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Argonne Leadership Computing Facility (ALCF)

ALCF, a U.S. Department of Energy (DOE) Office of Science User Facility located
at Argonne National Laboratory, enables breakthroughs in science and engineering
by providing supercomputing resources and expertise to the research community.

Aurora Polaris Al testbeds
63,744 Intel PVC GPUs 2240 Nvidia A100 GPU CS-2, SambaNova,
DAOS: 220PB @ 30 TB/s Lustre: 100 PB @ 650GB/s Graphcore, GrogRack
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https://www.anl.gov/

MLPerf Storage Working Group

Who are we?

Academia

= Storage
Vendors

= Accelerator
Vendors

End Users

Get involved

https://github.com/mlcommons/storage
storage-chairs@mlcommons.org
storage@mlcommons.org
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Outline

Storage and I/O for Al

Design of DLIO and MLPerf Storage Benchmarks

Lessons learned from DLIO for Al training and checkpointing
Future works

ML
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Growth of Al in Science (Al4Science)

Percent INCITE Proposals with a Learning Component
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Need for storage: large amount of training datasets and
checkpoints

Approximate Dataset Sizes for Deep Learning and LLMs Training Checkpoint Breakdown (Weights FP16, Optimizer FP32, Gradients FP32)

m Weights (FP16)
B Optimizer (Adam, FP32 m,v)
12000 mmm Gradients (FP32)

LAION-5B 240.0 TB

CommonVoice

LLaMA-3
10000}
Open Images V7
GigaSpeech .
5 8000f 1000 checkpoints -> 1PB
LLaMA-2 ] .
]
LLaMA-1 8 000l Storag € Ccapa Clty
GPT-3
ImageNet 4000
LibriSpeech
GPT-2 20001
BERT
0
| | | | 2 Qe 53
107 107 10° 10° 10° o1 897 c 2] 3]
Dataset Size (GB, log scale) et wat G¥
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/0O Patterns: HPC vs Al

HPC workloads Al workloads
o _ o * Read intensive
« Write intensive (checkpointing) . Small and sparse 1/0O & metadata
* Bulk parallel I/O intensive random access
* Multi-dimensional array (binary, « Complex data format (json, text, key-
HDF5, NetCDF) value)
« Single thread & sync. I/O « Multithreaded async. I/O
« Global file system + SSD (but « Storage hierarchy + caching & staging
SSD are rarely been used) « Variety of needs for different stages:
preprocessing, data loading,
checkpointing, inferencing

7  Argonne Leadership Computing Facility MI(_lommons Argonne &

AAAAAAAAAAAAAAAAAA




Datasets and I/O access patterns of Al workloads

Workload Domain Sample size Total size I/0 stress pattern

3D-UNet Biomedical 100-150 MB (NP2) 0.1-2TB Bandwidth + moderate metadata

ImageNet Computer vision ~200 KB (JPEG) 150 GB Many small reads + metadata
8—64 MB (HDF5) : :

CosmoFlow Cosmology oMB tirecord 0.5-8TB Large contiguous reads, high BW

: : 200-300 MB : : :

DeepCAM Climate science (netCDF/HDF5) 1TB Bandwidth -intensive

FFN neuroscience EM, demen Lils) (nlDlro els B - PB Bandwidth (sub-volume access)
tfrecord)

. 1-4 KB tokens
LLM training Language (Binary index / text) 1-20 TB Many small random reads
LLM Checkpoint | Language ir;}t;n;)er)model {eleln 1 GB-16 TB | Large sequential writes
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We need a storage benchmark for Al

Understand storage access pattern in Al workloads

|dentify bottlenecks and propose optimizations (SW & HW)

Help Al/ML researchers and practitioners make an informed storage decision
Guide storage and I/O software and hardware codesign

benchmarking tool for measuring storage . Using actual framework data loading

performance on a single node. library, such as panda, h5py, and numpy

IOR: a parallel /0O benchmark used to Configurable framework setting: Multiple
measure the performance and scalability of threading, sample size, training epochs /
HPC storage systems. steps, realistic Al dataset layout

H. Devarajan, H. Zheng, et al. DLIO: A Data-Centric Benchmark
for Scientific Deep Learning Applications, CCGrid 21.
9  Argonne Leadership Computing Facility https://github.com/argonne-Icf/dlio_benchmark M'(-:ommons Argonne &
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Design of DLIO

Al training pipeline

10

Data preparation

Loading data from the storage to
the host and preprocessing (CPU
initiated)

Transferring data to the
accelerators

Training / inference on the
accelerators

Checkpointing

Checkpointing

<
<

Storage

- Loading

[

Host

_— s
—_—
—eep

H2D transfer

H. Devarajan, H. Zheng, et al. DLIO: A Data-Centric Benchmark
for Scientific Deep Learning Applications, CCGrid 21.
Argonne Leadership Computing Facility https://github.com/argonne-icf/dlio_benchmark

Accelerator
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Design of DLIO

Main features Keep similar process in the Replace with sleep on CPU
benchmark

* NO need of actual accelerators to run ! /
(replacing computation with sleep) Accelerator

* Represent I/O patterns of realistic ML Storaga ;
workloads by directly using framework e ost
dataloader e—l | i et ;ﬂ

« Support data generation . et

« Configurable for different workloads

 Holistic performance monitoring and tracing

across all software stacks
Schematic of the training process

H. Devarajan, H. Zheng, et al. DLIO: A Data-Centric Benchmark
for Scientific Deep Learning Applications, CCGrid 21.
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Design of DLIO

