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Figure 1. Comparison of our method (b) with BP-Net [32] (a), which is supervised by imperfect depth data. Our approach leverages high-

frequency knowledge from depth foundation models, enabling detailed depth reconstruction even in reflective and fine-structured regions,

where models trained solely on imperfect ground truth struggle. The bottom row displays the 3D point clouds generated from each depth

map in a single view. Zoom in for better visualization.

Abstract

Depth completion, the task of reconstructing dense depth
maps from sparse depth and RGB images, plays a critical
role in 3D scene understanding. However, existing meth-
ods often struggle to recover high-frequency details, such
as regions with fine structures or weak signals, since depth
sensors may fail to capture accurate depth maps in those

regions, leading to imperfect supervision ground truth. To
overcome this limitation, it is essential to introduce an al-
ternative training source for the models. Emerging depth
foundation models excel at producing high-frequency de-
tails from RGB images, yet their depth maps suffer from in-
consistent scaling. Therefore, we propose a novel teacher-
student framework that enhances depth completion by dis-
tilling high-frequency knowledge from depth foundation
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models across multiple scales. Our approach introduces
two key innovations: Adaptive Local Wavelet Decompo-
sition, which dynamically adjusts wavelet decomposition
level based on local complexity for efficient feature extrac-
tion, and Topological Constraints, which apply persistent
homology to enforce structural coherence and suppress spu-
rious depth edges. Experiment results demonstrate that
our method outperforms state-of-the-art methods, preserv-
ing high-frequency details and overall depth fidelity.

1. Introduction
Depth completion, the task of generating dense depth maps

from sparse depth measurements and RGB imagery, is

a cornerstone of 3D scene understanding in applications

such as autonomous driving, robotics, and augmented real-

ity [8, 21, 44]. Accurate depth maps enable precise naviga-

tion [21], object detection [24], and environmental interac-

tion [16], but achieving this accuracy remains a significant

challenge. This is partially because depth sensors, such as

LiDAR or structured light systems, often produce incom-

plete depth due to lighting conditions, sensor noise, or lim-

ited resolution, leading to depth holes and discontinuities,

as illustrated in Fig. 2. These imperfections are especially

pronounced in high-frequency areas, such as object bound-

aries, where preserving sharp depth transitions is essential

for downstream tasks.

Existing depth completion methods, however, have

largely overlooked the impact of training on imperfect

ground truth data. By relying on noisy or incomplete

depth maps as supervision, these approaches struggle to

capture high-frequency details, often yielding blurred or

fragmented predictions that fall short of real-world require-

ments. Techniques such as spatial propagation [7, 22, 26]

or specialized feature extraction modules [32, 40] have

been proposed to mitigate these issues, yet their effective-

ness remains constrained by the quality of available high-

frequency supervision during training.

In contrast, recent depth foundation models have demon-

strated remarkable generalization ability in predicting high-

frequency depth details from RGB imagery alone, such as

Depth Anything v2 [43] and Marigold [18]. These mod-

els excel at reconstructing depth in challenging regions, in-

cluding fine-structured and weak-signal areas—such as the

edges of steel chairs, thin chair legs, and carpeted floors de-

picted in Fig. 2—where depth sensors typically falter. This

underscores their potential as High-Frequency Teachers for

depth completion. By leveraging their predictions, we can

address missing information in high-frequency ground truth

depth data, guiding the learning of detailed depth bound-

aries in complex environments.

Inspired by this, we present HFD-Teacher, a novel

teacher-student framework designed to enhance high-

Figure 2. Existing depth completion methods, such as BP-

Net [32], trained solely on noisy ground truth or simple colorized

depth, fail to recover high-frequency details. In contrast, depth

foundation models like Depth Anything v2 [43] excel at gener-

ating detailed pseudo depths. We propose leveraging their high-

frequency knowledge to enhance depth completion.

frequency details in depth completion across multiple scales

in the prediction head. Our approach integrates two key

innovations: (1) adaptive local wavelet transform and (2)

topological constraints. Specifically, in the adaptive local
wavelet transform, we extend traditional wavelet techniques

by dynamically adjusting the decomposition level for each

local region based on its complexity. This enables fine-

grained feature extraction in intricate areas while maintain-

ing efficiency in simpler regions, balancing detail preserva-

tion. And in the topological constraints, we enforce struc-

tural coherence in the teacher’s high-frequency depth maps

using persistent homology, mitigating the generation of spu-

rious depth edges. This synergy enhances prediction accu-

racy and ensures structurally coherent depth maps. Exten-

sive experiments conducted on indoor and outdoor datasets

demonstrate the superiority of our methods compared to the

state-of-the-art techniques.

