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ABSTRACT

Diffusion-based video depth estimation methods have recently set new benchmarks
by leveraging rich generative priors learned from video synthesis, delivering ex-
ceptional depth accuracy and robust temporal consistency. However, the iterative
nature of these models creates a computational bottleneck, hindering their utility
in autonomous or dynamic environments that require real-time adaptation. To
bridge this gap, we frame the efficiency-accuracy trade-off as a self-improvement
challenge. We propose a two-stage self-distillation strategy. In the first stage, we
distill a multi-step diffusion model into a one-step student by applying latent-space
distillation to the Unet via score matching and latent gradient matching. In the
second stage, we further distill the decoder using feature alignment and pixel-wise
distillation losses. Our method achieves depth accuracy comparable to state-of-the-
art multi-step video depth models, while reducing the denoising time by up to 3×
and the decoding time by up to 20×.

1 INTRODUCTION

Video depth estimation is crucial in enabling numerous applications across computer vision, graphics,
and robotics Chen et al. (2024); Feng et al. (2024); Guo et al. (2023); Holynski & Kopf (2018); Dong
et al. (2021); Godard et al. (2019); Sun et al. (2021). Recent advances in diffusion-based generative
models, such as DepthCrafter Hu et al. (2025), have significantly raised the bar for this task by
leveraging rich generative priors learned from video synthesis Ke et al. (2024); Hu et al. (2025);
Shao et al. (2024). These models demonstrate exceptional accuracy and temporal consistency even in
dynamic and complex scenes.

However, the iterative denoising process inherent in diffusion models poses a critical computational
bottleneck, leading to prohibitive inference times that hinder deployment in “Rapid or Frequent
Inference Scenarios” (RFIS) Chen et al. (2025). Traditional solutions, such as training lightweight
models from scratch, often compromise the generalization capabilities or require costly ground-truth
data Xu et al. (2024).

In this paper, we frame this efficiency-accuracy trade-off not merely as a compression task, but as
a self-improvement challenge. We propose a two-stage self-distillation strategy that enables the
model to autonomously refine its inference efficiency by leveraging its own learned representations.
To address the iterative denoising bottleneck, we first distill the multi-step DepthCrafter teacher
into a one-step student model via latent-space distillation. This process successfully preserves the
teacher’s nuanced generative knowledge while collapsing the denoising process into a single forward
pass without requiring external labeled data.

Beyond timestep distillation, we introduce an additional decoder distillation phase, replacing the heavy
VAE decoder with a lightweight head trained through feature-wise and pixel-wise self-supervision.
Our framework study both stochastic and deterministic paths to balance computational expressiveness
and efficiency. Extensive experiments demonstrate that our distilled models match the accuracy of
the original DepthCrafter while reducing UNet inference time by up to 3× and decoding time by
up to 20×. By bridging the performance-efficiency divide through self-directed updates, our work
advances the practicality of generative depth models in real-world, time-sensitive applications.

2 RELATED WORK

Diffusion-Based Depth Estimation. Diffusion models Song et al. (2022); Ho et al. (2020); Karras
et al. (2022) are able to model complex data distributions with remarkable generative fidelity. Recent

1



Published as a workshop paper at ICLR RSI 2026

advances such as Stable Diffusion (SD) Rombach et al. (2021) leverages billions of image-text
pairs from the LAION-5B dataset Schuhmann et al. (2022), demonstrating the ability to achieve
high-quality and diverse image generation with large-scale pretraining. Large-scale pretraining has
also proven critical for advancing visual perception tasks Ravi et al. (2024); Ranftl et al. (2022);
Yang et al. (2024b). Recent works Ke et al. (2024); Hu et al. (2025) repurpose diffusion models
pretrained on large-scale data, achieving strong performance on various dense prediction tasks through
lightweight fine-tuning. In monocular depth estimation, Marigold Ke et al. (2024) adapts a pretrained
SD model by fine-tuning only its UNet component on synthetic depth data, allowing Marigold to
leverage rich visual priors from the SD model. It achieves the state-of-the-art performances with
strong generalization to in-the-wild images in a zero-shot setting. Extending this idea to video depth
estimation, DepthCrafter Hu et al. (2025) fine-tunes Stable Video Diffusion (SVD) Blattmann et al.
(2023) using a three-stage training pipeline on both synthetic and real-world datasets, without the
need for camera poses or optical flow Chen et al. (2019); Kopf et al. (2021), making it applicable to
diverse open-world videos. However, both Marigold and DepthCrafter rely on multi-step iterative
denoising during inference, restricting their usability for real-world applications due to the high
computational cost.

