














We hypothesize two main causes for the suboptimality. First, our teacher model generates reliable pseudo labels

across both near and far regions, unlike most real-world datasets biased toward short-range depths (see Fig. 3

for a comparison). This wider depth distribution exposes limitations of conventional depth losses: direct depth

supervision (L1/L2) blurs fine geometric details, while inverse-depth loss decays too rapidly with distance, losing

ineffective supervision for distant regions. Consequently, these standard losses are suboptimal for supervising our

high-fidelity, large-range pseudo labels. Second, typical ViT encoders with DPT-head decoders use U-Net-style

skip connections, injecting shallow features into deeper layers and propagating deep features upward. While this

stabilizes training under noisy supervision, since the low-level cues in the ViT encoder (e.g., textures and colors)

are more consistent and easier to learn. The low-level feature is connected via a skip connection to the DPT

head near the output, which mitigates conflicts between the output and the noisy supervision, thereby smoothing

gradient fluctuations. However, it can underutilize high-level semantic cues essential for precise depth. In our

setting, pseudo labels are generated by a unified model, exhibit minimal domain gap, and have been refined to

correct most noisy. As a result, we can reduce reliance on shallow-to-deep feature injection and explore more

aggressive network designs that fully exploit the rich semantic cues provided by deep block of the ViT encoder.

worsened Student.

Drawing on these observations and analyses, we retain the multi-scale fusion mechanism

proposed by [10] while introducing two key modifications. First, we design a distance-balanced inverse-depth loss

that preserves fine-grained sensitivity in near regions while extending effective supervision to long-distance areas.

Depth values in log-space are defined as:

Dlog = 1 ?ln(x)/ln(C),

(5)

where C is a hyperparameter that controls the trade-off between long-range and short-range supervision.

Second, leveraging the high-fidelity teacher labels, we invert the conventional skip-connection scheme between

the ViT encoder and DPT head: injecting deep, high-level ViT features into the deeper decoding layers near the

output, while shallow, low-level features feed into the shallower decoder layers, as shown in Fig. 4. This inversion

emphasizes semantic reasoning at the final prediction stage, fully exploiting the rich semantic cues embedded

in the teacher-generated pseudo labels, which already exhibit low noise and high structural consistency. In this

way, we experimentally demonstrate that the student model achieves stable, prompt-free metric depth estimation,

effectively distilling the metric perception capability from the pre-trained model.

4

Experiment

4.1

Prompt-Based Downstream Task

4.1.1

Zero-Shot Depth Super-Resolution and Completion.

We study depth super-resolution and completion in a zero-shot setting, where our pretrained model directly takes

sparse or low-resolution depth maps as prompts, without any task-specific finetuning. We compare two cate-

gories of baselines: (a) post-aligned MDE, including DepthAnything V2 [125] and DepthPro [10]; and (b) prior-

based MDE, including LingBot-Depth [99], [60], PriorDA [114], DepthLab [64], Omni-DC [140], and Marigold-

DC [106]. Following PriorDA [114], we construct four prompt types?LiDAR-like sparse scans, extremely sparse

samples (100 points), and depth maps downsampled by 8× and 16×. All prompts are directly fed into our pretrained

model for zero-shot inference on unseen datasets, including NYUv2 [91], ETH3D [89], and KITTI [31], covering

indoor, outdoor, and open-world scenarios.

As shown in Tab. 1 and Fig. 5, our pretrained model demonstrates strong zero-shot performance across all prompt

types and datasets, consistently outperforming both post-aligned and prior-based baselines. Unlike previous ap-

proaches [114, 140] that generate synthetic prompts (e.g., LiDAR simulation or noisy downsampling) to approx-

imate test-time conditions, our model is trained only once with simple, sparsely sampled prompts and operates

fully zero-shot manner, without any task-specific design or prompt alignment. This enables superior generalization

across diverse prompt densities, spatial layouts, and scene domains.
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Figure 6: Zero-shot Visual Comparisons on Challenging Test Samples. Our model robustly captures details of

thin structures and in scenes with difficult lighting where competitors often fail.

robust. This suggests that our model ineffectively handles large-scale depth variations typical of outdoor

environments.

? Robustness on Unconventional Data: On Booster, a dataset known for challenging lighting and tex-

tures, our method outperforms all baselines (AbsRel 0.282), highlighting its resilience to domain shifts.

Even on the synthetic Sintel dataset, where domain gaps are significant, we maintain strong performance

(2nd best in Log10), demonstrating that our learned representations generalize well beyond photorealistic

domains.
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Figure 7: Qualitative Comparison of Monocular Depth Estimation. Compared with MoGe2 and UniDepthv2,

our distilled model produces more detailed and geometrically plausible predictions for both depth maps and point

maps.

Overall, while some baselines excel in specific niches, our method delivers the most balanced and consistently

high performance across the full spectrum of test scenarios.

Monocular metric point map.

