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Hodgkin-Huxley (HH) Neuron Model
A. Hodgkin and A. Huxley the 1963 Nobel Prize.

Sir John Carew Eccles  Alan Lloyd Hodgkin Andrew Fieiding
Huxley

(INa+> = gNa+-]713h(11 = ENa+) Prize share: 173
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Surrogate gradient Learning, E. Neftci, 2019. Tong Bu, et.al, ICLR 2022
Slayer, Sumit, 2019. Zecheng Hao, et.al, ICLR 2023
Superspike, F. Zenke. 2017. Tong Bu, et.al, CVPR, 2025

STBP, Y. Wu, 2017
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[1] QKFormer: Hierarchical Spiking Transformer using Q-K Attention, NeurIPS (Spotlight) 2024
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| | 3.
u(D.L) { J { L'j Model  Accuracy (%) Spiking Rate (%7 Speed (ms)
' ! TF 83y I
0(0:.%) O ; SDN §5.57 19 2%
. . < 3
SSM Spikiag SSM SOR-5 81.52 18.30 285
Table 5: Performance comparisom on the sCIFAR 10 ditaet
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[2] Scaling Spike-Driven Transformer With Efficient Spike Firing Approximation Training, IEEE TPAMI 2025
[3] SpikingSSMs: Learning Long Sequences with Sparse and Parallel Spiking State Space Models, AAAI (Oral) 2025
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a No feedback  Scalar feedback Vector feedback - Synapse undergoing learning
r My & N 7 &)
= Feedback signal (e.g. gradient)
Feedforward Hebbian Perturbation Backpropagation Backprop-like learning ~*=  Feedback neuron (required for learning)
network learning learning with feedback network —= Feedforward neuron (required for learning)
Output Diffuse scalar reinforcement signal
o O O g O. -Qa
RN P4 \
O ! A 2 ~ o / \
> O O O O O .‘ O O o @0 (,) " Q ‘_ ﬁg Q : Q Q ¢ Error landscape
o oo o ., O © 0O O o O (5 \ o o '®, o -O o Perturbation learning
o O © O o O © O o O © O |
Input = /
5
o
E
©
b @
. Scalar feedback Vector feedback R
Weight perturbation Backpropagation / ‘ \_..\ Hebbian
| T \ learning
scision of synaptic change in reducing error
[ SELGLSYIARYE Chang 3 Backpropagation
Node perturbation

Backpropagation approximations Parameter 2

INEHEMENFEIETE

Backpropagation and the brain, Lillicrap T.P, Hinton G. et.al, 2019 Nature review neuroscience
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[1] Hebbian Deep Learning Without Feedback, ICLR, 2023 (Spotlight)

[2] Unsupervised learning by competing hidden units, PNAS, 2019
[3] Blockwise Self-Supervised Learning at Scale, Yann LeCun, et.al. 2023
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Fine tuning of LLM with ZO

¥ f(x) = éz lf(XJrPJui) - f(X—ﬂui)ué]

i=1

24

Ik, BNERE. RRAEFIEENR, M. SRRE. SHERS0
SHEREA, RETR., SAMSRNEHEIEAN-6|2EE.

N . X
KX Yo" — bl Q
. 4 Z
) ;:.\a (/ \
2{ . \ ) ! &/
? 1 \g :
1 ' B : ! Dormant Param,
-_;;~.»_———_—_—~—.-:_jl Active Param.
Forward Pass Backpropagation  ZO Gradient Estimation B Model Prunlng Guided Span"y
A Query Based ZO Optimization .
SST2 Roberta-Large OPT-1.3B
FT  LoRA Prefix Prompt FT LoRA Prefix Prompt
FO-SGD 91.4 91.2 89.6 90.3 91:1 93.6 93.1 92.8
Forward-Grad 90.1 89.7 89.5 87.3 90.3 90.3 90.0 82}1
Z0-SGD 89.4 90.8 90.0 87.6 90.8 90.1 91.4 84.4
ZO-SGD-MMT  89.6 90.9 90.1 88.6 85.2 91.3 91.2 86.9
Z0-SGD-Cons 89.6 91.6 90.1 88.5 88.3 90.5 81.8 84.7
Z0-SGD-Sign 52.5 90.2 53.6 36.1 87.2 91.5 89.5 72.9
Z0O-Adam 89.8 89.5 90.2 88.8 844 923 91.4 75.7

