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Pretraining LLMs at Scale

Goal: Optimize LLM training at scale

Contribution: Provide a tuning methodology that 
accelerates multi-node training across different platforms

We will challenge some common 
assumptions made by practitioners, 
highlighted in frames and referred as 
Takeaways, during the presentation.

More details in paper: 
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Outline

• Motivation
• LLM Training
• Used Platforms
• Performance Analysis (Model 1)
• Tuning Methodology
• Methodology Evaluation: Experimental (Model 2)
• Conclusions
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Finding the optimal training configuration is challenging and expensive

What factors influence performance?
• Internode communication

o Partition of data, models, gradients and optimizer states across nodes.
o Costly collectives (all-reduce, all-gather, …): communication and synchronization.
o Network stack and topology

• GPU memory bandwidth and capacity
o Memory footprint: 12 x #parameters + Data + Activations + Buffers

• Software environment and framework setup
o Framework and package versions: bugs / slowdowns
o Containers, libraries, drivers.

What/How to tune?
• Complex AI stack + interdependencies

• Simulators / performance models: expensive, vast search space.

Motivation
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Motivation

Goal: Optimize LLM training at scale

Contribution: Provide a tuning methodology that 
accelerates multi-node training across different platforms
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LLM Training
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Activations are stored Activations are required

MEMORY REQUIREMENTS (16-bit):

Model:               #parameters * (2B + 2B + 8B) 

Activations:     #neurons *  batch_size  * 2B

Batch Data

Extra-buffers
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LLM Training

Forward
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Backward

∇𝐿 𝑊 𝑡

Optimizer

𝑊 𝑡+1 ← 𝑊 𝑡 + 𝛼∇

Ba
tc

h
1

Ba
tc

h
2

Ba
tc

h
3

…
Ba

tc
h

N

Dataset

Training Step x3

Compute Loss

L

(1) Gradients are accumulated

Gradient accumulation accumulates gradientes and updates weights after a few steps

(2) Weigths are updated after grad_acc steps
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Example: Optimizer is partitioned across multiple nodes

Forward
y= f(x;W)
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DeepSpeed Zero: Memory and communication trade-off

Name What’s Distributed? Comm. Collectives

Baseline Data all-reduce

ZeRO Stage 1 Data + Optimizer reduce-scatter + all-gather

ZeRO Stage 2 Data + Opt. + Gradients reduce-scatter + all-gather

ZeRO Stage 3 Data + Opt. + Grad. + Weights all-gather + all-gather + reduce-scatter

Different multi-node partitions for the model
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Used Platforms

• IB-A100: IB interconnect 1.6 Tbps, 8x A100 per node. 
NVlink3 600 GB/s.

• RoCE-A100: RoCE interconnect 1.6 Tbps, 8x A100 
per node. NVlink3 600 GB/s. 

• RoCE-H100: RoCE interconnect 1.6 Tbps, 8x H100 
per node. NVlink4 900 GB/s. 

Models

Models evaluated:

Model 1
• 440m
• LLaMA-based 

Evaluation Setup

Model 2
• 8 Billion
• LLaMA-based
• KD from 8B teacher 
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Evaluation Setup

Goal: Optimize LLM training at scale

Contribution: Provide a tuning methodology that accelerates 
multi-node training across different platforms
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Outline

• Motivation
• LLM Training
• Used Platforms
• Performance Analysis (Model 1)
• Tuning Methodology
• Methodology Evaluation: Experimental (Model 2)
• Conclusions
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Increasing batch size reduces the number of training steps
(comm. collectives), but each step becomes more compute-
intensive. 

Performance Analysis: Observations

Forward
y= f(x;W)

Backward
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Dataset x2 steps
Time spent on optimizer is independent of the batch size, 
since it is only determined by model parameters

Optimizer

𝑊 𝑡+1 ← 𝑊 𝑡 + 𝛼∇

Preserve factor C = batch_size * grad_acc constant for
accuracy. 

• Model 1 has C=1024
e.g. 1024 = 256 * 4 =  512 * 2 = 128 * 8

Therefore, all-gather sends the same amount of weights
independently of batch size.
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As many gradients as weights. Therefore, all-reduce sends
the same amount of data independently of batch size.  
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Makes sense. Doubling batch 
size, doubles the computation

Testing different 1024 = batch_size * grad_acc values for Model 1 on IB-A100
Performance Analysis: ZeRO Stage 1

Averaging time per step every 1024 samples:
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Testing different 1024 = batch_size * grad_acc values for Model 1 on IB-A100
Performance Analysis: ZeRO Stage 1

Makes sense. Amount of 
weights does not depend on 
batch size.

Averaging time per step every 1024 samples:
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Testing different 1024 = batch_size * grad_acc values for Model 1 on IB-A100
Performance Analysis: ZeRO Stage 1

This should be constant. 
Number of gradients does not 
depend on batch size.

Averaging time per step every 1024 samples:
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Testing different 1024 = batch_size * grad_acc values for Model 1 on IB-A100
Performance Analysis: ZeRO Stage 1

all-reduce only happens in the last step (8th) of Stage 1 
implementation…

… the larger grad_acc, the fewer all-reduces.

We shouldn’t just maximize batch_size.

