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Fig. 1: Lapis: a one-step pixel-space diffusion framework with linear atten-
tion for efficient and high-quality monocular depth estimation. Lapis delivers
precise geometry and intricate structures across resolutions, consistently outperforming
SOTA models in accuracy and boundary sharpness with competitive latency.

Abstract. This work presents Lapis, a linear-attention-based pixel-
space generative framework that achieves efficient and high-fidelity depth
estimation with one-step diffusion. While generative frameworks have
significantly advanced monocular depth estimation with superior detail
fidelity, the O(N2) complexity of standard attention and the multi-step
denoising process introduce prohibitive computational costs when scal-
ing them to high-resolution image applications. Although linear atten-
tion and one-step prediction are intuitively viable, directly applying them
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leads to poor structural consistency, detail loss, and noise. Lapis recti-
fies these limitations through a coarse-to-fine hierarchy. Specifically, a
Patch-level Consistency Module restores structural coherence by inte-
grating semantic and spatial priors. Subsequently, a Pixel-level Refine-
ment Module recovers sharp geometric boundaries via skip-connection-
based pixel correspondence. Furthermore, to mitigate sampling noise in-
herent in one-step diffusion, we leverage the manifold assumption and
adopt a direct x-prediction strategy to target the clean data manifold.
Extensive evaluations on multiple benchmarks demonstrate that Lapis
consistently achieves state-of-the-art (SOTA) accuracy and boundary
sharpness across various resolutions, reducing inference latency by up
to 7.6× at 1080P and 10.9× at 1440P resolution compared to previous
SOTA generative models.

Keywords: Monocular Depth Estimation · Diffusion Models · Linear
Attention

1 Introduction

Monocular depth estimation is a cornerstone of computer vision, powering crit-
ical applications in real-world 3D/4D perception and reconstruction [28, 33, 36,
39, 66, 71, 79]. Driven by the demand for fine-grained geometric perception, the
field has recently transitioned from discriminative regression [40,53,63,64,73,74]
to generative frameworks [18, 20, 25, 30, 31, 45, 69, 70]. Compared to their dis-
criminative counterparts, generative models significantly advance fine-grained
structural details. However, as applications increasingly demand higher resolu-
tions to capture intricate, pixel-level geometry, as illustrated in Fig. 2, existing
generative frameworks inevitably face a fundamental trade-off between fidelity
and efficiency. On the one hand, most models [18, 20, 25, 30, 31, 45, 70] inherit
latent-space U-Net [56] architectures from pre-trained image generators [55] for
efficiency. Such a modeling paradigm is not only restricted by the irreversible
information loss of the VAE [32] bottleneck, but also struggles to capture long-
range dependencies necessary for global consistency at high resolutions. On the
other hand, while recent works [69] employ pixel-space Diffusion Transformers
(DiTs) [49] to eliminate the latent bottleneck and maintain long-range coherence,
their O(N2) complexity becomes computationally prohibitive at high resolu-
tions. Moreover, the iterative multi-step sampling in both paradigms multiplies
these overheads. Under these constraints, achieving a trajectory that harmonizes
pixel-level precision with inference efficiency remains an open challenge.

In search of an architecture capable of capturing long-range consistency in
pixel-space without quadratic complexity or multi-step overhead, an intuitively
viable choice is to adopt linearized alternatives [29] for attention mechanisms [62]
in DiTs with a one-step sampling strategy. Yet, such naive adaptation incurs
significant precision loss compared to vanilla DiTs [49]. Specifically, we identify
this degradation as stemming from two distinct scales: a patch-level structural
misalignment that disrupts global consistency, and a pixel-level fidelity loss that
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Fig. 2: Visualization of test-time resolution scaling using our model. A depth
estimation model produces more fine-grained details as input resolution increases.

hampers fine-grained geometric recovery. Beyond these architectural weaknesses,
the widely-adopted v-prediction trajectories [1, 41, 42] exhibit severe instability
in pixel-space when restricted to a single forward pass, yielding noise-corrupted
results without iterative refinement.

To address these multifaceted challenges, we propose three core innovations.
First, we introduce the Patch-level Consistency Module (PCM) to rectify struc-
tural misalignment. The PCM leverages pre-trained semantic priors [48] to en-
force global coherence while incorporating local convolutional biases to ensure
seamless structural continuity across adjacent patches. Second, to mitigate pixel-
level fidelity loss, we develop the Pixel-level Refinement Module (PRM), which
employs skip-connection-based pixel correspondence to recover sharp bound-
aries and intricate structures. Third, we stabilize one-step inference by adopt-
ing direct pixel-space x-prediction over the volatile v-prediction. Grounded in
the manifold assumption [37], which posits that natural data resides on a low-
dimensional manifold, whereas noise-corrupted quantities do not, this strategy
targets the clean data manifold directly, effectively suppressing the sampling
instability inherent in one-step generation. Building on these components, we
present Lapis, the first linear-attention-based pixel-space generative framework
to enable consistent and high-fidelity depth reconstruction in a single forward
pass while maintaining O(N) computational scaling in the diffusion process.

