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MonoDiffusion: Self-Supervised Monocular Depth
Estimation Using Diffusion Model
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Abstract—Over the past few years, self-supervised monocular
depth estimation has received widespread attention. Most efforts
focus on designing different types of network architectures and
loss functions or handling edge cases, for example, occlusion and
dynamic objects. In this work, we take another path and propose
a novel conditional diffusion-based generative framework for self-
supervised monocular depth estimation, dubbed MonoDiffusion.
Because the depth ground-truth is unavailable in a self-supervised
setting, we develop a new pseudo ground-truth diffusion process
to assist the diffusion for training. Instead of diffusing at a fixed
high resolution, we perform diffusion in a coarse-to-fine manner
that allows for faster inference time without sacrificing accuracy
or even better accuracy. Furthermore, we develop a simple yet
effective contrastive depth reconstruction mechanism to enhance
the denoising ability of model. It is worth noting that the proposed
MonoDiffusion has the property of naturally acquiring the depth
uncertainty that is essential to be implemented in safety-critical
cases. Extensive experiments on the KITTI, Make3D and DIML
datasets indicate that our MonoDiffusion outperforms prior state-
of-the-art self-supervised competitors. The source code will be
publicly available upon the acceptance.

Index Terms—Monocular depth estimation, Conditional diffu-
sion, Self-supervised learning

I. INTRODUCTION

MOnocular depth estimation (MDE) is one of the funda-
mental tasks in the computer vision community, with

many applications, e.g., 3D reconstruction, scene understand-
ing and autonomous driving [1]–[3]. Recently, learning-based
approaches [4]–[6] have achieved remarkable advances, where
the fully supervised MDE [7]–[11] achieves higher accuracy
due to the available depth ground-truth. Nevertheless, the depth
ground-truth is hard to acquire because of expensive hardware
sensors, sensor noise, limited operating capabilities, etc.

Self-supervised MDE [5], [12]–[14] has been proposed as
a promising alternative by formulating the MDE as a task of
novel view synthesis. When leveraging stereo image pairs, the
motion of the camera is available, allowing for the use of a
separate depth estimation network in the training phase. When
training on monocular videos, an additional pose network is
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Fig. 1. Conditional coarse-to-fine diffusion process in our MonoDiffusion.
It consists of three stages at different resolutions. During the two finer stages,
the denoised depth prediction from the prior stage is combined with the visual
image as conditions to strengthen the denoising process.

necessary to estimate the camera motion. Nevertheless, self-
supervised MDE that depends solely on monocular videos is
preferred because of the difficulties in collecting stereo data,
for example, intricate configurations and data processing. In
order to boost the performance of the task, recent approaches
have focused on developing improved loss functions [15]–[17],
leveraging geometric constraints [18] and disparity offset re-
finement [19], incorporating discrete disparity prediction [20]
and feature representation learning [21], employing semantic
information [22], [23] to deal with dynamic objects and occlu-
sions, and integrating Convolutional Neural Networks (CNNs)
with Transformers [24] to implement more powerful network
architectures. As a result, they fall under the discriminative-
based paradigm.

Diffusion models [25]–[28] have emerged as highly effec-
tive generative models, showcasing impressive success [29].
Based upon these progressions, recent studies [30]–[32] have
searched into controllable image synthesis by leveraging ex-
ternal conditions. These approaches now make training more
efficient and achieve superior performance across a wide range
of generative tasks [33]–[35]. In light of this, there has been
a growing surge of interest in introducing diffusion models to
downstream discriminative tasks, e.g., face anti-spoofing [36],
dense matching [37], [38], pose estimation [39], [40], semantic
segementation [41]–[44] and depth estimation [45]–[49]. They
have achieved fruitful outcomes but are limited to a supervised
setting where the target ground-truth is available. Given the
impressive generative capabilities of diffusion models, it is
natural to inquire how efficacious these models are for self-
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Fig. 2. Illustration of the depth smearing phenomenon, which has been
highlighted by the red box. The depth of the tree silhouettes exhibits severe
smearing.

supervised monocular depth estimation, especially considering
that the target depth ground-truth is unavailable during train-
ing and therefore standard forward diffusion is not applica-
ble. Moreover, in contrast to prior discriminative-based self-
supervised depth estimation methods [15]–[20], introducing
diffusion models enjoys the following several benefits: i) The
powerful generative capabilities hold the potential of deriving
higher-quality depth predictions; ii) Reframing self-supervised
monocular depth estimation as a conditional denoising process
offers a promising avenue to push the boundaries of the task
to greater heights; iii) Natural awareness of the prediction
uncertainty enables safety-critical applications.

In this paper, we give the answer and propose MonoDiffu-
sion, a novel conditional diffusion-based generative framework
for self-supervised monocular depth estimation. During train-
ing, we introduce a new pseudo ground-truth diffusion process
to implement the forward diffusion in a coarse-to-fine manner,
which consists of three stages. Specifically, we first pre-train
a standard depth model in a self-supervised fashion, which we
designate as a teacher model. At the initial stage, we append
the Gaussian noise governed by a noise schedule [26] to the
coarsest pseudo ground-truth generated by the teacher model
to obtain noisy samples. Next, we embed the noisy samples
to acquire noise embeddings and merge them with the visual
conditions extracted from the image and the time embeddings
acquired from the current timestep. These merged features are
then input into a noise predictor to obtain a noise prediction.
The following two stages are similar to the initial stage. The
differences are that we perform diffusion on the finer pseudo
ground-truth and further encode the denoised depth prediction
from the previous stage to acquire geometric conditions, which
are combined with the image conditions as visual conditions
for the next stage. From coarse to fine, the number of total
forward and reverse diffusion steps decreases. Compared with
the traditional fixed high-resolution diffusion, such a coarse-
to-fine diffusion manner (Fig. 1) allows for faster inference
time without compromising accuracy or even better accuracy.
As a by-product, the teacher model also enables us to impose
a knowledge distillation loss on the denoised depth prediction
to improve the results. In order to alleviate the negative impact

of depth errors in pseudo ground-truth, we leverage a multi-
view check filter [19] to filter out erroneous depth. The depth
of a scene point, when predicted using images from different
views, is expected to be identical or very close after being
transformed to the same view. If it is not, this indicates that
the depth data contains large errors and should be discarded.
Furthermore, we observe that the denoised depth prediction
tends to display depth smearing in boundary regions, as shown
in Fig. 2. To alleviate this, we develop a simple yet effective
contrastive depth reconstruction mechanism to strengthen the
model denoising ability through fully exploiting the contextual
information.

To summarize, our contributions are listed as follows:

• We investigate the utility and efficacy of diffusion models
for self-supervised monocular depth estimation, in which
the standard forward diffusion is not practical due to the
absence of depth ground-truth.

