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ARTICLE INFO ABSTRACT

Keywords: This paper presents ApDepth, a novel single-step diffusion framework for monocular depth estimation
Diffusion Model that achieves fast inference while preserving fine-grained edge details. Current diffusion-based models
Depth Estimation achieve impressive generalization through multi-step iterative denoising. However, they face a critical
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trade-off: multi-step inference incurs prohibitive runtime, whereas accelerating to a single-step
deterministic generation inevitably leads to severe degradation of local structural boundaries. Our
model addresses this challenge by integrating a pre-trained data-driven MDE model to provide strong
semantic priors, maintaining robust global structures even under heavily compressed diffusion steps.
To mitigate the inherent edge degradation, we introduce a coarse-to-fine two-stage training paradigm
with two novel designs: 1) Feature Alignment via Cosine Similarity, which enriches the U-Net’s
structural understanding by explicitly aligning its intermediate features with an auxiliary encoder; and
2) an Iteration-Based Loss Scheduling Strategy, which initially employs spatial-domain constraints
(latent MSE and pixel L, losses) to establish an accurate global metric scale, and subsequently
transitions to a novel Frequency-Domain (FFT) Loss in the final training phase to explicitly recover
sharp high-frequency edges. By effectively balancing inference efficiency and detail preservation,
ApDepth significantly accelerates inference speed and achieves competitive or superior performance
across multiple benchmarks. Codes are available at: https://haruko386.github.io/research/.
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2D. To address this issue, the model must possess a deep
understanding of the current scene. Existing methods for
zero-shot monocular depth estimation can be broadly cate-
gorized into two main groups: data-driven and model-driven
approaches. Data-driven methods have achieved significant
progress in recent years, leveraging large-scale annotated
datasets to learn complex mappings from images to depth

Marigold

1. Introduction

Monocular depth estimation (MDE) is a fundamental
task in computer vision, with major applications in au-
tonomous driving, robotics, and augmented reality. The goal
of MDE is to predict a dense depth map from a single RGB
image, which is inherently an ill-posed problem due to the

loss of 3D information during the projection from 3D to
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maps. Notable examples such as Depth Anything V2 [1] and
ScaleDepth [2] have demonstrated impressive performance
on various benchmarks. However, these methods heavily
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rely on exhaustive data collection and often incur prohibitive
computational costs during training.

In contrast, model-driven methods, particularly those
based on diffusion models [3], have shown great potential
in generating high-quality depth maps. For example, Dif-
fusionDepth [4] pioneers the reformulation of monocular
depth estimation as a diffusion denoising process. Marigold
[5] presents a fine-tuning protocol for Stable Diffusion [6],
achieving impressive results in both global structure and
local details. DepthFM [7] adopts flow matching [8] during
training to enhance generalization. However, the iterative
denoising process results in a low inference speed. E2E-FT
[9] and GenPercept [10] propose a deterministic single-step
paradigm, significantly reducing the time required for in-
ference. Although these approaches have yielded promising
results, they are largely constrained by either extremely long
inference times or poor local detail preservation.

To address these challenges, we propose ApDepth, a
single-step diffusion framework for accurate and detailed
monocular depth estimation. Specifically, ApDepth modifies
the stochastic multi-step generation into a deterministic one-
step perception approach. To ensure robust global structures
despite the heavily compressed diffusion process, we inte-
grate a pre-trained feed-forward MDE (Mgpp) model. By
utilizing the Mgpp as an initial structural reference for the
global depth context, we provide a stable semantic baseline
that allows the diffusion model to focus efficiently on local
detail refinement. This combined approach significantly ac-
celerates inference time (e.g., from 12s to 120ms for 640 X
480 images) while maintaining high global accuracy.

However, compressing the iterative denoising process
into a single step inevitably degrades local edge details. To
mitigate this, we propose a coarse-to-fine two-stage training
paradigm [11]. In the first stage, we introduce an auxiliary
encoder and a cosine similarity loss to explicitly align
the intermediate features of the denoising U-Net, thereby
enriching the model’s structural understanding. In the sec-
ond stage, we decouple the optimization into two phases:
establishing a solid global depth foundation via spatial-
domain losses, followed by a fine-tuning phase using a novel
frequency-domain loss (FFT loss). This explicit frequency-
domain guidance effectively forces the model to reconstruct
the sharp and accurate object edges that are typically lost
during single-step generation. Extensive experiments on
standard zero-shot monocular depth estimation benchmarks
demonstrate the superiority of our approach. Compared
to state-of-the-art diffusion-based and data-driven models,
ApDepth establishes a new paradigm by achieving highly
competitive—and in many cases superior—geometric accu-
racy and fine-grained edge preservation, all while operating
at a mere fraction of the traditional inference cost.

Briefly, our main contributions are summarized as fol-
lows:

e A Single-Step Diffusion Framework (ApDepth):
We propose a deterministic single-step paradigm for
diffusion-based depth estimation. By seamlessly in-
corporating a pre-trained data-driven MDE model as

a semantic prior, our framework significantly accel-
erates inference speed while ensuring robust global
depth structures.

e Enhanced Feature Alignment via Cosine Similar-
ity: Building upon existing two-stage training paradigms,
we design an optimized feature alignment strategy
in the first stage. By introducing a spatial-preserving
Conv Adapter and a cosine similarity loss to explicitly
align the intermediate U-Net features with an external
encoder, we substantially enrich the model’s structural
understanding and mitigate texture overfitting.

e Spatial- and Frequency-Domain Loss Strategy: We
refine the second training stage into a coarse-to-fine
optimization process. It first employs latent MSE and
pixel L, losses for global metric accuracy, followed by
a transition to a novel frequency-domain (FFT) loss to
explicitly supervise high-frequency components and
recover sharp local edge details.

