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Abstract

Recently, the integration of generative priors has revolutionized
Monocular Depth Estimation (MDE), achieving state-of-the-art
(SOTA) performance with remarkably high data efficiency. How-
ever, although methods based on Text-to-Image (T2I) models excel
in general scenes, their efficacy degrades sharply when confronted
with open-world environmental perturbations, such as illumination
variations and adverse weather. Since T2I priors are optimized for
semantic synthesis rather than preserving pixel-level structure, they
struggle to decouple geometry from appearance under severe visual
shifts, easily triggering structural hallucinations. Therefore, our
core insight is to model open-world depth estimation as consistent
geometric inference across multi-style images, fully leveraging the
powerful structure-preserving editing priors of Image-to-Image (12I)
models. Based on this, we propose OpenDepth, a robust open-world
MDE framework that introduces “Intra-Domain Awareness”—the
capability to map diverse stylistic inputs sharing identical geometry
into a unified latent space. To achieve this, we first align shallow fea-
tures within the Diffusion Transformer (DiT) to anchor degraded
observations to unified geometric representations. Additionally,
we introduce a joint RGB latent reconstruction task, requiring the
model to recover clean RGB information from degraded inputs.
This multi-stage strategy effectively decouples environmental style
interference, compelling the model to focus strictly on underlying
geometric recovery. Extensive evaluations show that OpenDepth
sets new SOTA records for robust zero-shot depth estimation across
standard and extreme weather benchmarks, demonstrating excep-
tional structural integrity and adaptability.
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1 Introduction

Monocular Depth Estimation [1, 13, 35, 69] serves as a cornerstone
for a wide range of downstream applications, including autonomous
driving [61], robotic navigation [52], and augmented reality [11].
Despite its undeniable importance, achieving high-fidelity depth
maps remains a formidable challenge due to the task’s inherent
ill-posed nature and the scarcity of large-scale, precisely labeled
datasets. Recently, the field has witnessed a paradigm shift with
the integration of generative priors. Pre-trained Text-to-Image dif-
fusion models, such as Stable Diffusion [43], have demonstrated a
remarkable capacity to capture complex scene statistics. By treating
depth as a specialized image generation modality, these models have
achieved SOTA performance in zero-shot geometric estimation.
However, existing models struggle with complex environmental
perturbations (e.g., adverse weather, motion blur) in open-world
tasks. Directly fine-tuning them on degraded samples remains sub-
optimal due to the scarcity of comprehensively annotated real-
world data. While recent methods leverage generative priors to
achieve SOTA performance with limited data, relying on T2I mod-
els introduces new bottlenecks. Optimized primarily for semantic
synthesis, T2I priors frequently produce severe structural hallu-
cinations under visual degradations. Fundamentally, monocular
depth estimation is an Image-to-Image translation task, making T2I
priors intrinsically misaligned with its strict geometric objectives.
To isolate this, we conduct a matched-data comparison (Figure 1)
training both a T2I model (Lotus-D [21]) and our I2] baseline on the
identical 59k samples. Under varying perturbations, the 12I baseline
successfully preserves scene geometry, contrasting sharply with
the T2I model’s structural failures. This highlights the superior
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Figure 1: Standalone comparison of T2I and I2I priors under
perturbations (zero-shot). In a separate controlled experi-
ment, both models are trained on the same 59K samples from
Hypersim [42] and Virtual KITTI [6]. The T2I model (Lotus-
D [21]) suffers from severe structural hallucinations under
visual degradations, while the I2I baseline better preserves
scene geometry, suggesting stronger inherent robustness for
depth estimation.

inherent robustness of 121 priors for geometric tasks, motivating
our I2I-based foundation.

To overcome this fundamental limitation, our core insight is to re-
frame open-world depth estimation as a unified geometric inference
process across diverse visual styles. In this context, Image-to-Image
editing models naturally align with the task, as they excel at accom-
modating various stylistic transformations while strictly preserving
the underlying structural integrity. Nevertheless, the mere injection
of editing priors is insufficient to fully resolve the challenge. Un-
der extreme environmental degradations, severe input distribution
shifts still trigger alignment deviations within the feature space,
hindering simple, direct depth regression from extracting pure geo-
metric cues. Consequently, we argue that a robust depth estimator
must possess “Intra-Domain Awareness”—the capability to actively
map and anchor observations from diverse degradation conditions
into a unified, clean latent domain prior to executing core geometric
reasoning. This mechanism is indispensable for truly unleashing
the geometric perception potential of editing priors in complex
open-world environments.

