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Abstract
Guided depth super-resolution (GDSR) has demonstrated im-
pressive performance across a wide range of domains, with
numerous methods being proposed. However, existing meth-
ods often treat depth maps as images, where shading values
are computed discretely, making them struggle to effectively
restore the continuity inherent in the depth map. In this pa-
per, we propose a novel approach that maximizes the uti-
lization of spatial characteristics in depth, coupled with hu-
man abstract perception of real-world substance, by trans-
forming the GDSR issue into deformation of a roughcast
with ideal plasticity, which can be deformed by force like a
continuous object. Specifically, we firstly designed a cross-
modal operation, Continuity-constrained Asymmetrical Pix-
elwise Operation (CAPO), which can mimic the process of
deforming an isovolumetrically flexible object through ex-
ternal forces. Utilizing CAPO as the fundamental compo-
nent, we develop the Pixelwise Cross Gradient Deformation
(PCGD), which is capable of emulating operations on ideal
plastic objects (without volume constraint). Notably, our ap-
proach demonstrates state-of-the-art performance across four
widely adopted benchmarks for GDSR, with significant ad-
vantages in large-scale tasks and generalizability.

Introduction
Depth maps are widely utilized in fields such as 3D recon-
struction (Chen et al. 2020a; Im et al. 2018), autonomous
driving (Kerl, Sturm, and Cremers 2013), scene understand-
ing (Hoffman, Gupta, and Darrell 2016), and semantic seg-
mentation (Chen et al. 2020b; Gupta et al. 2014; Weder et al.
2020). Technical and cost limitations has prompted the de-
sire to exploit the RGB images to guide super-resolution
of depth maps. Recent research on guided depth super-
resolution (GDSR) predominantly centers on deep neural
networks, yielding promising outcomes(Zhong et al. 2023b;
Guo et al. 2018; Su et al. 2019; Zhou et al. 2023). The
strategies of computing each point discretely and expanding
feature channels, empower fundamental networks like CNN
(LeCun et al. 1998) and Transformer (Vaswani et al. 2017)
with outstanding abilities for abstract extraction, which then
demonstrate excellent performance in the feature extraction
of RGB images (Dong et al. 2015; Liang et al. 2021; Lyu
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Figure 1: Illustration of some issues of GDSR and our
method to address them. (a) After convolution, each point
on residual is only obtained by corresponding area of input,
which means the relationship of points in output is discrete.
Residual connections also increase the difficulty of resid-
ual fitting. Those operations treat depth discretely, easy to
induce deviation after reconstruction. (b) Our model estab-
lished a systematic architecture for continuity-constrained
deformation with fully integrated operational modules.

et al. 2023; Cai et al. 2022, 2023, 2024). Successes in RGB
super-resolution have prompted existing methods to process
depth at the feature level similarly, merging features of depth
and RGB, ultimately reducing channels to obtain the target
residual (Lim et al. 2017) or depth map.

Although existing methods have achieved impressive per-
formance, as shown in Fig. 1, they often approach depth
maps as images where each value is computed discretely,
thereby inducing deviation. The discrete approaches in pre-
vious works led computers to consider depth map as a series
of values on a plane, requiring extensive training to learn
how to adjust the current value based on other information,
lacking the ability to generate holistic spatial awareness akin
to humans. In contrast, humans focus on the morphological
characteristics rather than specific pixel values. Specifically,
when observing low-resolution depth (LR) and ground truth
(GT), humans establish associations based on their overall
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morphological features, unaffected by deviations in object
edges or color. This is because our brains can abstract visual
information into an object with ideal plasticity, allowing us
to imagine the process of LR transforming into GT. Simi-
larly, even when replacing GT with RGB images, we can
still envision how LR transforms into GT based on RGB im-
ages. Indeed, we can instruct deep learning models to restore
LR based on this human awareness. And fortunately, LR, as
spatial information already captured, can be directly treated
as the initial form of the plasticity model.

