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Figure 1. We present Lotus-2, a two-stage deterministic framework for monocular geometric dense prediction. Our method leverages
pre-trained generative model as a deterministic world prior to achieve new state-of-the-art accuracy while requiring remarkably minimal
data (trained on only 0.66% of the samples used by MoGe-2 [38]). The decoupled, two-stage design ensures both structurally correct
inference and high-fidelity detail refinement. This figure demonstrates Lotus-2’s robust zero-shot generalization with sharp geometric
details, especially in challenging cases like oil paintings and transparent objects.



Abstract

Recovering pixel-wise geometric properties from a single
image is fundamentally ill-posed due to appearance am-
biguity and non-injective mappings between 2D observa-
tions and 3D structures. While discriminative regression
models achieve strong performance through large-scale su-
pervision, their success is bounded by the scale, quality
and diversity of available data and limited physical rea-
soning. Recent diffusion models exhibit powerful world
priors that encode geometry and semantics learned from
massive image–text data, yet directly reusing their stochas-
tic generative formulation is suboptimal for deterministic
geometric inference: the former is optimized for diverse
and high-fidelity image generation, whereas the latter re-
quires stable and accurate predictions. In this work, we
propose Lotus-2, a two-stage deterministic framework for
stable, accurate and fine-grained geometric dense predic-
tion, aiming to provide an optimal adaption protocol to
fully exploit the pre-trained generative priors. Specifically,
in the first stage, the core predictor employs a single-step
deterministic formulation with a clean-data objective and
a lightweight local continuity module (LCM) to generate
globally coherent structures without grid artifacts. In the
second stage, the detail sharpener performs a constrained
multi-step rectified-flow refinement within the manifold de-
fined by the core predictor, enhancing fine-grained geome-
try through noise-free deterministic flow matching. Using
only 59K training samples—less than 1% of existing large-
scale datasets—Lotus-2 establishes new state-of-the-art re-
sults in monocular depth estimation and highly competi-
tive surface normal prediction. These results demonstrate
that diffusion models can serve as deterministic world pri-
ors, enabling high-quality geometric reasoning beyond tra-
ditional discriminative and generative paradigms.

1. Introduction
Geometric dense prediction aims to recover pixel-wise geo-
metric or physical properties, such as depth, surface normal,
or albedo, from a single image. This problem lies at the
foundation of modern visual understanding and serves as
a cornerstone for various downstream applications, includ-
ing controllable image generation [15, 43], 3D/4D recon-
struction [16, 17, 27], and autonomous driving [10, 23, 24].
The mapping from image appearance to underlying geom-
etry is inherently ill-posed: a single image can correspond
to multiple plausible 3D interpretations. Consequently, a
model must infer a physically plausible and globally coher-
ent structure beyond what is directly observable from ap-
pearance.

Traditional approaches have long attempted to solve
this problem through either geometric reasoning or dis-

criminative learning. Early multi-view geometry and pho-
tometric consistency methods rely on strong assumptions
about scene structure, lighting, and reflectance, making
them unsuitable for single-view and complex real-world
scenarios. With the rise of deep learning, discriminative
models [6, 7, 21, 37–40, 42] have become the dominant
paradigm by directly regressing geometric quantities from
single images. While such models have achieved remark-
able progress through increasingly powerful architectures
and large-scale training, their performance remains funda-
mentally constrained by the scale, quality and diversity of
available data. Human perception leverages strong world
priors to resolve the ambiguity of geometric dense pre-
diction, however, discriminative models trained on limited
data distributions lack such mechanisms. Consequently,
they perform poorly in rare and challenging scenes, in-
volving transparency, reflection, and low texture, where in-
ference requires reasoning beyond observable appearance.
Even recent large-scale efforts—such as MoGe [37, 38] and
DepthAnything [39, 40], trained on millions of samples—
still rely heavily on distributional coverage rather than true
scene understanding from world modeling, see Fig. ?? for
reference.

The emergence of diffusion models such as Stable Dif-
fusion [31] and FLUX [2] has revealed a new paradigm for
visual reasoning. Trained on billions of diverse image–text
pairs (e.g., LAION-5B [33]), these models exhibit remark-
able capability in synthesizing geometrically coherent and
physically consistent imagery across diverse scenes. This
success suggests that diffusion backbones implicitly encode
world priors—rich internal representations of geometry and
semantics accumulated through large-scale generative train-
ing.

With this intuition, recent works have attempted to re-
purpose the world priors for dense prediction [8, 11, 18,
20, 22, 36, 44]. While these studies validate the promise
of generative world priors, most of them directly adopt the
original generative formulation of diffusion models with-
out rethinking its suitability for dense prediction. For ex-
ample, Marigold [18] fine-tunes Stable Diffusion by refor-
mulating depth estimation as an image-conditioned depth
generation problem. Although this design benefits from the
pre-trained priors, it overlooks the fundamental difference
between dense prediction and image generation: the for-
mer requires deterministic and accurate inference, whereas
the latter optimizes for diverse and high-fidelity generation
through stochastic multi-step sampling. This fundamental
mismatch often results in inconsistent and inaccurate ge-
ometric structure. Post-processing (e.g., test-time ensem-
bling [8, 18]) doesn’t solve it in a native manner, and needs
repeated predictions and may produce blurry results.

Motivated by these limitations, we revisit the role of
diffusion-based generative models in dense prediction and



propose a new perspective: their true value lies not in the
generative mechanism itself, but in the world priors en-
coded within their pre-trained weights. Instead of treating
diffusion as a stochastic generator, we view it as a structured
world prior that can guide the inference towards determin-
istic and geometrically accurate dense prediction. Based on
this insight, we introduce Lotus-2, a two-stage deterministic
framework that decouples accurate global geometry predic-
tion from meticulous detail sculpting, effectively combining
the strengths of regression and generative expressiveness.

