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Al 2 A Protobuf

Protobuf&= T%3}¥ dlo]H & 2 &3} (Serialization) & &3l H°|HE

A Fawe ¢ AES AYshs HAAFERI T XML} §ASHA R o

onnx_pb2.py(E3 2 I+E) SpikingNode_Add.py
' class -
Compile(protoc) import

.0nnx save '

Sptk gNode.onnx

optional OperatorType type = 2 [default = LIF];

info = 4;

(29 23] LA WSk (ONNX) B S HolF= oA o]
th. ProtobufE AHESH7] fleix= A HARE protodtds A3 okt
protod} Y& ALg-3}aAtel= HlolE] FER(FH2)E protodtd HEj= Aok
o} [Z29 2—3]91A onnx.proto= LZAI A WIS A QLS S5
AIVESY 455 A EFolvh. 18l Protobufé] Hutd# <l
protocE AF-&35to] HIAshH =82 3 (onnx_pb2.py) el A HT. =3
2~ 32 C++, Python, Java, Go & Th&s JEHlZ AT = Qom Ayt
A E T3 YAstuAsle 22adolE A 4ste] A 5 k. [

=
Y 2—3]9] A SpikingNode_Add.py <& onnx_pb2.py LS ojuj sl uka o



2 AgHEEA HAFr] 9E Q92 wEod Bt
SpikingNode_Add.py= o] %= onnx_pb2.pyZ importdte] protod}& ol A
gelgd Fe)ag ol gate] A4 E WEI SerializeToString )Wl =8 AR
st E14ES AE3) A7 & onnxHY FAom AFAsE BES HAE

RS onxPH o= AFT = vk A
1S tha] ¢)7] 9 elA = ParseFromString ) H| A =S S53to] 24| 4
o =3 glojof ). HAS AFLEA B onnx AL AH Ao ¥y

prototd = FarskA] @FaiM = ouE olsfety] ofHut

i

[3Z 2—2] Protobuf @ T2 Z 21 Aoje doly EY FXE

.proto C++ Java Python Go
double double double float *float64
float float float float *float32
int32 int32 int int *nt32
int64 int64 long int/long *int64
uint32 uint32 int int/long *uint32
uint64 uint64 long int/long *uint64
sint32 int32 int int *nt32
sint64 int64 long int/long *int64
fixed32 uint32 int int/long *uint32
fixed64 uint64 long int/long *uint64
sfixed32 int32 int int *nt32
sfixed64 int64 long int/long *int64
bool bool boolean bool *bool
string string String str(Python3) *string
bytes string ByteString bytes [Ibyte

Protobuf(proto2H 7)ol A& & 4= = dlolH E}Y 4 Protobufe] 73}
A2 A= 22 Aol dlofE] B2 [ 2-2]13 23l proto?]
R 7HA] A doly o] sl dwstd vhd 2

uint32¢} uint64= 7P o] elme] AL-g3t} sint329} sint64+= int32
o} int64R Tt S dxdol o g&Holn ZF¥ o] il AR&gh
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fixed32% 22Xt 2 @& AT AFEE o uint32H 0 o G824 44}o]
E 24 dolH EYeltt. fixed6d= 2°°HTE Z ks AT AT o
uint64Rth ] @841 gulolE 1A dolE EFYolth. sfixed32: 4u}

olE 14 dlol® EtYel™  sfixed64i= 8HFo]E a1 dlo]E ERieltt.