Motivated by preceding discussion, we conceptualize the
depth as ideal plastic substance, capable of reshaping with-
out volume constraints. To integrate continuity constraints
into our model, we consider particle interactions and devise
the Continuity-constrained Asymmetrical Pixelwise Opera-
tion (CAPO) aimed at reshaping the plastic material while
maintaining equal volume under external forces. This op-
eration excels in guiding deformation by strictly adhering
to source image. By exploiting the properties of differen-
tial, we propose the Piexlwise Cross Gradient Deformation
(PCGD), simulate the complete processing of ideal plastic
material and maximize module reusability to ensure model
generalization. Moreover, the guidance information utilized
by our method differs from specific coloration information
in previous methods, emphasizing operational guidance for
relative changes (analogous to force information), highlight-
ing abstract information like spatial trends. Consequently,
adopting CAPO allows U-net to focus solely on extraction
and abstraction, overcoming previous constraints (having to
balance the abstract extraction with maintaining cues for re-
construction). In summary, our contributions include:

1. A Continuity-constrained Asymmetrical Pixelwise Op-
eration (CAPO) is proposed, which incorporates human
perception of continuity into neural networks and can
emulate isovolumetric deformation of flexible materials.

2. Based on CAPO, a Pixelwise Cross Gradient Deforma-
tion (PCGD) is designed, which emulates deformations
on objects with ideal plasticity, breaking volume con-
straints while preserving continuity.

3. Extensive experiments demonstrate state-of-the-art per-
formance and exhibit increasingly prominent advantages
with scale escalation, suggesting new directions for fur-
ther breakthroughs in large-scale tasks such as x32.

Relative Work
Deep Learning GDSR Methods
The potent extraction capability of deep learning has pro-
pelled advancements in GDSR (Riegler et al. 2016; Hui,
Loy, and Tang 2016a; Tang et al. 2021; Ye et al. 2020).
Early works like DMSG (Hui, Loy, and Tang 2016b), DG
(Gu et al. 2017), and DJF (Li et al. 2016, 2019), initially
employed CNNs for feature extraction and direct regres-
sion towards the target image. (Deng and Dragotti 2019)
proposed Deep Coupled ISTA Network based on the Itera-
tive Shrinkage-Thresholding Algorithm (ISTA)(Gregor and
LeCun 2010), and CUNet (Deng and Dragotti 2020) for
separating common/unique features through sparse coding.

Furthermore, (Kim, Ponce, and Ham 2021) designed a de-
formable kernel-based filtering network (DKN), adaptively
outputting neighborhoods and weights for each pixel. (He
et al. 2021) proposed FDSR which exploits octave convo-
lution (Chen et al. 2019) to decompose the RGB feature.
(Tang, Chen, and Zeng 2021) introduced implicit neural
representation to learn both the interpolation weights and
values (JIIF). (Shi, Ye, and Du 2022) introduced a sym-
metric uncertainty method SUFT, selecting effective RGB
information for HR depth recovery while skipping harm-
ful textures. (Zhao et al. 2022) developed a discrete co-
sine network (DCTNet), extracting multi-modal information
through a semi-decoupled feature extraction module. Most
recently, (Zhao et al. 2023) proposed spherical space fea-
ture decomposition (SSDNet) to separate shared and private
features. (Zhong et al. 2023a) proposed a multiscale fusion
guided filter framework DAGF to reuse intermediate results
in the coarse-to-fine process. (Metzger, Daudt, and Schindler
2023) proposed a hybrid approach DADA combining guided
anisotropic diffusion with CNNs for optimization operations
on single images. (Wang, Yan, and Yang 2024) proposed a
SGNet designed to capture high-frequency structure from
RGB image by emphasizing gradient and frequency domain.

These methods produce pixel values through independent
computations, lacking continuity constraints between adja-
cent regions. Consequently, they are unable to incorporate
the rationality of spatial variations as a human would do.

Comparison with Existing Methods

Existing approaches (Wang, Yan, and Yang 2024; Zhong
et al. 2023a; Zhao et al. 2022) typically involve feature ex-
traction from both depth and RGB modalities, posing chal-
lenges in combining the features from RGB and depth to
reconstruct continuous information. Moreover, alignment of
the two modalities is required before fusion, and deviations
in fusion process also affect the results. (Wang et al. 2021;
Sun et al. 2022) In contrast, our method extracts operational
information from RGB, providing guidance for depth varia-
tions at a global scale, rather than numerically fusing them
as similar types. Thus, deviations in guidance information
hardly misled depth during this operation process. Under
continuity constraints, depth accepts operational guidance
based on its original trend and continuity, meaning that un-
reasonable textures (may causing by mismatching RGB tex-
tures) in the guidance have minimal impact on the depth.

