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Abstract

Current discriminative depth estimation methods often pro-
duce blurry artifacts, while generative approaches suffer from
slow sampling due to curvatures in the noise-to-depth trans-
port. Our method addresses these challenges by framing
depth estimation as a direct transport between image and
depth distributions. We are the first to explore flow matching
in this field, and we demonstrate that its interpolation trajecto-
ries enhance both training and sampling efficiency while pre-
serving high performance. While generative models typically
require extensive training data, we mitigate this dependency
by integrating external knowledge from a pre-trained image
diffusion model, enabling effective transfer even across dif-
fering objectives. To further boost our model performance,
we employ synthetic data and utilize image-depth pairs gen-
erated by a discriminative model on an in-the-wild image
dataset. As a generative model, our model can reliably es-
timate depth confidence, which provides an additional ad-
vantage. Our approach achieves competitive zero-shot per-
formance on standard benchmarks of complex natural scenes
while improving sampling efficiency and only requiring min-
imal synthetic data for training.

Code — https://github.com/CompVis/depth-fm

1 Introduction
Monocular depth estimation is pivotal for 3D scene under-
standing due to its numerous applications, ranging from core
vision tasks such as segmentation (He et al. 2021) and visual
synthesis (Zhang, Rao, and Agrawala 2023) to application
areas like robotics and autonomous driving (Cabon, Murray,
and Humenberger 2020; Geiger et al. 2013). Despite the re-
cent strides in this field, estimating realistic geometry from a
single image remains challenging. State-of-the-art discrim-
inative depth estimation models exhibit impressive overall
performance but still lack fine-grained high-frequency de-
tails (Yang et al. 2024a,b). Current generative-based meth-
ods (Ke et al. 2024; Fu et al. 2024) address this issue by
phrasing depth estimation as an image-conditional iterative
denoising process using diffusion models (Ho, Jain, and
Abbeel 2020; Song et al. 2021). Although they can generate
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realistic and accurate depth maps, these methods suffer from
extremely long inference times because of the integration
over a highly curved ordinary differential equation (ODE)
trajectory.

Flow Matching (FM) (Lipman et al. 2023; Liu, Gong,
and Liu 2023; Albergo et al. 2023; Albergo and Vanden-
Eijnden 2022; Neklyudov, Severo, and Makhzani 2022) is an
attractive alternative paradigm. These methods emerged as a
strong competitor to the currently prominent Diffusion Mod-
els (DM) (Sohl-Dickstein et al. 2015; Ho, Jain, and Abbeel
2020; Song et al. 2021) and offer enhanced flexibility in
trajectory design and starting distribution. While diffusion
models offer samples of great diversity, the curved diffusion
trajectories through solution space entail high computational
costs. Conversely, the straighter trajectories of flow match-
ing result in much faster processing (Lipman et al. 2023;
Lee, Kim, and Ye 2023). We hypothesize that these charac-
teristics of flow matching are a much better fit for image-
based depth estimation, in contrast to diffusion models. To
further enhance training and inference efficiency, we use
data-dependent couplings (Schusterbauer et al. 2024) for our
model, which we call DepthFM. Unlike conventional diffu-
sion models that start the generative process from noise and
end with a depth map, our method directly models the tra-
jectory from image to depth space.

However, there are several challenges in training efficient
generative depth estimation models. First, the computational
requirements for training generative models are extremely
high (Zhang et al. 2024). Second, annotating depth is very
difficult (Geiger, Lenz, and Urtasun 2012), making data ef-
ficiency a critical issue. To address these problems, we pro-
pose to seek external knowledge from a pre-trained image
diffusion model and a pre-trained discriminative depth esti-
mation model. We incorporate a strong image prior from un-
supervised generative training together with a strong depth
prior from a pre-trained discriminative model while preserv-
ing the advantages inherent to the generative approach. We
augment our model with prior information by fine-tuning
our approach from an image synthesis foundation model,
specifically, SD2.1 (Rombach et al. 2022). We show the fea-
sibility of transferring information between DM and FM by
fine-tuning a flow matching model from a diffusion model
prior. This provides our model with initial visual cues and
significantly speeds up training. It also allows us to train
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Figure 1: We present DepthFM, a high-fidelity, fast, and flexible generative monocular depth estimation model.

exclusively on a small amount of synthetic data and still
achieve robust generalization to real-world images.