In summary, our contributions are threefold:

• We introduce HFD-Teacher, a teacher-student framework

that selectively distills high-frequency knowledge from

depth foundation models.

• We propose adaptive local wavelet transform for effi-

cient, complexity-aware frequency analysis, and topolog-

ical constraints for ensuring structural integrity in depth

maps.

• We validate through extensive experiments on NYUD-

v2, KITTI-DC, and other datasets that HF-Teacher sur-

passes state-of-the-art methods in both high-frequency

detail preservation and overall depth fidelity.

2. Related Work
Depth Completion: Early methods used filters [13, 20] or

optimization [9, 41] to fill holes in RGB-D data. With Li-

DAR’s growing use, deep learning has become dominant

for sparse depth completion. CSPN [6, 7] introduced con-

volutional spatial propagation to refine sparse depth. NL-

SPN [26] and DySPN [22] enhanced it with learnable ker-
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nels for better accuracy. GuideFormer [28] employed dual-

branch transformers to embed RGB and depth, while Com-

pletionFormer [45] combined convolution and transform-

ers. BP-Net [32] applied bilateral propagation early to im-

prove sparse data processing. Despite these advances, ex-

isting methods overlook high-frequency loss and rely on in-

complete supervision. We address this by leveraging HFD-

Teacher, achieving clearer and more detailed depth predic-

tions.

Depth Foundation Models: Recent depth foundation

models [3, 18, 42, 43] predict universal depth without

fine-tuning on specific datasets. Depth Anything [42, 43],

trained on 1.5M labeled and 62M unlabeled images, pro-

duces dense depth with rich details from a single RGB im-

age. Marigold [18], built on Stable Diffusion [29], achieves

zero-shot performance on synthetic and cross-domain data.

Most foundation models, however, target relative depth pre-

diction in [0,1]. While adding a metric head [1, 2] enables

metric depth, scale prediction remains unreliable. By con-

trast, our depth completion model leverages sparse depth as

anchors, ensuring accurate metric scale in predicted maps.

Frequency Learning: Frequency analysis has been

extensively applied in depth-related vision tasks, includ-

ing depth estimation [4], depth super-resolution [37] and

even depth completion [23]. [4] analyzes the frequency

response in self-supervised depth estimation tasks to re-

fine depth through interpretable analysis. SGNet [37]

investigates the Fourier frequency response of high and

low-resolution depth data to enable frequency-aware depth

super-resolution. RigNet [39] also aims to enhance high-

frequency components through a repetitive image-guided

network. Unlike these methods, our model directly analyzes

the frequency insight from depth images, as the frequency

response of RGB images often introduces noise in depth-

irrelevant regions such as planar textures or non-boundary

lines.

3. Proposed Method
In this section, we introduce our HFD-Teacher (High-

Frequency Depth Teacher) framework, as illustrated in

Fig. 4 (a). Given a pair consisting of an RGB image I and a

sparse depth map Ds, our goal is to train a depth completion

model that enhances Ds into a dense depth map D̂.

3.1. Teacher-Student Framework
We propose a teacher-student framework for depth comple-

tion that leverages frequency distillation to enhance high-

frequency details in depth maps. The teacher is a pre-

trained frozen depth foundation model (e.g., Depth Any-

thing v2 [43]) that guides the student model to predict fine-

detailed dense depth maps. The student model features a

transformer-based backbone as the feature extractor and a

multi-scale prediction head for final depth prediction. We

Figure 3. Top: A typical 2-level Discrete Wavelet Transform

(DWT) applied to a pseudo depth map. By setting LL2 = 0 and

performing the inverse DWT, we obtain the level-2 high-frequency

map. Middle: Deeper decomposition levels yield finer details in

the DWT output. Bottom: As regions within a single scene vary in

complexity, we determine the decomposition level in local regions

by their variance (σ2) and gradient magnitude (G).

use two separate convolution layers to encode the RGB im-

ages and sparse depth data, which are then concatenated for

further processing.