Driven by this philosophy, we introduce OpenDepth, a robust
open-world MDE framework. Moving beyond existing approaches
that focus exclusively on regressing depth from degraded features,
our method prioritizes global alignment within the feature space.
Specifically, we implement a multi-stage alignment and reconstruc-
tion mechanism: First, we align image features from the early Single
Stream blocks to establish robust correspondence between per-
turbed observations and their unified geometric structures. Subse-
quently, by leveraging the inherent bipartite structure of the DiT
output sequence, we introduce unified RGB latent reconstruction
as a joint task alongside depth estimation. This joint optimization
compels the model to reconstruct unperturbed RGB information
from diverse conditional inputs, thereby ensuring the latent features
conform to the unified latent domain established by the editing
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prior. This strategy effectively enables the model to decouple envi-
ronmental style interference and focus exclusively on recovering
high-fidelity geometry.

The contributions of this work are threefold:  Systematic Anal-
ysis of Generative Priors: We provide a comprehensive analysis
of the limitations of T2I-based generative priors in MDE, revealing
that their stochastic nature and lack of structural constraints lead
to performance degradation in complex environments. We demon-
strate the superiority of shifting toward 121 editing models as the
foundation for robust geometric tasks. @ Unified Latent Align-
ment Framework: We propose an innovative alignment mecha-
nism that transcends direct regression by operating in a constrained
latent space. By integrating unified RGB reconstruction and initial
DiT block alignment, we ensure that diverse visual observations are
projected into a unified latent domain, establishing a robust “many-
to-one” mapping from perturbed inputs to ground-truth depth. e
SOTA Performance & High Data Efficiency: OpenDepth sets
new SOTA records for robust zero-shot depth estimation across
standard and degraded benchmarks. Notably, it achieves excep-
tional detail preservation in complex open-world scenes using only
79K training samples, demonstrating remarkable data efficiency.

2 Related Work
2.1 Foundation MDE Model

MDE has rapidly evolved from early supervised and self-supervised
methods [13, 19, 35, 85] into powerful foundation models with
formidable zero-shot generalization. Discriminative approaches es-
tablished robust multi-source training paradigms [12, 39, 40, 73, 75],
while subsequent works improved metric accuracy and structural
fidelity via transformer decoding, internal discretization, and scale
decomposition [1-3, 23, 29, 33, 37, 38, 60, 74, 76, 86]. The Depth
Anything series [69, 70] pushed performance boundaries via large-
scale semi-supervised learning, while its latest iteration [30] further
extended this paradigm to unified multi-view and monocular geom-
etry recovery with a plain transformer architecture. Lightweight
discriminative frameworks also proved that efficiency and accuracy
can coexist [41]. Concurrently, generative models repurposed T2I
diffusion priors for dense prediction [14, 27, 82], with subsequent
works optimizing inference via Flow Matching and deterministic
single-step paradigms [20, 21, 48, 63], improving conditioning and
detail refinement [15, 32, 36, 71, 79], unifying generation and dense
perception [83], extending to video sequences [24], and adapting
diffusion priors for self-supervised learning [56]. However, as ar-
gued by FE2E [58], T2I models exhibit inherent stochasticity and
lack pixel-level structural constraints, motivating a shift toward
image editing models [4, 31, 62] whose intrinsic “editing priors”
naturally maintain structural integrity. This has given rise to a new
class of I12I-based dense geometry estimators, represented by FE2E
[58] and Edit2Perceive [46], which demonstrate that repurposing
image editing models yields superior structural fidelity over their
T2I counterparts for depth and normal estimation.

Compared to existing 12I schemes (e.g., FE2E [58], Edit2Perceive
[46]), OpenDepth addresses a critical gap: while existing meth-
ods leverage editing models to regress depth directly, severe input
shifts in extreme environments still cause feature space misalign-
ments. Rather than simply migrating editing features, OpenDepth
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Figure 2: Overview of the OpenDepth framework. To harness editing priors for robust open-world depth estimation, we
introduce Latent Feature Alignment (Ly.,;) and Unified RGB Reconstruction (L;¢con)- This dual-constraint strategy projects
diverse degraded inputs into a unified latent domain, strictly decoupling environmental styles from geometric structures.

introduces an “Intra-Domain Awareness” alignment strategy. By
incorporating a unified RGB reconstruction task and shallow la-
tent space alignment at the earliest feature extraction stages, we
compel the model to project diverse degraded observations into a
unified latent domain defined by the editing prior, enabling superior
consistency and noise resistance.

