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Background & Motivation

r----------------------------

Training Challenges in SNNs training

» Backpropagation through Time (BPTT)

» Complexity: SNNs require complex temporal-spatial
computation graphs.

» Resource Intensive: High computational and memory
demands limit scalability and practical application in
large and deep networks.
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I Rate Coding in spike representation

: » Information encoding based on the frequency of
| neuronal spikes.

: » Predominant form of data representation in SNNs.
|

|

|
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» Rate Coding in BPTT: SNNs trained with BPTT on
static benchmarks typically utilize rate coding,
showing similarities with ANNs.
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: Innovation: Rate-based Backpropagation

I > Leverage the effectiveness and dominance of rate

I coding.

» Targeted training only based rate could offer a high
cost-effectiveness ratio.

» Method: Decouples BPTT by approximating rate
coding, simplifying computations into a single spatial
backpropagation.
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Comparison of Training methods
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» Full gradient computations  » Reduces memory costs » Simplifies training by conducting
among the temporal and by ignoring inter- backward computations once, based
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Decoupling BPTT
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Decoupling BPTT
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Forward Pass of Spiking Neural Networks with the Standard Iterative LIF Neurons

ub = Aul_; — Vsl )+ Wisl™' sl=Hul -V4) Il =wisl!

( N\
Rate-based Representation : Rate-coding Approximation
l
v = Elsi] = + L st WL~ % =14
_ ]E[Il] _ E[Wlsl_l] _ WZE[S —1] — wipt=h Straight-Through Estimator (STE)
L tl t t i —
N Z
V

\_

oct ~_ xxriT ort B OE [si])orty 1 0s .
8'rl—1 . W . CL (@)ra{e = ZT: ( 8I7l_ 6cl> - T zt:zT: (6—_[;) =E [zt]
8_£ from L=/ (l ZT oy y) |{ --------------- l-l E;n:ii;g-t-e}w-p-c;a-lagr;e-n-d;;gy ------- —&:
Oel i t=1 ) i ol = Z 835, <88t Z Bs ﬁ <3u£+1 811,71;_'_1 855))5
_ Derivation of Rate-base Gradients S & _?fl____f)_"_l _____ f"_l_____l___‘{z"fé _____ ‘E__af‘f__ i
- " C
Rate-based Backpropagation
oL oL & [dct or PE. o - NV
Error Back: (== - 2= o i 9= i !
(acl )rate <8CL ; 1;[ ) ( 8,r.i (acz )rate)) <8CL izlL_I_l (W E [xt] ))
. _ oL ac AL ,_ T
Weights Descent: (VwiL),, = 5 15071 = 507 | Independent of the

Temporal Dimension!!!




Decoupling BPTT

Forward, N i ( ) )
N I, Rate-based Ripresentatlon \I Rate-based Backpropagation Rate-based Representation Rate-coding Approximation
. . or I el — 1 I l
: : ! r! : o r' =Elsi] = 7> <1 St- Itl%cl E:}%:[d
: T T 1 ! l ' : " = ]E[Ié] = E[Wlsi_l] — WZE[St—l] — Wipl—1 Straight-Through Estimator (STE)
l l l l l l oL oL \ M — M
| St-1 St St+1 i St-1 St St+1 | 7 - T | | S Z
| 1 \ f \ f : T \ 1 1 I 6St_1 ast L 6s$+1 P JR— _‘ \V/ \
N R R TN h z}: L b or a Pood iy (O EZ@(E—MD(?H):lZZ(a_%) E 2]
U1 e Ui s T 7 S L onm 2 et Gawe=2Ton ad) 722 (on :
(Reero i e S e ————mmn 9L from L = ¢ (_ 5 Ve y) (CTTTTTTTTTTTTT Handling temporal dependency '@‘:
|l. l l i 1 \ 1 oL 9ct el | i I s 88t dsk 1 ‘9ué+1 8u7l;+1 s} i
il L, I Ityy c il I 3 l"t:Zaﬂ oul Eal H oul T a5l oul ) )|
TE : i1 I T Derlvatlon of Rate base Gradients (S [ S S ot -1\ L s
il wi wt wi Ratie Coding i lT i oL w! o
E g1 gl-1  gl-1 Ap|prOX|mat§|]ort: ri-1: fl : ow! @ 4 ‘I = .
.|‘ ;—1 - ;ﬂ_" , ] i ; I ort-T Rate-based Backpropagation
Error Back: (@)rate = <8CL H ( 8,r.i (@)rate)) = <aCL ‘ H (Wl E [%i]))
Forward Pass of Spiking Neural Networks with the Standard Iterative LIF Neurons ' 3L£ 18 ar e
. C F
Uyl ! T z T ool Weights Descent: (VyL) = = ——pi? Independent of the
u; = Mu,_; —Vaps;_1) + W's s; = H(u; — Vy I, =W's 9 (VL) e = . .
L= Aul_, —Vast ) Y si=H(uj—Va) I ‘ © = adow! o’ Temporal Dimension!!!

