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Abstract

Masked autoencoders (MAE) have become a dominant
paradigm in 3D representation learning, setting new perfor-
mance benchmarks across various downstream tasks. Exist-
ing methods with fixed mask ratio neglect multi-level rep-
resentational correlations and intrinsic geometric structures,
while relying on point-wise reconstruction assumptions that
conflict with the diversity of point cloud. To address these
issues, we propose a 3D representation learning method,
termed Point-SRA, which aligns representations through
self-distillation and probabilistic modeling. Specifically, we
assign different masking ratios to the MAE to capture com-
plementary geometric and semantic information, while the
MeanFlow Transformer (MFT) leverages cross-modal con-
ditional embeddings to enable diverse probabilistic recon-
struction. Our analysis further reveals that representations at
different time steps in MFT also exhibit complementarity.
Therefore, a Dual Self-Representation Alignment mech-
anism is proposed at both the MAE and MFT levels. Fi-
nally, we design a Flow-Conditioned Fine-Tuning Archi-
tecture to fully exploit the point cloud distribution learned via
MeanFlow. Point-SRA outperforms Point-MAE by 5.37%
on ScanObjectNN. On intracranial aneurysm segmentation,
it reaches 96.07% mean IoU for arteries and 86.87% for
aneurysms. For 3D object detection, Point-SRA achieves
47.3% AP@50, surpassing MaskPoint by 5.12%.

Introduction

MAE has emerged as a leading framework in Self-
Supervised Representation Learning (SSRL). In the 3D
community, methods such as Point-MAE (Pang et al. 2022),
Point-M2AE (Zhang et al. 2022), and MaskPoint (Liu, Cai,
and Lee 2022) have successfully adapted this paradigm and
achieved strong performance across various tasks. By re-
constructing masked regions from sparse visible points, 3D
MAE learns robust geometric representations with strong
generalization ability. Despite its effectiveness, most exist-
ing methods adopt fixed masking ratio based on empirical
settings, lacking theoretical insight into how the ratio influ-
ence the learned representations. This leads to an essential
but underexplored question: Do different masking ratios in-
herently yield representations of varying richness, and can
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Figure 1: Complementarity under varying mask ratios. (a)
Mutual information drops and semantic compression rises
with increasing mask ratio. (b) 30% mask (teacher) pre-
serves fine-grained details; 75% mask (student) yields better
semantic abstraction.

these differences be leveraged to improve overall represen-
tation quality?

Our investigation reveals a fundamental principle: mask-
ing ratio complementarity. As shown in Figure 1, we dis-
cover that masking ratio choice creates a systematic trade-
off between geometric detail preservation and semantic ab-
straction. Specifically, as masking ratio increases, mutual in-
formation with the input decreases while semantic compres-
sion improves, leading to representations that capture differ-
ent aspects of 3D structure. Low masking ratios (<30%) ex-
cel at preserving fine-grained geometric features, while high
masking ratios (>75%) force the model to learn abstract se-
mantic patterns. This complementarity is not incidental but
fundamental to the information bottleneck induced by mask-
ing. However, current 3D MAE methods suffer from two
fundamental limitations that hinder their ability to utilize
masking ratio complementarity effectively:

1. Fixed masking strategies limit the model’s ability to
benefit from the complementary representations available
under different masking ratios.

2. Under high masking ratios, point-wise deterministic re-
construction in 3D MAE often leads to mismatches, as it
fails to account for the inherent structural diversity. As illus-
trated in Figure 2, the same visible region may correspond
to multiple plausible results.
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Figure 2: Under high masking ratios, diverse chair recon-
structions from the same masked input (identical visible re-
gions) reflect inherent uncertainty in geometric generation
and plausible variations in leg shape, backrest angle, and
seat thickness.