For metric point map prediction, we leverage pseudo-labels generated by our pre-

trained model to fine-tune recent state-of-the-art methods such as MoGe-2 [110], denoted as ?Student-PointMap?.

This design allows us to assess the generality and precision of our pseudo-labels under different training paradigms

? whether training from scratch or fine-tuning, and regardless of whether the output head predicts depth maps or

3D point maps.
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Figure 8: Qualitative Comparison of Point Maps. The red arrows indicate the GT distance, the yellow arrows

indicate the distance from predicted point map.

Monocular 3D geometry estimation aims to recover a per-pixel 3D point map in the camera coordinate system.

In this setting, we leverage pseudo-labels generated by our pre-trained model to fine-tune recent state-of-the-art

frameworks such as MoGe-2 [110], denoted as ?Student-PointMap?. This design enables a comprehensive evalu-

ation of the generality and precision of our pseudo-labels across different training paradigms?including training

from scratch versus fine-tuning, and varying output representations (depth maps or 3D point maps). As shown

in Fig. 8, Fig. 9, Tab. 5 and Tab. 6, our distillation approach consistently achieves state-of-the-art performance,

demonstrating its robustness to differences in prediction heads and network initialization. We adopt the GIANT-

LARGE and DA3MONO-LARGE variants from the official DepthAnything3 [59] checkpoints, which represent

the largest and most powerful models that support monocular metric depth estimation. However, the performances

of GIANT-LARGE and DA3MONO-LARGE are not particularly satisfactory in our setting. We conjecture that the

capability of DepthAnything3 [59] still depends on inferring matching relationships across multiple views, mak-

ing accurate metric scale recovery particularly challenging in complex monocular settings. Additionally, Depth

Anything3 [59] does not support inference when the camera?s intrinsic parameters are unknown, which limits

its applicability. In contrast, we evaluated its performance under both known and unknown intrinsic parameter

conditions.

4.2.2

Recovering Camera Intrinsics.

Furthermore, we utilize the point map X predicted by our finetuned model (?Student-PointMap? ) to infer the

intrinsic parameters of the camera from a straightforward optimization. Throughout our experiments, we assume

a unit aspect ratio and that the principal point is approximately centered in the image; however, the only unknown

intrinsic parameter is the focal length of the first camera, denoted f. We estimate f by minimizing a weighted
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Question: "What is the length of the longest dimension (length, width, or height) of the sofa, measured in centimeters?"

GT: 173     Ours: 175

Gemini-2.5-Pro: 180     GPT-5.1: 200     GPT-5-Chat: 180     Claude-Opus-4.1: 180

OBJECT SIZE ESTIMATION

!

OBJECT ABSOLUTE DISTANCE ESTIMATION

Question: "Measuring from the closest point of each object, what is the distance between the toilet and the bathtub (in

meters)?"

GT: 0.4

Ours: 0.4

Gemini-2.5-Pro: 0.2

GPT-5.1: 0.3

GPT-5-Chat: 0.2

Claude-Opus-4.1: 0.3

!

ROUTE PLANNING

Question: You are a robot beginning at the doorframe facing the table. You want to navigate to the bookshelf.

You will perform the following actions (Note: for each [please fill in], choose either 'turn back,' 'turn left,' or 'turn write.?):

1. Go forward until the table 2. [please fill in] 3. Go forward until the chair beside the screen 4. [please fill in]

5. Go forward until the bookshelf. You have reached the final destination."

GT: Turn Left, Turn Right     Ours: Turn Left, Turn Right

Gemini-2.5-Pro: Turn Right, Turn Right

GPT-5.1: Turn Right, Turn Right

GPT-5-Chat: Turn Right, Turn Right     Claude-Opus-4.1: Turn Right, Turn Right

!

Question: You are a robot beginning at the black desk chair and facing the bookshelf. You want to navigate to

the red desk chair. You will perform the following actions (Note: for each [please fill in], choose either 'turn back,?

'turn left,' or 'turn right.'): 1. [please fill in] 2. Go forward until the red desk chair. You have reached the final destination."

GT: Turn Back     Ours: Turn Back

Gemini-2.5-Pro: Turn Left     GPT-5.1: Turn Right

GPT-5-Chat: Turn Left     Claude-Opus-4.1: Turn Right

!

OBJECT APPEARANCE ORDER

Question: "What will be the first-time appearance order of the following categories

in the video: door, window, radiator, nightstand?

A. door, window, nightstand, radiator; B. door, window, radiator, nightstand;

C. window, nightstand, door, radiator; D. nightstand, door, window, radiator"

GT: A

Ours: A

Gemini-2.5-Pro: B     GPT-5.1: B     GPT-5-Chat: B     Claude-Opus-4.1: B

!

ROOM SIZE ESTIMATION

Question: "What is the size of this room (in square meters)?"

GT: 55.0

Ours: 56.1

Gemini-2.5-Pro: 62     GPT-5.1: 60     GPT-5-Chat: 45     Claude-Opus-4.1: 50

!

