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How to make my PyTorch models faster?



torch.compile

- JIT

- Operates on the Python
Bytecode level

- Supports various target
architectures through
different backends
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prommeees Source Code -~

def function(inputs):
x = inputs["x"]
y = inputs["y"]
x = x.cos().cos()
if x.mean() > 0.5:
x=x/1.1
return x x y

Python operation
(not related to
tensor computation)

PyTorch operations ——
(pure tensor computation)

The first operation that
requires the value of a
tensor, but cannot be
represented in graph.

—_

resume function I —

resume function 2 —

- Python Bytecode Analysis --

inputs:

x: torch.Tensor
y: torch.Tensor

—_—

0 LOAD_FAST 0 (inputs)

2 LOAD_CONST 1(x)
4BINARY_SUBSCR

6 STORE_FAST 1(x)
8 LOAD_FAST 0 (inputs)

10 LOAD_CONST 2(y)
12 BINARY_SUBSCR

14 STORE_FAST 2()

16 LOAD_FAST 1 (x)
I8LOAD_METHOD 0 (cos)
20 CALL_METHOD 0

22LOAD_METHOD 0 (cos)

24 CALL_METHOD 0

26 STORE_FAST 10

28 LOAD_FAST 1 (x)

30 LOAD_METHOD 1 (mean)
32 CALL_METHOD 0

34 LOAD_CONST 3(05)
36 COMPARE OP. 4

38 POP_JUMP_IF_FALSE 24 (0 48)

40 LOAD_FAST 1 (x)

42 LOAD_CONST 4(L1)
44 BINARY_TRUE_DIVIDE
46 STORE FAST. 100
>> 48 LOAD_FAST 1 (x)
50 LOAD_FAST 20

52 BINARY_MULTIPLY
54 RETURN VALUE

recursively trigger bytecode analysis

» |

generate guard based on

i ——1 bytecode and input

Guard

return conditions ..

:
def guard(inputs): i

PyTorch Compiler Workflow - ---=--=-=-==-==-=---

1
1
1
Captured Computation Graph ;|

def __compiled_fn_0(x, y):
cos = x.cos(
x_1 = cos.cos()
mean = x_1.mean()
gt = mean > 0.5

4 LOAD_CONST 1 ('x')
6 BINARY_SUBSCR

>> 42 LOAD_FAST 0(x) oo
44 LOAD_CONST 4(L1)
46 BINARY_TRUE_DIVIDE
48 STORE_FAST 0(x)
>> 50 LOAD_FAST 0(x)
52 LOAD_FAST )

54 BINARY_MULTIPLY
56 RETURN_VALUE

guard on device/dtype return y, x_1, gt
shape of x and y
if guard(inputs): I
|
************** Transformed Bytecode ] |
i
0LOAD_GLOBAL 2 (_compiled_fn_0) i 1
2 LOAD_FAST 0 (inputs) H
4 LOAD_CONST 1(x) ! 1
6 BINARY SUBSCR '
8 LOAD_FAST 0 (inputs) execute python : 1
10 LOAD_CONST 2(y) operation and call | |
12 BINARY_SUBSCR computation graph
14 CALL FUNCTION 2 | 1
16 UNPACK_SEQUENCE 3 i
18 STORE_FAST 2(y) ! 1
20 STORE FAST 1 () '
22 POP_JUMP_IF_FALSE 17 (to 34) i 1
24 LOAD_GLOBAL 3 (__resume_at_40_1) call resume !
26 LOAD_FAST 1 (x) functions ' 1
28 LOAD_FAST2 (y) i 1
30 CALL_FUNCTION 2 H
32 RETURN_VALUE ! 1
>>34 LOAD_GLOBAL 4(__resume_at_48 2) '
36 LOAD_FAST I (x) | 1
38 LOAD_FAST2 (y) !
40 CALL_FUNCTION 2 ! 1
42 RETURN_VALUE ' 1
________________________________________________________ ' 1
. 1
---------------------- Resume Functions ~ --------------------
___________ _resume at 40 1 ... ..____.____  resume_ at 48 2 -----------,
0JUMP ABSOLUTE __ 21(042) ¢] [oJumP ABSOLUTE 25 (10 50)
2 LOAD_FAST 2 (inputs) 2 LOAD_FAST 2 (inputs)

4LOAD_CONST 1 (X))
6 BINARY_SUBSCR

>> 50 LOAD_FAST 0(x) e
52 LOAD_FAST 1
54 BINARY_MULTIPLY
56 RETURN_VALUE

https://depyf.readthedocs.io/en/latest/walk through.html



https://depyf.readthedocs.io/en/latest/walk_through.html

torch.compile

3 elements:
- TorchDynamo - tracer

- AoT Autograd - another
tracer

- Inductor - compiler backend
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def function(inputs):
x = inputs["x"]
y = inputs["y"]
x = x.cos().cos()
if x.mean() > 0.5:
x=x/1.1
return x x y

