
Stabilizing Direct Training of Spiking Neural Networks: Membrane Potential
Initialization and Threshold-robust Surrogate Gradient

Hyunho Kook Byeongho Yu Jeong Min Oh Eunhyeok Park
Pohang University of Science and Technology (POSTECH), Republic of Korea

{kookhh0827, bhyu418, ojm010130, eh.park}@postech.ac.kr

Abstract

Recent advancements in the direct training of Spiking Neu-

ral Networks (SNNs) have demonstrated high-quality out-

puts even at early timesteps, paving the way for novel

energy-efficient AI paradigms. However, the inherent

non-linearity and temporal dependencies in SNNs intro-

duce persistent challenges, such as temporal covariate

shift (TCS) and unstable gradient flow with learnable neu-

ron thresholds. In this paper, we present two key in-

novations: MP-Init (Membrane Potential Initialization)
and TrSG (Threshold-robust Surrogate Gradient). MP-

Init addresses TCS by aligning the initial membrane po-

tential with its stationary distribution, while TrSG sta-

bilizes gradient flow with respect to threshold voltage

during training. Extensive experiments validate our ap-

proach, achieving state-of-the-art accuracy on both static

and dynamic image datasets. The code is available at:

https://github.com/kookhh0827/SNN-MP-Init-TRSG

1. Introduction
Spiking Neural Networks (SNNs) transmit information
through discrete spikes over time, enabling efficient, event-
driven processing [2, 4, 14, 34, 35, 37], especially on neu-
romorphic hardware [1, 6, 33]. Recent advances in di-
rect training [43, 44] have significantly improved SNN
accuracy with few timesteps, enhancing efficiency. Yet,
SNNs still lag behind deep neural networks, and their
complex dynamics often hinder performance on large-scale
datasets [20, 54]. Thus, further innovations are crucial to
ensure reliability and accuracy for real-world adoption.

One of the primary challenges in SNN training is Tem-
poral Covariate Shift (TCS) [27], where internal co-
variate shifts in activations accumulate over time. While
TEBN [11] and TAB [26] attempt to address this issue
by introducing timestep-specific normalization parameters,
they disrupt parameter homogeneity across time, increas-
ing both model complexity and computational cost. More

importantly, our analysis reveals that these methods fail to
mitigate TCS in other critical components of SNNs, particu-
larly the membrane potential. Since the membrane potential
directly determines neuronal output, neglecting TCS in this
component can lead to significant accuracy degradation.

The second challenge lies in training the internal pa-
rameters [16, 35, 42] of Leaky Integrate-and-Fire (LIF)
neurons, which are the threshold voltage (Vthr) and leakage
term (⌧ ). Despite their crucial role in LIF neuron behav-
ior, they are typically fixed or updated via gradient descent
under strict constraints. We reveal that existing gradient
flow heavily depends on the scale of Vthr, and unconstrained
updates during training could lead to significant instability.
Surprisingly, none of the existing studies has explicitly rec-
ognized this issue.

In this work, we introduce a comprehensive approach to
overcoming these limitations. Our first contribution, MP-
Init (Membrane Potential Initialization), stems from our
analysis of the root cause of TCS in SNNs. By address-
ing TCS in membrane dynamics, MP-Init ensures consistent
neuron behavior across timesteps without using timestep-
dependent parameters. Our second contribution, TrSG
(Threshold-Robust Surrogate Gradient), is a refined ver-
sion of surrogate gradient that stabilizes the gradient flow
with respect to the threshold Vthr. This modification allows
for stable gradient-based updates of all internal parameters,
leading to superior convergence.

We provide a rigorous mathematical analysis of our
methods and demonstrate through extensive experiments
that they significantly improve SNN performance. Our ap-
proach enables effective SNN training, achieving state-of-
the-art results on both static and dynamic datasets.

2. Related Work
2.1. Addressing Temporal Covariate Shift
The TCS problem was first identified in BNTT [27]
and later addressed by methods such as TEBN [11] and
TAB [26], which adapt normalization layers on a per-
timestep basis. While these methods alleviate TCS in ac-
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tivations, they increase model complexity with additional
parameters and, more critically, overlook the persistent shift
in membrane potential, a primary source of TCS during in-
ference (see Section 4.1).

