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ﬂ e “Turbulence is the

most important unsolved problem of classical physics”
(Richard Feynman)

» Computational Fluid Dynamics:
Engineering and Design

» Climate
» Plasma Fusion
> ..
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F!g_ggg Computational Turbulence Modeling

RIKEN

. . ) . Reynolds-averaged Navier-Stokes
Direct Numerical Large Eddy Simulation (LES): (RANS):

Simulation (DNS): resolve large scales,

- model all scales with closures,
resolve all scales model small scales with closures

average over ensembles

= can still be costly!
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R om L for Turbulence

RIKEN

Go gle Scholar "machine learning" "turbulence” n
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R M The Simulation—-ML Continuum

Data Assimilation and Uncertainty

w/ ML ML w/ ML w/
rameters physics  Sim-inspired
closures constraints architecture
“Soft Al” “Medium Al"”
Examples Domain-  Foundation
in Surrogates PINNs specific ML Models
turbulence (9, 16, 21] [13, 20] [11] [7, 143

L4

Tendency: Larger ML models

» range of methods to combine scientific computing with ML
» focus here: inference for Sim+ML (*)

> surrogate models tend to be small!
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R M Cyrrent Approaches

Simulation Code (C, C++, Fortran) | , ML Code

%’ (Python, C++, IRs)

BICCIN

1 I e}

] <

Sim Dat g :

) \
% I training
i /
2 eights

>

usually based on intermediate representations

ML Parameters

» H3-Open-UTIL/MP [1]

> SmartSim [16] (like TorchScript, Tensorflow Graphs, ONNX, ...) [E]t:%mE]
» AlXeleratorService [15] paiE
Proposal: in-situ can be better! OFEEs
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Rom Most ML Inference is BLAS

Input Layer Hidden Layer Output Layer

H=fA(W; - X+1®by') Y=5((Wy-H+1®by')
= GEMM + activation u
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R M prohosed Approach: dalotia + Matrix Multiplication

Simulation Code (C, C++, Fortran)

eights
Siph Dhta \
dalotia
I
MTl Parameters
dalotia B
lightweight API to load tensors from scientific codes : A
= then treat inference like the GEMM calls it consists of! Ol EE
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R M Design Goals of dalotia

1. decoupling data loading from inference (no shared dependencies!)
2. avoiding copies of tensor data
3. support for multidimensional Fortran arrays (both fixed-size and allocatable)
4. extensibility towards C++ std: :mdspan
5. optional interface for C++17 polymorphic memory resources (PMR)
6. simple setup via CMake and Spack ecosystem (incl.safetensors-cpp )
7. extensibility (file formats, language bindings, ...)
E2d
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R M |nference Example

class SubgridLESNet(nn.Module):
def _ init__ (self):
super(). __init__ ()
self.fc1 = nn.Linear(10, 300)
self.fc2 = nn.Linear(300, 6)
# ...initialization...
# e.g. load from safetensors file

def forward(self, x):
x = self.fcl(x)
x = F.relu(x)
x = self.fc2(x)
return x

// [--initialize inputs, allocate output arrays...]
auto dalotia_file = std::unique_ ptr<dalotia:: TensorFile>(
dalotia::make tensor_file("./model.st"));
#pragma omp parallel
{
// [...allocate thread—local intermediate arrays...]
for (int i = 0; i < this_thread num_inputs; ++i)
for (int j = 0; j < num_hidden _neurons; ++j)
hidden[ixnum _hidden neurons + j] = bias_ 1[j];
cblas_sgemm(CblasColMajor, CblasTrans, CblasNoTrans,
num _hidden neurons, this_thread num_inputs,
num_input_features, 1.0, weight 1.data(),
num_input_features, &inputs|
this_thread inputs_start index], num_input_features,
1.0, hidden.data(), num_hidden neurons);
for (auto& value : hidden)
value = value < 0. 7 0. : value; // RelLU
// [...repeat for weight 2/bias 2..]
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R M |nference Example

type(C_ptr) :: dalotia_file pointer
real(C_float), allocatable :: weight 1(:,:), bias_1(:)

