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Challenges



Memory Constraints

Large language models require massive amounts of memory for both storing the model
parameters and processing large batches of data during training. On a single machine,
memory constraints can become a bottleneck, especially for models with billions or trillions
of parameters.
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Computational Power

Training large language models is computationally intensive, requiring significant processing
power for tasks such as gradient computation and optimization. Single machines may not
have sufficient computational resources to efficiently train these models within a reasonable
timeframe.
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How to solve the above?

SUPERCOMPUTER!




But there are new challenges when using supercomputer...




Parallelization Efficiency

Supercomputers typically consist of multiple interconnected nodes, each with its own
processors and memory. Efficiently parallelizing the training of LLMs across these nodes
while minimizing communication overhead and ensuring load balancing is a significant
challenge. Scaling training to thousands of nodes without sacrificing efficiency is non-trivial.



Data parallelism - datasets are broken into subsets which are processed in batches on different
GPUs using the same model. The results are then combined and averaged in one version of the
model.

Distributed data parallelism - enables you to perform data parallelism across GPUs and physical
machines and can be combined with model parallelism.

Model parallelism - a single model is broken into segments with each segment run on different
GPUs. The results from the segments are then combined to produce a completed model.

Main bottleneck: communication and
synchronization overhead



Resource Management

Supercomputers are shared resources used by multiple users and projects simultaneously.
Managing resources such as compute nodes, memory, and interconnect bandwidth
becomes more complex when training large language models. Allocation policies, job
scheduling, and optimizing resource utilization are crucial for maximizing throughput and
minimizing wait times for users.

Tldr, memory, storage, queues



Opportunities



Training large-scale language models
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Benchmarking and new methods
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Large-scale computations vs. sustainability
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Wayback Machine
(Hackathon LUMI and our experiences)

Benchmark of LLMs for Polish language: NVIDIA vs AMD



https://github.com/CLARIN-PL/klajster

1. Building an image

#!1/usr/bin/bash
echo -n "username:"
read USERNAME

BASEIMAGE_NAME=1lumi-pytorch-rocm-5.5.1-python-3.10-pytorch-v2.0.1.sif

if [ ! -f $BASEIMAGE_NAME ]

then

scp -C $USERNAME@lumi.csc.fi:/appl/local/containers/sif-images/$BASEIMAGE_NAME .
fi

singularity build --fakeroot klajster.sif klajster.def
scp -C klajster.sif $USERNAME@lumi.csc.fi:/project/project_465000858/

Remarks:
1.  There should be possibility to build images using LUMI server
2. ltis probably possible to create a job for a cluster to do exactly that


https://github.com/CLARIN-PL/klajster

run_amd_benchmark: [ ] [ ]
2. Running jobs
dataset: [ "polemo2" ] °
embedding: [
"allegro__herbert-base-cased",
]

device_cfg: [

-_

Running jobs is handled via DVC (Data Version Control)

enomnoces: 1, mmgpus™: 13, 2. The code on the right generates X jobs with different configurations
"num_nodes": 1, "num_gpus": 2}, . . . . .
o neser: 1. mmaes 5. 3. Most of the magic behind multiple nodes and multiple GPUs is
{"num_nodes": 1, "num_gpus": 8}, H - -
Mgl sl i handled using PyTorch-Lightning

]

cmd: >-

MYMASKS="0xT , Oxf ,0xTe0000, 0xfe@OOOOO, Oxfe, OxTedO, OXf , Oxf s

export SINGULARITY_BIND=;

?;u24:00:00

-N ${item.device_cfg.num_nodes}

--account=project_465000858

--partition=standard-g

--cpu-bind=mask_cpu:SMYMASKS

--ntasks-per-node ${item.device_cfg.num_gpus}

--gpus $((${item.device_cfg.num_gpus}*${item.device_cfg.num_nodes}))
singularity exec

-B $(pwd):/myrun

/project/project_465000858/klajster.sif

bash -c¢ "

\SWITH_CONDA;

cd /myrun;

source setup_envs.sh;

PYTHONPATH=. python experiments/scripts/evaluate_lightning_classification.py
--ds ${item.dataset}

--embedding-path ${item.embedding}

--pipeline-params-path experiments/configs/eval/F{item.dataset}/S{item.embedding).yaml
--output-path data/benchmark/amd_${item.embedding} ${item.dataset}_num-nodes-${item.device_cfg.num_nodes} num-gpus-${item.device_cfg.num_gpus}
--num-nodes ${item.device_cfg.num_nodes}

--devices ${item.device_cfg.num_gpus}

--gpu-type amd

--accelerator gpu

--retrains 1



run_amd_benchmark: (] ]
2. Running jobs
dataset: [ "polemo2" ] °
embedding: [
"allegro__herbert-base-cased",
]

device_cfg: [

{"num_nodes": 1, "num_gpus": 1},
{"num_nodes": 1, "num_gpus": 2},
{"num_nodes": 1, "num_gpus": 4},
{"num_nodes": 1, “num_gpus": 8},
{"num_nodes": 2, "num_gpus": 8},
5. Remarks — Cool, but several issues:
MYMASKS="0xf , Oxf ,0xfe0000, 0xfe00OO00, Oxfe, OxTed0, Oxf , Oxf B

export SINGULARITY_BIND=;

