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ABSTRACT
Neural Radiance Fields (NeRF) has emerged as the core

paradigm for 3D scene representation due to its remarkable high-
fidelity 3D reconstruction capabilities. However, it is hindered by
issues such as long training times and high memory consumption.
PATA-INGP attempts to strike a balance between high rendering
quality and low time cost by integrating Spiking Neural Networks
(SNNs) and Instant-NGP NeRF (INGP-NeRF). Despite signifi-
cantly reducing energy consumption during inference, the mem-
brane potential of spike neurons occupies a large portion of memory
resources. To address this, we propose a hardware-friendly quanti-
zation scheme that is tailored for the spike-based NeRF model. This
scheme effectively alleviates the problems of gradient mismatch
and large fluctuations in the output spikes. Experiments on various
datasets demonstrate that our scheme far surpasses the other PTQ
scheme and achieves considerable rendering quality compared to
the QAT scheme, even under 4-bit widths.

Index Terms— Spiking Neural Network, Neural Rendering,
Hardware-Friendly Quantization

1. INTRODUCTION

Neural Radiance Fields (NeRF) [1] implicitly represent 3D scenes
using the coordinates of sample points and their viewing directions,
allowing high-quality renderings and applications for various tasks.
However, the complex network and intensive ray sampling consume
a large number of computing and storage resources, limiting its ap-
plication. To address this issue, TensoRF [2] uses low-rank tensor
decomposition and adaptive sampling to accelerate volume render-
ing. Instant-NGP NeRF (INGP-NeRF) [3] employs multiresolution
hash encoding to accelerate the generation of sample points, reduc-
ing redundant computations through coarse-to-fine spatial process-
ing and feature fusion. However, the intensive multiply-accumulate
(MAC) operations still resulted in significant energy consumption
and storage pressure.

PATA-INGP [4] combines Spiking Neural Networks (SNNs)
with INGP-NeRF to reduce energy consumption during inference,
balancing rendering quality and inference time. SNNs utilize single-
bit spikes for information transfer, reducing MAC operations and
enhancing energy efficiency. However, the membrane potential of
spike neurons leads to high memory usage. For example, in the
Synthetic-NeRF dataset [1], Figure 1(a) shows the storage for the
membrane potential of a single image, which far exceeds the model
parameters (≈50MB).

To address the issue of high memory usage for membrane po-
tential, the application of model compression techniques becomes
highly essential. Quantization is a prevalent network compres-
sion method that mitigates memory consumption by compressing
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both model parameters and activation values into lower fixed-point
numbers. Post-training quantization (PTQ) is more efficient than
quantization-aware training (QAT) [5, 6] as it requires fewer param-
eter updates and epochs for quantization training [7]. Nevertheless,
despite the fact that numerous studies have already achieved low-bit
quantization in SNNs on classification tasks [8–12], the spike-based
INGP-NeRF model’s output of numerical values rather than spikes
makes it vulnerable to performance degradation from quantization
errors.

(a) Memory Usage (b) Qualitative results

Fig. 1. (a) Total memory usage of membrane potential for rendering
a single image with a resolution of 800×800 under different scenes.
(b) Qualitative results of Adaround under different bit widths.

Due to the compact MLPs in PATA-INGP, traditional block-wise
quantization is inapplicable, so we adopt Adaround as the quanti-
zation baseline—using layer-wise training with a learnable vector
ν ∈ RM,K for adaptive rounding during inference [13]. However,
as shown in Figure 1(b), low-bit quantization causes obvious ren-
dering distortion, attributed to two issues: 1) The quantizer uses the
straight-through estimator (STE) for backpropagation, and the gradi-
ent is fixed at 1.0, which obviously deviates from the actual gradient
and is exacerbated with the decrease of bit widths [14–16], 2) there
is a significant difference between the output of the quantized model
and that of the original model. Additionally, data range scaling in-
troduces extra MAC operations during inference, conflicting with
SNNs’ characteristics.