Main features

) AL i 10 Handler fi —
* NO need of actual accelerators to run e — V. =5
(Replacing computation with sleep) N J
* Represent I/O patterns of realistic ML contiueaion (I pata Loseri ) | [ ‘
workloads by directly using framework ‘ Bia
dataloader [ monctmark ) | ‘
- Configurable for different workloads e | (e i
« Support data generation s Run 10 Profiler )
T c c . p— and Analyzer = . m
« Holistic performance monitoring and tracing L y

—

across all software stacks

H. Devarajan, H. Zheng, et al. DLIO: A Data-Centric Benchmark
for Scientific Deep Learning Applications, CCGrid 21.
12 Argonne Leadership Computing Facility https://github.com/argonne-icf/dlio_benchmark M'(-:ommons Argonne -\




Design of DLIO

Main features

* NO need of actual accelerators to run
(Replacing computation with sleep)

* Represent I/O patterns of realistic ML
workloads by directly using framework
dataloader

« Configurable for different workloads

« Support data generation

 Holistic performance monitoring and tracing
across all software stacks

model:

name: unet3d
type: cnn
model_size: 499153191

framework: pytorch

workf low:
generate_data: False
train: True
checkpoint: True

dataset:
data_folder: data/unet3d/
format: npz
num_files_train: 168
num_samples_per_file: 1
record_length_bytes: 146600628
record_length_bytes_stdev: 6834194
record_length_bytes_resize: 2097]

reader:
data_loader: pytorch
batch_size: 7
read_threads: 4
file_shuffle: seed
sample_shuffle: seed

train:
epochs: 5
computation_time: 0.636

model:
name: 1lama_405b
type: transformer
num_layers: 126
model_datatype: fpl6
optimizer_datatype: fp32
parallelism:
tensor: 8
pipeline: 32
zero_stage: 1
transformer:
vocab_size: 128256
hidden_size: 16384
ffn_hidden_size: 53248
num_attention_heads: 128
num_kv_heads: 8

framework: pytorch

workflow:
generate_data: False
train: False
checkpoint: True

checkpoint:
checkpoint_folder: checkpoints/1llama_405b
time_between_checkpoints: 5
num_checkpoints_write: 10
num_checkpoints_read: 10
fsync: True

H. Devarajan, H. Zheng, et al. DLIO: A Data-Centric Benchmark
for Scientific Deep Learning Applications, CCGrid 21.
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DLIO simulates I/O pattern of real workloads

[ Loading Data [] preprocessing  [] Training on GPU
Thread 62034 - compute:step-) €0 {C0. CO. €O~ CO. CO. CO- CO. CO. CO. €O~ CO. €O~ CO. CO. CO. CO. CO- CO. CO.. CO. €O CO. CO- CO. CO. CO- CO. CO.. CO- CO. CO.
)]
32 Thtead 62059 2 EEn
QD  Thedsn - pnp || n ) I X3 @ Iz B [ 7] 0] n P
Z e s n- - |n- [n- p (n n-| n p o ' p) P | m [ njp] a I3
=) Meadezss (o 5= | IS 0 DOm oo N OE m
. Loading Data . Simulated Training (Sleep) on CPU
O . loading_batch: 2 0 0 S S S N OO Y Oy S O O B SR Oy R N O O S L O e O R
m—— Thread 70288 » EHEE [ -
= i * EZ Eo
o
Thread 70417 * [ [l [
Thread 70482 * S B o B
Prefetching: has to support large number Getting new batch when one is consumed
of concurrency in the beginning
Experiment setup: 1 V100 GPU @ JLSE Plots were generated with: https://ui.perfetto.dev/

14  Argonne Leadership Computing Facility Mlc_:ommons Arg&?,ﬂﬂ?wme




Metric of the benchmark T e A

Time per epoch

1/O Overhead AU - Accelerator Utilization

AU = Computation time
/ a Total time

T1 _ Waiting for data to be ready
r ~ Datatoadng

T3
T4 . Daloading
Goal of benchmark: maximize samples / second, given a Accelerator Utilization > 90% at a certain scale.

15 Argonne Leadership Computing Facility Mlc_:ommons Arggmngﬁ




I/O Profiler and Tracer for Al: DFTracer () |

Diagnose the form, reveal the root, tune the whole. —
ZRE BHREF, FRE,

Existing tools are not friendly to Al: darshan, P o o _
. nterfaces —»| Indexer Trace
recorder, per, loprof e e e T ] | ]|
[ >@| Manager | | Runtime)

1.2

We need a Al I/O profiler / tracer e o toggr et o] Queries | |
 Easyto use son | |

. . . . 3. Writes event  DLP Writer Finalize des Isualizations .
« Works with Eythoq applications (multiple threads) [Bﬁ ﬁ :
» Able to profile at different levels :

. . . v 4. Write Buffered Events 6. Update Trace
- Easy to integrate with other tracing tools OIP TraceFomat |, | Dask Dataframe
- Easy to visualize the tracing (Perfetto) | JSON i event ko, metadts| prsedeney
* Small overhead https://github.com/LLNL/dftracer

H. Devarajan et al., "DFTracer: An Analysis-Friendly Data Flow Tracer for Al-Driven
Workflows," SC24: International Conference for High Performance Computing, Networking,

