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Administrivia
> Assignment 1 due next week

> First homework quiz next week

> 5-10 short questions, multiple choice / short answer / 1-2 sentence response
> Don’t study, just do the assighment

> 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 :) )



Recall: BPE

low low low low low
COerSZ lower lower widest widest widest
newest newest newest newest newest newest

Countdict: {low: 5, lower: 2, widest: 3, newest: 6}
Count dict (after byte-tokenizing words): {(1,0,w): 5 ..}

Pairwise counts:
{lo: 7, ow: 7, we: 8, er: 2, wi: 3, id: 3, de: 3, es: 9, st: 9, ne: 6, ew: 6}
Pick most frequent: “es”, “st” tied -> prefer “st” from lex ordering

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

- Repeat until enough merges are made



Recall: BPE

Vocab: 256 chars Vocab: 256 + {(st)} Vocab: 256 + {(st), (est)}
Merges: [] Merges: [(s,t)] Merges: [(s,t), (e,st)]
(l,o,w): 5 (l,o,w): 5 (l,o,w): 5

(n,e,w,e,s,t): 5 (n,e,w,e,st): 5 (n,e,w,est): 5
(w,i,d,e,s,t): 8 (w,i,d,e,st): 8 (w,i,d,est): 8

Pairwise counts: Pairwise counts:

(e,s): 13; (s,t): 13, ... (e,st): 13; ...

Merge s+t Merge e+st



Recap: AdamW

init(#) (Initialize learnable parameters)
m < 0 (Initial value of the first moment vector; same shape as 60)
v < 0 (Initial value of the second moment vector; same shape as 6)
fort=1,...,7 do
Sample batch of data By
g <+ Vgl(0; B;) (Compute the gradient of the loss at the current time step)
m < Bim + (1 — B1)g (Update the first moment estimate) betal: 0.9
v 4 Bov + (1 — B2)g? (Update the second moment estimate)) beta?: 0 999

Qi ¢ Q=7 51; (Compute adjusted « for iteration t)

00— o7 (Update the parameters)
0 < 0 — a)d (Apply weight decay) < This fix makes it “AdamW”: changes
end for where weight decay is used (Adam
does it on gradient, scaled by rt(v))
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Recap: AdamW
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eljnsum

> 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.

‘ ®

etnhsum(X, W, ‘1, o1 -> 0’)

‘ ®

etnsum(X, W, ‘1, 1 o -> 0’)

ethsum(X, W, ‘1 1, 1 -> 1")

W
W
etnsum(X, W, ‘o1, o1 ->")
W
W, '"... 1, 01 ->...0")

erthsum(X,

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

Question: How long would it take to train a 70B parameter model on 15T tokens on

1024 H100s? where does 6 come from?
total_flops = 6 * 70e€ [Se!
h100_flop_per_sec = 19

mfu = (
flops_per_day = hl1l00_flop_per_sec * mfu * 102

days = total_flops / flops_per_day
' ?
Answer: Around 143 what is MFU:

Question: What's the largest model trainable on 8 H100s with AdamW (naively)?
h100_bytes = 80e€
bytes_per_parameter = 4 + 4 + (4 + 4)

num_parameters = (h100_bytes * 8) / bytes_per_parameter

print (num_parameters)

11 Answer: 40B
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Resource Accounting

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

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

What has to be stored?

At the start of the forward pass:

» FP32 copies of the weights of your model, M,ode1 = 4Nparam + 4/NVpur (fp32 implies 4 bytes
per element)

» FP32 copies of optimizer states, 2 for adam, M ptimizer = 8/Vparam

e Copies of your data and targets, assuming int64 inputs (as in nanoGPT),
M gata = 2 X Bsz X T' X 8 (int64 implies 8 bytes per element)

After the backwards pass (and possibly persisting):

o FP32 copies of the gradients size, Mgradients = 4/Vparam

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

IEEE 754 single-precision 32-bit float

sigln exponent (8 bit) fraction (23 bit)
I —

c o1 1 1 1 1 0 O O 1 O O O O O O O O O O O O GO GO GO O O O o o o

31 30 23 22 0

“brain float” from Google

IEEE half-precision 16-bit float

| . | | bfloat16
S|g|n | exponent (5 bit) o fraction (10 bit) | Sigln exponent (8 bit) fraction (7 bit)
o o0 1 1 O O 0 1 0o o 0O 0 0o o o o O 0 1 1 1 1 1 O O O 1 o O o o o
15 14 10 9 0 15 14 7 6 0
1e-8 is an underflow Goes down to 1e-38 but lower resolution

How much memory to store a linear layer from dmodel t0 4 dmodel if dmodel is 12k?



