A. Implementation Details

For ULIP [38] and ULIP-2 [39], we adopt PointBERT [41]
as the point-cloud encoder backbone. For OpenShape [16],
we follow the official configuration and use its scaled Point-
BERT variant with 32.1M parameters, as reported in Table J
of the Appendix. For Uni3D, we employ the giant model,
whose point encoder contains 1,016.5M parameters. All
pretrained weights are obtained directly from their public
GitHub repositories. We report the zero-shot recognition
accuracy of these large 3D models as the baselines for com-
parison, and include Point-Cache [24] for completeness.

To describe point clouds, rather than relying on a single
prompt such as “a point cloud object of a {class}”, we
follow ULIP [38] and Point-PRC [23] and use 64 diverse
text templates. Each template produces a textual description
that is encoded into an embedding, and the 64 embeddings
are averaged to obtain a class-level representation.

We further incorporate additional semantic detail only in
the ModelNet-C evaluation. In this setting, the 64 generic
templates are concatenated with 50 GPT-generated class-
specific descriptions so that each category is provided with
richer and more tailored semantics. For all subsequent
evaluations, we use only the 64 generic templates without
any class-specific augmentation. Even with this simplified
setting, our method still yields competitive performance,
which shows that it does not depend on complex or dataset-
specific semantic information. This also indicates that the
approach is easy to transfer across datasets without the need
to generate separate prompts for each of them.

B. Derivation of Eq. (7) and Eq. (12)
B.1. Eq. (7): Textual prototype MAP

We derive the MAP estimator of the textual prototype v, in
Eq. (7). For each class ¢, an LLM produces M paraphrased
prompts with embeddings {z..1, . . . , Zc s }, from which we
compute the empirical mean and scatter:

1 X M
A— . — 7 =\

We treat z,. as a sufficient statistic summarizing the M para-
phrases and model the latent textual prototype v, as a Gaus-
sian variable with prior

p(ve) = M |0, B71), (16)

where 32 controls the prior variance.

Conditioned on v,, we assume that the empirical mean
z. 1s drawn from a Gaussian whose covariance shrinks with
the number of paraphrases:

p(ze | ve) = M(Zc | ve, 3:Se)- (17)

By Bayes’ rule, the posterior over v, is

p(Vc ‘ Zc) X p(Ze | ve) p(ve). (18)

Taking the negative log and omitting constants indepen-
dent of v, gives

_ 1
_Ing(Vc ‘ Zc) = WVCTVC

+ %(Zc - VC)TSC_I(ZC - VC)

2
+ const. (19)

Expanding the second term, we obtain:

—logp(v. | 2.) = %V;'—(B_zI + MS; v,
— v/ (MS,'z.) + const, (20)
which matches the canonical Gaussian form in v, with pre-
cision
A. =BT+ MS; 1, (1)
and natural parameter
ne = MS;'Z,. (22)
Thus the posterior over v, is Gaussian,
plve | Z.) = N(ve | vy, ), (23)
with
S, = A = (B + MS;Y) T 24)
WA 3 = (87214 MS;Y) T MS Yz, (25)

Since S, in Eq. (3) is an unnormalized scatter matrix, its
global scale can be absorbed into M without changing the
relative weighting between the prior and data terms. Un-
der this convention, simplifying the common scalar factor
yields the compact expression used in the main paper:

VM — (2T 4 MSY) TS (26)
which gives Eq. (7).
B.2. Eq. (12): Geometric distribution update

We next derive the recursive update in Eq. (12) for a fixed
class ¢, omitting the class index when unambiguous. At
test-time step t, the geometric parameters are:

O = {pe, Xt }, 27
and the prior is given by the previous posterior:

P(O:) = p(Os—1 | X¢-1). (28)



Under the Gaussian assumptions in Eq. (8) and Eq. (10),
the mean evolves according to:

Mt ~ N(Htflu Etfl)a (29
xp | pe ~ N(pe, ). (30)

Applying Bayes’ rule yields:
p(pe | x¢) o< p(xe | pe) p(pet).- 3D
Taking the negative log (up to constants independent of

) gives:

1 _
—logp(pe | x¢) = §(I~Lt — 1) " E (e — i)

1
—+ i(Xt — ut)TEfl(xt — /Lt) (32)

Expanding the quadratic terms leads to:

1 _ _
—logp(ps | x¢) = 5#:(5%—11 + 37 e

— ! (B -1 + =7 "%;) + const,
(33)

which matches the canonical Gaussian form with precision:
A =3+ (34)
and natural parameter:
m=2" o+ % (35)
Thus the posterior is Gaussian with parameters:
=A== (S 42 (36)
pe =S =5 (2 %+ B Y1), (37

Restoring the class index and substituting the class-
specific covariance 3¢, we obtain:

pe =X [(Ec>_1xt + (Etil)_lutil} (38)
1 17!
== [@e) T E)Y] (39)
which gives Eq. (12) in the main paper.

