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1. Overview of the Supplementary Materials
This supplementary document contains additional details on the NLOS imaging problem and the implementation of our

NLOS pose estimation framework. Please also refer to the supplementary video (https://youtu.be/4HFulrdmLE8) for addi-
tional information and results. We highlight reference numbers associated with the main paper in blue, and those associated
with this supplementary document in red.

2. Non-Line-of-Sight (NLOS) Imaging
2.1. The Property of Transient Images: How to Acquire, How It Looks Like, and Why the Task is Difficult

This section aims to give a better intuition for the property of the transient images and their data acquisition processes.
A transient image is a 3D measurement volume, containing a scene’s spatio-temporal response to laser pulse. Each voxel
encodes the number of photons at a specific (2D) point in space and at a specific (1D) point in time (see Fig. 1(b)). In confocal
NLOS imaging [5], the transient image captures light travelling between a specific point (x, y) on a wall, and a hidden scene.
As shown in Fig. 1(a), a single pulsed laser and a transient sensor record the time light takes to travel from a point on a wall
to the person hidden from the sensor’s line of sight. That is, the laser light first travels (i) from the pulsed laser to the visible
wall, and the visible wall to the hidden person. Then, (ii) reflected laser from the person goes back to the visible wall, and
finally acquired by a co-axial transient sensor. This time of flight data acquisition is repeated for a n× n grid of point on the
wall (e.g., 32×32 points) by raster scanning the surface one point at a time (see green line in Fig. 1(a)).

As shown in Fig. 1(b), for any one point (x, y), a transient measurement is a histogram of the travel time of photons. The
location of the peak intensity represents the travel time required for most photons to return to point (x, y), and corresponds
to the distance that separates the hidden object from point (x, y). The confocal transient image is a collection of such
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measurements for all points on the wall, and has the dimension (x,y,t) = (n,n,b), where b is the number of travel time bins in
the histogram. The confocal transient images used in this work [4] were sampled at a resolution of 32× 32 spatial points and
4096 time bins. Cross-sections of a single transient image at different instances in time are shown in Fig. 1(c). The transient
images show the light reflected by a hidden object, and appearing on a visible surface (i.e., wall) as a function of time.
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Figure 1. Overview of confocal transient imaging. (a) A pulsed laser illuminates the wall at a point and a transient sensor measures the
temporal response at the same point. The system then raster scans the wall one point at a time to form a 3D volume of measurements.
(b) & (c) Deciphering meaningful 3D structure from transient images is non-trivial, which makes human pose estimation from transient
imaging a difficult problem.

As made evident in Fig. 1 and 2, estimating physically consistent 3D human pose from transient images is challenging,
when compared to working with regular RGB and RGBD data. Fig. 2 shows reconstructed human shape with the NLOS
imaging algorithm [5] used in our pipeline. The 2D images were generated by taking max intensity of the reconstructed
3D volume given transient images via this method. Even with this state-of-the-art NLOS imaging method, the reconstructed
images are noisy, have low spatial resolution, and are recorded at slow frame rates. This makes it difficult to capture small
shape details and fast motion, both of which are important factors when estimating a human pose sequence. Furthermore,
due to the light lost after multiple scattering events, very few photons reach the sensor and the acquired transient image can
therefore be very noisy. All of these characteristics make it very challenging to estimate 3D human pose directly from the
transient image. Please note that due to the unique visual properties of transient images, current state-of-the-art human pose
estimation methods for RGB image frames (e.g., [1, 2, 8]) cannot be applied directly to these transient images.
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Figure 2. Reconstructed human shape by NLOS imaging [5]. Even with the state-of-the-art NLOS imaging algorithm, the reconstructed
results are very blurry, noisy and have both spatially and temporally low resolution, which makes our task (i.e., physics based 3D human
pose estimation) quite challenging.

2.2. Pseudo-Transient Images

Sec. 3.2.2 in the main paper introduced our pseudo-transient image synthesis as a training data. We introduced four
different types of noises and operations to close the domain gap that exists between pseudo-transient images and real transient
images. This section shows visualizations of pseudo-transient images, and also provides additional details on the temporal
resampling strategy used for data augmentation.

