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Abstract—The emerging trend of the convergence of high
performance computing (HPC), machine learning/deep learning
(ML/DL), and big data analytics presents a host of challenges
for large-scale computing campaigns that seek best practices
to interleave traditional scientific simulation-based workloads
with ML/DL models. A portfolio of systematic approaches to
incorporate deep learning into modeling and simulation serves a
vital need when we support AI for science at a computing facility.
In this paper, we evaluate several strategies for deploying deep
learning surrogate models in a representative physics application
on supercomputers at the Oak Ridge Leadership Computing
Facility (OLCF). We discuss a set of recommended deployment
architectures and implementation approaches. We analyze and
evaluate these alternatives and show their performance and
scalability up to 1000 GPUs on two mainstream platforms
equipped with different deep learning hardware and software
stacks.

Index Terms—AI surrogate model, HPC Simulation, SmartRe-
dis

I. INTRODUCTION

Traditionally, simulation and model-based applications
dominate high performance computing (HPC) scientific cam-
paigns. With the growth of machine learning (ML) especially
deep learning (DL), data and learning is gradually being
recognized as both a peer and a catalyst to accelerate sci-
entific discovery process. There are several use patterns for
combining simulations and learning depending on the extent
of exchange of results and data between one modality (e.g.,
simulation) to another (e.g., training or inference). In one of
the earliest examples of large-scale deep-learning campaigns,
DL was used in a solely stand-alone mode of operation,
learning from collected data to extract patterns to train classi-
fication models[1]. Alternatively, in a complementary mode of
operation, deep learning may operate on large data produced
by a simulation which are easy to label and thus support
learning, or from observational data from instruments which
inform parameters for simulation campaigns. Such ML/DL
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training can scale up to the full supercomputers [2, 3]. Finally,
in an interleaved mode of operation for a within-a-campaign
smart simulation, online learning (e.g., anomaly detection for
early termination of a large simulation job [4]) or learning-
simulation interleaved computing (e.g., steering through a
large search space [5]) can accelerate the overall computational
campaign. In this case, when we work with large simulations
with bottleneck kernels, ML surrogate models can enable
larger size and/or longer time scale. In this paper, we focus on
integrating such surrogates within HPC simulation campaigns.

At Oak Ridge Leadership Computing Facility (OLCF),
we encounter learning applications across the spectrum –
from standalone distributed DL training [6] to interleaved
AI/ML modeling and simulation [7]. We find that an attractive
and natural approach to use resources at extreme scale is
incorporating the interleaving approach by deploying AI/ML
surrogate models into the simulation campaign. While there is
already a Gordon Bell winning application [8] using surrogate
modeling in a large-scale molecular dynamics simulation
(which uses a DL framework built-in API (TensorFlow C++
API)), a systematic exploration on how best to deploy DL
surrogates at scale is lacking. Through a real thermodynamics
simulation application for materials science, we conduct an
extensive evaluation of surrogate modeling approaches. Our
contributions are the following:

• We systematically evaluate different deployment strate-
gies for surrogate modeling in simulations on heteroge-
neous HPC platforms. We offer recommendations on the
best approaches and practices based on the latency and
throughput requirements of the applications.

• We demonstrate three types of implementation of in-
tegrating DL surrogate models with simulation appli-
cations, including framework built-in API, framework
inference server, and third-party API.

• We develop a set of surrogate models for a real Monte
Carlo application for thermodynamics calculation in ma-
terials science, and show its performance and scalability
up to 1000 GPUs.

• We compare the performance of surrogate modeling on
two platforms and DL stacks, one on Nvidia GPUs and
CUDA, and the other on AMD GPUs and ROCm.

The rest of the paper is organized as follows: in Section II,



we briefly review the background on the example application
and the developed surrogate models. We then provide details of
our deployment architectures and implementation methods in
Section III, and present the evaluation results in Section IV.
We discuss the generalizability of our observations in Sec-
tion V, and conclude in Section VI.

