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Abstract. Removing reflections from mixed light using polarization of-
fers the benefits of robust physical constraints. However, extending this
to high-speed scenes presents challenges due to the discrete frames of
conventional cameras. In this paper, we propose 340 FPS reflection-free
video reconstruction by leveraging the high-speed spike camera modu-
lated by a rapidly rotating polarizer. The core motivation of our approach
relies on exploiting the continuous and asynchronous firing of the spike
sensor to densely capture instantaneous polarization states. However, the
inherently low signal-to-noise ratio of spikes under extremely short inte-
gration windows and light attenuation causes severe numerical instability
in physical layer separation. To address this, we introduce a physically-
driven framework featuring a differentiable Reliability-Weighted Physics
Solver (RWPS). RWPS robustly separates reflection and transmission
layers by dynamically adjusting learned confidence weights to handle
severe shot noise. Furthermore, we develop a refinement module that
leverages back-projection residuals and physical-discrepancy cues to ac-
curately restore high-frequency textures. Extensive experiments demon-
strate that our method enables robust reconstruction of high-fidelity and
reflection-free videos.
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Fig. 1: High frame rate reflection-free video reconstruction via a rapidly rotating polar-
izer. (a) A spike camera coupled with a rapidly rotating polarizer continuously captures
the dynamic polarization states of the mixed scene (LM is a mixture of transmission
LT and reflection LR) as ultra-high-speed spikes. (b) By decoupling the modulated
spikes, we reconstruct 340 FPS reflection-free videos.

1 Introduction

When capturing images or videos through glass, the incident light LM is a mix-
ture of the reflection light LR and the transmission light LT. Recovering LT from
LM is an ill-posed problem, as there are an infinite number of solutions in the ab-
sence of any prior knowledge. Pioneering works address this ambiguity by lever-
aging statistical priors such as gradient sparsity [15], relative smoothness [17],
and ghosting artifacts [26]. Following the success of deep learning, data-driven
methods [2,4,5,9,28,30,37] reduce the reliance on manually designed statistical
priors. More recently, the large language model guided reflection removal [6, 40]
demonstrates the capability for transmission synthesis under strong reflections.

However, generative methods often rely on estimating plausible textures
rather than ensuring physical consistency with the original scene. To recover
the actual transmission layer, researchers use physical cues like flash [3, 7, 13]
and polarization [14, 20–22] to obtain observable fluctuations in the reflection
or transmission layers. Unlike active flash that only works within several me-
ters [3,13], passive polarization-based methods offer the flexibility regarding the
effective imaging distance. This advantage makes them more effective for re-
flection removal in the wild. However, it is often difficult to capture the exact
state corresponding to Brewster’s angle, i.e., the specific orientation where the
reflection is at its minimum. Therefore, existing solutions rely on several discrete
angles [11, 12] to construct a linear system, or leverage deep learning to remove
the reflections from a pair of polarized and unpolarized images [20,21].

According to the properties of overdetermined linear systems, if we can con-
tinuously capture every state of the polarizer during its rotation, we could con-
struct a robust and easily solvable linear system. However, this is difficult to
achieve with conventional frame-based cameras due to the discrete nature of
frames. Although a micro-polarizer camera such as PolarCam [1] can simultane-
ously capture four polarization states with a single shot, it is constrained by a
limited frame rate of 24 FPS. Unlike conventional cameras, the new generation
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of high-speed spike cameras [10] can continuously sense environments at a rate of
more than 20,000 Hz. This allows to capture every instantaneous light polariza-
tion state when rotating a polarizer. As shown in Fig. 1, through our mechanical
design, the polarizer can rotate at a high speed of 30 cycles per second (CPS).
Consequently, the rapid rotation of a polarizer combined with spike sensing
makes the reconstruction of high-frame-rate and reflection-free video achievable.
However, since spikes are discrete and binary representations of incident photons,
directly applying continuous polarization physics to this asynchronous modality
remains an open problem. Second, the light attenuation induced by a polarizer
degrades the signal-to-noise ratio (SNR). Therefore, how to robustly reconstruct
reflection-free videos from the noisy and modulated spikes is highly non-trivial.

To address these challenges, we propose a physically-driven framework de-
signed for reflection removal under rapid polarization modulation. We first for-
mulate a specialized spike imaging model for the rotating polarizer setup, bridg-
ing the gap between the binary spike representation and the continuous incident
mixed light. To handle the severe noise, we design a differentiable Reliability-
Weighted Physics Solver (RWPS). RWPS separates the reflection and trans-
mission layers by dynamically adjusting a set of learned weights derived from a
lightweight network, explicitly conditioned on the reliability of the observed spike
modulation. Finally, because the baseline results suffer from residual noise and
oversmoothed details, we introduce a refinement module. This module leverages
back-projected physical residuals to enhance the overall visual fidelity. Extensive
experimental results on both synthetic and real-scene data demonstrate the ca-
pability of reconstructing reflection-free videos. The main contributions of this
paper are summarized as follows:

– a high-speed imaging system that combines a spike camera with a rapidly
rotating polarizer to capture dense temporal polarization states, enabling
the reconstruction of 340 FPS reflection-free video;

– a differentiable RWPS that robustly removes reflections by dynamically ad-
justing learned confidence weights to handle noise in high-speed spikes; and

– a refinement module that leverages back-projection residuals and physical-
discrepancy cues to restore high-frequency textures, supported by a new
dataset specifically designed for our high-speed setup.

