
Any to Full: Prompting Depth Anything for
Depth Completion in One Stage

Zhiyuan Zhou1, Ruofeng Liu2 B, Taichi Liu1, Weijian Zuo3, Shanshan Wang1,
Zhiqing Hong4, and Desheng Zhang1

1 Rutgers University, USA {zhiyuan.z,taichi.liu,shanshan.wang}@rutgers.edu,
desheng@cs.rutgers.edu

2 Michigan State University, USA liuruofe@msu.edu
3 JD Logistics, China zuoweijian1@jd.com

4 HKUST (Guangzhou), China zhiqinghong@hkust-gz.edu.cn

Abstract. Accurate, dense depth estimation is crucial for robotic per-
ception, but commodity sensors often yield sparse or incomplete measure-
ments due to hardware limitations. Existing RGBD-fused depth comple-
tion methods learn priors jointly conditioned on training RGB distri-
bution and specific depth patterns, limiting domain generalization and
robustness to various depth patterns. Recent efforts leverage monocular
depth estimation (MDE) models to introduce domain-general geomet-
ric priors, but current two-stage integration strategies relying on explicit
relative-to-metric alignment incur additional computation and introduce
structured distortions. To this end, we present Any2Full, a one-stage,
domain-general, and pattern-agnostic framework that reformulates com-
pletion as a scale-prompting adaptation of a pretrained MDE model.
To address varying depth sparsity levels and irregular spatial distribu-
tions, we design a Scale-Aware Prompt Encoder. It distills scale cues
from sparse inputs into unified scale prompts, guiding the MDE model
toward globally scale-consistent predictions while preserving its geomet-
ric priors. Extensive experiments demonstrate that Any2Full achieves
superior robustness and efficiency. It outperforms OMNI-DC by 32.2%
in average AbsREL and delivers a 1.4× speedup over PriorDA with the
same MDE backbone, establishing a new paradigm for universal depth
completion. Codes and checkpoints are available at https://github.
com/zhiyuandaily/Any2Full.

1 Introduction

Accurate and fine-grained depth information is essential for robotic perception,
enabling navigation [36, 53], manipulation [14, 35, 50], and scene understand-
ing [2, 7, 37]. However, commodity depth sensors (e.g., LiDAR [17], ToF [16], or
structured light cameras [47]) often yield sparse or incomplete depth maps due
to limitations in resolution, range, and light interaction, such as reflection or
absorption [59]. Consequently, depth completion has emerged as a fundamental
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Fig. 1: Depth completion recovers dense depth maps from raw measurements and RGB
guidance. (a) Traditional two-stage methods predict coarse depth to bridge the gap be-
tween sparse input and dense output. (b) Recent approaches integrate monocular depth
estimation (MDE) to generate relative depth and explicitly align it with sparse depth,
disrupting MDE’s geometric priors. (c) Our framework employs a lightweight prompt-
ing mechanism that tightly integrates MDE’s geometric priors, achieving domain-
general and pattern-agnostic depth completion in one stage.

task that aims to recover dense metric depth maps from raw depth measurements
and their corresponding RGB images.

Most existing depth completion methods, as illustrated in Fig. 1(a), learn
geometric priors from RGB images to guide dense depth prediction from sparse
inputs [10, 23, 40, 45, 51, 52, 72]. However, as shown in Fig. 1(left), these RGBD
fused frameworks, such as CompFormer [72], learn priors jointly conditioned on
RGB distribution and specific depth patterns observed during training, leading
to two commonly observed limitations: (1) Domain Specificity, where perfor-
mance degrades under visual domain shifts such as lighting, texture, or scene
variations. (2) Depth Pattern Sensitivity, where performance degrades with
changing raw depth patterns caused by heterogeneous depth sensors, such as
variations in density, missing regions, or limitations in sensing range.

Recent monocular depth estimation (MDE) models [24,68] show remarkable
domain generalization, inspiring recent efforts [8, 56, 65] to leverage their geo-
metric priors for depth completion. Nevertheless, current integration strategies
remain suboptimal. Test-time adaptation methods [56] are too computationally
expensive for real-time use, while direct feed-forward methods [39, 65] typically
follow a traditional two-stage design (Fig. 1(a), (b)): an initial stage predicts
coarse depth to bridge the gap between sparse to dense output, followed by a re-
finement stage to recover structural details. In these methods, the RGBD fusion
in the first stage is replaced by explicit alignment between relative depth from
MDE and sparse metric inputs to produce a coarse metric map.

However, despite effectively addressing the input depth sparsity, this two-
stage paradigm not only incurs extra computational overhead but also suffers
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from MDE’s inherent scale inconsistency. As analyzed in Supp. A.1, relative
depth predictions often exhibit non-linear distortions that require spatially vary-
ing scale factors to align with metric ground truth [19]. Explicitly aligning such
inconsistent depth maps introduces structured distortions and depth-pattern-
specific biases [64], ultimately resulting in noticeable artifacts on unseen depth
patterns (i.e. Range), as illustrated by the PriorDA results in Fig. 1 (left). These
observations raise a fundamental question: How can we bypass generation of in-
termediate coarse depth and instead seamlessly integrate MDE’s geometric priors
in one stage, achieving domain-general and pattern-agnostic depth completion?

To answer this question, we propose Any2Full (Fig. 1 (c)), a one-stage frame-
work that reformulates depth completion as a scale-prompting adaptation of
MDE. It distills scale cues (i.e., inter-point scale ratios) from sparse inputs to
prompt the pretrained MDE model toward scale-consistent predictions while pre-
serving its robust domain generalization. Here, “scale-consistent” means that
the predicted relative depth can be aligned to metric depth using a global scale
and bias across the scene. However, constructing effective scale prompts from
sparse depth is challenging, as sparse inputs not only exhibit varying sparsity
levels but also follow irregular spatial distributions (e.g., random missing re-
gions). Such pattern heterogeneity leads to unstable training and often triggers
pattern-specific overfitting. To address these issues, we reconstruct the structural
context of sparse depth input into unified scale prompt representation under the
guidance of MDE’s geometric priors, preserving essential scale cues while decou-
pling the scale-prompting process from specific depth patterns.

