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🚀🚀 Scaling: Overview
• ✅ Goal:

▪ Minimize:  (i.e. amount of time spent training)

▪ Maximize: 

Note

See  for more details

Cost
Performance

🤗 Performance and Scalability
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Single GPU
See 

Feed
data, ooonnneee
batch at
a time.
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]]] Network

GPU

Figure 1: SLOW !! model size limited by GPU memory

🤗 Methods and tools for efficient training on a single GPU
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Data Parallel Training
• The simplest and most common

parallelism technique

• Each GPU:

▪ has identical copy of model

▪ works on a unique subset of data

• Multiple copies of the same setup
▪ each copy gets fed unique data

▪ all copies compute gradients w.r.t
local model

▪ everyone syncs up before updating
weights

• See: Distributed Data Parallel —
PyTorch Figure 2: Data Parallel Training

Network

GPU1

Network

GPU0

Network

GPU2

allreduce grads +
broadcast weights
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Data Parallel Training
• Relatively simple to get up and

running (minor modifications to code)

• 

• 

• 

• 

• 

saforem2/ezpz
PyTorch – DDP

 DeepSpeed

Distributed training with 🤗 Accelerate

🎬 “Parallel Training Techniques”

Figure 3: Data Parallel Training

Network

GPU1

Network
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Network
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allreduce grads +
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Communication
• Need mechanism(s) for communicating across GPUs:

▪ 

▪ 

• Collective Communication:

▪ 

▪ 

⌛⌛ Timeouts

▪ Collective operations have to be called for each rank  to form a complete collective operation.

◦ Failure to do so will result in other ranks waiting indefinitely

torch.distributed
mpi4py

Nvidia Collective Communications Library (NCCL)

Intel oneAPI Collective Communications Library (oneCCL)
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AllReduce
Perform reductions on data (e.g. sum , min , max ) across ranks, send result back to
everyone.

dist.all_reduce(x, op=ReduceOp.SUM)

Rank 0 Rank 1 Rank 2 Rank 3

Figure 4: All-Reduce operation: each rank receives the reduction of input values across ranks.
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Reduce
• Perform a reduction on data across ranks, send to individual

dist.reduce(x, 2, op=ReduceOp.SUM)

Rank 0 Rank 1 Rank 2 Rank 3

Figure 5: Reduce operation: one rank receives the reduction of input values across ranks
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Broadcast

dist.broadcast(x, 1)

Rank 0 Rank 1 Rank 2 Rank 3

Figure 6: broadcast  (send) a tensor  from one rank to all ranksx
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AllGather

Rank 0

dist.all_gather(zeros, x)
zeros = [torch.zeros_like(x) for _ in range(4)]

Rank 1 Rank 2 Rank 3

Figure 7: Gathers tensors from the whole group in a list.
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Scatter

Rank 0 Rank 1 Rank 2 Rank 3

output = torch.zeros(WORLD_SIZE)
z = [x0, x1, x2, x3] if rank == 2 else None

dist.scatter(output, z, src=2)

Figure 8: Scatters a list of tensors to the whole group
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Why Distributed Training?
• N  workers each processing unique batch1 of data:

▪ [micro_batch_size = 1 ]  [N  GPUs]  [gglloobbaall__bbaattcchh__ssiizzee  ==  NN]

• Smooth loss landscape

• Improved gradient estimators

• Less iterations needed for same number of epochs

▪ May need to train for more epochs if another change is not made

▪ e.g. scaling learning rate lr *= sqrt(N)
• See: 

1. micro_batch_size  = batch_size per GPU

× →

Large Batch Training of Convolutional Networks
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Why Distributed Training? Speedup!
Table 1: Recent progress

Year Author GPU Batch Size # GPU TIME (s) ACC

2016 He P100 256 8 104,400 75.30%

2019 Yamazaki V100 81,920 2048 72 75.08%
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Dealing with Data
• At each training step, we want to ensure that each worker receives unique data
• This can be done in one of two ways:

1. Manually partition data (ahead of time)

▪ Assign unique subsets to each worker

▪ Each worker can only see their local portion of the data

▪ Most common approach

2. From each worker, randomly select a mini-batch

▪ Each worker can see the full dataset

▪ ⚠ When randomly selecting, it is important that each worker uses different
seeds to ensure they receive unique data
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Broadcast Initial State
• At the start of training (or when loading from a checkpoint), we want all of our

workers to be initialized consistently

▪ Broadcast the model and optimizer states from rank() == 0  worker

Model + Optim. State

GPU0

GPU 1 GPU 2 GPU 3 ... GPU N

Figure 9: To ensure all workers have the same copies, we load on RANK==0 and broadcast
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Best Practices
• Use parallel IO whenever possible

▪ Feed each rank from different files

▪ Use MPI IO to have each rank read
its own batch from a file

▪ Use several ranks to read data, MPI
to scatter to remaining ranks

◦ Most practical in big at-scale
training

• Take advantage of data storage

▪ Use 

• Use the right optimizations for Aurora,
Polaris, etc.

• Preload data when possible

▪ Offloading to a GPU frees CPU
cycles for loading the next batch of
data

◦ minimize IO latency this way
• Communication Bottleneck

⏰⏰ Keeping things in Sync

Computation stalls during communication !!

Keeping the communication to computation ratio small is important for effective scaling.

striping on lustre
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Data Parallelism
• Useful when model fits on single GPU

▪ ultimately limited by GPU memory

• When model does not fit on a single GPU:

▪ DeepSpeed  + 

▪ 

ZeRO
PyTorch + FSDP
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Going beyond Data Parallelism:  ZeRO
• Depending on the ZeRO  stage (1, 2, 3), we can offload:

1. Stage 1: optimizer states

2. Stage 2: gradients + opt. states

3. Stage 3: model params + grads + opt. states

Figure 10:  + DeepSpeed ZeRO
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Fully Sharded Data Parallel (FSDP)
• Instead of maintaining per-GPU copy of {params, grads, opt_states} , FSDP shards (distributes) these across

data-parallel workers

▪ can optionally offload the sharded model params to CPU

• Introducing PyTorch Fully Sharded Data Parallel (FSDP) API | PyTorch

Figure 11: FSDP Workflow. Source
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Pipeline Parallel (PP)
• Model is split up vertically

(layer-level) across multiple
GPUs

• Each GPU:

▪ has a portion of the full
model

▪ processes in parallel
different stages of the
pipeline (on a small chunk
of the batch) Figure 12: Pipeline Parallelism
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Tensor Parallel (TP)
• Each tensor is split up into multiple

chunks

• Each shard of the tensor resides on its
designated GPU

• During processing each shard gets
processed separately (and in parallel)
on different GPUs

▪ synced at the end of the step

• This is what one may call horizontal
parallelism

See:  for additional
details

🤗 Model Parallelism
Figure 13: Tensor Parallel Training

Model Parallel
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23

samforeman.me/talks/alcf-hpc-workshop-2024/slides

https://huggingface.co/docs/transformers/v4.15.0/parallelism
https://huggingface.co/docs/transformers/v4.15.0/parallelism
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/model-parallel.svg
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/model-parallel.svg
https://samforeman.me/talks/alcf-hpc-workshop-2024/slides
https://samforeman.me/talks/alcf-hpc-workshop-2024/slides


Model Parallel Training
• Split up network over multiple workers

▪ Each receives disjoint subset

▪ All communication associated with subsets
are distributed

• Communication whenever dataflow between
two subsets

• Typically more complicated to implement than
data parallel training

• Suitable when the model is too large to fit onto
a single device (CPU / GPU)

• 

• 🤗 

argonne-lcf/Megatron-DeepSpeed
huggingface/nanotron

Figure 14
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Tensor (/ Model) Parallel Training: Example
Want to compute: 
where each GPU only has only its portion of the full weights as shown below

1. Compute: GPU1

2. Compute: GPU2

3. Compute:  ✅

y = x W =∑i i i x ∗0 W +0 x ∗1 W +1 x ∗2 W2

y =0 x ∗0 W →0

y =1 y +0 x ∗1 W →1

y = y +1 x ∗2 W =2 x W∑i i i

x₀ W₀

x₀ W₀
+ x₁ W₁ GPU2

W₂

GPU1

W₁

GPU0

W₀x₀

x₁

x₂

Figure 15
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Tensor (Model) Parallelism1

• In Tensor Paralleism each GPU processes only a slice of a tensor and only
aggregates the full tensor for operations that require the whole thing.

