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Many product teams want to use ML

Microsoft 365 == Windows @& Microsoft Dynamics 365

e Skype b Bing B Microsoft HoloLens

S® Microsoft | Research ﬂ Office 365 K XBOX
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ONNX

OPEN NEURAL NETWORK EXCHANGE

Interoperable standard format for Al models,
consisting of a common Intermediate
Representation (IR) + Full operator spec
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ONNX

OPEN NEURAL NETWORK EXCHANGE

Interoperable standard format for Al models,
consisting of a common Intermediate
Representation (IR) + Full operator spec




ONNX Open Governance

9o
P.ﬂ
Steering Committee

Prasanth Pulavarthi (Microsoft)

Joe Spisak (Facebook)

Vin Sharma (Amazon)

Harry Kim (Intel)

Dilip Sequeira (Nvidia)

SIG (special interest group)

Architecture/Infrastructure
Lu Fang (Facebook)

and Ke Zhang (Microsoft)
Operators

Michat Karzynski (Intel)
and Emad Barsoum (Microsoft)

Converters

Chin Huang (IBM)
and Guenther Schmuelling (Microsoft)

S
Working Groups

Training
Edge/Mobile
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* ONNX Model Zoo

* Model creation services such as Azure Custom Vision and/or AutoML

* Convert an existing models from another framework
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How do | get an ONNX model?

* ONNX Model Zoo

* Model creation services such as Azure Custom Vision and/or AutoML

* Convert an existing models from another framework
S caffe2  (@xnet  OPyTorch 44 paddiepaddie

dmic

&> chainer ML.NET A\ MathWorks  XGBoost

r- vas
¥_| Cognitive
.7 Toolkit e .g’l ‘

* End to End model training via systems such as Azure Machine Learning service



Open Source
converters for popular
frameworks

L2

@ LightGBM
e CoreML: onnx/onnxmltools

e LightGBM: onnx/onnxmltools d / &
+ LibSVM: onnx/onnxmltool o mic
. X|GBoost:Oonnx;)onnxmtlct)c?osls LIbSVM XGBoost 8pqu

» SparkML (alpha): onnx/onnxmltools

 Tensorflow: onnx/tensorflow-onnx
e Keras: onnx/keras-onnx
» Scikit-learn: onnx/sklearn-onnx

Native export
o O PyTorch /1) Sognitive
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Examples: Model Conversion

import torch

import torch.onnx O PyTorCh

model = torch.load("model.pt")

sample input = torch.randn(1, 3, 224, 224)

torch.onnx.export(model, sample input, "model.onnx")




Examples: Model Conversion

import numpy as np

import chainer :\:' Chainer
from chainer import serializers

import onnx_chainer

import torch

import torch.onnx O PyTOI’Ch

model = torch.load("model.pt")

serializers.load npz("my.model", model)

sample input = np.zeros((1, 3, 224, 224), dtype=np.float32)
chainer.config.train = False

sample input = torch.randn(1, 3, 224, ©onnx_chainer.export(model, sample_input, filename="my.onnx")

torch.onnx.export(model, sample input, "model.onnx")v




Examples: Model Conversion

from keras.models import load model

import keras2onnx

import onnx

keras_model = load_model("model.h5")

onnx_model = keras2onnx.convert keras(keras_model, Q Chainer
keras _model.name) —
serializers
onnx.save_model(onnx_model, ‘model.onnx")
import torch serializers.load npz("my.model", model)

import torch.onnx O PyTorCh
sample input = np.zeros((1, 3, 224, 224), dtype=np.float32)
model = torch.load("model.pt") chainer.config.train = False

sample input = torch.randn(1, 3, 224, ©onnx_chainer.export(model, sample_input, filename="my.onnx")

torch.onnx.export(model, sample input, "model.onnx")




ExampleS: MOdG' COﬂVGrSIOﬂ python -m tf2onnx.convert

from keras.models import load model --input frozen_model.pb
import keras2onnx --inputs input batch:0, lengths:©
import onnx --outputs top_k:1