Specifically, we design a Scale-Aware Prompt Encoder with two hierarchical
modules. First, the Local Enrichment module couples scale cues from sparse
depth with MDE’s dense geometric context, producing local scale-aware fea-
tures that are robust to varying sparsity levels. Second, the Global Propaga-
tion module further propagates these features across the scene through MDE
geometry-aware attention, addressing irregular spatial distributions and estab-
lishing globally consistent scale-aware features. Finally, the resulting features
form a unified scale prompt that modulates MDE features, enabling one-stage,
domain-general, and pattern-agnostic depth completion.

In summary, this work has the following contributions:

– We introduce Any2Full, a one-stage framework that completes any in-
complete depth input into a full dense depth map. By reformulating depth
completion as a scale-prompting adaptation of monocular depth estimation
(MDE), it unleashes the power of pretrained MDE models for domain-general
and pattern-agnostic depth completion.

– We design a Scale-Aware Prompt Encoder that hierarchically transforms
sparse and irregular scale cues into globally consistent, pattern-invariant
scale-aware features under MDE geometric guidance, enabling robust scale
prompting with minimal additional computation.

– Extensive experiments across diverse domains and depth patterns demon-
strate that Any2Full outperforms SOTA (OMNI-DC) by 32.2% in average
AbsREL. Compared to the competitive PriorDA using the same MDE back-
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bone, Any2Full achieves a 1.4× speedup with superior precision. These re-
sults highlight the efficiency of our one-stage scale prompting framework,
while its real-world deployment in robotic warehouse grasping further demon-
strates its practical value.

2 Related Work

2.1 Monocular Depth Estimation

Monocular depth estimation (MDE) [15,44] aims to infer the 3D scene structure
from a single RGB image. It is an ill-posed inverse problem due to inherent
scale ambiguity, which means that many distinct 3D scenes can produce identical
image projections. Nonetheless, relative depth relationships can be inferred from
visual cues such as texture gradients, object sizes, and occlusions [1].

Inspired by the success of foundation models in natural language process-
ing [5, 12], MDE has evolved toward strong zero-shot generalization [3, 4, 18, 24,
38, 44, 61, 62, 67]. Early efforts like MiDaS [44] leveraged mixed-dataset train-
ing, while Depth Anything [68] utilizes massive unlabeled images to learn robust
relative geometric priors. In parallel, Marigold [24] converts pre-trained latent
diffusion models into conditional depth estimators to achieve superior general-
ization. While the above MDE models are limited to relative depth prediction
due to scale ambiguity, some recent methods [3,69,73] like UniDepth [42,43] and
WorDepth [71] incorporate camera or object priors to enable monocular met-
ric depth estimation. Nevertheless, the scale ambiguity remains fundamentally
unsolved in the absence of reliable metric measurements.

2.2 Depth Completion

Depth completion [34] aims to recover dense metric depth from sparse inputs
and RGB images. Conventional methods adopt a two-stage pipeline [9–11,30,31,
40,51,60,72]: an encoder–decoder network first fuses depth and RGB to predict a
coarse dense depth, which is then refined by spatial propagation modules guided
by RGB. Although effective on benchmarks, these models are highly domain-
and pattern-specific, struggling under appearance shifts (lighting, texture, scene
type) or heterogeneous real-world depth patterns such as sparsity, missing re-
gions [60], and range limitations caused by sensor constraints.

In contrast to data-centric paradigms that train completion models from
scratch on massive datasets [33, 57, 58, 74], recent efforts integrate MDE into
depth completion to improve cross-domain robustness by combining the rich ge-
ometric priors of pretrained MDE with metric cues from sparse depth. Two fam-
ilies have emerged. Test-time adaptation methods [19–21,56], such as Marigold-
DC [56] and TestPromptDC [20], leverage sparse depth as supervision to itera-
tively optimize model outputs during inference, achieving high metric accuracy
while preserving the MDE pipeline. However, such approaches incur heavy in-
ference costs, limiting their real-time robotic applications. In contrast, Direct
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feed-forward methods [39, 65, 70] prioritize efficiency but face the challenge of
adapting relative depth models to metric prediction. PriorDA [65] adopts a
two-stage pipeline: it first explicitly aligns the frozen MDE’s relative output
with sparse measurements to obtain a coarse dense map, then refines it using
a secondary RGB-guided model. However, we argue that such output-level fu-
sion distorts MDE’s geometric priors because the relative-to-metric mapping is
often spatially inconsistent. This introduces structural artifacts that the refine-
ment stage must laboriously correct, ultimately making the pipeline heavier and
more sensitive to unseen depth patterns (detailed two-stage limitation analysis
in Supp. A.2). Meanwhile, PromptDA [29], designed for depth super-resolution,
does not transfer well to depth completion due to its specific depth pattern.

To overcome these limitations, we rethink depth completion as a one-stage
scale-prompting adaptation of MDE and design a scale-aware prompt encoder
that constructs unified scale prompts for varying depth patterns, effectively in-
tegrating MDE’s geometric priors with sparse depth cues to achieve domain-
general and pattern-agnostic performance.

3 Any2Full

In this section, we present Any2Full, a one-stage depth completion framework
that is domain-general and depth-pattern-agnostic. Sec. 3.1 introduces our scale-
prompting formulation, which adapts a pretrained monocular depth estimation
(MDE) model for depth completion by injecting scale cues from sparse inputs and
leveraging its domain-general geometric priors. Sec. 3.2 details the scale prompt-
ing pipeline, centered around a scale-aware prompt encoder that constructs uni-
fied scale prompts for diverse depth patterns. Finally, Sec. 3.3 describes training
objectives and implementation details.

