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A. Experiment Settings

A.1. Auxiliary Dispersion Loss

Following Diffuse-and-Disperse [47], we apply this loss to
the output of the 9th block:

Laisp = 1og Ei j [exp(—ln: —n;]13/7)] (1)

where 7; ; are the output features for the i-th and j-th sam-
ples in a batch, respectively, and temperature 7 = 1. Fi-
nally, the training loss is defined as: Ligin = Lpm +
ALgisp, A = 0.5. The choices of A, 7, and block all follow
the optimal hyperparameters identified in the experiments
from Diffuse-and-Disperse.

Table 1. Ablation study on Disperse Loss. The baseline is the ID4
model in the main paper, Table 4.

KITTI ETH3D
Method } AbsRell 611 } AbsRel|  &11
Baseline (CV + FS) 8.6 94.0 4.8 97.3
+ Disperse Loss (DL) 8.4 94.4 4.5 97.6

For integrity, we also conducted ablation studies on this
dispersed loss. The performance gains observed in Table |

confirm that this loss is also effective for dense geometric
estimation tasks.

A.2. Evaluation Datasets

We evaluate our model on two tasks: Zero-shot Affine-
Invariant Depth Estimation. We evaluate on five stan-
dard benchmarks: NYUv2 [43], ScanNet [8], KITTI [9],
ETH3D [39], and DIODE [45]. Following standard prac-
tice, we report the Absolute Relative error (AbsRel) and
01 accuracy. Surface Normal Prediction. We evaluate
on NYUv2, ScanNet, iBims-1 [20], and Sintel [2] bench-
marks. The evaluation metrics are the mean angular error
(MeanErr) and the percentage of pixels with an angular er-
ror below 11.25°.

A.3. Evaluation Metrics

For zero-shot depth estimation, similar to [18], we employ
the following evaluation metrics:

* AbsRel: —‘Mlﬂl‘ ZdGMM |d — dgt| /dges

* ay: percentage of d such that max(dit, dTglt) <1.25;
g

where dg; and d denote the GT and estimated pixel depth,
M, is the valid mask (mask rules are consistent with [11]).

For zero-shot normal estimation, we use the following eval-
uation metrics:

* MeanErr
= 7|Mlvl| Y ne,, 17;& arccos(clamp(n - ng, —1,1));
e 11.25°: The percentage of n where the angular error is

less than 11.25°;

where ng; and n are GT and estimated normal vector.

B. Training Details of Finetune Analysis

B.1. Improved Experiment Setup

For clarity, we term the direct adaptation of the original edit-
ing/generative formulation as “DirectAdapt” (Sec 3.2), and
Table 4 shows that DirectAdapt fails to achieve satisfactory
performance. To address this, we introduce two key im-
provements on training objective (Sec 3.3) and GT quan-
tization(Sec 3.4). They can benefit both editing and gen-
erative models, and these improved models are better for
analyzed our core motivation (Sec 3.1), as they isolate the
error from training data and the denoising process. We fi-
nally introduce joint training on the editing-based model to
obtain FE2E.



B.2. Implementation Details of Generative-based
Models

Step1X-Edit is fine-tuned from the generative model FLUX,
and both share an almost identical DiT architecture. To fur-
ther reduce confounding factors, we follow the Step1X-Edit
protocol and replace the original FLUX input with a hori-
zontally concatenated noise and RGB image. All hyperpa-
rameters, including LoRA settings, optimizer, and training
data, are kept exactly the same as those used for FE2E in-
depth estimation.

FLUX consists of 38 block layers, each producing out-
puts of consistent dimensions. After rearrangement, the fea-
ture map has the shape B x 192 x H/8 x W/8, where B
is the batch size, H and W are the height and width of the
input image. Typically, the output from the final block is
projected to 16 channels and passed to the VAE for recon-
struction to B x 3 x H x W. For visualization, we chose 1,
20, and 35 blocks, operate on the B x 192 x H/8 x W/8
feature map, normalize it to B x 1 x H/8 x W/8 using
the L2 norm, upsample it to B x 1 x H x W, and finally
visualize it using the Rainbow colormap. The visualization
of depth and normals follows the approach of Lotus.