2 Related work

Image-based methods. Image-based methods initially tackled this by impos-
ing hand-crafted priors, such as gradient sparsity [15] and ghosting cues [26].
Deep learning methods, such as CRRN [28], integrate multi-scale gradient in-
formation to guide the separation. To handle complex blending, IBCLN [16]
employs recurrent refinement, while RAGNet [19] utilizes reflection-aware guid-
ance in a two-stage framework. Architectural innovations have further pushed
the boundaries: RDNet [38] leverages a reversible architecture to preserve in-
formation flow, and Hu et al . [9] exploit the synergy between transmission and
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reflection components to resolve residual ambiguities. Song et al . [27] incorpo-
rate cross-scale attention and adversarial discrimination to defend against ad-
versarial perturbations. Some methods also revisit physics-inspired priors within
a single-image context, such as explicitly modeling the absorption effect [39]
to approximate refractive amplitude. Transformers have been adopted to cap-
ture long-range context [18], and diffusion models are employed to hallucinate
high-frequency transmission details [35]. To mitigate semantic ambiguity where
reflections resemble valid objects, Language-guided methods [6, 40] introduce
text embeddings as auxiliary supervision. When multiple frames are available,
methods like [23, 32] exploit motion information to distinguish the background
from the moving reflection layer. Despite these advances, image-based methods
inherently struggle when the reflection is strong and sharp. Without definitive
physical evidence (such as polarization state or active lighting modulation), pure
image-based solutions often fail to distinguish valid object textures.

Physically driven methods. Physically driven methods leverage extra hard-
ware cues to resolve the inherent ambiguity of layer separation. Early works for-
mulate linear constraints based on the Fresnel equations to separate layers [25].
Deep learning approaches have since incorporated these cues: Lyu et al . [20] com-
bine unpolarized-polarized pairs with a physics-based refinement network, while
Lei et al . [14] introduce a robust pipeline to handle misalignment in handheld
polarized capture. Most recently, PolarFree [34] combines polarization cues with
diffusion priors to enable reflection-free imaging in dynamic scenes. Chang et
al . [3] proposed a Siamese network to process flash/no-flash pairs, while Lei et
al . [13] extended this to more robust reflection removal using flash-only cues.
Depth and Focus cues leverage the focal disparity between the reflection and
the transmission layer. Wan et al . [29] utilize depth-of-field cues to label edges,
while Punnappurath et al . [24] exploit dual-pixel sensor data, treating the slight
defocus disparity between left and right photodiodes as a stereo cue to sepa-
rate layers based on depth. However, a limitation across these approaches is
their reliance on discrete frame acquisition, which restricts their applicability
to static or slow-moving subjects. In dynamic scenarios, the motion occurring
between sequential exposures breaks the physical consistency required for align-
ment. Therefore, in this paper, we fill this gap by introducing a high-speed spike
vision system capable of capturing continuous polarization modulation, thereby
extending reflection removal capabilities to more general dynamic scenes.

3 Method

We propose a physically-driven framework for reconstructing high-frame-rate,
reflection-free video from spikes. In Sec. 3.1, we introduce the polarized spike
imaging model and the relative zero-motion observation. In Sec. 3.2 and Sec. 3.3,
we detail our two-stage framework, consisting of a baseline removal stage to
reconstruct initial video and a refinement module to faithfully restore high-
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frequency textures. Finally, in Sec. 3.4 and Sec. 3.5, we introduce loss functions
and real-scene data.

3.1 Preliminaries

Polarized spike imaging model. Let LT(p, t) and LR(p, t) denote the trans-
mission and reflection light intensities at pixel p and timestamp t. As the incident
light passes through a continuously rotating polarizer, its intensity is dynami-
cally modulated. By Fresnel equations, the reflected light is partially linearly
polarized, while the transmitted background light is mostly unpolarized. The
mixed light intensity LM(p, t) is formulated as:

LM(p, t) =
1

2
(ζ(p, t)LR(p, t) + (1− ζ(p, t))LT(p, t)) , (1)

where the factor 1/2 accounts for the linear polarizer’s intrinsic attenuation of
unpolarized light. The time-varying mixing coefficient ζ(p, t) ∈ [0, 1] modulates
the reflection strength via Fresnel reflectance components R⊥ and R∥ [11]:

ζ(p, t) = R⊥(p, t) cos
2(ϕ(p, t)− ϕ⊥(p, t)) +R∥(p, t) sin

2(ϕ(p, t)− ϕ⊥(p, t)), (2)

where ϕ(p, t) denotes the instantaneous angle of the rotating polarizer and
ϕ⊥(p, t) denotes the projected incidence angle. Leveraging the ultra-high tempo-
ral resolution (e.g ., 20,000 Hz), spike cameras are capable of capturing LM(p, t)
while tracking the high-speed dynamics of ϕ(p, t). Each pixel continuously inte-
grates the instantaneous modulated light LM(p, τ): A(p, t) =

∫ t

tprev
αLM(p, τ)dτ ,

where A(p, t) is the accumulated photon-generated electrons, α is the photo-
sensitivity, and tprev is the previous spike timestamp. When A(p, t) reaches a
predefined threshold, a spike S(p, t) = 1 is fired and the accumulator resets.
Relative zero-motion observation. Since spike cameras utilize a 1-bit data
representation rather than a traditional image format, we first reconstruct in-
tensity maps by accumulating spikes over a fixed temporal window ∆t to ensure
compatibility with mainstream deep learning frameworks. This reconstruction is

I(p, t) =
1

∆t

t+∆t/2∑

τ=t−∆t/2

S(p, τ). (3)

For brevity, we denote I(p, t) as I(i), omitting the spatial coordinate p and uti-
lizing i as the sequence index to replace t. Similarly, ϕ(p, t) is simplified to ϕ(i).
Correspondingly, let R(i) and T(i) denote the digital image representations of
the latent light sources LR(p, t) and LT(p, t). In our default setting, ∆t = 0.65
ms, adjacent reconstruction centers are sampled with an angular stride of 31.5◦,
so the output cadence is (30 × 360)/31.5 ≈ 343 FPS, which we report as 340
FPS. Given a sequence of 2K + 1 observations {I(i+ k), ϕ(i+ k)|k ∈ [−K,K]},
we introduce the relative zero-motion observation: Within a small temporal win-
dow and a rapidly rotating polarizer, the object motions are negligible, while the
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1ms
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Fig. 2: Relative zero-motion observation. At a highly restricted temporal window of
∆t = 1 ms, motion blur across consecutive spike frames is negligible, while the intensity
attenuation from the rotating polarizer remains highly observable. A longer observation
window (10 ms) incurs more motion blur.

modulation of polarized light intensity remains observable. As shown in Fig. 2,
this observation provides the essential baseline for the construction of a linear
system. Specifically, it enables the removal of the reflection layer R(i) from the
2K+1 frames. This observation is relative rather than absolute. Our supplemen-
tary analysis further shows that the default observation window remains stable
under moderate shifts, but degrades when the accumulated shift becomes large2.