One-Step Diffusion via Distillation To reduce the computational burden brought by the iterative
denoising within diffusion models. Recent research has explored strategies for one or few-step
inference without sacrificing the generation quality. One line of work focuses on reformulating the
diffusion process as a direct mapping from noise to data. Rectified Flow Liu & Song (2022) proposes
learning a continuous flow that transforms noise into data in a single pass, effectively bypassing
iterative refinement. InstaFlow Liu & Song (2023) extends this idea that demonstrates one-step
generation is sufficient to produce high-quality text-to-image results. Another direction leverages
knowledge distillation to compress multi-step diffusion processes into faster alternatives. Early works
such as Progressive Distillation Salimans & Ho (2022) and Guided Diffusion Distillation Meng
et al. (2023) train student models to mimic the behavior of multi-step teachers, achieving significant
reductions in sampling steps. Recent works such as Consistency Models Song et al. (2023) and
Latent Consistency Models Ho et al. (2023) extend this idea by enforcing the consistency between
predictions at different noise levels, enabling high-quality synthesis with very few inference steps.
While prior distillation efforts primarily target generative tasks, distilling a diffusion model for dense
prediction tasks (e.g. depth estimation) remains underexplored.

3 STOCHASTIC AND DETERMINISTIC ONE-STEP DISTILLATION

We propose a one-step distillation framework for one-step video depth estimation for stochastic
and deterministic diffusion models. In this section, we first elaborate preliminaries of our method.
Next, we discuss the methodologies for stochastic and deterministic one-step distillation. Finally, we
introduce a lightweight decoder head to achieve a faster inference speed. We show an illustration of
our distillation framework in Fig. 1.

3.1 PRELIMINARIES

Stable Video Diffusion In SVD Blattmann et al. (2023), a VAE encoder E first compresses the
input video X into a latent representation x0 = E(X). By using the Elucidated Diffusion Model
(EDM) Karras et al. (2022) framework, the diffusion process operates in the latent space by adding
Gaussian noise with noise level σt, sampled from a log-normal distribution. Whilst training, the
diffusion process is achieved by xt = x0 + σtϵ, ϵ ∼ N (0, I), where xt represents the noisy latent
at noise level σt at timestep t. The reverse diffusion denoiser F (xt;σt; c) starts from a high-noise
state σ = σmax that learns to gradually denoise the noisy latent xt towards σ = 0 to recover the
clean latent x0. The final reconstructed video y = D(F (xt;σt; c)) can be obtained by the VAE
decoder D. EDM’s preconditioning strategy adds additional conditions to the denoiser, resulting in
F (xt;σt; c) = cskip(σt)xt + cout(σt)Uθ (cinxt; cnoise(σt); c) , where cin, cskip, cout, and cnoise are the
preconditioning functions, Uθ is the learnable UNet that parametrized by θ. EDM employs a wide
noise range. To stabilize training, an input-scaling condition cin is applied on the noisy input xt:

x̃t = cinxt =
xt√
σ2
t + 1

=
x0 + σtϵ√
σ2
t + 1

. (1)

When σt is large (e.g., σt = σmax), x̃t becomes nearly indistinguishable from Gaussian noise, x̃t ≈ ϵ.
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Figure 1: Our framework includes one-step distillation for the diffusion models (Sec. 3.2) and
distillation of the VAE decoder to a lightweight decoder (Sec. 3.3). For one-step distillation, we
denote the stochastic and deterministic forward pathways using the red and blue lines, respectively.