Although DADA (Metzger, Daudt, and Schindler 2023)
also attempts to constrain changes in the depth map under
guidance of RGB, the process of iterative diffusion is diffi-
cult to effectively control, and the resulting images obtained
after diffusion cannot be directly used as output. Therefore,
DADA ultimately modifies LR up by multiplication, rather
than directly performing diffuse operations on the source
image, and fails to establish a complete and theoretically
controlled system for single-image operations. In contrast,
our method can directly obtain controlled outputs through
CAPO, and effectively operates on gradients with PCGD,
ultimately forming a controlled system of continuous defor-
mation without volume limitation.
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Figure 2: Network architecture of our method. The Isovolumetric Deformation initially uses CAPO to deform the depth to
organize pertinent information. Then, depth undergoes further processing through PCGD in the form of gradients.

Method
Fig. 2 illustrates the architecture of our method. Firstly,
we construct the Continuity-constrained Asymmetrical Pix-
elwise Operation (CAPO) using neural network. Subse-
quently, we derive the formula of the Pixelwise Cross Gra-
dient Deformation (PCGD) and implement its structure.

Continuity-constrained Asymmetrical Pixelwise
Operation
CAPO is a cross-modal operation designed to model how
depth changes under the influence of guidance information,
while adhering to continuity constraints. These constraints
are based on human cognition of changes in real-world ob-
jects, as illustrated in Fig. 3 (a). In this illustration, the value
at a point is predominantly derived from its surrounding lo-
cations rather than being directly transferred over long dis-
tances. In this process, depth and operational information
are treated as input, and CAPO can fuse them in a way of
guiding isovolumetric flexible object with force field.

Since CAPO(3x3), CAPO(4x1), CAPO(1x4) all share the
same idea (just the shape of the receptive field is different),
so next we will mainly analyze the CAPO(1x4) operation.
As shown in Fig. 3 (b), the asymmetric structure empow-
ers CAPO to learn the guidance relationship, while the con-
straints within a region and the effects between regions en-
sure the continuity of output. CAPO(1x4) can be seen as “◦”
of Ih(xi) ◦Gh(xi) in formula (9). Here Ih(xi) and Gh(xi)
are two inputs of CAPO, presenting image to be operated
and information for guidance respectively. When consider-
ing the horizontal operation, the y coordinate is determined.
To simplify the representation, we treat Ih(xi) ◦ Gh(xi) as
a one-dimensional operation on the x-axis (horizontal direc-
tion). Among them, Ih(xi) is used to represent the variation
of I along the x direction at position xi, while Gh(xi) is
used to represent the expected change degree at xi. If xi is
in the edge transition area on G, then Gh(xi) will be a rela-
tively large value, which will guide Ih to assign more values

to xi. Guided by Gh crossing modalities, Ih ought to focus
on the relative relationship in local areas of Gh, rather than
directly using Gh(xi) as a value for guiding. Firstly, let us
use N t

4 to represent the four adjacent positions from x=t-3
to x=t, and use Dt to represent the set of values on I and G
at these positions, thereby:

Dt = {z|z = Ih(x) ∨Gh(x), x ∈ N t
4}, (1)

where N t
4 = {xt−3, xt−2, xt−1, xt}, and “∨” means “or”

operation. To simulate the interaction of particles in a unit
area under external force field (op1 in Fig. 3 (c)), we fit vari
to the target variation at position i within N t

4 , then:

Interaction(Dt) ={var3(Dt), var2(D
t),

var1(D
t), var0(D

t)},
(2)

where var3, var2, var1, var0 present the target variations
of the four positions xt−3, xt−2, xt−1, and xt respectively.
Here vari will decide how many values (particles) to allo-
cate to its own position, based on the relationship between
xi and the entire N t

4 area, with the guidance of Gh. In order
to ensure the principle of volume-conserving constraint, we
need to convert vari to var∗j :

var∗i (D
t) = vari(D

t)− 1

4

3∑
j=0

varj(D
t). (3)