Experiments across 12 benchmarks demonstrate that Lapis achieves SOTA
accuracy and boundary sharpness, consistently surpassing leading discriminative
and generative baselines across varying resolutions with competitive efficiency, as
shown in Fig. 1. For instance, at 1080P resolution, Lapis maintains a 5.1 average
AbsRel (Tab. 2), a 10% relative improvement over the strongest competitor,
while requiring only 13% of its latency (Tab. 4). These results underscore Lapis
as an efficient and high-quality solution for high-resolution 3D perception.

Our main contributions are summarized as follows:

– We present Lapis, the first linearized pixel-space diffusion model for monoc-
ular depth estimation. It enables linear-time depth diffusion within a single
forward pass, significantly outperforming generative alternatives in efficiency.
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– We introduce a coarse-to-fine strategy to rectify the structural and detail
degradation of linear attention. This includes a Patch-level Consistency Mod-
ule that restores global structural coherence by integrating semantic and spa-
tial priors, and a Pixel-level Refinement Module that recovers fine-grained
geometric details via skip-connection-based pixel correspondence.

– We leverage the manifold assumption to address the unstable one-step pixel-
space sampling via a direct x-prediction strategy. This approach effectively
suppresses sampling noise and produces clean depth maps.

– Extensive evaluations show that Lapis achieves SOTA accuracy and bound-
ary sharpness across multiple benchmarks while maintaining competitive
latency, offering a holistic solution for high-resolution 3D perception.

2 Related Work

2.1 Generative Monocular Depth Estimation

As a cornerstone for 3D vision, monocular depth estimation (MDE) has evolved
from early CNN-based regression on specific domains [13, 17, 35] toward open-
domain expansion leveraging diverse datasets [53, 75], and finally to the ar-
chitectural transformation afforded by large-scale Vision Transformers (ViTs)
[2,11,12,52]. Recent SOTA discriminative models, such as [40,63,64,73,74], uti-
lize powerful pre-trained encoders [48] and massive training data to achieve re-
markable zero-shot robustness. Despite their impressive accuracy and efficiency,
these regression-based paradigms often produce over-smoothed predictions that
discard fine-grained geometric details. To overcome this challenge, generative
modeling works treat depth estimation as a conditional synthesis task. One
prominent branch [18,20,24,25,30,31,45,70] fine-tunes pre-trained latent-space
image synthesis models [34, 55] to recover intricate structures during the dif-
fusion process. However, these models remain inadequate for high-resolution
depth estimation where high-fidelity geometric details are paramount. Their
U-Net backbones [56] struggle with long-range consistency, while VAE latent
downsampling [32] irreversibly discards fine-grained geometric details. To cir-
cumvent these constraints, recent research [69] has shifted toward pixel-space
diffusion Transformers (DiTs) [49] to preserve complete spatial information for
superior detail restoration. However, pixel-space diffusion predominantly relies
on standard attention [62] with O(N2) complexity, rendering it computationally
prohibitive for high-resolution applications. Furthermore, iterative diffusion sam-
pling compounds the latency overhead, posing significant challenges for efficient
high-resolution deployment. By contrast, Lapis bridges the gap between geomet-
ric precision and inference efficiency via a linearized pixel-space DiT that enables
high-fidelity, single-pass reconstruction. Unlike naive adaptations, our dual-level
refinement and x-prediction strategy ensure that these efficiency gains enhance,
rather than compromise, the restoration of intricate geometric structures.
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2.2 Sampling Strategies for Generative Depth Estimation

Early generative MDE frameworks [18, 30] leverage pre-trained latent diffusion
models (LDMs) [55] with ϵ-prediction [27]. Consequently, they inherit the heavy
iterative sampling schedule (10–50 steps), leading to substantial computational
latency. To accelerate inference, recent research has branched into two primary
directions. On one hand, several approaches [20, 31, 69] employ flow-matching
with v-prediction for straighter sampling trajectories, but still require at least
4 steps to sufficiently suppress noise artifacts. On the other hand, existing one-
step x-prediction models [25, 45, 70] remain fundamentally constrained by the
LDM paradigm. Specifically, the VAE-based latent space [32] is explicitly regu-
larized toward an isotropic Gaussian distribution, inherently compromising the
low-dimensional manifold of natural geometry [37]. As a result, performing one-
step x-prediction within such a distorted space leads to poor results. In contrast
to existing v-prediction or latent-space x-prediction models, Lapis performs x-
prediction directly in pixel-space, thereby preserving the original geometric man-
ifold and achieving SOTA accuracy within a single forward pass.