DepthCrafter Hu et al. (2025) reformulates depth estimation as a conditional generation task
based on SVD and EDM, instead of predicting depth from RGB inputs. Given a ground-truth
disparity video D and its corresponding RGB video X, we obtain depth latent r = E(X) and RGB
latent x0 = E(D). With the same diffusion process as in SVD, we obtain noisy depth latent xt.
Therefore, the model learns to reconstruct clean depth latents x0 from the concatenation of xt and
r, conditioned on the corresponding r. For n-step inference, we may obtain the denoised latent as:
x̂0;n = F1(·;σ1) ◦ · · · ◦ Fn(·;σn)(ϵ; c), where Fn(·;σn) represents a denoiser under a noise-level of
σn.

3.2 STOCHASTIC AND DETERMINISTIC ONE-STEP DISTILLATION

A pretrained multi-step DepthCrafter is used as the teacher model. For any given input video X,
our goal is to distill a one-step student model to achieve similar performances against its multi-step
teacher model without any labeled training data. This section describes our distillation methods for
both stochastic (Sec. 3.2.1) and deterministic (Sec. 3.2.2) paths.

3.2.1 THE DISTILLATION FOR ONE-STEP DIFFUSION

We fix the noise level to the maximum value σ = σmax for the student model during both training and
inference. Referring to Eq. equation 1, the UNet input hereby becomes Gaussian noise. Essentially, we
encourage the student model to learn a direct noise-to-video (noise-to-depth in this work) mapping,
effectively collapsing the multi-step denoising process into a single forward pass. During the
distillation, we only optimize the parameters of the UNet denoiser Uθ, which contains the majority
of spatial visual knowledge as per Xu et al. (2024). Unlike prior works such as DMD Yin et al.
(2024b) and DMD2 Yin et al. (2024a), which distill in the pixel space, our method performs one-step
distillation directly in the latent space with a score matching distillation loss and a latent gradient
distillation loss, avoiding repeated VAE decoding during training.

Score Matching Distillation Loss. To align the denoising behavior of the student model with
that of the teacher, we use a score distillation loss defined as: Lsm = E

[
∥F (xt;σmax; c)− x̂0;n∥2

]
,

where F (xt;σmax; c) and x̂0;n represent the latents from the one-step student model and n-step
teacher model, respectively. This loss encourages the student model to mimic the teacher’s denoising
outputs in the latent space, allowing soft supervision from the teacher rather than supervised labels.

Latent Gradient Distillation Loss. We distill spatial gradients in the latent space. This im-
poses a stronger structural constraint on the student output. This can be formulated as: Lg =
1
M

∑M
i=1 (|∇xDi|+ |∇yDi|) , D = F (xt;σmax; c) − x̂0;n, where D denotes the differences be-

tween the denoised latent outputs and we use Di to represent the difference at spatial location i.
∇x and ∇y denotes gradient in x and y direction. Here, M represents the total number of spatial
locations (pixels) in the latent feature map.
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The total latent distillation loss becomes a weighted combination: Llatent = (1− λ)Lsm + λLg.

3.2.2 A DETERMINISTIC ALTERNATIVE TO NOISE SAMPLING

Inspired by Lee et al. (2024); Xu et al. (2024), we further explore a deterministic variant of our diffu-
sion pipeline by replacing the initial Gaussian noise with an RGB latent encoded by the VAE encoder.
While stochastic sampling typically introduces variability in the generated outputs, especially for a
deterministic prediction task such as depth prediction, this strategy effectively removes stochasticity
from the sampling process.

Recall that the VAE is trained to produce latent representations with a KL divergence loss that
approximates the standard normal distribution. The latent RGB features from the VAE encoder can
be interpreted as a special case of noise that follows the same noise distribution. By using such
features as deterministic initial inputs in place of random noise, we maintain generation quality while
improving reproducibility and interpretability of the results.

