
A Proof of Proposition 11

Proposition 1. Jointly optimizing the synthetic dataset S and the rotation parameters θ = (θx, θy, θz)2

guarantees a lower or equal loss to that of optimizing S alone.3

min
S,θ

LSADM(T ,Rθ(S)) ≤ min
S

LSADM(T ,S), (1)

where Rθ denotes the rotation operator according to θ.4

Proof. Let us consider two optimization objectives. The first is the baseline optimization, which5

optimizes only the synthetic dataset without applying any rotation6

L := min
S

LSADM (T , S) . (2)

The second is the proposed joint optimization over both the synthetic dataset S and the rotation7

parameters θ = (θx, θy, θz), given8

L⋆ := min
S, θ

LSADM (T , Rθ(S)) . (3)

Consider a special case of the proposed joint optimization framework where no rotation is applied,9

i.e., the rotation parameters are fixed to θ = (0, 0, 0). In such a case, Rθ(S) = S, and the baseline10

optimization can be regarded as a special case of the proposed joint optimization. This implies that11

the feasible set of the baseline optimization is a subset of that of the joint optimization such that12

{(S, θ) |θ = (0, 0, 0)} ⊆ {(S, θ)} . (4)

The joint optimization is performed over a larger feasible set than that of the baseline optimization,13

and therefore its optimal solution must not be higher than that of the baseline. Therefore,14

L⋆ ≤ L. (5)

B Experimental Details15

Datasets. Table 1 summarizes the number of training and testing samples for ModelNet10 [11],16

ModelNet40 [11], ShapeNet [2], and ScanObjectNN [8].17

• ModelNet10 consists of 10 categories of aligned 3D CAD models. There is no rotational18

variation.19

• ModelNet40 includes 40 categories from the same source to ModelNet10, with partially20

misaligned instances introducing moderate rotational variation.21

• ShapeNet contains 55 categories of manually aligned 3D models without rotational varia-22

tion.23

• ScanObjectNN consists of 15 categories from real-world RGB-D scans with background24

clutter, occlusion, and sensor noise. Objects are unaligned, and rotation variation is inherent.25

We use the PB_T50_RS split, which includes perturbed background, translation jitter,26

rotation, and scaling.27

Table 1: Train/test statistics for ModelNet10, ModelNet40, ShapeNet and ScanObjectNN.
ModelNet10 ModelNet40 ShapeNet ScanObjectNN

# of training samples 3991 9843 35708 11416
# of test samples 908 2468 10261 2882

# of classes 10 40 55 15
# of points for each sample 1024 1024 1024 1024

Network Architecture. We evaluate our method on five representative point-based architectures:28

PointNet [4], PointNet++ [5], DGCNN [9], PointConv [10], and Point Transformer [14].29
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• PointNet is a widely used neural network designed for processing 3D point clouds. We30

use PointNet as the backbone in dataset distillation model. While the original PointNet31

includes two transformation modules for aligning input and features, we only use the input32

transformation module. The rest of the architecture follows the standard PointNet design.33

• PointNet++ is used for cross-architecture evaluation. To reduce computational cost and34

accelerate training, we decrease the width of all MLP layers by half, while keeping the35

overall structure unchanged. We use two set abstraction modules with multi-scale grouping36

and one with single-scale grouping to extract point features, followed by two linear layers37

and a final classifier for prediction.38

• DGCNN employs dynamic graph construction and EdgeConv layers to capture local ge-39

ometric relationships by recomputing a k-NN graph (k = 20) at each layer in the feature40

space. We use the default architecture, which consists of four EdgeConv layers followed by41

two linear layers and a final classifier.42

• PointConv extends convolution to point clouds by accounting for non-uniform point densi-43

ties during feature learning. The architecture consists of three density-aware set abstraction44

layers, followed by two linear layers and a final classifier.45

• Point Transformer applies self-attention mechanisms to point clouds to capture both local46

and global dependencies. We use the default configuration with four transformer blocks,47

followed by two linear layers and a final classifier.48

Implementation Details. We optimized the synthetic dataset S using stochastic gradient descent49