2



2.2.1 Visualized Results of the Pseudo-Transient Images, and Reconstructed Depth

Fig. 3 highlights both synthesized pseudo-transient images and real transient images of persons sharing a similar pose. To
better visualize the volumes, we also show cross-sections (in time) of these transient images. Note that the cross-section
containing the highest signal occurs at different times, because this depends on the person’s location in the hidden environ-
ment. We apply five levels of temporal shift (see the main paper Sec. 3.2.2) to augment the pseudo-transient images, and
make our procedure robust to a person’s position. Some of the slices also show discontinuities along the horizontal axis; this
is an artifact of raster scanning a wall while a person moves within the hidden scene. We reproduce these artifacts for our
pseudo-transient images by simulating the same raster scanning procedure; please refer Sec. 2.2.2 for more details. Note that
the reference video frames are only for reference, and not used in the pose estimation process. As shown in the figure, our
pseudo-transient images closely match the real transient images.
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Figure 3. Visualization of the real captured transient images and pseudo-transient images, for persons sharing a similar pose. Note that the
reference video frames are only used for comparison purposes; they are not used as input during pose estimation.

2.2.2 Data Augmentation Strategy (Temporal Resampling)
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Figure 4. Temporal resampling from 4 Hz to 30 Hz.

Confocal NLOS imaging requires raster scanning a visible surface point by point. For the data used in this work [4], the
confocal transient measurements are sampled at 32× 32 locations at a frame rate of 4 Hz.

As discussed in Sec. 3.2.2, we introduce a procedure to temporally re-sample transient image sequences. First, to simulate
the raster scanning procedure, we capture depth maps at 30 Hz, convert them to pseudo-transient measurements, and simulate
raster-scanned measurements by down-sampling the result to 4 Hz. Second, we invert the raster-scanning process, and up-
sample the pseudo-transient data from 4 Hz back to 30 Hz.
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As shown in the top row of Fig. 4, each transient image is a collection of transients scanned from time tk to tk + 1
4 , where

tk = k
4 represents the start time of the kth frame (in seconds). To generate a 30 Hz transient sequence (the bottom row), we

simply assemble transients captured within the same time range, but set the start time of the kth frame to tk = k
30 .

Here, to simplify the explanation, in Fig. 4 we assume jth frame in 30 Hz transient sequence starts at the same start time
with kth frame in 4 Hz. Assembling 30 Hz frames is simply combining 4 Hz frames with starting scanning point tk + β,
where β > 0 incremented with a constant step 1

30 sec. For example, since the starting time of kth frame in 4 Hz jth frame in
30 Hz is the same, jth frame in 30 Hz is obtained by just copying kth frame in 4 Hz as the blue lines show. The next j + 1th

frame in 30 Hz is assembled with 4 Hz frame scanned from tk + 1
30 to tk + 1

4 + 1
30 . Thus as orange lines show, copying

scanned data in this time range to the same spatial point generates resampled frame j + 1th. Converting frames from 30 Hz
to 4 Hz is just a inversion of this process.

2.3. Background: Detailed Derivation of the Confocal NLOS Imaging

The confocal NLOS imaging that we use [5] aims to convert 3D transient image τ(x′, y′, t) into a discretized reconstruction
3D volume ρ(x, y, z), which represents the reflectivity at every point (x, y, z), z > 0 in space, as we show with Eq. 3 in the
main paper. Here, this section shows more detailed derivation of the equation.

In the continuous domain, the relationship between a 3D reconstruction volume ρ(x, y, z) and a 3D transient image
τ(x, y, t) are represented as below.

τ(x′, y′, t) =
∫∫∫

Ω
1
r4 ρ(x, y, z) δ(2

√
(x′ − x)2 + (y′ − y)2 + z2 − tc) dx dy dz, (1)

where c is the speed of light. Eq. 1 shows that a transient measurement sample τ(x′, y′, t) captures the photon flux at point
(x′, y′) and time t, relative to an pulse scattered by the same point at time t = 0. Ω represents a 3D half-space containing
the hidden space on one side of the wall (z > 0). The Dirac delta function δ represents a four-dimensional spatio-temporal
hypercone surface, represented by x2 + y2 + z2 − (tc/2)2; this hypercone (or light-cone) models light propagation from the
visible wall to the object and back to the visible wall. Here, the distance function r =