Within this framework, both the teacher and student

models utilize decoders to output multi-scale features,

which can be regarded as depth maps layer by layer. As

with prevailing prediction heads, such as DPT [27], predict

multi-scale feature maps progressively from 1
32 , ..., 1

2 to 1,

each corresponding to a depth map at a specific granularity.

Our method distills frequency-domain knowledge from the

teacher’s multi-scale depth maps to guide the student’s pre-

dictions at each layer. To enable frequency distillation, we

extract high-frequency components from these depth maps

using the Adaptive Local Wavelet Transform (ALWT).

3.2. Adaptive Local Wavelet Transform

Depth foundation models excel at predicting depth maps

rich in high-frequency details, but they often fall short in

recovering accurate depth scale, which predominantly re-

sides in the low-frequency components. This limitation po-

sitions them as “partial teachers”, effective primarily for

high-frequency subbands rather than the full depth image.

Therefore, we focus on distilling knowledge from high-

frequency depth maps instead of the whole depth images.

For this purpose, we utilize the Discrete Wavelet Transform

(DWT) to extract frequency components. DWT preserves
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Figure 4. (a): Overview of HFD-Teacher pipeline. To compensate for the lack of high-frequency depth details, we enhance the depth

completion student model using high-frequency knowledge from a depth foundation teacher model. The HFD-Teacher guides the student

across multiple scales at each layer of the prediction head. (b): Adaptive Local Wavelet Transform (ALWT) module. We apply discrete

wavelet transforms (DWT) of different levels within different local blocks and concatenate them to form a global high-frequency map.

Distillation is then performed using the high-frequency components from both the teacher and the student models.

spatial structure by decomposing the original 2D image into

four half-sized frequency bands: {LL,HL,LH,HH}. Here,

{HLl,LHl,HHl} represents the high-frequency knowledge

critical for our task. This decomposition can be recursively

applied to the LL subband, creating a hierarchy that ana-

lyzes depth maps at varying levels of granularity, as shown

in Fig. 3. In this work, we adopt the bior3.3 wavelet, cho-

sen for its linear phase properties that minimize edge arti-

facts during reconstruction and its use of separate filters for

decomposition and reconstruction, enhancing flexibility.

Depth scenes in depth completion tasks often vary

greatly in complexity, ranging from flat regions (e.g.,

walls and floors) to intricate areas crowded with objects

(Fig. 3). This diversity necessitates a dynamic approach to

wavelet decomposition, as deeper levels extract finer high-

frequency details, while shallow levels suffice for simpler

regions. However, applying a fixed decomposition level

across an entire image is often inadequate for such diverse

scenarios: complex regions benefit from deeper decomposi-

tion to capture high-frequency details, whereas flat areas re-

quire only shallow analysis. To address the intra-scene vari-

ability, we first partition each depth map into local blocks.

For each block, we evaluate its complexity using two met-

rics: variance and gradient magnitude. These metrics pro-

vide insight into the depth variability and edge intensity

within the block, guiding the decision on how deeply it

should be decomposed. Variance quantifies the spread of

depth values within a block, with higher values indicating

significant depth fluctuations. Complementing this, the gra-

dient magnitude measures the strength of depth transitions

(i.e., edges), where blocks with pronounced gradients are

likely to contain sharp boundaries. These metrics guide

the assignment of an appropriate decomposition level lk for

each block Bk with the rule:

lk =

⎧⎪⎨
⎪⎩

3 if σ2
k > Tσ and Gk > TG

2 if σ2
k > Tσ or Gk > TG

1 otherwise

(1)

Here, Tσ and TG represent the running means of vari-

ance and gradient magnitude across all blocks in a batch.

This rule assigns the deepest decomposition (level 3) to

blocks with both high variance and strong gradients—

hallmarks of complex, edge-heavy regions, while uniform,

low-complexity blocks are efficiently processed with a shal-

low decomposition (level 1).