3.2 Baseline removal

As illustrated in Fig. 4, our framework employs a two-stage architecture consist-
ing of baseline removal and subsequent refinement. In this section, we first detail
the baseline removal stage. The relative zero-motion observation suggests that
reconstructing a clean transmission layer T(i) is theoretically feasible by solving
a system of linear equations. To achieve this, we first rewrite the imaging model
into a linear equation:

2I(i) + ϵ(i) = ζ(i)R(i) + (1− ζ(i))T(i), (4)

where ϵ(i) denotes the noise term. Before stacking equations for all 2K+1 frames,
to account for potential micro-motions within the sequence, we spatially align the
adjacent frames to the center frame i using a Reflection-Invariant Registration
(RIR)3 module [33]. RIR first fits a harmonic response over the local stack and
estimates a Degree of Polarization (DoP) map. Since reflection-dominant pixels
usually have stronger polarization modulation, RIR masks out high-DoP regions
2 More experimental analysis is provided in the supplementary material.
3 More technical details are provided in the supplementary material.
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Mixed spike frame Baseline removal Refinement

Fig. 3: The boxed regions show that reflections are not completely removed in the
baseline results, and some high-frequency details become blurred. We employ the re-
finement module discussed in Sec. 3.3 to remove the residual reflections and achieve
better detail reconstruction.

and performs masked phase correlation on the more stable transmission back-
ground. After alignment, we obtain the matrix form Ax ≈ b, where x = [R,T]⊤

is the target vector, b = [2I(i−K), . . . , 2I(i+K)]⊤ is the observation vector, and
A ∈ R(2K+1)×2 is the coefficient matrix derived from {ζ(i−K), . . . , ζ(i+K)}.
However, high-speed imaging presents two significant technical challenges. First,
the heavy noise caused by the narrow temporal window will significantly de-
grade the signal-to-noise ratio of the results. Second, within the localized tem-
poral sequence {ϕ(i+ k) | k ∈ [−K,K]}, the variation in the polarization angle
is relatively marginal. To address these challenges, we propose a differentiable
Reliability-Weighted Physics Solver (RWPS).
Reflection removal with RWPS. Not all observations contribute equally
to a robust solution. To suppress outliers and noise, we introduce a diagonal
weight matrix W = diag(w(i−K), . . . , w(i+K)) where each diagonal element
w(·) denotes the reliability weight of the corresponding polarization-modulated
spike observation, with values constrained to [0, 1] to quantify the confidence
level of each frame in the linear system solving. Both this weight matrix W
and the polarization mixing coefficients constructing the matrix A are jointly
predicted by a lightweight parameter estimation network (Sec. 3.3). We minimize
the reliability-weighted ridge regression objective:

L(x) = ||W1/2(Ax− b)||22 + λ||x||22, (5)

where λ is set per pixel from the Conf (Sec. 3.3) as λ = λlowConf + λhigh(1−
Conf). Thus, unreliable pixels receive stronger regularization. The closed-form
solution x̂ = [R̂, T̂]⊤ is given by solving the normal equation:

x̂ = (A⊤WA+ λI)−1A⊤Wb. (6)

This operation involves only differentiable matrix multiplication and inversion
(2 × 2), allowing gradients to flow end-to-end. To further suppress the heavy
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Fig. 4: The two-stage framework inputs a sliding window of mixed spike frames I(·) and
polarization angles ϕ(·), and outputs reflection-free videos. In the first stage, baseline
removal utilizes an RIR module to align the sequence, followed by an Angle Attention
module to enable physically grounded separation of the reflection R̂ and transmission
T̂. In the refinement module, the network utilizes physics-discrepancy modeling and a
physics-solver confidence map to facilitate the reconstruction of missing high-frequency
details. The output reflection and transmission are denoted as R and T.

noise, we adopt the iterative reweighted least squares (IRLS) strategy. The solver
executes over multiple iterations, during which the weight parameters wk are
dynamically updated based on the residual errors from the preceding estimation.
Discussion. RWPS serves as a physically-grounded and computationally effi-
cient solver for initial layer separation. However, while the relative zero-motion
observation provides a foundational framework, its idealized nature often leads to
the oversmoothing of dynamic scene details, resulting in the loss of critical high-
frequency textures. As illustrated in Fig. 3, the reconstructed base transmission
layer, consequently lacks fine-grained fidelity. This necessitates a subsequent re-
finement stage to restore missing structural information and enhance the overall
visual quality.

3.3 Refinement module

As discussed in Sec. 3.2, the baseline results [R̂, T̂] contain noise and lack fine-
grained textural details. To bridge the gap between the analytic physical base
and the photorealistic target, we design a refinement module, which leverages
physical discrepancy cues and uncertainty-aware spatial modulation. As shown
in Fig. 4, the network utilizes a dual-stream architecture conditioned on the phys-
ical solver’s internal state. It begins by extracting features from the RIR-aligned
observation sequence. Since the polarization modulation process is strictly con-
trolled by the polarizer angle, we integrate an angle self-attention module into
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the encoder. Specifically, each angle is encoded as [cos 2ϕ(i), sin 2ϕ(i)] to respect
the π-periodicity of linear polarization. A two-head attention block projects im-
age features to queries, injects the angle embedding into keys and values, and
performs softmax weighting over the 2K+1 angular observations at each spatial
location. The attended feature is added back to the original feature and is used
to predict the harmonic mixing parameters and reliability weights. With this
design, the encoder can emphasize frames with more discriminative and orthog-
onal physical states, leading to more accurate results from the physics solver
described in Sec. 3.2.
Physics-discrepancy modeling. We map the two layers back into the obser-
vation space by applying the estimated mixing coefficient ζ̂(i):