In summary, to improve the sampling, training, and data
efficiency in generative depth estimation, our contributions
are as follows:

• We introduce DepthFM, a versatile and fast generative
model for monocular depth estimation. We are the first to
formulate monocular depth estimation as a direct trans-
port problem, represented via flow matching. By utiliz-
ing more flexible trajectory and distribution choices com-
pared to diffusion models, DepthFM enhances sampling
efficiency, leading to more efficient depth estimation.

• To enhance training and data efficiency, we leverage ex-
ternal knowledge from both the generative and discrim-
inative communities. We successfully transfer a robust
image prior from a pre-trained diffusion model to a flow
matching model, significantly reducing reliance on train-
ing data. Additionally, we demonstrate that a pre-trained,
off-the-shelf discriminative model can further boost the
performance of generative depth estimation.

• Ultimately, our findings show that flow matching is
highly efficient and capable of synthesizing depth maps
in a single inference step. Despite being trained solely on
synthetic data, DepthFM delivers competitive or state-of-
the-art performance on benchmark datasets and natural
images. Additionally, our method demonstrates state-of-
the-art performance in depth completion.

2 Related Works
Depth estimation can be broadly divided into discriminative
and generative methods. Prominent examples of discrimi-
native methods include MiDaS (Ranftl et al. 2020), Depth
Anything (Yang et al. 2024a,b), and Metric3D (Yin et al.
2023; Hu et al. 2024a).

Recently, generative diffusion-based models have been
explored for affine-invariant depth estimation (Ke et al.

2024; Fu et al. 2024). These models exploit the rich knowl-
edge embedded in large-scale vision foundation models to
produce high-quality depth maps. Despite their promising
results, diffusion-based methods face significant challenges.
First, they suffer from slow sampling times, even when using
ODE approximations to solve the underlying SDEs. Second,
the diffusion formulation relies on a Gaussian source distri-
bution (Sohl-Dickstein et al. 2015; Song and Ermon 2019),
which may not fully capture the natural relationship between
images and their corresponding depth maps.

In contrast, flow matching-based models (Lipman et al.
2023; Liu, Gong, and Liu 2023; Albergo et al. 2023) have
demonstrated promise across various tasks and offer faster
sampling speeds (Liu, Gong, and Liu 2023). Additionally,
optimal transport can be achieved even when source distri-
bution deviates from a Gaussian distribution, which is ad-
vantageous for certain tasks (Tong et al. 2023a). Our work
takes a first step in using flow matching for monocular depth
estimation, aiming to reduce sampling costs by leveraging
the inherent straight sampling trajectory (Lee, Kim, and Ye
2023). Furthermore, we seek to combine the strengths of
both discriminative and generative depth estimation by de-
signing a simple knowledge distillation pipeline and trans-
ferring knowledge from discriminative models to enhance
generative depth estimation.

To the best of our knowledge, no prior work has explored
the use of flow matching to facilitate the distribution transfer
between images and depth maps, despite their intuitive prox-
imity compared to noise and depth maps. In addition, we
aim to improve training efficiency by incorporating insights
from diffusion models, exploiting the similarity of their ob-
jectives (Lee, Kim, and Ye 2023). We discuss additional re-
lated work in the appendix.
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Figure 2: Overview of our training pipeline. We use flow
matching to regress the vector field between the image latent
x0 and the corresponding depth latent x1.