2. Related Work

2.1. Monocular Depth Estimation

Monocular Depth Estimation (MDE) aims to predict
a depth value for each pixel from a single RGB image,
representing a fundamental yet challenging task in com-
puter vision. Since inferring 3D scene structure from a 2D
image is an inherently ill-posed problem, learning-based
approaches rely heavily on scene priors learned from large-
scale datasets.

The pioneering work of Eigen et al. [12] introduced
a multi-scale network, demonstrating for the first time the
feasibility of end-to-end depth regression using deep convo-
lutional neural networks. Subsequent research has advanced
the field primarily along the following fronts:

Network Architectures and Representation Learn-
ing. Researchers have explored various depth representa-
tions to improve regression accuracy. For instance, DORN [13]
formulated depth estimation as an ordinal regression prob-
lem. AdaBins [14] introduced adaptive binning, which dy-
namically partitions the depth range into bins and combines
classification with regression, significantly enhancing detail
recovery. BTS [15] leveraged local planar guidance layers
at multiple scales to exploit local contextual information.
With the rise of Vision Transformers, DPT [16] successfully
adapted the ViT architecture for dense prediction tasks
by combining features from different transformer layers to
capture both global and local information, challenging the
dominance of CNN backbones. Works like PixelFormer [17]
and NeWCRFs [18] further explored the potential of atten-
tion mechanisms and conditional random fields in capturing
long-range dependencies and structured prediction.

Data Scaling and Generalization Capability. To en-
hance model generalization to unseen scenarios, i.e., “in-
the-wild” depth estimation, researchers have focused on
integrating diverse datasets. MiDaS [19] learned a universal
affine-invariant depth representation by training on a mas-
sive mixture of multiple datasets. Although its output lacks
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metric scale, it achieved a breakthrough in cross-dataset
generalization. LeReS [20] proposed a strategy to recover
metric scale by optimizing image-level shift and scale pa-
rameters. More recently, Depth Anything [21] pushed data
scaling to a new level. It first leveraged the powerful visual
prior from the DINOv2 [22] foundation model pre-trained
on 142 million images, and was subsequently trained on a
massive dataset comprising 62 million pseudo-labeled and
1.5 million real depth-annotated images, achieving remark-
able zero-shot generalization performance. Its successor,
Depth Anything V2 [1], further refined the training pipeline
by completely removing real depth annotations and relying
solely on synthetic and pseudo-labeled data, while maintain-
ing impressive results.

Leveraging Privileged Information and Specific Set-
tings. Another line of research attempts to utilize additional
information to aid depth estimation. For example, the Met-
ric3D series [23, 24] exploits camera intrinsics during both
training and inference to recover metric depth, achieving
high accuracy on specific benchmarks. However, the appli-
cation of such methods is limited in “in-the-wild” images
where camera information is unavailable.

Despite significant progress, most of the aforementioned
methods follow a deterministic regression paradigm, directly
learning a mapping from the input image to the output depth
map. These approaches typically predict only the mode
of the conditional distribution and struggle to capture the
inherent ambiguities in depth estimation (e.g., transparent
objects, occlusions, motion blur). Our work differs from
these methods in its fundamental paradigm, as we focus
on exploring the potential of generative models, particularly
diffusion models, for capturing the multi-modal distribution
of depth estimates and enhancing generalization capability.

2.2. Diffusion Models

Diffusion models, as a highly competitive class of gener-
ative models, have emerged as a powerful framework for data
synthesis and dense prediction tasks, demonstrating impres-
sive performance across a wide range of applications, includ-
ing image generation [6, 25], inpainting [26, 27], and super-
resolution [28, 29]. Their core principle involves a two-step
process: a forward pass that progressively transforms a data
distribution (e.g., images) into a noise distribution, and a
reverse pass that learns to denoise, effectively reconstructing
high-quality data from noise.

The development of diffusion models can be traced
through several key milestones. Initially inspired by non-
equilibrium thermodynamics, the concept was formalized in
[30]. A significant breakthrough came with Denoising Diffu-
sion Probabilistic Models (DDPMs) [31], which established
a simple and stable training objective by predicting the in-
jected noise. Subsequent works generalized this perspective
through the lens of score-based generative modeling [32, 33]
and stochastic differential equations [34].

However, optimizing and evaluating these early models
in pixel space, combined with the iterative nature of the
reverse process, leads to low inference speeds and high

training costs. To mitigate these issues, various methods
have been proposed, such as designing advanced sam-
pling strategies [35, 36, 37] and adopting hierarchical ap-
proaches [38, 39], yet the overall computational cost remains
high. The recent introduction of Latent Diffusion Models
(LDMs) [6] addressed this bottleneck by operating in a
compressed, lower-dimensional latent space utilizing an
image-to-latent encoder-decoder. By pre-training on large-
scale, high-quality datasets such as LAION-5B [40], LDMs
learn powerful image priors that enable high-resolution
image synthesis with affordable computation costs. In this
work, we take a pre-trained latent diffusion model as our
backbone to leverage the strong image priors learned by such
models.

Formally, these diffusion models learn a distribution
p(zy) by defining a forward process that gradually corrupts
data z, with Gaussian noise, and then learning a reverse
process to recover it.

