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Adaptive Attention Based on Mixture Distribution for
Zero-Shot Non-Line-of-Sight Imaging

Qinghua Zhang

Abstract—Non-line-of-sight (NLOS) imaging is an ill-posed
problem to reconstruct hidden 3D scenes by leveraging photon
time-of-flight information from diffusely reflected light. In the ex-
isting regularization models, the spatial residuals were handled by a
single distribution, failing to account for the distinct characteristics
of background and target objects. In this paper, we propose a novel
NLOS reconstruction method that models the non-Gaussian resid-
uals with a mixture distribution. Through a dual method, we derive
an adaptive weighted residual model, where the weights generated
in the dual space act as a zero-shot attention mechanism to control
the contributions of different regions. The corresponding optimiza-
tion problem can be effectively solved using the alternating mini-
mization algorithm. Numerical experiments on both synthetic and
real-world datasets demonstrate that our method surpasses the re-
lated existing approaches, achieving state-of-the-art performance.

Index Terms—Non-line-of-sight imaging, mixture distribution,
duality theory, attention mechanism.

I. INTRODUCTION

ON-LINE-OF-SIGHT (NLOS) imaging enables the de-
tection of objects hidden around corners, using time-of-

fight (ToF) measurements to reconstruct their structure and
appearance. However, these signals often suffer from corrup-
tion and low signal-to-noise ratio (SNR), posing significant
challenges for reconstruction [1]. In recent years, advanced
ToF-based algorithms [2], [3], [4] have been developed, enabling
more accurate and robust NLOS reconstruction and expanding
its applications in diverse fields such as intelligent driving [5],
remote sensing [6], 3D human pose estimation [7], and beyond.
Existing NLOS reconstruction algorithms can be broadly
classified into three primary categories: direct approaches,
regularization-based methods, and deep learning (DL) based
methods. Filtered back-projection is a classical direct method,
reconstructing hidden scenes by filtering the measured data and
back-projecting them along the corresponding light paths. Alter-
natively, the light cone transform (LCT) [8], [9] based methods
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Fig. 1. Comparison of the single Gaussian model and Gaussian mixture model
in fitting the probability density function of residuals during the SPIRAL [16]
method at various iterations for the bowling scene.

models the physical process as a 3D convolution operation, en-
abling reconstructions through deconvolution techniques such as
Wiener filters. Other direct approaches contain wave-based mod-
els[10],[11],[12], geometric algorithms based on Fermat’s prin-
ciples [13] and inverse rendering approaches [14], [15], etc., all
of which rely on physical modeling of light transport to recover
hidden scenes. Despite their computational efficiency, direct
methods in NLOS imaging are often sensitive to noise and have
difficulty handling complex scene geometries. Regularization-
based methods aim to address these limitations by formulating
NLOS imaging as an optimization problem, effectively incor-
porating prior knowledge of the hidden object. For instance, Wu
et al. [16] explored the non-negativity of the reflectivity and the
total variation (TV) regularization in the optimization problem of
NLOS. Liu et al. [17] collaboratively incorporated sparseness,
non-local self-similarity of the hidden object and smoothness
of the estimated signal into the regularization term (SOCR).
Ding et al. [18] proposed NLOS reconstruction models based
on curvature regularization. Recently, DL methods [19], [20],
[21], [22], [23] have been introduced into NLOS reconstruction,
offering significant improvements by leveraging the powerful
feature-learning capabilities of neural network. However, most
DL methods suffer from two drawbacks. One is the supervised
manner [24], training a deep network often requires a large
dataset, which hinders the applicability when NLOS data is
difficultly available. The other is the generalization [25], e.g.,
the network trained on the dataset with a specific distribution
may not perform well on datasets with unseen distributions.
During the process of NLOS data acquisition, ToF measure-
ments are inevitably affected by various distortions due to the
physical limitations and sensor imperfections. Additionally, the
contributions of background and the different regions within
the object’s surface are commonly inconsistent. However, exist-
ing methods often assume single distribution for the residuals,
such as Gaussian [2] or Poisson [26] distribution, limiting their
ability to handle the complex NLOS scenarios. As illustrated
in Fig. 1, during the iterative process of the SPIRAL [16]
method, a single Gaussian distribution fails to accurately capture
the true residual distribution, whereas a mixture of Gaussian
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distributions provides a much better approximation of the actual
residual distribution. Building on this insight, we propose an
Adaptive regularization framework for NLOS imaging based on
the Mixture Distribution [27], called AMD-NLOS. By charac-
terizing the non-Gaussian residuals in the reconstruction process
with a mixture distribution, our method introduces an attention
mechanism in the dual space to control the contribution of
different regions to the overall reconstruction task, enabling
zero-shot reconstruction on NLOS datasets with previously un-
seen distributions.