Since our experimental comparisons are conducted us-
ing the improved model, only one single “denoising” step
is performed during inference. Consequently, the output
from the VAE decoder directly represents the depth map
(the B x 3 x H x W output mentioned before was averaged
to obtain a 1-channel depth map), which makes it easier to
visualize meaningful features.

C. Quantization Error Calculation Details

The following calculations are based on the effective depth
range of 0-80m from the Virtual KITTI dataset. The nor-
malization scheme consistently maps an input domain X to
the VAE’s mandatory input range of [-1, 1] using the stan-
dard min-max scaling formula:

X — X
V=2x —2"" _1
Xmaz*Xmin

. While other mapping schemes from [Om, 80m] to [-1, 1]
may exist, they are not explored in this work. All calcula-
tions use the worst-case precision of BF16 over the [-1, 1]
interval, which corresponds to a single quantization step of
AV =~ 1/256.

C.1. Uniform Quantization

In this scheme, the depth value D is linearly mapped to
the [-1, 1] interval. The depth range is [Dynin, Dimaz] =
[0m, 80m]. The mapping functionis V =2 x £2=% — 1 =
— 1. A quantization step of AV = 1/256 in the nor-

malized space corresponds to an error A D in the real-world

depth space. This error is constant across the entire depth
range:

1
AD =4 AV =4 — ~(0.1562
0 x 0><256 0.15625

At 80m: Error =~ 16cm. AbsRel = = 0.002.

At 0.1m: Error ~ 16cm. AbsRel = 3 1 m — 1.600.

This method yields an unacceptably large relative error
at close distances.

C.2. Inverse Quantization

This scheme quantizes the reciprocal of depth, i.e., dispar-
ity P = 1/D. We consider an effective depth range of
[0.1m, 80m] to avoid division by zero. The correspond-
ing disparity range is [Pmin, Pmaz] = [1/80,1/0.1] =
[0.0125,10]. The disparity P is linearly mapped to [-1, 1].
The quantization step in disparity, A P, is constant:

AP = (Phaz — Pmin) X % ~ 0.0195.

The relationship between depth error AD and disparity er-
ror AP is given by AD =~ [“UPIAp = LAP =
D2AP.

At 80m: Error = (80m)? x 0.0195 = 6400 x 0.0195 ~
124.8m ~ 125m. AbsRel = 18205m ~ 1.563.

At 0.1m: Error = (0.1m)? x 0.0195 = 0.01 x 0.0195 =
0.000195m = 0.2mm. AbsRel = 20922 = 0.002.

As mentioned in the main text, the disparities for 39m
and 78m are 1/39 ~ 0.0256 and 1/78 =~ 0.0128, respec-
tively. Their difference is ~ 0.0128, which is smaller than
the disparity quantization step AP =~ 0.0195, making them
indistinguishable after quantization. This scheme fails com-
pletely at large distances.

C.3. Logarithmic Quantization

This scheme quantizes the logarithmic depth, D;,q =
In(D). We again consider the depth range [0.1m, 80m].
The corresponding log-depth range is [In(0.1),1n(80)] =
[—2.30,4.38]. The log-depth Dy, is linearly mapped to [-1,
1]. The quantization step in log-depth, A D, is constant:

AV
ADjpy = (In(80) — In(0.1)) x = ~0013.

The relationship between depth error AD and log-depth

error ADy,, is given by AD =~ | deD;°g)|ADlog -

eP1es ADyoy = D - AD,,,. This implies that the absolute
relative error, AbsRel = AD/D, is approximately constant
and equal to AD,,, =~ 0.013.

At 80m: AbsRel ~ 0.013. Error = 80m x 0.013 =
1.04m.

At 0.1m: AbsRel =
0.0013m = 1.3mm.

0.013. Error = 0.1m x 0.013 =



This method maintains a reasonable and nearly constant
relative error across both near and far ranges, making it a
well-balanced and effective solution. The percentile-based
normalization used in the main text is a more robust imple-
mentation of this fundamental principle.

D. Preliminaries of Flow Matching

Flow Matching [24] is a highly effective framework for
training Continuous Normalizing Flows (CNFs). The core
idea is to smoothly transform a simple prior distribution
po (e.g., the standard Gaussian distribution A'(0,I)) into a
complex target data distribution p; over a continuous time
variable ¢ € [0, 1].

