W

mE

N LR REIEAESE A P ARG T T T, AR, ATTRE B AT R SRR 7
gER . Bkih g 4% (Spiking Neural Networks, SNN) DI AE W4 28 50 ) — ARk v
BT B T E T E 4, ATEERR S TS RS mAG S, A RS Tl
SEEER v e LA EOR I 5. 1T W28 BT S RE A8 CE 4 RF I 28 R AE RE T IE L T A% BRI
KPR ER, NS — MR R XSS RO AR R
SRIMAE AR AR 2 8 R B TH R, SNNBY A A0S I i 70 218 5 288 T VE N 8 Re
PRI KN, FAE G /R 2 B & 28 SE R R CR Al . FsK
b, MERGHRT ZAENRMIEST (Synaptic Pruning) Pl % 5 V4 SNN A ) A BY
B35 UL BRI T R U AR R N B, R 0 B — RPN T P 3 () e/ MZ B
BTG A R NG —— R R, 5 R AERERCE . R, BRI AR T
TR XL T RAER A SHE TN SR . BT 1D WA K T R 45 MR
P BLR2) RAMEBINURIKIE K, RIFRIRBENK & 28 BRI —d oix
— SR T A I SR A

AN ABREE R, AR HEE A B AT TR, BERB S8R R
KINAEBER SHRE S, FF @B NIk oh 2 W 2% BUR R . BRI FCER N,
ASCE AR TR RH T AR P RSB SN E XK ERE S ERENE
WA FBERCIE . NEFS RIEMMECM. WRBIET (WNEERS) REEHO]
RH, FEURFESNN RIS T R T7 SR R0, R & AR T Vidar ik ABALI ik B Ax
forill 2 i AT TN o ASCHY = ZEANHF R T

F—, FNERPERFESTHNEELDS, BH T —METHEERZIHIN
PR MEMEE R, EENKRRIRESEEFNRMNEZRSHENNWERE
%, E5R T SRS RE P IR IE SR S E RN HREE ST, AT VR 5 A — A
FIAW RTINS H, SEPBFRIRES 5 ERRES TS S, YNEFS
GER 22 ) G N TS E) 2 2 o AT N 2 7R U o B2 BE RS B Sl TR SRR A=
KEWH T X — 7 VELEA B2 PRIk i i 8 X 4% R K AR S R B L S, AROR L %
fIRSNNAER FMFLE (5>99%) T IIVERES R BN 3.5%, RN SNN_E BYAL (1 5
RS R .

B, SIERPNEFSHRZRIFHNCEIRE, BT —HIRBNRE X B
SHESHFHERCPREME R EE, B EEMNRR E ARG EE
BAN, FATREN/RIZEE, FRA THREMERMEEE. ATTVEELHTTTiER

I




B R AR

Bt b, S0 TR SEBRAE DS A -0 2 TR R e A, (AT S ], HFEIAT
A5 A, 1Y R A S 425 ) DX 28 R A PO 2 . 7E18J2SNIN 45 SRR, AU i — b ik
THIARTAE, FRCABENEZZE (FLULL) RERSNNA MBI T/E, JFHbZ
AN R R S F AT IR SNNEY kL TAE .

=, FIERPETRFEENHBIEE G, R T — s H s S EiE
TRENEREESE—IER, BRTERREFESHMEAER. ATk
WA HTEA T TOBIR S BB BT R OX — B 5 N, MRS EE T A, RIS il
16 B3 FE 5 0 L 1) B Ao A o) R0 P S QXS B O 2R, s DI MK HL A 46y H b iR 5 1) 240 SR
SR PR, FRHET YR I PR AR — B DU T 38 N2 3] R B A R 2
R AE R HERHE A ERISNNA SRS 1 I 7 vk 2 AN Wb B2 T 1) 5 4 BY A 5 e
TEIRESNNS S e (93%) T AH Gl (s i B AL J5 70 R 3R 3% . 1X—J71%
Refigidt — DB — R IANNEI A, JF B BEIREEANNS S (95%) TAHEL
ST BT B R S5 0 PG PSR T 2% o 1% 77 15 M 5 50T R PR B ARt 3o 5 10 A T ) S 4
BT RS S S