3.1 Formulation

Depth completion aims to recover a dense metric depth map Df ∈ RH×W from
an RGB image I ∈ RH×W×3 and its corresponding sparse measurements Ds.
Traditional approaches directly learn a mapping D̂f = Fθ(I,Ds) by fusing RGB
and sparse depth, which often results in domain-specific representations.

To overcome this limitation, we reformulate depth completion as a scale-
prompting adaptation of pretrained MDE models. Fig. 2 (a) illustrates our one-
stage framework Any2Full, where depth inputs are encoded into scale prompts
that modulate pretrained MDE features to produce scale-consistent relative
depth, which can be converted to metric depth using a single global scale and
bias (as analyzed in Supp. A.1). This formulation enables the model to inherit
the domain-general geometric priors of a pretrained MDE backbone.

Formally, given a pretrained MDE model M, an RGB image I and a raw
depth map Ds, our goal is to estimate a dense metric depth D̂f . To bridge the
gap between sparse metric observations and the MDE’s relative representation,
we first normalize Ds into D̃s by removing global scale and bias while preserving
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Fig. 2: Overview of Any2Full. (a) Our framework reformulates depth completion as
a scale-prompting adaptation of a pretrained MDE model. The normalized raw depth
is encoded into scale prompts to modulate MDE features for scale-consistent relative
depth prediction, followed by a non-parametric least-squares fit to recover the dense
metric depth. (b) The Scale-aware Prompt Encoder (SAPE) transforms raw depth
into unified scale prompts through two hierarchical modules: Local Enrichment anchors
scale cues into the MDE latent space; and Global Propagation leverages MDE geometric
features as guidance to diffuse scale cues across patches. Finally, Scale Prompt Fusion
injects the resulting prompts into the MDE decoder for final prediction.

inter-point scale ratios as scale cues (details in Supp. C.1). We then employ a
Scale-aware Prompt Encoder (SAPE), denoted as G to convert D̃s into a
scale prompt that modulates the features of M to produce a scale-consistent
relative prediction

ˆ̃Df = M
(
I | G(D̃s)

)
. (1)

Finally, the relative prediction ˆ̃Df is aligned with the raw metric depth Ds

via non-parametric least-squares fit [44] to recover the dense metric depth D̂f .
One-stage inference. We define one-stage as a single forward inference process

without intermediate depth prediction or auxiliary refinement networks. Our
framework satisfies this definition because the final metric depth is obtained via
a closed-form alignment applied to the predicted relative depth, which introduces
no additional learnable modules.

Overall, our formulation bridges depth completion and monocular depth es-
timation within a one stage scale-prompting framework preserving MDE’s geo-
metric priors while injecting scale cues for domain-general depth completion.
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3.2 Scale Prompting Pipeline

The core challenge in designing the SAPE G within this scale prompting pipeline
lies in handling varying depth patterns, which exhibit different sparsity levels and
irregular spatial distributions (i.e., random missing regions), leading to unstable
training and triggering pattern-specific overfitting.

To address this, SAPE progressively reconstructs the structural context of
sparse depth input into a unified scale prompt representation under the guidance
of MDE’s geometric priors, with two hierarchical modules: (1) a local enrichment
module that produces local scale-aware features robust to sparsity variations, and
(2) a global propagation module that handles irregular spatial distributions and
establishes a globally consistent representation as scale prompt. Then, a scale
prompt fusion module uses the resulting scale prompt to modulate MDE features
for scale-consistent prediction, forming our scale prompting pipeline. Fig. 2 (b)
details the components.

Throughout, we build upon a ViT-style [13] MDE backbone [68] and the
SAPE follows ViT encoder with a lightweight design. Given the sparse depth
input D̃s, the SAPE first embeds it into patch-level depth features Fdep (see
Supp. C.2 for details). These features are subsequently encoded into unified
scale prompts via the following two hierarchical modules:

Local Enrichment. To achieve robustness under varying sparsity levels, the
Local Enrichment module distills scale cues from Fdep and couples them with
the dense geometric features Fmde from the MDE backbone, producing local
scale-aware features Floc that are insensitive to sparsity variations.

In detail, each patch-level depth feature fdep,i interacts with its correspond-
ing MDE feature fmde,i through generalized Feature-wise Linear Modulation
(FiLM) [41] mechanism to anchor scale cues within the MDE latent space:

floc,i = γ(fdep,i, fmde,i)⊙ fmde,i + β(fdep,i, fmde,i), (2)

where ⊙ denotes element-wise multiplication, γ(·) and β(·) are modulation pa-
rameters predicted by a lightweight Multi-Layer Perceptron (MLP).

Global Propagation. While the Local Enrichment module anchors scale cues
within individual patches, these cues remain spatially fragmented and lack global
consistency. To bridge this gap, the Global Propagation module performs MDE
geometry-guided diffusion.

Specifically, we treat the local scale-aware features Floc as the initial state
F0

glo = Floc, and update them through L geometry-guided Transformer blocks,
where L matches the MDE encoder groups (and corresponding decoder levels):

Fl
glo = TransformerBlock(Fl−1

glo ,F
ϕ(l)−1
mde ), l = 1:L. (3)

where F
ϕ(l)−1
mde denotes the geometry features extracted from the last block of

the l-th MDE encoder group, and ϕ(l) = l · n is the index mapping function
(assuming each group contains n blocks). Different from standard cross-attention
mechanisms, our module computes attention weights purely from MDE geometry
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(Query and Key from Fmde), using Fglo only as the Value. This ensures that
scale cues are diffused along geometric structures defined by the RGB-based
MDE features rather than being biased by the irregular sampling patterns of
the sparse depth. The resulting globally consistent scale-aware features Fl

glo

provide a unified scale prompt for diverse depth patterns that benefit subsequent
prompt-based fusion in a pattern-agnostic manner.