Î(i) =
1

2

(
ζ̂(i)R̂+

(
1− ζ̂(i)

)
T̂
)
. (7)

By comparing this physical reconstruction with the actual aggregated spike ob-
servation I(i), we obtain the back-projection residual map: Res(i) = I(i)− Î(i).
This residual map Res(i) serves as a critical data-fidelity indicator, precisely
identifying the high-frequency textures and structural discrepancies introduced
by the baseline removal stage.
Physics-solver confidence map. We introduce a confidence map which is an
intermediate result of the physics solver. Let Srr =

∑
k wkζ

2
k , Stt =

∑
k wk(1−

ζk)
2, and Srt =

∑
k wkζk(1−ζk). We compute Conf ∝ SrrStt−S2

rt and normal-
ize it to [0, 1]. This determinant-like score measures the linear independence of
the transmission and reflection components within the observed polarization se-
quence. In regions with high confidence, the network acts conservatively, preserv-
ing the reliable structures from the physics solver; conversely, in noise-corrupted
or ill-posed regions, the network dynamically upweights the data-driven path-
ways to rectify textures.

With this physical guidance, we can construct the base input tensor by con-
catenating the initial estimates, the raw observation, a multi-angle minimum
map Imin(i) (acting as a transmission prior), a solver confidence map and the
residual map: x =

[
T̂, R̂, I, Imin, Conf , Res]. Finally, the network pre-

dicts the high-frequency residual details (∆t, ∆r) through two coupled decoder
branches. The final high-fidelity reflection separation is obtained by adding these
details back to the physical base: T = T̂+∆t(x),R = R̂+∆r(x). By learning the
residuals rather than synthesizing the images from scratch, our network success-
fully circumvents the semantic ambiguity problem common in pure image-based
methods, achieving robust separation even in highly dynamic sequences.

3.4 Loss and training

We train the network end-to-end with a compact objective that enforces (i)
center-frame layer fidelity, (ii) structural sharpness, and (iii) physical consis-
tency with the polarization observation model. Let T and R denote the pre-
dicted transmission and reflection of the center frame in a K-frame window, and
Tgt,Rgt be their ground truths.
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We supervise the center-frame layers using a weighted L1 loss, with an ad-
ditional weighted gradient term to preserve sharp edges in the transmission. To
suppress reflection residuals, we assign higher weights to regions with strong
reflection energy:

Lrec = ∥T−Tgt∥1,M + λr∥R−Rgt∥1, Lgrad = ∥∇T−∇Tgt∥1,M, (8)

where ∥X∥1,M =
∑

p M(p)|X(p)| and M ∈ [0, 1] is a soft reflection-dominance
mask constructed from the synthetic mixing ratio.

Given the input spike frame stack {Iϕk
}Kk=1 and angles {ϕk}Kk=1, we enforce

that the predicted layers can physically re-render the observations. We synthesize
the observations as:

Îϕk
=

1

2

(
ζ̂k R+ (1− ζ̂k)T

)
, (9)

where ζ̂k is the predicted mixing coefficient. We constrain both the physical
re-rendering error and the parameter estimation accuracy:

Lphys =
1

K

K∑

k=1

∥∥∥Îϕk
− Iϕk

∥∥∥
1
+ λζ

∥∥∥ζ̂ − ζgt
∥∥∥
1
. (10)

To prevent structural leakage between the decoupled layers, following Zhang et
al . [37], we introduce the gradient exclusion term. To enforce such spatial decor-
relation while being robust to extreme spike noise, we apply a soft-thresholded
exclusion loss:

Lexcl =
∥∥ tanh(λex|∇T|)⊙ tanh(λex|∇R|)

∥∥
1
, (11)

where ⊙ is the element-wise multiplication, and the tanh function, scaled by λex,
softly saturates excessively large gradients to stabilize training. The total loss is

L = Lrec + λgLgrad + λpLphys + λeLexcl. (12)

We train and evaluate our framework on the proposed synthetic dataset.
We implement the model using PyTorch on a single NVIDIA RTX 4090 GPU.
Training is conducted with a batch size of 8 and an Adam optimizer with an
initial learning rate of 3 × 10−4. To stabilize the coupling between the RWPS
and the neural network, we employ a progressive three-phase curriculum strat-
egy over 60 epochs: (1) a warm-up phase (Epoch 1-5) with strong teacher forcing
(α = 1.0) for the parameter estimator. Here, α denotes the teacher-forcing ratio
that controls the blend between the ground-truth mixing coefficients ζgt and
the predicted ones ζ̂ injected into the physics solver, which effectively prevents
gradient explosions caused by early-stage inaccurate predictions; (2) a transi-
tion phase (Epoch 6-15) where the reliance on the ground-truth coefficients is
reduced (α = 0.5), and supervision gradually shifts to the refined output; (3)
and a fine-tuning phase (Epoch 16-60) where the network operates entirely au-
tonomously (α = 0.0) using only its predicted parameters, enforced by strict
physical constraints (λphys = 0.1, λexcl = 0.01).
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Fig. 5: Overview of the dataset construction pipeline. (a) We mix the video frames
from the transmission layer and the reflection layer; the mixed video frames are then
simulated to generate mixed spikes, which are then aggregated into spike frames. (b)
A spike camera system with a rotating polarizer. Two groups of examples are shown
in this figure.

