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Definitions

ÅBig Data ¹occupies one or more data centers
ÅIn exascaleterms, one exa-bytes

ÅMachine Learning ¹HPC on Big Data
ÅIn exascaleterms, Exa-Flops on Exa-Bytes

ÅBDML ¹Big Data Machine Learning

ÅBDML challenge is energy
ÅEnergy for Exa-Flops
ÅAccelerators (faster for less energy)

ÅEnergy for moving Exa-Bytes
ÅAccelerators that minimize data movements
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Processor-Centric Energy Point of View

Mark Horowitz
ISSCC 2014

ShakharBorkar
IPDPS 2013

Bill Dally
HiPeac2015

Is this applicable to Big Data Machine Learning?
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The Energy Challenge 
is in Data Movement

ÅBDML for health care: 10B persons × 1TByte = 1022

ÅSparse subset: 1% persons, 1% data
ÅOnly 1018 (EXA-Bytes)

ÅPrecision Medicine: R-dimensional correlations
ÅIntractable: nRcompare operations, n=100M, R=1000

ÅάLightέ low-dimensionality correlation:
Ån=10M, R=4, compared data items are 100 bits
ÅLocal data access (HMC DRAM): 10 pJ/bit
ÅNear neighbor data access: 50 pJ/bit
ÅAt 100 MWatt (100,000,000 J/sec) per data center, 

just accessing the data will take 10,000 years
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What can we do?

ÅAlgorithmic decomposition 
Åinto sequences of two-dimensional correlations

ÅProblem decomposition
ÅInto smaller populations (that fit in accelerators)

ÅInto converging relaxations

ÅGoals:
ÅMinimize communications

ÅStream: use each networked item only once

ÅAccelerate access-and-process: PIM
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Best Green500
SuperComputer: 
5 GFLOPS/Watt

Mark Horowitz, ISSCC 2014

Goal for BDML:
1 TFLOPS/Watt

Power Target for 
Accelerated BDML HPC Data Centers
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Outline

ÅSparse matrix multiplication accelerators
ÅAssociative processor (AP)

ÅAssociative processor using resistive memory

ÅGP+SIMD

ÅGP+SIMD using resistive memory

ÅCompression for SpMv: faster, lower energy
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ÅAP based PIM
ïMinimize CPU-SIMD data movement

ÅDuring sequential execution: 
ïAP serves as LLC

ÅDuring parallel execution: 
ïAP serves as SIMD

Associative Processor

Associative Processor to replace SIMD and LLC



10

Reduction Tree
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Input
X

01
3F
11
89
A5
B3
00
0E
C1
4B
02
5B
01
2D
FF
11

Associative Processing Array

Ù ÌÏÇὼTruth Table

0 Њ
1 0
2 ρ.000
3 1.585
4 2.000

254 7.988
255 7.994

Output
Y

Calculating 9 ÌÏÇὢ ὢis the 8-bit vector)
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Compare to 00
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*

Calculating 9 ÌÏÇὢ ὢis the 8-bit vector)
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Write   Њ
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Calculating 9 ÌÏÇὢ ὢis the 8-bit vector)
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Compare to 01
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Write   0
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Compare to 02
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Write   1
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Compare to FF

01
3F
11
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ÌÏÇὼTruth Table

0 Њ
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*

Calculating 9 ÌÏÇὢ ὢis the 8-bit vector)
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Write 7.994
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0 Њ
1 0
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0
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4.087
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7.366
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Њ
3.807
7.592
6.228
1
6.507
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5.491
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*

Calculating 9 ÌÏÇὢ ὢis the 8-bit vector)



ÅFixed point:
Åάbit addition: ὕά

Åάbit mult/div: ὕά

ÅRegardless of number of PUs/data elements

ÅFloating point: 
ÅIEEE SP multiply: 4,400 cycles 

ÅFused Multiply Accumulate (FMA): 6,000 cycles

ÅRegardless of number of PUs/data elements
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Associative Arithmetic
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Five approaches researched:

ÅFully Associative (AP)

ÅMultiplication by CPU, rest by AP 
(AP+MULT)

ÅAccumulation by CPU, rest by AP 
(AP+ACC)

ÅFMA by CPU, pair matching by AP 
(AP+MULT+ACC)

ÅAll by CPU (CPU)
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Comparing the Five Approaches
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SpMM AP Performance 
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NVidia K20 [9]
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ÅCompare
Å The Match/Word line 

precharged.
Å Key set on Bit and ~Bit. 
Å If all bits in a row match the 

key, the Match/Word line 
remains. 

Å If at least one bit is 
mismatched, the 
Match/Word line discharges 
through an Ὑ memristor.

