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1. Contents of the supplementary materials

In this supplementary document, we present detailed infor-
mation and further experimental results, including:

1. Dataset descriptions: In Table I, we provide the to-
tal number of point cloud samples in the training and
test splits of each domain of each datasets, though we do
few-shot training in our proposed method.

2. LLM attributes generation: In Fig. [, we show the
pipeline of generation of high-level knowledge attributes
using an LLM.

3. Pseudo-code of the CLIPoint3D algorithm: In Algo-
rithm 1, we provide the detailed procedure of our pro-
posed method through a pseudo-code.

4. Analysis of the LoRA rank: In Fig. 3 we showcase the
effect of the rank of LoRA metrices in CLIPoint3D on
both datasets.

5. Conventional plug-in UDA methods in CLIP base-
lines: In Table 2 we provide an analysis of training our
CLIP-based zero-shot baselines using traditional UDA
methods e.g. DANN [5], CDAN [10] and SCDA [9].

6. Effect of o hyperparameter: In Fig. 4, we showcase
the importance of a hyperparameter used in the total loss
function of Eq. 13.

7. Influence of the length of prompt q: In Fig. 5, we
show the effect of shared prompt length in CLIPoint3D.

8. Impact of CLIP variants: In Table 3 we analyze the
effect of CLIP backbones i.e. ViT-B/16, ViT-B/32 and
ViT-L/14 in our proposed CLIPoint3D method.

9. Effect of various LLMs: We also ablate how the at-
tributes generated from different LLMs e.g. GPT-5 [12],
Llama-3.2-3B [8], Qwen2.5-14B [19], Phi-4 [1] etc can
effect the performances of our method.

2. Dataset descriptions

The PointDA-10 benchmark collects object point clouds
from ModelNet40 [18], ShapeNet [2], and ScanNet [3],

*equal contribution

I want you to act as an expert who knows everything
(® about all specific fine-grained details of generic
objects. So my question is, What are the most useful
B syl features for distinguishing a [chair] in a point
cloud data?

"'L-shaped structure with a flat seat and backrest'’,

"‘distinct legs for elevation'’,

"'presence of armrests (optional but frequent)'",
@ "*smaller overall dimensions compared to beds and

sofas'’,

"‘angular relationships between the seat and
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"' A point cloud object of [chair], which has L-shaped
structure with a flat seat and backrest, distinct legs
for elevation, presence of armrests (optional but

'g' frequent), smaller overall dimensions compared to beds
and sofas, and angular relationships between the seat
and backrest."'

Figure 1. LLM attributes generation. To derive high-level 3D
knowledge representations, we follow a three-stage pipeline. First
(top box), we provide an instructional query prompt to a LLM (e.g.
GPT-5 [12]). In response, the LLM produces detailed, geometry-
aware visual descriptions (middle box). Finally (bottom box), we
generate highly contextualized textual prompts (one caption per
class) by combining a modality-specific prefix template with the
LLM-generated attributes.

covering ten shared object categories. ModelNet-10 (M)
dataset contains 4,183 training and 856 testing samples ob-
tained by following online perspective projection [7] unlike
post rendering [17], i.e., simply projecting each point onto a
series of pre-defined image planes to generate scatter depth
maps. ShapeNet-10 (S) dataset includes 17,378 training
and 2,492 testing point clouds, exhibiting greater structural



Table 1. Domain Generation dataset statistical details on class, training and test splits, prefix template.

Dataset Domains | Common Classes | #Samples | # Training / Test
| ModelNet [18] | Bathtub, Bed, Bookshelf, | 5039 |  4183/856
PointDA-I0TI3] | “ghapeNet [2] | Cabinet, Chair, Lamp, | 19870 | 17378/2492
‘ ScanNet [3] ‘ Monitor, Plant, Sofa, Table ‘ 7879 ‘ 6110/ 1769
‘ Synthetic ‘ Banana, Box, Can, ‘ 12,000 ‘ 12,000/ -
GraspNetPC-10 % 1511 " “Kinect | Camel, Dish, Drill, Mouse, | 13,533 |  10,973/2560
‘ Realsense ‘ Pear, Scissors, Shampoo ‘ 13,258 ‘ 10,698 / 2560
ModelNet ShapeNet ScanNet Synthetic Kinetic Realsense
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Figure 2. Domain Visualization. We show the diverse geometry variations across the domains of PointDA-10 and GraspNetPC-10

datasets.

diversity due to its larger number of object instances and
wider geometric variation. ScanNet-10 (S*) dataset consists
of 6,110 training and 1,769 testing point clouds, containing
sensor noise, occlusions, and missing surfaces inherent to
reconstructed indoor scenes.

