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B Today Al Models...
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Domain

M Language
M Vision

B Multimodal
I Biology

I Games

M Speech

M Image generation
B Robotics
M Video

M Other

epoch.ai

Large amount of computing power and memory needed!
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https://epoch.ai/data/notable-ai-models

M The Need for Distributed Al (Deep Learning)

= |t's impossible to train recent Al models on a single GPU/Node
— Computational power restrictions: Faster training time
— Memory constraints: Large models

m HPC resources

m Distributed Al

— New challenges: Communication
between GPUs
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M Distributed DL and Communication between GPUs

= NCCL (Nvidia Collective Communication Library)
— The Central piece of software for distributed DL training

- Handles inter-GPU communication
e (Can be inter and intra-node communication

Withina system Between systems

NVLink Sockets (Ethernet)
PCle Infiniband,
GPU Direct P2P with GPU Direct RDMA

1 GPU multi-GPU, multi-node
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M NCCL Parameters

= Algorithm: Ring, Tree,...

= Network: Infiniband, Ethernet
= Protocol: LL, Simple,...

= Network Interface selection

= NVLink vs Socket

= Around 90 parameters!

Tree Algo Ring Algo
0] .
il il
PN bl 00 b OO

.J'\ Ay
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These configurations are not well-tuned for each application or compute cluster!
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M Tuning NCCL Parameters: The potential

3001 ncclAllReduce (ALGO:Tree, PROTO:Simple)
[ | nCCIA”reduce © ncclAllReduce (Default)
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£  w | ]
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Results on 64 GPUs of Leonardo Supercomputer
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Our Approach to Tuning NCCL

Exploring NCCL Tuning Strategies for Distributed Deep Learning | AsHes 2025



M Tuning NCCL Parameters: Approach

= Profiling the communications while
training of deep learning models
= Filtering NCCL parameters

— Excluding the irrelevant ones

- From 90 to 45
= Tuning:

- Offline tuning (Bayesian optimization)
- NCCL Micro-benchmark

- For each message size and collective,
30 minutes of tuning
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M Experimental Evaluation

m Results on 64 GPUs of Leonardo Supercomputer @CINECA
- 16 nodes (4 GPUs per node)

= Experiment 1: Micro-benchmarking collectives: Tuned vs Default

= Experiment 2: Performance translation of tuned collectives to DL training

\V/(III

'

1
——— NVLink 3.0 (200 Gb/s)
= 16% PCI-E 4.0 (256 Gb/s)
----- Infiniband HDR 100 (100 Gb/s)
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M Experiment 1: Tuning NCCL in Micro-benchmarks

m Default vs Tuned (30 min for each message size)
m Results on 64 GPUs of Leonardo Supercomputer
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Experiment 2: Profiling Communication in
Distributed Deep Learning

= Step 1: Profile to find dominant collective and message size
— Tune NCCL for them
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ncclAl1Reduce ncclAllReduce ncclAlLLReduce
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(b) Speedup per training epoch in deep learning models.
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M Summary and Conclusion
Thank you for your attention

= Tuning potential of NCCL parameters Majid Salimi Beni, Ph.D

- For different target systems
- Different collective operations

m Tuning NCCL accelerates DL training Faculty of Informatics

TU Wien, Austri
m Future work: ien, Austria

— Statistical methods: Identify the most important
parameters

— Tuning NCCL for LLMs training
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M Backup 1 : Distributed Al (Deep Learning) Time

Metric DeepSeek V3 Llama 3.1

Parameters 671B total (37B active per token) 405B

GPU Type NVIDIA H800 NVIDIA H100

GPU Count 2,048 Up to 16,000

Training Duration ~2 months ~2_6 months (estimated)
Tokens Processed 14.8T 15.6T

GPU Hours 2.788M ~30.8M

Training Cost ~$5.6M ~92.4M-123.2M (estimated)
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M Backup 2: Distributed Al (Deep Learning)

Data Parallelism Model Parallelism

]
Parameter Server W = W - UAW

] 5
e i 8
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nf O (;) ©xnet Spoﬂf(\z _— W f\L}{e r'
MOdeI D O m m [_] m i Z Tensor!| Flow PyTorch Horovod MXNet Apache Spark Microsoft Cognitive Ray Tune Dask-ML
Replicas DD [ ][ ] [ ][ ] _aé § MLIib Toolkit (CNTK)
[v] 5
Data f 1
Shards
Only suitable if model and Reduced memory # Defining the base model:
mini-batches fit in the GPU requirements — can ., CrTrmmeree
memory traln (Very) blg mOdeIS :po;Ziigfs.zhi :;ii;j::?i:r:{:;??;ﬁstr"tbutedDataParallel(model, device_ids=[rank])
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M Backup 3: Distributed DL and Communication
between the GPUs

Data Parallel Model Parallel

. A x |BojeiB2(B3| = |colc(2|c3|mmd = C
Dataset
» e
| Welghts | Weights | - - Welghts | Weights | - | Weights | -
HH HHHH NCCL
Allgather
= C

AllGather: allows each GPU

NCCL Allreduce to gather parts of tensors
from other GPUs and - -
AllIReduce: Synchronizing Gradients in Data assemble them into a full
Parallel Training (summing them). tensor.
Each GPU receives the final averaged gradient
and updates its model. Broadcast — Distributing Model Weights to All GPUs
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