Data lypes

https://docs.nvidia.com/deeplearning/transformer-engine/user-guide/examples/fp8_primer.html

sign exponent mantissa

FPl6f0o|o0o|1|12|o0o|1|1|0|0|1|0|21|0|0]|1]|1] =0395264

BFI6 | 0 | 0 | 1 1 1,110 1|1 (00|10 ]| 1| 0 =0.394531

FPBEAM3| O | O | 1 | O 1 1|0 |1 =0.40625

FPBESM2| O | O | 1 1,011 0 =0.375

Both E4AM3 and E5M?2 supported on H100

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

strides[1]
—ee
a two-dimensional tensor 0 1 2 3
strides[O] 4 5 6 7
8 9 10 11
2 13 14 15

strides|1] Underlying storage
#

0 1 2 3 4 S) 6 7 8 9 10 " 12 13 14 15

strides|O]

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

FLOPs: floating-point operations (measure of computation done)
- How expensive is adding two M x N matrices Aand B? M * N
>~ How expensive is ATB? 2 *NA2* M

Why 2? multiply the elements, then accumulate

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

A100 has a peak performance of 312 teraFLOP/s |[spec]
assert al@@_flop_per_sec == 312el?2

H100 has a peak performance of 1979 teraFLOP/s with sparsity, 50% without [spec]
assert hl00_flop_per_sec == 1979el12 / 2
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Resource Accounting: Forwarad

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
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Resource Accounting: Backward

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

Batch = 1024

Dim = 256 Model: x --w1--> h1 --w2--> h2 -> loss
Hidden dim size = 64

Output size = 64

Forward pass for w2: 2 * 1024 * 64 * 64
Compute grad for w2: 2 * 1024 * 64 * 64 Total F+B:
Do backward passtow1: 2 * 1024 * 64 * 64 6 * data points * params
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Resource Accounting

Further reading:

https:
https:

erees.dev/transformer-memor
www.adamcasson.com/posts/transformer-flops


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

CPUs optimize for a few, fast threads while GPUs optimize for many many threads

ALU ALU

Control | [ |
ALU ALU |

| GPU - High Throughput Processor I Computation Thread

'
r-. -. .[n Processing
E Waiting for data
| CPU core - Low Laten ncy Processor -
EIIIIIEIIIIIEIIIIIEIIIII - o

CPU GPU
Many tiny compute units (ALUS). CPUs optimize for latency (each thread finishes quickly)
Much less support for branching (control, cache) GPUs optimize for throughput (total processed data)

https://developer.nvidia.com/blog/cuda-refresher-reviewing-the-origins-of-gpu-computing/



Warp Scheduler (32 thread/cik) Warp Scheduler (32 thread/cik)
Dispatch Unit (32 thread/cik) Dispatch Unit (32 thread/cik)

Register File (16,384 x 32-bit) Register Flle (16,384 x 32-bit)

INTIZINTI2 FPR2 FPR2 INTIZ INTI2 FP32 FPA2

Gl Exprass 4.0 Moat imiartace

INTI2 INTI2 P32 PR32 INTI2 INTI2 FP32 FP32
INTI2 INT22 FP22 FP22 INT32 INT32 FP32 FP32
INT3Z INTS2 FPI2 PR32 INTIZ INTS2Z FP32 FP32
TENSOR CORE TENSOR CORE
INTI2 INTI2 FP32 FP22 INTIZ INTI2 FP32 FP32
INT3IZ INTIZ FP32 FP22 INTIZ INT2Z FPI2 FP2
INTI2 INT32 FPA2 FPA2 INTI2 INTI2 FP32 FP32

INTIZ INTIZ P32 PR32 INTIZ INTIZ FPI2 FP32

LD/ LD LD o e N LV Lo
Y Y

Warp Scheduler (32 thread/clk)
Dispatch Unit (32 thread/cik) Dispatch Unit (32 threadicik)

Register File (16 384 x 32-bit) Register File (16,384 x 32-bit)

INTIZ INTIZ P32 PR32 INTIZ INT32 P32 FPa2
INTI2 INT22 FP32 FPR2 INT22 INT32 FP32 FP22
INTIZ INTIZ2 FP32 PR32 INTIZ INTX2 FP32 FP32
INTIZINTI2 FPI2 FP22 INT32 INT22 FP32 FPa2
TENSOR CORE TENSOR CORE
INTIZ2 INTIZ FP32 FP32 INTIZ INT3Z FPI2 FPI2
INT32 INT32 FPA2 FPX2 INTIZ INT22 FP32 FP32

INTIZ INTIZ PR32 PR32 INTIZ INTZ FIP32 FPO2

INTIZ INT22 FPA2 FP22 INTI2 INT22 FP32 FP22

LEy LD LD WL O I LD ) LD LV Lo/ LD
ar Y Y s 3 a7 Y s - Y ar ar a7

182K8 L1 Data Cache / Shared Memory

Tox Tex

SM

GA100 Full GPU with 128 SMs

Each SM further contains many SPs GPUs have many SM (streaming
(streaming processor) that can multiprocessors) that independently
execute ‘threads’ in parallel execute ‘blocks’ (jobs).