In the first stage, a core predictor extracts globally
coherent and accurate geometry through a simple yet
effective adaptation of the rectified-flow formulation in
FLUX [2]. By systematically analyzing the key designs
of stochastic generative formulation, including the stochas-
ticity, multi-step sampling and parameterization type, we
identify that a single-step deterministic formulation under
a clean-data prediction yields much better stable and accu-
rate results than the original stochastic multi-step residual-
based design. This single-step predictor is further enhanced
with a lightweight local continuity module (LCM), which
mitigates grid artifacts introduced by the non-parametric
Pack–Unpack operations in FLUX while maintaining archi-
tectural compatibility and efficiency.

In the second stage, an optional detail sharpener per-
forms a detail refinement through a deterministic multi-
step rectified-flow process. It operates within the con-
strained manifold defined by the core predictor and learns
the transition from the “accurate” to “accurate and fine-
grained” annotation, progressively enriching geometric de-
tails while preserving global structure and accuracy. This
design bridges the gap between regression and generative
modeling: the former ensures structural stability and cor-
rectness, while the latter contributes fine-grained realism.
Consequently, Lotus-2 effectively leverages the generative
priors in a disciplined and interpretable manner, achiev-
ing both geometric consistency and high-frequency detail
fidelity without sacrificing efficiency and stability.

In summary, our key contributions are:

• Revisiting the role of diffusion models for dense pre-
diction. We reformulate diffusion-based generative mod-
els from stochastic image generators to structured world
priors, emphasizing that their strength lies in the world
modeling capability embedded within pre-trained weights
rather than in the sampling trajectory itself.

• A two-stage deterministic framework integrating the
strengths of regression and generative refinement. We
propose Lotus-2, which decouples structure prediction
and detail refinement: a core predictor performs single-
step, clean-data regression for accurate and stable geo-
metric estimation, while an optional detail sharpener ap-
plies multi-step rectified-flow refinement within the con-
strained manifold defined by the predictor.

• A principled adaptation of the rectified-flow formula-
tion. Through systematic analysis of several key designs
in the original stochastic generative formulation, includ-
ing stochasticity, multi-step sampling, parameterization
type and local continuity, we demonstrate that the single-
step clean-data deterministic design achieves higher ac-
curacy and better optimization stability than traditional
formulation optimized for image generation.

• State-of-the-art performance. With only 59K training
samples—merely 0.66% of the data used by MoGe [37,
38] and 0.09% of that used by DepthAnything [39, 40],
Lotus-2 achieves new state-of-the-art results on monoc-
ular depth estimation and highly competitive results on
normal estimation.

2. Preliminaries
Our Lotus-2 framework is founded on the mathematical for-
malism of rectified-flow and the architectural foundation of
FLUX model. This section introduces the necessary techni-
cal background related to our methodology.

2.1. Rectified-Flow Formulation
The rectified-flow (RF) formulation [25, 26] provides a ro-
bust and deterministic framework for modeling the transfor-
mation between two arbitrary probability measures via an
ordinary differential equation (ODE). Specifically, given a
source distribution p1 and a target distribution p0, the ODE
on time-step t ∈ [0, 1] is defined as: dzt = v(zt, t)dt,
which maps z1 ∼ p1 to z0 ∼ p0 under the velocity vec-
tor field v(zt, t). Crucially, the core principle of RF is to
transport samples along the straight-line path:

zt = tz1 + (1− t)z0, (1)

thus the target vector field v is given by v = dzt

dt = z1−z0.
This straight-line mechanism fundamentally differs from
the high-curvature paths of denoising diffusion models [13],
which ensures a high efficiency and reduced error accumu-
lation. For training, the velocity vector field v(zt, t) is pa-
rameterized by a neural network fθ, which is optimized by
minimizing the distance to the target vector field v. The
loss function is thus defined as:

Lt = ||v − fθ(zt, t)||2 (2)

= ||(z1 − z0)− fθ(zt, t)||2. (3)

In practice, the expectation over the continuous time t ∈
[0, 1] is approximated by randomly sampling a discrete
time-step value from a pre-defined set at each training itera-
tion. Given a total of T training time-steps, the pre-defined
time-step set is:

{ti =
i

T
| i = 1, 2, . . . , T}. (4)



During sampling (inference), the discrete Euler solver is
used to iteratively generate the target sample (t = 0) from
the source (t = 1). Formally, the iterative sampling process
from current state ztcurr to next state ztnext is given by:

ztnext = ztcurr − η · fθ(ztcurr , t), (5)

where tnext < tcurr and η (0 < η ≤ 1) denotes the step
size, which is determined by the total number of inference
time-steps Tinf.

2.2. Architectural Foundation of FLUX
We leverage the architecture and weights of FLUX[2],
which utilizes a pre-trained variational autoencoder (VAE)
to compress high-dimensional image data x into a compact
latent space Z . The VAE consists of an encoder E and a de-
coder D, where E(x) = zx maps the image to a latent code,
and D(zx) = x̂ attempts to reconstruct the image from the
latent code. The rectified-flow formulation of FLUX oper-
ates within this VAE latent space Z .

In the specific task of image generation, the starting dis-
tribution p1 is set to standard Gaussian noise in the latent
space, i.e., z1 ∼ N (0, I). The target distribution p0 is the
distribution of real, clean image latent, i.e., z0 = E(x) =
zx. Based on this setup, the loss function in Eq. 2 is rewrit-
ten by:

Lt = ||(ϵ− zx)− fθ(zt, t)||2. (6)

Here, zt = tϵ+(1−t)zx is the linear interpolation between
the noise and the target latent code. FLUX adopts the DiT
(Diffusion Transformer) [28] architecture as its model fθ.
The Pack-Unpack Operations in FLUX. To reduce
computational overhead and memory usage, FLUX applies
paired Pack and Unpack operations around the DiT model
in the latent space. Pack is a parameter-free down-sampling
procedure that rearranges the latent feature by grouping ev-
ery non-overlapping 2×2 patch into the channel dimension,

Pack : RH×W×C → R
H
2 ×W

2 ×4C . (7)

Conversely, Unpack restores the original resolution by in-
verting this rearrangement,

Unpack : R
H
2 ×W

2 ×4C → RH×W×C . (8)

This Pack-Unpack operation, while efficient, introduces a
critical challenge: because it is parameter-free, it can intro-
duce noticeable local pixel discontinuities (“grid-artifacts”).
This issue is especially severe under the single-step formu-
lation, degrading the overall quality and realism of the out-
puts.