2.3 Linear Attention

To maintain global context while bypassing the quadratic scaling of standard self-
attention [62], linear attention [29] utilizes kernel approximations to eliminate the
Softmax operation, achieving O(N) complexity. Despite its widespread adoption
in natural language processing [50,62,68] for long-sequence modeling, it remains
disproportionately sparse in visual tasks. Existing explorations [6,15,16,22,23,44]
primarily refine the linear attention formulation for categorical tasks with limited
data, such as image classification, object detection, instance segmentation, and
semantic segmentation, which rely on coarse-grained semantic features and are
inherently tolerant of feature fluctuations. In contrast, MDE is a dense regres-
sion task requiring high-precision numerical fidelity, making it far more sensitive
to the representational decay often associated with linear approximations. More
recently, generative models [7,67] have adopted linear attention for visual synthe-
sis tasks. But in these contexts, visual plausibility, e.g ., FID [26] and FVD [60],
often takes precedence over metric accuracy. Lapis stands as the first application
of linear attention for MDE. We demonstrate that linearized models can achieve
high-quality 3D dense perception efficiently without compromising accuracy.

3 Method

Lapis is designed as a high-efficiency, one-step generative framework for relative
monocular depth estimation. As illustrated in Fig. 3, the model operates di-
rectly in pixel-space, taking a concatenated noisy depth map and a conditioning
image as input to predict a clean depth map without the need for latent autoen-
coders. To circumvent the quadratic complexity inherent in standard DiTs [49],
we replace all standard multi-head self-attention (MSA) layers with linearized
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Fig. 3: Architecture overview. Lapis performs pixel-space x-prediction to enable
high-quality one-step denoising. It first leverages a linearized DiT backbone to estab-
lish a coherent global depth layout, integrating semantic and spatial priors via our
Patch-level Consistency Module. Subsequently, the Pixel-level Refinement Module re-
stores fine-grained geometry via skip-connection-based pixel correspondence. The over-
all framework enables efficient and accurate depth estimation with pixel-level details.

attention kernels [29]. To bridge the representational fidelity gap often associ-
ated with linear approximations, we augment the transformer blocks with two
synergistic components: the Patch-level Consistency Module (PCM) and the
Pixel-level Refinement Module (PRM). While the PCM enforces spatial align-
ment across the token grid at the patch-level, the PRM restores high-frequency
precision at the pixel-level, collectively harmonizing linear-time computational
efficiency with high-fidelity depth estimation.

3.1 One-step Pixel-Space Diffusion

To eliminate the multi-step sampling latency inherent in iterative diffusion mod-
els, we adopt a native one-step framework. Guided by the low-dimensional man-
ifold assumption [37], which posits that natural geometric data resides on a
structured and continuous manifold, our model directly predicts the clean depth
map in pixel-space. Specifically, we formulate the diffusion process following the
flow-matching paradigm [1, 41, 42]. Given a clean depth sample x0, we sample
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Gaussian noise ε ∼ N (0, 1), time step t ∼ [τ, 1] with a small constant τ (e.g .,
0.05), and apply the linear schedule as:

xt = (1− t) · x0 + t · ε. (1)

Our model xθ(·) then predicts x0 with xt, t and corresponding image c as:

x̂0 = xθ(xt, t, c). (2)

Training losses. Our model is optimized via a joint objective that combines
velocity-based flow supervision and multi-scale geometric regularization. The
velocity loss is defined in v-space following flow-matching frameworks [1,41,42],
where the target velocity is given by:

vt =
dxt

dt
= ε− x0. (3)

We supervise the network by minimizing the Mean Squared Error (MSE) be-
tween the predicted velocity v̂t = (xt − x̂0) / t and its ground truth:

Lvelocity = Ex0,ε,t

[
||v̂t − vt||2l2

]
. (4)

We further incorporate a multi-scale gradient matching loss directly in x-space
following [53,74] to enhance the sharpness of depth maps:

Lgrad = Ex0,ε,t

[∑
s∈S

ws ∥∇sx0 −∇sx̂0∥l1

]
, (5)

where ∇s denotes the spatial gradient operator at different resolution scales S
and ws is the scale-specific weight. The final loss is a weighted combination:

Ltotal = Lvelocity + λgradLgrad, (6)

where λgrad is a hyperparameter balancing accuracy and boundary sharpness.

