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Inception Nucleus Filter Visualization

We are analyzing the early filters as well as deep filters to see what has been learned. label
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* We proposed a novel Inception block to tune kernel sizes

b8
. . . b.::\. 2.0
on the fly during training! ﬂ 2t )
= 8) o3t
3.0 ~ e i@ : Ob.:‘:a
40 o ‘s ." . ".l. ‘ ,.,’. 2‘(3:,
o ‘;“"\.. ® ': - v -
[ o L v OO Hries
7.0 oo ‘:- '..\";.:.‘,, o e e o2 9 ,."’;"‘
8.0 X L o Qe et ofe
V(9 05 2o » Y T8y, <. ML e
} 3.0 o .’: ';:‘0‘0.":" : :.C ‘.}::“:’ '! . o \‘, @s 0. @
Filter Concatenation o, $IFeen, oL MeTEVt a e B
A ...j.‘ o Vo' ¢ S'0° G [ ‘ LT o o
® LT 0. 9 . '.-’_.‘ ‘:‘ v. ‘\“ ;. ® t:,‘.’;’”,‘ u
<y v :“.' v o9 °* ’;,‘\‘0.0_, %o - ’_.‘.: - .‘,\ : B &
3

ConvlD <32,4,4>

O v, 'y ® U e'w 1By = %o
® o 0% " ® 0.7 2% e e o» 952280 5 ab o
.... " B ’.‘\.l.". Jv- - “.‘\.1“'.4. ®» v
' o P OSSPl T AT P
- N N ...-I.;( a2 oe.® 8, @ 200
o Ot a0 gSe. Az @ ST L O " e
as o %s Ir.":l..')"“‘lt“ . P bl gl o S CET )
> 20 0% g et et RS e S 2 =g o r'.
(A - v 're -, L 2 n -
.'.'\‘ ..(.. L4 ) L.. - R LN :9 “.. .“
v O Y0 - L LA AT " - .
W o LK A o L) D NS
. o o . B . .' o ’ ./ o .
111111 e avge J W1 A AR LN e
o ‘.D. L A~., 2 { e’ '. v.® .A":’.\ ~.9 > a )
0 AaFR gL 0y o o At AT ) - " b »
(A e " K LR e a a
Conv1D<32,16,4> R R T el P S % 5SS
[ - . B o .
Paa’p > . . o n) ‘s 19 8, . a® ® S (=3 e 00
a “Saby - > o? S oaeeS F %, o ®) e
Yol %ie e AR R DO IR 4 - o
- ":,-.’ <o % e Yo ‘\‘. £ a V) n
- Talleh e sy e @ G
o < .‘ - - '. he] w 15
- . A ¢ oe scege
- LT 9.9 n L~ Y- o LReX
i = o v BJ N °
o ' oad e ¢ ] LI
» ce® 0% 0 o + 90 %o | I ) -9
e " o L ]
e ’ e . a' e r o
el - = o o
e w e Y (XX
= L > - a r ‘. Al
o o .‘- ..“.‘.' -
MeS T VTR er® P2 eV 0.5 8
Conv1D<32,16,4> v A P
) ) 2
: k-3
= ) E-3 .l
/ .
o
- e
.o;."o:).

\/ AL | f\\\
Network Architecture \/ f

\ V V We applied t-SNE on the most abstract features. It exhibits
Visualization of the filters in the first layer reveals the network is learning wavelet-like filters. We demonstrate 12 the network has learned semantically meaningful concepts.

random filters here.

The proposed Inception Nucleus architectures with/without
Batch Normalization:

Inception Nucleus Nets Configurations
Tnception Inception-FA Inception-FI Inception-BN Adapting Network Architecture For Loihi Hardware
280 K 789 K 479K 202 K
Input (32000 x 1) . cx . o
ConviD,32,80.4 fneeption Nucleus: | ConvID.32,80.4 with BN l Conversion to Loihi involved 4 key network
onv1D,32.,60, !
Conv1D,[32,80,4] x 2 ! . . .
SomiD LRSI : architecture adaptations:
Inception Nucleus: Inception Nucleus: Inception Nucleus: Inception Nucleus: | . .
Conv1D,64,4.4 Conv1D,64,20.4 Conv1D,64.,4.4 Conv1D,64,4.4 - BN 3 | ° Replace MaX pOohng to Average Poohng
ConvlD,[64,8,4]x2 | ConvlD,[64,40,4] %2 ConvlD,[64,8,4] x2 ConvlD,[64,8,4] x2-BN |
Conv1D,[64,16,4]x2 | ConvlD,[64,60,4]x2 | ConviD,[64,16,4]x2 | ConvlD,[64,16,4]x2-BN | I - e Reduce the input dimension from 32K to K
Max Pooling 1D, 64,10,1 | 2
Reshape (put the channels first) D A 4 ° > " >

oI e —— o Replacing the global average pooling to flatting

Max Pooling 2D,32,2 x 2,2
ComaDEAs 1 oD SIS BTN . L and a dense layer
Conv2D,64,3 x 3,1 Conv2D,64,3 x 3,1-BN .

~Max PooT TR  Reducing total parameters from 292K to 143K

Max Pooling 2D,64,2 x 2,2 : : . . o
oD s RS ComAD 383 X 31BN Translated network architecture. We Train the network using Gpus and then translating the learned network to spiking neural & p

Max Pooling 2D,128,2 x 2,2 network and we will port 1t on the Loihi chip.
Conv2D,10,1 x 1,1 Conv2D,10,1 x 1,1-BN

Global Average Pooling P()l‘t tO LOihi
Softmax

Results on Urbansound 8k Dataset

Comparing our model with the state-of-the-art approaches:
Model Test # Parameters
M3-fc [9] 46.82% 129M fesults
M5-fc [9] 62.76% 18M A typical titan GPU needs nearly Summary:
M11-fc [9 68.29% 1.8M 110x more energy than a Loihi for . . . . ~
| - . Mean power consumption and energy cost per inference across hardware devices. We proposed a novel end-to-end architecture that
M:-S‘fC 9. 64.937% 8.TM the é?fsrgngci%t o nferonce (bachaize - 1 takes a raw waveform input and maps it to labels
MI8-fc [9. 64.937% 8.7M 0030 without any feature extraction.
RCNN [19] 71.68% 3. M . HARDWARE IDLE (W) RUNNING (W) DyNAMIC (W) INF/SEC JOULES/INF . We analyzed the learned filters and we noticed that
ACLNet [11] 65.327 M the network 1n the very beginning is learning wavelet-
EnvNet-v2 [20] 78% 101M 0020 GPU 14.97 37.83 22.86 770.39 0.0298 . . :
PiczakCNN [21] 1307 EM ; CPU 17.01 ] 48 11.47 1813 .63 0.0063 like ﬁlters and deeper representations are semantically
VGG [22] 209 TTM g oo JETSON 2.64 4.98 2.34 419 0.0056 meaningful. N |
Inception Nucleus-BN (Ours)  83.2% 297K bot0 MOVIDIUS 0.210 0.647 0.437 300 0.0015 . W§ trapslate the net.work. on the Loithi neuromorphic
Inception Nucleus-FA (Ours) 70.9% 789K 0005 Lot 0-029 0-110 0-081 296 0-00027 chip with some modlﬁcatlogs: . :
Inception Nucleus-FI (Ours)  75.3% 479K ™ s3 . . . The results .suggest that Loihi chips are very efﬁc%ent
Inception Nucleus (Ours) 88.4Y 289K o0 e e in power since they are nearly 110x more efficient
than GPUs on the inference.




