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Supplementary Material

Implementation Details

In our approach, we adopted PointNet++ followed by five
hybrid temporal fusion layers as the standard backbone for
PointNet4D. In the action segmentation task, the network
processes variable-length inputs per time step, from 1 up
to 150 frames. In semantic segmentation, the network in-
puts the current frame along with the previous two frames
to output dense semantic predictions for the current frame.
For pretraining PointNet4D, we employed a 4-layer Trans-
former Decoder with a masked autoregressive approach for
frame reconstruction. The pretrained encoder then initial-
izes PointNet4D and is fine-tuned for downstream tasks. As
mentioned in the method section, the only difference be-
tween PointNet4D++ and PointNet is that PointNet4D++
uses PointTransformer[1] as the feature extractor for per-
frame point clouds. The pretraining strategy correspond-
ing to PointNet4D++ is referred to as 4ADMAP++. All ex-
periments were conducted on 8 A800 GPUs. Pretraining
was performed over 300 epochs, followed by 80 epochs
of fine-tuning. Using a batch size of 32, we adopted a
learning rate of 0.03. The other settings are consistent with
P4Transformer[2] and PPTr[1].

Datasets Details for Other Offline Tasks

MSRACction-3DJ[3]: This dataset contains 567 videos across
20 daily action categories, with each video averaging around
40 frames. We followed the standard setup, using 270 videos
for training and 297 for testing. We use the 24 frames as de-
fault. NTU-RGBD[4]: Comprising 56,880 videos in 60
fine-grained action categories, video lengths range from
30 to 300 frames. In the cross-subject setting, we split
the dataset into 40,320 training and 16,560 testing videos.
SHREC’17[5]: This dataset includes 2800 videos across 28
gesture classes. NvGesture[6]: Composed of 1532 videos
covering 25 gesture classes, with 1050 videos for training
and 482 for testing. Synthia 4D[7]: A synthetic outdoor
driving dataset, Synthia4D generates 3D videos based on the
Synthia dataset, capturing six driving scenarios with moving
objects and cameras. We followed previous work, splitting
the dataset into 19,888 training, 815 validation, and 1,886
testing frames.

Additional Results on Offline Tasks

3D Action Recognition on NTU-RGBD. We further val-
idated the effectiveness of our approach for offline tasks
on additional datasets. On NTU-RGBD, our PointNet4D

achieved state-of-the-art results under supervised training
and comparable results to M2PSC after pretraining with
4DMAP. Notably, M2PSC utilized human pose tracking
for pretraining, whereas our pretraining did not incorporate
any human priors. Beyond human action classification, our
method also demonstrated competitive performance in ges-
ture recognition tasks. These experiments further support
the generality and effectiveness of our approach.

Methods Acc.
3DV-Motion [8] 84.5
3DV-PointNet++ [8] 88.8
PSTNet [9] 90.5
PSTNet++ [10] 914
Kinet [11] 92.3
P4Transformer [2] 90.2
PST-Transformer [12] 91.0
PointNet4D [2] 90.5
PSTNet + PointCPSC[13] (50% Semi-supervised) 88.0
PSTNet + PointCMP[14] (50% Semi-supervised) 88.5
PSTNet + CPR[15] (End-to-end Fine-tuning) 91.0

P4Transformer + MaST-Pre[16] (50% Semi-supervised) 87.8
P4Transformer + MaST-Pre[16] (End-to-end Fine-tuning)  90.8

P4Transformer + M2PSC[17] (50% Semi-supervised) 88.7
P4Transformer + M2PSC[17] (End-to-end Fine-tuning) 91.3
4DMAP (50% Semi-supervised) 88.8
4DMAP (End-to-end Fine-tuning) 90.9

Table 1. Action recognition accuracy (%) on NTU-RGBD.

Offline 4D Action Recognition Tasks on MSRA ction3D,
SHREC’17 and NvGesture. We also conducted experi-
ments on the 4D action recognition task on MSRAction3D.
PointNet4D-PST refers to our model, which is built upon
the PST-Transformer and incorporates our hybrid Mamba-
Transformer layer. While M2PSC is a framework specif-
ically designed for human point cloud video analysis, uti-
lizing trajectory tracking of human points for pretraining,
our method, as a general-purpose architecture, has already
demonstrated competitive performance when compared to
specialized methods tailored to the human domain. In addi-
tion, we have validated the effectiveness of PointNet4D and
4DMAP on the SHREC’17 [5] and NvGesture [6] gesture
recognition tasks.

Offline Semantic Segmentation on Synthia 4D. We con-
ducted experiments on an outdoor autonomous driving
dataset to validate the effectiveness of our method. Our ap-
proach continues to yield significant performance improve-
ments on this dataset, underscoring its versatility across
various domains and data formats. This demonstrates the
potential of our method as a robust general-purpose 4D back-
bone.



