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Exploration of Memory Energy-Reduction Strategies for a Deep Learning ASIP
Lennart Reimann, 23.09.2019




Motivation

« Deep Learning:
— Image Recognition: Convolutional Neural Networks
— High amount of Data: 5.4 Mbit for the input feature maps in AlexNet

» Computationally intensive + external memories required

* Problem: Energy-constrained mobile embedded systems +

[2]
« Solution: Reduction of the energy consumption of the external memory

[1]

— Strategy: Reduction of the memory transactions by reducing the amount of data

Compressing the data before transmitting
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AlexNet Structure

« 5 convolutional layers
« External memory loads/stores row by row:
» Loads: Input feature maps and filter parameters
« Stores: Output feature maps
o A oA H 'o
| N 192 192 128
48 -
27 128 \ R
N\ 13
. by Q_ 3ﬂ ‘13 13
192 192 128
128
43
AlexNet structure
Layer O Layer 1 Layer 2 Layer 3 Layer 4
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Sparsity of the Input Feature Maps (AlexNet)

Non-linear function used at the
end of each convolutional layer:

ReLU (f(x) = max(x,0))

f(x)

Sparsity increases with the

layers

Highest number of input feature

map bits: Layer 0

3000000
2500000

2000000

Its

1500000

#B

1000000
500000
0

Sparsity of the input feature maps

0 1 2 3 4

W Zero samples

Layers

M Non-zero samples
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DDR3 SDRAM Memory

* When is energy consumed?

* Si

Refresh, background, activation, bursts

mulation environment (DRAMSIm2)

Trace based simulation (using list of transactions) ; fg
Memory has to be chosen first s 2
Memory controller settings have to be set g E
DDR3 SDRAM was chosen 538

» Per access 64 bytes are written

« So if data is reduced to 65 bytes

Restoring data

Burst

Activation

current draw
profile due to

Background ) -
device activity

» time

Current Draw [4]

=) Still two bursts needed 0x00 2 bursts
0x40
0x80
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Huffman Coding

« Simple: Maps the most probable symbols on a lower amount of bits

* Block size determines the number bits are grouped to form a symbol

- Example (Block size: 2): Probabmty Symbol

a (,,b 00%) a (,b'00") 1
b (,b'01%) 0.3 Huffman-Tree b (,b'01%) 01
¢ (,b'10%) 0.2 — ¢ (,b'10) 001
d (,b11°) 0.1 d (,b'11%) 000
Ex. 1: Input: b 0000 Encoded Output: b*1111 Length Input: 8 bits Length Output: 4 bits
Ex. 2: Input: b’ 1110  Encoded Output: b’ 000001 Length Input: 8 bits Length Output: 10 bits
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Huffman Coding Average Compression Rate for AlexNet (Capped)

« Compression Rate (only IF-Maps): Huffman Coding
Capped Compression Rate (AlexNet)
100
90
» Assigning incompressible lines a rate 80
of 0% (capped) 2 70 = =
« Compression rate increases with g o
bigger block sizes g
g 40
£
Block size | Aver. Comp. Rate 5
20
3 23% 10
0
4 26.6% 0 1 2 3 4
Layers
0
5 264 /0 ——Block size: 3 Block size: 4 Block size: 5 ——Block size: 6 ——Block size: 7 ——Block size: 8
6 27.7%
7 28.1%
8 32.2%
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Wordwise Run-Length (RL) Compression

Describe a number of successive zero samples with its run length

Copy non-zero samples (levels) to the output

A level is followed by a run length and vice versa

The block size determines the number of bits to encode the run length

Example (Block size: 4):

Input: b‘0000000000000000 b‘1001011000001101 b‘OO00000OO0O0O0O00000 b‘OOOOOOOO0O0000000
RL + Levels: 1 38413 2
Output: b‘0001 b‘1001011000001101 b‘0010
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Run-Length Coding Average Compression Rate for AlexNet (Capped)

« Smaller block sizes dominate
the first layers (less overhead)

Run-Length Coding
Capped Compression Rate (AlexNet)

100
» Bigger block sizes dominate the %
last layers (longer run lengths) o
70
g 60
Block size | Aver. Comp. Rate § s0
E 40
3 27.2% : "
4 28.2% 20
10
5 28% ’
0 1 2 3 4
6 273% Layer
7 265% ——Block size: 3 Block size: 4 Block size: 5 =—Block size: 6 =—Block size: 7 =—Block size: 8
8 25.8%
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Concatenation of both algorithms (AlexNet)

RL Encoded Huffman Output
Encoding Encoding

v

Compression Rate Concatenation of RL + Huff.