√
(x′ − x)2 + (y′ − y)2 + z2 = tc/2

in Eq. 1 can be represented with the light arrival time t. Thus, the term 1/r4 can be removed from the triple integral. Also,
by replacing variables as z =

√
u, dz/du = 1/(2

√
u), and v = (tc/2)2, the Equation 1 can be re-written as

v3/2τ(x′, y′, 2
√
v/c)︸ ︷︷ ︸

Rt{τ}(x′,y′,v)

=
∫∫∫

Ω
1

2
√
u
ρ(x, y,

√
u)︸ ︷︷ ︸

Rz{ρ}(x,y,u)

δ((x′ − x)2 + (y′ − y)2 + z2 + u− v)︸ ︷︷ ︸
h(x′−x,y′−y,v−u)

dx dy du ,
(2)

which can be expressed as a 3D convolution Rt{τ} = h ∗ Rz{ρ}, where ∗ is the 3D convolution operator. h is a known 3D
point spread function (PSF), and describes the transient response of a single scatterer. Rz{·} resamples ρ along the z-axis
and attenuates the result by 1/2

√
u, and Rt{·} resamples τ along the time axis and scales the result by v

3
2 . With resampled

transient image and reconstruction volume as τ̃ = Rt{τ} and ρ̃ = Rz{ρ} respectively, the forward image formation model
for confocal NLOS images becomes a simple 3D convolution operation:

τ̃ = h ∗ ρ̃ , (3)

Also, this convolution can be rewritten with the matrix-form as follows:

τ = R−1
t F−1ĤFRzρ , (4)

where we vectorize volumes τ and ρ. The matrix F represents a 3D discrete Fourier transform and Ĥ is a diagonal matrix
representing the Fourier transform of the PSF h. The NLOS imaging process reconstructs a 3D volume ρ∗ from a transient
image τ by inverting Eq. 4 and solving a 3D deconvolution procedure (e.g., using the Wiener filter):

ρ∗ = R−1
z F−1

[
Ĥ∗

|Ĥ|2 + 1
α

]
︸ ︷︷ ︸
the inverse PSF

FRtτ , (5)

where a user-defined parameter α controls how sensitive the inverse PSF is to noise.
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3. DeepRL Based Pose Estimation Pipeline
This section explains implementation details about our DeepRL based 3D human pose estimation pipeline (Sec. 3.1

in the main paper). We use a humanoid model and a physics simulator, and formalize our task of estimating a pose se-
quence p1:T from a transient image sequence τ1:T with a Markov Decision process (MDP). The MDP is defined by a tuple
M = (S,A, P,R, γ) of states, actions, transition dynamics, a reward function, and a discount factor. At each time step,
the humanoid agent samples an action at from a policy π(at|st) whose input state st contains both the visual context φt
(computed from the transient images) and the humanoid state zt (i.e., joint angles and velocities). Next, the environment
generates the next state st+1 through physics simulation and gives the agent a reward rt based on how well the humanoid’s
3D pose aligns with the ground-truth. Detailed definitions of the state st, action at, and policy πθ are given in the main paper.

To solve this MDP, inspired by previous works [6, 10], we apply the Proximal Policy Optimization (PPO) [7] algorithm to
obtain the optimal policy π∗ that maximizes the expected discounted return E[

∑T
t=1 γ

t−1rt]. In the following, we first de-
scribe the design of the reward function rt in Sec. 3.1, and then explain the policy learning algorithm in Sec. 3.2. Additionally,
we briefly describe in Sec. 3.3 the fail-safe mechanism we use to help the humanoid recover from unstable states.

3.1. Reward Function

This section describes the specific reward function we use to train the humanoid policy. Following [10], to encourage the
policy to output a pose sequence p1:T that matches the ground-truth p̂1:T , we define the reward function as

rt = wqrq + were + wprp + wvrv, (6)

where wp, wv, wq, we are weighting factors.
The pose reward rq measures the difference between pose pt and the ground-truth p̂t for non-root joints. Let qjt and q̂jt

denote the j-th joint’s orientation quaternion of the estimated pose and the ground-truth pose respectively. The pose reward
rq is computed as

rq = exp

−2
∑
j

∥∥∥qjt 	 q̂jt∥∥∥2

 . (7)