After determining lk, we apply DWT to each block up

to its assigned level, generating subbands such as LLl (low-

frequency) and {HLl,LHl,HHl} (high-frequency). To iso-

late high-frequency details, we set the low-frequency com-

ponent to zero and reconstruct a local high-frequency-only

map Hk by inverse DWT (iDWT) level by level:

Ĥl−1 = iDWT(0, {HLl,LHl,HHl}) (2)

Hk = iDWT(Ĥ1, {HL1,LH1,HH1}) (3)

This process discards low-frequency content, retaining

only the critical high-frequency information essential for
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subsequent depth distillation. These local high-frequency

maps are then combined to form a global high-frequency

map H for the entire depth map. However, independent

block processing can introduce visible seams at boundaries.

To mitigate this, we extend each block with a 2-pixel bor-

der from adjacent blocks, providing contextual overlap for

smoother transitions.

After constructing the teacher’s global high-frequency

map Hteacher from depth predictions, the student model mir-

rors this process to generate its own high-frequency map

Hstudent. We align Hstudent with Hteacher, focusing on valid

high-frequency pixels:

Ldistill =
1

M

∑
i,j

I{hteacher
i,j >ε} · ||hstudent

i,j − hteacher
i,j ||2 (4)

where hteacher
i,j and hstudent

i,j are pixel values from Hteacher and

Hstudent, respectively, M is the number of valid pixels where

hteacher
i,j > ε, and ε is a small threshold (e.g., 10−6) to ex-

clude near-zero values.

3.3. Topological Constraints
After pixel-level distillation, we observe that high-

frequency maps still contain imperfections, such as isolated

fake edges, suggesting that pixel-wise distillation alone is

insufficient for effective depth detail learning. Beyond

pixel-level alignment, the global connectivity and persis-

tence of depth details are also critical for accurate frequency

distillation. Motivated by this, we introduce a topological

constraint using persistent homology [15], which preserves

stable, large-scale features while suppressing transient dis-

continuities like isolated edges. Specifically, we apply a

regularization term to Hstudent that penalizes short-lived fea-

tures in its persistence diagram:

Ltopo =
∑
p∈PD

(dp−bp)<θ

(dp − bp), (5)

where PD is the persistence diagram of Hstudent, bp and dp
are the birth and death times of feature p, θ is a threshold for

short-lived features. This topological loss encourages the

student model to reduce topological noise, thereby improv-

ing the structural coherence of the distilled high-frequency

map.

3.4. Training Objectives
The student model is trained using a composite loss func-

tion with three terms: Frequency Distillation Loss (Ldistill),

Topological Loss (Ltopo) and Ground Truth Supervision

Loss (Lgt). Besides high-frequency distillation, we still

need to ensure fidelity between the student’s final depth map

Dstudent and ground truth Dgt, considering only valid depth

Figure 5. Visualization of high-frequency feature maps and their

regularization using persistency homology. Persistence Diagram

(PD) displays 0-dimensional topological invariants as red dots and

1-dimensional topological invariants as blue dots. Applying a θ to

the persistence d− b could reduces transient discontinuities while

preserving significant features.

pixels of ground truth:

Lgt =
1

N

∑
i,j

I{dgt
i,j>0} · |dgt

i,j − dpred
i,j | (6)

where dgt
i,j and dpred

i,j are ground truth and predicted depth

values, and N is the number of valid pixels.

The total loss is:

Ltotal = αLdistill + βLtopo + Lgt (7)

where α, β are weighting coefficients, and are empirically

set to 0.5 and 0.3, respectively.

4. Experiments

4.1. Datasets
We conduct standard depth completion evaluations on the

indoor NYU Depth v2 (NYUD-v2) dataset [30] and outdoor

KITTI Depth Completion (KITTI-DC) dataset [33]. We uti-

lize the iBims-1 dataset [19] and DDAD [11] dataset to fur-

ther evaluate the model’s generalization ability. NYUD-v2

is an indoor dataset with a resolution of 640 × 480. For a

fair comparison, we evaluate only the pixels within the crop

defined in [30]. KITTI-DC is an outdoor dataset in the au-

tonomous driving domain. We randomly crop the frames to

1216 × 256 for training and use the full-resolution frames

as input for testing. The iBims-1 dataset comprises 100 in-

door RGB-D pairs for the test set. DDAD is another au-

tonomous driving dataset, containing 3,950 validation sam-

ples. We use iBims-1 and DDAD for the zero-shot general-

ization test.