To address the aforementioned challenges, achieving the quali-
fied rendering quality and minimizing the storage usage, we first pro-
pose a Progressive Stage-wise Quantization (PSQ) method to alle-
viate the gradient mismatch problem and integrate it with global su-
pervision to pursue the joint optimization of global and local aspects.
After that, to mitigate the negative impact of quantization errors, we
proposed the Post-spike Membrane potential Clamp (PMC) strategy,
which can significantly weaken the difference in output distribution
between the quantized model and the original one without imposing
any additional computational burden during inference. Hardware-
friendly quantization is employed to eliminate the additional MAC
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operations during the quantization process [17]. Our contributions
can be summarized as follows:

• We propose a novel PSQ method to alleviate gradient mis-
match in low-bit quantization via staged optimization of lin-
ear layers and spike neurons, integrated with global supervi-
sion for joint local-global optimization;

• We propose a novel PMC strategy to reduce distribution dif-
ferences between quantized and original spike output without
extra inference cost, mitigating quantization errors impacts;

• The results on different datasets demonstrate the effectiveness
of the proposed scheme. Even when compared with the QAT
method, our approach can still achieve comparable results un-
der a more aggressive compression ratio.

2. PRELIMINARIES

2.1. Spike-based Neural Radiance Field

The rendering pipeline of the original Instant-NGP NeRF mainly
consists of three parts: a hash-coding multi-resolution grid, two
compact MLPs, and the volume rendering process. The feature grid
receives the indices x and interpolates the feature vectors Φθ to get
the coordinate embedding f . Then the two compact MLPs output
the density σ and color c of each sample point:

f = interp(x,Φθ) (1)
h, σ = MLPσ(f), c = MLPc(d, h) (2)

Where h means the intermediate feature, d denotes the feature of
viewing direction after being encoded by the Spherical Harmonics
(SH) encoder. For the PATA-INGP, the activation layers of the MLP
are replaced by spiking neurons, and the final σ and c are obtained
through multiple time steps. At each time step, the dynamics of the
spiking layers are shown in the following formulas:

vl(t) =

{
i(t), t = 0

(1− 1
τ
)vl(t− 1) + 1

τ
i(t), t > 0

(3)

sl(t) = vl(t) ≥ Vth (4)

vl(t) = vl(t)− sl(t)Vth (5)

where τ represents the decay factor. By introducing the hybrid input
mode, PATA boosts the contribution of the early time step. After the
completion of the above process, the RGB of each ray is calculated
by the volume rendering method:

αi = 1− exp(−σiδi), Ti =

i−1∏
j=1

(1− αj) (6)

Ĉ(r) =

N∑
i=1

Tiαici (7)

Where Ti represents the transmittance and δi = ti+1 − ti denotes
the distance between adjacent sampled points.

2.2. Hardware-friendly Quantization

Current symmetrical uniform quantization algorithms tend to uti-
lize the fake quantization node to match the computation flow of

the hardware [18]:

xq(x, s) = s ∗ Clamp(Round(
x

s
),−2b−1, 2b−1 − 1) (8)

s =
xmax − xmin

2b − 1
(9)

where x and xq represent the original data and quantized data,
respectively, s is the quantization scale, and b means the bits.
Hardware-friendly quantization utilizes bit-shift operation to replace
the expensive MAC operation in equation (9) by forcing the scale
s = 2n, which is adapted to the characteristics of the PATA-INGP.

3. METHOD

In Section 3.1, we analyzed the quantization priorities of SNN layers
and proposed the PSQ scheme to address the gradient mismatch is-
sue. In Section 3.2, leveraging the single-bit output characteristic of
SNNs, we proposed the PMC scheme to enhance the output match-
ing between the quantized and original models. In Section 3.3, we
designed the interpolation training scheme for discrete scaling fac-
tors and the scaling training for membrane potential thresholds.

