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Abstract

3D Vision-Language Foundation Models (VLFMs) have
demonstrated strong generalization and zero-shot recognition
capabilities in open-world point cloud processing tasks. How-
ever, their performance often degrades in practical scenarios
where data are noisy, incomplete, or drawn from distributions
that differ from the training data. To address this challenge,
we propose Uni-Adapter, a novel training-free online test-
time adaptation (TTA) strategy for 3D VLFMs based on dy-
namic prototype learning. Uni-Adapter maintains a 3D cache
that stores class-specific cluster centers as prototypes, which
are continuously updated to capture intra-class variability un-
der heterogeneous data distributions. These dynamic proto-
types serve as anchors for cache-based logit computation
through similarity scoring. In parallel, a graph-based label
smoothing module models inter-prototype similarities to en-
force label consistency among related prototypes. Finally,
predictions from the original 3D VLFM and the refined 3D
cache are unified through entropy-weighted aggregation to
ensure reliable adaptation. Without retraining, Uni-Adapter
effectively mitigates distribution shifts and achieves state-of-
the-art performance across diverse 3D benchmarks and mul-
tiple 3D VLFMs, improving performance on ModelNet-40C
by 10.55%, ScanObjectNN-C by 8.26%, and ShapeNet-C by
4.49% over the source 3D VLFMs.

Code — https://mehran-tam.github.io/Uni-Adapter

Introduction
3D Vision-Language Foundation Models (VLFMs), such
as Uni3D (Zhou et al. 2024), have introduced remarkable
potential in multimodal point cloud processing tasks. Pre-
trained on web-scale text-image-point cloud triplets, these
models learn cross-modal representations in a shared em-
bedding space, enabling zero-shot recognition of novel point
cloud categories. Despite the strength of these models,
VLFMs encounter critical limitations in real-world scenar-
ios where acquired point clouds often suffer from severe
noise, sparsity, and low resolution due to sensor constraints

*These authors contributed equally.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: (a) t-SNE of Uni3D embeddings for the air-
plane class in ModelNet40-C shows clear intra-class cluster-
ing patterns. Confidence-based prototypes (triangles) cache
only high-confidence samples, while cluster-based proto-
types (circles) represent distribution modes via online clus-
tering. (b) In the toy example, confidence-based caching
leads to incorrect boundaries due to poor mode coverage,
whereas cluster-based caching captures diverse patterns and
enables correct predictions.

and environmental factors. Domain adaptation and general-
ization aim to address these distribution shifts by bridging
the gap between source and target domains.

Among existing adaptation approaches for VLFMs, test-
time adaptation (TTA) (Sharifdeen et al. 2025; Karmanov
et al. 2024; Huang et al. 2025) offers a particularly effi-
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cient solution, requiring no labeled target data while en-
abling dynamic adjustment to unseen conditions. Existing
TTA methods for VLFMs can be broadly categorized into
training-based and training-free approaches. Training-based
TTA methods adapt to the target domain by updating a sub-
set of model parameters (Osowiechi et al. 2024) or soft
prompts (Shu et al. 2022; Yoon et al. 2024; Sharifdeen et al.
2025) at test time. These methods typically optimize objec-
tives like prediction entropy minimization across augmented
views of test samples (Shu et al. 2022), or employ additional
auxiliary losses (Sharifdeen et al. 2025) to guide adaptation.
While effective in reducing domain shift, these methods of-
ten require iterative backpropagation, making them compu-
tationally demanding and less suited for real-time deploy-
ment. In contrast, training-free TTA methods, such as re-
cent cache-based approaches (Karmanov et al. 2024; Sun
et al. 2025), avoid parameter tuning by dynamically caching
high-confidence features. These embeddings refine predic-
tions via feature similarity, enabling lightweight, scalable
adaptation for real-time and streaming scenarios.

While mainly designed for 2D VLFMs (Radford et al.
2021a), cache-based strategies are underexplored in 3D
VLFMs, with only a few early attempts to design effec-
tive cache modules. Recently, Point-Cache (Sun et al. 2025)
introduced a TTA framework for 3D VLFMs, proposing
a dual-cache structure of global and local caches. Both
caches are built from high-confidence test samples, assum-
ing these samples sufficiently represent the full data distri-
bution. However, this assumption is often violated in prac-
tice—particularly for 3D data—where each semantic class
can exhibit significant structural diversity. As illustrated in
Figure 1(a), features corresponding to a single class (e.g.,
“airplane”) form multiple distinct clusters in the feature
space, reflecting different structural modes. Consequently,
high-confidence prototypes typically capture only a subset
of these variations, leading to suboptimal adaptation perfor-
mance. This limitation is shown in the top of Figure 1(b),
where cached high-confidence prototypes (triangular mark-
ers) lead to incorrect decision boundaries.