Our main contributions are summarized as follows:

e We are the first to use a mixed distribution to describe the
potential differences in NLOS reconstruction that may be
caused by different components in transient data.

e Based on the mixture distribution, we propose a method
called AMD-NLOS to generate an attention mechanism
for zero-shot NLOS Imaging.

® An efficient dual algorithm is proposed to minimize the
AMD-NLOS model. Extensive experiments on both syn-
thetic and real-world datasets demonstrate the superior
performance of AMD-NLOS over its competitors.

II. BACKGROUND

A. Forward Model of NLOS

In non-line-of-sight (NLOS) imaging, the forward propaga-
tion model describes how light interacts with a hidden scene
and returns to the detector via a visible wall, which is assumed
to follow a spatial-temporal hypercone defined by the equation
2 +y? + 2* — (4)? = 0, where ¢ denotes the speed of light
and t is the total time of travel. Additionally, the propagation
model is assumed to be isotropic, meaning that the light disperses
uniformly in all directions at each interaction point. The general
forward model for NLOS imaging with distinct illumination and
detection points is [18]:

1 1

) = [ a0 g g
5 (t _d(x,x) +d(x, x”)) i, 0

C

where a(x) denotes the albedo of the hidden scene at each point
x with z > 0 in the 3D half-space 2, d(x/,x) and d(x,x")
are the Euclidean distances between the hidden point (x) and
the illumination (x’) and detection (x”) points, respectively. In
the confocal setup, where the illumination and detection points
coincide (x' = x”), the model simplifies to:

T(x',t) = /a(x) . m -0 (t - 2d(xc’,x)> dx. (2)

This confocal model reduces the complexity of the propagation
path, assuming symmetric light travel. Considering the impact of
background noise and Poisson detection noise, the discretization
of NLOS imaging model (2) can be formed as:

T =P(Aa+b), 3)

where A = R;'HR, € R"%="vnXn=myn= denotes the light
transmission matrix, H € R™="v"hX"="y"h represents the 3D

. . . . . MMy Mp XN Mgy N
convolution with shift invariance, R; € R _ﬁ ylth 2Ty and

R, € R} ™™™ correspond to the transformation op-

erators applied to the temporal and spatial domains, respec-

. wTyms X1 .

tively, o € ]R:L_ """ denotes the volumetric albedo map of
. anynex1 . .

the hidden scene, b € R’*"*"*”" is the background noise and

‘P represents Poisson stochastic process.
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B. Bayesian Framework for NLOS

The reconstruction of the hidden scene in NLOS imaging can
be formulated as a regularization-based inverse problem under
the Bayesian framework [28], which is expressed as:

pla| 7) ocp(t | a)p(a), ©)
where p(a | T) is the posterior probability of the scene rep-
resentation «v given the transient measurements 7, p(7 | «) is
the likelihood function describing the measurement process and
p(a) is the prior distribution that incorporates assumptions about
the scene structure. Maximizing the posterior probability leads
to the maximum a posterior (MAP) approach, which is typically
employed:

o =argmin—Inp(7T | o) — lnp(a), 5)
(e

where —Inp(T | @) is the data fidelity term and — Inp(c)
denotes the regularization term. In previous works, the fidelity
term has been modeled using different assumptions about
the residual characteristics, e.g., Poisson distribution [2] and
Gaussian distribution [16]. However, real-world scenes often
exhibit varying spatial characteristics, making it impractical to
accurately model the residuals with a single distribution, which
motivates the development of our proposed AMD-NLOS model
in the next section.

