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Eager Mode of Execution G gean source summi

Percentage of Repositories by Framework W Oher W PyTorch W Tensorflow

e PyTorch by default runs models in eager mode foo%
O Dynamic execution
O Prototyping: Easy to debug, highly flexible
o Computation graph of code is created at runtime
o Bad performance for production

75%

so%
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Performance Gaps iz

Time breakdown for a typical
transformer training step

M
What's happening How to spot it ﬁ?ozry
Overhead

Compute-bound  GPU doing math High SM utilisation 15%
Memory-bound Shuffling tensors to DRAM Low TFLOPS, high BW
Overhead-bound Python dispatch & launches CPU busy, GPU idle < most

models

Compute
75%

Your GPU is fast. The question is whether you are letting it run.

#OSSummit



Let the Profiler Show You the Crime Scene = S sovcesomnr

import torch
from torch import profiler
from transformers import AutoModelForCausalLM, AutoTokenizer

model _name = "ibm-granite/granite-3.3-8b-instruct"
tokenizer = AutoTokenizer.from_pretrained(model _name)
model = AutoModelForCausalLM.from_pretrained(model_name, dtype=torch.bfloatl6).to("cuda")

inputs = tokenizer("What is the capital of France?", return_tensors="pt").to("cuda")

with torch.no_grad():
with profiler.profile(
activities=[profiler.ProfilerActivity.CPU, profiler.ProfilerActivity.CUDA],

record_shapes=True,
profile _memory=True,
with_stack=True,

) as p:
model (¥*inputs)

p.export_chrome_trace('"trace-granite.json")

#OSSummit



Let the Profiler Show You the Crime Scene = Sgssovcesvmnr

Start; 75d11:37:29,968 943 895 00:00:00 00;00:00 00:00:00 00:00:00 00:00:00 00:00:00
Duration: 597ms 710ps 162ns 200000000 250000000 300000000 350000000 400000000 450000000
t 131ms 137ps 536ns {

STL

stream (/] 1l I I I I A

~ python3 62238 0 _ ~

thread 6... '(mainthrea = torch/nn/modules/module.py(1779): _call_impl torch/nn/modules/module.py(1779): _call_impl

transformers/models/granite/modeling_granite.... transformers/utils/deprecation.py(120): wrapped_func
<built-in meth...  <buil... ‘atenza.. <built-inm transformers/models/granite/modeling_granite.py(144): forward
Multiple aenpon | sen. R ke | oo [
torch/nn/modules/module.py(1779): _call_impl torch/nn/modules/mo... | transf...
Python torch/in/modules/linear.py(130): forward torch/an/modules/li... aten:...
<built-in function linear> <built-in function ...

frames to call T SR ‘ h e | AN ” 5: ) !lr v g: I ” 0y
a matmul a‘:'"en'":::"' l‘ Iu ninly H l| u iy I i 1I

A 'W'W*V' 'V*V’V’V’V'V'W\"V'V*V'

~ python3 0

Threed 0 (main thread) O (fu..| Ron.| Ron.] Ren.| Re.] Run] | | |

stream 77 X I |11 N 0 00 NI 00
~ Spans 86420 O

PyTorch Profiler 86430 O — _ pocheofle®

PyTorch Profiler (0)
Current Selection

Area Selection Slices PivotTable ~ Slice Flamegraph  Flow Events & Export
O ¢ I B Flat °8 Tree
Name Count Wall Duration Self Duration Wall Duration
COUNT 2 SUM 39.36pys  SUM 39.36ps  AVG 19.68ps
ampere_bf16_s16816gemm_bf16_64x64_sliced1x2_ldg8_f2f stages_64x6_tn 1 34.34ps 34.34ps 34.34ps
void at::native: elementwise_kernel<128, 4, at::native::gpu_kernel_impl_nocast<at::native::BinaryFu... 1 5.025ps 5.025ps 5.025ps