3 Methodology
Background: Flow Matching
Flow Matching (Lipman et al. 2023; Liu, Gong, and
Liu 2023; Albergo et al. 2023; Neklyudov, Severo, and
Makhzani 2022) belongs to the category of generative mod-
els designed to regress vector fields based on fixed con-
ditional probability paths. Denote Rd as the data space
with data points x and ut(x) : [0, 1] × Rd → Rd the
time-dependent vector field, which defines the ODE dx =
ut(x)dt. Let ϕt(x) represent the solution to this ODE with
the initial condition ϕ0(x) = x.

The probability density path pt : [0, 1] × Rd → R>0

characterizes the probability distribution of x at timestep t
with

∫
pt(x)dx = 1. According to the continuity condition,

the pushforward function pt = [ϕt]#(p0) then transports the
probability density path p along u from timestep 0 to t.

Lipman et al. (2023) showed that we can efficiently train
a neural network using the conditional flow matching objec-
tive, to regress conditional vector fields ut(x|x1) by sam-
pling pt(x|x1):

LFM (θ) = Et,pdata(x1),x∼pt(x|x1)||vθ(t, x)− ut(x|x1)||.
(1)

The most common approach to define ut(x|x1) is as a
straight path from x0 to x1 (Liu, Gong, and Liu 2023; Lip-
man et al. 2023). Assuming that p0 is a standard Gaussian
with x0 = ϵ ∼ N (0, I), the intermediate interpolant is de-
fined as xt = tx1 + (1 − t)ϵ, and a valid vector field that
satisfies the probability path is given by ut(x|x1) =

x1−x
1−t .

Data Coupling in FM for Depth Estimation
The monocular depth estimation task involves training a
function that uses image conditioning to generate depth. Let
us denote the image in pixel space X0 and the corresponding
depth in pixel space X1.

Flow in Latent Space In order to reduce the compu-
tational demands associated with training FM models for

high-resolution depth estimation synthesis, we follow (Rom-
bach et al. 2022; Dao et al. 2023; Schusterbauer et al. 2024;
Hu et al. 2024b; Ke et al. 2024) and utilize an autoencoder
model that provides a compressed latent space that aligns
perceptually with the image pixel space. This approach also
facilitates the direct inheritance of a robust model prior ob-
tained from foundational LDMs such as Stable Diffusion.
Similar to (Ke et al. 2024) we move both modalities (i.e.,
RGB images and depths) to the latent space. Without further
mentioning, x0 = Enc(X0), x1 = Enc(X1) take place in
the latent space. We can accordingly use the Decoder (Dec)
to decode them back to image and depth space. Note that
we employ a different normalization strategy compared to
Marigold (Ke et al. 2024) in that we use log-scaled depth
which ensures a more balanced capacity allocation for both
indoor and outdoor scenes. Further details, including expla-
nations and ablation studies, can be found in the appendix.

Direct Transport between Image and Depth Let
(x0, x1) be ground truth image-depth feature pairs. In con-
trast to diffusion-based depth estimators (Ke et al. 2024; Fu
et al. 2024), which map Gaussian noise ϵ with image condi-
tioning to depth x1 by p(x1|ϵ;x0), we formulate depth esti-
mation as a direct distribution transport between the image
feature x0 and the depth feature x1 by p(x1|x0), which can
be effectively solved using conditional flow matching (Tong
et al. 2023b; Albergo et al. 2023). Specifically, we model the
intrinsic transport relation between the image feature x0 and
the depth feature x1. As shown in Table 1, using paired cou-
pling between image and depth maps results in a far shorter
transport path than mapping directly from Gaussian noise to
depth maps. The transport between the image and the depth
distribution can be defined as

xt ∼ pt(x|(x0, x1)) = N (x|tx1 + (1− t)x0, σ
2
minI), (2)

ut(x|(x0, x1)) = x1 − x0, (3)

where ut(x|(x0, x1)) is the vector field that transports x0

along space to the marginal distribution pt(x|(x0, x1)). To
avoid singularity problems, we smooth both p(x0) and p(x1)
with a minimum smoothing factor σmin to obtain the corre-
sponding data distributions N (x0, σ

2
min) and N (x1, σ

2
min).