B0, WETHEMESRREKOREFRQNMLE, H B EET VidarfioREHLE
BRI RS h, T5E TSNNSREURLITETFHE. A7 P b 8Tk Sk T
1EIE, &R AU (3@ B A S0, BT XA T SNN X 25 (1) AR Bk e 122 45 A ik A T
TR XK BT R /2% 1E A Vidar Bk A ATLRE G Bk b BOE R BB AT T H bR
KRS, FERT IS BEAS B S5 R PR RSO0 R, %05 5 1T LR IR FE SNl I 2% 1) 2 40
HE BRE M 250%,  [FR] B AS A ok B B RS I A5 1% . xS TR LA I3 5
SNN W 2% {1245 n] LAt — 20 IR 46 22 B 25 I 25 [1)20% . X L 45 SR4E T+ 1 SNNTEILSE Y
SORTAT S BT, ARSI R 2% J5 SR AR b (1 i RO S AR A T R

iR, AXETMERG P RBEKBETIRENE R, BPWET B EA%
VG BRI THEA O B T R 22 IR 28 BU AL R o AR SRR SRR IR A2 B A A AR . R
SRS BT AR FEALHI A B N Z AT T RIS, $248 B SNNBY R AT 45 e o o B i A
PR A5 R TR bR A B A ) R AMAE B ML, S A kot B ARl R 48 B3 uE 1 HSEbRB A
B A SCH A I IR SNNBT AL i — D IS LU Fe B 5 1 LA

KRR WO, BREABTR, Bk, BORRYE, IREES

I



ABSTRACT

Pruning of Deep Spiking Neural Networks Inspired by

Formation and Elimination of Dendritic Spines

Yanqi Chen (Computer Applied Technology)
Directed by Prof. Yonghong Tian

ABSTRACT

Artificial intelligence is permeating every aspect of production and life. In the future,
people will be inseparable from the results of extensive model calculations. Spiking neural
networks (SNNs) are famous for simulating the binary spike firing characteristics of biologi-
cal neurons to save computing overhead. They can be efficiently deployed on neuromorphic
hardware and are expected to serve scenarios such as edge computing that require high energy
efficiency. Network pruning can remove redundant connections in the network while main-
taining network representation capabilities, improving computing efficiency from another per-
spective. The combination of the two has therefore become a research hotspot. However, as
a computational model inspired by neuroscience, research in the field of SNN pruning usu-
ally ignores human brain as a representative of advanced intelligence, which has far sparser
weights (synaptic connections) than most current neural networks. In fact, the synaptic prun-
ing phenomenon that is widespread in the nervous system and the weight pruning in deep
SNN both aim to remove redundant connections in networks, and they are thus two sides of
the same coin. The minimum pruning units of aforementioned both are the tiny structures on
dendrites - dendritic spines, and synaptic weights, respectively. Therefore, the formation and
elimination of dendritic spines exactly corresponds to the emergence and pruning of synaptic
connections. The development of pruning algorithms for deep spiking neural networks based
on 1) the structural characteristics of dendritic spines during their formation and elimination;
and 2) synaptic pruning mechanisms, provides a novel research perspective in this field.

This thesis conducts research from two levels: physiological structure modeling and
physiological mechanism modeling, aiming to find the physiological structure and mechanism
information most relevant to pruning, and finally model it as a spiking neural network pruning
algorithm. With the deepening of the research, this thesis gradually resolves the problem of

modeling the correlation between dendritic spines and weights, the modeling problem of

I



BN L e A

the connection structure rewiring mechanism, the concern of poor flexibility of weight
symbols, and the speed control problem of dendritic spine elimination (weight pruning),
in the formation and elimination processes of dendritic spine. The effectiveness of the solution
is verified on deep SNNs and finally applied in a spiking object detection system based on the

Vidar spiking cameras. The main innovations of this thesis are as follows:

Firstly, to address the modeling problem of the presence or absence of connections
in pruning, a pruning algorithm for spiking neural networks (SNNs) based on the gradient
rewiring mechanisms is proposed. It draws upon differences, both morphological and func-
tional, in synaptic modeling of dendritic spines and corresponding pruning algorithms, and
enhances the continuous transformation process of network topology during pruning. This
method introduces an extra parameter describing the volume of dendritic spines, modeling
both the pruned state and the connected state of weights. This enables the network to automat-
ically regulate the formation and elimination of dendritic spines during the training process.
The results on SNNs show that this method greatly reduces the performance loss of SNN un-
der extremely high sparsity (>99%) to only 3.5% without significantly reducing the efficiency
of spike transmission throughout the network, which is the best result for pruning on deep

SNNss at time of publication.

Secondly, to address the lack of sign flexibility of weight in pruning, a spiking neural
network pruning algorithm is proposed to simulate dually innervated dendritic spines. By
modeling the changes in proportion of receptors, this method also broadens the hypothetical
space of the networks, and thus improves the performance of pruned networks. Based on
the previous method, this work takes the modeling of the transition between excitation and
inhibition of dendritic spines into consideration, enabling the learning of sign of the weight.
The results on an 18-layer SNN show that its effect further surpasses the previous work and
becomes the first work to effectively prune deep SNNs. This is also the first SNN pruning

work validated on a large scale benchmark dataset.

Thirdly, in view of the common concern of speed control of sparsity in pruning, a unified
framework for pruning algorithms that finely controls synaptic pruning speed is proposed to
avoid unsatisfactory network performance after pruning caused by abnormal pruning speed.
Through theoretical analysis, this method provides an explicit correspondence between the
elimination speed of dendritic spines, that is, the synaptic pruning speed and the optimization
problem in the context of dendritic spine state change modeling and pruning, and successfully

converts it into a hyperparameter selection problem of the constraint in objective function. At
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the time of publication, this work achieved the best post-pruning performance under multiple
sparsities among cutting-edge methods in SNN on benchmark datasets, and the classification
accuracy of deep SNN under high sparsity (93%) was improved by 3% compared to the pre-
vious best results. This method can be further extended to general ANN pruning, and also
improves the classification accuracy by 2% compared with the previous best post-pruning per-
formances in deep ANN under high sparsity (95%). This method provides a solid theoretical
foundation for viable subsequent improvements in pruning speed optimization.

Fourthly, a compressed spiking visual detection network is obtained through pruning,
and applied in a spiking detection system based on the Vidar spiking camera, which greatly
saves the amount of SNN parameters and computational overhead. This work modifies the
proposed pruning algorithm, adapts it to a hardware-friendly channel pruning algorithm, and
adjusts it to detect the unique jump connection structure of the SNNs. The network pruned
by this algorithm performs a target detection task on the spike streams collected by the Vidar
spiking camera. This method can save the parameters of the deep detection SNN to 50% of
that of a dense counterpart without significantly reducing the detection accuracy. For common
detection scenarios, the amount of the SNN parameters can be further compressed to 20% of
that of the dense network. These results have greatly improved the computational efficiency
of SNN in real-life detection tasks, and facilitated the subsequent efficient deployment of the
detection network on hardware.

In summary, inspired by the formation and elimination process of dendritic spines in the
nervous system, this thesis gradually constructs a spiking neural network pruning algorithm
with biological plausibility and computational efficiency. This thesis conducted research from
two levels: modeling of the physiological structure of dendritic spines and modeling of the
physiological mechanism of dendritic spine pruning, and unearthed the most critical physio-
logical structure indicators and the most effective synaptic pruning mechanism for the SNN
pruning task. Finally, the value in practical application has been verified on the spiking target
detection system. This thesis also lays the foundation for further analogy research on dendritic

spines and SNN pruning.

KEY WORDS: Dendritic Spine, Model Pruning, Spiking Neural Networks, Model Compres-

sion, Deep Learning
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