SP is a “CUDA core”,

| is a “core”. Independent of others
operate in lockstep



GPU Memory

The closer the memory to the SM, the fasteritis - L1 and shared memory is inside
the SM. L2 cacheis on die, and global memory are the memory chips next to the GPU

HBM2(e) PHY 3x 512-Bit HBM2(e) PHY 3x 512-Bit HBM2(e) PHY .
TABLE IV | 1024-8it © 2.430 - 3.186 _G_pbs Memory Control xoza a.z © 24-:30 3. 1.86 prs‘ Memory Control 1024_ Bit| @ 2.430 - 3. ;_se G.pbi Nvidia GAIOO’ 7nm TSMC

THE MEMORY ACCESSES LATENCIES

—~———

- 4X SM < 0.308 © M8 - . ) . ~ K
| **,,4 ety P = ot = =4 = "9 "% | x8 GPC, x64 TPC, 128x SM
swaminlis /s Moyt el PN 2 L3 ) - . 8192 FP32 ,,Units"
= X O e o SR RYETY P ) : ) - ~ 4096 Fp64 ,,UﬂitS“
3x streamingy - (TS s e 2 - o 48MB L2 Cache

| Muttiprocessor - (Gl Foafoat |l 3 | ) 3 | . 6144-Bit HBM2(e)
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S (4x S0GB/s

Global memory 290

- .‘30x- S'MI -.

3 é Die size w/ scribe lines:
L2 cache 200 £ 836.66mm?
L1 cache 33 I A —_—
,l,:, f Die size w/o scribe lines:
Shared Memory (1d/st) (23/19) e il ~ 826mm?
3 fanos . 3
zs 24MiIB L2§/ e ot 24MiB L2$ g
S’ Partition: 3 —e — v— R Partition >
zel - : 2
Interconnection Graphics  Video =3 b
interface Processing Memory .y £
% Unit (GPU) (VRAM) ::T' | é.

"od".d‘f.o.-"b."&.“
IBS] (o " s "0 "0 ™ W™ wd ™
" . 16x SM . ‘; ,16xSM_
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rectional)\isd
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R
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>
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. 16x,PCled.0" .y
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(4x:SOGBY s Bi
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Network ol I 3
. t SBa"
interface Data ;:g:.ge(g\;;:?:‘;)r il .’ .- - - - - > sime 'm Die shot from Nvidia
— . - —_ — . ”
Processing Motherboard HBM2(e) PHY 3x:512:-Bit | HBMZ(e) PHY. | = 3x512-Bit HBMZ(e) PHY :
Unit (DPU) interface 1024-8Bit © 2.430 - 3:186 Gpbs Memory Control | 1024-8it © 2.430 - 3 186 Gpbs | Memory Control | 1024-8it] |© 2.430 - 3. 186 Gpbs | Annotations by Locuza, June 2021

24 SRAM (shared/cache memory) is much more expensive (100x) but ~ 8x faster than DRAM (Global memory)



Execution Model

each warp contains 32 threads

This CUDA application uses 256 threads per block

CUDA Program

- o
S A

Block 4095

each block
is divided
into warps

Warp 0

Warp 1

Warp 7

(32 threads)

Block i

ready

4 Warp schedulers per SM
Warp Warp Warp Warp
Scheduler 0 Scheduler 1 Scheduler 2 Scheduler 3

INT32 INT32

INT32 INT32

INT32 INT32

INT32 INT32

INT32 INT32

INT32 INT32

INT32 INT32

INT32 INT32

Warp 1

instruction 10

There are 3 important players in the execution model

Threads: Threads ‘do the work’ in parallel - all threads execute the same instructions but with

different inputs (SIMT).

Blocks: Blocks are groups of threads. Each block runs on a SM w/ its own shared memory.
,- Warp: Threads always execute in a ‘warp’ of 32 consecutively numbered threads each.

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32




Memory Model

Device code can: Grid

— R/W per-thread registers
Block (0, 0 ;
— R/W per-thread local memory 900 EGE )

— R/W per-block shared memory _ _

—  R/W per-grid global memory

— Read only per-grid constant
memory

Host code can

— Transfer data to/from per grid |,
global and constant memories

Each thread can access its own register, and shared memory within the block.

c Information that goes across blocks need to be read/written to global memory (slow)
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Strengths

Easily scales up hard workloads (by adding more SMs)

Easy (?) to program due to the SIMT model

thread

Waiting for data

CPU core - Low Latency Processor

drysnmninnnrnnl

A Ready to be processed
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Matmuls

Matmul vs. non-matmul FLOPS across GPUs

103“: —— non-matmul
matmul

4
S 1024
=3 <
.
'—

10! -

K80 M80 P100 V100 Al100 H100

GPU

Tensor cores (introduced in V, T series) are specialized matrix multiplication circuits.
Matmuls are >10x faster than other floating point ops!



Scaling: FLOPs vs. Memory

Scaling of Peak hardware FLOPS, and Memory/Interconnect Bandwidth

H100
A100
41 HW FLOPS: 60000x/ 20 yrs (3.0x/2yrs) _ g
1000000 TPUV3 -
DRAM BW: 100x / 20 yrs (1.6x/2yrs) o 6 o TPUVA
Interconnect BW: 30x / 20 yrs (1.4x/2yrs) g
10000 @
g g
©
(&)
V)
©
@ HBM2E
g 100 Itanium 2 HBM HB.M2 N
E ® . @ ] ®
o
o ® S ® (]
< GDDRS5 ® :
GDDR4 @ ®o & NVLink 4.0
5= GDDR3 @ :
R10000 : o) ® NVLink 1.0 i i
1- ® o le 3.
o PCle 2.0 i e
Pentium Il Xeon PCle 1.0a
0.01 53l akaiiad Uy H5 ALY Sl RSt R Bl (e B (LSS Rl Rl N S A PR AL SN R Lt (Rt DLELr RSN ol BBl Ti 2 B AT MO el A
199 1999 2002 2005 2008 2011 2014 2017 2020 2023
YEAR

https://medium.com/riselab/ai-and-memory-wall-2cb42 65cb0b8

FLOPs scale faster than memory - it’s hard to keep our compute units fed with data!
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FLOPs vs. Memory

