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Introduction

e Larger goal: Making GPU programming easier for developers from other
domains (non-GPU experts)
e |n particular: Object-oriented programming (OOP) on GPUs

o OOP has many benefits: Abstraction, expressiveness, modularity, developer productivity, ...
o Butitis avoided in high-performance computing (HPC) due to bad performance.

e Goal of this thesis: Making fast OOP available on SIMD arch./GPUs

o  Why is OOP slow on GPUs? Focusing on memory access performance.
o Developing a simple object-oriented programming model for GPUs: SMMO
o Optimizing the memory access of SMMO application with a new CUDA framework.



Thesis Overview and Prototypes

Ikra-Ruby a

* Ruby Library with Ruby — CUDA Compiler
* Array-based GPU Programming
« Parallel Array Interface (Sec. 3.1)

peach, pmap, pnew, preduce,
pstencil, pzip, with_index,
to_command

+ Kernel Fusion through Type Inference (Sec. 4.1)

‘(1..100).pmap do |i] i * i end ﬁ

(. | 2
lkra-Cpp
* C++/CUDA Framework for OOP on GPUs
« Single-Method Multiple-Objects (Sec. 3.2, Sec. 7)

* Only Two Operations: Parallel Do-all, Parallel New

parallel do<T, &T::func>()
parallel new<T>

» Structure of Arrays (SOA) Data Layout DSL (Sec. 4.3)

» SOA Extension for Inner Arrays (Sec. 4.4)

Background

* GPU Architecture: SIMD (Sec. 2.1)
« Structure of Arrays Data Layout (Sec. 4.2)

DynaSOAr

* Dynamic Memory Allocator for GPUs (Sec. 5)
+ Custom Object Layout with SOA Performance
* Uses Lock-free Hierarchical Bitmaps (Sec. 5.3.1)

e https://github.com/prg-titech/ikra-ruby
<+§@ e https://github.com/prg-titech/ikra-cpp

e https://github.com/prg-titech/dynasoar

CompactGpu

* GPU Global Memory Defragmentation (Sec. 6)
« Improving the Efficiency of Vectorized Access




GPU Memory Defragmentation

Philipsen
MSPC 2012

“Dynamic GPU Memory Allocation —

ISMM 2019

XMalloc Scatterlloc
CIT 2010 InPar 2012

e T = TN\

SOA Data Layout DSL

ispc
InPar 2012

ASK
GPU Comp.
Gems 2012

Halloc
GTC 2014
\

*
_— — _— —

GPU/SIMD Progr. in a High-level Lang.

Firepile
GPCE 2011

PPoPP 2019

DynaSOAr
ECOOP 2019

Sofx
Comput. Phys.
Commun.

Ikra-Cpp
WPMVP 2018

Shapes
Onward! 2017

Ikra-Ruby
ARRAY

2016/2017

Delite Accelerate F
umero et. al.
PPoPP 2011 ICFP 2013 VEE 2017 (and many more...)
4
2010 2011 2012 2013 2014 2016 2017 2018 2019 time



RRIEKRF
Skyo Institute of Technology

Background



Background: GPU Architecture

NVIDIA GP104 (GeForce GTX 1080) Source: NVIDIA GeForce GTX 1080 whitepaper
20 streaming multiprocessors (SMs)
128 CUDA cores per SM

Total: 20 * 128 = 2560 CUDA cores

e 8 GB device memory
e L1 per SM, shared L2 cache




Background: GPU Architecture

Source: NVIDIA GeForce GTX 1080 whitepaper

e NVIDIA GP104 (GeForce GTX 1080)
e 20 streaming multiprocessors (SMs)

DA cores per SM —
e Joigl 20= = res

e 4 physical cores per oM
e Jotal: 20 * 4 = 80 cores
e Each core operates on 128-byte
vector registers (32 scalars)
—o—8-GBdevicememot Y
e L1 per SM, shared L2 cache




Background: GPU Architecture

e NVIDIA GP104 (GeForce GTX 1080) Source: NVIDIA GeForce GTX 1080 whitepaper

eeeeeeeeeeeeee

e 20 streaming multiprocessors (SMs)

DA cores per SM —
e Joigl 20= = res

e 4 physical cores per oM
e Jotal: 20 * 4 = 80 cores
e FEach core operates on 128-byte
vector registers (32 scalars)
_'_B'G'B'd'EV‘i'CE'ITI‘EIHUIy
e L1 per SM, shared L2 cache

J But CUDA gives us the illusion
of having 2560 cores.
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Handout only: Performance Problems on GPUs

e Non-uniform Control Flow

o| Thisshappens when-programmersassume they gan program a-GPU like a CPY...
o-—If the control-flow diverges within a warp;-both paths arerexecuted sequentially.

ot

then... else...

10
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Performance Problems on GPUs

e Device (Global) Memory Access
o The GPU memory controller is bad at accessing small memory blocks

o  Simplified view: The memory controller always accesses 128-byte blocks

(L1/L2 cache line size)

If the programmer loads 4 bytes,

then the mem. controller loads 128
bytes and throws 124 bytes away

o  Memory coalescing: The memory controller can coalesce (combine) requests that are on the
same L1/L2 cache line on a per-warp basis (threads t,, with tid € [32%i; 32*(i+1))).

o In different words: A physical core always accesses memory in aligned, 128-byte blocks.

o Rule of thumb: Threads in a warp should access spatially local memory addresses

11



Source: KRR LEAS

Performance Problems on GPUs CUDA C Programming Guide

Aligned accesses (sequential/non-sequential) )
Addresses: _Tﬁ 28 u 192 224 z_s}vg z_xﬁ
XTI X
Threads: © 31
Compute capability: 2.0 and later — QOOd COaleSCing
Memory transac tions: Uncached Cached
1x 32B at 128 1x 128B at 128
1x 32B at 160
1x 32B at 192
1x 32B at 224
—
Mis-aligned accesses (sequential/non-sequential) )
Addresses: 1‘2;! 1Tro 1%2 2%4 z‘s‘F 288
L
reads: o 31
Compute capability: 2.0 and later — bad co alescing
Memory transac! tions: Uncached Cached
e
1x 32B at 192
1x 32B at 224
1x 32B at 256 ]

12



Performance Problems on GPUs

Strided / Random Memory Access

Addresses: 96 128 160 256 zss
|
1

I

Threads: ©

Compute capability: 2.0 and later

Memory transactions: Cached

32x 128B

Source: R IENT
CUDA C Programming Guide

~— no coalescing

13
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Problems with OOP on GPUs



Common Belief: OOP is Slow BRI

Object-oriented programming is too slow for high-performance computing.

£ One of the main issues of scientific computing is performance. [...] Object oriented programming is
observed slower than functional programming. [P. Patel, M.Sc. Thesis, Univ. of Edinburgh, 2006]

The object-oriented programming (OOP) paradigm offers a solution to express reusable algorithms and
abstractions through abstract data types and inheritance. However, [...] manipulating abstractions usually
results in a run-time overhead. We cannot afford this loss of performance since efficiency is a crucial
issue in scientific computing. [N. Burrus, et. al. MPOOL 2003]

While object-oriented programming is being embraced in industry [...], its acceptance by the parallel
scientific programming community is still tentative. In this latter domain performance is invariably of
paramount importance, where even C++ is considered suspect, primarily because of real or perceived
loss of performance. [K. Davis, et. al. ECOOP 2008 Workshop Reader] "N
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Common Belief: OOP is Slow BRI

Object-oriented programming is too slow for high-performance computing.

£ 4 0One of the main issues of scientific comp
observed slower than fup~

iented programming is
dinburgh, 2006]

The object-oriented p

Let us identify the reasons why
abstractions thro

OOP is slow in HPC (esp. GPUs)
and see if we can optimize these
performance problems.

ble algorithms and
bstractions usually
pncy is a crucial

eptance by the parallel
erformance is invariably of

t, primarily because of real or perceived
loss of performance. [K Davis, et. al. ECOOP op Reader] 1],
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Problem with OOP on GPUs
class A { . object layout (class A)
int f1: double £2; char £3; 4 |- vtable pointcﬁ\
void foo(); 1 | &A“t\)/taa:le(classA)
virtual void bar(); - -
}; 16
T T - S—————
24 f3 |
28
32

e Data Layout: Most languages/compilers (esp. C++/CUDA) do not allow
programmers to customize the layout of objects in memory.

17



Structure of Arrays (SOA) Data Layout

(c) SOA Code Example

(a) Array of Structures (AOS)

(b) Structure of Arrays (SOA)

AN

struct Body { float Body pos x[32000];
float pos x, pos y; float Body pos y[32000];
float vel x, vel_ y; float Body vel x[32000];
float force x, force y; float Body vel y[32000];
float mass; float Body force x[320001];

b float Body force y[32000];

Body bodies[32000]; float Body mass[32000];

AFEEREARREE EEET | B

gl2|2|2[5[5]5]8]8 |22 212128 S

N S

strided memory access (slow)

e AOQOS: Standard layout of most compilers/systems
e SOA: Best practice for SIMD/GPU programmers
e [C++] Choose one: SOA or OOP. We want to have both!

