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Abstract

This paper proposes a general solution to enable point
cloud recognition models to handle distribution shifts at test
time. Unlike prior methods, which rely heavily on training
data (often inaccessible during online inference) and are
limited to recognizing a fixed set of point cloud classes pre-
defined during training, we explore a more practical and
challenging scenario: adapting the model solely based on
online test data to recognize both previously seen classes
and novel, unseen classes at test time. To this end, we de-
velop Point-Cache, a hierarchical cache model that cap-
tures essential clues of online test samples, particularly fo-
cusing on the global structure of point clouds and their
local-part details. Point-Cache, which serves as a rich 3D
knowledge base, is dynamically managed to prioritize the
inclusion of high-quality samples. Designed as a plug-and-
play module, our method can be flexibly integrated into
large multimodal 3D models to support open-vocabulary
point cloud recognition. Notably, our solution operates with
efficiency comparable to zero-shot inference, as it is entirely
training-free. Point-Cache demonstrates substantial gains
across 8 challenging benchmarks and 4 representative large
3D models, highlighting its effectiveness. Code is available
at https://github.com/auniquesun/Point—
Cache.

1. Introduction

In recent years, 3D sensors such as LiDARs and RGB-D
cameras have been widely adopted in robotics and electric
vehicles for their ability to provide reliable 3D geometry
measurements [11, 16, 20, 31, 59, 61-63, 68]. Point clouds
are among the most direct data formats produced by these
3D sensors. Although remarkable progress has been made
in 3D point cloud recognition, the success is primarily based
on the assumption that the test data and the model train-
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Figure 1. Recognition accuracy comparison on clean and cor-
rupted point cloud datasets. The suffix -C indicates datasets with
corruptions. Models experience a severe performance drop when
data corruptions arise. Point-Cache effectively narrows down the
performance gap between clean and corrupted data. The hardest
split of ScanObjNN is used.

ing data are identically distributed [2, 9, 26, 32, 37, 39, 40,
64, 87]. However, this assumption is frequently violated in
real-world scenarios due to complex geometries, as well as
sensing and processing errors [43, 50, 51].

In practice, a majority of models remain vulnerable to
distribution shifts, such as out-of-distribution (OOD) sam-
ples [6, 7, 50, 69], data corruptions [43, 44, 51, 56], and
more. As shown in Fig. 1, notable performance gaps (e.g.,
11+%) occur when models are tested on clean (Model-
Net [70]) versus corrupted data (ModelNet-C [43]). These
issues drive researchers to enhance the robustness and gen-
eralization of point cloud recognition methods. Related ef-
forts can be grouped into three main streams. The first fo-
cuses on training models that can transfer to target data.
These models learn a shared feature space between source
and target domains [10, 41, 45, 67], or apply meta-learning
frameworks to handle geometry shifts by training multi-
ple classifiers [19], or design learnable prompts to elicit
general knowledge from pre-trained large 3D models [50].
However, possible shifts are unpredictable, and the training-
based methods cannot account for all cases during training.
As a result, these models are limited when new shifts arise
at test time [75]. The second stream addresses the problem
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through test-time adaptation strategies [35, 46, 66]. These
strategies improve performance with various adaptation
techniques, such as masked auto-encoding for point clouds
(MATE [35]), static prototype memory (BFTT3D [66]), and
diffusion models (CloudFixer [46]). Nevertheless, we find
that these approaches rely heavily on training data. For in-
stance, MATE [35] requires pre-training on the entire train-
ing set, and BFTT3D [66] employs training data to build a
static and offline prototype memory to store point cloud fea-
tures. This heavy dependence on training data poses chal-
lenges, particularly when such data is unavailable or when
distribution shifts occur at test time. In these cases, revisit-
ing the training data may not be helpful to adapt the model
to online test data. Additionally, these test-time methods
can only recognize classes seen during training, which lim-
its their practicality in generalizable point cloud analysis.

Inspired by advancements in language-guided image
recognition [22, 38, 42, 79], the third branch of works uti-
lizes contrastive pre-training on large-scale triplets (point,
text, image) to connect flexible language descriptions and
enable open-vocabulary point cloud recognition [29, 72,
73, 88]. These large multimodal 3D models demon-
strate promising zero-shot performance and provide a new
paradigm for generalizable point cloud analysis. However,
zero-shot predictions are performed independently for each
test sample, with the final accuracy simply averaged across
the test set. This approach does not fully exploit the dis-
tribution of test data, particularly the statistics of reliable
predictions from large 3D models, which could further en-
hance accuracy and generalization. At this point, we pose
the following question: can we take advantages of both the
promising zero-shot ability of large 3D models and test-time
adaptation techniques to unlock more robust and generaliz-
able point cloud recognition?