III. THE PROPOSED MODEL AND ALGORITHMIC SOLVER

In this section, we introduce the proposed AMD-NLOS model
along with its associated algorithmic solver. To facilitate the
understanding of our approach, we first present the core dual
theory of solving the well-known MAP problem of mixture
models.

Definition 1 (smooth max operator [29]): For a vector y =

(v, %, ...,y7)T and any € > 0, the smooth max operator is
defined as follows:
)
max.(y) :=eln ijl e« (6)

Definition 2 (Fenchel-Legendre transformation [30]): The
Fenchel-Legendre transformation of a function F is denoted by
F* and defined as:

F7(w) = max{{y, w) — F(y)}. ©)

Lemma 1 (Bertsekas et al. [30]): A function F : R/ — RU
{+00} is convex and lower semi-continuous, then F = F**.

Theorem 1 (Zhao et al. [29]): For any fixed ¢ > 0, the
Fenchel-Legendre transformation of the smooth max operator
max, is

max;(w) = m&x{(y, w) — max.(y)}

ifweW,
else.

T ,
_ {ezj_lw] Inw?, ®)

+00,

Here W={w=(w!,w?,...,0w/)T0<w/ <1, Z‘j]:l w =1}
is a probability simplex. Furthermore, since max, is convex and
continuous, and thus

J
(w,y) — eij Inw’

j=1

max(y) = max."(y) = max

)
The likelihood function of a mixed distribution can be viewed

as a max. function, thereby we can utilize dual variables to

adaptively construct error We;#hts. Qur motivation for using dual
y 17,2025 at 12:09:20 UTC fronT IEEE Xplore. Restrictions apply.
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theory is to leverage the mathematical properties of the dual vari-
able w belongs to the probability simplex to construct smooth
weights (attention mechanism) for each reconstructed voxel
point, thereby enhancing the quality of image reconstruction.
Building on the duality theory discussed above, we extended
these concepts to the construction of our optimization model.
Particularly, the negativity of the fidelity term Inp(7|a) in
(5) can be further refined by explicitly modeling the residuals
n = Ao — 7 through a distribution p(n; ©). To estimate the
parameters of residuals for any given data n, the residuals
ng,t=1,2,...,1(I = ngynyn;) are assumed to bei.i.d. random

variables w1th probablhty density function Z 177 P (ni;07),
which leads to the joint probability density functlon (PDF) of
the random vector n = (ny,na,...,n7)7:

p(n:©) = H;lp(m; 0). (10)

Then the maximum likelihood estimate of © is a parameter O*
that maximizes the logarithm of the likelihood function'

Inp(n;0) = Zan’yﬁﬂ ni;ol) € Zeanee
=1
def.1 1 ) theo.1 1<
e:. - - axé(y CO B ZI"IIE%X{ wmyz>
—e(w;, Inw;)}, (11)
where  w; = (w},...,w!)T, :(y},...,y;])T,yg:

elnyip/(n;;07), © ={07,77}/_,, o7 denotes the standard
deviation of the j-th component and ¢ is a positive number.

Based on (5) and (11), the optimization problem can be
reformulated as:

. 1/ [Aa—T|3,, 7o :
arg ming g wew 5 ijl ()2 +Zj:1<w7,lnw3>
- Z 1)(In(0?)? = 2In+7) + AR(c), (12)

where w’ :(w{,...7w§) nga

represents the weighted ¢5-norm of vector, R () is the regular-
ization term and A > 0 is the parameter indicating how strict the
regularization will be applied. To solve problem (12) efficiently,
we introduce an auxiliary variable u, facilitating an approximate
formulation [31]:

[Au =73,

. 1 J
arg mlna,u,@,'wEW 5 Zj:l (Jj)z

ﬂuafun%z’
32

By applymg the alternatmg minimization algorithm, (13) is
decomposed into four subproblems, with the iteration index for
the variables omitted to avoid notational confusion:

1(wj,lnfwj>

1)(In(0?)? —2In+7) + AR(a). (13)

o = argmin{g|lec — ul[f + AR(e)},

. 1 J HAU THg wd 77 2
u=argm&n§zj:1T §||a—uH2,

. 7 lAu—T|2
S :argm@lnézjzl CEE
+3 307 (w?, 1) (In(09)? — 2In47),

. s lAur?
w = argglel&%zj:l — e+ S (wd Inw?)
+3 Zj:1<wj, 1)(In(07)? — 21In~7).