ÅWrite
Å Step 1: ὠ asserted on BL
Å Step 2: ὠ asserted on ~BL
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ÅConverting a memory crossbar into a 
massively parallel SIMD processor
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Å Enabling a 100M PU AP
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GP-SIMD
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Cycle 1: RC=0, RA=A0 Cycle 2: RB=B0 

  
Cycle 3: RB=RA+RB+RC, 
               RC=Cout, RA=A1  

Cycle 4: S0=RB 

  
Cycle 5: RB=B1 Cycle 6: RB=RA+RB+RC, 

               RC=Cout, RA=A2 

 

ROW ROW 

ÅBit serial arithmetic
Åάbit addition is 3ά=ὕ(ά) cycles
Åάbit multiplication / division is ὕ(ά2) cycles

ÅDoes not depend on data set size! 

Example: Vector Addition
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Feature GP-SIMD

8Mx256

Area ἵἵ

Power ~80W

FLOPs 9.6TFLOPS@ 3GHz

Memory Architecture

100 GFLOPS/Watt
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ÅN×M Multiplier matrix A

ÅM×L multiplicand matrix B

ÅStored in the Coordinate List (COO) format 
ÅNonzero elements stored along with their row and 

column indices)
PU Val Row Col Unallocated

1 ὃȟ 1 1

2 ὃȟ 1 2

3 ὃȟ 2 1

4 ὃȟ 2 2

5 ὄȟ 1 1

6 ὄȟ 2 1

7 ὄȟ 1 2

8 ὄȟ 2 2

A B

ὃȟ ═ȟ ὄȟ ὄȟ

ὃȟ ὃȟ ὄȟ ὄȟ

Example: Executing SpMM: Storage Format
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ÅMatch the row-elements of B with the appropriate 
column-elements of A (Namely, match ὃzȟwith ὄȟz).

PU Val Row Col T1 Unallocated

1 ὃȟ 1 1

2 ὃȟ 1 2

3 ὃȟ 2 1

4 ὃȟ 2 2

5 ὄȟ 1 1 ὃȟ

6 ὄȟ 2 1 ὃȟ

7 ὄȟ 1 2 ὃȟ

8 ὄȟ 2 2 ὃȟ

ὉὼὩὧὸὭάὩȡ
ρ ÌÏÇὓ ρ

A B

1 2 3 4 1 2 3 4

5 6 7 8 5 6 7 8

9 10 11 12 9 10 11 12

13 14 15 16 13 14 15 16

Example: Executing SpMM: Broadcast
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PU Val Row Col T1 T2 Unallocated

1 ὃȟ 1 1

2 ὃȟ 1 2

3 ὃȟ 2 1

4 ὃȟ 2 2

5 ὄȟ 1 1 ὃȟ
ὃȟ
ὄȟ

6 ὄȟ 2 1 ὃȟ
ὃȟ
ὄȟ

7 ὄȟ 1 2 ὃȟ
ὃȟ
ὄȟ

8 ὄȟ 2 2 ὃȟ
ὃȟ
ὄȟ

ÅMultiply pairs of matched elements
ÅFloating point multiplication: 2500 cycles

Example: Executing SpMM: Multiply
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PU Val Row Col T1 T2 Unallocated

1 ὃȟ 1 1

2 ὃȟ 1 2

3 ὃȟ 2 1

4 ὃȟ 2 2

5 ὄȟ 1 1 ὃȟ
ὃȟ
ὄȟ

6 ὄȟ 2 1 ὃȟ
ὃȟ
ὄȟ

7 ὄȟ 1 2 ὃȟ
ὃȟ
ὄȟ

8 ὄȟ 2 2 ὃȟ
ὃȟ
ὄȟ

ÅAdd the singleton products together
ÅPipelined reduction tree: 32 cycles

ὅȟ

ὅȟ

C

ὅȟ ╒ȟ

Example: Executing SpMM: Reduce
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ÅComputation Complexity: O(N log N)

ÅCompare with sequential SpMM: O(N2+ʁ )

ÅGP-SIMD can fit 8M elements 

ÅUseful when larger problems can be decomposed 
into 8M-size sub-problems

SpMMon GP-SIMD
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1,000 UoFFP matrices
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GP-SIMD, execution cycles

GP-SIMD, trend

Simulation
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ÅPower Efficiency:
ÅNVidiaΩs K20 / GTX660: 0.1-0.5 GFLOPS/W

ÅAMD Opteron, Intel XEON: 0.03GFLOPS/W

ÅGP-SIMD: 0.1-100 GFLOPS/W 

 1e+04 3.2e+04  1e+05 3.2e+05  1e+06 3.2e+06
0.0001

0.0056

  0.32

    18

 1e+03

Number of nonzero elements

P
e

rf
o

rm
a

n
c
e

 (
G

F
L

O
P

s
)

Perf. vs. nonzero elements

 

 

GP-SIMD, GFLOPs

GP-SIMD, trend

AP

Intel XEON PHI

nVidia K20
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GP-SIMD, GFLOPs/W

GP-SIMD, trend

SpMMPerformance and Power Efficiency (GP-SIMD, AP, GPU)

[Pedram. 2013. PhD dissertation, University of Texas.]
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Column Circuit

bit_line

word_line

Standard 1D Memristor Memory Array

40