C. Additional Results

Robustness evaluation. Tables G, H, and I present the
recognition accuracy under different corruption settings.
Overall, Baye sMM consistently improves performance over
the baseline models (ULIP, ULIP-2, O-Shape, and Uni3D)
as well as the Point-Cache variants.

On S-OBJ_ONLY-C (Table G), BayesMM consistently
outperforms Point-Cache, improving the average accuracy
by 3.0% to 4.5%, and achieves a 4% to 7% gain over the

original backbone models, demonstrating clear improve-
ments in robustness. On S-OBJ_BG-C (Table H), which
introduces background clutter, BayesMM achieves 2.5%
to 3.5% higher average accuracy than Point-Cache and up
to 6% to 8% improvement over the original models, in-
dicating strong generalization in more challenging scenes.
On the most challenging split S-PB_T50-RS-C (Table 1),
BayesMM increases the average accuracy by 4.5% to 5.0%
over Point-Cache and by 7% to 10% over the original back-
bones, demonstrating that our approach can effectively han-
dle severe corruptions and partial observations, significantly
enhancing model robustness. These consistent gains across
settings highlight the effectiveness of BayesMM in improv-
ing robustness under diverse and severe corruptions.
Memory usage and inference throughput. Table J reports
the memory consumption across ModelNet-C, Omni3D,
and O-LVIS. While Point-Cache exhibits comparable or
slightly higher memory usage on smaller datasets, its pa-
rameter footprint grows substantially as the number of ob-
ject categories increases, particularly on O-LVIS. In con-
trast, BayesMM maintains a consistently lightweight pro-
file, indicating that the robustness improvements introduced
by our method come with only negligible memory over-
head. Table K presents the inference throughput measured
on S-OBJ_ONLY. The throughput reduction introduced by
BayesMM remains within 2% to 5% across all evaluated
backbones, indicating that the additional operations do not
significantly affect runtime. The resulting throughput de-
crease remains modest relative to the robustness enhance-
ments achieved by BayesMM.



Table G. Comparison of recognition accuracy on S-OBJ_ONLY-C, which contains seven types of corruptions. Results are reported at
corruption severity level 2. Each clean point cloud contains 1024 points. SONN refers to ScanObjectNN.

Original Data Corruption Type

Method SONN Add Global _AddLocal Drop Global _Drop Local _Rofate  Scale  Jiwer | V&
ULIP [38] 49.05 31.50 34.77 51.29 38.38 4836 4458 36.83 4185
+ Point-Cache (Global) 52.15 35.80 37.01 54.39 41.82 4974 4509 4028 4454
+ Point-Cache (Hierarchical) 52.15 32.01 38.04 54.56 45.27 5095 4596 39.24  44.77
+BayesMM 54.04 39.24 38.04 55.42 46.30 5215 47.68 3511 4575
ULIP-2 [39] 42.00 40.45 4131 37.69 30.29 3821 4445 2289  37.16
+ Point-Cache (Global) 48.19 49.05 4630 45.09 37.18 4165 4441 2599 4224
+ Point-Cache (Hierarchical) 51.98 49.05 46.30 48.88 40.45 4578 4509 2599 44.19
+BayesMM 52.67 54.04 48.02 4578 234 4475 4596 2857 4552
O-Shape [16] 53.18 49.91 46.30 52.15 36.66 46.64 4682 3081 4531
+ Point-Cache (Global) 56.80 56.45 51.98 54.56 40.45 5181 4923  37.69  49.90
+ Point-Cache (Hierarchical) 58.69 59.04 53.01 55.94 41.82 SLI2 4854 3941  50.95
+BayesMM 61.96 61.10 55.76 59.03 48.54 5490 5335 4096 54.44
Uni3D [48] 65.58 62.65 56.45 60.07 49.40 61.62 5611 4355 5693
+ Point-Cache (Global) 70.05 65.06 59.38 63.68 54.39 6334 6007 5129 6091
+ Point-Cache (Hierarchical) 70.22 65.40 58.00 64.20 54.91 6196  62.13 53.18 61.25
+BayesMM 71.60 69.53 60.06 64.54 60.07 6833 6386 5232 63.79

Table H. Comparison of recognition accuracy on S-OBJ_BG-C, which includes seven types of corruptions. Results are reported at corrup-
tion severity level 2. Each clean point cloud contains 1024 points.