\_




Decoupling BPTT
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Rate-based Representation > Rate-based Backpropagation
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Decoupling BPTT
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Backwards with Local Eligibility Traces

4 . o A
Local lterative Eligibility Traces Algorithm 1: Single Training Iteration of the Rate-based Backpropagation
I _ 1 l l Input: Timesteps 7'; Network depth L; Trainable parameters {W!} Training Mini-batch
e, =<((t—1)e S P P p p I<L} g
b ¢ (( Jei1+ t) {(x9,y)}; Training Mode rates or ratey;.
gé — %((t — 1) gt 1 + au, pt) Output: Updated parameters {W'};< 1,
ol oul 9 Initialize input spikes s? = ¢ for all't € [1,7].
pl=1+pl_, (a lt 5 t 5 t= 1) Initialize p, = 0, g = 0, e}, = 0 forall [ € [1, L].
U;_q St—l u’t—l fort =1rT do
\_ J for! =1t L do
 S— N Compute input currents through linear operators I! = W’si_l;
Eligibility Traces for Rate- bf\ft_eij_l_kg_p_r_e_s_ep_tgﬂo_n Initialize p}, = 0, g}, = 0, €}, = 0;
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1 T ou, du, ds! _
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end
4 . L A
Backwards with Local Eligibility Traces end
Compute the outputs gradient -25 from the objective function.
T dc
3[2 — 3z+1wl+1 for | = L — 1101 do
({; 86 Compute error backpropagated through the linear part 55 Br 32&1 Wi’
5 ccl = B fl gT Compute error backpropagated through the neuron part W = %gép,
Compute the weight gradients Vy: £ = (ef_r hT,
le E 8 == (elT_ )T Update parameters {W'};<, based on the gradlent—based optimizer.
€
\_ Y, end




Connecting Error Backward to BPTT
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Equivalent Conditions E [5?”%] —F [5

Theorem 1. Given ¢, (af) that refers to gradients computed following the chain rule of BPTT in

] E [!] (A1)

I __ _ (sh _ (sh) l o 2 ] 26 L AL Ta-tho-LON2 ALT6-rho-LON2
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Bounded Approximation Errors " [5(”3”1} _E [5(11)] |

l oyt
Theorem 2. For gradients 558 ) = gc and k. = > g;f, given the approximation error bound
t

€>0s.t. HE [5§sl)né} -E [6§sl)} (k1] ‘ <e(l+ HE [ } H for¥l. Denote the stacked tensor

P =10 o IT] and st = [s}, ..., s4]. Assuming the backward procedure follows non-expansivity s.t.
2l e £in Wl+1 is 1-lipschitz continuous without loss of generality and the biases are bounded

Y.

4
©

ML LT TS

o
©

oIt 08 A2-T4-sim-L1B1C1 A2-T6-sim-L1B1C1
uniformly by B, i.e ) Y 5 i < ||z — 2| for Yz, &. Define 8\, = (OL) as the A2-T4-sim-L2B1C1 A2-T6-sim-L2B1C1
y by b, l.e. 51 — T rate. — \Bcl ) rate 09 A2-T4-sim-L3B1C1

A2-T6-sim-L3B1C1
A2-T6-sim-L4B1C1

Iterations 2k 4k 6k 8k 2k 4k 6k 8k

(c) Measurement of A2
Cosine Similarit

A2-T4-sim-L4B1C1

error propagated through Eq. (7), and 6, (I _ ‘% as the error propagated through BPTT, with
0= E[ét(IL)]. We have the gradient difference bounded by ||6L.F — [5,51 ]H = O(k%).