To overcome the limitations of prior confidence-based
cache strategies, we propose Uni-Adapter (Unified 3D
Adapter), a novel online TTA framework for 3D VLFMs.
Our approach employs a cluster-based caching strategy that
dynamically stores and updates cluster centers, ensuring
comprehensive coverage of the underlying feature distri-
bution. This design is visualized in the lower part of Fig-
ure 1(b), where yellow circular markers denote the cached
cluster centers used as prototypes. These prototypes offer a
more faithful representation of the distribution, leading to
improved affinity calculations and more robust adaptation.

To enable clustering-based prototyping in the test-time
setting, we adopt an online clustering strategy, where incom-
ing test samples incrementally update class-specific cluster
centers, serving as prototypes. Each class maintains multi-
ple cluster-based prototypes within a unified cache, ensuring
comprehensive coverage of diverse data distribution modes.
This strategy captures intra-class variability and prevents
over-reliance on a few dominant patterns. Moreover, we ob-
serve that the performance of existing cache-based models is

affected by noisy pseudo-labels, allowing misclassified sam-
ples to contaminate the cache. To address this issue, we con-
struct a similarity graph over cached prototypes and apply
graph-based label smoothing to refine their labels. This en-
ables effective label propagation across similar prototypes,
mitigating noisy pseudo-labels and yielding a more reliable,
adaptive cache. We solve the resulting Laplacian system us-
ing the conjugate gradient method for its efficiency and scal-
ability for large, sparse systems. Finally, we fuse the original
3D VLFM scores and 3D cache logits using entropy-driven
confidence weighting to derive the final prediction.

In summary, the contributions of the proposed method are
as follows: 1) We introduce a cluster-based caching strat-
egy that employs multiple cluster centers per class to cap-
ture intra-class variability, enabling adaptation to diverse test
distributions. 2) We apply graph-based label smoothing over
cache prototypes, using inter-prototype similarities to refine
noisy pseudo-labels and improve cache-based adaptation un-
der distribution shift. 3) We conduct extensive experiments
to validate our approach on different 3D VLFMs across
diverse benchmarks—including corrupted datasets such as
ShapeNet-C (Mirza et al. 2023), ModelNet-40C (Sun et al.
2022), and ScanObjectNN-C (Mirza et al. 2023), as well as
clean datasets (large-scale and small-scale)—achieving new
state-of-the-art results.

Related Work
3D Vision-Language Foundation Models (3D VLFMs)
have demonstrated transformative potential in advancing
point cloud understanding by bridging semantic representa-
tions from large-scale image-text datasets to 3D data (Zhu
et al. 2023; Chen et al. 2023; Xue et al. 2024). For in-
stance, Uni3D (Zhou et al. 2024), ULIP (Xue et al. 2023),
ULIP-2 (Xue et al. 2024), and OpenShape (Liu et al. 2023)
employ contrastive learning on extensive datasets of paired
image, text, and point cloud data to achieve robust cross-
modal feature alignment. These pre-trained 3D VLFMs ex-
hibit strong zero-shot capabilities and geometric semantic
perception across diverse tasks. However, their performance
is often hindered by domain gaps, limiting generalization to
real-world and dynamic scenarios.

