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1. Proof of Employing the Neumann Series for001

Approximating the Matrix Inverse002

Theorem 1 (Neumann Series Approximation for003
(ATA)−1). Let A ∈ Rn×m be a full-rank matrix (with004
m ≥ n), and let λmax denote the largest eigenvalue of005
ATA. Then, the inverse of ATA can be approximated006
using the Neumann series as:007

(ATA)−1 =
1

λmax

∞∑
k=0

(
I − ATA

λmax

)k

, (1)008

where the series converges when λmax−λmin

λmax
< 1, and λmin009

is the smallest eigenvalue of ATA.010

Proof. Let ATA be the Gram matrix of A, which is sym-011
metric and positive definite. Denote the eigenvalues of012
ATA as λ1, λ2, . . . , λn with λmax = maxi λi and λmin =013
mini λi. We prove the theorem in the following steps.014

Step 1: Normalizing ATA. Write ATA as:015

ATA = λmaxI −B, (2)016

where B = λmaxI − ATA. The spectral radius of B is017
ρ(B) = λmax − λmin, and the normalized matrix B

λmax
sat-018

isfies:019 ∥∥∥∥ B

λmax

∥∥∥∥ =
λmax − λmin

λmax
< 1. (3)020

This ensures that the Neumann series expansion is valid for021
B

λmax
.022

Step 2: Neumann Series Expansion. The inverse of023
ATA is:024

(ATA)−1 =
1

λmax

(
I − B

λmax

)−1

. (4)025

Using the Neumann series expansion (I − C)−1 =026 ∑∞
k=0 C

k for ∥C∥ < 1, we expand:027 (
I − B

λmax

)−1

=

∞∑
k=0

(
B

λmax

)k

. (5)028

Substituting B = λmaxI −ATA, we have: 029

(ATA)−1 =
1

λmax

∞∑
k=0

(
λmaxI −ATA

λmax

)k

. (6) 030

Step 3: Final Expression. Simplifying further, the in- 031
verse of ATA is expressed as: 032

(ATA)−1 =
1

λmax

∞∑
k=0

(
I − ATA

λmax

)k

. (7) 033

Step 4: Convergence Condition. The convergence of the 034

Neumann series requires ∥I − ATA
λmax

∥ < 1. This is satisfied 035
since: 036

∥I − ATA

λmax
∥ =

λmax − λmin

λmax
< 1. (8) 037

Conclusion. The Neumann series approximation is valid 038
under the given conditions, and the expression for (ATA)−1 039
is derived as stated. 040

2. The Process of Synthesizing a Compressed 041

Depth Map 042

We adopt the methodology proposed in [1] to synthesize 043
a novel dataset, referred to as Compressed-NYU, derived 044
from the NYU Depth V2 dataset [2]. For a given depth 045
map, we perform bit-depth compression by reducing four 046
bits, eight-fold downsampling and noise injection, which is 047
mathematically represented as follows: 048{

D̄ = Hdown(D↓),

D̂ = D̄ + D̄ · N1 +N2,
(9) 049

where D, D̄ and D̂ denote the original depth map, the 050
intermediate depth map and the degraded depth map, re- 051
spectively. ↓, Hdown(·) and · represent the transforma- 052
tion of bit-depth compression and eight-fold downsampling, 053
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Figure 1. Visual Results of Several Samples in the Process of Synthesizing a Compressed Map.

element-wise multiplication, respectively. N1 ∼ N (0, σ2
1)054

and N2 ∼ N (0, σ2
2) denotes two distinct types of noise,055

where σ1 and σ2 are set to 0.02 and 0.05, respectively. We056
present the visual results of several samples in the synthesis057
process, as shown in Figure 1.058

3. More Visual Results059

We provide additional visual results to further demonstrate060
the effectiveness of the proposed method, as illustrated in 2,061
3, 4, 5, 6, 7. In comparison to other methods, our approach062
yields reconstructed depth maps of superior quality, with063
enhanced recovery of fine geometric details.064
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Figure 2. Additional Visual Comparisons on Compressed-NYU Dataset between Our GDNet and Other Well-known Methods.
The first row displays the ground truth depth alongside the predicted results of various approaches, while the second row shows the
corresponding RGB image and error maps. For error maps, darker areas indicate smaller errors.
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Figure 3. Additional Visual Comparisons on Compressed-NYU Dataset between Our GDNet and Other Well-known Methods.
The first row displays the ground truth depth alongside the predicted results of various approaches, while the second row shows the
corresponding RGB image and error maps. For error maps, darker areas indicate smaller errors.
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Figure 4. Additional Visual Comparisons on Compressed-NYU Dataset between Our GDNet and Other Well-known Methods.
The first row displays the ground truth depth alongside the predicted results of various approaches, while the second row shows the
corresponding RGB image and error maps. For error maps, darker areas indicate smaller errors.
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Figure 5. Additional Visual Comparisons on Compressed-NYU Dataset between Our GDNet and Other Well-known Methods.
The first row displays the ground truth depth alongside the predicted results of various approaches, while the second row shows the
corresponding RGB image and error maps. For error maps, darker areas indicate smaller errors.
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Figure 6. Additional Visual Comparisons on Compressed-NYU Dataset between Our GDNet and Other Well-known Methods.
The first row displays the ground truth depth alongside the predicted results of various approaches, while the second row shows the
corresponding RGB image and error maps. For error maps, darker areas indicate smaller errors.
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Figure 7. Additional Visual Comparisons on Compressed-NYU Dataset between Our GDNet and Other Well-known Methods.
The first row displays the ground truth depth alongside the predicted results of various approaches, while the second row shows the
corresponding RGB image and error maps. For error maps, darker areas indicate smaller errors.
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