The roofline model

Key to this section:

- Dense matrix multiply €
- Sparse matrix multiply @

\ .5\6‘5
\3‘?’@ GPU ALU throughput
y ((\od ‘
& 1000 R\ CPU ALU throughput
2 5 of}
= , . &
-
Q.
o
&)
-
O
‘-
|._
0.01 0.1 1 10 100 1000

Operational Intensity (flops/byte)

how do we avoid being memory bound?
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Execution

GPUs operate in a SIMT model - every thread in a warp is executing the same instruction

Instruction Decoder and Warp Scheduler

GPU
SIMT SN— g
1 instruction — multiple 2 -'- ---
threads ¢ ﬂ &

\

thread

Conditionals are fine, but lead to significant overhead from the execution model

1f (threadIdx.x < 4) {
Aj
B;
} else {
X3
Y,

N

Time
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Speedups

Gains from Single-Chip Inference Performance - 1000X in 10 years
4500.00
» Number Representation H100
« FP32, FP16, Int8 4000.0 sntmitig P
- (TF32, BF16)
Iy ~16x 3500.00
3000.00

» Complex Instructions
*« DP4, HMMA, IMMA

w  2500.00
e ~12.5x S
»
= 2000.00 Adda
* Process Structured
e 28nm, 16nm, 7nm, 5nm 1500.00 Sparsity
= 1248.00
o™ ND-SX v
1000.00 HMMA  Int8 Tensor
P16 Tensor Cores
» Sparsity FhAe  Cores
- 500.00 Scalar FP32 Q8000
- pioo V100 261.00 /

» [ L e . "
= = RO ; W ALD
B - A SV 1 S
',
= 3

».‘d 2
ik = o T
B PS LT "‘4 et -~y

- R

-

=
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Five Tricks for GPUs

Trick 1: Low/mixed precision
Trick 2: Operator fusion

Trick 3: Recomputation

Trick 4: Memory coalescence
Trick 5: Tiling
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Trick 1: Low/mixed precision

Example: elementwise ReLU (x = max(0, x)) on a vector of size n.

(Float 32 case)

Memory access: 1 read (x), 1 write (if x<0), float 32 = 8 bytes
Operations: 1 comparison op, 1 FLOP.

Intensity: 8 bytes / FLOP

(Float 16)

Memory access: 1 read (x), 1 write (if x< 0), float 16 = 4 bytes
Operations: 1 comparison op, 1 FLOP.

Intensity: 4 bytes / FLOP
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Trick 1: Low/mixed precision

Lots of operations in modern GPUs are accelerated via low / mixed precision operations

Tensor cores

Full precision
product

16-bit input ]
16-bit input —

more products

BR

I

Sum with
FP32
accumulator

A LS

— FP32

- -
JILNIUD) O/ 6

-
UZ U-mIXE

Operations that can use 16-bit storage (FP16/BF16)

Matrix multiplications

Most pointwise operations (e.g. relu, tanh, add, sub, mul)
Operations that need more precision (FP32/FP16)

Adding small values to large sums can lead to rounding errors

Reduction operations (e.g. sum, softmax, normalization)
Operations that need more range (FP32/BF16)

Pointwise operations where |f(x)| > |x| (e.g. exp, log, pow)

Loss functions

Ision-tutorial/files/dusan_stosic-training-neural-networks-with-tensor-core



Trick 2: Operator Fusion

What if we have to do many operations? Shipping back and forth is somewhat silly

M@/mor‘y C,OVY) ij& M@/mof‘ (_(7 _ C,OW)«P"\E

W > 0 "\ o
"< [ L
LA AN I O 0O
_%AKA :] > \g
QO 0 QF % ,

2 %
sty o

Naive (non-fused) Fused kernel



Trick 2: Operator Fusion: Sines and Cosines
LRAPH V12

S op_code=placeholder

FX QRPPH ? / \ .

. op_code=call_function op_codcacall_funcum C o s x
L num_users=| y num_users=| 4
ass GraphModule(torch.nn.Module): l l
def forward(self, x : torch.Tensor): (" names%pow_] ) [  namesSpow_2 B
# File: /tmp/ipykernel_2583/1502985755.py:2, code: op_code=call_function op_code=call_function
sin = torch.sin(x) 2 target=_operator pow targets_operator.pow COs C"-)
pow_1l = sin %« 2; sin = None s;n (x) args=( argss=(
cos = torch.cos(x); x = None 2, 2,
pow_ 2 = CO0S *x 2; c¢coS = None )
add = pow_1 + pow_2; pow_1 = pow_2 = None eyl mmuses=l
return (add,) \ /
name= % add
')' op_code=call_function
Sl"'ﬂ (x) + (05 (i) target=_operator add
& num_uscrss | )
op_code=output
target=output
& num_userss y




