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Quest for Energy Efficient Edge Computing System
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Increasing need from various applications:

Pattern Recognition    Image Classification      Object recognition



Challenges on Energy Efficient NN Inference

• High computation 
energy

• High memory 
access energy
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Challenges on Energy Efficient NN Inference
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ℎ = 𝑔 

𝑖=1

𝑚

𝑤𝑖 ∗ 𝑥𝑖 + 𝑏

𝑥𝑖 ∶ Input activation

𝑤𝑖 ∶ Weight b: Bias

ℎ: Output to next layer

𝑔: Activation function

Accumulation



Challenges on Energy Efficient NN Inference
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1. Higher 
resolution 
cost more
energy

2. Memory access is 
expensive

[M. Horowitz, ISSCC 2014]



Solutions to Energy Efficient NN Inference
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• Conventional computing:

SRAM/DRAM
Load data for 
computing/
Store results

Processing 
Element(PE)

Memory Compute

Memory access can easily dominate 
energy/throughput

RAM

PE

RAM

PE

RAM

PE

RAM

PE

Minimized data movement from 
distributed memory

• In-memory-computing:



Solutions to Energy Efficient NN Inference
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32b Floating point → ? 1.1pJ

3.7pJ

?

Multiplying energy cost

• Reduced Resolution Network:



Solutions to Energy Efficient NN Inference
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• Reduced Resolution Network:

CIFAR-10, ResNet-56 
Activations are quantized to 

1/2/3/4/8/32b

[Y. Dong, IJCV 2019] [M. Courbariaux, arXiv 2016]

Visualization of filters from binary 
neural network



Energy Cost of NN Inference
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[B. Murmann, ISSCC 19 Tutorial]

𝑃𝑜𝑤𝑒𝑟 = 𝑅𝑎𝑡𝑒 ×
𝐸𝑛𝑒𝑟𝑔𝑦

𝐼𝑛𝑓𝑒𝑟𝑒𝑛𝑐𝑒
= 𝑅𝑎𝑡𝑒 ×

𝑂𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠

𝐼𝑛𝑓𝑒𝑟𝑒𝑛𝑐𝑒
×

𝐸𝑛𝑒𝑟𝑔𝑦

𝑂𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛
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Existing works
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• Digital Domain:
- Bit error free ☺

- High power from digital adder tree 

- Low throughput 

[K. Ando, JSSC 18]

𝑤1

𝑤2

𝑥2

𝑤𝑖

𝑥𝑖

Digital
Adder
Tree

×

×

×

𝑥1



Existing works
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• Current Domain:
- High throughput ☺

- PVT-robustness 

- Consumes static current 

[J. Zhang, JSSC 17]

𝑤1

𝑤2

𝑥2

𝑤𝑖

𝑥𝑖

ADC

×

×

×

𝑥1



Existing works
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• Charge Domain:
- High throughput ☺

- No static current ☺

- Large operations/inference 

[D. Bankman, JSSC 18]

𝑤1

𝑥1

𝑤2

𝑥2

𝑤𝑖

𝑥𝑖

ADC

×

×

×
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Comparison of Model Size
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Baseline test: 98% Accuracy on MNIST

1b Resolution
1.38x108 OPs

~4x Bigger model size

1.5b Resolution
3.57x107 OPs

{w,x from -1,0,1} 

Layer Type  Size Channel

1 CONV-TN 30x30

32

2 CONV-TN 28x28

2p MAX POOL 26x26

3 CONV-TN 13x13

3p MAX POOL 12x12

4 FC (Flatten 6x6x32) 1152 - 10

Filter Size

2x2

1(input)

32 32

32 32
32

Conv-Act Conv-Act

Max
Pooling

Conv-Act

FC
Max

Pooling

128 128

128
64

64

Conv-Act
Conv-Act

Max
Pooling

Conv-Act

FCMax
Pooling

Layer Type  Size Channel

1 CONV-TN 30x30

128
2 CONV-TN 28x28

2p MAX POOL 26x26

3 CONV-TN 13x13

3p MAX POOL 12x12

4 FC (Flatten 6x6x64) 2304 - 10

Filter Size

2x2

1(input)

64



Mixed Signal BNN vs TNN
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VREF