(SGD) with a learning rate of 0.01, a momentum of 0.5, a weight decay of 0, and a batch size of 850

per class sampled from the original dataset T , while the batch size of the synthetic dataset was set51

equal to the number of synthetic samples per class (PPC). The synthetic dataset optimization was52

performed for 1,500 iterations, and the corresponding configuration is summarized in Table 2a. To53

preserve fine-grained geometric details, the SADM loss was computed using the feature maps before54

the max pooling layer. Additionally, a secondary loss term was applied to the top-1 sorted feature55

values in each channel to emphasize semantically dominant regions. The loss weights λ1 and λ256

were determined based on PPC, and set to 0.002, 0.006, and 0.02 for λ1, and 0.001, 0.003, and 0.0157

for λ2 when PPC was 1, 3, and 10, respectively.58

The rotation parameters θ = (θx, θy, θz) were jointly optimized with the synthetic dataset using SGD59

with a momentum of 0.5 and a weight decay of 0. The learning rates were set to 0.5 for θx and θz ,60

and 5.0 for θy, reflecting that the samples in datasets are vertically aligned. A step decay scheduler61

was used with a step size of 100 and a decay factor of 0.5. This setup is detailed in Table 2b.62

For evaluation, we trained all backbone networks including PointNet, PointNet++, DGCNN, Point-63

Conv, and Point Transformer using SGD with a learning rate of 0.01, a momentum of 0.9, and a64

weight decay of 0.0005. A step decay scheduler was applied with a step size of 250 and a decay65

factor of 0.1. Each model was trained for 500 epochs with a batch size of 8. These test-time settings66

are listed in Table 2c.67

All experiments were conducted on a single NVIDIA GeForce RTX 3090 GPU.68

Table 2: Hyperparameter settings used for (a) optimizing the synthetic dataset, (b) optimizing the
rotation parameters, and (c) evaluation network.

Hyperparameters PPC1 PPC3 PPC10

Optimizer SGD SGD SGD
Momentum 0.5 0.5 0.5

Weight Decay 0.0 0.0 0.0
Learning Rate 0.01 0.01 0.01

Iteration 1500 1500 1500

λ1 0.002 0.006 0.02
λ2 0.001 0.003 0.01

Batch Size (T ) 8 8 8

(a)

Hyperparameters

Optimizer SGD
Momentum 0.5

Weight Decay 0.0
Learning Rate (θx) 0.5
Learning Rate (θy) 5.0
Learning Rate (θz) 0.5

Scheduler StepLR
Step Size 100
Gamma 0.5

(b)

Hyperparameters

Optimizer SGD
Momentum 0.9

Weight Decay 0.0005
Learning Rate 0.01

Epochs 500
Batch Size 8

Scheduler StepLR
Step Size 250
Gamma 0.1

(c)
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Figure 1: Visualization of synthetic samples of ModelNet40 [11] at PPC 1, obtained by using the
random selection [6](top), DataDAM [7](middle), and MTT [1](bottom).

Baselines. All baseline methods were implemented on 3D point clouds using PointNet as the feature69

extractor, following their original designs. All methods were trained for 1,500 iterations using a batch70

size of 8 per class from the original dataset T , and the training configurations are summarized in71

Table 3. Details for each method are as follows72

• DC [13]: We followed the original framework and performed gradient matching. The73

number of inner and outer loop steps were set to 1/1/10 and 1/5/3 for PPC values of 1, 3,74

and 10, respectively75

• DM [12]: Following the original setup, we used the feature vector obtained before the final76

classifier to compute the matching loss between the original and synthetic datasets.77

• MTT [1]: We followed the original framework for trajectory matching, with modifications78

only in the hyperparameter settings.79

• DataDAM [7]: We followed the original framework for feature matching, making only80

minor adjustments to hyperparameters.81

Table 3: Hyperparameter settings of the baselines.
DC DM MTT DataDAM

Mode PointNet PointNet PointNet PointNet
Learning Rate 0.0001 1 0.0001 0.0001

Batch Size (T ) 8 8 8 8
Iteration 1500 1500 1500 1500

Inner Loop 1 / 1 / 10 – – –
Outer Loop 1 / 5 / 3 – – –

C Comparison with Additional Baselines82

Table 4 presents the additional comparison results of the classification accuracy with DataDAM [7]83

and MTT [1]. For DataDAM and MTT, we used a possible learning rate to prevent divergence on the84

synthetic datasets. The performance of both DataDAM and MTT is almost similar to that of random85

selection [6], as shown in the second and third rows in Figure 1 where most points remain nearly86

unchanged from their random initialization in the first row.87
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Table 4: Classification accuracy of the proposed method compared with DataDAM [7] and MTT [1]
initialized with randomly selected samples.
Datasets ModelNet10 ModelNet40 ShapeNet ScanObjectNN