Despite the different modalities and data manifolds of x0

and x1, the optimal transport condition between p(x0) and
p(x1) is inherently satisfied due to image-to-depth pairs.
This addresses the dynamic optimal transport problem in
the transition for image-to-depth translation within the flow
matching paradigm, ensuring more stable and faster training
(Tong et al. 2023a). The loss thus takes the form:

L(θ) = Et∼U [0,1],(x0,x1)∼DGT ||vθ(t, xt; x̄)− (x1 − x0)||.
(4)

Here, x̄ represents a clean copy of the image latent feature
x0 and serves as additional conditioning, DGT refers to an
image depth dataset. Notably, we improve the transport by
injecting the image feature signal into the model, formulat-
ing it as vθ(t, xt; x̄) instead of vθ(t, xt).

Noise Augmentation Noise augmentation, first used in
cascaded diffusion models (Ho et al. 2022), improves the
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Coupling Pattern EMD-L2 ↓ EMD-L1 ↓
Random 0.981 0.974
Paired (Ours) 0.686 0.691

Table 1: Paired (Image to Depth) Coupling is better than the
Random Coupling. EMD = Earth Mover’s Distance.

performance of super-resolution models by adding Gaus-
sian noise to the low-resolution conditioning signal. We
extend this technique and apply Gaussian noise augmen-
tation to the terminal distribution at t = 0. We define
the terminal data points x0 as a weighted combination be-
tween the image feature x̄ and the Gaussian noise ϵ: x0 :=√
ᾱts x̄ +

√
1− ᾱtsϵ, where ᾱts ∈ [0, 1] can be any pre-

defined variance-preserving noise schedule (Ho, Jain, and
Abbeel 2020; Song et al. 2021; Nichol and Dhariwal 2021),
and ts is a hyperparameter. We choose to augment the fea-
ture in a way that preserves the variance of the data point.
We hypothesize that adding a small amount of Gaussian
noise will smooth the base probability density and keep it
well-defined over a larger manifold. In addition, adding this
stochasticity allows us to use it in the sampling process for
further applications, such as indicating confidence. In par-
ticular, unlike previous work on noise augmentation using
noise-image pairs, we empirically show its feasibility on
image-depth pairs, which has not been explored before.

Dual Knowledge Transfer for Better Training and
Data Efficiency
Training depth estimation models faces significant chal-
lenges, including high computational demands during train-
ing (Zhang et al. 2024) and a lack of high-quality annotated
depth data (Geiger, Lenz, and Urtasun 2012). To address
these issues, we propose to leverage external knowledge
from pre-trained image diffusion models and pre-trained
discriminative depth estimation models and combine their
strengths to improve training efficiency and performance.

Image Prior for Training Efficiency Intuitively, a visual
synthesis model that generates sound images must also have
some notion of the inherent depth of a scene. Similar to
(Ke et al. 2024), we use a large pre-trained generative im-
age model that has been trained on a large amount of data,
and use this prior knowledge to infer depth. Diffusion mod-
els can be trained with different parameterizations, includ-
ing the x, ϵ, and v parameterizations. A model parametrized
with v regresses the velocity between samples from the two
terminal distributions (Salimans and Ho 2022). In the con-
text of FM, where the two terminal distribution samples are
denoted as x0 and x1, the objective of the v parameteriza-
tion can be mathematically formulated as v = αtx0 − σtx1,
where αt and σt is the fixed diffusion schedule. In com-
parison, our FM objective regresses a vector field of v =
x1 − x0. The similarity between the DM and FM objectives
allows us to fine-tune the pre-trained diffusion model with
the conditional flow matching loss and use the strong image
prior to speed up convergence for generative depth estima-
tion.