RL Encoded Huffman Codebook 128
Codebook 2 8o
@ 70 -
: € 60
« Concatenate RL and Huffman Coding = 50
(Block size: 4 bit) 8 a0
E 30
A . . o 20
« Probabilities of symbols are more distributed 10
0
Algorithm Aver. Comp. Rate L 2 4
ayers
Huff. (BS: 4) 26.6%
RL (BS: 4) 28.2%
RL + Huff 31.4%
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Base Architecture: CNN ASIP (ConVvAiXx)

* Instruction-level parallelism: 8 slots in the VLIW
allow to utilise several functional units in parallel

« Data-level parallelism: 4 Vector ALUs increase
the amount of data that can be processed at a
time

» 1 Vector equals 16x16 bit

« Two internal memories (PM + DM) and an
external SDRAM

16 banks
PM DM
16KByte 8KDByte

External
DDR
SDRAM

2x256Bit 16x16Bit

—

Memory Controller
+ DMA

Scalar

Regfile (R)

3 Slot2+3 &

it{ Load Store DRAM ||
[ ALUSr) |

Ctr

4{ Linebuffer }ﬁ

ALU (Slot 0) ‘ :

| Instruction Fetch
| Instruction Decode

Slot 0
E1l

,_.
-
!

‘ Vec Ma-:{p JAct ‘

E2

VRI

4x4x512 Bit

Operand
Prepare

——————————————————————————————

VRo |VR

VR1 4x4x256Bit
VR2 |

VR3

Vector-ALU (Slot 7)

Vector-ALU (Slot 6)

(

(
Vector-ALU (Slot 5)

(

Vector-ALU (Slot 4)

E4 E5 E6
ConvAix ASIP Architecture
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Base Architecture: CNN ASIP (ConVvAiXx)

TO banks 2
PM

G 16KByte
4 -

External
DDR
SDRAM

2x2WBit 16x16Bit

VRI
4x4x512 Bit

Memory Controller

Data transfers between oA
. VR
the on- and off-chip _ Xﬁ? P
memory are controlled by { VR2 |
L VR3

the DMA / 1 Slot2 43

4 Load Store DRAM -}
|

\, : ‘ ALU (Slot 1) Operand
L L s 8 |y
— <z E T . S SST . E S :
S 3 4{ Linebuffer }ﬁ I : : : '
AP o i I Vector-ALU (Slot 7) i
S| |2 i :
212 i [ AtU@ere) | ] Vector-ALU (Slot 6) -
& E - :
g g Ve Map/Act | . _ Veetor-ALU (Slot3) -
— =i H
BENE Soto G b Vector-ALU (Slot 4) -
IF i ID El f E2 P B3 i E4 i E5 i E6
ConvAix ASIP Architecture
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DMA Functionality

/ Vector Data — Request \
buffer Request type: DMA Store buffer
# Words (read): 4048
Ex. Mem. Oxfeed ... # Words (write): 4064
D] VATl Oxhabe ... T

" :
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DMA Functionality

Oxfeed ... .

e —

Oxbabe ... ——————

Maximum burst length
256 vectors
Bursts can be paused

Request
buffer
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Requirements for the Compression Unit

SDRAM
« A capping procedure to handle incompressible data transfers: Uncompressed/

Data to be Write compressed

transferred Com press data/ data
Test on _
compressibility Write uncompressed

data

Compressed Data

v

v

« Testing data before sending requires data to be buffered

= Buffering all 256 vectors results in enormous register files Compression Info

» Burst has to be split into smaller bursts

Data to be Buffer Compress data/ compressible Write CompreSSEd ,
transferred Write compression data (Buffer 2)
data : Test on ] information -
(Buffer 1) compressibility e 117151 L0 S S ,
P data (Buffer 1)
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lllustration of the Compression Unit

.
|

DMAI

Unecomp. Vector

Outg. Comp. Info |Ex. memory

Decomp. Vector

DMA Interface |,

[

Comp. Unit

Incom. Comp. Info

C

omp.-info Bufter

Comp. Vector

External Memaery

Ex. memory I nte rface

3

Comp. Vector

(AXI-Protocel)

DMA-side Buffer
16x16x16 bit

|
|
|
|
|
|
|
|
I
l
|
(AX I - P rotoco |) : Decomp. Vector
|
|
|
|
|
|
|
|
|
I
|
I

Decomp. Unit

FSM

DMG-side Buffer

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
16x16x16 bit |
|
|
|
|
|
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lllustration of the Huffman implementation

« Data in the DMA-side buffer is compressed
over several cycles

Codeword
lengths
« Same timing constraint as the base
arChIteCtu re UnNCormp. vector LUTS I
* Length of the multiplexer tree limits the
. - — —* COII }l'L‘(-ISL‘d wvector
number of bits that can be compressed in a — Codewords — — Output == r
cycle
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Hardware Synthesis Results: Area over Time Diagram