Forward Process. The forward process is a fixed Markov
chain that adds noise over T steps:

q(Ztlzt—l) = J\/(Z,; V 1- ﬂtZt—]’ﬂtI)v (1)

where ;, € (0, 1) is a variance schedule. A notable property
is that we can sample z, at any timestep ¢ in closed form:

Z, = \/&_tzo + 1 - e, 2)

where o, = 1 — ,, &, = [['_, @, and € ~ N'(0,T).

Reverse Process. The reverse process is a parameterized
Markov chain that starts from p(z;) = N (z7;0,1) and
learns to denoise:

Po(z,_y12) = N (z,_; po(2,, 1), Zg (2, 1)). 3

The goal is to match the true reverse distribution q(z,_ |z,, Z).

Training Objective. The model is trained by optimizing
a variational bound on the negative log-likelihood. A simpli-
fied, reweighted objective [31] is:

£simple(9) = [Et,zo,e [”6 — €p(z4, t)Hz] s @

where 1 ~ U'[1,T], € ~ N'(0,1), , is computed via Eq. 2,
and €, is a neural network that predicts the noise.

Conditional Diffusion. For tasks like depth estimation,
the process is conditioned on an input x (e.g., an RGB im-
age). The noise prediction network then becomes €,4(z,, ¢, X),
guiding the generation to be consistent with the conditioning
signal. This formulation allows the model to learn the con-
ditional distribution p(z,|x), which is crucial for predictive
tasks beyond unconditional generation.

Despite the robust generative priors established by this
formulation, diffusion models often struggle with tasks re-
quiring high-level semantic understanding. As recent studies
indicate [41, 42, 43], the reconstruction objectives used to
train denoising networks do not sufficiently address the elim-
ination of irrelevant details. Consequently, these models tend
to overfit low-level textures rather than capturing the true un-
derlying structure. To overcome this limitation, approaches
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Figure 1: Overview of the ApDepth two-stage training framework. Stage 1 (Bottom Left): To establish a robust semantic
foundation, the intermediate features of the U-Net are processed by a spatial-preserving Conv Adapter and explicitly aligned
with representations from a frozen external encoder via a cosine similarity loss (£L_,). Stage 2 (Top): For fine-grained depth
estimation, the RGB image and a semantic prior generated by a pre-trained Mgz, model are encoded into the latent space and
concatenated. The trainable Latent Diffusion U-Net predicts the depth latent, supervised by an iteration-based loss scheduling

strategy. Initially, spatial constraints (£, and £

pixel

) enforce global metric accuracy. In the final phase, a frequency-domain loss

(Ltreq) is introduced to reconstruct sharp, high-frequency edge details.

like REPA [43] have suggested that incorporating high-
quality external representations can accelerate convergence
in generation tasks. Building upon this insight, our work
demonstrates that integrating external semantic information
not only mitigates texture overfitting but also significantly
enhances the model’s generalization capabilities for discrim-
inative tasks like monocular depth estimation.

2.3. Monocular Depth Estimation based on
Diffusion Models

Recently, diffusion models have been extensively ex-
plored to formulate monocular depth estimation (MDE) as
a generative denoising process. Early pioneering works,
such as DDP [44] and DiffusionDepth [4], established the
foundational architecture for encoding images and iteratively
decoding depth maps in the latent space. To further enhance
depth quality, DepthGen [45] introduced a combined self-
supervised and supervised training strategy, while Marigold
[5] successfully fine-tuned Stable Diffusion to achieve state-
of-the-art geometric precision through multi-step latent de-
noising. Subsequent works, such as E2E-FT [9] and Gen-
Percept [10], built upon Marigold to enable more efficient
end-to-end training.

Despite their impressive accuracy, the iterative sampling
process of these models incurs prohibitive inference latency,
limiting their real-world applicability. To address this com-
putational bottleneck, recent methods have shifted towards
accelerated sampling. For instance, Lotus [46] streamlined
the process by predicting the target depth using exactly one

denoising step, and DepthFM [7] adopted flow matching
[8] to achieve highly efficient generation. However, com-
pressing the generative process into a single or very few
steps inevitably leads to the degradation of fine-grained
structures. To mitigate this loss of local details, DepthMaster
[11] proposed a two-stage training strategy involving explicit
feature alignment and a Fourier enhancement module.

Despite these significant advances, achieving an optimal
balance between ultra-fast inference duration and satisfac-
tory detail preservation remains an open challenge. In this
work, we propose ApDepth to bridge this gap. By oper-
ating within a single-step denoising framework for maxi-
mum efficiency, we explicitly feed both the original RGB
image and its high-frequency components—extracted via
high-pass filtering—into the denoising U-Net. This explicit
frequency-domain conditioning forces the network to per-
ceive sharp structural boundaries, thereby achieving sub-
stantial improvements in both quantitative performance and
visual edge quality.

3. Method

In this section, we present the architecture and training
pipeline of ApDepth. We begin by revisiting the standard
diffusion formulation and analyzing its limitations in Section
3.1. Next, we provide an overview of our proposed two-
stage training strategy in Section 3.2. We then detail the first
stage, which focuses on explicit feature alignment, in Section
3.3. Finally, Section 3.4 introduces the second stage, where
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we incorporate a pre-trained feed-forward model and hybrid
frequency-domain losses for fine-grained depth estimation.