16 Armeni Lesaeatie ol Zadiliy Storage and Analysis, Atlanta, GA, USA, 2024, pp. 1-24, MI(_)ommons Arggmgme



https://www.google.com/search?rlz=1C5CHFA_enUS1179&cs=0&sca_esv=0fe9578549ba645d&sxsrf=AE3TifNRslu-tleK6wY8yW8MAIb1azEgwQ%3A1758101603392&q=Recorder&sa=X&ved=2ahUKEwiA24bsvt-PAxVcIDQIHYxdPZAQxccNegQIRRAC&mstk=AUtExfCuOnkLGGLorMCR7Q00XehkhVcehQuwqV_ngt49uTdIhoI2Nn7ALyJaWTRzFunPtLy8-UUmzu8ASMrJ6a2T8Oo_4kydnKIerJzCRvwl0QWI4w5d7-TUYLNTnaXR9Mt0rkDwkUbfuFei6FBlyL21bA1ZQ_8bbSPcdymXgeFDiT8Jzh4&csui=3
https://www.google.com/search?rlz=1C5CHFA_enUS1179&cs=0&sca_esv=0fe9578549ba645d&sxsrf=AE3TifNRslu-tleK6wY8yW8MAIb1azEgwQ%3A1758101603392&q=Recorder&sa=X&ved=2ahUKEwiA24bsvt-PAxVcIDQIHYxdPZAQxccNegQIRRAC&mstk=AUtExfCuOnkLGGLorMCR7Q00XehkhVcehQuwqV_ngt49uTdIhoI2Nn7ALyJaWTRzFunPtLy8-UUmzu8ASMrJ6a2T8Oo_4kydnKIerJzCRvwl0QWI4w5d7-TUYLNTnaXR9Mt0rkDwkUbfuFei6FBlyL21bA1ZQ_8bbSPcdymXgeFDiT8Jzh4&csui=3
https://www.google.com/search?rlz=1C5CHFA_enUS1179&cs=0&sca_esv=0fe9578549ba645d&sxsrf=AE3TifNRslu-tleK6wY8yW8MAIb1azEgwQ%3A1758101603392&q=Recorder&sa=X&ved=2ahUKEwiA24bsvt-PAxVcIDQIHYxdPZAQxccNegQIRRAC&mstk=AUtExfCuOnkLGGLorMCR7Q00XehkhVcehQuwqV_ngt49uTdIhoI2Nn7ALyJaWTRzFunPtLy8-UUmzu8ASMrJ6a2T8Oo_4kydnKIerJzCRvwl0QWI4w5d7-TUYLNTnaXR9Mt0rkDwkUbfuFei6FBlyL21bA1ZQ_8bbSPcdymXgeFDiT8Jzh4&csui=3
https://www.google.com/search?rlz=1C5CHFA_enUS1179&cs=0&sca_esv=0fe9578549ba645d&sxsrf=AE3TifNRslu-tleK6wY8yW8MAIb1azEgwQ%3A1758101603392&q=perf&sa=X&ved=2ahUKEwiA24bsvt-PAxVcIDQIHYxdPZAQxccNegQIWxAC&mstk=AUtExfCuOnkLGGLorMCR7Q00XehkhVcehQuwqV_ngt49uTdIhoI2Nn7ALyJaWTRzFunPtLy8-UUmzu8ASMrJ6a2T8Oo_4kydnKIerJzCRvwl0QWI4w5d7-TUYLNTnaXR9Mt0rkDwkUbfuFei6FBlyL21bA1ZQ_8bbSPcdymXgeFDiT8Jzh4&csui=3
https://www.google.com/search?rlz=1C5CHFA_enUS1179&cs=0&sca_esv=0fe9578549ba645d&sxsrf=AE3TifNRslu-tleK6wY8yW8MAIb1azEgwQ%3A1758101603392&q=ioprof&sa=X&ved=2ahUKEwiA24bsvt-PAxVcIDQIHYxdPZAQxccNegQIXRAC&mstk=AUtExfCuOnkLGGLorMCR7Q00XehkhVcehQuwqV_ngt49uTdIhoI2Nn7ALyJaWTRzFunPtLy8-UUmzu8ASMrJ6a2T8Oo_4kydnKIerJzCRvwl0QWI4w5d7-TUYLNTnaXR9Mt0rkDwkUbfuFei6FBlyL21bA1ZQ_8bbSPcdymXgeFDiT8Jzh4&csui=3

/O Profiler and Tracer for Al: DFTracer

from dlio_profiler.logger import fn_interceptor as Profile
dlp_data = Profile(”Dataloader") :
class Dataloader(datasets.ImageFolder): Name Wall duration (ms)
@dlp_data.log 400698.238
def preprocess(self, sample, target):
if self.transform is not None: Datal.oader gEtitEfT'I 1472903.235
Easy to use sample = self.transform(sample) i - :
if self.target_transform is not None: Dataloader.read_data 134743.702
target = self.target_transform{target)
return sample, target read 110562.695
@dlp_data.log
def read data(self, index): Datal.oader.preprocess 7762.795
path, target = self.samples[index] close 2356.922
return self.loader(path), target
def _ getitem__(self, index):
sample, target = self.read_data(index) —fxstato4 2.N4
sample, target = self.preprocess(sample, target) Iseek64 10.171
return sample, target

Thread 36583 | train ) train ) train
a LT H2D compute-.. H2D

Dataloader.... Datal oader.__getitem__ Dataloader.__getitem__ Dataloader.__getite... Datal oader.__getitem__ Dataloader.__getitem__

Thread 36765 ) §
g - . read read read read read read
Work with multithreading : : : _ _
Dataloader.__geti... DataLoader.__getit... DataLoader.__getitem_ Dataloader.__getitem__ Dataloader._g.. Dataloader._get.. Dataloader.__getitem__

Thread 36766 |
read read (! read read

Dataloader.__getitem__ Dataloader._getite... Datal oader.__getitem__ Dataloader.__getitem__ Datal oader.__getitem__ Dataloader.__getitem_

Thread 36785
|

read read read read read read

17  Argonne Leadership Computing Facility https://github.com/LLN L/dftracer M
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Performance issue revealed through profiling

i e

Tor.. | TorchD.. Torch..  TorchData..