II. BACKGROUND

A. Monte Carlo Simulation

Monte Carlo (MC) Simulation is an important numerical
methods-driven computational strategy that has been used
widely in quantum physics [9], nuclear physics [10], materials
science [11], etc. It typically involves a repetitive sampling of
the same targeted function (e.g., energy). Depending on the
cost of function evaluation (e.g., ab intio or empirical), the
state-of-the-art results often demand exponentially expensive
computations (e.g., [9]). Therefore, there is a need and an
opportunity to derive machine learning based surrogate models
[12, 13] to replace the expensive function evaluations.

We focus our study on the MC-based thermodynamic cal-
culation in materials science as the application to evaluate
various deployment strategies for surrogate modeling [11].
We consider a real high-entropy alloy system, a MoNbTaW
alloy, which has attracted a lot of attention [14] recently.
Each type of atom has equal molar concentration on a body-
centered cubic (BCC) lattice. The probability of an N atoms
configuration X = {xi}N at temperature T follows the
Boltzmann’s distribution exp(−E(X)/kBT ) where E is the
total energy of the configuration and kB is the Boltzmann
constant.

To accelerate the sampling, replica of alloy systems at
various T s are simulated simultaneously via replica exchange
MC simulations [15] with the following transition probability
between replica m and n,

W ({Xm, Tm}|{Xn, Tn}) = min [1, exp(−4)] , (1)

where

4 = (1/kBTn − 1/kBTm)(E(Xm)− E(Xn)) (2)

Within each replica, an atom i is exchanged with
its neighbor j according to classical Metropolis
sampling with the acceptance probability Pij ∝
min [1, exp(−(E({xi, xj})− E({xj , xi}))/kBT )].
Therefore, each MC step consists of an atom pair exchange
trail for each atom with its neighbors and a replica exchange
trail among different T s. The computational complexity of
MC sampling is hence ∼ O(N2).

The cost of a MC step depends on how E is calculated.
For fully first-principle based E, the computation campaign
[16] is not affordable even with a current supercomputer. We
have built machine learning regression models [13] using data
from high-fidelity quantum-mechanical calculations. In this
study, we train deep learning models of various sizes on the
same dataset to show the considerations of deploying surrogate
models.

TABLE I
DEEP LEARNING SURROGATE MODELS FOR THE ENERGY EVALUATION OF
MONBTAW ALLOY. THE ARCHITECTURE IS GIVEN BY THE NUMBER OF

NODES IN EACH HIDDEN LAYER (E.G. 128X2-64X2 MEANS 2 HIDDEN
LAYERS EACH WITH 128 NODES FOLLOWED BY 2 HIDDEN LAYERS WITH
64 NODES), AND IT IS THE SAME FOR EACH OF THE FOUR ELEMENT. THE
R2 SCORE IS THE AVERAGED MODEL PERFORMANCE OF ALL ELEMENTS.

name architecture # parameters R2 score
FP32 mixed

tiny 24-24 5,257 0.991 0.988

small 128x2-64x2
-24x2 55,817 0.991 0.992

mdedium 200x11 440,801 0.994 0.992

large 512x6-256x6
-128x6-64x6-32 2,019,009 0.994 0.993

B. Surrogate Modelling

Following the effective pair interaction formulation [13],
the energy E can be expressed as the summation of the
pair interaction of each atom with its neighboring atoms
within some cut-off radius. Therefore, for an atom specie i, a
model can be established from the neighboring atoms (input)
to the subsystem energy Ei (target). The advantage of this
formulation is that the same model can be applied to the alloy
with different number of atoms.