GraspNetPC-10 benchmark is constructed from Grasp-
Net [4], a large-scale dataset designed for robotic grasping
from raw depth scans and reconstructed CAD models. The
point clouds are generated by re-projecting depth maps into
3D space and cropping objects using segmentation masks.
Unlike PointDA-10, the point clouds in GraspNetPC-10
are not aligned. This benchmark includes three domains:
Synthetic (Syn.), Kinect (Kin.), and Realsense (RS.), cor-

responding to CAD-rendered depth scans and raw sen-
sor captures from two different depth cameras. The syn-
thetic domain contains 12,000 training samples, while the
Kinect and Realsense domains contain 10,973/2,560 and
10,698/2,560 training/testing samples, respectively. Real-
world scans from two different depth cameras i.e. Kinect2
and Intel Realsense exhibit domain-specific artifacts, in-
cluding varying noise patterns, geometric distortions, and
missing regions.

In Figure 2, we show the diverse geometric varia-
tions of different point cloud class objects in synthetic
(ModelNet, ShapeNet, Synthetic) and real-world (ScanNet,
Kinect, Realsense) environments on both the PointDA-10



and GraspNetPC-10 benchmarks.

3. LLM attributes generation

To generate descriptive attributes for each class, we lever-
age an LLM i.e. GPT-5 [12]. Each class label is passed
through a structured instructional prompt, adapted and ex-
panded from the template proposed in [ 1], as shown in Fig-
ure 1. Specifically, We follow a three-stage pipeline simi-
lar to [16] to construct the attributes integrating two com-
plementary components: a modality-specific prefix tem-
plate and the attribute set produced by the LLM. First,
we design a prefix that is tailored to the imaging modal-
ity of interest i.e. ‘A point cloud object of
[class]’’. We then propose a way to enrich this pre-
fix by appending the combination of the LLM-generated at-
tributes on a single sentence using connective phrases such
as which is a/an’’ or which has’’,i.e. a single
descriptive attribute for each class, which is different from
others. This yields a semantically detailed and context-
aware prompt that captures both modality information and
discriminative visual characteristics. A complete example
for the class * ‘chair’’ is shown in the third row of Fig-
ure 1.

4. Pseudo-code of CLIPoint3D

In Algorithm | we provide the detailed pseudo-codes of
training and inference process of CLIPoint3D algorithm.
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Figure 3. Effect of varying LoRA rank. We report the adaptation
performances of CLIPoint3D-V and CLIPoint3D-B on PointDA-
10 and GraspNetPC-10 datasets respectively.

5. Analysis of the LoRA rank

To understand the influence of the low-rank decomposi-
tion on adaptation quality, we conduct an ablation study
on LoRA ranks 2, 4,8 & 16 using our CLIPoint3D frame-
work. We choose the vision and both encoder variants for

the PointDA-10 and GraspNetPC-10 benchmarks respec-
tively. As shown in Figure 3, increasing the LoRA rank
consistently improves performance, but the rate of improve-
ment differs markedly between the two datasets.

On PointDA-10, which contains relatively clean syn-
thetic CAD models alongside noisier real scans, accuracy
improves steadily from rank 2 to rank 16. The sharp gain
from rank 4 to rank 8 indicates that a moderate rank is es-
sential to capture the geometric variability and structural
inconsistencies across domains. Beyond rank 8, the im-
provement becomes more modest, suggesting diminishing
returns as representational capacity saturates. Whereas on
GraspNetPC-10, whose features are more complex real-
world sensor noise and greater intra-class variation, the ben-
efit of increasing the LoRA rank is even more pronounced.
Performance rises from rank 2 to rank 16, with a substan-
tial leap between rank 8 and rank 16. The results show that
higher-rank LoRA modules in CLIPoint3D provide the ex-
pressive adaptability and generalizability on realistic depth
distortions, object incompleteness, and viewpoint variabil-
ity present in the point cloud domains.

—@— PointDA-10 —l- GraspNetPC-10

95
—
90 ./'\-/.
—
X
~ 85
>
9]
80
o
O 75
g
70
0.1 0.5 0.7 1.0

a

Figure 4. Effect of varying o hyperparameter. We report the
adaptation performances of CLIPoint3D-V and CLIPoint3D-B on
PointDA-10 and GraspNetPC-10 datasets respectively.