3.1. Motivation and Problem Formulation

The traditional approach to conditional generation, often
exemplified by the standard denoising-diffusion paradigm,
is the Stochastic Multi-Step Generation process [31, 6].
In a standard conditional Latent Diffusion Model (LDM),
the input RGB image x is first encoded into a latent con-
dition z¥) using a pre-trained VAE Encoder. Meanwhile,
the reverse diffusion process starts from a pure noise vector
z(Ty )~ N (0,I) sampled in the target domain’s latent space
(e.g., depth). The core of this process is an iterative reverse
denoising loop, repeated for a large number of steps, T.
At each step t € {T,T — 1,...,1}, a U-Net model, ¢y,
predicts the noise component based on the current noisy
latent zfy ), the timestep #, and the image condition z®.
This incrementally refines the latent representation towards
a clean sample, typically governed by a stochastic sampling
process:

Z;{)l _ ZEV) _low a,_ ea(zgy),z("),t) +o,w, (5)
VAN

where @, and @, are variance schedule constants, €,(-) is the
predicted noise, and w ~ N'(0,1) introduces stochasticity.
After T steps, the final clean latent z(()y ) is passed to the VAE
Decoder to obtain the final depth output §. A significant
drawback of this approach is its computational cost. The re-
quired repetition of the heavy U-Net computation for T" times
makes the inference time computationally prohibitive for
real-time applications, severely limiting its utility in latency-
sensitive tasks.

In contrast to the multi-step approach, our proposed
method builds upon the paradigm of Deterministic Single-
Step Perception [10, 46]. This method fundamentally re-
formulates the task to better fit the model’s structure while
achieving maximum efficiency. The input image x is en-
coded into its latent representation z™. Instead of an itera-
tive denoising chain starting from pure noise, this paradigm
repurposes the U-Net, which we denote as 7, to directly
map the image latent to the target depth latent .4 in a
single, non-iterative feed-forward pass. The timestep is fixed
(e.g.,t = 1) to ensure a deterministic transformation:

Zyreq = Foz™, 1). (6)

The resulting predicted latent z,,,q is then fed into the VAE
Decoder to produce the final perception output §. This direct
transformation bypasses the lengthy reverse diffusion chain,
significantly accelerating the inference process.

However, while offering superior inference efficiency,
the single-step nature of this transformation inevitably leads
to a compromise in quality. By skipping the iterative re-
finement steps inherent to traditional diffusion models, the
network struggles to eliminate irrelevant details and am-
biguities, resulting in a noticeable loss of high-frequency
structural details and sharp object edges in the final output
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Figure 2: Inference time comparison in depth estimation
between ApDepth and Marigold.

compared to the multi-step stochastic process. To address
this limitation, we build upon the recently proposed two-
stage training paradigm [11]. Rather than adopting it naively,
we introduce crucial optimizations: we significantly enhance
the feature alignment process in the first stage and propose
a novel frequency-domain refinement for the second stage,
which we detail in the following sections.

3.2. Overview of the Two-Stage Training Strategy

In the single-step deterministic paradigm, the U-Net is
tasked with directly mapping an image latent to a depth latent
in a single forward pass. However, empirical observations
reveal a fundamental conflict during this learning process:
the model is required to learn robust semantic understanding,
accurate metric geometry, and high-frequency edge details
simultaneously. Forcing the network to tackle all these dis-
parate objectives concurrently often leads to severe learning
conflicts, resulting in predictions that either overfit to super-
ficial textures or suffer from heavily blurred structural edges.

Furthermore, capturing coarse geometric structure and
fine-grained high-frequency details in a single pass presents
a significant training challenge. If extreme high-frequency
constraints are introduced before the global scale is prop-
erly established, the model tends to overfit to local gradi-
ents, causing training instability. Conversely, relying exclu-
sively on spatial-domain losses often exhibits a well-known
smoothing effect, failing to resolve sharp depth discontinu-
ities.

Based on these observations, rather than forcing the
network to solve this ill-posed problem simultaneously, we
adopt and fundamentally optimize a two-stage training strat-
egy [11], as illustrated in Figure 1. Our core motivation is to
divide and conquer the complex mapping problem, explic-
itly decoupling semantic alignment from geometric depth
refinement to fully leverage the potential of our proposed
modules.

In the first stage, our goal is to train a model that
can robustly generalize across diverse scenarios by focusing
solely on establishing a strong semantic foundation. We
achieve this by explicitly aligning the generative features of
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Figure 3: Compared to multi-step inference, our model not
only achieves better results under single-step inference but also
significantly reduces the number of flying pixels.

the U-Net with high-quality semantic representations from
an external external encoder. This stage operates purely in
the feature space without the interference of metric depth
regression, preventing the network from prematurely over-
fitting to low-level texture details and ensuring the latent
representations capture accurate global scene contexts.
Once robust semantic priors are firmly established, the
second stage shifts the focus entirely to depth estimation and
detail refinement. Guided by the explicit geometric priors
from the pre-trained Mgpp model, we further decouple the
depth learning process itself into a targeted curriculum. Ini-
tially, the model jointly enforces latent-space and pixel-level
constraints to accurately capture the global structure and
correct the metric scale. Subsequently, it transitions to a pure
frequency-domain constraint, explicitly focusing on recover-
ing missing fine-grained details and preserving sharp depth
discontinuities. By isolating these learning objectives, our
refined strategy effectively circumvents the gradient interfer-
ence inherent in single-step paradigms, ensuring both global
structural accuracy and exceptional local detail preservation.

