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torch. jit

Code == Model Code == Model == Data

1.0.0



torch.jit

Code == Model Code == Model == Data
@torch.jit.script
def myfun (x) : def myfun (x) :
Yy = X * X Yy = X * X
z = y.tanh () z = y.tanh ()
return z

return =z

1.0.0



Code == Model

def myfun (x) :

Yy = X * X
z = y.tanh ()
return -

torch.jit

1.0.0

Code == Model == Data

graph (5x Dynamic) {

%y : Dynamic = aten::mul (%x,
%x)

%z : Dynamic = aten::tanh(3y)

return (%z)

/




Code == Model

def myfun (x) :

Yy = X * X
z = y.tanh ()
return -

torch.jit

1.0.0

Export and run anywhere

Code == Model == Data

graph (5x Dynamic) {

%y : Dynamic = aten::mul (%x,
%x)

%z : Dynamic = aten::tanh(3y)
return (%z)

}




Eager execution

def myfun (x) :
Yy = X * X
z = y.tanh ()
return -

torch.jit

1.0.0

Execution with
ahead-of-time analysis
@torch.jit.script
def myfun (x) :

Yy = X * X

z = y.tanh ()

return z
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torch.jit

Execution with
Eager execution ahead-of-time analysis
@torch.jit.script
def myfun (x) : def myfun (x) :
Yy = X * X return tanh mul (x)
z = y.tanh ()

return =z

1.0.0



torch.jit

Execution with
ahead-of-time analysis

@torch.jit.script
def myfun (x) :

Eager execution

def myfun (x) :

y = X * x return tanh mul (x)
z = y.tanh ()
return - saturate faster hardware

whole program optimizations

1.0.0



Py Torch

Models are Python programs

e Simple
* Debuggable — print and pdb
* Hackable — use any Python library

* Needs Python to run
* Difficult to optimize and parallelize
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PyTorch Egger Mode

Models are Python programs

e Simple
* Debuggable — print and pdb
* Hackable — use any Python library

* Needs Python to run
* Difficult to optimize and parallelize

PyTorch Script Mode

Models are programs written in
an optimizable subset of Python

* Production deployment
* No Python dependency
* Optimizable



PYTORCH JIT

Tools to transition eager code into script mode

@torch.jit.script

|

torch.jit.trace

EAGER SCRIPT

MODE MODE

For prototyping, training, For use at scale
and experiments in production



Transitioning a model with torch.jit.trace

Take an existing eager model, and provide import torch
example inputs. import torchvision

The tracer runs the function, recording

the tensor operations performed. def foo(x, y):

return 2*x + vy

We turn the recording into a

Torch Script module. # trace a model by providing example inputs
 (Can reuse existing eager model code traced_foo = torch.jit.trace(foo,
4\ Control-flow is ignored (torch.rand(3), torch.rand(3)))

traced _resnet = torch.jit.trace(torchvision.models.resnetl8(),
torch.rand(1, 3, 224, 224))



def foo(x, t):
y = x.mm(X)

returny +t

x = torchTensor([[1,2],[3,4]])
foo(x, 1)
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def foo(x, t):
y = x.mm(x)

returny +t

def bar(x, w):
y = torch.zeros(1, 2)
fortinx

y = foo(y, w, t)
returny
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def foo(x, t):
y = x.mm(x)

returny +t

def bar(x, w):
y = torch.zeros(1, 2)
fortinx

y = foo(y, w, t)
returny
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Transitioning a model with @torch.jit.script

You can mix both trace and script

in a single model.




O Under the hood of @torch.jit.script

ms.graph
.. ) raph(%input : Dynamic
class MyModule(torch.jit.ScriptModule): arap %5E)Dwmmig {
def __init_ (self, N, M): %7 : int = prim::Constant[value=1]()
< M P %2 : int = prim::Constant[value=0]()
super (MyModule, self).__init__() %1 : Dynamic = aten::sum(%input)

self.weight = torch.nn.Parameter(torch.rand(N, M)) %3 : Dynamic = aten::gt(%l, %2)
%4 : bool = prim::TensorToBool(%3)
%output : Dynamic = prim::If(%4)

@torch.jit.script_method o1
) ockd() {
def forward(self, 1nput): %output.1l : Dynamic = aten::mv(%5, %input)
if bool(input.sum() > 0): }—>(%mﬂpuh1)
oquut = self.weight.mv(input) block1() {
else: %output.2 : Dynamic = aten::add(%5, %input, %7)
output = self.weight + input - (%output.2)
}
return output return (%output);