IMP+LTS [39] proposed training the initial membrane
potential for every neuron to enhance representational
power. However, it does not directly address TCS and in-
curs a large parameter overhead scaling with the number of
neurons O(N). By contrast, our approach initializes mem-
brane potentials at the layer level O(L) (L ⌧ N ), directly
targeting TCS while remaining lightweight.

More recently, MPS [10] reinterpreted SNNs from
an ensemble-learning perspective, arguing that excessive
differences in membrane potential distributions across
timesteps destabilize subnetworks. Their smoothing and
guidance strategies improve temporal consistency and yield
accuracy gains. However, these methods modify the LIF
update rule itself and require additional smoothing coeffi-
cients and guidance losses, meaning both training and infer-
ence diverge from the standard LIF neurons. In contrast, our
approach preserves the original inference pipeline: MP-Init
adds negligible overhead during training while inference re-
mains compatible with neuromorphic hardware [6].

2.2. Learning in Spiking Neural Networks

Surrogate Gradient (SG) descent enables end-to-end train-
ing of SNNs by approximating the non-differentiable fir-
ing process [29, 43, 44]. Some studies primarily focus on
the impact of hyperparameters and the shape of surrogate
derivatives [31, 51], while recent advancements introduce
differentiable surrogate gradient functions [31] and Tempo-
ral Efficient Training (TET) losses [8]. Other approaches
regulate membrane potential by adding loss terms [19, 21]
or applying batch normalization [22]. Meanwhile, methods
that modify the dynamics of LIF neurons [18, 24, 48] have
been explored, though they could be incompatible with ex-
isting neuromorphic hardware [20, 25].

Recent studies have also explored training internal pa-
rameters, such as the threshold voltage and leakage term,
via gradient descent [16, 35, 42]. For instance, PLIF [16]
optimizes the leakage term, LTMD [42] adjusts the thresh-
old voltage, and DIET-SNN [35] learns both. However,
these works provide limited analysis of gradient flow re-
lated to these learnable parameters, leaving questions about
training stability unanswered. In contrast, we find that when
the threshold voltage becomes trainable, surrogate gradient
methods can exhibit instability, leading to misaligned, ex-
ploding, or vanishing gradients, as discussed in Section 5.2.
To overcome these issues, we propose a novel SG formula-
tion that remains stable when learning the threshold voltage,
ensuring robust convergence.

3. Preliminaries
3.1. The LIF Neuron Model
LIF model [13] is a well-known spiking neural model that
emulates key behaviors of biological neurons, including fir-
ing spikes and decaying membrane potential. The LIF neu-
ron’s behavior in discrete steps t 2 N is described as the
following equations:

M l[t] =

✓
1�

1

⌧ l

◆
U l[t� 1] +

1

⌧ l
I lin[t], (1)

Sl[t] = H
�
M l[t]� V l

thr
�
, (2)

U l[t] =

(
M l[t]� V l

thr · S
l[t], (soft reset)

M l[t] · (1� Sl[t]). (hard reset)
(3)

In these equations, l represents the layer index within
the network, and H denotes the Heaviside step func-
tion. The presynaptic input current is defined as I lin[t] =
W l

l�1O
l�1[t], where W l

l�1 is the synaptic weight matrix
connecting layer l � 1 to layer l, and Ol�1[t] represents
the output of the previous layer. In direct training, this
output typically corresponds to the binary spike itself, i.e.,
Ol[t] = Sl[t] [43]. The leakage constant ⌧ l can be ab-
sorbed into the synaptic weights [13], leading to a rescal-
ing W l

l�1 := 1
⌧ lW l

l�1 in Eq. (1). The choice between a
soft and hard reset in Eq. 3 influences the membrane po-
tential dynamics after firing. Under a soft reset [38], the
membrane potential decreases by the threshold voltage V l

thr.
In contrast, a hard reset [43] resets the membrane potential
to zero. Notably, our two novel ideas are effective in both
cases, leading to improved quality.

3.2. Exclusion of Silent Neurons
In our analysis of TCS, we focus only on active neurons,
i.e., those that fire at least once during each simulation.
Previous work [49] shows that a large portion of neurons
in SNNs remain subthreshold throughout a simulation (i.e.,
silent). They are irrelevant to our analysis, as they neither
contribute to information propagation nor exhibit statistical
properties similar to those of active neurons. Consequently,
we exclude silent neurons when analyzing the statistics of
the membrane potential.

