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How are Technology and Applications
Reshaping Systems?

Moore’s Law and Dennard Scaling
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Moores law
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Goal: Sustain Performance

Scaling

» Performance scaled with
number of transistors
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« Dennard scaling*: power
scaled with feature size
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From betanews.com

*R. Dennard, et al., “Design of ion-implanted MOSFETs with very small physical dimensions,” IEEE Journal of Solid State Circuits, vol.
SC-9, no. 5, pp. 256-268, Oct. 1974.




Post-Dennard Performance Scaling

ops . ops
Perf| 222 = Power (W) x Efficiency L

s joule
W. J. Dally, Keynote IITC 2012 l"

Memory Cost + Operator_cost + Data_movement_cost
| S —

v

Specialization 2 heterogeneity and
asymmetry

*S. Borkar and A. Chien, “The Future of Microprocessors, CACM, May 2011

4th Generation Intel® Core™ Processor Die Map
22nm Haswell Tri-Gate 3-D Transistors

Multithreaded Cores and
Vector Units

Processor
Graphics

AMD Trinity

DDR3 Controller

eneral Purpose Graphics
Processing Unit (GPGPU) - Bulk
Synchronous Parallel Model
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Asymmetric vs. Heterogeneous

N

Performance Asymmetry Functional Asymmetry

Tile Tile

Tile Tile

Tile Tile
=

Tile Tile

/

Little Core
(in-order)

Big Core
(out-of-
order)

Multiple voltage and frequency islands

 Single Instruction Set
Architectures (ISA)
« Commodity software stacks

FTUIT[ www.altera.com 4 5
Micron’s Automata Processor Microsoﬁ.Research: Web
Search with FPGA Accelerators

From theguardian.com

From www.micron.com




A Data Rich World

Large Graphs

Mixed Modalities and
levels of parallelism

Irregular, Unstructured
Computations and Data
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Trend analysis

The Digital Uniyers_e

357ZB
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“Between 2009 and 2020, the A
information in the Digital
Universe will grow by a factor of
44; the number of “files” in it to 44X
be managed will grow by a
factor of 67, and storage
capacity will grow by a factor of
an 0.8ZB ¥

Data is consuming more space ($$)

J. Gantz, “A Digital Universe Decade — Are You Ready?” ver. 4-26-2010
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Memory Power Costs

mMemory is consuming an
increasingly large percentage
of the processing node power

nConsider memory (power)
costs for a full scale data
center

- System Scale

System Active Power?

Power Platform
Delivery 15%
27%

CPU

Memory 35%

23%

Data is consuming more
energy!

H. David, et.al., “RAPL: Memory Power Estimation and Capping”, ISLPED 2010.

Shift in the Balance Point

fgf:nf;:cess Operation Energy (pJ)

[ Core ][ Core ] [ Core ][ Core ] 64-bit integer operation 1
, 64-bit floating-point operation 20
rsns [ Li$ ][ Li$ ] [ Li$ ][ Li$ ] 256 bit on-die SRAM access 50
10’s s [ Last Level Cache ] 256 bit bus transfer (short) 26

256 bit bus transfer (1/2 die) 256

100’s ns [ DRAM ] Off-dielink (effcient) 500

256 bit bus transfer(across die) 1,000

J1ooosns 868608 DRAM read/write (512 bits) 16,000

HDD read/write 0(10)

28nm 105, DDR3 Courtesy Greg Astfalk, HP

mRelative costs of operations and memory accesses
m Time and energy costs have shifted to data movement
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Post-Dennard Performance Scaling

N - A

Perf (@) = Power(W)x Eﬁ%’ciency( ops )

s joule
W. J. Dally, Keynote IITC 2012 l"

Memory Cost + Operator_cost + Data_movement_cost

v v

Specialization 2 heterogeneity and Three operands x 64 bits/operand
asymmetry

Energy*= # bits x dist — mm x energy — bit — mm

*S. Borkar and A. Chien, “The Future of Microprocessors, CACM, May 2011

N -! - -! -

Systems Should Be Designed to be
Optimized for Data Usage
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e Drivers

« High Performance Relational Computing _
= The software stack
= Relational algebra and arithmetic kernels

« Benchmark Repository

« Near Memory Processing

Relatlonal Queries and Data Anal

Walmart =The Opportunity

= Significant potential data parallelism
amaZOI‘I com = High memory bandwidth and compute
77 andyou'e done: bandwidth of accelerators*