--fold_const
keras_model = load model("model.h5") --opset 8 ‘

--output deepcc.onnx

v
onnx_model = keras2onnx.convert keras(keras_model, :\:. Chainer
keras_model.name) s
serializers
onnx.save_model(onnx_model, 'model.onnx")
import torch serializers.load npz("my.model", model)

import torch.onnx O PyTOrCh
sample input = np.zeros((1, 3, 224, 224), dtype=np.float32)
model = torch.load("model.pt") chainer.config.train = False

sample input = torch.randn(1, 3, 224, onnx_chainer.export(model, sample_input, filename="my.onnx")

torch.onnx.export(model, sample input, "model.onnx")
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ONNX Runtime

®

https://microsoft.github.io/onnxruntime/

High Performance Inference Engine for ONNX models
Open sourced under MIT license

Full ONNX spec support (v1.2+)

* Covers both ONNX and ONNX-ML domain model spec and operators
* Backwards and forwards compatible

Extensible and modular framework
* Clear API for plug-in graph optimizers, operators, and hardware accelerators

Ships inbox on Windows 10 (RS5+) as WinML



Supported Architectures/Languages/Providers

Language Python (3.5-3.7) C++
DefaultCPU CUDA
Hardware Acceleration
MKL-ML nGraph

Installation Instructions pip install onnxruntime

Linux

TensorRT

C#

ARM64

NUPHAR

Mac

DirectML

ARM32

MKL-DNN

OpenVINO
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Deployment
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Services
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Deployment

CREATE

Frameworks
{o I/  4\MathWorks
dmlc
‘(4 O XGBoost

O
Q 2 @ T I3

Services

@ Azure Custom Vision Service

Jy  AutomL

L 4

ONNX Model

DEPLOY

Azure

Azure Machine Learning service

Ubuntu VM

Windows Server 2019 VM

Devices

Edge Cloud & Appliances

Edge & loT Devices
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ONNX @ Microsoft
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O N N X @ M ICFOSOft Original Model Framework

2 TF @CNTK @ PyTorch @Caffin @Caffe @ Caffe? O Keras

64+

PLATFORMS

& %

AzureML WinML ML.Net
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production
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Office : Missing Determiner

The President talked about how to solve economic km )I i

Cut

" Copy

fb Paste

A Paste Text Only

5 Translate >
E’S Set Proofing Language...
=§ Paragraph Options...
@ Link

C] New Comment

the economic

an economic

Ignore Once

Options

MODEL

Missing
Determiner
model is used
for grammar
check and
correction for
Office Online



i1 Word Online

File

Office : Missing Determiner

FEATURE OVERVIEW MODEL

Document - Saved

Q Search Open in Word

References Feview View v
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PERFORMANCE

14.6x performance gain with
ONNX and ONNX Runtime

ONNX Runtime
deployed to
production
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Chapter

Mr. Sherlock Hodmes

In the year 18/8 | took my degree of Doctor

of medicine of the university of London,

and proceeded to Netley to go through

the course

precribed for surgeons . Having

completed my studies there, | was duly attached!
to the Fifth Northumberland Fusiliers as
Assistant

Surgeon

used to detect
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Cognitive Service : Optical Character Recognition

FEATURE OVERVIEW
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MODEL

OCR model is
used to detect
text in an
image and
extract the
recognized
words into a
machine-
readable
character
stream

PERFORMANCE
>3x perf gain by using ONNX
and ONNX Runtime
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Bing QnA : List and Segment

MODELS PERFORMANCE

Up to 2.8x perf improvement
Games Like Empire Earth with ONNX Runtime

» Total War: Arena.

« Stronghold Kingdoms. 2 Blng models E :
« Rise of Nations. are usedfor g 2.5
« Age of Empires 3. generating l:>; 5
« Rise of Nations: Rise of Legends. answers fmm =
« ... (more items) userquerles =
19 Games Like Empire Earth - Games Finder 8 1
gameslikefinder com/games-like-empire-earth/ O
2 0.5
Is this answer heiptul? b g =
% 0
= BERT-based  Transformer w/

attention

B ONNX Runtime ™ Original framework



Cognitive Service: Computer Vision

FEATURE OVERVIEW

Tags [ { "name": "snow", “confidence": 0.9997839 }, { "name”: "sky",
“confidence”: 0.99880904 }, { "name": "outdoor”, “confidence":
0.9985427 }, { "name": "mountain”, "confidence": 0.99538064 }, {
"name": "nature”, "confidence™: 0.9336908 }, { "name": "landscape”,
"confidence™ 0.6522721 }, { “name": “cloud”, “confidence":
0.6212801 }, { "name”: "glacier”, “confidence”: 0.5570715 }]