In this work, to fully exploit the data distribution during
test time, we develop a cache model to store critical finger-
prints of test samples. These fingerprints consist of key-
value pairs derived by large multimodal 3D models, where
the key represents the sample feature extracted by the point
encoder, and the value represents the predicted (pseudo)
label from the model. This cache model is entirely con-
structed from online test data without accessing any training
samples. Our approach is thus more practical and challeng-
ing than prior methods [10, 19, 35, 41, 45, 46, 50, 66, 67].
Our cache model is hierarchical, as it stores not only the
global features of a point cloud in a global cache but also
its local-part details in a local cache, which are essential for
distinguishing subtle differences among classes. We also
empirically demonstrate that this coarse-to-fine design en-
hances robustness and generalization in the wild. Addition-
ally, our cache model is dynamic, since we need to con-
tinuously update the cache with online test data to prior-
itize high-quality key-value pairs. The constructed cache

serves as a powerful 3D knowledge base, capturing key

characteristics of online test data. When a new sample ar-

rives, we query the knowledge base, compute the affinity
between the sample and cached keys, and produce a predic-
tion by weighting the cached (pseudo) labels accordingly.

Our method is training-free and flexible, requiring only a

pre-trained 3D model and test data. More details will be

provided in Sec. 3.

The superiority of the proposed method is supported
by comprehensive comparisons with previous strong base-
lines across 8 challenging benchmarks, containing up to
1,156 point cloud classes. Moreover, we implement the
hierarchical cache as a plug-and-play module and in-
tegrate it into representative large 3D models, such as
ULIP [72], ULIP-2 [73], OpenShape [29] and Uni3D [88],
to enhance test-time point cloud recognition dynamically.
The proposed cache model brings notable and consistent
gains over the baselines. For instance, our model yields
+6.18% and +4.84% absolute accuracy improvements av-
erage over 7 types of corruptions in ModelNet-C [43] based
on ULIP [72] and ULIP-2 [73]. On Objaverse-LVIS [7]
that includes 1,156 categories, Point-Cache boosts the accu-
racy by +2.10% absolute points compared to the zero-shot
ULIP-2 [73]. In summary, the contributions of our paper
are threefold.

* To our knowledge, Point-Cache is the first to explore test-
time point cloud recognition in a more practical and chal-
lenging setting, where only online test data is available
and the model needs to generalize to both known classes
and unseen new classes, which is beyond the capability of
prior test-time methods.

* We propose a hierarchical cache model to capture essen-
tial distribution clues of online test samples, creating an
accurate profile for various point clouds from global to
local perspectives. We implement the hierarchical cache
as a plug-and-play component, enabling diverse 3D back-
bones to achieve enhanced test-time performance.

* Comprehensive experiments and consistent gains across
8 public datasets and 4 large 3D models demonstrate the
efficacy of Point-Cache.

2. Related Work

Test-time adaptation in 3D point cloud analysis receives
relatively less attention compared to the 2D image commu-
nity [5, 12, 14, 21, 23, 27, 28, 30, 34, 47, 52, 54, 60, 78, 80].
This technique has recently emerged in 3D point cloud
tasks, including recognition [35, 46, 66], registration [17],
upsampling [18] and object detection [65, 74, 85]. Among
these, MATE [35], BFTT3D [66], and CloudFixer [46] are
specifically focused on test-time point cloud recognition
and are thus closely related to our work. However, as pre-
viously analyzed, these methods depend heavily on training
data from the source domain to construct their pipelines,
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Figure 2. The overall pipeline of Point-Cache. The zero-shot predictions ¥, of large 3D models are effectively adapted by our global
cache logits ¥, and local cache logits §; to handle the distribution shifts, enabling robust and generalizable point cloud analysis.

which may not be available or helpful to understand target
data distributions at test time. Furthermore, they lack effec-
tive strategies to leverage the distribution of test samples.
By contrast, Point-Cache is constructed entirely from on-
line test data without access to any training samples, mak-
ing our setting both more challenging and more practical.
Additionally, our cache model, powered by large 3D mod-
els, can generalize to both known classes and unseen new
categories, an advancement that prior point cloud adapta-
tion/generalization frameworks have not achieved [10, 19,
35, 41, 45, 46, 66, 67].