Python operation
(not related to
tensor computation)

(pure tensor computation)

The first operation that
requires the value of a
tensor, but cannot be
represented in graph.

resume function I —

resume function 2 —

Source Code -

- Python Bytecode Analysis --

inputs:

x: torch.Tensor
y: torch.Tensor

—_—

0 LOAD_FAST 0 (inputs)

PyTorch operations ——

—_

2 LOAD_CONST 1(x)
4BINARY_SUBSCR

6 STORE_FAST 1(x)

8 LOAD_FAST 0 (inputs)

10 LOAD_CONST 2(y)

12 BINARY_SUBSCR

14 STORE_FAST 2()

16 LOAD_FAST 1 (x)
I8LOAD_METHOD 0 (cos)
20 CALL_METHOD 0
22LOAD_METHOD 0 (cos)
24 CALL_METHOD 0

26 STORE_FAST 10

28 LOAD_FAST 1 (x)

30 LOAD_METHOD 1 (mean)
32 CALL_METHOD 0

34 LOAD_CONST 3(05)
36 COMPARE OP. 4

38 POP_JUMP_IF_FALSE 24 (0 48)

40 LOAD_FAST 1 (x)
42 LOAD_CONST 4(L1)
44 BINARY_TRUE_DIVIDE

46 STORE FAST. 100
>> 48 LOAD_FAST 1 (x)
50 LOAD_FAST 20

52 BINARY_MULTIPLY
54 RETURN VALUE

recursively trigger bytecode analysis

» |

generate guard based on

i ——1 bytecode and input

Guard

def guard(inputs):

return conditions ..

PyTorch Compiler Workflow - ---=--=-=-==-==-=---

1
1
1
Captured Computation Graph ;|

def __compiled_fn_0(x, y):
cos = x.cos(
x_1 = cos.cos()
mean = x_1.mean()
gt = mean > 0.5

4 LOAD_CONST 1 ('x')
6 BINARY_SUBSCR

>> 42 LOAD_FAST
44 LOAD_CONST
46 BINARY_TRUE_DIVIDE

48 STORE_FAST 0(x)
>> 50 LOAD_FAST 0(x)
52 LOAD_FAST )

54 BINARY_MULTIPLY
56 RETURN_VALUE

0(x) e
4(L1)

guard on device/dtype return y, x_1, gt
@ shape of x and y
ﬂa if guard(inputs): I
|
************** Transformed Bytecode ] |
i
0LOAD_GLOBAL 2 (_compiled_fn_0) i 1
2 LOAD_FAST 0 (inputs) H
4 LOAD_CONST 1(x) ! 1
6 BINARY SUBSCR '
8 LOAD_FAST 0 (inputs) execute python : 1
10 LOAD_CONST 2(y) operation and call | |
12 BINARY_SUBSCR computation graph
14 CALL FUNCTION 2 | 1
16 UNPACK_SEQUENCE 3 i
18 STORE_FAST 2(y) ! 1
20 STORE FAST 1 () '
22 POP_JUMP_IF_FALSE 17 (to 34) i 1
24 LOAD_GLOBAL 3 (__resume_at_40_1) call resume !
26 LOAD_FAST 1 (x) functions ' 1
28 LOAD_FAST2 (y) i 1
30 CALL_FUNCTION 2 H
32 RETURN_VALUE ! 1
>>34 LOAD_GLOBAL 4(__resume_at_48 2) '
36 LOAD_FAST I (x) | 1
38 LOAD_FAST2 (y) !
40 CALL_FUNCTION 2 ! 1
42 RETURN_VALUE ' 1
________________________________________________________ ' 1
. 1
---------------------- Resume Functions ~ --------------------
___________ _resume at 40 1 ... ..____.____  resume_ at 48 2 -----------,
0JUMP ABSOLUTE __ 21(042) ¢] [oJumP ABSOLUTE 25 (10 50)
2 LOAD_FAST 2 (inputs) 2 LOAD_FAST 2 (inputs)

4LOAD_CONST 1 (X))
6 BINARY_SUBSCR

>> 50 LOAD_FAST 0(x) e
52 LOAD_FAST 1
54 BINARY_MULTIPLY
56 RETURN_VALUE

https://depyf.readthedocs.io/en/latest/walk through.html



https://depyf.readthedocs.io/en/latest/walk_through.html

torch.compile

https://www.youtube.com/watch?v=Z23dL2D2BEHE


https://www.youtube.com/watch?v=Z3dL2D2BEHE

Modes of Execution in Pytorch



Modes of Execution in Pytorch

Eager mode

- Operations are executed
immediately when they are
encountered

- Intuitive and flexible



Modes of Execution in Pytorch

Eager mode Graph mode
- Operations are executed - Delays execution after the
immediately when they are forward pass is performed
encountered