Following the principle of particle fluidic propagation, we
aim for points closer in distance xi to exert a greater influ-
ence on xi with higher probability. Therefore, we implement
op2 in Fig. 3(b) by overlapping regional effects. Then, the
value at position xi can be expressed as:

Ih(xi) ◦Gh(xi) = Ih(xi) +
1

4

3∑
j=0

var∗j (D
i+j). (4)

That is to say, the value at xi obtained after the Ih(xi) ◦
Gh(xi) is actually affected by the areas from xi−3 to xi+3,
with positions closer to xi having a higher probability of
making a substantial impact. (op2 in Fig. 3(c))
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Figure 3: (a) Considering the interaction among particles, which preferentially convey collectively as a cohesive viscous fluid,
the variation at each position is influenced by the combined trends in surrounding regions. (b) The principle of CAPO(1x4)
with respect to local information. (c) Controlled with PCGD, each point only needs to focus on its own gradient changes, while
the 2D macroscopic effect is regulated by guidance information with large contexts.

Figure 4: To transfer upsampled LR (LR up) to GT, we
should move the values to right and shrink the transition
area. These changes may be shown as the blue lines, where
target values in (a) are all less or equal to the current values
in (b), which means we cannot achieve GT by isovolumetric
deformation. However, it can be completed by transferring
gradient showed as orange line so that the values around po-
sition 3 in (a) are passed to position 5, with width shrinking.

Pixelwise Cross Gradient Deformation

As shown in Fig. 4, operation on gradient empowers PCGD
to genuinely “move” edges, rather than merely “altering” by
blending colors. Thus, we will use this theory as inspira-
tion to develop PCGD. Let’s start by considering real-world
scenarios where images are perceived as continuous rather
than discrete information. A depth image is essentially the
distance from a specific plane to the surface of an object,
and surface typically exhibit good continuity. Therefore, we
can shift our attention towards the variation trend of depth
through derivation, and subsequently adjusting these trends.

For a depth map D, since the depth information of each
position can be uniquely determined by the abscissa x and
ordinate y, we can represent the real depth information cor-
responding to the image through the binary function h(x, y),

thus the depth map is viewed as a function image of h(x, y):

D = h(x, y) =
1

2
[

∫
∂h(x, y)

∂x
dx+

∫
∂h(x, y)

∂y
dy], (5)

where ∂h(x,y)
∂x and∂h(x,y)

∂y are gradients of depth in the x
and y directions. At this point we can transform the image
D into what we want by adjusting ∂h(x,y)

∂x and ∂h(x,y)
∂y . Now,

let us apply the idea in Fig. 4 to explore the method of restor-
ing a blurred LR up image to a clear high-resolution image.
Whether its blur caused by interpolation or other factors,
the image that gives us a blurry experience is essentially a
combination of valid information and biased or erroneous
messages. For the blurred image I , we hope to obtain the
guidance image G to guide I with the help of a specific op-
eration. In the same way, we can use functions f(x, y) and
g(x, y) to represent I and G respectively:

I = f(x, y), G = g(x, y). (6)

In other words, the gradients of G, ∂g(x,y)
∂x and ∂g(x,y)

∂y , can
be utilized through an operation “◦” to guide the trend of
I , ∂f(x,y)

∂x and ∂f(x,y)
∂y , thereby directing I convert to clear

image Iout (In fact, as analysis in Fig. 4, we choose CAPO
as “◦”) . Using formula (5)(6), we can get the Iout:

Iout =
1

2
[

∫
(
∂f(x, y)

∂x
◦ ∂g(x, y)

∂x
)dx

+

∫
(
∂f(x, y)

∂y
◦ ∂g(x, y)

∂y
)dy].

(7)

Thus, value of Iout at (xp, yp) can be expressed as:

Iout|(xp,yp)
=
1

2

∫ xp

0

[f
′

x(x, yp) ◦ g
′

x(x, yp)]dx

+
1

2

∫ yp

0

[f
′

y(xp, y) ◦ g
′

y(xp, y)]dy.