131ms: GPU idle — CPU dispatching one Linear layer

#OSSummit



Let the Profiler Show You the Crime

S OPEN SOURCE SUMMIT

INDIA

Start: 75d11:37:29.968 943 895
Duration: 597ms 710ys 162ns

s vy o CEETEED

~ python3 0 B
Thread 0 (main thread) O
stream7 7

~ Spans 86420
PyTorch Profiler 86430 O

Current Selection

00:00:00 00:00:00
210000000 220000000
b 41ms 826ys 820ns

00:00:00 00:00:00
190000000 200000000

00:00:00
230000000

00:00:00
240000000

00:00:00 00:00:00 00:00:00
250000000 260000000 270000000

torch/nn/modules/module.py(1779): _call_impl
ransformers/models/granite/modeling_granite.py(199): forward
<built-in method pow of Tensor object at 0x7f7bd2¢57... <bu method mean... | aten::add
aten::pow aten::mean

PyTorch Profiler (0)

Area Selection Slices Pivot Table  Slice Flamegraph ~ Flow Events
O ¢ I B Flat "8 Tree
Name Count Wall Duration +
COUNT 7 sum 26.37ps
void at::native::reduce_kernel<512, 1, at::native::ReduceOp<float, at::native::MeanOps<float, float, ... 1 7.425ps
void at::native::elementwise_kernel<128, 4, at::native::gpu_kernel_impl_nocast<at::native::BinaryFu... 1 5.025ps
void at::native::elementwise_kernel<128, 2, at::native::gpu_kernel_impl_nocast<at::native::BinaryFu... 1 4.064ps
void at::native::vectorized_elementwise_kernel<4, at::native::bfloat16_copy_kernel_cuda(at::Tensorl... 1 2.560ps
void at::native::vectorized_elementwise_kernel<4, at::native::(anonymous namespace)::pow_tensor... 1 2.560ps
void at::native::vectorized_elementwise_kernel<4, at::native::rsqrt_kernel_cuda(at::TensorlteratorBa... 1 2.464us
void at::native::vectorized_elementwise_kernel<4, at::native::CUDAFunctorOnSelf_add<float>, std::a... 1 2.272ps

<built-in method rsqrt of type object at...

aten::rsqrt

Self Duration

SUM

26.37ps
7.425ps
5.025ps
4.064ps
2.560ps
2.560ps
2.464us
2.272us

torch/nn/modules/module.py(1779): _call_impl
transformers/utils/deprecation.py(120): wrapped_func
transformers/models/granite/modeling_granite.py(144): forward
nn.Module: Linear_0
torch/nn/modules/module.py(1779): _call_impl
torch/nn/modules/linear.py(130): forward
in function linear>
aten::linear

aten::matmul
aten::mm

cudaFuncSetAttrib...

| cudaFuncsetattri...

Runtime Trigg... Runtime Trigger... Runtime Triggere... m

Bl
3

& Export

Wall Duration

AVG

3.767ps
7.425ps
5.025ps
4.064ps
2.560ps
2.560us
2.464ps
2.272ps

7 kernels, ~2-7us each — one DRAM round-trip per op, no fusion

#OSSummit




Let the Profiler Show You the Crime Scene = Sgssovcesvmnr

11:37:29.968 943 895 00:00:00 00:00:00 00:00:00 00:00:00 00:
597ms 710ps 162ns 433400000 433450000 433500000 433550000 43360

! 73ps 216ns i
S XNV &DefaultW...

Start: 7 00:00:00 00:00:00 00:00:00
Duration: 00 433650000 433700000 43375000

WL 1601 Emamm hi16 £AuEA alin
62238
thread 622... (main thread) torch/nn/modules/module.py(1779): _call_impl
transformers/models/granite/modeling_granite. py(221): forward
nn.Module: Linear_6
torch/nn/modules/module.py(1779): _call_impl
torch/nn/modules/linear. py(130): forward
<built-in function linear>

Thread
stream 77

~ Spans 2|
PyTorch Profiler 86430

Current Selection T v

Slice ampere_bf16_s16816gemm_bf16_64x64_sliced1x2_|dg8_f2f_stages_64x6_tn Contextual Options -

Details Preceding Flows
Name ampere_bf16_s16816gemm bf16_64x64_sliced1x2 ldg8 f2f stages 64x6_tn Slice Delay Thread
Category  kernel
Start time  00:00:00.433 520046
~ Duration  73us 216ns

cudalaunchKernel #  1us42ns thread 62238 (python3) 62238 (python3 62238)

Arguments
Thread stream 7 [7] v args
Process  python3 [0]
id ~ 233
S sice - p——ny 0
device - 0
context - 1
stream - 7
correlation ~ 4191

73us GEMM — part of the 2.2% of time the GPU is actually computing #OSSummit




Graph Mode of Execution

S OPEN SOURCE SUMMIT

IHDIA

e Graph mode enables the application of optimizations such as scheduling and operator fusion for
faster execution/lower overheads

Code :>[

Generate graph of A

full model

J

—

Apply optimizations with
global view

.