Cache models that store sample features in memory for fur-
ther reference and reuse have been explored in fields like
language modeling [15, 24, 33, 58], image classification [3—
5, 13,21, 23, 36, 48, 55, 58, 82, 83] and point cloud recog-
nition [53, 66, 84]. Our proposed cache model stands out
from previous ones in several key aspects: (1) Our cache
model is constructed based on test samples whereas pre-
vious cache models rely on a large training set for con-
struction, as in Tip-Adapter [82], CaFo [83], PointNN [84],
Point-PEFT [53] and BFTT3D [66]. (2) Our cache model
is hierarchically designed to capture both global and local-
part features of a point cloud object, while existing methods
store only global representations [3-5, 13, 21, 48, 53, 58,
66, 82—-84]. We empirically demonstrate that this coarse-
to-fine design improves the capture of target data features,
thereby enhancing test-time performance. (3) Our cache
model is dynamically updated with online test samples, in-
corporating a selective mechanism to ensure high-quality
key-value pairs replace less reliable ones when the cache
reaches its capacity. In contrast, prior cache models, which
are constructed offline using the entire training set, are static
and consume a substantial amount of memory [53, 66, 84].

Large Multi-modal 3D Models [25, 29, 72, 73, 76, 81,
88, 89] spark a wave of open-vocabulary point cloud un-
derstanding by pre-training on large-scale datasets [7] in
recent years. For instance, ULIP-2 [73], OpenShape [29]
and Uni3D [88] pre-train the 3D encoders on million-
scale (point, image, text) triplets using contrastive learning.
These pre-trained point cloud encoders are then transferred
to downstream 3D tasks like classification and retrieval,
demonstrating strong zero-shot performance that surpasses
traditional 3D models [32, 39, 40, 64, 71, 87] which are
typically tailored to specific datasets [I, 56, 70]. This
new paradigm presents a promising direction for general-
izable point cloud processing. Our work is complementary
to these models: rather than developing another large 3D
model, we build upon their capabilities to enhance robust-
ness and generalization for point cloud analysis at test time.
Our hierarchical cache, backed by these large 3D models,
generalizes to unseen classes beyond training, addressing a
significant limitation of current test-time methods for point
cloud recognition [35, 46, 66].

3. Method

This section elaborates on the details of Point-Cache, the
overall pipeline of our approach is depicted in Fig. 2.

Preliminary. We begin by reviewing the zero-shot in-
ference process of existing large multimodal 3D mod-
els [29, 72, 73, 81, 88, 89]. These models use separate en-
coders to map inputs from a point cloud P € RY*3 and text
T (e.g., “a point cloud object of a {class}”) to a shared
feature space. Denoting the point cloud encoder as f,(-)
and the text encoder as f;(-), we can obtain the global fea-
ture e) = f,(P) € R of the point cloud P and the text
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feature ¢, = f;(T) € R?, where d is the feature dimen-
sion. To recognize the input point cloud P in a zero-shot
manner, these models replace “{class}” in text T with
each of possible C' category names and compute the class
probability ¥, using Eq. 1.

exp(sim(ed, e})/T)

S5 exp(sim(ed, e])/7)

Voo ={0ilZi}, 9= (1)

Here e! indicates the text encoding of the i-th category.
sim(+, -) measures the cosine similarity between inputs, and
T is a temperature coefficient. Finally, the point cloud P is
classified into the category with the highest probability, in-
dexed by L = arg max{#;|<_, }.

As described irtl Sec. 1, our hierarchical cache stores
the fingerprints of online test samples, which consists of
key-value pairs. The key is the test sample feature e
extracted by the point encoder of a pre-trained large 3D
model, and the value is the class label L predicted by the
zero-shot inference. In addition, we compute the entropy
h=-— chzl 5 log g; of the zero-shot prediction y, as it
is essential to assess the confidence with which the large 3D
model produces this prediction. This entropy value is em-
ployed to filter out high-quality samples in our cache model.

3.1. Text & Point Cloud Encoding

We can obtain the text encoding e; of the input 7" and the
global feature eJ of a point cloud P as introduced in the pre-
liminary. However, it is non-trivial to represent the local-
part features eé of the point cloud P due to the following
challenges analyzed in Fig. 3:

1, Part Feature Capture 2, Part Feature Storage

- Difficult to define - Expensive to store
parts precisely and get multiple part features

their features for
various 3D objects of
different classes

instead of a global
feature for a single
point cloud

Figure 3. Challenges in encoding part feature for various 3D
objects of different classes: Part Feature Capture & Storage.