(8)

Unlike continuous images in the real world, image processed
in computer is sampled to discrete points, so we need to dis-
cretize the above formula. To simplify the expression, we let
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Methods Middlebury Lu NYU v2 RGBDD
x4 x8 x16 x4 x8 x16 x4 x8 x16 x4 x8 x16

DKN (IJCV’2021) 1.23 2.12 4.24 0.96 2.16 5.11 1.62 3.26 6.51 1.30 1.96 3.42
FDKN (IJCV’21) 1.08 2.17 4.50 0.82 2.10 5.05 1.86 3.58 6.96 1.18 1.91 3.41
FDSR (CVPR’21) 1.13 2.08 4.39 1.29 2.19 5.00 1.61 3.18 5.84 1.18 1.74 3.05
JIIF (MM’21) 1.09 1.82 3.31 0.85 1.73 4.16 1.37 2.76 5.27 1.17 1.79 2.87
DCTNet (CVPR’22) 1.10 2.05 4.19 0.88 1.85 4.39 1.59 3.16 5.84 1.08 1.74 3.05
SUFT (MM’22) 1.07 1.75 3.18 1.10 1.74 3.92 1.12 2.51 4.86 1.10 1.69 2.71
SSDNet (ICCV’23) 1.02 1.91 4.02 0.80 1.82 4.77 1.60 3.14 5.86 1.04 1.72 2.92
DAGF (TNNLS’23) 1.15 1.80 3.70 0.83 1.93 4.80 1.36 2.87 6.06 1.18 1.82 2.91
DADA (CVPR’23) 1.20 2.03 4.18 0.96 1.87 4.01 1.54 2.74 4.80 1.20 1.83 2.80
SGNet (AAAI’24) 1.15 1.64 2.95 1.03 1.61 3.55 1.10 2.44 4.77 1.10 1.64 2.55
Ours 0.99 1.57 2.80 0.78 1.53 3.11 1.25 2.36 4.48 1.09 1.63 2.41

Table 1: Quantitative comparison (in average RMSE) with existing state-of-the-art methods on four benchmark datasets. The
best and the second-best values are highlighted by bold and underline, respectively.

Ih(x) = f
′

x(x, yp), Gh(x) = g
′

x(x, yp), Iv(x) = f
′

y(xp, y),
Gv(y) = g

′

y(xp, y). Thus we getting:
Iout|(xp,yp)

=
1

2

xp∑
i=0

[Ih(xi)◦Gh(xi)]+
1

2

yp∑
i=0

[Iv(yi)◦Gv(yi)]

=
1

2

xp∑
i=0

[f(xi+1,yp)−f(xi,yp)]◦[g(xi+1,yp)−g(xi, yp)]

+
1

2

yp∑
i=0

[f(xp,yi+1)−f(xp,yi)]◦[g(xp,yi+1)−g(xp,yi)].

(9)

The equation (9) represents our mathematical model for
deforming the ideal plastic object (depth map). Consider-
ing gap between modalities, we use the absolute gradient of
guidance information. As shown in Fig. 2, to leverage the re-
versible discretization of differential operations, we separate
the positive and negative gradients, apply the same operation
in parallel, finally restore the directional information and add
them together to obtain the processed gradient. (Since differ-
entiation is a reversible operation and the information after
differentiation is discretized along the differential direction,
separately processing the gradients along each direction will
not disrupt the continuity after integration. )

As Fig. 3 (c) shows, although each CAPO in PCGD just
focus on gradient in one direction, PCGD leverages the con-
text to provide reasonable changes in both horizontal and
vertical gradients for each point. The task of CAPO here can
be compared to the point-wise multiplication when using an
attention map on an image, which can leverage the local in-
formation within the attention map. To ensure that improve-
ments stem from our original architecture and operations,
we employ U-net (Ronneberger, Fischer, and Brox 2015) in
the same manner as DADA (with the exception that our out-
put channels are set to 32, while DADA uses 64) (Metzger,
Daudt, and Schindler 2023; He et al. 2016; Deng et al. 2009).