4. Membrane Potential Initialization
TCS [11, 26, 27] limits the performance of SNNs during in-
ference, particularly when batch normalization (BN) is em-
ployed. Despite BN’s capability to normalize activations
during training, the fixed normalization statistics during in-
ference result in activation drift across timesteps, causing
accuracy degradation. Previous methods [11, 26] have tried
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(a) tdBN (b) TEBN

(c) TAB (d) MP-Init

Figure 1. Membrane potential distribution of the third layer’s first
spiking layer of ResNet-19 on CIFAR100

(a) tdBN (b) TEBN

(c) TAB (d) MP-Init

Figure 2. Activation distribution of the convolutional layer after
the third layer’s first spiking layer of ResNet-19 on CIFAR100

to address this issue through timestep-dependent normaliza-
tion, but these approaches remain superficial as they fail to
resolve the underlying cause: drift in the membrane poten-
tial of LIF neurons.

To tackle this issue, we propose MP-Init (Membrane
Potential Initialization), an efficient solution that directly
targets TCS in the membrane potential. MP-Init ensures
stable activation distributions throughout inference by ini-
tializing the membrane potential of spiking neurons in each
layer to match their stationary distribution. This elimi-
nates the need for timestep-dependent normalization and
enhances final performance by aligning training and infer-
ence statistics.

4.1. Root Cause of TCS
We first identify that TCS in activations fundamentally orig-
inates from TCS in membrane potentials. According to
Eq. (2), spike outputs depend directly on membrane po-
tentials. If membrane potentials significantly drift over
timesteps, the resulting activation distribution shifts corre-
spondingly.

We empirically visualize the membrane potential at each
timestep to validate this claim. As illustrated in Fig. 1, the

membrane potential in tdBN, which does not account for
the TCS problem, exhibits a clear temporal drift, leading to
TCS in activation (Fig. 2). While TEBN and TAB attempt
to stabilize the distribution by timestep-dependent normal-
izations, the membrane potential itself continues to undergo
transient drift, preserving TCS in activation.

4.2. Convergence of Membrane Potential
While we have empirically demonstrated the existence of
TCS in the membrane potential, a theoretical perspective
can provide a deeper understanding. In this section, we
present the core principles explaining why the membrane
potential drifts over time.

We prove that the layer-wise distribution of membrane
potential converges to a distribution possibly differing from
its initial state as time progresses. This was proven
on continuous-time LIF models with stable input statis-
tics [12]. Here, we extend this idea to the discrete-time
model and show it has the same property. Let’s start with
the following assumption:

Assumption 1. Assume {Iin[t]}t�1 be a sequence drawn
from an i.i.d. distribution. Furthermore, suppose there exist
real constants u� < u+ where the membrane potential U [t]
of active neurons within each layer remains within [u�, u+]
for all t.

This i.i.d. assumption is reasonable, as inputs Iin[t]t�1
are repeatedly drawn from a dataset or a normalized layer.
Although soft reset LIF dynamics do not strictly prevent un-
bounded growth, well-trained SNNs rarely exhibit it in ac-
tive neurons. The empirical validation of this assumption is
provided in the supplementary material (Sec. 10.2). Based
on Assumption 1, we present the following theorem:

Theorem 1. Under Assumption 1, the sequence
{U [t]}t�0 forms a Markov chain with transition kernel P .
This chain satisfies Doeblin’s minorization condition, en-
suring the existence of a unique stationary distribution ⇡.
Moreover, the Total Variation (TV) distance between U [t]
and ⇡ decreases exponentially.

Detailed proof is provided in supplementary material
(Sec. 10.4). This theorem indicates that TCS in the mem-
brane potential is inevitable when the initial membrane po-
tential differs from its stationary distribution. Traditionally,
the membrane potential is initialized to zero, i.e., U [0] = 0,
but this zero initialization is a primary contributor to TCS.
Therefore, to mitigate TCS, we must reduce the difference
between the initial membrane potential and its stationary
distribution.

