parameters.
The NCCL-based designs rely on separate gradient reduc-
tion and PyTorch optimizer, while the Horovod-based designs
manage their own distributed optimizer including both gra-
dient reduction and the distributed model update. Besides,
we notice the superlinear speedup number achieved by GMI-
DRL in this experiment. This is mainly due to the combined
effects of scaling up with multiple GMIs per GPU and scaling
out with multiple GPUs. This implies that only focusing on
optimizing communication is insufficient to exploit the full
potential of multi-GPU platforms.

Async. DRL Training We compare GMI-DRL with IG
(A3C) in Async. DRL training. We measure predictions per
second (PPS) and the training samples throughput (TTOP)
as [25]. Figure 10 shows that with the help of our GMI-based
design and the throughput optimized experience transferring
technique, GMI-DRL can achieve averaged 1.88x PPS and
1.65x TTOP over non-GMI baseline on 2 and 4 GPUs. This
result shows the importance of collaboratively improving the
performance of experience collection and experience sharing
for Async. DRL training. Our additional study reveals that
channel-based experience sharing (§3.2.2) with the searched
optimal package grouping plan would contribute to 24% of
overall performance improvement.

4.2 Comparison with Ray

We compare GMI-DRL with Ray RLLib (leveraging Ope-
nAlI Gym) on its expert-tuned multi-GPU PPO implementa-
tion [36]. Specifically, for our GMI-DRL design, we replace
our Isaac Gym with OpenAl Gym [3] on several benchmarks
(including Ant and Humanoid, which are from MuJoCo [46]).

Our result shows that GMI-DRL outperforms Ray evidently
in training throughput (up to 62%). Despite that the Ray actor
can leverage partial GPU (in percentage) for policy model
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Figure 9: End-to-end computation throughput comparison for (a) DRL serving, (b) Sync. DRL training with NCCL, and (c) Sync.
DRL training with Horovod. Note that computation throughput is normalized w.r.t. Isaac Gym+MSRL (/G) on a single GPU.
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Figure 11: Training comparison with Ray on 8 x A100.

inference (action prediction) to collect experience, for scaling
policy training, Ray still has to follow the conventional one-
to-one mapping between trainers and GPUs and leverage
NCCL/Horovod for communication [37]. Therefore, Ray can
only utilize GPUs in a fixed yet coarse-grained manner during
the training, missing the opportunities to harness spare GPU
resources. When we retarget our existing design to other
simulators, we need to consider 1) placement of simulators on
CPUs or GPUs depending on their property and computation
efficiency, and 2) layout/topology of simulators based on their
connected channels (e.g., NVLink and PClIe). Our design
can flexibly accommodate such change by tailoring design
parameters in our existing communicators and coordinators.

4.3 Additional Study

Multi-Node (Machine) Scaling As shown in Table 5, we
compute the normalized throughput for multi-node w.r.t.
single-node Sync. DRL training. We consider the settings
of 1, 2, 4, and 8 nodes with (a) 1 GPU per node and (b) 2
GPUs per node. The throughput improvement from GMI-
DRL remains consistent in the multi-node settings, which
reaches an average of 83% of the ideal (linear) scaling per-
formance. This demonstrates that our collective composition
and its optimization technique can effectively adapt towards
multi-node policy gradient synchronization by considering

Table 5: Multi-node scaling with (a) 1 GPU per Node and (b)
2 GPUs per Node on Sync. DRL training.

1 GPU/Node | 1-node | 2-node | 4-node | 8-node

BB 1.00x 1.84x 3.28% 7.16%
HM 1.00x 1.71x 2.87x% 6.67 %
2 GPUs/Node | 1-node | 2-node | 4-node | 8-node
BB 1.00x 1.83x 3.18x 7.04x
HM 1.00x 1.61x 2.72x 6.44 x

Table 6: Throughput on Collective Composition.

Benchmark 2G3T (m = 3) 4G3T (m = 3)
Baseline | GMI-DRL & | Baseline | GMI-DRL &
AT 319,699 320,925 | 2 | 529,081 533,018 | 2
HM 415,280 425,641 | 1 | 621,871 636,339 | 1
SH 283,918 284,492 | 3 | 485873 486,209 | 0

the intra- and inter-node GMI layout hierarchy and combining
different inter-GMI communication options.

Collective Composition We also demonstrate the effective-
ness of GMI-tailored Collective Composition. Our baseline is
IP-only. We choose three settings, including (i) 2 GPUs with
3 Trainers per GPU (2G3T); (ii) 4 GPUs with 4 Trainers per
GPU (4G4T). Table 6 indicates that our collective composi-
tion can bring evident throughput benefits for DRL training
on different policy models. Our Algorithm 1 identifies the
right choice for k to maximize communication efficiency. This
indicates that our communication optimization can pinpoint
the composition plan that will maximize the efficiency of
different primitives on various types of interconnects.