In Table I, the details of our models and its performance
are listed. All models follow the multilayer perceptron (MLP)
network architecture. For the potential modeling, MLP is
commonly used [8, 12] because the input features are usually
well-defined physically quantities and the feature extraction
operation such as convolution is not needed. In fact, the
latest breakthrough in quantum potential modeling brought by
DeepMind[17] is also built upon a MLP model. One thing
to consider in choosing the size of hidden nodes is that a
multiplier of eight is enforced to satisfy the requirement of
DL specific acceleration engines (e.g., Tensor core in Nvidia
GPUs).

Depending on the number of hidden layers and nodes, our
model size ranges from 5K to 2M parameters. Comparing
to exploding model sizes in learning, those models are on
the small side, but they are of typical sizes[8, 12, 13, 17] in
modeling energy potentials, where the input nodes are often
limited given the interaction range. In fact, due to the near
linear interaction of MoNbTaW alloy, the tiny model of 5K
parameters seems to be sufficient, and the exploration of other
models is mainly to show the effect of model size on the
deployment. On the other hand, potential modeling usually
requires a high threshold on the model accuracy because
of the accumulative effect (i.e., summation of subsystems).
Given our energy function is the sum of the surrogate model
for each element, the small improvement in model accuracy
has a magnified effect on overall simulation accuracy. Before
model deployment, the first step is to optimize the computation
defined in the model, which is discussed as follows.

Model Optimization 1) The models are usually generated
from a python training code, and may contain training-only



operations (e.g., checkpoint saving) and variables. Hence the
first step is to freeze and optimize (e.g., remove unused
operations, fuse common operations) the computation graph
in the model. For TensorFlow, this can be achieved with
framework provided utilities such as freeze_graph and
optimize_for_inference. 2) By default, the training
is performed in single precision (FP32), so the inference is
also in FP32. To take advantage of extra boost from the
accelerator, the model should be trained in mixed precision
(e.g., mixed_precision policy in TensorFlow). Some care
is needed for regression task such as potential modeling.
3) The input data for the inference needs to be transferred
to the accelerator, so the proper data type should be cho-
sen to reduce the overhead of data transfer. In our case,
because the inputs for the energy model are neighboring
atom species, we use numpy.uint8 in python for training
and tensorflow::DT_UINT8 and uint8_t in C++ for
inference. Further data packing is possible.

III. DEPLOYMENT ARCHITECTURES AND METHODS

Fig. 1. Illustration of deployment architectures for integrating machine
learning (ML) surrogate models with simulation (Sim) applications. Tightly
coupled: single executable, one-to-one mapping to accelerator; Semi tightly
coupled: separate executable, one-to-one or many-to-many mapping in single
machine via ML server (MLS); Loosely coupled: separate executable, many-
to-many mapping in different machines.

A. Architecture Overview

Given the trend of increasing number of heterogeneous
supercomputers in HPC [18], especially for deep learning
oriented systems, we consider the deployment scenarios for
the accelerator (e.g., GPU) based machines, which OLCF has
deployed at world-leading scales in its recent leadership-class
supercomputers.

In terms of the architecture for deploying the surrogate mod-
els in simulation, there are three primary types of deployment
which are illustrated in Fig. 1:

1) tightly coupled, where a single executable is responsible
for both simulation (Sim) and machine learning (ML)
inference. This often leads to a one-to-one mapping
between the process and the accelerator.

2) loosely coupled, where Sim and ML server (MLS) exe-
cutables are running at different communication regions
(e.g., different machines). Many accelerators managed
by the MLS forms a many-to-many mapping with the
Sim processes.

3) semi tightly coupled, where Sim and MLS are running
separately but on the same machine. Depending on
the number of accelerators in a node and performance
considerations, it can be either one-to-one, many-to-one,
or many-to-many mapping.

We examine how we can map the workflow of MC sampling to
these configurations. For most MC applications, the proposal
generation (i.e., generation of new configurations of alloy in
our case) is usually cheap. Since there is often a sequential
dependency (e.g., in Markov Chain MC), the simulation is
more suited on CPU with expensive kernels offloaded to the
accelerator. For our MC application, the simulation is per-
formed on CPUs and the surrogate model inference is executed
on GPUs, and we consider all three types of deployment
configurations.