AR

vector load possible (fast)

__device__ void move(int id) {

/* Compute force, vel ... */

pos x[id] += kDt * vel x[id];

/

SIMD: All threads (in a warp) perform this load in parallel.
Current NVIDIA GPU coalesce these loads into as few
128-byte vector loads as possible. In SOA, fewer vector
loads are required to cover all pos_x values than in AOS.

pos y[id] += kDt * vel y[id];

This is no longer OOP.

18



Handout only: Benefits/Disadvantages of SOA =

e Benefits of SOA

o| Suitable for vectorioads/stores —>Good memory-coalescing on GPUs
(Only if the-program accesses consecutive-values at the-same time.)
o| Canbenefit L1/L2-¢cache utilization: Unused fields do not ocecupy cache lines:
o ~Sometimes Tower memory footprint. Only- SOA arrays must be aligned;-not every object.
e Disadvantages of SOA |
o Cede is-hard to read; breaking-language abstractionsif there is-no support for custom
object layouts inthe programming|language(e.g., C++).
e There are experimental languages with customizable data layout, but they
have poor GPU support-E.g.: Shapes-[1], ispc{2] |

[1] J. Franco, et. al. You Can Have It All: Abstraction and Good Cache Performance. Onward! 2017.
[2] M. Pharr, et. al. ispc: A SPMD compiler for high-performance CPU programming. InPar 2012.

19



Avg. Running Time / Body (seconds)
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Handout only: N-body Perf. with AOS/SOA

le—8 le—-10
0.6 4 —-soaA »-4 4 —— SOA
AOS 2 AOS
o
a
0.4 '§ 34
T
-2
| LH o
0.2 A £2 1
s
z
2
0.0 4 Intel Core i7-5960X < 1 Nvidia GeForce-GTX 980 (4GB)
10? 10° 10 10° 10° 10° 10°

(lowerisbetter)
Much better performance with SOA! I
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Problem with OOP on GPUs

e Data Layout: Most languages/compilers (esp. C++/CUDA) do not allow
programmers to customize the layout of objects in memory.
e Dynamic Memory Management: It is supported, but slow.

Body* b = new Body();
delete b;

21



Problem with OOP on GPUs e

e Data Layout: Most languages/compilers (esp. C++/CUDA) do not allow
programmers to customize the layout of objects in memory.
e Dynamic Memory Management: It is supported, but slow.

Body* b = new Body();
delete b;

#4 Allocating memory dynamically in the kernel can be tempting because it allows GPU code to look )
more like CPU code. But it can seriously affect performance. [...] The kernel runs in 1500ms when
using __device__ malloc() and 27ms when using pre-allocated memory. In other words, the
test takes 56x longer to run when memory is allocated dynamically within the kernel.

https://stackoverflow.com/questions/13480213/how-to-dynamically-allocate-array
s-inside-a-kernel/13485322#13485322

22


https://stackoverflow.com/questions/13480213/how-to-dynamically-allocate-arrays-inside-a-kernel/13485322#13485322
https://stackoverflow.com/questions/13480213/how-to-dynamically-allocate-arrays-inside-a-kernel/13485322#13485322
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Problem with OOP on GPUs

e Data Layout: Most languages/compilers (esp. C++/CUDA) do not allow)
programmers to customize the layout of objects in memory.
e Dynamic Memory Management: It is supported, but slow.
e Virtual Function Calls: Regular calls are by a factor of 10x faster due to
inlining. In addition, virt. function calls can cause warp divergence.
e 64-bit Pointers: Objects are referred to with 64-bit pointers. This can
increase the size of objects, compared to 32-bit integers.

SIS3FHL SIHL

23
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Problem with OOP on GPUs
e Data Layout: Most languages/compilers (esp. C++/CUDA) do not allow) :'_:'
programmers to customize the layout of objects in memory. . ;
e Dynamic Memory Management: Switch-case statements or o
instrumentation-based techniques 2] 7

e Virtual Function Calls: Regular calls a® by a factor of 10x faster due to
inlining. In addition, virt. function calls can cause warp divergence.

e 64-bit Pointers: Objects are referred to with 64-bit pointers. This can
increase the size of objects, compared to 32-bit integers.

Pointer compression [ 1]

[1] K. Venstermans, et. al. Object-Relative Addressing: Compressed Pointers in 64-Bit Java
Virtual Machines. ECOOP 2007.

[2] G. Aigner, et. al. Eliminating virtual function calls in C++ programs. ECOOP 1996.

24
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Expressing GPU Parallelism in
Object-oriented Programs

25



lkra-Ruby: A Parallel Array Interface for Ruby

e Parallel array operations [ARRAY 16]

~ o Array

o Array

< © Array
o Array
_© Array
o Array

: :pmap(&block)

::pcombine(others..., &block)
class::pnew(n, &block)

: :preduce(&block)

::pzip(others...)

: :peach(&block)

N

J

Functional array operations are
executed lazily and can be chained,
forming a computing graph.

e Computation graph is fused into a small number of efficient CUDA kernels.
e Contribution of Ikra-Ruby:

o Modular GPU programming style in a dynamically-typed language: Combine multiple small
parallel array operations to build a complex program.
o Kernel fusion of computation graph through type inference [ARRAY17].

26
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~Handout only: Ikra-Ruby Architecture
| ka o ParaIIeI operations return
<<mixin>> <<mixin>> ArrayldentityCommand ‘
::Enumerable ParallelOperations —|-dimensions : Fixnum[] an array command
+pcombine() 1T
A :En:ap()'l() ArraylndexCommand o PrOgrammerS bUIld a
L ?eer:;le —[-dimensions : Fixnum(] P
e -computation graphof
ArrayCombineCommand [ <

<Tinstantiate>> = ~_|_parallel.operations-
i input ‘ ' 1
/ \:/ 0.5\, | ArrayStencilCommand ; o Access Of reSUIt (to_aJ _

rArray ArrayCommand > <\ 4 N
+to_command() -input : ArrgyCommand[] <}—r _ ] [ ] J eac h) trlggers COde
+pnew() -result : Object[] | ArrayZipCommand | generatlon and GPU

+to_command()
+with_index()

ArrayReduceCommand exeCUtlon

27
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From lkra-Ruby to lkra-Cpp

e |kra-Ruby is suitable for mathematical computations.
E.g.: Computation graph of linear algebra operations in machine learning

e But: A simpler model is sufficient for many object-oriented HPC applications.

o pmap/preduce/...: Functional operations — Immutability of state
o Object-oriented programming in mainstream languages: Imperative state changes
o No need for pmap/preduce/.... peach is sufficient.

e Vision: Develop a limited but more optimized C++/CUDA backend lkra-Cpp
and integrate it into lkra-Ruby (future work).

28



lkra-Cpp: A CUDA/C++ Framework for SMMO

A lower-level CUDA/C++ programming interface for SMMO applications.
SMMO: Single-Method Multiple-Objects [WWPMVP18, ECOOP19]
OOP-speech for SIMD (Single-Instruction Multiple-Data)
Main operation: parallel _do<T, &T::func>(args...)

o Run amethod T: : func for all objects of a type T.

o Same as lkra-Ruby: objects.peach do |o| o.func(args...) end
o @(’Objects can be created/deleted inside of a parallel do-all.

Create many objects at once: parallel new<T>(n, args...)
o Same as lkra-Ruby: (0...n).peach do |i| T.new(i, args...) end

Sequential do-all: device do<T, &T::func>(args...)

o "
BRI¥ARE
Institute of Technology

Tokyo
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SMMO: Single-Method Multiple-Objects (1/3)

parallel do<A, &A::func>()

RRIEKRZF
skyo Institute of Technology

J Run A: : func for all objects
of type A (in parallel).

e |kra-Cpp assigns objects to threads.
e Assignment is such that memory
coalescing is maximized.