Test-Time Adaptation (TTA) focuses on dynamically
adapting model predictions to novel domains without requir-
ing target annotations or access to the source data (Niu et al.
2023; Boudiaf et al. 2022). Early TTA methods, designed for
vision-only models, adapted parameters via post-hoc regu-
larization during inference. For instance, TENT (Wang et al.
2020), SHOT (Liang, Hu, and Feng 2020), and MEMO
(Zhang, Levine, and Finn 2022) minimize the entropy of the
softmax prediction distribution to boost confidence and gen-
eralization to the downstream domains. With advancements
in VLFMs, recent TTA approaches leverage text modali-
ties to enhance generalization. TPT (Shu et al. 2022) and
DiffTPT (Feng et al. 2023) combine entropy minimization
with fine-tuning a learnable prompt for each test sample.
SCAP (Zhang et al. 2025) optimizes both image and text
prompts for TTA. While effective, these methods require
costly gradient backpropagation at the test time. In con-
trast, TDA (Karmanov et al. 2024), COSMIC (Huang et al.
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2025), and PointCache (Sun et al. 2025) use cached high-
confidence prototypes to refine VLFM predictions through
similarity-based scoring. However, relying solely on confi-
dent samples can miss distribution modes, and noisy proto-
types can lead to suboptimal performance.
Test-Time Point Cloud Adaptation has gained significant
traction in improving the generalization of 3D point cloud
analysis across tasks, including recognition (Sun et al. 2025;
Wang et al. 2024; Shim, Kim, and Yang 2024), segmenta-
tion (Zhao et al. 2025; Zou et al. 2024), registration (Hatem,
Qian, and Wang 2023), object detection (Lin et al. 2024;
Chen et al. 2024; Yuan et al. 2024), and scene comple-
tion (Jang et al. 2025). These approaches can be divided
into two distinct groups. The first group modifies model
parameters and employs training during inference. For in-
stance, MATE (Mirza et al. 2023) adapts encoder param-
eters through self-training, and Bahri et al. (Bahri et al.
2025) adapt normalization layers using TENT (Wang et al.
2021). The second group employs methods that avoid pa-
rameter updates. Specifically, BFTT3D (Wang et al. 2024)
integrates source representations using a non-parametric
adapter, whereas CloudFixer (Shim, Kim, and Yang 2024)
and 3DD-TTA (Dastmalchi et al. 2025) adapt input point
clouds through geometric transformations guided by diffu-
sion models. However, these methods are often designed
for smaller-scale models and face challenges when applied
to large, multi-modal 3D models. PointCache (Sun et al.
2025), closely related to our work, adapts VLFMs using
global and local caches built from high-confidence predic-
tions and applies k-means to summarize local patch features.
In contrast, our Uni-Adapter performs online, confidence-
weighted clustering at the class level to capture diverse dis-
tribution modes in 3D data.

Proposed Method
Background
3D VLFMs (Xue et al. 2024; Liu et al. 2023; Zhou et al.
2024) use separate encoders to map point clouds, images,
and text into a shared, aligned feature space. A text en-
coder ET, typically based on CLIP (Radford et al. 2021b),
encodes class prompts, while a transformer-based point
encoder EP, adapted with a point tokenizer, encodes 3D
point clouds. In zero-shot classification, a generic prompt
r = ”a point cloud of a” is prepended to the ith class name
yi ∈ Y , where Y = {y1, . . . , yK} denotes the set of K
class names. The resulting textual inputs {r, yi} are encoded
as wi = ET({r, yi}) ∈ Rd, and d is the embedding di-
mension. Given a point cloud X ∈ RL×3, its embedding
f = EP(X) ∈ Rd is compared to wi via cosine similarity,
and the probability distribution is given as follows:

p(yi|X) =
exp(sim(wi, f)/τ)∑K
j=1 exp(sim(wj , f)/τ)

(1)

where sim(·, ·) denotes the cosine similarity and τ is the
temperature controlling the sharpness of the distribution.

Uni-Adapter Method
The overall framework of the proposed method is illustrated
in Fig. 2. It integrates similarity scores from point cloud-

to-text comparisons with those from the cache model. The
cache model learns 3D prototypes using an online prototyp-
ing module and dynamically refines noisy prototype assign-
ment through prototype reassignment module. It then com-
putes cache scores based on the affinity between the input
point cloud representation and the stored prototypes. Finally,
these scores are unified based on the entropy of the predic-
tions to obtain the final similarity score. The following sec-
tions provide a detailed description of each component.

Online Prototyping Module. We adopt an online cluster-
ing strategy, termed online prototyping, to dynamically cap-
ture diverse modes of the data distribution. This module in-
crementally updates a set of class-specific prototypes. The
goal is to associate each incoming point cloud feature with
a representative prototype and update it accordingly.

At time step t, a point cloud Xt is encoded as ft =
EP(Xt) ∈ Rd. We first predict the class k by computing co-
sine similarities between ft and class embeddings {wi}Ki=1:

smain
i = sim(wi, ft), k = argmax

i
smain
i . (2)

Each class k maintains up to N prototypes, denoted by
{ck,j ∈ Rd}Nk

j=1, where Nk ≤ N . Given the predicted class
k, we select the most similar prototype:

n = arg max
1≤j≤Nk

sim(ft, ck,j). (3)

If an empty slot exists (Nk < N ), it is initialized with ft.
Otherwise, the selected prototype ck,n is updated using a
confidence-weighted moving average:

cnew
k,n =

αtft + bk,nαk,nc
old
k,n

αt + bk,nαk,n
, (4)

where bk,n is the number of past updates to the prototype,
and αt, αk,n are the confidence scores of the incoming sam-
ple and the cached prototype, respectively. These scores are
derived from prediction entropy as:

αt = exp(−β ·Ht), αk,n = exp(−β ·Hk,n), (5)

where β is a scaling factor, and Ht and Hk,n denote the en-
tropy of the softmax over similarities with text embeddings.
Specifically, Ht is computed from feature ft, and Hk,n from
prototype ck,n, both compared against {wi}Ki=1.