Scale Prompt Fusion. The set of scale prompts {F1
glo, . . . ,F

L
glo} is injected into

the MDE decoder for scale-consistent prediction through hierarchical Feature-
wise Linear Modulation (FiLM). Specifically, at each decoder level l, the mod-
ulation is applied to F

ϕ(l)
mde, which is the intermediate MDE feature within the

decoder path prior to its fusion with other level features:

F′ϕ(l)
mde = γl

(
Fl

glo

)
F

ϕ(l)
mde + βl

(
Fl

glo,F
ϕ(l)
mde

)
, l = 1:L. (4)

γl(·) and βl(·) are predicted by lightweight MLP specialized for each level. Each
modulation is applied token-wise within its level. This multi-level fusion injects
scale prompt at multiple semantic levels, refining relative depth features toward
scale-consistent predictions while preserving the domain-general geometric priors
from the MDE backbone.

Efficiency and Lightweight Design. The Scale-aware Prompt Encoder is de-
signed for minimal overhead while ensuring effective guidance. To achieve this,
the number of propagation blocks is specifically aligned with the number of
hierarchical levels in the MDE decoder, ensuring that each scale prompt seman-
tically corresponds to a specific decoder level without redundant computation.
Moreover, propagation and prompting are omitted for the lowest-level encoder-
decoder layers, where features primarily capture local textures rather than the
structural geometric priors necessary for scale propagation.5 To prevent early-
propagation loss of sparse scale cues, we adopt masked attention in the first
transformer block, constraining scale information spread from valid depth loca-
tions to geometrically coherent regions.

Design Analysis. Pattern-agnostic. Scale-aware Prompt Encoder adapts to di-
verse depth patterns. The depth input provides only scale cues at valid points,
while enrichment and propagation rely on MDE geometry, ensuring invariance
to sparsity levels and spatial distributions. Domain-general. Unlike conventional
prompting methods [22, 28] that inject task-specific tokens at the input level to
condition model behavior, our approach applies lightweight feature-level modu-
lation via FiLM using a scale prompt. This design minimally alters the original
MDE representations, injecting only scale-related cues to enhance scale consis-
tency while preserving domain-general priors.

5 For example, with a ViT-L backbone [68] providing intermediate features at layers {5, 11, 17, 23},
we enrich local features using layer 10, perform three propagation steps guided by layers
{10, 16, 22}, and execute prompt fusion at levels corresponding to layers {11, 17, 23}.
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3.3 Training

Training Data. Since Any2Full requires RGB-D pairs with accurate metric
ground truth, we train our model on high-quality synthetic datasets. To en-
courage robustness to varying depth patterns, we adopt two depth sampling
strategies: (1) Random Sampling, which randomly selects depth points to pro-
duce sparse depth maps with varying density; and (2) Hole Sampling, following
the method of [60], produces depth inputs with large contiguous missing regions.
During training, we randomly select one of the two strategies for each sample to
ensure pattern diversity.
Training Objective. We supervise the predicted dense depth using a combi-
nation of losses that enforce global scale consistency, local structure sharpness,
and sparse input alignment. Following prior MDE works [44,59,67], we adopt a
scale- and shift-invariant loss Lssi for global consistency and a gradient matching
loss Lgm for edge preservation. To ensure consistency with sparse measurements,
we additionally apply Lssi on valid depth anchors, denoted as Lanchor. We also
include a Relative-Structure SSIM loss Lr-ssim [19] to regularize structural sim-
ilarity between prediction and ground truth. The overall training objective is a
weighted sum of these losses (see Supp. C.3 for details).
Implementation Details. We utilize Depth Anything v2 [68] as the MDE back-
bone, initialized from its released relative-depth model. We freeze the MDE back-
bone and train the scale-aware prompt encoder on a subset of the Depth Any-
thing v2 synthetic dataset, including 60K indoor images from Hypersim [46], 10K
outdoor images sampled from VKITTI2 [6], and 15K images sampled from Tar-
tanAir [63] covering both indoor and outdoor scenes. The sampling is conducted
to maintain dataset balance and diversity while considering computational con-
straints. The model is trained for 224K steps with a 10K-step warm-up phase
and a cosine scheduler [32]. We use a batch size of 16 on four NPUs (equivalent
to high-end GPU clusters). The optimizer is Adam [25] with a learning rate of
5e-5 for the scale-aware prompt encoder.