2.2 Robust Monocular Depth Estimation

Achieving robustness under open-world perturbations is critical,
as systematic benchmarks [22, 26, 28] reveal severe degradation
in SOTA models under adverse weather and illumination. Early
domain adaptation bridged the synthetic-to-real gap via adversar-
ial alignment or image translation [16, 18, 53, 59]. Subsequently,
self-supervised methods tackled photometric consistency viola-
tions through joint nighttime enhancement [84], frequency-aware
regularization [9], masked image modeling [8], curriculum con-
trastive learning [44, 57], depth consistency regularization [49], dy-
namic video training [51], IMU-guided learning [78], dual-branch
all-day estimation [81], distribution compensation [68], foundation-
model-assisted stereo [54], stabilized adversarial generalization
[72], and motion-structure priors [64]. In the foundation model
era, parameter-efficient adaptation has emerged as the dominant
strategy for weather robustness via knowledge distillation [77] and
LoRA variants [65, 67]. Generative approaches also explore clean-
image synthesis [25] or joint dehazing [80]. Despite this progress,
current state-of-the-art open-world models, such as DepthAnything-
AC [50], primarily rely on unsupervised output-consistency and
spatial distance constraints.

Diverging from current SOTA methods like DepthAnything-AC
[50], which primarily rely on discriminative architectures and mas-
sive data-level augmentations, OpenDepth pioneers the integration
of generative Image-to-Image (I2I) editing priors for robust open-
world perception. By leveraging the inherent structural preserva-
tion capabilities of these foundation models, our approach achieves
superior robustness with remarkably high data efficiency, utilizing
merely 79K training samples. Mechanistically, rather than enforc-
ing complex output-level consistency, we propose a concise “Latent
Alignment” pathway. By projecting diverse degraded inputs into a
unified, style-invariant latent domain, this mechanism fundamen-
tally eliminates environmental interference at the feature source,
ensuring exceptional structural integrity in complex scenarios.

3 Methodology

In this section, we introduce OpenDepth, a robust Monocular
Depth Estimation framework built upon the STEP1X-Edit foun-
dation model (overview shown in Figure 2). We first review the
Multi-Modal Diffusion Transformer (MMDIT) preliminaries and
analyze the geometric advantages of 12 editing priors. Finally, we
detail our core contributions—Latent Feature Alignment and Uni-
fied RGB Reconstruction—which construct a unified latent space
for robust geometric perception.
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3.1 Preliminaries: Multi-Modal Diffusion
Transformer

Unlike conventional U-Nets, the MMDIT backbone in OpenDepth

processes serialized patch embeddings to handle RGB conditions,

depth targets, and text prompts.

Specifically, the input RGB image x and a target depth d are
encoded via a pre-trained VAE into latents z,4, and zgepsh, which
are patchified and concatenated into a joint spatial input 7;,. The
MMDIT processes T, alongside the text sequence 77y through two
stages:

1. Double Stream Blocks: The spatial and text sequences main-
tain independent representations but interact via shared attention:

‘Tl.r(n’;), ‘thclf) = DoubleStreamBlock(‘Tir(n];_1), 7;];_1)’ Etime) (1)
where E;ime denotes the timestep embedding, and 7;,20; =Tin.

2. Single Stream Blocks: After K double stream blocks, the
sequences are concatenated for deep semantic fusion:

7 _ SingleStreamBlock(T(l_l) Etime) )

joint joint >
where ‘7;(()?3t = [7:)(5) [| ‘7;5{;)] Finally, the output sequence is
un-patchified into the predicted depth latent Z4,,4 and the recon-
structed RGB latent Z,4p.

To clarify the diffusion formulation, OpenDepth operates in a de-
terministic, discriminative mode. Instead of iterative denoising, the
target depth d is strictly zero-initialized, and the MMDIT performs
a single-step direct regression at a fixed timestep (¢ = 1.0). Conse-
quently, all training objectives—including Lres and Lyecon—are
computed exclusively at this fixed timestep.

3.2 Advantages of 12I Editing Priors: A
Motivational Analysis

Existing generative MDE methods primarily rely on T2I models
(e.g., Stable Diffusion [43]). However, T2I models are optimized
for semantic synthesis driven by text prompts and lack explicit
constraints to maintain pixel-level structural integrity. When input
images are corrupted by environmental perturbations (e.g., rain,
haze, low light, or noise), T2I priors tend to produce structural
hallucinations or blurry boundaries, as the degraded visual features
deviate from their expected distribution. Conversely, I2I editing
models possess inherent transformation priors: they are trained to
alter specific attributes (style or domain) while strictly preserving
the underlying geometry of the source image.

