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Today
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Pipeline Parallelism

Multi-Dimensional Parallelism

First assignment (due in two weeks Mar 25 EOD)
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Data Parallelism Cannot Train Large Models
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Nvidia H100 94 GB



Model Parallelism
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Inter-layer (Pipeline) parallelism
- Split sets of layers across multiple 
devices
- Layer 0, 1, 2 and layer 3, 4, 5 are on 
different devices

Intra-layer (Tensor) parallelism
- Split individual layers across multiple 
devices
- Both devices compute different parts 
of layer 0, 1, 2, 3, 4, 5
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Question: How to achieve high training throughput through 
inter-layer model parallelism?



Simple Inter-Layer Parallelism
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DNN training involves a bi-directional execution
- The forward pass for a minibatch starts at the input layer 
- The backward pass ends at the input layer  
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Question: What is the limitation of this execution?



Issues with Simple Inter-Layer Parallelism
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• Under-utilization of compute resources

• Only one device is computing at a time and others are idling

Idle

Idle
Idle
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Idle

Idle
Idle

Question: How to improve the utilization and let multiple 
workers work simultaneously? 



Pipeline Model Parallelism
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• Mini-batch: the number of samples 
processed in each iteration

• Divide a mini-batch into multiple 
smaller micro-batches

• Pipeline execution: Micro-batches flow 
through the pipeline from one stage to 
the next. As soon as a stage completes 
its work, it passes the micro-batch to 
the next stage and starts working on 
the next micro-batch
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Pipeline Model Parallelism: Device Utilization
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Still have bubbles in the pipeline

Question: How do we quantify bubbles?



Pipeline Model Parallelism: Device Utilization
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m = #microbatches (8) 
 p = pipeline stages (4)
 tf = time of forward 
 tb = time of backward
 
 

p
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m = #microbatches (8) 
 p = pipeline stages (4)
 tf = time of forward 
 tb = time of backward
 
 

p

m *  tf  
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m = #microbatches (8) 
 p = pipeline stages (4)
 tf = time of forward 
 tb = time of backward
 
 

p

m *  tf  (p-1) * (tf  + tb ) m* tb 

Question: How do we reduce the bubble fraction?



Improving Pipeline Parallelism Efficiency
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Design More Advanced Pipeline Schedule
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• Each machine makes a choice between two options:

• Perform the forward pass for a micro-batch, pushing the micro-batch 
to downstream workers

• Perform the backward pass for a different micro-batch, ensuring 
forward progress in learning



Improving Pipeline Parallelism Efficiency
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Question: Can we improve the pipeline schedule to reduce memory 
requirements?



Pipeline Parallelism with 1F1B Schedule
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Warmup state Steady state
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Pipeline Parallelism with Interleaved 1F1B Schedule
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Efficient Large-Scale Language Model Training on GPU Clusters Using Megatron-LM (SC’21)

• Further divide each stages into v sub-stages
• The forward (backward) time of each sub-stage is t/v

Each device is assigned two chunks (subset of noncontiguous 
layers). Dark colors: First chunk. Light colors: Second chunk. 
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Efficient Large-Scale Language Model Training on GPU Clusters Using Megatron-LM (SC’21)

• Further divide each stages into v sub-stages
• The forward (backward) time of each sub-stage is t/v

Each device is assigned two chunks (subset of noncontiguous 
layers). Dark colors: First chunk. Light colors: Second chunk. 

[1-4]

[5-8]

[9-12]

[13-16]

[1,2], [9,10]

[3,4],[11,12]

[5,6],[13,14]

[7,8],[15,16]
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Efficient Large-Scale Language Model Training on GPU Clusters Using Megatron-LM (SC’21)

• Further divide each stages into v sub-stages
• The forward (backward) time of each sub-stage is t/v

Each device is assigned two chunks (subset of noncontiguous 
layers). Dark colors: First chunk. Light colors: Second chunk. 

Question: Increasing v improves pipeline efficiency?
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Efficient Large-Scale Language Model Training on GPU Clusters Using Megatron-LM (SC’21)

• Further divide each stages into v sub-stages
• The forward (backward) time of each sub-stage is t/v

Each device is assigned two chunks (subset of noncontiguous 
layers). Dark colors: First chunk. Light colors: Second chunk. 

Reduce bubble time at the cost of increased communication
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Combining Multiple Parallelism
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Performance Analysis of Combined Parallelism
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Evaluation – TP vs. PP
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m = B / (d * b) = b’ / d



Evaluation - DP vs. Model Parallelism
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Evaluation - Pipeline Parallelism
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Evaluation - Selection of Microbatch size
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Evaluation - Scatter-gather optimization
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Evaluation - End-to-end Performance
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Questions?
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Scatter/gather Communication Optimization
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