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Administrivia
‣ Assignment 1 due today
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‣ Homework quiz

‣ Assignment 2 out Monday, due 3 weeks from today

‣ If you’re interested in a paid summer RA position, please email me a CV



Execution Model
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Five Tricks for GPUs
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Trick 1: Low/mixed precision	
Trick 2: Operator fusion	
Trick 3: Recomputation	
Trick 4: Memory coalescence	
Trick 5: Tiling



Trick 2: Operator Fusion: After
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Trick 5: Tiling
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Trick 5: Tiling
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Operator Fusion
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Code available with Assignment 2	
Code credit: Stanford CS336
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Operator Fusion

11 https://horace.io/brrr_intro.html



Operator Fusion

12 https://horace.io/brrr_intro.html

‣ Reduce bandwidth —> better compute utilization



Operator Fusion: GeLU
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Operator Fusion: GeLU
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Fused

Unfused (manual):



(Slow) Fused GeLU Kernel
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Triton
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‣ “Between” Python and CUDA	
‣ Write low-level code, but memory management is more automatic	
‣ Write in Python, but compiled into GPU code	
‣ Launched via a “launch grid”, which is usually defined in your Pytorch 
function



Triton
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‣ 1D launch grid



Triton
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‣ Then compute GeLU and store 
(not shown)

‣ 1D launch grid, figure out where this 
Triton program is

‣ Identify where this operates and mask 
anything it shouldn’t read/write to



Triton: Weighted Sum
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Code available with Assignment 2	
Code credit: Stanford CS336
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Triton
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Example: weighted sum

(weight * x).sum(axis=-1)

*

*

*
sum

…

x

weight

weight

weight



Triton: Weighted Sum
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Example: weighted sum

We are going to process the 
matrix in tiles

Warmup: assume this is row-
major. What is the 

‣ row stride?
‣ dim (column) stride?

(weight * x).sum(axis=-1)



Block Pointers
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23 order tells us dim is the “fast” axis
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Block pointers are advanced



Triton: Weighted Sum
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One execution of 
the kernel

weight outputMemory coalescence depends on sizes



Flash Attention
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Recall: Attention
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Forward pass of attention:

Why might this be slow on a GPU?

(they omit the normalization)

Which of our five tricks is useful? Trick 1: Low/mixed precision	
Trick 2: Operator fusion	
Trick 3: Recomputation	
Trick 4: Memory coalescence	
Trick 5: Tiling



Attention
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Backward:

Let’s ignore backward for now…

Forward pass of attention:



The challenge
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How to do this with as few reads and writes as possible?

Idea: construct S in tiles, use those to compute P, and build O directly

Forward pass of attention:

Each query becomes a row of attention. Handle in blocks of Bq rows

Why is this not so simple?



Softmax

31

-29 -30 -20 -20

-10 1 1 -10

S
Subtract off max (-20)

-9  -10  0  0

Exponentiate

0.0001   0.000045   1   1

Sum 2.000145

Normalize

Then multiply by V to get O

…



Softmax
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-29 -30 -20 -20

-10 1 1 -10

Subtract off max (-20), but that’s 
not in the first tile

Exponentiate

Sum (only partial)

Normalize

Then multiply by V to get O

S



Online Softmax
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-29 -30 -20 -20

-10 1 1 -10

partially 
normalized

-29
partial sum with	
m1 “held out”

-20

new partial sum with m2 “held out”



34
why is L needed at all? backward pass!



35

m, l are easy to store

finally normalize by l

sanity-check: why is m not needed here?



Flash Attention	
Backward Pass

36

Administrative details	

Operator Fusion	

Triton: Weighted Sum	

Flash Attention	

Flash Attention: Backward Pass	

Parallelism



Backward Pass
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Gradients

38

These rules follow from standard rules of differentiation applied to 
matrices (you can break them down into individual elements)



Gradient of Softmax
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means applying this operator row-wise to dP
n-dim gradient vector, n x n operator -> 

, consider each row 

From ChatGPT:



More intuition
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Think of P as an (n x n)-length vector of probabilities and S as an (n x n)-length 
vector of scores

since the first row of P just depends on the first row of S, etc.

Essentially we are collapsing this operation down



Backward Pass

41

We haven’t stored S or P, but we do have the sums L. So (1) gradients 
are gnarly; (2) we have to do some recomputation, but it’s actually a 
bit more straightforward
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Parallelism
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Parallelism
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‣ Easier to get more GPUs than to get faster GPUs

‣ How to leverage *multiple* GPUs?

‣ Types of parallelism we will discuss:

‣ Data parallelism

‣ Tensor parallelism/pipeline parallelism

‣ Fully-sharded data parallelism (FSDP)



Data Parallelism
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‣ Suppose we have M nodes (or cards) and batch size B. Run B/M examples on 
each node/card

‣ Does this work well for inference?

‣ Does this work well for training?

‣ Every card/node has to store the entire weights & optimizer state. When doing 
mixed-precision, you’re storing a lot:



ZeRO
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‣ Split things across GPUs



ZeRO
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ZeRO Stage 1
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ZeRO Stage 2
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ZeRO Stage 3 (FSDP)
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‣ Now everything is sharded. Each node only has a fraction of the params

‣ As we move through the computation, each node will have to gather the shards 
of parameters from all other nodes



ZeRO Stage 3 (FSDP)
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Pipeline Parallelism
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‣ FSDP is only for training. What about making inference fast?



Pipeline Parallelism
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‣ Your GPUs will naturally be idle sometimes under this scheme

‣ Good memory properties and less communication (only communicate activations), 
but only a good idea with large batches and when the network is slow.



Other Types of Parallelism
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‣ Tensor Parallelism: split individual tensors across GPUs, each GPU processes a 
different slice of activations

‣ Stacks with other forms of parallelism
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Next time
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‣ This concludes our discussion of GPUs/how to make things fast

‣ Next time: principles of scaling laws and how they impact LLM training

‣ Then: moving on from pre-training into post-training (SFT, RL)


