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Why does scaling matter?
For real though, why?
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Trends: train large



Trends: train large



Trends: train large

1 T
Parameters

Frontier MoE models

15 T
Training Tokens

Chinchilla-era and beyond

1 M
Context Length
Long-doc and code 

agents



How can we train this large?
1T params large!
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LLM Training is troublesome for infrastructure

We need to deal with:

1. Loading data (~15T tokens read from storage)

2. Training iteration (~1s/iter while handling ~80GB per GPU memory)

3. Saving checkpoints (~1TBs written to storage)

4. ….
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Training: on 1 GPU

La
ye

r 0



Training: on 1 GPU with a bigger GBS

Batch 1

Batch 2

Batch 3

Gradient 
Accumulation

Sequentially

We train on a Global Batch Size of several millions of tokens



Training: on 1 GPU with a bigger GBS

Gradient 
Accumulation

Sequentia
lly

This assumes:

- Training fits in memory

- Patient enough to wait 
for all the batches

How can we solve this with 
more GPUs?



Plan for today

Demystifying 5D parallelism 

1. Data Parallelism (ZeRO1/2/3)

2. Tensor Parallelism (Sequence Parallelism)

3. Pipeline Parallelism

4. Context Parallelism

5. Expert Parallelism



Preamble

Methods shared here:

● Can be applied to any accelerator (GPUs/TPUs..)

● Useful for both training and inference

● Applicable for > 1 accelerator



What we’d like to do

Sequentia
lly

Shard model & 
gradients

Every GPU keeps:
- part of the model
- part of the gradients
- part of the optimizer states

Training fits in memory 
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What we’d like to do

We duplicate our 
sharded model and feed 
each GPU a shard of 
data

Sequentia
lly

Shard data2



Let’s deep dive into scaling
Scaling 101 here we go!
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Data Parallelism (DP)
Sharding the batch dimension



Intuition behind Data Parallelism

Batch 1

Batch 2

Batch 3

Gradient 
Accumulation

Sequentially

Instead of passing batches sequentially and accumulating the gradient on 1GPU,



Intuition behind Data Parallelism

In pa
ra

llel

We partition data and replicate the model across our GPUs.

Each GPU gets 
different gradients



Intuition behind Data Parallelism

In pa
ra

llel

Each GPU gets 
different gradients

How do we accumulate 
gradients if they exist on 

different GPUs? 



Intuition behind Data Parallelism
Meet our first collective operation: AllReduce

* Node = GPU

Can be seen as a distributed sum



Intuition behind Data Parallelism

In pa
ra

llel

AllReduce helps 
accumulating grads

Data is sharded 
across GPUs

Each GPU gets 
different grads



Example code

This is done via 
DistributedDataParallel (DDP)

DDP AllReduces grads in 
background



Intuition behind Data Parallelism

In pa
ra

llel

AllReduce helps 
accumulating grads

Data is sharded 
across GPUs

Each GPU gets 
different grads

Do GPUs stay idle when 
running comms?

* comms = communications



torch.profiler



DP: comms/compute timelines

AllReduce Grads

Forward pass

Backward pass

Forward Backward

GPU Computation:

GPU Communication: AR

0 1 22 1 0

O
ptim

izer
Forward

0 …

A naive DP implementation:

Time

Layer 0

GPUs idle ☹

GPUs are idle waiting for gradients to be AllReduced !

Can we overlap comms with compute ?



DP: comms/compute timelines

AllReduce Grads

Forward pass

Backward pass

Forward Backward

GPU Computation:

GPU Communication: AR

0 1 22 1 0

O
ptim

izer
Forward

0 …

Time

Layer 0

GPUs idle ☹

GPUs are idle waiting for gradients to be AllReduced !

Can we overlap comms with compute ? YES

A naive DP implementation:



Forward Backward

GPU Computation:

GPU Communication: 2

0 1 2
AllReduce Grads

Forward pass

Backward pass

2 1 0

1 0
O

ptim
izer

Forward

0

Grads AllReduce is overlapped with backward 👌

DP: comms/compute timelines

Once a bucket’s gradient is computed, we can already start communicating it.
A bucket can be any number of parameters.