[ 2—3] Protod} o A](*.proto)

ONNX—SNN Proto

1: syntax = "proto2";

2. package onnx;

3: message SpikingNode {

4: required string name = 1;
5: required int32 id = 2;
6:

7

8

optional string email = 3;
enum OperatorType {

: LIF = 0;

9: SoftLIFRate = 1;

10: Izhikevich = 2;

11: }

12: message Nodelnfo {

13: required string name = 1;

14: optional OperatorType type = 2 [default = LIF];
15: }

16: repeated Nodelnfo info = 4;

17: }

Protobuf+= ¢k 74| Z2 g dojoll F&H= %] a1l ofg] Tz
Aol E A dstr] 98l T30 fle Fele] diold gd([x& 2-2]), F =
= [ 2-3]9 o] AASA drt. [ 2-3]2 proto2H S 7]Fo =
Protobufi&-Hell oisl 7hehs] dwatr] s 2 eAelth. package:
C++o] vldzso]z=st FAHE 7] g o= ol 722 FEUAE 93 o
W #7122 GAEH] Y8l AFEEth(line 2). message HlolH T2 o] &

S Yehdth [ 2-3]9) line 3, line 12 Ao Al Hlo]E SpikngNode 2}

1

¢



Nodelnfoghi= o8 Fx7F AA =] Ut} enum< EFYS EAT of AL
Ho}, [3F 2-2]9] line 7 ~ line 1094 2.3 @ o] & (Operator) E} ] .= LIF,
SoftLIFRate, Izhikevich7} AA = = AE & 4= vk HolE Y ol
W A)SF+= required, optional, repeatedi= 5219 (modifier) =4 3] gko] Wb
TAl daghA deixow gQikA WY =AE PATFE 98s Sk
default= ko] A HA &2 Aol AW ghs 712 o= dx A
w) ALg-3eh [E 2-3]9) line 1404 2 H#olE EF¢lo] 7|E gho & LIF&

AR ASS B F 9
Al 3 @ Nengo®} NengoDL

Nengosi= 3}o]4 (Python) 7|8t & AlEee]dst7] &) whaolxl 2 <
Y 30o]t}. Nengo ZHdYIyE= 22T st=9o] 37 (Benjamin, B. V.,
2014)0ll A4 ek oy} FREH st=9o)7t gle = Autelr] 77l
= AR & RS AlEdH S

H H| &9to]7] H] Auto|7] AT AB okl thde ASAEHY
Tz el 9 rEEA e Al A At (Brader, J. M., 2009; Eliasmith,
C., 2012; O'Connor, P., 2013; Neftci, E., 2014; Cao, Y., 2015; Diehl, P.
U., 2015; Lee, J. H., 2016). Nengo 2@ L& A A= v 2=30]7] A= 4l
4 EUEg adE AR 5 =S NengoDLelolB e gl & Al g
NengoDL-& Tensorflow”7]|HEo. 2 F-& o] glo] H] Aufo|7] A7 oA A}
gotd 71342 ool X5 Nengo T AolA 75 & 5 A==
gt} Nengo Tl Aol A 2uto]lA AT AA WS At f1siA = vl
23to| 7] AF A A T2 féo]?ﬂ A do]lo](Convolution layer),
=% 1 °]°1(Pooling layer) o] 7+x+= L2 ARE-SFaL #lo]of Qhol] ddwkA{Ql

H 2ol s Avold) rlo® whfo] RES s of

=

i
= A

>



$- A} 3 (Gradient descent)S AF8-3Fe] B8

7} ﬂi@rﬂt Ao e gS FFevh NengoDL2 o213k A&
SoftLIF ¥ S o] &3 dk5 WS A| A3 =5 (Hunsberger, E., 2015;
Hunsberger, E., 2016)01] O§7L% Lo} /\_4. ]71 AlZ= Al A} ﬂéuom]j% ;q
A3}, (H =Fo A= STDP(Spike timing dependent plasticity)S AF-&3+
S A @¥=th) Nengo®t NengoDLol M AHE- & 4= Sl £v}o]
W A Ede LIF(Leaky Integrate—and—Fire), SoftLIF, Izhikevich & t}%F
2upo]7) Kdlo] Qlrf, B A 02 ARl 2ufol] el el LIFo|w
2utol 7] R dol] gk ApAE W8S 2% 44 2uo)F] AT AAY T