3.2 Linearized Transformer Architecture

Linear attention formulation. In standard self-attention [62] (for single head
case), given query, key, and value matrices Q,K, V ∈ RN×d, where N is the num-
ber of tokens and d is the feature dimension, the attention output is computed
as:

Attn(Q,K, V ) = softmax
(
QKT

√
d

)
V, (7)

which incurs a quadratic time complexity of O(N2d). This cost becomes pro-
hibitive for high-resolution input where N is large (e.g ., 1024× 768 pixels equal
to 3072 tokens under patch size 16). Instead, linear attention [29] approximates
the softmax similarity with a non-negative kernel function ϕ(·). By leveraging
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Fig. 4: Qualitative ablation of architectural components. We visually validate
the necessity of each model component in Lapis. In comparison with the full model,
removing the global PCM leads to severe global inconsistencies, omitting the local
PCM introduces discontinuous patch artifacts, and the absence of the PRM results in
a significant loss of sharp details.

the associativity of matrix multiplication, the computation can be reformulated
as:

AttnLinear(Qi,K, V ) =
ϕ(Qi)

∑N
j=1 ϕ(Kj)

TVj

ϕ(Qi)
∑N

j=1 ϕ(Kj)T
for each i ∈ [1, N ]. (8)

With pre-computed global context terms
∑N

j=1 ϕ(Kj)
TVj ∈ Rd×d and normal-

ization factor
∑N

j=1 ϕ(Kj)
T ∈ Rd×1, Eq. (8) avoids the explicit construction of

the N × N attention matrix and reduces the time complexity to O(Nd2). We
adopt the standard DiT [49] as our generative backbone for its structural sim-
plicity and strong scaling properties. By substituting all MSA layers inside it
with Eq. (8), we effectively reduce its complexity to O(N).

The fidelity gap in linearization. Despite its efficiency, we identify a dual-
level fidelity gap when applying linear attention to dense depth estimation. First,
the low-rank nature of linear kernels [15,22] often leads to patch-level structural
misalignment, where geometric coherence is weakened. Second, the iterative lin-
ear averaging inherent in these layers results in a significant loss of pixel-level
detail. To resolve these issues, we introduce the Patch-level Consistency Module
(PCM) and the Pixel-Level Refinement Module (PRM), as detailed below.

3.3 Patch-level Consistency Module

Global relational consistency. The core limitation of linearized attention lies
in the sacrifice of the exponential softmax kernel, which provides a sharp atten-
tional focalization in long-range modeling [15,22]. We observe that forcing linear
attention to simultaneously reconstruct global scene layouts and local geometric
details is highly impractical. As illustrated in the second column of Fig. 4, the
model struggles to preserve global geometry layout and subsequently blurs local
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details. To alleviate this, we supervise macro-level global geometry with seman-
tic priors, thereby exempting the linearized backbone from the complexities of
global spatial coordination. Specifically, let s ∈ RN×D denote the DiT tokens,
where N and D represent the sequence length and embedding dimension, re-
spectively. We align s with semantic descriptors z ∈ RN×D′

, which are extracted
from the input image c via a frozen DINOv2 [48] encoder. Here, D′ corresponds
to the feature dimension of the DINOv2 backbone. To align and refine high-level
semantics, we apply a gating mechanism to z as follows:

ẑi = Wo (Wvz̄i ⊙ σ(Wgz̄i)) , (9)

where {zi}Ni=1 are tokens normalized from z, σ(·) denotes the sigmoid function,
⊙ represents the element-wise product, and Wv,Wg,Wo are learnable channel-
wise projection matrices. The refined tokens ẑ are subsequently fused with the
timestep embedding t to condition the feature flow in DiT blocks using an ex-
tended AdaLN-Zero [49] mechanism:

AdaLN-Zero(f, s, t, ẑ) = α⊙ f (LayerNorm(s)⊙ (1 + γ) + β) , (10)

where the modulation parameters (γ,β,α) are regressed from the joint embed-
ding ẑ+ t via a multi-layer perceptron (MLP). We apply such a mechanism to
both the linear attention layers and the feed-forward network (FFN) layers [62],
which are represented by f(·). In this way, we effectively anchor the feature flow
within a consistent global geometric layout without introducing additional pa-
rameters to the modulation process. These semantically-modulated blocks are
interleaved in the linearized DiT backbone for computational efficiency.

Local spatial continuity. Despite the global structural rectification, linear
attention still struggles to maintain local patch-wise continuity. As illustrated in
the third column of Fig. 4, this deficiency manifests as localized depth disconti-
nuities and perceptible grid artifacts. We address this structural fragmentation
by incorporating a local inductive bias into the FFN layer via a residual 3 × 3
depth-wise convolution (DWC), a structure we term ConvFFN. Specifically, we
formulate the feature transition in the ConvFFN as follows:

s′ = SiLU(Linear(s)), sout = Linear(SiLU(DWC(s′)) + s′), (11)

where SiLU(·) denotes the SiLU activation function [14]. This local inductive
bias enforces spatial correlation across adjacent tokens, effectively suppressing
the aforementioned grid artifacts to ensure smooth geometric transitions.