4 Experiments

4.1 Experimental Setup

Public Benchmarks. To assess the zero-shot generalization ability of Any2Full
across visual domains, we evaluate on six unseen public datasets spanning indoor
and outdoor scenes with diverse visual conditions and sensor modalities, forming
a comprehensive benchmark for cross-domain depth completion. NYU-Depth
V2 [49] contains indoor scenes captured by an RGB-D Kinect sensor, and we
follow the standard test split of 654 samples at 304×228 resolution. iBims-
1 [26] is a high-quality indoor dataset captured with a laser scanner featuring
accurate geometry and an extended depth range of up to 50 m, and we use
all 100 test images at 640×480 resolution. KITTI DC [54] consists of outdoor
driving scenes with sparse LiDAR depth at 1216×352 resolution, and we adopt
the standard validation split of 1,000 samples. DIODE [55] is a large-scale
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indoor–outdoor dataset captured with a FARO laser scanner, providing highly
accurate dense depth up to 350 m. We use the official validation split of 771
samples at 640×480 resolution. ETH3D [48] is a multi-view stereo benchmark
featuring high-resolution indoor and outdoor scenes from DSLR imagery and
FARO scans, and we evaluate the High-res DSLR set (11 scenes, 390 images) at
640×480 resolution. VOID [66] contains indoor sequences captured by an Intel
RealSense D435i sensor, featuring sparse, noisy depth with challenges such as
motion blur and low texture. We use the standard test set of 800 samples with
three sparsity protocols (1500/500/150) at 640×480 resolution.
Real-World Dataset. Beyond public benchmarks, we further evaluate on a
newly collected real-world dataset Logistic-Black to assess the practical ro-
bustness of our model. This dataset is collected in a robotic warehouse scene
using a Vzense DS77C Pro ToF camera. It contains 114 RGB-D pairs cropped to
1448×1048 resolution. Logistic-Black represents a challenging robotic–industrial
domain characterized by black packages with top-down camera views. Black
packages absorb infrared light, leading to missing regions in ToF depth measure-
ments. To obtain metrically accurate ground truth for evaluation, we replace the
package surfaces with reflective materials under the same setup.
Depth Patterns. To comprehensively evaluate the robustness of Any2Full
across different depth patterns, we design six representative settings: Hole, Range,
Sparse-Random, Sparse-LiDAR, Sparse-SfM, and Mixed. Sparse patterns follow
each dataset’s standard protocol. Hole and Range patterns follow and extend
robustness protocols in prior studies [60, 65]. Range pattern is unseen for all
methods, as none are trained with range-truncated depth inputs. Hole. Simu-
lates missing regions commonly observed in indoor RGB-D sensors, where raw
depth is dense, but continuous areas are missing due to reflection or absorption
of sensor light. Following [59, 60], we adopt highlight masking, black masking,
small-block masking, and semantic masking to generate realistic hole distribu-
tions. Range. Models sensor range limitations [39, 65]. TOF sensors in indoor
scenes are typically unreliable at very near or far distances, while outdoor Li-
DARs are range-limited on reflective surfaces. We retain the central 20–80% of
valid depth values for both indoor and outdoor, forming a range-constrained
completion task. Sparse-Random. This widely used setting randomly sam-
ples sparse points from dense ground truth, though it differs from real-world
depth distributions. Following [10, 34, 40], we randomly sample 500 points for
NYU-Depth V2, 1 000 points for iBims-1 and 0.1% points for DIODE. Sparse-
LiDAR. This pattern corresponds to outdoor depth captured by LiDAR sen-
sors, we use the original 64-lines LiDAR measurements (64L) as sparse inputs
for KITTI DC. Sparse-SfM. Following [74], we project COLMAP SfM points
into image space to obtain sparse depth maps representative of multi-view re-
construction for ETH3D. Mixed. This pattern is specific to the Logistic-Black
dataset, combining depth holes caused by low-reflectivity black packages and
sparsity induced by the ToF sensor’s limited depth resolution (∼ 20%).
Baselines. We compare Any2Full with three method categories: (1) Domain-
specific depth completion: CompletionFormer (CompFormer) [72] and Depth-
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Table 1: Quantitative comparison on large-scale zero-shot benchmarks (Met-
rics are AbsREL (↓) and RMSE (↓); bold and underlined denote the best and second-
best results). “Any2Full (DA-L/B/S)” denotes our model using Depth Anything-
Large/Base/Small backbones. Our method Any2Full (DA-L) achieves the low-
est average rank (2.3) across all scenarios, consistently performing among the
top competitors against strong domain-generalization and pattern-agnostic approaches,
demonstrating robust generalization across diverse depth patterns and domains.

Avg AVG NYU-Depth V2 IBims-1

Rank Hole Range Sparse Hole Range Sparse-Random Hole Range Sparse-RandomMethod
↓ AbsREL RMSE AbsREL RMSE AbsREL RMSE AbsREL RMSE AbsREL RMSE AbsREL RMSE AbsREL RMSE AbsREL RMSE AbsREL RMSE

CompFormer 7.9 0.316 9.682 0.355 5.499 0.067 8.020 0.342 1.098 0.324 1.050 0.011 0.089 0.371 1.372 0.372 1.511 0.013 0.197
DepthPrompt‡⋆ 5.1 0.018 0.816 0.121 3.558 0.098 2.032 0.008 0.097 0.051 0.338 0.014 0.104 0.008 0.145 0.091 0.647 0.017 0.202
OMNI-DC†‡ 3.4 0.014 0.472 0.082 2.805 0.025 0.648 0.019 0.108 0.073 0.415 0.014 0.112 0.014 0.152 0.076 0.592 0.009 0.148
Depth Anything†⋆ 6.4 0.069 2.361 0.079 2.472 0.074 2.207 0.062 0.313 0.074 0.342 0.061 0.299 0.038 0.329 0.042 0.303 0.038 0.337
Marigold†⋆ 7.5 0.115 2.084 0.294 2.665 0.142 2.230 0.080 0.324 0.099 0.375 0.082 0.320 0.060 0.346 0.075 0.400 0.060 0.354
PromptDA†⋆ 9.1 0.400 6.036 0.644 8.063 0.408 5.643 0.333 1.349 0.588 2.240 0.033 0.224 0.238 1.232 0.533 2.634 0.021 0.191
Marigold-DC †‡⋆ 5.7 0.024 0.597 0.091 2.995 0.193 2.088 0.017 0.114 0.080 0.412 0.021 0.153 0.016 0.155 0.070 0.535 0.018 0.208
TestPromptDC†‡⋆ 3.5 0.017 0.445 0.049 1.660 0.161 2.046 0.014 0.079 0.057 0.393 0.018 0.114 0.013 0.120 0.038 0.306 0.015 0.163
PriorDA†‡⋆ 3.6 0.015 0.655 0.080 2.567 0.028 0.775 0.013 0.102 0.074 0.363 0.016 0.119 0.011 0.141 0.063 0.459 0.011 0.143