MODELS

2 computer
vision models
are used for
enriching
images with
metadata



Cognitive Service: Computer Vision

FEATURE OVERVIEW

Tags [ { "name": "snow", “confidence": 0.9997839 }, { "name”: "sky",

“confidence”: 0.99880904 }, { "name": "outdoor”, "confidence":
0.9985427 }, { "name": "mountain”, "confidence": 0.99538064 }, {

"name”: "nature”, "confidence™: 0.9336908 }, { "name": "landscape”,

“confidence™ 0.6522721 }, { "name": “cloud”, "confidence":
0.6212801 }, { "name™: “"glacier”, “confidence”: 0.5570715 }]

MODELS

2 computer
vision models
are used for
enriching
images with
metadata

PERFORMANCE
« Latency reduced by 43%

* Throughout increased 1.77x

» API cost reduced by 16%
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ONNX

github.com/onnx/onnx

Technical Design Overview



ONNX — Design Principles

Support both DNN and traditional ML

Interoperable

Backward compatible

Compact and cross-platform representation for serialization



ONNX — Spec

ONNX is an open specification that consists of the following
components:
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ONNX — Spec

ONNX is an open specification that consists of the following
components:

* A definition of an extensible computation graph model

* Definitions of standard data types

* Definitions (schema) of built-in operators (which belong to a versioned
operator set)



ONNX — Model File Format

=>X Y=>X

concat_result => X

0|

Y=>X



ONNX — Model File Format

* Model
* Version info
* Metadata
* Acyclic computation dataflow graph




ONNX — Model File Format

* Model
* Version info
* Metadata
* Acyclic computation dataflow graph

* Graph
* Inputs and outputs
e List of computation nodes
* Graph name

concat_result => X

x|w|s]
strides « 1.
pads « 0,000
kernel shape « 1.1
X

Y =>



x[w]s)
strides » 1.1
pads« 0,000
kernel shage » 1.1

ONNX — Model File Format

* Model
* Version info
* Metadata
* Acyclic computation dataflow graph

* Graph
* Inputs and outputs
e List of computation nodes
* Graph name

* Computation Node
* Zero or more inputs of defined types concat_result => X
* One or more outputs of defined types F R

* Operators LY J
* Operator parameters
X

Y =>



ONNX — Supported Types

message TypeProto {

message Tensor
optional TensorProto.DataType elem type

optional TensorShapeProto shape = 2;

=1;

}
// repeated T

message Sequence
optional TypeProto elem type = 1;

}i
// map<K, V>

message Map {
optional TensorProto.DataType key type

optional TypeProto value type = 2;
}:

=l’-

oneof value ({
Tensor tensor type = 1;
Sequence sequence_type = 4;
Map map type = 5;

}



ONNX — Supported Types

* Tensor tvpe message TypeProto ({
message Tensor
* Element types supported: optional TensorProto.DataType elem type = 1;
. X . B optional TensorShapeProto shape = 2;
* Int8, intl6, Int32, int64 )
o o o . // ted T
* uint8, uint16, uint32, uint64 vassage Ssquance i
i 1 R P 1 =17
* float16, float, double e e tisenm e
// map<K, V>
* bOOI message Map {
a optional TensorProto.DataType key type = 1;
* Strlng optional TypeProto value type = 2;
* complex64, complex128 zE
oneof value ({
Tensor tensor type = 1;

Sequence sequence_type = 4;
Map map type = 5;
}



ONNX — Supported Types

® TenSOl’ type message TypeProto {
message Tensor
® Element typeS Supported: optional TensorProto.DataType elem type = 1;

optional TensorShapeProto shape = 2;

* int8, intl6, int32, int64 )

// repeated T

* uint8, uintl6, uint32, uint64 message Sequence |
- ﬂoat16 ﬂoat dOUble optional TypeProto elem type = 1;

’ ’ }:

// map<K, V>
y bOOI message Map {
a optional TensorProto.DataType key type = 1;
y Strlng optional TypeProto value type = 2;
* complex64, complex128 4
* Non-tensor types in ONNX-ML: e oasieh
B Sequence Sequence 3equgnce_Cype = 4;
Map map type = 5;

* Map )

}



ONNX — Operators

Relu

Relu takes one input data (Tensor) and produces one output data (Tensor) where

the rectified linear function, y = max(0, x), is applied to the tensor elementwise.

