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Motivation

[1] Training Compute of Frontier AI Models Grows by 4-5x per Year, Report, Epoch AI, 2024

Frontier LLM Models

Publication
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[1]

4-5x increase per year

Problem: local power limitation Solution: training across multiple datacenters 

Increasing power demand

"We don't disclose exactly the details of how many locations but Gemini Ultra 
was trained across multiple sites, and multiple clusters within those sites."

Thomas Kurian, CEO Google Cloud
December 2023

https://epoch.ai/blog/training-compute-of-frontier-ai-models-grows-by-4-5x-per-year
https://www.nytimes.com/2024/10/16/business/energy-environment/amazon-google-microsoft-nuclear-energy.html
https://www.eia.gov/todayinenergy/detail.php?id=63304
https://www.datacenterdynamics.com/en/news/training-gemini-tpus-multiple-data-centers-and-risks-of-cosmic-rays/
https://www.tomshardware.com/tech-industry/artificial-intelligence/microsoft-azure-cto-claims-distribution-of-ai-training-is-needed-as-ai-datacenters-approach-power-grid-limits
https://semianalysis.com/2024/09/04/multi-datacenter-training-openais/
https://www.datacenterdynamics.com/en/news/training-gemini-tpus-multiple-data-centers-and-risks-of-cosmic-rays/
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[1] Training Compute of Frontier AI Models Grows by 4-5x per Year, Report, Epoch AI, 2024
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4-5x increase per year

Problem: local power limitation Solution: training across multiple datacenters 

Increasing power demand

"We don't disclose exactly the details of how many locations but Gemini Ultra 
was trained across multiple sites, and multiple clusters within those sites."

Thomas Kurian, CEO Google Cloud
December 2023

How do we do cross-datacenter training efficiently with open-source stack?

https://epoch.ai/blog/training-compute-of-frontier-ai-models-grows-by-4-5x-per-year


@spcl_eth

@spcl

spcl.ethz.ch

4

Problem and Parallelism Strategies

Cross-Campus Clusters
High Bandwidth 

High Latency

Cross-Region Cloud
Low Bandwidth 
Higher Latency

AllReduce
or

ReduceScatter

AllGather

Point-to-point:
Send / Receive

▪ Challenge: high latency / low bandwidth on cross-DC boundary

▪ Hybrid parallelism

▪ Tensor (= Operator)

▪ Sequence (= Context)

▪ Expert

▪ Pipeline

▪ Data

Not suitable for Cross-DC:
Layer-wise communication
High frequency and/or volume

Suitable for Cross-DC:
Lower frequency and point-to-point (PP)

nTP

nPP

nDP

High-bandwidth domain
(e.g., NVLink)
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Pipeline Parallelism – Data Dependencies

[2] Qi, Penghui, et al. Zero bubble pipeline parallelism (2023)

Adapted from [2]

Finer-granularity
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Pipeline Parallelism – Data Dependencies

[2] Qi, Penghui, et al. Zero bubble pipeline parallelism (2023)

Adapted from [2]

Finer-granularity

True dependencies at varying granularity

Finer-granularity
(more balanced blocks)
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Pipeline Parallelism – Schedules 

Significant 
latency and/or bandwidth delay

on Cross-DC boundary

What can we do about the bubble strides?
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▪ Frame: job scheduling problem 

▪ Include communication operations

▪ Modelling communication time: α-β model

▪ Input:

▪ Duration of operations (compute and communication)

▪ Latency (communication)

▪ Memory changes (compute) and device limit

▪ Data dependencies

▪ Solver: Constrained Optimization

8

CrossPipe – Optimal Schedule 

Limitation: solver runtime
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▪ Dynamic conditions (schedule adaptation)

▪ Solver runtime ⇨ limiting 

9

CrossPipe – Greedy Schedule 

▪ Algorithmic approach
⇨ sub-block scheduling

▪ Faster schedule generation

▪ Same constraints 

▪ Near-optimal

Local (per-device) view

Blocks ready to be 
scheduled

Sub-blocks

Schedule based on 
constraints 

(same as for optimal)

Attractive alternative to optimal schedules 
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▪ Performance model

▪ Model: Llama 3 405B
▪ 2 DC

▪ nTP = 8    nPP = 16    nDP = 64

▪ TF = 109 ms

10

Cross-DC DP vs. Cross-DC PP

Based on Llama 3 
technical report

Time of forward (F) block

▪ PP schedules:

▪ Cross-DP: ZBV

▪ Cross-PP: CrossPipe (UD or Wave)

Traversal pattern (best)

Cross-DC – Pipeline Parallelism → better choice
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CrossPipe – Implementation

▪ Optimization

▪ Post Recv ahead of Send
⇨  Based on schedule – maximize overlap

Original (NCCL):
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CrossPipe – Implementation

▪ Optimization

▪ Post Recv ahead of Send
⇨  Based on schedule – maximize overlap

▪ Both static and dynamic schedules

Improved (NCCL):
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CrossPipe – Implementation

▪ Optimization

▪ Post Recv ahead of Send
⇨  Based on schedule – maximize overlap

▪ Both static and dynamic schedules

Efficient            (optimal / near-optimal)

