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What is the most important application for 
Exascale Computers?
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Directional Trends (HPC + AI for Science)
• GPUs are winning even though its still modest fractions of production codes are well 

tuned for current hardware
• Opportunity for AI driven code conversions and standard programming model

• GPUs are becoming somewhat more general purpose and simultaneously more 
optimized for AI workloads

• Low precision support (new FP8, tensor support (xGEMM)

• Foundation Models are getting more interesting
• Future is probably going to be small numbers of very powerful general-purpose models that get 

specialized (!) for downstream applications

• AI Surrogates for traditional HPC applications will have enormous impact  in the next 
few years as they catch on

• Today’s exascale machines will be the places where “effective” zetta and yotta scale applications 
first happen

• Some ideas are not going to pan out as originally planned
• Neuromorphic platforms (good for computational neuroscience kinda), might find a role in low 

power edge computing but will unlikely become mainstream replacements for CPUs/GPUs
• Quantum computing is a long-term play (i.e., 20-50 years), not 3 not 5 probably not 10
• Specialized AI hardware is important as it pushes new architectural concepts is competing on two 

fronts 1) GPU flexibility in allocating transistors to tensor ops, etc. 2) Software investment



Directional Trends (HPC + AI for Science)

• AI will have an accelerating impact on programming, software engineering, 
code optimization and tuning

• Current tools are just the beginning

• X as a Service (XaaS) concepts will get richer and more interesting
• AI as a Service (e.g. NeMO), Workflows as a Service, Surrogates as a Service?

• Chip Power efficiency is now a political issue
• Companies pledge to improve power efficiency but of course politics is not science, we 

need to actually have technical means to do so!

• If performance is your goal, you can’t ignore AI and ML approaches
• Near linear sorting and searching by learning on real distributions

• Future apps might look weird to us (mixed precision and ML surrogates)
• Massive low precision capabilities (Zetta ops by 2030) perhaps earlier

• FPGAs promising for some applications, but the software stacks still suck
• Now that major players are owned by CPU/GPU companies this might improve



AI for Science – What’s Next After Exascale

• Over 1,300 scientists participated in four 
town halls during the summer/fall of 2019

• Research Opportunities in AI 
• Biology, Chemistry, Materials,

• Climate, Physics, Energy, Cosmology

• Mathematics and Foundations

• Data Life Cycle

• Software Infrastructure

• Hardware for AI

• Integration with Scientific Facilities

• Modeled after the Exascale Series in 2007

• ASCAC subcommittee Report Sept 2020
https://www.anl.gov/ai-for-science-report





Artificial Intelligence for Earth System Predictability

BER-ASCR planning project to create a paradigm shift in the science of predictability and prediction, 
based on the co-design of artificial intelligence methodologies with physics-based observing, data 
assimilation, modeling, and prediction.

To be effective, DOE wants AI4ESP as a collaboration - as an extension beyond MODEX to more rapidly 
facilitate co-design and more rapidly reduce uncertainties of predictions

https://ai4esp.org/ 8 DEC 2021
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Exascale Target Platforms
Intel CPU/GPUs, AMD CPU/GPUs

Argonne Oak Ridge Livermore

These architectures will excel at AI problems and AI + HPC problems



Foundation AI for Scientific Discovery, 
Knowledge Synthesis and Integration
• LLMs appear to be very general sequence-oriented models that learn from 

self-supervised examples
• Anything that can be tokenized to sequences is fair game

• Text, Code, DNA, RNA, Proteins, Protocols, Graphs (triples)
• Images (tokenized as patches), Waveforms (tokenized as samples)
• Robotic control sequences
• Time dependent data

• Large-scale Models trained on broad data, can be specialized for 
downstream tasks with much less work than models trained from scratch

• Many many tasks in biology and life sciences can be addressed with LLMs, 
from knowledge distillation from literature, to generating sequences 
(proteins, viruses, microbes), to small molecules, to protocols

• LLMs can also generate mathematical solutions to problems



https://arxiv.org/pdf/2108.07258.pdf

GPT-3, T5, M6, Gopher, etc. >> 100B parameter models



FLOPS per Token = 6N + 12LHQT

The Transformer with Self-Attention 

Layers, Heads, Dimension, Width



Self-Supervised Pretrained Autoregressive Models



arXiv:2005.14165 Brown et. al. “Language Models are Few Shot Learners”



Foundation models have also led to surprising emergence which 
results from scale. For example, GPT-3 [Brown et al. 2020], with 
175 billion parameters compared to GPT-2’s 1.5 billion, permits 
in-context learning, in which the language model can be adapted 
to a downstream task simply by providing it with a prompt (a 
natural language description of the task), an emergent property 
that was neither specifically trained for nor anticipated to arise. 

Emergence from Scale and Prompting



GPT-3 with 175B ParametersGPT-3 with 1B Parameters



Wu Dao  --- Mixture of Experts 10Tp



Towards fewer more powerful models

• Transfer, Multitask, and Multimodal Learning
• Learning more than one task at a time

• Can often be better at each task than a separate network for each task

• Networks can learn to share representation and learning across problems

• Networks have learned up to ~50 192 600 different tasks

• Very Large Networks have been trained
• Networks with billions > 10 trillions of weights (100 trillion in plan)

• Can absorb huge datasets and still improve with more data (LLMs)



DeepMind’s GATO  600 tasks – one model
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https://arxiv.org/abs/2202.05924



arXiv:2204.02311v2 [cs.CL] 7 Apr 2022 

Compute Needed to Train
PaLM 540B was trained for 29 days on 4096 v4 TPUs @ Exaflop/s BFP16



LLMs are getting curiously interesting

But are not yet very good at reasoning and math

Starting to show some skill in reasoning and math                                         



The Foundation Concept in action

PaLM = Google’s 540B LLM

Minerva = PaLM + Math

PaLM Coder = PaLM + Code

AlphaCode



PaLM + Math Content Extended Training + CoT

CoT == Chain-of-Thought arXiv:2206.14858v1 [cs.CL] 29 Jun 2022 



arXiv:2206.14858v1 [cs.CL] 29 Jun 2022 



AI for Advanced Property Prediction 
and Inverse Design
• APP: Predicting a phenotype from genotype (e.g. AMR), Predicting 

materials properties (e.g. hardness, stability) from composition and 
symmetry group.  Tumor drug response, etc. etc. Protein folding.