▪ The main building block of any transformer is a fully connected nn.Linear
followed by a nonlinear activation GeLU.

◦ Y = GeLU(XA) , where X and Y are the input and output vectors, and A is
the weight matrix.

▪ If we look at the computation in matrix form, it’s easy to see how the matrix
multiplication can be split between multiple GPUs:

1. Efficient Large-Scale Language Model Training on GPU Clusters
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Tensor Parallelism

Figure 16: Tensor Parallel GEMM. This information is based on (the much more in-depth)  by TP Overview @anton-l
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3D Parallelism
• DP  + TP  + PP  (3D) Parallelism

Figure 17: Figure taken from 3D parallelism: Scaling to trillion-parameter models
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Deciding on a Parallelism Strategy

• Model fits onto a single GPU:

▪ Normal use

• Model DOES NOT fit on a single GPU:

▪ ZeRO  + Offload CPU (or, optionally, NVMe )

• Largest layer DOES NOT fit on a single GPU:

▪ ZeRO  + Enable 

◦ MCT Allows running of arbitrarily large layers by automatically splitting
them and executing them sequentially.

Single GPU Single Node / Multi-GPU Multi-Node / Multi-GPU

Memory Centric Tiling (MCT)
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Large Language Models

1. Source: 

Figure 18: Large Language Models have (LLM)s have taken the NLP community world by storm1.

 Hannibal046/Awesome-LLM
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Emergent Abilities

Figure 19: Yao et al. ( )Emergent abilities of Large Language Models 2023
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Training LLMs

Figure 20: Visualization from Yang et al. ( )2023 Figure 21: It’s hungry! Wei et al. ( )2022
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Life-Cycle of the LLM
1. Data collection + preprocessing

2. Pre-training
• Architecture decisions, model

size, etc.

3. Supervised Fine-Tuning

• Instruction Tuning

• Alignment

4. Deploy (+ monitor, re-evaluate,
etc.)

1. Figure from 

Figure 22: Pre-training: Virtually all of the compute used during pre-
training1.

The Illustrated Transformer
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Life-Cycle of the LLM
1. Data collection + preprocessing

2. Pre-training

• Architecture decisions, model size,
etc.

3. Supervised Fine-Tuning
• Instruction Tuning

• Alignment

4. Deploy (+ monitor, re-evaluate, etc.)

1. Figure from 

Figure 23: Fine-tuning: Fine-tuning actually updates the
model’s weights to make the model better at a certain task1.

The Illustrated Transformer
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Forward Pass

1. Video from: 

Figure 24: Language Model trained for causal language modeling1.

0:00 / 0:09

Video

🤗 Generation with LLMs
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Generating Text

1. Video from: 

Figure 25: Language Model trained for causal language modeling1.

0:00 / 0:19

Video

🤗 Generation with LLMs

36

samforeman.me/talks/alcf-hpc-workshop-2024/slides

https://huggingface.co/docs/transformers/main/en/llm_tutorial
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
http://localhost:4209/talks/alcf-hpc-workshop-2024/assets/hf_assisted_generation2.mov
https://huggingface.co/docs/transformers/main/en/llm_tutorial
https://samforeman.me/talks/alcf-hpc-workshop-2024/slides
https://samforeman.me/talks/alcf-hpc-workshop-2024/slides


Assistant Models

Figure 26
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Hands On
 ALCF_Hands_on_HPC_Workshop / ml-at-scale
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🌱🌱 Clone Repositories
1. 