E’@( NAsDAq nThe Problem

m Need to process 1-50 TBs of data2

» Fine grained computation
facebook . .
= 15—90% of the total time spent in data

movement ! (for accelerators)

1B. He, M. Lu, K. Yang, R. Fang, N. K. Govindaraju, Q. Luo, and P. V. Sander. Relational query co-processing on graphics processors. In TODS,

2009.
2 Independent Oracle Users Group. A New Dimension to Data Warehousing: 2011 IOUG Data Warehousing Survey.
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(0]
mFraud detection L
m Looking for patterns in data sets 2
3
4 5

mRetail Forecasting
m Processing billions of sales events each week

mRisk Assessment
m Insurance quotations for automobile and health

Red Fox: HPRC on Accelerator Clouds

> ’
Cd
|

> Fraud Detection

LargeQty(p) <- Qty(q), q > 1000. . .
Retail Forecasting

Risk Assessment

New Applications
and Software Stacks

L
S

L
rd

Accelerated Clouds

New Accelerator
Architectures

v
Relational Computations Over Massive Unstructured Data

Goal: Sustain 10X — 100X throughput over multicore using
GPU Accelerators




Red Fox: Goal and Strateg

GOAL
Build a compilation chain to bridge the semantic gap between

Relational Queries and GPU execution models
10x-100X speedup for relational queries over multicore

Strategy
1. Optimized Design of Relational Algebra (RA) Operators

1. Fast GPU RA primitive implementations (PPoPP2013)
2. Multi-predicate Join Algorithm (ADMS2014)

2. Data Movement Optimizations (MICRO2012)
3. Query level compilation and optimizations (CGO2014)

4. Out of core computation

source Language: LogiQL

« LogiQL: A declarative programming language based on
Datalog

e Find more in http://www.logicblox.com/technologyv. himl

« Examples

1 number(n)->int32 (n) .

2 number(0).

3 /] other number facts elided for brevity
4 next(n,m)->int32(n), int32(m).

5 next(0,1).

6 // other next facts elided for brevity

7 .

g even(n)-> int32(n). g:gﬁ;fi;v:

even(0).

10| even(n)<-number(n),next(m,n),odd(m). |
1
12_odd (n)->int32(n).

13| odd (n)<-next(m,n),even(m). |

LogicBlox

1/8/16

10



Domain Specific Compilation

—
Haicheng Wu

tr(x,vy,z) < E(x,y),E(y,2),E(x,2),x<y<z.

LogiQL Queries Joint with LogicBlox Inc.

LogicBlox Front-
End

m Dﬁ:ﬂ Query Plan N

Language
Front-End

Machine

” Neutral Back-
End |:>

BBBE6

src-src RA-To-PTX > Translation
Optimization (nvee + RA-Lib) RA
7 Primitives Layer
Kernel IR NoNs 5mazon |Ec2
N “ webservices™
| Y L
Er / . IA I

Red Fox TPC-H (SF=1) Comparison with Multicore CPU

. -
Based on NVIDIA Geforce GTX Titan
and LogicBlox v4.0 RT

2
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S w0/
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* On average (geo mean)

* GPU w/ PClIe : Parallel CPU = 11x
* GPU w/o PCle : Parallel CPU = 15x

Find latest performance and query plans in
http://gpuocelot.gatech.edu/projects/red-fox-a-compilation-environment-for-data-

warehousing/

22
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Multi-Predicate Join Algorithm

¥ N

tr(x,v,z) < E(x,y),E(y,2),E(x,2),x<y<z.

» Goal: Implementation of Leapfrog Triejoin (LFTJ)
on GPU

= A worst-case optimal multi-predicate join algorithm

s Details (e.g., complexity analysis) in T. L. Veldhuizen,
ICDT 2014

o Benefits

= Smaller memory footprint and data movement

= No data reorganization (e.g. sorting or rebuilding hash
table) after changing join key

« Approach
= CPU version
o CPU-Friendly GPU version
= Customized GPU version

mFinding cliques Multi-predicate

- / S
= triangle(x,y,z)<}E(x,y),E(y,z),E(x,2)} x<y<z. Jy

= 4cl(x,y,2,W)<tE(x,y),E(x,2),E(x,w),E(y,Z),E(y,w),E(z, W)} x<y<z<w.