Motivational Experiment and Analysis. To validate this
hypothesis, we evaluate a representative T2I-based depth model
(Lotus-D [21]) against our I2I baseline (without robustness fine-
tuning) by calculating the cosine similarity of intermediate spatial
features between clean and perturbed images across different lay-
ers. As shown in Figure 3, the T2I model struggles to recognize
the geometric essence, exhibiting extremely low similarity in ini-
tial layers. Conversely, the 12I model penetrates the perturbations
early on, capturing geometric features highly consistent with the
clean input and maintaining this high similarity throughout deeper
layers. This phenomenon demonstrates that I12I models possess an
inherent “intra-domain awareness” that resists visual degradation,
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Figure 3: Cosine similarity analysis in the feature space
across normalized network depths. (Left) Comparison be-
tween T2I (Lotus-D) and I2I (OpenDepth) priors. The 121 base-
line exhibits significantly higher and more stable similarity
than the T2I model, demonstrating inherent intra-domain
awareness. (Right) Effect of our Latent Feature Alignment.

serving as the logical cornerstone for adopting an I12I editing model
as our foundation for robust MDE.

3.3 Latent Feature Alignment

Although 121 priors are inherently structure-preserving, severe per-
turbations can still cause feature drift after cross-modal fusion. We
therefore apply Latent Feature Alignment to image tokens in the
first L Single Stream blocks, where features already capture pre-
liminary cross-modal context while remaining close to the input
structure.

Our goal is to establish a rigid mapping ensuring that a perturbed
image x, yields identical, fine-grained geometric features to its
clean version x.. As introduced in Section 3.1, during the Single
Stream Block phase, the network has completed preliminary cross-
modal interactions and begins extracting deep spatial features. Let
‘7]'((72” € RBX(Nexe+Nimg)XC denote the output sequence of the [-th
Single Stream Block. We first slice the sequence to isolate the spatial
tokens corresponding to the image and depth:

F = 7;(()3”[:’ Nixe 1] € RB*NimgxC 3)

For each sample b in the batch, we flatten its spatial features into
a vector fb(l) € RNimg'C and compute a per-sample cosine similarity
loss. We enforce this feature consistency in the first L shallow Single
Stream Blocks:

11
Lfeatzzzgz 1-

I=1 b=1

1 1
Sg(fcfb)) 'J;(,b)
sg(£ 155 112

where sg(-) denotes the stop-gradient operation. Similar to the
design in Section 3.4, the clean features serve as immutable anchors,
ensuring that only the perturbed branch is updated to align with
the canonical geometric representation.

By aligning features in the early Single Stream blocks (we use
L = 4 in practice), the network learns to suppress environmental
noise early and extract cleaner depth-relevant features. As shown
in Figure 3, this alignment improves feature similarity throughout
the network, especially in deeper layers, yielding more consistent
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Baseline (w/o Reconstruction) Ours (Reconstructed)

Figure 4: t-SNE visualization of deep features across diverse
environmental styles. (Left) The Baseline exhibits scattered
feature clusters dominated by environmental styles. (Right)
Our RGB Reconstruction perfectly aligns these diverse per-
turbation clusters into a unified latent domain, demonstrat-
ing true style-invariance for consistent geometric perception.

geometric representations. Ablations on different alignment depths
are provided in the Appendix.

3.4 Unified RGB Reconstruction in Latent Space

While feature alignment ensures the purity of shallow features, we
further expect the model to “see through” appearance variations
to reach a unified semantic understanding of scenes with identical
geometry. To this end, we introduce an implicit restoration task:
Unified RGB Reconstruction in the latent space.