4.2. Implementation Details
Our framework is implemented in Pytorch and trained us-

ing the Adam optimizer with an initial learning rate of 5 ×
10−4, β1 = 0.9 and β2 = 0.999. We use a frozen pre-

trained Depth Anything v2 (DAv2) ViT-L model [43] as the

teacher model. For the student model, we use a pre-trained

DINOv2 [25] encoder as the feature extraction backbone

and DPT [27] as the prediction head. The batch size per
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Figure 6. Qualitative results on the NYUD-v2 dataset. We compared our method with three SOTA depth completion models: NLSPN [26],

CompletionFormer [45], and BP-Net [32]. The first column shows the RGB image and the raw depth. In each sample, the first row presents

the depth prediction, while the second row displays the error map computed between the predicted depth and the ground truth. Areas where

our method provides richer depth details are highlighted. Zoom in for better visualization.

GPU is set to 8 for NYUD-v2 and 4 for KITTI-DC respec-

tively. The number of training epochs is set to 50. We fol-

low the same sparse depth sampling strategy [26] for all

methods.

4.3. Evaluation Metrics
We evaluate the proposed method from two perspectives:

high-frequency performance and fidelity. Since high-

frequency details in depth maps commonly refer to the acu-

ity of depth edges, we assess the high-frequency perfor-

mance of our method using the depth edge accuracy εacc
and completion εcomp metrics from [19]. εacc and εcomp

calculate the Chamfer distance in pixels between the pre-

dicted boundaries and the ground truth boundaries. These

two metrics have been used in several works [12, 14, 38] to

measure the enhanced edge quality.

To ensure the fidelity, we evaluate on the standard evalu-

ation metrics [10]: root mean squared error (RMSE), mean

absolute relative error (REL), and the accuracy metrics un-

der threshold values (δj < 1.25j)j=1,2,3 for indoor scenes

and RMSE, MAE, root mean squared error of the inverse

depth (iRMSE), and mean absolute error of the inverse

depth (iMAE) for outdoor scenes.

4.4. Comparison With the State-of-the-Art
On NYUD-v2: Table 1 summarizes the quantitative com-

parison on NYUD-v2. Our proposed method outper-

Figure 7. Qualitative Results on KITTI-DC test set. Zoom in for

better visualization.

forms current methods in both high-frequency performance

(boundary error) and depth fidelity (depth error and accu-

racy). Our method achieves the lowest εacc and εcomp of

0.603 and 1.211, indicating its superiority in generating ac-

curate high-frequency details. In terms of depth fidelity, our

method surpasses most of the SOTA models with the RMSE

of 0.087, which is the primary evaluation metric.

Fig. 6 provides qualitative comparisons on NYUD-v2.

Our method effectively learns from the HF-Teacher and

generates highly accurate dense depth maps with rich high-

frequency details. For instance, in the first example, our

method and DAv2 accurately predict the desk legs, while

other methods struggle. In comparison of the HFD-Teacher
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Methods
HF Error↓ Depth Error↓ Acc↑

εacc εcomp RMSE AbsRel δ1

CSPN [5] 1.747 5.527 0.117 0.016 99.2

GuideNet [31] 1.255 4.608 0.101 0.015 99.5

NLSPN [26] 1.030 4.643 0.092 0.012 99.6

DySPN [22] 1.204 3.439 0.090 0.012 99.6

RigNet [39] 1.192 4.366 0.090 0.013 99.6

CFormer [45] 1.057 4.103 0.090 0.012 99.6

LRRU [35] 1.109 4.393 0.091 0.011 99.6

OGNI-DC [47] 1.130 2.330 0.089 0.011 99.6

MSPN [17] 1.020 2.041 0.089 0.012 99.6

ImprovingDC [36] 1.135 2.391 0.091 0.011 99.6

TPVD [40] 1.183 2.151 0.086 0.010 99.7
LP-Net [34] 1.041 2.931 0.090 0.012 99.6

BP-Net [32] 1.028 2.872 0.089 0.012 99.6

Ours (ViT-S) 1.014 1.457 0.107 0.016 99.5

Ours (ViT-B) 0.799 1.217 0.098 0.014 99.6

Ours (ViT-L) 0.603 1.211 0.087 0.010 99.7

Table 1. Quantitative Comparison on NYUD-v2. HF Error de-

notes high-frequency error, where εacc and εcomp evaluate the

boundary errors, reported in pixels. RMSE and AbsRel are re-

ported in meters. The best results are in bold.