}
ms = MyModule(3, 4)
print(ms.graph.pretty_print())

def graph(self,

ms.weight[1,2] input: Tensor,
_0: Tensor) —> Tensor:
tensor(0.5476, grad_fn=<SelectBackward>) if bool(aten.gt(aten.sum(input), 0)):
output = aten.mv(_@, input)
else:
ms(torch.rand(4)) output = aten.add(_0, input, alpha=1)

return output

tensor([1.2406, 1.4690, 1.8646], grad_fn=<MvBackward>)

ms.save( 'mymodel.pt")



O Predictable error messages @torch.jit.script

PARSE TIME RUNTIME

@torch.jit.script_method
def forward(self, input):
if bool(input.sum() > 0):

ms(torch.rand(111))

output = self.weight.mv(input_foo) RuntimeError:

else: size mismatch, [3 x 4], [111] at caffe2/
output = self.weight + input operation failed in interpreter:

return output @torch.jit.script_method

def forward(self, input):
if bool(input.sum() > 0):
output = self.weight.mv(input)

RuntimeError:
undefined value inpu:
@torch.jit.script_method

PUNUNUNININININININININININ G ——— HERE
def forward(self, input): else:
if bool(input.sum() > 0): output = self.weight + input
output = self.weight.mv(inpu) return output

~nne <——— HERE
else:

output = self.weight + input
return output



Loading a model without Python

Torch Script models can be saved to a model
archive, and loaded in a python-free
executable using a C++ API.

Our C++ Tensor APl is the same as our
Python API, so you can do preprocessing and
post processing before calling the model.

# Python: save model

traced _resnet = torch.jit.trace(torchvision.models.resnetl8(),
torch.rand(1, 3, 224, 224))

traced resnet.save("serialized resnet.pt")

// C++: load and run model

auto module = torch::jit::load("serialized resnet.pt");
auto example = torch::rand({1, 3, 224, 224});

auto output = module->forward({example}).toTensor();
std::cout << output.slice(1l, @, 5) << '\n’;
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Comparison relative to PyTorch 0.4 on contiguous Tensor on onecore
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HARDWARE EFFICIENCY
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In PyTorch 1.0:
* Leveraging specialized libraries: MKL-DNN, CuDNN, etc
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What’s next:
* Exposing all of the best operator implementations from Caffe2
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HARDWARE EFFICIENCY

Connecting to
ONNX Ecosystem

: - Vendor
libonnxifi-a.so library A
T— ibonmxifi-bso | /190"

@ ONNX / library B

Vendor runtimes are best for running things fast. +ONNXIF'\ ol | Vendor
' library C

In PyTorch 1.0: libonnxifi-d Vendor
.dylib library D

* Export entire model to ONNX for inference

What’s coming:
¢ ONNXIFI runtimes as part of bigger model through JIT



SCALABILITY

Distributed training

Challenges:

¢ Scaling to hundreds of GPUs

* Heterogeneous clusters, Ethernet/InfiniBand
* Potentially unreliable nodes

In PyTorch 1.0:
e Fully revamped distributed backend - c10d
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SCALABILITY & CROSS-PLATFORM

Deployment in C++

=

Torch Script
+ state_dict

Often Python is not an option:

* High overhead on small models

* Multithreading services bottleneck on GIL
* Deployment service might be C++ only

In PyTorch 1.0:

e Convert inference part of the model to Torch Script
* Link with libtorch.so in your C++ application
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SIGNIFICANCE OF SCALABLE
DISTRIBUTED TRAINING

O,

MORE COMPUTING MORE TRAINING
POWER DATA.
LARGER MODELS

* SIGNIFICANT TRAINING TIME SPEEDUPS
* GREAT EXTENT OF MODEL EXPLORATION



DISTRIBUTED -
WHAT’S NEW?

* Abrand new performance-driven
distributed backend: C10D




HIGHLIGHTS

PyTorch 1.0 Distributed

74 23

BRAND NEW BACKEND DESIGN HIGHLY SCALABLE PERFORMANCE
Fully asynchronous backend library: C10D * Near roofline performance on key workloads
e Both Python and C++ support * Data Parallel: Single-node, multi-GPUs

* Fully backward-compatible frontend python API * Data Parallel: Multi-node, multi-GPUs



C10D LIBRARY

DESIGN AND FEATURES

Backends
* Gloo, NCCL, MPI

* Fully asynchronous collectives for all backends
* Both Python and C++ APIs

* Performance-driven design
* Self-managed CUDA streams for parallel execution

* Upcoming
e Fault tolerance with elasticity



O

FULLY ASYNC DESIGN

PYTHON AP

import torch
import torch.distributed as dist

# Options
opts = dist.AllreduceOptions()

# Creating the process group with store method
store = dist.FileStore("/tmp/test")
= dist.ProcessGroupNCCL(store, RANK, WORLD SIZE)

# Kicking off work
# Assuming that tensors are a list of Tensors
works = []
for tensor in tensors:
work = pg.allreduce([tensor], opts)
works.append (work)