1. Using python3.9 from a container causes SINGULARITY_BIND

-t 24:00:00

N S{iten. device_cfg.num_nodes) variable to be set inside any job called from python
e o therefore “export SINGULARITY_BIND=;" )

--cpu-bind=mask_cpu:SMYMASKS

--ntasks-per-node ${item.device_cfg.num_gpus} . . . .
--gpus S((S{iten.device cfg.nun_gpus)*S{iten.device crg.num nodes})) The problem does not occur with natively installed Python3.6, but its
singularity exec . .

b St version is too old ;(

/project/project_465000858/klajster.sif

bash -c¢ "

\SWITH_CONDA;

cd /myrun;

source setup_envs.sh;

PYTHONPATH=. python experiments/scripts/evaluate_lightning_classification.py

--ds ${item.dataset}

--embedding-path ${item.embedding}

--pipeline-params-path experiments/configs/eval/F{item.dataset}/S{item.embedding).yaml

--output-path data/benchmark/amd_${item.embedding} ${item.dataset}_num-nodes-${item.device_cfg.num_nodes} num-gpus-${item.device_cfg.num_gpus}

--num-nodes ${item.device_cfg.num_nodes}

--devices ${item.device_cfg.num_gpus}

--gpu-type amd

--accelerator gpu

--retrains 1




run_amd_benchmark:
matrix:
dataset: [ "polemo2" ]
embedding: [

"allegro__herbert-base-cased",

]

device_cfg: [

{"num_nodes": 1, "num_gpus": 1},
{"num_nodes": 1, "num_gpus": 2},
{"num_nodes": 1, "num_gpus": 4},
{"num_nodes": 1, “num_gpus": 8},
{"num_nodes": 2, "num_gpus": 8},

]

cmd: >-

MYMASKS="0xTf , Oxf

export SINGULARITY_BIND=;

srun

-t 24:00:00

-N ${item.device_cfg.num_nodes}
--account=project_465000858
--partition=standard-g
--cpu-bind=mask_cpu:SMYMASKS

--ntasks-per-node ${item.device_cfg.num_gpus}
--gpus $((${item.device_cfg.num_gpus}*${item devri

singularity exec
-B $(pwd):/myrun

/project/project_465000858/klajster.sif

bash -c "
\SWITH_CONDA;

cd /myrun;

source setup_envs.sh;

2. Running jobs

2. There are few problems when using slower storage with PyTorch (even after
setting MIOPEN_USER_DB_PATH and MIOPEN_CUSTOM_CACHE_DIR) - dataloaders

often time-out. Using SSD drives solved the issue.

,0xfe0000, 0xTe000O00, OxTe, OxTedO, OXf , Oxf i

We run the code from the */flash/project_465000858/" directory!

€_cfg.num_nodes}))

PYTHONPATH=. python experiments/scripts/evaluate_lightning_classification.py

--ds ${item.dataset}

--embedding-path ${item.embedding}
--pipeline-params-path experiments/configs/eval/F{item.dataset}/S{item.embedding).yaml
--output-path data/benchmark/amd_${item.embedding} ${item.dataset}_num-nodes-${item.device_cfg.num_nodes} num-gpus-${item.device_cfg.num_gpus}

--num-nodes ${item.device_cfg.num_nodes}
--devices ${item.device_cfg.num_gpus}

--gpu-type amd
--accelerator gpu
--retrains 1



Let's sum up our work



Which of your goals did you accomplish?

o Add RetNet to LEPISZCZE
& RetNet with 300M parameters trained
¥ No full integration with LEPISZCZE

Check model scalability by parallelization on a different number of GPUs:
8 Run the benchmark on NVIDIA
Run the benchmark on AMD

0 Analyze the results

o Profile the models to identify bottlenecks
& Basic profiling
) 4 In-depth investigation



What is left to do?

1. Exploration of grid search for hyperparameters to refine public-facing models.
2. Using a larger dataset for RetNet.

a. PoC [J 1% of the oscar dataset

b. 1% =200,000 texts

c. https://huggingface.co/datasets/oscar/viewer/unshuffled_original_pl
3. In-depth review of profiling results

a. Try to eliminate model bottlenecks



https://huggingface.co/datasets/oscar/viewer/unshuffled_original_pl

What was the most important change implemented during that week?

e Implementation of multi-node multi-gpu training in the embeddings library
LEPISZCZE 1 embeddings [1 PyTorch-Lightning [ PyTorch

PyTorch-Lightning should support such training out-of-the-box...

..but the pipeline implementation in “embeddings” was not ready :(

Our change allows to scale the LEPISZCZE benchmark to utilize larger compute clusters!

O

o O O

e Training RetNet
o 128 AMD GPUs
o  First time trained using only Polish corpora
o RetNet allows for O(1) inference
o Further downstream evaluation of the trained model should reveal its potential for Polish NLP!