HEF...lHDFEHd._. HDFSR... HDFSRaadae. .
5 9 HDFS..

HDF.. HDFSRea...

praad

HDFERe... HDFSRead... HDFSRaa...
HOFSR..| HDFSRe.. HDFSRe. .
proad

TorchDa..
HDF5Rea.. HDFSRe . HDOFSRea | HDFSRe.

HDFSRE...

T RLIORen:

_Arain itar I T T e A i

TorchD.. Torch.. TorchDat.

-~ |HDFSR... HDFS5Raad.

TorchD.. TorchDa..

o -
--| HDF.. HDF35...
HDOF...

w | TorchDatase.., TorchDat.,

-. | HDOFSReader.... HDFSRoad...

HDFSReads... HDFS5Re. ..
pread pread

TarchDalase..
HOFSReader....
HDFSReade.
pread

HDFS...
proad

_train.iter

HOFSReader.open HDFSR.
p-

HDF5R.. HDFSR._ HDF

HDF5Rea_ | HOFSReader. H
p- pread

HDF5Reade. H H_ HD. HDF5Re_ HOF5
pread P— P-

HDF. HDF5Re.. HDF5.
P p-

HDF5R... HDF5Re_

pr.-

HDF5Re.. HD_

p

DLIOBenchmark.run

_train.it-

HO.. HOFS... HOF5... HDFS..
pr...

HOF5Read.. HDFSReade
pre

H HOF5Reader...
P.-

HDF5R... HOFSReader... q HDFS.. HDFS5Reader.g

_train.iter

HODF5Read._. HDFS..
pre...

HDF5Rea... HOF5Reader...
pre.. pre_

H HDF5Read.. EH HOFSReader... HD..
p- P

pre... P

TensorFlow

Name Wall duration (ms) Name Wall duration (ms)
20049 987 17441.186

TorchDataset.__getitem__ 5042.087 HDF5Reader.get_sample 7735878

HDF5Reader.read_index 5030.107 HDF5Reader.open 3764.007

HDF5Reader.get_sample 4202 .46 pread 3134.925

pread 1066.861 HDFSReader.close 2466.615

Performance comparison of Torch Datal. oader and tf.data for HDF5 datasets. TensorFlow data loader
performs worse for HDF5 because of thread locking issue

18 Argonne Leadership Computing Facility
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MLPerf Storage v2.0 — Workloads

Training Workloads

Measures the number of accelerators a given storage solution can
support with a certain level of accelerator utilization (AU)

« 3D-UNet — Medical image segmentation
* ResNet-50 — Image classification
* CosmoFlow — Cosmology simulations

Checkpointing Workloads

Measures the checkpointing write and recovery for Llama3 LLM
foundation training: 8B, 70B, 405B, 1T

https://mlcommons.org/2025/08/mlpert-
19 Argonne Leadership Computing Facility storag e-v2-0-results/ Iv"(_)ommons
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MLPerf Storage Benchmark Submissions

Version / Year Number of Submitters Number of Submissions
v0.5 (first round, 2023) 5 organizations ~28 performance results
v1.0 (2024) 14 organizations 130 submissions

v2.0 (2025) 26 organizations >200 performance results
Storage Type Category # Solutions

Local storage solutions 6

In-storage accelerators (e.g. programmable storage, 5

computational storage)

Software-defined storage (SDS) 13

Block storage systems 12

On-prem shared storage systems 16

Object storage systems 2

https://mlcommons.org/2025/08/mlperf-
20 Argonne Leadership Computing Facility Storag e-v2-0-results/ IV"(_:ommons
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Benefit of community effort

Allowing all inclusive exploration of the landscape

» Different storage types (Spectrum, Lustre, DAOS, NVMe SSD, Cloud, etc)

« Data loader (TensorFlow, PyTorch, JAX, DALI, etc)

« Storage of data (single shared file vs multiple files)

« Compression / decompression

« Different data formats (NPZ, CSV, PNG, TFRECORD, HDF5, Parquet, etc)
 Different organization of data (single sample per file, multiple samples per file)

ML
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Some lessons learned with
MLPerf Storage and DLIO



3D-UNet on A100 with SSD
Accelerator A100 H100

Waiting for data Time (s) 0.636 0.323

Sample size: 100-150 MB (NP2Z)

~ Process 0

Thread 2065802 DLIOBenchmark.run
DLIOBenchmark._train

<module>.yield <module>... <module>.yield <module>.... <module>.yield <module>... <module>.yield <module>.i... o
TorchFramework.compute TorchFramework.compute TorchFramework.compute TorchFramework.compute Al ' j— 7 O /0
Thread 2065805 Tor.. TorchD.. T. T. Tor. Tor. Torc..|To.. To.. Torch.. Torc.. Tor. To.. Torc..| Tor. Torch.. To.. Tor. TorchDa.. Tor. | Tor. T. Torc.. Tor. Torc.. Torch.. Tor. |

num_workers = 1

NPZ.. NPZRea.. N.. N.. NPZ.. NPZ.. NPZR..|NP. NP. NPZRe.. NPZR..NPZ.. NP.. NPZR.| NPZ.. NPZR.. NP.. NPZ.. NPZRead.. NPZ..|NPZ.. N.. NPZR.. NPZ.. NPZR.. NPZRe.. NPZ... {

1O / compute = 1.3, num_workers = 2 should be sufficient

~ Process 0

Thread 2186124 DLIOBenchmark.run
DLIOBenchmark._train
<module>.iter <module>.yield  <module>.yield  <module>.yield  <module>.yield  <module>.yield <module>.yield  <module>.yield  <module>.yield  <module>.yield € <module>.yi
TorchFramewor... TorchFramewor.. TorchFramewor.. | TorchFramewor.. | TorchFramewor... | TorchFramewor.. TorchFramewor.. =TorchFramewor.. TorchFramewor...