…



Forward Backward

GPU Computation:

GPU Communication: 2

0 1 2
AllReduce Grads

Forward pass

Backward pass

2 1 0

1 0
O

ptim
izer

Forward

0

Grads AllReduce is overlapped with backward 👌

DP: comms/compute timelines

Once a bucket’s gradient is computed, we can already start communicating it

…

Note: We control bucket 
size via DDP arg:



DP: Pros/Cons

Optimizer step is duplicated across GPUs

GBS scales with number of GPUs           can’t scale indefinitely

Needs training step to fit in memory

-

-

-

Easy to implement

Little idle time in compute (Efficient overlap)

Model-agnostic since we’re just duplicating the model

+

+

+



DP: Pros/Cons

Optimizer step is duplicated across GPUs

GBS scales with number of GPUs           can’t scale indefinitely

Needs training step to fit in memory

-

-

-

To reduce memory usage let’s look at DP-ZeRO!

Easy to implement

Little idle time in compute (Efficient overlap)

Model-agnostic since we’re just duplicating the model

+

+

+



Problem with DP: All GPUs do the same optimizer step -> We need Zero Redundancy Optimizer

DP: ZeRO1

We want each GPU to only keep a shard of optimizer states !



DP: ZeRO1
Each rank owns 1/N of the 
optim states and updates only 
this shard of parameters

We ReduceScatter grads 
because we only need a shard

We need to AllGather the 
updated params

We used to 
AllReduce 
grads here

Distributed 
optimizer 

step



DP: ZeRO1
Each rank owns 1/N of the 
optim states and updates only 
this shard of parameters

We ReduceScatter grads 
because we only need a shard

We need to AllGather the 
updated params

We replaced AllReduce 
with RS + AG to avoid 
duplicated work and 

memory (optim states) 

We used to 
AllReduce 
grads here

Distributed 
optimizer 

step



DP: ZeRO1
We didn’t add any comms, we just decomposed AllReduce!



DP: ZeRO1

Do we need to keep the full 
grads in memory?

No, and that’s called DP-Zero2



DP: ZeRO2

Note: Muon optimizer requires 
full tensors grads, so when 
sharding our opt_states/grads 
we ideally want each rank to 
have full weights

In ZeRO2 we only keep useful 
grads -> less memory needed



For ZeRO-3 we also want to shard our model parameters memory, but how would forward work?

DP: ZeRO-3 (aka FSDP)



DP: ZeRO-3 forward

Layer n-1

Forward pass

… … All-gather

Flush parameters

Layer n

Layer n+1

… …

Parameters

In ZeRO3 we never materialize the 
full model

We All-Gather the missing 
params from other ranks when 
needed then we flush them right 
after

Each GPU computes forward as if 
it had the full params (note that 
activations are unsharded)



DP: ZeRO-3 backward

Similarly, GPU computes 
backward as if it had full 
params (upstream grads are 
unsharded)

We All-Gather the missing 
params to compute grads then 
we flush them right after.



DP: ZeRO-3 comms/compute timelines

To avoid idle GPU time, we prefetch Layer i+1’s parameters while computing Layer i’s forward

Similar to DP’s bucket_size, we can decide what should be the FSDPModule using:

Forward Backward

GPU Computation:

GPU Communication: 0 1 2 21

0 1 1 2 2 1

AllGather Params

ReduceScatter Grads

Forward pass

Backward pass

Parameter Free

2 1 0

10

0

0

DP Zero3 O
ptim

izer



Example code for Zero3 (aka FSDP)

FSDP2 example is done via fully_shard

FSDP1 example is done via FSDP



DP: Comparing Zero-2 vs ZeRO-3

DP Zero2

Forward Backward

GPU Computation:

GPU Communication: 0 1 2 21

0 1 1 2 2 1

AllGather Params

ReduceScatter Grads

Forward pass

Backward pass

Parameter Free

2 1 0

10

0

0

DP Zero3 O
ptim

izer

ZeRO-3 helps better overlap comms with compute👌

Instead of waiting for AllGather of the whole model, we AllGather it in parts and overlap with compute 



DP: Comparing Zero-2 vs ZeRO-3

DP Zero2

Forward Backward

GPU Computation:

GPU Communication: 0 1 2 21

0 1 1 2 2 1

AllGather Params

ReduceScatter Grads

Forward pass

Backward pass

Parameter Free

2 1 0

10

0

0

DP Zero3 O
ptim

izer

ZeRO-3 helps better overlap comms with compute👌

Instead of waiting for AllGather of the whole model, we AllGather it in parts and overlap with compute 



DP-ZeRO: Pros/Cons

At scale, even ZeRO-3’s overlap isn’t enough to hide comms          Hybrid Sharding 

GBS scales with number of GPUs           can’t scale indefinitely

-

-

To avoid increasing GBS let’s look at Model Parallelism!