Based on the architecture illustrated in Fig. 1, we discuss
various implementation methods, including using DL frame-
work built-in APIs, framework inference serving APIs, and
third-party (SmartRedis[19]) serving APIs. The pseudocodes
are in TensorFlow/SmartRedis syntax.

B. Framework built-in APIto Include DL Components

Although most developers interact with DL frameworks
via a Python interface, the popular frameworks such as
TensorFlow and PyTorch do also offer C++ API sup-
port. As illustrated in Impl 1, the first step is to use
tensorflow::LoadSavedModel to load the pre-trained
models, assuming it is saved in the SavedModel format.
Then, the model prediction can be invoked by providing the
Tensor input data, and the name of input and output nodes,
which can be obtained with saved_model_cli utility. The
key computation kernel for energy evaluation is hence summed
over the model inferences for each element in the alloy.

There are several advantages of using a framework’s built-
in API: 1) it is easy port to different hardware (e.g., from
Nvidia GPU to AMD GPU) given the framework’s C++ API
is readily available, 2) it usually provides the best inference
latency because it is compiled into the application code itself,
and 3) it is easy to maintain and deploy given the single
application executable. On the other hand, such deployments
lack deeper flexibility in resource management, and can result
in poor utilization and throughput.

C. Inference Server

In addition to the C++ API, DL frameworks also provide
inference serving, which is usually utilized in commercial
production settings. In HPC, we can take advantage of the
inference server to better manage the resources, especially for
heterogeneous systems. To use the TensorFlow Serving, the
first step is to launch the tensorflow_model_server
with specified model_config_file, which contains the



Implementation 1 Use TensorFlow C++ API
1: function LOADMODEL(string ModelPath)
2: tensorflow::SessionOptions SessOpt
3: tensorflow::RunOptions RunOpt
4: tensorflow::SavedModelBundle Model . Get model path, and

setup session and run op-
tions

5: tensorflow::LoadSavedModel(SessOpt, RunOpt,
ModelPath, {”serve”}, &Model) . load pre-trained model

6: return Model
7: end function

8: function PREDICT(tensorflow::SavedModelBundle Model, tensorflow::Tensor In-
puts)

9: tensorflow::Tensor Inputs . input tensor
10: vector<tensorflow::Tensor> Outputs
11: string InputNode
12: string OutputNode . input and output nodes

13: Model.GetSession().Run(data, {OutputNode}, {}, &Outputs)
14: return Outputs
15: end function

16: function ENERGY
17: for i← 0, Nelements do
18: Modeli ← LOADMODEL(Pathi)
19: end for

20: for i← 0, Nelements do . Add energy by element species
21: tensorflow::TensorShape DataShape
22: tensorflow::Tensor Inputs(tensorflow::DT UINT8, DataShape)
23: for j ← 0, Nneighbors do
24: Inputs← Atom[i][j]
25: end for
26: Outputs = PREDICT(Modeli,Inputs)
27: Energy ← Outputs
28: end for
29: return Energy
30: end function

model name, file path, and platform (e.g., TensorFlow or
ONNX). Therefore, in the client code, as shown in Imple-
mentation 2, there is no need to load the model and the
PredictionService API can be directly invoked once
a connection (preferably with gRPC, which is generally faster
than HTTP) is established with the server. The compilation
of the client code, however, is potentially more cumbersome
because it is coupled with the server code. Unlike the Tensor-
Flow C++ API where a shared library and header files are
provided, the TensorFlow Serving has tighter dependencies
on the versions of Protocol Buffers and TensorFlow, hence
requires to be first “converted” with Protocal Buffers compiler
protoc into C++ files and then compiled together with the
client code.