(14)
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Fig. 2. Visualization of heatmaps from attention mechanism driven by weight
matrices. (a) Depth map projection of the albedo of the real hidden object
bowling. (b)—(d) Heatmaps of the weight matrix after 5, 15, and 25 iterations,
respectively.

The first subproblem, in fact, can be interpreted as a denoising
problem for u, which can be addressed by incorporating ad-
vanced denoising algorithms in a plug-and-play manner [32].
The cost function of the second subproblem is quadratic with
respect to u, so the associated Euler-Lagrange equation

J
(Au) ® Z

. .] .
w’ N w’
W +7711:A T@;W +no
15)
can be approximately solved using the conjugate gradient (CG)
method, where A is the conjugate of A and © stands for element-
wise multiplication of vectors. The solution of the third problem
can be given explicitly by

<wj71> o2 =
j: a( ) <’UJJ 1> 9

) Au—7

. AT
= J

where [ =%,

form solution:

(w7, 1). The last subproblem also has a closed-

(Au-1)° )2 }

;
77 X507y

J K Au—T1)2
iy L exp{— 5}

N2
=sofmax —M +1In J .
202 o

Remark 1: 1Tt is worth mentioning that the dual variable w’
can be interpreted as a form of atfention mechanism, similar
to the softmax function [33] commonly used in deep neural
networks. While we cannot pre-identify which points in the
spatial domain contribute more or less to the reconstruction,
the iterative optimization of the dual variable w’ can adaptively
identify the most significant points and assign higher weight
to them for accurate reconstruction. This adaptive weighting
process is intuitively demonstrated in Fig. 2, where the regions
with higher weights (darker areas in the heatmaps) correspond
to the target object.

w’ =

a7

IV. NUMERICAL EXPERIMENTS

In this section, we present the performance of our AMD-
NLOS approach on both synthetic and real-world data, compar-
ing it with prominent methods including the direction methods,
i.e., FBP [34], LCT [8], F-K migration [11] and phasor-field
(PF) [10], and iterative methods, i.e., total variation (TV) based
method SPIRAL [16] and curvature regularization based meth-
ods CNLOS/CNLOS! [18]. In this work, we do not emphasize
the regularization term R(c«) and adopt the TV [35] penalty
in the experiments for simplicity in computation®. For more
experimental results, please refer to the supplementary material.

't is noted that CNLOS and CNLOS+ are curvature regularization based
methods in the object domain and dual domain, respectively.
’In our experiments, the denoising problem in (14) is solved via the fast
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TABLE I
COMPARISON OF THE RECONSTRUCTION RESULTS IN PSNR(DB), SSIM, AC,
RMSE
Method PSNRT  SSIM?T ACT RMSE|
LCT 14.00 0.2391  0.8806  0.1983
PF 14.01 0.2321 09366 0.1718
F-K 10.97 0.1827 0.8616  0.2062
SPIRAL 1641 04163 0.9517  0.1045
CNLOS 16.56 04672 0.9544  0.1025
CNLOS* 16.71 0.4705 0.9550  0.0989
Ours 17.40 0.4977 0.9712  0.0906

The best results are highlighted in bold and the underlined results
indicate the second-best performance.

BOSOE

(@) 6T (b)LCT (o) FK (d) PF

() SPIRAL  (f) CNLOS

(g) CNLOS*  (h) Ours

Fig. 3. A visual comparison of the competitive methods in the scene of
bowling.

(a) FBP (b) wer (c) FK (d) PF 1e}5P\RAL (lj CNLOS (g) CNLOS* (h) Ours
Fig.4. A visual comparison of the competitive methods in the scene of bunny.