4.3. Membrane Potential Initialization
Theorem 1 implies that eliminating the mismatch between
the initial state and this stationary distribution is crucial.
However, directly computing ⇡ is intractable; hence, we
propose a more practical approach to initialize the mem-
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brane potential with a per-layer constant that approximates
the mean of ⇡, as supported by the following lemma:

Lemma 1. Among all constants c 2 R, c = E[⇡] mini-
mizes expected square difference E[(⇡ � c)2].

The proof is provided in supplementary material
(Sec. 10.5). This lemma suggests that initializing the mem-
brane potential to the mean of its stationary distribution
is optimal for eliminating drift and minimizing variance.
However, the next challenge lies in approximating E[⇡].

One simple solution is leveraging Theorem 1, which
states that a membrane potential distribution exponentially
converges to ⇡ over time. Therefore, we approximate ⇡
using the membrane potential at the final timestep (U [T ]),
which is the closest to ⇡. Based on this, we estimate the
per-layer statistics of E[⇡] using E[U [T ]].

To implement this efficiently, we compute the average
membrane potential U [T ] at the final timestep T for each
layer during training. This average is then used to update
a running mean r, which is initialized to zero at the begin-
ning of training. Before feeding each batch into the net-
work (during both training and inference), we initialize the
membrane potential of every layer to this running mean, i.e.,
U [0] = r. This technique is called MP-Init, which requires
minimal extra memory or computation.

As illustrated in Figs. 1 and 2, MP-Init effectively re-
solves both TCS in membrane potential and activation,
resulting in consistent distributions over time. Impor-
tantly, MP-Init is straightforward to implement and does
not require modifications to BN layers or involve complex
training pipelines, unlike methods such as TEBN [11] or
TAB [26]. This simplicity and ease of implementation sig-
nificantly enhance the usability of SNNs across various ap-
plications without altering existing recipes.

5. Threshold-robust Surrogate Gradient
Surrogate Gradient (SG) [43] enables gradient-based opti-
mization of SNNs by replacing the non-differentiable spik-
ing function with a differentiable surrogate near the thresh-
old. This allows effective gradient descent in SNNs, often
improving performance in early timesteps. However, our
analysis shows that SG used for internal neuronal param-
eters [16, 35, 42], particularly Vthr, makes training highly
sensitive to the scale of Vthr. While careful tuning can yield
strong accuracy, this dependency exposes a fundamental
limitation of current SG-based training.

In this section, we identify, to our knowledge for the

first time, that prior SG designs exhibit strong sensitivity
of gradient flow to Vthr. To address this, we introduce TrSG
(Threshold-robust SG), which maintains stable gradients
regardless of the threshold value. TrSG is simple to imple-
ment, adds negligible overhead, and is compatible with a
wide range of surrogate functions.
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Figure 3. AS-SG vs. RS-SG vs. TrSG with a rectangular surro-
gate gradient (� = 1). The curve depicts the membrane potential
distribution, while the colored boxes represent the surrogate gra-
dient region: the horizontal span indicates the active gradient win-
dow, and the vertical extent indicates its magnitude. Panels (a) and
(b) compare the behaviors when the threshold is small (V l

thr ⌧ 1)
and large (V l

thr � 1), respectively. AS-SG uses a fixed window
of width �, which leads to gradient flood or starvation. RS-SG

normalizes the window by V l
thr but scales the magnitude as 1/V l

thr,
causing explosion or vanishing. TrSG multiplies the threshold for-
ward during training, canceling the 1/V l

thr factor and keeping both
window and magnitude balanced across thresholds.

5.1. Background: Surrogate Gradient Descent
As in Eq. 2, an LIF neuron emits a spike when the mem-
brane potential crosses the threshold. Let H(x) denote the
Heaviside step. Then the spike can be written as

Sl[t] = H
�
x(M l[t], V l

thr)
�
,

where the argument x(·) encodes how the membrane po-
tential M l[t] and the threshold V l

thr are combined (e.g.,
x = M l[t] � V l

thr). Because H(·) is non-differentiable and
H 0(·) is a Dirac delta function, SG training replaces H with
a smooth surrogate f whose derivative locally mimics H 0:

H 0(x) ⇡ f 0(x) near x = 0.