To address these challenges, we made a careful analy-
sis and developed effective solutions, seeing Fig. 9 in the
Supplementary for intuitive illustration. (1) A straight-
forward approach might involve using an additional pre-
trained segmentation network to segment point cloud parts,
but this would be computationally prohibitive during online
inference. Instead, we propose a fuzzy definition of parts.
Specifically, since the architecture of the point encoder of
large 3D models is based on Transformer [8, 57, 77] and the
input is a sequence of point patches, we avoid strict part def-
initions according to physical semantics (e.g., head, body,
wing, and tail in an airplane), and instead treat the output

point patches from the last encoder layer as local part repre-
sentations. (2) A second challenge is that a long point patch
sequence can become resource-intensive; for example, the
point encoder in ULIP-2 [73] generates 512 point patches
per object, which would require substantial memory. To
mitigate this problem, we propose to summarize these point
patches into m centers e}, € R™*% using K-Means clus-
tering (m < 10), reducing memory usage by two orders of
magnitude compared to storing all patches.

3.2. Construction & Update of Hierarchical Cache

To thoroughly explore the distribution of test data, we de-
velop a hierarchical cache to record the fingerprints of on-
line test samples. This hierarchical cache includes both a
global cache, which stores overall information, and a lo-
cal cache, which captures detailed part-level information for
each point cloud. The coarse-to-fine structure enables more
precise profiling of test data and distinguishes our approach
from previous cache models used in image recognition [3—
5, 13,21, 23, 36, 48, 55, 58, 82, 83] and point cloud analy-
sis [53, 66, 84]. The complete construction process of hier-
archical cache is outlined in Alg. 1 of the Supplementary.
Global cache is represented by C, = (E,, L,, h,), storing
(feature, label, entropy) triplets for a set of point cloud ob-
jects. To manage storage efficiently, we design a selection
mechanism to identify high-quality test samples to place
into the cache.

Construction: We set an upper bound K on the number
of samples per class in the cache, allowing at most K fin-
gerprints (shots) can be placed in each category. Initially,
the global cache is empty. When a new test sample P ar-
rives, we generate its fingerprint (e, L, h) and assign it to
class L.

Update: With the number of online samples grows, we

check whether the number of shots for class L has hit the
upper bound. If it is not the case, the fingerprint of current
sample is appended to class L. Otherwise, we locate the fin-
gerprint with highest entropy within class L and compare
it to the entropy of current test sample. If the current test
sample has a lower entropy, we replace the highest-entropy
fingerprint with the new one; otherwise, the current sam-
ple is skipped. When the cache is full, E;, has dimensions
CK x d, I:g has dimensions CK x 1, and h, has dimen-
sions CK x 1.
Local cache. Although the global feature of a point cloud
captures expressive information, it lacks the local details of
the 3D object, which are critical for point cloud recognition,
especially when shapes share an overall appearance but dif-
fer in local parts. The local cache addresses this limitation
by storing part-level information. We denote the local cache
as C; = (E;, L;), which store the fingerprints of local parts
of point cloud objects. Here E; represents part features of
the test samples and L, indicates their labels.
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Accordingly, we define the local-part fingerprint of a test
sample P as (eé,ﬁ), where e, € R™*? corresponds to
local-part features and L is the class label of P.

Construction & Update: Note that the sample selective
mechanism of the local cache follows the same rules as the
global cache, meaning the local-part fingerprint of a test
sample is only stored if it qualifies for inclusion in the global
cache. So there is no need to record the entropy h again in
the local cache. When the cache is full, E; has dimensions
(m - CK) x d and L; has dimensions CK x 1.

3.3. Test-time Adaptation by Hierarchical Cache

With the hierarchical cache serving as a rich knowledge
base of online point cloud data, we can adapt the zero-shot
predictions of large 3D models for new samples, effectively
addressing distribution shifts that occur at test time. The
adaptation follows a coarse-to-fine process as below.

Test-time adaptation by global cache. During adaptation,
a new sample (@ is treated as a query to retrieve knowl-
edge from the global cache, which we use to produce the
adaptation logits. Specifically, the retrieval process is sim-
ulated by calculating the affinity A, between the query and
cached features E,. This allows the new sample to establish
connections with cached high-quality samples, providing it
with a contextual understanding of the online test data. We
then generate the adaptation logits y, by weighed ensem-

bling of cache labels ﬂg, as shown in Eq. 2.