3.4 Pixel-Level Refinement Module

Although the PCM ensures token-level coherence, mapping discretized tokens
back to the continuous pixel-space still entails a significant fidelity gap. As pre-
viously analyzed, the iterative averaging effect in deep linear-attention-based
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Fig. 5: Qualitative comparison of monocular depth estimation models. Our
model excels at capturing thin structures while preserving the accurate global geometry.

architectures leads to cumulative signal dilution, where detailed structures pro-
gressively fade across layers. Such degradation is evident in the fourth column of
Fig. 4, where a backbone without PRM fails to resolve sharp geometric bound-
aries. To counteract this, the Pixel-level Refinement Module (PRM) re-integrates
pixel-level input cues via a long-range skip connection to effectively recover sharp
geometric boundaries. Specifically, the original input y is concatenated with a
learnable patch-wise positional encoding and transformed by an MLP to yield
the PRM input y′ ∈ RDpixel×H×W , where Dpixel denotes the embedding dimen-
sion of the PRM. To bridge the gap between patch-level representation and
pixel-level representation, latent tokens s ∈ RN×D from the final DiT block
are first reshaped into a spatial grid RD×h×w and then projected and upsam-
pled via PixelShuffle [59] to match the target pixel-level resolution, following the
transformation chain as follows:

s
MLP−−−→ s′ ∈ R(Dpixel×p2)×h×w PixelShuffle−−−−−−−→ spixel ∈ RDpixel×H×W , (12)

where p denotes the patch size, and H = h ·p and W = w ·p represent the height
and width of the original input image. The PRM is architected as a sequence of
Pixel Refiner blocks, each using an AdaLN-Zero-modulated ConvFFN layer to
decode the pixel-level latents into depth values with pixel-level cues:

AdaLN-Zero(g,y′, spixel) = α⊙ g (LayerNorm(y′)⊙ (1 + γ) + β) , (13)

where g(·) denotes the ConvFFN layer, and the scaling and shifting parameters
(γ,β,α) are regressed from the features spixel via an MLP. This design effectively
recovers pixel-level details from the raw input pixels during the decoding stage.
Finally, a standard linear prediction head in DiT [49] is used to project the
refined pixel-level features into a high-fidelity depth map d ∈ RH×W .
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Table 1: Zero-shot relative depth estimation on native resolution. Lapis sur-
passes both established discriminative models and recent generative baselines.

Type Method Training
Data

NYUv2 KITTI ETH3D ScanNet DIODE Average
AbsRel↓ δ1 ↑ AbsRel↓ δ1 ↑ AbsRel↓ δ1 ↑ AbsRel↓ δ1 ↑ AbsRel↓ δ1 ↑ AbsRel↓ δ1 ↑

D
is

cr
im

in
at

iv
e

MiDaS [53] 2M 11.1 88.5 23.6 63.0 18.4 75.2 12.1 84.6 – – – –
LeRes [76] 354K 9.0 91.6 14.9 78.4 17.1 77.7 9.1 91.7 – – – –

Omnidata [12] 12.2M 7.4 94.5 14.9 83.5 16.6 77.8 7.5 93.6 – – – –
DPT [52] 1.4M 9.8 90.3 10.0 90.1 7.8 94.6 8.2 93.4 – – – –
HDN [78] 300K 6.9 94.8 11.5 86.7 12.1 83.3 8.0 93.9 – – – –

Lotus-D [25] 59K 5.1 97.2 8.1 93.1 6.1 97.0 5.5 96.5 – – – –
Depth Anything [73] * 62.6M 4.5 97.9 8.7 93.6 6.6 98.1 4.4 98.0 11.1 94.8 7.0 96.5

Depth Anything V2 [74] * 62.6M 4.5 97.9 7.9 93.6 7.4 97.7 4.2 97.8 10.0 94.9 6.8 96.4
Depth Anything 3 [40] * 1.2M (Scenes) 4.1 97.4 7.0 95.6 4.2 97.7 4.1 97.6 7.1 94.6 5.3 96.6

MoGe [63] * 9M 3.7 97.9 5.9 97.3 3.5 98.4 3.6 98.3 7.7 94.8 4.9 97.3
MoGe-2 [64] * 8.9M 3.5 98.0 5.9 97.1 4.5 96.7 3.4 98.3 6.7 95.5 4.8 97.1

G
en

er
at

iv
e

GeoWizard [18] 280K 5.6 96.3 14.4 82.0 6.6 95.8 6.4 95.0 – – – –
GenPercept [70] 74K 5.6 96.0 13.0 84.2 7.0 95.6 6.2 96.1 – – – –

Diffusion-E2E-FT [45] 74K 5.4 96.5 9.6 92.1 6.4 95.9 5.8 96.5 – – – –
Lotus-G [25] 59K 5.4 96.8 8.5 92.2 5.9 97.0 5.9 95.7 – – – –

Marigold v1.0 [30] 74K 5.5 96.4 9.9 91.6 6.5 95.9 6.4 95.2 11.1* 89.5* 7.9 93.7
Marigold v1.1 [31] 74K 5.5 96.4 10.5 90.2 6.9 95.7 5.8 96.3 10.1* 91.0* 7.7 93.9

