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In this supplementary material, we provide additional
implementation details, extended experimental results, and
a deeper discussion on system limitations. Specifically,
Sec. 6 details the hardware calibration (Sec. 6.1) and the
measurement of the LCD transmittance curve (Sec. 6.2).
Sec. 7 presents further qualitative results on real indoor
scenes (Sec. 7.1), compares our approach with single stereo
systems (Sec. 7.2), and describes the accompanying video
demonstrations (Sec. 7.3). Finally, Sec. 8 provides an ex-
tended discussion on the limitations of our current hardware
prototype.

6. Implementation details
6.1. Hardware calibration details
As discussed in Section 3.3, the planar mirror configura-
tion induces a depth disparity between the two virtual view-
points. As illustrated in Fig. 9, our system can be mod-
eled using two virtual cameras. For the left viewpoint, the
optical path reflects off the beam splitter directly into the
physical camera. Consequently, the image captured by the
physical camera is spatially equivalent to the one captured
by a left virtual camera positioned at a distance l1 from the
beam splitter, subject to a horizontal mirroring due to the
single reflection. In contrast, the optical path for the right
viewpoint reflects off the planar mirror and passes through
the beam splitter. This creates a right virtual camera located
at a distance of l1 + l2 from the beam splitter. As a result,
there is a relative depth offset of l2 between the right and left
virtual cameras. Since both optical paths undergo a single
reflection, the raw captured frames are mirror images of the
scene. Therefore, a horizontal flip operation is applied to
the mixed frames to align them with the coordinate systems
of standard virtual cameras.

Calibration of this depth offset is essential. A significant
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Figure 9. Schematic of the virtual camera setup for calibration.
The left virtual camera is located at a distance l1 from the beam
splitter, while the right virtual camera is at a distance of l1 + l2,
introducing a depth offset of l2. Note that due to the single reflec-
tion in both optical paths, the viewpoints correspond to mirrored
virtual cameras; the captured images are horizontally flipped dur-
ing pre-processing to restore the natural scene orientation.

advantage of the system is the identical intrinsic parameters
of the physical camera and both virtual cameras. Moreover,
the system is maintained in a fixed configuration. By cap-
turing multiple images of a checkerboard pattern, the left
and right view images can be decoupled using the baseline
decoupling method described in Sec. 3.1. Subsequently,
standard stereo calibration and rectification procedures are
applied to these separated and horizontally flipped image
pairs.

6.2. LCD modulator
Our LCD modulator features two primary states: transpar-
ent at 0 V and black when voltage is applied. The switching
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Figure 10. Reconstructed time-transmittance curve of an LCD
modulator measured using a 20000 Hz spike camera. The curve
shows the switching characteristics between transparent (0 V) and
black states, with a total measurement duration of 16.7 ms.

time from transparent to black is a minimum of 5 ms, while
the reverse transition requires at least 10 ms. This defines
a minimum possible cycle time of 15 ms, or a theoretical
maximum frequency of 66.7 Hz. For enhanced periodic sta-
bility, the modulator is driven at a refresh rate of 60 Hz.

We utilize a 20000 Hz spike camera to capture the de-
tailed temporal variations in the LCD’s transmittance, with
the core goal of reconstructing its continuous transmittance
function f(t). The experiment involves placing an LCD in
front of a fixed camera viewing a static scene. Upon acti-
vating the LCD, the camera records a video. In this video,
the intensity of pixel p at time t is denoted by I(t, p), and
the trigger model follows:

Q(p) + ∆Qp,i =

∫ ti

ti−1

α(p) I(t, p) f(t) dt, (9)

where the notation is consistent with the main text, using
p to denote a pixel instead of (x, y). Since the captured
scene is static, I(t, p) is time-invariant. Therefore, it can be
extracted from the integral and denoted as I(p):

Q(p) + ∆Qp,i = α(p) I(p)

∫ ti

ti−1

f(t) dt. (10)

To solve this integral equation, we discretize f(t) over
[0, tmax] into J segments of duration ∆τ , and approximate
it as piecewise constant:

f(t) ≈ Fj , for t ∈ [τj−1, τj ], τj = j×∆τ, j = 1, . . . , J.
(11)

Define the overlap length between the j-th time segment
and the i-th spike interval as

Mi,j ≜ length
(
[τj−1, τj ] ∩ [ti−1, ti]

)
. (12)

Then

Q(p) + ∆Qp,i ≈ α(p) I(p)

J∑
j=1

Mi,j Fj . (13)

For a given pixel p, if Np valid spikes are recorded over
[0, tmax], we construct Mp ∈ RNp×J by stacking Mi,j row-
wise. Let F = [F1, . . . , FJ ]

⊤ and 1Np
= [1, . . . , 1]⊤. De-

fine the per-pixel scale

Ap ≜
α(p) I(p)

Q(p)
> 0. (14)

Dividing both sides by Q(p) and absorbing noise into the
residual yields the vector form

1Np ≈ Ap Mp F . (15)

Aggregating all m pixels, we solve

min
F≥0, Ap>0

m∑
p=1

∥∥1Np
−Ap Mp F

∥∥2
2

s.t. ∥F ∥2 = 1.

(16)
We solve this non-convex problem using an Alternating

Least Squares (ALS) algorithm, which iteratively updates
the variables {F , Ap} through the following steps:
(i) Fixing F and updating Ap:
We first update the scale Ap for each pixel while holding F
fixed. The optimal solution has a closed-form:

Ap =
1⊤
Np

sp

s⊤p sp + ε
, (17)

where sp = MpF and ε > 0 is a small constant for numer-
ical stability.
(ii) Fixing {Ap} and updating F :
Next, we update F while holding all {Ap} fixed. We first
stack all observation equations into a single global system.
Let N =

∑m
p=1 Np be the total number of observations.