Ay =exp(—B,4(1 —€JE,)), L, = OH(L,), y, = A/L,
2
where ef € R'*? represents the global feature of sample
Q. and E;, € REK>4 denotes the cached keys. The ‘OH’
operation transforms ﬂg into a one-hot encoding. The term
egE;— € R™CK measures the cosine similarity between
the query and all keys, with 3, acting as a hyper-parameter
to modulate the sharpness and the exponential operation
ensuring similarity values fall within (0, 1]. The affinity
A, € R™CK which grasps the relationship between the
query and cached keys, is utilized to ensemble the trans-
formed one-hot labels L, € REK*C yielding global cache
adaptation logits y, € R <€
Test-time adaptation by local cache. While global cache
adaptation is effective, it may not handle fine-grained dis-
tribution shifts at test time. To achieve a more precise ad-
justment, we exploit local part knowledge. The local-part
features eé of the point cloud () serve as queries to the local
cache. During retrieval, we compute the affinity A; between
elq and all cached part features E;. The affinity A; is then

used to weight the cache labels L, producing local cache

adaptation logits y, as in Eq. 3.

Ay = exp(—Bi(1 — e}E/)), Ly = OH(Ly), §, = ¢(A/Ly)
3)

where e, € R™* E; € RMCK)xd  and 1, €
R CK)XC " The function ¢(-) is an average pooling op-
eration over m parts to produce class logits. The term
eflElT e R™*(mCK) measures the cosine similarity be-
tween the part features of sample () and all part features in
the cache. Likewise, the similarity is modulated by the coef-
ficient 8; and scaled with the exponential function, resulting
in the affinity 4; € R™*("CK) The term AL, € Rm*C
represents the class logits for all m parts, which are trans-
formed by a pooling operation ¢(-) to derive the final local
cache adaptation logits y, € R <€,

Overall prediction combines three components as shown
in Eq. 4. The zero-shot prediction ¥, of large multimodal
3D model is effectively adapted using our global cache pre-
diction y, and local cache prediction y,, balanced by the
coefficients oy and .

y = yzs + O‘gyg + alyl (4)

4. Experiments
4.1. Experimental Settings

Datasets. To evaluate the robustness of point cloud recog-
nition, we choose four public datasets that contain vari-
ous point cloud corruptions: ModelNet-C [43] and three
variants of ScanObjectNN-C [56]. ModelNet-C [43] intro-
duces 7 atomic corruptions, including adding global out-
liers, adding local outliers, dropping global structure, drop-
ping local parts, rotation, scaling, and jittering. Other cor-
ruptions can be derived from these atomic corruptions, as
discussed in [43]. We apply these atomic corruptions to
the three variants of ScanObjectNN [56] and produce their
corrupted versions. To assess gemeralization on unseen
new data, we test the proposed method on four challenging
benchmarks: OmniObject3D [69] (216 classes), Objaverse-
LVIS [7] (1,156 classes), the hardest variant of ScanOb-
jectNN [56] and widely used ModelNet40 [70]. Recogni-
tion accuracy (%) is the primary evaluation metric.
Implementation Details. We choose ULIP [72], ULIP-
2 [73], OpenShape [29] and Uni3D [88] as the large mul-
timodal 3D models for experiments. Their pre-trained
weights are loaded and then frozen. Global and local-part
features are generated by modifying the forward pass func-
tion without altering the model architecture. The maximum
number of samples per class in the cache, K, is set to 3, and
each point cloud is clustered into m = 3 local parts. Both
the balance factors oy and o are set to 4.0 while the coeffi-
cients 34 and 3; are set to 3.0. We will examine the design
choices in the ablation studies. To optimize memory and
computation, we convert the input point clouds and model
parameters into ‘dtype’ £p16 in Pytorch. All experiments
are conducted on two 4090 GPUs. Additional details can be
found in the Supplementary.
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Table 1. Comparison of recognition accuracy on ModelNet-C that contains 7 types of corruptions. Each clean point cloud has 1024
points and the corruption severity level is 2. The last column is the average over 7 corruption types. The best results are in bold and the
second best are underlined. The setting applies to the following tables unless otherwise specified.