30
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SMMO: Single-Method Multiple-Objects (2/3)

During parallel do<A, &A::func>
' x t, J New object
x ts @ o @ e Newly created objects are not
% processed by the same
@ X parallel_do.
@ @ e An object obj of type A may only be
. deleted by its assigned thread.

o
.
-----

Deleted object I
31
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SMMO: Single-Method Multiple-Objects (3/3)

After parallel do<A, &A::func>()

© © O e
®»® @

» ® ®© 60 6

32
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,,,,,,././Hanc out ~ T
// o\ par-allel do<T &T: func>(args ): Launches a CUDA kernel that runs a member function T S func for al” | ~_
B objects of type T and subtypes (sep. kernel) eX|st|ng at Iaunch tlme T: Func may allocate new obJects but they are _—
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onIy object of type T |t may deallocate (delete |tse|f) /T ‘ - /T\ ~_ ) TS . P - - ]
e parallel_ new<T>(n, args.. ) Launches a CUDA kernel that instantiates n objects of type T. ThIS operation caIIs ~.
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\\j?;;o ; dev1ce do<T &T: func>(args .):Runs a memberfunctlon T: Func for all object of typeT in the current CUDA
- thread Can onIy be used inside of a parallel do all ora manually Iaunched CUDA kernel... \;Kg‘/ \"ﬁ.}
‘\;o\ new(d allocator) T(args ) Allocates anew obJect of type T and returns a p0|nter to the object Provided by —
- “~DynaSOAR. ‘ = I ~ ~ \\ i
~__ o“ destroy(d_ allocator, ptr): Deletes an object with p0|nter ptr~ assumlng that the object was allocated with-_ |
e ~d_allocator. Provided by DynaSOAr // ~_| _— 1T T T~ /w"'/\ ~_ | _— T
— e par-allel defrag<T ki, k2>(): Inltlates defragmentatlon of objects of type T. Internally, this function may run |
,,,,,, B _multiple defragmentatron passes dependlng on parameters k1 and k2 Cannot be used in devrce code Prowded by
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SMMO Examples
[ECOOP-Artifact 2019]
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Example: N-Body Simulation

Initialization
auto* h_allocator =

new HAllocatorHandle<AllocatorT>();
h_allocator->parallel new<Body>(65536);

.O
o
5
D
D
o+
o

e
o,

.
.
.
e
e
..,

<::::> void Body::

compute force()

Main Loop

for (int 1 = 0; i < kIterations; ++i) {
h_allocator->parallel do<Body, &Body::compute_force>();
h_allocator->parallel do<Body, &Body: :update>();

}

delete h_allocator;

2] -
a=—

m;

. Vi =V +a; - At

o
SN
3 1
v

’.'"'\‘. T, =x; +v; - At

void Body: :update()
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Handout only: Example: N-Body Simulation

#include "dynasoar.h"

// Pre-declare all classes. This simple example has only one class.

class Body;
using AllocatorT = SoaAllocator</*max num obij=*/ 16777216, /*T...=*/ Body>;

__device__ DAllocatorHandle<AllocatorT> d _allocator;

86
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Example: N-Body Simulation

class Body : public AllocatorT::Base { // Can subclass other user-defined class.
public:

// Pre-declare all field types.

declare_field_types(Body, float, float, float, float, float, float, float)

private:

// Declare fields with proxy types but use like normal C++ fields.
Field<Body, 0> pos_x_;
Field<Body, 1> pos_y_;
Field<Body, 2> vel x_;
Field<Body, 3> vel y ;
Field<Body, 4> force_x_;
Field<Body, 5> force_y ;
Field<Body, 6> mass_;

CUDA/C++ embedded data
layout DSL (for SOA layout)

37



Example: N-Body Simulation

TG, T =z +v; - At ‘
R
PR

Q )

class Body : public AllocatorT::Base { void Body: :
/¥ ... %/ compute_force() void Body: :update()

__device__ Body(float pos x, float pos_y, float vel x, float vel y, float mass)
: pos_x (pos_x), pos_ y (pos_y), vel x (vel x), vel y (vel y), mass_(mass) {}

// This constructor is invoked by parallel new.
__device__ Body(int id) : Body(/*pos x=*/ random_float(@, 1), /*...*/) {}

__device__ void update(float dt) {
vel x += force_x_* dt / mass_;
vel y += force.y * dt / mass_;
pos x_ += dt * vel x_;
pos 'y +=dt * vel y ;

}

88



Handout only: Example: N-Body S

class Body : public AllocatorT::Base {

/* */

<::::> void Body::

compute force()

void Body: :update()

public:
__device__ void apply force(Body* other) {
if (other != this) {
float dx = pos_x_ - other->pos_x_;
float dist = sqgrt(dx*dx + dy*dy);

float F = kGravityConstant * mass_ * other->mass_ / (dist * dist);
other->force y += F * dy / dist;

other->force x_ += F * dx / dist;

}
}

__device__ void compute force() {
force_x_ = force .y = 0.0f;

d allocator->device_do<Body, &Body::apply force>(this);

}

float dy = pos_ y - other->pos y ;

89




Handout only: Example: N-Body S

H i, mi:mi+vi‘At “
P& T

PN T é

O..

class Body : public AllocatorT::Base { void Body:

/* */ compute_force() void Body: :update()

public:
__device__ void apply force(Body* other) {
if (other != this) {
float dx = pos_x_ - other->pos x ; float dy = pos_ y - other->pos y ;
float dist = sqgrt(dx*dx + dy*dy);
float F = kGravityConstant * mass_ * other->mass_ / (dist * dist);
other->force x  += F * dx / dist; other->force y += F * dy / dist;

}
} for (Body* b : get objects<Body>) {
b->apply force(this);
__device__ void compute force() { }
force_x_ = force .y = 0.0f;
d _allocator->device_do<Body, &Body::apply torce>(this);

}

40



Examples of SMMO Applications

T = AN merge A\ Y
I § O/\ _ O S L
. +}8(/ (\D\ (/)// ®e¢ %o
s ®
g = .’ \ mimy ® e 0 00
= F=G ® o )
(T1] r2 pull e o <
(a) barnes-hut [4]:  (b) collisions: (c) game-of-life: (d) nbody: (e) structure [14]: (f) sugarscape [8]:  (g) traffic [17]: (h) wator [6]:
Parallel Tree Constr. Particle System Cellular Automaton Particle System Finite Elem. Method Agent-based Sim. Nagel-Schr. Model ~ Agent-based Sim.

e Implemented and evaluated lkra-Cpp/DynaSOAr with 8 SMMO applications.

e SMMO can express many different patterns of HPC applications, e.g.:
o Cellular automata: game-of-life, sugarscape, traffic, wa-tor
o Agent-based modelling: sugarscape, traffic, wa-tor
o Dynamic tree construction/update: barnes-hut
o Applications w/ graph-structured data: structure, traffic, breadth-first search
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Body
: - -pos_x : float
Example: N-Body Simulation oo
-vel x : float
-vel_y : float
-force_x: float
-force_y : float
-mass : float

+apply_force(other)
+compute_force()

 illees o w +update()
r‘-:dﬁ: ":-“ _a-‘c:lr‘—l ;
:.4. i IE“%
AR 5 o T parallel new<Body>(500);
o T ]
e
OO T for (int i = 0; i < 1000; ++i) {

parallel do<Body, &Body::compute_ force>();
parallel do<Body, &Body::update>();

-

42


https://docs.google.com/file/d/1EbpN-ltDuAt4xNb7WDaDTZhpsSDXzIsG/preview

Example: N-Body with Collisions

e
-
B

)
-

Body

Body

-pos_x : float

-pos_y : float

-vel_x : float

-vel_y : float

-force_x : float

-force_y : float

-mass : float
-merge_target : Body”*
-successful_merge : bool
-break_loop : bool

-pos_x : float
-pos_y : float
-vel x : float
-vel_y : float
-force_x : float
-force_y : float
-mass : float

+apply_force(other)
+compute_force()
+update()

+apply_force(other)
+check_merge(other)
+step_1_compute_force()
+step_2_update()
+step_3_initialize_merge()
+step_4 prepare_merge()
+step_5_perform_merge()
+step_6_delete_merged()
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https://docs.google.com/file/d/1yW84cNbQdx0U3-MDY1XQbsw9PjrtoEmY/preview

. . RRIEKRZF
. kyo Institute of Technology
Example: Barnes-Hut N-Body Simulation
NodeBase
-parent : TreeNode*
-pos_x : double 0.4
-pos_y : double
-mass : double parent
-child_idx : int
+apply_force(other)
+distance_to(other) : double
BodyNode TreeNode
-vel_x : double -children : TreeNode*[4]
-vel_y : double -p1_x: double
-force_x : double -p2_x : double
-force_y : double -p1_y : double children
+apply_force(other) -p2_y : double

+add_to_tree()
+remove_from_tree()

-bfs_frontier : bool
-bfs_done : bool

+compute_force()
+update()

+apply_force(other)
+child_idx(body) : int
+contains(body) : bool
+initialize_frontier()
+update_frontier()
+compute_summary()
+collapse_tree()
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https://docs.google.com/file/d/14--GlDbG4YJyLg1SakL3JW2OU3yezmwd/preview
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Example: Fish-and-Shark (wa-tor)

Agent Cell
-position : Cell* -neighbors : Cell*[4]
-new_position : Cell* -neighbor_request : bool[5]
-random_state : curandState_t -agent : Agent*
4 -random_state : curandState_t
JaN +prepare()
. +update()
neighbors +request_rand_neighbor()
+request_rand_fish_neighbor()