To fully leverage the discovered masking ratio comple-
mentarity, we incorporate Self-Representation Alignment
(SRA) as an internal knowledge transfer mechanism. Mean-
while, we investigate the probabilistic reconstruction capa-
bilities of MeanFlow and analyze representation informa-
tion across different time steps. To this end, the Mean-
Flow Transformer (MFT) is designed to effectively lever-
age these properties. Moreover, MeanFlow probabilistic for-
mulation naturally accommodates the multi-solution nature
of 3D reconstruction. The trajectory-based learning process
enables alignment of representations across temporal states,
while its support for conditional generation allows flexible
incorporation of multi-modal information. Therefore, we de-
sign a Dual Self-Representation Alignment (Dual SRA)
mechanism: MAE-Level Self-Representation Alignment
(MAE-SRA) integrates representations obtained under dif-
ferent masking ratios, facilitating the fusion of geometric
and semantic knowledge. MFT-Level Self-Representation
Alignment (MFT-SRA) aligns representations across time
steps using trajectories learned via MeanFlow, capturing the
evolution of point cloud distributions. Finally, we propose
Point-SRA, a framework that systematically exploits mask-
ing ratio complementarity for 3D representation learning.
In addition, the standard Transformer fine-tuning network
is enhanced by integrating MeanFlow-based updates. Our
main contributions are summarized as follows:

* We conduct a systematic theoretical analysis of masking
ratio complementarity, reconstruction uncertainty, and
numerical stability of MeanFlow, and leverage these in-
sights to design the Point-SRA framework.

We present a unified Dual SRA mechanism for aligning
representations across both masking ratios and temporal
states, enabling fully self-contained knowledge transfer.
We propose the MFT to address the limitations of point-
wise reconstruction in 3D MAE, enabling representation
guidance and probabilistic reconstruction.

We develop a Flow-Conditioned Fine-Tuning Architec-
ture that leverages distributional knowledge learned dur-
ing pre-training for downstream tasks.
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Observations

The point cloud P € RN >3 is partitioned into G local re-
gions N1, N, ..., Ng via Farthest Point Sampling (FPS). A
subset of |r - G| regions are randomly selected for masking,
where the masking ratio r € [0, 1]. Let V denote the index
set of visible regions, so the visible regions can be expressed
as X, = {N; : i € V}. The encoder fy_ : X, — R maps
the visible regions to a d-dimensional representation space.

Theorem A: Masking Ratio Complementarity. For
masking ratios r; < rp, under the information bottleneck
framework, the corresponding optimal encoders fp+ and fp
satisfy:

I(,P7f9l*(X7‘z)) >I(,P7f9;(th))7 (H
C(f‘%t (th)) > C(f@;‘ (sz))7 2)

where Z(+;-) denotes mutual information and C(-) denotes
the semantic compression degree defined as:

)
) = TP unii 2

where Psemantic denotes semantic information of the point
cloud. H(Z) is the entropy of representation Z. A detailed
proof is provided by the Supplementary Material.

Corollary: Representation Complementarity. There
exist projection functions: 7y, : R4 — Reo and Teem °
R — Rdsem guch that:

17 geo(for (Xr1)) — Tgeo(P) |7
< ||7Tgeo(f9; (th)) - WQEO(P)HFa (4)

||7Tsem(f9,’§ (Xrn)) — Tsem (P 7

< ||7Tsem(f91* (X'rl)) — Tsem (P) ||F; (5)
This provides the theoretical foundation for our Dual SRA
mechanism, indicating that a high masking rate is conducive
to preserving semantic information, while a low masking
rate tends to retain geometric information.

Theorem B: Reconstruction Uncertainty. Traditional
MAE methods are based on a point-wise reconstruction as-
sumption, i.e., there exists a unique optimal reconstruction
target:

Lact = Epepaora [l Prr = Gen(Py) IP], (6)
where G, is the generative function, and P, and Py, de-
note the masked and visible regions, respectively. However,
point cloud geometric reconstruction inherently exhibits am-
biguity. Given visible regions Py, the plausible configura-
tions of the masked region form a conditional probability
distribution:

p(PalPy) = /@ (Pt Py )p(@[Py)dw,  (7)

where © denotes geometric parameters such as curvature
and density. When the masking ratio lies within a reasonable
range, the entropy of the reconstruction distribution satisfies:

H(p(Pm[Py)) > 0. ®)
Naturally, we adopt MeanFlow to learn a continuous trans-
formation from a noise distribution to the true data distribu-

tion, which can handle geometric uncertainty and generate
diverse, geometrically consistent reconstructions.