Lotus-2 [24] 59K 4.1 97.6 6.7 94.5 4.6 98.1 4.2 97.6 8.4* 94.7* 5.6 96.5
Pixel-Perfect Depth [69] * 125K 3.7 98.1 5.4 97.1 3.1 99.2 3.8 98.2 4.9 97.5 4.2 98.0

Lapis (Ours) * 122K 3.8 98.2 5.1 97.7 3.2 99.2 3.8 98.2 4.8 97.9 4.1 98.2

4 Experiments

4.1 Implementation Details

Depth normalization. Given raw depth map d, our model follows [69] to
predict the normalized log-scale depth x0 as:

x0 =
d̂− d̂2

d̂98 − d̂2

− 0.5, (14)

where d̂ = log(d+ ϵ) with the offset ϵ fixed at 0.01 to ensure numerical stability.
d̂2 and d̂98 represent the 2nd and 98th percentiles computed independently for
each depth map. We further rescale x0 to ensure unit variance, facilitating a
more stable data distribution.

Training datasets. We adopt a total of about 122K training samples from five
synthetic datasets: Hypersim [54] (53.8K), TartanAir [65] (28.2K), VKITTI2 [5]
(21.3K), UrbanSyn [21] (7.5K), and MatrixCity [38] (11.6K) to train our model.
All training datasets are directly resized to 1024 × 768 resolution and simply
concatenated together without weighted sampling.

Model architecture details. Our model comprises 520M parameters, main-
taining consistency with the DiT-Large [49] configuration in hidden dimensions
and the number of blocks while transitioning to a fully linearized backbone. The
kernel feature map ϕ(·) in Eq. (8) is implemented as ϕ(x) = elu(x)+1 [8]. Follow-
ing [69], we employ the DINOv2-Large [48] encoder fine-tuned by MoGe-2 [64]
as the frozen semantic encoder to provide robust structural priors. For the PRM,
we use M = 3 blocks and an embedding dimension of Dpixel = 32.
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Table 2: Zero-shot relative depth estimation on 1080P and 1440P. Notably,
Lapis demonstrates the exceptional resolution-robustness of our dual-level PCM and
PRM modeling and largely outperforms existing baselines in accuracy metrics.

Res. Method
Middlebury
1920× 1080

Booster
4112× 3008

Cityscapes
2048× 1024

DrivingStereo
1762× 800

ETH3D
6048× 4032

Average
– –

AbsRel↓ δ1 ↑ AbsRel↓ δ1 ↑ AbsRel↓ δ1 ↑ AbsRel↓ δ1 ↑ AbsRel↓ δ1 ↑ AbsRel↓ δ1 ↑

10
80

P

Depth Anything V2 [74] 6.6 96.8 3.3 99.7 10.1 89.4 6.4 96.4 5.7 98.1 6.4 96.1
Depth Anything 3 [40] 7.6 93.4 2.4 99.8 18.9 75.3 5.7 96.8 5.1 97.5 7.9 92.6

MoGe-2 [64] 7.5 93.8 2.0 99.9 11.8 89.2 5.8 96.5 4.5 96.9 6.3 95.3
Marigold v1.1 [31] 13.8 81.4 8.6 94.3 24.0 60.0 7.1 95.9 11.5 87.2 13.0 83.8

Lotus-2 [24] 14.5 76.2 8.0 91.3 31.8 58.1 6.1 96.6 6.6 97.5 13.4 83.9
Pixel-Perfect Depth [69] 6.3 96.5 2.9 99.8 9.3 93.5 6.1 96.8 4.1 99.1 5.7 97.1

Lapis (Ours) 5.6 96.8 2.1 99.9 8.7 92.5 5.6 97.0 3.3 99.3 5.1 97.1

14
40

P

Depth Anything V2 [74] 6.9 96.5 3.4 99.6 10.6 88.7 6.4 96.5 5.7 97.9 6.6 95.8
Depth Anything 3 [40] 7.9 93.4 2.9 99.9 20.4 71.4 5.6 96.9 6.2 96.6 8.6 91.6

MoGe-2 [64] 7.7 93.5 2.0 99.9 12.0 88.9 5.8 96.5 4.6 96.8 6.4 95.1
Marigold v1.1 [31] 17.1 73.9 10.4 91.2 40.8 42.1 7.3 95.3 15.8 78.6 18.3 76.2

Lotus-2 [24] 16.6 71.1 10.0 88.9 65.1 47.5 6.2 96.6 8.4 96.3 21.3 80.1
Pixel-Perfect Depth [69] 7.2 95.3 3.9 99.8 10.0 92.9 6.5 96.7 5.1 98.5 6.5 96.6

Lapis (Ours) 5.8 96.4 2.1 99.9 9.1 91.8 5.7 97.0 3.4 99.2 5.2 96.9

Training details. We optimize the model using the total loss defined in Eq. (6),
with the gradient loss weight set to λgrad = 1.5. Training is conducted using the
AdamW optimizer [43] with a constant learning rate of 1× 10−4 and no weight
decay. The model is trained for 400K steps on 4 NVIDIA RTX Pro 6000 Blackwell
GPUs, with a per-GPU batch size of 8. An Exponential Moving Average (EMA)
with a decay rate of 0.9999 is applied to the model weights during training,
and all evaluations are performed using the EMA weights. Both training and
inference are conducted in bfloat16 mixed precision.

