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. , . MANCHESTER
Example - Blur Filter - Let's run it

The University of Manchester

$ tornado \
-cp target/tornadovm-examples-1.0-SNAPSHOT. jar \
io.github.jjfumero.BlurFilter --tornado flags for TornadoVM.

The ‘tornado’ command is
an alias to “java and all

O https://github.com/jifumero/tornadovm-examples
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Runtime in Seconds

Blur Filter Performance (on my laptop)

Runtime - Parallel Versions of Blur Filter vs Java Sequential. The Lower, The Better
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Up to 246x when running with TornadoVM on a GPU
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*Running 5Kx4Kimage

*JDK 17

* TornadoVM v0.15-0.2-dev

* Intel Core i9-10885H@2.40GHz (16 cores)
* Intel HD 630

* GPU NVIDIA 2060 Mobile




Runtime in Seconds

. MANCHESTER
Blur Filter Performance (on my laptop)

The University of Manchester

Runtime - Parallel Versions of Blur Filter vs Java Sequential. The Lower, The Better , hunning sfxakimage

*TornadoVM v0.15-0.2-dev

50 * Intel Core i9-10885H@2.40GHz (16 cores)
*Intel HD 630
* GPU NVIDIA 2060 Mobile
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OCL Multicare OCL Intel D SPIR-Y Intel HD 2060 OCL MVIDIA

Up to 30x compared to Java Multi-Thread Stream (16 cores)when running on a GPU



: MANCHESTER
TornadoVM's Software Stack

The University of Manchester
& .
= API Task Annotations Task-Graphs
Developer APIs
)l ExecutionPlans - Optional High-Level Opt

Runtime system
~. TornadoVM Data-Flow & Optimizer
| Graph

Runtime °F
Optimizer
TornadoVM Bytecode Generation

: Scheduler ‘ Compiler/ OpenCL
Execution Graal JIT JIT Compilers

evice Drivers emory Handler SPIR-V
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Different components of the TornadoVM's User AP

a) How to represent parallelism within functions/methods?
- A.1: Java annotations for expressing parallelism (@Parallel, @Reduce) for Non-Experts
- A.2: Kernel APl for GPU experts (use of kernel context object)

b) How to define which methods to accelerate?
Build a Task-Graph API to define data In/Out and the code to be accelerated

c) How to explore different optimizations?
Build an Execution Plan to define different optimizations

11



Tornado API - example Java sequential code for MxM -Mﬁ

The University of Manchester

class Compute { | XOXO)
public static void mxm(Matrix2DFloat A, Matrix2DFloat B,

Matrix2DFloat C, final int size) {
for (int i = 0; i < size; i++) {
for (int j = 0; j < size; j++) {
float sum = 0.0f;
for (int k = 0; k < size; k++) {
sum += A.get(i, k) * B.get(k, j);
}

C.set(i, j, sum);

12



Tornado APl - example using the Loop Parallel API

The University of Manchester

class Compute { | XOXO)
public static void mxm(Matrix2DFloat A, Matrix2DFloat B, We add the paraIIeI

Matrix2DFloat C, final int size) { annotation as a hint for the

for/ (@Parallel int i = 0; i < size; i++) { compiler
for (@Parallel igt j = ©; j < size; j++) {
float sum = 48.0f; . .
Device St A We only have 2 annotations:
Code sum += A.get(i, k) * B.get(k, j); @Parallel
} @Reduce

C.set(i, j, sum);
}

}
}

13



Tornado APl - example using the Kernel API

class Compute {
public static void mxm(Matrix2DFloat A, Matrix2DFloat B,
Matrix2DFloat C, final int size,
KernelContext context) {
int idx = context.globalldx;
Device int jdx = context.globalldy;
Code float sum = 0.0f;
for (int k = 0; k < size; k++)
sum += A.get(idx, k) * B.get(k, jdx);
C.set(idx, jdx, sum);

|_NOX©)

MANCHESTER
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The University of Manchester