Method Clean Data Corruption Type Av
ModelNet Add Global ~ AddLocal Drop Global Drop Local Rotate  Scale  Jitter &
ULIP [72] 56.16 33.55 43.92 54.70 50.89 5527 5020 44.08 47.52
+Global Cache(Ours) 62.12 45.79 47.98 56.85 53.89 60.25 5434 4891 52.56
+Hierarchical Cache(Ours) 64.22 46.15 47.85 59.16 56.00 61.47 5535 4992 53.70
ULIP-2 [73] 71.23 65.15 54.62 68.76 57.98 7030  67.10 21.76 5795
+Global Cache(Ours) 73.95 67.02 59.32 71.35 61.59 7237 6840 2820 61.18
+Hierarchical Cache(Ours) 74.53 68.11 61.26 73.22 63.65 7334 7042 2950 62.79
O-Shape [29] 84.56 71.64 67.79 81.56 73.58 82.01 7848 5936  73.49
+Global Cache(Ours) 84.52 74.72 72.77 82.41 75.12 83.18 7893 6791 76.43
+Hierarchical Cache(Ours) 84.04 74.84 73.70 82.21 76.26 82.66 78.12 68.35 76.59
Uni3D [88] 81.81 72.45 56.36 68.15 67.18 7994 7536 5624 6795
+Global Cache(Ours) 83.14 76.13 66.49 71.43 69.81 81.52 7585 6143 71.81
+Hierarchical Cache(Ours) 83.87 77.51 71.15 72.16 70.75 81.77 7731 6252 7331

Table 2. Comparison of recognition accuracy across a suite of datasets. S-PB_RS_T50 is the hardest split of ScanObjectNN. O-
LVIS: Objaverse-LVIS. Omni3D: OmniObject3D. The number under each dataset indicates the number of points (pts) for each object. In
Omni3D, each point cloud can be represented by a different number of points. The last column is the average accuracy on these datasets.

ModelNet40  S-PB_RS_T50 O-LVIS Omni3D

Method (10000 pts) (2048 pts) (10000 pts) (1024 pts 409 pis 16384 pis) V&
ULIP [72] 58.75 46.44 6.24 8.39 775 7.28 22.48
+Global Cache(Ours) 61.22 50.21 7.02 10.00 9.36 8.43 2437
+Hierarchical Cache(Ours) 62.93 51.80 7.02 10.47 9.75 8.90 25.15
ULIP-2 [73] 72.97 47.13 30.26 26.36 29.20 26.58 38.75
+Global Cache(Ours) 74.51 51.70 3265 28.51 31.10 2853 4117
+Hierarchical Cache(Ours) 75.53 54.98 32.36 29.37 31.24 2944 4215
Uni3D [88] 88.41 65.19 55.42 31.52 41.98 4186  54.09
+Global Cache(Ours) 88.86 68.51 53.36 34.97 45.13 4519 56.00
+Hierarchical Cache(Ours) 89.18 68.24 55.19 35.82 45.60 45.89 56.65

4.2. Test-time Robustness and Generalization

Robustness. The robustness analysis of our training-
free test-time hierarchical caches takes place on 4 point
cloud corruption datasets [43, 56]. As observed in Tab.
1, the zero-shot accuracy of various large 3D models on
ModelNet-C is considerably boosted by our global cache
model, with increases such as +5.04% for ULIP [72],
+3.23% for ULIP-2 [73], +2.94% for OpenShape [29] and
+3.86% for Uni3D [88], averaged across 7 corruption types.
By combining global and local cache together, our hier-
archical cache model attains further improvements, high-
lighting the benefits of incorporating a local cache. No-
tably, these gains extend beyond corrupted data, as our hi-
erarchical cache model also improves recognition accuracy
on the clean ModelNet dataset, e.g., +8.06% absolute in-
crease over ULIP’s zero-shot performance. An exception
is OpenShape, which maintains a slightly higher zero-shot
accuracy on clean data than our cache model. However,
when considering the 7 corruption types, our global and hi-

erarchical cache models outperform OpenShape by 2.94%
and 3.10%, respectively, demonstrating improved robust-
ness against data corruption at test time. Consistent im-
provements are also showcased on the variants of ScanOb-
jectNN, shown in Tab. 5, 6 and 7 in the Supplementary.