• We introduce a generative framework, termed as MonoD-
iffusion, by formulating self-supervised monocular depth
estimation as a conditional denoising process, providing
a compelling pathway to push the boundaries of the task
to newer heights.

• We devise a coarse-to-fine pseudo ground-truth diffusion
process to realize the forward diffusion and a contrastive
depth reconstruction mechanism to further reinforce the
model denoising ability.

• The proposed MonoDiffusion outperforms previous state-
of-the-art self-supervised competitors on the KITTI [50],
Make3D [51] and DIML [9] datasets.

II. RELATED WORK

A. Monocular Depth Estimation

MDE aims to predict depth from a single image, which is an
ill-posed problem because there are infinitely many 3D scenes
that can be projected onto the identical 2D image. The relevant
methods are broadly categorized into two groups.

Supervised depth estimation uses depth ground-truth to es-
tablish supervision and has achieved outstanding performance.
Eigen et al. [4] introduced the first attempt of utilizing CNN to
perform multi-scale depth estimation. Then, Laina et al. [52]
utilized the residual CNN [53] to enable network optimization
to be easier. Cao et al. [54] and Fu et al. [55] discretized the
full depth range into multiple intervals and chose the optimal
interval as depth prediction. Yuan et al. [56] developed neural
window fully-connected conditional random fields (CRFs) to
reduce the computation in conventional CRFs. Shao et al. [57]
introduced the cross-distillation paradigm to integrate strengths
from CNN and Transformer. Liu et al. [58] enforced the first-
order variational constraint to regularize depth map. Shao et
al. [59] decoupled depth estimation into two subtasks, surface
normal and plane-to-origin distance estimation, to leverage the
inherent 3D geometric constraints. Bhat et al. [60] combined
the relative depth pre-training and metric depth fine-tuning to
achieve excellent generalization performance while preserving
metric scale. Nonetheless, these approaches depend heavily on
the depth ground-truth, which poses challenges in acquisition
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due to costly hardware sensors, sensor noise, limited operating
capabilities, etc.

Self-supervised depth estimation does not require costly
depth ground-truth and employs stereo image pairs or adjacent
frames in a video to generate the supervisory signal. As one of
the pioneering works, Zhou et al. [5] trained a depth network
and a pose network via novel view synthesis to estimate depth
and 6-degrees of freedom pose from unlabeled video sequence.
To handle edge cases such as dynamic objects and occlusion,
they developed an explainability mask to remove these regions.
Zou et al. [15] calculated rigid flow using depth and pose, and
enforced a consistency constraint with predicted optical flow as
an auxiliary supervisory signal. Godard et al. [16] introduced a
classical method and devised an auto-masking technique and a
per-pixel minimum re-projection loss to better handle dynamic
objects along with occlusion. Later, numerous self-supervised
MDE approaches have sprung out. Bian et al. [17] developed a
geometry consistency loss to obtain scale-consistent depth and
pose predictions. Liu et al. [61] designed a domain-separated
network to derive depth maps for both day and night images.
Ramamonjisoa et al. [62] exploited wavelet decomposition to
achieve efficient depth estimation. Johnston et al. [20] divided
the whole disparity range into multiple intervals and then used
the discrete disparity prediction to preserve depth boundaries.
Guizilini et al. [63] utilized symmetrical packing and unpack-
ing operations to train the compression and decompression of
detail-preserving representations. Liu et al. [19] utilized self-
reference distillation and disparity offset refinement to further
improve the performance. Zhang et al. [24] developed an effi-
cient hybrid architecture by combining CNN and Transformer.
Other approaches involve feature representation learning [21],
surface normal [18] and semantic segmentation [23], [64]. In a
stark contrast, we introduce the diffusion models and draw on
its strong generative capability to produce high-quality depth
predictions.

B. Diffusion Models

Diffusion models [25], [65] have been subject to widespread
attention due to their potent generation capability. The Denois-
ing Diffusion Probabilistic Model (DDPM) [25] introduced a
diffusion model featuring Markovian properties in both its for-
ward and reverse processes. The Denoising Diffusion Implicit
Model (DDIM) [26] improved upon DDPM by utilizing non-
Markovian chains to substitute the original diffusion process,
resulting in faster sampling speeds. Expanding on these break-
throughs, conditional diffusion models have emerged, utilizing
auxiliary conditions to implement controlled image synthesis.
Saharia et al. [31] introduced a versatile framework for image-
to-image translation by using the source image as an additional
condition through concatenation. In a similar vein, Brooks et
al. [66] made use of a conditional diffusion model trained with
paired image and text instructions for instruction-driven image
editing. On the flip side, several studies [67]–[69] have shifted
their focus towards enhancing image resolution. The Cascaded
Diffusion Model [67], for instance, utilized a cascaded pipeline
to gradually boost the resolution of synthesized images via the
diffusion denoising process.

C. Diffusion Models for Downstream Tasks

Lately, the impressive capabilities of diffusion models have
been broadened to deal with downstream discriminative tasks,
involving image segmentation [70]–[72], object detection [73],
dense matching [37], [38], pose estimation [39], [40], face
anti-spoofing [36] and depth estimation [45]–[49]. Neverthe-
less, these pioneering studies are restricted to a supervised
setting where the target ground-truth is provided. In scenarios
where the target ground-truth is unavailable during training, for
example, in self-supervised MDE, standard forward diffusion
becomes impractical. Thus, the effectiveness and applicability
of diffusion models in such scenarios remain unknown. This
paper aims to shed light on this issue. Additionally, rather than
employing a heavy U-Net with an encoder-decoder structure to
predict noise as conducted in [45], we develop a lightweight
noise predictor that consists of just three convolutional layers
and one embedding layer. In order to further strengthen the
computational efficiency, we develop a coarse-to-fine diffusion
process, enabling MonoDiffusion to achieve satisfactory re-
sults with only three denoising steps at the highest resolution.

III. PRELIMINARIES

Conditional diffusion models. The diffusion models, cate-
gorized within generative models, consist of two main types:
unconditional models [25], [65] and conditional models [74],
[75]. Concretely, unconditional diffusion models focus on ac-
quiring a direct approximation of the data distribution through
the learning process. Conditional diffusion models, in contrast,
are developed to estimate the data distribution under specific
conditions, for example, text prompt [74].

