Pixel-Perfect Depth
with Semantics-Prompted Diffusion Transformers
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Figure 1: We present Pixel-Perfect Depth, a monocular depth estimation model with pixel-space
diffusion transformers. Compared to existing discriminative [68] 4] and generative [29] models, its
estimated depth maps can recover high-quality, flying-pixel-free point clouds.

Abstract

This paper presents Pixel-Perfect Depth, a monocular depth estimation model
based on pixel-space diffusion generation that recovers high-quality, flying-pixel-
free point clouds from estimated depth maps. Current generative depth estimation
models fine-tune Stable Diffusion and achieve impressive performance. However,
they require a VAE to compress depth maps into latent space, which inevitably
introduces flying pixels at edges and details. Our model addresses this challenge by
directly performing diffusion generation in the pixel space, avoiding VAE-induced
artifacts. To overcome the high complexity associated with pixel-space generation,
we introduce two novel designs: 1) Semantics-Prompted Diffusion Transformers
(DiT), which incorporate semantic representations from vision foundation models
into DiT to prompt the diffusion process, thereby preserving global semantic con-
sistency while enhancing fine-grained visual details; and 2) Cascade DiT Design
that progressively increases the number of tokens to further enhance efficiency and
accuracy. Our model achieves the best performance among all published generative
models across five benchmarks, and significantly outperforms all other models in
edge-aware point cloud evaluation.
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Figure 2: Qualitative comparisons. GT(VAE) denotes the ground truth depth map after VAE
reconstruction. Existing generative models [29] use a VAE to compress inputs into the latent space,
inevitably introducing flying pixels at edges and details. In contrast, our model directly performs
diffusion in pixel space, avoiding these issues. Depth maps are visualized on the point clouds.

1 Introduction

Monocular depth estimation (MDE) is a fundamental task with a wide range of downstream ap-
plications, such as 3D reconstruction, novel view synthesis, and robotic manipulation. Due to its
significance, a large number of depth estimation models [29, 67, |68} [74] have emerged recently.
These models achieve high-quality results in most zero-shot scenarios or regions, but suffer from
flying pixels around object boundaries and fine details when converted into point clouds, as shown in
Figure[I]and [4] which limits their practical applications in tasks such as free-viewpoint broadcast,
robotic manipulation, and immersive content creation.

Current models suffer from the flying pixels problem due to different reasons. For discriminative
models [68| 4} [74, 25], flying pixels mainly arise from their tendency to output an intermediate
(average) depth value between the foreground and background at depth-discontinuous edges, in order
to minimize regression loss. In contrast, generative models [29, 14} [18] bypass direct regression
by modeling pixel-wise depth distributions, allowing them to preserve sharp edges and recover
fine structures more faithfully. However, current generative depth models typically fine-tune Stable
Diffusion [45]] for depth estimation, which requires Variational Autoencoders (VAEs) to compress
depth maps into a latent space. This compression inevitably leads to the loss of edge sharpness and
structural fidelity, resulting in a significant number of flying pixels, as shown in Figure

A trivial solution could be training a diffusion-based monocular depth model in pixel space, bypassing
the use of VAEs. However, we find this highly challenging, due to the increased complexity and
instability of modeling both global semantic consistency and fine-grained visual details, leading to
extremely low-quality depth predictions (Table [2] and Figure[5). To further investigate this limitation,
we examine prior studies on high-resolution image generation. Several works [24} 55 [80], through
signal-to-noise ratio (SNR) analysis, have pointed out that adding noise with higher intensity is
more likely to disrupt the global structures or low-frequency components of high-resolution images,
thereby improving generation. This reveals that the primary difficulty in high-resolution pixel-space
generation lies in effectively perceiving and modeling global image structures.

In this paper, we present Pixel-Perfect Depth, a framework for high-quality and flying-pixel-free
monocular depth estimation using pixel-space diffusion transformers. Recognizing that the major
difficulty in high-resolution pixel-space generation lies in perceiving and modeling global image
structures. To address this challenge, we propose the Semantics-Prompted Diffusion Transformers
(SP-DiT) that incorporate high-level semantic representations into the diffusion process to enhance
the model’s ability to preserve global structures and semantic coherence. Equipped with SP-DiT,
our model can more effectively preserve global semantic consistency while generating fine-grained
visual details in high-resolution pixel space. However, the semantic representations obtained from
vision foundation models 38, 168,158, [19] often do not align well with the internal representations of
DiT, leading to training instability and convergence issues. To address this, we introduce a simple
yet effective regularization technique for semantic representations, which ensures stable training and
facilitates convergence to desirable solutions. As shown in Table[?]and Figure[3] the proposed SP-DiT
significantly improves overall performance, achieving up to 78% improvement on the NYUv2 [52]
AbsRel metric.

Furthermore, we introduce the Cascade DiT Design (Cas-DiT), an efficient architecture for diffusion
transformers. We find that in diffusion transformers, the early blocks are primarily responsible
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