Version

This version of the operator has been available since version 6 of the default

ONNX operator set. Other versions of this operator: Relu-1

Inputs

x:T
Input tensor

Outputs

A
Qutput tensor

Type Constraints

T : tensor(float16), tensor(float), tensor(double)
Constrain input and output types to float tensors.

Examples

¥ relu

node = onnx.helper.make_node(
‘Relu’,
inputs=['x"],
outputs=[‘y*],
)
X = np.random.randn(3, 4, 5).astype(np.float32)
y = np.clip(x, @, np.inf)

expect(node, inputs=[x], outputs=[y],
name='test_relu')




ONNX — Operators

* An operator is identified by <name, domain, version>

Relu

Relu takes one input data (Tensor) and produces one output data (Tensor) where

the rectified linear function, y = max(0, x), is applied to the tensor elementwise.

Version

This version of the operator has been available since version 6 of the default

ONNX operator set. Other versions of this operator: Relu-1

Inputs

o §
Input tensor

Outputs

, 0 §
Qutput tensor

Type Constraints

T : tensor(float16), tensor(float), tensor(double)
Constrain input and output types to float tensors.

Examples

¥ relu

node = onnx.helper.make_node(
‘Relu’,
inputs=['x"],
outputs=[‘y"'],
)
X = np.random.randn(3, 4, 5).astype(np.float32)
y = np.clip(x, @, np.inf)

expect(node, inputs=[x], outputs=[y],
name='test_relu')




Relu

Relu takes one input data (Tensor) and produces one output data (Tensor) where

the rectified linear function, y = max(0, x), is applied to the tensor elementwise.

ONNX — Operators

This version of the operator has been available since version 6 of the default

ONNX operator set. Other versions of this operator: Relu-1

* An operator is identified by <name, domain, version>

Inputs
* Core ops (ONNX and ONNX-ML) 5 F
* Should be supported by ONNX-compatible products Input tensor
* Generally cannot be meaningfully further Outputs
decomposed i
* Currently 124 ops in ai.onnx domain and 18 in Output tensor
ai.onnx.ml

: . . Type Constraints
* Supports many scenarios/problem areas including

image classification, recommendation, natural
language processing, etc.

T : tensor(floatl6), tensor(float), tensor(double)
Constrain input and output types to float tensors.

Examples

¥ relu

node = onnx.helper.make_node(
‘Relu’,
inputs=[‘'x"],
outputs=['y‘],
)
X = np.random.randn(3, 4, 5).astype(np.float32)
y = np.clip(x, @, np.inf)

expect(node, inputs=[x], outputs=[y],
name="test_relu')




ONNX — Operators

* An operator is identified by <name, domain, version>

* Core ops (ONNX and ONNX-ML)
* Should be supported by ONNX-compatible products

* Generally cannot be meaningfully further
decomposed

* Currently 124 ops in ai.onnx domain and 18 in
ai.onnx.ml

* Supports many scenarios/problem areas including
image classification, recommendation, natural
language processing, etc.

* Custom ops

* Ops specific to framework or runtime

* Indicated by a custom domain name

* Primarily meant to be a safety-valve

Relu

Relu takes one input data (Tensor) and produces one output data (Tensor) where

the rectified linear function, y = max(0, x), is applied to the tensor elementwise.

Version

This version of the operator has been available since version 6 of the default

ONNX operator set. Other versions of this operator: Relu-1

Inputs

i
Input tensor

Outputs

¥ T
Qutput tensor

Type Constraints

T : tensor(floatl6), tensor(float), tensor(double)
Constrain input and output types to float tensors.

Examples

¥ relu

node = onnx.helper.make_node(
‘Relu’,
inputs=['x"],
outputs=[‘y'],
)
X = np.random.randn(3, 4, 5).astype(np.float32)
y = np.clip(x, @, np.inf)

expect(node, inputs=[x], outputs=[y],
name='test_relu’)
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ONNX — Operators

* An operator is identified by <name, domain, version>

* Core ops (ONNX and ONNX-ML)
* Should be supported by ONNX-compatible products

* Generally cannot be meaningfully further
decomposed

* Currently 124 ops in ai.onnx domain and 18 in
ai.onnx.ml

* Supports many scenarios/problem areas including
image classification, recommendation, natural
language processing, etc.