3. Lotus-2
In this section, we present Lotus-2, a two-stage determin-
istic framework for stable, accurate and high-fidelity dense

prediction, aiming to provide an optimal adaption protocol
to effective and efficient leverage the pre-trained world pri-
ors of FLUX [2]. We argue that directly inheriting the
stochastic generative formulation—which is optimized
for image synthesis—introduces instability and unneces-
sary complexity for deterministic geometric tasks. The
image synthesis aims at diverse and high-fidelity genera-
tion through stochastic multi-step sampling, while the dense
prediction requires a deterministic and accurate inference.
This fundamental misalignment results in high structural
variance and significant prediction errors for dense pre-
diction, thereby compromising overall accuracy. To bet-
ter exploit the generative world priors, we propose a de-
coupled, two-stage adaption protocol. We first introduce
the Core Predictor (Sec. 3.1) derived through a system-
atic analysis of the standard generative formulation, includ-
ing its stochasticity (Sec. 3.1.1), multi-step iterative sam-
pling (Sec. 3.1.2), parameterization type (Sec. 3.1.3), and
local continuity (Sec. 3.1.4). This core predictor is dedi-
cated solely to achieving highly-accurate and robust global
geometry estimation. Subsequently, we address the chal-
lenge of fine-grained fidelity by proposing the Detail Sharp-
ener (Sec. 3.2), which employs a constrained multi-step
rectified-flow formulation designed only for meticulous de-
tail sculpting within the established structural manifold.
This decoupled, two-stage approach successfully achieves
both structural accuracy and fine-grained fidelity, with its
complete inference process detailed in Sec. 3.3.

3.1. Core Predictor: Robust and Accurate Geomet-
ric Prediction

3.1.1. Analysis-1: Stochastic v.s. Deterministic Formu-
lation

Initial efforts to leverage diffusion priors for geometric
dense prediction (e.g., Marigold [18], GeoWizard [8]) in-
herit the model’s original stochastic generative formula-
tion. We term this approach as Stochastic Direct Adapta-
tion (Stochastic-DA). In this setup, the process is framed as
an image-conditioned geometric generation task: the model
learns the flow from pure Gaussian noise ϵ ∼ N (0, I) to the
target geometry zy conditioned on the input image zx as il-
lustrated in Fig. 2. Specifically, the latent feature at time t
is defined as:

zt = tϵ+ (1− t)zy. (9)

The neural network fθ is trained to predict the velocity field
v = ϵ − zy by incorporating the image latent zx as a con-
ditional input (typically concatenated along the channel di-
mension of the input feature to the DiT backbone). The loss
function for optimizing this stochastic generative formula-
tion is given by:

Lt = ||(ϵ− zy)− fθ(zt, z
x, t)||2. (10)
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Figure 2. Adaptation protocol of stochastic formulation (Stochastic-DA). This framework models a conditional generative flow by
estimating the velocity field from a random noise latent ϵ to the annotation latent zy, conditioned on the image latent zx. The target
velocity vector is v = ϵ− zy. This inherent reliance on noise initialization inherently leads to non-deterministic variance in deterministic
geometric prediction.
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Figure 3. Adaptation protocol of deterministic formulation (Deterministic-DA). This architecture shifts the paradigm to a noise-free
rectified-flow formulation. It directly estimates the velocity field from the source image latent zx to the target annotation latent zy, where
the target velocity vector is v = zx − zy. This deterministic setup ensures the stability and structurally consistency for geometric dense
prediction.

The core limitation of this approach is its inherent non-
deterministic variance. Because the inference must begin
with an initial sample of pure Gaussian noise, z1 = ϵ ∼
N (0, I), different random initializations lead to diverse out-
puts, resulting in inconsistent geometric structures for the
same input image, as illustrated in Fig. 4. This variance is
beneficial for diverse image generation; however, it leads to
physically implausible geometric structures for dense pre-
diction, thus hindering accuracy. While ensemble averag-
ing is commonly used to mitigate this variance, it inherently
introduces prediction bias and also compromises overall ac-
curacy by blending both correct and incorrect structural hy-
potheses.

To resolve this fundamental mismatch, we discard the
stochastic conditional generative formulation and shift the
paradigm to a purely deterministic flow matching between
two distributions. We formulate the problem as learning a

noise-free transformation between the image feature zx and
the geometric feature zy, directly utilizing the inherent de-
terminism of the rectified-flow framework. We term this ap-
proach as Deterministic Direct Adaptation (Deterministic-
DA) of the rectified-flow formulation. The architecture
for this approach is illustrated in Fig. 3. Specifically,
Deterministic-DA defines the two distributions as the im-
age and annotation spaces, respectively: the source is the
image latent zx and the target is the annotation latent zy.
The latent feature at time t is defined as:

zt = tzx + (1− t)zy, (11)

where the model fθ is trained to predict the velocity v =
zx − zy. The training objective for this deterministic flow
is:

Lt = ||(zx − zy)− fθ(zt, t)||2. (12)

This approach is inherently noise-free during both training
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Figure 4. Comparison between stochastic and deterministic
formulation. The figure visualizes the iterative inference process
from t = 1 to t = 0. The stochastic formulation (Stochastic-DA)
exhibits significant structural variance: distinct random noise ini-
tializations yield inconsistent geometric structures across the en-
tire inference process (highlighted in red circles). While averaging
is employed to mitigate the variance, the final prediction remains
compromised by the blending of conflicting structural hypotheses.
In contrast, the deterministic formulation (Deterministic-DA) en-
sures a noise-free and stable trajectory, preventing structural vari-
ance and improving geometric coherence and prediction accuracy.

and inference. As shown in the Fig. 4 and Tab. 3, this de-
terministic approach significantly improves structural con-
sistency and prediction accuracy compared to its stochastic
counterpart.

