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2About the Speaker |

Fifth-year PhD student at the University of Michigan, CSE

I build efficient software systems for AI/ML

Efficient management of time and energy as systems resources
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Large

• Frontier models
• Kimi-K2 1T params
• Closed models 

could be larger

Numerous Everywhere

• Specialized models
• Thousands of 

application use cases

• Mixture of models
• Deployed worldwide
• Serving millions
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Challenge: Getting Power

5Challenge: Getting Power |

We need the power now
• Next generation large frontier models were due yesterday
• It takes a whole datacenter to train one of them
• E.g., Meta’s Llama 3.1 405B used 16K H100 GPUs



Challenge: Getting Power
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Getting power takes time
• Years of planning, approval, 

lead time, and construction
2023
New technology is driving record demand but
power constraints are inhibiting growth

CBRE RESEARCH
JULY 2023
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Getting power takes time
• Years of planning, approval, 

lead time, and construction
2024
Limited power availability drives
rental rate growth worldwide

CBRE RESEARCH
JUNE 2024



Challenge: Getting Power

8Challenge: Getting Power |

Getting power takes time
• Years of planning, approval, 

lead time, and construction
2025
Despite persistent power constraints,
hyperscale growth accelerates

CBRE RESEARCH
JUNE 2025



Challenge: Energy Costs and Constraints

9Challenge: Energy Costs and Constraints |

Depends on the company & cluster setup
• Electricity costs become operational expenses
• Power source constraints (e.g., 24/7 carbon-free energy)
• Carbon offsetting costs (e.g., Net Zero)
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Packing within power budget
• Power is a hard ceiling; you can’t draw beyond capacity
• You want to pack more accelerators within budget



Challenge: Managing Power
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Packing within power budget without blowing up the grid
• Giant power fluctuations stress the grid
• May stress the resonance frequency of power plant turbines

Power Stabilization for AI Training Datacenters, Technical report, 2025

Tens of
megawatts

Challenge: Managing Power |



Energy as a Computing Resource
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Every bit of computation consumes energy
• And energy is an increasingly scarce resource
• We don’t understand it as well as time

Measuring, understanding, and optimizing
the energy consumption of AI/ML workloads

Energy as a Computing Resource |



13

Others

GPUs

CPU

Fans

Provisioned Power 
(8xA100-80GB AI Server)

Patel et al., ASPLOS’24

“Where do the Joules go?”

Measuring Energy |
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https://ml.energy/zeus
A PyTorch Ecosystem project

Measurement

  from zeus.monitor import ZeusMonitor

  monitor = ZeusMonitor()

  monitor.begin_window("train”)
  # Much
  # AI
  res = monitor.end_window("train”)

  print(f"The computation consumed {res.total_energy} J.")  

Measuring Energy |



Inference Energy Consumption (A100)
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LLMs (Chat) LLMs (Code Gen) Multimodal LLMs Image/Video Generation

The ML.ENERGY Benchmark: Toward Automated Inference Energy Measurement and Optimization, NeurIPS D&B Spotlight, 2025
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Hardware Choices Matter (H100)
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LLMs (Chat) LLMs (Code Gen) Multimodal LLMs Image/Video Generation

The ML.ENERGY Benchmark: Toward Automated Inference Energy Measurement and Optimization, NeurIPS D&B Spotlight, 2025
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ML Design Choices Matter
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LLMs (Chat) LLMs (Code Gen) Multimodal LLMs Image/Video Generation

The ML.ENERGY Benchmark: Toward Automated Inference Energy Measurement and Optimization, NeurIPS D&B Spotlight, 2025
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Deployment Choices Matter
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LLMs (Chat) LLMs (Code Gen) Multimodal LLMs Image/Video Generation

The ML.ENERGY Benchmark: Toward Automated Inference Energy Measurement and Optimization, NeurIPS D&B Spotlight, 2025
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1024 x 1024
image resolution

512 x 512
image resolution

Measuring Energy |



The ML.ENERGY Benchmark & Leaderboard
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• Open-source at https://github.com/ml-energy/leaderboard
• Upgraded  V3.0 coming soon!

https://ml.energy/leaderboard

The ML.ENERGY Benchmark: Toward Automated Inference Energy Measurement and Optimization, NeurIPS D&B Spotlight, 2025 Measuring Energy |
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“Any way to reduce
energy consumption?”