Thread 2187100 T.|T. T.|To. | T- [To~ To_, Torch.. [T T-[To. T |T- T To.. T Tor.. T.. Tor. T. To.. T. T. T T Torch.. Tor. T T. Tor. T Tor. To.. Tor. A — 9 8 0/
U - . ; (o)

N N N.. NP. N.. NP. NP. NPZRe.. N.. N.. N.. N.. N.. N.. NP N NPZ..N.. NPZ.. N... NP. N..N.. N N NPZRe.. NPZ. [N N.. NPZ.. N NPZ.. NP.. NPZ..

Tor. Torc.. T T. T Tor.. Torch.. -

NPZ..NPZR.. N N.. N NPZ..NPZRe..

Thread 2187101 T T T-|To= {10 To.| Tos Tor. To.. Torc.. T T TorchD.. T|T T T. T. To.. T. T.

N N.. N.. NP. NP.. NP.. NP.. [INPZ.. NP.. NPZR.. N NMa..N

num_workers = 2

/O threads were busy most of the time, but were able to meet the need

23 Argonne Leadership Computing Facility Mlc_:ommons Arggmngmé



3D UNet on H100 with SSD

NPZ is inefficient -> changing to HDF5 Time (s) 0.636 0.323

Accelerator A100 H100

TorchDataset.__getitem__ TorchDataset. __getitem_

HDF5Reader.read_index

A LA N AR
1 ¥ )

NPZReader.open
I AT T AT T I ———

Single NPZ file is loaded in chunks of HDF5 is loaded in one chunk (~150MB)

256 kB, which is very inefficient

NPZ

HDFS5

~ Process 0
Thread 2065802 DLIOBenchmark.run
DLIOBenchmark._train
<module>.yield <module>.... <module>.yield <module>.... <module>.yield <module>... <module>.yield <module>.i...
TorchFramework.compute TorchFramework.compute TorchFramework.compute TorchFramework.compute
Thread 2065805 Tor. TorchD.. T. T. Tor. Tor. Torc..|To.. To.. Torch.. Torc.. Tor. To.. Torc..| Tor. Torch.. To.. Tor. TorchDa.. Tor. | Tor. T. Torc.. Tor. Torc.. Torch.. Tor. |
num WO rke rs= 1 NPZ.. NPZRea.. N.. N.. NPZ.. NPZ.. NPZR..|NP.. NP. NPZRe.. NPZR..NPZ.. NP. NPZR.| NPZ. NPZR.. NP.. NPZ.. NPZRead.. NPZ. |NPZ.. N.. NPZR.. NPZ.. NPZR.. NPZRe.. NPZ_
~ Process 0
Thread 2129511 DLIOBenchmark.run
DLIOBenchmark._train
<module>.yield <module>.yield <module>.yield <module>.yield <module>.yield
TorchFramewor... TorchFramework.compute TorchFramework.compute TorchFramework.compute TorchFramework.compute
Thread 2129912 T.To. T.TT T. T.. Tor. T TT.T.T
H.. HD. H..H H H..H. HDF. H H H.. H. H
num workers=1 L H. HD.H. H H.H. HDF.H H. H H
p.|pr.. p.. P/ P P pr.. p p- p P

With HDF5, num_workers = 1, we can achieve AU = 99% !
V& Argonne &
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3D UNet on H100 with SSD

