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@3outeille @FerdinandMom

Now Pre-training @Huggingface: Picotron, Nanotron, The Ultra-Scale Playbook: 
Training LLMs on GPU Clusters

Previously video compression @Interdigital          @VLC media player (Google Summer of Code)
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Scaling laws tell us that model performance is expected
 to scale up with larger model size (number of parameters),
more compute (FLOPs) and more training data (tokens) 

Why do we need distributed training ?
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As model get larger, it cannot fit within a single 
GPU.

Model need to be distributed across GPUs 
along different axes

What is distributed training ?
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Tensor Parallel

What if the model doesnʼt fit ? Split matrix multiplication
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Pipeline Parallel

Microbatches 

Share layer across GPUs ! 
AFAB - All Forward All Backward
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Pipeline Parallel

Microbatches 

1F1B: 1 Forward 1 Backward
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Data Parallel
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Under the hood of distributed training

Data parallel => all_reduce (at the end of every
training step)

Tensor parallel => all_reduce (every linear layers) + 
all_gather (just 1 time at final linear layer)

Pipeline parallel => send/recv (after every layers)

all_reduce is central in deep learning workload !
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From MPI to NCCL

https://www.mdpi.com/2076-3417/14/12/5100
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Limitations of Distributed training

Theoretically:

Amdahl's law => the speedup from adding more 
chips to a workload has diminishing returns when 
there is a lot of synchronous activity
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Limitations of Distributed training

Practical limit: 25% decrease in Model FLOPs Utilization (MFU) means

1. XAI cluster => 100k H100
2. (100,000 × 0.25 = 25,000) => Equivalent of having 25k GPUs idle during this time

GPU idle cost estimation:

- High-end AI training GPUs (like NVIDIA H100) cost ~40,000$ each
- 25,000 × 40,000$ = 1$ billion
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Motivation for Decentralized training
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Key idea: What if we can gather cheap spot instances across the world and connect them together. This enables us 
to do a 2-phase approach where we:

- Find the point where it is optimal to scale within cluster/locally to get best/stable performance 
(distributed training)

- expand the same setting to other clusters (decentralized training).

Current Problem: Not everyone can have access to compute gathered in single place. Even if it is the case, you 
have diminishing returns
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Decentralized training problems

16

3 key questions:

- How do we actually “expand” setting to other clusters ?
- How do we address bandwidth limitations in geographically dispersed scenarios? 

(Intra-cluster ~ Tbs and Inter-cluster ~ 1 Gbs)
- What about fault tolerance ?
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Data parallel approach: Diloco
- Bandwidth is an issue ? Instead of communication every 

steps, letʼs communicate only every T steps
- Several replicas are converging on their own (inner 

loop) + averaging in the parameter space (outer loop)
- Reduce communication up to 500x
- Proven to work from 1B to 10B scales (PrimeIntellect)
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- Square-Cube Law of Distributed Training => as  LLMs get larger, more time is spent doing computation compare 
to communication (waiting for data)

- Cannot apply traditional Pipeline parallel directly => Fault tolerance (through replicas)  + load balancing within 
stage (Stochastic Wiring) and across stages  (Adaptive Rebalancing) for optimal throughput

- Compression of activations and gradients 
- Possible to train with 80Mbps at 8B scale with no convergence degradation (Pluralis Research)

Model Parallel approach: Swarm Parallelism
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Compression approach: PowerSGD

- Gradients are huge to send => Need a way to 
compress gradient while maintaining training 
accuracy

- Compress gradient using low-rank 
approximation => we send factorized version that 
is cheap to compute (Power Iteration instead of 
SVD)

- Compression is linear => compatible with 
all_reduce

- Include Error Feedback => Keeps track of 
compression errors to maintain accuracy

- 10 - 100x communication reduction
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Prime Intellect: Decentralized pre-training with data parallel approach
Pluralis Research: Decentralized pre-training with model parallel approach
Nous Research: Decentralized pre-training with compression approach 

3 axes of decentralized training

They are complementary approach in a sense that they act on different axis, one can combine them together !
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“NCCL” over public internet ?
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Intra-cluster -> NCCL
Inter-cluster -> Gloo

- Not designed for WAN operation; requires VPN for public internet use -> overhead
- Limited fault tolerance, node failures typically require restarting the entire job
- No built-in support for concurrent collective operations
-

Some premises …
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“NCCL” over public internet ?
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Boom project: decentralized training over national clusters

- Releasing small model to 
show that it is feasible to 
train across clusters

- After several iterations, 
gathering more compute to 
actually train a big model

End goal:
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Letʼs keep in touch and follow our team at hf.co/science 