Adaptable (Single-DC / Cross-DC)

Extensible     (configure / abstraction)
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▪ Single-DC system: Alps 

▪ Node: 4x GH200 (96 GB HBM3), NVLink 4.0

▪ HPE Cray Slingshot-11 interconnect
HPE Cray Cassini-1 200 Gb/s NIC | Dragonfly

▪ Cross-DC latency and bandwidth delay

▪ Emulated in single-DC environment

▪ PyTorch – injected spin kernels (validated)

▪ Model: M70 (Llama 70B)

▪ 2 DC

▪ nTP = 4    nPP = 8    nDP = 1

▪ TF = 36 ms

14

Evaluation

0 ms 18 ms 36 ms 72 ms 30 Gbps 15 Gbps 7.5 Gbps

Static schedules
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▪ Single-DC system: Alps 

▪ Node: 4x GH200 (96 GB HBM3), NVLink 4.0

▪ HPE Cray Slingshot-11 interconnect
HPE Cray Cassini-1 200 Gb/s NIC | Dragonfly

▪ Cross-DC latency and bandwidth delay

▪ Emulated in single-DC environment

▪ PyTorch – injected spin kernels (validated)

▪ Model: M70 (Llama 70B)

▪ 2 DC

▪ nTP = 4    nPP = 8    nDP = 1

▪ TF = 36 ms

15

Evaluation

0 ms 18 ms 36 ms 72 ms 30 Gbps 15 Gbps 7.5 Gbps

_O Communication orchestration
→ significant improvement
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▪ Single-DC system: Alps 

▪ Node: 4x GH200 (96 GB HBM3), NVLink 4.0

▪ HPE Cray Slingshot-11 interconnect
HPE Cray Cassini-1 200 Gb/s NIC | Dragonfly

▪ Cross-DC latency and bandwidth delay

▪ Emulated in single-DC environment

▪ PyTorch – injected spin kernels (validated)

▪ Model: M70 (Llama 70B)

▪ 2 DC

▪ nTP = 4    nPP = 8    nDP = 1

▪ TF = 36 ms
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Evaluation

0 ms 18 ms 36 ms 72 ms 30 Gbps 15 Gbps 7.5 Gbps

Single-DC
→ always as good as ZB
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▪ Single-DC system: Alps 

▪ Node: 4x GH200 (96 GB HBM3), NVLink 4.0

▪ HPE Cray Slingshot-11 interconnect
HPE Cray Cassini-1 200 Gb/s NIC | Dragonfly

▪ Cross-DC latency and bandwidth delay

▪ Emulated in single-DC environment

▪ PyTorch – injected spin kernels (validated)

▪ Model: M70 (Llama 70B)

▪ 2 DC

▪ nTP = 4    nPP = 8    nDP = 1

▪ TF = 36 ms
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Evaluation

0 ms 18 ms 36 ms 72 ms 30 Gbps 15 Gbps 7.5 Gbps

Cross-DC
→ significant improvement
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▪ Single-DC system: Alps 

▪ Node: 4x GH200 (96 GB HBM3), NVLink 4.0

▪ HPE Cray Slingshot-11 interconnect
HPE Cray Cassini-1 200 Gb/s NIC | Dragonfly

▪ Cross-DC latency and bandwidth delay

▪ Emulated in single-DC environment

▪ PyTorch – injected spin kernels (validated)

▪ Model: M70 (Llama 70B)

▪ 2 DC

▪ nTP = 4    nPP = 8    nDP = 1

▪ TF = 36 ms
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Evaluation

0 ms 18 ms 36 ms 72 ms 30 Gbps 15 Gbps 7.5 Gbps

▲ Performance model
→ correct trend



@spcl_eth

@spcl

spcl.ethz.ch

▪ Single-DC system: Alps 

▪ Node: 4x GH200 (96 GB HBM3), NVLink 4.0

▪ HPE Cray Slingshot-11 interconnect
HPE Cray Cassini-1 200 Gb/s NIC | Dragonfly

▪ Cross-DC latency and bandwidth delay

▪ Emulated in single-DC environment

▪ PyTorch – injected spin kernels (validated)

▪ Model: M70 (Llama 70B)

▪ 2 DC

▪ nTP = 4    nPP = 8    nDP = 1

▪ TF = 36 ms
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Evaluation

0 ms 18 ms 36 ms 72 ms 30 Gbps 15 Gbps 7.5 Gbps

Up to 33.6% training time reduction 
(identical memory constraints)
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Evaluation

Multiple Models: M8 and M70

Varying number of DCs: 2 and 4

Increased GBS

Increased memory budget

Activation recompute

PP and DP tradeoff

Mix latency + bandwidth delay

Consistently best 
performance
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Conclusions More of SPCL’s research:

… or spcl.ethz.ch

210+ Talksyoutube.com/@spcl

twitter.com/spcl_eth 1.6K+ Followers

github.com/spcl 5.6K+ Stars

Open source: 
github.com/spcl/crosspipe

spcl.inf.ethz.ch
https://github.com/spcl/crosspipe
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