7 R FEoA AAE] AR

A4 - 297 A AT g5 R FE
+30 m¥ H
0 m¥ -
Threshold
/ Level
70 my | A T — . Resting
L Potential
L
—
Time [ms) 1 ms

[71¥] 2—4] Leaky Integrate—and—Fire oA]
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A 3 & ONNX-SNN

A 1 2 ONNX-SNN A<t

Ao A A= ONNX—SNNL Protobuf7]¥ke] @ A A w3k
WS 7Nk 2 St} NengoDLAlA A el &~uto]F] AS A4 ge] 7134
ol & M| AyfolF] AF ANAL Fxo} Fdsta &3} 4] Zfolnt
91 7] wWEolth. & ONNX—SNN2 @ ZA7 gk siol 7] 2AQl Fxe=
sl Auto]7] FHE Y3 oHgolg o =FHE FUtE Fxolt)h AeH

&F= ONNX—SNNe| 2o gk dw2 [#3-1], [33-2], [#3-3]3%
gt

R
X

B3 128
ir_version int64
opset_import OperatorSetld
producer_name string
producer_version string
domain string
model_version int64
doc_string string
graph Graph
metadata_props map <string,string>

[ 3—2] onnx—snn.proto ol A2 o]d+= OperatorSetld

OperatorSetldProto

1: message OperatorSetIdProto {
2: optional string domain = 1;
3: optional int64 version = 2;
4:

}
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[ 3—3] onnx—snn.protoddo] A2 ojd+= GraphProto

GraphProto

1: message GraphProto {

2 repeated NodeProto node = 1;

3 optional string name = 2;

4 repeated TensorProto initializer = 5;
5: repeated SparseTensorProto sparse_initializer = 15;
6

7

8

9

1

optional string doc_string = 10;
repeated ValuelnfoProto input = 11;
repeated ValuelnfoProto output = 12;
repeated ValuelnfoProto value_info = 13;

ONNX—-SNNE Zrslo] rdo] 2= ulorslr] 9JsfA tpkst Hxd
E & (components) ¥ A4 & (properties) S AFg3f o3kt ONNX—-SNN7} 7}
A3 Qe AXHEE [% 3-1]19 2ok

ir_version> ONNX-SNN¢| ¥d FHE HFFeGgoz 7}x1 At.
opset_import% R AL&s = 9= AARH e HYHolH) Fa9 H
HE 7K dom dolg EYS OperatorSetldElY oz H o3l
OperatorSetld< [ 3—2]3} 2] protoddol] A2 T o] = Hlo]E &2 o]
t}. opset_import W ol we} XY sl= AAA7F EdEbR ol producer_name
= B Ao BHE =9 ol AEE FAGEYRE X 3l
producer_versiont= 2@ A =9 HHe HH HAHE TACEYS=
7HA AL At domaint AE A 0= javaol A ARESHE Si7]A] A A 3}
FAEY. &5 domainFHEE T o= EHe(ex ONNX, ONNX-ML,
ONNX—-SNN)ol| E£3t= o] A=AE & 5 dom dHoly B2 £l
t}. model_versionsi= ONNX—SNNeol| A5 22l W JHE A
Qo= olxy o] 7}xaL t}. doc_strings o] Edlof thak AL
o HolE B9l EAF o]t} grapht= protodtdel [ 3-3]3 &
ole] 7x= AolHo] Yt graphol= EHE TS UL noded] 2EE
nodezt= £4 #ho2 7FAal 9l o™ (line 2) E9 9] 32} v|HE< initializer
= SA ko2 7FX1 a1 9lti(line 4). noded] 2EE A3} nodeStoll &=

2

g
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A A FHER o]Fo] A Ut} o] £A #k Tl
olgo thak AW = E3F3a1 At} metadata_props= HEMH O HE
dlolE ElYSZ key, valued] oz Iof gt}

Fl

Al 2 A ONNX—-SNN ¥#H3

oA A

ONNX-SNN a=
OX|Q £ E

[2™ 3—1] ONNX—SNN ®H3 74

[3 3—4] onnx—snn.protod Lol A 2% o]+ NodeProto

NodeProto

1: message NodeProto {

2 repeated string input = 1;