Depth Prior for Data Efficiency Generative depth esti-
mation models (Ke et al. 2024; Fu et al. 2024) offer high
visual fidelity but often lag behind discriminative models in
quantitative metrics (Hu et al. 2024a; Yang et al. 2024a).
While the high performance of discriminative methods is
often due to training on a large amount of data, the higher
fidelity of generative models is due to the ability to sam-
ple from the conditional posterior instead of the mean pre-
diction of discriminative counterparts. To be data efficient
while still producing high-fidelity depth maps, we integrate
the strengths of both model types. Using a discriminative
depth model as a teacher, we improve our generative model,
increasing both robustness and performance.

In detail, let us denote the discriminative monocular depth
estimation teacher model as T . We use this model to pre-
dict depth on an unlabeled in-the-wild image dataset D̂u and
generate discriminative samples Du in the form of Du =

{(ui, T (ui))|ui ∈ D̂u}. The loss L can be formulated as:

L(θ) = Et∼U [0,1],(x0,x1)∼D||vθ((t, xt); x̄)− (x1 − x0)||,
(5)

where D = DGT ∪ part(Du, k) and part() is the
partition function that randomly selects samples from Du

such that the number of selected samples corresponds to
|part(Du, k)| = k · |DGT|.

4 Experiments
Training and Evaluation Details
We train our depth estimation model on two synthetic
datasets, Hypersim (Roberts et al. 2021) and Virtual KITTI
(Cabon, Murray, and Humenberger 2020) to cover both in-
door and outdoor scenes. Following (Ke et al. 2024) we take
54K training samples from Hypersim and 20K training sam-
ples from Virtual KITTI. We leverage Metric3D v2 (Hu et al.
2024a), as our teacher model. We apply this model on a
subset of the general-purpose image dataset Unsplash (Un-
splash 2023), to generate image-depth pairs.

We perform zero-shot evaluations on established real-
world depth estimation benchmarks NYUv2 (Nathan Sil-
berman and Fergus 2012), KITTI (Behley et al. 2019),
ETH3D (Schops et al. 2017), ScanNet (Dai et al. 2017), and
DIODE (Vasiljevic et al. 2019). Let d be the ground truth
depth and d̂ be the predicted depth. The evaluation metrics
are the Absolute Mean Relative Error (RelAbs), calculated
as 1

M

∑M
i=1 |di − d̂i|/di and δ1 accuracy, which measures

the ratio of all pixels satisfying max(di/d̂i, d̂i/di) < 1.25.
Unless otherwise specified, we evaluate our model using an
ensemble size of 10 and 4 Euler steps, and scale and shift
our predictions to match the ground truth depth in log space.

Zero-shot Depth Estimation
Main Quantitative Result Table 2 compares our model
quantitatively with state-of-the-art depth estimation meth-
ods. Unlike other approaches that often require large train-
ing datasets, our method leverages the rich knowledge of a
diffusion-based foundation model (image prior) and a dis-
criminative teacher model (depth prior). This strategy re-
duces the computational burden while emphasizing our ap-
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Method #Train samples NYUv2 KITTI ETH3D ScanNet DIODE

Real Synthetic AbsRel↓ δ1↑ AbsRel↓ δ1↑ AbsRel↓ δ1↑ AbsRel↓ δ1↑ AbsRel↓ δ1↑
D

is
cr

im
in

at
iv

e MiDaS (Ranftl et al. 2020) 2M — 0.111 88.5 0.236 63.0 0.184 75.2 0.121 84.6 0.332 71.5
Omnidata (Eftekhar et al. 2021) 11.9M 301K 0.074 94.5 0.149 83.5 0.166 77.8 0.075 93.6 0.339 74.2
HDN (Zhang et al. 2022) 300K — 0.069 94.8 0.115 86.7 0.121 83.3 0.080 93.9 0.246 78.0
DPT (Ranftl, Bochkovskiy, and Koltun 2021) 1.2M 188K 0.098 90.3 0.100 90.1 0.078 94.6 0.082 93.4 0.182 75.8
DA (Yang et al. 2024a) 1.5M 62M 0.043 98.1 0.076 94.7 0.127 88.2 — — 0.066 95.2
DAv2 (Yang et al. 2024b) — 595K+62M 0.044 97.9 0.075 94.8 0.132 86.2 — — 0.065 95.4
Metric3D v2 (Hu et al. 2024a) 25M 91K 0.043 98.1 0.044 98.2 0.042 98.3 0.022† 99.4† 0.136 89.5