Fish Shark
-spawn_timer : int -spawn_timer : int
+prepare() -energy : int
+update() +prepare()

+update()
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https://docs.google.com/file/d/18Dnv4yFdEcMNjmDUt_zQyKQRDVzTF3qU/preview

Example: Nagel-Schreckenberg Simulation

incoming/outgoing

Cell

-incoming : Cell*[4]
-num_incoming : int
-outgoing : Cell*[4]
-num_outgoing : int

-car : Car*

-max_velocity : int
-current_max_velocity : int
-is_target : bool

Car

-path : Cell *[kMaxVelocity]
-position : Cell*

-velocity : int

-max_velocity : int
-random_state : curandState_t

+step_1_increase_velocity()

ProducerCell

-random_state : curandState_t

+create_car()

+step_2_calculate_path()
+step_3_constraint_velocity()
+step_4_randomize()
+step_5_move()

SharedSignalGroup

RRIEKRT

Skyo Institute of Technology

TrafficLight

-groups : SharedSignalGroup*[4]
-num_groups : int

-phase : int

-phase_len : int

-timer - int

+step()

-cells : Cell*[4]
-num_cells : int

+signal_stop()
+signal_go()

SmartTrafficLight

+step()

YieldController

-groups : SharedSignalGroup*[4]

-num_groups : int

+step()
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https://docs.google.com/file/d/1xJYBIxRL_JD55xlmaB7nQInxax20h0g8/preview

An SOA Data Layout DSL for lkra-Cpp [WPMVP 18]

e l|kra-Cpp provides two ways of memory allocation:

new T(), parallel new<T>(n)
e Objects are not allocated in one block of memory, but in a custom layout.
e To allow for OOP abstractions: Embedded C++/CUDA data layout DSL

class Body : public AllocatorT::Base {
public:
declare_field_types(Body, float, float, float, float, float, float, float)

private:

Field<Body, 0> pos_x_; . .
Field<Body, 1> pos.y : Proxy types are implicitly
Field<Body, 2> vel x_; converted to base types.
Field<Body, 3> vel_y ;

Field<Body, 4> force_x_;
Field<Body, 5> force_.y ;
Field<Body, 6> mass_; 47
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Handout only: Implicit Conversion of Proxy Types

e Objects are referred to with fake pointers: Encoding all information required
to compute-the physical memory location of each field value. |

e Objects-and proxy type values-always appear as lvalues.
Embedded DSL is implemented withjadvanced C++ features: template
metaprogramming, operator-overloading, type-punning |

template<int Index>
—~class Field {
using BaseT = /* Index-th predeclared type */;
operator T&() const { return *data _ptr(); }

T* data_ptr() const {

uint64_t ptr = reinterpret_cast<uint64_t>(this); , ‘

// Compute physical memory location of value based on ptr. We could implement an arbitrary object
// layout here (not just SOA). See thesis for details.

} , :

}
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DynaSOAr: A Dynamic Memory Allocator
with SOA Performance
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Design Requirements

e Programming Interface: new / delete operations

e Memory Layout: Efficient memory access in parallel_do operations
o Goal: Achieve coalesced (vectorized) memory access with SOA-style allocation.
o Trading faster data access for slower memory (de)allocation time.
o Low fragmentation is key: Fragmented data requires more vector transactions.

(a) Compact SOA Layout: 3 memory transactions required G

mmmmmmmm

L1/L2 cache
line size

72} o o | . o @ e

4 K BB g 888 ) O' 4
A / \ / \ / \ A 7/ \ / .
0x001000 0x008000

e Lock-free Implementation: Locking can easily lead to deadlocks on GPUs
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Design Requirements

e Programming Interface: new / delete operations

e Memory Layout: Efficient memory access in parallel_do operations
o Goal: Achieve coalesced (vectorized) memory access with SOA-style allocation.
o Trading faster data access for slower memory (de)allocation time.
o Low fragmentation is key: Fragmented data requires more vector transactions.

(a) Compact SOA Layout: 3 memory transactions required G

0x001000 4
(c) Clustered SOA Layout: 3 memory transactions required Z
Al 09"

e e ar

*\
0x001000 0x008000 .

e Lock-free Implementation: Locking can easily lead to deadlocks on GPUs



Heap Layout

heap: array of M blocks

RRIEKRZF
Skyo Institute of Technology

same type — same capacity (46)

all blocks have same size (bytes)

/ A4 \ 4 \

Spring Node PullNode

(

free)

(free)

Node Node (free)

.......
.....
LLN
LrN
"~
L
.....

Ebit for object slot
A

.....

0x01 N slot just allocated

NodeBase*[64] Spring::n1
NodeBase*[64] Spring::n2
float[64] Spring::initial_length
float[64] Spring::stiffness
float[64] Spring::max_force
int[64] Spring::bfs_distance

~N
b
~N
-
~N

-~
N

This block is active

object allocation bitmap
object iteration bitmap
type id + padding

data segment
(SOA arrays)

incl. inherited fields

... but smaller arrays

.
. .
......

. .

----
,,,,,,
......

‘‘‘‘‘

Jk/

0x03

Spring*[3][46] NodeBase::springs
float[46] NodeBase::pos_x
float[46] NodeBase::pos_y
float[46] Node::vel_x

float[46] Node::vel_y

float[46] Node::mass




Heap Layout

heap: array of M blocks

%?Iﬁk%

e of Technology

e capacity (46)

No fragmentation.

GOOD!

all blocks have same size (bytes)

7 A4 \ 4 \

Spring Node [ PullNode

(free) (free) Node

Lo
"
LN
.......
LT
"a.
-
Yeay
.~
ey

blt for object slot
n

.
e
.
N
.
.
.
.
.
o
.
-
.
o

This block is active
(i.e., not entirely full)

.
.
.
"
.
™
"~
.
e
"~
N
e
.
.
.
e
e
.
"
eN
.~

.....
-----

] object allocation bitmap

] object iteration bitmap

slot just allocated

0x01

No fragmentation.

] type id + padding

NodeBase*[64] Spring::n1
NodeBase*[64] Spring::n2
float[64] Spring::initial_length
float[64] Spring::stiffness
float[64] Spring::max_force
int[64] Spring::bfs_distance

Spring*[3][46] NodeBase: GOOD!
float[46] NodeBase::pos x
float[46] NodeBase::pos_y
float[46] Node::vel_x
float[46] Node::vel y

float[46] Node::mass

Contributes to
fragmentation.

BAD!

... but smaller arrays
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Block (Multi)States RELEAT

A DC dea’/oC
(\) /-\ Pty
\n\\‘o\oca
+ active[T]
-
(uniniti- alloc, Init block
now fuII( §dealloc

alized)
allocated[T]

e free: Contains no objects. \
e allocated[T]: Contains only objects
of C++ class/struct T.
e active[T]: Is allocated[T] and not full.
(Space for at least 1 more object)

(invali-
dated)
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Block State Bitmaps

heap: array of M blocks

Block states are indexed by bitmaps.
Indices may be temporarily inconsistent
with actual block states, but they are
eventually consistent.

Main challenge: Algorithms must be able
to handle such inconsistencies.

same type — same capacity (46)

o s
BRI¥ARE
Tokyo Institute of Technology

block (multi)state bitmaps:
(2 per type + 1 global, M bits per bitmap)

all blocks have same size (bytes)
r \ 7 \ 7 \

Spring

Node | PullNode | (free) (free) Node Node (free)

bit for object slot
JAY

0x01 " slot just allocated

This block is active
--------- (i.e., not entirely full)

!] object allocation bitmap

] object iteration bitmap

] type id + padding 0x03

NodeBase*[64] Spring::n1 Spring*[3][46] NodeBase::springs
NodeBase*[64] Spring::n2 data segment float[46] NodeBase::pos_x
flaatie4l Snrinaccinitial lanath (SOA arrays) _~a | flaatf481 NadeRace *noe v

free

LT e T

allocated[Node] active[Node]
e e P LRl e fIF
allocated[PullNode] active[PullNode]
ey PO By e fIF
allocated[Spring] active[Spring]

(no bitmaps for abstract class NodeBase)
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Algorithm: Object Allocation

Algorithm 1: DAllocatorHandle::allocate<T>() : T* GPU

1 repeat > Infinite loop if OOM
2 bid < active[T].try_find_set(); > Find and return the position of any set bit.
3 if bid = FAIL then > Slow path
4 bid < free.clear(); > Find and clear a set bit atomically, return position.
5 initialize_block<T>(bid); > Set type ID, initialize object bitmaps.
6 allocated[T].set(bid);

7 active[T].set(bid);

8

9
10
11
12
13
14

15

alloc < heap[bid].reserve();
if alloc # FAIL then

> Reserve an object slot. See Alg. 7.