Applying the chain rule to the spike yields the working gra-
dient used in training,

@Sl[t]

@M l[t]
= H 0�x

� @x

@M l[t]
⇡ f 0�x

� @x

@M l[t]
, (4)
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so the choice of x(·) is crucial—especially when V l
thr is

learnable—because it determines both the active region of
nonzero gradients and the scaling of their magnitudes.

Upon reviewing the literature, SG-based methods
fall into two families according to how they define
x(M l[t], V l

thr): Absolute-Scale SG (AS-SG) and Relative-

Scale SG (RS-SG). This distinction becomes significant
once the threshold is trained.

5.2. AS-SG vs. RS-SG
To make the scaling effects explicit, we analyze a represen-
tative surrogate with a rectangular derivative

f 0(x) =
1

�
1
⇣
|x| < �

2

⌘
,

where � > 0 controls the width of the region where gradi-
ents flow. The phenomena we highlight are not specific to
this choice; any surrogate exhibits the same issues.

For a better illustration, Fig. 3 visualizes a membrane
potential distribution under two different threshold scales:
small (V l

thr⌧1) and large (V l
thr�1).

1. AS-SG: Absolute-Scale Surrogate Gradient. Many
works [8, 16, 42, 52] take

x = M l[t]� V l
thr, (5)

which gives

f 0�M l[t]� V l
thr
�

=
1

�
1
⇣��M l[t]� V l

thr
�� < �

2

⌘
, (6)

and thus
@Sl[t]

@M l[t]
⇡ f 0�M l[t]� V l

thr
�
. (7)

Here the active window {M l[t] 2 (V l
thr �

�
2 , V

l
thr +

�
2 )} has

a fixed width �, and the magnitude is fixed, independent of
V l

thr. When the V l
thr is small, the window becomes exces-

sively wide relative to the membrane potential spread, so
gradients keep flowing even far from the true firing bound-
ary (gradient flood). Conversely, when the V l

thr is large, the
fixed-width window covers only a tiny fraction of the distri-
bution, and most gradients vanish (gradient starvation).

2. RS-SG: Relative-Scale Surrogate Gradient. Other
works normalize by the threshold; either by � = V l

thr [32]
or by defining x = M l[t]

V l
thr
� 1 as in [35]. In this case,

f 0
⇣

M l[t]
V l

thr
� 1

⌘
=

1

�
1
⇣���M

l[t]
V l

thr
� 1

��� < �
2

⌘
, (8)

so the active window {M l[t] 2 ((1� �
2 )V

l
thr, (1 +

�
2 )V

l
thr)}

scales with V l
thr. However, the chain rule introduces a sensi-

tivity of the gradient magnitude to the threshold:

@Sl[t]

@M l[t]
⇡

1

V l
thr

f 0
⇣

M l[t]
V l

thr
� 1

⌘
. (9)

Thus, small thresholds amplify gradients excessively (gra-

dient explosion), whereas large thresholds suppress them
severely (gradient vanishing).

5.3. Threshold-robust Surrogate Gradient
We propose TrSG, a simple modification that preserves the
desirable relative window while canceling the problematic
1/V l

thr factor in the gradient. During training we (i) keep the
relative-scale argument,

x =
M l[t]

V l
thr
� 1,

and (ii) multiply the spike by the threshold on the forward
path:

Ol[t] = V l
thr · S

l[t]. (10)

Then,

@Ol[t]

@M l[t]
= V l

thr
@Sl[t]

@M l[t]
⇡ V l

thr ·

⇣ 1

V l
thr
f 0(x)

⌘
= f 0(x),

(11)
so the gradient magnitude becomes threshold-invariant

while the active window still adapts with V l
thr.

Inference remains binary. The scaling is training-only:
at test time we revert to Sl[t] 2 {0, 1} and absorb V l

thr into
the next layer via a simple rescaling W l+1

l  V l
thr W

l+1
l .

In summary, TrSG unifies a relative-scale argument with
threshold multiplication on the forward path, ensuring sta-
ble gradients across thresholds. This design eliminates
the flood/starvation issue of AS-SG and the vanish/explode
problem of RS-SG, as further demonstrated in Sec. 11.1.