G
en

er
at

iv
e Marigold (Ke et al. 2024) — 74K 0.055 96.4 0.099 91.6 0.065 96.0 0.064 95.1 0.308 77.3

GeoWizard (Fu et al. 2024) — 280K 0.052 96.6 0.097 92.1 0.064 96.1 0.061 95.3 0.297 79.2

DepthFM-I — 74K 0.060 95.5 0.091 90.2 0.065 95.4 0.066 94.9 0.224 78.5
DepthFM-ID — 74K+7.4K 0.055 96.3 0.089 91.3 0.058 96.2 0.063 95.4 0.212 80.0

Table 2: Quantitative comparison with affine-invariant depth estimators on zero-shot benchmarks. δ1 is presented in percentage.
Our method shows competitive performance across datasets. DepthFM-I and DepthFM-ID refer to our model trained with
image prior and image-depth prior, respectively. DA stands for the Depth Anything model family. Some baselines are sourced
from Marigold (Ke et al. 2024) and GeoWizard (Fu et al. 2024). State-of-the-art discriminative models, which heavily rely on
extensive amounts of annotated training data, are listed in the upper part of the table. †: Models are trained with normals.

N
FE

=
2

N
FE

=
4

Marigold DepthFM (Ours)

Figure 3: Zero-shot qualitative comparison with few infer-
ence steps. DepthFM can output realistic depth maps with
just two inference steps.

DepthFM (Ours) Depth Anything v2

Ground TruthImage

Figure 4: Depth predictions from high-resolution RGBD
Middlebury-2014 dataset. Best viewed when zoomed in.

NFEs 1 2 4 10

Marigold 48.8 71.5 82.7 94.8
DepthFM (Ours) 95.0 95.6 96.3 96.2

Table 3: δ1 evaluation on NYUv2 for different numbers of
function evaluations (NFE). We fix the ensemble size to 10.

proach’s adaptability and training efficiency. By training
only on 74k synthetic samples and an additional 7.4k sam-
ples from a discriminative depth estimation method, our
model demonstrates exceptional generalization and achieves
high zero-shot depth estimation performance on both indoor
and outdoor datasets.

Comparison against Generative Models Our DepthFM
model achieves remarkable sampling efficiency without sac-
rificing performance. To highlight its inference speed, we
quantitatively compare it to Marigold (Ke et al. 2024), a rep-
resentative diffusion-based generative model. Both models
share the same foundational image synthesis model (SD2.1)
and network architecture and only differ in the respective
training objective and starting distribution (noise versus im-
age). Table 3 shows that DepthFM consistently outperforms
Marigold in the low number of function evaluations (NFE)
regime, achieving superior results even with one NFE, com-
pared to Marigold’s performance with four NFEs. This is
further supported qualitatively in Figure 3, where DepthFM
delivers high-quality results with minimal sampling steps,
while Marigold requires more steps to produce reasonable
results. These results demonstrate the efficiency and effec-
tiveness of DepthFM for fast, high-quality depth estimation.

Comparison against Discriminative Models Despite re-
cent advances in discriminative depth estimation, blurred
lines at the edges of objects remain a common prob-
lem. Generative methods overcome this problem and pro-
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Image Metric3D v2 MiDaS v3.1 Depth Anything DepthFM (Ours)

Figure 5: Qualitative comparison of our method against discriminative methods. Best viewed when zoomed in.

duce sharper depth predictions by allowing sampling from
the image-conditional posterior distribution of valid depth
maps. In contrast, discriminative models are prone to mode
averaging and lack detail, as illustrated in Figure 4 &
Figure 5. To further quantify fidelity, we use the method
introduced by (Hu et al. 2019). On the high-resolution
Middlebury-2014 dataset (Scharstein et al. 2014), we predict
depth maps, extract edges using a Sobel filter, and then mea-
sure edge precision and recall. Higher precision indicates
sharper and more precise edges, while higher recall reflects
the accuracy of the predicted edges. Table 4 shows that our
method significantly outperforms state-of-the-art discrimi-
native depth estimation models in terms of fidelity, achieving
higher precision and recall. We further explain the metrics
and additional qualitative results in the appendix.