3)
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Figure 3: Overview of the Point-SRA. The input point is partitioned via FPS and KNN. Image and text inputs are encoded
by pre-trained Vision/Text Transformers. A dual self-representation alignment mechanism adopts a teacher-student MAE. The
teacher uses a 30% masking ratio to retain geometry, and the student uses 75% to learn semantics. The teacher is updated via
EMA. The MFT reconstructs probabilistic distributions and aligns representations across time. Sg denotes gradient stop.

Methodology
Network Architecture

As illustrated in Figure 3, the proposed Point-SRA frame-
work consists of four tightly integrated components that
work collaboratively to enhance 3D representation. The
MAE serves as the foundational module, which learns geo-
metric features by reconstructing the masked regions of the
input. To address the inherent ambiguity in point cloud ge-
ometry, the MFT is designed to model the data distribution
through continuous probabilistic trajectories, capturing ge-
ometric uncertainty more effectively. Building upon these
two modules, the MAE-SRA aligns feature representations
obtained under different masking ratios, enabling the fusion
of geometric detail and semantic abstraction. Furthermore,
the MFT-SRA aligns the probabilistic flow representations
across temporal states, allowing the model to capture the dy-
namic evolution of the distribution.

MAE. A masking operation is first applied to randomly
retain a subset of visible points Py;s = {p;|M(p;) = 0},
while the rest are masked as Pposr = {pilM(p;) = 1}.
The encoder Ey;og processes the visible points to extract
their feature representations:

hm's == EMAE(Pvis)~ (9)

At the same time, learnable mask tokens are generated for
the masked points and concatenated with the visible features
to form a complete feature set h .. The decoder Dyrap
then takes this full representation as input to reconstruct the

coordinates of all points P:

P = Dyrag(hu).

To improve reconstruction quality, the Chamfer Distance
(Fan, Su, and Guibas 2017) is adopted as the reconstruction

(10)
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loss:
1 .
Lrecon =T Z min ||p’b - qu%
| | pi€P q; €P
1 ' , (11D
t g Z min [lg; —pillz
q; €P

where p; denotes a point from the ground-truth and ¢; de-
notes a point from the predicted point cloud.

Conditional Distribution Modeling with MeanFlow.
Given a point cloud and its associated multi-modal condi-
tional information, including image features f;,,, and text
features fie,t, the conditional representations are first ex-
tracted using dedicated image and text encoders. A contin-
uous trajectory {z; }c[0,1] is then defined. Where 2 is the
target point cloud and z; is sampled from a standard normal
distribution. The trajectory is constructed via linear interpo-
lation:

ze=0—t)-z9+1t- 2. (12)

Subsequently, the MeanFlow method is employed to pre-
dict the average velocity field along this trajectory. Given a
current time step ¢ and a reference time step r with r < ¢,
MeanFlow estimates the average velocity from ¢ to r as:

Zr — 2t

—t’
where c denotes the conditional feature vector incorporating
multi-modal information, constructed as follows:

C= € (t) + e (7") + Wimgfimg + Wtextftextv (14)
where e;(-) and e,(-) are time embedding functions, and
Wimg» Wiest are projection matrices. The MFT is adopted

as the backbone network to predict the mean velocity field,
as illustrated in Figure 3.

AC]\/[FM = Et,r,zt,z,,w,c [H Up (Zt,T‘,tIC> — Utarget HQ} .

