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Abstract. Single-image point cloud reconstruction requires recovering
complete object-level geometry, including occluded regions, from a sin-
gle RGB image. Diffusion- and flow-based reconstructors can model this
ambiguity, but their iterative sampling requires many network function
evaluations, while naive one-step point-space updates often produce out-
liers and density imbalance. We propose Point-MF, a one-step condi-
tional Mean-Flow framework for geometry-only point cloud reconstruc-
tion. Point-MF predicts an interval-averaged velocity field directly in
point-cloud space and reconstructs the output with a single network func-
tion evaluation, without training a point-cloud autoencoder. To stabilize
large Mean-Flow jumps, we introduce Denoised Space Anchor (DSA), a
set-distance auxiliary loss that anchors the denoised point set implied by
the predicted velocity to the ground-truth geometry. On all 13 ShapeNet-
R2N2 categories and Pix3D, Point-MF achieves strong reconstruction
quality under the aligned point-set protocol, improving average CD and
EMD over the evaluated point-cloud reconstruction baselines. It runs in
40.72 ms per sample on an RTX A4000, within the same latency order as
the feedforward RGB2point baseline and substantially faster than itera-
tive diffusion baselines such as PC? and BDM. These results show that
denoised-space geometric anchoring enables stable one-step Mean Flow
directly in point-cloud space.

Keywords: Point cloud reconstruction - Single-image 3D reconstruc-
tion - Mean Flow - Few-step generation

1 Introduction

Single-image point cloud reconstruction is an inherently ill-posed problem: a
model must infer a complete 3D shape, including self-occluded and unobserved
regions, from a single RGB observation. Since the same visible evidence can
correspond to multiple plausible 3D completions, this task requires both image-
conditioned shape inference and a mechanism for handling ambiguity. Fast re-
construction of sparse object-level geometry is useful for applications such as spa-
tial understanding, robotic perception, AR/VR preprocessing, and lightweight
downstream 3D analysis, where latency and memory cost are important practical
constraints.
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Fig. 1: Conceptual comparison between Point-MF and iterative point-cloud generation.
(a) Many existing diffusion/flow-based point-cloud generators obtain reconstructions
through iterative denoising or numerical integration, requiring many network function
evaluations (NFEs). (b) Point-MF directly predicts an interval-averaged velocity field
in point-cloud space and performs a one-step update from noise to the reconstructed
point cloud. DSA regularizes the induced data-side estimate with a set-distance loss,
suppressing outliers and density artifacts caused by one-step updates.

Point clouds support set-distance supervision and can serve as intermediate
representations for surface reconstruction or rendering , or as
inputs to grasp prediction . When only point geometry is needed, direct
prediction avoids reconstructing mesh connectivity that would be discarded after
point sampling. We therefore target fast, aligned geometry-only reconstruction
rather than textured asset generation.

Existing single-image 3D methods can be broadly grouped into direct regres-
sion methods, probabilistic diffusion/flow-based generative methods, and open-
category image-to-3D models. Direct regression methods @
predict a 3D representation from an input image in a single forward pass and are
therefore attractive for fast inference. Among point-cloud reconstruction meth-
ods, RGB2point is a strong practical baseline. However, deterministic pre-
diction makes it difficult to represent multiple plausible shape completions for
occluded regions.

In contrast, diffusion/flow-based methods can

probabilistically model shape ambiguity, but they typically require many NFEs
due to iterative denoising or numerical integration. More recently, open-category
image-to-3D models and asset generators, including the TRELLIS series
and related methods , have substantially advanced high-resolution
3D generation. These models are important reference points, but many of them
target 3D asset generation with meshes, structured 3D latent representations,
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3D Gaussians, or appearance and material information. This differs from the
aligned geometry-only point cloud reconstruction setting studied in this work.

Mean Flow [13], derived from Flow Matching [38], enables large updates
with few sampling steps by learning an interval-averaged velocity field between
two time points. However, directly applying this idea to unordered point-cloud
space is non-trivial. An N-point cloud lies in a high-dimensional set space, and
even small velocity errors in a one-step update can appear as outliers, density
imbalance, or deviations from the underlying shape manifold. Therefore, the
challenge is to reduce NFEs while stabilizing the clean geometry (a data-side
estimate at ¢ = 0) induced by a large Mean Flow update.