3.3 A LIGHTWEIGHT DECODER HEAD

Compared to video generation tasks, depth videos normally contain less semantic information. A
natural question to ask is that, do we need that strong decoder for simpler depth problems? Notably,
VAE decoding is the primary runtime bottleneck for an SVD model as experimented in Tab. 2. Since
deterministic pipeline produces noise-free features in the diffusion UNet as illustrated in Fig. 3, we
can exploit UNet features to design and train a custom ‘upsampling’ decoder. We therefore replace
the heavy VAE decoder with a simpler DPT-based architecture. We denote the DPT-based lightweight
decoder as the student decoder and the temporal VAE decoder as the teacher decoder. For effectively
distilling the knowledge from the teacher decoder to the student decoder, we employ Feature-wise
Distillation (Sec. 3.3.1) and Pixel-wise Distillation (Sec. 3.3.2).

3.3.1 FEATURE-WISE DISTILLATION

We compare the pair-wise affinity maps of the features from the student and teacher decoders to
align the feature between the student and teacher decoders Liu et al. (2019); Li et al. (2022). Let
ms ∈ Rh×w×cs and mt ∈ Rh×w×ct denote the feature map produced by the student and teacher
decoders, respectively. h and w are the spatial dimensions of feature maps, and cs, ct are the
respective channel dimensions. We compute affinity maps based on pair-wise cosine similarity for
each feature map. For each pair of spatial positions (i, j), the affinity scores for the student as and
the teacher at are computed as aijs = ⟨ms(i),ms(j)⟩

∥ms(i)∥2∥ms(j)∥2
, aijt = ⟨mt(i),mt(j)⟩

∥mt(i)∥2∥mt(j)∥2
. The feature-wise

distillation loss is defined as the mean squared error between the affinity maps of the student and

teacher: Lfeature(ms,mt) = 1
hw

∑
i

∑
j

(
aijs − aijt

)2

, where the double summation runs over all
spatial positions.

3.3.2 PIXEL-WISE DISTILLATION

Scale-Invariant Loss. We incorporate a pixel-level scale-invariant loss Farooq Bhat et al. (2021)
to encourage the student decoder to produce depth outputs consistent with the teacher decoder at the
pixel level. This loss penalizes the pixel-wise discrepancy between the teacher-student logarithmic
predictions.

Let ds ∈ RH×W and dt ∈ RH×W denote the depth maps predicted by the student and
teacher decoders, respectively. The scale-invariant loss Lsilog is defined as: Lsilog(ds, dt) =

α

√
1
T

∑
i,j(g

ij)2 − λ
T 2

(∑
i,j g

ij
)2

, where gij = log dijs − log dijt is the per-pixel difference in

log space, and T denotes the number of valid pixels used in the computation. We follow prior
work Farooq Bhat et al. (2021) and set λ = 0.85 and α = 10.

Gradient Matching Loss. We adopt the gradient matching loss to encourage the model to
predict depth maps with sharp edges and fine-details, which is commonly used in training of
depth estimation models. Gradient matching loss Lgrad can be defined as: Lgrad(ds, dt) =

4



Published as a workshop paper at ICLR RSI 2026

1
hw

∑
i

∑
j

(∣∣∇xK
ij
∣∣+ ∣∣∇yK

ij
∣∣) , K = ds − dt where K is the difference map between the

student and teacher predictions, ∇x and ∇y donate the gradients in x and y directions, respectively.

Our overall loss function for distilling the lightweight decoder is defined as Lfinal(ds, dt,ms,mt) =
Lsilog(ds, dt) + λ1Lfeature(ms,mt) + λ2Lgrad(ds, dt), where λ1 and λ2 are predefined coefficients
for Lfeature(ms,mt) and Lgrad(ds, dt), respectively.

4 EXPERIMENTS

4.1 IMPLEMENTATION DETAILS

We adopt DepthCrafter Hu et al. (2025) as our base model, in which a fixed noise level of σ = σmax

is used for the student model, where σmax = 700 for the used EulerDiscreteScheduler. We
operate in the disparity domain. The predicted disparity maps are normalized across frames to [0, 1]
range. Virtual-KITTI Cabon et al. (2020) and Hypersim Roberts et al. (2021) are used as our training
datasets. We use Adam optimizer with a learning rate of 1× 10−5, batch size of one, and a gradient
accumulation step size of 16. Four GPUs are used. More details can be found in our supplementary
material.