Accelerator

A100 H100

Time (s) 0.636 0.323

Compute is faster, we have to increase num_workers

~ Process 0
Thread 2198398 DLIOBenchmark.run
DLIOBenchmark._train
<module>... <module>... <module>... <module>... <module>... <module>... <module>... <module>... <module>... | <module>... <module>... <module>... | <module>... | <module>... | <module>.... | <module>... <mod...
\ TorchFram... | TorchFram... TorchFram... | TorchFram... | TorchFram.. TorchFram...| TorchFram... TorchFram...| TorchFram.. | TorchFram...| TorchFram... | TorchFram... | TorchFram... | TorchFram... | TorchFram.. | TorchFram.. Torc..
Thread 2198885 HETE LT To | T P 1oL [To. T T. Tor. TorchD.. Tor. T T. Tor. Torch.. T.. Torc.. Tor. To.. Torc.. Torc..
NPZ.. N.. NPZR.. NP.. N NPZ.. N.. NP. N.. NP. NP. N.. N.. NPZ.. NPZRea.. NPZ.. N N.. NPZ.. NPZRe... N.. NPZR... NPZ.. NP.. NPZR... NPZR..
Open trace file [380]
Thread 2198948 Torc.. Torch.. To.. To.. To.. T. Torc.. To. T T.|T-iTorch. T- : T.. T.. T.. TorchD.. To.. Torc.. To..
NPZR... NPZRe... NP.. NP.. NP. N..NPZR.. NP. N N..N..NPZRe.. N.. NPZRe... NP.. NPZ.. NPZR... N... NP.. NPZRe... N.. N N.. NPZRea..|NP.. NPZR... NP.. w
Thread 2198949 .. To.. Torc.. T.. Torc.. T.. To.. TorchD.. T. T Tor. T.
NP NP. NPZR..N.. NPZR. N N.. NPZ. N.. N. NPZR.. N.. N.. N NPZ..NPZ..NPZR.. NP.. NP.. NPZR.. N.. NP.. NPZRea.. N.. N NPZ.. N..
Thread 2199074 T. Torc.. To.. T. 0. T. To. T. T. To.. Torch.. To.. T. T Torc. T T Tor.. To.. T.. Tor. To.. To..
r = N NPZR \‘.‘ N ‘k F ! N e | z L NP " .
NPZ.. NP.. NP.. N.. NPZR.. NP.. N.. NP.. N.. NP.. N.. N.. NP.. NPZRe.. NPZ.. NP.. N.. NPZ.. NP.. NP..
~ Process 0
Thread 932430 DLIOBenchmark.run
DLIOBenchmark._train
<module>.. <module>.. <module>.. <module>.. <module>.. <module>.. <module>.. <module>.. <module>.. <module>.. <module>.. <module>.. <module>.. <module>.. <module>.. <module>.
TorchFra.. TorchFra.. TorchFra.. | TorchFra.. TorchFra.. | TorchFra.. TorchFra.. | TorchFra.. TorchFra.. | TorchFra.. TorchFra.. | TorchFra.. TorchFra.. | TorchFra.. TorchFra.. | TorchFra..
L _ |
Thread 932931 Open trace file [#0]
Thread 932994
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NPZ format
num_workers = 4
AU = 98.6%

HDF5 format
num_workers = 2
AU = 98.3%
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3D UNet on A100 with Lustre

~ Process 0

Thread 1591842 DLIOBenchmark.run

DLIOBenchmark._train
<module>.yie.. | <module>.iter

TorchFramewo...

<. <module>.yie.. <module>.yie.. <module>.iter <module>.yie... <module>.iter <module>.yie... <module>.iter
TorchFramewo.. TorchFramewo... TorchFramewo... TorchFramewo...

Thread 1592330 Torch.. Torc.. Torc.. TorchD.. Torch.. Torch.. Torch..| Tor.. Tor.. Torch.. TorchD.. Torch.. Torch.. TorchDa.. | TorchDatas.. Torc.. Torc.. Torch.. Torc.. Tor.. Torch... | TorchD.. TorchD.. TorchDatas..

NPZRe.. NPZR... NPZR.. NPZRea... NPZRe.. NPZRe.. NPZRe...[NPZ.. NPZ.. NPZRe.. NPZRea.. NPZRe.. NPZRe.. NPZRead... | NPZReader... NPZR.. NPZR.. NPZRe..NPZR.. NPZ.. NPZRe..| NPZRe.. NPZRea.. NPZReader...

Single thread performance on Lustre is much worse than that on SSD

TorchDataset.__getitem__

NPZReader.open
read r.. read I.. read r.. (il r. read

Single NPZ file is loaded in chunks of
4MB with a lot of Iseek calls in between
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Multiple GPUs per node

Per node bandwidth to support compute

#GPU A100 H100
1 1.50 2.66
2 3.01 5.92
4 6.01 11.84
8 12.02 23.67
12 18.03 35.51

« Be aware of the overhead from python libraries (numpy)

Aggregate per node (rough peaks; controller/CPU/FS can cap)

Node NVMe Config

1x NVMe

2x NVMe

4x NVMe

8x NVMe

1x NVMe

4x NVMe

PCle Gen

Gen4 x4

Gen4 x4

Gen4 x4

Gen4 x4

Genb5 x4

Genb x4

* Remote storage will be bounded by #NICs on a node

* Need enough CPU cores to drive the data loading
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Drives

1

2

Est. Read BW

~7 GB/s

~14 GB/s

~28 GBfs

~55 GB/s

~13 GBJs

~50-55 GB/s

ML
Commons

Est. Write BW

~6 GBJs

~12 GB/s

~24 GB/s

~48 GB/s

~11 GB/s

~44-48 GB/s

AAAAAAAAAAAAAAAAAA



Filesystem peak bandwidth matters in scaling out

800 =¥ Lustre
NVMe

700 ~

Lustre peak bandwidth

...................................................................................................................................................

600 A

wn
o
o

Bandwidth (GiB/sec)
S
o
o

200
| /O Throughput
100 /
0 o
(l) 510 160 15.0 260 250

Number of nodes

UNet3D (V100) weak scaling and I/O throughput at different scale on Polaris w/ Lustre file
system and NVMe

28 Argonne Leadership Computing Facility MI(_:ommons Arggmgm-)




CosmoFlow no A100 with SSD  Accelerator  A100 H100
Compute (s) 0.0055 0.0035

~ Process 0

Thread 1710617 DLIOBenchmark.run

DLIOBenchmark._train

<module>.yield <module>.yield <module>.yield il <module>.yield
TFFramework.compute TFFramework.compute TFFramework.compute TFFramework.compute
Thread 1711093
Thread 1711097
Thread 1711098 Epni p | [o]ll [l
Thread 1711099 p- I » |  JEHAELL
Thread 1711100 2MB tfrecord Qg
Thread 1711185
Thread 1711188