Trades memory for comms

Great overlap of comms with compute

Model-agnostic since we compute fwd/bwd as if we have full tensors

+

+

+



Tensor Parallelism (TP)
Sharding the hidden dimension



Motivation behind Tensor Parallelism
Idea: we want to shard our model across GPUs but keep same data

Same batch for 
both GPUs

*Example of TP=2

Every GPU 
keeps only 
half of the 

model/grad/
optim states 

memory !



Motivation behind Tensor Parallelism
Idea: we want to shard our model across GPUs but keep same data

Same batch for 
both GPUs

*Example of TP=2

Every GPU 
keeps only 
half of the 

model/grad/
optim states 

memory !

Do we keep full or half activations?



TP: Matmul example

A matrix multiplication can be parallelized across GPUs !

GPU1

GPU2

Y = X @ W
Same input X



TP: 2 matmuls example

Still works nicely with 2 matrix multiplications ! Note that we assume same inputs

GPU1

GPU2

Each GPU only keeps half the 
parameters at all times

Each GPU only does half the 
compute using same inputs

Y1=X@W1 Y2=Y1@W2

Same input X

Needs 1 
AllReduce in fwd



TP: 2 matmuls example

Still works nicely with 2 matrix multiplications ! Note that we assume same inputs

GPU1

GPU2

Each GPU only keeps half the 
parameters at all times

Each GPU only does half the 
compute using same inputs

Y1=X@W1 Y2=Y1@W2

Same input X

Needs 1 
AllReduce in fwd

Note that we sharded 
our hidden_dim
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TP: 2 matmuls example (bwd pass)

Same upstream grad

Needs 1 
AllReduce in bwd

For backward we inverse the order but still assume same upstream grad

GPU2



TP: MLP Example
We parallelize our up and 
down projectionsY=GeLU(X@A)

Z=Y@B

AllReduce happening 
every MLP



TP: MLP Example
We parallelize our up and 
down projectionsY=GeLU(X@A1)

Z=Y@B

hidden_dim is sharded here!
(TP region)

AllReduce happening 
every MLP



TP: MLP Example
We parallelize our up and 
down projectionsY=GeLU(X@A1)

Z=Y@B

hidden_dim is sharded here!
(TP region)

AllReduce happening 
every MLPNeed same input

Need same upstream grad



TP: Attention Example
We parallelize our QKV and output projections

AllReduce happening 
every Attention

Should we shard along head_dim or num_heads or both?
Would GPUs compute the same activations as without TP?



TP: Attention Example
We parallelize our QKV and output projections

We need to shard along num_heads dim to keep Attention correct !

AllReduce happening 
every Attention

num_heads is sharded here!
(TP region)



TP: Attention Example
We parallelize our QKV and output projections

We need to shard along num_heads dim to keep Attention correct !

AllReduce happening 
every Attention

Need same input

Need same upstream grad

num_heads is sharded here!
(TP region)



TP: Pros/Cons

- Communication heavy (inside every block, part of critical path)
- Parameters (e.g LayerNorm) outside the TP region should stay synchronized. In practice we 

AllReduce their grads to make sure they don’t drift apart

- Complex implementation and assumes operations to be parallelizable

-

-

-

Let’s look at a slightly different version of TP called Sequence Parallelism!

Shards model and compute across GPUs -> memory & sample efficient

+ No need for grad AllReduce because GPUs are essentially doing the same work

+

+



TP&SP: Motivation

These ops are 
replicated across 
GPUs, can we 
distribute them too?

Activations stored 
here are of shape

(s, b, h/TP)

Activations stored 
here are of shape

(s, b, h)

AllReduce

AllReduce

Note that LayerNorm needs 
hidden_dim to be full



TP&SP: Motivation

These ops are 
replicated across 
GPUs, can we 
distribute them too?

Activations stored 
here are of shape

(s, b, h/TP)

Activations stored 
here are of shape

(s, b, h)

AllReduce

AllReduce

Note that LayerNorm needs 
hidden_dim to be fullInstead of AllReduce to get back full 

hidden_dim let’s ReduceScatter on 
sequence_dim and AllGather before linear



TP&SP: Properties

ReduceScatter_s

AllGather_h

ReduceScatter_s

AllGather_h

AllReduce_h

AllReduce_h

Activations stored 
here are of shape

(s, b, h)

Activations stored 
here are of shape

(s/TP, b, h)

Activations stored 
here are of shape

(s, b, h/TP)



TP&SP: Properties

ReduceScatter_s

AllGather_h

ReduceScatter_s

AllGather_h

AllReduce_h

AllReduce_h

Activations stored 
here are of shape

(s, b, h)

Activations stored 
here are of shape

(s/TP, b, h)

Activations stored 
here are of shape

(s, b, h/TP)

Same amount of comms 
since AR = AG + RS



TP&SP: Properties

ReduceScatter_s

AllGather_h

ReduceScatter_s

AllGather_h

AllReduce_h

AllReduce_h

Activations stored 
here are of shape

(s, b, h)

Activations stored 
here are of shape

(s/TP, b, h)

Activations stored 
here are of shape

(s, b, h/TP)

Should we still sync Layernorm’s grads?