To address this challenge, we propose Point-MF, a one-step conditional
Mean Flow framework for single-image point cloud reconstruction (Fig. . Point-
MEF predicts the mean velocity field directly in point-cloud space without using a
point-cloud autoencoder, and reconstructs the output with a single network func-
tion evaluation. The central component is Denoised Space Anchor (DSA).
DSA anchors the clean point-cloud estimate zy induced by the predicted veloc-
ity to the ground-truth geometry using a set-distance loss, thereby suppressing
outliers and density artifacts caused by large one-step updates.

We evaluate Point-MF on ShapeNet-R2N2 and Pix3D in terms of both shape
quality and efficiency. On ShapeNet-R2N2, we report results on all 13 categories
and compare Point-MF with feedforward methods and iterative diffusion-based
methods. For recent image-to-3D models, we provide representative qualitative
comparisons in the main paper, and report quantitative reference evaluations
involving point-cloud conversion in the supplementary material.

Our contributions are summarized as follows:

— We formulate single-image point cloud reconstruction as one-step conditional
Mean Flow directly in point-cloud space, and propose Point-MF, a geometry-
only reconstruction framework that does not require a point-cloud autoen-
coder.

— We introduce Denoised Space Anchor (DSA), which regularizes the clean
point-cloud estimate induced by the predicted mean velocity using a set-
distance loss, reducing outliers and density artifacts caused by one-step up-
dates.

— We validate Point-MF through comprehensive experiments on all 13 ShapeNet-
R2N2 categories and Pix3D, including reconstruction quality, inference effi-
ciency, memory usage, and ablation studies.

2 Related Work

3D Reconstruction from Images. Image-based 3D reconstruction has ex-
plored a wide range of 3D representations, including voxels, meshes, point clouds,
implicit functions, and Gaussian Splatting [94[29441146147,50162,63]. For single-
image reconstruction, prior work has proposed voxel-based methods such as 3D-
R2N2 [9], mesh-based methods such as Pixel2Mesh and AtlasNet [16,[63], and
implicit-function-based methods such as Occupancy Networks and DeepSDF [44]
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50]. In contrast, point clouds provide a lightweight geometry representation
and can be directly supervised with set distances, making them suitable for
geometry-only single-image reconstruction. Representative point-cloud recon-
struction methods include reprojection-based approaches [24] and RGB2point [35],
which performs fast direct point-cloud generation.

More recently, probabilistic generation of point clouds and 3D shapes has
been widely studied. Point cloud diffusion [42], DiT-3D [45], Point-E [49], PC? |43,
and BDM [67] are representative examples that extend diffusion models to 3D
generation or single-image reconstruction. These methods can probabilistically
model ambiguous 3D completion, but they require many iterative updates at
inference time, resulting in large NFEs. In contrast, LION [70] is a represen-
tative latent-space diffusion method that uses a hierarchical point-cloud VAE
and performs diffusion generation in a latent space consisting of a global shape
latent and a point-structured latent. While LION achieves stronger generation
performance than DDMs operating directly in point-cloud space, it depends on
the training and reconstruction quality of a point-cloud autoencoder and still
requires iterative sampling during generation. In contrast, our method learns
one-step conditional Mean Flow directly in point-cloud space without using a
point-cloud autoencoder.

In addition, open-category image-to-3D models and 3D asset generation
methods, such as LRM [19], the TRELLIS series [65//66], SPAR3D [20], SAM3D |6],
ZeroShape/ZeroShape-W (7, 23], and SparseFlex [17], have made substantial
progress in high-resolution and open-category 3D generation. However, many
of these methods target 3D asset generation with meshes, structured 3D la-
tent representations, dense geometry, or appearance information. This differs
from the aligned geometry-only point cloud reconstruction setting studied in
this work in terms of output representation, training data, and evaluation pro-
tocol. Therefore, we treat these methods not as primary in-domain competitors,
but as reference methods under a point-sampled geometry evaluation protocol.