0123

VRTY

123345

H. Wu, D. Zinn, M. Aref, and S. Yalamanchili, “Multipredicate Join Algorithms for Accelerating Relational Graph Processing on
GPUs,” Proceedings of ADMS, September 2014

W NN = O
ahwWwwNH

4 5
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140 1 ToTSPL-OpHmized Red Fox Optimized
Q 120 1 —~LFTJ-CPU
— 9 | —4— Redfox
=T oI 100 -Ao —> Red Fox (standard)
o & 80
[=)]
55 w L . 100X
; S 40
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25
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~
o' 3 15 —e—GPU-Optimized
o= 2 -0+- LFT3-GPU
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= 5 - e et O,
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Algorithmic Innovation can Deliver
Performance but Data Movement?
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Getting

to Out-of-Core Data Sets

LogiQLQueries Haicheng Wu

=5

3

LogicBlox RT parcels
out work units and Red Fox extends

manages out-of-core LO g IC B lOX RT LogicBlox environment to

data. support accelerators

GPU GPU GPU
~512 Cores ~512 Cores ~512 Cores ~512 Cores

GPU MEM GPU MEM GPU MEM GPU MEM
~6GB ~6GB ~6GB ~6GB

MAIN MEM MAIN MEM MAIN MEM MAIN MEM
~128GB ~128GB ~128GB ~128GB

CPU (Multi Core) CPU (Multi Core) CPU (Multi Core) CPU (Multi Core)
2-16 Cores 2-16 Cores 2-16 Cores 2-16 Cores

 Cluster-based memory aggregation

« Hardware support for global non-coherent, physical
address space system

« Change the ratio of host-memory : GPU-memory

« Oncilla runtime (HPCC2012, Cluster2013)

14
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Overview

DR &

e Drivers

 High Performance Relational Computing

« Benchmark Repository _

« Near Memory Processing

Common Patterns

L e ' 2 |
The frequently occurring patterns of
operators in the TPC-H benchmark suite

Multicore x86
CPUs, Gen, and
Phi

Relational Algebra Operators
- PROJECT - SELECT

- INNER JOIN - CROSS PRODUCT

- SET Family (SET INTERSECTION, -REDUCE
SET UNION, SET DIFFERENCE)

- REDUCE BY KEY - UNIQUE
- SORT

15



he Scalable Heterogeneous Computing Benchmark Suite

F . - A 2
Courtesy: Oak Ridge National Laboratories Jeffery Young

« Early focus on scientific

10 - 3500

computing workloads [ =
« Kernels implemented in E )
CUDA, OpenCL MIC port was s
developed in collaboration o e
with Intel - o
= System and stability tests s )
o Multi-accelerator & cluster PP cR0PS
scale support Max FLOPS Benchmark from SHOC

* Our current efforts > adding Red Fox kernels, TPC-H
microbenchmarks, and TPC-H queries

-Danalis, et al, The Scalable HeterOgeneous Computing (SHOC) Benchmark Suite, GPGPU ‘10
-https://github.com/vetter/shocOur

. _M' N - _! -

e Drivers
 High Performance Relational Computing
« Benchmark Repository

« Near Memory Processing _

1/8/16
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Kim (CS), Mukhopadhyay (ECE), Yalamanchili (ECE)
Collaborative Discussions with Intel Labs (N. Carter)

« Move Analytics Primitives
(RA) into the memory system
= Data movement optimization
= Data locality optimizations

 Explore novel programming
models and abstractions

 Explore novel compute and
memory architectures
= Memory consistency and

Near Memory Data Intensive Computing

coherency models
= Integrated thermal and power
management

Processor

= Parametric, C++ processor

generator environment Memoi
= Harmonica v2 in Altera Memory |
FPGAs Memo |
= Assembler, emulator, and I I T
"nker [ Network + Cache?