A. Experiments on Synthetic Data

In this subsection, two synthetic confocal datasets are utilized
to validate the reconstruction performance of our AMD-NLOS
method. The first confocal data is the bowling scene, generated
using 64 x 64 scanning points to cover a Imx 1m square on the
wall, with a temporal resolution of 256 bins and a bin width of
32ps. The numerical results are shown in Table I, which includes
the following evaluation metrics [37]: the Peak Signal-to-Noise
Ratio (PSNR), Structural Similarity (SSIM), the Accuracy (AC)
and Relative Mean Absolute Error (RMSE). As expected, it can
be observed the proposed AMD-NLOS largely outperforms the
direct methods and achieve moderate improvements over the
iterative methods. Fig. 3 displays the visual results of compet-
itive methods in the bowling scene, which highlights the effec-
tiveness of our approach in restoring continuous albedo across
the object’s surface and sharp edge, attributing to its ability to
accurately identify and adaptively eliminate diverse residuals.

The second confocal data is the Stanford bunny, which has
the spatial resolution 64 x64 and temporal resolution 300 time
bins, with each bin corresponding to a photon travel distance
of 0.0025 meters. The visual comparison in Fig. 4 reveals
that the CNLOS/CNLOS* and our AMD-NLOS can produce
promising shape and albedo, in which our AMD-NLOS can
preserve sharper edge and more detailed information. To fur-
ther evaluate the robustness of the proposed method handling
the mixed noise, impulse/Gaussian/Rice noise is introduced to
the simulation data bunny. Fig. 5 demonstrates the superior
performance of our proposed method under various mixture
noise conditions, highlighting the enhanced robustness of our
AMD-NLOS framework compared to existing approaches.

B. Experiments on Real-World Data

To evaluate the practical applicability of our method, we
conduct experiments using real-world data provided in [11].
The raw measurements have dimension of 128 x128x2048 or
512x512x 2048, with the time resolution cropped to 512 and
each time bin spanning 32ps. Due to memory limitations, for the

measurements with 512 x 512 SPatlal resolution, we a ggre ate
Authorized licensed use limited to: Beijing Normal Universi
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100 0.00

100 000
(e) CNLOS (f) ours

1.00 000

(j) SPIRAL (k) CNLOS
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(q) CNLOS (r) Ours

" (m) LCT (n) PF (p) SPIRAL
Fig.5. Visual comparisons of the competitive methods under different mixture
noise conditions. Top: Poisson noise + salt & pepper noise (r=0.001), middle:
Poisson + Gaussian noise (intensity value: 0.001), bottom: Poisson + Rice noise
(intensity value: 0.001).

(a) LCT (b) PF (c) F-K

(d) SPIRAL

(e) CNLOS

(f) Ours

Fig. 6. A visual comparison of the competitive methods in the real scene of
teaser (60 min, 128 x 128).

TABLE II
ABLATION STUDY: PSNR (DB), SSIM AND TIME (S) WITH RESPECT TO THE
NUMBER OF GAUSSIAN COMPONENTS J IN THE SCENE BOWLING

T 2 3 I 3
PSNR | 1740 | 17.65 | 17.63 | 17.63
SSIM | 0.4977 | 0.4938 | 0.4887 | 0.4867
Time | 180.21 | 180.45 | 204.43 | 21045

The best results are highlighted in bold and the underlined results
indicate the second-best performance.

every 4 x 4 scanning points, resulting in a total of 128 x 128
scanning points. Fig. 6 presents the reconstruction results in
the scene of teaser under the exposure time of 60min, which
demonstrates our AMD-NLOS not only effectively suppresses
noise but also excels in preserving fine details.

C. Ablation Study on J

We conduct an ablation study on different values of Gaussian
components J. As shown in Table II, it is demonstrated that the
performance of our method is not sensitive to .J. Therefore, for
simplicity and clarity, we choose J = 2 in all our experiments.

V. CONCLUSION

In this letter, we proposed AMD-NLOS, an adaptive zero-shot
approach for NLOS imaging. This method dynamically detects
the distinct characteristics of residuals across different locations
and assigns appropriate weights by leveraging a mixture distri-
bution, achieving promising performance in public dataset.
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