3.5 Dataset

Obtaining pixel-aligned ground truth for high-speed reflection separation is phys-
ically intractable in the real world. To train and evaluate our framework, we con-
struct a comprehensive dataset comprising both synthetic data and real-scene
data (as shown in Fig. 5).
Synthetic data. To enable supervised learning, we synthesize training samples
by implementing the forward observation models described in Sec. 3.1 as our
rendering pipeline. We collect video sequences from the Internet to serve as the
transmission T and reflection R video layers. To ensure physical diversity, we
continuously sample the virtual polarizer angle ϕ(t) covering 180◦ and simulate
spatially varying incidence planes. As shown in Fig. 5 (a), the continuous mixed
light is then computationally rendered frame-by-frame according to the Fresnel-
based mixing model defined in Eqns. (1) (2). To synthesize spikes, we feed the
mixed frames into a spike simulator [8]. In total, we synthesize 50 groups of
synthetic data, each comprising one second of continuous temporal data. During
training, the 20,000 Hz spike streams are densely sampled with sliding temporal
windows, which provides a large set of local training clips from each continuous
group. We allocate 40 groups for training and reserve the remaining 10 groups
for testing.
Real-scene data. As illustrated in Fig. 5(b), we design the hardware prototype
capable of driving a polarizer at high speeds. The polarizing filter is mounted
on a gear system and rotates at 30 CPS. This rapid rotation is powered by a
high-speed motor coupled with a side-mounted ceramic bearing. For acquisition,
the motor first runs for about 3 seconds to reach a stable speed. We calibrate
the initial polarizer angle using the darkest response of a polarized white-light
smartphone screen, and then infer later angles from the stable time-angle map-
ping of the continuous spike stream. The spike count within a short gate follows
the integrate-and-fire model in Sec. 3.1 and therefore approximates linear inten-
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sity, while a very small ∆t still reduces SNR. Utilizing this acquisition setup, we
captured 15 real dynamic sequences to serve as our testing set.

4 Experiments

We evaluate on both synthetic and real-scene datasets. To validate its effective-
ness, we compare our framework against representative state-of-the-art methods:
the single-image-based RDNet [38], and two polarization-based approaches, Po-
larFree [34] and Lyu et al . [20]. Since the compared methods are designed for
standard frame-based images, the comparison is an adapted reference compari-
son rather than a same-modality setting. We therefore convert our linear spike
frames to their expected input formats while preserving their original assump-
tions as much as possible. We apply gamma correction (γ = 2.2) and channel
replication to meet the data format requirements of these methods. For polar-
ization methods, we select frames from our aligned-stack with angles closest to
their required configurations (i.e., {0◦, 45◦, 90◦, 135◦} for PolarFree [34]).

4.1 Evaluation on synthetic data

We evaluate the reconstructed reflection-free videos in terms of PSNR, SSIM [31],
and LPIPS [36]. The quantitative results listed in Table 1 demonstrate that our
method achieves the best performance across all metrics, validating the effec-
tiveness of our specialized physics solver for spike data. Visual comparisons are
presented in Fig. 6. As a single-image method, RDNet only leverages limited spa-
tial texture cues and thus fails to handle strong specular highlights and complex
reflections, producing obvious residual artifacts. While PolarFree [34] and Lyu et
al . [20] use polarization to remove reflections, their outputs remain ghosting arti-
facts and residual noise due to insufficient handling of the low SNR. In contrast,
our method recovers accurate transmission structures with rich high-frequency
textures, demonstrating superior robustness in the spike domain.

4.2 Evaluation on real-scene data

To validate the effectiveness on real-world scenes, we further evaluate our model
on the real-scene dataset. Figure 7 illustrates the qualitative performance. The
input frames suffer from low SNR, which is typical for high-speed spike capture
through polarizing filters. Under such attenuation, existing methods struggle to
effectively remove reflections, as shown in Fig. 7. As shown in the first example
of Fig. 7, the swinging sandbag is successfully recovered without being corrupted
by reflections. Similarly, in the second row, the fine-grained details of the human
subject are faithfully restored. In the third and fourth groups, the reflections are
nearly global, casting a severe haze over the entire transmission layer. Compared
to the baselines, our approach effectively removes these reflections and recovers
clear and high-fidelity transmissions.



340 FPS Reflection-free Video 13

GTRDNet [38] PolarFree [34] Lyu et al. [20] OursInput

Fig. 6: Qualitative comparisons on the synthetic dataset. Please zoom in for more
details. The corresponding videos are available in the supplementary materials.

It is worth noting that while the baseline results in Fig. 7 successfully sep-
arate a portion of the reflections in terms of physical structure, the recovered
transmission layer loses some high-frequency details. This is caused by the in-
herent ill-conditioning of polarization modulation regions and the ridge regular-
ization adopted to suppress extreme noise, leading to an over-smoothed visual
appearance. Our results not only eliminate most interfering reflections but also
reconstruct sharp edges and faithful high-frequency textures of the transmission
layer, without introducing extra noise amplification or artifacts. This demon-
strates that our method is robust to real-world sensor imperfections and can
generalize well beyond synthetic data.

4.3 Ablation study

We validate the contribution of our proposed modules through a series of abla-
tion studies. As shown in Table 1, removing the RIR module leads to a notable
performance degradation. This is mainly because the inherent flicker and slight-
motion introduced by the rotating polarizer compromise the pixel-level align-
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Baseline results OursInput RDNet [38] PolarFree [34] Lyu et al. [20]

Fig. 7: Qualitative comparison results on real captured scene data. Our proposed
method successfully removes the reflection while preserving transmission details even
under complicated real-world noise conditions. The full comparative video sequences
for visual comparison are available in the supplementary materials.

ment requirements of the physical observation model, resulting in artifacts and
background blurring in Fig. 8. Second, the angle attention module, by embed-
ding polarization angle information, enables the network to effectively correlate
light intensity fluctuations with polarization states. Disabling this module leads
to an observable drop in reconstruction performance and makes it difficult to
decouple mixed signals in the weak polarization modulation region. Finally, the
solver confidence map provides guidance on spatial uncertainty in optimization.
As shown in Table 1, the lack of confidence guidance also leads to a noticeable
performance degradation. Beyond module ablation, the supplementary material
reports reduced-angle/window, motion-speed, and solver analyses.
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w/o Angle attention  w/o RIR alignment  w/o conf Ours GTInput

Fig. 8: Qualitative ablation results on synthetic datasets. As observed, removing the
key modules leads to a noticeable degradation in reconstruction quality.