[4] DEEPZERO: SCALING UP ZEROTH-ORDER OPTIMIZATION FOR DEEP MODEL

TRAINING, ICLR, 2024

[5] Fine-Tuning Language Models with Just Forward Passes, 2023
[6] Revisiting Zeroth-Order Optimization for Memory-Efficient LLM Fine-Tuning: A
Benchmark, 2024
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1 Hyper-parameter | y(D.L) '@ ot t “th
]
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i o (D.L) @ i Y = E CA"™ "Bz
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: Tune i
\ (a) (b)
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f 1
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1 3 3 - . TRIEVAL TMAGE P SOE XAV Model SNN  WikiText-103 Parameters H
1 Transformer No R 627 ST " o a0 — REY Transformer No 20.51 231IM 1
| LMUFormer No W43 6827 78.65 54.16 69.9 59.24 sS4 No 2095 249M Method | _ ﬁgﬁd ‘;'"i‘ W G !
Sl $S HZ o mn 4% we £ Smer e pn AN et uhlah |
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1 in the Path-X task, we instend present the resalt of another close variant S4D-Inv, -VF and VT denote fixed and trainable 2 3 1
' threshold, respectively, Furthermore. we take the 50% accuracy for the absence of Path-X nccuracy as did in the work of S4D, SDN-§ 81.52 18.30 285 1
: then compute the overall average metrics across all tasks as AVG. The spiking rate for each task have also been calculated, :
|\v.hi\'h s indicated by blue fom Table 5: Performance comparison on the SCIFAR10 dataset. J

SpikingSSMs: Learning Long Sequences with Sparse and Parallel Spiking State Space Models, accepted by AAAI (Oral) 2025
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ZME=77RNN: Mamba, Transformer alternative?

Algorithm 1 SSM (S4)

Algorithm 2 SSM + Selection (S6)

Input: x : (B,L,D)
Output: y : (B,L,D)
1: A : (D,N) « Parameter
> Represents structured N X N matrix
2: B : (D,N) <« Parameter
3: C : (D,N) « Parameter
4: A : (D) « 7,(Parameter)
s: A, B : (D, N) « discretize(A, A, B)
6: y < SSM(A, B,C)(x)
> Time-invariant: recurrence or convolution
7: returny

Input: x : (B,L,D)
Output: y : (B,L,D)
1: A : (D,N) < Parameter
> Represents structured N X N matrix
: B (B,L,N) « s(x)
: C : (B,L,N) « so(x)
: A : (B,L,D) « 1 (Parameter+s,(x))
: A B: (B,L,D,N) « discretize(A, A, B)
1y« SSM(A, B,C)(x)
> Time-varying: recurrence (scan) only

AW N

7: returny

di

3 Views of the Mamba Layer
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e SN

[ Training via Parallel Associative Scan ]

[Auto-Retrogressive Generation via RNN]

( [ Interpretable via Attention Matrices ]\

Efficient
Parallel, linear complexity in sequence length

Fast

Space & time complexity doesn't depended on L

Interpretable
Data-controlled attention matrices(&; ;)

/ Fused work-efficient parallel scan \

Computed in fast GPU SRAM
. CL]
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B = fg(A,B,A), hy= Ahy_1 + Bz,

B; = Sp(z;). C;= Sc(x;), A; = softplus(Sa(z;))

fa(AQi, A) = exp(A;A), [fB(Ai, A, B;) = A;B;,

fjli = fl(—‘l‘—l) B: = fU(‘—\Ilel)

o T

N-----------------------_’

hn (,"1 B] 0 oy 0 I
Y2 C2AxBy (2B, S ¢ )
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ST L 0
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Mamba: Linear-Time Sequence Modeling with Selective State Spaces, 2023
The hidden attention of mamba models, 2024
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2000’s 2010’s 2020’s >2030's
: : : | >

@e neuromorphic systems (CMOS based)

z;,Tianjic chip

IBM TrueNorth  |ntel Lohi

Development of resistive memory (NVM) for dat:

RRAM, MRAM,
FeRAM, PCM

: «Early stage»
studies

Chip
prototypes

FeFET and FeRAM F13,
(HfO,, ZrO,, HfZrO) ECRAM

NVM+ CMOS processor for IMC and accelerators

NVM + CMOS processor for SNN

Exploiting NVM and memristive devices for synapse and neurons
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