Hardware specific
Optimized code

#OSSummit



INDIA

S OPEN SOURCE SUMMIT

Enter torch.compile

®  Just-in-Time compiler introduced in PyTorch 2.0
®  No framework rewrite required, works with existing PyTorch code

@toxrch.compile
def foo(x: torch.Tensor, y: torch.Tensor):
Z =X %Yy
W =2 + X
return w
PyTorch [ Graph Capture J >[ Graph Lowering J >[ Graph Compilation J Hardware
Code -sp.ec.lflc
Acquire forward and  Decompose higher level Convert operations in optimized
backward graphs operations such as nn.Linear to graph to backend specific code

lower level tensor operations optimized kernels

such as matmul and add
#OSSummit



Our ReSUItS o MObileNet V2 Sg;ﬁﬂsnunce SUMMIT

Ran the following:
e Model: MobileNet v2
e Dataset: ImageNet with 1000 sample images

Without Compile With Compile

Batch Size: 32 Batch Size: 32
Average Latency: 26.55 * 0.28 ms Average Latency: 17.86 = 0.17 ms

Min Latency: 26.34 ms Min Latency: 17.68 ms
Max Latency: 27.74 ms Max Latency: 18.33 ms
Throughput: 1205.34 samples/sec Throughput: 1791.60 samples/sec

32% reduction in avg latency and 48% increase in throughput

#OSSummit



What happens under the hood O gpah sounce i

Graph Graph Graph
Acquisition Lowering Compilation
I:'g:%:‘::::d ATen/Prim IR Ig:::lnductor (default) powered by Triton
. Your Own Backend
S
XLA
AlTemplate
TensorRT
T T PR
[x] [g] g T T mEw
v mEm mEEm EEm
def foo(x): - =N
y = F.conv2d(, ...) v v sun| [(smn]| [(wmw
z = F.batch_norm2d(y, ...) it — [-IEEEE — |(ssns T L
return F.relu(z) ‘ -Em | A B
' |
v T T T
[¥] ETE 11 T ==
EEm T 1T

Ref: https://pytorch.org/get-started/pytorch-2-x/ #OSSummit



Component I - TorCh Dynamo Slousausnunéismmr

e Python level JIT compiler
o Designed to allow graph compilation in PyTorch programs
o Emits Fx Graphs containing sequences of PyTorch operations

> Fx Graph
(PyTorch Ops)

> Python Bytecode

Python Code
Execution

Modified Python < Compiled Fx
Bytecode Graph

AN

#0OSSummit
Ref: https://docs.pytorch.org/docs/stable/torch.compiler_dynamo_overview.html



Features of Torch Dynamo - Graph Breaks = G sovsce s

e Unlike other tracers, torch dynamo does not crash when it encounters unknown code.
e |t simply falls back to the CPython Interpreter to run the problematic code.

@torch.compile(backend=my_compiler)
def fn(x, y):
a = torch.cos(x)

b = torch.sin(y)
return a + b <<::;:ix

opcode name target args kwargs
placeholder  1.x_  L_x_ () {}
placeholder 1_y_ Ly_ () {}
call_function a <built-in method cos of type object at @x7b565621ffee> (1_x_,) {}
call_function b <built-in method sin of type object at @x7b565621ffee= (l_y_,) {}
call_function add <built-in function add> (a, b) {}
output output output ((add,),) {}
#OSSummit

Tabular view of FX graph



Features of Torch Dynamo - Graph Breaks = G souc i

@torch.compile(backend=my_compiler)

def fn(x, y):
a = torch.cos(x)
b = torch.sin(y)
[ print("Hello") |
return a + b

explanation = dynamo.explain(fn)(torch.randn(18), torch.randn(1@))
print{explanation)