Loss Function
We choose L1 loss as the training objective, with Dgt and
Dout presenting GT and the predicted depth respectively:

L = ∥Dgt −Dout∥1 . (10)

Experiment
Experimental Settings
Datasets and Evaluation Metrics. We conduct exper-
iments on NYU v2 (Wright et al. 2010), Middlebury
(Hirschmuller and Scharstein 2007; Scharstein et al. 2014),
Lu (Lu, Ren, and Liu 2014), and RGBDD (He et al. 2021).
Consistent with prior studies (Kim, Ponce, and Ham 2021;
He et al. 2021; Zhao et al. 2022; Zhong et al. 2023a; Wang,
Yan, and Yang 2024), we utilize the first 1000 RGB-D pairs
from the NYU-v2 dataset for training, with the remaining
449 pairs reserved for validation. Furthermore, the same
pretrained model trained on NYUv2 is evaluated on Mid-
dlebury (30 pairs), Lu (6 pairs), and RGBDD (405 pairs)
datasets. For the synthetic scenes, low-resolution depth in-
puts are generated by bicubic(Keys 1981) downsampling of
the high-resolution GT. In line with prior approaches (Kim,
Ponce, and Ham 2021; Zhong et al. 2023a; Wang, Yan, and
Yang 2024), we employ the root mean square error (RMSE)
in centimeters as the evaluation metric.

Implementation Details. During the training phase, we
randomly crop 256×256 image patches from depths and
RGB images as inputs. Following (Zhong et al. 2023a), we
augment the training data with random flipping and rotation.
Adam optimizer is utilized (Kingma and Ba 2014) with β1
= 0.9 and β2 = 0.999, employing an initial learning rate of
1×10−4. The model is implemented using PyTorch (Paszke
et al. 2017) and trained on one RTX 3090ti GPU. Training
typically requires two days for the NYU v2 dataset.

Comparison with SOTAs
To validate the performance of our method, we compare our
method with SOTA methods on ×4, ×8 and ×16 GDSR, in-
cluding DKN (Kim, Ponce, and Ham 2021), FDKN(Kim,
Ponce, and Ham 2021), FDSR (He et al. 2021), JIIF(Tang,
Chen, and Zeng 2021), DCTNet (Zhao et al. 2022), SUFT
(Shi, Ye, and Du 2022), SSDNet (Zhao et al. 2023), DADA
(Metzger, Daudt, and Schindler 2023), DAGF (Zhong et al.
2023a), and SGNet (Wang, Yan, and Yang 2024).

Quantitative Comparison. Tab. 1 demonstrates that
C2PD achieves state-of-the-art performance on the Middle-
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Figure 5: Qualitative comparison of x8 scale factor on four benchmark datasets.

bury, Lu, NYU v2, and RGBDD datasets. Despite certain
results for x4 task are suboptimal (because our method does
not use a substantial number of parameters to reconstruct
dense effective features), in the x16 task, our method out-
performs the second best by 0.15cm (Middlebury), 0.44cm
(Lu), 0.29cm (NYU v2), and 0.14cm (RGBDD) on RMSE
(More metrics can be found in supplementary material).

Qualitative Comparison. Fig. 5 displays the visual com-
parison between our method and others on x8 tasks (Com-
parisons for more scale factors are provided in supplemen-
tary material). It is evident that our method excels not only
in edge details but also in preserving the accuracy of inter-
nal information. This success is attributed to the capability
of PCGD to fully leverage global spatial information.

Figure 6: Visual comparison between DADA and our
method on NYU v2 dataset, with scaling factors of ×32.

Comparison on Large Scale. Tab. 2 and Fig. 6, respec-
tively, present the quantitative and qualitative comparisons
on x32 task with DADA, which is demonstrated the best
method at the x32 scale. It is evident that our method not
only outperforms DADA at the x32 scale but also main-
tains more detailed and realistic textures without excessive

Methods Middlebury Lu NYU v2 RGBDD
DADA 6.94 8.47 10.81 4.96
Ours 5.68 6.48 9.03 4.11

Table 2: Quantitative comparison with DADA on x32 scale
factor. The best performance is displayed in bold

smoothing observed in DADA.

Complexity Comparison. Tab. 3 shows the complexity
comparison between our method with SOTA method. While
earlier methods achieved lightweight architectures, recent
methods reaching SOTA performance generally incur signif-
icantly higher complexity. Our method attains optimal per-
formance with a comparable computational cost.