Another unique feature of our DepthFM model is its in-
herent ability to provide ensembles of depth predictions,
due to the stochastic nature within the generative training
paradigm. In addition to improving overall performance, en-
sembling also provides a robust method for quantifying con-
fidence or uncalibrated uncertainty. We estimate the confi-
dence of a prediction by calculating the standard deviation
of predictions across ensemble members. A higher standard
deviation implies that the model’s predictions are less con-
sistent and more sensitive to the stochasticity present in our
model. Figure 6 shows an example image, the correspond-
ing depth estimate, and the uncalibrated uncertainty. The en-
semble members show noticeable differences, especially in
the high frequency regions. Given the drastic depth contrasts
within these regions, the variance along the edges again
highlights the ability of our model to sample from a rea-
sonable posterior distribution. We evaluate the correlation
between uncertainty and depth prediction accuracy on the
Middlebury-2014 dataset (Scharstein et al. 2014). Using a
threshold to identify regions of high and low uncertainty, we
find that the L1 loss is, on average, 3.21 times higher in high-
uncertainty regions, indicating a strong correlation between
uncertainty and error. Notably, uncertainty does not impact
the fidelity of individual ensemble members. Regardless of
variations, ensemble members and their mean consistently
produce high-fidelity predictions, as shown in Figure 4 and
Table 4. Additional visualizations are provided in the ap-
pendix.

Depth Completion
An important task related to depth estimation is depth com-
pletion. Due to hardware limitations of depth sensors, only

Method EP (%) ↑ ER (%) ↑
Depth Anything (Yang et al. 2024a) 29.32 29.80
Depth Anything v2 (Yang et al. 2024b) 31.67 40.25

DepthFM (Ours) 33.54 49.31

Table 4: We measure zero-shot edge precision (EP) and re-
call (ER) on the high-resolution RGBD Middlebury-2014
dataset. Our method excels at high detail.

Method RMSE ↓
NLSPN (Park et al. 2020) 0.092
DSN (de Queiroz Mendes et al. 2021) 0.102
Struct-MDC (Jeon et al. 2022) 0.245
CompletionFormer (Zhang et al. 2023) 0.090

DepthFM (Ours) 0.077

Table 5: Comparison of Depth Completion on NYUv2.

Image Depth Prediction Uncertainty

Figure 6: Uncertainty in absolute depth produced by the
stochasticity in our model. Left: Original image. Middle:
Mean depth prediction over ensemble members. Right: Stan-
dard deviation over ensemble members.

NFEs 1 10

noise → depth 92.4 92.6
image → depth (Ours) 94.6 95.5

Table 6: δ1 accuracy for different starting distributions on
NYUv2. Direct transport is better than starting from noise.

δ1 ↑ Scratch LoRA Finetune

NYUv2 80.0 75.6 95.5
DIODE 68.8 70.0 78.5

Table 7: Image pre-training and high model capacity are re-
quired for high accuracy.
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Image Prior Depth Prior δ1 ↑
✗ ✗ 80.0
✓ ✗ 95.5
✓ ✓ 96.3

Table 8: Including Image and Depth Prior improves zero-
shot performance on NYUv2.

a partial depth map is usually available. Therefore, the task
is to fill in the rest of the missing depth values with suit-
able depth estimates. Following previous conventions (Park
et al. 2020; de Queiroz Mendes et al. 2021), we fine-tune
our DepthFM to complete depth maps where only 2% of the
ground truth pixels are available and evaluate it using the
root mean square error (RMSE). Table 5 shows that with
minimal fine-tuning, DepthFM can achieve state-of-the-art
depth completion results on the NYUv2 dataset (Nathan Sil-
berman and Fergus 2012). We provide training details and
additional depth completion results in the appendix.

