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1. Introduction

In our supplementary materials, we offer supplementary information regarding our research, which includes details on the
dataset specifications, additional qualitative findings, and specifications on the algorithm used.

2. Method Detail

In this section, we present the derivation of Eq. 9 and Eq. 10 in the main body of our paper. The transformation of the
camera amounts to the transformation of the 3D points. Given a rotation matrix R, transition matrix 7', source point vector
X, target point vector X', and rotation center T.cpter, the forward mapping function can be written as:

X' = R(X - Tcenter) + T + Teenters (D)

and the backward mapping function is written as :

X =Rin X1+ Tiny. (2)
The derivation is as follows:
X/ = R(X - Tcenter) + T =+ Tcenter7 (3)
RTX/ - RTR(X - Tcenter) + RT(T + Tcenter)7 (4)
RTR(X - Tcenter) - RTX/ - RT(T + Tcenter)a (5)
X - Tcenter - RTX/ - RT(T + Tcenter)a (6)
X = RTX/ - RT(T + Tcenter) + Tcenter- (7)

Therefore, R;,, = RY,and T,y = —RY(T + Tecnter) + Toenter-

3. Dataset Information

Table 1 and Table 2 present detailed information on the training sets and evaluation datasets used in our study, respectively.
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Dataset Scene Data Num. Annotations

Taskonomy [11] Indoor 114k Metric depth
DIML [5] Outdoor 121K Disparity
Holopix50K [4]  Indoor & Outdoor 48K Disparity
HRWSI [9] Indoor & Outdoor 20K Disparity

Table 1: Information of training datasets. We use the same mixed datasets from Leres [10].

Dataset Scene Data Num. metric Source
NYU [8] Indoor 654 AbsRel, 61, RMSE Kinect
Scannet [2]  Indoor 700 AbsRel §; Kinect
KITTI [3] Outdorr 652 AbsRel, 61, RMSE LiDAR
ETH3D [6] Indoor & Outdoor 431 AbsRel, 61 LiDAR
2D3D-S [1] Indoor 1000 RMSE LiDAR

Table 2: Information of evaluation datasets. The raw 2D3D dataset contains 64,235 images, and we sample 1K images for evaluation.

4. More Qualitative Results

We include additional qualitative results in our supplementary materials. Our attached files contain animated GIFs that
provide visualizations of point clouds from multiple perspectives, displaying the structures in greater detail. Additionally,
we create demo videos of 3D photo applications [7] based on our depth estimators, showcasing the robustness of our depth
estimation approach.
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