By leveraging the inherent bipartite structure of the MMDIT out-
put sequence, the architecture naturally produces a reconstructed
RGB latent 2,4, alongside the depth estimate. Specifically, for a per-

turbed input, the final spatial output sequence ‘7;,2‘;“[) is first split
along the channel dimension into depth prediction tokens 7geprhp
and RGB reconstruction tokens 7,4, ,. Subsequently, through an
inverse unpatchify operation, we restore 7,4, into a 2D latent
feature map:

Zrgb,p = Unpatchify(74p,5) (5)

Rather than discarding this output, we utilize it to unify the per-
turbed and clean branches at the feature level. When the network
receives a perturbed latent z,yp, ,, we supervise its RGB output Z,gp, ,
using the clean RGB latent z,4p, (extracted from the unperturbed
image x. via the VAE). The cross-domain reconstruction loss is
defined as:

Lrecon = ”‘érgb,p - Sg(zrgb,c)ug (6)
where sg(-) denotes the stop-gradient operation. The stop-gradient
operation ensures that the clean RGB latent serves strictly as an
immutable anchor. This prevents erroneous gradient flow from
degrading the clean representations, forcing the perturbed branch
to actively align with the canonical domain rather than allowing
the two branches to collapse toward a sub-optimal middle state.

Feature Clustering Analysis. To verify that the reconstruc-
tion module forces the model to ignore visual styles and extract
pure geometric cues, we perform t-SNE visualization (Figure 4) on
deep features (MMDIT Single Stream Block 37) across 20 scenes
under 6 distinct visual perturbations. Without the reconstruction
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constraint, feature clusters for various perturbation types scatter
diversely across the latent space with misaligned extension direc-
tions, revealing that the Baseline’s internal representation remains
heavily entangled with surface-level visual noise. By integrating
the reconstruction mechanism, OpenDepth achieves perfectly ag-
gregated feature clusters across all perturbation types with fully
aligned principal distributional axes, demonstrating that our model
effectively filters out appearance interference (e.g., fog, blur, or
low-light) and extracts consistent underlying geometry, achieving
true perturbation invariance.

3.5 Overall Objective

During training, each batch contains a clean image x, and its ran-
domly perturbed counterpart x,, sharing the same ground-truth
depth dj;. The depth regression loss Lye,:n computes the masked
Mean Squared Error (MSE) between the predicted and ground-truth
depth latents. The overall robust training objective is a weighted
sum of the clean depth loss, perturbed depth loss, feature alignment
loss, and cross-domain RGB reconstruction loss:

Ltatal = Ldepth(xc) + aLdepth(xp) + ﬁ'ﬁfeat + Yi:rewn (7)

where a, , and y are hyperparameters that balance perturba-
tion robustness, feature consistency, and the contribution of latent
reconstruction. Empirically, we set = 1, f = 1, and y = 1 as the
optimal configuration, with detailed sensitivity ablations provided
in the Appendix. This rigorous, multi-stage alignment strategy ef-
fectively capitalizes on editing priors to complete dense geometric
tasks in complex scenarios.

4 Experiments

4.1 Experiment Setup

Implementation details. We build our method upon the Step1X-
Edit [31] v1.0 framework. During finetuning, all parameters except
for the DiT module are frozen, and the language control input is
left blank. The process employs LoRA with rank = 64 and scale
factor & = 32. We trained for 20 epochs using the AdamW optimizer
with an initial learning rate of 1 x 107* and a batch size of 8. With
gradient checkpointing enabled, the entire training was conducted
on NVIDIA RTX 4090 GPUs.

Training datasets. We train our model on a mixture of three
datasets: Hypersim [42], Virtual KITTI [6], and Cityscapes [10].
Following the data split and preprocessing protocol of Lotus [21],
we use approximately 39k images from Hypersim (a photorealis-
tic indoor synthetic dataset), 20k samples from Virtual KITTI (a
synthetic street-view dataset with a maximum depth of 80m), and
additionally incorporate 20k samples from Cityscapes, a real-world
urban driving dataset. Emulating Marigold’s [27] dataset probabil-
ity sampling mechanism, we adopt a per-dataset sampling ratio of
8:1:1 for Hypersim, Virtual KITTI, and Cityscapes, respectively.

Perturbation strategies. To synthesize the perturbed counter-
parts x;,, we utilize visual degradations (e.g., low-light, fog, snow,
blur) following DepthAnything-AC [50]. Unlike applying single
random perturbations, we adopt a rigorous compounding strategy
during training: low-light degradation with noise is consistently
applied as a base perturbation to all x;, samples, while other en-
vironmental degradations are probabilistically injected on top in
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Table 1: Zero-shot relative depth estimation results on general benchmarks. Comparison with general depth estimation models
and robust depth estimation models. Best results are in bold, and second best are underlined. * indicates models based on

pre-trained Stable Diffusion.