Diffusion and Flow-based Models. Diffusion and flow-based generative mod-
els learn a mapping from a prior distribution to a data distribution as a continuous-
time generative trajectory [181|281/381/39,56}/59,/60]. While these methods enable
high-quality generation, they often require iterative numerical integration at in-
ference time, which leads to high computational cost. Recent work has also stud-
ied regularizing the clean output x(y estimated from intermediate states along
the generative trajectory to improve few-step generation quality |1,37,/57./58]. In
this work, we extend this clean-output supervision principle to point clouds by
anchoring the induced denoised point set to the ground-truth geometry using a
set-distance loss.

Few-step Generative Models. Standard diffusion and flow-based models as-
sume multi-step numerical integration, whereas recent methods aim at one-step
or few-step generation by directly learning large temporal updates [12,/13}15}[30]
40,|57,,/58,|72]. Consistency Models, CTM, Shortcut Models, and IMM acceler-
ate generation through direct mappings to terminal samples, trajectory learning
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between arbitrary time pairs, or moment matching [12}30}72]. Mean Flow [13]
enables low-NFE generation by learning the mean velocity field between two
time points, and several follow-up methods have improved its stability and sam-
pling behavior [14}36}/71]. However, as shown by Pixel Mean Flows [41], naive
u-prediction can become unstable in high-dimensional latent-free spaces. A sim-
ilar issue arises in point-cloud space: errors in a one-step velocity prediction
can manifest as outliers, density imbalance, or shape deviations. We therefore
stabilize the induced denoised estimate geometrically using DSA.

3 Preliminaries

Flow Matching. Flow Matching (FM) [38] learns a velocity field along a trans-
port path between a data distribution and a prior distribution. Given a data sam-
ple & ~ Pqata and noise € ~ pprior, we use the linear interpolation x; = (1—t)x+te,
whose path-wise velocity is € — z. FM regresses the marginal velocity field in-
duced by this path, v(zs,t) = Ele — 2 | 2¢]. Under our time convention, ¢ = 0
corresponds to the data side and ¢ = 1 to the noise side. At inference time,
samples are generated by integrating the learned ODE backward from ¢ = 1 to
t=0.

Mean Flow. Mean Flow (MF) [13] enables low-NFE generation by directly
learning an interval-averaged velocity field between two time points, rather than
the instantaneous velocity field used in Flow Matching. Under our time con-
vention, ¢ = 0 corresponds to the data side and ¢ = 1 to the noise side. For
0 <r <t <1, the mean velocity field for moving from the state z; at time ¢ to
the state z, at time r is defined as

1 t
w*(zy,r,t) = / v (x,, ) dT. (1)
t—r J,

Using this mean velocity field, the update over the interval [r,¢] can be written

as

Ty = xp — (t — r)u*(ag, 7, 1). (2)

Therefore, if u* can be directly approximated by a neural network, a large tem-
poral jump can be performed without many numerical integration steps.

In practice, instead of directly evaluating the integral in Eq. , MF uses
a self-consistent regression target derived from the Mean Flow identity. In this
work, we introduce an image condition ¢ and train a conditional MF model
ug(ze,r,t | ¢) with classifier-free condition dropout. The detailed derivation of
Classifier-Free Guidance (CFG) -guided Mean Flow and the target computation
using Jacobian—vector product (JVP) are provided in Supplementary Sec. A. In
the main paper, we use the following objective:

Lyr-cra(f) =E |:Hu0(mt,7',t | c) —sg (Ufi%) Hz] ; (3)
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where u‘{;‘% denotes the CFG-guided regression target based on the Mean Flow
identity, and sg(-) denotes stop-gradient.

At inference time, we fix (r,t) = (0,1) and generate a point cloud from noise
r1 =€ by

xo =€ —up(e,0,1]¢), (4)

using a single network function evaluation.

4 Method

This section describes Point-MF, a conditional Mean Flow framework for single-
image point cloud reconstruction. We first describe the network architecture,
focusing on image conditioning, interval/time conditioning, and the proposed
Condition-Token Integrator (CTI). An overview is shown in Fig. 2l We then
present the loss design for stabilizing one-step Mean Flow generation and im-
proving geometric consistency in data space.

4.1 Architecture

Image Conditioning with DINOv3. In single-image point cloud reconstruc-
tion, the model must infer complete 3D geometry from partial visual evidence.
We use a frozen DINOv3 encoder [55] to extract image features from the input
image. The encoder outputs a global image feature zipy, € RP corresponding to
the class token, and patch-sequence features Z.i, € RM*P . The global feature
is projected to the hidden dimension of the DiT and used as eimg € R for
global modulation. The patch features are fed into the Condition-Token Inte-
grator (CTI), described in Sec. and are transformed into layer-wise context
tokens for Cross-Attention. The DINOv3 encoder is frozen, while the projec-
tion layers, CTI, and point-cloud generator are trained for the reconstruction
objective.