Methods | Accuracy (%)
MeteorNet [18] 88.50
PSTNet [9] 91.20
PSTNet++ [10] 92.68
Kinet [11] 93.27
Supervised Learning PPTr [1] 92.33
P4Transformer [2] 90.94
PST-Transformer [12] 93.73
Mamba4D 92.68
PointNet4D 91.61
PointNet4D-PST 93.75
PSTNet + PointCPSC [13] 92.68
PSTNet + CPR [15] 93.03
PSTNet + PointCMP [14] 93.27
P4Transformer + MaST-Pre [16] 91.29
End-to-end Fine-tuning | PST-Transformer + MaST-Pre [16] 94.08
P4Transformer + M2PSC [17] 93.03
PST-Transformer + M2PSC [17] 94.84
4DMAP 92.65
4DMAP-PST 94.76

Table 2. Action recognition accuracy on MSRAction-3D.

Methods NvG SHR
FlickerNet [19] 86.3 -

PLSTM [20] 85.9 87.6
PLSTM-PSS [20] 87.3 93.1
Kinet [11] 89.1 95.2
P4Transformer [2] (30 Epochs) 84.8 87.5
P4Transformer [2] (50 Epochs) 87.7 91.2
PointNet4D (30 Epochs) 85.0 87.7
PointNet4D (50 Epochs) 87.7 91.0

P4Transformer + MaST-Pre[16] (30 Epochs) 87.6 90.2
P4Transformer + MaST-Pre[16] (50 Epochs) 89.3 924

P4Transformer + M2PSC[17] (30 Epochs) 88.0 90.9
P4Transformer + M2PSC[17] (50 Epochs) 89.6 92.8
4DMAP (30 Epochs) 87.8 90.5
4DMAP (50 Epochs) 89.6 92.6

Table 3. Gesture recognition accuracy (%) on NvG and SHR.

Offline Setting |Clip Length| Bldn Road Sdwlk Fence Vegittn Pole Car T.Sign Pedstrn Bicycl Lane T.Light|mloU

3D Minchll4[21]‘ ‘89.39 97.68 69.43 86.52 98.11 97.2693.50 79.45 92.27 0.00 44.61 66.69 ‘76.24

1
4D MinkNet14 [21] 3 90.13 98.26 73.47 87.19 99.10 97.5094.01 79.04 92.62 0.00 50.01 68.14 |77.24
PointNet++ [22] 1 96.88 97.72 86.20 92.75 97.12 97.0990.85 66.87 78.64 0.00 72.93 75.17 |79.35
MeteorNet-m [21] 2 98.22 97.79 90.98 93.18 98.31 97.4594.30 76.35 81.05 0.00 74.09 75.92 |81.47
MeteorNet-1 [21] 3 98.10 97.72 88.65 94.00 97.98 97.6593.83 84.07 80.90 0.00 71.14 77.60 |81.80
P4Transformer [23] 1 96.76 98.23 92.11 95.23 98.62 97.7795.46 80.75 85.48 0.00 74.28 74.22 (82.41
P4Transformer [23] 3 96.73 98.35 94.03 95.23 98.28 98.0195.60 81.54 85.18 0.00 75.95 79.07 (83.16
PointNet4D 3 97.23 98.35 94.73 95.93 99.08 98.1197.60 81.04 87.18 0.00 76.90 77.97 |83.67
4DMAP 3 97.3098.31 95.13 96.79 99.35 98.1697.91 80.88 89.60 0.00 78.01 77.69 |84.10

Table 4. Evaluation for semantic segmentation on Synthia 4D.

More Details of 4D Imitation Learning(4DIL)

We also validated the significant potential of Point-
Net4D within an imitation learning framework, using the
HandoverSim[24] benchmark for evaluation. All settings
were kept consistent with the default configuration of Han-
doverSim. The Sequential setting represents the scenario
where the robot performs the grasping action after the human
hand has remained stationary. This setup does not require
4D information, as the hand and object states do not change
once they are stationary, relying solely on 3D perception.
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(a) 4D Imitation Learning used in GenH2R (b) 4D Imitation Learning based on PointNet4D

Figure 1. Comparison of our 4DIL with GenH2R [25].

The Simultaneous setting, on the other hand, involves both
the human hand and the object in motion during the robot’s
grasping action, making this setup significantly more chal-
lenging than the Sequential one. We reproduced the results
of GenH2R in the Simultaneous setting and confirmed them
with the authors. To ensure a fair comparison, we used the
same codebase and replaced PointNet++ with PointNet4D
in the GenH2R model, using a 3-frame time window. We
report the results of our method in the more challenging
Simultaneous setting.
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