Any2Full(DA-L)†‡⋆ 2.3 0.010 0.459 0.046 2.184 0.026 0.829 0.008 0.067 0.035 0.259 0.017 0.138 0.007 0.110 0.030 0.334 0.013 0.161
Any2Full(DA-B)†‡⋆ 0.010 0.445 0.046 2.134 0.028 0.822 0.008 0.066 0.035 0.264 0.017 0.131 0.008 0.112 0.031 0.336 0.013 0.167
Any2Full(DA-S)†‡⋆ 0.011 0.484 0.0549 2.531 0.029 0.877 0.008 0.068 0.041 0.303 0.017 0.126 0.009 0.126 0.039 0.405 0.015 0.174

DIODE KITTI DC ETH3D Logistic-Black

Hole Range Sparse-Random Hole Range Sparse-LiDAR Hole Range Sparse-SfM Mixed

Method AbsREL RMSE AbsREL RMSE AbsREL RMSE AbsREL RMSE AbsREL RMSE AbsREL RMSE AbsREL RMSE AbsREL RMSE AbsREL RMSE AbsREL RMSE

CompFormer 0.353 15.110 0.384 7.617 0.034 11.014 0.163 28.108 0.307 13.370 0.041 18.348 0.350 2.724 0.387 3.946 0.235 10.450 0.011 0.039
DepthPrompt‡⋆ 0.020 1.091 0.152 4.494 0.029 1.315 0.040 2.428 0.170 9.967 0.098 5.005 0.012 0.319 0.142 2.343 0.332 3.534 0.009 0.025
OMNI-DC†‡ 0.015 0.962 0.100 3.839 0.017 0.915 0.011 0.907 0.079 7.469 0.013 1.230 0.010 0.231 0.081 1.710 0.070 0.835 0.009 0.022
Depth Anything†⋆ 0.110 5.061 0.130 5.083 0.110 4.937 0.078 3.507 0.090 4.646 0.085 3.830 0.058 2.594 0.062 1.988 0.075 1.633 0.026 0.059
Marigold†⋆ 0.140 2.751 0.140 3.446 0.141 2.770 0.203 6.080 0.206 7.951 0.194 6.192 0.092 0.918 0.950 1.152 0.232 1.513 0.025 0.061
PromptDA†⋆ 0.299 7.244 0.567 10.831 0.038 1.691 0.829 16.804 0.916 18.710 0.967 18.960 0.301 3.549 0.614 5.898 0.979 7.149 0.990 1.714
Marigold-DC†‡⋆ 0.034 1.028 0.099 3.755 0.034 1.260 0.041 1.489 0.105 8.516 0.044 1.865 0.013 0.198 0.100 1.755 0.847 6.954 0.011 0.036
TestPromptDC†‡⋆ 0.034 1.073 0.085 3.315 0.033 1.138 0.016 0.836 0.037 3.630 0.020 1.350 0.008 0.118 0.032 0.654 0.719 7.465 0.013 0.040
PriorDA†‡⋆ 0.024 1.218 0.091 3.586 0.022 1.144 0.020 1.623 0.096 6.990 0.022 1.714 0.007 0.190 0.078 1.438 0.070 0.754 0.011 0.037

Any2Full(DA-L)†‡⋆ 0.018 1.164 0.062 3.217 0.022 1.363 0.011 0.784 0.061 6.000 0.017 1.356 0.005 0.173 0.041 1.111 0.063 1.129 0.010 0.029
Any2Full(DA-B)†‡⋆ 0.018 1.116 0.063 3.297 0.022 1.312 0.011 0.771 0.058 5.597 0.017 1.363 0.005 0.161 0.041 1.175 0.069 1.135 0.009 0.028
Any2Full(DA-S)†‡⋆ 0.019 1.257 0.068 3.422 0.023 1.429 0.012 0.794 0.070 7.043 0.018 1.450 0.006 0.178 0.053 1.483 0.070 1.205 0.010 0.030

† Domain Generalization method. ‡ Depth pattern-agnostic method. ⋆ MDE-based approach.

Prompting (DepthPrompt) [39], where the abbreviations are used for compact-
ness. (2) Domain-general monocular depth estimation (MDE): Depth Anything
v2 [68] and Marigold [24], which predict relative depth from RGB only. (3)
Domain-general methods: PromptDA [29] is designed for depth super-resolution.
Marigold-DC [56], TestPromptDC [20], PriorDA [65], and OMNI-DC [74] are
depth completion methods, where all except OMNI-DC leverage MDE priors.
Evaluation Protocols. All models are evaluated in a zero-shot setting without
dataset-specific fine-tuning. For domain-specific methods, we use their released
models trained on the NYU-Depth V2 dataset for evaluation. For MDE methods,
relative depth predictions are aligned to sparse depth using least-squares fitting
to produce metric outputs. All Depth Anything (DA)–based methods use the
released DA-v2-Large backbone for consistency. For PromptDA, the raw sparse
depth is downsampled via nearest-neighbor interpolation to form dense low-
resolution inputs. We compute Absolute Relative Error (AbsREL) and Root
Mean Squared Error (RMSE, in meters) [27] on valid pixels under the same
cross-domain and depth-pattern settings.

4.2 Comparisons with the State of the Art

Domain Generalization. As shown in Tab. 1, the performance of domain-
specific methods degrades sharply when transferred to unseen domains, as Comp-
Former (NYU→KITTI), revealing that traditional RGBD-fused approaches are
overfit to a specific domain. Monocular depth estimation methods like DA and
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Fig. 3: Qualitative comparison under various depth sampling patterns. Black shows
missing depths, and red boxes mark key areas. Any2Full demonstrates accurate
global geometry, structural consistency, and fine-grained detail preservation
across all patterns.

