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Administrivia
‣ Assignment 1 due next week

4

‣ First homework quiz next week

‣ Don’t study, just do the assignment

‣ Questions will entirely be about the concepts in the PDF and what you 
implemented. (I am particularly trying to come up with questions about 
implementation which cannot be answered from the PDF alone :) )

‣ 5-10 short questions, multiple choice / short answer / 1-2 sentence response



Recall: BPE
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Pick most frequent: “es”, “st” tied -> prefer “st” from lex ordering

Repeat until enough merges are made

Corpus:

Count dict:

Count dict (after byte-tokenizing words):

Pairwise counts:

Apply the merge, efficiently update your count dict (need to be smart!)



Recall: BPE
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Pairwise counts:	
(e,s): 13; (s,t): 13, …

(l,o,w): 5 
(n,e,w,e,s,t): 5 
(w,i,d,e,s,t): 8

Merge s+t

(l,o,w): 5	
(n,e,w,e,st): 5 
(w,i,d,e,st): 8

Pairwise counts:	
(e,st): 13; …

Merge e+st

Vocab: 256 chars	
Merges: []

Vocab: 256 + {(st)}	
Merges: [(s,t)]

Vocab: 256 + {(st), (est)}	
Merges: [(s,t), (e,st)]

(l,o,w): 5 
(n,e,w,est): 5 
(w,i,d,est): 8

…



Recap: AdamW
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This fix makes it “AdamW”: changes 
where weight decay is used (Adam 
does it on gradient, scaled by rt(v))

beta1: 0.9	
beta2: 0.999



Recap: AdamW
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einsum
‣ Language for tensor manipulation using labels for indices

‣ Specify indices of input tensor and which indices remain in the output. 
“Leftover” indices are summed out.
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einsum(X, W, '... i, o i -> ... o')

einsum(X, W, ‘o i, o i ->')

einsum(X, W, ‘l i, i -> l')

einsum(X, W, ‘i, o i -> o’)

einsum(X, W, ‘i, i o -> o’)

‣ Can also use einops.rearrange to change shape, introduce new dimensions, 
etc. Try this when manipulating the heads in multi-head attention



Efficiency
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Resource Accounting
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Question: How long would it take to train a 70B parameter model on 15T tokens on 
1024 H100s? where does 6 come from?

Question: What's the largest model trainable on 8 H100s with AdamW (naively)?

Answer: Around 143

Answer: 40B

what is MFU?



Resource Accounting
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What has to be stored? (let’s brainstorm)

https://erees.dev/transformer-memory/



Resource Accounting
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What has to be stored?

https://erees.dev/transformer-memory/
What is fp32, int64, …?



Data Types
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How much memory to store a linear layer from dmodel to 4 dmodel if dmodel is 12k?

“brain float” from Google

1e-8 is an underflow Goes down to 1e-38 but lower resolution



Data Types
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Both E4M3 and E5M2 supported on H100

Mixed precision training gets the best of both worlds: fast without losing accuracy



Tensors

16 Slicing, transpose, etc. do not reallocate memory, but just change the view



Resource Accounting
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FLOPs: floating-point operations (measure of computation done)

‣ How expensive is adding two M x N matrices A and B?	
‣ How expensive is ATB?

FLOP/s: floating-point operations per second (also written as FLOPS), 
which is used to measure the speed of hardware.

M * N
2 * N^2 * M

Why 2? multiply the elements, then accumulate



Resource Accounting: Forward
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Case study: linear layer. How many FLOPs for the forward pass on this layer?	

Batch = 1024	
Dim = 256	
Hidden dim size = 64

2 * 1024 * 256 * 64

2 * data * model params



Resource Accounting: Backward
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Case study: two linear layers. How many FLOPs for forward+backward passes?	

Batch = 1024	
Dim = 256	
Hidden dim size = 64	
Output size = 64

Model: x --w1--> h1 --w2--> h2 -> loss

Forward pass for w2: 2 * 1024 * 64 * 64

Total F+B:	
6 * data points * params

Compute grad for w2: 2 * 1024 * 64 * 64

Do backward pass to w1: 2 * 1024 * 64 * 64



Resource Accounting
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Further reading:	

https://erees.dev/transformer-memory/	
https://www.adamcasson.com/posts/transformer-flops	

https://erees.dev/transformer-memory/
https://www.adamcasson.com/posts/transformer-flops


GPUs
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Slide credits for this section:	
Tatsu Hashimoto / CS 336	
(his credits: Horace He, CUDA Mode)
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GPUs
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Cores
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SP is a “CUDA core”,	
operate in lockstep