Mean-Flow-Compatible Point-Cloud DiT. The point-cloud generator is
implemented as a Transformer composed of L Diffusion Transformer (DiT)
blocks. Since a point cloud is an unordered set, we follow prior point-cloud
diffusion models [49] and do not use point-index-dependent positional embed-
dings, thereby preserving permutation equivariance with respect to the input
point order. The DiT backbone is based on the sparse point-cloud generation
Transformer of Lan et al. [34]. Unlike standard diffusion models, our network
predicts the interval-averaged velocity field ug(xy, 7, ¢ | ¢) rather than an instan-
taneous velocity. Therefore, in addition to the current time ¢, we condition the
model on the interval length dt =t — r.

Following DiT [51], we map ¢ and dt into e;(t), eq:(dt) € R¥ using sinusoidal
embeddings followed by two-layer MLPs. We then add the global image embed-
ding ejmg to obtain the conditioning vector I = e;(t) 4+ eqt(dt) + eimg. This vector
is used to generate the AdaLLN-Zero modulation parameters in each DiT block.
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Fig. 2: Overview of Point-MF. Global features from a frozen DINOv3 encoder are
combined with the embeddings of time ¢ and interval length dt = ¢t — r, and are
used for AdaLN-Zero modulation. In CTI, patch tokens are integrated once by shared
processing, and each DiT block forms its Cross-Attention context through a layer-
specific MLP. The point-cloud DiT predicts the mean velocity field ug(z¢, r,t | ¢) from
the noisy point cloud z¢, and generates the point cloud through the Mean Flow update
xr = x4 — (t —r)ug(ae, 7t | €).

Since Mean Flow estimates an average velocity over an interval rather than an
instantaneous velocity at time ¢, explicitly conditioning on dt enables the model
to handle different temporal jumps. The detailed block-level architecture is pro-
vided in the Supplementary Sec. B.

Condition-Token Integrator (CTI). Patch tokens from a frozen DINOv3
encoder contain strong semantic information, but they are not directly optimized
as Cross-Attention conditions for point-cloud generation. We therefore introduce
the Condition-Token Integrator (CTI), which transforms image patch tokens
into layer-wise context tokens for the point-cloud DiT. CTI consists of a token
integration stage applied once on the condition branch and a lightweight layer-
specific injection stage inside each DiT block.

Let Zyx € RM*D denote the patch features extracted by DINOv3. We first
project Zey, with an input projection ¢y, to obtain Zpase = Gin(Zetx) € RM*H,
We then apply MHSA once to the projected image tokens and obtain integrated
features Acti = MHSA (¢musa (Zbase))- In the ¢-th DiT block, this integrated
feature is projected by a layer-specific MLP 1, and added to the base image
tokens:

Zég%l - Zbase + wZ(ACTI)' (5)

The resulting Zg%l is used as the Cross-Attention context in the ¢-th DiT block.

In this design, token interactions are computed only once on the condition

branch, while each DiT block applies only a lightweight layer-specific projection.

Thus, CTI provides a task-specific interface between frozen DINOv3 features
and the point-cloud DiT while keeping the generator compact.
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Fig. 3: Conceptual illustration of Denoised Space Anchor (DSA). Point-MF extrapo-
lates the predicted mean velocity field ug(x¢,r, ¢ | ¢) toward the data time ¢ = 0 to
obtain a denoised-space estimate 8. DSA anchors this estimated point cloud to the
ground-truth point cloud 5T using a set-distance loss, thereby suppressing outliers
and density imbalance caused by one-step Mean Flow updates.

4.2 Training Objective

Denoised Space Anchor. Mean Flow enables low-NFE generation by predict-
ing an interval-averaged velocity field for a large temporal jump. In point-cloud
space, however, small velocity errors can directly lead to outliers, surface mis-
alignment, or density imbalance in the reconstructed shape. This is particularly
problematic in one-step generation, where there are no later correction steps.