15)

ug (z¢, 7, tlc) =~ (13)



The target velocity Usqrget 18 derived from theoretical prin-
ciples, not only considering the basic finite difference “2=7*,
but also incorporating the time derivative of the instanta-
neous velocity field:

dt

where v; = 21 — 20, and the time derivative %vt (2¢) is com-
puted using the Jacobian-vector product (JVP):

th (Zt)
— Ut .
dt ot
To stabilize training, we apply an Adaptive L2 loss, which

dynamically adjusts the loss weight based on prediction er-
ror:

Utarget = Ut — (t - T) (%7 (Zt)v (16)

(2¢) = Vo, 0¢ (2¢) - ve (2¢) + (17)

‘CMF]W =F [Sg (w) : H Ug — Utarget ||2] 5 (18)

where w = (Hurumlget”ue)p, sg( - ) denotes the stop-
gradient operation, p = 1 — « is the power exponent, € is
a small constant for numerical stability, ug is the predicted
average velocity field by MFT, and uqrge: s the theoretical
target computed via the MeanFlow identity.

Cross-modal Joint Conditioning. The geometric fea-
tures of the point cloud are extracted via the MAE encoder,
while image and text features are obtained as ImageTrans-
former and TextTransformer, respectively. These features are
propagated across modules as follows:

fimgftoken = Wimg(fcls)7 (19)

ftewtftoken = Wtext (fcls); (20)

where f.; denotes the [C'LS] token feature from the MAE
encoder, and Wi, g, Wieq are linear projection matrices. A
Cross-modal Semantic Consistency (CSC) Loss is defined
to align the point cloud encoder’s representations with those
from the image and text modalities:

LCSC :['SmoothLl (.fimg—tok:en; fimg)

2D
+ £SmoothL1 (ftewt—tokeny fte;vt)~

Dual Self-Representation Alignment. As illustrated in
Figure 3, Self-Representation Alignment (SRA) is applied
at both the MAE level and the MFT level to facilitate ef-
fective knowledge transfer. The teacher model parameters
are updated from the student model via Exponential Moving
Average (EMA):

Oteacher < M - Oreacher + (1 - m) Ostudent, (22)

where m € [0, 1] is a momentum coefficient controlling the
update rate.

MAE-SRA. At the MAE level, a teacher-student archi-
tecture is built, where the student model is trained with a
high masking ratio, and the teacher model with a low mask-
ing ratio. Formally, we apply two masking patterns M, and
M corresponding to high and low masking ratios, respec-
tively, yielding masked inputs P, and P;. The student model
processes the high-mask input:

hstudent = Enae(Pr). (23)
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Figure 4: Flow-conditioned Fine-Tuning Architecture of
Point-SRA. The pretrained MFT (with frozen parameters)
takes the center coordinates and outputs flow vectors sam-
pled at different time steps.

The teacher model processes the low-mask input:

hteacher = Eﬁ[{%é (Pl)’ (24)

where EFM2 denotes the teacher encoder. The MAE-SRA
loss is defined as the cosine similarity loss between the fea-
ture representations of the student and teacher models:

hstudent : hteache'r

1 (25)

Emaeisru |hstudent‘ ‘ |hteacher| -

MFT-SRA. At the MFT level, a temporal alignment strat-
egy is designed to align representations at different time
points and capture the evolution of the probabilistic flow.
Specifically, we select two distinct time steps ¢, > 5, where
the student model processes the representation at ¢, and the
teacher model processes that at ¢,. Given the condition c,
and the corresponding noisy point cloud states z; andz,,
the feature representations are extracted as:

hi, = Farr (21,5 tas €) s hey = FEE A (20, thy €),  (26)

where Iy and FA]%Y! 4 denote the feature extractors of the
student and teacher MFT networks, respectively. The MFT-
SRA loss is then defined as the cosine similarity loss be-
tween the two representations:

Longt-sra = he, —59(he, +ue (2, ta, tole) - (ta—t0)) || -
27

Joint Loss Optimization. The final training objective is
formulated as a weighted sum of multiple loss components:

Etotal = £recon + )\flowEMFM

+ EC’SC + Am,ae—sraLmae-sra + )\mft-sra‘cmft-sra;

(28)

where A g0, is set to 0.5, and both A\pge—sra and A pi—sra
are set to 0.2.