SM is a “core”. Independent of others



GPU Memory
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Execution Model
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Memory Model
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Strengths
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Matmuls
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Scaling: FLOPs vs. Memory
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FLOPs vs. Memory
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Execution
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Speedups
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GPU Principles
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Slide credits for this section:	
Tatsu Hashimoto / CS 336	
(his credits: Horace He, CUDA Mode)
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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 1: Low/mixed precision
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Trick 1: Low/mixed precision
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Trick 2: Operator Fusion
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Trick 2: Operator Fusion: Sines and Cosines
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Trick 2: Operator Fusion: After
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Trick 3: Recomputation
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Trick 3: Recomputation
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Trick 3: Recomputation
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Trick 4: Memory Coalescence
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Trick 4: Memory Coalescence
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Trick 4: Memory Coalescence
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Suppose we have a row-major matrix: rows are stored contiguously in matrix

For an elementwise operation (e.g., sigmoid), should threads move over	
rows over columns?



Trick 4: Memory Coalescence
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Reads entire vector every step

Row-major matrix in memory:



Trick 4: Memory Coalescence
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T1T2T3T4

Moving along columns: coalesced. Moving along rows: not coalesced.

Row-major matrix in memory:



Trick 5: Tiling
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Trick 5: Tiling
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Trick 5: Tiling
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Trick 5: Tiling
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Trick 5: Tiling

52



Impact
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GPU Principles
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Profiling
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Code examples: credit to Percy Liang	
Code available with Assignment 2
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Benchmarking and Profiling
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‣ Many of these “mysterious” GPU behaviors can be understood better 
with profiling	

‣ Benchmarking: figuring out how long it takes	
‣ Profiling: figuring out where the time is being spent



Warmup: Benchmarking Matmul
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Warmup: Benchmarking Matmul
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‣ Define two random matrices and then multiply them	
‣ Dims: 1024, 2048, 4096, 8192, 16384	
‣ What trend do you expect?

Device: NVIDIA A100-SXM4-40GB	

Multiprocessors: 108
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1 10 100 1000 10000

1024: 0.22 ms, 9.80 TFLOPS	

2048: 1.28 ms, 13.40 TFLOPS	

4096: 9.32 ms, 14.74 TFLOPS	

8192: 59.71 ms, 18.41 TFLOPS	

16384: 462.52 ms, 19.02 TFLOPSTi
m
e 
(m

s)

Matrix size (square, fp32)



Warmup: Benchmarking MLP
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Warmup: Benchmarking MLP
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‣ Base config: dim=256, layers=4, batch=256, steps=2

‣ Scaling steps: what do we expect?



Warmup: Benchmarking MLP
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‣ Base config: dim=256, layers=4, batch=256, steps=2

‣ Scaling steps: what do we expect? Linear increase.
‣ Scaling layers: what do we expect?



Warmup: Benchmarking MLP
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‣ Base config: dim=256, layers=4, batch=256, steps=2

‣ Scaling steps: what do we expect? Linear increase.
‣ Scaling layers: what do we expect? Linear, but lower than expected.
‣ Scaling batch size: what do we expect?



Warmup: Benchmarking MLP
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‣ Base config: dim=256, layers=4, batch=256, steps=2

‣ Scaling steps: what do we expect? Linear increase.
‣ Scaling layers: what do we expect? Linear, but lower than expected.
‣ Scaling batch size: what do we expect? Constant due to parallelism
‣ Scaling dimension: what do we expect?



Warmup: Benchmarking MLP
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‣ Base config: dim=256, layers=4, batch=256, steps=2

‣ Scaling steps: what do we expect? Linear increase.
‣ Scaling layers: what do we expect? Linear, but lower than expected.
‣ Scaling batch size: what do we expect? Constant due to parallelism
‣ Scaling dimension: what do we expect? Constant due to parallelism

‣ How can we tell more specifically where the time is going?



Profiling
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Profiling: element-wise addition 2048
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‣ aten::add: PyTorch method that calls a CUDA kernel

‣ What do we see about the overhead in this case?



Profiling: matmul 2048
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‣ ampere_sgemm_128x64_nn is expensive, but CPU overhead still dominates



Profiling
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‣ Note that the kernels are different!

matmul (dim=2048) matmul (dim=128)



Profiling
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‣ What operations take time in the MLP?



Operator Fusion
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Code examples: credit to Percy Liang	
Code available with Assignment 2

Administrative details and recap	

Efficiency	

GPUs	

GPU Principles	

Profiling	

Operator Fusion



Operator Fusion

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



Operator Fusion

72 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



Triton

77



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
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Next Time
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‣ Flash attention: implementing these practices to greatly accelerate 
attention. Focus of Assignment 2.

‣ (If time) parallelism, caching, and other optimizations