Trick 2: Operator Fusion: After

BEFURE OfERATOR ToRCuIwnoucToR
FuSionN - OPERATOR FUSION

a4 10D

rogars rad - '_

e ‘

aww hew - @ & =
vp_smmdrm all /o tase ' o _cabrucal o

o petmiand o den un detond ' - gt D oon den won e lmak
I ] - nerin )
npeaeh o) ' . 7

rypeeamh A V)
)
et it 1)
L L RS M S R
ey |
4 yweNome
| / Sego(ea. B
— ; gy grad-Newe
\> - >/
cus ' L
—— L e e
o B R
Qarcs rpet ey
- i s
.\
MTce't wd
o s Taw
gt Ll
fu weh e
1 Sype=sacct S}
ahage - 1O
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| wode— |
| I 4
e =S owpa
O O conmtyw
ANt
am wen)

All 5 pointwise operations can be fused into a single CUDA kernel call.
‘Easy’ fusions like this can be done automatically by compilers (torch.compile)
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Trick 3: Recomputation

: — 2
s Loss(z,y, w) = (W - ¢(z) — y)
A
2(residus:
I
_l6 ' backpropagation
/ \ Vwloss(z,y,w) = (6, 12]
|
-6 _—
P -Q Definition: Forward/backward values
E
o Forward: |/ is value for subexpression rooted at ¢
6, 12 ' : .
She Backward: ¢; = ‘3‘}55 Is how f; influences loss

- 5 Algorithm: backpropagation algorithm

Forward pass: compute each f; (from leaves to root)
Backward pass: compute each g; (from root to leaves)

[From cs221]

In backpropagation, we store the activations (yellow) and compute Jacobians (green)
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Trick 3: Recomputation

Let’s say we stack 3 sigmoids on top of each other.

X
¢ dx
sigmoid T
vy —*>s2
. . Backward |
sigmoid graph
vy > 81
sigmoid / T \
‘ s2 s1 dout
out
Old Fwd pass Old Bwd pass
1 mem read 3 mem reads
3 mem writes 1 mem writes

This is really terrible for perf - 8 mem read/writes, very low arithmetic intensity.

https://dev-discuss.pytorch.org/t/min-cut-optimal-recomputation-i-e-activation-checkpointing-with-aotautograd/467



Trick 3: Recomputation

X X
¢ ¢ dx
sigmoid sigmoid T
: ¢ : : N Original
SImo'g Sma Backward
I vy | graph
sigmoid sigmoid —— T
¢ dout
out
New Fwd pass New Bwd pass
1 mem read 2 mem reads
1 mem write 1 mem write

Throwing away computation can actually be optimal, w/ 5/8th the memory accesses!

https://dev-discuss.pytorch.org/t/min-cut-optimal-recomputation-i-e-activation-checkpointing-with-aotautograd/467
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Trick 4: Memory Coalescence

DRAM (global memory) is read in ‘burst mode’ - each read gives you many bytes!

SCECCOO

e -9
!

1

-

!

EEEEEREN

SOOI

Burst section Burst section Burst section Burst section

o1 DS

— Each address space is partitioned into burst sections

— Whenever a location is accessed, all other locations in the same
section are also delivered to the processor

— Basic example: a 16-byte address space, 4-byte burst sections

— In practice, we have at least 4GB address space, burst section
sizes of 128-bytes or more

[https://blog.csdn.net/xl|_bit/article/details/117702476]

<& Burst mode comes from the slow per-row copy to the sense amplifier

[https://www.youtube.com/watch?v=9BjVUmaXaCQ]
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Trick 4: Memory Coalescence

Memory accesses are coalesced if all the threads (in a warp) fall within the same burst

Coalesced Loads Coalesced Loads
To Ty T Tj To T¢ Tp Tj

0| 1| 2 9 10 11 12 13 14 15

Burst section Burst section Burst section Burst section

— When all threads of a warp execute a load instruction, if all accessed
locations fall into the same burst section, only one DRAM request
will be made and the access Is fully coalesced.

Reminder: a warp is a set of 32 consecutively
numbered threads that execute togetherin a

block. Memory accesses happen together




Trick 4: Memory Coalescence

Thread 1
Thread 2

20 Mo 1 Moo My 53 Mg g M3 4 M35 Mg 3

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?
45
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Trick 4: Memory Coalescence

Row-major matrix in memory:

Access direction in

not coalesced Keimel code

Thread 1
Thread 2

Reads entire vector every step



Trick 4: Memory Coalescence

Row-major matrix in memory:

not coalesced coalesced T1T2T3T4

By Mq0 My 4 Myo Myg Myg My 4 Mo My 3 Mgg M3 4 M35 Mj 3

Thread 1
Thread 2

(A) (B)

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

47



Trick 5: Tiling

Tiling is the idea of grouping and ordering threads to minimize global memory access.

Let’s go back to matrix multiplication..