TRADE-OFF between grad_acc and batch_size ! 

Let’s break down step by step:

Averaging time per step every 1024 samples:
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Testing different 1024 = batch_size * grad_acc values for Model 1 on IB-A100
Performance Analysis: ZeRO Stage 1

Takeaway 1: 

When using gradient accumulation and 
ZeRO Stage 1, maximize batch size is not
always the best strategy.
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Testing different 1024 = batch_size * grad_acc values for Model 1 on IB-A100
Performance Analysis: ZeRO Stage 2

Stage 1 Stage 2 

When should we use Stage 1 and when Stage 2?
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Testing different 1024 = batch_size * grad_acc values for Model 1 on IB-A100
Performance Analysis: ZeRO Stage 2

Stage 1 Stage 2 

65 seconds every 
grad_acc steps

19 seconds every 
step

19 × 𝑔𝑟𝑎𝑑_𝑎𝑐𝑐 ≤ 65

Stage 2 becomes potentially better when grad_acc < 4
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Testing different 1024 = batch_size * grad_acc values for Model 1 on IB-A100
Performance Analysis: ZeRO Stage 2

Stage 2 becomes potentially better when grad_acc < 4
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Testing different 1024 = batch_size * grad_acc values for Model 1 on IB-A100
Performance Analysis: ZeRO Stage 2

Takeaway 2: 

Stage 2 can outperform Stage 1 and 
viceversa.
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Testing different 1024 = batch_size * grad_acc values for Model 1 on IB-A100
Performance Analysis: ZeRO Stage 2

Stage 1

Regardless number of all-reduces, why Stage 1’s all-reduce 
is slower than Stage 2’s?

Stage 2

NCCL Profiler: 

(1) Stage 1 is calling two NCCL’s collectives, doubling
latency.

(2) Stage 1 and Stage 2 are using NCCL’s all-reduce
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Testing different 1024 = batch_size * grad_acc values for Model 1 on IB-A100
Performance Analysis: ZeRO Stage 2

Takeaway 3: 

Contrary to claims made in DS paper,
Stage 1 and 2 do not implement reduce-
scatter for gradients but all-reduce.
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Tuning Methodology: Communication-aware

* Check Appendix B in paper

Collectives control overall performance fluctuation

Tuning NCCL performance 
parameters yields minimal
performance gains at 
moderate scale, but
beneficial at larger scales.

Takeaway 4:

Isolate collective performance in the system.
- Run standalone NCCL all-reduce test and tune its perf. parameters  
(NCCL_ALGO, NCCL_SOCKET_NTHREADS, NCCL_MIN_NCHANNELS, etc)

- Empirical search if doable; Bayesian Optimization otherwise

Explore parallelism strategies
- Evaluate different grad_acc, batch_size and ZeRO stages 

– Empirical search if doable; Bayesian Optimization otherwise

Tuning of other DS communication-related
parameters
- overlap_comm

- Hack DeepSpeed code to use reduce-scatter*
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Outline

• Motivation
• LLM Training
• Used Platforms
• Performance Analysis (Model 1)
• Tuning Methodology
• Methodology Evaluation: Experimental (Model 2)
• Conclusions
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Methodology Evaluation

C = 256 = batch_size x grad_acc

Testing methodology for training Model 2 on three platforms

Step 1. Tune standalone NCCL all-reduce
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Methodology Evaluation

C = 256 = batch_size x grad_acc

Testing methodology for training Model 2 on three platforms

Step 1. Tune standalone NCCL all-reduce

Step 2. Evaluate parallelism strategies

In all platforms, grad_acc = 2 and Stage 2 got best results.



29* Baseline config. Uses ZeRO Stage 1 with the largest batch size possible, the default all-reduce collective and overlap_comm enable 

Methodology Evaluation

C = 256 = batch_size x grad_acc

Testing methodology for training Model 2 on three platforms

Step 3. Tune DS other communication-related parameters.



30* Baseline config. Uses ZeRO Stage 1 with the largest batch size possible, the default all-reduce collective and overlap_comm enable 

Methodology Evaluation
Testing methodology for training Model 2 on three platforms

Takeaway 5: 

Performance tuning is necessary, and each
model and platform require separated
tuning searches.
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Methodology Evaluation

C = 256 = batch_size x grad_acc

Testing methodology for training Model 2 on three platforms

Step 3. Tune DS other communication-related parameters.

1) H100 platform trained 1.85x faster than A100s

2) Tunning communication-related parameters boost training throughput

3) Default all-reduce does not provide best results in any platform.

4) Optimal configuration varies by platform.

5) IB-A100 platform slightly outperforms RoCE-A100.

6) Disabling RDMA and using TCP led to avg. 12x slowdown for backward pass. 



32

Maximize batch size is
not always the best

strategy

RoCE-based clusters can achieve 
similar performance to IB-based. TCP 

is a perf. killer

Achieving full compute and 
communication overlapping 

remains a fundamental challenge

Communication collectives 
are responsible for most 

overall performance 
fluctuation

Default DeepSpeed 
implementation uses all-

reduce for gradient 
reduction

Separated performance 
tuning is required per 
model and platform

Our 3-step methodology
delivered 1.6x over

baseline

Conclusions
Our findings challenge many common assumptions in LLM training.
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