Prototype Reassignment Module. While online proto-
typing maintains representative prototypes, it remains sen-
sitive to noisy pseudo-labels. To improve label reliability,
we introduce a prototype reassignment module that smooths
pseudo-labels across similar prototypes via graph-based reg-
ularization. To refine pseudo-labels based on semantic rela-
tionships, we require two components: (1) a similarity ma-
trix capturing prototype relationships, and (2) the initial soft
pseudo-labels to be updated. These soft pseudo-labels, given
by the model’s softmax probabilities over class logits, are
stored in Z(0) ∈ RM×K , where each row corresponds to a
prototype and contains its class probabilities.

Let M =
∑K

k=1 Nk denote the total number of active
prototypes across all classes, where Nk ≤ N is the number
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Figure 2: Method Overview. Given a test point cloud Xt ∈ RL×3, our method extracts a point cloud feature ft via a point
cloud encoder. The 3D cache is updated via online Prototyping, where cluster centers serve as 3D prototypes. The Prototype
Reassignment module refines these prototypes, and their affinity with ft is computed to obtain scache. Finally, the prediction
logit sfinal is obtained by fusing scache and the model’s base output smain using entropy-driven confidence weighting.

of prototypes for class k. We collect all prototype features
into a matrix U = [c1,1; . . . ; cK,NK

] ∈ RM×d, where each
row is a ℓ2-normalized prototype. The similarity matrix is
computed as:

A = UU⊤ ∈ RM×M . (6)
We apply a threshold γ ∈ [0, 1] to remove weak connec-

tions and obtain a sparse matrix Â by zeroing out values
below γ. From Â, we compute the degree matrix D, a diag-
onal matrix where each diagonal entry Dmm is the sum of
the m-th row in Â. The normalized graph Laplacian is then:

Lnorm = I−D−1/2ÂD−1/2. (7)

This refinement is formulated as the following optimization:

Z∗ = argmin
Z

∥Z− Z(0)∥2F + λreg · Tr(Z⊤LnormZ), (8)

where λreg > 0 balances fidelity to the initial predictions
and label smoothness across the graph. This objective has a
closed-form solution:

Z∗ = (I+ λregLnorm)
−1

Z(0). (9)

Finally, we convert Z∗ into a one-hot label matrix by keep-
ing the maximum entry in each row:

Z∗
m,̂i

=

{
1 if î = argmaxi Z

∗
m,i,

0 otherwise
for m = 1, . . . ,M.

(10)
It should be noted that, to reduce computational overhead

(O(M3)), we solve Equation 9 using the conjugate gradient
method (Hestenes, Stiefel et al. 1952), which reduces the
complexity to O(ρ · nnz(Lnorm)), where ρ is the number of
iterations and nnz(·) denotes the number of non-zero entries.

Cache Logit Calculation. Each prototype now has a one-
hot class label encoded in Z∗ ∈ {0, 1}M×K . Given an input
feature ft ∈ Rd, we compute its cosine similarity to all pro-
totypes as: Uft ∈ RM . To ensure that the similarity scores

are not biased by the number of prototypes per class, we
normalize by the count of prototypes assigned to each class.
Specifically, we compute a diagonal normalization matrix:

Λ = diag

( 1∑M
m=1 Z

∗
m,i

)K

i=1

 ∈ RK×K , (11)

where the i-th diagonal entry rescales the summed similar-
ity for class i by the number of associated prototypes. The
cache-based logits are then computed as:

scache = ΛZ∗⊤ (Uft) ∈ RK . (12)

This yields class-wise average similarities between ft and
the prototypes. The resulting scache is fused with main logits
for robust classification.

Entropy-Based Fusion. We combine the predictions from
the source VLFM and the cache model by fusing their logits.
The fusion is performed using entropy-based weighting:

sfinal =
Hcache · smain +Ht · scache

Hcache +Ht
. (13)

Here, Ht and Hcache are the entropies of the softmax over
the main and cache logits, respectively. The fusion adap-
tively weights each source by its confidence, favoring the
more certain modality.