In the conditional diffusion models, the data distribution is
approximated by iteratively denoising a data sample from the
Gaussian noise. Suppose a sample x0, the forward diffusion
process involves the iterative addition of noise to x0 and gets
the noisy sample xτ . Mathematically,

q (xτ |x0 ) := N
(
xτ
∣∣√ατx0, (1− ατ )I

)
, (1)

with
ατ :=

∏τ

n=0
ατ =

∏τ

n=0
(1− βn), (2)

and
xτ =

√
ατx0 +

√
1− ατ ε, ε ∼ N (0, 1) , (3)

where τ consists of T steps, βn stands for the noise variance
schedule as DDPM [25] and N is the Gaussian noise.

As for the denoising process, a noise predictor εθ learns to
reverse the diffusion process and recover x0 under the guidance
of visual conditions c. Each denoising step is approximated by
a Gaussian distribution,

pθ (xτ−1 |xτ , c ) := N
(
xτ−1;µθ (xτ , τ, c) , σ2

τ I
)
, (4)

where µθ (xτ , τ, c) is acquired through the linear combination
of xτ and predicted noise εθ (xτ , τ, c), and σ2

τ stands for the
transition variance.

Self-supervised MDE frames the depth estimation as a task
of novel view synthesis and typically requires two networks,
a depth network and an additional pose network. The depth
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Fig. 3. An overview of the proposed MonoDiffusion. To facilitate training, we develop the coarse-to-fine pseudo ground-truth diffusion and contrastive depth
reconstruction. The knowledge distillation helps improve denoised depth predictions, while PoseNet and DepthNet are combined to achieve self-supervision.
It should be noted that the target frame ft is separately paired with the source frames ft−1 and ft+1 to acquire stacked image pairs, which are then fed into
PoseNet to generate the corresponding relative pose for each pair. In the evaluation phase, MonoDiffusion starts with a random noise map and iteratively
refines depth predictions using the coarse-to-fine denoising approach. The details of coarse-to-fine diffusion process are simplified in the flowchart.

network takes a single RGB image as input and generates a
corresponding depth map, while the pose network processes
a concatenated pair of images to estimate the 6-degrees of
freedom (DOF) relative pose involving three Euler angles and
a translation vector between them. To achieve supervision, the
predicted depth map is utilized to back-project each pixel into
3D camera space with the camera intrinsic. The acquired 3D
point cloud is then transformed to another view utilizing the
predicted relative pose. Suppose a target frame ft and a source
frame fs, the procedure is defined as

pt→s = KMt→sDtK−1pt, (5)

where pt→s denotes the mapped pixel coordinate from target
view t to source view s, pt denotes the pixel coordinate in
the target view, K denotes the camera intrinsic, Mt→s stands
for the transformation matrix from target view to source view,
converted from the 6-DOF pose and composed of a rotation
matrix and a translation vector, and Dt denotes the depth map
of target frame. Next, we can obtain a warped frame fs→t via

fs→t(p) = fs
〈
pt→s

〉
, (6)

where 〈·〉 denotes the warping operation [76]. The appearance
difference between fs→t and ft is used to supervise the whole

framework. As in most works, e.g., [16], [77], a combination
of L1 loss and structural similarity (SSIM) term [78] measures
the dissimilarity in appearance, written as

Lph =
∑

p

κ
1− SSIM

(
ft (p), fs→t (p)

)
2

+
∑

p

(1− κ)
∥∥ft (p)− fs→t (p)

∥∥
1
,

(7)

where Lph is referred to as the photometric loss and κ is set
to 0.85.

IV. METHODOLOGY

A. Overview

Fig.3 illustrates a comprehensive overview of our proposed
framework. During the training phase, MonoDiffusion mainly
involves the coarse-to-fine pseudo ground-truth diffusion and
the contrastive depth reconstruction. The knowledge distilla-
tion is integrated into the framework, facilitating more accurate
denoised depth predictions. The teacher model based on Lite-
Mono [24], which is pre-trained in a self-supervised manner,
guides the learning process but is discarded once the training
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is completed. The PoseNet is deployed together with Depth-
Net to achieve self-supervision. During the evaluation phase,
MonoDiffusion carries out a coarse-to-fine denoising process,
initiating with a random noise map and gradually refining the
depth predictions through iterative denoising steps. In order to
streamline the flowchart, the details of coarse-to-fine diffusion
are omitted. More specifics will be elaborated in the following
sections.

B. Training

The diffusion-based methods typically construct the forward
diffusion process from the target ground-truth, which however
is not available in self-supervised MDE during training. Addi-
tionally, the diffusion models recover samples in a progressive
manner, necessitating multiple iterations of the model. In order
to obtain satisfactory results, previous methods, such as [46],
employ a large number of iterations on a fixed high resolution
(20 denoising steps in [46]), which significantly increases the
computational overhead. In terms of the first issue, we develop
a pseudo ground-truth diffusion process. The pseudo ground-
truth is generated by a pre-trained teacher model. As for the
second problem, we develop a coarse-to-fine diffusion process,
where more iterations are performed in the coarser stages to
reduce the computational complexity while fewer iterations are
executed in the finer stages to capture the fine-grained details.
Our MonoDiffusion achieves satisfactory results requiring only
three denoising steps at the highest resolution.

Coarse-to-fine pseudo ground-truth diffusion. We begin
by pre-training a teacher model based upon Lite-Mono [24], a
self-supervised monocular depth estimator. The full diffusion
process consists of three stages, performed at 1/4 resolution,
1/2 resolution, and original resolution, respectively.

In the initial stage, we append the Gaussian noise, controlled
by a noise schedule [26], to the coarsest pseudo ground-truth
generated by the teacher model, achieving a noisy sample Dτ ,

q (Dτ |Dpseudo ) := N
(
Dτ
∣∣√ατDpseudo, (1− ατ )I

)
, (8)

where Dpseudo corresponds to the pseudo ground-truth. Next,
we use a convolutional layer to embed the noisy sample and an
embedding layer to embed the current timestep. The resultant
noise and time embeddings are fused with the visual conditions
extracted from the image. Then, these fused features are input
into the noise predictor to derive a noise prediction.

The subsequent stages follow a similar procedure, but with
some variations. Specifically, we append the Gaussian noise to
the finer pseudo ground-truth. The denoised depth prediction
from the previous stage is further encoded via a convolutional
layer to obtain geometric conditions, which are combined with
the image conditions to constitute visual conditions. The image
conditions are varied across different stages and correspond to
the 1/4 resolution features, 1/2 resolution features, and original
resolution features from the decoder, providing rich multi-scale
information. From the initial to last stage, the number of total
forward and reverse diffusion steps are set to 250, 200, 150
and 5, 4, 3, respectively.

As a by-product, the teacher model also allows for imposing
a knowledge distillation loss on the denoised depth prediction.