Kernel-Context accesses
thread ids, local memory
and barriers

It needs a Grid of Threadsto

be passed during the kernel
launch

14



Tornado APl - example

The University of Manchester

How to identify which methods to accelerate? --> TaskGraph

§TaskGraph taskGraph = new TaskGraph("s@")

.transferToDevice(DataTransferMode.EVERY_EXECUTION , matrixA, matrixB)

Host Code
(Runs on CPU)

.task("t0", Compute::mxm, matrixA, matrixB, matrixC, size)

.transferToHost (DataTransferMode.EVERY_EXECUTION, matrixC);

Task-Graph is a new Tornado object exposed to developers to define :
a) The code to be accelerated (which Java methods?)
b) The data (Input/Output) and how data should be streamed

15



Adding Execution Plans

The University of Manchester

How to explore different optimizations? --> ExecutionPlan

' ImmutableTaskGraph itg = taskGraph.snapshot();
' TornadoExecutionPlan executionPlan = new TornadoExecutionPlan(itg);
%executionPlan.withWarmUp()

.withProfiler(ProfilerMode.CONSOLE)
.withDynamicReconfiguration(PERFORMANCE, PARALLEL);

Host Code

iTornadoExecutionResult result = executionPlan.execute();

Optional High-Level Optimization Pipelines:

- Enable/Disable Profiler

- Enable Warmup

- Enable Dynamic Reconfiguration

- Enable Batch Processing

- Enable Thread Scheduler (no need for recompilation for different grids
schedulers)

16



To learn more about the APls

# TornadoVM
latest

nadoVM

CUDA

TornadoVM Fl

# / TornadoVM () Edit on GitHub

TornadoVM

TornadoVM is a plug-in to Open)DK and other JDK distributions (e.g., GraalVM,
Red Hat Mandrel, Amazon Corretto, Microsoft OpenJDK, Azul Zulu) that allows
developers to automatically run Java programs on heterogeneous hardware.

TornadoVM targets devices compatible with OpenCL, PTX and Level-Zero, which
include multi-core CPUs, dedicated GPUs (Intel, NVIDIA, AMD), integrated GPUs
(Intel HD Graphics and ARM Mali), and FPGAs (Intel and Xilinx).

TornadoVM has three backends: OpenCL, NVIDIA CUDA PTX, and SPIR-V. Developers can choose
which backends to install and run.

TornadoVM does not replace existing VMs, but it rather complements them with the capability of
offloading Java code to OpenCL, PTX and SPIR-V, handling memory management between Java and
hardware accelerators, and running/coordinating the compute-kernels.

Contents

+ Introduction to TornadoVM
o Main Features
+ Installation & Configuration

o Pre-requisites

https://tornadovm.readthedocs.io/en/latest/

Code

jifumero \

github

hin

The University of Manchester

<> Code About

https://github.com/beehive-lab/TornadoVM

17
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Multi-backend JIT Compiler Workflow

public static void saxpy(int[] a, int[] b, int[] c, int alpha) {

(_(_—() for ( int i =0; i< a.length; i++) {
= a[i] = alpha * b[i] + c[i];
Java |;

TaskGraph tg = new

TaskGraph("t") .transferToDevice(FIRST
_EXECUTION, a, b)

.task("saxpy", Klass:saxpy, a, b, c)
.transferToHost (EVERY_EXECUTION, c);

TornadoExecutorPlan tep = new
TorandoExecutorPlan(tg.snaphopt());

tep.execute();