- Creates a computational graph
- Intuitive and flexible from operations, allowing for
optimisations



Modes of Execution in Pytorch

Eager mode

def fl(x, y):
if x.sum() < 0:
return -y
return y

Graph Graph
Acquisition Compilation
TorchDynamo " :
+AOTAutograd ATen/Prim IR ‘ ‘:‘::::rzlnductor (default) powered by Triton
: Your Own Backend
| nvFuser
' TVM
| XLA
| AlTemplate
| TensorRT
ol EEN (L1 mEn
[x] = EER Emm mEn
v EEN L EEN
def foo(x): + = | | |
y = F.conv2d(x, ...) 4 v il i
PRIl — BNl — [ EEDE — |(ses EmE EEE
return F.relu(z) v ‘ ek o ..
" | T |
v mmn Emm nom
[¥] EEE EEmE mEE
v EEN EEE EEE
]

Graph mode

https://pytorch.org/get-started/pytorch-2.0/



https://pytorch.org/get-started/pytorch-2.0/

How to Capture a Computation Graph in PyTorch?

Eager mode
A graph is created on the fly W. %”l'z._? Wz x
- Graph created on | L e
| W _h = torch.randn (20, 20, requires grad=True)
the ﬂy W _x = torch.randn(20, 10, requires_grad=True)

x = torch.randn(l, 10)
prev_h = torch.randn(l, 20)

- Super helpful for
debugging

O

the nuances of pytorch graph capture https://pytorch.org/tutorials/beginner/Intro_to_TorchScript_tutorial.htm



https://dev-discuss.pytorch.org/t/the-nuances-of-pytorch-graph-capture/501
https://pytorch.org/tutorials/beginner/Intro_to_TorchScript_tutorial.htm

How to Capture a Computation Graph in PyTorch?

Graph mode

def fl(x, y):
X = torch.sin (x)
x = torch.matmul (x, y)
if x.sum() < O:
return -y
return y



How to Capture a Computation Graph in PyTorch?

Graph mode

def fl(x, y):
X = torch.sin (x)
x = torch.matmul (x, y)
if x.sum() < O:
return -y
return y

- 777



How to Capture a Computation Graph in PyTorch?

s://lwww.youtube.com/watch?v=Z3dL2D2BEHE


https://www.youtube.com/watch?v=Z3dL2D2BEHE

How to Capture a Computation Graph in PyTorch?

https://www.youtube.com/watch?v=Z23dL2D2BEHE



https://www.youtube.com/watch?v=Z3dL2D2BEHE

How to Capture a Computation Graph in PyTorch?

# code: y = x ** 2

s://lwww.youtube.com/watch?v=Z3dL2D2BEHE


https://www.youtube.com/watch?v=Z3dL2D2BEHE

How to Capture a Computation Graph in PyTorch?

# code: return y / n
truediv =y / 1_n_

fn(x, 6) # can use n >= 0
fn(x, -3) # retrace!

s://lwww.youtube.com/watch?v=Z3dL2D2BEHE


https://www.youtube.com/watch?v=Z3dL2D2BEHE

How to Capture a Computation Graph in PyTorch?

Graph mode (static graphs)

def fl(x, y):
X = torch.sin (x)
x = torch.matmul (x, y)
if x.sum() < O:
return -y
return y

- torch.jit.script
- torch.jit.trace

- Require changes to the code



How to Capture a Computation Graph in PyTorch?

Graph mode (TorchDynamo)

def f1(x, y):
x = torch.sin (x)
x = torch.matmul (x, y)

- Splits code into graph and if x.sum() < O:

non-graph parts return -y
return y

- Uses CPython frame
evaluation API

- Optimises the graph



TorchDynamo

Default Python Behavior T'orch:()t/namo Behavior
foo(...)
e
N
~
N R I I ]
NN Cached :
PyFrameObject PyCodeObject ' PyCodeObject
3 Jt/o\nmic
| : bytecode
Guards analysis +
(———J . +r‘oml,siorm x FX Graphs
_PyEval_EvalFrameDefault() : (torch.* bits)

T T T T T~ a Transformed ]
| Patched |: »] PyCodeObject User-defined
| PyFrameObject 'l : " | (non-torch.* bits) Compiler

call

Compiled Function

_PyEval_EvalFrameDefault()

https://pytorch.org/docs/stable/torch.compiler dynamo overview.html



https://pytorch.org/docs/stable/torch.compiler_dynamo_overview.html

Question

How different neural architectures are represented in FX graph and what
optimisations they allow for?



Question

How different neural architectures are represented in FX graph and what
optimisations they allow for?

- Explore the graph capture and optimisation of NN components (e.g. FFNN, attention),
including dynamic model shapes with TorchDynamo and Torchinductor

- Consider custom hardware-specific optimisations (e.g. operation fusion, memory
layout)

- Evaluate various configurations of the torch.compile() framework on real-world
use-cases



Thank you!