3.1.2. Analysis-2, Multi-Step Iterative Sampling
While the multi-step formulation enhances the capacity of
generative models, it is optimized for high-fidelity image
synthesis and demands large-scale training data. For dense
geometric prediction, where high-quality supervision data
is scarce, this inherited multi-step formulation is computa-
tionally intensive and makes the model difficult to optimize
effectively. Furthermore, the prediction errors are accumu-
lated during this multi-step iterative sampling, further com-
promising the accuracy. The iterative nature also hinders its
practical application due to slow inference speeds.

To address these challenges, we propose fine-tuning the
pre-trained rectified-flow model with fewer training time-
steps. As illustrated in Fig. 6, we conduct experiments
by gradually reducing the number of training time-steps T .
This is achieved by modifying the value of T in Eq. 4 to
define new, smaller time-step sets for training. The results
clearly show that the performance gradually improves as the
number of time-steps T is reduced, culminating in the best
result when reduced to only a single step. Under a stricter
setting with more limited training data, the multi-step for-
mulation is more sensitive to variations in training data scale
compared to the single-step formulation. The single-step
formulation demonstrates greater stability and yields lower

prediction errors. While it is plausible that, given unlimited
high-quality data, both multi- and single-step formulations
could reach comparable performance, such a setting is often
costly and impractical for dense prediction tasks.

Reducing the number of training time steps T con-
strains the optimization space of rectified-flow formulation,
thereby enabling more effective and efficient adaptation for
geometric dense prediction. Motivated by this observation,
we adopt the single-step formulation (T = 1, i.e., t = 1 in
Eq. 4). This single-step formulation further enhances com-
putational efficiency.

3.1.3. Analysis-3, Parameterization Types

Under the single-step formulation derived above, the model
degenerates into a regression task, which is trained to pre-
dict the velocity given the input image with a fixed time-step
t = 1. The velocity v = zx − zy is the residual between
the input image zx and its annotation zy. We refer to this
parameterization as Residual Prediction. During inference,
the final prediction is obtained using the single-step Euler
solver:

ẑy = zx − fθ(z
x, t), (13)

where fθ(z
x, t) is the predicted residual.

However, such residual prediction is problematic for
dense prediction tasks for two reasons: 172 Predicting
zx − zy requires the model to simultaneously learn im-
age reconstruction and geometric estimation, which belong
to substantially different distributions. This increases opti-
mization difficulty and ultimately degrades accuracy; 173
The predicted residual is dominated by high-frequency ap-
pearance signals of the input image, such as textures, illumi-
nation, and color. Although the term zx in Eq. 13 attempts
to remove these appearance components during inference,
however, imperfect prediction makes this removal unreli-
able, and appearance interference inevitably leaks into the
final result.

To overcome these limitations and better exploit pre-
trained visual priors, we propose fine-tuning the model with
Clean-Data Prediction, i.e., directly predicting the clean
annotation zy. The clean-data prediction offers a simpler
and more direct training objective, alleviates optimization
difficulty, and eliminates appearance interference, thereby
yielding superior performance.

As shown in Fig. 7, residual prediction produces predic-
tions corrupted by image patterns (see red circles), whereas
clean-data prediction yields accurate results without such
interference. Consistently, Tab. 3 shows that clean-data
prediction achieves significantly higher accuracy than the
original residual prediction. Therefore, to mitigate appear-
ance interference and improve prediction quality, we adopt
clean-data prediction as the parameterization type.
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Figure 5. Adaptation protocol of the core predictor in Lotus-2. It adopts a single-step formulation (t = 1) with clean-data prediction to
efficiently exploit the world priors of pre-trained FLUX model, where input latent zt is equivalent to the image latent zx, i.e, zt = z1 = zx

according to the Eq. 11. In addition, there is a pair of Pack-Unpack operations around the diffusion Transformer fθ inherited from FLUX,
a local continuity module (LCM) Λ is employed to mitigate grid artifacts caused by this Unpack operation.
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Figure 6. Comparisons among various training time-steps and
data scales evaluated on NYUv2 in depth estimation. During in-
ference, if the number of training time-steps T > 50, the inference
time-steps are fixed at Tinf = 50; otherwise, Tinf = T . The results
show that, when adapting the pre-trained rectified-flow model to
dense prediction, reducing the number of training time-steps leads
to improved performance. In particular, the single-step formula-
tion (T = 1) achieves the best performance across all data scales.

3.1.4. Analysis-4, Local Continuity
The FLUX architecture employs non-parametric Pack and
Unpack operations to reduce computational overhead in the
latent space for image generation (Sec. 2.2). While effi-
cient, the non-parametric nature of the Unpack operation,
which rearranges feature channels back to spatial resolution
after diffusion Transformer model, introduces spatial dis-
continuities at the boundaries of the 2 × 2 latent patches.
This localized discontinuity, which lacks constraints on lo-
cal spatial coherence, is detrimental to geometric fidelity in
the final output (Fig. 8, “w/o LCM”).

To address this issue without compromising efficiency,
we propose the lightweight Local Continuity Module

Input Image Residual Prediction Clean-Data Prediction

Figure 7. Predictions under Different Model Parameterization
Types. Red circles highlight regions with obvious appearance arti-
facts when residual prediction is used. In contrast, clean-data pre-
diction produces more accurate predictions without interference
from image appearance.

(LCM) after the Unpack operation of diffusion Transformer
backbone, as shown in Fig. 5. LCM consists of two 3 × 3
convolutional layers with an intermediate GELU activa-
tion [12] to introduce nonlinearity, which is formally de-
fined as:

ẑy = Λ
(
fθ(zt, t)

)
, Λ(h) = ϕ2 ⊛ γ(ϕ1 ⊛ h), (14)

where Λ(·) denotes the LCM, ⊛ is the convolution operator,
ϕ1 and ϕ2 are convolutional kernels, and γ(·) is the GELU
activation.

As shown in Fig .8, LCM effectively mitigates the local
discontinuities introduced by Pack-Unpack, thereby elimi-
nating grid artifacts. Furthermore, Tab. 3 demonstrates that
LCM not only improves visual quality but also enhances
prediction accuracy.