Experiments
Experimental Setup
Datasets. We evaluate our approach under distribution
shifts using ModelNet-40C (Sun et al. 2022), ShapeNet-
C (Mirza et al. 2023), and ScanObjectNN-C (Mirza et al.
2023), which introduce 15 types of synthetic corruptions,
including density variations, noise, and geometric transfor-
mations, each with five severity levels. To further assess
the generalization capability on unseen data, we conduct
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Avg.
Source-Only 57.37 54.01 70.21 61.91 60.69 51.74 52.39 67.50 74.87 72.40 71.02 63.97 58.95 47.24 22.93 59.15

Tr
ai

ni
ng

TENT (ICLR21) 61.46 58.30 65.28 56.36 65.08 51.62 52.51 65.44 75.24 72.36 72.44 61.43 58.18 48.09 28.44 59.48
SHOT (ICML20) 61.50 58.42 65.27 56.68 64.66 51.54 52.84 65.48 75.57 72.81 72.29 61.14 58.14 48.46 28.44 59.55
SAR (ICLR23) 61.51 58.18 65.40 56.77 64.79 51.86 53.40 66.37 75.93 72.49 72.08 62.28 59.12 49.31 30.71 60.01
DUA (CVPR22) 61.26 57.90 65.11 56.76 64.79 51.38 53.08 65.44 75.16 72.93 72.41 60.85 58.35 48.50 28.65 59.50
MEMO (NIPS22) 57.38 54.08 70.24 61.92 60.71 51.76 52.39 67.59 74.88 72.48 71.03 63.98 59.30 47.36 22.94 59.20
TPT* (NIPS22) 60.65 57.20 76.32 61.15 63.47 55.39 55.78 71.36 74.77 75.20 73.01 65.41 60.97 47.60 18.10 61.02

LAME (CVPR22) 57.33 54.09 70.10 61.63 60.94 51.94 52.27 67.50 75.16 72.45 71.27 63.90 59.04 47.33 22.61 59.17

Tr
ai

ni
ng

-F
re

e 3DD-TTA (WACV25) 60.53 59.76 63.53 64.71 67.91 50.73 51.09 59.36 66.98 64.26 58.67 59.36 53.77 36.10 32.37 56.06
CloudFixer † (ECCV24) 65.44 65.84 63.90 68.11 72.77 52.80 53.81 52.88 63.21 59.36 61.18 56.16 52.18 29.09 24.60 56.09
T3A (NIPS21) 69.40 70.26 41.89 63.33 70.74 61.26 59.27 72.20 79.33 77.59 78.36 71.07 65.51 49.59 32.01 64.12
TDA* (CVPR24) 62.20 61.63 75.16 65.52 67.18 57.46 57.94 70.95 76.94 74.43 73.26 67.46 63.17 50.69 30.39 63.63
Point-Cache* (CVPR25) 64.34 64.87 73.95 68.31 71.68 62.84 65.19 73.22 77.80 77.15 75.77 69.77 68.31 54.78 32.98 66.73

Uni-Adapter (Ours) 66.82 65.52 78.32 72.25 72.04 65.60 66.61 77.51 80.63 79.05 79.30 75.29 73.38 56.92 36.26 69.70

Table 1: Top-1 accuracy (%) on ModelNet40-C under distribution shifts using Uni3D-Large (batch size = 1). Source-Only
shows performance without adaptation. Best and second-best are in bold and underline. * denotes VLFM-based TTA methods.
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Avg.
Source-Only 60.33 55.75 65.95 65.02 59.04 59.41 60.23 79.06 71.07 75.62 73.87 76.82 63.22 2.37 1.06 57.92

Tr
ai

ni
ng

TENT (ICLR21) 59.88 54.30 58.31 61.14 57.78 58.69 60.17 79.30 72.69 75.83 74.54 77.08 63.23 2.97 2.54 57.23
SHOT (ICML20) 59.96 54.32 58.37 61.14 57.67 58.81 60.19 79.23 72.53 75.90 74.57 77.09 63.34 3.02 2.51 57.24
SAR (ICLR23) 59.86 54.09 58.59 60.84 57.48 58.65 60.09 79.04 73.23 74.78 71.39 77.04 61.88 2.69 1.40 56.74
DUA (CVPR22) 59.85 54.37 58.26 61.21 57.89 58.71 60.15 79.11 72.40 72.55 75.91 77.05 63.24 2.97 2.53 57.08
MEMO (NIPS22) 60.33 55.76 66.02 65.02 59.04 59.42 60.23 79.01 70.92 75.62 73.95 76.82 63.22 2.41 1.09 57.92
TPT* (NIPS22) 62.87 56.63 69.20 64.70 59.10 58.29 60.43 81.59 75.23 76.93 74.56 80.52 63.02 2.17 1.25 59.10