VREFP 

Output

VREFN 

Input 

Output

Activation function

VREF

1

-1
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1b W * X

VREFP 

VREFN 

SAR 

Logic

VIN 

→

VREFP 

VREFN 

SAR 

Logic

VIN 

VCM 

→

VREFP 

VREFN 

VCM 

Input 

Output

Activation function

VREF+

1

0

-1

VREF-

Output

Mixed-Signal TNN

1.5b W * X

VREF-

VREF+

→

SAR ADC with VCM based switching

SAR ADC



Mixed Signal BNN vs TNN
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Operations

Inference

(@same 

accuracy)

Energy

Operation

(CDAC signal 

swing)

Energy

Inference
Hardware

Complexity
X

BNN

TNN

=

VREF

VREFP 

Output

VREFN 

Input 

Output

Activation function

VREF

1

-1

Mixed-Signal BNN

1b W * X

VREFP 

VREFN 

VCM 

Input 

Output

Activation function

VREF+

1

0

-1

VREF-

Output

Mixed-Signal TNN

1.5b W * X

VREF-

VREF+

☺ ☺ 
 ☺ 

K 
 ☺ 

K 
 ☺ 

K 
 ☺ 

VS

OPs/Inference           75%     
Energy/Operation      31%

Energy/Inference       82%
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On-chip Neural Network Model
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32 32

32 32

32

Conv-Act Conv-Act

Max

Pooling

Conv-Act

FC

Layer Type  Size Channel

1 CONV-TN 30x30

32

2 CONV-TN 28x28

2p MAX POOL 26x26

3 CONV-TN 13x13

3p MAX POOL 12x12

4 FC (Flatten 6x6x32) 1152 - 10

Dilated

2

2

1

1

1

Filter Size

2x2

1(input)

Max

Pooling



Chip Architecture
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CONV1 – Example of One-Channel Convolution 
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Xi11 Xi13Xi12

Xi21 Xi23Xi22

Xi31 Xi33Xi32

Xi14

Xi24

Xi34

Filter0 2x2
Dilated L = 2

W11
1 W12

1

W21
1 W22

1

Ternarized
Input Image

1ch

Output Image
1ch

Step Activation Function
of CONV1

-4  -3  -2  -1       1   2   3   4


𝟒

(𝐖 ∗ 𝐗)
0

1

-1

Output

XO11 = STEP(W11*Xi11 + W12*Xi13 

+ W21*Xi31 + W22*Xi33 )

W,X ∈ {-1,0,1}

XO12 = STEP(W11*Xi12 + W12*Xi14 

+ W21*Xi32 + W22*Xi34 )

XO11 XO12



CONV1 – Example of 32-Channel Convolution 
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Filter0

Ternarized
Input Image

1ch
Output Image

32ch

W,X ∈ {-1,0,1}

Filter1

Filter31



CONV1 – Digital Implementation
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Combinational Logic

𝐒𝐓𝐄𝐏(
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CONV1 – Digital Implementation
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Data I/O

ΦEN

CONV2EN

Loading W Loading X

CONV2
256b

CONV2EN

𝐒𝐓𝐄𝐏(

𝟏

𝟒

(𝐖 ∗ 𝐗))Input Registers

Filter Registers

Slice 0 - 31

ΦEN

32ch 2x2 pixels

Slice 32 - 63

Slice 96 - 127

Slice 64 - 95



CONV2 – Example of 32-Channel Convolution
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Filter0
2x2x32

CONV1 
Output
2x2x32 CONV2 

Output
32ch

Filter1

Filter31

𝐗𝐨 = 𝐒𝐓𝐄𝐏(

𝑖=1

128

𝐖𝐢 ∗ 𝐗𝐢 + 𝐁𝐢𝐚𝐬)

Step Activation Function
of CONV2



𝟏𝟐𝟖

𝐖 ∗ 𝐗 + 𝐁

0

1

-1

Output



CONV2 – Implementation of One-Channel SC Neuron

27
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x
w

w*x

x
w

w*xVREFP 

VREFN 
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256b
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 DOUT_CH0

32 Cu

128 Cu

2b2b2b

RST

VCM 
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bias

𝐕𝐱 =
𝐂𝐮

𝐂𝐓𝐨𝐭𝐚𝐥
∗ 𝐕𝐑𝐄𝐅𝐏 − 𝐕𝐑𝐄𝐅𝐍 ∗ (

𝒊=𝟏

𝟏𝟐𝟖

𝐖𝐢 ∗ 𝐗𝐢 +

𝒊=𝟏

𝟑𝟐

𝐁𝐢𝐚𝐬𝐢 )