In practice, to achieve a better load balance especially in
the cases of many-to-many mapping (See Fig. 1), we utilize
HAProxy to monitor servers, each binding to an accelerator,
as shown in Fig. 2, which has been shown [20] to perform
well for a Python-based deployment.

The advantages of using TensorFlow Serving include: 1) it
provides more flexibility in managing the resources since it de-
coupled the client from the server processes, 2) it can achieve
a better inference throughput, and 3) it can support multiple
applications simultaneously. On the other hand, considering
the delicate dependencies and compilation, the maintenance
cost is relatively high.

Implementation 2 Use TensorFlow Serving
1: function ENERGY
2: Host← server ip : port
3: for i← 0, Nelements do
4: Stubi ← tensorflow::serving::PredictionService::NewStub(

grpc::CreateChannel(Host, grpc::InsecureChannelCredentials()))
5: end for

6: for i← 0, Nelements do . Add energy by element species
7: tensorflow::serving::PredictRequest predictRequest
8: tensorflow::serving::PredictResponse Outputs
9: grpc::ClientContext context

10: predictRequest.mutable model spec().set name(Modeli)
11: predictRequest.mutable model spec().set signature name(”serving default”)
12: for j ← 0, Nneighbors do
13: predictRequest.mutable inputs()← Atom[i][j]
14: end for
15: Stubi.Predict(&context, predictRequest, &Outputs)
16: Energy ← Outputs
17: end for
18: return Energy
19: end function

Fig. 2. The inside view of machine learning server (MLS) with load balancer
and TensorFlow Serving (TFS).

D. Third-Party API

Besides framework’s utilities, there are third-party libraries
such as Nvidia Triton, RedisAI, etc, but they are typically
not designed with consideration for the integration with
HPC simulation applications. SmartRedis, built upon Redi-
sAI, addresses this particular need with support for C++
and Fortran. In Implementation 3, we show the steps to
use SmartRedis in the client code. Similar to TensorFlow
Serving, the service needs to be launched with redis-
server, specifying the port and RedisAI module. The Redis
server manages a distributed in-memory database, and Re-
disAI enables the locality-aware inference operation within
the database. Therefore, in the client code, once the model
is registered with set_model_from_file, there are 3
explicit steps to complete the inference, i.e., transferring
the inputs to the server with put_tensor, invoking the
prediction with run_model, and obtaining the results with
unpack_tensor.

The advantages of SmartRedis includes: 1) it simplifies the
integration with HPC applications. 2) it enables the online
analytics with the distributed in-memory database. 3) it sup-
ports both DL and ML frameworks (e.g., SciKit-Learn). On
the other hand, it may not offer the best performance in terms
of latency and throughput.



Fig. 3. Tightly-coupled deployment with TensorFlow built-in API. The inference throughput for surrogate models (tiny, small, medium, and large) in a Monte
Carlo simulation on both Summit (per V100) and Crusher (per GCD of MI250X). Each model is in FP32, FP32 with graph optimization (FP32-opt), and
optimized mixed precision (Mixed-opt).

Implementation 3 Use SmartRedis/RedisAI
1: function ENERGY
2: SSDB ← redis host ip : port
3: SmartRedis::Client* clients[Nelements]
4: for i← 0, Nelements do
5: Clienti.set model from file(modeli, pathi, ”TF”, ”GPU”, batch size,

mini batch size, ”hea”, {”x”}, {”Identity”})
6: end for

7: for i← 0, Nelements do . Add energy by element species
8: uint8 Data[]
9: data key ← ”data i”

10: outputs key ← ”energy i”
11: for j ← 0, Nneighbors do
12: Data← Atom[i][j]
13: end for
14: Clienti.put tensor(data key, Data, NT[t], Nneighbors*(NE-1), SmartRe-

dis::TensorType::flt, SmartRedis::MemoryLayout::contiguous))
15: Clienti.run model(modeli, {data key}, {outputs key})
16: Clienti.unpack tensor(outputs key, Outputs.data(), NT[t], SmartRe-

dis::TensorType::flt, SmartRedis::MemoryLayout::contiguous)
17: Energy ← Outputs
18: end for
19: return Energy
20: end function