TP&SP: Backward of AllGather/ReduceScatter

ReduceScatter_s

AllGather_h

ReduceScatter_s

AllGather_h

fwd bwdAllGather_s

ReduceScatter_h

AllGather_s

ReduceScatter_h
ReduceScatter before SP regions help 
keep Layernorms synchronized

No need to sync Layernorm’s grads



TP&SP: Pros/Cons

Shards model and compute across GPUs -> memory & sample efficient

+ No need for grad AllReduce because GPUs are essentially doing the same work

+

+

- Communication heavy (inside every block, part of critical path)

- Complex implementation and assumes operations to be parallelizable

-

-



Combining parallelisms?

We shard our model along 
Model Parallel axis (e.g. TP, 
PP) and duplicate along 
other axes

We shard our data along Data 
Parallel axis (e.g. DP, CP) and 
duplicate along other axes

TP=0,DP=0

TP=1,DP=0

TP=0,DP=1

TP=1,DP=1

TP=0,DP=2

TP=1,DP=2



Example code

We pick which parallelism axis 
to AllReduce over



Pipeline Parallelism (PP)
Sharding the model layers



Intuition behind Pipeline Parallelism

We want to shard 
layers across GPUs

.. But what does GPU do 
when it doesn’t have 
activations yet?



PP: AFAB scheduler  (All-Forward All-Backward)

GPU 1 - Layer 1 1 32 4 5 6 7 8

1 32 4 5 6 7 8

1 32 4 5 6 7 8

1 32 4 5 6 7 8 1 32 4 5 6 7 8

1 32 4 5 6 7 8

1 32 4 5 6 7 8

1 32 4 5 6 7 8 9 1110 1213141516

9 1110 1213141516

9 1110 1213141516

9 1110 1213141516 9

9

10

Forward pass Backward pass Device idleTime

GPU2 - Layer 2

GPU3 - Layer 3

GPU4 - Layer 4

ba
tch1

ba
tch8

…

- Let’s assume each GPU has 1 layer
- We communicate activations/grads between pairs of GPUs
- We schedule many microbatches to keep GPU busy

send/recv activation direction 
send/recv gradients direction 



PP: Pipeline bubble

GPU 1 - Layer 1 1 32 4 5 6 7 8

1 32 4 5 6 7 8

1 32 4 5 6 7 8

1 32 4 5 6 7 8 1 32 4 5 6 7 8

1 32 4 5 6 7 8

1 32 4 5 6 7 8

1 32 4 5 6 7 8 9 1110 1213141516

9 1110 1213141516

9 1110 1213141516

9 1110 1213141516 9

9

10

Forward pass Backward pass Device idleTime

GPU2 - Layer 2

GPU3 - Layer 3

GPU4 - Layer 4

ba
tch1

ba
tch8

- Let’s assume each GPU has 1 layer
- We communicate activations/grads between pairs of GPUs
- We schedule many microbatches to keep GPU busy

Pipeline bubble = GPUs idle ☹



PP: 1F1B Scheduler

- We prioritize backwards over forwards
- Still same pipeline bubble

(1-Forward 1-Backward)



PP: 1F1B Scheduler

If only we could start doing forwards from this side too.. 



PP: Deepseek’s pipeline scheduler

DualPipe is an advanced PP schedule where we inject data from both PP ends to 
minimize PP bubble.. Easier said than done :)



PP: Pros/Cons

- Need to save activations for multiple microbatches before backward

- Complex implementation for advanced pipeline schedulers

- Needs multiple microbatches to hide PP bubble

-

-

-

+ Cheap communications (activs/grads every pipeline stage)

+ Shards model across GPUs -> memory efficient

+ Model-agnostic

+ No need to AllReduce grads

+

+

+

+



Context Parallelism (CP)
Sharding the sequence length dimension



Motivation for Context Parallelism

Scaling sequence length is no joke…



Previously in Data Parallelism

bb

s

Batch



Previously in Data Parallelism

bb

s

Batch

What if sequence length 
is too large?



Intuition behind Context Parallelism

bb

s

Batch

In Context Parallelism we 
shard data along sequence 

length



Intuition behind Context Parallelism

bb

s

Batch

In Context Parallelism we shard 
data along sequence length

But what about attention?