Flow-Conditioned Fine-Tuning Architecture. As illus-
trated in Figure 4, during fine-tuning, The pre-trained MFT
is employed to compute the flow vector for each point cloud
group. Unlike the pre-training stage, fine-tuning utilizes only
point cloud geometry and does not rely on image or text
modalities:

Fyy = MFT frp.en(Center,t,r), (29)

where Center € RE*3 denotes the center coordinates of
each point cloud group, and M FT ¢,y indicates the pre-
trained MFT module with frozen parameters. The time pa-
rameters ¢ and r are sampled as in pre-training. To project



Method ScanObjectNN Params (M) Method Classification Segmentation
BG ONLY RS V% A% Fl% IoU% DSC%
Supervised Learning Only \Y A vV A

PointNet (2017a) 73.30 79.20 68.00 3.5 PointNet(2017a) 93.7 69.5 69.2 742 37.8 84.2 49.6
PointNet++ (2017b) 82.30 84.30  77.90 1.5 PointNet++(2017b) 98.8 87.3 90.2 932 76.2 96.4 84.6
PointNeXt (2022) - - 87.7+04 14 SO-Net(2018) 98.9 839 88.5 945 814 97.1 88.8
P2P (2022) - - 89.30 195.8 PointCNN(2018) 99.0 85.8 90.4 93.6 73.6 96.6 81.4

Single-Modal Self-Supervised Representation Learning ggiﬁté\ff?z%(zzz?)zz) 33(9) 222 g;z gg; g;; gg? Zég
Point-BERT (2022) 8743 88.12 8307 221 ACT(2023) 97.3 849 914 854 577 91.7 67.9
Point-MAE (2022) = 9002 8829 8518 221 ReCon(2023) 99.1 939 96.8 95.7 847 97.8 91.2
Point-M2AE (2022) 91.22 88.81 86.43 15.3 Point-SRA 100 951 977 96.1 86.9 98.0 92.7
PointMamba (2024) 9432  92.60 89.31 12.3 . . . . : .
PointDif (2024) 93.29 91.91 87.61 —
Po@nt—FEMAE (2024) 95.18 9329 90.22 41.5 Table 2: Classification and segmentation results for vascular
Point-JEPA (2025) 9320 9190  87.60 - and aneurysm segments on the IntrA.
RI-MAE (2025) 91.90 - - -

Cross-Modal Self-Supervised Representation Learning

ACT (2023) 9329 9191  88.21 22.1
12P-MAE(2023) 94.15 9157 90.11 153
ReCon (2023) 95.18 9329  90.63 443
Point-SRA (Ours) 95.53 9331  90.77 40.1

Table 1: Classification accuracy (%) on three subsets of
ScanObjectNN. “~” indicates that the result is not available.

the 3D flow vectors into the feature space, we design a ded-
icated projection layer:

Fcond = MLP(Fue + ||Fu9||2)7 (30)

where || F,, ||2 is the L2 norm of the flow vector applied
element-wise or broadcast to match dimensions. In addition,
an adaptive gating mechanism is introduced to control the
influence of flow conditioning on the original group features:

g=o0 (MLPgate (Fcond)) 5 (31)
H, = Hg®(1+ag) +ﬂFcond7 (32)

where H, is the original group feature, g € [0,1]9*¢ is the
learned gating value, and «, (3 are trainable modulation pa-
rameters. The operator ® denotes element-wise modulation.

Experiments

Object Classification. The pre-trained model is evaluated
on the real-world object classification benchmark. ScanOb-
jectNN (Uy et al. 2019) comprises 15K point cloud ob-
jects across 15 categories and is divided into three sub-
sets: OBJ_BG (objects with background), OBJ_ONLY (ob-
jects only), and PB_T50_RS (objects with background and
human-induced perturbations). As shown in Table 1, our
method achieves overall accuracies of 95.53%, 93.31%, and
90.77% on OBJ_BG, OBJ_ONLY, and PB_T50_RS respec-
tively, surpassing Point-MAE (Pang et al. 2022) by +5.51%,
+5.02%, and +5.59%.