ptr < make_pointer(bid, alloc.slot);

t < heap[bid].type; > Volatile read
if alloc.state = FULL then active[t].clear(bid) ;

if t =T then return ptr;

deallocate<t>(ptr); > Type of block has changed. Rollback.

until false;

block (multi)state bitmaps:
(2 per type + 1 global, M bits per bitmap

(OO - T T - 1T
allocated[Node] active[Node]
CLOCIT - T10) ORI - T

allocated[PullNode] active[PullNode]

O - TT1 B - 1111

allocated[Spring] active[Spring]

(no bitmaps for abstract class NodeBase)

0x01

Y/ Y ) W ) V"

NodeBase*[64] Spring::n1
NodeBase*[64] Spring::n2
float[64] Spring::initial_length
float[64] Spring::stiffness
float[64] Spring::max_force
int[64] Spring::bfs_distance
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Example: new Spring(), Fast path

heap: array of M blocks

all'blocks have same size (bytes)
\

! \./ \ [/

Spring Node PullNode

(free)

(free)

Node (free)

bit for-abject slot
n

This block is active

\
0x01 N slot just allocated

NodeBase*[64] Spring::n1
NodeBase*[64] Spring::n2
float[64] Spring::initial_length
float[64] Spring::stiffness
float[64] Spring::max_force
int[64] Spring::bfs_distance

] object allocation-bitmap
] object iteration bitmap
] type id + padding

data segment
(SOA arrays)

incl. inherited fields

... but smaller arrays

y 2

0x03

Spring*[3][46] NodeBase::springs
float[46] NodeBase::pos_x
float[46] NodeBase::pos_y
float[46] Node::vel_x

float[46] Node::vel_y

float[46] Node::mass

RETEAY

Skyogstitdte of Technol

block (multi)state bitmaps:
(2 per type + 1 global; M bits per bitmap)

(LI - T1T1

free

(O T

allocated[Node]

CLELE] - 11T

allocated[PullNode]

O - 1111
allocated[Spring]

LT T

active[Node]

L T

active[PullNode]

(LTI - TTT]
ictive[Spring]

Find active block

ToEoToToTTaTnY

(i.e.,entirely full)
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Example: new Spring(), Fast path
heap: array of M blocks alfblocks have same siz¢ {bytes) block (multi)state bitmaps:
(2 per type + 1 global; M bits per bitmap)
Spring Node [ PullNode | (free) (free) Node Node (free) (T 1110
free
................................. This block is active (LTI T LT T
bitforcbject slot BT, (1-8., not entirely fulh . alwayb 647bit bitmaps ... allocated[Node] active[Node]
Ul s < e S ‘.v" ........
| e £ ([ 10| (T 110
| ] ObJeCt allocation b'tmap ‘ allocated[PullNode] | active[PullNode]
| ] object iteration bitmap COOOTT - 1100 LT 11T
0x01 I slot just allocated ] type id + padding 0x03 allocatefl[Spring] actvelSpring]
bi for ab lass NodeB
No Spring*[3][46] NodeBase::springs (no bitmaps-for abstract class NodeBase)
Nod Reserve object slot data segment float[46] NodeBase::pos_x
floaf (SOA a'rray'sl) float[46] NodeBase::pos_y N This block s inactive
float[64] Spring::stiffness indnhefited fleldp float[46] Node::vel_x (6. entirely ful)
float[64] Spring::max_force ... but smaller arrays float[46] Node::vel_y
int[64] Spring::bfs_distance float[46] Node::mass
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Example: new Spring(), Fast path

heap: array of M blocks

all'blocks have same size (bytes)
\

! \./ \ [/

Spring Node PullNode

(free)

(free)

Node (free)

bit for-abject slot
n

This block is active

N
slot just allocated

0x01

NodeBase*[64] Spring::n1
NodeBase*[64] Spring::n2
float[64] Spring::initial_length
float[64] Spring::stiffness
float[64] Spring::max_force
int[64] Spring::bfs_distance

object allocation-bitmap
object iteration bitmap
type id + padding

data segment
(SOA arrays)

incl. inherited fields

... but smaller arrays

) 2

0x03

Spring*[3][46] NodeBase::springs
float[46] NodeBase::pos_x
float[46] NodeBase::pos_y
float[46] Node::vel_x

float[46] Node::vel_y

float[46] Node::mass

RRILEKRF
Skyoudstitdte of Technology

block (multi)state bitmaps:
(2 per type + 1 global; M bits per bitmap)

(LI - T1T1

free

(O T

allocated[Node]

CLELE] - 11T

allocated[PullNode]

O - 1111
allocated[Spring]

LT T

active[Node]

L T

active[PullNode]

LT T1T]

active[Spring]

(no bitmaps-for abstract class NodeBase)

K This block is inactive

(i.e.,entirely full)
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Handout only: Fake Pointers

RRILEKRF
Skyoudstitdte of Technology

sizeof(Block)
heap —

NodeBase
or subclass

Object slot ID (bits 0-5): 8 \
Block address (bits 6-49): 0xb01fc0000

.
......
.....
......
------
.....
.....
----
wes
e

Block capacity (bits 50-55): 46
Type D (bits 56-63): 3

0x0308000b01fc0008 Eield<NodeBase, 25

e
.....................
........
.

Spring*[3][ ? ] NodeBase::springs
float] ? ] NodeBase::pos_x
float[ 7 ] NodeBase::pos_y
f (maybe additional SOA arrays of subclasses)

float dist(NodeBase* p1, NodeBase* p2){
float dx = p1->pos_x-p2->pos_x;
float dy = p1->p0s_y - p2->pos_y;
return sgrt(dx*dx + dy*dyy);

}

Physical address?

Block capacity offsetyogeasepos_y = Siz€0f(Spring*([3]) + sizeof(float) = 28
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Additional Optimizations

Block state bitmaps

e Hierarchical Bitmaps: Finding set bits in a large bitmap is slow. We can find
bits in a hierarchical bitmap with a logarithmic number of accesses.

template<int N, bool HasNested>
struct Bitmap;

Notation: |2

template<int N>

struct Bitmap<N, /*HasNested=*/ false> {
static const int kNumContainers = (N + 64 - 1) / 64; // ceil(N / 64)
uint64_t containers[kNumContainers];

};

Ciee container

b rgex bit

template<int N>
LO struct Bitmap<N, /*HasNested=#*/ true> {
static const int kNumContainers = (N + 64 - 1) / 64; // ceil(N / 64)

static const bool kContinueHierarchy = kNumContainers > 1;

) [ s
0 1.0 0 0 0
b0 b1 rer rer C2 CB e b31 uint64_t containers[kNumContainers];
(bits) (containers) Bitmap<kNumContainers, kContinueHierarchy> nested;

};
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Additional Optimizations

e Hierarchical Bitmaps: Finding set bits in a large bitmap is slow. We can find
bits in a hierarchical bitmap with a logarithmic number of accesses.
e Allocation Request Coalescing: A leader thread reserves object slots on

behalf of all allocating threads in the warp [1].

Algorithm 6: DAllocatorHandle::allocate<T>() : T*

GPU

1 repeat

2

e ® N e W R W

11

12
13
14
15
16

17
18
19

active < __activemask();

leader < ffs(active);

rank < __lane_id();

if leader = rank then

bid « active[T].try_find_set();

if bid = FAIL then
bid < free.clear();
initialize_block<T>(bid);
allocated[T].set(bid);
active[T].set(bid);

alloc_bitmap < heap[bid].reserve_multiple( popc(active) );
if popc(alloc_bitmap) > 0 then
t < heap[bid].type;
if alloc.state = FULL then active[t].clear(bid) ;
if t % T then deallocate_multiple<t>(bid, alloc_bitmap) ;

al_locfbitmap < __shfl_sync(active, alloc_bitmap, leader);
bid + __shfl_sync(active, bid, leader);
id_in_active < popc(__lanemask_It() & active);

> Infinite loop if OOM

> Bitmap of active threads in warp

> Leader = active thread with lowest ID
> Rank of this thread

> This thread is the leader.

> Slow path

Extended version of Alg. 1.
Implemented with CUDA
warp-level primitives.

[1] X. Huang, et. al. XMalloc: A Scalable Lock-free Dynamic
Memory Allocator for Many-core Machines. CIT 2010.
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Additional Optimizations

e Hierarchical Bitmaps: Finding set bits in a large bitmap is slow. We can find
bits in a hierarchical bitmap with a logarithmic number of accesses.

e Allocation Request Coalescing: A leader thread reserves object slots on
behalf of all allocating threads in the warp.

e Efficient Bit Operations: Utilize bit-level integer intrinsics (e.g., ffs).