• ID: Generate a genome that results in a given phenotype, materials 
composition and processing steps that results in material given bandgap.  
Generate a drug that binds to a specific receptor. etc. Design a protein that 
has a given function.

• Issues:  Scale of data DL require O(105-106)+ examples, Representation of 
samples/objects, modality, generality, OOD, learning across problems, 
general models for multiple systems

• Can we develop a model that can do forward and backwards problems 
across many problem domains?



COMMUNICATIONS MATERIALS | 
https://doi.org/10.1038/s43246-020-00052-8 

Integrating multiple 
materials science 
projects in a single 
neural network
Kan Hatakeyama-Sato 1 & Kenichi Oyaizu1✉







Transformers can Design Proteins

https://doi.org/10.1101/2021.07.18.452833; 



Artificial protein sequences are 
functional while reaching as low as 
44% identity to any known protein, 
exhibit comparable catalytic 
efficiencies to a highly-evolved natural 
protein, and demonstrate similar 
structures to known natural folds. https://doi.org/10.1101/2021.07.18.452833; 



AI Based Surrogates for HPC
• Replacing or augmenting computational kernels in HPC applications with machine 

learned functions that compute that same function but much faster

• Has been demonstrated in many problem domains, physics, climate, CFD, 
molecular dynamics, drug docking, chemistry, DFT, etc.  DeepDrive MD is a good 
example of a problem that benefits from augmentation.

• Speedups easily > 1000x, sometimes > 100Mx

• Continuous problems mostly, challenges for discrete problems such as those in 
computational biology (e.g. MSA, sequence similarity, phylogeny)

• Recent progress in replacing hybrid AI/HPC with pure AI, such as Meta’s version of 
AlphaFold that is end-to-end AI, similar accuracy and much faster. 

• Open issue is general methods for accelerating discrete problems.  Can leverage 
AI approaches to accelerate sorting and DB lookups, LSH, etc.

• Differentiable biology programming is a direction for this area, can we 
systematically replace traditional bioinformatics analysis with methods that can 
learn from data and be accelerated by AI





ML based Surrogate Models



As such, the computational efficiency of the LSTM 
model yields results 42,666 times faster than the full-
scale phase-field method. 



Accelerated simulations up to 100 million times



Accelerated simulations up to 2 billion times
Astrophysics
Climate
Biogeochemistry
HEDP
Fusion
Seismology



AI for  Prediction and Control of Complex 
Engineered  Systems
• Example in this space include controlling fusion reactors, or accelerators, 

but also can include controlling large-collections of robotics that are 
carrying out some complex synthesis or experimental protocol.

• Key ideas: Train AI on existing datasets from current systems, predicting 
outcomes of the controlled system (e.g. plasma or beam stability), then use 
these models as faster than real-time “digital twin” of the system to predict 
trajectory of current control and control nudges. 

• Key issues: combining a digital twin concept (detailed simulation specific to 
the device) with AI, possibly an AI surrogate type digital twin to allow 
exploration of complex system operating phase space.

• Could be applied to engineered biological systems.  Cells to Ecosystems.  
Similar strategy, leverage existing models to generate training data.  One 
model for all taxa?







AI for Programming and Software Engineering

• LLMs are powerful sequence engines, that can be applied to a variety of 
task in programming and software engineering

• Code generation from natural language
• Code completion during editing
• Translation from one programming lang to another (e.g. Python to C)
• Debugging code (suggesting bug fixes)
• Reverse compilation (bin to lang)
• Automatic Documentation (summarizing code)
• Code Refactoring for parallelism or new APIs

• Many code task relevant to biology could be targets for AI for programming

• AI for code are typically tuned or augmented language models (e.g. GPT-3, 
Codex, DeepCoder, etc.)

• AI for programming can also learning to improve automatically using 
machine generated examples
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(pt-light) stevens@M1acBook ~ % g++ quad.cc
(pt-light) stevens@M1acBook ~ % a.out
zsh: command not found: a.out
(pt-light) stevens@M1acBook ~ % ./a.out
Enter coefficients a, b and c: 2 3 4
Roots are complex and different.
x1 = -0.75+1.19896i
x2 = -0.75-1.19896i

GPT-3 “DaVinci-002”



arXiv:2204.02311v2 [cs.CL] 7 Apr 2022 

DeepFix problem.. (code fixing example)



arXiv:2204.02311v2 [cs.CL] 7 Apr 2022 

DeepFix problem.. (code fixing example)
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AI Enabled

Experimental Workflows

(how to make it)

…materials, polymers, organisms…

…self-driving labs, synthesis search…

• data Sets

• literature

• science “news”

• strategy
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Aggregated
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AI Enabled 
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Insight?

AI for Science “SuperGeneral” Models



Autonomous Discovery