3.1. Progressive Stage-wise Quantization

As shown in Figure 2, to address the gradient mismatch problem,
we propose the progressive stage-wise quantization (PSQ) strategy
and jointly optimize the model with the local reconstruction loss and
global task loss. Given that the output of spike neurons is single-bit
spikes, their input can be regarded as the result of superimposing the
sampling from the prior linear layer’s weights. Thus, the priority
of reducing the quantization errors of weights is higher than that
of membrane quantization. Regarding the local reconstruction loss,
firstly, only the quantization nodes in the linear layer are activated.
Thus, the gradients of the quantization parameters in the linear layer
won’t be disturbed by the STE in spike neurons. Next, we freeze
the parameters in the linear layer and activate the quantization nodes
in spike neurons, and only update the parameters in spike neurons
until the end of the rest of the iterations. Updating the parameters
in spike neurons alone enables them to learn and absorb the residual
quantization perturbations.

Fig. 2. Framework of the proposed PSQ scheme.

Global supervision plays a crucial role in ensuring that the op-
timization goals align with the actual ones [19–21]. We calculate
the Mean-Square-Error (MSE) loss to quantify the discrepancy be-
tween the quantization model and the ground truth. Specifically, to
achieve better synergy with the reconstruction loss, we activate the
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quantization node within the linear layer and the spike neurons, aim-
ing to evaluate the impact of quantization. During this process, the
gradient of the global loss Lglobal, combined with that from the re-
construction loss, is utilized to update the quantization parameters.
This collaborative update mechanism effectively prevents the model
from being trapped in a local optimum. Subsequently, in the second
stage, we keep freezing the parameters within the linear layer. This
staged training strategy helps to improve the overall performance
and stability of the model during the quantization process. To sum
up, the loss function is defined as follows:

Lquant = ||Sl
o − Sl

q||2F + freg(ν)︸ ︷︷ ︸
Lreconstruction

+MSE(Oq, gt)︸ ︷︷ ︸
Lglobal

(10)

freg(ν) =
∑
i,j

1− |2h(νi,j)− 1|β (11)

Where Sl
q and Sl

o denote the output spike of the l-th layer for the
quantization model and original, respectively, || · ||F is the Frobenius
norm, Oq means the output of the quantization model, h(·) repre-
sents the rectified sigmoid function [22].

3.2. Post-spike Membrane Potential Clamp

We record the mean spike firing rate of the top 32 neurons in the first
spike layer of MLPσ , as depicted in Figure 3(a). We observe that

Fig. 3. (a) The output spike of the first 32 neurons in the first spiking
layer in MLPσ under different bit widths and time steps. (b) The
quantized spike neurons computation flow.

both the increase in the time step and the decrease in the bit width
contribute to the enlargement of quantization errors. This, in turn,
leads to a continuous deterioration in the output differences between
the quantization model and the original model. Considering that the
spike firing is solely determined by whether the membrane poten-
tial exceeds the threshold, we note the following scenarios. If the
magnitude of the membrane potential is sufficiently large or small,
the neuron will either continue firing or remain inactive in the sub-
sequent time step. Conversely, when the value of the membrane po-
tential falls within a specific range, the activity of the neuron will be
jointly decided by the current membrane potential and the incoming
input in the next time step. Based on these insights, as shown in
Figure 3(b), we propose the Post-spike Membrane potential Clamp
(PMC) strategy. For the l-th spiking layer with K neurons, we set:

vl(t) = vl(t).clamp(−Vc ∗ Sig(αl
min), Vc ∗ Sig(αl

max)) (12)

Where vl(t) denotes the quantized membrane potential after spike
firing and reset, Vc is the boundary of the membrane potential and is
set to 4.0 during the training, αl

min ∈ RK and αl
max ∈ RK repre-

sents the learnable parameters, and sig means the sigmoid function.

Table 1. Quantization results under different bit widths on different
datasets. W/U represents the bit widths of parameters in the model
and membrane potential.