LAME (CVPR22) 60.43 55.89 66.04 65.12 59.09 59.42 60.33 79.13 71.16 75.74 74.08 76.99 63.35 2.31 1.02 58.01

Tr
ai

ni
ng

-F
re

e 3DD-TTA (WACV25) 65.78 64.16 55.00 61.75 68.05 55.06 56.20 74.20 67.35 68.06 61.19 73.01 56.29 2.50 0.97 55.30
CloudFixer † (ECCV24) 65.57 65.30 58.15 69.53 63.65 55.02 56.71 69.89 58.67 65.65 65.64 70.36 55.09 3.75 2.46 57.24
T3A (NIPS21) 60.60 53.12 20.70 44.19 49.31 46.35 44.37 70.31 63.01 64.86 63.83 68.24 52.60 1.00 0.87 46.89
TDA* (CVPR24) 62.75 58.95 68.33 67.14 62.09 61.28 62.56 79.00 71.44 75.93 74.79 77.17 64.44 3.82 1.81 59.43
Point-Cache* (CVPR25) 62.63 56.71 66.51 65.85 61.15 59.79 61.49 75.89 69.47 72.61 70.81 73.82 63.41 3.64 1.67 57.70

Uni-Adapter (Ours) 66.89 62.23 71.38 68.62 64.15 67.42 67.33 80.76 75.69 78.11 77.01 79.64 70.14 4.36 2.47 62.41

Table 2: Top-1 accuracy (%) on ShapeNet-C under distribution shifts using Uni3D-Large (batch size = 1). Source-Only shows
performance without adaptation. Best and second-best are in bold and underline. * denotes VLFM-based TTA methods.

experiments on the test splits of ModelNet40 (Wu et al.
2015), ShapeNetCore-v2 (Chang et al. 2015), and ScanOb-
jectNN (Uy et al. 2019), as well as large-scale 3D datasets
such as OmniObject3D (Wu et al. 2023) (216 classes) and
Objaverse-LVIS (Deitke et al. 2023) (1,156 classes), de-
signed to evaluate generalization across diverse categories.

Baselines. To evaluate our Uni-Adapter and ensure a fair
comparison, we implemented twelve diverse baselines span-
ning both training-free and training-based TTA approaches.
Specifically, we evaluate TENT (Wang et al. 2020), SHOT
(Liang, Hu, and Feng 2020), SAR (Niu et al. 2023), DUA
(Mirza et al. 2022), MEMO (Zhang, Levine, and Finn 2022),
LAME (Boudiaf et al. 2022), T3A (Iwasawa and Matsuo
2021), CloudFixer (Shim, Kim, and Yang 2024), 3DD-TTA
(Dastmalchi et al. 2025), TPT (Shu et al. 2022), TDA (Kar-
manov et al. 2024), and Point-Cache (Sun et al. 2025). While
CloudFixer, 3DD-TTA, and Point-Cache are designed for

3D point clouds, the remaining methods originate from the
2D domain and are adapted for 3D data. For CloudFixer, we
use only its generative model and guidance, without updat-
ing the source model, denoted as CloudFixer †. Note that
TPT and TDA are developed specifically for 2D VLFMs,
whereas Point-Cache is natively built for 3D VLFMs.

Implementation. We use ULIP-2 (Xue et al. 2024), Open-
Shape (Liu et al. 2023), and Uni3D-Large (Zhou et al. 2024)
as 3D VLFMs. Test-time adaptation is performed on a sin-
gle sample. For Graph-Based Label Smoothing, we set the
sparsity threshold γ = 0.5 to retain strong correlations in
the adjacency matrix and the confidence decay parameter
β = 10 to balance diversity and confidence when updating
cluster centers. Each target sample has 1024 points, except
Objaverse-LVIS with 10,000. All experiments use corrup-
tion severity level 5 on a single NVIDIA RTX 4090 GPU.
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Tr
ai

ni
ng

TENT (ICLR21) 29.78 26.16 49.91 51.46 30.65 33.22 36.32 55.08 45.27 52.50 53.18 55.77 44.92 7.06 3.79 38.34
SHOT (ICML20) 29.60 26.85 51.12 52.32 31.33 33.73 37.20 56.80 45.78 54.57 54.22 56.31 45.27 6.72 3.96 39.05
SAR (ICLR23) 29.08 27.54 42.17 44.58 31.33 32.36 34.77 56.28 44.41 52.84 54.22 55.59 44.06 9.64 9.64 37.90
DUA (CVPR22) 29.95 27.37 41.65 44.92 30.81 32.53 34.08 56.63 45.09 53.87 54.22 55.77 43.89 9.81 9.47 38.00
MEMO (NIPS22) 29.77 26.16 49.91 51.46 30.64 33.22 36.32 55.08 45.27 52.50 53.18 55.77 44.92 7.05 3.78 38.34
TPT* (NIPS22) 30.04 28.43 40.95 46.76 32.68 35.55 34.39 56.60 50.66 53.81 54.39 60.30 42.70 11.13 6.07 38.96