The knowledge distillation paradigm distills knowledge from
the teacher model to the student model, which is beneficial to
improve the performance [57]. In order to mitigate the adverse
impact of depth errors in the pseudo ground-truth, we adopt a
multi-view check filter [19] to filter out erroneous depth. The
knowledge distillation loss is thus defined as

LKD =
∑

p

Φ(p)�
(
Dt (p)− Dpseudo (p)

)
, (9)

where Φ(p) stands for the multi-view check filter, � denotes
the element-wise multiplication. The core principle of multi-
view check is similar to that of the novel view synthesis in
achieving self-supervision. To specify, we first obtain the depth
maps for both the target frame ft and the source frame fs using
the depth network. These two frames are then stacked along
the channel dimension to acquire an image pair, which is fed
into the pose network. The pose network derives the 6-DOF
relative pose between the two frames, which is subsequently
converted into a transformation matrix Mt→s. Next, we draw
on Eq. 5 to get each projected point pt→s in the source view
and acquire a warped depth map,

Ds→t(p) = Ds
〈
pt→s

〉
, (10)

where Ds stands for the depth map of source frame. Similar to
the projection procedure depicted in Eq. 5, we leverage Ds→t
to perform a reprojection procedure to acquire each reprojected
2D point p̃s→t and reprojected depth map D̃

s→t
(p) in the

target view through KMs→tDs→tK−1ps, where Ms→t is the
inverse matrix of Mt→s. Thereafter, a reprojection error erepro
and a geometry error egeo are defined as

erepro =
∥∥∥p̃s→t − pt

∥∥∥
2
, (11)

egeo =

∣∣∣D̃s→t (p)− Dt (p)
∣∣∣

Dt (p)
, (12)

The determination of valid pixels for multi-view check filter
is achieved by

{p} = {p |erepro < aerepro, egeo < begeo } , (13)

where erepro and egeo denote the average over all pixels and
a and b are set to 4 based on [19]. The teacher model will be
discarded once the training phase is completed.

Contrastive depth reconstruction. As presented in Fig. 2,
the denoised depth prediction tends to exhibit depth smearing
in boundary regions. To mitigate this issue, we develop a sim-
ple yet effective contrastive depth reconstruction mechanism
to further enhance the denoising ability of MonoDiffusion by
fully exploiting the contextual information, taking inspiration
from the masked image modeling [79], [80]. Unlike previous
methods that randomly mask the input tokens to train the en-
coder, we aim to train stronger noise predictors in the decoder.
Hence, our paradigm is more like a masked “autodecoder”.

For this aim, we generate random masks to remove tokens
from the multi-scale feature tokens propagated by the encoder.
To prevent information leakage, these masks are shared oth-
erwise the masked information may be easily borrowed from
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TABLE I
QUANTITATIVE DEPTH COMPARISON ON THE KITTI DATASET WITH THE EIGEN SPLIT [4]. THE DEFAULT RESIZING FOR ALL INPUT IMAGES IS SET

TO 640× 192, UNLESS OTHERWISE SPECIFIED. THE BEST AND SECOND BEST RESULTS ARE INDICATED IN BOLD AND UNDERLINED, RESPECTIVELY. THE
FOLLOWING ABBREVIATIONS ARE USED: “M” STANDS FOR KITTI MONOCULAR VIDEOS, “M+SE” INDICATES MONOCULAR VIDEOS WITH ADDED

SEMANTIC SEGMENTATION, “M*” REPRESENTS INPUT RESOLUTION OF 1024× 320, AND “M†” DENOTES BACKBONES WITHOUT PRE-TRAINING ON
IMAGENET [81]. MONODIFFUSION AND MONODIFFUSION-8M ADOPT THE SAME ENCODER AS LITE-MONO AND LITE-MONO-8M, RESPECTIVELY.

ASIDE FROM THE DEPTH ERROR AND ACCURACY, WE REPORT THE MODEL SIZE.

Method Year Data
Depth Error (↓) Depth Accuracy (↑) Model Size (↓)

Abs Rel Sq Rel RMSE RMSE log δ < 1.25 δ < 1.252 δ < 1.253 Params.
GeoNet [82] 2018 M 0.149 1.060 5.567 0.226 0.796 0.935 0.975 31.6M
DDVO [83] 2018 M 0.151 1.257 5.583 0.228 0.810 0.936 0.974 28.1M

Monodepth2-Res18 [16] 2019 M 0.115 0.903 4.863 0.193 0.877 0.959 0.981 14.3M
Monodepth2-Res50 [16] 2019 M 0.110 0.831 4.642 0.187 0.883 0.962 0.982 32.5M

SGDepth [23] 2020 M+Se 0.113 0.835 4.693 0.191 0.879 0.961 0.981 16.3M
Johnston et al. [20] 2020 M 0.111 0.941 4.817 0.189 0.885 0.961 0.981 14.3M+

CADepth-Res18 [84] 2021 M 0.110 0.812 4.686 0.187 0.882 0.962 0.983 18.8M
HR-Depth [85] 2021 M 0.109 0.792 4.632 0.185 0.884 0.962 0.983 14.7M

Lite-HR-Depth [85] 2021 M 0.116 0.845 4.841 0.190 0.866 0.957 0.982 3.1M
R-MSFM3 [86] 2021 M 0.114 0.815 4.712 0.193 0.876 0.959 0.981 3.5M
R-MSFM6 [86] 2021 M 0.112 0.806 4.704 0.191 0.878 0.960 0.981 3.8M

MonoFormer [87] 2023 M 0.108 0.806 4.594 0.184 0.884 0.963 0.983 23.9M+
SRDepth-Res18 [19] 2023 M 0.111 0.762 4.619 0.186 0.877 0.961 0.983 23.3M

Lite-Mono [24] 2023 M 0.107 0.765 4.561 0.183 0.886 0.963 0.983 3.1M
MonoDiffusion (ours) 2024 M 0.103 0.720 4.412 0.178 0.894 0.965 0.984 3.1M

Monodepth2-Res18 [16] 2019 M† 0.132 1.044 5.142 0.210 0.845 0.948 0.977 14.3M
Monodepth2-Res50 [16] 2019 M† 0.131 1.023 5.064 0.206 0.849 0.951 0.979 32.5M

R-MSFM3 [86] 2021 M† 0.128 0.965 5.019 0.207 0.853 0.951 0.977 3.5M
R-MSFM6 [86] 2021 M† 0.126 0.944 4.981 0.204 0.857 0.952 0.978 3.8M
Lite-Mono [24] 2023 M† 0.121 0.876 4.918 0.199 0.859 0.953 0.980 3.1M