6. Experiment
We evaluate MP-Init and TrSG on both static and
event-based vision benchmarks, including CIFAR10, CI-
FAR100 [28], ImageNet [7], and DVS-CIFAR10 [30], us-
ing diverse backbones such as ResNet-19 [52], a 7-layer
CNN [11, 26], ResNet-34 [23], and SEW-ResNet-34 [15].
Following tdBN [52], batch normalization is applied across
both temporal and batch dimensions. All baselines are
trained under their original configurations, and we strictly
follow their reported preprocessing pipelines for fairness.
We avoid strong augmentations such as AutoAugment [5]
or Cutout [9] to ensure that observed gains come solely from
our proposed methods. We run three independent trials and
report the results as mean± std across runs. Detailed de-
scriptions of architectures, preprocessing, and hyperparam-
eters are provided in the supplementary material (Sec. 9).

6.1. Analysis of MP-Init
Effectiveness of MP-Init We begin by assessing whether
MP-Init effectively enhances the final performance of
SNNs. To do this, we train ResNet-19 on CIFAR100 and
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Dataset Method Timestep Accuracy (%)

CIFAR100

tdBN 4 75.55 ± 0.06
+ MP-Init 76.09 ± 0.04

TEBN 4 75.96 ± 0.68
+ MP-Init 76.45 ± 0.24

TAB 4 76.25 ± 0.49
+ MP-Init 77.24 ± 0.12

DVS-CIFAR10

tdBN 10 76.60 ± 0.20
+ MP-Init 77.37 ± 0.38

TEBN 10 75.17 ± 0.50
+ MP-Init 76.70 ± 0.78

TAB 4 76.43 ± 0.25
+ MP-Init 76.93 ± 0.38

Table 1. Validation of performance improvements from MP-Init
using ResNet-19 on CIFAR100 and DVS-CIFAR10 datasets.

(a) t = 1 (b) t = 2 (c) t = 4

Figure 4. PCA of logits without MP-Init. Class clusters stay mixed
in early timesteps, showing strong temporal covariate shift.

(a) t = 1 (b) t = 2 (c) t = 4

Figure 5. PCA of logits with MP-Init. Clear class separation
emerges from t=1, indicating reduced temporal drift.

(a) w/o MP-Init (b) w/ MP-Init

Figure 6. Firing rate of all neurons at each timestep in arbitrarily
selected 6 layers of ResNet-19 on CIFAR10.

DVS-CIFAR10 datasets and measure accuracy with and
without MP-Init, as shown in Table 1. We observe con-
sistent performance improvements with MP-Init, not only
in tdBN, which does not account for TCS, but also in TCS-
aware methods such as TEBN and TAB. This consistency
suggests that previous approaches may only partially ad-
dress the TCS issue, whereas MP-Init offers a more funda-
mental solution. Additional analysis on how MP-Init affects
training is provided in Sec. 10.1.

(a) w/o MP-init (b) w/ MP-init

Figure 7. Class prediction distributions over timesteps in ResNet-
19 on CIFAR10. Without MP-Init, early steps collapse to a few
classes; MP-Init yields balanced outputs from t=1.

Figure 8. Accuracy vs. firing rate. MP-Init consistently achieves
higher accuracy at matched sparsity levels, forming a better Pareto
frontier.

Impact of TCS and Role of MP-Init To visualize TCS
effects, we train ResNet-19 on CIFAR10 and project the
final logits of four randomly selected classes onto two prin-
cipal components (Figs. 4 and 5). Without MP-Init, these
classes remain entangled in early steps and only gradually
separate, reflecting TCS-induced output bias. With MP-Init,
class separation emerges from the first timestep. This aligns
with the firing-rate dynamics in Fig. 6: MP-Init stabilizes
neuron activations across timesteps, whereas the baseline
accumulates activity over time. Class-distribution analy-
sis (Fig. 7) further confirms this: networks without MP-Init
produce heavily skewed class predictions at early timesteps,
often collapsing to a single dominant class. This illustrates
the impact of temporal covariate shift on output stability. In
contrast, MP-Init yields balanced class distributions from
the first timestep, confirming that it mitigates early-step bias
and enables reliable low-latency inference.