LAME (CVPR22) 29.60 26.85 51.12 52.32 31.33 33.73 37.18 56.80 45.78 54.56 54.22 56.29 45.27 6.71 3.96 39.05

Tr
ai

ni
ng

-F
re

e 3DD-TTA (WACV25) 32.19 30.81 27.71 39.59 34.60 25.82 26.51 45.61 38.04 36.14 33.39 45.09 33.05 8.61 4.47 30.78
CloudFixer † (ECCV24) 36.83 33.22 36.14 48.19 37.69 27.54 30.46 45.44 40.28 38.73 38.21 46.13 35.28 10.67 11.70 34.43
T3A (NIPS21) 34.94 32.70 34.08 43.37 33.22 36.49 36.32 62.65 55.42 61.46 62.31 64.03 56.97 9.47 8.61 42.14
TDA* (CVPR24) 31.33 28.40 52.67 53.36 32.36 36.32 40.45 56.80 46.82 55.25 55.76 57.66 49.40 8.09 4.65 40.62
Point-Cache* (CVPR25) 30.98 27.19 55.25 56.45 33.73 40.79 43.03 59.50 49.23 60.07 56.63 57.66 49.05 8.26 4.30 42.13

Uni-Adapter (Ours) 35.28 37.69 53.35 59.55 39.07 42.16 52.49 60.58 51.97 61.61 60.24 60.92 54.38 20.82 4.81 46.33

Table 3: Top-1 accuracy (%) on ScanObjectNN-C using Uni3D-Large (batch size = 1). * denotes VLFM-based TTA. Source-
Only shows performance without adaptation. Best and second-best are in bold and underline.

Method Small-Scale Data Large-Scale Data
ModelNet SONN ShapeNet O-LVIS Omni3D

ULIP-2 71.23 52.49 69.53 30.26 26.36
+Point-Cache 74.53 58.52 69.74 32.36 29.38
+Uni-Adapter 76.47 58.84 70.81 31.83 30.37

O-Shape 84.56 55.94 74.53 46.15 34.09
+Point-Cache 84.04 62.48 78.51 46.05 34.45
+Uni-Adapter 85.44 63.12 79.99 48.07 37.21

Uni3D 78.84 59.55 79.90 46.20 32.06
+Point-Cache 83.43 62.27 78.51 47.13 33.22
+Uni-Adapter 83.96 64.03 81.23 47.49 35.95

Table 4: Performance of Uni-Adapter on 3D VLFMs across
clean datasets (batch size = 1). Objaverse-LVIS uses 10,000
points; others use 1,024. SONN denotes ScanObjectNN.

Results

Robustness Against Distribution Shifts. We evaluate
Uni-Adapter on ModelNet-40C (Table 1) and ShapeNet-
C (Table 2) across diverse corruption types. While most
training-based baselines adapted from the 2D domain show
only marginal gains, methods such as T3A, TDA, and
Point-Cache yield relatively stronger improvements. We
also observe that, although 3D input adaptation methods
(Shim, Kim, and Yang 2024; Dastmalchi et al. 2025) ad-
dress specific types of corruption, their deployment on novel
test instances may introduce excessive generation errors
and greater deviations from the source domain, ultimately
amplifying distribution shift. Moreover, methods designed
for VLFMs demonstrate stronger capabilities in reducing
modality gaps. While test-time methods like T3A, TDA,
and Point-Cache outperform traditional 2D baselines on
ModelNet-40C, Uni-Adapter surpasses all alternatives, par-
ticularly under significant domain shifts, with improvements
reaching 10.55%. On the more diverse ShapeNet-C bench-
mark, characterized by higher intra-class variance, methods
relying solely on confident samples (e.g., T3A, Point-Cache)

lead to suboptimal generalization or performance degrada-
tion. In contrast, Uni-Adapter, by integrating both confi-
dence and diversity, effectively mitigates these challenges
and enhances the source model performance by 4.49%.