MonoDiffusion (ours) 2024 M† 0.117 0.828 4.764 0.192 0.867 0.958 0.982 3.1M

Monodepth2-Res18 [16] 2019 M* 0.115 0.882 4.701 0.190 0.879 0.961 0.982 14.3M
R-MSFM3 [86] 2021 M* 0.112 0.773 4.581 0.189 0.879 0.960 0.982 3.5M
R-MSFM6 [86] 2021 M* 0.108 0.748 4.470 0.185 0.889 0.963 0.982 3.8M
HR-Depth [85] 2021 M* 0.106 0.755 4.472 0.181 0.892 0.966 0.984 14.7M

SRDepth-Res18 [19] 2023 M* 0.106 0.673 4.379 0.180 0.886 0.965 0.984 23.3M
Lite-Mono [24] 2023 M* 0.102 0.746 4.444 0.179 0.896 0.965 0.983 3.1M

Lite-Mono-8M [24] 2023 M* 0.097 0.710 4.309 0.174 0.905 0.967 0.984 8.7M
MonoDiffusion (ours) 2024 M* 0.098 0.690 4.289 0.174 0.904 0.967 0.984 3.1M

MonoDiffusion-8M (ours) 2024 M* 0.095 0.670 4.219 0.171 0.909 0.968 0.984 8.8M

MonoViT-tiny [88] 2022 M 0.102 0.733 4.459 0.177 0.895 0.965 0.984 10.3M
Lite-Mono-8M [24] 2023 M 0.101 0.729 4.454 0.178 0.897 0.965 0.983 8.7M

MonoDiffusion-8M (ours) 2024 M 0.099 0.702 4.385 0.176 0.899 0.966 0.984 8.8M

feature tokens of different resolutions. In practice, we generate
a mask with the highest resolution, and leverage nearest neigh-
bor interpolation to acquire a pyramid of masks. These masked
feature tokens are further aggregated into masked conditions
through learnable layers composed of 3× 3 convolutions and
upsampling layers. We make use of the masked conditions to
reconstruct the denoised depth map guided by the complete
conditions, instead of the RGB image in [79], [80].

The reconstruction loss is defined as

Lrec =
∑

p

∣∣∣D̂t (p)− Dt (p)
∣∣∣, (14)

where D̂
t

denotes the denoised depth prediction using masked
conditions.

C. Inference

When provided a test image as conditional input, the model
begins with a random noise map sampled from the Gaussian

distribution and refines its predictions iteratively in a coarse-
to-fine manner. We select the DDIM update rule [26] for the
sampling. At each sampling step, the fused noise embeddings,
time embeddings and visual conditions serve as input to the
noise predictors for noise predictions. Then, we make use of
the reparameterization trick to calculate the noise maps for the
next step. The denoising step will be repeated until reaching
the final step.

Due to the stochastic nature of the noise map initialization,
regions with high uncertainty in the depth map exhibit diverse
outcomes with different noise map initializations. This vari-
ability enables us to estimate the uncertainty corresponding to
the depth map by employing multiple noise map initializations
and calculating the variance. Nonetheless, we observe that the
distinction in the initialization of different noise maps is not
readily apparent in the numerical results due to the averaging
operation, so we opt to employ a single noise map initialization
when presenting numerical results, unless otherwise specified.
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Input GT Lite-Mono MonoDiffusion (ours)

Fig. 4. Qualitative depth comparison on the KITTI dataset. The white boxes indicate the regions to emphasize. GT stands for the corresponding ground-
truth depth maps. MonoDiffusion predicts depth more accurately than Lite-Mono, preserving object shapes and handling complex cases like shadows more
robustly.

TABLE II
QUANTITATIVE DEPTH COMPARISON ON THE KITTI EIGEN SPLIT, WITH IMPROVED GROUND-TRUTH FROM [89].

Method Year Data
Depth Error (↓) Depth Accuracy (↑) Model Size (↓)

Abs Rel Sq Rel RMSE RMSE log δ < 1.25 δ < 1.252 δ < 1.253 Params.
GeoNet [82] 2018 M 0.132 0.994 5.240 0.193 0.883 0.953 0.985 31.6M
DDVO [83] 2018 M 0.126 0.866 4.932 0.185 0.851 0.958 0.986 28.1M
Ranjan [90] 2019 M 0.123 0.881 4.834 0.181 0.860 0.959 0.985 -
EPC++ [91] 2019 M 0.120 0.789 4.755 0.177 0.856 0.961 0.987 -

Monodepth2-Res18 [16] 2019 M 0.090 0.545 3.942 0.137 0.914 0.983 0.995 14.3M
Johnston et al. [20] 2020 M 0.081 0.484 3.716 0.126 0.927 0.985 0.996 14.3M+

R-MSFM6 [86] 2021 M 0.082 0.432 3.658 0.127 0.924 0.985 0.996 3.8M
Lite-Mono [24] 2023 M 0.077 0.405 3.514 0.120 0.931 0.987 0.997 3.1M

MonoDiffusion (ours) 2024 M 0.073 0.377 3.451 0.115 0.935 0.988 0.997 3.1M

D. Network Architecture and Overall Loss

Both depth networks adopt the prevalent encoder-decoder
architecture. The teacher model is Lite-Mono-8M [24]. On the
other hand, the student model uses two encoders from Lite-
Mono family in different settings, which are the same as Lite-
Mono and Lite-Mono-8M, respectively. Its decoder is adapted
from [24] and multi-scale feature tokens from the encoder are
aggregated into image conditions via 3×3 convolutional layers
and upsampling layers. We make use of three noise predictors
corresponding to coarse-to-fine diffusion-denoising stages.

The pose network design is same to prior works [16], [24],
where a pre-trained ResNet18 [53] is employed as the encoder
and four convolutional layers with global average pooling are
used as the decoder. It receives a stacked pair of images and
estimates a 6-DOF relative pose between them.

Diffusion denoising loss. In line with previous work [26],
we employ a diffusion denoising loss to supervise the predicted
noise,

Ldd =
∑

p

‖ε− εθ (Dτ , τ, c)‖2. (15)

Edge-aware smoothness loss. As defined in [16], we apply
an edge-aware smoothness loss to encourage the smoothness
property of depth map,

Les =
∑

p

∣∣∇Dt (p)
∣∣� exp−‖∇ft(p)‖

1 , (16)

where ∇Dt (p) and ∇ft (p) calculates the first-order gradients
of depth map and RGB image, respectively.

Overall loss. The full optimization objective is summarized
as

Loverall = λ1Lph+λ2LKD+λ3Lrec+λ4Ldd+λ5Les, (17)

where λ1, λ2, λ3 and λ4 are empirically set to 1, 1, 0.1, 1,
and 1e-3, respectively. Similar to [16], we employ two source
frames in Lph and the one with the minimum Lph is chosen to
handle occlusion. Moreover, an auto-masking mechanism [16]
is used to deal with dynamic objects. Because our coarse-to-
fine diffusion process enables the acquisition of depth maps at
three different scales, the above loss functions are concurrently
applied to these three depth maps. For simplicity, we omit this
detail.