Methods RMSE↓ MAE↓ iRMSE↓ iMAE↓
CSPN [5] 1019.64 279.46 2.93 1.15

GuideNet [31] 736.24 218.83 2.25 0.99

NLSPN [26] 741.68 199.59 1.99 0.84

DySPN [22] 709.12 192.71 1.88 0.82

RigNet [39] 712.66 203.25 2.08 0.90

CFormer [45] 708.87 203.45 2.01 0.88

BEV@DC [46] 697.44 189.44 1.83 0.82

LRRU [35] 696.51 189.96 1.87 0.81

OGNI-DC [47] 747.64 182.29 1.81 0.79
MSPN [17] 835.7 218.5 2.10 0.90

TPVD [40] 693.97 188.60 1.82 0.81

ImprovingDC [36] 686.46 187.95 1.83 0.81

LP-Net [34] 684.71 186.63 1.81 0.80

BP-Net [32] 684.90 194.69 1.82 0.84

Ours (ViT-S) 710.51 196.12 1.99 0.90

Ours (ViT-B) 689.82 194.03 1.87 0.84

Ours (ViT-L) 679.98 193.67 1.81 0.80

Table 2. Quantitative Comparison on KITTI-DC. RMSE and MAE

are in millimeters, and iRMSE and iMAE are in 1/km. The best

results are in bold.

DAv2, our method outperforms in the low-frequency do-

main, achieving a smaller overall error, as seen in the error

map.

On KITTI-DC: Table 2 summarizes the quantitative

comparison on KITTI-DC test set. Our ViT-L model out-

performs existing SOTA methods. Notably, we only eval-

uate the standard metrics in the table, as the KITTI dataset

has sparse ground truth, limiting us to assess high-frequency

performance. Fig. 7 illustrates that our model generates

richer high-frequency details, demonstrating its superiority

Figure 8. Qualitative results on iBims-1 (row 1-2) and DDAD (row

3-4). Zoom in for better visualization.

over other depth completion models.

Zero-shot Testing: Table 3 summarizes the quantita-

tive comparison on the zero-shot unseen datasets iBims-1

and DDAD. All models are trained on the NYUD-v2 and

KITTI-DC datasets without exposure to the test dataset.

Our method outperforms the SOTA models in both high-

frequency performance and depth fidelity. This demon-

strates our method’s superior generalization to unseen data

compared to others. Fig. 8 shows visual samples of zero-

shot depth completion on these two datasets.

Methods
iBims-1 DDAD

εacc ↓ εcomp ↓ RMSE↓ AbsRel↓ δ1 ↑ RMSE↓ MAE↓
NLSPN [26] 5.557 6.875 4.847 1.148 56.8 701.9 309.6

CFormer [45] 4.720 5.872 4.072 1.103 59.3 889.3 400.1

BP-Net [32] 4.755 5.037 4.792 1.057 50.1 919.3 452.9

Ours (ViT-S) 1.513 4.102 0.841 0.325 81.7 481.1 348.6

Ours (ViT-B) 1.407 3.928 0.759 0.299 82.9 359.8 227.5

Ours (ViT-L) 1.112 3.689 0.662 0.190 93.2 313.5 207.1

Table 3. Quantitative comparison of zero-shot generalization abil-

ity on unseen iBims-1 and DDAD dataset.

4.5. Ablation Study
We conducted ablation studies on the NYUD-v2 dataset

with the vanilla ViT-S model as the baseline to evaluate the

components of our HFD-Teacher framework, with results

summarized in Table 4 to 6.

Decomposition Levels: The first set of experiments ex-

plores fixed decomposition levels in the Discrete Wavelet

Transform (DWT), as shown in the upper part of Table 4

(first table). Increasing the decomposition level enhances

accuracy by reducing error metrics, reflecting better preser-

vation of fine details. However, this improvement comes

with a noticeable rise in computational time. We can ob-

serve from Fig. 10(a) that l = 3 reveals a clear trade-off

between precision and efficiency.

