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Supplementary Material

S1. Additional Experiments
S1.1. Analysis on Different Rank
One of our core hyperparameters is the rank r, which con-
trols the feature dimension of the projection and has a sig-
nificant impact on both the number of parameters and fea-
ture extraction capability. As shown in Tab. 1a, we observe
that the model achieves the best performance when r = 64.

S1.2. Analysis on Grouping
We fix the number of points per group, resulting in dynamic
group counts across different scenes. As shown in Tab. 1b,
using a fixed number of points yields performance slightly
inferior to our method. This may be because fixed-point
sampling struggles to adapt to point clouds with varying
numbers of points. Therefore, we ultimately adopt the strat-
egy of using a fixed number of groups for grouping.

S1.3. Results on ScanNet200
To further verify the robustness of our method, we perform
experiments on the ScanNet200 [8] dataset. Built upon the
ScanNet [3] benchmark, ScanNet200 expands the labeled
categories, making the segmentation task substantially more
challenging. As shown in Tab. 2, our PointTPA obtains
83.0% in allAcc, a 0.7% improvement over DAPT [13], and
achieve 33.2% in mIoU, surpassing PointGST [7] by 1.0%.

Table 1. Ablation on ranks and grouping strategies. Here, N de-
notes the number of points per group.

(a) Ablation on different ranks.

r mIoU mAcc allAcc

32 77.4 85.5 91.7
64 78.4 86.3 92.2
96 77.9 85.9 92.2
128 77.7 85.6 92.1

(b) Ablation on grouping.

N mIoU mAcc

100 78.1 86.2
200 77.9 86.3
400 77.8 85.7

Ours 78.4 86.3

S2. Detailed Time Discussion

Method Train(ms) Infer(ms)

SNG +9 +2
DPP +10 +0
Both +22 +2

As shown in the table, DPP and
SNG incur comparable training
time per scene. During inference,
they introduce negligible overhead
compared to the setting without them, which is consistent
with our expectations.

S3. More Analysis
Segmentation Comparison Fig. 1 provides qualitative
comparisons between FFT, 3D PEFT methods (e.g.,

Table 2. Validation results on ScanNet200 [8].

Param. (M) Reference
ScanNet200 Val [8]

allAcc mIoU

Full Fine-tuning

Sonata(w/o dec.) [9] 108.5 CVPR 25 83.8 33.9

General PEFT methods

Sonata(linear probing) 0.2 (0.2%) CVPR 25 81.1 28.4
+ Prefix Tuning [6] 1.2 (1.1%) ACL 21 81.5(+0.4) 29.4(+1.0)

+ BitFit [11] 0.4 (0.4%) ACL 22 82.3(+1.2) 31.1(+2.7)

+ LoRA [4] 1.2 (1.1%) ICLR 22 82.5(+1.4) 31.7(+3.3)

+ VeRA [5] 0.3 (0.3%) ICLR 24 81.8(+0.7) 29.8(+1.4)

+ RandLoRA [1] 0.9 (0.8%) ICLR 25 82.0(+0.9) 30.3(+1.9)

PEFT methods for point cloud

+ IDPT [12] 2.8 (2.6%) ICCV 23 81.2(+0.1) 27.9(-0.5)

+ DAPT [13] 1.4 (1.3%) CVPR 24 82.3(+1.2) 33.2(+4.8)

+ PointGST [7] 1.3 (1.2%) TPAMI 25 82.1(+1.0) 32.2(+3.8)

+ PointTPA (ours) 1.4 (1.3%) – 83.0(+1.9) 33.2(+4.8)

IDPT [12], DAPT [13]), and our PointTPA. As high-
lighted in Fig. 1(a), PointTPA uniquely distinguishes the
tables from the sofa where other methods fail. Further-
more, in Fig. 1(b), the predictions of PointTPA for fine-
grained structures like bench legs are significantly closer to
the FFT than IDPT and DAPT. These results demonstrate
PointTPA’s superior local feature extraction and its robust-
ness in adapting to complex 3D scenes.

Qualitative Analysis In Fig. 2, we provide additional vi-
sualization results on ScanNet, ScanNet200, ScanNet++
and S3DIS with different viewpoints. In detail, we se-
lect one scenario with different viewpoints from the orig-
inal scenario point cloud of each dataset. It is evident that
PointTPA produces superior segmentation results.

S4. Test on ScanNet
As shown in Tab. 3, we evaluate our method on the ScanNet
test set. PointTPA outperforms DAPT by 1.7% and achieves
performance on par with the FFT reference, with a marginal
gap of 0.1%. These results further demonstrate the strong
generalizability of PointTPA.

Table 3. Test on ScanNet [3]

Method Reference mIoU

Sonata (w/o dec.) CVPR 25 75.9

Sonata (lin) CVPR 25 70.0
+ DAPT CVPR 24 74.1(+4.1)

+ PointTPA (ours) – 75.8(+5.8)
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Figure 1. A comparison of FFT, IDPT [12], DAPT [13], and PointTPA on segmentation performance, evaluated on ScanNet [3].
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Figure 2. More visualizations of the semantic segmentation results of our PointTPA on four large-scale scene datasets. (a) ScanNet [3], (b)
ScanNet200 [8], (c) ScanNet++ [10], (d) S3DIS [2] with 3 views.
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