Find first set: Return index
of first set bit in integer.
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Additional Optimizations

e Hierarchical Bitmaps: Finding set bits in a large bitmap is slow. We can find
bits in a hierarchical bitmap with a logarithmic number of accesses.

e Allocation Request Coalescing: A leader thread reserves object slots on
behalf of all allocating threads in the warp.

e Efficient Bit Operations: Utilize bit-level integer intrinsics (e.g., ffs).

e Bitmap Rotation: To reduce the probability of threads choosing the same bit,
rotate-shift bitmaps before selecting a bit (i.e., before ffs etc.).
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Related Work and Challenges

e DynaSOAr is an object allocator. Other allocators request X number of

bytes. We allocate structured data (objects).
o DynaSOAr is aware of the structure of its allocations — Better optimizations (SOA data layout)

e Main challenges
o Low fragmentation through blocks states: Always allocate in active[T] blocks. This is less
efficient than hashing (what other allocators do [1, 2]). Algorithms must be optimized!
o Safe memory reclamation: When is it safe to delete a block?
(We have may have many concurrent allocate/deallocate operations.)
o (Eventual) consistency between various internal data structures.
(e.g.: block states and block state bitmaps)

[1] A. V. Adinetz, D. Pleiter. Halloc: A High-Throughput Dynamic Memory Allocator for GPGPU Architectures. GPU Technology Conference 2014.
[2] M. Steinberger, M. Kenzel, B. Kainz, D. Schmalstieg. ScatterAlloc: Massively Parallel Dynamic Memory Allocation for the GPU. InPar 2012.
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Benchmarks: Running Time

N
a1
o

n
o
o

150

100

Running Time (seconds)

50

RRIEKRF

Tokyo Institute of Technology

(lower is better)

..2441.5

barnes-hut

collision

@@ DynaSOAr
B2 MallocMC

game-of-life

nbody

©o%1 Halloc

BN BitmapAlloc
34514

Baseline: Without dynamic memory allocation

[(*** CUDA Allocator
[ Baseline (SOA)

ms57l

...9541.4

Baseline (AOS)
L1 Par. Enumeration

01258

[114.4
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wa-tor Fragmentation

1e6 1e6

#objects or #slots

5 1.0
—A— #fish -W - #used slots (#objects)
e -9 #sharks -uf= . #new objects

4 A =4 = #allocated slots -@  #deleted objects 0.8
n
©
D
0.6 8
)
9
Q@
O
04 O
=
)
[
_____ 3*

===r3 0.2

----------- ¥
iterations
0.0
0 100 200 300 400 500
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CompactGpu: GPU Memory
Defragmentation
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Why Memory Defragmentation?

e Space Efficiency: Lower overall memory consumption.
e Performance: Reading/writing compact, less fragmented data requires fewer
memory access transactions.

P LveBlocks(Niype(ry — used(b)) 1 y #free slots(b)
Y_beBlocks Niype(v) #blocks , &= #slots(b)
5 1e6 1e6 10
—h— #fish —W- #used slots (#objects)
c { SOA L 3 ¢ . ired - 9 #sharks -sf= #new objects
(a) Compac ayout: 3 memory transactions require ~ 4 - \‘ A+ #allocated slots @ fdeleted objects 08
VO b2}
On'/ % .i
A T2 e
0x001000 5 8
(b) Fragmented SOA Layout: 6 memory transactions required 8 %’ %
2 ko]
i)
g S
* ++
0x001000 0x008000

0 100 200 300 400 5pQ .
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Why Memory Defragmentation?

e Space Efficiency: Lower overall memory consumption.

e Performance: Reading/writing compact, less fragmented data requires fewer
memory access transactions.

P LpeBlocks (Niype(v) — used(b)) 1 y #free slots(b)
= o . .
. N, #blocks #slots(b)
YT capacity (46) Zb €Blocks t.‘/Pe(b) beBlocks
1
heap: array of M blocks il all blocks have same size (bytes) 1e6 1e6 10
7’ \ / \ [ \ .
fish -V¥- | j
Spring | Node |PullNode| (free) | (free) Node | Node | (free) —H— z : ) : zused sb gtst(#objects)
* Sharks N ' new objects
,,,,, - F .
""""" This block is active YA ~4x - #allocated slots -@ #deleted objects 0.8
bit for object slot i.e., not entirely full) “always 64-bit bitmaps ... § I \ §%)
n e i) \ 1 8
. . . o | 1 2
object allocation bitma| - o a
] obi P Baf o 063
] object iteration bitmap = iy et
S [ L
0x01 slot just allocated ] type id + padding % \‘ | k)
[0]
NodeBase*[64] Spring::n1 Spring*[3][46] NodeBase: GOOD! RCA ! 04 O
NodeBase*[64] Spring::n2 Contributes to float[46] NodeBase::pos_x '8 o W %
float[64] Spring::initial_length fragmentation. float[46] NodeBase::pos_y * ! c
float[64] Spring::stiffness BAD! float{46] Nodezvel x | xS/ ola\ N\ A PN A —— A A *
float[64] Spring::max_force float[46] Nodez:vely | 1T AN T LAY oYW L e 0.2
int[64] Spring::bfs_distance .. but smaller arrays float[46] Nodezmass | B J 5 /NN | T OE Ve T et @t et :
iterations

0.0
572

200 300 400



Block Merging: 1 + 1 =1

Do this in parallel for all eligible blocks:

< 50% full

Cell* Agent::position[64]

Cell* Agent::new_position[64]
int Agent::random_state[64]

int Agent::age[64]

float Fish::spawn_probability[64]

Cell* Agent::position[64]
Cell* Agent::new_position[64]
int Agent::random_state[64]
int Agent::age[64]

float Fish::spawn_probability[64]

heap: array of M blocks all blocks have same size (bytes)

Il

Fish Shark | Cell ‘ (free) | Fish ’

Cell Shark (free)

.................. Take 2 blocks

bit for object slot
/AY

] object allocation bitmap

Cell* Agent::position[64]
Cell* Agent::new_position[64]
int Agent::random_state[64]

int Agent::age[64]

float Fish::spawn_probability[64]

data segment
(SOA arrays)
incl. inherited fields

\_/ This block is active and a defrag. candidate.

< 50% full

Cell* Agent::position[64]

Cell* Agent::new_position[64]
int Agent::random_state[64]

int Agent::age[64]

float Fish::spawn_probability[64]

and

Cell* Agent::position[64]

Cell* Agent::new_position[64]
int Agent::random_state[64]

int Agent::age[64]

float Fish::spawn_probability[64]

I, i.e., not active
. candidate. ™

Cell*[4] Cell::neighbors[48]
Agent* Cell::agent[48]
int Cell::random_state[48]

Running example:
Fish-and-Sharks simulation

73
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Block Merging: 1 + 2 =2

Do this in parallel for all eligible blocks:

heap: array of M blocks

all blocks have same size (bytes)

Il

Fish

Shark | Cell ‘ (free) | Fish |

bit for object slot
/AY

Take 3 blocks

Cell* Agent::position[64]
Cell* Agent::new_position[64]
int Agent::random_state[64]

int Agent::age[64]

float Fish::spawn_probability[64]

Cell KF

chnology

I, i.e., not active
. candidate. -

] object allocation bitmap

data segment
(SOA arrays)
incl. inherited fields

Cell*[4] Cell::neighbors[48]
Agent* Cell::agent[48]
int Cell::random_state[48]

\_/ This block is active and a defrag. candidate.

< 66% full

< 66% full

Running example:
Fish-and-Sharks simulation

< 66% full

need multiple

Cell* Agent::position[64]
Cell* Agent::new_position[64]
int Agent::random_state[64]

int Agent::age[64]

float Fish::spawn_probability[64]

IRnnnmne

Cell* Agent::position[64]

Cell* Agent::position[64]
Cell* Agent::new_position[64]
int Agent::random_state[64]

int Agent::age[64]

float Fish::spawn_probability[64]

Cell* Agent::position[64]
Cell* Agent::new_position[64]
int Agent::random_state[64]
int Agent::age[64]

float Fish::spawn_probability[64]

passes!

still = 66% full

Cell* Agent::new_position[64]
int Agent::random_state[64]

int Agent::age[64]

float Fish::spawn_probability[64]

and

Cell* Agent::position[64]

Cell* Agent::new_position[64]
int Agent::random_state[64]

int Agent::age[64]

float Fish::spawn_probability[64]

and

Cell* Agent::position[64]
Cell* Agent::new_position[64]
int Agent::random_state[64]
int Agent::age[64]

float Fish::spawn_probability[64]




: L SR AR
Block Merging: 1 + n=n |
e S, canbe mergedinto T, if S, and T, are < 50% full.
e S,canbe mergedintoT,, T, ifS,, T,, T, are = 66.6% full.
o S1 can be mergedinto T,, ..., T_ if 81, T,...T ares n/(n+1) full.
e Defragmentation factor n 0 mmi mwo wmo mws mms wems

1o 4  (relocated same object how many times)

can be configured.
o Higher n: Better defrag. guarantees.
o Lower n: A bit faster, fewer passes.

e Blocks that are < n/(n+1) full are 0 -
defrag. candidates (eligible). 02 -

#relocations




il <
RRIERE
okyogstittite of Technology

Handout only: Defragmentation by Block Merging

e After defragmentation:
o| All blecks with fill level < n/(n+1) are gone.
o~ Only blocks-with fill level >in/(n+1) are left-over.
o| Therefore, fragmentation is < 1 -n/(n+1) = 1/(n+1).

e One defragmentation pass eliminates all souree blocks: 7/(n+1) of all

defragmentation candidates:
o| Toeliminate all defragmentation candidates, we-need Iog(n+1) ., feandidates many passes.