The end-effector reward re evaluates the difference between the local vector of end effector et and the ground-truth êt .
We use head, hands, and feet as end-effectors. The end-effector reward re is defined as

re = exp

[
−20

∑
e

‖et − êt‖2
]
. (8)

The root pose reward rp encourages the humanoids root joint to have the same height ht and orientation quaternion qrt as
the ground-truth ĥt and q̂rt :

rp = exp

[
−300

((
ht − ĥt

)2

+ ‖qrt 	 q̂rt ‖
2

)]
. (9)

The root velocity reward rv penalizes the deviation of the root’s linear velocity lt and angular velocity ωrt from the
ground-truth l̂t and ŵt:

rv = exp

[
−
∥∥∥lt − l̂t∥∥∥2

− 0.1 ‖ωrt − ω̂rt ‖
2

]
. (10)

3.2. Policy Learning

To compute the optimal humanoid policy π∗ that maximizes the expected discounted return, we use the Proximal Policy
Optimization (PPO) [7] algorithm to compute the gradients of the policy πθ. Traditional policy gradient methods often suffer
from catastrophic failure (i.e., the policy πθ becomes irrecoverably bad) due to noisy policy gradients caused by high variance
of the data collected by the policy. To address this problem, PPO uses a mechanism that prevents noisy gradients from
changing the policy too much. Specifically, PPO utilizes a clipping function clip (wt(θ), 1− ε, 1 + ε) that clips a gradient
by setting it to zero whenever the ratio of current/old policies wt(θ) is more than ε away from 1. Then, PPO minimizes the
following loss function:

L(θ) = Est,at [min (wt(θ)At, clip (wt(θ), 1− ε, 1 + ε)At)] , (11)
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wt(θ) =
πθ (at|st)
πθold (at|st)

, (12)

whereAt is an advantage estimate that measures the goodness of taking action at in state st and πθold is the old policy before
the gradient update with fixed parameters θold. Our PPO-based policy learning procedure is outlined in Algorithm 1.

Algorithm 1 Policy Learning

1: Output: parameters θ of the optimal policy π∗

2: Initialize θ randomly
3: while not converged do
4: s0← sample initial state from the ground truth motion
5: for each simulation step t do
6: st ← (φt, zt)
7: at ∼ πθ(at|st)
8: Apply a and simulate forward one step
9: st+1← new state from simulation

10: rt← pose matching reward . Reward function: Sec. 3.1
11: Record (st, at, rt, st+1) into a memory
12: end for
13: θold← θ
14: for each update step do
15: Sample mini-batch of n samples (si, ai, ri, si+1) from a memory
16: for each (si, ai, ri, si+1) do
17: Ai← compute advantage [7]
18: wi(θ)← πθ(ai|si)

πθold (ai|si) . Eq. 12
19: end for
20: θ← θ + 1

nΣi∇θ min(wi(θ)Ai, clip (wi(θ), 1− ε, 1 + ε)Ai) . Eq. 11
21: end for
22: end while

3.3. Fail-safe Mechanism and the state regressor F

Sometimes the extreme noise in the transient images can produce irregular control which makes the humanoid fall down
to the ground. To prevent this problem, we use the same value function-based fail-safe mechanism as described in [9] to
detect unstable humanoid states and reset the humanoid state to the output of the state regressor F . Without using any
physics simulation, the state regressor F directly maps the visual context φt to the corresponding state zt with an MLP of
two hidden layers (300, 200) and ReLU activations. Using supervised learning, we train F for 100 iterations with Adam [3]
and a learning rate of 1e-4.

4. P2PSF Net Architecture
We show in Fig. 5 a more detailed version of the P2PSF Net (Fig. 3 in the main paper). As discussed in the main paper

(Sec. 3.3), P2PSF Net is a volume to volume network introduced as our feature extractor (the network that obtains the
transient feature ψt from an transient image τt). P2PSF Net takes a transient image of resolution (x, y, t) = 32×32×64 and
outputs a volume (x, y, d) = 128 × 64 × 64, matching the size of the inverse PSF volume used in confocal NLOS imaging
(Eq. 5). The P2PSF Net has nine 3D convolution layers and two residual connections. Please refer to Fig. 5 for the specific
size of each layer.
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Figure 5. The architecture of P2PSF Net.
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