PPC 1 3 10 1 3 10 1 3 10 1 3 10

MTT 28.95 76.73 85.19 34.42 59.81 73.88 33.90 52.92 62.73 13.94 20.28 34.07
DataDAM 40.51 76.60 86.56 34.54 60.37 74.94 35.70 54.56 63.64 16.29 20.51 35.45

Ours 44.70 84.96 87.79 55.80 72.08 80.07 50.20 63.74 68.35 17.29 31.84 43.91

D Additional Ablation Studies88

D.1 Point Sorting Strategies89

We compared the proposed SADM method against two representative sorting strategies of points.90

The axis-aligned sorting is simple and heuristic that sorts the coordinates of points, respectively, in91

the descending order. However, it does not reflect structural or semantic coherence across different92

samples. The Z-order sorting [3] assigns similar indices to spatially adjacent points. We applied93

these sorting schemes before the feature extraction. As shown in Table 5, both sorting methods yield94

marginal improvements over the baseline without sorting, but they often fail to provide consistent95

semantic alignment across different samples. However, the proposed SADM significantly outperforms96

them providing reliable matching performance.97

Table 5: Performance comparison of different point sorting schemes at PPC 3. For fair comparison,
only the primary feature alignment loss Lα was used, and the rotation optimization was not applied.

Method ModelNet10 ModelNet40 ShapeNet ScanObjectNN
Unsorted 75.21 59.96 53.91 20.20

Axis-Aligned 76.44 60.85 53.97 21.80
Z-order [3] 76.55 61.47 55.17 21.76

SADM 83.17 67.52 60.71 27.66

D.2 Rotation Strategies98

To further support the effectiveness of the proposed rotation optimization method, we compared99

widely used rotation augmentation that applies random rotations to the training data to address the100

rotation variation of 3D point clouds. While this strategy is effective when dealing with datasets101

showing severe rotational variations, such as ScanObjectNN, it does not achieve good performance102

on datasets where the 3D objects are fully or partially aligned, such as ModelNet10, ShapeNet, and103

ModelNet40. As shown in Table 6, the proposed learnable rotation estimation method consistently104

improves the performance across all datasets, however, the random rotation augmentation introduces105

unnecessary variation in already aligned datasets, degrading the performance. This highlights the106

benefit of explicitly modeling the orientation via optimization over the naive augmentation.107

Table 6: Performance comparison between the proposed rotation optimization and the random rotation
augmentation (Aug.). All experiments were conducted at PPC 3.

Prop. Aug. Aligned Mixed Rotated

_ _ 65.01 59.96 20.42
_ ✓ 58.92 52.56 31.42
✓ _ 74.35 72.08 31.84

E Additional Qualitative Results108

Figure 2 shows randomly sampled 3D models from ModelNet40. Figures 3, 4, and 5 visualize the109

synthesized models at PPC 1 obtained by using DC, DM, and the proposed method, respectively.110
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While DC and DM maintain the geometric shapes of the original data with only slight movement of111

some points, the proposed method generates noise-free samples with high visual quality across all112

classes.113

Figure 6 compares the optimization process for DM [12] and the proposed method. DM fails to114

converge even after multiple training iterations, however the proposed method progressively refines115

the point cloud models into more structured shapes.116

Figure 7 shows the results of the proposed method on ModelNet40 at different PPC values: 1, 3, and117

10. As PPC increases, the distilled synthetic datasets exhibit more diverse shapes and orientations. In118

particular, as shown in the last row, the human class appears in diverse poses. Additional qualitative119

results of the proposed method on the ShapeNet and ScanObjectNN datasets can be found in Figures 8120

and 9, respectively.121
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Figure 2: Randomly sampled 3D models of all classes from ModelNet40 [11].

Figure 3: The synthetic dataset distilled from ModelNet40 by using DC at PPC 1.
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Figure 4: The synthetic dataset distilled from ModelNet40 by using DM at PPC 1.

Figure 5: The synthetic dataset distilled from ModelNet40 by using the proposed method at PPC 1.
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(a)

(b)

Figure 6: Optimization process in the ModelNet40 at PPC 1 initialized from uniform noise, distilled
by using (a) DM [12] and (b) the proposed method.

(a) PPC1 (b) PPC3 (c) PPC10

Figure 7: The synthetic dataset distilled from ModelNet40 by using the proposed method at three
PPC values of 1, 3, and 10, respectively.
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Figure 8: The synthetic dataset distilled from ShapeNet by using the proposed method at PPC 1.

Figure 9: The synthetic dataset distilled from ScanObjectNN by using the proposed method at PPC 1.
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