3 repeated string output =
4 optional string name = 3;
5: optional string op_type = 4;
6:
7
8
9

2;
optional string domain = 7;

repeated AttributeProto attribute = 5;
optional string doc_string = 6;

23t A% NAWE 99 0 TAATALAEY ONNX-SNNG 4 9]
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SAG GG} VA s 2ol v kol F] g7
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[ 4—2] ONNX—-SNN Node A]7Z}3} o A]

whep mel Aol A op_typeo] A ALtolU ERE AL A5 S
Node9] attributeZ:A ol A # € el (Kernel Shape)$} Strided HX= A 714
2=t} Ak AN mprgte g =2 50]Q = do]H ¥ (Input
Shape)ll thelA A3t== W7k dlolE & Bl (Output) S Albal F2ofof &
th divkebd dloly FEE ZHhe] wrvi £4 o w ZH A A %71
dolth o] #Ze HAo] UdRHEW £ HEHE 7|¥e R Nengo,
NengoDL API(Application Programming Interface)S AF&3lo] ~ufo]7] Al
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Python 23 & E

P

S 2A

ORR|S =

Hel = AR X A&

1: import onnxToNengoModel

2: tool = onnxToNengoModel.toNengoModel(onnx_path)
3:

4

5

model = tool.get_model()
model.train(train_set)
model.predict(test_set)
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HE

with nengo.Network(seed=1808) as

net.config[nengo.Ensemble] max_rates =
net.config[nengo.Ensemble].intercepts =

HEshak =) (line 3). 1g

Aol &+<53}al line 5ol A <53

nengo.dists.Choice([108])
nengo.dists.Choice([@

default_neuron_type = nengo.LIF(amplitude=0.01)

nengo_dl.configure_settings(trainable= )

inp = nengo.Node([8] * 28 * 28 * 1)

X = inp

= nengo_dl.t
= nengo_dl.ten

nengo_dl.tensor_layer(x,

nengo dl.tensor layer(x
nengo_dl.tensor_layer(x,

nengo_dl.tensor_layer(x,

nengo_dl.tensor_layer(x,
nengo_dl.tensor_layer(x,

nengo dl.tensor layer(x,
nengo_dl.tensor_layer(x,

nengo_dl.tensor_layer(x,

tf.layers.conv2d,

shape_in=

nengo. LIF(amplitude=
tf.layers.average_pooling?d, shape_in=(28, 28, 4), pool_size=2, stride

tf.layers.conv2d, shape in=(14, 14, 4), filte
nengo.LIF(amplitude=0.081))

6, kernel size=5, padding

tf.layers.average_pooling2d, shape_in=(18, 18, 16), pool size=2, strides=2)

tf.layers.conv2d, shape_in=(5, 5, 16), filters=128, kernel_size=5, padding
nengo.LIF(amplitude=0.81))

tf.layers.dense, units=84)
nengo.LIF(amplitude=0.81))

tf.layers.dense, units=10)
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A1d Ad 3H
[ 5-1] tlx3F AMY 5=
ALSF
CPU i9—9900k(85°] 1629 %)
GPU gtx1080 lway
RAM 32Gbyte
R s SSD 1TB
2 Ao A= A 3ol gis] At} A3 [E 5-1]14FFe] el b
2~3% FAgA 2P}t CPUE 83 16248 E2 i9—9900k, GPU=
gtx1080, RAM< 32Gbyte, A&7+ SSD 1TBE A3},

[ 5—-2] "< PythonglolBeldg &=
AL
Tensorflow 1.10.0
keras 2.2.2
kerasZonnx 1.6.0
nengo 2.8.0
NengoDL 2.2.0
onnx 1.6.0
numpy 1.14.5
Protobuf 3.6.0
cudatoolkit 9.0
cudnn 7.6.4

