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Learning goals

Presentation
• Understanding data pipelines and know available packages
• Know how to optimize data loading process

Hands on exercise
• Using the CPU on a system to build data batches in parallel as ML 

calculations are performed on the GPU
• Using parallel processes on CPU to speed up the data pipeline process.
• Do all this using the framework's (PyTorch, Tensorflow) data APIs



What is Data Pipeline
A data pipeline is the sequence of operations that takes raw data (from disk, remote storage, or 
memory) and transforms it into batches of tensors ready to feed into a training loop.

Data 
Injection

Decoding / 
Parsing

Transformation
Batching /shuffling 

/ prefetching
Device 

Transfer

Reading files 
(e.g., images, 
text, Parquet, 
TFRecord, 
etc.).

Converting raw bytes 
into usable formats 
(e.g., JPEG → Tensor).

Random crops, 
normalization, 
tokenization, 
etc.

Grouping into 
batches, randomizing 
order, and 
overlapping I/O with 
compute.

Moving data to 
GPU/XPU/TPU 
memory 
efficiently



Storage (DAOS, Lustre, S3)

Hugging face WebdatasetTorchDatasettf.data

Transform (shuffle, batch, preprocessing)

IO library (Numpy, hdf5, PIL, Pandas, CSV, etc)

Frameworks: TensorFlow, JAX & PyTorch

map (shuffle, batch, 
preprocessing)

PyTorch DataLoader

Data Pipeline Software Stack



 TensorFlow:  tf.data API

 Limitations / Trends:
Graph-based execution (in TF 2.x eager mode improved it, but still verbose).
Declining adoption in research and open-source ML: PyTorch’s DataLoader and Hugging Face 
datasets dominate.

https://www.tensorflow.org/guide/data



 PyTorch: torch.utils.data and Ecosystem
Core abstractions:

• Dataset: defines how to access samples.
• DataLoader: handles batching, multiprocessing, shuffling, pinning, etc.

https://docs.pytorch.org/tutorials/beginner/basics/data_tutorial.html

Customizable 



Hugging Face Datasets
pip install datasets

https://huggingface.co/docs/datasets/en/quickstart

Can be used in both TensorFlow and PyTorch

I/O: for massive text, consider 
streaming=True; 
for repeated epochs over fixed data, 
prefer non-streaming + caching.



WebDataset

https://github.com/webdataset/webdataset

WebDataset (often imported as webdataset or wds) is a sharded TAR-based dataset format + PyTorch 
loader designed for streaming, large-scale training.

Preparing the datasets



BlendCorpus for Large Language Models Training

Downloading / 
streaming data 
Hugging face

tokenization Tokens saved in binary 
index files 

mmap Framework 
data loader

Pipeline in LLM training

Compute

Megatron-DeepSpeed

https://github.com/zhenghh04/blendcorpus



Data Loading Optimization
I/O Patterns: HPC vs AI

• Read or write intensive
• Small and sparse I/O & metadata intensive random 

access 
• Complex data format (json, text, key-value) 
• Multithreaded async. I/O
• Storage hierarchy + caching & staging
• Variety of needs for different stages: preprocessing, data 

loading, checkpointing, inferencing

HPC workloads AI workloads

• Write intensive (checkpointing)
• Bulk parallel I/O
• Multi-dimensional array (binary, HDF5, 

NetCDF)
• Single thread & sync. I/O
• Global file system + SSD (but SSD are rarely 

been used)



Data Loading Optimization

Training on GPULoading Data preprocessing

3D-Unet Data loading Tracing

Controlling the number of workers



Data Loading Optimization

Training Training Training

Data Loading

Data Loading

Data Loading

Data Loading

TrainingT0

T1

T2

T3

T4

I/O Overhead

Waiting for data to be ready

Waiting Waiting 



I/O Profiler and Tracer for AI: DFTracer

We need an AI I/O profiler / tracer

• Easy to use

• Works with Python applications (multiple threads)

• Able to profile at different levels

• Easy to integrate with other tracing tools

• Easy to visualize the tracing (Perfetto)

• Small overhead https://github.com/LLNL/dftracer

H. Devarajan et al., "DFTracer: An Analysis-Friendly Data Flow Tracer for AI-Driven 

Workflows," SC24: International Conference for High Performance Computing, Networking, 
Storage and Analysis, Atlanta, GA, USA, 2024, pp. 1-24,

Diagnose the form, reveal the root, tune the whole.
诊其形，明其本，调其全。

Existing tools are not friendly to AI: darshan, 
recorder, perf, ioprof

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


I/O Profiler and Tracer for AI: DFTracer

https://github.com/LLNL/dftracer



Multithreading improves the I/O throughput

num_workers = 1

With num_workers, IO / compute = 1.3, 30% of the time, GPU is waiting for data

Waiting for data

num_workers = 2

Sample size: 100–150 MB (NPZ)

With num_workers = 2, the data loading is completely hidden behind compute



Try different data formats: HDF5 vs NPZ

Single NPZ file is loaded in chunks of 
256 kB, which is very inefficient

HDF5 is loaded in one chunk (~150MB)

NPZ

num_workers=1

HDF5

num_workers=1

NPZ is inefficient -> changing to HDF5



CPU Binding

With cpu binding: 
--cpu-bind depth –d 16 

Without cpu binding: 
--cpu-bind depth –d 16 

CPU binding is crucial for making 
sure there are enough cores for I/O 
threads. Otherwise, all the threads 
will be put on the same CPU core.



Caching to Node Local Storage

I/O throughput at different scale on Polaris for UNet3D model



Experiences

• Organize data in an optimal way (avoid large number of small files; use 
binary file formats instead of text files)

• Use multithreading to load data (increase num_workers)
• Set cpu-bind to make sure each MPI task has multiple cpu cores for data 

loading and preprocessing
• Cach data to NVMe storage if I/O is not hidden behind compute after all 

optimization 



Hands on examples

https://github.com/argonne-lcf/ALCF_Hands_on_HPC_Workshop/tree/master/DataPipelines
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