Hello
Graph Count: 2
Graph Break Count: 1
Op Count: 3
Break Reasons:
Break Reason 1:
R:au;: b:iltin: print [=class 'torch._dynamo.variables.constant.ConstantVariable'>] False
User Stack:
<FrameSummary file /tmp/fipython-input-18-3243879242.py, line 12 in fn=

opcode name target args kwargs
placeholder 1_x L_x_ () {}
placeholder Ty_ L_y_ () {}
call_function a <built-in method cos of type object at @x7b565621ffee= (1_x_,) {}
call_function b <built-in method sin of type object at @x7b565621ffee= (l_y_,) {}

output output output (ta, b),}) {}
_

opcode name target args kwargs

placeholder 1_a_ L_a_ () {

placeholder 1 b_  L_b_ () {}

call_function add <built-in function add> (l_a_, 1_b_) {}

output output output ((add,),) {3 #OSSummit



Features of Torch Dynamo - Guards

S OPEN SOURCE SUMMIT

INDIA

Guards specify conditions (e.g., devices,
data types, shapes, values) under which
functions can be optimized

- If guard conditions satisfied, Dynamo
replaces functions by their optimized
versions in Python bytecode

-  Otherwise, recompilation takes place
under the new guard.

SubGraph Functions

User Code

@torch.compile(backend=my_compiler

def _compiled_fn_0(a, b):
x =a/ (torch.abs(a) + 1)
return X, b.sum() <0

def toy example(a, b):

def __resume_at 30_1(b, x):

| _____——1 b=b*-1
return x * b
return x * b |
def _resume at 38 2(b, x):
*
Guard Function g TY
def toy_example(a, b): i'
__temp 1=__ compiled fn 0(a, b)
x=__ temp_1[0] Backend
if __temp 1[1]: Compiler
return __resume_at_30_1(b, x)
return __resume_at_38_2(b, x)
Optimized Code Compile & Optimize

Ref: https://docs.pytorch.org/docs/2.12/user_guide/torch_compiler/torch.compiler_dynamo_overview.html