Bandwidth per node to support compute

#GPU a100 h100 « CosmoFlow is not less I/O intensive then
1 0.33 0.53 3D-UNet

2 0.67 1.05 « Because compute is so small, small

4 1.34 2.11 overhead from frameworks and python

8 2.68 4.21 can cause low AU
12 4.02 6.32
ML
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ResNet50 on A100 with

Thread 1415994 < <module>.yield <module>.yield <module>.yield <module>.yield <module>.yield <module>.yield <mo
T TFFramework.com.. TFFramework.com.. TFFramework.com.. TFFramework.com.. TFFramework.c~m.. TFFramework.com.. TFFra

e
Wil Inefficient loading for PNG files

| ImageReader.open | ImageReader.open
| [ = (=

| ImageReader.open Il |
A r | I. |

Thread 1416835

Thread 1416836

#GPU  a100 h100

Thread 1385113 DLIOBenchmark. _train
<modu.. <module>.yi.. <module>.yi.. <module>.yi.. <module>.yi.. <module>.yi.. <module>.yi.. <module>yi.. <module>.yi.. . 1 O 09 O 1 7
TFFra.. TFFramework.. TFFramework.. TFFramework... TFFramework... TFFramework... TFFramework... TFFramework... TFFramework... T . .
Thread 1385221
Thread 1385225 2 O 1 8 O 34
Thread 1385226
bl — 14— i—— | 4 0.35 0.69
Thread 1385228 | I I I

Thread 1388633 8 O . 71 1 . 37
12 1.06 2.06

tfrecord format, 1250 images per file
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Large Language Models

Megatron-DeepSpeed

A
I 1

¥

tokenization Tokens saved in MMaP  Framework

—— Compute

~ binary index files ~ data loader
i = E
Downloading / orioroo] gy 255 o
streaming data BINARC
Hugging face
N s}
Pipeline in LLM training

Fast storage
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Tokenization — compute bound

"B _contained_ngram_count_before_dedupe*: 23, *language_id_whole_page_fasttext”: {*en*:
3, "metadata®: {*Content-Length": -71372", " 3

-Digest*: "shal:EUKLIMBAIUSAL
01eb4200827¢>*, "WARC-Date" :
est”

9327742457389832
| "WARC-Block

Ae *curn:uuid:
“2014-03-13714:43:262%, "WARC-IP-Address™: *198.262,206.140"
B ol 3 “

Le,

WARC-Payl0ad-Dig|

315e, CL-URT*:

answortabavotes*, *WARC-Typ .,
fa>"), “*previous_word_count”: 535, "text"
y. TimeMachine azked me whothor I want to set 8 backup
that in order to backup anything TineMach
ing. And my disk suddenly becane read only

9.9327742457389832

ine will cloon “WARC-Block

" . .
i | am a computer scientist
if that helps. Copacity is 278, of which 1.9278 are availsble.)\n\nl'd really sporeciate if sose [4gpen o0,
«'s hint ho otved, 4

fwhen 1've realiz
is it [#08 canceled everyth,
h the stuff on the NTFS disk? \u2013\u80s@ segiddins Oct 7 '12 at

ehflags -R nouchg
Fead-only file syst
out of & sudden this Repair Disk Pernis

n Oct 7 *12 ot 15:34\ndo you have any add-ons that would deal with file systems? if not, and you need to be
able to write to an NTFS formatted disk, check out my revised answer. Otherwise, the disk has always been r
ead-only, there is no built-in NTFS write support in OS X. \u2013\ud0ad segiddin Oct 7 *12 at 15:36\nadd cojappreciate if some
ment\n\nl Answer\n\nup vote 2 down vote accepted\n\nYou are getting the read-only file system error because@Ring fro= the Rocov
on 0S X NTFS is natively read-only. It was read-only before your Time Machine run in, and will stay that wa
driver, such as Tuxera NTFS.\n\nDisk Utility's built-in repair comsands 2 [@NA@SanuelE.Giddins

_hfs. Thoy are not meant to be used on an NTFS-formatted disk.\n\

8 Like very annoy
nahare|inprove this answer\nthank you for thiz response, but if they are not meant for NTFS-fornatted dicks, e \UZOL3\u0Ga® shabu
then, what should T do? \u2613.u80a8 shabunc Oct 7 '12 at 15:15\nDo you have @ Windows install handy? \u261falind you need to be
3140838 segiddins Oct 7 '12 at 15:16\nnope, 1 haven't ( \uz013\udbae shabunc Oct 7 '12 at 15:18\nThis is gre[@kihas always been .
at mystery why I've used to write to this disk previously, but it looks

¢ Like you are absolutely right, NTFS (82 at 15:36\nadd co
is not fully supported on MacOS. Your answer gave me 3 hint, so I believe it should be accepted. \u20i3\ubea
6 shabunc Oct 7 '12 at 16:46\nthanks. § wish you luck \u2013\080a0 segiddins Oct 7 '12 at 19:43\nadd comment [AWELL stay that wa
\n\n¥our Answer\n\n\n®, *url*: *ttp: a

ton7answertabevotes®, “warcinfo": *robots: tnane:

utch 1.6 (CC)/CC WarcExport 1.0\r\nisPartOf: CC-MAIN-2614-10\r\noperat:

Wide craml of the web with URLs provided by Ble

File Format 1 :

_openhernes_r.