This transformation process can be described by an Or-
dinary Differential Equation (ODE), where the velocity at
any time ¢ and point z is defined by a vector field v;(z).
However, estimating this marginal vector field v;(z) di-
rectly from data samples is challenging. The Flow Match-
ing framework elegantly bypasses this issue by regressing
a much simpler and easier-to-compute conditional vector
field u¢(2z|zg, z1) instead.

Specifically, we first sample a pair of points, (zg,z1),
from the prior distribution py and the target distribution p,
respectively. We then define a simple path z; from zg to z;
and its corresponding conditional vector field u; = %. It
has been proven that if a neural network fy(z,t) is trained
to approximate this simple conditional vector field w;, then
in expectation over all sample pairs (zg, z1) and time ¢, the
network fy will converge to the complex marginal vector
field v; that we truly wish to learn.

Rectified Flow [26] presents a particularly simple and

powerful instance of Flow Matching. It defines the path

between z and z; as a straight line:
z; =tz1 + (1 —t)zg, t€]0,1].

The derivative of this path is trivial, yielding a constant ve-

locity vector that is independent of both time and space:

_
o dt

= Z1 — Zop.

Consequently, the training objective (loss function) be-
comes exceedingly simple: aligning the neural network’s
prediction with this constant velocity vector v:

L =FEitz z (21 — 20) — folze, 1)

Application in DirectAdapt In this paper, we adapt this
framework for a conditional image editing task. Our goal is
not to learn an unconditional generative model, but rather a
flow from noise z to the target geometry latent z}, guided

by the input image x (encoded as z*). Therefore, our veloc-
ity prediction model fy must take z* as an additional con-
dition. As shown in Eq. 2 in the main text, our loss function
is:
1 1 xy)|2
L= Et,zi’,zg ||(zqf - Zg) - f.g(t,ZL)H .

During inference, we generate the target latent z; by solv-

ing the following ODE, with z* serving as the guiding con-

dition:
dz}

7 = f@(tazz)v

o with initial value 2§ ~ N (0, T).

By integrating from ¢ = 0 to £ = 1 using a numerical ODE
solver (e.g., Euler method), we can obtain the final predic-

tion zj.

E. Reviews of Related Generative and Editing
Models

The fields of image generation and image editing have al-
ways been complementary, and they have undergone sev-
eral paradigm shifts. The first major breakthrough was the
Generative Adversarial Network (GAN) [10], which intro-
duced a novel adversarial training process. Then, key ad-
vancements in this era include architectural refinements like
DCGAN [34], the development of conditional and text-to-
image GANs such as the StackGAN series [62, 63], At-
tnGAN [50], and Cross-Modal Contrastive Learning based
models [64]. The StyleGAN series [15—17] marked a high
point for GANs, achieving unprecedented photorealistic
high-resolution image synthesis and offering fine-grained
control over visual attributes through a disentangled latent
space, which became a cornerstone for many subsequent
editing techniques.

More recently, the field has transitioned to Denoising
Diffusion Models [12], which have become the state-of-the-
art for their superior image quality and textual coherence.
A series of influential diffusion-based methods were intro-
duced, including GLIDE [28], DALL-E [35] and its succes-
sor DALL-E 2 [36], Imagen [38], and PIXART-« [3]. The
open-source Stable Diffusion (SD) [37] model, trained on
the large-scale LAION-5B dataset [40], further democra-
tized high-quality image generation and quickly became a
community standard. A growing body of evidence suggests
that Diffusion Transformers [6, 7, 21, 30] outperform U-
Nets, motivating the shift toward training modern diffusion
models with Transformer architectures.

Building on these powerful generative foundations, the
domain of image editing [22] (generalized editing) has
also advanced rapidly. Early diffusion-based methods like
SDEdit [27] demonstrated that real images could be edited
by adding noise and then denoising with a new text prompt.
A significant leap was made with instruction-guided edit-
ing, pioneered by InstructPix2Pix [1], which enabled edits



Table 2. Quantitative comparison on zero-shot affine-invariant depth estimation between FE2E and the concurrent unified model.