V. EXPERIMENT

A. Datasets and Evaluation Metrics

The KITTI dataset is composed of 61 stereo road scenarios
with the image resolution around 1241× 376 pixels. The data
collection involves multiple sensors such as cameras, 3D Lidar,
GPU/IMU, among others. We adopt the Eigen split [4], which
comprises 39180 monocular triplets for training, 4424 images
for validation, and 697 images for testing. As in [16], we adopt
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Input Monodepth2 Lite-Mono MonoDiffusion (ours)

Fig. 5. Qualitative point cloud results on the KITTI dataset. The white boxes highlight the regions to focus on. MonoDiffusion reduces distortion and
preserves geometry better than Monodepth2 and Lite-Mono, showing the strong generative ability of the diffusion model.

Input GT Lite-Mono MonoDiffusion (ours)

Fig. 6. Qualitative depth comparison on the Make3D dataset. The white boxes indicate the regions of interest, and GT refers to the ground-truth depth
maps. MonoDiffusion produces more continuous depth maps and accurately separates the outlines of closely positioned trees.

the same intrinsic for all images by averaging the intrinsic of
each image. During the evaluation phase, the predicted depth
is constrained to the common practice range of [0, 80]m.

The Make3D dataset consists of 134 test images collected
from outdoor scenes and the DIML dataset involves 500 test
images captured from outdoor scenes. We only leverage these
two datasets for a zero-shot generalization study by utilizing
models trained on the KITTI dataset.

B. Evaluation Metrics

Similar to [24], we employ the following evaluation metrics
in our experiments,

• Abs Rel: 1
‖D‖1

∑
d∈D |dt − d|/d;

• Sq Rel: 1
‖D‖1

∑
d∈D ‖dt − d‖

2
/d;

• RMSE:
√

1
‖D‖1

∑
d∈D ‖dt − d‖

2;

• RMSE log:
√

1
‖D‖1

∑
d∈D ‖log dt − log d‖2;

• δ < thr: % of d satisfies
(

max
(
dt
d ,

d
dt

)
= δ < thr

)
for

thr = 1.25, 1.252, 1.253.

Abs Rel, Sq Rel, RMSE and RMSE log are depth error metrics
and the lower the better. δ < 1.25, δ < 1.252 and δ < 1.253

are depth accuracy metrics and the higher the better. Because
the self-supervised MDE system has inherent scale ambiguity,

TABLE III
QUANTITATIVE COMPARISON ON THE MAKE3D DATASET. ALL MODELS

ARE TRAINED ON KITTI WITH AN IMAGE RESOLUTION OF 640× 192.

Method Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE log↓

Monodepth [92] 0.544 10.940 11.760 0.193
SfMLearner [5] 0.383 5.321 10.470 0.478

DDVO [83] 0.387 4.720 8.090 0.204
Monodepth2 [16] 0.322 3.589 7.417 0.163
R-MSFM6 [86] 0.334 3.285 7.212 0.169
Lite-Mono [24] 0.305 3.060 6.981 0.158

MonoDiffusion 0.297 2.871 6.877 0.156

we make use of the median scaling technique introduced by [5]
to recover the absolute scale for depth evaluation.

C. Implementation Details

MonoDiffusion is implemented in the PyTorch library and
trained on a single NVIDIA TITAN RTX. We use the AdamW
optimizer [93] where the weight decay is 1e-2 and the batch
size is set to 12. When training models from scratch, an initial
learning rate of 5e-4 is adopted along with a cosine learning
rate schedule [94]. The training process runs a total number of
35 epochs in this scenario. It is observed that pre-training on
the ImageNet [81] accelerates network convergence, resulting
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Input Monodepth2 Lite-Mono MonoDiffusion (ours)

Fig. 7. Qualitative point cloud results on the Make3D dataset. The white boxes mark the regions of interest. The compared methods have difficulty with
structures like dense foliage, flat walls, and thin railings, while MonoDiffusion demonstrates better performance in reconstructing these features.

Input Lite-Mono MonoDiffusion (ours)GT

Fig. 8. Qualitative depth comparison on the DIML dataset. The white boxes show the regions of interest, and GT represents the ground-truth depth maps.
Lite-Mono tends to have black holes in the depth maps, while MonoDiffusion shows better generalization.

in a shorter training time of 30 epochs when loading the pre-
trained weights. Moreover, the initial learning rate is adjusted
to 1e-4. Following [24], [87], we leverage random horizontal
flip as well as random brightness adjustment, saturation adjust-
ment, contrast adjustment and hue jitter with a 50% chance.

D. Comparison to Prior State-of-the-Arts

We compare the proposed MonoDiffusion with prior state-
of-the-art competitors on the Eigen split of KITTI benchmark.
We mainly focus on training with monocular videos in three
settings: 640 × 192 resolution, without pre-training on Ima-
geNet and 1024× 320 resolution. The results are summarized
in Table I. As we can see, MonoDiffusion is able to exceed the
compared methods in each setting and beats recent Lite-Mono
with almost identical number of parameters. Moreover, even
compared to semantic segmentation-assisted methods such as
SGDepth, MonoDiffusion shows great advantages. In Table II,
we show the results on the Eigen split with improved ground-
truth. Once again, MonoDiffusion achieves better performance
than the compared methods in most metrics.

Fig. 4 shows a qualitative depth comparison. For the depth
map predicted by Lite-Mono, the warning pole appears thicker
than it actually is, whereas MonoDiffusion maintains its origi-
nal shape more accurately. Besides, MonoDiffusion is better at

TABLE IV
QUANTITATIVE COMPARISON ON THE DIML DATASET. ALL MODELS

ARE TRAINED ON THE KITTI DATASET USING IMAGES WITH A
RESOLUTION OF 640× 192.

Method Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE log↓

SfMLearner [5] 0.235 0.427 1.477 0.330
DDVO [83] 0.262 0.492 1.669 0.364

Monodepth2 [16] 0.185 0.298 1.140 0.249
HRDepth [85] 0.183 0.296 1.128 0.248

R-MSFM6 [86] 0.181 0.301 1.132 0.243
Lite-Mono [24] 0.173 0.271 1.108 0.239

MonoDiffusion 0.166 0.256 1.084 0.232

predicting the traffic sign and distant car. In a more complex
case, in which tree trunk is partially obscured by leaf shadows,
the depth map predicted by Lite-Mono exhibits discontinuity,
while MonoDiffusion is more robust to such a case. To further
show the strengths of MonoDiffusion, we convert depth maps
into point clouds and demonstrate the 3D structures in Fig. 5.
MonoDiffusion preserves key geometric features and achieves
less distortion than the compared methods. For example, the
railings in the middle row appear curved in the results of Mon-
odepth2 and Lite-Mono, whereas MonoDiffusion sustains the
straight geometric properties. The outstanding performance of
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TABLE V
ROBUSTNESS SUTDY ON THE CORRUPTED IMAGES OF KITTI DATASET. THE RESULTS OF LITE-MONO [24] ARE ACQUIRED USING PUBLICLY

AVAILABLE PRE-TRAINED WEIGHTS.