Programmer's view

Annotations

+ Task-Graphs

+ Executor Plans

19




Multi-backend JIT Compiler Workflow

( public static void saxpy(int[] a, int[] b, int[] ¢, int alpha) { TaskGraph tg = new TornadoExecutorPlan tep = new
(._i) for ( int i = ©; i < a.length; i+) { TaskGraph("t") .transferToDevice(FIRST TorandoExecutorPlan(tg. snaphopt());
—_— a[i] = alpha * b[i] + c[i]; _EXECUTION, a, b)
— } .task("saxpy", Klass:saxpy, a, b, c) tep.execute();
Java } .transferToHost (EVERY_EXECUTION, c);
Programmer's view Annotations + Task-Graphs + Executor Plans

javac Java Bytecodes Static Compilation: No Modifications in Javac

20



Multi-backend JIT Compiler Workflow

( public static void saxpy(int[] a, int[] b, int[] ¢, int alpha) { TaskGraph tg = new TornadoExecutorPlan tep = new
(._i) for ( int i = ©; i < a.length; i+) { TaskGraph("t") .transferToDevice(FIRST TorandoExecutorPlan(tg. snaphopt());
—_— a[i] = alpha * b[i] + c[i]; _EXECUTION, a, b)
— } .task("saxpy", Klass:saxpy, a, b, c) tep.execute();
Java } .transferToHost (EVERY_EXECUTION, c);
Programmer's view Annotations + Task-Graphs + Executor Plans
javac

Java Bytecodes

TornadoVM JIT Compiler

Static Compilation: No Modifications in Javac

===
— -
" Dt

Graal IR
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Multi-backend JIT Compiler Workflow

( public static void saxpy(int[] a, int[] b, int[] ¢, int alpha) { TaskGraph tg = new TornadoExecutorPlan tep = new
(._S) for ( int i = ©; i < a.length; i+) { TaskGraph("t") .transferToDevice(FIRST TorandoExecutorPlan(tg. snaphopt());
—_— a[i] = alpha * b[i] + c[i]; _EXECUTION, a, b)
— } .task("saxpy", Klass:saxpy, a, b, c) tep.execute();
Java } .transferToHost (EVERY_EXECUTION, c);
Programmer's view Annotations + Task-Graphs + Executor Plans
javac Java Bytecodes Static Compilation: No Modifications in Javac
TornadoVM JIT Compiler Graal |R‘="?§3’»;_E’

s, (e

"=~ TornadoVM Common IR -> Sketch

\ TornadoVM IR for SPIR-V

TornadoVM IR for -

OpenCL Ev

CE (I
116 SPIRV-Thread-Size
14 LoopExit

10 LoopBegin

PR —
116 GlobalThreadsize

L6 Begin

16 Begin 14 LoopExit

87 Return
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Multi-backend JIT Compiler Workflow

( public static void saxpy(int[] a, int[] b, int[] ¢, int alpha) { TaskGraph tg = new TornadoExecutorPlan tep = new
(._S) for ( int i = ©; i < a.length; i+) { TaskGraph("t") .transferToDevice(FIRST TorandoExecutorPlan(tg. snaphopt());
—_— a[i] = alpha * b[i] + c[i]; _EXECUTION, a, b)
— } .task("saxpy", Klass:saxpy, a, b, c) tep.execute();
Java } .transferToHost (EVERY_EXECUTION, c);
Programmer's view Annotations + Task-Graphs + Executor Plans
javac Java Bytecodes Static Compilation: No Modifications in Javac
TornadoVM JIT Compiler Graal |R‘-"?§1

i (e

== TornadoVM Common IR -> Sketch

\ TornadoVM IR for SPIR-V

TornadoVM IR for _

‘ 11 Phi(113, 85, i32)
T
1 PENCUNNERE

10 LoopBegin
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CUDA.
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oneAPI
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Key Features
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MANCHESTER

1) Live Task Migration (aka Dynamic Reconfiguration) 154

The University of Manchester

Automatically migrates execution context
from one device to another during runtime.
Exploresthe best possible device for each
task-graph in terms of performance.

In near future: dynamic reconfiguration for
energy efficiency

executionPlan.withDynamicReconfiguration(Policy DRMode )
.execute();

The goal is to only switch when only when it offers higher performance -> Up to 7.7x faster over
static configurations (VEE'19).