Task-aware GMI Mapping We empirically demonstrate
our mapping choice comparison for DRL serving (Table 2)
and Sync. DRL training (Table 3). Results in Figure 12 show
that 1) for DRL Serving, our DP-only design achieves sig-
nificant throughput improvements (average 110%) with mi-
nor memory resource penalty (average 9.5%); 2) for Sync.
DRL training, co-locating experience collection and trainer
achieves significant throughput improvements (287.5% on
average) with a minor memory resource penalty (averaged
6.5%) compared with DP-MP (EA-T). Note that for DRL
benchmarks (other than Isaac Gym), our theoretical and ex-
perimental analysis methodology can still be applied but the
mapping decisions could vary depending on the internal sim-
ulator implementation and policy model choices, which bring
different performance-resource tradeoffs.
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Figure 12: Throughput performance and Memory consump-
tion on (a) DRL serving and (b) Sync. DRL training.
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Saturation Metric & Memory Projection We analyze the
Saturation (Sat) (Algorithm 1) metric in a single Sync. DRL
training instance. Figure 13 shows that with the increasing
#environment per training instance, the overall throughput
will first increase, and then it will increase slowly or even
show some decrease (e.g., HM at 32,768 environments). This
is mainly due to the complex physics computation in the DRL
simulator that cannot scale well to generate large-size data
batches. This also justifies using such DRL-specific through-
put increase-saturation property to determine an early stop of
parameter search. We also evaluate our memory projection
model (Equation 4). Figure 14 shows that our memory pro-
jection model can effectively predict memory cost given the
#environment with minor deviation, indicating its usefulness
in joint configuration optimization.

5 Related Work

Individual DRL Libraries: Seed RL [9] introduces modern
scalable RL agent. Acme [14] provides modularized libraries
for building and scaling DRL applications. WarpDrive [21]
is a lightweight and open-source library to accelerate sin-
gle and multi-agent DRL simulation performance on GPUs.
Isaac Gym [24] from NVIDIA Omniverse [32] represents the
state-of-the-art GPU-based DRL acceleration design, which
significantly outperforms its CPU-based counterparts [3] and
GPU-based solutions [21] in terms of its simulation through-
put. GMI-DRL focuses on adaptive-grained DRL tasks map-
ping and scheduling are orthogonal and complementary to
these existing libraries for specific DRL tasks like simulation.

Holistic DRL Systems: Ray [27] is a distributed comput-
ing framework for emerging DL applications including DRL
(RLLib). PodRecer [13] introduces a unified scaling architec-
ture for DRL on TPU-based systems. TLeague [43] targets
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DRL scaling on hybrid CPU and GPU clusters for Multi-
Agent Reinforcement Learning. MSRL [52] is the state-of-
the-art DRL computing framework that features dataflow frag-
ments for individual DRL functions on CPUs/GPUs. However,
MSRL still relies on off-the-shelf communication infrastruc-
tures (e.g., NCCL) for scaling the DRL computation and it can
only support very limited options of computation granularity
in its DRL fragments on GPUs. For instance, the MSRL frag-
ment plan can only allow one DRL simulator/learner on one
GPU. Additionally, MSRL relies on hard-coded manual con-
figuration and requires expert users to adapt to different DRL
models/inputs. GMI-DRL opens up an all-new dimension by
enabling adaptive-granular parallelism at the sub-GPU level
that will enlarge the design space of those existing systems.

6 Discussion

Our work is the first one investigating the design choices
of DRL training and serving for a multi-GPU system. We
would like to highlight some key design insights and technical
contributions.

Observations. Several observations are drawn through our
initial investigation: (a) MIG (Multi-instance GPU) allows
strict resource isolation through the full hierarchy (memory,
cache, interconnect, SMs) to avoid potential resource compe-
tition, but has explicit limitations on communication, thus is
more suitable for DRL serving; (b) MPS (Multi-Processing
Service) does not enforce resource isolation among agents, but
can be more flexible at communication, thus is a better choice
for training, given the necessity to collect data from distribu-
tive GMI instances; (c) Overall, for single-node scaling-up,
until the communication hurdle can be well-addressed by the
vendor, MPS is more preferred for the implementation.

Architecture. Despite the use of spatial multiplexing in
the prior CPU work, the GPU-based spatial multiplexing is
relatively new (e.g., MIG). GPU spatial multiplexing is de-
signed to support diverse and independent GPU applications
while guaranteeing their quality of service. There is a trend to
keep and consistently improve this feature in future hardware
(e.g., HI00/H200), and other GPU vendors also follow a sim-
ilar trend (e.g., AMD MI200 GPU requires at least two MPI
processes to fully utilize the GPU resources).

Software/Application. GPUs have now become a more
generic accelerator, and many real-world applications (e.g.,
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DNN inference) intrinsically cannot fully utilize GPUs. To
maximize its utilization, existing work leverages MIG for
scaling up simple applications, which just matches the initial
design objective of MIG. However, we target complex DRL
training with GPU underutilization and interaction/commu-
nication among different components. These challenges are
outside the scope of MPS/MIG and demand careful resource/-
workload planning and efficient communication support.

Performance. Our design evidently outperforms the state-
of-the-art Isaac Gym and would facilitate the quick/wide de-
ployment of DRL at scale. The performance regarding differ-
ent DRL design choices, as well as these observations, are
not reported by any existing works.

7 Conclusion

This paper introduces GMI-DRL, the first system to scale
multi-GPU DRL with adaptive-grained parallelism. GMI-
DRL includes a novel design of resource-efficient GPU mul-
tiplexing instances (GMIs), highly efficient communication
support across GMIs, and an adaptive GMI management strat-
egy to meet various demands of DRL training. Experiments
demonstrate GMI-DRL advantages across various settings
over the state-of-the-art DRL frameworks.
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