For comparison, we additionally evaluate a straightfor-
ward alternative: entirely removing the Pack-Unpack oper-
ations from FLUX architecture. While the removal of Pack-
Unpack does eliminate grid artifacts (see the “w/o Pack-
Unpack” cases in Fig. 8), this approach suffers from two
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Figure 8. The effects of different strategies for eliminating grid-
like artifacts. “w/o LCM” refers to only single-step formula-
tion with clean-data prediction, which produces noticeable grid-
like artifacts due to the discontinuity introduced by Pack-Unpack.
Removing Pack-Unpack entirely alleviates this issue but compro-
mises both accuracy and efficiency. In contrast, LCM effectively
resolves the artifacts while improving accuracy and preserving
model efficiency. (Zoom in for clearer observation. )

severe drawbacks: 172 since the input–output dimensional-
ity of the diffusion Transformer changes, additional linear
layers are required to align the dimensions, which causes
the feature space shifts away from the pre-trained priors,
degrading the prediction accuracy (see Tab. 3); 173 the ab-
sence of Pack-Unpack drastically compromises model effi-
ciency, leading to much slower inference speed. Therefore,
LCM offers an effective solution to the local discontinuity
problem, while preserving the pre-trained priors and main-
taining model efficiency.

3.1.5. Finalized Architecture and Objective
The final core predictor is built upon the foundational
Deterministic-DA and integrates all derived components:
the single-step formulation, the clean-data prediction, and
the local continuity module (LCM), as shown in the Fig. 5.
This comprehensive design transforms the instable and iter-
ative generative flow into a highly efficient and structurally
robust formulation, optimizing for deterministic geometric
dense prediction. The overall training objective is defined
as:

Lt = ||zy − Λ(fθ(zt, t))||2, (15)

where t = 1 and the input latent zt = z1 = zx.

3.2. Detail Sharpener: High-Fidelity Geometric Re-
finement

The single-step core predictor excels at predicting accurate
and globally coherent structure, but often produces predic-
tions that are coarse and blurry in high-frequency detail
areas, lacking fine-grained fidelity (see “w/o Sharpener”
cases of Fig. 11). This limitation stems from the in-
herent difficulty of the single-step formulation in resolving

high-frequency details. In contrast, multi-step flow (e.g.,
Deterministic-DA) retains the complexity to model high-
frequency dynamics and can produce sharper details; how-
ever, due to its optimization difficulty and the accumulation
of high errors across multiple steps, it is prone to geometric
hallucination (see the “Deterministic-DA” cases of Fig. 11),
sacrificing structural correctness and overall accuracy.

To simultaneously achieve accuracy and fine-grained fi-
delity, we introduce the Detail Sharpener, a constrained
multi-step rectified-flow model designed solely for geomet-
ric refinement within the manifold defined by the core pre-
dictor. Specifically, we first obtain a structurally correct but
coarse prediction via the single-step core predictor, and then
employ detail sharpener to progressively refine the high-
frequency details. With this design, structural correctness
is guaranteed by the core predictor, while the detail sharp-
ener is solely responsible for enhancing sharpness.

As illustrated in Fig. 9, the detail sharpener is trained
to learn a noise-free rectified-flow transformation from a
coarse prediction zyc to its high-fidelity ground-truth zyf .
The flow is defined between the two known geometric
states:

zt = tzyc + (1− t)zyf . (16)

The model gθ is fine-tuned from FLUX to predict the ve-
locity v = zyc − zyf . Thus, the training objective of detail
sharpener is defined as:

Lt = ||(zyc − zyf )− gθ(zt, t)||2. (17)

We set the number of training steps T ′ = 10 to balance op-
timization and refinement. During inference, the number of
inference steps T ′

inf can be flexibly chosen up to T ′, depend-
ing on the desired level of sharpness.

As shown in Fig. 11, the detail sharpener noticeably en-
hances the sharpness while successfully avoiding the struc-
tural hallucinations observed in Deterministic-DA. Tab. 3
further confirms that incorporating the detail sharpener does
not compromise geometric accuracy established by the core
predictor.

3.3. Inference
Lotus-2 executes a two-stage deterministic inference
pipeline, as illustrated in Fig. 10. The core predictor is
dedicated to ensuring structural correctness and efficiency,
while the detail sharpener is solely responsible for high-
fidelity refinement. Rooted in our philosophy of determin-
istic modeling, both the core predictor and the detail sharp-
ener are noise-free, guaranteeing structural consistency and
stability for deterministic geometric dense prediction. The
complete inference process proceeds as follows:

1. The input image x is first encoded into the VAE latent
space using the encoder E, yielding the image latent zx.
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Figure 9. The training pipeline of detail sharpener. Starting from a structurally correct but coarse annotation predicted by the core
predictor, the detail sharpener learns the transition from coarse to fine-grained annotation via a constrained multi-step rectified-flow within
the manifold defined by the core predictor.
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Figure 10. The inference pipeline of Lotus-2. It is a decoupled, two-stage deterministic pipeline that bridges the regression and geometric
refinement. First, the core predictor produces stable and structurally consistent prediction via single-step regression. The detail sharpener
then employs a constrained multi-step rectified-flow formulation to iteratively refinement without any stochastic noise. The refinement
uses T ′

inf ≤ 10 steps, adjustable based on the desired level of sharpness. This design ensures both structural consistency and fine-grained
fidelity in minimal steps.

2. The image latent zx is passed through the core predictor
to generate the accurate but coarse prediction ẑyc . This
step guarantees global structural correctness and is per-
formed with maximum efficiency (1 step).

3. The coarse prediction ẑyc is then fed into the detail
sharpener to obtain the sharp and high-fidelity result ẑyf .
This iterative refinement is achieved by the discrete Eu-
ler solver (Eq. 5). Note that this refinement is optional
based on the desired level of sharpness.

4. The final refined latent ẑyf is decoded back to the pixel
space using the VAE decoder D to produce the final ge-
ometric prediction ŷ.

4. Experiments

In this section, we systematically validate the design princi-
ples of Lotus-2: leveraging pre-trained generative priors as
a stable and deterministic flow for structurally correct and
high-fidelity geometric dense prediction. We first detail the
experimental setup, then present a quantitative comparison
against state-of-the-art methods, followed by comprehen-
sive ablation studies validating our methodological contri-
butions.