CP: Ring Attention

We use Ring Attention which exchanges 
K and V of each GPU to compute 
attention using online softmax

Ring Attention

Online Softmax:



CP: Ring Attention

We use Ring Attention which exchanges 
K and V of each GPU to compute 
attention using online softmax

Ring Attention

We need to communicate K and V 
each attention block

Note: we can use SendRecv ops to send 
(K_i,V_i) and recv (K_i-1, V_i-1)



CP: Pros/Cons

- Communication heavy (every attention block, critical path)

- Need to allreduce grads since each GPU sees different data

- Doesn’t help much for short sequences

-

-

-

+ Only parallelism to efficiently partition large sequences memory+

To be used if and only if long context training



Expert Parallelism (EP)
Sharding the model experts



Intuition behind Expert Parallelism

MoEs are cool.. But how do we parallelize them?



Intuition behind Expert Parallelism
Shard experts 
across GPUs

comms comms

comms comms

MoEs are cool.. But how do we parallelize them?

Add comms



Intuition behind Expert Parallelism
Shard experts 
across GPUs

comms comms

comms comms

MoEs are cool.. But how do we parallelize them?

Add comms

Which comm 
to add?



EP: All-to-All

All-to-All is communicating distinct messages from each process to 
every other process.



EP: All-to-All

All-to-All is communicating distinct messages from each process to 
every other process.

Tokens routed to 1st expert



Intuition behind Expert Parallelism

In Expert Parallelism we:

- Shard the experts across GPUs
- Shard data across GPUs
- We need All-to-All comms to route 

tokens to their respective experts

GPU2GPU1

FFN 1 FFN 2

Router

Self-Attn Self-Attn

Router

X1 X2

Y1 Y2

All-to-All dispatch

All-to-All combine

Expert Parallel

MoE



Intuition behind Expert Parallelism

In Expert Parallelism we:

- Shard the experts across GPUs
- Shard data across GPUs
- We need All-to-All comms to route 

tokens to their respective experts

GPU2GPU1

FFN 1 FFN 2

Router

Self-Attn Self-Attn

Router

X1 X2

Y1 Y2

All-to-All dispatch

All-to-All combine

Expert Parallel

MoE

Problem: Router decides on how many tokens each 
rank gets, so CPU needs to wait for GPU to decide



Expert Parallelism: Difficulty

Problem: Router decides on how many tokens each rank gets, so CPU needs to wait for 
GPU to get buffer sizes

Source: NVIDIA’s HybridEP blog

Most solutions to avoid cpu-gpu sync currently involve using recent hardware (IBGDA/RDMA)



EP: Pros/Cons

- Communication heavy (AlltoAll every MoE block, critical path)

- Need to allreduce grads (outside MoE) since each GPU sees 
different data

- CPU-GPU sync to launch Dispatch operation

-

-

+ Only way to distribute MoEs efficiently+

To be used if and only if MoE training

-



EP: Practical Solution

Combine EP with PP with 1F1B scheduler and hide comms from a 
batch with compute from another batch

Flags to activate this on Megatron:



5D Parallelism
In a nutshell



5D parallelism

Each parallelism works orthogonal to the others, and all 5 can be combined!



Recap

What we’ve seen today:

1. Data Parallelism (with ZeRO variants)

2. Tensor Parallelism (with SP variant)

3. Pipeline Parallelism

4. Context Parallelism

5. Expert Parallelism



Learn more



Learn more

Simplified diagram of the key components and 
communication links in our AWS P5 instance setup.

How infra works when training LLMs



And much more..

● Ultra-Scale Playbook huggingface.co/spaces/nanotron/ultrascale-playbook 

● Smol-Training Playbook 
huggingface.co/spaces/HuggingFaceTB/smol-training-playbook

● Jax Scaling Book https://jax-ml.github.io/scaling-book/tpus/

http://huggingface.co/spaces/nanotron/ultrascale-playbook
http://huggingface.co/spaces/HuggingFaceTB/smol-training-playbook
https://jax-ml.github.io/scaling-book/tpus/


Contributions are welcome!

● Nanotron: https://github.com/huggingface/nanotron 

● Torchtitan: https://github.com/pytorch/torchtitan 

● Megatron-LM: https://github.com/NVIDIA/Megatron-LM 

https://github.com/huggingface/nanotron
https://github.com/pytorch/torchtitan
https://github.com/NVIDIA/Megatron-LM


Finally..

As we scale to thousand of GPUs let’s be mindful of their 
energy impact, and try to use them responsibly 🤗



Thank you?
GitHub/HF Hub/X: nouamanetazi