Marigold generalize well for relative depth prediction, but their scale inconsis-
tency causes significant errors when aligning with metric inputs.

OMNI-DC (rank 3.4) improves domain generalization by leveraging large-
scale multi-domain training on diverse synthetic datasets combined with scale
normalization. Meanwhile, MDE-integrated depth completion methods, includ-
ing Marigold-DC (rank 5.7), TestPromptDC (rank 3.5), and PriorDA (rank 3.6),
enhance cross-domain robustness by incorporating geometric priors from pre-
trained MDE models.

In comparison, our one-stage MDE-integrated framework Any2Full further
improves both stability and accuracy, achieving the lowest average rank (2.3)
across all evaluated scenarios, consistently remaining among the top performers
on every dataset. Rather than relying on large-scale training data, our scale-
prompting strategy effectively fuses geometric priors from pretrained MDE with
scale cues from sparse depth, leading to robust domain-general depth completion.

Depth Pattern Generalization. As shown by the average metrics across var-
ious patterns in Tab. 1, existing methods exhibit high sensitivity to depth sam-
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Table 2: Model efficiency comparison on IBims-1. Average runtime is computed
on 100 640×480 images and hole patterns using a single NVIDIA RTX P40 GPU.

Model MDE MDE Params. Add. Params. Latency (s) AbsREL (↓)

Marigold-DC Marigold 1.29B 0M 112.47 0.016
TestPromptDC UniDepth 363.21M 0.9M 92.40 0.013
PriorDA DA-L 335.3M 96.4M 0.68 0.011

Depth Anything DA-L 335.3M 0M 0.48 0.038

Ours
DA-L 335.3M 60.6M 0.49 0.007
DA-B 97.5M 34.2M 0.21 0.008
DA-S 24.8M 8.9M 0.09 0.009

pling patterns compared to Any2Full. Among state-of-the-art pattern-agnostic
methods, OMNI-DC and PriorDA appear to overfit to the Sparse setting and
generalize poorly to unseen Range patterns, indicating their completion relies
heavily on pattern-specific correlations. Meanwhile, test-time adaptation meth-
ods like TestPromptDC and Marigold-DC prove unstable in sparse scenarios,
suffering significant performance degradation. Qualitative Results in Fig. 3
further illustrate these differences. Traditional methods like CompFormer fail en-
tirely. OMNI-DC exhibits noticeable depth bleeding (e.g., in Range and Sparse-
SfM). While MDE-based methods benefit from fine-grained details, they intro-
duce distinct artifacts: TestPromptDC produces erroneous depth rings and over-
smoothing (i.e., KITTI DC-Range) via its test-time prompt optimization and
PriorDA generates artifacts (i.e., IBims-Range) from noisy output-level align-
ment with MDE predictions. In contrast, Any2Full maintains the fine-grained
geometric details provided by the MDE while achieving superior global scale ac-
curacy and structural consistency across all patterns. Furthermore, in the real-
world dataset Logistic-Black, Any2Full achieves the most robust visual qual-
ity despite OMNI-DC’s slightly lower AbsREL, benefiting downstream robotic
tasks. These results confirm that our scale-aware prompt encoder effectively de-
couples scale cues from sparse depth, enabling pattern-invariant scale prompting.

Model Efficiency. As summarized in Tab. 2, Any2Full achieves state-of-the-
art performance while maintaining high computational efficiency. When built on
DA-L, our method adds less than 20% additional parameters (60.6M vs. 335.3M)
to the MDE backbone, yet reduces AbsREL from 0.038 (Depth Anything) to
0.007. Compared to the competitive PriorDA using the same backbone, Any2Full
achieves a 1.4× speedup (0.49 s vs. 0.68 s) with superior accuracy. Remarkably,
the smallest variant of Ours (DA-S) still surpasses all prior depth completion
methods, achieving a 0.09 s inference time, about 7× faster than PriorDA and
1000× faster than TestPromptDC. This highlights the efficiency of our one-stage
scale prompting framework, which avoids the multi-stage refinement overhead
of PriorDA or the iterative optimization required by TestPromptDC.

Benefiting from this high efficiency and zero-shot accuracy, Any2Full has
been deployed in a real-world robotic warehouse cell handling thousands
of packages daily. It improved the grasping success rate for challenging black
packages from 28% to 91.6% without damage (see Supp. B).

Backbone Consistency. We further train our model with different backbone
sizes (Depth Anything-Large, Base, and Small) to examine the effectiveness of
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Table 3: Cross-backbone generalization of SAPE. AbsREL (↓) is evaluated
across six benchmarks and multiple depth patterns. “Any2Full (MoGe-2-B)” denotes
our model using MoGe-2-Base as the MDE backbone, while “Any2Full (DA-B)” de-
notes our model using Depth Anything-Base.

Method Average NYU-Depth V2 IBims-1 DIODE KITTI DC ETH3D Logistic-Black

Hole Range Sparse Hole Range Random Hole Range Random Hole Range Random Hole Range LiDAR Hole Range SfM Mixed

MoGe-2-B 0.059 0.066 0.084 0.060 0.072 0.061 0.036 0.044 0.036 0.085 0.087 0.086 0.067 0.072 0.079 0.049 0.052 0.158 0.030
Any2Full (MoGe-2-B) 0.012 0.051 0.034 0.010 0.043 0.018 0.009 0.038 0.014 0.020 0.066 0.025 0.015 0.060 0.021 0.008 0.048 0.090 0.011
Any2Full (DA-B) 0.010 0.046 0.028 0.008 0.035 0.017 0.008 0.031 0.013 0.018 0.063 0.022 0.011 0.058 0.017 0.005 0.041 0.069 0.009

Table 4: Robustness comparison on varying depth sparsity levels. We evaluate
on the VOID dataset with 1500/500/150 sparse points sampled from a VIO system,
and the KITTI dataset with 64/16/4-Line LiDAR scans.