4.1. Experimental Settings

4.1.1. Implementation Details

We implement the proposed Lotus-2, which includes both
the core predictor and the detail sharpener, by fine-tuning
the pre-trained FLUX model [2] without utilizing the text
conditioning. Our design adapts the rectified-flow formu-
lation by setting the core predictor to a single-step formu-
lation (T = 1, t = 1) with clean-data prediction and the
detail sharpener to a constrained multi-step rectified-flow
formulation (T ′ = 10, with time-steps defined by Eq. 4)
within the manifold defined by the core predictor. For opti-
mization, we use the Adam optimizer with a learning rate of
1×10−4. All models are trained on 8 NVIDIA H100 GPUs
(80G) with a total batch size of 64. To adapt the large-scale
pre-trained architecture, we employ the parameter-efficient
method LoRA [14], using a rank of 128 for depth estima-
tion and 256 for normal estimation. For depth estimation,
we operate in the disparity space, i.e., d = 1/d′, where d′

is the true depth. During inference, the core predictor di-
rectly predicts the coarse but structurally correct prediction
in single inference step, while the detail sharpener utilizes
the Euler sampler with T ′

inf = T ′ = 10 steps for refinement.



Figure 11. Comparisons in Detail Sharpness. “w/o Sharp-
ener” denotes predictions directly obtained by the core predic-
tor, which suffer from blurry and coarse details. The “w/ Sharp-
ener” cases demonstrate that the detail sharpener noticeably en-
hances the sharpness of fine-grained structures, particularly along
boundaries, while avoiding the geometric hallucinations observed
in Deterministic-DA, such as the misaligned chair backrest and
stair railing.
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4.1.2. Training Datasets

A core demonstration of this work is the ability to achieve
SoTA performance using extremely limited supervised data.
Both depth and normal estimation tasks are trained solely
on a small collection of synthetic data, totaling approxi-
mately 59K samples—a fraction of the millions used by
large-scale discriminative models.

• Hypersim [30]: A photorealistic synthetic dataset of 461
indoor scenes. We utilize the official training split, retain-
ing approximately 39K samples after filtering. All sam-
ples are resized to 576× 768.

• Virtual KITTI (VKITTI) [4]: A synthetic street-scene
dataset covering five urban scenes. We use four scenes,
comprising about 20K samples, cropped to 352× 1216.

To train the detail sharpener, we implement the methodol-
ogy described in Sec. 3.2: we first generate coarse predic-
tions (yc) on Hypersim and VKITTI using the trained core
predictor, and then train the detail sharpener on the flow de-
fined between these coarse predictions and the ground truth
(yf ).

4.1.3. Evaluation Datasets
We evaluate the generalization capability of Lotus-2 across
five real-world datasets for depth estimation and four for
surface normal prediction, none of which were seen during
training.
• Affine-Invariant Depth Estimation: We evaluate across

diverse indoor (NYUv2 [34], ScanNet [5]), out-
door (KITTI [9]), and high-resolution mixed scenes
(ETH3D [32], DIODE [35]).

• Surface Normal Prediction: We use NYUv2, ScanNet,
and iBims-1 [19] for real indoor evaluation, and Sintel [3]
for highly dynamic synthetic outdoor scenes.

4.1.4. Metrics
We employ widely accepted metrics for both affine-
invariant depth estimation and surface normal prediction.
• Affine-Invariant Depth Estimation: Following standard

protocols [18, 29], we firstly align predictions to ground
truth via least-squares fitting before evaluation. We re-
port two primary metrics: the absolute mean relative er-
ror (AbsRel), defined as 1

M

∑M
i=1 |ai − di|/di (lower is

better); and the δ1 value, which is the proportion of pixels
satisfying Max(ai/di, di/ai) < 1.25 (higher is better).

• Surface Normal Prediction: Following [1, 41], we mea-
sure the mean angular error (lower is better) and the
percentage of pixels with an angular error below 11.25◦

(higher is better).
For overall comparison, we report the Avg. Rank, which
is the average ranking of each method across all datasets
and metrics. A lower Avg. Rank signifies superior overall
performance.

4.2. Comparison with State-of-the-Art
We benchmark Lotus-2 against recent state-of-the-art meth-
ods in both affine-invariant monocular depth estima-
tion and surface normal prediction, including both large-
scale discriminative models (e.g., DepthAnything [39, 40],
MoGe [37, 38]) and generative prior adaptation methods
(e.g., Marigold [18], GeoWizard [8]).



Table 1. Quantitative comparison on zero-shot affine-invariant depth estimation between Lotus-2 and SoTA methods. The best and
second best performances are highlighted. §indicates results re-evaluated by ourselves using the evaluation protocol of Marigold [18].

⋆denotes the method relies on pre-trained text-to-image generative models. Ours Lotus-2 achieves the best overall performance than all
other methods.

2*Method Training NYUv2 (Indoor) KITTI (Outdoor) ETH3D (Various) ScanNet (Indoor) DIODE (Various) Avg.
Data↓ AbsRel↓ δ1↑ AbsRel↓ δ1↑ AbsRel↓ δ1↑ AbsRel↓ δ1↑ AbsRel↓ δ1↑ Rank

DiverseDepth 320K 11.7 87.5 19.0 70.4 22.8 69.4 10.9 88.2 37.6 63.1 19.5
MiDaS 2M 11.1 88.5 23.6 63.0 18.4 75.2 12.1 84.6 33.2 71.5 18.7
LeRes 354K 9.0 91.6 14.9 78.4 17.1 77.7 9.1 91.7 27.1 76.6 15.7
Omnidata 12.2M 7.4 94.5 14.9 83.5 16.6 77.8 7.5 93.6 33.9 74.2 15.4
DPT 1.4M 9.8 90.3 10.0 90.1 7.8 94.6 8.2 93.4 18.2 75.8 12.5

GeoWizard⋆
§

280K 5.6 96.3 14.4 82.0 6.6 95.8 6.4 95.0 33.5 72.3 12.4
HDN 300K 6.9 94.8 11.5 86.7 12.1 83.3 8.0 93.9 24.6 78.0 12.2

GenPercept⋆
§

74K 5.6 96.0 13.0 84.2 7.0 95.6 6.2 96.1 35.7 75.6 11.5
Marigold(LCM)