* Custom ops

* Ops specific to framework or runtime

* Indicated by a custom domain name

* Primarily meant to be a safety-valve

Relu

Relu takes one input data (Tensor) and produces one output data (Tensor) where

the rectified linear function, y = max(0, x), is applied to the tensor elementwise.

Version

This version of the operator has been available since version 6 of the default

ONNX operator set. Other versions of this operator: Relu-1

Inputs

> B §
Input tensor

Outputs
¥ =T

Qutput tensor
Type Constraints

T : tensor(floatl6), tensor(float), tensor(double)
Constrain input and output types to float tensors.

Examples

¥ relu

node = onnx.helper.make_node(
‘Relu’,
inputs=['x"],

'U,lJ{;.LAY.'Q"[ ‘.V' ]:

x = np.random.randn(3, 4, 5).astype(np.float32)
y = np.clip(x, @, np.inf)

expect(node, inputs=[x], outputs=[y],
name='test_relu')
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Versioning in ONNX is done at 3 levels
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* Opset version: ONNX models declare which operator sets they require as a list
of two-part operator ids (domain, opset_version)

* Operator version: A given operator is identified by a three-tuple: (domain,
op_type, and op_version)



ONNX — Operators

* An operator is identified by <name, domain, version>

* Core ops (ONNX and ONNX-ML)

Should be supported by ONNX-compatible products

Generally cannot be meaningfully further
decomposed

Currently 124 ops in ai.onnx domain and 18 in
ai.onnx.ml

Supports many scenarios/problem areas including
image classification, recommendation, natural
language processing, etc.

* Custom ops

Ops specific to framework or runtime

* Indicated by a custom domain name
* Primarily meant to be a safety-valve

Relu

Relu takes one input data (Tensor) and produces one output data (Tensor) where

the rectified linear function, y = max(0, x), is applied to the tensor elementwise,

Version

This version of the operator has been available since version 6 of the default

ONNX operator set. Other versions of this operator: Relu-1

Inputs

O §
Input tensor

Outputs

A §
Output tensor

Type Constraints

T : tensor(float16), tensor(float), tensor(double)
Constrain input and output types to float tensors.

Examples
v relu

node = onnx.helper.make_ node(
‘Relu’,
inputs=['x'],
"'U"W'Y':"[ ')" ];
)
x = np.random.randn(3, 4, 5).astype(np.float32)

y = np.clip(x, @, np.inf)

expect(node, inputs«[x], outputs«[y],
name='test_relu’)




ONNX — Versioning

Versioning in ONNX is done at 3 levels

* |R version (file format): currently at version 5

* Opset version: ONNX models declare which operator sets they require as a list
of two-part operator ids (domain, opset_version)

* Operator version: A given operator is identified by a three-tuple: (domain,
op_type, and op_version)



ONNX — Versioning

Versioning in ONNX is done at 3 levels

* IR version (file format): currently at version 5

* Opset version: ONNX models declare which operator sets they require as a list
of two-part operator ids (domain, opset_version)

* Operator version: A given operator is identified by a three-tuple: (domain,
op_type, and op_version)

Details: https://github.com/onnx/onnx/blob/master/docs/Versioni
ng.md
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ONNX Runtime — Design principles

* Provide complete implementation of the ONNX standard — implement
all versions of the operators (since opset 7)

* Backward compatibility
* High performance
* Cross platform

* Leverage custom accelerators and runtimes to enable maximum
performance (execution providers)

* Support hybrid execution of the models
* Extensible through pluggable modules



ONNX Runtime — Architecture Overview

ONNX Model
ONNX RUNTIME

Intermediate Representation (IR)

Model Optimization (in general)

Model Partitioning

Model Optimization (per Execution Provider) Inference
Results

Executor (SequentialExecutor/ParallelExecutor) ‘

Execution Providers

CpukP CudaktP TensorRTEP nGraphEP
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Graph Optimization
‘ ONNX Modil * Node elimination (dropout, identity, etc.)
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ONNX Runtime — Architecture Overview

Graph Optimization

‘ ONNX Model * Node elimination (dropout, identity, etc.)
ONNX RUNTIME * Node fusion, constant folding, etc.