Methods Params (M) FLOPs (G) Memory (G) Time (ms) RMSE(cm)
DAGF 2.28 4623.9 10.77 73 2.87
DADA 31.03 212.58 4.96 975 2.74
SGNet 39.25 4623.9 10.77 73 2.44
Ours 62.05 414.75 8.97 61 2.36

Table 3: Complexity comparision on NYU (×8)

Ablation Study
Ablation Study for CAPO. To validate the necessity of
CAPO, we fairly replace it with residual convolution (with
same parameters amount). As shown in Fig. 7 (a), convolu-
tion is far from achieving our effect, highlighting the critical
role of CAPO (The difference between CAPO and convolu-
tion is discussed in supplementary material).

Fig. 7 (b) presents the ablation study on parameter of
CAPO, which operates on gradients. It is evident that our
method achieves optimal performance when the length is set
to 4, with stable performance on remaining datasets. (For
lengths of 3, 5, and 6, matrix multiplication is replaced by
dot products due to computational constraints, potentially
contributing to the superior performance at length = 4.)
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Figure 7: Ablation study for CAPO. (a) Replace CAPO with
residual block. (b) Parameter of CAPO in PCGD.

Ablation Study for PCGD. As shown in Fig. 8 (a), we
test four possible structure for PCGD: operating on vertical
gradient, operating on horizontal gradient, operating on both
direction without sharing parameter, both direction operated
in parallel with parameter sharing. When PCGD sharing pa-
ramete in parallel, the performance comes to the best.

Figure 8: (a) Different structures of PCGD on x8 scale. (b)
Comparison at different upsampling factors on Middlebury.

Further Analysis
Analysis for Upsampling Factor. As depicted in Fig. 8
(b), our model exhibits a linear degradation trend, indicating
that its advantages become more pronounced as the scale
increases, confirming that our method can sustain superior
performance even with low density of effective information.

Figure 9: Generalization performance of our x32 model.

Generalization Analysis. Since all methods were trained
on the NYU v2 , the performance on Middlebury, Lu, and
RGBDD reflects the generalization ability. Tab. 1 shows our

model significantly outperforms the second best on these
datasets, indicating strong generalization.

Methods DKN FDSR DCTNet SUFT SGNet Ours
RMSE 7.38 7.50 7.37 7.22 7.22 6.68

Table 4: Quantitative comparison on real-world RGBDD.

The robust generalization of our model enhances its
adaptability to the intricate scenarios in the real world. Fig.
9 reveals that our trained model (NYU v2, x32) exhibits
excellent generalization across various datasets, and Tab. 4
presents a quantitative comparison of it with state-of-the-art
methods on real-world RGB-D data, demonstrating its sig-
nificant practical value for real-world applications.

Figure 10: Robustness to RGB textures.

Robustness to RGB. Fig. 10 shows the robustness to com-
plex RGB images, which suggest that our approach is not
misled by mismatching textures in the guidance. This is be-
cause: (1) Freed from the constraint of “clear and accurate”,
we employ a deeper network to sufficiently highlight and
abstract guidance information, thereby weakening and even
eliminating complex textures. (2) As illustrated in Fig. 3 (b),
the principle of CAPO is not about merging values but about
fitting the deformation pattern of I’[n] using the sequences
from G’[n] and I’[n]. Even if there are slight traces left by ir-
relevant structural details, “op1” in CAPO can leverages the
relationship between the guidance and the depth to weaken
erroneous guidance. Additionally, constrained by “op2”, the
deformation of I’[n] is still affected by the values of I’[n]
itself, meaning that trivial textures are unlikely to introduce
erroneous textures on the smooth depth map.

Conclusion
In this paper, we propose a novel GDSR method CPGD
that integrates human understanding of material properties.
By leveraging depth as spatial information, the CAPO op-
eration is proposed, which facilitates continuous constraint
deformation on depth, treating it as a flexible object with
constant volume. Building upon CAPO, the PCGD is de-
signed, which enable transformations that surpass volume
constraints, resulting in a system capable of deforming depth
as a substance with ideal plasticity. Our method achieves
state-of-the-art performance on four widely used datasets,
especially advantageous in large-scale tasks and generaliza-
tion. This presents a new strategy for further breakthrough
in large-scale tasks and real-world application.
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