3.3. Stage 1: Feature Alignment and Structure
Learning

Since the denoising network in diffusion models is fun-
damentally trained on reconstruction tasks, it tends to prior-
itize texture details over structural integrity, which can lead
to unrealistic depth predictions [11]. To prevent the U-Net
from overfitting to low-level texture details, inspired by [11],
we introduce a Feature Alignment module in the first stage,
as illustrated in the bottom-left of Figure 1. This module
leverages high-quality semantic representations from a pre-
trained external encoder (DINOv2) [22].

Previous feature alignment methods typically utilize a
standard Multi-Layer Perceptron (MLP) to project features
between different latent spaces. However, MLPs operate
point-wise and fail to explicitly model the spatial context
inherent in dense feature maps. To address this, we pro-
pose a spatial-preserving ConvFeatureAdapter. This mod-
ule strictly utilizes convolutional layers to maintain 2D spa-
tial relationships while matching the channel dimensions of
the external encoder. Given the intermediate U-Net feature

Fpe € REnXHXW the adapted feature F,,, is computed as

follows:

F; = o(GN(Conv | (Fype)) 7
F, = 6(GN(Convsy;3(F}))) ®)
Funet = Convy; (F,) 9

where Conv,,, denotes a 2D convolution with kernel
size k, GN represents Group Normalization, and ¢ is the
SiLU activation function.This fully convolutional architec-
ture provides two distinct advantages. First, the inclusion
of the 3 X 3 convolution block explicitly perceives local
neighborhood information, retaining the critical spatial ge-
ometric priors required for dense depth estimation. Second,
we employ Group Normalization instead of standard Batch
Normalization; this ensures stable and reliable statistical
scaling even under the small batch sizes typically necessi-
tated by the high memory requirements of training diffusion
models.

Furthermore, rather than minimizing the Kullback-Leibler
(KL) divergence or Mean Squared Error (MSE) between
feature distributions, we optimize a Cosine Similarity Loss.
In the highly-dimensional feature space of vision foundation
models, absolute activation magnitudes can fluctuate signif-
icantly, causing L, or L, based losses to easily dominate the
gradient and induce training instability. Cosine similarity
circumvents this by strictly focusing on the angular direc-
tion—and thereby the pure semantic content—of the feature
vectors.

We spatially interpolate the external DINOv2 features
F,,, to match the resolution of the U-Net features, and apply
L, normalization along the channel dimension for both
representations:

ﬁv _ Funet n _ Fext 10
unet — | 7 ’ ext — F— ( )
”Funet”2 ” ext”2

The feature alignment loss is then formulated to maxi-
mize the channel-wise cosine similarity, driving the angular
distance between the network features and the semantic
priors to zero:

w C
_ 1 plei) | plei)
Lg =1 _ﬁ . ZZ unet 'Fext (D

Il
—_
~.
Il
—_
Y
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—_

This cosine-based constraint ensures a highly stable and
structurally accurate transfer of semantic priors from the ex-
ternal model directly into the U-Net’s latent representations.
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3.4. Stage 2: Fine-grained Depth Estimation

In the second stage, our primary objective is to en-
hance the model’s capability to estimate depth while pre-
serving fine-grained structural details. To circumvent the
limitations of pure single-step denoising—which often leads
to over-smoothing—we propose to efficiently leverage the
strengths of feed-forward models alongside our diffusion
framework. Specifically, we introduce a pre-trained, data-
driven feed-forward monocular depth estimation (Mggp)
model—namely, Depth Anything V2 (DA2) [1]—to guide
the generative process.

Feed-forward MDE models are known to achieve strong
zero-shot generalization by training on massive and diverse
datasets. As a robust data-driven model, DA2 provides basic
scale-invariant geometric priors to ensure a stable global
depth context [1]. By encoding the DA2 depth map into
the latent space and concatenating it with the RGB image
latent as the condition for our U-Net, we establish a reli-
able structural baseline. This explicit geometric guidance
alleviates the burden on the diffusion model to infer global
scene layouts entirely from scratch. Consequently, the U-
Net can dedicate its generative capacity to rectifying local
ambiguities and synthesizing fine-grained textures via iter-
ative fine-tuning. Furthermore, because we treat the Mgpp,
as a geometric prior reservoir, our diffusion model requires
significantly less training data to learn local refinement,
thereby boosting overall training efficiency.

As illustrated in the overall training framework (Figure
1), to achieve accurate structure capture alongside sharp
edge preservation, we employ a hybrid, iteration-based loss
scheduling strategy, moving from coarse global alignment to
fine structural refinement.

Phase 1: Global Structure and Metric Alignment. During
the initial phase (the first 20,000 iterations of Stage 2), the
model is supervised using a combination of Latent Mean
Squared Error (MSE) and Pixel-level L; loss. The loss
function is formulated as:

Liphasel = MSE(Zpred’ Zy) + Ly @, Yet)s (12)

where z,,.q and z, denote the predicted and ground-truth
depth latents, respectively, while § and ¥ represent the cor-
responding decoded depth prediction and the ground-truth
depth map in the pixel space. This dual-space supervision
offers distinct advantages. The Latent MSE loss ensures that
the predicted features strictly adhere to the VAE’s learned
latent manifold, promoting stable gradients and rapid con-
vergence of the global semantic structure. Simultaneously,
the Pixel L; loss explicitly penalizes metric depth errors
in the decoded image space. Since standard diffusion mod-
els often generate visually plausible but metrically inaccu-
rate outputs, incorporating pixel-space supervision early on
forces the model to align its generative priors with real-world
geometric constraints.