4.2 Zero-shot Relative Depth Evaluation

Native resolution. We evaluate zero-shot relative depth estimation on five
mainstream unseen real-world datasets: NYUv2 [47] (indoor), KITTI [19] (out-
door), ETH3D [58] (various), ScanNet [10] (indoor), and DIODE [61] (various).
We adopt two widely accepted metrics: Absolute Relative Error (AbsRel) and δ1
accuracy. 3 Each model is evaluated at its training resolution (usually lower than
720P) to assess its peak accuracy. As summarized in Tab. 1, Lapis achieves the
best performance with an averaged AbsRel of 4.1% and a δ1 accuracy of 98.2%.
Besides, as demonstrated in Fig. 5, our model excels in resolving thin structures
and intricate details while maintaining a coherent global geometric layout.

Test-time resolution scaling at 1080P and 1440P. Benefiting from lin-
earized attention and one-step diffusion, Lapis enables efficient scaling to high
resolutions for enhanced geometric details. To validate that such a capability
does not come at the cost of degraded global accuracy, we evaluate zero-shot
relative depth at 1080P and 1440P test-time resolution on five datasets with
high-resolution annotations: Middlebury [57] (indoor), Booster [51,77] (indoor),
3 *indicates results re-evaluated using the evaluation protocol of Marigold [30,31].
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Table 3: Boundary sharpness across different resolutions. We report the F1-
score (↑) for depth boundary accuracy. Lapis consistently outperforms all existing
methods across various resolutions, while achieving near-monotonic improvements in
boundary sharpness as the test-time resolution scales up.

Method Hypersim F1↑ Sintel F1↑ Spring F1↑ Average F1↑
480P 720P 1080P 1440P 480P 720P 1080P 1440P 480P 720P 1080P 1440P 480P 720P 1080P 1440P

Depth Anything V2 [74] 13.1 20.9 24.5 24.1 17.3 23.0 23.7 23.6 6.1 9.2 11.0 11.7 12.2 17.7 19.7 19.8
Depth Anything 3 [40] 12.5 19.3 23.1 24.4 15.8 20.9 23.7 24.6 5.8 8.7 10.2 10.3 11.4 16.3 19.0 19.8

MoGe-2 [64] 19.5 28.4 31.7 32.1 21.4 27.8 29.2 28.9 5.8 8.4 10.3 10.9 15.6 21.5 23.7 24.0
Marigold v1.1 [31] 20.9 22.2 8.9 7.7 17.5 18.8 6.1 5.6 5.0 5.6 2.9 2.6 14.5 15.6 6.0 5.3

Lotus-2 [24] 17.1 21.9 22.6 22.0 14.5 18.3 19.2 18.5 4.7 7.5 9.3 9.4 12.1 15.9 17.0 16.6
Pixel-Perfect Depth [69] 26.5 31.2 32.7 30.6 19.1 21.5 21.0 20.8 6.5 10.6 12.0 13.2 17.4 21.1 21.1 22.3

Lapis (Ours) 27.4 32.2 34.8 33.6 26.2 30.9 31.4 31.7 8.0 13.0 15.5 15.8 20.5 25.4 27.2 27.0

Table 4: Runtime statistics across different resolutions. We report latency (ms),
throughput (Hz), and peak GPU memory (GB). Lapis achieves throughput competitive
with leading discriminative models while consistently outperforming existing generative
frameworks by a significant margin.

Method 480P 720P 1080P 1440P
Lat ↓ TP ↑ Mem ↓ Lat ↓ TP ↑ Mem ↓ Lat ↓ TP ↑ Mem ↓ Lat ↓ TP ↑ Mem ↓

Depth Anything V2 [74] 18.6 53.7 1.3 33.9 29.5 1.5 80.6 12.4 1.7 183.5 5.5 2.1
Depth Anything 3 [40] 14.9 67.0 1.3 58.1 17.2 1.3 141.2 7.1 1.3 207.6 4.8 1.4

MoGe-2 [64] 24.1 41.5 1.3 49.3 20.3 1.5 115.3 8.7 1.7 245.5 4.1 2.1
Marigold v1.1 [31] 119.1 8.4 6.0 328.1 3.0 8.0 758.1 1.3 11.7 1479.0 0.7 16.9

Lotus-2 [24] 1258.6 0.8 37.5 3095.3 0.3 39.5 6952.7 0.1 43.3 13747.0 0.1 48.5
Pixel-Perfect Depth [69] 75.3 13.3 3.2 250.2 4.0 3.3 905.5 1.1 3.5 2457.0 0.4 3.8

Lapis (Ours) 27.5 36.4 3.3 55.4 18.0 3.4 119.0 8.4 3.6 224.7 4.5 3.9

Cityscapes [9] (outdoor), DrivingStereo [72] (outdoor), and ETH3D [58] (vari-
ous). As reported in Tab. 2, Lapis maintains remarkable accuracy metrics, out-
performing current SOTA models by approximately 10% and 19% in AbsRel,
respectively. This demonstrates that our architecture not only scales efficiently
but also preserves global structural integrity under significant resolution shifts.