Firing Rate vs. Accuracy A natural concern after Fig. 6
is whether MP-Init simply increases firing and thereby
harms efficiency. To test this, we apply a regularization
loss [45] for ResNet-19 on CIFAR100 that directly controls
spike sparsity and evaluate performance across a wide range
of firing rates (Fig. 8). The results show that MP-Init does
not rely on excessive spiking: it consistently forms a Pareto
frontier, achieving higher accuracy than the baseline at the
same or even lower firing rates. Remarkably, at a firing rate
as low as 0.06, MP-Init still outperforms all baseline set-
tings. This indicates that MP-Init not only enhances accu-
racy but also enables more energy-efficient SNN operation.
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(a) Rectangular-Shaped Surrogate Gradient (b) Triangular-Shaped Surrogate Gradient

(c) Rectangular (soft) (d) Rectangular (hard) (e) Triangular (soft) (f) Triangular (hard)

Figure 9. Comparison of SG approaches under different surrogate function shapes (rectangular and triangular), reset types (soft
and hard). (Top Row) shows final accuracy on CIFAR100 (ResNet-19, timestep = 4) at various initial Vthr 2 {0.5, 1.0, 2.0} and an initial
⌧ = 2.0. (Bottom Row) plots the training loss and validation accuracy curves with initial ⌧ = 2.0 and Vthr = 1.0. In all experiments,
TrSG consistently outperforms the AS-SG and RS-SG methods, demonstrating robustness to different initial values.

6.2. Analysis of TrSG
In this section, we compare three distinct ways of defining
the SG: AS-SG (Absolute-Scale), RS-SG (Relative-Scale),
and our proposed TrSG when training both Vthr and ⌧ . To
ensure fair evaluation, we use the same training recipes
across all methods, as explained in the supplementary ma-
terial (Sec. 9.3). To assess initialization sensitivity, we also
provide results with different initial values of Vthr and ⌧ .

Effectiveness of TrSG. We first evaluate three SG ap-
proaches using both soft and hard reset LIF neurons, along
with two widely adopted SG shapes for f 0

sr(x): (i) Rect-
angular [35, 42, 52]: f 0

sr(x) =
1
� 1

�
|x| < �

2

�
, (ii) Trian-

gular [8, 26, 32]: f 0
sr(x) = 1

�2 max
�
0, � � |x|

�
. We train

each configuration to learn both Vthr and ⌧ under varying
initial Vthr values. Figure 9 (a)–(b) (top row) shows the final
accuracies on the CIFAR100 dataset using ResNet-19.

Across all conditions, TrSG consistently outperforms
both AS-SG and RS-SG, exhibiting robust performance
with various initial values of Vthr. Overall, TrSG converges
to better optima than previously used SG methods, reflect-
ing its stable gradient flow. Additional analysis on how
TrSG affects training is provided in Sec. 11.1.

Training Loss and Validation Accuracy. We further ex-
amine how the training loss and validation accuracy evolve
over epochs. Figure 9 (c)–(f) (bottom row) shows that, for
both soft and hard reset neurons, TrSG achieves faster con-
vergence in training loss compared to AS-SG or RS-SG and
maintains a higher validation accuracy throughout training.

This improvement demonstrates TrSG’s ability to circum-
vent the gradient issues inherent in AS-SG and RS-SG.
Thus, TrSG not only reaches higher final accuracy but also
fosters a more stable learning process from the early stages.

A similar trend appears when varying the initial value
of ⌧ , and when using different surrogate function shapes
(e.g., Sigmoid), which can be found in the supplementary
material (Secs. 11.3 and 12.1).

Dataset MP-Init TrSG Accuracy (%)

CIFAR100
(T=4)

7 7 75.55 ± 0.06
3 7 76.09 ± 0.04
7 3 77.15 ± 0.06
3 3 77.66 ± 0.15

DVS-CIFAR10
(T=10)

7 7 76.60 ± 0.20
3 7 77.37 ± 0.20
7 3 80.83 ± 0.64
3 3 81.43 ± 0.40

Table 2. Ablation study of MP-Init and TrSG on ResNet-19.

6.3. Ablation Study and Final Configuration
Building on earlier findings, given their superior quality and
stability, we select the rectangular-shaped surrogate func-
tion and soft reset neuron for subsequent experiments.