Model Partitioning

* Graph partitioning based on execution providers’
capability

W e T
Model Partitioning

* ML based partitioner? (Next)

Model Optimization (in general)

Model Optimization (per Execution Provider) Inference
Results

Executor (SequentialExecutor/ParallelExecutor) ‘

Execution Providers

CpukP CudakP TensorRTEP nGraphEP




ONNX Runtime — Architecture Overview

Graph Optimization

‘ ONNX Model * Node elimination (dropout, identity, etc.)
ONNX RUNTIME * Node fusion, constant folding, etc.

Model Partitioning

* Graph partitioning based on execution providers’
capability

» Greedy algo based on user preferences (Current)
* ML based partitioner? (Next)

Model Optimization (in general)

Model Partitioning

User Model Optimization (per Execution Provider) Inference Execution PrOVider
|np ts Results 3
é Executor (SequentialExecutor/ParallelExecutor) ‘ » Plug-ln hardware accelerator

* Key APIs
* GetCapability — given a graph, return a
collection of sub-graphs it can run

* Compile — given a sub-graph (node), return
function pointers to run the sub-graph

Execution Providers

CpukP CudakP TensorRTEP nGraphEP




ONNX Runtime — IR

" Model A ' GraphViewer A |
Class Class
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. 4 Fields 4 Fields
¥ graph_ ‘ @, graph_
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| Graph A
Class
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ONNX Runtime — IR

' Model A) ([ GraphViewer A)
— B Model/Graph/Node
| 7 | 7
4 Fields 4 Fields In-memory object mapping to ONNX model file format design.
% grph_ oo 9P Offering APIs to read/writ tational graph
i i ering APIs to read/write a computational graph.
g N b Methods
"(;raph A )
Class
7
4 Fields
@ nodes_
» Methods
» Nested Types
' Node 2

Class




ONNX Runtime — IR

" Model R | ~ GraphViewer A

- s Model/Graph/Node
7 7 |
. :ews y :eads In-memory object mapping to ONNX model file format design.
e graph_ a graph_ . . .
o F e Offering APIs to read/write a computational graph.
' > » Methods
GraphViewer
s ¢ Read-only view of a computational graph. Used in:
4
4 Fields 1. IExecutionProvider (APl between Runtime and hardware
@ nodes_ | accelerator)
» Methods | . o .
» Nested Types | 2. Model evaluation (after model optimization and
/ partitioning)
fillode:. ™ ¥)

Class



ONNXRUNTIME — Graph Partitioning

4 Fields



ONNXRUNTIME — Graph Partitioning

tner. A | GraphPartitioner
f
4 Fields Given a mutable graph, graph partitioner assigns graph nodes to each execution provider per
@, providers_ their capability and idea goal is to reach best performance in a heterogeneous environment.
4 Methods
@ Partition

ONNX RUNTIME uses a “greedy” node assignment mechanism
* Users specify a preferred execution provider list in order

* ONNX RUNTIME will go thru the list in order to check each provider’s capability
and assign nodes to it if it can run the nodes.



ONNXRUNTIME — Graph Partitioning

iphentitiones A | GraphPartitioner
f
4 Fields Given a mutable graph, graph partitioner assigns graph nodes to each execution provider per
@, providers_ their capability and idea goal is to reach best performance in a heterogeneous environment.
4 Methods
@ Partition

ONNX RUNTIME uses a “greedy” node assignment mechanism
* Users specify a preferred execution provider list in order

* ONNX RUNTIME will go thru the list in order to check each provider’s capability
and assign nodes to it if it can run the nodes.

FUTURE:

* Manual tuned partitioning

* ML based partitioning



ONNX Runtime — Graph Optimization

~ GraphTransformer o

Class

p Fields

4 Methods
@, Applylmpl
@ GetCompatibleExecutionProviders
® Name

» 2
&

public

RuleBasedGraphTransformer A

Class
= GraphTransformer

4 Fields
O.. rules_
4 Metheds
®, Applylmpl
@, ApplyRulesCnNode
@ Register

- GraphTransformerManager
Class

!