The teacher and student models share the same UNet architecture. We use a frozen teacher model
that performs a 5-step inference to guide the one-step student model for distillation. During the
distillation for both stochastic and deterministic approaches, we optimize only the UNet within the
student model with Llatent with λ = 0.5. Notably, we freeze the temporal layers of the student UNet
model whilst training only the spatial layers. We use a DPT head Ranftl et al. (2021) with temporal
modules from Video Depth Anything Chen et al. (2025) as the lightweight decoder. We keep the
teacher model frozen while optimizing both the student UNet and the DPT head under Lfinal with
λ1 = 0.1 and λ2 = 2. Each distillation takes 55k iterations, requiring approximately two days of
distillation in total.

4.2 EVALUATION

Evaluation Datasets. We conduct a zero-shot evaluation study. We use scale-shift alignment to
align the model prediction to the ground truth using the least-squares criterion Ranftl et al. (2022)
and evaluate our model on three datasets spanning indoor and outdoor scenarios, with both static
and dynamic scenes. NYU-v2 Silberman et al. (2012) is a standard indoor benchmark for single-
image depth estimation. We evaluate on its official test set, which contains 654 RGB-D images.
KITTI Geiger et al. (2013) is a street-scene outdoor dataset collected for autonomous driving. It
provides sparse LiDAR-based ground-truth depths. We use the official validation split, which includes
13 scenes. To evaluate temporal consistency and generalization on long-range sequences, we extract
13 continuous video sequences, each consisting of 110 frames. Bonn Palazzolo et al. (2019) is a
dataset of dynamic indoor scenes captured with an RGB-D camera. We select five representative
video sequences from this dataset, each with a length of 110 frames, following the criterion of
DepthCrafter.

Competing Methods. We use DepthCrafter as our baseline model and compare with representative
image depth estimation methods (e.g. Depth-Anything-V2 Yang et al. (2024c), Marigold Ke et al.
(2024)) and video depth estimation methods such as NVDS Wang et al. (2023) and ChronoDepth Shao
et al. (2024). We adopt the Depth-Anything-v2-large model and LCM version of Marigold with an
ensemble size set to 5.

Evaluation Metrics. We majorly evaluate our model using the two accuracy metrics. We report
Absolute Relative Error (AbsRel) and δ1 accuracy to assess per-pixel depth prediction quality. In
addition, we measure temporal consistency and boundary accuracy in our ablation studies.

4.3 RESULTS

Quantitative Results. We present zero-shot evaluation results in Tab. 1 and inference time in Tab. 2.
As shown in Tab. 1, our distilled models outperform the original 1-step version of DepthCrafter and
achieve comparable performances to the original 5-step DepthCrafter with only one-step denoising.
As indicated in Tab. 4, this reduces the denoising time by approximately three times compared to the
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5-step version. By distilling a lightweight DPT head, we achieve a 20× reduction in decoding time,
while still achieving performance comparable to the 5-step version. The results demonstrate that our
distillation framework effectively maintains accuracy while accelerating inference.

Table 1: Zero-shot evaluation on depth estimation benchmarks with our distilled one-step models.
Red and blue colored numbers represent the best and the second best results, respectively.

Method Video Inference
Steps

ms/frame NYU-v2 KITTI Bonn

AbsRel↓ δ1 ↑ AbsRel↓ δ1 ↑ AbsRel↓ δ1 ↑
Feed-forward Models.

Depth-Anything-V2 † × – 180.46 0.043 0.978 0.140 0.804 0.106 0.921
NVDS† ✓ – 346.20 0.151 0.780 0.253 0.588 0.167 0.766

Diffusion-based Models.