6. Conventional plug-in UDA methods in CLIP
baselines

In Table 2, we evaluate the effect of integrating standard
UDA techniques e.g. DANN [5], CDAN [10], and SCDA
[9] into our CLIP-based baselines (Zs-CLIP, PointCLIP
& PointCLIPv2) to train them for point-cloud UDA task.
While these conventional UDA methods can bring modest
improvements in certain cross-domain transfers, their gains
are inconsistent and often fail to fully bridge the domain gap
inherent in 3D point cloud data. To be noted, we have just
added a learnable adapter on top of the frozen visual fea-
tures of the vision encoder similar to [6], while keeping both



Table 2. Comparison of plug-in UDA methods in CLIP baselines with CLIPoint3D. We report the adaptation performances on the
PointDA-10 benchmark. M: ModelNet, S: ShapeNet, S*: ScanNet; — indicates the adaptation direction. Best results and second-best

results are reported in bold and underlined, respectively.

Methods | M=S M—S* SoM  S—S* 8 =M S* S | Avg
ZS-CLIP [14] 461 170 520 170 520 461 | 384
CLIP[14]+DANN[5] | 620 86 773 105 567 504 | 443
CLIP + CDAN [10] 60.9 70 765 110 567 500 | 437
CLIP + SCDA [9] 465 162 512 170 518 462 | 382
PointCLIP [20] 508 209 501 209 501 50.8 | 40.6
PointCLIP [20] + DANN | 553 9.8 742 143 504 497 | 423
PointCLIP + CDAN 558 92 721 137 509 493 | 418
PointCLIP + SCDA 392 176 709 198 676 376 | 421
PointCLIPv2 [21] 388 195 716 195 716 388 |[433
PointCLIP [20] + DANN | 462 122 804 136 795  40.6 | 454
PointCLIP + CDAN 446 128 757 129 768 417 | 441
PointCLIP + SCDA 459 120 748 125 772 402 | 438
CLIPoint3D-T 744 95 80 241 505 598 | 507
CLIPoint3D-V 846 535 916 553 879 813 |757
CLIPoint3D-B 815 519 903 466 852 858 | 736

Table 3. Effect of using various CLIP variants on CLIPoint3D-
V. We report the adaptation performances on the PointDA-10
benchmark.

Methods ‘ ViT-B/16 ViT-B/32 ViT-L/14
ModelNet—ShapeNet 84.6 82.4 85.7
ModelNet—ScanNet 53.5 42.7 544
ShapeNet—ModelNet 91.6 88.3 92.1
ShapeNet—ScanNet 553 36.9 59.5
ScanNet—ModelNet 87.9 88.2 88.5
ScanNet—ShapeNet 81.3 73.7 82.3
Average | 757 68.7 77.1

the encoders entirely frozen. While the CLIP-based meth-
ods improve adaptation after pluggin on the UDA methods,
but still underperform compared to CLIPoint3D variants. It
highlights the limitations of applying traditional 2D-centric
UDA strategies directly to CLIP-based 3D recognition. The
results of Table 2 suggest that while conventional UDA pro-
vides some benefits, more specialized adaptation strategies
are necessary to consistently leverage the cross-modal rep-
resentations of CLIP and achieve robust performance across
diverse 3D domains.

7. Effect of o hyperparameter

We investigate the influence of the o hyperparameter in
the total loss function (Eq. 13 of main paper) in our pro-
posed CLIPoint3D. As shown in Fig. 4, varying « affects
the trade-off between different components of the loss and
consequently the adaptation performance. For PointDA-
10, increasing « leads to a steady improvement, indicating
that a higher weight on the corresponding loss term better
guides the model for cross-domain alignment. In contrast,
GraspNetPC-10 exhibits a more varied trend, with perfor-

mance peaking at intermediate and higher « values, sug-
gesting that overly small or excessively large weighting can
underutilize certain loss components.

8. Influence of the prompt length

We analyze the effect of the length of shared prompt q on
CLIPoint3D. As shown in Fig. 5, varying q affects the UDA
performances. We choose the vision and both encoder vari-
ants for the PointDA-10 and GraspNetPC-10 benchmarks
respectively. For PointDA-10, the performance remains rel-
atively stable across different q values, indicating that CLI-
Point3D is robust to moderate changes in prompt length. In
contrast, GraspNetPC-10 exhibits slight fluctuations, with
intermediate values of q yielding the best results.
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Figure 5. Effect of varying length of q. We report the adaptation
performances of CLIPoint3D-V and CLIPoint3D-B on PointDA-
10 and GraspNetPC-10 datasets respectively.