Method
AVG VOID-1500 VOID-500 VOID-150 KITTI-64L KITTI-16L KITTI-4L

AbsREL RMSE AbsREL RMSE AbsREL RMSE AbsREL RMSE AbsREL RMSE AbsREL RMSE AbsREL RMSE

DepthPrompt 0.122 3.187 0.046 0.623 0.080 0.648 0.115 0.755 0.098 5.005 0.106 4.701 0.283 7.391
OMNI-DC 0.032 1.220 0.026 0.555 0.039 0.551 0.057 0.650 0.013 1.230 0.020 1.703 0.039 2.630
TestPromptDC 0.172 1.638 0.039 0.683 0.068 0.655 0.850 3.218 0.020 1.350 0.023 1.699 0.032 2.221

Ours 0.031 1.203 0.030 0.561 0.037 0.538 0.045 0.620 0.017 1.356 0.023 1.760 0.035 2.380

our approach, as shown in Tab. 1. Interestingly, a larger DA-L backbone does
not necessarily improve performance, likely due to the coarse ground truth in
datasets like NYU and KITTI, which limits the evaluation of richer geometric
priors encoded in DA-L [68]. Nevertheless, our prompting strategy effectively
provides strong scale priors that narrow the performance gap between backbones
of different capacities, enabling consistent metric prediction across MDE sizes.

Beyond the Depth Anything family, we also conduct experiments using ViT-
based MoGe-2-Base [62] as the MDE backbone to verify the generality of our
scale-prompting design. Tab. 3 shows that SAPE can be effectively applied to
MoGe-2 without architectural modification, consistently improving over the orig-
inal MoGe-2 across all evaluated datasets and depth patterns. This demonstrates
that our scale-prompting design is not specific to Depth Anything.

Robustness to Depth Sparsity. To evaluate robustness under varying depth
sparsity levels, we conduct experiments on VIO-based sparse points (VOID)
and LiDAR scans (KITTI) following standard sparsity protocols. As shown in
Tab. 4, our method exhibits remarkable stability across diverse density levels.
Notably, despite not being explicitly trained on sparse LiDAR data, both our
method and TestPromptDC achieve competitive results on 4-line LiDAR scans
compared to OMNI-DC. This underscores the benefits derived from the strong
inherent geometric priors of MDE. Furthermore, while TestPromptDC suffers
from significant performance degradation in extremely sparse VIO settings (e.g.,
VOID-150) due to unstable test-time adaptation, our approach maintains high
precision without performance collapse, further confirming its superior robust-
ness in depth completion tasks.

Robustness to Depth Range. To evaluate robustness under varying depth
range, we conduct experiments on the indoor NYU-Depth V2 and outdoor
KITTI datasets using different valid depth ranges. As shown in Fig. 4, our
method Any2Full exhibits remarkable consistency across all depth intervals. In
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Fig. 4: Robustness comparison on varying depth range. Evaluation is conducted
using AbsREL (↓) on NYU-Depth V2 and KITTI DC.

Table 5: Ablation study of Any2Full based on DA-B. SP: scale prompt fusion, LE:
local enrichment, GP: global propagation. Metric is AbsREL (↓) evaluated on IBims-1
and KITTI DC across different depth patterns and sparsity levels.

Model SP LE GP IBims-1 KITTI DC IBims-1 KITTI DC
Hole Range Sparse Hole Range Sparse 10% 1% 0.1% 64L 16L 4L

DA-B 0.047 0.048 0.047 0.079 0.087 0.079 0.044 0.044 0.044 0.086 0.087 0.089

Any2Full ✓ 0.010 0.068 0.022 0.017 0.089 0.039 0.011 0.020 0.036 0.021 0.032 0.062
Any2Full ✓ ✓ 0.009 0.066 0.020 0.015 0.092 0.044 0.011 0.017 0.039 0.021 0.032 0.065
Any2Full ✓ ✓ ✓ 0.008 0.031 0.013 0.011 0.046 0.021 0.010 0.012 0.018 0.017 0.022 0.034

contrast, existing MDE-based feed-forward methods, such as DepthPrompt and
PriorDA, suffer from significant performance degradation when valid depths are
confined to narrow ranges (e.g., the 60-100% interval on KITTI). This highlights
a fundamental challenge in scale extrapolation when global range information is
limited. By leveraging MDE-guided geometric reasoning to propagate local scale
cues, Any2Full effectively extrapolates globally consistent scales to unmeasured
regions, ensuring robust completion even under constrained depth observation.

4.3 Ablations and Analysis

To assess the contribution of each module, we conduct ablation studies in Tab. 5
by progressively removing Local Enrichment (LE) and Global Propagation (GP)
modules. Comparing Any2Full w/o LE&GP with the DA-B baseline, we observe
that the scale prompt (SP) fusion effectively provides necessary scale cues, en-
abling the MDE backbone to adapt for accurate metric prediction across do-
mains. Furthermore, incorporating the LE and GP modules consistently im-
proves accuracy under varying depth patterns and sparsity levels. Detailed mod-
ule analyses and additional ablations are provided in the Supp. A.4.

5 Conclusion

In this paper, we present Any2Full, a domain-general and pattern-agnostic depth
completion model in one stage. Unlike traditional RGB-D fusion methods, Any2Full
reformulates depth completion as a scale-prompting adaptation of monocular
depth estimation. It inherits the domain-general geometric priors of a pretrained
MDE backbone while flexibly adapting to diverse sparse depth patterns through
a scale-aware prompt encoder. Any2Full achieves superior generalization, speed,
and accuracy, with practical effectiveness demonstrated in real-world deploy-
ment, offering a new perspective on efficient and unified depth completion.
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