Figure 12: Enhancing 3D Spatial Reasoning with a Frozen ViT from Metric Anything . We evaluate our

approach on the VIS Benchmark, covering video question-answering tasks like estimating object size, object?s

distances, appearance order, route planning, and room size. Compared to mainstream large models, our method

demonstrates robust and superior performance in 3D spatial understanding.
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Figure 17: Sensor Configuration for Real-World Generalization Evaluation. Our real-world test vehicle is

equipped with three cameras (front, left-front, write-front) and a 128-beam solid-state LiDAR. Due to the LiDAR?s

limited vertical field of view(pitch angle limitation), its captured point cloud does not fully cover the cameras?

combined frustums, leaving large image regions without metric depth cues.

6

Generalizability to Unseen Sensors, Scenarios, and Extreme Environmental

Conditions

6.1

Generalization across Sensor Configurations

This subsection assesses the model?s generalization capability to variations in sensor hardware configuration and

data characteristics. We deployed a test vehicle equipped with a sensor suite that differed from the training set

in both type and spatial arrangement. The setup consisted of three cameras providing front, right-front, and

left-front views, coupled with a 128-beam solid-state LiDAR for forward scene perception (see Fig. 17). The

collected real-world data exhibits two key challenges: 1) minor calibration inaccuracies and asynchronous sam-

pling rates?with cameras operating at 24 Hz and LiDAR at 10 Hz?introduced spatiotemporal misalignments

between sensor modalities; 2) the LiDAR?s field of view did not fully cover the lateral areas captured by the side-

facing cameras. We deliberately avoided additional post-processing techniques, such as motion compensation, to

rigorously evaluate the model?s inherent robustness under these realistic imperfections. The model?s performance

on two critical tasks is visualized in Fig. 18: depth completion for the lateral blind spots (left-front and right-front

views) and super-resolution for the front view. Together, these results demonstrate that our model can faithfully

recover the scene?s metric depth even when presented with imperfect, real-world data from an unseen sensor

configuration.

6.2

Robustness under Environmental Degradation

This subsection examines the model?s robustness under conditions where environmental interference degrades

perceptual signals. Two typical scenarios of signal degradation were considered:

? Night-time driving: Night-time environments introduce multiple challenges including insignificantly re-

duced signal-to-noise ratios, loss of texture and color information, over-saturation from artificial light

sources, and high-contrast shadows. These factors substantially impact the reliability of vision-based

perception systems.

? Rainy/Foggy weather conditions: LiDAR sensors suffer from reflectivity issues that produce anomalous

signals or artifacts. This scenario tests whether our model can rely on visual signals to generate reasonable

predictions when LiDAR inputs are corrupted.
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Figure 18: Generalization to Real-World Sensor Configurations. We deployed a test vehicle to evaluate in-the-

wild depth super-resolution and completion performance of our pre-trained model without any fine-tuning.

As shown in Fig. 19 and Fig. 16, our model maintains reliable depth estimation in both scenarios, demonstrating

strong robustness against environmental degradation. The supplementary video further shows the stability of

long-term temporal predictions in our real-world application.

6.3

Generalization to Unseen Visual Domains

This subsection evaluates the model?s zero-shot generalization on monocular depth estimation across visual do-

mains absent from training.

Tests were conducted without prompt guidance on three challenging scenarios:

panoramic images from spherical projections, fisheye images with extreme distortions, and diverse in-the-wild
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Image: Rainy Env

LiDAR Prompt

Metric Depth

Figure 19: Robustness in Adverse Weather. In the real-world deployment, we used a test vehicle to evaluate our

pre-trained model for depth super-resolution and completion in rainy and foggy weather conditions without fine-

tuning. These adverse conditions insignificantly affect scene reflectance, causing the LiDAR to produce numerous

artifacts or completely occlude critical objects. For example, the degraded data can lead to flat ground surfaces

being misinterpreted as uneven or crucial obstacles like pillars being missed. However, our model robustly ignores

these erroneous inputs and generates accurate depth predictions based on visual cues, thereby demonstrating the

complementary strengths of the two sensing modalities.

scenes including cartoons, grayscale images, and artistic renderings. Qualitative results (Fig. 20, Fig. 21, Fig. 22,

and Fig. 23) confirm accurate metric depth estimation throughout. This robust performance across domains previ-

ously unrepresented in training data substantiates our claim of achieving ?Metric Anything? generalization.
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Figure 20: Generalization to Unseen Visual Domains. Depth prediction results on fisheye images, an unseen

domain characterized by severe radial distortion. The model was applied in a zero-shot setting without fine-tuning.

Figure 21: Generalization to Unseen Visual Domains. Depth prediction visualization for diverse in-the-wild

images.
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Figure 22: Generalization to Unseen Visual Domains. Visualizing depth predictions on panoramic images, an

unseen domain during training. Our model successfully handles such extreme distortion and novel viewpoints.
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Figure 23: Generalization to Unseen Visual Domains. Additional visualizations of depth predictions on diverse

in-the-wild images.
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