| Fields
@, level_to_transformer_map_
4 Methods

|
@ ApplyTransformers
@ Register

" » Nested Types

p Fields
| 4 Methods

@, Apply

@ Name

@, SatisfyCondition
| » Nested Types




ONNX Runtime — Graph Optimization

RewriteRule
ST tOTmes 2 e " Aninterface created for finding patterns (with specific nodes)
’ | ¢, and applying rewriting rules against a sub-graph.
» Fields | 4 Fields
4 Methods @, level_to_transformer_map_
@, Applylmpl ' 4 Methods G raphTra nSfOrmer
@ GetCompatibleExecutionProviders @ ApplyTransformers : : - :
© Name © Register An interface created for applying graph transformation with
| b Nested Types full graph editing capability.
public )
| ‘l;leBasedGuphT;a;;fofmer A RewriteRule A )
Class Class
= GraphTransformer §
A p Fields
4 Fields
@ rules 4 Methods
e e | @
4 Methods o Apply
@ Name
g‘ Applylmpl @, SatisfyCondition
+ ApplyRulesCnNode
@ Register , e




ONNX Runtime — Graph Optimization

GraphTransformer A |

Class

p Fields

4 Methods
@, Applylmpl
@ GetCompatibleExecutionProviders
@ Name

public

" RuleBasedGraphTransformer o

Class
= GraphTransformer

4 Fields
0. rules_
4 Methods
Dg Applylmpl

@, ApplyRulesCnNode
@ Register

GraphTransformerManager
Class

4 Fields
@, level_to_transformer_map_
4 Methods

@ ApplyTransformers
@ Register

» Nested Types

RewriteRule
Class

p Fields
4 Methods

@, Apply
@ Name
@, SatisfyCondition

» Nested Types

RewriteRule

An interface created for finding patterns (with specific nodes)
and applying rewriting rules against a sub-graph.

GraphTransformer

An interface created for applying graph transformation with
full graph editing capability.

TransformerlLevel

Level 0: Transformers anyway will be applied after graph
partitioning (e.g. cast insertion, mem copy insertion)

Level 1: General transformers not specific to any specific
execution provider (e.g. drop out elimination)

Level 2: Execution provider specific transformers (e.g.
transpose insertion for FPGA?



Graph Optimizations

e Level O

* Cast
* MemCopy

* Level 1l
* Eliminateldentity
* EliminateSlice
* UnsqueezeElimination
* EliminateDropout
* FuseReluClip
* ShapeTolnitializer
* ConvAddFusion
* ConvMulFusion
* ConvBNFusion

e Level 2




ONNX Runtime — Execution Provider

IExecutionProvider A
Class
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» Fields
4 Methods

@ Compile (+ 1 overload)
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@ Type
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Struct

4 Fields
@ compute_func
@ create_state_func
@ release_state_func



ONNX Runtime — Execution Provider

(et ationProvider
Class

» Fields
4 Methods

@ Compile (+ 1 overload)

@ GetCapability
@ GetKernelRegistry
@

Type

S

|ExecutionProvider

- NodeComputeinfo
Struct

4 Fields

@ compute_func
@ create_state_func
@ release_state_func

i

A hardware accelerator interface to query its capability and get corresponding
executables.

1) Kernel based execution providers
These execution providers provides implementations of operators defined in ONNX (e.g.
CPUExecutionProvider, CudaExecutionProvider, MKLDNNExecutionProvider, etc.)

2) Runtime based execution providers

These execution providers may not have implementations with the granularity of ONNX ops, but it can
run whole or partial ONNX graph. Say, it can run several ONNX ops (a sub-graph) together with one
function it has (e.g. TensorRTExecutionProvider, nGraphExecutionProvider, etc.)



ONNX Runtime — Execution Provider

' IExecutionProvider
Class
|

| » Fields

. 4 Methods

| Compile (+ 1 overlocad)

GetCapability
GetKernelRegistry
Type

Qe

' NodeComputeinfo R

Struct

4 Fields

@ compute_func
|
@ create_state_func

@ release_state_func

|ExecutionProvider

A hardware accelerator interface to query its capability and get corresponding
executables.

1) Kernel based execution providers

These execution providers provides implementations of operators defined in ONNX (e.g.
CPUExecutionProvider, CudaExecutionProvider, MKLDNNExecutionProvider, etc.)

2) Runtime based execution providers

These execution providers may not have implementations with the granularity of ONNX ops, but it can
run whole or partial ONNX graph. Say, it can run several ONNX ops (a sub-graph) together with one
function it has (e.g. TensorRTExecutionProvider, nGraphExecutionProvider, etc.)