Estimated energy consumption of 
training large AI models

GPT-3[a] 2020 1,287 MWh

Amazon Q[b] 2022 11,900 MWh

Llama 3.1 405B[c] 2024 21,588 MWh

Llama 4 Scout[d] 2025 3,500 MWh

[a] Patterson et al., arXiv:2104.10350, 2021 
[b] Hamilton, CIDR Keynote, 2024
[c] AI@Meta, Llama 3.1 405B Model Card, 2024
[d] AI@Meta, Llama 4 Scout Model Card, 2025

Optimizing Energy |
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Where Do the Joules Go?

One training iteration with 4 pipeline stages and 8 microbatches (1F1B schedule).

Large 
model 
divided 
across 

four GPUs

Reducing Energy Bloat in Large Model Training, SOSP, 2024
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Drawn to scale for GPT-3 1.3B on NVIDIA A100 GPUs.
One training iteration with 4 pipeline stages and 8 microbatches (1F1B schedule).

Large 
model 
divided 
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four GPUs

Reducing Energy Bloat in Large Model Training, SOSP, 2024



Drawn to scale for GPT-3 1.3B on NVIDIA A100 GPUs.
One training iteration with 4 pipeline stages and 8 microbatches (1F1B schedule).
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Cutting 30% Energy Bloat

24

Stage 1

Stage 2

Stage 3

Stage 4

0.0 Time (s)

0 W 150 W 300 W

F
1

F
2

F
3

F
4

B
1

F
5

B
2

F
6

B
3

F
7

B
4

F
8

B
5

B
6

B
7

F
1

F
2

F
3

B
1

F
4

B
2

F
5

B
3

F
6

B
4

F
7

B
5

F
8

B
6

B
7

F
1

F
2

B
1

F
3

B
2

F
4

B
3

F
5

B
4

F
6

B
5

F
7

B
6

F
8

B
7

F
1

B
1

F
2

B
2

F
3

B
3

F
4

B
4

F
5

B
5

F
6

B
6

F
7

B
7

F
8

B
8

B
8

B
8

B
8

Critical Path

Large 
model 
divided 
across 

four GPUs

Drawn to scale for GPT-3 1.3B on NVIDIA A100 GPUs.
One training iteration with 4 pipeline stages and 8 microbatches (1F1B schedule).
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“How does energy 
interact with time?”
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Energy consumed vs. time taken to 
train DeepSpeech2

Optimizing Energy |



Time vs. Energy Trade-off
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Training time and total energy affected by 
batch size and GPU power limit

Zeus: Understanding and Optimizing Energy GPU Energy Consumption of DNN Training, NSDI, 2023

Results from training DeepSpeech2 on LibriSpeech on an NVIDIA V100.
Similar trends found across four GPU generations.
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Which yellow point is the best?

Zeus: Understanding and Optimizing Energy GPU Energy Consumption of DNN Training, NSDI, 2023

Results from training DeepSpeech2 on LibriSpeech on an NVIDIA V100.
Similar trends found across four GPU generations.
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15% to 76% energy reduction 
across diverse models

and multiple GPU generations

Optimizing Energy |Zeus: Understanding and Optimizing Energy GPU Energy Consumption of DNN Training, NSDI, 2023

Results from training DeepSpeech2 on LibriSpeech on an NVIDIA V100.
Similar trends found across four GPU generations.



Time vs. Energy Trade-off
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Iteration Time 
(seconds)

Iteration 
Energy
(Joules)

Pareto-optimal

10.86 12.46

Optimizing Energy |Reducing Energy Bloat in Large Model Training, SOSP, 2024
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Optimization

  from zeus.monitor import ZeusMonitor
  from zeus.optimizer.power_limit import HFPowerLimitOptimizer
  from transformers import Trainer

  monitor = ZeusMonitor()
  optimizer = HFPowerLimitOptimizer(monitor)

  trainer = Trainer(
    ...,
    callbacks=[optimizer],
  ) 

https://ml.energy/zeushttps://ml.energy/zeus
A PyTorch Ecosystem project

Optimizing Energy |
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Jeff J. MaRuofan Wu