To address this issue, we introduce Denoised Space Anchor (DSA; Fig. @,
an auxiliary loss that regularizes the clean point cloud implied by the predicted
mean velocity. Given a sampled state z; and a predicted mean velocity ug(zs, 7, ¢ |
¢), we form a denoised-space estimate by extrapolating the prediction to the clean
endpoint:

ig(mt,r,t | ¢) = x¢ — tup(zy, rt | €). (6)

When r = 0, Eq. @ has the Mean-Flow update form. For general (r,t), extrap-
olation to t = 0 is exact for the constant velocity of a sample-wise linear path,
but not generally for the marginal field ; we use it as an auxiliary geometric
estimate.

Since point clouds are unordered sets, a point-wise loss is not appropriate un-
less a correspondence is given. We therefore use Adaptive Probabilistic Matching
Loss (APML) as the set distance:

Lpsa = Lapmr, (35(z, 7t ] €),25T). (7)

APML provides soft matching between the predicted and ground-truth point

sets, making it better suited to the denoised-space estimate than a direct point-

wise regression loss. In Sec. 5.1} we further compare APML with Chamfer Dis-
tance and MSE as the set distance used in DSA.

DSA is used as an auxiliary constraint and does not replace the Mean-

Flow velocity supervision. It instead pulls the clean point cloud induced by the
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predicted velocity field toward geometrically plausible shapes. To balance the
strength of this constraint across time, we use the time-dependent weight

A(t) = 1,2 _Mbase (8)

"max(t, )
We set 7 = 107° to bound the weight near ¢ = 0. The factor 1/ max(t,T)
compensates for the factor ¢ in Eq. @, while 1;., disables DSA for the local
Flow-Matching-like branch (t = 7).

Finally, to absorb the scale difference between the Mean-Flow objective and
the set distance, we use a mini-batch-based scaling coefficient:

_ ]E[,CMF-CFG]detach (9)
E[Lpsa]detach + 6

The stop-gradient on the batch averages prevents the scaling coefficient itself
from becoming an optimization target. The small constant § is used only for
numerical stability; we set § = 108 in all experiments.

The final training objective is

Liotal = Lump-cre + s A(t) Lpsa.- (10)

For t # r, the explicit DSA gradient-scale factor is sApase min(1,¢/7), so the
clipping affects this factor only for ¢ < 7. In our experiments, we set Apase = 0.5,
which provides the best EMD-oriented trade-off in the DSA weight ablation.

5 Experiments

We evaluate Point-MF in terms of both reconstruction quality and inference
efficiency. Since our goal is to generate geometrically consistent point clouds
with low-NFE sampling, we report not only CD, EMD, and F-Score, but also
inference time and peak memory usage.

Datasets. We evaluate Point-MF on ShapeNet-R2N2 [4] and Pix3D [61]. For
ShapeNet-R2N2, we follow the 13-category split used in prior work [9,48|, sample
target point clouds from each 3D model, and normalize them to be centered at
the origin. For Pix3D, we follow the split of Xu et al. [67]. Pix3D is used only
as a test-only benchmark to evaluate real-image generalization, and is not used
for training.

Metrics and Evaluation Protocol. We evaluate the reconstruction quality
between the generated point cloud X and the ground-truth point cloud X using
L1 Chamfer Distance (CD), Earth Mover’s Distance (EMD), and F-Score. CD
and EMD are used as complementary metrics for measuring geometric accuracy
and global point-correspondence consistency. For CD and EMD, we unify the
output resolution to 1024 points on ShapeNet-R2N2 and 2048 points on Pix3D.
F-Score is computed with a threshold of 1% of the longest side of the bounding
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Table 1: Comparison of CD and EMD on ShapeNet-R2N2. NFE denotes inference-
time network evaluations; BDM uses 256+20 = 276 NFEs including its prior model. “~”
denotes unavailable or incompatible comparisons. ViT-B uses a standard ImageNet-
pretrained encoder |10]. For FCM [54], we report both 1-view and 2-view settings.

CDx100 | EMDXx100 |
Method NFE Car Chair Air Avg. Car Chair Air Avg.