Table 1: Quantitative measurements of comparison with state-of-the-art methods and
the ablation study. ↑ (↓) indicates larger (smaller) values are better. Bold numbers
indicate the best results.

Metric
Comparison with state-of-the-art methods Ablation studies

RDNet [38] PolarFree [34] Lyu et al . [20] Ours w/o RIR alignment w/o Angle attention w/o conf
PSNR↑ 17.4130 16.3870 16.5347 27.0598 26.7932 26.9651 26.8910
SSIM↑ 0.6790 0.5216 0.7010 0.8638 0.8436 0.8553 0.8470
LPIPS↓ 0.3072 0.4692 0.2658 0.0894 0.1111 0.0938 0.1012

5 Conclusion

In this paper, through a comprehensive analysis of polarization-based reflection
removal, we identified that continuously tracking dense polarization states using
a high-speed spike camera can resolve the temporal limitations of conventional
cameras. In dynamic scenes, compared to standard frame-based acquisition that
suffers from discrete temporal sampling, our rapidly rotating polarizer setup
successfully captures continuous polarization states. Accordingly, we develop an
effective physically-driven framework to achieve 340 FPS reflection-free video
reconstruction. Under the joint action of the proposed RWPS and the physics-
discrepancy guided refinement module, our framework demonstrates the effec-
tiveness on both synthetic and real-scene data.
Limitations. While our framework achieves robust reflection-free video recon-
struction in dynamic scenes, the light attenuation limits its deployment in low-
light environments. The relative zero-motion observation can also break down
when the accumulated displacement over the observation window becomes too
large. Future work will explore computational exposure strategies, adaptive win-
dow selection, and non-linear mixing models to overcome these physical limita-
tions.
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Modulated by a Rapidly Rotating Polarizer
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In this supplementary material, we provide additional technical details of the
proposed Reflection-Invariant Registration (RIR) module, robust solving with
IRLS, and the calculation of the physics-solver confidence map. We also include
the output-frame-rate calculation, hardware calibration details, sensitivity anal-
yses, solver ablations, physical-consistency evaluation, network architecture and
baseline fine-tuning result. Furthermore, we attach a supplementary video to
illustrate the image formation model of the mixed videos alongside our recon-
struction results.

6 Reflection-Invariant Registration (RIR)

Before constructing the linear system over a local temporal window, we spatially
align the neighboring spike frames to the center frame in order to better satisfy
the relative zero-motion observation introduced in Sec. 3.1. Although the ob-
servation window is highly restricted, slight inter-frame misalignment may still
arise from subtle object motion. Such deviations violate the pixel-wise consis-
tency required by the subsequent physics solver and may introduce artifacts into
the reconstructed transmission layer.

To address this issue, we adopt a Reflection-Invariant Registration (RIR)
strategy to estimate a robust global translation for each frame in the window.
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The key observation is that the reflection layer is usually more strongly polarized
and undergoes larger intensity fluctuations during polarizer rotation, whereas the
transmission background is relatively stable. Therefore, directly registering raw
observations is suboptimal, since the reflection-dominant regions may corrupt
the alignment process [4]. Instead, we first identify reflection-sensitive pixels by
measuring their degree of polarization (DoP), and then perform registration only
on the low-DoP background regions.

Concretely, given a local observation window {I(i+k), ϕ(i+k)}Kk=−K , we fit
a per-pixel harmonic model [3]

Ik(p) ≈ a0(p) + ac(p) cos(2ϕk) + as(p) sin(2ϕk), (1)

where a0 represents the mean intensity term and (ac, as) characterize the polarization-
modulated component. Based on this decomposition, we compute the degree of
polarization as

DoP(p) =

√
a2c(p) + a2s(p)

|a0(p)|+ ε
. (2)

Pixels with high DoP are likely dominated by reflection modulation and are
thus excluded from registration. We construct a binary valid mask by selecting
pixels with low DoP and sufficiently reliable intensity.

Reference frame

Dop map Before align After align

Target frame Aligned target frame

Fig. 1: Qualitative visualization of the proposed Reflection-Invariant Registration
(RIR) module.

As shown in Fig. 1, the first row shows the reference frame, the target frame,
and the aligned target frame. Because of the relative zero-motion observation
in Sec. 3.1, the visual difference between adjacent frames is subtle, but slight
local inconsistency can still be observed before alignment. The second row vi-
sualizes the estimated DoP map and the residual discrepancy before and after
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alignment. The DoP map highlights the spatially varying polarization response,
while the residual maps show that the structural inconsistency is reduced after
RIR, especially around the dominant background edges and stable scene struc-
tures. This qualitative example demonstrates that the proposed RIR module
suppresses the interference from reflection-sensitive regions and improves the lo-
cal pixel-wise consistency of the observation stack, which is beneficial for the
subsequent physics-based solver.

Using this mask, we estimate the translation between each neighboring frame
and the center frame via masked phase correlation [1]. Since the registration is
computed only on the relatively reflection-invariant transmission background,
the estimated shift is much less sensitive to polarization-induced flicker. Each
frame is then warped to the center-frame coordinate system before being fed
into the subsequent baseline removal stage. The same geometric transform is
also applied to the corresponding per-frame mixing coefficient maps, so that the
supervision on ζ remains spatially consistent with the aligned input stack.