Illi VEE 2019: Dynamic Application Reconfiguration on Heterogeneous Hardware
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2) Batch Processing for Big Data Workloads T et

Input data of 20GB

m
t1 L‘

Output data of 20GB E.g., GPU with 2GB
executionPlan.withBatch("1GB") It can be also used to give
<:> .execute(); "space" for other GPU

OO ‘ applications
Inputs data of 1GB <:>

Outputs data of 1GB

26
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3) Multi-Device Execution for Single TaskGraphs TSty

>‘ Multi-GPU Blur Filter is > 5x faster
out1 compared to a single GPU

Transparent Multi-device

/Z2\ t2 Selection
(4 \*} in@ inside”
N\ e P R
= HD Graphics . - .
= | out2 [ Intel i7-9750H " Nvidia GTX1650 FE Concurrent{(CPU+IGPU+GPU)
| M IntelHD In-order(CPU+IGPU+GPU) Concurrent(IGPU+GPU)
|
| 25
1 o
I €4
! >
! 4‘ ® 3 \\§ \%
| EEEE
| out3 %2 \\\\ \\\ HHH
| . | g N i N—
Task-Graph Tornado-Runtime 1 ———— =
Output 1K Image 4K Image
& Scheduler

II i Multiple-tasks on multiple-devices (MTMD): exploiting concurrency in heterogeneous managed
——— runtimes.VEE'21
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4) Integration with Big Data Platforms (Flink) [Experimental] .

The University of Manchester

Unmodified Flink code
. oA ) . accelerated on GPUs and FPGAs
Sistributed S _ with TornadoVM

-
"

E2Data

HVM#1

HVM#2
Nistributed
=)

S
il

( i@ inside"
P

https://e2data.eu/

Accelerations of up to 65x on
GPUs and 184x on FPGAs

m Enabling Transparent Acceleration of Big Data Frameworks Using Heterogeneous
III. Hardware. Maria Xekalaki, Juan Fumero, Athanasios Stratikopoulos, Katerina Doka, Christos,
—  Katsakioris, Constantinos Bitsakos, Nectarios Koziris, Christos Kotselidis. VLDB23

/> https://jifumero.qithub.io/po 0 enabling-transparent-acceleration-bigdata-heterogeneous-naraware
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What is next?

TornadoVM's I-m
Roadmap




1) [Roadmap] Hybrid API: Best of Native and JIT in one API

The University of Manchester

Optlons for Parallel Compute on GPUs from |
! Managed Runtime Systems ;

Pre-built-Libraries (e.g, oneMKL, cuDNN, Full JIT Compiler (e.g., current TornadoVM)
etc)
Use vendor optimized libraries Flexible, Portable, Reusable
Not easily portable Lower Performance

Usually very fast and high performance

30



1) [Roadmap] Hybrid API: Best of Native and JIT in one AP

MANCHESTER
1824

The University of Manchester

. . Options for Parallel Compute on GPUs from i
| Managed Runtime Systems ;

Pre-built-Libraries (e.g, oneMKL, cuDNN, Full JIT Compiler (e.g., current TornadoVM)

etc)
\ But, what if we combine

both?

31



1) [Roadmap] Hybrid API: Best of Native and JIT in one API MANCEHSTER

The University of Manchester
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1) [Roadmap] Hybrid API: Best of Native and JIT in one API

TaskGraph tg = new TaskGraph("compute")
.transferToDevice(. . .)

.task| ("gempggMyJavaCompute:sgemm, m, n, k, alpha, a, lda, b, 1ldb, beta, c, ldc)

.transf )
—r— . T ; public static void sgemm(...) {
POITS toCExstmg i for (@Ear'a](.é.)el) il b
ava Lode | or Paralle
. annotated with -i :
i @Parallel i ) )
; @Reduce :

MANCHESTER
1824

The University of Manchester
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1) [Roadmap] Hybrid API: Best of Native and JIT in one API

The University of Manchester

TaskGraph tg = new TaskGraph("compute")
.transferToDevice( . . . )

.libraryTask |("gemm", OneMKL:sgemm, m, n, k, alpha, a, lda, b, 1ldb, beta, c, ldc)

.transferToHost( . . .);

______________________________________________________________________________________________________________ |
: Points to a Proxy Class that gives you access to Intel oneMKL |

34



1) [Roadmap] Hybrid API: So, what is the deal? ISR ISIEE

The University of Manchester

Going Hybrid: JIT + Library Tasks

Uses: Deep Learning, Al, Math Library, Data Bases, etc.