Next, we validate the individual effects of MP-Init and
TrSG through an ablation study on CIFAR100 and DVS-
CIFAR10. From Table 2, both MP-Init and TrSG clearly
improve performance over the baseline. These results con-
firm the complementary contributions of both MP-Init and
TrSG, justifying the adoption of both as our default setup
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Dataset Method Network Timestep Accuracy (%)

CIFAR10

tdBN [52]

ResNet-19

2 / 4 / 6 92.34 / 92.92 / 93.16
TET [8] 2 / 4 / 6 94.16 / 94.44 / 94.50

TEBN [11] 2 / 4 / 6 94.57 / 94.70 / 94.71
TAB [26] 2 / 4 / 6 94.73 / 94.76 / 94.81

Ours 2 / 4 / 6 95.05 ± 0.15 / 95.34 ± 0.06 / 95.50 ± 0.16

CIFAR100

TET [8]

ResNet-19

2 / 4 / 6 72.87 / 74.47 / 74.72
TEBN [11] 2 / 4 / 6 75.86 / 76.13 / 76.41
TAB [26] 2 / 4 / 6 76.31 / 76.81 / 76.82

Ours 2 / 4 / 6 76.87 ± 0.16 / 77.66 ± 0.15 / 77.91 ± 0.32

ImageNet

tdBN [52]

ResNet-34

6 63.72
Dspike [31] 6 68.19
TEBN [11] 4 64.29
TAB [26] 4 67.78

SEW-ResNet [15]

SEW-ResNet-34

4 67.04
TET [8] 4 68.00

TEBN [11] 4 68.28
IMP+LTS [39] 4 68.90

MPS [10] 4 69.03
EAGD [46] 4 68.12

Ours ResNet-34 4 / 6 67.15 ± 0.03 / 68.73 ± 0.09
SEW-ResNet-34 4 69.67 ± 0.08

DVS-CIFAR10

tdBN [52]
ResNet-19

10 67.80
MPBN [22] 10 74.40 ± 0.20

RMP-Loss [21] 10 76.20 ± 0.20
BNTT [27]

7-layer CNN
20 63.20

TEBN [11] 10 75.10
TAB [26] 4 76.70

Ours ResNet-19 10 81.43 ± 0.40
7-layer CNN 4 79.27 ± 0.75

Table 3. Comprehensive comparison of our methods on static and dynamic datasets.

for subsequent experiments.

6.4. Comparison with State-of-the-arts
We compare our methods, TrSG and MP-Init, against
state-of-the-art methods on both static datasets (CI-
FAR10/100, ImageNet) and dynamic datasets (DVS-
CIFAR10), using standard LIF neurons and various back-
bones. Comprehensive results are summarized in Table 3.

On CIFAR10 and CIFAR100, our method achieves the
best accuracy across all evaluated timesteps. On CIFAR10,
we reach 95.50% at 6 timesteps, improving over the previ-
ous best (94.81% with TAB) by 0.69%pt. On CIFAR100,
our method obtains 77.91% at 6 timesteps, surpassing the
strongest baseline (76.82% with TAB) by 1.09%pt. More-
over, our results at fewer timesteps outperform baselines at
larger timesteps, highlighting improved efficiency.

On ImageNet, our approach achieves 68.73% top-1 ac-
curacy with ResNet-34 at 6 timesteps. With SEW-ResNet-
34, we further push performance to 69.67% at only 4
timesteps, outperforming prior strong methods such as
IMP+LTS [39] (68.90%) and MPS [10] (69.03%). Unlike

these approaches, which require training additional neuron-
specific parameters or complex optimization, our method
introduces negligible overhead.

On the dynamic dataset DVS-CIFAR10, our method de-
livers 81.43% accuracy with ResNet-19 at 10 timesteps, ex-
ceeding the previous best (76.20% with RMP-Loss). With a
lightweight 7-layer CNN, we also achieve 79.27% at only 4
timesteps, demonstrating that the benefits of TrSG and MP-
Init generalize broadly to both static and event-based data.

7. Conclusion
In this paper, we introduced two key methods, MP-Init and
TrSG, to tackle core challenges in training SNNs. MP-Init
reduces TCS by aligning membrane potentials with their
stationary distribution. At the same time, TrSG stabilizes
the training process by stabilizing gradient flow with respect
to the threshold voltage, allowing us to achieve state-of-the-
art accuracy on static and dynamic datasets. Together, they
contribute to improving the stability, efficiency, and acces-
sibility of SNN training with minimal overhead.
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