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Administrivia
Assignment 1 due today

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



This CUDA application uses 256 threads per block each warp contains 32 threads 4 Warp schedulers per SM
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Execution Model

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.



Five Tricks for GPUs

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

Trick 3: Recomputation

Trick 4: Memory coalescence
Trick 5: Tiling



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 pevmiand o den un detond ' - gt D oon den won Jelmak
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
‘ oQarwt grad-
| 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)



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"Nog [ 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)



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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Code credit: Stanford CS336
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Operator Fusion

Compile.

https://horace.io/brrr intro.html
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Operator Fusion
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> 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, but compiled into GPU code

> Launched via a “launch grid”, which is usually defined in your Pytorch
function
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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_like(x)

# Determine grid (elements divided into blocks)

num_elements

block size

num_blocks

= x.numel()
1024 # Number of threads

triton.cdiv(num_elements, block size)

> 1D launch grid

triton_gelu_kernel[(num_blocks,)](x, y, num_elements, BLOCK SIZE=block_size)

return vy



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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Code credit: Stanford CS336
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Triton

Example: weighted sum

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

* weight
weight

X * weight

*

20

sum



Triton: Weighted Sum

Example: weighted sum 9
4 \
(weight * x).sum(axis=-1) P \asl
.advance((0, D_TILE))
LL

r IEI 4
We are going to process the n'<
matrix in tiles § .

.advance((ROWS_TILE, 0))

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

ROWS
A

> row stride?

> dim (column) stride?

21



Block Pointers

@triton.jit
def weighted_sum_fwd(
Xx_ptr, weight_ptr,
output_ptr,
X_stride_row, x_stride_dim,
welght_stride_dim,
output_stride_row,
ROWS, D,
ROWS_TILE_SIZE: tl.constexpr, D_TILE_SIZE: tl.constexpr,

row_tile_idx = tl.program_id(0)




row_tile_idx = tl.program_id(0)

X_block_ptr = tl.make_block_ptnr(
X_ptr,
=(ROWS, D,),
=(x_stride_row, x_stride_dim),
=(row_tile_idx * ROWS_TILE_SIZE, 0),
=(ROWS_TILE_SIZE, D_TILE_SIZE),




weight_block_ptr = tl.make_block_ptnr(
welght_ptr,
=(D,),

=(weight_stride_dim,),
=(0,),
=(D_TILE_SIZE,),
(0,),

output_block_ptr = tl.make_block_ptr(
output_ptr,
=(ROWS, ),

=(output_stride_row,),
=(row_tile_idx * ROWS_TILE_SIZE,),
=(ROWS_TILE_SIZE,),

(:l)l




output = t1l.zeros((ROWS_TILE_SIZE,), =t1.float32)

for i in range(tl.cdiv(D, D_TILE_SIZE)):

row = tl.load(x_block_ptr, =(0, 1),

weight = t1l.load(weight_block_ptr, =(0,),
output += tl.sum(row * weight[None, :1], =1)
X_block_ptr = x_block_ptr. advance((H D_TILE_SIZE))

welght_block_ptr =

weight_block_ptr.advance((D_TILE_SIZE,))

tl.store(output_block_ptr, output, =(0,))

="zero"

="zero"
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Triton: Weighted Sum

D
p A
D TILE
f_%

.advance((0, D_TILE))

A\

ROWS_TILE

—

N\

.advance((ROWS_TILE, 0))

ROWS
A

\.

Memory coalescence depends on sizes

One execution of

the kernel

weight

output
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Recall: Attention

Forward pass of attention:

S =QK" e RV*N = P =goftmax(S) e RV~ Q0 =PV e RV*4

(they omit the normalization)

Why might this be slow on a GPU?

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
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Attention

Forward pass of attention:

S :QKT GRNXN,

Backward:

P = softmax(S) e RN 0 =PV e RNV*4

dV =P7dO € RV

dP =dOV"™ e RV

dS = dsoftmax(dP) € RV*V
dQ = dSK € RV*¢

dK = QdST € RV*4

Let’s ignore backward for now...
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The challenge

Forward pass of attention:
S=QK" e RV*N = P =gsoftmax(S) e RV*N, 0 =PV e RV*¢
How to do this with as few reads and writes as possible?

ldea: construct S in tiles, use those to compute P, and build O directly
Split Q into 7, = —g—‘;- tiles Q1,...,Qr, of size B; X d

Split K, V into T}, = -g—:- tiles KU ... KTx) and V) ... VTk) of size By x d

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

Why is this not so simple?
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-29 30 -20 -20