(How) did your performance improve?

GPU = nvidia GPU = amd
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Configuration

Number of Worker(s)
Device Type
Step Time Breakdown ®
800,000
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0

GPU

I Kernel

Execution Summary

Category Time Duration (us)
Average Step Time 502,881
Kernel 448 876
Memcpy 0
Memset 0
Runtime 0
Datal oader 0
CPU Exec 45,121
Other 8,884

Percentage (%)
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89.26
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Configuration GPU Summary @ Execution Summary
Number of Worker(s) 3 GPU 0: Category Time D (us) Per ge (%)
Device Type GPU Name NVIDIA A40 Average Step Time 747560 100 @ Kernel
Memory 44.35 GB : @ Iemepy
B : Kermnel 723,056 96.72 @ Hornsit
Compute Capability 8.6 e e S @ Runtime
GPU Utilization 96.72 % @ Dataloader
Est. SM Efficiency 96.44 % Mem.set 208 St @ CPU Exec
Est. Achieved Occupancy 54.4% Ui 9 o @ Ottier
Datal oader 0 0
CPU Exec 10,749 1.44
Other 13,136 1.76
Step Time Breakdown ®
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Configuration

Number of Worker(s)
Device Type

Step Time Breakdown ®

1,000,000

Step Time (microseconds)

800,000

600,000

400,000

200,000

Execution Summary

12 Category Time Duration (us) Percentage (%)
GPU Average Step Time 564,770 100 ® Kemel

@® Memcpy
Kernel 468,972 83.04 @ Memset
Memcpy 0 0 @ Communication
Memset 0 0 @ Runtime

@ Dataloader
Communication 1,046 0.19 @ CPU Exec
Runtime 0 0 @ Other
Datal.oader 0 (0]
CPU Exec 85,340 15.11
Other 9,412 1.67

Training AMD (1 node, 4 gpu)

1 0 1 2 3

Step
I Kernel M Memcpy 0 Memset [l Communication [l Runtime [l DataLoader [l CPU Exec [l Other



Configuration GPU Summary ® Execution Summary

GPU 0:

Number of Worker(s) 12 Category Time Duration (us)
Device Type GPU Name NVIDIA A40 Average Step Time 759.516
Memory » 4435CB Kemnel 733,888
Compute Capability 8.6 S o
GPU Utilization 96.62 % = ; o
Est. SM Efficiency 94.49 % e
Est. Achieved Occupancy 52.23 % R CE ) S5
Runtime 0
Datal oader 0
CPU Exec 11,786
Other 12,840
Step Time Breakdown ®
Training NVIDIA (1 node, 4 gpu)
1,000,000
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T 800,000
o
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Percentage (%)
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0.06 @ Communication
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0.05 @ CPU Exec
0 @ Other
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Configuration

Number of Worker(s)
Device Type
Step Time Breakdown ®
2,500,000
g 2,000,000
S
&
S 1,500,000
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1,000,000
I~
oy 500,000
5]

16
GPU

Execution Summary

Category Time Duration (us)
Average Step Time 696,563
Kernel 452,455
Memcpy 0
Memset 0
Communication 978
Runtime 0
Datal oader 0
CPU Exec 56,189
Other 186,940

Percentage (%)
1
100 ® Keme
® Memcpy
64.96 @ Memset
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@ Runtime
0
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0.14 @ CPU Exec
0 @ Other
0
8.07
26.84

Training AMD (2 node, 16 gpu)
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Comparison of number of lower level calls is possible

Host Duration x

Operator

aten::as_strided

aten::empty_strided

aten:result_type

aten::empty

Baseline Calls

2786

1517

1402

1293

Exp Calls

3147

1517

1534

934

Delta Calls

361

132

-359

Delta Calls%

12.96%

0.00%

9.42%

-27.76%

Baseline Host Duration (us)

1901

42825

213

50375

Exp Host Duration (us)

1170

3727

70

3124

Delta Host Duration (us)

-731

-39098

-143

-47251

Delta Host Duration%

-38.45%

-91.30%

-67.14%

-93.80%
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0.4

0.2

As expected, result quality is the same

train/MulticlassF1Score

— polemo2_allegro__herbert-base-cased_gpu_amd_devices_8_run_0

— polemo2_allegro__herbert-base-cased_gpu_nvidia_devices_2_run_0 = polemo2_alle

— polemo2_allegro__herbert-base-cased_gpu_amd_devices_4_run_0

_herbert-base-cased_gpu

polemo2_allegro__herbert-base-cased_gpu_amd_devices_2_run_0

— polemo2_allegro__herbert-base-cased_gpu_amd_devices_1_run_0

nvidia_d es_1_run_0 = polemo2_allegro__herbert-base-cased_gpu_nvidia_devices_4_run_0

50

100 150

200

trainer/global_step

250 300



RetNet - learning progress

train_loss

2,000 4,000 6,000 8,000

10k
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16k

E



Thank you for your attention!