Figure 3: Empirical measurements conducted on the training procedure of BPTT. The experiments
are carried out on the CIFAR-100 dataset using ResNet-18. Each subplot is labeled according to the
naming convention “A{test#}-T{timesteps#}-{target}-L{layer#}B{block#}N{LIF#}/C{conv#}.”




Results 1: Comparable to BPTT

Similarity of Weight Gradients with BPTT
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Result 1: Rate-based backpropagation is
comparable to BPTT on common visual
benchmarks, with both methods exhibiting

largely consistent gradient descent directions.

Performance Comparison with BPTT on CIFAR-10/100

Training Model Timesteps Top-1 Acc (%) Training Model Timesteps Top-1 Acc (%)
2 95.02 2 76.24
ResNet-18 4 95.53 ResNet-18 4 71.72
6 95.68 6 78.65
2 96.12 2 79.33
BPTTs  ResNet19 4 96.38 BPTTs  ResNet19 4 80.12
6 96.57 6 80.77
2 95.27 2 77.37
VGG-11 4 95.61 VGG-11 4 77.82
6 95.63 6 78.13
7) 94.8240.07(94.89) 2 75.8940.11(75.97)
ResNet-18 4 95.42:£0.11(95.56) ResNet-18 4 77.7340.28(77.93)
6 95.73-£0.03(95.78) 6 78.8640.08(78.94)
" 2 96.11-£0.05(96.18) . 2 79.7140.02(79.74)
rates  ResNet-19 4 96.3240.04(96.38) rates  ResNet-19 4 80.4140.14(80.54)
6 96.38-0.06(96.45) 6 80.75-:0.05(80.79)
2 95.44-£0.02(95.46) 2 77.3440.04(77.37)
VGG-11 4 95.57-:0.08(95.68) VGG-11 4 77.87+0.35(78.13)
6 95.64-:0.12(95.76) 6 78.2340.03(78.27)
2 94.93 2 77.09
ResNet-18 4 95.64 ResNet-18 4 77.93
6 96.03 6 78.35
2 96.16 2 80.01
BPTTM  ResNet-19 4 96.49 BPTTAM  ResNet-19 4 81.07
6 96.70 6 81.12
2 95.31 2 77.42
VGG-11 4 95.67 VGG-11 4 77.96
6 95.64 6 78.25
2 94.75-£0.05(94.82) 2 75.9740.20(76.27)
ResNet-18 4 95.61-:0.02(95.64) ResNet-18 4 78.2640.12(78.38)
6 95.90-:0.07(96.01) 6 79.0240.11(79.16)
: 2 96.23-£0.10(96.33) ¢ 2 79.8740.03(79.90)
rateM  ResNet-19 4 96.26:£0.03(96.29) ratéM  ResNet-19 4 80.71-0.12(80.84)
6 96.38-:0.02(96.40) 6 80.83-:0.07(80.94)
2 95.17-0.12(95.35) 2 77.4040.05(77.46)
VGG-11 4 95.30-:0.06(95.37) VGG-11 4 77.8640.03(77.89)
6

95.2340.06(95.32)

6

77.99+0.11(78.11)

Table 4: Performance comparison of rate-based backpropagation and BPTT on CIFAR-10.

Table 5: Performance comparison of rate-based backpropagation and BPTT on CIFAR-100.