-10 1 1 -10

P = softmax(S) € RNV*V
O = PV e RV*4

Softmax

Subtract off max (-20)
-9-100 0
Exponentiate

0.0001 0.000045 1 1
Sum  2.000145

Normalize

Then multiply by V to get O
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P = softmax(S) € RNV*V
O =PV e RVXd

Softmax

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

Exponentiate

Sum (only partial)

Normalize

Then multiply by V to get O
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Online Softmax

-29
g. Partial sum with
m1 “held out”

m't) = rowmax(S(l)) c R

(1) _ (1)

¢ = rowsum(e ) € R

partially
p) — diag(f(l))_les(l)_m(l) c RB-*B. normalized

o) =pHy) - diag(f(l))_les(l)_m(l)V(l) c RBrxd

m'?) = max(m", rowmax(S?)) = m -20

)

5(2) _ em(l)_m(2) Q(2) _;,(2)

ARt rowsum(e
new partial sum with m2 “held out”



Require: Q € RVe«*4 K,V € RNk*4  tile sizes B,, By
Split Q into T}, = [g—z-‘ tiles Qq,...,Qr, of size B, x d

Split K,V into T}, = ’“ tiles KM ... K(Tk) and VA ... V{Tk) of size By X d
for:=1,...,7, do
Load Q; from global memory
Initialize 0{”) = 0 € RBaxd (9 = 0 € RBs, m\”) = —00 € RBs
for y=1,...,T; do
Load KUY, VU) from global memory

- (KONT
Compute tile of pre-softmax attention scores Sz(-J ) = QEY)  RBoxBx

Vd
Compute m'9) = max (m(] _1), rowmax (S,EJ ))) e RBs

Compute f’f;j ) = exp (Sf;j ) _ mf:j)) c RBqaX Bk
Compute lz(j) = €Xp (m(j_l) - mq(:j)) l,Ej‘” + rowsum (13?)) c REq

Compute Oz(.j) = diag (exp (mf;j_l) — mf;j))) Oz(j_l) + f’f;j)V(j)
end for
: (T ) -1 (T )
Compute O; = diag (l ) O,

Compute L; = mET"’) + log l,gT’“)

Write O; to global memory as the i-th tile of O.
Write L; to global memory as the i-th tile of L.

end for why is L needed at all? backward pass!
34 Return the output O and the logsumexp L.



for:=1,...,7, do |
Load Q; from global memory

Initialize O( ) = 0 € RBaxd l(o) =0 € R”q, m( ) = —00 € RBq
for y =1,...,T% do
Load K(j ), V(j ) from global memory

m, [ are easy to store

Compute tile of pre-softmax attention scores Sz(-j ) — Q"(I\{/(;))T c RBax Bk
Compute m(‘7 ) — max (m,gj _1), rowmax (S,Ej ))) c RbBq

Compute P(.J) = exp (S(.j) — (.j)) c RBa*Bx

Compute l(]) — exp ( (3-1) _ m(.?)) l(y D 4 rowsum (P(y)) c RBa
Compute 0 = diag (exp ( U=1) _ 7(;7))) oYY 4 pUIvQ)

end for

—1
Compute O; = diag (ZZ(T’“)) 0"+
Compute Lz — mETk) + lOg (lETk))

finally normalize by |

sanity-check: why is m not needed here?
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Backward Pass

S=QK" e RV*N = P =goftmax(S) e RV*N 0 =PV e RV*¢

dV =P7dO € RN*¢

dP =dOV'™ e RV*V

dS = dsoftmax(dP) € RV*YN
dQ = dSK e RV*d

dK = QdST € RV*4,
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Gradients

O = PV ¢ RNVxd
dV = P"dO € RV*4 dO =
dP = dOV'T € RV

OL
00

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

e’

dS = dsoftmax(dP) € RNVXN , consider each row Pi = ST e

. Si _ p8i 97
From ChatGPT: Opi 0 (e Oy ety
8Sj 8Sj Z2 .