7 Details of Reliability-Weighted Physics Solver (RWPS)

For each center frame i, after RIR alignment we stack a local temporal window
of 2K + 1 observations and use the linearized physical model

2I(i+ k) + ϵ(i+ k) = ζ(i+ k)R+
(
1− ζ(i+ k)

)
T, k ∈ [−K,K]. (3)

By stacking all observations in the window, we obtain a compact linear system

Ax ≈ b, (4)

where x = [R,T]⊤, b = [2I(i − K), . . . , 2I(i + K)]⊤, and each row of A is
constructed from the corresponding mixing coefficient as

Ak,: =
[
ζ(i+ k), 1− ζ(i+ k)

]
. (5)

To account for the fact that different polarization-modulated observations are
not equally reliable, RWPS further introduces a diagonal weight matrix

W = diag
(
w(i−K), . . . , w(i+K)

)
, (6)

where each w(·) ∈ [0, 1] is predicted by the parameter estimation branch and
indicates the reliability of the corresponding frame. The baseline solution is then
obtained by minimizing the reliability-weighted ridge objective

L(x) =
∥∥∥W1/2(Ax− b)

∥∥∥
2

2
+ λ∥x∥22, (7)

The regularization parameter λ is set adaptively from the normalized solver
confidence map. In practice, we use

λ(p) = λlow Conf(p) + λhigh

(
1− Conf(p)

)
, λlow < λhigh. (8)
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Thus, well-conditioned pixels use weaker regularization, while low-confidence or
ill-conditioned pixels receive stronger regularization to suppress unstable layer
estimates. which yields the closed-form normal equation

x̂ = (A⊤WA+ λI)−1A⊤Wb. (9)

Since the unknown vector contains only two components, the matrix inversion
is very small, numerically stable, and differentiable. This enables gradients to
flow through the solver during end-to-end training.

8 IRLS for robust solving

A major challenge of high-speed polarized spike observations is that the local
temporal window is both noisy and weakly modulated. In such cases, a single
weighted least-squares solve may still be sensitive to corrupted observations or
local outliers. To further improve robustness, we adopt an iterative reweighted
least squares (IRLS) [2] strategy on top of RWPS. Starting from the reliability
weights predicted by the parameter estimation network, RWPS first computes
an initial solution of the weighted ridge system. We then evaluate the residual
errors of the current estimation in the observation domain and update the ef-
fective frame weights so that observations with larger residuals receive smaller
contributions in the next iteration. At iteration j, the residual of observation k
is

r
(j)
k = 2I(i+ k)−

[
ζkR̂

(j) + (1− ζk)T̂
(j)
]
. (10)

We update the effective weight by a Huber-style robust factor

q
(j)
k = min

(
1,

δ

|r(j)k |+ ε

)
, w

(j+1)
k = wkq

(j)
k , (11)

where δ controls the residual threshold and ε avoids division by zero. The solver
repeats this reweighting-and-solving procedure for three iterations. In this way,
the final solution is not determined by a fixed reliability prior alone, but also
by the consistency of each observation with the current physical estimate. This
makes the solver substantially more robust to heavy spike noise and local viola-
tions of the idealized linear model.

9 Details of confidence map

In addition to the baseline layer estimates, RWPS also produces a confidence
map that characterizes the local conditioning of the polarization decomposition.
As stated in the main paper, this confidence is computed from a determinant-like
quantity based on the weighted second-order moments of ζ and 1− ζ across the
polarization angles. A convenient form is to define the weighted moment matrix

M =
K∑

k=−K

wk

[
ζ2k ζk(1− ζk)

ζk(1− ζk) (1− ζk)
2

]
, (12)
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and compute the confidence score from its determinant:

Conf ∝ det(M). (13)

Equivalently, if we denote

Srr =
K∑

k=−K

wkζ
2
k , Stt =

K∑

k=−K

wk(1− ζk)
2, Srt =

K∑

k=−K

wkζk(1− ζk),

(14)
then the confidence can be written as

Conf ∝ SrrStt − S2
rt. (15)

This expression measures the linear independence between the reflection-
related and transmission-related coefficients across the local polarization se-
quence. When the two components are well separated and the local linear system
is well conditioned, the determinant becomes large and the confidence is high.
By contrast, when the observed polarization modulation is weak, ambiguous, or
corrupted by noise, the determinant becomes small, indicating that the physical
solver is less trustworthy in that region.

In the refinement stage, the confidence map is used as an uncertainty-aware
guidance signal rather than as a final reconstruction target. Intuitively, high-
confidence regions indicate that the physical solver already provides reliable
layer decomposition, so the refinement network should behave conservatively
and preserve the solver output. Low-confidence regions, on the other hand, in-
dicate ill-posed or noisy local observations, where the network is encouraged to
rely more on data-driven residual correction. This uncertainty-aware modula-
tion helps the refinement module focus its capacity on the most difficult spatial
regions while preserving physically reliable structures elsewhere.

10 Additional System and Analysis Details

Output frame rate. The polarizer rotates at 30 CPS, so its angular speed is

ω = 30× 360◦ = 10800◦/s. (16)

In our default setting, each polarized spike frame is aggregated by a ∆t = 0.65
ms window. Adjacent reconstruction centers are sampled at an angular stride of
31.5◦. Thus the temporal stride between neighboring output centers is

∆tout =
31.5◦

10800◦/s
≈ 2.92 ms, (17)

and the effective output rate is

Fout =
1

∆tout
=

10800

31.5
≈ 343 FPS. (18)
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We report it as 340 FPS for simplicity. RWPS uses N = 2K + 1 = 7 observa-
tions for each output. Therefore, the solver support spans about 6∆tout ≈ 17.5
ms between the first and last observation centers, and adjacent reconstructed
outputs use overlapping seven-observation windows.
Hardware calibration. The rotating polarizer is allowed to accelerate for about
3 seconds before capture. We then use a polarized white-light smartphone screen
as a simple calibration target. The darkest observed state gives the initial po-
larizer orientation. After removing the screen, the motor is kept at a stable
speed, and the continuous spike timestamps are mapped to polarizer angles us-
ing the calibrated initial phase and the measured rotation speed. This is not
encoder-level synchronization, but it is sufficient for assigning a center angle
to each short aggregation window under stable rotation. The spike camera fol-
lows an integrate-and-fire imaging model, so the spike count in a short gate
approximates integrated light intensity. The main limitation is SNR: a shorter
gate contains fewer spikes, while a longer gate increases angular averaging and
motion inconsistency.
Network architecture. For the default N = 7 observation stack, the parameter
estimation branch first encodes the RIR-aligned inputs with three 64-channel
ConvBlocks. It then uses two 3 × 3 convolution layers and a two-head Angle
Attention block. The angle embedding is formed as [cos 2ϕk, sin 2ϕk], so the
network can associate intensity changes with the physical polarizer state. The
parameter branch predicts (a0, ac, as) and reliability logits, constructs