IV. EVALUATION

A. Experiment Setup

Hardware To evaluate the performance of various
surrogate-model deployments, we execute the integrated ex-
ample MC application on both the Summit supercomputer [21]
and a early-access testbed system for Frontier called Crusher
[22]. Each Summit node is equipped with 6 Nvidia Volta GPUs
(V100) and 2 IBM Power9 (P9) CPUs. Pairs of 3 V100s are
fully connected with NVLink fabrics of 50 GB/s bandwidth,
and nodes are then connected via EDR InfiniBand with a
capability of 25 GB/s. Crusher is a development system with
an architecture identical to Frontier’s but at a smaller scale

(192 nodes). Each Crusher node is equipped with 4 AMD
Instinct MI250x GPUs (dual Graphics Compute Die (GCD)
) and 1 3rd Gen EPYC CPU. All 4 MI250x are connected
with each other using 50 GB/s Infinity Fabric, and nodes are
connected via Slingshot-11 with 100 GB/s.

Software To compare different deployment strategies, all
the evaluations are performed for the same TensorFlow mod-
els, although other model formats are also supported by
TensorFlow Serving and SmartRedis. TensorFlow V2.4.1 and
SmartRedis v0.2.0 along with CUDA v11.0.3 and cuDNN
v8.0.4 are utilized on Summit, and TensorFlow v2.5.0 with
ROCm v4.5.0 are utilized on Crusher.

The evaluation metrics include the inference throughput
(aggregated MC samples per unit time, MC samples/s) and
latency (time taken for an MC update), as well as the scaling
efficiency in terms of the surrogate model inference and time-
to-solution for the overall application. The following studies
cover all three types of implementation approaches (i.e., Im-
plementation 1,2, and 3) under four deployment architectures
(See Fig. 1).

B. Results

Since the communication is among simulation processes,
and ML clients and inference servers, we focus our attention
on the single node performance for one-to-one deployment of
both tightly and semi-tightly coupled design. Then we evaluate
the cross-node performance for loosely coupled architecture,
and finally scale up the application to over 1000 GPUs.

Tightly-coupled deployment In this scenario, the simula-
tion process manage the inference directly and each process
binds to a GPU (one-to-one). Following the Implementation 1,
in Fig. 3, the per device throughputs (in MC samples/s)



Fig. 4. Tightly-coupled deployment with TensorFlow built-in API. The GPU
utilization for surrogate models (tiny, small, medium, and large) in a Monte
Carlo simulation on both Summit and Crusher.

are plotted for both Summit and Crusher. With model opti-
mization, including freezing and optimizing the computational
graph and using mixed precision, about 10% improvement
are obtained for these types of MLP models. As the model
size increases 3 orders of magnitude from thousands (tiny) to
millions (large), the throughput decreases to about 1/3. For
every model size, Crusher (per GCD of MI250X) outperforms
Summit (per V100) by up to 15%, hence the overall speedup of
MI250X is about 2.3X, which is reflected in the GPU utiliza-
tion as well, as shown in Fig. 4. Note that the thermodynamic
quantities evaluated with the same model on both platform,
and the outputs are identical.

Semi tightly coupled deployment (one-to-one mapping)
In this scenario, the inference is managed by a separated
service (Implementation 2 and 3), and the simulation process
sends the inference request via the client API. Comparing
to the single-process tightly coupled approach, the client-
server setup can incur additional overhead even when each
client has a dedicated server. To improve the latency, we take
advantage of client-server concurrency by adding OpenMP
threading so all atom species (4 for MoNbTaW alloy) infer-
ences can be executed simultaneously. Note that this is not
specific to our MC application because the batch dimension
can be generally divided into mini batches to increase the
concurrency. As shown in Fig. 5, adding more clients for
TensorFlow Serving significantly improve the overall latency
for the energy function evaluation, but comparing to the
tightly coupled case, it takes up to twice of time even
though the difference decreases as the model size increases.
For SmartRedis (see Fig. 6), the latency is generally better
than TensorFlow Serving, and can achieve about 85% of
the best performance. In Fig. 7, we further break down the

