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Introduction
HPC trainer / MLOps Engineer

Scalable Al team in GWDG we do:

Serving / hosting LLMs that are
HPC-native! vs (cloud)

No manageing ML environments /
infrustructure!

Take care of our own pipelining /
infrustructure

Finding bugs: dogfooding

We try to make such environment
for others to use our service!
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Figure 1: Overview of our approach. We combine a pre-trained retriever (Query Encoder + Document
Index) with a pre-trained seq2seq model (Generator) and fine-tune end-to-end. For query x, we use
Maximum Inner Product Search (MIPS) to find the top-K documents z;. For final prediction y, we
treat z as a latent variable and marginalize over seq2seq predictions given different documents.
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Motivations / Order of business

"Lets look at parallel 1/0 as a part of DL parallelization"
Not simply just about 'parallel I0’? Read -> Write (In-place!? Better)
Where do we parallelize? As we parallelize, how do we handle 10?

Question: looking at I/O as a tool / segment of parallelziation in DL
workflows.

Memo

i i/
/ //

N EmYaa

File logical view

Pn
I

Mohammad Hossein Biniaz (mbiniaz@gwdg.de)Dr. Kevin Lidemann (kevin.luedemann@gwdg.de) 5/80


mailto:mbiniaz@gwdg.de
mailto:kevin.luedemann@gwdg.de

Motivations / Order of business

"Lets look at parallel 1/0 as a part of DL parallelization”
DL requirements: deep layers are sequential. Backward gradient
calculations as well: NOT parallel!

Question: how would one think about parallelization in this case? (Given
hardware requirements) i.o.w: how does one apply parallel IO to this
problem?

Parameter (=data) propagation/communication is IO (instead of in-place
updates of a memory / array)

"Data" ingestion is 10: how does i.e. pytorch / cafe hand over 10 to OS? And
why?

Checkpoints instead of 'writes’ in ML!

What are traditional bottlenecks? Data transfer: Host -> GPU!
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Caffe/LMDB Scalability Analysis
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Fig. 3. Caffe/LMDB’s strong scaling using CIFAR10-Large on Bebop: (a) total execution time; (b) execution time breakdown

Compute scales, I/O bottleneck 90%. “I/O skew time” grows with # of proc, raising concerns
of load imbalance between the proc’s (Alexnet, batch size 18,432 / 512 iter 9mil)

Mohammad Hossein Biniaz (mbiniaz@gwdg.de)Dr. Kevin Lidemann (kevin.luedemann@gwdg.de)

7/80


mailto:mbiniaz@gwdg.de
mailto:kevin.luedemann@gwdg.de

Motivations / Order of business

"Lets look at parallel I/0 as a part of DL parallelization”

Question: how would one think about parallelization in this case? (Given
hardware requirements) i.o.w: how does one apply parallel IO to this
problem?

Parameter (=data) propagation/communication is IO (instead of in-place
updates of a memory / array)

"Data" ingestion is 10: how does i.e. pytorch / cafe hand over 10 to OS? And
why?

Checkpoints instead of 'writes’ in ML!

What are traditional bottlenecks? Data transfer: Host -> GPU!
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GWDG Cluster
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Motivations / Order of business

"Analyzing the status quo™

Existing parallel deep learning libraries and existing frameworks.

Discuss how they handle parallel I/O.
Does the paradigm fully overcome the needs for it?

I l.e. duplicating data? Non-shared memory pattern.
I Using some sort of message passing to coordinate between the threads
containing data?

And how to manually do this in case we dont like those.
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Problems with HDFS

We can see this in newly proposed solutions
traditionally; storage / computation paradigms

I HDFS / mapReduce

I Data moves to compute

I Large internal traffic

I commodity hardware: 3x replication / redundancy

More money: VAST - storage grade storage over NVMe OF, etc.
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HPC vs Cloud

This presentation is about HPC, not cloud
Most large supercomputers do not have a local disk on each node

Thus, I/O typically is performed over the shared filesystem.

Even if: on-node storage might be present in the form of nonvolatile
storage:

I Such storage is not persistent across the lifetime of the machine: typically
wiped clean when a new job is assigned to a node.

I Thus, data I/O still has to be performed from the global filesystem.

I Systems that utilize on-node storage technologies in the form of burst buffers:

I staging data on to these burst buffers requires prior knowledge as to which
node would need what segment of the data. Such information is, not readily
available in modern deep learning systems
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Scalable Deep Neural Networks

Deep learning optimization: runtime / algorithmic enhancements
Enhanced hardware

I Hardware includes processors (NVIDIA GPUs, Intel Xeon Phi, Google TPUs
I High-speed networks (e.g., Mellanox InfiniBand, Intel OmniPath
I Memory technologies

Researchers: developed algorithms to make DL computationally efficient
Via algorithmic parallelism without losing convergence accuracy.
Data I/0: major bottleneck!

LMDB, the most widely used I/O subsystem of deep learning frameworks
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Scalable Deep Neural Networks

Many parallel DL frameworks have been proposed - incorporate the trends

Caffe, TensorFlow, Theano, Caffe2, PyTorch, Microsoft Cognitive Toolkit,
Apache MXNet, Chainer.

Why is it still such a hard problem to train NNs: "are they inherently hard to
solve or is there more optimizations?"
First principles:

| For single pass of the data (large data / deep nets)

| For training models where computation can be easily/ef ciently parallelized or

of oaded to hardware computational units
I Moving the data becomes a bigger problem than the computation itself.
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