Marigold † × – 1070.29 0.070 0.946 0.149 0.796 0.091 0.931
ChronoDepth † ✓ 5 308.98 0.073 0.941 0.167 0.759 0.100 0.911

Baseline DepthCrafter (5-step)† ✓ 5 450.97 0.072 0.948 0.104 0.896 0.071 0.972
DepthCrafter (1-step)† ✓ 1 317.86 0.082 0.935 0.138 0.812 0.084 0.954

Ours Stochastic (VAE) ✓ 1 317.86 0.080 0.939 0.102 0.898 0.065 0.966
Deterministic (VAE) ✓ 1 317.86 0.076 0.942 0.107 0.881 0.071 0.966
Deterministic (DPT) ✓ 1 147.40 0.082 0.931 0.110 0.876 0.075 0.961

†: Reported results from DepthCrafter.

Table 2: Inference time per frame (ms). Compared with diffusion-based depth models, our method
achieves the fastest inference speed.

Method Encoding Denoising Decoding All

Marigold 256.40 114.53 699.36 1070.29
DepthCrafter (5-step) 90.24 178.80 181.66 450.7
Our (Stochastic + VAE) 90.24 49.57 178.04 317.85
Our (Deterministic + VAE) 90.24 49.57 178.04 317.85
Our (Deterministic + DPT) 90.24 49.57 8.33 148.14

Qualitative Results. Fig. 2 presents qualitative comparisons between our distilled one-step model
and the baseline. We select representative samples from KITTI, Sintel, and NYU-v2 datasets to
cover a diverse set of outdoor, indoor, and synthetic scenarios. As shown in the KITTI example, our
method better preserves fine-grained structures, such as the edges and textures of roadside bushes,
compared to the 1-step baseline. The Sintel and NYU-v2 samples similarly highlight improvements in
structural sharpness and boundary consistency. These results demonstrate that our one-step distillation
framework successfully transfers fine-detail knowledge from the multi-step teacher to the student
model, yielding sharper depth predictions under various real and synthetic conditions.

5 ABLATIONS

In this section, we perform ablation studies to show the effectiveness of our distillation methods.
More ablations and experiments can be found in our supplementary material.

The one-step distillation. We conduct ablation experiments on the Virtual-KITTI dataset to eval-
uate the effectiveness of our one-step distillation components in Tab. 3. We start from a baseline
student trained for multi-step denoising using score matching, but use only one step during inference
(Exp. A). We observe that one-step distillation using score matching (Exp. B) significantly improves
performance across all metrics. Introducing Latent-Gradient loss (Exp. C) and freezing temporal
layers (Exp. D) further improves the error and enhances boundary sharpness. Finally, using determin-
istic pipeline (Exp. E) achieves the best overall results, with the lowest AbsRel (0.176), highest δ1
(0.771), and most accurate edge alignment (Boundary-F1: 0.273).

Ablation study on decoder distillation. We also ablate the design of our decoder distillation
loss(Tab. 4). Starting from a baseline using only the scale-invariant (SILog) loss (Exp. A), we
observe that adding affinity map loss (Exp. B) improves performance, particularly in δ1. Further
incorporating gradient-matching (GM) loss (Exp. C) leads to the best results, reducing AbsRel to
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Figure 2: Visual comparisons between our distilled models and baseline models on different datasets.
Our model presents a better performance on fine-details, especially when compared against the
one-step baseline model.

Table 3: Ablation study of one-step distillation.

Exp. One-step
Forward

Latent-Gradient
Loss

Freeze Temporal
Layers Deterministic Virtual-KITTI

AbsRel↓ δ1↑ TAE↓ Boundary-F1↑
A 0.245 0.670 0.201 0.191
B ✓ 0.194 0.748 0.204 0.198
C ✓ ✓ 0.180 0.758 0.207 0.204
D ✓ ✓ ✓ 0.190 0.766 0.187 0.254
E ✓ ✓ ✓ ✓ 0.176 0.771 0.182 0.273

0.185 and increasing δ1 to 0.767. This confirms that both structural alignment (via affinity maps) and
edge-aware supervision (via GM loss) are complementary and beneficial for training a compact yet
effective decoder.

Table 4: Ablation study of decoder distillation.