Fig. 5. Semi tightly-coupled deployment (one-on-one mapping) with Tensor-
Flow Serving. The latency for surrogate models (tiny, small, medium, and
large) in a Monte Carlo simulation on Summit. Models (mixed precision) are
concurrently executed with 1, 2, and 4 OpenMP threads.

Fig. 6. Semi tightly-coupled deployment (one-to-one mapping) with SmartRe-
dis. The latency for surrogate models (tiny, small, medium, and large)
in a Monte Carlo simulation on Summit. Models (mixed precision) are
concurrently executed with 1, 2, and 4 OpenMP threads.

timing for each step of an inference invocation, i.e., sending
input data (put_tensor), executing model (run_model),
and retrieving the result (unpack_tensor). As model size
increases, the time for data transfer remains constant because
the input and output data size is fixed, and the percentage
on the model inference increases. For models with hundreds
of millions or more parameters, the cost of same node data



Fig. 7. Semi tightly-coupled deployment (one-to-one mapping) with SmartRe-
dis. The timing breakdown of a inference for surrogate models (tiny, small,
medium, and large) in a Monte Carlo simulation on Summit.

transfer can be negligible.

Fig. 8. Semi tightly-coupled deployment (many-to-many mapping) with
TensorFlow Serving. The inference throughput for surrogate models (tiny,
small, medium, and large) in a Monte Carlo simulation on a single node of
Summit. The inference services are running on all 6 GPUs with HAProxy
for load balancing. The simulation is running with 6, 12, 24, and 30 ranks
(clients).

Semi tightly coupled deployment (many-on-many map-
ping) In this scenario, resources are managed in physically
closed (e.g., same node) two separated groups: one for sim-

ulation processes and the other for inference services. The
clients send inference requests to a load balancer (HAProxy
in our setup), which then evenly dispatches the workload
to available GPUs. This is useful to increase the overall
application throughput. In Fig. 8, we plot the throughput for
simulating up to 30 MC sampling processes. For larger models
(e.g., large), the aggregated throughput quickly plateaus,
while for smaller models, the throughput keeps increasing,
indicating server resources not yet saturating.

Fig. 9. Loosely-coupled deployment with TensorFlow Serving. The inference
throughput for surrogate models (tiny, small, medium, and large) in a Monte
Carlo simulation on Summit up to 16 nodes (6 simulation clients per nodes).
The inference services are running on one node with HAProxy for load
balancing. The simulation is running with the rest of nodes.

Loosely coupled deployment In this scenario, a dedicated
resource (one node) is reserved for the inference services,
while the simulation is executing on separated nodes, hence
the inference requests need to be send across nodes. This is
suitable for a HPC platform with different partitions (e.g.,
CPU nodes and GPU nodes). In Fig. 9, we plot the per
client throughput up to 96 simulation clients (16 nodes on
Summit). There is a steep penalty for transferring input data
and output predictions across nodes, but the throughput seems
to be stabilised after 18 clients with some network fluctuations.

Scaling For a thermodynamics simulation of fixed MC
sampling steps, the application with surrogate models is bound
by the inference latency. Therefore, we employ the tightly cou-
pled deployment to show the overall application performance.
In Fig. 10 and 11, we plot the aggregated throughput and
time-to-solution up to 1000 GPUs on Summit and Crusher,
respectively. As expected, the inference throughput scales
linearly. The weak scaling of the time-to-solution is about 90%
on Crusher and 70% on Summit with large fluctuations, which
is likely due to network traffic on the production system.