Corruption Type Method Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE log ↓ δ < 1.25 δ < 1.252 δ < 1.253

Clean
Lite-Mono [24] 0.107 0.765 4.561 0.183 0.886 0.963 0.983
MonoDiffusion 0.103 0.720 4.412 0.178 0.894 0.965 0.984

Noise
Speckle Noise

Lite-Mono [24] 0.119 0.838 5.017 0195 0.859 0.956 0.982
MonoDiffusion 0.110 0.740 4.660 0.184 0.876 0.962 0.984

Shot Noise
Lite-Mono [24] 0.139 1.006 5.613 0.218 0.813 0.940 0.978
MonoDiffusion 0.132 0.906 5.254 0.209 0.827 0.946 0.981

Blur
Motion Blur

Lite-Mono [24] 0.123 0.938 5.220 0.204 0.852 0.950 0.979
MonoDiffusion 0.116 0.839 5.040 0.197 0.862 0.954 0.981

Zoom Blur
Lite-Mono [24] 0.171 1.435 6.259 0.259 0.759 0.912 0.964
MonoDiffusion 0.162 1.241 5.864 0.243 0.775 0.922 0.970

Digital
Contrast

Lite-Mono [24] 0.128 1.026 5.206 0.206 0.847 0.950 0.979
MonoDiffusion 0.118 0.890 4.990 0.196 0.862 0.956 0.981

Brightness
Lite-Mono [24] 0.117 0.895 4.936 0.195 0.867 0.956 0.981
MonoDiffusion 0.112 0.823 4.747 0.187 0.876 0.960 0.982

Weather
Fog

Lite-Mono [24] 0.148 1.165 5.565 0.225 0.806 0.935 0.975
MonoDiffusion 0.136 1.009 5.326 0.212 0.827 0.946 0.979

Snow
Lite-Mono [24] 0.136 1.056 5.501 0.220 0.822 0.941 0.975
MonoDiffusion 0.130 0.963 5.239 0.211 0.835 0.946 0.978

our MonoDiffusion evidences the strong generative capability
of diffusion model.

E. Zero-shot Generalization

In Tables III and IV, we validate the generalization ability
of MonoDiffusion in a fully zero-shot setting. The models are
trained on the KITTI dataset but are evaluated on the Make3D
and DIML datasets. The superior results of our MonoDiffusion
indicate that it generalizes well to unseen scenarios. In Fig. 6,
we demonstrate a qualitative depth comparison on the Make3D
dataset. The depth maps of MonoDiffusion demonstrate better
continuity, for instance, in the regions of tree truck and wall.
Besides, we observe that in the second row, the outlines of the
two closely positioned trees are merged together in the depth
map from Lite-Mono, whereas MonoDiffusion accurately dis-
tinguishes them. In Fig. 7, we further demonstrate a qualitative
point cloud comparison on the Make3D dataset. The compared
methods struggle with the structures like lush foliage, flat walls
and thin railings. By contrast, MonoDiffusion is able to recover
these structures reasonably. In Fig. 8, we present a qualitative
depth comparison on the DIML dataset. It can be seen that
Lite-Mono tends to exhibit black holes in the predicted depth
maps, which may result from the significant distribution gap
between the KITTI training dataset and the DIML test set. On
the other hand, our MonoDiffusion shows better generalization
ability.

F. Robustness Study

Model robustness in depth estimation is important, as real-
world images are often susceptible to various types of cor-
ruption. In such scenarios, it is significant to develop a model
that remains resilient. In order to evaluate the robustness of the
proposed MonoDiffusion, we follow prior methods [95], [96]
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Fig. 9. Qualitative depth comparison of MonoDiffusion with and without
the contrastive depth reconstruction (CDR) mechanism. The red boxes
stand for the highlighted regions. The CDR mechanism alleviates the depth
smearing, which improves tree silhouettes and allows for better differentiation
between the depths of distant objects, such as the sky, and trees.

and test our model on the corrupted images. To be specific,
we append the corruptions including speckle noise, shot noise,
motion blur, zoom blur, contrast, brightness, fog and snow to
the images, respectively. Table V displays the depth estimation
results for the corrupted images of the KITTI test set. We can
see that the proposed method achieves higher robustness to all
types of corruption than Lite-Mono, making it more suitable
for the challenging scenarios.

G. Ablation Study

To better understand the influence of different components
in MonoDiffusion on performance, we provide detailed abla-
tion results.

Whole framework (Table VI). We use the Lite-Mono [24]
as our baseline (ID 1). The implementation of forward diffu-
sion is hard for self-supervised MDE due to the lack of depth
ground-truth. Accordingly, we develop a coarse-to-fine pseudo
ground-truth diffusion. The results verify the applicability and
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TABLE VI
ABLATION STUDY ON THE WHOLE FRAMEWORK. CFD: COARSE-TO-FINE PSEUDO GROUND-TRUTH DIFFUSION; CDR: CONTRASTIVE DEPTH

RECONSTRUCTION; KD: KNOWLEDGE DISTILLATION.

ID CFD CDR KD Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE log ↓ δ < 1.25 ↑ δ < 1.252 ↑ δ < 1.253 ↑

1 0.107 0.787 4.580 0.182 0.887 0.963 0.983
2 3 0.105 0.747 4.500 0.180 0.890 0.964 0.984
3 3 3 0.104 0.733 4.446 0.179 0.893 0.964 0.984
4 3 3 3 0.103 0.720 4.412 0.178 0.894 0.965 0.984

TABLE VII
EFFECT OF DIFFERENT TEACHER MODELS ON THE MONODIFFUSION. WE USE THE LITE-MONO-8M, LITE-MONO AND LITE-MONO-SMALL [24] AS
TEACHERS IN THE TRAINING PHASE, RESPECTIVELY. AMONG THESE THREE TEACHERS, LITE-MONO HAS THE SAME ENCODER AND IDENTICAL NUMBER

OF PARAMETERS AS MONODIFFUSION. 8.7 M, 3.1 M AND 2.5 M ARE THE NUMBER OF MODEL PARAMETERS.