#OSSummit



Features of Torch Dynamo - Guards G g sounc s

uts.py
[___}]ulml GLUARES 1
I'_l;ulrlhl += Roothus r
[__guards] | += D!FH!.TJ!‘!K!: witils_device.CURBINT DEVICE == Mone # _dynaso/output_graph.pyi493 in init_ssbient_guards
[__guards] | +— GLOBAL STATE: __ check_global_statel)
[__guards] | +— TORCH_PURCTION_MODE_STACK: _ check_torch_function_sode_stacki]
[__guards] | +— Guarddanager: scurcesl['n®], sccested_by=DictGetTtesbuardiccestor®n’)
[__guards] | | + EQUALS MATCH: L['n")] == 2 ®Aif A= @ 0 sersSfaishwariyaStuts.py:if in fn
. - [__guards] | + Guarddanager: scurcesL['x®], accested_by=DictGetItesbuardiccestor]®x')
. rddl | | 4 TENSOR_MATCH: check_tensoriL[*x'], Tensor, OldpatchkeySet(OMl, BackendSelect, ADInplacedrView, AutogradiPU}, torch.floatd2, deviceshone, re
import torch dts.py:5 dm fn
[__guards] | | + HO_HASATTR: hasattriL['x"], *_dynass_dynamic_indices®) == False #ymxok? Faers/alibwariya/tuts.pyis in fa
[__guards]
@torch.compile [__guards] Gudnl'd eval latency = @8.26 us
FECOSH g
def fnix, n): L_re«-pmn triggered by the follewing guard failurels):
_ [__recospiles) = 8/ Ll'n") =2 #if == B F sers/aishwariyn/tuts.py:6 in fn
¥ = x4k [_guards] GUARES:
g - AT
if 0 >= Bz [gunrds] TREE_GUARD_MAMAGER:
return {n + 1) ® y [__guards] += RootGuarddanager ] ]
—guards] | += DEFAULT_DEVICE: utils_device.CURRENT DEVICE == Mome & _dynasg/output_graph. py:493 in init_ssbisnt_guards Recom Ilatlo'
else: [__guards] | += GLOBAL_STATE: ___chack_global_statel) i p
[__guards] | += TORCH_FUMCTIOM_WOOE_STACK: ___check_torch_function_sode_stack()
return ¥ / n “_guards] | += GuardManager: snuru-l.[ n'l, accessed_bysDictGetIteaGuardAccessori n’) upon guard
—guards] | | += TYPE_MATCH: l.[tsrpt_wtl.l n'], 43518A1883) #if no== 8: # sers/adshwariya/tuts.py:6 in fn
_guards] | += GuardManager: saun: sed_bysDictGetTteaGuardAccessor] "x'} failure
¥ o= tgrﬁh.?ﬂﬂgﬁjm! guards ‘L | #= TEWSOR_MATCH: check_tenser{L['x"'], Tensor, DispatchKeySet{CPU; BackendSelect, ADInplacedrView, AutogradOPU), torch.float32; deviceshone,
uts.py:5 dn fn
fdil‘ ZN _guards] | | += MO_MASATTR: hasattriL['x"], *_dynamo_dynamic_indices") == False = x s } & sers/alshwariya/tuts.pyis in fn
fnix, 3) [__guards] +— LAMBDA GUARD: @ <= L['n"] & if n »= 8: # sers/aishemriya/tuts.py:8 in fn 1_,m,lm-nmrinbl::.ftu1mr.n'r:12‘il in evaluate_expr]
] [__guards)
Fnlx, —2) \ Em ﬁu:ni eval 1.ut|.'nql = ﬂ 28 us
Sl st B S e g /
[__recospiles) =8/l @ <= L['n') & if n >= @ & sersfalshemriyaftuts.pyid in fn (_dynamo/varisbles/tensor.pyi1201 in evaluate_expr)
[__recospiles) - 8/8: L['n") == 2 & Aif no>= @3 & sersfaishwariyaStuts.py:8 in fn
[_l;uunhl GUARSL:
[_mml TREE_GUARD_MAMAGER:
[__guards] +— RootGusrdMansger
[__guards] | +— DEFAULT_DEVICE: wtils_device.CURBENT DEVICE == Hone # _dynbso/output_graph. pyi453 in init_ssbient_guards
[__guards] | += GLOBAL_STATE: ___ check_global_statel)
[__guards] | += TORCH_FURCTION MODE_STACK: _ check_torch_functicon_sode_stack(]
[__guards] | +— Guarddanager: scurcesl['n®], bccessed_by=DictGetltesfuardiccessori®n’)
[__guards] | I = TYPE_MATCH: <hﬂlﬂ_lm_1I[Ll n'l, 4361HL0AE) #Af ao>= 0 F sers/adabwariyastuts. pyi6 dn fa
[__guards] | += Guarddanager: seurcesL['x"l, Ntﬂiﬂmutﬂiltmmttl“”'!w
[__guards] | | += TEWSOR_MATCH: m:ll;_MHGMILI'H'L Tensor, DispatchkeySet(CPU, BackendSelect, ADTAplacedrView, AutogradCPU}, torch.floatd2, deviceshone, re
yis.py:5 im fn
guards] | | = ln_rmm nagattriL['x"], *_dynass dynamic_imdices®) == False = x %x I & sers/aishenriye/tuts.pyis in fn
nﬁl LAMBOW,_GUARD: L[*m*] == =1 # itnomi: # itri.flnlih-rwtuh.w,ﬁ in fn mrnhus.itunr py: 191 in evaluate_sxpr) #OSSummit
%)
ﬂrﬁl Guard aval latency = 8.28 us




Component Il - AOT Autograd G gps sounce summr

INDIA

e Captures both forward and backward computations as FX graphs ahead of time

It decides what values to save in order to run the forward and backward passes with
minimal memory overheads and memory access latency

PyTorch Eager Mode Autograd Engine

| 3 Mincut to split graph FX graph in
Fake 4 Graph | > lower level
Tensor :> Code Decomposition of IR
Inputs higher level ops

to lower level ops

#OSSummit



Component Il - Inductor

S OPEN SOURCE SUMMIT

INDIA

e Default compiler backend for TorchDynamo

® Translates PyTorch programs into Triton for GPU and C++/OpenMP for CPU

e Performs different optimizations such as:

tmpl x +y
tmp2 tmpl * z
out = relu(tmp2)