2. 

saforem2/wordplay/
git clone https://github.com/saforem2/wordplay1
cd wordplay2

saforem2/ezpz/
git clone https://github.com/saforem2/ezpz deps/ezpz1
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🐍🐍 Setup Python
$ export PBS_O_WORKDIR=$(pwd) && source deps/ezpz/src/ezpz/bin/utils.sh1
Using WORKING_DIR: /eagle/argonne_tpc/foremans/tmp/2024-10-26-0947462

3
$ ezpz_setup_python4
No conda_prefix OR virtual_env found in environment...5
Setting up conda...6

7
Lmod is automatically replacing "nvhpc/23.9" with "gcc-native/12.3".8

9
10

Lmod is automatically replacing "PrgEnv-nvhpc/8.5.0" with "PrgEnv-gnu/8.5.0".11
12
13

Due to MODULEPATH changes, the following have been reloaded:14
1) cray-mpich/8.1.2815

16
Found conda at: /soft/applications/conda/2024-04-29/mconda317
No VIRTUAL_ENV found in environment!18

- Trying to setup from /soft/applications/conda/2024-04-29/mconda319
 Using VENV_DIR=/eagle/argonne_tpc/foremans/tmp/2024-10-26-094746/venvs/2024-04-2920
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Setup Job
$ ezpz_setup_job1
[🍋 ezpz/bin/utils.sh]2

• USER=foremans3
• MACHINE=polaris4
• HOST=x3205c0s25b0n05
• TSTAMP=2024-10-26-0948416

7
8

[ezpz_get_pbs_env]: Caught 0 arguments9
• hostfile: /var/spool/pbs/aux/3061463.polaris-pbs-01.hsn.cm.polaris.alcf.anl.gov10
• jobenv_file: /home/foremans/.pbsenv11

12
[ezpz_setup_host_pbs]13

• Using hostfile: /var/spool/pbs/aux/3061463.polaris-pbs-01.hsn.cm.polaris.alcf.anl.gov14
• Found in environment:15

• HOSTFILE: /var/spool/pbs/aux/3061463.polaris-pbs-01.hsn.cm.polaris.alcf.anl.gov16
• Writing PBS vars to: /home/foremans/.pbsenv17

18
[ezpz_save_pbs_env]19

 Setting:20
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📦📦 Install {{eezzppzz,,  wwoorrddppllaayy}}
1. :

2. :

saforem2/ezpz
python3 -m pip install -e "./deps/ezpz" --require-virtualenv1

saforem2/wordplay
# from inside `wordplay/`1
python3 -m pip install -e . --require-virtualenv2
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🚀🚀 Launch eezzppzz..tteesstt__ddiisstt
$ unset NCCL_COLLNET_ENABLE NCCL_CROSS_NIC NCCL_NET NCCL_NET_GDR_LEVEL1

2
$ which launch3
launch: aliased to mpiexec --verbose --envall -n 4 -ppn 4 --hostfile /var/spool/pbs/aux/2024084.polaris-pbs4

5
$ which python36
/home/foremans/tmp/polaris-talk/2024-07-17-073327/venvs/2024-04-29/bin/python37

8
$ launch python3 -m ezpz.test_dist9
Connected to tcp://x3101c0s13b0n0.hsn.cm.polaris.alcf.anl.gov:791910
Found executable /home/foremans/tmp/polaris-talk/2024-07-17-073327/venvs/2024-04-29/bin/python311
Launching application cff755ee-557e-4df2-a987-db85a8b7dbe712
[2024-07-17 07:35:30.304306][INFO][__init__:156] - Setting logging level to 'INFO' on 'RANK == 0'13
[2024-07-17 07:35:30.307036][INFO][__init__:157] - Setting logging level to 'CRITICAL' on all others 14
[2024-07-17 07:35:30.307494][INFO][__init__:160] - To disable this behavior, and log from ALL ranks 15
[2024-07-17 07:35:32.116037][INFO][dist:358] - [device='cuda'][rank=2/3][local_rank=2/3][node=0/016
[2024-07-17 07:35:32.116089][INFO][dist:358] - [device='cuda'][rank=3/3][local_rank=3/3][node=0/017
[2024-07-17 07:35:32.116940][INFO][dist:358] - [device='cuda'][rank=1/3][local_rank=1/3][node=0/018
[2024-07-17 07:35:32.122726][INFO][dist:95] -19
[dist_info]:20
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PyInstrument Profile
Recorded: 07:35:34  Samples:  22271
Duration: 2.948     CPU time: 5.4412
PyInstrument: v4.6.23
Program: /home/foremans/tmp/polaris-talk/2024-07-17-073327/ezpz/src/ezpz/test_dist.py4
2.948 <module>  ezpz/test_dist.py:15
└─ 2.946 main  ezpz/test_dist.py:2176