Dynamic levels: The lower part of Table 4 evaluates

our dynamic decomposition approach, which adjusts levels

based on scene complexity. Compared to fixed levels, this
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Methods εacc ↓ εcomp ↓ RMSE↓ AbsRel↓ δ1↑ Process Time↓
Baseline 1.622 2.185 0.126 0.035 99.3 0.017

fixed l = 1 1.572 2.157 0.123 0.023 99.3 0.034

fixed l = 2 1.542 2.014 0.118 0.023 99.3 0.047

fixed l = 3 1.501 2.010 0.117 0.023 99.4 0.059

fixed l = 4 1.495 2.034 0.117 0.023 99.4 0.074

fixed l = 5 1.510 2.052 0.114 0.024 99.3 0.090

dynamic l = 1, 2 1.400 1.921 0.109 0.019 99.3 0.090

dynamic l = 1, 2, 3 1.385 1.903 0.108 0.018 99.5 0.102

dynamic l = 2, 3 1.445 1.975 0.112 0.022 99.3 0.098

Table 4. Ablation studies on fixed and dynamic wavelet decompo-

sition levels. Experiments are conducted on baseline (ViT-S with-

out any modules) on NYUD-v2.

strategy improves both accuracy and completeness metrics.

We evaluated on several decomposition level combinations

and the trend Fig. 10(b) highlights level = 1, 2, 3 optimizes

detail extraction efficiently by adapting to local variations.

We do not include combinations with l > 3 as decompo-

sition greater than level 3 could significantly increase the

batch process time.

Local Partitioning: We assess the effectiveness of lo-

cal decomposition compared to global decomposition. As

demonstrated in Table 5, local frequency analysis yields

superior performance over global analysis. Additionally,

we examine the effect of window size in local partition-

ing, with results detailed in Table 5. Our analysis shows

that a moderate window size of 14 × 14 achieves optimal

performance. Smaller windows overly concentrate on local

details, whereas larger windows diminish the advantages of

localized analysis, underscoring the importance of selecting

an appropriate scale.

Methods εacc ↓ εcomp ↓ RMSE↓ AbsRel↓ δ1 ↑
w.o. partition 1.385 1.903 0.108 0.018 99.5

8× 8 1.300 1.820 0.110 0.017 99.5
14× 14 1.285 1.805 0.109 0.017 99.5
16× 16 1.315 1.835 0.110 0.018 99.5
24× 24 1.330 1.850 0.111 0.018 99.5

Table 5. Ablation studies on the effectiveness of local partitioning

and local window sizes.

Topological Constraints: Table 6 assesses the effect of

topological constraints via persistent homology. Applying

these constraints with a suitable threshold reduces disconti-

nuities. Performance peaks at an optimal θ = 0.1, beyond

which additional regularization yields diminishing benefits,

underscoring its role in enhancing structural coherence.

5. Conclusion
In this paper, we introduce HFD-Teacher, a novel teacher-
student framework that elevates depth completion by
distilling high-frequency knowledge from depth foundation
models across multiple scales. By integrating adaptive lo-
cal wavelet decomposition for efficient, complexity-aware

Methods εacc ↓ εcomp ↓ RMSE↓ AbsRel↓ δ1 ↑
w.o Ltopo 1.285 1.805 0.109 0.017 99.5

θ = 0.01 1.240 1.760 0.108 0.017 99.5
θ = 0.05 1.145 1.665 0.109 0.017 99.5
θ = 0.1 1.014 1.457 0.107 0.016 99.5
θ = 0.15 1.190 1.710 0.110 0.017 99.4

θ = 0.2 1.280 1.800 0.113 0.017 99.4

Table 6. Ablation study on the influence of topological constraints

and optimal θ values on performance.

Figure 9. Top: Results with topological constraints applied. Bot-
tom: Results without topological constraints, exhibiting spurious

edges in the depth map.

Figure 10. Trade-off between performance and efficiency. The

primary vertical axis represents εacc, while the secondary vertical

axis represents batch processing time. (a) For fixed decomposi-

tion level, l = 3 achieves the optimal balance between error and

computational time. (b) Among dynamic decomposition sets, the

combination of l = 1, 2, 3 yields the most optimal results.

feature extraction and topological constraints to enforce
structural coherence, our method effectively addresses
the challenges of recovering fine-grained details from
imperfect ground truth data. Extensive experiments on
diverse datasets, including NYUD-v2, KITTI-DC, iBims-1,
and DDAD, demonstrate superior performance in high-
frequency detail preservation, depth fidelity, and zero-shot
generalization compared to state-of-the-art approaches.
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