Intracranial Aneurysm Classification and Segmenta-
tion. The IntrA (Yang et al. 2020) contains 1,909 vessel seg-
ments, including 1,694 healthy segments and 215 aneurys-
mal segments. The F1-Score (F1) is used as the primary
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5-way 10-way
Method 10-shot 20-shot 10-shot 20-shot
Point-BERT(2022) 94.6+3.1 96.322.7 91.0+5.4 92.75.1
MaskPoint(2022) 95.043.7 97.2+1.7 91.4+4.0 93.443.5
Point-MAE(2022) 96.3£2.5 97.8+1.8 92.6+4.1 95.0+3.0
Point-M2AE(2022)  96.8+1.8 98.3+1.4 92.3+4.5 95.0+3.0
RMRL(2024) 97.242.3 98.7+1.2 932434 95.6+2.6
PointDif(2024) 96.4+1.8 98.0+1.4 92.3+4.5 952+3.0
ACT(2023) 96.8+2.3 98.0+1.4 93.3+4.0 95.6+2.8
ReCon(2023) 97.3+1.9 98.9+1.2 93.3+3.9 95.8+3.0
Point-SRA (Ours) 97.6+2.2 99.0+1.2 93.3+4.5 95.9+2.7

Table 3: Few-shot classification results on ModelNet40 are
presented. The average accuracy (%) is reported under both
5-way and 10-way settings with 10-shot and 20-shot config-
urations.

evaluation metric. V and A represent the classification ac-
curacy for healthy intracranial vessels and aneurysms, re-
spectively. IoU and Dice Similarity Coefficient (DSC) are
employed to assess segmentation performance for vessel and
aneurysm regions. As shown in Table 2, Point-SRA achieves
an F1-Score of 97.7, outperforming the unimodal PointMAE
by 4, and the multi-modal ACT (Dong et al. 2023) method
by 6.3. In the segmentation task, Point-SRA attains an IoU
of 86.9% and a DSC of 92.7% for aneurysms, both signifi-
cantly surpassing mainstream segmentation baselines.

Few-Shot Classification. Systematic experiments are
conducted on ModelNet40 (Wu et al. 2015) under few-shot
learning scenarios. As shown in Table 3, under the 5-way
configuration, Point-SRA achieves an average accuracy of
97.6% and 99.0% in the 10-shot and 20-shot settings, re-
spectively, outperforming the Point-MAE (Pang et al. 2022)
baseline by 1.3% and 1.2%. In the 10-way configuration,
Point-SRA reaches 93.3% and 95.9% accuracy in the 10-
shot and 20-shot settings, respectively.

3D Object Detection. In the indoor scene detection task
on the ScanNetV2 (Dai et al. 2017), a 3D sparse convolu-



Method Pre Dataset ScanNet(mloU%)
VoteNet(2019) - 35.5
STRL(2021) ScanNet 38.4
PointContrast(2020) ScanNet 38.0
DepthContrast(2021) ScanNet-vid 42.9
Point-BERT(2022) ScanNet-Medium 38.3
MaskPoint(2022) ScanNet-Medium 42.1
Point-MAE(2022) ShapeNet 42.8
PointDif(2024) ShapeNet 43.7
Point-SRA (Ours) ShapeNet 47.4

Table 4: Object detection results (AP@50) on the Scan-
NetV2.

Method Pre-training  mloU(%) mAcc(%)
PointNet(2017a) X 41.1 49.0
PointCNN(2018) X 57.3 63.9
SegGCN(2020) X 63.6 70.4
Pix4Point(2024) X 69.6 75.2
MKConv(2023) X 67.7 75.1
PointNeXt(2022) X 68.5 75.1
Point-BERT(2022) v 68.9 76.1
MaskPoint(2022) v 68.6 74.2
Point-MAE(2022) v 68.4 76.2
PointDif(2024) v 70.0 77.1
Point-SRA (Ours) v 71.8 79.3

Table 5: Semantic segmentation results on S3DIS Area-5.
mloU and mAcc represent mean Intersection over Union and
mean accuracy, respectively.

tional network based on MinkowskiEngine (Choy, Gwak,
and Savarese 2019) is adopted as the backbone, and the
Point-SRA pre-trained encoder is integrated into the feature
extraction pipeline. The ScanNetV?2 consists of 1,513 fully
scanned indoor scenes, covering 18 common object cate-
gories. We follow the standard Average Precision (AP) met-
ric and evaluate under an IoU threshold of 0.5 (AP@50).
Table 4 show the Point-SRA pre-trained encoder achieves
an AP@50 of 47.4%. This improvement mainly comes from
more accurate localization and recognition of objects with
complex geometric structures, demonstrating the effective-
ness of Point-SRA’s geometric feature representations in
modeling spatial complexity.