𝐂𝐓𝐨𝐭𝐚𝐥 ≈ 𝟏𝟔𝟎 𝐂𝐮

𝐖𝐢 ∗ 𝐗𝐢 , 𝐁𝐢𝐚𝐬∈ { 𝐕𝐑𝐄𝐅𝐏,𝐕CM,𝐕𝐑𝐄𝐅N }

𝐕𝐱
Cont. (Single-ended shown)



CONV2 – Synapse Design
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w*x

x
w

 W*X 1.5bit Multiplier

WWL

WBL WBLB WBL WBLB

WH WLXLXH

Image data bus

 W*X 1.5bit Multiplier

WH

XH

WL

XL

OUTH OUTL

VREFPVCMVREFN

OUTHN

OUTHN
OUTHN

OUTL

OUTH

OUTL

OUT

RST

DEC BIN Voltage

1 10 VREFP

-1 11 VREFN

0 0X VCM

Encoding for simplicity:

1.5b Multiplier →

IN1H

IN2L

IN2H

IN1L

OUTH

OUTL



CONV2 – Comparator Design
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𝐃𝐨𝐮𝐭_𝐇

𝐃𝐨𝐮𝐭_𝐋

𝐃𝐨𝐮𝐭 = 𝐒𝐓𝐄𝐏 (𝐕𝐱)

0

1

-1

𝐃𝐨𝐮𝐭

VX=VINP-VINN

V+ = VREF+ - VREF-

V- = VREF- - VREF+

V+ V-

VREF+

VREF-

VREF-
VREF+

Negative

Half-

Circuit VINN

VINP

Negative

Half-

Circuit

Vinp VinnVREF- VREF+

CLK CLK

CLK

CLK CLK

CLK

COMPOUT

Differential Comparator 

AVDD

C2C4C8C16C

5b SRAM

VDD 

GND

Moscap 

Array

Offset Calibration 



CONV2 – Effect of Comparator Offset
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𝐃𝐨𝐮𝐭 = 𝐒𝐓𝐄𝐏 (𝐕𝐱)

0

1

-1

𝐃𝐨𝐮𝐭

VX=VINP-VINN

V+ = VREF+ - VREF-

V- = VREF- - VREF+

V+ V- VX

𝐃𝐨𝐮𝐭

V+ 

Offset ~ 10 LSB

V-

Ideal activation function Actual activation function



CONV2 – Foreground Comparator Offset Calibration

31

VCM VCM VCM VCM

CLK CLK

CLK

CLK CLK

CLK

OUT

From off-chip DACRST = 1

10b offset code

Avg output   0.5?

Yes

Offset code += 1
Calibration 

done

No

Fire comparator
1000 times

Offset code set to 
minimum

Inputs set to VCM



CONV2 – Foreground Comparator Offset Calibration
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VX
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V+ V-

w/ Offset Calibration

Offset < 1 LSB

VX
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Offset ~ 10 LSB

V-

w/o Offset Calibration



CONV2 – Maxpooling
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Datapath from CONV2 to CONV3
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Image 
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FC Layer Operation 
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23

CONV3 Output Image
6x6x32

Flattened 
1152 x 1

Weights 
for ‘0-9’

∗

‘0’ : 

-15
𝐋𝐨𝐠𝐢𝐭 = (

𝑖=1

1152

𝐖𝐢 ∗ 𝐗𝐢 )

𝐖𝐢, 𝐗𝐢∈ {-1,0,1}

‘1’ : 

‘2’ :  5 

‘3’ :  24

‘4’ :  35

‘5’ :  -22 

‘6’ :  117

‘7’ :   -4

‘8’ :  -8

‘9’ :  42

Classification Result : 6



FC Layer Implementation
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FC Layer Implementation
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Die Photo
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• 40nm LP CMOS

• Active Area: 0.98mm2

• Supply: 0.8V/0.7V/0.9V



Measurement Results
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Comparison table
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Summary
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• A 1.5b charge domain ternary CNN classifier is proposed:
- Fully on-chip NN with lowest energy/inference reported for >97% MNIST accuracy

- Compared to BNN with same accuracy:

• 75%    
𝑂𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠

𝐼𝑛𝑓𝑒𝑟𝑒𝑛𝑐𝑒

• 31%     
𝐸𝑛𝑒𝑟𝑔𝑦

𝑂𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛

82%     
𝑬𝒏𝒆𝒓𝒈𝒚

𝑰𝒏𝒇𝒆𝒓𝒆𝒏𝒄𝒆
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