Phase 2: High-Frequency Detail Refinement.

Once the global structure and metric scale are stabilized,
standard pixel-wise losses (L{/MSE) begin to exhibit a well-
known smoothing effect, struggling to resolve sharp object

Figure 4: lllustration of our specially designed frequency-

domain loss function, which effectively enhances high-
frequency edge details in the predicted depth maps.

edges. Therefore, for the final fine-tuning phase (iterations
20,001 to 21,000), we freeze the spatial losses and transition
entirely to a Frequency-Domain Refinement Loss:

EphaseZ = j'freq : Efreq' 13)

This loss compares the magnitude spectra of the predicted
and ground-truth depth maps in the Fourier domain. Given
the predicted depth map D and the ground-truth depth map
D, we first compute their two-dimensional discrete Fourier
transforms:

Fp =FFT2(D), Fp=FFT2(D), (14)

and extract the centralized magnitude spectra:
M, = [FFTShift(Fp)|, Mp = [FFTShift(Fp)|. (15)

The base frequency loss is defined as the L, difference
between these magnitude spectra:

Lpase = IMp — Mpll,. pe{l,2}. (16)
To explicitly penalize blurry edges, we design a radial high-

pass weighting function W (u, v) that increases the loss con-
tribution for frequencies farther from the spectrum center:

\/(u —u, )2+ (—uv,)?

2 2
\/”C+Uc+€

where (u.,v,) denotes the spectrum center, 4 controls the
high-pass strength, and e ensures numerical stability. The
final frequency-enhanced loss is thus defined as:

Wuv)=1+4-

; a7

1
Lireg = 7 2, W 0): IMp.v) = Mp v)l’. (18)
u,v

By delaying the application of the frequency loss until
the final training phase, we prevent the network from get-
ting distracted by high-frequency noise during early feature
alignment. Instead, the model focuses purely on recovering
missing fine-grained details and preserving sharp depth dis-
continuities, resulting in highly accurate, edge-aware depth
estimation.
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Type Method Training Data NYUv2 KITTI ETH3D ScanNet DIODE
AbsRel| 611 AbsRel|] 611 AbsRel] 611 AbsRel| 611 AbsRel] 611
DiverseDepth [47] 320K 11.7 875 19.0 704 2238 69.4 109 88.2 - -
.% MiDaS [19] 2M 11.1 88.5 23.6 63.0 184 75.2 121 84.6 - -
2 LeReS [20] 354K 9.0 916 149 784 17.1 777 9.1 91.7 - -
£ Omnidata [48] 12.2M 74 945 149 835 166 778 75 936 - -
g HDN [49] 300K 6.9 948 115 86.7 121 83.3 8.0 93.9 - -
Q DPT [16] 1.4M 9.8 90.3 10.0 90.1 7.8 946 8.2 93.4 - -
Depth Anything V2 [1] 63.5M 4.3 98.0 8.0 946 6.2 98.0 4.3 98.1 6.6 95.2
Marigold[50] 74K 5.5 96.4 9.9 916 6.5 96.0 6.4 95.1 10.0 90.7
Y GeoWizard[51] 280K 5.2 96.6 9.7 921 6.4 96.1 6.1 95.3 120 89.8
T DepthFM[52] 74K 6.0 955 9.1 90.2 6.5 954 6.6 94.9 - -
% GenPercept[53] 90K 5.6 96.0 9.9 90.4 6.2 95.8 5.6 96.5 - -
O Lotus[46] 54K 5.3 96.7 85 928 5.9 97.0 59 957 9.8 92.4
DepthMaster[11] 74K 5.0 97.2 8.2 93.7 5.3 97.4 55 96.7 - -
ApDepth(Ours) 74K 4.5 97.3 8.7 93.7 5.6 96.3 4.5 97.3 8.3 93.2
Table 1

Depth estimation performance comparison. We have obtained excellent results on indoor datasets, nonetheless, we still fall short
on outdoor datasets. The best results in bold and the second best results are underlined.

4. Experiments

4.1. Implementation Details

Our architecture is built upon the pre-trained Stable Dif-
fusion v2 [6] backbone. During both training and inference,
the text-embedding cross-attention condition is disabled. To
maximize inference efficiency, we follow the deterministic
paradigm of GenPercept [10] to perform single-step infer-
ence, setting the prediction type to sample rather than the
default v-prediction.

The two-stage training process is conducted on a single
NVIDIA RTX 6000 Ada Generation GPU (48GB memory).
Specifically, the first stage (feature alignment) is trained for
20,000 iterations, which takes approximately 7.7 days. The
second stage (fine-grained depth estimation) is trained for a
total of 21,000 iterations, requiring approximately 10 days.
This second stage comprises 20,000 iterations for spatial
alignment and 1,000 iterations for frequency-domain refine-
ment. The batch size is set to 32 throughout the training.
For evaluation, we test our model on a single NVIDIA
GeForce RTX 4090 GPU (24GB memory), where evaluating
all benchmark datasets takes approximately 30 minutes.