TaskGraph tg = new TaskGraph("compute")
.taskGraph.transferToDevice (DataTransferMode.FIRST EXECUTION, data)

.task("prep", MyJlavaPrepClass: :dataInitOnGPU, data) // FULL JIT (Java->Accelerator)
.libraryTask("“gemm", CuDNN::cudnnActivationForward, alpha, data, beta, output) //call to native CuDNN
.task("postProcessing", MyOtherJavaClass::post, output) // FULL JIT (Java->Accelerator)

.transferToHost (DataTransferMode. EVERY EXECUTION, output);

PP U 1

| We have prototypes for oneMKL and cuDNN |

S S o .

35



What about performance? Running SGEMM from oneMKL

Running on Intel i9-10885H

Processors:
- Intel UHD Graphics 630 () 1000.00
TornadoVM 0.15.2-dev
100.00
Intel Runtime: 21.38.21026
10.00
1.00

Performance - Total Time (including transfers)

26.76
8.50 9.40
512x512 1024x1024 2048x2048
mJIT

The Higher, the better. Performance vs single-threaded Java

MANCHESTER
1824

The University of Manchester
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What about performance? Running SGEMM from oneMKL

Running on Intel i9-10885H

Processors:
- Intel UHD Graphics 630 () 1000.00
TornadoVM 0.15.2-dev
100.00
Intel Runtime: 21.38.21026
10.00
1.00

The University of Manchester

Performance - Total Time (including transfers)

519.58
24.7x on top of the
107.07 base TornadoVM
31.94 26.76 Performance
I 8.50 9.40 I
512x512 1024x1024 2048x2048
W Hybrid mJIT

The Higher, the better. Performance vs single-threaded Java

37



2) [Roadmap] Integration with Panama, but why?

The University of Manchester

On-Heap Data Structures(TornadoVM's current approach)

1. Memoryreservedin the Java Heap
Device Buffer Malloc (e.g., GPU)
Data Transfer (host->device)

2
3.
4. Kernel Execution =
5. Data Transfer(device -> host)

RAM

Device Global Memory

s e ©) -~ IEQ)

Java Heap 4

Good Luckwith the GC not to move

$

LOCK GC and blocking operations

pointers

Besides, we have experimented with otherideassuch as : 2\ Off-heap Data Structures (e.g., Using
Unified Shared Memory Java Heap N\’ DirectMemoryor Panama APlIs)

Iili Unified Shared Memory: Friend or Foe? Juan Fumero, Florin Blanaru, Athanasios
= Stratikopoulos, Steve Dohrmann, Sandhya Viswanathan, Christos Kotselidis. MPLR23



2) [Roadmap] Integration with the Panama APls MANCHESTER

The University of Manchester

User code:

public static void add(FloatArray a, FloatArray b, FloatArray €) { OH-heap Data Structures

for (@Parallel int i = 8; i < c.getSize(); i++) { that we could share pointers
c.set(i, a.get(i) + b.get(i)); with GPUs/FPGAs:
} } - Unified Memory

- Shared Memory

public FloatArray(int numberOfElements) { Example Of Implementation

this.numberOfElements = numberOfElements;
segment = MemorySegment.allocateNative(numBytes, ResourceScope.globalScope());

Next? Combine Panama off-heap types with Hybrid API -> Fast Data Flow across JIT and Library Tasks

TaskGraph tg = new TaskGraph("compute™)
.taskGraph.transferToDevice(DataTransferMode.FIRST EXECUTION, data)
.task("prep", MylavaPrepClass::dataInitOnGPU, data) // FULL JIT
.libraryTask("gemm", CuDNN: :cudnnActivationForward, alpha, data, beta, output) // call to CuDNN
.transferToHost(DataTransferMode.EVERY EXECUTION, output);