Method NYUv2 (Indoor) KITTI (Outdoor) ETH3D (Various) ScanNet (Indoor) DIODE (Various) Avg
AbsRel| 617 AbsRel] S11 AbsRel| 617 AbsRel] S11 AbsRel| 6171 Rank]
Qwen-Image 5.5 96.7 7.8 95.1 6.6 96.2 4.7 97.4 19.7 83.2 2.6
DINOvV3 43 98.0 7.3 96.7 54 97.5 4.4 98.1 25.6 82.2 1.8
FE2E 4.1 97.7 6.6 96.0 3.8 98.7 4.4 97.5 22.8 81.2 1.6

based on natural language commands. The field has since
diversified with numerous innovative approaches. For in-
stance, DragGAN [29] introduced a novel point-based inter-
action, allowing users to “drag” pixels to precisely deform
object shapes. OmniControl [44] further enhances control-
lability by creating a unified framework that accepts diverse
spatial guidance signals for both synthesis and editing. This
trend towards more powerful and versatile models is also
reflected in large-scale systems like UniWorld [23], which
uses a unified transformer for multi-modal understand-
ing and generation, Stepl1X-Edit [25], fine-tuned from the
FLUX architecture for superior instruction following, and
multi-modal editors like Qwen-Image [48], which leverage
Large Language Models (LLMs) to build more comprehen-
sive visual editing frameworks.

We also note several recent studies from our broader
collaborators on adjacent topics, including visual geome-
try and 4D reconstruction [4, 5, 13], 3D generation, edit-
ing, and multimodal understanding [51-53], controllable
generation, virtual try-on, and adaptive inference for im-
age editing [14, 33, 46, 49, 57, 58], controllable diffusion
and language-guided depth estimation [59—61], preference
alignment or reinforcement learning for diffusion and flow-
based models [31, 32, 41, 42], and a broader set of down-
stream applications such as compositional vision-language
adaptation, autonomous driving, action recognition, and
risk analysis [19, 54-56, 65].

F. Addition Experiments Results

Comparison with Concurrent Unified Model The field
of dense geometry estimation is advancing rapidly, with the
task of depth estimation particularly fast. Recently, sev-
eral concurrent works have been explored to unify the vi-
sual tasks, which also include depth estimation benchmarks.
As shown in Table 2, our method consistently achieves the
top average ranking, even though they are trained with ex-
tremely huge data compared to FE2E (e.g., Qwen Image
utilizes billions of samples, and DINO v3 is trained on 1.7
billion images).

Additional Qualitative Comparison Fig. | presents a
qualitative comparison between FE2E and other methods.
The results demonstrate that our approach produces more
refined and accurate depth predictions, particularly in struc-

turally complex regions that may not be fully captured by
quantitative metrics. Furthermore, as illustrated in Fig. 2,
FE2E consistently delivers precise surface normal predic-
tions, effectively handling intricate geometries and diverse
environments. These results highlight the robustness of our
method in fine-grained prediction tasks.

Table 3. Performance comparison of different models.

Methods | Marigold Lotus-D Qwen Image DINO v3 FE2E
MACs 133T 2.65T 2.13P 145T  28.9T
RunTime | 9.67s 212ms 63.4s 632ms  1.78s
AbsRel 6.5 6.1 6.6 5.4 3.8

G. Limitations and Future Work

Large computational load We present the inference la-
tency and computational complexity of the FE2E model in
Table 3, alongside comparisons with previous SD-based and
unified methods. Although incorporating DiT does lead to
a notable increase in computational complexity relative to
other self-supervised approaches, FE2E strikes a trade-off
between performance and computational efficiency.

Diversifying foundation models The field of image edit-
ing is evolving rapidly, and our approach is designed to be
model-agnostic. In future work, we plan to incorporate a
broader range of editing models to further substantiate the
motivation and conclusions presented in this paper.

Scaling up the training data While a key contribution
of this work is demonstrating strong generalization perfor-
mance with a limited amount of training data, we still an-
ticipate that scaling up the training dataset could further im-
prove the model’s capabilities. This direction is meaningful
for domains that are not sensitive to computational com-
plexity but require extremely high prediction accuracy. We
leave the exploration for future research.



Figure 1. Additional qualitative comparison on zero-shot affine-invariant depth estimation. FE2E achieves more accurate depth
predictions, particularly in structurally complex regions. White arrows highlight these improvements.



Figure 2. Additional qualitative comparison on zero-shot surface normal estimation. FE2E offers improved accuracy, particularly in
detailed and complex regions.
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