Exp. SILog loss Affinity map loss GM loss Virtual-KITTI
AbsRel↓ δ1↑ TAE↓ Boundary-F1↑

A ✓ 0.198 0.756 0.190 0.097
B ✓ ✓ 0.192 0.763 0.193 0.106
C ✓ ✓ ✓ 0.185 0.767 0.192 0.116

Temporal consistency. To evaluate the temporal stability of depth predictions across consecutive
video frames, we adopt the Temporal Alignment Error (TAE) metric introduced in Depth Any
Video Yang et al. (2024a). This metric quantifies the reprojection error between depth maps of
adjacent frames using known camera poses.

Given a sequence of N frames, let dk denote the predicted depth of the k-th frame, and pk denote the
transformation matrix (pose) from the k-th to the (k + 1)-th frame. The TAE metric is computed as:
TAE = 1

2(N−1)

∑N−1
k=1

[
AbsRel

(
f(dk, pk), dk+1

)
+AbsRel

(
f(dk+1, pk+1

−1 ), dk
)]

, where f(·, p)
denotes the projection function that reprojects the depth map into the next (or previous) frame using
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the transformation matrix p. pk+1
−1 is the inverse matrix for inverse projection. A lower TAE indicates

better temporal coherence across the predicted depth sequence.

Boundary accuracy. We adopt the boundary F1 score from DepthPro Bochkovskii et al. (2025) to
assess the accuracy of depth discontinuities. This metric compares depth ratios between neighboring
pixels to detect occlusion boundaries and evaluates the overlap between predicted and ground-truth
contours in terms of precision and recall. Following Bochkovskii et al. (2025), we average the F1
score over thresholds t = 5 to 25, with higher weights on larger thresholds. Since real-world data
often contains noisy boundaries, we compute this metric on the synthetic Sintel Butler et al. (2012)
dataset with dense ground truth.

Table 5: Boundary F1 score performances comparison on Sintel.

DepthCrafter Ours (Sto.) Ours (Det.) Ours (Det. + DPT)

Boundary-F1↑ 0.218 0.216 0.228 0.173

Intermediate features for training DPT heads. We adopt a temporal-DPT Chen et al. (2025)
decoder in this work. Different from the VAE decoder that only require denoised latents from UNet, a
DPT-like structure commonly require a multi-scale feature pyramid. Interestingly, as shown in Fig. 3,
though the last layer output latent features are always clean, the intermediate UNet features trained
from a stochastic model are noisy due to the UNet skip-connection strategy.

(a) Input (b) Stochastic (c) Deterministic

(d) Input (e) Stochastic+DPT (f) Deterministic+DPT

Figure 3: Visualization of intermediate UNet features trained in stochastic (b) and deterministic (c)
manners. The deterministic model yields cleaner features, resulting in sharper and clearer predictions
in (f) compared to (e).

6 CONCLUSION

In this work, we presented a self-distillation framework that frames the efficiency-accuracy trade-off
in diffusion-based video depth estimation as a self-improvement challenge. We demonstrated that
the computational complexity of multi-step denoising can be effectively mitigated by enabling the
model to internalize its generative knowledge into a single-step forward pass. By utilizing latent
score matching and latent gradient matching, the student model successfully preserves the structural
nuances of the original diffusion priors while significantly optimizing its own inference logic.

Our results show that the dual-stage refinement—addressing both the denoising UNet and the VAE
decoder—allows the model to achieve a 3× speedup in denoising and a 20× speedup in decoding.
This efficiency gain is achieved without compromising the zero-shot generalization and temporal
consistency that are characteristic of powerful multi-step teachers. This progress moves generative
depth estimation from a computationally heavy vision to a practical system capable of rapid execution
in dynamic environments.

Ultimately, this work serves as a principled step toward self-improving AI systems that can au-
tonomously optimize their operational system design. While we focused on timestep distillation
within a fixed architecture, the success of this approach provides a foundation for future recursive
improvements. Our next goal is to explore cross-architecture and latent-space evolution to further
bridge the gap between high-fidelity generative modeling and the strict constraints of real-time,
interactive applications.
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