4.3 Boundary Sharpness Evaluation

To quantify the details of the estimated depth maps, we evaluate the boundary
sharpness F1-score proposed by [3] across three high-resolution synthetic bench-
marks: Hypersim [54] (indoor), Sintel [4] (various), and Spring [46] (outdoor).
Unlike global error metrics, this evaluation specifically measures the model’s abil-
ity to resolve sharp occlusion boundaries and fine-grained structural transitions.
As demonstrated in Tab. 3, Lapis consistently outperforms both discriminative
and generative baselines in boundary sharpness across all test resolutions, vali-
dating the efficacy of our PRM in recovering high-frequency spatial details.

4.4 Runtime Analysis

We evaluate the runtime performance of Lapis against competitive methods on
a single NVIDIA RTX Pro 6000 Blackwell GPU with 1 sample per batch. As
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Table 5: Ablation study of Lapis components. We evaluate the contribution of
each module across five datasets.

Components NYUv2 KITTI ETH3D ScanNet DIODE Average
AbsRel↓ δ1 ↑ AbsRel↓ δ1 ↑ AbsRel↓ δ1 ↑ AbsRel↓ δ1 ↑ AbsRel↓ δ1 ↑ AbsRel↓ δ1 ↑

Full Model 4.3 98.0 5.7 96.9 4.0 98.6 4.5 97.7 5.6 97.0 4.8 97.7

— w/o Global PCM 19.6 68.2 20.2 69.9 19.1 71.4 19.1 69.1 21.2 71.9 19.8 70.1
— w/o Local PCM 4.5 97.7 6.4 96.5 4.3 98.5 4.5 97.7 5.6 97.0 5.1 97.5
— w/o PRM 4.5 97.8 5.7 96.9 4.0 98.6 4.8 97.6 5.5 97.1 4.9 97.6
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Fig. 6: Quantitative comparison under various denoising steps and quali-
tative comparison for the impact of the PRM on one-step generation. A
one-step x-prediction strategy is optimal in both efficiency and geometric fidelity.

summarized in Tab. 4, Lapis significantly outperforms all generative baselines
in terms of inference latency. By leveraging a one-step diffusion formulation
and linearized attention, our model achieves a processing speed that is highly
competitive with purely regression-based architectures.

4.5 Ablation Study

To facilitate efficient analysis, we follow [40, 64] to adopt a lightweight config-
uration based on the DiT-Base [49] backbone. For the PRM, we reduce the
complexity to M = 2 blocks with an embedding dimension of Dpixel = 16.

Effectiveness of components. We conduct a component-wise ablation to val-
idate the synergy of the PCM and the PRM, as reported in Tab. 5 and Fig. 4.
First, removing Global PCM causes a sharp accuracy drop, confirming the neces-
sity of semantic supervision for global coherence. Second, Local PCM is critical
for inter-patch continuity. Its absence increases AbsRel (4.8 → 5.1) and intro-
duces grid artifacts. Finally, while PRM has a marginal impact on accuracy
metrics, it is essential for restoring high-frequency details otherwise diluted in
the deep linearized backbone to ensure detailed geometry.

Prediction targets and diffusion steps. We compare x-prediction with v-
prediction across varying sampling steps (1, 2, 4, 8). As shown in Fig. 6 (left),
both strategies peak at one-step sampling, with x-prediction slightly outper-
forming in AbsRel. We further analyze pixel-level continuity. As visualized in
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Fig. 6 (right), while PRM effectively suppresses noise in the v-prediction path, x-
prediction consistently yields more spatially coherent depth maps. Consequently,
a one-step x-prediction strategy is identified as our optimal choice, as it inher-
ently aligns with the clean data manifold and maximizes both efficiency and
geometric fidelity.

5 Conclusion

In this paper, we presented Lapis, a pixel-space generative model based on linear
attention for efficient and high-quality depth estimation, especially under high-
resolution inputs. By decoupling patch-level context modeling from pixel-level
refinement and leveraging a direct x-prediction strategy, we effectively resolve
the degradations in the naively linearized backbone and suppress the noise in
one-step pixel-space diffusion. Extensive experiments demonstrate that Lapis
achieves SOTA zero-shot performance while significantly reducing inference la-
tency. Our approach provides a scalable and computationally efficient foundation
for real-world 3D perception, bridging the gap between generative quality and
discriminative speed.
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