1 000 1 Cell Area(kGE)

« Goal: Low additional latency + similar ——No Compression

critical path length as base design B Rg‘l—§t=1}gtll
> All designs achieve the AT-optimum 1,850 ¢ ——  Huflman
with a Timing-Constraint of: 2.8ns L0
1,750 | T
- Huffman requires slightly more cell area L7100 T ; |
. . 650 +

« Total area increases by (AT-optimal): Lt

» 4.2% for the Huffman implementation L 600 ,

« 3.8% for the RL implementation T -

< clock period(ns)

« UMC 90nm; 25°C; Std. Performance; o 05 3 35 4 45 5 55 6 65

Std. Vt; 1Vcc

Area-Time Diagram for the three implementations (Base Architecture, Base + Huffman Comp. Unit, Base + RL Comp. Unit)
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DRAM Power Consumption (AlexNet)

DDR3 SDRAM Memory Bursts DDR3 SDRAM Power Consumption
70000 600
60000 <
m 500
& 50000 .
5
[as]
s 40000
<
(=4
2 30000
m
OO: T
Q 20000 -
~
&\\ N m [T
- l ] i n
0 0
0 1 2 3 4 0 1 2 3 4
Layers Layers
W !
& Write Bursts H No Comp. Huffman M RL Coding . Background B No Comp. Huffman ® RL Coding
N o
. Read Bursts Activation
D Bursts

Implementation | Power Reduction
Read Bursts

Implementation Burst Reduction

Run-Length -23.6% Run-Length -20.6%
Huffman -22.9% Huffman -21.8%

Institut fiir
Kommunikations-
technologien und
eingebettete Systeme
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Runtime + Energy Consumption (AlexNet)

Runtime Energy Consumption
3500 4,5
4
3000
« 2500 \
2 z 3 N\
.5 2000 £25 \
£ 1500 ) \
5 g 1,5 \
= 1000 e \ N
1 \ \
500 0,5
0 0
0 1 2 3 4 0 1 2 3 4
Layers Layers
B No Compression M Huffman Run-Length Q ASIP + PM + DM B No Compression M Huffman [ Run-Length

Implementation | Runtime Increase

DDR3 SDRAM )
Implementation Energy Increase

Run-Length +8.4% Run-Length +0.7%
Huffman +12.3% Huffman +2.2%
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Conclusion + Future Work

Summary + Conclusion:

- DDR3 SDRAM power consumption is reduced in all layers

« Total runtime is increased in all layers

« Total energy consumption of the external memory is reduced

* Energy increase of the core outweighs energy reduction of the memory

» Compression units do not show an energy reduction for this embedded system

Future Work:

+ Different Compression algorithms:
— Adaptive codebook algorithms might allow better results in every layer

» Reducing the runtime by using multiple compression units (CU) in parallel:

Thank you for your attention!
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Huffman Coding Average Compression Rate

Huffman Coding
Average Compression Rate (AlexNet)

400

350

300

(=
L
=]

2
o
[ =
L=]
@ 200
=
E
5
150
100
50
0
0 1 2 3 4
Layer
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Run-Length Coding Average Compression Rate (AlexNet)

500

450

400

350

e w
L =]
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Compression Rate

=]
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100

=g EBlocksge: 3 =——e=—Blockske d

Run-Length Coding
Average Compression Rate (AlexNet)
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2 3

Layer
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Hardware Synthesis Results: Area Distribution

of the two modified Designs

AREA DISTRIBUTION RUN-LENGTH COMPRESSION DMA
Line Buffer 4,07%________ o 1,28%

Scalar Registers 2,81_“Y_n R

Compression Unit 4,53%

AREA DISTRIBUTION HUFFMAN COMPRESSION

Line Buffer 3,8% Scalar Registers 2,81% DMA 1,27%

Compression Unit 4,86','{._..--r--""""-“-

Vector Refiles 18,66% ___

M.Sc. Lennart Reimann | 23.09.2019

Vector Refiles 18,64%_____
Vector ALU
- 55,03%
— Vector ALU 55,01%
MISC 13,68%_— isc_—
13,51%
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|
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|
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DM store +—
Ex. DM store +——

Ex. DM load ——

7\

DM load —

New vector

A

A

Old Vector

Data Buffer
8x16x16 bit

Curr. req.

New req.
——— Proc.