Z

But S—SZ = e . Substitute and simplify using p; = e* /Z and p; = €% / Z:

Op;  0;:€% €% e%
vl 7 = dijpi — pip; = pi(dij — pj).
J

4 4

So the Jacobian J € R™*" with J;; = Op;/0s; is

J = diag(p) —pp .

dS = dsottmax(dP) € RV >N means applying this operator row-wise to dP
n-dim gradient vector, n X n operator ->
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More intuition

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

J(pl) 0 o o 0

Ovec(P) 0 J(p2) - 0

Ovec(S) B .
0 0 .o J(pL)

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

Essentially we are collapsing this operation down



Backward Pass

S=QK" e RN*N = P =softmax(S) e RV*N 0 =PV e RV*

dV =P7dO € RN*¢

dP =dOV'™ e RV*V

dS = dsoftmax(dP) € RV*YN
dQ = dSK € RV*¢

dK = QdST € RV*4,

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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Algorithm 2 Tiled FlashAttention-2 backward pass
Require: Q,0,d0 € RN«xd K V € RVs+Xd [, € RNa tile sizes B,, By
Compute D = rowsum(dO o Q) € RV«
Split Q, 0,dO into T, = [&-‘ tiles Q1,...,Qr,, 01,...,07,, dOy,...,dO1 , each of size B, X d

Bq
Split K,V into T}, = [g—:_‘ tiles KU, ... K(Tk) and VW) ... VT%) each of size By x d

Split L, D into T, tiles Ly,..., Ly and Dy,..., Dt , each of size B,
for 7 =1,...,7T; do
Load KU, V) from global memory
Initialize dKY) = dVU) = 0 € RBxxd
for:=1,...,7T, do
Load Q;, 0;,d0;,dQ, from global memory

- (KGNT
Compute tile of attention scores S,EJ ) = Q’L(I\{/; ) € RBaxB

Compute attention probabilities Pz(-j ) = exp (Sz(j ) _ Lz-) € RBa* Bk
Compute dV(j) 4= (PZ(,j))TdOi c RBkrxd

Compute dP,gj ) — dOz-V;.r c RBa*x Bk

Compute dsgj) = ng) @ (dP,Ej) — Dz’) /\/Zl c RBa*x Bk

Load dQ, from global memory, then update dQ, += dSZ(-j KU) ¢ RBa*4 and write back to global
memory. Must be atomic for correctness!

Compute dKV) += (dS{"’)TQ; € RBxx4d,
end for

Write dKY) and dVY) to global memory as the j-th tiles of dK and dV.

end for
Return dQ,dK,dV.




for y =1,...,1; do
Load KU) VU from global memory
Initialize dK\Y) = dVV) = 0 € RBxxd
for:=1,...,7, do
Load Q;,0;,d0;,dQ, from global memory

- kGNT
Compute tile of attention scores SEJ ) — (I\{/; ) ¢ RBaxBi

Compute attention probabilities Pz(-j ) — exp (S,Ej ) _ Li) c REq* Bk
Compute dVY) += (P))TdO, € RB+xd

Compute sz(-J ) = dOiVjT e RBa* Bk

Compute dSEj) = P,Ej) O (de;j) — Di) /\/ZZ c RBqXx Bk

Load dQ, from global memory, then update dQ, += dS,Ej KU) ¢ RBaX4  and write back to
memory. Must be atomic for correctness!

Compute dK) += (dS,Ej))TQZ- c RBrxd,
end for |
Write dKY) and dVY) to global memory as the j-th tiles of dK and dV.

43
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Parallelism

> Easier to get more GPUs than to get faster GPUs
> How to leverage *multiple* GPUs?

> Types of parallelism we will discuss:

>~ Data parallelism

> Fully-sharded data parallelism (FSDP)

>~ Tensor parallelism/pipeline parallelism
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Data Parallelism

> 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:

- 2 bytes for FP/BF 16 model parameters

- 2 bytes for FP/BF 16 gradients

- 4 bytes for FP32 master weights (the thing you accumulate into in SGD)

- 4 (or2) bytes for FP32/BF16 Adam first moment estimates “Optimizer state”
- 4 (or2) bytes for FP32/BF16 Adam second moment estimates
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/eRO

> Split things across GPUs

Memory q:(=71§|3
gpu, gpu. gPUy .1 Consumed |\ _
Baseline |~ N | 240w | 0
see 0se K*W¥Y
P, I I 2% + 2%+~ — | 31468
ceo cos 2+ K)*W¥
Pos-l-g I I 2Y + v 16.6GB
> I : I (2+2+K)+ ¥ 1.9GB
OS+E+p .

" Parameters

" Gradients

" Optimizer States



All reduce

rank0 i rank1 { rank 2 | rank 3 | ' rank O | rank 1

- rank 2 | rank 3 |

rank0 | rank1 { rank 2 | rank 3 |

II ) - ) )

out out

ll ) - )

.out[l] = sﬁm(lnX[ij).