├─ 2.043 build_model_and_optimizer  ezpz/test_dist.py:1717
│  └─ 2.011 Adam.__init__  torch/optim/adam.py:158
│        [129 frames hidden]  torch, wandb, transformers, jax, func...9
├─ 0.326 _forward_step  ezpz/test_dist.py:23110
│  ├─ 0.279 DistributedDataParallel._wrapped_call_impl  torch/nn/modules/module.py:152811
│  │     [13 frames hidden]  torch, wandb, <built-in>12
│  │        0.273 Network._call_impl  torch/nn/modules/module.py:153413
│  │        └─ 0.076 Network.forward  ezpz/test_dist.py:16414
│  │           └─ 0.076 Sequential._wrapped_call_impl  torch/nn/modules/module.py:152815
│  │                 [7 frames hidden]  torch, <built-in>16
│  └─ 0.046 calc_loss  ezpz/test_dist.py:16817
├─ 0.254 _backward_step  ezpz/test_dist.py:23618
│  ├─ 0.177 Tensor.backward  torch/_tensor.py:46619
│ │     [4 frames hidden]  torch, <built-in>20
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🍋🍋 : Example [ ]eezzppzz video

Figure 27: Example: using  to train a small model using DDP🍋 ezpz.test_dist
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Install wwoorrddppllaayy 🎮🎮💬💬

Figure 28: The simplest, fastest repository for training / finetuning GPT based models.
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Prepare Data
$ python3 wordplay/data/shakespeare_char/prepare.py1
Using HF_DATASETS_CACHE=/home/foremans/tmp/polaris-talk/2024-07-17-073327/wordplay/data/shakespeare_char/.c2
length of dataset in characters: 1,115,3943
all the unique characters:4
!$&\',-.3:;?ABCDEFGHIJKLMNOPQRSTUVWXYZabcdefghijklmnopqrstuvwxyz5
vocab size: 656
train has 1,003,854 tokens7
val has 111,540 tokens8
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Launch Training (DDP)
$ launch python3 -m wordplay \1
    train.backend=DDP \2
    train.eval_interval=100 \3
    data=shakespeare \4
    train.dtype=bf16 \5
    model.batch_size=64 \6
    model.block_size=1024 \7
    train.max_iters=1000 \8
    train.log_interval=10 \9
    train.compile=false \10

| tee wordplay-gpt2-DDP.log11
12

[2024-07-17 07:42:11.746540][INFO][__init__:156] - Setting logging level to 'INFO' on 'RANK == 0'13
[2024-07-17 07:42:11.748763][INFO][__init__:157] - Setting logging level to 'CRITICAL' on all others 14
[2024-07-17 07:42:11.749453][INFO][__init__:160] - To disable this behavior, and log from ALL ranks 15
[2024-07-17 07:42:11.772718][INFO][configs:81] - Setting HF_DATASETS_CACHE to /home/foremans/tmp/polaris-ta16
[2024-07-17 07:42:15.341532][INFO][dist:358] - [device='cuda'][rank=2/3][local_rank=2/3][node=0/017
[2024-07-17 07:42:15.342381][INFO][dist:358] - [device='cuda'][rank=1/3][local_rank=1/3][node=0/018
[2024-07-17 07:42:15.342430][INFO][dist:358] - [device='cuda'][rank=3/3][local_rank=3/3][node=0/019
[2024-07-17 07:42:15.348657][INFO][dist:95]20
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: Example [ ]wwoorrddppllaayy video
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