⋆§ 74K 6.1 95.8 9.8 91.8 6.8 95.6 6.9 94.6 30.7 77.5 10.5
MoGe-2§ 8.9M 3.6 98 11.8 89.2 16.6 81.5 3.5 98.2 39.3 70.0 10.4
Marigold⋆ 74K 5.5 96.4 9.9 91.6 6.5 95.9 6.4 95.2 30.8 77.3 9.2
DICEPTION⋆ 500K 7.2 93.9 7.5 94.5 5.3 96.7 7.5 93.8 24.3 74.1 9.2
DepthAnything V2 62.6M 4.5 97.9 7.4 94.6 13.1 86.5 4.2 97.8 26.5 73.4 7.3
Diffusion-E2E-FT⋆ 74K 5.4 96.5 9.6 92.1 6.4 95.9 5.8 96.5 30.3 77.6 7.1
Lotus-G⋆ 59K 5.4 96.8 8.5 92.2 5.9 97.0 5.9 95.7 22.9 72.9 7.1
DepthFM-ID⋆ 81.4K 5.5 96.3 8.9 91.3 5.8 96.2 6.3 95.4 21.2 80.0 6.9
MoGe§ 9M 3.6 97.9 7.3 95.2 8.4 93.0 3.5 98.4 36.3 71.2 6.9
DepthAnything 62.6M 4.3 98.1 7.6 94.7 12.7 88.2 4.3 98.1 26.0 75.9 6.2
Lotus-D⋆ 59K 5.1 97.2 8.1 93.1 6.1 97.0 5.5 96.5 22.8 73.8 6.0
Lotus-2⋆ 59K 4.1 97.6 6.7 94.5 4.6 98.1 4.2 97.6 22.1 75.2 3.6

Table 2. Quantitative comparison on zero-shot surface normal estimation between Lotus-2 and SoTA methods. ‡refers the Marigold
normal model as detailed in this link. §indicates results re-evaluated by us using the evaluation protocol of DSINE [1]. Our Lotus-2
demonstrates highly competitive quantitative performance, crucially delivering the robust and fine-grained qualitative results as highlighted
in Fig. ??.

2*Method Training NYUv2 (Indoor) ScanNet (Indoor) iBims-1 (Indoor) Sintel (Outdoor) Avg.
Data↓ mean↓ 11.25◦↑ mean↓ 11.25◦↑ mean↓ 11.25◦↑ mean↓ 11.25◦↑ Rank

OASIS 110K 29.2 23.8 32.8 15.4 32.6 23.5 43.1 7.0 13.5
Omnidata 12.2M 23.1 45.8 22.9 47.4 19.0 62.1 41.5 11.4 11.9
GeoWizard⋆§ 280K 18.9 50.7 17.4 53.8 19.3 63.0 40.3 12.3 10.4
StableNormal⋆§ 250K 18.6 53.5 17.1 57.4 18.2 65.0 36.7 14.1 8.4
GenPercept⋆§ 74K 18.2 56.3 17.7 58.3 18.2 64.0 37.6 16.2 8.3
EESNU 2.5M 16.2 58.6 - - 20.0 58.5 42.1 11.5 7.3
Omnidata V2 12.2M 17.2 55.5 16.2 60.2 18.2 63.9 40.5 14.7 8.1
Marigold⋆‡ 74K 20.9 50.5 21.3 45.6 18.5 64.7 - - 8.1
Lotus-G∗ 59K 16.5 59.4 15.1 63.9 17.2 66.2 33.6 21.0 5.4
DSINE 160K 16.4 59.6 16.2 61.0 17.1 67.4 34.9 21.5 4.9
Diffusion-E2E-FT⋆§ 74K 16.5 60.4 14.7 66.1 16.1 69.7 33.5 22.3 3.4
Lotus-D⋆ 59K 16.2 59.8 14.7 64.0 17.1 66.4 32.3 22.4 3.4
Lotus-2⋆ 59K 16.9 59.0 14.2 66.8 15.4 70.4 30.3 27.6 2.9
MoGe-2§ 8.9M 14.7 62.3 12.8 68.4 14.7 70.4 29.3 24.8 1.1

4.2.1. Affine-Invariant Depth Estimation

As presented in Tab. 1, Lotus-2 establishes a new state-
of-the-art in affine-invariant monocular depth estimation
across the five real-world datasets. Notably, Lotus-2

achieves the best Avg. Rank despite being trained on only
59K samples. This result decisively validates the power
of leveraging large-scale generative models as determinis-
tic world priors, allowing Lotus-2 to surpass massive data-
trained discriminative methods.

https://huggingface.co/prs-eth/marigold-normals-lcm-v0-1


4.2.2. Surface Normal Prediction
For surface normal prediction, Lotus-2 demonstrates highly
competitive performance (Tab. 2), showcasing the effective-
ness of our deterministic adaptation in capturing complex
geometry. Crucially, as highlighted in Fig. ??, our deter-
ministic adaption of world priors ensures robust and struc-
turally correct geometric prediction, enabling strong gen-
eralization even in challenging or rare scenes. This robust
foundation, coupled with our noise-free multi-step refine-
ment (detail sharpener), proves highly effective at capturing
the high-frequency surface detail required for local geome-
try, significantly outperforming other SoTA approaches.

4.3. Ablation Studies
4.3.1. Ablation on the Core Predictor
The core predictor is the structural foundation of Lotus-
2. We systematically validate its design in Tab. 3 by in-
crementally incorporating the core contributions, showing
consistent performance superiority across all four evalua-
tion datasets.