Ablation Studies
Image-depth Coupling We compare DepthFM to a naı̈ve
Flow Matching (FM) baseline. While naı̈ve FM also uses an
optimal transport-based objective to regress vector fields, it
starts from Gaussian noise with p(x0) ∼ N (0, I). In con-
trast, our method starts directly from the latent code of the
input image. Both models have access to the image as con-
ditioning information over the entire ODE trajectory. The
results in Table 6 demonstrate that starting directly from the
latent image representation yields significantly higher accu-
racy, especially in the low NFE regime.

Knowledge Transfer from Image Prior We investigate
the importance of the image prior and evaluate its impact on
performance. We provide metrics for training the same ar-
chitecture with identical training settings from scratch, from
an image prior, and using adapters (LoRA (Hu et al. 2021))
in Table 7. For LoRA, we use rank 8 and keep the rest of
the training details the same. Our observations indicate that
adapters significantly limit the fine-tuning process, as they
do not provide enough modeling capacity to transfer the im-
age prior to depth estimation. Training from scratch without
fine-tuning does not achieve nearly as good a performance,
despite our best efforts to optimize it. Therefore, we con-
clude that a strong image prior and sufficient modeling ca-
pacity is essential to provide important visual cues for depth
inference. In Figure 7, we further plot the δ1-accuracy versus
training steps on NYUv2. Compared with the default base-
line, we demonstrate that we can also achieve better training
efficiency and performance with the extra image prior.

Knowledge Transfer from Depth Prior Building upon
the Image Prior, we further explore the impact of the depth
prior. Combining these two knowledge sources leads to sig-
nificant performance improvements, as demonstrated in Ta-
ble 8. For the optimal mixing coefficient k, as referred to in
Equation (5), we ablate it in the appendix. We identify an op-
timal mix where k = 10% discriminative samples combined

0.1 0.2 0.4 0.6 0.8

NYUv2 δ1(↑) 93.7 94.4 95.5 95.5 95.4

Table 9: Noise augmentations level ts.

with synthetic samples yields the best tradeoff. We find that
training on more discriminative samples results in blurrier
results indicating a trade-off between accuracy and fidelity.

Data and Training Efficiency Our method can achieve a
better trade-off between training data and performance by
using the external depth and the image prior. Note that our
approach differs significantly from Depth Anything (Yang
et al. 2024a) in two important ways. First, while Depth Any-
thing uses 62M discriminative samples, we achieve opti-
mal results with only 7.4K discriminative samples. Second,
Depth Anything requires strong augmentation schemes to
take advantage of the pseudo-labeled dataset, while our ap-
proach does not require such augmentations.

Noise Augmentation Following the notation from
variance-preserving diffusion models, we apply noise to the
image samples according to the cosine schedule proposed
by (Nichol and Dhariwal 2021). Through empirical analysis
in Table 9, we determine that a noise augmentation level of
ts = 0.4 is optimal.

Figure 7: Image prior can boost the training efficiency and
performance on NYUv2.

5 Conclusion
We present DepthFM, a flow matching approach to gener-
ative monocular depth estimation that improves sampling,
data fidelity, training, and data efficiency. First, we improve
sampling efficiency by learning a direct transport between
image and depth, rather than denoising the Gaussian distri-
bution in depth maps, making our approach faster than cur-
rent diffusion-based solutions. Second, DepthFM provides
high-fidelity depth maps without the common artifacts of
discriminative depth estimation methods. Third, we improve
training efficiency by using a pre-trained image diffusion
model as a prior, providing valuable visual cues to aid depth
inference. In addition, we improve data efficiency by using
a combination of synthetic data and effectively integrating a
discriminative depth prior.
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