Access order

thread g * Noo | Mo1 N0}l Mg2"Naog [ Mg3™ N3
thready 1 ||Mo,of* No1 | Mo * Nis | Moa* Npy | Mg * N
thread; o | M1 * Ngo | M1 1 Mi2*Nopo [ My3™ N3g
thread; 1 | M1 "Ngq | Mg 1" Nqgq | M12"Noyq | My3™ N34

Note that memory access is not coalesced, and repeated (M0,0 and N1,0)
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Trick 5: Tiling

Cut up the matrix into smaller ‘tiles’, and load this into shared memory

Compute the matrix multiply in ‘phases’
1. Load M, ,and N, tiles into SHM

2. Compute partial sums for P
(Done with one tile)

3. Loadthe M,,and N, tileinto SHM

Advantages: repeated reads now access shared, not global memory
and memory access can be coalesced
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Trick 5: Tiling

tile size T matrix size N

Matrix A Matrix B Matrix C
D Outer loop over tiles D Inner loop over elements .I Temporary result tile
. Current tile in outer loop D Current element in inner loop

Non-tiled matrix multiply: each inputis read N times from global memory

Tiled matrix multiply: each inputis read % times from global memory, and T times
within each tile. This is a factor of T reduction in global memory access
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Tile sizes may not divide the matrix size and lead to low utilization

Trick 5: Tiling

Figure 6. Example of tiling with 128x 128 thread block tiles. (a) Best case - matrix dimensions are divisible by tile dimensions (b) Worse case -

tile quantization results in six thread blocks being launched, two of which waste most of their work.

256

2566 | _ ............

Factors affecting tile sizes

Coalesced memory access
Shared memory size
Divisibility of the matrix dim

256

docs . nvidia

257

------------

(b)

I/ QCC

. )
(@ !

-
X-11]0

. .
=10K0)0 U C XL
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Trick 5: Tiling

Burst section Burst section Burst section Burst section

Memory comes in bursts RIEIEN ¢ |5 (6|7 s [o w0/ n]n]u]s

A'igneO\ Lagou'l- una'igneol Lagw‘"

Loading tiles are fast if
bursts align with the matrix

One. Nice Tile &

Two Bad Tiles A

Coalesced accesses may be impossible depending on the dimension of the matrix..
(have to do padding)



Impact

FLOPs achieved for square matmuls
(color coded by whether a shape is divisible by K)

K=2 1 . ol . 1 ¢ .-"
2 5 O i K= 8 .:. . ; .:-,s .- :s -:.::‘..‘
. K=16 S
2001 - K=32 i . . .
i N / ; :‘J This happens at 1792 to 1793 size.
/
” / J.»/ Why? Using a tile size of 256 X 128, there are
L/ /\-/ 1792 1792 _ _
I 256x128 7 X 14 =98
tiles. If we increase thisto 1793, we have
8 X 15 =120
tiles.
1536 2048  AnA100has 108 SMs, so it cannot execute all 120

T T |
0 512 1024 1536 cwow
N: NxN @ NxN matmul
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GPU Principles

\/

“* Reduce memory accesses

“* Coalescing

“* Fusion
“* Move memory to shared memory
“ Tiling

\/

% Trade memory for compute/accuracy
“* Quantization
“* Recomputation

Coalesced Loads Coalesced Loads
To T, T, Ty To T, Iz I
’JO 1 2 3 9 10 11 12 13 14 15

Burst section Burst section Burst section Burst section

- When all threads of a warp execute a load instruction, if all accessed
locations fall into the same burst section, only one DRAM request
will be made and the access is fully coalesced.

tile size T matrix size N

*

. . S -

. . . . .

+ ‘ L . ‘

+ + » + 1 > +

+ + > S L SIS > +
- v +—e

+ + + + *
T 1 1 —
. ﬂ
+ + +—+ —
! | | 4
|
4 — 4 4 ‘4
. . ! -
.
— — e
Matrix A Matrix B Matrix C
D Outer loop over tiles Inner loop over elements . Temporary result tile
B Current tile in outer loop Current element in inner loop

X X
. ' , ' . dx
sigmoid | sigmoid N
| - [ r — Oriéinal
sigmoid | sagmf.).od : e
oy v | graph
sigmoid | sigmoid i
' dout
out
New Fwd pass New Bwd pass
1 mem read 2 mem reads
1 mem write 1 mem write
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Code available with Assignment 2
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Benchmarking and Profiling

> 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

def benchmark(description: str, run: Callable, num_warmups: int = 1, num_trials: int = 3) -> float:

I

for _ in range(num_warmups):

run()
if torch.cuda.is_available():
torch.cuda.synchronize()

times: list[float] = []
for trial in range(num_trials):
start_time = time.time()
run()
if torch.cuda.is_available():
torch.cuda.synchronize()
end_time = time.time()

times.append((end_time - start_time) * 1000)

mean_time = mean(times)

print(f"{description}: {mean_time:.2f} ms (over {num_trials} trials)")
return mean_time
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Warmup: Benchmarking Matmul

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

1000

- 100
E
U

£ 10
|_

1

0.1

O

10

100 1000 10000
Matrix size (square, fp32)

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 TFLOPS

Device: NVIDIA A100-SXM4-40GB
Multiprocessors: 108
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Warmup: Benchmarking MLP

class MLP(nn.Mod

def
super().