6
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Handout only: Defragmentation by Block Merging =~

e Why do we require that alt-n blocks-are < n/(n+71)-full instead-of all blocks
together £100% full? | | |

o| Makes-iteasierto identifiek blocks that contribute to-defragmentation.
o] More uniform-control flow-(similar number of object relogations),

o |s there-a better way to choose-source/target blocks?
o~ Defragmentation candidatestate is encoded in only 1 bit; so no, unless-we use more-than 1| bit.
o| Eventhen, unlikelytoresult in faster defragmentation because there would be more control

flow divergence.
o| Seediscussion inthesis.

7
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Extension of DynaSOAr Block States
(initial state) . fill levels (n = 1) fill levels (n = 2) —

0%

allocated [T]
A active [T]

jdealloc 1% - 50% 1% - 66%
A defrag [T]

~alloc, now dealloc,pow
> n/(n+1) full < n/(n+1) full
aIIocated T
aIIocC A active [[T]] )dealloc 51% - 99% 67% - 99%

oo @llee /s N
now full dealloc
T: C++ class/
allocated [T] struct type 100% 100% 7

alloc

increasing fill level
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Keeping Track of Defragmentation Candidates ="

Algorithm 13: DAllocatorHandle::allocate<T>() : T* GPU

1 repeat > Infinite loop if OOM
2 bid < active[T].try_find_set(); > Find and return the position of any set bit.
3 if bid = FAIL then > Slow path
4 bid <« free.clear(); > Find and clear a set bit atomically, return position.
5 initialize_block<T>(bid);

6 allocated[T].set(bid);

7 defrag[T].set(bid);

8 | active[T].set(bid);

9 alloc < heap[bid].reserve(); > Reserve an object slot. See Alg. 14.
10 if alloc # FAIL then

11 ptr <— make_pointer(bid, alloc.slot);

12 t < heap[bid].type;

13 if alloc.state = LEQ then defrag|[t].clear(bid) ;

14 if alloc.state = FULL then active[t].clear(bid) ;

15 if t = T then return ptr;

16 | deallocate<t>(ptr); > Type of block has changed. Rollback.

17 until false;
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Defragmentation Overview

BN~
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5 Institute of Technology

Tokyo

Defragmentation is manual: Programmer has to initiate defragmentation.
Programmer specifies the C++ type that should be defragmented.

Choose source/target blocks
Copy objects from source to target blocks
Store forwarding pointers in old locations.

Scan the heap and rewrite pointers to old locations.

Update block state bitmaps.
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Step 1: Choose Source/Target Blocks

defragmentation candidate bitmap : uint64_t[M/64]

| ©|© () O ©| ©| @ | © ©
sEEENEEREEEEE R EE SRR =
indices :int [M]
= (_Jorder-preserving Parallel prefix sum

o|<|w|~N T EIR2IK stream compaction
R:int[r]

source target (1) target{(2)

blocks blocks }cks

) T S ﬁ\',\ pos ow\ S leftover block
R:int[10] jofsrwi~ 5| 55| & = Q| | (if #blocks is not

/ \ \ divisible byn)

thread assignment: to t64 t128

10
#source blocks B = {—J =3

téS t1é7 1:1-91 3
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Step 2: Copy Objects

e Fully parallel-One thread.per source.object slot
e - No synchronizationnecessary:'Every thread can compute its source/target
object slot/block index-based-on R, thread ID and object allocation bitmaps.

< source target(1) target (2)
object allocation bitma blocks blocks blocks
: | p | _—
object iteration bitmap ! A v q‘"\ — m‘ = leftover block
S . . Rint [10] |o|sr|wir~| S| S | S| | | (if #blocks is not
0x01 | ) type id + padding a0 \ divisible by )
NodeBase*[64] Spring::n1 thread assignment:  t;  tg, 118 5
NodeBase*[64] Spring::n2 data segment 5 : : #source blocks B = [?J =3
float[64] Spring::initial_length (SOA arrays) ta hz7 | gy
float[64] Spring::stiffness incl. inherited:fiefds
float[64] Spring::max_force
int[64] Spring::bfs_distance j
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Step 2: Copy Objects

ex. thr. assignment

source object
allocation bitmap

target (1) object
allocation bitmap

target (2) object
allocation bitmap

t_bitmap (i=1)
t_bitmap (i = 2): loop breaks before i = 2

fill level
18/32
(56%)

20 /32
(63%)

24 /32
(75%)

defrag

s_bitmap
t_bitmap (i = 0)
t_bitmap (i=1)

t_bitmap (i = 2): loop breaks before i = 2

RR LIRS

okyodgstitdte of Technology

fill level
0/32
(0%)

32/32
(100%)

30 /32
(94%)
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Step 3: Store Forwarding Pirs. in Source Blocks

RRILEKRF
Skyoudstitdte of Technology

e Overwrite data segment of source blocks with forwarding pointers.

0x01

Spring*[64] forwarding_ptrs;

7\ I\

7\

object allocation bitmap
object iteration bitmap
type id + padding

data segment
(SOA arrays)

incl. inherited fields
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Step 4: Rewrite Pointers to Relocated Objects

e Conceptually:Aparallel do-all operation
paralleldo<NodeBasej;—&AllocatorfT::Base: :rewrite field<NodeBase, 0>>()

NodeBase springs Spring
. . somes, Servg 7 oo
FII’St ﬂeld (IdX 0) Of NOdEBase g?sTalss‘t)%l:c?:::tt 0.3 -Es)tiff'nlesls:flgat
. * :pos_xs oat :initiaTen: oat
has type Spring*[3]. s o 2 e
wvisit) -delete_flag : bool
+delete_node() p2 +compute_force()
+remove_spring() +delete_spring()
e We are rewriting every-field that
could potentially have a pointer
AnchorNode Node
. -vel_x:fl
to-a relocated object. el foa
-mass : float
. + . +update()
e Discussion: C++Boehm GC{1]
AnchorPullNode
[1] H! J. Boehm. Space Efficient Conservative Garbage VBl flod
Collection. PLDI 1993. e
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Step 4: Rewrite Pointers to Relocated Objects S
e Conceptually:Aparallel do-all operation
paralleldo<NodeBase;~&AllocatorT::Base: :rewrite field<NodeBase, 0>>()
source target (1) target (2
Feourcs Bivcke B< [ﬂ J 3 blocks blocks blocks
template<typename T, int Idx> 3 \\7\\ v | \7 '/T//
void AllocatorT Base::rewrite field { R:int[10] {o|<|w|~SISIS B3R
void** addr = &get field<Idx>(); -
int s _bid = extract_bid(*ptr);

/\ /\

if (s_bid < R[B] && defrag[T]|[s_bid]) {
int s_oid = extract_oid(*ptr); 0x01 )
*ptr = heap[s_bid].data.forwarding ptrs|[s_oid]; 3
} Spring*[64] forwarding_ptrs;

)



Experimental Results

collision
16 1e5
ol o ==+ nodefrag
1.4 \‘ o —— i
12 % \ —k— n=5
5 % @ n-=10
10 1% \
1
\
0.8 1
\
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\
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0.2 \\~~ {
iterations it e T P ———
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—#— Recompute-Shared

defragmentation factor (n)
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O defrag
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2 d i 2

iterations
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—

O defrag
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Conclusion
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Conclusion

e (bject-oriented programming is not slow if properly optimized.

e This thesis: 3 memory access optimizations, eliminating OOP overhead.
o An embedded SOA data layout DSL for C++/CUDA.
o DynaSOAr: A dynamic memory allocator with efficient memory access.
o CompactGpu: A memory defragmentation system for GPUs, bringing performance of
dynamically allocated memory accesses closer to SOA layout performance.
e Potential future work
o Integrate Ikra-Cpp into a high-level language (e.g., as part of Ikra-Ruby).

o Explore iffhow SMMO can be extended to a functional OOP style.

o Give programmers more control over data placement of dynamic allocations.
o Develop a metaobject protocol based on Ikra-Cpp’s data layout DSL.
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GPU Memory Defragmentation
GUGRINAR CompaciGpu

Philipsen ISMM 2019 RET¥AY
MSPC 2012
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Future Research Directons 7%

]

2]

3]

ls SMMO suitable‘ for garbage collected languages?