We form a stacked matrix M ∈ RN×J and a target vector
b ∈ RN , where its k-th element is bk = 1

Agk
(with gk being

the pixel index for observation k). The update for F is then
found by solving the following Non-Negative Least Squares
(NNLS) problem:

min
F≥0

∥MF − b ∥22.

(iii) Normalization:
To enforce the constraint ∥F ∥2 = 1, we normalize the vec-
tor after each update:

F ← F /∥F ∥2. (18)

These three steps are repeated iteratively until the solu-
tion converges. The final vector F as shown in Fig. 10
represents the reconstructed discrete LCD transmittance re-
sponse, while the set of scaling factors {Ap} indicates the
relative gain of each pixel.
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Figure 11. Qualitative results on real indoor scenes. We compare baseline decoupling and SMS-Net across left and right views for two
scenes at four time instances (1-4). Red boxes denote zoomed-in patches highlighting noise reduction and detail preservation. The top-left
overlay indicates the current LCD transmittance state.

7. Additional Experimental Results
7.1. Experiments on real indoor scenes
To validate real-world effectiveness, we captured indoor
data. We evaluate performance based on both the visual
quality of the decoupled images and the estimated depth.
Qualitative image evaluation. Fig. 11 presents the quali-
tative comparison between the baseline decoupling method
and our proposed refinement approach. As observed in the
zoomed-in patches, the baseline method suffers from noise
and cross-view artifacts. Our SMS-Net effectively sup-
presses these artifacts while preserving high-frequency tex-
ture details. Notably, in Fig. 11(a) the right view produced
by the baseline method is severely corrupted by noise; by
contrast, our result consistently recovers fine details.
Depth estimation. Fig. 13 shows a comparison of depth
estimation for two scenes. We adopt the same comparison
method as used in Sec. 4.2. For stereo matching, we utilize
the DEFOM [4] and CREStereo [5] algorithms. We also
include results from monocular depth estimation models:
DepthPro [1], DepthAnythingV2 [6], and Spike-T [7]. We
present the depth results for four timestamps.

7.2. Comparison with single stereo systems
We compare our method with the coded-aperture
method [3] and the dual-pixel method [2] on close-
range scenes. For a fair comparison, we provide these
methods with the grayscale ground-truth views as input.
Evaluation metrics are computed only for the close-range
region (1–5 m). As shown in Tab. 3 and Fig. 12, both
quantitative and qualitative results show that our method
achieves superior performance.

Table 3. Quantitative comparison on TartanAir dataset.

Method AbsRel ↓ RMSE ↓ δ1 ↑
Ikoma21 [3] 0.1167 0.4864 0.8488
He25 [2] 0.1392 0.5749 0.8188
Ours 0.0299 0.2284 0.9795

7.3. Video demonstrations
We provide a video in the supplementary material archive
to demonstrate the performance of our method in dynamic
scenes. The video showcases the following:
Dynamic illustration of our system: The video begins
with a dynamic illustration of our hardware setup, showing
how the LCD modulator, planar mirror, and beam splitter
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Figure 12. Qualitative comparison on the TartanAir dataset.

merge the videos from two views into one, resulting in a
time-modulated, view-mixed spike stream.
Decoupling and depth estimation videos: The video cor-
responds to the qualitative results presented in Fig. 6, Fig.
7 and Fig. 8 of the main paper. The video also includes
the corresponding results for the indoor scenes shown in
Fig. 11 and Fig. 13. It shows side-by-side comparisons
of our decoupled binocular videos and the resulting depth
maps against baseline methods. It is worth noting that
since the two depth estimation methods we employed pro-
cess stereo frames independently and are not specifically
designed for stereo video, some temporal flickering may be
observed in the depth sequences.

8. Extended Discussion on Limitations
As briefly discussed in the conclusion of the main paper, our
current hardware prototype employs an LCD modulator op-
erating at approximately 60 Hz. This introduces a practical
trade-off between the high temporal resolution of the spike
camera and the “zero motion” assumption required by our
decoupling strategy.

Specifically, to capture sufficient intensity variations in
the modulated view, the effective time window for decou-
pling is bottlenecked by the 60 Hz refresh rate of the LCD,
rather than the inherent speed of the scene motion. Con-
sequently, when objects move significantly within this rel-
atively wide time window, the zero-motion assumption is
violated. This violation manifests as localized artifacts in
the reconstructed output.

In future iterations, upgrading to a higher-speed optical
modulator would allow for a substantially narrower time
window. This would satisfy the zero-motion assumption
even under extreme high-speed scenarios, fully unlocking
the 240 FPS potential of our monocular spike camera sys-
tem without introducing motion-related artifacts.
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Figure 13. Qualitative evaluation of downstream depth estimation on Scene A and Scene B. (a) Mixed input frames captured at four LCD
modulation states (labeled 1–4); the overlay plot shows the LCD transmittance. (b) Depth maps produced by stereo matching algorithms
comparing inputs decoupled by the Baseline Decoupling and by our SMS-Net. (c) Monocular depth estimates for reference. The bottom
row shows cropped regions (red boxes) highlighting that our Refined decoupling yields cleaner depth discontinuities and substantially
fewer artifacts than the Baseline, while monocular methods lack fine geometric detail.
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