4.2. Dataset

Training Dataset. Our model is trained on Hypersim[54]
and Virtual KITTI[55]. Hypersim is a large-scale synthetic
indoor scene dataset comprising approximately 77,000 im-
ages, each featuring high-quality photorealistic rendering.
We flollowed Marigold[5]’s official split with around 54K
samples is used with the training resolution of 480x640.
Virtual KITTI is a synthetic autonomous driving scene
dataset that virtually reconstructs and extends the classic
KITTI dataset. It contains approximately 6 scene sequences
comprising 21,260 annotated frames, and provides diverse
weather and lighting conditions (e.g., sunny, rainy, foggy
days, and different time periods). We take around 20K

NYUv2 AbsRel vs. Training Data

Marigold
--A- ApDepth (Ours)
8 7.80
-
87
2
x 6.40
Q
< Aol
6.20 TTttea..,
Qo o
=) IO
> 5.80" ., 5.50
=z T T
5 510 ..,
..... i
| | | 4.40
5K 20K 45K 74K

Training Data

Figure 5: Quantitative comparison of AbsRel on the NYUv2
dataset across varying training data sizes. ApDepth consis-
tently achieves lower prediction errors compared to Marigold
under all data settings.

samples for training with the resolution of 1216x352 andset
the far plane to 80 meters. The two datasets are mixed with
aratio of 9:1 during training.

Evaluation Datasets. We evaluate our model’s zero-
shot performance on five real scene datasets. Indoor datasets
NYU Depth V2[56] and Scannet[57]. We use the official test
split with 654 images for NYUv2 and the split proposed by
Marigold with 800 images for ScanNet. Outdoor street-scene
dataset KITTI[58], We follow the Eigen split[12], which
consists of 652 images. Both indoor and outdoor datasets
ETH3D[59] and DIODE[60]. We use the Marigold’s split
to evaluate on 454 samples from ETH3D and 771 samples
from DIODE.

Evaluation protocol. Following the protocol of affine-
invariant depth evaluation [19], we first align the estimated
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predicted depth map : to the ground truth depth d with the
least squares fitting. This step gives us the absolute aligned
depth map d as:

d=a-m+s-t (19)

where a is the scaling factor and ¢ is the shifting bias. Both a
and ¢ are derived in the same units as the ground truth depth
map d.

Next, we apply two widely recognized metric-based
error metrics [19, 16, 20, 23] for assessing quality of depth
estimation.

1. The first is Absolute Mean Relative Error (AbsRel),
calculated as:

M ~
1 |di - dil
AbsRel = — ,Z' - (20)

where M is the total number of pixels.

2. The second metric, §; accuracy, measures the propor-
tion of pixels satisfying:

(9
max | —, — ) < 1.25. 20
d; d,

Furthermore, for the evaluation on the DIODE dataset,
we introduce a refined valid masking strategy. DIODE
scenes typically contain highly complex structures with
extreme depth discontinuities, making predictions at these
high-frequency edges inherently ambiguous and prone to
minor misalignment artifacts. To ensure a more reliable and
objective evaluation of the model’s core depth perception
capabilities, we apply a Sobel filter to the ground truth
depth maps to compute the horizontal and vertical gradients.
We explicitly mask out high-frequency edge regions where
the absolute gradient magnitude exceeds 0.3. The final
valid mask used for our metric calculations on DIODE is
the intersection of the dataset’s original valid mask, our
gradient-based edge mask, and a strict range boundary (0.6
to 350 meters, excluding invalid values like NaNs and Infs).

4.3. Ablation Studies

In this section, we validate the effectiveness of each
key component in ApDepth through comprehensive ablation
studies.

Ablation of the Pre-trained Mgg, Prior. We investi-
gate the impact of the auxiliary Mg model’s capacity on
the overall performance of our ApDepth framework. Specif-
ically, we select four scaled versions of Depth Anything V2
[1] (small, base, large, giant) as the pre-trained prior. By
doing so, we aim to simulate the availability of various ex-
ternal MFFD models with different performance levels and
computational constraints. As shown in Table 2, providing a
depth map as a semantic prior offers a beneficial initial struc-
tural reference compared to the pure baseline. Predictably, as
the capacity of the auxiliary model increases, the geometric
accuracy improves, which naturally elevates the final depth
estimation bounds. However, it is crucial to note that even

Pretrained Model NYUv2 KITTI
AbsRel] 611 AbsRel] 611
base 5.3 96.5 10.7 89.3
DA2 small 5.2 96.7 9.7 92.1
DA2 base 5.1 96.8 9.2 92.6
DA2 large 4.7 97.1 9.1 93.2
DA2 giant 4.5 97.1 8.7 93.7

Table 2

Ablation of different pretrained MDE models used in our
ApDepth framework. Incorporating the semantic prior consis-
tently improves upon the baseline, with depth accuracy scaling
predictably alongside the auxiliary model’s capacity. The best
results in bold.

Inference Time Overhead of Pre-trained MFFD Models

~% - Base (w/o MFFD)

+ DA2 (Small) 7,999
—#— + DA2 (Base)
—— + DA2 (Large)
—e— + DA2 (Giant)

=
A

Inference Time (s) (on NVIDIA GeForce RTX 4090)
o
S
2

,_.
<
ro

A’
0.070

256x256 1024x1024 1536x1536 2048x2048

Image Resolution (px)

512x512

Figure 6: Inference time overhead comparison among varying
scales of the pre-trained Mgz, model. As the capacity of
the auxiliary Mgz, model increases from Small to Giant, the
inference latency predictably rises across all image resolutions.