class SubgridLESNet(nn.Module): I'[...other variables...]
def  init_ (self): dalotia_file = dalotia_open_file("./model.st")
super(). __init__ () I'[...initialize inputs, allocate output arrays...]
self.fcl = nn.Linear(10, 300)
self.fc2 = nn.Linear(300, 6) ISOMP parallel
# ...initialization... do o =1, this_thread num _inputs
# e.g. load from safetensors file fcl_output(:,0) = bias_1(:)
end do
def forward(self, x): call sgemm('T’, 'N', num__hidden _neurons, &
x = self.fcl(x) this_thread num__inputs, num_input_ features, &
x = F.relu(x) 1.0, weight 1, num__input_features, inputs, &
x = self.fc2(x) num_input_features, 1.0, fc1 output, num_hidden neurons
return x fcl output = max(0.0, fc1 output) ! reLU
I'[...repeat for weight 2/bias_2...] [=] E_r
ISOMP end parallel o
[EZd e
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ﬁ M Evaluation

Comparing PyTorch and libTorch
(= TorchScript intermediate representation called from C++)
VS.
BLAS and handcrafted implementations in C++ and Fortran

» Security
» Dependency complexity
> Memory footprint
» Time-to-solution
» Energy-to-solution
many more (less measurable) aspects can be important: it
flexibility, maintainability, framework lock-in, ... y % IS
EZdHa
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Rom Experiment Setup

Input Layer Hidden Layer Output Layer

Hardware: Intel Xeon Max 9468 (Sapphire Rapids), 48 cores, HBM
Software: oneAPI toolchain, OpenBLAS, Intel PIN, likwid =]
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m@ggg Fully-Connected Dense Network Inference

learning the SGS stress tensor [21]

Input Layer, Hidden Layer, Output Layer,
n=10 m = 300 k=6
. O30
= 5,106 parameters in the model ; -
EZdHa
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m@gggg Single-Core Experiment: Fully-Connected Dense Network Inference

—+—  PyTorch (Python)
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ﬁgggg Caution: Don't trust performance counters blindly!

RIKEN

SpavxahIZTImal 1594 GFTUF /S
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m@%}!} Many-Core Experiment: Fully-Connected Dense Network Inference
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R M Convolutional Neural Network Inference

Reinforcement Learning for a Dynamic Smagorinsky Model [10]

DG Element

source: [10]
=3,293 parameters in the model

[E5EE
L
(=25
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http://creativecommons.org/licenses/by-nc-nd/4.0/

R M Convolutional Neural Network Inference

class DeepRLEddyNet(nn.Module):
def _ init__ (self):
super(). _init__ ()
self.convl = nn.Conv3d(3, 8, 3
self.conv2 = nn.Conv3d(8, 8, 3,
self.conv3 = nn.Conv3d(8, 4, 3
self.conv4 = nn.Conv3d(4, 1, 2
# [...initialization.. ]

def forward(self, x):
x = self.convl(x)
x = F.relu(x)
# [...layers 2 / 3 same.. ]
x = self.conv4(x)
x = torch.flatten(x)
output = 0.5 * F.sigmoid(x)
return output

auto convl prim _desc = dnnl:
convolution _forward::primitive _desc(
eng, dnnl::prop _kind::forward _inference,
dnnl::algorithm::convolution _auto,
adapted _input_md, convl_adapted_weights_md,
convl adapted bias md, convl adapted output md,
conv_strides, conv_yes to padding,
conv_yes to_padding);
/] L]
net.push back(dnnl::convolution forward(convl prim desc));
net _args.push back({{DNNL_ARG_SRC, convl src_memory}
{DNNL_ARG_WEIGHTS, convl _ weights memory},
{DNNL _ ARG_BIAS, convl _original _bias_memory},
{DNNL_ARG_DST, convl_dst_memory}});
/] L]
for (size_ti=0;i < netsize(); ++i) {
net.at(i).execute(s, net_args.at(i));

}
s.wait(); [= ¥
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R M Convolutional Neural Network Inference

class DeepRLEddyNet(nn.Module): do o =1, this_thread num _inputs

def  init__ (self): I'[... fill with bias...]
super(). __init__ () dol=-1,1
self.convl = nn.Conv3d(3, 8, 3, 1) don=-1,1
self.conv2 = nn.Conv3d(8, 8, 3, 0) dom=-1,1
self.conv3 = nn.Conv3d(8, 4, 3, 0) doi=27
self.conv4d = nn.Conv3d(4, 1, 2, 0) doj=1,8
# [...initialization...] dok=1,8

do ¢ = 1, size(weight_convl, 2)

def forward(self, x): do f = 1, size(weight convl, 1)
x = self.convl(x) I apply 3%3%3 stencil
x = F.relu(x) convl output(f, k, j, i, 0) = &
# [...layers 2 / 3 same...] convl output(f, k, j, i, 0) + &
x = self.conv4(x) weight _convl(f,c,m,nl) * &
x = torch.flatten(x) convl input(c, k+m, j+n, i+l, o)
output = 0.5 * F.sigmoid(x) end do
return output I'l... end do ...]
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R M Single-Core Experiment: Convolutional Neural Network Inference