Results 2: SOTA on benchmarks

Results on CIFAR-10 and CIFAR-100 Datasets

Results on ImageNet and CIFAR10-DVS Datasets

Method Model

Training Timesteps _ Top-1 Acc (%) Training Method Model Timesteps  Top-1 Acc (%)
ResNet-18 8 94.82
QCTrs ANNGSIN e OTTT [76] online  PreAct-ResNet-34* 6 65.15
DSR one-step PreAct-ResNet-18 20 95.10+0.15 - "
SSF onestep  PreAct-ResNet-18 20 94.90 SLTT online  PreAct-ResNet-34 6 66.19
BPTT ), BPTT ResNet-18 4 95.64 oS online SEW-ResNet-34 4 64.14
rate,; (ours) one-step ResNet-18 4 95.61-0.02(95.64) E PreAct-ResNet-34 4 67.54
E OTTT online VGG-11* 6 93.524+0.06 §o SEW-ResNet BPTT SEW-ResNet-34 4 67.04
= SLTT online ResNet-18 6 94.4440.21 E rates (ours) one-step SEW-ResNet-34 4 65.66
S - s il - - 4 .
0s online R\ég\?e t} 119 j gg.;g PreAct-ResNet-34 69.58
- SEW-ResNet-34 4 65.84
BPTTg BPTT ResNet-18 4 93.53 ratey (ours)  one-step  p u . RecNet-34 4 70.01
VGG-11 4 95.61
ResNet-18 4 95.4240.11(95.56) DSR one-ste YGG-11 20 77.2740.24
rates (ours)  one-step e A2E0.1105. SSF p VGG-11 20 78.0
VGG-11 4 95.5740.08(95.68) 2 OTTT VGGLL 0 6632034
DSR one-step PreAct-ResNet-18 20 78.50+0.12 2 SLTT online VGG-11 10 77.1740.23
SSF one-step PreAct-ResNet-18 20 75.48 E BPTT VGG-11 10 76.73
, ] < s - )
BPTTy, BPTT ResNet-18 4 77.93 = BPTT,, BPTT VGG-11 10 76,86
rate,; (ours) one-step ResNet-18 4 78.261+0.12(78.38) @) tos ( ) VGG-11 10 76.48£023(76.71)
. - rateg (ours - . ) )
s OTTT online VGG-11 6 71.0540.04 rate,, (ours) one-step VGG11 10 76.96-0.13(77.13)
> SLTT online ResNet-18 6 74.384+0.30
=
£ . VGG-11 4 76.48
o 0s online ResNet-19 4 77.86 _
- - ResNeL 18 4 77 Result 2: The Rate-based backpropagation can surpasses
S
VGG-11 4 77.82 . . -
results among all SNNs efficient training methodologies on
rates (ours) one-step ResNet-18 4 77.734+0.28(77.93)
VGG-11 4 msxossas1y  CIFAR-10/100, ImageNet, and CIFAR10-DVS datasets.

Table 1: Performance on ImageNet, and CIFAR10-DVS. Results are averaged over three runs of
experiments, except for single crop evaluations on ImageNet. Models marked with (*) employ scaled

weight standardization, adapting to normalizer-free architectures.




Top-1 ACC (%)