Method Encoder | KITTI[17] NYUv2 [47] Sintel [5] ETH3D [45]  DIODE(indoor) [55] | Avg Rank|
| AbsRell 517 | AbsRell 817 | AbsRell 817 | AbsRell 617 | AbsRell 511
General Depth Estimation Model
DepthPro [3] ViT-S 6.8 94.7 5.2 972 | 240  68.2 5.7 96.3 6.0 95.2 43
DepthAnything V1 [69]  ViT-S 8.2 93.6 5.3 972 | 211  73.6 6.4 96.6 7.8 94.0 5.2
DepthAnything V2 [70]  ViT-S 83 93.4 5.1 973 | 240 712 6.4 96.9 7.3 94.3 4.9
Marigold?, , [27] VAE 9.9 91.6 5.5 964 | 425 535 6.5 959 | 310 87.5 10.2
Lotus-D* [21] VAE 8.8 91.2 5.2 968 | 299 649 5.7 96.7 8.3 92.1 7.3
Diffusion-E2E-FT* [15] VAE 9.6 92.1 5.4 965 | 457 571 6.4 959 | 286 87.7 9.3
FE2E [58] VAE 66 9.0 | 41 977 | 210 731 38 987 6.2 94.8 2.2
Robust Depth Estimation Model
DynaDepth [78] ResNet 8.5 916 | 212 630 | 458 391 | 192 703 | 18.0 73.7 12.1
EC-Depth [49] ViT-S 75 931 | 220  60.6 | 447 405 | 181 779 | 172 76.0 10.2
STEPS [84] ResNet 204 683 | 220 606 | 458 375 | 197  69.9 | 214 65.2 13.7
robustdepth [44] ViT-S 7.6 929 | 174 718 | 411 436 | 185  77.6 | 182 74.1 10.2
weather-depth [57] ViT-S 7.5 932 | 167 733 | 419 443 | 181 771 | 170 76.0 9.2
DepthAnything-AC [50]  ViT-S 8.3 93.4 5.1 973 | 235 715 6.5 96.8 7.3 94.1 5.1
OpenDepth (Ours) VAE | 63 92| 39 980 199 762| 37 984]| 55 953 | 11
Table 2: Zero-shot relative depth estimation results on open-world benchmarks. Comparison with general depth estimation

models

and robust depth estimation models. * indicates models based on pre-trained Stable Diffusion.

Method Encoder ‘ NuScenes-night [7] RobotCar-night [34] DS-rain [66] DS-cloud [66]  DS-fog [66] ‘ Avg Rank|
| AbsRell 817 | AbsRel| 5117 | AbsRell 817 | AbsRell 617 | AbsRell 617 |
General Depth Estimation Model
DepthPro [3] ViT-S 21.8 66.9 23.7 534 12.4 84.1 15.8 77.9 10.2 89.2 5.1
DepthAnything V1 [69] ViT-S 23.2 67.9 23.9 51.8 13.3 81.9 15.0 80.1 9.8 89.1 5.6
DepthAnything V2 [70] ViT-S 20.0 72.5 23.9 51.8 12,5 84.0 15.1 79.8 10.3 89.0 5.4
MoGe[60] ViT-L 32.9 41.5 37.9 27.6 23.7 53.2 24.5 52.7 244 47.9 13.4
Malrig()ldzl_1 [27] VAE 32.2 49.2 244 60.2 16.0 79.7 18.5 74.9 13.4 85.9 11.2
Lotus-D* [21] VAE 22.1 66.8 24.4 534 122 83.8 15.4 78.2 10.2 88.3 7.4
FEZ2E [58] VAE 21.9 67.2 24.1 59.6 12.0 84.0 15.1 78.5 10.0 88.6 7.1
Diffusion-E2E-FT* [15] VAE 31.7 50.9 233 64.4 15.0 82.8 16.6 79.5 12.7 87.4 9.3
Robust Depth Estimation Model
DynaDepth [78] ResNet 38.1 39.4 51.2 294 23.9 60.6 17.2 60.8 14.4 90.1 13.8
EC-Depth [49] ViT-S 243 62.3 22.8 55.2 15.5 76.6 15.8 76.7 10.9 86.1 7.6
STEPS [84] ResNet 25.2 58.8 35.0 36.7 30.1 48.0 25.2 58.8 21.6 64.1 14.8
robustdepth [44] ViT-S 26.0 59.7 31.1 52.1 16.7 75.5 16.8 77.5 10.5 88.2 10.5
weather-depth [57] ViT-S - - - - 15.8 76.4 16.0 76.7 10.5 87.9 12.5
DepthAnything-AC [50]  ViT-S 19.8 72.7 22.7 55.5 125 840 | 149 801 | 103 889 3.2
OpenDepth (Ours) VAE | 145 812 | 17.0 733 | 97  893| 125 842| 85 920| 1.0