Indoor Scene Segmentation. The S3DIS (Armeni et al.
2016) consists of 6 large indoor areas with a total of 271
rooms, covering 13 semantic categories and furniture ob-
jects. We follow the standard Area-5 evaluation protocol,
using Area-5 as the test set and the remaining areas for
training. In our experiments, a sparse convolutional network
backbone based on MinkowskiEngine (Choy, Gwak, and
Savarese 2019) is adopted, keeping the same decoder archi-

10544

OBJ.BG OBJ.ONLY PB_T50_RS
Baseline 90.02 88.29 85.18
MeanFlow 95.18 92.77 90.63
MAE-SRA 95.01 92.77 89.69
MFT-SRA 95.35 92.91 90.01
Point-SRA 95.53 93.31 90.77

Table 6: Ablation study results on core components.

BG MN40(1k) Segpart(C.mloU)
Transformer 95.01 93.92 84.27
+Linear Proj. 95.11 93.97 84.32
+Gate Fusion 95.35 94.01 84.64
+Full 95.53 94.16 84.88

Table 7: Flow-Conditioned Fine-Tuning Architecture.

tecture and segmentation head, while the encoder is replaced
with the pre-trained Point-SRA model. During training, the
Point-SRA encoder is frozen, and only the decoder and seg-
mentation head are fine-tuned. The AdamW optimizer is
used with an initial learning rate of 0.006 and weight decay
of 0.05, and training is conducted for 100 epochs. As shown
in Table 5, the results demonstrate that Point-SRA achieves
71.8% mloU and 79.3% mAcc on the S3DIS test set.

Ablation Study

Effectiveness of Core Components. Key components of
Point-SRA are progressively removed to quantify each
module’s contribution to the final performance. Point-
MAE serves as the baseline, with all components utiliz-
ing the Flow-Conditioned Fine-Tuning Architecture. Table 6
presents the performance under different component combi-
nations. MeanFlow brings a significant improvement, boost-
ing accuracy on PB_T50_RS by 5.45%, validating the effec-
tiveness of probabilistic reconstruction over point-wise re-
construction. The complete Point-SRA framework achieves
substantial gains across all tasks compared to the baseline
MAE, demonstrating the effectiveness of component inte-
gration and the soundness of the overall design.

Flow-Conditioned Fine-Tuning Architecture. Table 7
presents the specific impact of the flow-conditioned en-
hancement on downstream performance. We first use a flow-
conditioned projection layer to transform the pre-trained
MFT’s geometric distribution into a feature-aligned space.
Then, a learnable gating fusion mechanism adaptively con-
trols the fusion strength, allowing the network to dynami-
cally leverage pre-trained knowledge. While using projec-
tion or gating alone brings limited gains, their combination
(FULL) boosts segmentation performance to 84.88%, im-
proving by 0.61% over the baseline.

Comparison of Probabilistic Modeling Methods. To
validate the superiority of MeanFlow over other proba-
bilistic generative methods, multiple probabilistic modeling



OBJ.BG OBJ.ONLY PB_T50_RS

Deterministic MAE 90.02 88.29 85.18
+DDPM 93.29 91.91 87.61
+Rectified Flow 94.84 92.60 89.60
+MeanFlow(Ours) 95.18 92.77 90.63

Table 8: Performance comparison of different probabilistic
modeling methods.