# Can be reduced to
out = relu((x + y)* z)

Operator fusion

y = sin(x)
Z = sin(x)
return z

# Can be reduced to
Z = sin(x)

return z

Dead code eliminiation

scale = 2.0 * 4.0
y = x * scale

# Can be reduced to
y =x * 8.0

Constant folding

tmp =x + 1.0
* 2.0

# Can be reduced to

y=x+ 1.0

y *= 2.0

Buffer Reuse

#OSSummit



Example of operator fusion

S OPEN SOURCE SUMMIT
INDIA

def foo(x: toxch.Tensor, y: torch.Tensor):
Z =X %y
W=2z+ X
return w

TESTL YIS 7 ). =TTROE=
testl py(35): test
<built-in method rand of type objecta... testl py(21): foo

<built-in method rand of type object at Ox7f46d9b59ca0>
torch/utils!_device.py(75): __torch_function__

aten::u...

<built-in method rand of type object at 0x7146d9b59ca0> <built-in.. <built...
aten::rand aten::rand ate.. ate...
ate... - .:L

Foo launches 2 kernels

testl.py(37): <module>
/ testl.py(35): test

testl py(21): foo

torchiutils!_device.py(T5): __torch_function__

torchlutils/_device.py(75): __ torch_function__
<built-in method mul of Tensor object at 0x71456d139b20> <built-in method add of Tensor object at DxTI456d139e90>
aten:-mul aten::add

CPU Profile graph without torch.compile #0SSummit



Example of operator fusion G gpa sounce s

@torch.compile
def foo(x: torch.Tensoxr, y: torch.Tensor):

Z =X %Y

W =2 + X

return w
<DUE-In Method rand of type obiect & <Bultan method ra. ..
torchiutin/_device.py(75): __torch_function__ toechiusils)/_de..
<but-in method rand of type cdpect a... <ot met.
| atenrard oo
e aten:undonm_ atencu..

A)
_— / — #0OSSummit

rand rand Fused kernel



Fused Kernel in Triton S50 N

triton_poi_fused_add_mul_© = async_compile.triton('triton_",

@triton.jit

def triton_(in_ptr@, in_ptrl, out_ptr®, xnumel, XBLOCK : tl.constexpr):
xnumel = 25
xoffset = tl.program_id(0) * XBLOCK
xindex = xoffset + tl.arange(0, XBLOCK)[:]
xmask = xindex < xnumel
*0 = xindex
tmp8 = tl.load(in_ptr® + (x8), xmask)
tmpl = tl.load(in_ptrl + (x0), xmask)
tmp2 = tmpd * tmpl
tmp3 = tmp2 + tmpoO
tl.store(out_ptr® + (x8), tmp3, xmask)

stream@ = get_raw_stream(0)
triton_poi_fused_add_mul_O.run(argd_1, argl_1, buf@, 25, grid=grid(25), stream=stream0)

e B

TODO: Try to generate the torch profiler trace for granite in compile
mode and try to find out the differences.

#OSSummit



Speed Up Numbers — Broader Benchmarks  Sgssouc s

TorchBench CPU (green=0 breaks - yellow=few - red=many)

Model Speedup Graph breaks
Background_Matting 1.51x 0
llama 1.36x% 0
basic_gnn_edgecnn 1.28% 0 Published — PyTorch 2.x TorchBench (GPU)
BERT_pytorch 1.25% 0 » ~1.3x geomean speedup across 163 open-source models
basic_gnn_gcn » BERT inference on A100: up to 2x
alexnet 0 » LLaMA inference on A100: up to 1.8x
basic_gnn_gin 0 Ref: pytorch.org/get-started/pytorch-2.0
detectron2_fcos_r 50 fpn 20
detectron2_fasterrcnn_r 50 dc5 32
detectron2_fasterrcnn_r 50 fpn 34
deeenl esereny L ees 32 Note: Detectron2 (32—44 breaks) still gets speedups.
detectron2_fasterrcnn_r_101_fpn 34
detectron2_maskrcnn_r_101_c4 44
detectron2_fasterrcnn_r_101_c4 0.97x 32
detectron2_fasterrcnn_r_50_c4 0.96x 32 #O0SSummit




IBM Spyre — Example of Compile-first Stack =~ S sevrcesomnr

IBM'’s dataflow accelerator — built compile-first on torch.compile

The hardware

» 32 Al cores — mixed-precision SIMD-systolic arrays

» Cores are ring-connected — data flows explicitly between them

» No hardware cache — explicitly managed on-chip scratchpad memory
» Implication: the compiler must own all data movement decisions