ζ̂k = σ(a0 + ac cos 2ϕk + as sin 2ϕk), (19)

and obtains wk by applying softmax over the local observation window. The
refinement stage shares an encoder and uses two lightweight decoders to predict
∆t and ∆r, which are added to the solver outputs. The full trainable network
has about 0.51M parameters.
Dense temporal sampling. Although the synthetic dataset contains 50 con-
tinuous groups, each group is a high-rate spike stream rather than a single
image sample. During training, we densely sample local sliding windows from
the 20,000 Hz spike streams. Each sampled window provides an aligned stack
{I(i + k), ϕ(i + k)}Kk=−K , the center-frame supervision, and the corresponding
physical parameters. This dense temporal sampling increases the number of ef-
fective training clips while keeping the train/test split at the sequence-group
level.
Temporal-window and reduced-angle analysis. Table 1 evaluates differ-
ent sequence lengths N and aggregation windows ∆t. A smaller N uses fewer
polarization states and weakens observability. A larger N provides more equa-
tions but increases the temporal span and motion sensitivity. The default setting
N = 7, ∆t = 0.65 ms gives the best final result.
Motion sensitivity. We introduce pixel shifts of varying magnitudes in syn-
thetic data. In Table 2, “Shift” denotes the accumulated translation over the full
N = 7 observation window, with the original data as Shift = 0. The quality
changes little under moderate displacement, but clearly drops when the full-
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Table 1: Analysis on temporal window and reduced-angle settings. Rotation speed is
30 CPS. Each PSNR/SSIM entry is reported as RWPS-only / final output.

N ∆t (ms) Spikes PSNR↑ SSIM↑
5 0.30 6 18.861 / 24.153 0.648 / 0.795
5 0.65 13 19.437 / 25.883 0.682 / 0.845
5 1.10 22 19.201 / 24.100 0.673 / 0.796
7 0.30 6 18.845 / 25.028 0.654 / 0.812
7 0.65 13 20.613 / 27.060 0.701 / 0.864
7 1.10 22 19.130 / 26.044 0.677 / 0.846
9 0.30 6 18.693 / 25.341 0.629 / 0.821
9 0.65 13 18.852 / 26.104 0.670 / 0.842
9 1.10 22 18.813 / 24.675 0.656 / 0.786

window shift reaches 24 pixels or more. This gives an empirical boundary for the
relative zero-motion observation.

Table 2: Motion sensitivity under the default setting N = 7,∆t = 0.65 ms.

Shift 0 6 12 24 36
PSNR↑ 27.06 26.86 26.72 25.64 24.41
SSIM↑ 0.864 0.858 0.846 0.812 0.786

Solver ablation. Table 3 compares LS, ridge regression, IRLS, and RWPS under
the same default setting. For each solver, we report the solver-only result and
the result after applying the same refinement module. RWPS gives the strongest
pre-refinement and final performance, showing that the physical solver itself
contributes substantially and the refinement module is not simply compensating
for a weak solver.

Table 3: Ablation study on multiple solvers under N = 7,∆t = 0.65 ms. Each entry
is solver-only / final output.

Solver LS Ridge IRLS RWPS
PSNR↑ 16.732 / 22.842 18.241 / 26.233 16.910 / 24.121 20.613 / 27.060
SSIM↑ 0.617 / 0.765 0.654 / 0.822 0.622 / 0.783 0.701 / 0.864

Physical consistency and fine-tuning baseline. As shown in Fig. 2, to test
whether a generative method explains the measured mixed observations, we com-
pare with a diffusion-based reflection removal method, i.e., Huawei-DiT [5]. We
feed each output into the physical mixture model and compute the ℓ1 distance
between the re-rendered mixture and the observed mixture. The diffusion-based
method obtains 22.76 dB PSNR and a physical residual of 0.213, while ours ob-
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Input OursHuawei-DiT [5]

Fig. 2: Qualitative comparison with the diffusion-based reflection removal method for
physical consistency. Our result better suppresses reflections and is more consistent
with the measured polarization-modulated observations.

Input Zhu et al. [6] GT Ours

Fig. 3: Qualitative comparison with the fine-tuned learning-based baseline on spike-
polarization data. Fine-tuning narrows the domain gap, while our method still preserves
clearer transmission details and fewer residual reflections.

Input GT OursRDNet [38] PolarFree [34] Lyu et al. [20]

Fig. 4: Qualitative comparisons on the synthetic dataset.

tains 27.06 dB and 0.122. We also fine-tune an additional learning-based baseline
Zhu et al . [6] on our synthetic spike-polarization data. As shown in Fig. 3, it
reaches 26.870 PSNR and 0.856 SSIM, which narrows the gap but remains lower
than our 27.060 PSNR and 0.864 SSIM.

11 Additional Qualitative Results

Fig. 4 and Fig. 5 present additional qualitative comparisons on the synthetic and
real-scene datasets, respectively. On synthetic data, our results are visually closer
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Input Baseline results OursRDNet [38] PolarFree [34] Lyu et al. [20]

Fig. 5: Qualitative comparisons on the real-scene dataset.

to the ground truth, with cleaner reflection suppression and better preservation
of fine structures. On real data, the proposed method remains robust under low-
SNR observations and strong global reflections, producing clearer transmission
content with fewer residual artifacts than the compared methods.
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