Table 4. Effect of using different LLMs on CLIPoint3D-B for attributes generation. We report the adaptation performances on the
GraspNetPC-10 benchmark. and choose a snippet of attributes of class ‘drill machine’.

Methods ‘ Attributes Snippet | Syn.—Kin. Syn—RS. Kin.—RS. RS.—Kin. | Avg
Handcrafted “A point cloud object of” 93.5 81.6 719 94.8 87.0
Llama-3.2-3B [8] “Compact, rectangular structure with a flat surface” 95.5 84.1 84.3 95.6 89.9
Qwen2.5-14B [19] “Cylindrical main body with handle and trigger” 95.0 87.5 83.2 95.4 90.3
Phi-4 [1] “Irregular mechanical shape” 95.8 83.2 79.6 92.3 87.7
GPT-5 [12] “Elongated body with a cylindrical or pistol-like grip” 96.5 89.3 86.8 96.2 92.2

9. Impact of CLIP variants

We investigate how different CLIP backbone architectures
affect the performance of our CLIPoint3D method and
choose the vision variant to study on PointDA-10 bench-
mark. Table 3 compares results using ViT-B/16, ViT-B/32,
and ViT-L/14. Overall, larger frozen ViT backbones tend
to provide stronger feature representations, leading to im-
proved domain adaptation performance. Specifically, ViT-
L/14 achieves the highest average accuracy, benefiting from
its larger model capacity and fine-grained patch representa-
tion. ViT-B/16 offers a strong trade-off between efficiency
and performance, outperforming ViT-B/32 in most cases de-
spite similar model sizes. It indicates that the choice of
backbone has a significant impact on the effectiveness of
cross-domain alignment, while showcasing CLIP has the
extreme potential of capturing better the nuances of 3D
point cloud distributions.

10. Effect of various LLMs

We examine the impact of using different LLMs to gen-
erate semantic attributes for our method CLIPoint3D and
choose the both encoder variant to study on GraspNetPC-
10 benchmark.. Table 4 summarizes the adaptation perfor-
mance when attributes are derived from GPT-5 [12], Llama-
3.2-3B [8], Qwen2.5-14B [19], and Phi-4 [1]. Across all
adaptation scenarios, GPT-5 consistently produces the most
informative attributes, leading to the highest average per-
formance. While other LLMs such as Llama-3.2-3B and
Qwen2.5-14B yield competitive results in certain domain
pairs, their overall effectiveness is slightly lower and more
variable. The results highlight that the quality and expres-
siveness of the generated attributes significantly influence
cross-domain alignment, emphasizing the importance of se-
lecting a capable LLM for robust 3D domain adaptation.
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Algorithm 1 CLIPoint3D algorithm

Require: Training data: source domain DSt = {(P°',y

S
i

{z]u ). & & & Esp.

Ns,
=1 =

)}

S N,
(x5 ot =

1,m?

S - Te — (pTu
y;')} and target domain D7« = {P/*}

1: procedure TRAINING OBJECTIVE
2: Generate the attributes of set of classes, C = {ck}szl, by a LLM, and extract Tlm using Eq.2.
3: Generate M 2D projected depth maps for each 3D point cloud sample.
4: Initialize a random prompt vector of length [ from a Gaussian distribution.
5: if n = 1 then > Given total V" epochs
6: for i <+ 0 to K do > Given K iterations
7: Generate textual prompts P;(T"™, p) using Eq.3, and extract textual embeddings T from &;.
8: Generate source and target visual prompts (P & P7) separately using Eq.4.
o: Extract visual embeddings Is, and I7, from £ & £ respectively.
10: Do PEFT adaptation of text / vision / both encoder(s).
11: Select the views of minimum entropy using Eq.5 and calculate the final prediction probability of a point cloud
sample using Eq.6.
12: Calculate L¢e, Lortho, LoT & Lcont using Eq.13.
13: Append the source batch probabilities ps, in a list.
14: end for
15: Save all ps, and calculate uncertainty-weighted source class prototypes using Eq.7.
16: end if
17: for n < 2 to A/ do
18: Repeat the procedure of steps 7-15.
19: Calculate Ly, using the source prototypes from the (n — 1)-th epoch and Eq.10.
20: Calculate Ly, using Eq.13.
21: end for
22: end procedure
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