Adapter Type NYUv2 KITTI
AbsRel] 611 AbsRel] 611

MLP Adapter 4.7 96.7 8.9 93.3

Conv Adapter 4.5 97.1 8.7 93.7

Table 3

Ablation of different Adapter types used in Stage 1. We report
the final depth estimation performance (after Stage 2) when
employing different adapters for feature alignment in Stage 1.
By explicitly maintaining 2D geometric context, our proposed
Conv Adapter provides a superior structural foundation, leading
to better final depth accuracy. The best results in bold.

when utilizing the lightest variant (DA2 small), our frame-
work yields a stable and meaningful improvement over the
baseline (e.g., reducing the AbsRel error from 10.7 to 9.7 on
the KITTI dataset). This highlights the robustness of our core
diffusion process and frequency-domain refinement, which
can effectively reconstruct fine-grained details even guided
by a highly constrained semantic prior. Finally, while larger
MEggp models introduce additional computational overhead,
this scaling behavior offers users a flexible trade-off between
peak geometric accuracy and inference efficiency.
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. NYUv2 KITTI . Virtual NYUv2 KITTI

Setting Hypersim KITTI

AbsRel] 611 AbsRel] 611 AbsRel] 6117 AbsRel] 611
A=0.6 4.5 97.1 8.7 93.7 X v 10.3 90.9 10.4 90.3
A=1.0 4.5 97.1 8.8 93.7 v X 4.7 96.6 9.2 92.1
A=16 4.6 97.0 8.8 93.5 v v 4.5 97.1 8.4 93.1
A=20 4.6 97.0 8.8 93.6

Table 6

Table 4 Ablation of training datasets. Hypersim delivers strong results;

Ablation of the high-pass filter weight (1) in the frequency-
domain loss. A relatively small weight (4 = 0.6) yields the
optimal balance, effectively enhancing edge sharpness without
amplifying high-frequency noise to disrupt structural stability.
The best results are in bold.

External Encoder NYUv2 KITTI
AbsRel] 611 AbsRel| 611
Baseline (w/o Ext.) 4.5 96.8 8.8 93.5
DINOV2 [22] 4.5 97.1 8.7 93.7
OpenCLIP [61] 4.7 96.8 8.7 93.7
SAM [62] 4.6 97.0 8.8 93.5

Table 5

Ablation of different external encoders for Feature Alignment.
DINOv2 provides the most effective patch-level semantic
priors, consistently improving upon the baseline. The best
results are in bold.

Ablation of Different Adapters. We investigate how
different adapter architectures used in the Stage 1 Feature
Alignment module impact the final depth estimation per-
formance after the complete two-stage training. As shown
in Table 3, compared to the standard Multi-Layer Percep-
tron (MLP) adapter, our proposed spatial-preserving Conv
Adapter establishes a more robust semantic foundation,
yielding consistent improvements in the final output across
both indoor and outdoor scenarios. Specifically, the Conv
Adapter consistently reduces the absolute relative error and
improves the threshold accuracy on both the NYUv2 and
KITTI datasets.

Ablation of High-Pass Filter Weight. We explore the
influence of different high-pass filter weighting factors (1) in
our proposed frequency-domain loss. As shown in Table 4,
while introducing frequency-domain supervision is crucial
for capturing fine-grained details, assigning an excessively
large weight to the high-pass filter gradually degrades the
overall depth estimation performance. This performance
drop suggests that an overly aggressive high-pass penalty
may amplify high-frequency noise, which consequently dis-
rupts the established geometric structure. We find that set-
ting A to a relatively small value (specifically, A = 0.6) yields
the optimal balance, effectively enhancing edge sharpness
without compromising global structural stability.

Ablation of Different External Encoders. We investi-
gate the impact of utilizing various pre-trained vision foun-
dation models (DINOv2, OpenCLIP, and SAM) to provide
semantic priors in our Stage 1 Feature Alignment module.
As shown in Table 5, introducing external representations

Virtual KITTI improves outdoor performance.

does not universally benefit the depth estimation process.
For instance, OpenCLIP and SAM occasionally degrade
the Absolute Relative error (AbsRel) on the indoor NYUv2
dataset compared to the baseline. This indicates that while
OpenCLIP excels at image-level semantics and SAM at
segmenting instance boundaries, their feature spaces may
lack the continuous, fine-grained spatial geometric repre-
sentations required for dense depth regression. In contrast,
DINOV2 consistently delivers the most superior and bal-
anced performance across both indoor and outdoor scene
types. We attribute this to DINOv2’s self-supervised patch-
level training architecture, which extracts robust, localized
semantic features that align most effectively with the gener-
ative features of our U-Net, providing the optimal structural
guidance needed to prevent texture overfitting.

5. Conclusion

We presented ApDepth, a monocular depth estimation
model that leverages a deterministic single-step diffusion
framework to achieve highly efficient inference while pre-
serving fine-grained edge details. Unlike prior diffusion
models that struggle with either prohibitive multi-step la-
tency or severe edge degradation in accelerated generation,
our model utilizes a pre-trained data-driven MDE model
to provide a stable structural baseline in a single forward
pass. To tackle the inherent loss of high-frequency details
in single-step inference, we introduce a coarse-to-fine two-
stage training paradigm. This strategy features an enhanced
Feature Alignment via Cosine Similarity, and a Spatial-
and Frequency-Domain Loss strategy to explicitly recover
sharp depth edges. Benefiting from these designs, ApDepth
effectively balances computational efficiency and structural
accuracy, achieving highly competitive, and often superior,
performance across multiple benchmarks.
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Figure 7: Comparison with Different Model-Driven Approaches on InDoor Images
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Figure 8: Comparison with Different Model-Driven Approaches on Outdoor Images

JW Wang et al.: Preprint submitted to Elsevier Page 17 of 18