Self-Sup. [48| 1 5.48 10.91 7.11 7.85 4.95 14.93 11.07 9.99
DIFFER |31] 1 6.35 9.78 5.67 7.47 6.03 16.21 9.90 10.65
ULSP |24] 1 5.40 9.72 5.91 7.11 4.78 10.18 7.66 7.41
RGB2point |35] 1 4.22 5.43 2.70 4.33 5.63 9.53 6.86 7.34

PC? [43] 256 4.95 5.60 3.37 4.84 4.69 5.36 4.27 4.85
BDM [67] 276 5.12 5.02  3.12 4.64 4.25 453  3.92  4.28
LION [70) 1000 5.86  12.563  5.95 8.35 6.54  13.73  8.08 9.54
FCM (I-View) [54] 256  4.93 3.52 5.57 5.39

FCM (2-View) [54] 256  4.64 - 2.91 - 5.51 - 5.17 -
Ours 1 4.22 4.29 276 3.92 3.82 4.29 3.04 3.82
w/o CTI 1 4.58 4.29 3.01 4.13 4.02 4.62 3.54 4.14
w/o DSA 1 5.21 6.16 3.71 5.23 4.89 6.08 4.12 5.16
DINOv3 — ViT 1 4.12 4.45 2.72 3.93 4.02 4.31 3.12 3.93

box. Avg. is the instance-weighted mean over listed categories (ShapeNet-R2N2
counts: Supplementary Table 3; Pix3D images: chair/sofa/table = 768/390/374).
We reimplemented RGB2point.

For F-Score, checkmarks in Table [2| indicate RepKPU [52] upsampling from
2048 to 8192 points; unmarked Point-MF results use direct 8192-point generation
without retraining. This is enabled by the absence of index-dependent positional
embeddings and does not imply resolution-invariant performance. Additional
qualitative comparisons and complete 13-category quantitative results, includ-
ing image-to-3D reference comparisons, are provided in Supplementary Secs. E
and F, respectively.

To evaluate the practical efficiency of low-NFE generation, we compare in-
ference time and peak memory usage. GPU inference is measured on a single
NVIDIA RTX A4000. After warm-up, we run each method 100 times on the
same input and report the mean and standard deviation. We compare against
PC? 43|, BDM [67], and RGB2point [35], with the output resolution fixed to
2048 points. Furthermore, to examine the feasibility of lightweight deployment,
we additionally evaluate Core ML inference on an iPhone 15 Pro as a supple-
mentary experiment.

Table 2: F-Score comparison on ShapeNet-R2N2 with a threshold of 1%. v~ indicates
evaluation after RepKPU upsampling from 2048 to 8192 points.

Category  LegoFormer [69] PC? [43] BDM [67] LION [70] RGB2point [35] Ours Ours

Upsample v v v

airplane 0.215 0.473 0.512 0.560 0.583 0.591 0.603
car 0.220 0.301 0.311 0.272 0.339 0.338 0.342
chair 0.217 0.202 0.238 0.145 0.195 0.243 0.252
sofa 0.260 0.177 0.211 - 0.194 0.238  0.240
table 0.305 0.238 0.268 - 0.268 0.309 0.316

Average 0.247 0.271 0.299 - 0.304 0.332 0.339
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Table 3: Comparison of CD and EMD on the Pix3D dataset.

CDx100 |} EMDx100 |
Method NFE Chair Sofa Table Avg. Chair Sofa Table Avg.
ZeroShape [23| 1 8.66 7.12 8.40 8.20 9.12 7.54 10.10 8.96
PC? [43] 256 7.07 5.87 11.39 7.82 7.13 6.14 10.72 7.75
BDM 67| 276 6.62 5.55 8.35 6.77 7.05 4.98 8.79 6.95
RGB2point [35] 1 6.62 5.40 9.70 7.06 9.34 7.11 12.69 9.59
Ours 1 6.48 5.02 8.20 6.53 6.74 5.06 7.94 6.61
w/o CTI 1 7.58 5.58 8.45 7.28 7.23 5.52 8.34 7.07
w/o DSA 1 8.82 6.58 10.12 8.57 8.88 7.02 9.76 8.62
DINOv3 — ViT 1 6.58 5.32 8.11 6.63 6.84 5.12 7.94 6.67

Implementation Details. All evaluated Point-MF models are trained in Py-
Torch on eight NVIDIA RTX A6000 GPUs (~25 hours); a separate JAX/XLA
implementation takes ~16 hours. Each training sample consists of an N = 2048
point cloud and a 224 x 224 RGB image. We use pretraining only for the image
feature extractor, namely DINOv3, and train all other modules from scratch.
The DiT backbone has hidden dimension H = 512, L = 12 blocks, and h = 8
attention heads. For image conditioning, we use DINOv3 ViT-B as the frozen
image encoder. The CTI module for processing DINO patch tokens is applied
once on the condition branch, with internal dimension 1024 and 4 attention
heads.