Many Core Processor

= OpenCL programming
environment and
Compiler (in progress)

Platform Architecture

Chad Kersey
Meghana Gupta
= RISC ISA

» C++ generator flow

= gcc compilation support

= Basic multicore/
multithreaded support

» Testing with cycle level
simulators (in progress)

Stream Multiprocessor

A\

Control )

=5 &

Execute Memory
Instructions Operations

Instructions
EIEE--&
lemory
HARP Core

RISC Core

1/8/16
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Heterogeneous Architecture Research Prototype (HARP)

. - o F
: ' [Writeback | !
] n Logic H
| Pred
i N Regs o
D R e Feich( ~ " PredRiegs)
Data
Cache
. /* Return in r0 dot product of vectors
° Customlzable, ui rTal Z:lges guir/\ted to by r0 and
Y rl, length in r2 *
multithreaded, SIMD soft  doteros: 1di 3, w;
dploop: }g §r‘g, §r2' :g: 4wl6/16/8
v6. 2l 805 e e &
core subi 2r2, %2, 4L | AliBroe
s Generated from an addi 20, r0, __WORD: "Word" inst. enc.
. o[ . ddi Zrl, Zrl, __WORD:
architecture specification rtop @0, 42" 16 GP regs.
fmul 2rd, 2rd, Zr6: 16 pred. regs.
 Supported by a generated Fadd 3, 3, #rds L
Bp0 ? jmpi dploop: lanes
HARP Tool assembler/ ot 70, 23, wo; . :
. jmpr 2rGs ignored by assembler/linker
linker/emulator

« Small - ~1500 lines of C++

CHDL Tool Chain

C++ Source .ved
#include <fstream> Stinescale 1 ns Send o o
i 4 1 x x Send
pirclude CcrlehOL®> [N i e Vertically integrated
int main) { Y CAD environment
using namespace std: 1x
using namespace chdl: :E
+ = + - #3 ]
node x3 x = Reg(1x); TAP(): s « Strong emph351s on
timize(): Waveforms Lh
ggsw;ﬁ ved( "sample,ved" ) : Signals | Waves code reusablllty
run(ved, 1003 Tine | e 4
ofstream netl{"sample.netl"): x
t.:chmap(netl)i ¢ . N ‘ d 1 f
stream verilog{"sample,v"); S —
grint,vgrilog(“gop"? Serilog); Netlist ° Same mo e Or
return 03 1t 1
ot generating both gate
%1
] desian level and system level
Verilog IIJEg é 2 . .
e ent \ simulations
7 SPICE Netlist
e « CAD tool interfaces
uire __x0; ’
reg _xl: SPICE Simulation \4 3 1
B | ) SEICE Simua * v2 running in Altera
begin o
Thew | e | FPGAs
aluays @ (posedge phi) E. ‘ A H 1
begin 5
_xl &= __x0: :
end . :
odile 1 BT

18



Project Elements

Thread-I Thread-II Thread-III
Understanding
Architecture Trade-offs
and Application Analysis
p \ Benchmarks
Cycle-level timing ) conversion
| " modeling | FARP Sore with OpenCL
> < esign - With JpentL ¢
. > < OpenCL->
Energy modeling HARP SOC HARP
([ Applicaton ) . design \___compiler )
Profiling HARP Kernel PIM .
Techniques based run-time
N 7 ) system
| evaluations ) : )
( \
HARP Kernel PIM driver
Programming
\ —————
HARP-core
+PCI-E
—

Modeling
— —
pArchModel  _______________
CUDA ' ( Macsim )(vaultsim )( DRAMSIm ) ! Integrated
Kernel 9 Trace 93 (cHDL) (MemHierarchy ) % PNM System
T TTTTTTTT Tt I Model
! sST ;
| System-level Toolchain _ oo
Low-level Toolchain
FPGA
Harmonica Harmonica Arch RTL FPGA + Micron HMC
(CHDL) (Verilog RTL) K Gate-level Simulation
Hardware Synthesis
) Support Modules
Implementation (Cache, FPU, etc.)
Parameters
Har Integrated

CUDA __ prx— 2 ! Harptool Hap PNM Gate-Level

Kernel Asm. Binary Model

OpenCL

Kernel

1/8/16
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System Model: Summa
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Large Graphs

ghotos strategicCommunications §5 £
NeW WOTKg, ", £ &

i Information i

ions. "%

Domain Specific Languages

e.g. GAS, Virtual DIMMs, etc

o

NnVID! NnVID!

‘ System Abstractions ] Cluster Wide Hardware Consolidation

Hardware Customization

pe
egicCommunica’

i new woi
L «Information 4

Large Graphs

= e Ee
= JECHNOLOGIES
s
4 STORAGE ™

SETS DIV

Thank You
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