Method Teacher Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE log ↓ δ < 1.25 ↑ δ < 1.252 ↑ δ < 1.253 ↑

Lite-Mono-8M (8.7 M) - 0.101 0.729 4.454 0.178 0.897 0.965 0.983
Lite-Mono (3.1 M) - 0.107 0.765 4.561 0.183 0.886 0.963 0.983

Lite-Mono-small (2.5 M) - 0.110 0.802 4.671 0.186 0.879 0.961 0.982

MonoDiffusion (3.1 M) Lite-Mono-8M 0.103 0.720 4.412 0.178 0.894 0.965 0.984
MonoDiffusion (3.1 M) Lite-Mono 0.104 0.737 4.453 0.178 0.891 0.964 0.984
MonoDiffusion (3.1 M) Lite-Mono-small 0.105 0.741 4.527 0.180 0.888 0.964 0.984

TABLE VIII
COMPARISON OF COMPUTATIONAL EFFICIENCY. INF.: INFERENCE TIME; FHD: FIXED HIGH-RESOLUTION PSEUDO GROUND-TRUTH DIFFUSION; CFD:

COARSE-TO-FINE PSEUDO GROUND-TRUTH DIFFUSION. 20, 15 AND 10 DENOTE THE NUMBER OF TOTAL DENOISING STEPS FOR FHD. TO ACHIEVE
SATISFACTORY RESULTS, THE FHD IS PERFORMED AT THE HIGHEST RESOLUTION. 5, 4 AND 3 STAND FOR THE NUMBER OF TOTAL DENOISING STEPS

FROM COARSE TO FINE.

Method Inf. (s) ↓ FLOPs (G) ↓ Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE log ↓

MonoDiffusion (w/ FHD, 20) 0.041 11.40 0.103 0.726 4.447 0.179
MonoDiffusion (w/ FHD, 15) 0.037 9.81 0.104 0.739 4.514 0.180
MonoDiffusion (w/ FHD, 10) 0.034 8.22 0.106 0.775 4.547 0.181

MonoDiffusion (w/ CFD, (5, 4, 3)) 0.028 6.57 0.103 0.720 4.412 0.178
Lite-Mono-8M [24] 0.039 11.21 0.101 0.729 4.454 0.178

MonoDiffusion (w/ CFD, (5, 4, 3)) 0.028 6.57 0.103 0.720 4.412 0.178

effectiveness of the diffusion models for self-supervised MDE
(ID 2). We further integrate the contrastive depth reconstruc-
tion mechanism and achieve consistent improvements in most
metrics (ID 3). Finally, we add the knowledge distillation in
the training phase and obtain the best results (ID 4).

Different teacher models (Table VII). Because our training
relies on the pseudo depth ground-truth derived by the teacher
model for forward diffusion, we further investigate the impact
of different teacher models on the MonoDiffusion. As can be
seen, different teachers do not have a particularly large impact
on performance. It is noteworthy that despite employing Lite-
Mono or Lite-Mono-small as the teacher model, MonoDiffu-
sion consistently achieves superior results compared to Lite-
Mono. Moreover, MonoDiffusion even exceeds Lite-Mono-8M
in certain metrics when the latter serves as the teacher model.

Computation efficiency (Table VIII). Diffusion-based
methods are usually computationally demanding due to the
traditional fixed high-resolution diffusion. We conduct a com-
parison between the proposed coarse-to-fine diffusion and the

Fig. 10. Effect of varying mask ratios in the contrastive depth recon-
struction mechanism, which is utilized only during the training phase. A
20% mask training ratio is optimal, while the model still produces acceptable
results with an 80% ratio.



IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. XX, NO. XX, XXXX 2024 12

C
o
a
rs

e-
to

-f
in

e
Reverse Diffusion (Denoising)

Fig. 11. Visualization of the coarse-to-fine denoising process in MonoDiffusion. The process involves three stages. Each stage begins with the initialization
of object shapes and edges, followed by the progressive refinement of depth values and correction of distance relationships.
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Fig. 12. Visualization of the uncertainty maps generated by the proposed MonoDiffusion. The uncertainty maps identify potential errors and emphasize
hard areas, such as car edges and thin trunks.

fixed high-resolution diffusion in terms of their inference time
and FLOPs. When the number of total denoising steps de-
creases, the performance of the fixed high-resolution diffusion-
based models gradually declines, albeit with an increase in
computation efficiency. In contrast, the model based on coarse-
to-fine diffusion not only has better computation efficiency but
also delivers better performance. In addition, we list the results
of discriminative-based Lite-Mono-8M as a comparison. The
proposed MonoDiffusion not only demonstrates strengths in
inference time and FLOPs but also exceeds it in key metrics
such as Sq Rel and RMSE.

Contrastive depth reconstruction. In Fig. 9, we present
a qualitative depth comparison between MonoDiffusion with
and without the contrastive depth reconstruction (CDR) mech-
anism. It can be seen that the CDR mechanism indeed allevi-
ates the depth smearing, e.g., better tree silhouettes. Besides,
the object depth at distant distances can be better recovered,
for instance, the sky. In the absence of CDR mechanism, the
depth of sky is similar to the depth of distant trees, but in fact
their depth should be highly different.

In Fig. 10, we further explore the impact of different mask
ratios in the CDR mechanism. We notice that 20% is the best
choice, and the model is capable of achieving feasible results
even with a mask training ratio of 80%.

Denoising inference. In Fig. 11, we demonstrate an intuitive
illustration showing the iterative refinement process of depth
from a random noise map. From left to right, these three stages
begin by initializing the shapes and boundaries of objects, then
progressively refine the depth values and rectify the inter- and
intra-object distance relationships. Besides, we notice that the
denoising process speeds up significantly at the finest stage.
We attribute this to the geometric conditions from the previous
stage, which allows for satisfactory results utilizing only three
denoising steps at the highest resolution.

In Fig. 12, we visualize the uncertainty maps generated by
MonoDiffusion through three random noise map initializations
and calculating the variance. It can be seen that the uncertainty
maps exhibit potential errors and highlight difficult regions, for
example, car edges and skinny trunks, enabling safety-critical
applications.

VI. CONCLUSION

In this paper, we investigate the utility and efficacy of dif-
fusion models for self-supervised monocular depth estimation
and introduce a novel generative framework by formulating it
as a conditional denoising process. In addition, we develop a
coarse-to-fine pseudo ground-truth diffusion process to assist
the diffusion and a contrastive depth reconstruction mechanism
to strengthen the denoising ability of model. Extensive experi-
ments on the KITTI, Make3D and DIML datasets validate the
efficacy of MonoDiffusion. We believe our new initiative will
encourage more sophisticated diffusion-based self-supervised
depth estimation achievements.
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