Generalization. We evaluated the generalization capabil-
ity of Point-Cache on four representative benchmarks that
were unseen during the pre-training of the large 3D mod-
els. These benchmarks generally do not contain data cor-
ruptions. While ModelNet40 [70] and ScanObjectNN [56]
contain a limited number of classes, OmniObject3D [69]
and Objaverse-LVIS [7] represent a broader range of 3D
concepts, covering 216 and 1,156 classes, respectively. As
shown in Tab. 2, Point-Cache consistently enhances the
recognition accuracy across datasets and 3D backbones. For
instance, our hierarchical cache built on ULIP and ULIP-2
yields absolute improvements of 6.31% and 5.51% , respec-
tively, average over 6 scores. On ScanObjectNN, our hier-
archical cache significantly raises the zero-shot prediction
of ULIP and ULIP-2, from 27.20% to 51.80% for ULIP
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and from 36.22% to 54.98% for ULIP-2. On the challeng-
ing Objaverse-LVIS (O-LVIS), our global cache with ULIP-
2 successfully realizes a 2.39% absolute gains in zero-
shot accuracy across 1,156 classes, a notable achievement.
Furthermore, our cache model enables Uni3D to attain an
89.18% accuracy on ModelNet40 without any training, ef-
fectively matching the fully-supervised PointNet (89.20%).

4.3. Memory Usage and Throughput

Memory. We use Uni3D [88] as the baseline and adapt its
zero-shot predictions with Point-Cache. The experiments
are conducted on 3 datasets as shown in Tab. 3. The batch
size is set to 1 because we need to update the cache and
adapt the class logits according to every single sample. The
results indicate our global cache and hierarchical cache con-
sume similar or slightly higher memory than the baseline
on each dataset. Furthermore, as the number of classes in-
creases rapidly, the memory usage grows at a slower rate.
This is primarily because the memory consumption is dom-
inated by the large number of parameters in Uni3D (e.g.,
1,016.5M). In contrast, the hierarchical cache built on O-
LVIS uses only approximately 7.1M parameters, which is
negligible compared to Uni3D. Detailed calculations are
provided in the Supplementary.

Table 3. Comparison of memory usage (MB). The batch size is
set to 1 and the used device is an RTX 4090. The number under
each dataset indicates #Classes. Hierar: Hierarchical Cache.

Method ModelNet-C~ Omni3D  O-LVIS  #Params
(40) (216) (1156) ™M)
Uni3D 5,062 5,062 5,062 1,016.5
+Global(Ours) 5,062 5,064 5,070 1,016.5
+Hierar(Ours) 5,064 5,068 5,090 1,016.5

Throughput. We evaluate the throughput of Point-Cache
on ModelNet40, where throughput is measured as the num-
ber of test samples processed per second (abbreviated as
t/s). The results are reported in Tab. 4. Point-Cache runs
slightly slower than zero-shot inference due to the addi-
tional overhead introduced by cache updates, logits com-
putation, efc. However, the throughput degradation is min-
imal, e.g., a 0.04 t/s drop for OpenShape with the global
cache, and a 0.07 ¢/s drop for ULIP-2 with the hierarchical
cache. These results prove that Point-Cache brings remark-
able accuracy improvements with negligible computational
cost.

4.4. Ablation Study

We use Uni3D with our hierarchical cache and 4 public
datasets for ablation analysis, as shown in Fig. 4.

Shot size per class in the global cache. The upper bound
K on the number of samples per class is a critical variable

Table 4. Comparison of throughput (¢/s) for different models
on ModelNet40. The batch size is set to 1 and the device is a 4090
GPU. The results are averaged over all test samples.

Method Zero-shot  +Global Cache +Hierar Cache
ULIP 11.25 11.21 11.18
ULIP-2 11.18 11.14 11.11
OpenShape 9.80 9.76 9.74
Uni3D 9.78 9.75 9.73

as it affects the total size of the hierarchical cache. We an-
alyze its impact on the test-time recognition accuracy on 4
datasets, shown in Fig. 4a. As K increases, accuracy trend
differ across datasets; for example, accuracy increases on
Omni3D but decreases on S-PB_T50_RS. We adopt K = 3
as it produces the best average accuracy (63.98%). The re-
sults indicate that our cache model does not require a large
number of samples to achieve strong performance.
Number of local parts per 3D object. To optimize mem-
ory and computation, we cluster hundreds of point patches
of a 3D object into m parts. We investigate the effect of this
variable on test-time performance, as exhibited in Fig. 4b.
For three out of the four datasets, namely S-PB_T50_RS,
Omni3D, and O-LVIS, accuracy generally decreases as the
number of parts increases, suggesting that a point cloud
does not need to be represented with an excessive number of
parts. We choose m = 3 by default, as this setting reaches
the best average accuracy across the 4 datasets.

