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1. Experimental configuration

For experimental cases in Tabs.1-3, we choose Stochastic
Gradient Descent [1] as our optimizer and Cosine Anneal-
ing [6] as our scheduler. The initial learning rate , weight
decay and batch-size are respectively set to 0.025, 0 and 256
for ImageNet-1k, 0.01, 5 × 10−4 and 64 for other cases.
Each case is executed once with 300 training epochs and a
specific random seed. We consider various data augmen-
tation techniques, including Auto-Augment [2], Cutout [3]
and Mixup [7].

Specifically, the HD-LIF cases related to ImageNet-1k
and Tab.2 utilize 1.5-bit weight compression [5], while the
remaining cases use 1-bit scheme [4]. The evaluation of per-
formance metrics in Tab.2 is completed on NVIDIA A100-
SXM4-40GB. The calculation of SOPs(M) and Energy(mJ)
in Tab.2 refers to [8] and is oriented towards convolutional
layers.

2. Proof of Theorem

Theorem 4.2 For HD-LIF model under the condition of on-
line training, combining with Definition 4.1, we will have:
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(i) If ∃k ∈ [t, T ],χl[k, k] = 1, then we can
directly derive the gradient relationship be-
tween STBP and online training:
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For (i), combining Eq.(S1) with Definition 4.1, we
can rewrite the relationship between
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in the form of ∀i ∈ [t, T ], χl[i, i],χl[i+ 1, i]:
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Therefore, we can finally have
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For (ii), when χl[t, t] = 1, we will have
χl[t + 1, t] = 0 according to Eq.(S1). Based
on (i), we can further derive
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When χl[t, t] = 0, we have ∀k ∈ [t, t∗),χl[k, k] =
0,χl[k + 1, k] = λl

k and χl[t∗, t∗] = 1,χl[t∗ + 1, t∗] =
0, Eq.(S2) can then be unfolded according to the following



process:
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