In SMMO; we run a method-for att"heap- -allocated-objects. These objects are not necessarlly reachabfe from other |
objects and a GC-may delete them.

Can SMMO be generalized to functlonal OOP 11, 2]’?

In-funetional OOP; the state of objectslis |mmutable. Changing a field-of an object results_in-a new|object. We would
require aparallel_map instead-of a parallel_do. How does this-affect object allocation? Furthermore, how
easy/intuitive wilksuch a-programming model be forprogrammers?

Can we give programmers more control-over the placement of aIIocatlons’?

This_could improve-memory coalescing and cache utilization but it is a-tedious job.

Possible-direction: Let programmers provide-a comparator function-(as used in-sorting) and use.it to select actlve
blocks. We would-need to keep more blocks active-than before, |thus-i mcreasmg fragmentation:

Can tkra- Cpp s DSL be extendedto a fully- fledged metaobject protocol [3]’?

M. Felleisen. Functlonal Objects In ECOOP 2004.

K. Emoto, K. Matsuzaki, Z. Hu, A Morihata, H. Iwasaki. Think Like a Vertex, Behave Like a Function!- A Functional DSL
for Vertex-Centric Big Graph Processing. In: ICFP 2016. | _
S. Chiba. A Metaobject Protocol for C++. In: OOPSLA 1995. - : 03
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Backup Slides
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What are the Benefits of OOP? R

e Many applications have an inherent object structure (e.g., in agent-based
modelling). We want the code to reflect this structure.
Benefits: abstraction, encapsulation, inheritance, ...

e Code is more readable compared to a hand-written SOA layout, e.g.:
o  OOP: parent_->children_[child_index_] = single child;
o SOA: TreeNode_children[TreeNode child_idx[id]][TreeNode_parent[id]] = single child;

e \Without dynamic memory allocation, programmers must maintain an
inactive bit for deleted object or entirely rewrite the application (or
implement their own allocator). See wa-tor example in the thesis.

e Richer type information: Type checker can detect programming mistakes
earlier and programmers do not have to maintain type IDs (see barnes-hut).
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wa-tor with/without OOP/Dyn. Mem. Allocation

Agent

-position : Cell*
-new_position : Cell*
-random_state : curandState t

Cell

N

-neighbors : Cell*[4]
-neighbor_request : bool[5]

JAN

4

-agent : Agent”
-random_state : curandState t

neighbors

+prepare()
+update(
+request_rand_neighbor()

Fish

-spawn_timer : int

+prepare()
+update()

+request_rand_fish_neighbor()

Shark

-spawn_timer : int

-energy : int

+prepare()
+update()

(a) with dyn. alloc.

4

RRIEKRZF
Skyo Institute of Technology

Cell

neighbors

-neighbors : Cell*[4]
-neighbor_request : bool[5]
-cell_random_state : curandState_t
-agent_random_state : curandState_t
-agent_new_position : Cell*
-agent_spawn_timer : int
-shark_energy : int
-agent_type : int

(b) without dyn. alloc. (methods omitted)

All fields are merged into a single
structure in (b).

The structure/network of cells is fixed, so
they can be statically allocated.
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Thread Assignment during parallel do

d_allocator->parallel_do< object iteration tes o5 tes 67 tes teo 7o 174 ti27

Spring, &Spring::compute_force>() bitmap \% §

VW
VW
VW
VW
VW
VW
W

"""""""" ]thread
............. mask
0x01 Yy yv
- S|V N B|2| 8
NodeBase*[64] Spring::n1 —|IR|o|o|= 3|6~ =
NodeBase*[64] Spring::n2 L. ojo|e|o| ||| N
float[64] Spring::initial_length .= A AR A coalesced access

.
..
---
.
L

__device__ void Spring::compute_force() {
float disp = max(0, dist(n1, n2) - initial_length;
float force = stiffness * disp;

Nspring = 64 if (force > max_force) destroy(d_allocator, this); }

float[64] Spring::max_force
int[64] Spring::bfs_distance
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Thread Assignment during parallel do

e Same algorithm is used for

blo

selecting source blocks in

P B R o] IS oY B PN R g o R Ea] e B R Ly
c|lcl < c cClolS| ST | ST 1] e CompaCtGpu
indices : int[M]  (concept. same as compacting this arr.) )

bitmap_as_int : int[M]

exclusive

prefxix sum convert to int arr.

O |||~ ([N|MO| DO MD MM T |IT|O (O
prefix_sum : intM] - fori - 0to M- 1 in parallel do
stream R :int[] if bitmap[i] then' .
compaction = R[prefix_sum([i]] =i
O ||~
result il |l e::d
consecutive {\ t\ \t‘\’[
0 192 "0 64 __ thread assignment:

threads

per block ~ g3 tss tes tizr

strided by #threads "n"
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Additional DynaSOAr Optimizations
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Hierarchical Bitmaps: Finding set bits in a large bitmap is slow. We can find
bits in a hierarchical bitmap with a logarithmic number of accesses.
Allocation Request Coalescing: A leader thread reserves object slots on
behalf of all allocating threads in the warp.

Efficient Bit Operations: Utilize bit-level integer intrinsics (e.g., ffs).
Bitmap Rotation: To reduce the probability of threads choosing the same bit,
rotate-shift bitmaps before selecting a bit (i.e., before ffs etc.).

Retry Active Block Lookups: If no active block could be found (e.g., due to
bitmap inconsistencies), retry for a constant number of times.
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Max. problem size rel. to DynaSOAr

RRIEKRF

Benchmarks: Space Efficiency

BEE DynaSOAr  [E28 Halloc EEE Baseline (SOA) (higher is better)
22 MallocMC BN BitmapAlloc Baseline (AOS)
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wa-tor: Pinpointing DynaSOAr’s Speedup

—A— DynaSOAr —¥~ BitmapAlloc
-3¢ DynaSOAr-NoCoal DynaSOAr-NoCoal-NoShift

2 ~®- DynaSOAr-NoShift

©

£ 107

|_

(@)

c

c

c

)

o

C

§e]

©

o 10t

iterations
—_—

0 100 200 300 400 500
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wa-tor Scaling Benchmark #blocks ;.
25 12 - = 1.0
—— DynaSOAr —W— BitmapAlloc :
-3¢ MallocMC CUDA Allocator
- 20 ~@- Halloc ~+l=- DynaSOAr (+enumeration) :| 0.8
£ ] .
° E
E 15 =] 06
g :
c -
S 10 | 0.4
oc -
z :
o .
05 | 02
: bl -
0.0 — ——— ",
0 2000 4000 6000 8000 10000

B

Blocks

DynaSOAr frag.: (#alloc.-#used)/#alloc

#free slots(b)

#slots(b)

RRIEKRF

okyo Institute of Technology
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Linux Scalability Benchmark: Pure (de)alloc

Running Time (ms)

w Y ]
1400 - —A— DynaSOAr e
-9 MallocMC 1
"N
1200 ~@- Halloc =
—W~ BitmapAlloc e
'O
1000 CUDA Allocator :3
'3
800 50
600 |5
T
N
400 |=
Q.
©
G.) "
200 |< It
N 3 i l:
) ' #alloc. per thread _
0 —— .z ~—1
0 200 400 600 800 1000
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Com paCtG pu Microbenchmark Results
» 1e5
%5_ n=1f n=2 n=3 n=4 | n=5F 06
s | 5 A \ [ fragment. actual 9
24\ v 3 { 3 3l 1 level ~—- worstcase ' Passes s
8 b 1] i 2 \ ] \ ] S
s & H g g A 8 1 04 8
2 \\ o \ - P ) < N 5
] \ 1 - by ¢ - 0w I b § £
N L8 N\ T R o e
1<) ~ M <
g, NP LT e I
o —— e Ptk L e R bt abtEF Pr—————
0 0 5 10 0 5 10 15 0 5 10 15 20 0 5 10 15 20 25 30

e In reality, we need fewer defragmentation passes to eliminate all

defragmentation candidates.
o Fewer than the theoretical worst-case #passes: Iog(n+1) , #candidates
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CompactGpu Benchmark Characteristics

Benchmark A;lils:' ill{:l‘:l’sr n | #Defrag | #Passes Rgzttile Defrag | Scan | Copy | Rewrite
Synthetic (60% frag.) | 2,097.2 MB 1] 3 1 18 n/a 44| 40 6.7 35.5
collision 5.7 MB 1(10 200 186 || 3,698,945 6| 17 7§ 8
generation 57.4 MB 1] 2 500 537 56,830 191 80 17 85
structure 589 MB 3110 100 368 || 305,846 140 | 54 16 65
wa-tor 1,107.6 MB 1| 2 38 43 7,729 49 7 14 20
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