(a) shot size K (b) m parts (c) ag and oy (d) By and B,

Figure 4. Ablation studies on the hyper-parameters in the
cache design, including the shot size K per class, the number of
parts m per object, the balance factors in the final prediction logits
and the sharpness coefficients in affinity computation.

The balance factors. The factors oy and «; control the
relative weights of the global cache prediction p, and lo-
cal cache prediction p;. To simplify experimentation, we
set &y = oy in the ablation study. Candidate values are
{0.5,1.0,2.0,3.0,4.0,5.0}. As shown in Fig. 4c, increas-
ing these factors improves performance on S-PB_T50_RS
and Omni3D, while it has minimal effect on ModelNet40
and O-LVIS. We set the factors to 4.0, which yields the op-
timal average accuracy across all four datasets.

The sharpness coefficients. The coefficients 3, and 3; are
used to modulate the sharpness of the query-key affinity.
Here we analyze their impact on test-time accuracy on 4
benchmarks. Likewise, we let oy = oy and the candidate
values are {0.5,1.0,3.0,5.0,7.0,9.0}. As Fig. 4d displays,
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accuracy initially improves slightly with increasing sharp-
ness but then decreases as sharpness becomes too high. We
set the sharpness to 3.0 that yields the optimal result average
over 4 datasets.

4.5. Visualization

Online Inference. We visualize the online inference pro-
cess of Point-Cache using different large 3D models and
compare three model variants: zero-shot prediction, the
model with our global cache, and the model with our hierar-
chical cache, referring to Fig. 5. During inference, we cal-
culate the average recognition accuracy over accumulated
samples. Due to the small number of samples at the initial
stage, the average accuracy may fluctuate drastically, so we
discard the statistics for the first 5 samples. Overall, meth-
ods employing the hierarchical cache consistently outper-
form other variants by a clear margin across various large
3D models and datasets.

(b) ULIP-2.

(d) Uni3D.

(a) ULIP.

(c) OpenShape.

Figure 5. The average recognition accuracy of accumulated
samples during online inference. The curve changes signifi-
cantly in the initial stage due to the small number of samples.
Models with our global and hierarchical cache receives percep-
tible performance gains.

Entropy and Accuracy. Fig. 6 illustrates the relationship
between entropy and accuracy for different models on vari-
ous datasets. During online inference, we first compute the
entropy of top 5 predictions for each test sample and then
average the entropy across all accumulated samples. Simi-
larly, the corresponding average accuracy can be calculated.
The results reveal that Point-Cache effectively reduces the
uncertainty of the zero-shot predictions made by large 3D
models, enhances prediction confidence, and consequently
lifts recognition accuracy. Additionally, we observe that the
hierarchical cache model is more effective in reducing en-
tropy compared to the global cache model, further under-
scoring the importance of incorporating the local cache.

Qualitative Analysis. Fig. 7 presents the step-by-step
adaptation process of Point-Cache. The first three rows
demonstrate cases where the global cache model attempts
to adjust the zero-shot predictions of various large 3D mod-
els but fails. Instead, the hierarchical cache model success-
fully refines the class logits based on the global cache. In
the last row, our global cache model corrects the zero-shot
prediction in the first step, and the hierarchical cache model
subsequently retains the top class while increasing its confi-
dence. The examples showcased here are not cherry-picked.

tween Entropy and Accuracy

Entropy and Accuracy

/

Average Accuracy (%)

Average Accuracy (%)

02 03 _ os 05 06
Entropy of Top 5 Predictions

(b) Group Two.

T 02 [ 0a o5
Entropy of Top 5 Predictions

(a) Group One.

Figure 6. Relationship between entropy and accuracy. Models
with our global and hierarchical cache consistently exhibit lower
entropy and higher accuracy across various benchmarks.

Additional quantitative and qualitative results can be found
in the Supplementary.
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Figure 7. The zero-shot predictions before and after adaptation
by Point-Cache. GC: global cache. HC: hierarchical cache.

5. Conclusion

This paper explores test-time point cloud recognition in a
practical and challenging setting, where only test data and
the pre-trained models are available. We develop Point-
Cache, a powerful 3D knowledge base that enhances ro-
bustness and generalization at test time. It records the
fingerprints of online test samples through a global and a
local cache, creating a more accurate profile of 3D data.
Designed as a plug-and-play module, Point-Cache can be
seamlessly integrated into various large 3D models without
compromising efficiency, enabling open-vocabulary point
cloud recognition for both known and unseen classes, ef-
fectively addressing limitations of prior test-time methods.
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