. Lay

def forward(
for Llaye

X =

X =

return X

ule):

( , dim: int, num_layers: int):

()

ers = nn.ModulelList([nn.Linear(dim, dim) for _

. X: torch.Tensor):
rin . Layers:

layer(x)

torch.nn.functional.gelu(x)

in range(num_layers)])




Warmup: Benchmarking MLP

> Base config: dim=256, layers=4, batch=256, steps=2

> Scaling steps: what do we expect?

--- Scaling number of steps ---

run_mlp(Z2x num_steps): 3.81 ms (over 3 trials)
Expected ~Z2x, actual ~1.81x

run_mlp(3x num_steps): 5.71 ms (over 3 trials)
Expected ~3x, actual ~2.71x

run_mlLp(4x num_steps): 7.56 ms (over 3 trials)
Expected ~4x, actual ~3.59x

run_mLp(5x num_steps): 9.43 ms (over 3 trials)
Expected ~5x, actual ~4.47x
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Warmup: Benchmarking MLP

> Base config: dim=256, layers=4, batch=256, steps=2

> Scaling steps: what do we expect? Linear increase.

> Scaling layers: what do we expect?

--- Scaling number of layers ---

run_mLp(2x
Expected
run_mLp(3x

Expected
run_mLp(4x
Expected
run_mLp(5x
Expected

num_Llayers): 3.
~2X, actual ~1.
num_Llayers): 4.
~3Xx, actual ~2.
num_Llayers): ©.
~4x, actual ~2.
num_Llayers): 7.
~5x, actual ~3.

40 ms (over 3 trials)
olx
79 ms (over
2 (X
20 ms (over
94 x
/Q ms (over

05X

3 trials)
3 trials)

3 trials)



Warmup: Benchmarking MLP

> 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?

--- Scaling batch size ---

run_mlp(Z2x batch_size): 1. 3 trials)
Expected ~2x, actual ~0.

run_mlp(3x batch_size): 1. 3 trials)

Expected ~3x, actual ~0.

run_mlp(4x batch_size): 2. 3 trials)
Expected ~4x, actual ~0.

run_mlLp(5x batch_size): 2. 3 trials)
Expected ~5x, actual ~0.
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Warmup: Benchmarking MLP

> 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?

--- Scaling dimension ---

run_mlp(Z2x dim): 1.92 ms (over 3 trials)
Expected ~4x (quadratic), actual ~0.91x

run_mlp(3x dim): 1.99 ms (over 3 trials)
Expected ~9x (quadratic), actual ~0.94x

run_mlp(4x dim): 2.04 ms (over 3 trials)
Expected ~1bx (quadratic), actual ~0.97x

run_mlp(5x dim): 1.97 ms (over 3 trials)
Expected ~25x (quadratic), actual ~0.93x
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Warmup: Benchmarking MLP

> 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

def profile(description: str, run: Callable, num_warmups: int = 1, with_stack: bool = False) -> str:

for _ in range(num_warmups):
run()

if torch.cuda.is_available():
torch.cuda.synchronize()

with torch.profiler.profile(
=[ProfilerActivity.CPU, ProfilerActivity.CUDA],
=with_stack,
=torch._C._profiler._ExperimentalConfig( =True)) as prof:
run()
if torch.cuda.is_available():
torch.cuda.synchronize()

table = prof.key_averages().table(

="cuda_time_total",

<1




Profiling: element-wise addition 2048

aten: :add

. :native: :vectorized_elementwise_kernel<4, at::native::CUDAFunctor_add...
cudaLaunchKernel

cudaDeviceSynchronize

Self CPU CPU total % Self CUDA Self CUDA %

96.15% 955.874us 98.70% 981.218us 981.218us 43.489us 100 .00% 43 .489us 43 .489us
0.00% 0.000us 0.00% 0.000us 0.000us 43.489us 100 .00% 43 .489us 43 .489us
2 .55% 25.344us 2 .55% 25.344us 25.344us 0.000us 0.00% 0.000us 0.000us
1.30% 12 .904us 1.30% 12 .904us 6.452us 0.000us 0.000us 0.000us

> aten::add: PyTorch method that calls a CUDA kernel

> What do we see about the overhead in this case?
66



Profiling: matmul 2048

Self CPU CPU total %

aten: :matmul 20.118us 62.75% 1.958ms 1.958ms

aten: :mm 00.91% 1.900ms 62.11% 1.937ms 1.937ms

ampere_sgemm_128x64_nn 0.00% 0.000us 0.00% 0.000us 0.000us
cudaOccupancyMaxActiveBlocksPerMultiprocessor 0.15% 4.713us 0.15% 4.713us 4.713us
cudaLaunchKernel 1.05% 32.690us 1.05% 32.690us 32.690us

cudaDeviceSynchronize 37.25% 1.162ms 37.25% 1.162ms 580.981us

aten: :matmul
aten: :mm 1.244ms 100 .00%
ampere_sgemm_128x64_nn 1.244ms 100 .00%
cudaOccupancyMaxActiveBlocksPerMultiprocessor 0.000us 0.00%

cudaLaunchKernel 0.000us 0.00%
cudaDeviceSynchronize

> ampere sgemm 128x64 nn is expensive, but CPU overhead still dominates
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Profiling

matmul (dim=2048)

aten: :matmul

aten: :mm

ampere_sgemm_128x64_nn
cudaOccupancyMaxActiveBlocksPerMultiprocessor
cudaLaunchKernel

cudaDeviceSynchronize

> Note that the kernels are different!