T T T T I I I
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m@%{gg Many-Core Experiment: Convolutional Neural Network Inference
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@ cm
RIKEN R'ccs

Extrapolation to Large-Scale Sim+ML on Heterogeneous
Architectures

Sim Hardware ML Hardware

Sim+ML HW
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MBHQ_EEE What to do for Sim-+ML inference?

What pro-
gramming
model?

Other node PyTorch,

TensorFlow,

dalotia
+ BLAS

CcPU @
If in doubt, abstract!
Where your data is v’ 'n doubt, abstrac [=] El_r
E2d
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R M se and Reproduce

» dalotia: github.com/RIKEN-RCCS/dalotia (Apache 2.0)
> experiments: github.com/RIKEN-RCCS/dalotia_evaluation (Apache 2.0)

P> measurements: zenodo.org/records/15129650

—
"
ojERS
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github.com/RIKEN-RCCS/dalotia_evaluation
zenodo.org/records/15129650

ﬂgggg The bottom line

RIKEN

Simulation Code (C, C++, Fortran) | , ML Code Simulation Code (C, C++, Fortran)

= (Python, C++, IRs)

”””””” A
I} eights

,,,,,,,,,,,, e

ih Dhat 2 : Siph Dhta
5
é :- training dalotia
i & I
> eights B
=
ML Parameters| M1 Paraheters

> flexibility v/ > security v’
> fewer dependencies v/
> less memory v

» performance < efficiency v
It's BLAS all the way down! i
= With dalotia, we have (most of) the tools we need for in-situ ML inference El2d#aa
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Rom  and Open Challenges

» most expressive/standard/library /optimized ways to express tensor operations w/o
BLAS?

» most expressive/standard/library /optimized autodiff / training?

» cost model: when is GPU offloading warranted? GPU direct loading?

» useful data formats beyond safetensors?

» show benefits in real-world applications

—
"
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ﬂgggg The bottom line

RIKEN

Simulation Code (C, C++, Fortran) | , ML Code Simulation Code (C, C++, Fortran)

= (Python, C++, IRs)
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é :- training dalotia
i & I
> eights B
=
ML Parameters| M1 Paraheters

> flexibility v/ > security v’
> fewer dependencies v/
> less memory v

» performance < efficiency v
It's BLAS all the way down! i
= With dalotia, we have (most of) the tools we need for in-situ ML inference El2d#aa
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m@gggg Backup Slide: Versions and settings in experiments

software

version / value

oneAPI compilers
compiler flags

PyTorch

oneDNN
Intel MKL
OpenBLAS
Intel PIN
likwid
dalotia

icx, ifx: 2025.2.1 20250806
—-ffast-math -mavx512f
-march=native -mtune=native
2.5.1

(inc. Intel Extension for PyTorch)
3.8.1

2025.2.1

0.3.29

3.30

54.1

T. Pollinger, R-CCS — High-performance in-situ ML Inference with dalotia: A Lightweight Tensor Loader API for Science Codes



R M Backup Slide: Security Considerations

Intermediate representations (IRs) like TorchScript, Tensorflow Graphs, ONNX, ...

are prone to attacks based on arbitrary code exacution
Example: Malicious .pt files on Huggingface platform [19]
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m@ggg Backup Slide: Dependency Complexity

solution no. of spack depen- | install volume
dencies

Torch 62 1.4GB

OpenBLAS 2 97 MB

MKL 7 5.1GB

oneDNN 2 58 MB

T
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R M Backup Slide: Why the speedup?

My personal hypotheses:
P> no unnecessary data copies
» no overhead from framework abstractions
» in Fortran: compiler optimizations

> first-touch memory allocation in parallel region
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m@gggg Backup Slide: Optimized Matrix Multiplications

» tall/skinny MM: AutoGEMM [18]
» direct convolutions: [4, 12, 17]
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