Three inductor extensions (all out-of-tree)
» Tile-based tensor layouts — handles block-structured data movement
» Multi-core work-division — partitions tiles across 32 cores at compile time

» Scratchpad scheduling — compiler orchestrates on-chip memory explicitly

#OSSummit

Ref: research.ibm.com/blog/pytorch-support-ibm-spyre



Your Entry Point to torch.compile

S OPEN SOURCE SUMMIT

INDIA

Anyone can do this

» Run your model: model =
torch.compile(model)

» Enable logging:
torch._dynamo.config.verbose =
True

» Real-world graph breaks drive the
roadmap

02

Python / Triton experience required

» Inductor is mostly Python:
torch/_inductor/ in the pytorch repo

» Entry points: fusion passes, layout
optimisation, op lowerings

» Good first issues tagged module:
inductor on GitHub

Systems / compiler experience required

» Register via
torch._dynamo.register_backend

» Implement an inductor lowering pass
for your target

» Reference: cudagraphs/onnx

Tutorial: docs.pytorch.org/tutorials/intermediate/torch_compile_tutorial.html
Compiler docs: docs.pytorch.org/docs/stable/user_guide/torch_compiler/

Dev forum: dev-discuss.pytorch.org
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What We Didn't Cover: Distributed Training = Sessovcsm

® Data Parallelism (DDP)
®  Tensor Parallelism (TP)
®  Pipeline Parallelism (PP)
®  Full Sharded Data Parallelism (FSDP)
— With variants - like Full/Hybrid Shard
®  Communication collectives — NCCL
([ J

Toy Simulator - https://github.ibm.com/chandergovind/dist-train-simulator

#OSSummit


https://github.ibm.com/chandergovind/dist-train-simulator
https://github.ibm.com/chandergovind/dist-train-simulator
https://github.ibm.com/chandergovind/dist-train-simulator
https://github.ibm.com/chandergovind/dist-train-simulator
https://github.ibm.com/chandergovind/dist-train-simulator

S OPEN SOURCE SUMMIT
INDIA



Utilities - Modes, Configs G gpa souece s

torch.compile() Arguments:
e modes:
o default: efficient compilation with no extra memory and low compilation time
o reduce-overhead: maximum framework overhead reduction, with little extra memory
o max-autotune: fastest possible code, but long compilation time
e fullgraph=True — to create single graph with no graph break
e dynamic=True — allintegers and shapes marked as dynamic

Other utilities:

e torch._dynamo.utils.compile_times() — to display time spentin each compilation phase
torch._dynamo.config.recompile_limit — to limit the number of recompilations
torch._dynamo.explain() — to display number of graph breaks and their causes
torch._dynamo.reset () — to reset all artifacts created by dynamo

export
TORCH_LOGS="graph_code,graph_sizes, dynamo, guards,output_code,graph_breaks"

#OSSummit
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https://docs.pytorch.org/docs/2.12/user guide/torch compiler/torch.compiler.html

https://docs.google.com/document/d/1y5 CRfMLdwEoF1nTk998qEu1mgMUuUtvhkIPKJ2emL U8/edit?tab=t.0#¢heading=h.ivd

r7fmrbeab

https://colab.research.google.com/drive/1Zh-Uo3TcTH8yYJF-LLo5rIHVMtqvMdf?usp=sharing#scrollTo=0ObOktQOeko5h

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

https://docs.pytorch.org/assets/pytorch2-2.pdf

https://www.youtube.com/watch?v=rn-kJQ-7JmQ

https://www.youtube.com/watch?v=ppWKVg-VxmQ

https://www.youtube.com/watch?v=GmhnYe9QQoM

https://www.youtube.com/watch?v=5FNHwPIlyHr8

0. https://docs.google.com/document/d/1GgvOe7C8 NVOMLOCwDaYV1ImXXyHMXY7ExoewHqgooxrs/edit?tab=t.0#heading=
h.fh8zzonyw8ng

11. https://medium.com/data-science/how-pytorch-2-0-accelerates-deep-learning-with-operator-fusion-and-cpu-gpu-code-

generation-35132a85bd26
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