Request Buffer:
8 Requests
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SDRAM Memory Array

Column Decoder

Data In/Out Sense Amps
Buffers

Storage Cell
and its Access

Word Line )
~_ a capacitor

Row Decoder

a transistor

Exploration of Memory Energy-Reduction Strategies for a Deep Learning ASIP
M.Sc. Lennart Reimann | 23.09.2019

Institut fiir
Kommunikations-

A7 _
I ICE teomocginans

RWTHAACHEN
UNIVERSITY



SDRAM Column Width

x8 DRAM
X2 DRAM [ 061umn Decoder x4 DRAM [ 061umn Decoder ——] Column Decoder = \
Sense Amps Data = Sense Amps Data Sense Amps
Buffers | . Bit Lines... sutters [ TN Bit Lines.._ ] Buffers || TS o=
O © O
3 3 3
o Memory 5 Memory S Memory
a Array O Array O Array
= = 2 I
o o o 1
o o o I
x2 DRAM x4 DRAM x8 DRAM
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SDRAM Bank organisation

DRAM -

Array -

Sense amp array

CKE
control —
logic |
o
c
g3 latch &
€8 decoder =
[e N ]
o T A
refresh
counter
mode
register
addr A
bus
address - bank
- register control
address
—’.
counter

write drivers

read data latch

column
decoder

€

data out
register

data in
register

Exploration of Memory Energy-Reduction Strategies for a Deep Learning ASIP
M.Sc. Lennart Reimann | 23.09.2019

HicE

Institut fiir
Kommunikations-
technologien und
eingebettete Systeme

RWTH



SDRAM Rank organisation

DRAM devices arranged in parallel in a given rank

el

TTTTT1] TTTTT1] TTTT 1T
DRAM DRAM — DRAM —
Array _| Array _] Array _

||||||E|||||| IIII;IIIIIIII HEEEEEEEEEEN
sense amp arr‘ e amp array sense amp array

/

one row spanning multiple DRAM devices
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High level structure

bank ID =1 rank ID =1 column ID = 0x187

row ID = 0x0B1D g
y

Memory System

r——
|

|

L
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Current Draw During a Read Operation

cmd&addr |[row act read 0

rank “m” internalcmd ---- - - - —————————+ prec

bank “i” util. -———]| data sense| row x open - data restore |bank i precharge

A rank “m” util, -~————+———————- /O gating
- databys—————~m—————Hm—m———H—-— data burst
'% *E Quiescent
5 3 c?rrer_mt d;aw_ current draw
t s ?fot::]ed Ifg;ce profile due to
= ® / device activity
so | T~ NS
°® » time
Abstract lllustration of the current draw during a read operation [1]
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Impact of the Input Feature Map‘s Sparsity

DDR3 SDRAM Bursts

DDR3 SDRAM Power Consumption
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# 600000 400
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2 200000
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Future Work

* Different Compression algorithms:
— Adaptive codebook algorithms might allow better results in every layer

» Reducing the runtime by using multiple compression units in parallel:
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DMA Functionality

Vector Data Request

buffer buffer
4New request

Processor

DMA

38von 43 Exploration of Memory Energy-Reduction Strategies for a Deep Learning ASIP -~ Institut fiir Rm
M.Sc. Lennart Reimann | 23.09.2019 A’ :(eczz::::ék:lt:o:z AACH N
ilenu
’ { ICE eingebettete Systeme UNIVERS




DMA Functionality

Request
buffer

/ Vector Data —
buffer Request type: DMA Store

# Words (read): 4096
# Words (read): 4096

. ——

U pa
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DMA Functionality

Request
buffer

/ Vector Data —
buffer Request type: DMA Store

DM  Newvectos # Words (read): 4080
# Words (write): 4096

. ——

U i

40 von 43 Exploration of Memory Energy-Reduction Strategies for a Deep Learning ASIP Institut fiir

-~
M.Sc. Lennart Reimann | 23.09.2019 A’ Kommunikations-
i ICE

technologien und
eingebettete Systeme

RWTHAACHEN
UNIVERS




DMA Functionality

/ Vector Data — Request \
buffer Request type: DMA Store buffer
Ex. Mem. Oxdead ... # Words (read): 4064
DM New.vecto Oxfeed ... # Words (write): 4080
=

k FSI\/I /
DMA
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DMA Functionality

/ Vector Data — Request \
buffer Request type: DMA Store buffer
# Words (read): 4048
Ex. Mem. Oxfeed ... # Words (write): 4064
D] VIMATECT 0xhabe ... T

k FSI\/I /
DMA
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DMA Functionality

Vector Data

Oxfeed ...
Oxbabe ...

i
» External memory

interfaces uses an AXI
protocol.

« Maximum burst length
256 vectors

» Bursts can be paused

Request
buffer

DMA
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