But is TornadoVM
Enough? \é

Call For Action



Call For Action

A) Tight Collaboration with the
Oracle Graal Core Team

- For example, via Special Interest Groups
(SI1Gs)

- We already do something similar with Intel
oneAPI: TornadoVM team participates at
the Intel oneAPIl/Level Zero SPECs

- We could get a sense of near future
changes and plan ahead in our team

MAN CHE%EER

18
The University of Manchester



Call For Action

A) Tight Collaboration with the
Oracle Graal Core Team

- For example, via Special Interest Groups
(SI1Gs)

- We already do something similar with Intel
oneAPI: TornadoVM team participates at
the Intel oneAPIl/Level Zero SPECs

- We could get a sense of near future
changes and plan ahead in our team

MAN CHE%EER

18
The University of Manchester

B) Standardize Panama Types for Al and
Heterogeneous Systems

Each vendor can implement those types for
different hardware accelerators

Easier interaction with Al and Deep
Learning Frameworks (PyTorch, DeepNetts,
etc.)

Enable types for Al
- NDArrays
- Float16 (half float)

- Explicit Vector Types (vectorFloat4)



MAN CHE%EER

Open Discussion: Now, Let's Imagine the Future I8

The University of Manchester

How would the Java Platform evolve for the Al/Heterogeneous compute era?
- Goal: make GPU/FPGA acceleration compatible with JVM Spec
- Defining Math Precision for Al and HC operations: similar work done for the Vector API

- Possible implementation: providing nested environments (or DSL within Java) Similar to
LINQ for the .NET platform but for Heterogeneous compute executions



To conclude

?E
—
—



Call For Action: é
\

A) Graal SIG?

B) Unified Panama Types
C) Discussions : Al math
precisions, levels of
isolation. ..

-Hybrid API
-Integration with Panama

4

Enable Al Workloads
within Java

MANCHESTER
1824

The University of Manchester

Interaction with BD

Live Task Migration I frameworks

Batch Processing

A

> 100x vs standard JVMs

Multi-Backend
Multi-Device

tornadovm.org

45



. .
Collaborations and Projects

The University of Manchester

@ Ae2e WA

ELEGANT Bl Project Number: 101092850 ProjectNumber: 101093069
Project Number:

957286
encrypt EANEO

@88 Project Number: 101070670
3 Project Number: 101070052

INTEL ok UK Research
and Innovation

oneAPlI

fasads,
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European

Commission
I

88588,

NEL2E

() ELEGANT

e

on

eAPlL

Thank you!

() Juan Fumero: juan.fumero@manchester.ac.uk

@snatverk

47


mailto:%3cjuan.fumero@manchester.ac.uk

Back up slides




TornadoVM & Dynamic Languages

The University of Manchester

<43

nosdef’ R

Graal

Truffle - nodejs

JIT COMPILER ! |

49



TornadoVM & Dynamic Languages

The University of Manchester

https://tornadovm.readthedocs.io/en/latest/truffle-languages.html

$ $JAVA HOME/bin/gu install js
$ tornado --threadInfo --truffle js mxmWithTornadoVM.js

Hello TornadoVM from JavaScript!
Task info: s0.to
Backend : SPIRV
Device : SPIRV LevelZero - Intel(R) UHD Graphics [©x9bc4]

console.log("Hello TornadoVM from JavaScript!")

var comp = Java.type('MyCompute')

var start = new Date().getTime() / 1000;
comp.compute()

var end = new Date().getTime() / 1000;
console.log("Total Time (s): " + (end - start))

Dims 2

Global work offset: [0, @]
Global work size : [512, 512]
Local work size : [256, 1, 1]
Number of workgroups : [2, 512]

Total Time (s): ©.8159999847412109
Task info: s0.to

(*) This Photo by Unknown author is licensed under CC BY.
50
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