Synthetic-NeRF Mip-NeRF 360
W/U PSNR↑ SSIM↑ W/U PSNR↑ SSIM↑

32/32 31.78 0.954 32/32 24.47 0.631

8/8 30.95 0.949 8/8 24.30 0.629
6/6 29.71 0.945 7/7 24.19 0.626
8/4 28.82 0.938 8/6 24.25 0.627
4/4 24.75 0.904 6/6 23.22 0.605

PMC limits the range of the membrane potential after spike fir-
ing and reset. It doesn’t interfere with spike generation and directly
removes extreme values that have no impact on spike firing activity
in the next time step. In Figure 3(a), after applying the proposed
PMC strategy, the distance of the mean value of spike firing rate be-
tween the quantized model and the original model is significantly
reduced. Note that PMC is only applied during training and won’t
alter the computation graph of spike neurons in inference. As PMC
effectively alleviates the disturbance from quantization errors, it al-
lows the model to focus more on the membrane potential range near
the threshold.

3.3. Optimization of Scaling Factor and Threshold

All scaling factors are initialized by minimizing the L2 distance be-
tween the quantized tensor and the original one. Since the value
of the scaling factor s = 2n, we directly optimize the power item
n ∈ R1 through interpolation:

nf = Floor(n), nc = Ceil(n) (13)
xq,f = xq(x, 2

nf ), xq,c = xq(x, 2
nc) (14)

xq = (1− n+ nf ) ∗ xq,f + (n− nf ) ∗ xq,c (15)

During inference we set s = 2round(n). We only set the scaling fac-
tor in MLPs as trainable parameters, and each quantizer uses tensor-
wise quantization to promote parallelism and avoid additional stor-
age burden.

Quantization errors lead to changes in the membrane potential
distribution. Besides the PMC mechanism, we have set learnable
parameters to scale the threshold:

Vthq = Sig(η) ∗ Vth (16)

Where Vth is the threshold of spike neurons, η ∈ R1 is the learnable
parameter and is set to 2.5 as the initial value. The threshold adopts
the same scaling factor as the membrane potential.

4. EXPERIMENTAL RESULTS

4.1. Experimental Setup

Models & Metrics & Datasets: We conduct the experiments based
on PATA-INGP with the average time step of 4 and evaluate our
method on two established benchmark datasets: the Synthetic-NeRF
dataset [1] and the Mip-NeRF 360 dataset [23]. We use both Peak
Signal to Noise Ratio (PSNR) and Structure Similarity Index Mea-
sure (SSIM) as quantitative metrics.

Training setting: We configure each MLP with a hidden layer
size of 64 and derive the original model by adhering to the settings
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of PATA-INGP1. In quantization training, each layer undergoes 4000
iterations with a fixed learning rate of 1×10−3, using the Adam op-
timizer to update quantization parameters. For αmax and αmin in
Equation 12, they are initialized as zero vectors. Feature grids use
the same quantization bit width as weights, with each level quan-
tized independently. Symmetric uniform quantizers are applied to
feature grids, weights, membrane potentials, and sigmoid/exp func-
tions. Decay factors are directly mapped to the nearest power-of-two
values. Model parameters remain frozen during training.

4.2. Results

We present the performance under different experimental sets in Ta-
ble 2. Since the memory usage of the membrane potential is far
higher than the parameters in the model, we also report the result of
mixed-precision quantization on different datasets. When using 8-bit
quantization, the decrease in PSNR is only 0.83, while the rendering
quality on the Mip-NeRF 360 dataset remains almost unchanged.
Even with 4-bit quantization, our strategy can still maintain a certain
level of rendering capability. For the mixed-precision quantization,
compared to the original model, the case of W8U4 can achieve a
87.5% drop in memory overhead of inference and more than a 75%
drop in parameter storage of the model with the only cost of a 9.3%
loss in PSNR, highlighting the excellent inference efficiency.

Table 2. Quantization results under different bit widths on different
datasets; the numbers in parentheses represent the drop in PSNR
compared to the original model. For the schemes based on QAT, we
mark them in blue, and the best results are highlighted in bold.

