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“Really the deciding factor [for the 
AI revolution] was the increase in 

compute power” (26:50)

“I think a lot of the credit for deep 
learning goes to [… others …] and 

the people who made the 
computers go fast.” (27:00)
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How do we “Make Computers go Fast”?

2021 Turing award – Jack Dongarra 

Supercomputers 
are very (>70%) 

efficient at dense 
linear algebra!
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f(x)

layer-wise weight update

▪ GPT-3: 96 (complex) layers

175 bn parameters (700 GiB in fp32)

2048-token “sentences”

▪ GPT-3: 30-50k dictionaries

▪ takes weeks to train
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Large-Scale AI is the Future

We need a Principled Approach to it
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Three Systems Dimensions in Large-scale Super-learning …

…

High-Performance I/O High-Performance Compute

• Quickly growing data volumes
• Scientific computing!

• Use the specifics of machine
learning workloads

• E.g., intelligent prefetching

• Deep learning is HPC
• Data movement!

• Quantization, Sparsification
• Drives modern accelerators!

High-Performance Communication

• Use larger clusters (10k+ GPUs)
• Model parallelism

• Complex pipeline schemes
• Optimized networks 

Data Pipeline Operator
Distribution and Parallelism
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This is the past – LLMs work today!
(you can find that full talk on youtube)

We know training – but do we 
understand using (prompting)?
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This pipeline has massively 
evolved in the past months
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Let’s proceed step by step.
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The Next Step – Graphical Reasoning

Inspired by human thoughts.
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Inspiration for Next Step: Brain Structure [1]

[1] K. Friston. Hierarchical models in the brain. PLoS computational biology, 4(11):e1000211, 2008. 18
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„Thought transformations”
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