Tokenization

ternal\ disk. \n\ —
CamsonCrawl Adwin\r\ndescription: [M§<formatted disks
for March 2014\r\npublisher: ComsonCrawl\r\nformat: WARC [EMSEAL handy? \uzol
_150_28500_versiont_latestdrafe.pdf*, *fasttext (E48:18\nThis is gre
+'0.11255168914794922) y right, NTFS

01001 _
write 1010100 *

—_— 1101000
nthanks. { wish you luck \u2013\u8030 segiddins Oct 7 '12 at I ommen

i S | Erpedde 0110100 *

-
| - 10272

a— 319 BINARY
INDEX

Raw data in json compute Binary index tiles

tonZanswertab=votes”, warcinfo
utch 1.6 (€C)/CC WarcExport 1.
Wide crawl of the web with URL:
File Format 1.0\ :
_openherses_ceddit e1i5 vs_rw v2 b

“robots:

P : CommonCrawl
© provided by Blekko for Morch 2014\r\npublisher: CommonCrawl\r\nformat: WARC

150_28500_versionl_latestdraft.pdf=, “fasttext
1255168914794922)

ran 260K train orot

Thread 1515729 Encoder.encode
Thread 1516346 Encoder... En.. ‘ Encod.. E |
Thread 1516666 Encoder.en.

Encoder.encode Encoder.encode Encoder.encode

Encoder.encode | Encoder.encode | Encoder.encode Encoder.encot

Encoder.encode Encoder.encode Encoder.encode Encoder.encode Encoder.(

read Wi Tracing of tokenization process

Llama2Tokenizer: 2 MB/s pre thread (AMD EPYC 7742)
Read: 8k size; write: 4MB
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Data loading during training

Evvsilcl_gr

F2FIZIZ 29272 vl _tasmt ol

ER N asrwcton b las ...

&

M

&
:’D“

C—-

Loading the samples
are very fast

Loading a microbatch (70ms): overlap with
compute
IVIL

33 Argonne Leadership Computing Facility Commons Argonne &

AAAAAAAAAAAAAAAAAA




Checkpointing

| Model, L1 | | [ _Model,L1 | [ Model,L1 | | Model, L1 |
| Model. L2 | | L__Model, L2 | |  Model, L2 | | Model, L2 |
DP instance
Opt 1 Opt 2 Opt 3 Opt 4

Zero 1 with PP: only optimizer is fully sharded; model are sharded within each DP group

M1 M2 M3 M4

Opt 1 Opt 2 Opt 3 Opt 4

Zero 3, Both model and optimizers are fully sharded
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Scaling of checkpointing for different models on DAOS

A
—e— | LaMA-3 8B 7/e?‘0 2.8 TB/s
—s— LLaMA-3 70B
25001 mese= [LaMA-3 4058 oS

== | LaMA-3 1T

2000 -
G ... DAOS @ Aurora with 247 servers

,E 1000
500 1

oS

O [e=s

16 64 256 1024 4096
Number of GPUs
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Model

PyTorchCheckpointing.save_sta...
PyTorchCheckpointing.save_sta...
PyTurchCheckpointIng.save_s...
PyTorchCheckpointing.save_state ‘|

PyTorchCheckpointing.save_s...

PyTorchCheckpointing.save_s... :

PyTorchCheckpointing.save_s...
PvTorchChecknoin’no_save sta .

10-100 MB

36 Argonne Leadership Computing Facility

|

TorchCheckpoiming.save_state :
write

PyTorchCheckpointing.save_state
write
PyTorchCheckpointing.save_state
write

PyTorchCheckpointing.save_state
write

PyTorchCheckpointing.save_state
write

PyTorchCeckpointlng.save_state
write

PyTorchCheckpointing.save_state
write

PyorchCheckpoIntIng.save_stte
write

|/O trace from different GPUs

Optimizer

Llama3 8B checkpointing I/O pattern (8 GPU, ZeRO3)
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Llama3 8B checkpointing I/O scaling out

B Optimizer
31 s Model

8 32 64 128 256 512 1024
Number of GPUs

Checkpoint overhead at different scales: small I/O in model
checkpointing cause poor scaling efficiency at large scale
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Llama3 1T 1/O pattern (1024 GPUs, ZeRO1, DP=2)

100 MB - 1GB

PyTorchCheckpointing.save_checkpoint

GPUO
PyTorchChe kpointing.save_checkpoint
GPU256
wite i
PyTorchCheckpointing.save_checkpoint
GPU512

GPU768
| wr.. Wi e

4.6GB

|/O trace from different GPUs
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mm-

Model
Optimizer 5.9 2.9 1.4
BW (TB/s) 1.81 2.53 2.79

As scale increases, optimizer checkpoint
size shrinks while model checkpoint size

remains fixed, making model checkpoints
the dominant cost.”

ML
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Future roadmap

x. New Workloads: Graph Neural Networks (GNNs) and diffusion
models introduce irregular graph traversals and very large
iIntermediate states.

x. KV-cache persistence: Efficient storage and management of
key—value caches is essential for low-latency LLM serving.

. Vector & Graph Data: Vector databases and knowledge graphs
drive demand for fast query, indexing, and retrieval.

v. GPU Initialized data loading: Shifting preprocessing and staging
to GPUs minimizes bottlenecks and sustains high utilization.
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Takeaways

x. Al changes the storage game: the |I/O patterns of Al training are
very different from traditional HPC, and storage design must adapt.

x. Benchmarks matter: DLIO and MLPerf Storage give us a

common way to measure and understand how storage impacts Al
workloads.

. Tools expose hidden gaps: profiling with DFTracer shows that
bottlenecks often live in the data pipeline, not just the storage
hardware.

x. It takes a community: with contributions from labs, vendors, and
cloud providers, MLPerf Storage builds a shared view of what's
needed to power Al at scale.

ML
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