We begin by validating the necessity of the determin-
istic formulation. Moving from the stochastic generative
formulation (Stochastic-DA) to the noise-free determinis-
tic formulation (Deterministic-DA) yields an immediate im-
provement in accuracy. This validates our core hypothe-
sis that deterministic geometric prediction requires a stable
flow (Sec. 3.1.1). Next, adopting the single-step formula-
tion (T = 1) also provides a significant performance in-
crease, confirming the single-step mechanism is the optimal
strategy for efficiently leveraging pre-trained world priors
under limited data (Sec. 3.1.2). Following this, switching to
clean-data prediction from residual prediction consistently
achieves higher structural accuracy. This confirms that its
value lies in both eliminating high-frequency appearance
interference (Fig. 7) and providing a more direct and ef-
fective optimization target (Sec. 3.1.3). Finally, we vali-
date the local continuity module (LCM). This lightweight
module successfully eliminates grid artifacts (Fig. 8) and
provides the final accuracy boost. This contrasts with the
“w/o Pack-Unpack” alternative, which compromises effi-
ciency and degrades performance due to feature space mis-
alignment (Sec. 3.1.4).

4.3.2. Ablation on the Detail Sharpener
The detail sharpener is responsible for high-fidelity refine-
ment via a constrained multi-step flow. This ablation val-
idates the contribution of the detail sharpener to high geo-
metric fidelity in both qualitative and quantitative manner
and a spectral analysis.

As qualitatively demonstrated in Fig. 11, the detail
sharpener achieves noticeable refinement in high-frequency
areas. Quantitatively, the final line item in Tab. 3 shows
that the multi-step flow of the detail sharpener maintains the

Figure 12. Spectral analysis of high-fidelity refinement. This
plot compares the average log-power (y-axis) across spatial fre-
quencies (x-axis) on NYUv2 dataset to validate the contribution of
detail sharpener. The decay of the core predictor (w/o sharpener)
curve confirms its coarse nature, while the Lotus-2 (w/ sharpener)
curve shows recovery of high-frequency power.

near-optimal accuracy achieved by the core predictor. This
preservation of accuracy confirms that the detail sharpener
successfully operates on a decoupled objective—enhancing
local fidelity—without compromising the structural accu-
racy established by the core predictor, thus validating the
success of our two-stage design.

To rigorously quantify the contribution of the detail
sharpener to fine-grained fidelity, specifically its effect on
high-frequency detail areas, we conduct a spectral analy-
sis using the 1D radially averaged power spectrum as illus-
trated in Fig. 12. The results show that the prediction from
the core predictor exhibits a clear decay in power at high
frequencies, confirming its output is structurally correct but
coarse. In contrast, both the Deterministic-DA and the our
Lotus-2 retain significantly more high-frequency power, in-
dicating successful detail refinement. This provides quanti-
tative, signal-level evidence that the detail sharpener is es-
sential for high-fidelity geometric prediction.

5. Conclusion

In this work, we addressed the fundamental challenge of ge-
ometric dense prediction—the task’s ill-posed nature—by
proposing a critical shift in how large-scale generative mod-
els are leveraged. We established the principle that for
deterministic geometric inference, the power of diffusion
backbones lies not in their stochastic sampling process but
in their implicitly embedded deterministic world priors. Di-
rectly reusing the original stochastic generative flow proves
suboptimal, leading to structural variance and unacceptable
inconsistency in geometric outputs.



Table 3. Ablation studies of the proposed Lotus-2. The second portion of the table contains the key components of the core predictor,
sequentially demonstrating the performance gains conferred by each design. The final row validates the detail sharpener. The shaded row
(w/o Pack-Unpack) is included as an auxiliary ablation to validate the effect of the local continuity module (LCM). The results below

are evaluated in monocular depth estimation across four datasets.

2*Method NYUv2 (Indoor) KITTI (Outdoor) ETH3D (Various) ScanNet (Indoor)
AbsRel↓ δ1↑ AbsRel↓ δ1↑ AbsRel↓ δ1↑ AbsRel↓ δ1↑

Stochastic-DA 8.261 93.468 13.196 78.204 17.384 77.842 9.373 91.569

Deterministic-DA 7.812 94.262 10.212 89.900 10.766 94.762 8.488 92.897
+ Single-Step Formulation 5.910 96.939 8.833 92.088 5.858 96.952 7.121 96.331
+ Clean-Data Prediction 4.384 97.627 6.843 94.325 4.980 97.552 4.446 97.529
+ Local Continuity Module 4.128 97.608 6.576 94.682 4.625 98.004 4.174 97.575

(w/o Pack-Unpack) 4.817 97.383 6.966 94.203 5.728 97.252 4.723 97.168

+ Detail Sharpener 4.122 97.623 6.767 94.492 4.643 98.101 4.188 97.597

To fully exploit these priors in a disciplined and sta-
ble manner, we introduced Lotus-2, a novel two-stage de-
terministic framework that decouples the inference process
into two specialized, noise-free rectified-flow mappings.

The first stage, the core predictor, is implemented for
maximum structural accuracy and efficiency. Through sys-
tematic ablation, we validated the necessity of our derived
design choices: the deterministic shift, the highly efficient
single-step formulation (T = 1), and the clean-data predic-
tion objective, which together transform the complex gener-
ative flow into a robust geometric regressor. The lightweight
local continuity module (LCM) further ensures fidelity by
suppressing architectural artifacts without compromising
efficiency.

The second stage, the detail sharpener, solves the final
limitation of single-step regression—coarse high-frequency
details. It performs a constrained multi-step refinement
within the geometry manifold established by the core pre-
dictor. This process is inherently noise-free and is opti-
mized to selectively enhance high-fidelity geometry without
compromising the established global structural correctness,
successfully validating the benefits of our decoupled design.

The experimental results decisively confirm our core hy-
pothesis. By training on only 59K synthetic samples—less
than 1% of existing large-scale datasets—Lotus-2 achieved
new state-of-the-art performance in monocular depth esti-
mation and demonstrated highly competitive results in sur-
face normal prediction. This unprecedented data efficiency,
combined with high inference stability and fine-grained fi-
delity, validates the efficacy of our deterministic adaptation
protocol.

Ultimately, this work demonstrates that the vast knowl-
edge accumulated by generative diffusion models can be re-
purposed to enable efficient, accurate, and physically con-
sistent geometric reasoning, setting a new paradigm for
structured prediction tasks beyond traditional discrimina-

tive and generative methods. This finding opens promis-
ing avenues for future research into extracting and utilizing
structured knowledge from foundational generative mod-
els.
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