a mutually exclusive manner. This forces the model to learn re-
silient representations under multi-factor interference. Detailed
perturbation configurations are provided in the Appendix.
Evaluation benchmarks. We evaluate the zero-shot perfor-
mance of our method on both adverse-condition and standard
benchmarks following DepthAnything-AC [50]. Specifically, we
use NuScenes-night [7], RobotCar-night [34], and Driving-Stereo
[66] for real-world adverse conditions, and KITTI-C [28] for syn-
thetic corruptions. For standard generalization, we report results
on KITTI [17], NYUv2 [47], Sintel [5], ETH3D [45], and DIODE
[55]. For all relative-depth benchmarks, predictions are resized to
the ground-truth resolution, aligned per image in disparity space

on the cropped valid region, clipped to the dataset-specific depth
range, and evaluated with AbsRel and §;, averaged over images.

4.2 Zero-Shot Relative Depth Estimation on
General Benchmarks

Performance on general benchmarks. As demonstrated by the
average rank in Table 1, our OpenDepth model achieves SOTA per-
formance with a top rank of 1.1, successfully outperforming both
the general depth estimation models and the specialized robust
depth estimation models. Furthermore, the results indicate that I2I-
based models, specifically FE2E [58] and ours, consistently surpass
Text-to-Image models built on pre-trained Stable Diffusion. This
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Figure 5: Qualitative comparison on zero-shot depth estimation. OpenDepth demonstrates superior detail preservation and
structural consistency over Lotus-D [21], FE2E [58], and DepthAnything-AC [50] across both general and open-world conditions,

as highlighted by white arrows.

clearly validates the superiority of editing priors over generative
priors even in standard, general scenarios. Finally, while many foun-
dation models rely on massive amounts of unlabeled training data to
achieve strong zero-shot generalization, our method achieves lead-
ing performance using merely 79K labeled samples. This highlights
the exceptional training data efficiency of our proposed framework.

4.3 Zero-Shot Relative Depth Estimation on
Open-World Benchmarks

Performance on real complex lighting and weather scenarios.
OpenDepth achieves SOTA results across all open-world adverse
benchmarks (e.g., NuScenes-night, DS-rain, as detailed in Table 2),
significantly outperforming both general and specialized robust
models. This proves our architecture effectively leverages editing
priors to maintain stable geometry perception under severe visual
degradation (see visual comparisons in Figure 5).

Performance on KITTI-C benchmarks. As shown in Table 3,
OpenDepth demonstrates exceptional resilience against synthetic
corruptions, securing the best performance in three out of four
categories (Dark, Motion, and Gaussian noise). This confirms our
mechanisms successfully filter out severe appearance shifts for
consistent depth prediction.

4.4 Ablation Study

To validate the effectiveness of our proposed components, we
conduct an ablation study on four open-world adverse condition
datasets (see Table 4). Our baseline employs a DiT-based image edit-
ing model whose inherent transformation priors naturally preserve
geometric features in complex environments.

We first compare generative (G) and discriminative (D) formu-
lations of our OpenDepth baseline. As shown in Table 4, Open-
Depth(D) consistently outperforms OpenDepth(G) across all bench-
marks (e.g., AbsRel 18.0 vs. 19.3 on NuScenes-night), corroborating
the finding in Lotus [21] that deterministic prediction is more suit-
able than stochastic generation for dense geometric tasks. Conse-
quently, all OpenDepth results reported in the main comparison
tables refer to this discriminative formulation.

Effects of Perturbation Training (Lg,:k(xp)). Introducing
perturbation training yields a consistent improvement, reducing
the AbsRel error from 18.0 to 16.6 on NuScenes-night. Notably, even
applying the same perturbation strategy to the T2I baseline (Lotus-
D) only marginally improves its performance, still substantially
lagging behind our OpenDepth(D)+P (16.6). This confirms that
perturbation training alone cannot compensate for the inherent
limitations of T2I priors, and the superiority of our I2I foundation.

Effects of Feature Alignment (Lreq). Adding Ly, further
reduces AbsRel from 16.6 to 14.8 on NuScenes-night and from
19.6 to 18.5 on RobotCar-night, demonstrating that our alignment
mechanism effectively anchors perturbed inputs to the same fine-
grained geometric representations as clean images.