[d

[e]
2] 34 [#F 5-2]¢9 2t} NengoDLE 2.2.08] & Tensorflowd] 2.0H
A& AdstaL A Bk HS Folsobdth £ ONNX-SNN2 241
A udEd 1.6.0HAS 7oz )



Al 2 4 ONNXoJA ONNX-SNN ¥

2 Ao A= ONNXZ ONNX-SNNOo =z AH F+&d3 H3t 55 ALEs
sha} ket A¥E HolFEtl, ONNX-SNNo =z Wgalro] obA
ONNX=Z W A7 H] 2~5}o]7) A2

(&
Ef
(&
riet

ol

AAWe [27 5-11, [29 5-2]°]t}.

LeNet—1, LeNet—4, LeNet—52 95 KerasS AF&-3lo] A4 mdlg ot
=9t} LeNet—19} LeNet—47-%% [2% 5-1], LeNet—57%= [18 5-2]
o} gt}

Lenet-1 Lenet-4
Input(28x28x1) Input(28x28x1)

¥ ¥

5x5 Conv2D(4) 5x5 Conv2D(4)

2 ¥

2x2 AvgPooling2D 2x2 AvgPooling2D

¥ ¥

Lxs ConvZ2D(12) Lxs ConvZ2D(16)

¥ ¥

2x2 AvgPooling2D 2x2 AvgPooling2D

¥ ¥
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A
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A

L
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A
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A
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4
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4
A
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A
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4
A

L - J | - J
L J | - J
[ sohom )

[19 5-1] LeNet—1, LeNet—4 T3
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Lenet-5
Input(28x28x1)

-
A

-
.

A
-~

Lx5 ConvZD(6)

4-|<-

L

-,
o

2x2 AvgPooling2D

-
b

«

~
o

5x5 ConvZ2D(16)

-
LS

«

-,
o

2x2 AvgPooling2D

~
L

«

-
A

5x5 ConvZ2D(120)

¥

Flatten

h 2

Fully Connected, 82

¥

Softmanx

-
L

-,
o

-
L

~,
’

-
L

-,
o

-
Y

[19 5-2] LeNet—5 F+%

keras= AAE 2dS ONNXZE W3kK] 7] = E& keras2onnxé}lo] B¢ g
E Ea A Ystar At} keras2onnx® convert_kerasW|AEE E&f W 7}

aeh.

olr
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N=x28=x28x

AveragePool

Transpose
Transpose

Conv

Wid=1=5=5
B4y

MatMul

B<300=10>

AveragePool

Softmax

Conv
W{12x4x5x5%
B2

Identity

e ]

[2% 5—3] LeNet—1(ONNX) *]Z}3} o]n|%]

MN=28x28=1

AveragePool

Transpose
Transpose

Conv

Wdx1x5x5)
B4

MatMul

B<300=10%

AveragePool

Conv

W 122455257

B<12» Identity

predictions

[718 5-4] LeNet—1(ONNX—SNN) A]z}t3} o]n] %
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| convl_input

Nx28x28x

Transpose

pose

Mathul

B{120:10

Widx1x5x5
B4

Sigmoid

AveragePool Softmax
L
|dentity
Wi lbxdx5x5
M=10

B{16:

‘ predictions

Sigmoid

AveragePool

W<120x16x5x5:
B1207

[2% 5-5] LeNet—4(ONNX) A|Z}t3} o]m] ]
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convi_input

Mx28=28=1

Transpose

WidxT1x5x5
B4

AveragePool

Wlo=du5=5}
B<16:

AveragePool

W120x16=5x5
B<1200

Transpose

Mathul

B<120=107

B<10%

Softmax

|dentity

predictions

[71%) 5—6] LeNet—4(ONNX—SNN) A]7}3} o]n] %]
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conv1_input

N=x283=28=1

Transpose

W<Gx1x5x5)
Bg:

AveragePool

W:16xb6x5x5]
B:{16:

AveragePool

W<120x16x5x5
B:120:

Transpose

Mathul

B<120=84

B<ad:

B<84= 107

B<10:

|dentity

predictions

[2% 5—7] LeNet—5(ONNX) A|Z}t3} o]m] A



convl_input

Transpose
Nx28x28x1

Transpose

Mathul

B{120=842

Wibx =55
B

AveragePool

W18 bx =5
B<1g:

B<84:105

AveragePool

Softmax

|dentity

WET20x16x5%5
B<120;

predictions

[ 5—-8] LeNet—5(ONNX—SNN) A|z}ts} o]u| %]
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-71% [
Y 5—4]oA LIFZ, [1¥H 5-5]¢ &4 3}t Sigmoid7} [Z13H 5—-6]9 A
LIFZ [19 5-7]19 &X3}st4 Tanh7} [71¥ 5-8]o A4 LIF=Z WH3lE AL

ol s 4= gt} AlzZtalsly] Y8 Aled 242 ;L Netrono]th,
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el
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Netron< thksk Q13X 5 W
A 3 & H &Fo|F/AH0|F AF AAY FE2AF v

B Ao A= ONNX-SNN& Nengo TGN A = gl =
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8¢ % 2o AHgetE dolE: Mnistel 1 S50l 617, Hl=Edo]

LeNet—1 LeNet—4 LeNet—5
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Relu 0.06% 0.06% 0.06%
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SoftLIFRate 1.07% 1.03% 1.09%

&lo] 3 u}2}v) ] (hyper—parameters ) A& St<5%E (learning_rate)= 0.01,
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WG4 =64x1=17
<B4

BatchNormalization

scale{64)
B{h4
mean<{&4>
var<sd)

BAxbAx3x3)
BG4

BatchNormalization

scale 64>
B{64:
mean<{64>
var<6d)

W{256x64=x1x1)
B256>

W{256x64=1x1>
<256

BatchNormalization

BatchNormalization

scale (256> scale< 256>
B{256> B{256>
mean{ 255> mean< 256
var{256> var<{256>
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ABSTRACT

ONNX for the spiking deep neural network

Park, Sang—Min

Major in Computer Engineering
Dept. of Computer Engineering
The Graduate School

Hansung University

Spiking Neural Network(SNN) is a third—generation natural network
and operations with a different mechanism from the first and
second—generation natural networks. The non—spiking neural network
Single Layer Perceptron(SLP) and the second generation neural network
Multi Layer Perceptron(MLP) export output values through active
functions that do not consider biological mechanisms for input values. In
contrast, the third—generation neural network, Spiking Neural Networks,
operates on a neuron model that is most similar to the biological
mechanism of the actual neuron than to the existing activation function.
However, even if the network is not used, there have been good results
in the existing non—spiking neural network. Inspired by this, there have
been attempts to take a non—spiking deep neural network model structure
into the spiking neural network and replace only the model of neuron

with a spikng neuron. However, due to different data formats for each
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artificial intelligence framework, the same neural network structure is
expressed in different data formats in each framework. Because of this
problem, the process of converting to another framework is necessary.
This problem was solved by using ONNX(Open Neural Network
Exchange) in previous artificial intelligence frameworks. It converts models
made in other Al frameworks into ONNX. and The conversion tool is
used to convert to a data format able for the artificial intelligence
framework that you want to convert. That is, a framework that supports
ONNZX. can be used simply by converting an artificial intelligence model.
However, the framework that supports the Spike Neural Network does
not currently support ONNX, nor does ONNX have a definition of a
Spike neuron. The contents proposed in this paper are as follows. First,
ONNX—SNN is proposed to enable the expression of the neural network
of spikes based on ONNX. In addition, the conversion method from
ONNX to ONNX—SNN is introduced. Second, A model conversion and
code generation method is proposed that ONNX—SNN can be used in

the Nengo framework.

KEYWORD: Perceptron, Spiking Neural Network, Open Neural Network

Exchange
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