Results 3: Memory and time efficiency

Comprehensive Evaluation of Training Costs

Accuracies and Training costs via Timesteps

| . | | | Timesteps
Datasets Networl Method
96 2 10] e | | | | T=1 T=2 T=4 T8 T=I6
© gll—e— e | | | Time of Eligibility Track | 0.003  0.004  0.007 0015 0027
> | | | TimeofBackward | 0034 0035 0036 0034  0.036
o 61 | | ratey | Time of both | 0037 0039 0043 0049  0.063
o5 —ic on CIFAR-10 5 4 [ | Memory Allocated | 1.8492 1.8488  1.8473  1.8496  1.8483
—&—BPTT on CIFAR-10 2 5 | ‘ | | Top-lAcc[%] | 7460 7604 7824 7924 7937
> " 3 3 10 15 . > " 3 8 10 12 | | | Timeof Backward | 0.023 0044 0098 0199 0564
5 - | | BPTTy | Memory Allocated | 14272 24454 44804  8.0460  15.685
rate -
791 E 0.3|l—e— &rrr | | | Top-lAcc[%] | 7438 7665 7849 7835
2 | \ | Time of Eligibility Track | 0.006 0.012  0.020  0.041
(2]
781 £0.21 | | | TimeofBackward | 0.083 0083 0082  0.083
77 IR ;’0 1 | | ratey | Time of both | 0089 0095 0102  0.124
1 rate on = .1
Memory Allocated [GB] | 44787 44798 4.4788  4.4784
T on SRR £ crrari00 | ResNet1o | | Sdemory Alocated [GB] |
[ | | | ToplAcc[%] | 783 8000 8065  81.31
2 4 6 8 10 12 2 4 6 8 10 12 Time of Backward 0.046  0.111 0285  0.552
i T t T
Timesteps 7 Imesteps | | BPTT,, | Memory Allocated [GB] | 32556 5.6636 10.8978 203862
(a) Comparison of Classification Performance (b) Comparison of Training Costs | | | ToplAcc(%] | 7839 8006 SL1I _ S8LI3
| \ | Time of Eligibility Track | 0.003  0.003  0.006  0.011  0.020
| | | TimeofBackward | 0017 0017 0017 0017 0018
\ | ratep | Time of both | 0020 0020 0023 0028 0038
Result 3: The backward costs of the Rate-based ven | [Nenow Al es L 1 L1
. | | | ToplAcc[%] | 7613 7759 7775 7834  78.65
. . | \ | Time of Backward | 0.010  0.021 0054 0135 0384
Backpropagation are independent of the number of | | BPTT,, | Memory Allocaed [GB] | 0991116784 3736366141 123768
| \ | Top-1 Acc [%] | 7634 7720 7798 7826 7837
. h h d v h d | | | Time of Eligibility Track | 0012 0.014  0.023
t” | IeStepS Set, W IC re UCeS tralnlng OVGI’ ea | \ i | TimeofBackward | 0074 0074 0074
| ewResNess | raten | Time of both | 0036 0088  0.097
significantly both in terms of memory and time T L el | e
1 | | | Time of Backward | 0.046  0.095 0233
\ | BT | "Memory Allocated [GB] | 3.9858 68634 12,5597
ImageNet - —
| | | Time of Eligibility Track | 0.007 ~ 0.009  0.020
| | ; | Time of Backward | 0.072  0.071 0.072
| | M T Timeofboth | 0079 0080 0.092
[| REEE | Memory Allocated [GB] | 54995 54982 54942
| | | Time of Backward | 0.046  0.088  0.211
BPTT),
\ \ |

Memory Allocated [GB] \ 3.7017 6.4778 11.969




Firing Rates

Results 4: Rate-coding in statistics

Result 4: Results on spike statistics

confirmed that rate-coding information Experiments on Spikes Temporal Shuffle

IS the predo minant form of Sp ke Table 2: Performance w/o and w/ temporal shuffle for models trained by rate;;

. Dataset Model Timesteps  Accuracy Shuffled
representation. 5 94,77 94.6350.04
ResNet-18 4 95.51  95.5040.04
6 95.97  95.9540.09
CIEAR-10 2 95.13  95.10£0.05
VGG-11 4 9537  95.3740.03
HH fohi 6 95.77  95.7940.05
Firing Rates Statistics . e
o ResNet-18 4 7832 77.7240.15
- — a1 \ — ta1 6 79.10  79.1040.14
=2 | 0.4 t=2 EIE 108 2 7746 T721£0.12
0.3 == - e VGG-11 4 77.88 77.78+0.16
— T N /\ A = 6 77.97  78.0240.09
0.2 0.2] ¥ A =ik . SEW-ResNe(-34 1 65.84  65.11+0.11
/ : /\ " - mean TRSEER PreAct-ResNet-34 4 70.01  69.7840.10
04 0-4 7 YN\ CIFARTO-DVS VGG-11 70 7650 74.60L0.17

5 10 15 20 25 30 2 4 6 8 10 12 14 16
Layer Index Layer Index

(a) Rate Statistics of SEW-Resnet-34 on Imagenet (b) Rate Statistics of Resnet-18 on CIFAR-100




Take-home Message

Rate-based backpropagation,

A new SNNs training method that requires spatial backward only once:
- Demonstrates the pivotal role of rate-coding representation within current SNNs.
- Not alter the SNNs backbone, making backward costs independent of timestep T.
- Reduces memory and time costs while maintaining performance comparable to BPTT.

- Theoretical analysis and empirical validation confirm the optimization guarantees.

- Paves a way for more scalable and resource-efficient training of SNNs.