Fig. 10. Tightly-coupled deployment with TensorFlow built-in API. The scaling of both inference throughput and time-to-solution for surrogate models (tiny,
small, medium, and large) in a Monte Carlo simulation on Summit up to 1000 V100s.

Fig. 11. Tightly-coupled deployment with TensorFlow built-in API. The scaling of both inference throughput and time-to-solution for surrogate models (tiny,
small, medium, and large) in a Monte Carlo simulation on Crusher up to 500 MI250Xs (1000 effective GPUs).

V. DISCUSSION

Although our evaluation is based on a Monte Carlo appli-
cation, the observations we draw are generally applicable to
campaigns that are set up as simulation phases exchanging data
with an ML/DL module for inference. Table II summarizes the
key points we detail below.

Usability Most developers perform DL modeling in Python,

and it is not straightforward to deploy the pre-trained models
in the C++/Fortran simulation applications. The DL framework
built-in C++ API is relatively easy to use, and provides good
portability because of good support from hardware vendors
(e.g., TensorFlow-ROCm on AMD GPUs) given DL’s popu-
larity. The exact same model trained in Python using NVidia
GPUs can be directly utilized on a C++ application on AMD



TABLE II
OVERVIEW OF THE CHARACTERISTICS OF DIFFERENT DEPLOYMENT METHODS FOR SURROGATE MODELING IN SIMULATIONS. THE LEVELS OF

USABILITY AND PERFORMANCE ARE INDICATED BY FILLED CIRCLES, WITH THE FULLY FILLED BEING THE BEST.

deployment
method

usability performance
portability flexibility concurrency latency throughput

TensorFlow C++ API
TensorFlow Serving
SmartRedis/RedisAI

GPUs without any changes. The inference server, framework
or third-party, on the other hand, may require additional
porting to support on different hardware and/or software ver-
sions. In terms of flexibility, the inference server does support
multiple deployment scenario such as many-to-many resource
mapping and multiple model formats, etc. Third-party server
such as SmartRedis can even support traditional ML models
for a Fortran application. It offers more opportunities for
resource optimization especially for heterogeneous platforms
and broader applicability.

Performance Comparing the Python interface, the frame-
work C++ API provides limited performance tuning support.
But if the application is latency-bound and there are sufficient
resources such as GPUs available, good performance can be
straightforwardly obtained via a one-to-one tightly-coupled
deployment. On the other hand, if aggregate throughput is
desired and/or the compute nodes on the platform are non-
homogeneous (e.g., CPU and GPU partitions), then inference
servers can perform better. Note that by taking advantage of
concurrent inferences, SmartRedis may achieve an effective
latency close to the framework API, and hence provide the
overall best performance by comparison.

VI. CONCLUSION

We have performed a broad suite of evaluations on inte-
grating deep learning surrogate models with simulations on
HPC platforms. We considered different deployment archi-
tectures, including tightly-coupled, semi tightly-coupled, and
loosely-coupled approaches, and evaluated their performances
in terms of throughput, latency, scaling, and application time-
to-solution. For latency-bound applications such as Monte
Carlo simulations, tightly-coupled deployment is desired. We
presented three types of implementations with associated
pseudo-code for integrating surrogate models with simulations,
including the framework built-in API, framework inference
server, and a third-party API approach. The third-party API
with SmartRedis provides good usability and better overall
performance when inference requests are made by parallel
executing threads. We showed a real application use case
with surrogate modeling for thermodynamics calculation in
materials science, and evaluated the performance with four
models with sizes ranging from a few thousand to millions
of parameters. These can serve as baseline results when
considering the cost of deploying various sizes of models.
Finally, we compared the performance of surrogate model

incorporation on two platforms and DL stacks: Summit with
Nvidia V100 on CUDA stack and Crusher with AMD MI250X
on the AMD ROCm stack. Crusher shows a ∼2.3x speedup
per device on inference, and better overall scaling for the
application.
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