NodeComputelnfo

A data structure carries executables returned by runtime-based execution providers.



ONNX Runtime — Execution Provider

Improve performance by leveraging hardware accelerators

VPOV LAV Model— |CPU (ms) | nGraph (ms)
RAM: 32G 14.29 8.99 (42% W)
OS: Ubuntu 16.04 2157  16.29 (24% )

m 29.48  21.33 (28% V)
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* Implement the |[ExecutionProvider interface
* Examples: TensorRT, OpenVino, NGraph, Android NNAPI, etc
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* Custom operators
* Support operators outside the ONNX standard
e Support for writing custom ops in both C/C++ and Python



Extending ONNX Runtime

* Execution providers

* Implement the |[ExecutionProvider interface
* Examples: TensorRT, OpenVino, NGraph, Android NNAPI, etc

* Custom operators
* Support operators outside the ONNX standard
e Support for writing custom ops in both C/C++ and Python

* Graph optimizers
* Implement the GraphTransformer interface



ONNX Runtime — Multi-language API (Python)

Python

import onnxruntime as rt

import numpy

from onnxruntime.datasets import get example
sess = rt.InferenceSession("sigmoid.onnx")
input _name = sess.get inputs()[©].name
import numpy.random

X = numpy.random.random((3,4,5))

X = X.astype(numpy.float32)

res = sess.run([output name], {input_name: x})



ONNX Runtime — Multi-language API (C)

const OrtApi* g_ort = OrtGetApiBase()->GetApi(ORT_API_VERSION);

OrtEnv* env;
g _ort->CreateEnv(ORT_LOGGING_LEVEL _WARNING, "test", &env);

OrtSession* session;
g_ort->CreateSession(env, model_path, session_options, &session);

g _ort->Run(session, NULL, input_names, (const OrtValue* const*)&input_tensor, 1, output_names,
1, &output_tensor);

Example reference:
https://github.com/microsoft/onnxruntime/blob/master/csharp/test/Microsoft. ML.OnnxRuntime.EndToEndTests.Capi/C Api Sample.cpp




ONNX Runtime — Multi-language API (C#)

CH

SessionOptions options = new SessionOptions();

var session = new InferenceSession(“model.onnx”, options))
var inputMeta = session.InputMetadata;

var container = new List<NamedOnnxValue>();

// Prepare input data - container.

// Run the inference

var results = session.Run(container);

Example reference:
https://github.com/microsoft/onnxruntime/blob/master/csharp/sample/Microsoft.ML.OnnxRuntime.

InferenceSample/Program.cs




ONNX Runtime — Custom Operators

Custom Operators allow for registration of operators not officially
supported by ONNX



ONNX Runtime — Custom Operators

Custom Operators allow for registration of operators not officially
supported by ONNX

OrtCustomQOp

void*(ORT _API CALL* CreateKernel)( In_ struct OrtCustomOp* op, In_ const
OrtCustomOpApi* api, In_ const OrtKernellInfo* info);

void(ORT_API CALL* KernelCompute)( In_ void* op kernel, In_
OrtKernelContext* context);

void(ORT_API CALL* KernelDestroy)( In_ void* op kernel);




ONNX Runtime 1.0

* C APIs are ABI compatible and follows Semantic Versioning. Programs
linked with the current version of ORT library will continue to work with
subsequent releases without the need to update any client code or re-link.

* ONNX 1.6 compatibility - operator support for all opsetll ops, including
Sequence ops.

* Support for CentOS 6
* Preview Execution Providers: NUPHAR, DirectML, ARM Compute Library

* Availability of ONNX Go Live tool, which automates the process of shipping
ONNX models by combining model conversion, correctness tests, and
performance tuning into a single pipeline as a series of Docker images.




ONNX Go Live (OLive)

* Automates the process of ONNX model shipping

* Integrates
* model conversion
* correctness test
* performance tuning

into a single pipeline and outputs a production ready ONNX model with
ONNX Runtime configurations (execution provider + optimization
options)

https://github.com/microsoft/OLive




ONNX Runtime — Upcoming

* Additional execution providers

* NN API
* NXP (Qualcom)

* Java API
* Model online training support

* Continued performance optimizations
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