# Wait
for work in works:
work.wait ()

C++ AP]

// Creating the process group with store method
store = std::make shared<FileStore> ( )
ProcessGroupNCCL pg(store, RANK, WORLD SIZE)

// Kicking off work
// Assuming that tensors are a vector of at::Tensor

std <std <ProcessGroup: :Work>> works
( i= i < tensors.size(); ++i)
std at::Tensor> tmp = {tensors[i]

works.push back(pg.allreduce(tmp))

// Wait
( & work works)
work->wait ()



BACKWARD COMPATIBLE

torch.distributed

SYNC MODE

# Backward compatible synchronous collective op
torch.distributed.all reduce(tensor, op, group, async op=False)

ASYNC MODE

# New asynchronous collective op
work = torch.distributed.all reduce(tensor, op, group, async op=True)

work.wait ()



O NO OVERLAPPING

FW1 FwW2 FW3 FW4 ' BW4 BW3 BW2 BW1 R4 R3 R2 R1
D | S T R | B U T E D An iteration: Forward (FW) -> Backward(BW) -> AllReduce(R)
DATA OVERLAPPING BACKWARD WITH REDUCE

D A R A |_ |_ E |_ FWA1 FW2 FW3 FW4 BW4 BW3 BW?2 BW1

TENSOR COALESCING/ BUCKETING

Performance-driven design
* Overlapping BWs with all-reductions
* Coalescing small tensors into buckets

* Abucket is a big coalesced tensor R Ro

FWA1 FW2 FW3 FW4 BwW4 BW3 BW2 BW1

=1 [0] Tesla V100-SXM2-16GB PROFILER TIMELINE
[=| Context 1 (CUDA)
Compuls L. A N A Y T s s U
ncclAllReduceKernel_sum... ncclAllReduceKernel_sum_f... ncclAllReduceKernel_su...
[=| Streams
- Default AT r o T O Y

- Stream 21 ncclAllReduceKernel_s...  ncclAllReduceKernel_s... | ncclAllReduceKernel_sum... ncclAllReduceKernel_sum_f...  ncclAllReduceKernel_su...




O

PERFORMANCE: SINGLE NODE DATA PARALLEL

3,200 3,200 6,200
FP32 Images / Sec FP32 Images/Sec FP16 Images/Sec
97% efficiency 97% efficiency 96% efficiency

2,700
FP32 Images / Sec
81% efficiency

0.3.0 0.4.0 1.0.0

ImageNet ResNet50 on NVIDIA DGX-1T with 8X V100 GPUs



Speedups

PYTORCH 1.0

Distributed Training Performance - ResNet 101

ResNet-101 on NVIDIA V100 GPUs

1 Node (8 GPUs) 2 Nodes (16 GPUs) 4 Nodes (32 GPUs) 8 Nodes (64 GPUs)

W 100 GbitTCP  m 4 x 100Gbit Infiniband @ Ideal Speedup



O PYTORCH 1.0

Distributed Training Performance - FAIR Seq

Bonjouratous! —» Hello everybody!
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FAIR Seq on NVIDIA V100 GPUs
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1 Node (8 GPUs) 2 Nodes (16 GPUs) 4 Nodes (32 GPUs) 8 Nodes (64 GPUs) - 32
W 100 GbitTCP w4 x 100Gbit Infiniband  mIdeal Speedup SRR Se—— - ................

1 node 16 nodes (no overlap) 16 nodes (c10d)

* 311 minutes — 32 minutes, by going from 1 to 16 NVIDIA DGX-1 nodes (8 to 128 NVIDIA V100 GPUs)
* 19% performance gain (1.53M - 1.82M Words Per Second on 16 nodes), thanks to ¢10d DDP overlapping



PYTORCH 1.0

Try it out

ALL NEW FEATURES
PyTorch1.0 Stable Release

* torch.distributed
* torch.nn.parallel.DistributedDataParallel

OLD DISTRIBUTED

Deprecated to

torch.distributed.deprecated
torch.nn.parallel.deprecated.DistributedDataParallel



GET STARTED

START LOCALLY

Start Locally Start via Cloud Partners Previous PyTorch Versions

Select your preferences and run the install command. Please ensure that you are on the latest pip and numpy packages.

Anaconda is our recommended package manager. You can also install previous versions of PyTorch

Pytoch Buid sable EX START VIA CLOUD PARTNERS
Your 05 Linux _ Windows

_ . - Cloud platforms provide powerful hardware and infrastructure for training and deploying deep learning models. Select 2
p ource
cloud platform below to get started with PyTorch.

Run this Command: conda install pytorch-nightly -c pytorch

Google Cloud Platform

Microsoft Azure

LOCAL INSTALL CLOUD PARTNERS