Loss Sampling strategy OBJ_BG
MSE Uniform Sampling 95.01
Lognormal Sampling 94.84
. Uniform Sampling 95.53
Adaptive 1.2 Lognormal Sampling 95.35

Table 9: Comparison of time sampling strategies and loss
functions.

techniques are compared under the same experimental set-
tings. Table 8 presents the performance results of differ-
ent methods. In terms of classification accuracy, MeanFlow
achieves the highest accuracy, outperforming diffusion mod-
els and other flow matching variants. Regarding Numeri-
cal Stability, the time-interval MeanFlow effectively reduces
gradient variance during pre-training, resulting in a more
stable and reliable training process. Specifically, it satisfies
the inequality:

1 S
Vaslu (2)] € o [ Varlv(zldr G

where v.(z,) denotes the instantaneous velocity field at
time 7. A detailed proof is provided by Theorem C in the
Supplementary Material.

MFT Hyperparameter. We systematically analyze key
design choices of the MFT, including network block, time
sampling strategy, and loss function. As shown in Figure
5(a), 12-layer MFT blocks achieve the best trade-off be-
tween performance and computational cost. Table 9 com-
pares different time scheduling methods, where uniform
sampling over the interval [0,1] provides the most stable
training signals for MeanFlow and outperforms log-normal
sampling. Regarding the loss function, the adaptive L2 loss
leverages a weighting mechanism to better handle sample-
wise loss variations, offering more stable and efficient opti-
mization compared to MSE loss.

Mask Ratio Configuration. Figure 5(b) shows the im-
pact of various mask ratio settings on performance. The op-
timal configuration uses a 30% mask ratio for the teacher
and 75% for the student, achieving the best results. This
setup allows the teacher model to retain rich geometric de-
tails while the student focuses on learning higher-level se-
mantic abstractions. An approximate mask ratio difference
of 0.45 achieves the best balance; smaller differences fail to
provide sufficient complementarity, while larger differences
increase alignment difficulty and degrade knowledge trans-
fer effectiveness.
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Figure 5: MFT and teacher-student hyperparameter analysis.

Related Work

Point-MAE (Pang et al. 2022) and Point-M2AE (Zhang et al.
2022) apply MAE to point cloud with fixed or multi-scale
masking, but struggle with geometric diversity and point-
wise reconstruction. MaskPoint (Liu, Cai, and Lee 2022) in-
troduces geometry-aware masking, while PTM (Cheng et al.
2024) and Point-FEMAE (Zha et al. 2024) propose density
or a parallel masking strategy, though all involve complex
tuning and limited semantic understanding. ReCon (Qi et al.
2023) propose tri-modal contrastive learning frameworks to
enhance semantic representation capabilities of 3D MAE.
Flow Matching (Lipman et al. 2023) enables direct learn-
ing of probability flows, and MeanFlow (Geng et al. 2025)
improves training stability via average velocity prediction.
PointFM (Cheng et al. 2025) applies rectified flow match-
ing to point cloud representation learning but requires care-
ful design of flow predictors and suffers from training in-
stability. Methods like REPA (Yu et al. 2024) demonstrates
the benefits of self-distillation and cross-stage alignment. I-
DAE (Chen et al. 2025) demonstrates that hidden states of
diffusion models can learn discriminative representations.
Our work builds on these insights to propose a unified Dual
Self-Representation Alignment mechanism across masking
ratios and temporal states.

Conclusion

This paper proposes Point-SRA, a self-supervised represen-
tation learning framework. Firstly, it reveals for the com-
plementary features of different mask ratios through sys-
tematic study. Secondly, we innovatively explore MeanFlow
for 3D SSRL by probabilistic modeling and representation
guidance. In addition, a dual self-representation alignment
mechanism is designed by combining mask ratio alignment
and MeanFlow temporal alignment. Finally, we build a ded-
icated fine-tuning network that leverages geometric distri-
bution knowledge learned during pre-training via flow vec-
tor condition fusion. Extensive experiments validate the ef-
fectiveness of Point-SRA, achieving strong results on many
standard benchmarks. Future work will focus on exploring
efficient latent states knowledge distillation methods to fur-
ther advance 3D SSRL.
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