The DSA weight is set to Apase = 0.5. We optimize the model using AdamW
with learning rate 1.0 x 10~%, batch size 128, and 120,000 training steps. The first
10,000 steps are used for warm-up. The CFG-based velocity composition used
during training is included in the objective in Eq. . Additional hyperparameter
details are provided in Supplementary Sec. B.

Quantitative Results. Table || re-
ports CD and EMD on ShapeNet-
R2N2, and Table 2] compares F-Score.
Results on Pix3D are shown in Ta-

Table 4: Inference time and peak mem-
ory usage. GPU results are measured on an
RTX A4000, and mobile results are mea-
sured on an iPhone 15 Pro using Core ML.

ble @‘ AS ShOWH in Table m POint_MF Method NFE Time [ms/sample] Peak Mem.
outperforms diffusion-based methods Device: RTX 44000

that . lti-st i PC? [43] 256 22000 + 200 1.730 GiB

at require Inultl-step samplig,  ppMm {67 276 28000 &+ 200  1.970 GiB

; . RGB2point [35] 1 28.39 £ 2.18  0.818 GiB

while using only one NFE. Ours (2048 points) 1 40.72 £ 2.74  1.033 GiB

RGB2p01nt iS trained Wlth a CD Ours (8192 points) 1 84.61 + 1.21 1.097 GiB
objective, and therefore has an advan- gﬁi’ﬁ”féoféh‘;o”fnéf Prf (Cogesy?i)i 151 0.608 GiB
tage on CD because its training objec-
tive is aligned with the evaluation metric.

However, compared with probabilistic generative methods such as PC2, BDM,
and Point-MF, RGB2point performs worse in terms of EMD. As shown in Ta-
ble 2] Point-MF achieves the best average F-Score among the compared meth-
ods. Notably, Point-MF retains strong performance when directly generating
8192 points without additional training or RepKPU upsampling. On the real-
image Pix3D dataset, Point-MF also achieves the best overall performance with
only one NFE, as shown in Table [8] Table @] compares inference time and peak
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Input RGBZpomt Ours Ground Truth I Input RGB2point PC? Ours Ground Truth

"“E'&'E

Fig. 4: Qualitative results on ShapeNet.

%

memory usage. Point-MF is 1.43x slower than RGB2point (40.72 vs. 28.39 ms),
but over 500x faster than PC? and BDM under the same RTX A4000 protocol.
Runtime increases when directly generating 8192 points due to the larger point-
token count. We also convert Point-MF to Core ML and verify its execution on
an iPhone 15 Pro. This mobile evaluation is not intended as a same-environment
comparison with existing methods, but rather as a supplementary experiment
showing that the 1-NFE inference of Point-MF is feasible on a real device. De-
tails of the Core ML conversion and mobile measurement protocol are provided
in Supplementary Sec. C.

Qualitative Results. To visually evaluate shape fidelity and point-density dis-
tribution, we conduct qualitative comparisons on ShapeNet-R2N2 (Fig. 4]) and
Pix3D (Fig. . Overall, Point-MF generates point distributions with consis-
tent shapes while suppressing density imbalance. This trend is consistent with
the strong EMD performance of Point-MF in Table [I] In contrast, RGB2point,
which directly minimizes Chamfer Distance, often produces sharp contours be-
cause points are strongly attracted to the surface, but it can suffer from local
density imbalance or point concentration in specific regions. On Pix3D, Point-
MF can also reconstruct challenging structures such as table undersides and
complex chair legs, which are often missed by PC? and RGB2point. We further
show a subset of qualitative comparisons with recent image-to-3D models in
Fig.[6} The qualitative results indicate that, although Point-MF does not aim to
generate textures or dense meshes, it can efficiently recover aligned object-level
geometry from a single image. Additional qualitative comparisons on the remain-