matmul (dim=128)

aten: :matmul

aten: :mm
ampere_sgemm_32x32_slicedlx4_nn
cudaLaunchKernel
cudaDeviceSynchronize
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Profiling

autograd: :engine: :evaluate_function: AddmmBackward®
AddmmBackward®

aten: :mm
aten::linear

aten: :addmm

ampere_sgemm_128x32_tn

ampere_sgemm_64x32_slicedlx4_nt

ampere_sgemm_128x32_nn

ne: :evaluate_function: torch::autograd: :AccumulateGrad
torch: :autograd: :AccumulateGraad

> What operations take time in the MLP?
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/1

Operator Fusion

Compile.

https://horace.io/brrr intro.html



/2

Operator Fusion

i/

—=2. UL 1]

HEEEE AN
E
0000 AAAAA EpEpE
Me,mor‘y Compilee

> Reduce bandwidth —> better compute utilization

https://horace.io/brrr intro.html



Operator Fusion: GelLU

def pytorch_gelu(x: torch.Tensor) -> torch.Tensor:

return torch.nn.functional.gelu(x, ="tanh")

def manuval_gelu(x: torch.Tensor) -> torch.Tensor:

 x X * (1 + torch.tanh(0.7978845¢ ). 044715 * X * X * X)))




Operator Fusion: GelLU

Unfused (manual):

aten: :mul

. :BinaryFunctor<f. ..

. :native: :AUnaryFunctor<f. ..
aten: :add

: :native: :CUDAFunctor_add. ..
: :native: :CUDAFunctorOnSe. ..
aten: :tanh

: :native: :tanh_kernel_cud...
cudaLaunchKernel
cudaDeviceSynchronize

aten::gelu 52.77%

at::native: :GeluCUDAKernell. .. 0.00%
cudalLaunchKernel 0.67%
cudaDeviceSynchronize 46.56%

OO OO OO O VO

Self CPU

Self CPU

1.707ms
0.000us
21.711us
1.507ms

CPU total %

53.44%
0.00%
0.67%

46 .56%

OO OO OO O VO

CPU total %

304 .808us
0.000us
0.000us

23.076us
0.000us
0.000us
18.908us
0.000us
10.516us
8.436bms

Self CUDA

1.729ms 1.729ms 1.545ms
0.000us 0.000us 1.545ms
21.711us 21.711us 0.000us
1.507ms /53.361us 0.000us

Self CUDA %

100 .00%
100 .00%
0.00%




(Slow) Fused GelLU Kernel

__global__ void gelu_kernel(const float* __restrict__ x,

float*x __restrict__ v,
int num_elements) 4
// Compute global thread index
// blockIdx.x = which block this thread is in
// blockDim.x = number of threads per block
// threadIdx.x = index of this thread within the block

int 1 = blockIdx.x * blockDim.x + threadIdx.x;

// Bounds check (some threads may be out of range)
if (i < num_elements) 4
// Read input valvue

float xi = x[1i];

// Compute GelLU using tanh approximation:

// gelu(x) = 0.5 * x * (1 + tanh(sqrt(2/pi) * (x + 0.044715 * x"3)))
// sqrt(2/pi) = 0.79788456

float a = 0.79788456F * (xi + 0.044715F * xi * xi * xi);

float tanh_a = tanhf(a);

float vi = 0.5f * xi * (1.0f + tanh_a);
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Triton

> “Between” Python and CUDA
> Write low-level code, but memory management is more automatic
> Write in Python
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Triton

def triton_gelu(x: torch.Tensor):

assert X.1s cuda

assert x.is_contiguous()

# Allocate output tensor

y = torch.empty_Tlike(x)

# Determine grid (elements divided into blocks)

num_elements

block size

num_blocks

triton_gelu_kernel[(num_blocks,)](x, y, num_elements, BLOCK _SIZE=block _size)

return vy

= X.numel()
1024 # Number of threads

triton.cdiv(num_elements, block size)



Triton

@triton.jit
def triton_gelu_kernel(x_ptr, y_ptr, num_elements, BLOCK SIZE: tl.constexpr):
# Input 1s at x _ptr and output is at 'y ptr
7 | Block 0 | Block 1 | . n § |
# BLOCK SIZE num e lements

bid = tl.program id(axis=o) > 1D launch grid, figure out where this
block _start = pid * BLOCK_SIZE TritOn program iS

# Indices where this thread block should operate

offsets = block start + tl.arange(@, BLOCK SIZE)

e houndar > |dentify where this operates and mask
y
mask = offsets < num_elements anything it shouldn’t read/write to

# Read > Then compute GelLU and store

(not shown)

x = tl.load(x_ptr + offsets, mask=mask)
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Next Time

> Flash attention: implementing these practices to greatly accelerate
attention. Focus of Assignment 2.

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