Broadcast

rankO i rank 1 { rank 2 | rank 3 !

' rank 0 | rank 1
. (root) 3 |

. rank 2 | rank 3

rank0 { rank1 { rank 2 | rank 3 |

T m "N

in ‘ out out

out |i| out

out[i]

= infi]

' rankO | rank1 | rank 2 | rank 3

Reduce

i rank0 { rank1 i rank 2 | rank 3
’ ’ . (root) 5

'out[l] = sum(inX[i])

All Gather

‘rank0 i rank1 | rank 2 | rank 3 |

out[Y*count+] = inY[i]

Reduce Scatter

rank O i rank1 { rank 2 | rank 3 |

| out0 |

outl
- i | out2 | :

out3

outhn] = sum(i.nX[Y*cou.nt+i])
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/eRO Stage 1

Step 1. Everyone computes a full gradient on their subset of the batch

Step 2. ReduceScatter the gradients - incur #params communication cost

rank0 { rank1 { rank 2 | rank 3 | i rank 0 { rank1 { rank 2 | rank 3 |

U 0 B [ ] N R N
H |out2 ||
[ou3]:

outhﬂ = sum(i'nX[Y*cou'nt+i])

Step 3. Each machine updates their param using their gradient + state.
Step 4. All Gather the parameters - incur #params communication cost

. rank0 { rank1 { rank 2 | rank 3 | i rank O i rank1 { rank 2 | rank 3 |

. '
' '
. '
. '
. '
' '
' '
. .
. '
. '
' '
.
.
.
.
'
.
.
.
.

1 in1 §

2

| in3 |

out[Y*count+] = inY[i]
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/eRO Stage 2

oy 4 ZHOW 666

0S+g N

Step 1. Everyone incrementally goes backward on the computation graph

Step la. After computing a layer’s gradients, immediately reduce to send this to the
right worker

rank0 : rank1 ; rank 2 | rank 3 ' rank 0 { rank1 | rank 2 | rank 3 '
‘ ‘ ‘ ' E e ' (I'OOt) E '

out[i] = sum(inX[i])

Step 1b. Once gradients are not needed in the backward graph, immediately free it.

Step 2. Each machine updates their param using their gradient + state.
Step 3. All Gather the parameters.



/eRO Stage 3 (FSDP)

(24+ 2+ K)*W¥

" 0GR
P N,

OS+8+p

Parameters Gradients Optimizer States

* 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

51



/eRO Stage 3 (FSDP)

Load shard Offload grads to

From CPU if
CPU Offloaded

CPU if CPU
offload is enabled

A
|
REDUCE- FREEFULL K N
SCATTER WEIGHTS =-=N UPDATE
d  WEIGHTS

ALL- BACKWARD
GATHER (LOCAL)

ALL- FORWARD FREE FULL
GATHER (LOCAL) WEIGHTS

(LOCAL)
FSDP instance 1: N layers FSDP instance 1: N layers FSDP instance N: M layers
A A A
| | .
| ; |
GATHER GATHER '
WEIGHTS WEIGHTS SYNC GRADS
(ALL_GATHER) (ALL_GATHER) (REDUCE_SCATTER)

|
' !
! |
! .
' !
! .
' !
| .
' !
N v

ALL- FORWARD FREE FULL ALL- BACKWARD REDUCE- FREE FULL
GATHER (LOCAL) WEIGHTS GATHER (LOCAL) SCATTER WEIGHTS == UPDATE
|
A : (LOCAL)
I .
; FSDP instance 1: N layers FSDP instance 1: N layers ! FSDP instance N: M layers
' v
I
,  Load shard Offload grads to
,  From CPU if CPU' if CPU
CPU Offloaded offload is enabled

52



Pipeline Parallelism

> FSDP is only for training. What about making inference fast?

( ) (" )

forward

> ' 4 >
Layer Layer Layer Layer

< < <

backward
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Pipeline Parallelism

> Your GPUs will naturally be idle sometimes under this scheme

Fao| Fa1 | Faz | Fas| Bas B:: B Bao Update

F2o | F21 | F22 | F2a B:- B:» B B:o Update
Fiol F11 | Fi2 | F1a Bia | Biz Bis | Bio Update
Foo ! Fo1 | Foz | Fos BUDb'e Bos B2 Bo 1 Boc Update

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

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

> Stacks with other forms of parallelism



Administrative details
Operator Fusion

Triton: Weighted Sum

Flash Attention

Flash Attention: Backward Pass

Parallelism
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Next time

> 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)