Input  ZeroShape RGB2p01nt PC? (256-NFE) BDM (276-NFE) Ours (1- NFE) Ground Truth

7 f A A A F
‘ - @ @
- ™

=R |

Fig. 5: Qualitative results on Pix3D.
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Input ZeroShape SPAR3D  SAM3D Ours  Ground Truth

XEEIE

Fig.6: Representative reference comparison with recent image-to-3D models on
ShapeNet-R2N2. All outputs are visualized as point clouds from the same viewpoint.

ing ShapeNet-R2N2 categories and Pix3D, random samples, failure cases, and
additional reference comparisons with recent image-to-3D models are provided
in Supplementary Sec. E.

5.1 Ablations

Input w/o DSA MSE CD APML  Ground Truth

Fig. 7: Qualitative comparison of different set distances used in DSA on Pix3D. When
Chamfer Distance is used, points tend to scatter slightly in some regions, as indicated
by the red circles.

Tables [I] and [3] show that DSA is the most influential component, CTI
provides consistent gains, and replacing DINOv3 with a standard ImageNet-
pretrained ViT-B causes only a small drop. Thus, the gain mainly comes
from denoised-space anchoring and task-specific conditioning, not the image en-
coder alone. NFE—quality and diversity analyses support our 1-NFE setting and
show retained output stochasticity under DSA (Supplementary Sec. D). We fur-
ther ablate the set distance used in DSA on Pix3D by replacing APML with
L1-Chamfer Distance (CD) or MSE. As shown in Table [5{ APML achieves the
best overall performance, whereas MSE performs the worst because DSA reg-
ularizes an unordered denoised point set without explicit point-to-point corre-
spondences. Thus, set-to-set losses are more appropriate than point-wise MSE,

Table 5: Ablation study of the set distance used in DSA on Pix3D.

CDx100 | EMDx100 |
Method Chair Sofa Table Mean Chair Sofa Table Mean
APML 6.48 5.02 8.20 6.53 6.74 5.06 7.94 6.61
CD 6.36 5.12 8.40 6.54 7.48 5.26 8.53 7.17
MSE 11.18 8.63 12.84 10.93 10.1 9.52 10.21 9.98

w/o DSA 8.82 6.58 10.12 8.57 8.88 7.02 9.76 8.62
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and APML gives the best EMD-oriented trade-off. Fig. [7] further shows that CD
can produce scattered points due to nearest-neighbor matching.

5.2 Limitations

Our method has three limitations. First, the self-consistent target computa-
tion in Mean Flow requires a JVP, which increases the computational cost and
memory usage during training. Second, since our method operates directly in
point-cloud space, the computational cost increases with the number of output
points; obtaining higher-fidelity dense outputs can further benefit from external
upsampling or refinement methods such as RepKPU [52]. Third, our evaluation
is limited to ShapeNet-R2N2 and Pix3D, and validation on broader categories
and more complex real-world images remains future work.

6 Conclusion and Discussion

In this paper, we formulated geometry-only point cloud reconstruction from a
single image as one-step conditional Mean Flow directly in point-cloud space,
and proposed Point-MF. Point-MF predicts an interval-averaged velocity field
without using a point-cloud autoencoder and generates a point cloud with a sin-
gle network function evaluation. We further introduced Denoised Space Anchor
(DSA), which anchors the denoised estimate induced by the predicted mean ve-
locity to the ground-truth shape using a set-distance loss, thereby suppressing
outliers and density imbalance caused by large one-step updates.

Experiments on ShapeNet-R2N2 and Pix3D showed that Point-MF achieves
strong CD, EMD, and F-Score against the evaluated point-cloud reconstruc-
tion baselines. In particular, Point-MF operates with only one NFE, while being
substantially faster than iterative diffusion-based methods and maintaining the
same order of inference latency as feedforward methods. These results demon-
strate that geometric anchoring in the denoised space is effective for stabilizing
one-step Mean Flow in point-cloud space.

Future work includes reducing the training cost associated with JVP, ex-
tending Point-MF to high-resolution point cloud generation, and validating it
on broader categories and more complex real-world images. In addition, incor-
porating recent improvements from Improved Mean Flows [14] and Pixel Mean
Flow [41] may further improve guidance and training objectives.
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