Original Data Corruption Type
Method SONN AddGlobal Add Local Drop Global _Drop Local _Rofate  Scale  Jiwer | V&
ULIP [38] 45.96 27.19 25.82 45.61 34.25 4096  40.10 3098 36.36
+ Point-Cache (Global) 48.88 30.46 30.46 49.05 39.59 4492 4217 3184  39.68
+ Point-Cache (Hierarchical) 49.74 28.23 30.12 4871 40.45 4355 4028 3442 39.44
+BayesMM 52.67 33.05 34.08 50.43 41.65 4853 4578 3150 41.81
ULIP-2 [39] 48.19 40.62 38.90 39.24 32.36 4114 4286 2117 38.04
+ Point-Cache (Global) 52.50 48.19 45.09 46.82 39.07 46.64 4802 2651 44.10
+ Point-Cache (Hierarchical) 54.73 51.64 47.16 50.95 39.76 5301 51.81 2272 4647
+ BayesMM 56.80 50.77 46.82 49.40 40.45 5026  49.57 2547  46.19
O-Shape [16] 55.94 49.40 48.19 52.67 4251 4888 47.16 31.84 47.08
+ Point-Cache (Global) 59.72 57.49 51.12 59.72 4871 56.11 5422 3528  52.80
+ Point-Cache (Hierarchical) 62.65 58.00 51.64 59.55 47.85 5491 5336 3649  53.06
+BayesMM 64.72 60.41 54.90 61.62 5232 6041 5714 3821 55.09
Uni3D [48] 60.24 58.00 52.32 51.64 44.23 5800 51.81 3924 51.94
+ Point-Cache (Global) 63.86 66.27 57.83 56.11 50.77 61.62 5611 4423  57.10
+ Point-Cache (Hierarchical) 62.82 64.72 57.14 58.52 50.43 60.93  59.55 4630 57.55

+ BayesMM 68.50 66.26 54.39 60.58 55.07 65.23 58.86 49.57 59.06




Table I. Comparison of corruption generalization on S-PB_T50-RS-C, the most challenging split of ScanObjectNN. Each clean point cloud
is represented by 1024 points. SONN denotes ScanObjectNN.

Original Data Corruption Type

Method SONN AddGlobal Add Local Drop Global _Drop Local Rofate  Scale  Jiwer V&
ULIP [38] 29.29 19.26 18.39 30.99 23.91 2748 2634 2144 24.64
+ Point-Cache (Global) 32.37 22.87 20.85 3331 27.90 30.85  28.63 2453 27.66
+ Point-Cache (Hierarchical) 32.48 23.46 22.69 34.70 31.75 33.00 2828 2505 28.93
+BayesMM 40.52 29.53 25.92 39.21 33.59 3574 3244 2467 3318
ULIP-2 [39] 33.38 30.29 29.42 28.24 24.91 28.56 3022 1298 27.25
+ Point-Cache (Global) 4028 36.40 33.80 35.39 30.88 33.66 3501 1836  32.97
+ Point-Cache (Hierarchical) 42.40 35.70 34.42 37.75 34.21 3626 3609 19.12  34.49
+BayesMM 46.31 41.29 37.82 40.46 34.57 3973 3751 1653 3678
O-Shape [16] 41.12 3241 35.60 37.80 27.34 3661 3522 1888 33.12
+ Point-Cache (Global) 42.16 40.32 37.58 42.02 33.76 4153 3824 2412 3747
+ Point-Cache (Hierarchical) 43.72 4091 39.24 43.03 35.22 43.06 3740 2505 3845
+BayesMM 50.52 49.51 43.64 49.53 41.22 4711 4531 3029 44.39
Uni3D [48] 46.04 4823 37.99 36.75 31.47 4400 3737 28.66 3846
+ Point-Cache (Global) 50.28 52.57 4223 42.61 36.29 4722 39.83 3348  43.06
+ Point-Cache (Hierarchical) 51.13 51.67 41.88 4459 38.79 49.03  41.05 3470 44.10

+ BayesMM 57.04 59.30 45.70 49.10 4.41 53.16 4837 3786 49.17




Table J. Memory usage (MB) comparison across different datasets.
Numbers below each dataset name indicate the number of classes.
Point-Cache denotes the hierarchical variant.

ModelNet-C~ Omni3D  O-LVIS  #Params

Method (40) (216) (1156) (M)
ULIP-2 1,556 1,558 1,556 85.7
+ Point-Cache 1,556 1,558 1,566 85.7
+ BayesMM 1,560 1,560 1,562 85.7
OpenShape 7,056 7,058 7116  2,571.9
+ Point-Cache 7,058 7,062 7,150  2,571.9
+ BayesMM 7,076 7,080 7,084 2,571.9

Table K. Inference throughput (samples per second) on S-
OBJ_ONLY. All experiments are conducted with a batch size of
1 on an RTX 3090 GPU. Point-Cache refers to the hierarchical
variant of Point-Cache here.

Method ULIP ULIP2 OpenShape Uni3D
Vanilla 11.25 11.25 8.60 7.72
+ Point-Cache [24] 11.17 11.17 8.57 7.62

+ BayesMM 10.90 1091 8.28 7.41




	Introduction
	Related Work
	Methodology
	Setup
	Multimodal distribution learning
	Multimodal bayesian weighting

	Experiments
	Experimental settings
	Main results
	Ablation study
	Memory Usage and Throughput
	Visualization

	Conclusion
	Implementation Details
	Derivation of Eq. (7) and Eq. (12) 
	Eq. (7): Textual prototype MAP
	Eq. (12): Geometric distribution update

	Additional Results