Effects of Unified RGB Reconstruction (L,¢con). Integrating
Lrecon yields the most pronounced gains, with AbsRel decreasing
from 9.4 to 8.5 on DS-fog and from 18.5 to 17.0 on RobotCar-night.
This confirms its critical role in projecting diverse degraded obser-
vations into a unified latent domain, realizing robust “many-to-one”
geometric translation in open-world scenarios.
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Table 3: Zero-shot relative depth estimation results on synthetic KITTI-C [28] benchmarks.

Method Encoder ‘ Dark ‘ Snow ‘ Motion ‘ Gaussian

‘ AbsRel] &1 7 ‘ AbsRel| &1 T ‘ AbsRel] 61 T ‘ AbsRel] 61 T
DynaDepth [78] ResNet 163 752 | 338 393 | 234 609 | 274 501
STEPS [84] ResNet 230  63.1 242 622 | 291 508 | 204 692
DepthPro [3] ViT-$ 145 793 197 685 170 746 170 745
DepthAnything V2 [70]  ViT-$ 13.0 832 | 115 872 | 127 840 157 785
DepthAnything-AC [50]  ViT-S 13.0 834 | 114 873 | 126 841 | 153 793
OpenDepth (Ours) VAE | 126 839 | 117 89| 118 853 | 141 813

Table 4: Ablation study of different components. T2I (Lotus-D [21]) and Ours(G) are included as baselines for comparison. (G)
and (D) denote generative and discriminative models. P: perturbation, L¢.,;: feature alignment, L,¢con: RGB reconstruction.

Baseline ‘ Modules ‘ DS-Rain [66] ‘ DS-Fog [66] ‘ NuScenes-night [7] ‘ RobotCar-night [34]
‘ P Lfear Lrecon ‘ AbsRel| &1 T ‘ AbsRel| &; T ‘ AbsRel] [0 ‘ AbsRel | 61
T2l (Lotus-D) [21] 12.2 83.8 10.2 88.3 22.1 66.8 244 53.4
12.0 84.6 10.0 88.9 20.1 69.8 22.5 57.3
OpenDepth(G) | | 121 851| 102 888| 193 719 | 212 60.4
OpenDepth(D) 11.9 85.5 10.3 89.4 18.0 73.7 20.4 62.5
v 11.8 85.9 9.7 89.7 16.6 77.0 19.6 66.1
v v 11.5 86.2 9.4 90.4 14.8 79.8 18.5 71.1
v v v 9.7 89.3 8.5 92.0 14.5 81.2 17.0 73.3

Image-perturbation

perturbation

Baseline

Baseline|

Figure 6: Qualitative comparison of multi-scale edge responses under severe low-light (Dark) perturbations.

4.5 Qualitative Analysis

As shown in Figure 5, , we visualize multi-scale edge responses as
geometric proxies under severe low-light (Dark) perturbations (Fig-
ure 6). Specifically, these responses are extracted by fusing Sobel
gradients, Canny edges, and Laplacian responses from predicted
depth maps. The Baseline suffers from severe structural degra-
dation with blurred contours and noisy responses, indicating that
distribution shifts can disrupt geometric consistency even with
121 priors. By introducing Latent Feature Alignment, the model
suppresses noise and restores structural patterns by anchoring de-
graded observations to canonical geometric representations. Finally,
the Full Model (with RGB Reconstruction) produces sharp and
coherent feature maps, accurately recovering fine structures such
as chair-leg intersections. This demonstrates that unified RGB re-
construction effectively enforces a style-invariant latent domain
for high-fidelity geometric perception.

5 Conclusion

In this paper, we propose OpenDepth to elevate robust Monocular
Depth Estimation in open-world environments. Through system-
atic analysis, we demonstrate the inherent superiority of Image-
to-Image editing priors over Text-to-Image models in preserving
structural integrity against environmental degradations. To resolve
the representation misalignment caused by diverse perturbations,
we equip our model with “Intra-Domain Awareness” via two core
mechanisms: shallow feature alignment and joint RGB latent re-
construction. This strategy successfully projects varied degraded
inputs into a unified latent space, strictly decoupling stylistic inter-
ference from geometric perception. Extensive evaluations confirm
that OpenDepth achieves exceptional detail preservation and robust
zero-shot generalization, setting new SOTA records across both
standard and extreme weather benchmarks.
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