Synthetic-NeRF Mip-NeRF 360
Method FQR↓ PSNR↑ FQR↓ PSNR↑

LSQ+ [5] 9.60 32.11(−0.31) 9.60 25.48(−0.07)
A-CAQ [5] 7.76 32.00 (-0.42) 7.11 25.40(-0.15)
PTQ [24] 9.60 31.98 (-0.46) 9.60 25.38(-0.17)

Ours 8.00 30.95 (-0.83) 8.00 24.30(-0.17)

LSQ+ 6.60 25.06 (-7.36) 7.60 23.84(-1.71)
A-CAQ 5.33 27.58 (-4.84) 6.86 25.18(-0.27)

PTQ 6.60 22.29 (-10.13) 7.60 22.62(-2.93)
Ours 6.00 29.71(−2.07) 7.00 24.25(−0.22))

LSQ+ 5.60 20.26 (-12.16) 6.60 22.44(-3.11)
A-CAQ 4.74 25.96(−6.46) 6.58 24.74(−0.81)

PTQ 5.60 17.75 (-14.67) 6.60 17.52(-8.03)
Ours 4.00 24.75 (-7.03) 6.00 23.22(-1.08)

Due to the absence of any other quantization schemes in the ex-
periments conducted on the spike-based NeRF model, we directly
compare the performance with other quantization methods on the
original INGP-NeRF model, including PTQ and QAT methods, as
shown in Table 2. The feature quantization rate (FQR) [5] is in-
troduced to measure the performance. In the configuration of high
bit widths, our strategy can achieve a comparable PSNR with other
quantization methods. As the bit width decreases, the advantages
of our scheme become more pronounced and even surpass those
of the QAT scheme. More importantly, our scheme not only em-
ploys tensor-wise quantization in all quantizers to minimize the stor-
age load of quantization parameters but also avoids the MAC op-
erations of quantization nodes during inference, resulting in lower
power consumption compared to other schemes, which is perfectly
in line with the characteristics of SNNs.

1Code: https://github.com/ToumaKazusa2805/QuanPATA

Ground Truth W8U8 W6U6 W8U4 W4U4

W8U8 W7U7 W8U6 W6U6

Fig. 4. Qualitative results for the ship, ficus, and bonsai scenes under
different bit widths.

Figure 4 shows the qualitative results under different bit widths.
It can be seen that even though the membrane potentials are quan-
tized to 4 bits, the render result is still clean and has no obvious
structural distortion.

4.3. Ablation Study

In Table 2, the configuration of W8U4 strikes the best balance be-
tween rendering quality and memory compression rate in compar-
ison to others. Hence, we select it as the baseline for the ablation
experiment. As shown in Table 3, the original Adaround algorithm
gets the worst quality compared to our scheme. Since PMC can
effectively eliminate the negative impact of quantization errors with-
out incurring an additional computational burden, even when used
alone, it can still achieve significant improvements. The proposed
PSQ training scheme has also demonstrated its effectiveness, high-
lighting the significance of gradient correction.

Table 3. Ablation study on the Synthetic-NeRF Dataset under
W8U4.

PSQ PMC PSNR↑ SSIM↑

× × 24.56 0.881
✓ × 25.16 0.908
× ✓ 28.25 0.934
✓ ✓ 28.82 0.938

5. CONCLUSION

In this paper, we present a hardware-friendly quantization scheme
for spike-based NeRF models. First, we propose the PSQ strategy to
address the gradient mismatch caused by the STE, optimizing quan-
tization parameters via the collaborative optimization of global loss
and local reconstruction loss. Second, the PMC strategy effectively
mitigates membrane potential perturbations induced by quantization
errors, thereby reducing discrepancies between the quantized and
original outputs. Experimental results on different datasets demon-
strate that our scheme can effectively alleviate the storage pressure
of model parameters and reduce runtime memory consumption.
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