Effectiveness Under Severe Distribution Shifts. To fur-
ther evaluate the robustness of our Uni-Adapter, we conduct
experiments on ScanObjectNN-C, a challenging variant of
ScanObjectNN. ScanObjectNN consists of real-world 3D
scans that often contain background clutter and partial ob-
servations. ScanObjectNN-C introduces additional corrup-
tions to simulate more severe real-world disturbances. As
shown in Table 3, our method outperforms the source model
by 8.26%, showing strong generalization to significant dis-
tribution shifts and robustness to real-world 3D corruptions.

Generalization. Uni-Adapter demonstrates superior gen-
eralization on unseen, uncorrupted datasets of varying scales
(see Table 4). On three small-scale datasets—ModelNet,
ScanObjectNN, and ShapeNet—Uni-Adapter outperforms
Point-Cache, improving performance across all three source
3D VLFMs and establishing new state-of-the-art baselines.
On large-scale 3D benchmarks, including OmniObject3D
and Objaverse-LVIS, which feature a diverse and realis-
tic spectrum of object categories, Uni-Adapter consistently
yields absolute performance gains.

Inference Efficiency. We evaluate the inference through-
put of Uni-Adapter on the ModelNet40 dataset, where
throughput (t/s) refers to the number of test instances pro-
cessed per second. Table 5 shows that Uni-Adapter incurs
a smaller drop in throughput compared to zero-shot infer-
ence. This overhead is primarily due to the additional oper-
ations involved in online prototyping, prototype Reassign-
ment, and logit computation. These findings highlight that
Uni-Adapter is a more efficient approach, achieving sub-
stantial accuracy improvements with minimal computational
overhead relative to other cache-based baseline methods.
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Method Uni3D OpenShape ULIP-2

Zero-shot 39.19 15.90 23.94
TDA 36.02 14.43 21.78
Point-Cache 9.73 9.74 11.11
Uni-Adapter (Ours) 36.93 15.06 22.67

Table 5: Throughput (t/s) comparison of 3D VLFMs and
cache baselines on ModelNet40-C (batch size = 1). Results
are averaged over test samples on an RTX 4090 GPU.

Ablation Study
Effectiveness of Different Components of Uni-Adapter:
Table 6 evaluates the effectiveness of Uni-Adapter’s compo-
nents. Starting with Online Prototyping as the only compo-
nent (row #1), we observe a significant improvement over
the source model (row #0) across all benchmarks. In row #2,
adding Prototype Reassignment further reduces the perfor-
mance gap, improving ModelNet-40C by 1.22%, with sim-
ilar trends across other datasets. By leveraging correlated
features in the dynamic adjacency graph, this module re-
fines pseudo-labels, mitigates inconsistencies, and dynami-
cally corrects errors. The Prototype Reassignment module
introduces negligible overhead by employing a conjugate
gradient solver that converges quickly on sparse systems.

#
Online

Prototyping

Prototype

Reassignment
ModelNet-40C SONN-C ShapeNet-C

0 ✗ ✗ 59.15 38.07 57.92

1 ✓ ✗ 68.48 45.12 61.79

2 ✓ ✓ 69.70 46.33 62.41

Table 6: Ablation of Uni-Adapter components. Metric: top-1
accuracy; #0 is the source model without adaptation.

Cluster-Based Cache vs. Confidence-Based Cache: We
evaluated the effectiveness of our online clustering strategy
for learning 3D prototypes by comparing it to a confidence-
based cache that retains only the most confident prototypes.
Replacing the cluster-based cache in Uni-Adapter with the
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Figure 3: Cluster- vs. confidence-based caches in Uni-
Adapter on ShapeNet-C. Cluster-based caching gives higher
accuracy by capturing diverse modes, while confidence-
based caching misses much of the class distribution.
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Figure 4: Ablation on the number of cluster centers (N) and
label smoothing (λreg) for ModelNet-40C.

confidence-based method, we observed that the former con-
sistently outperforms the latter across corruption types in
the ShapeNet-C dataset (Fig. 3). This improvement demon-
strates that online clustering generates more diverse proto-
types and better captures the underlying data distribution
modes, resulting in a more robust decision boundary.
Number of Cluster Centers: Fig. 4 shows the effect of se-
lecting the right number of cluster centers. Too few clus-
ters fail to represent class distributions and limit the effec-
tiveness of Prototype Reassignment module, which requires
sufficient features. Too many clusters introduce noise, weak-
ening confidence-based clustering. Our findings suggest that
cache size of 30 balances diversity and confidence, with the
trade-off controlled by confidence decay hyperparameter β.
Graph-based Label Smoothing: We illustrate the impact
of the graph-based label smoothing λreg on the performance
of the Uni-Adapter (Fig. 4). Varying λreg from 0 to 1 con-
trols the refinement intensity. When λreg is close to 0, the
smoothing effect becomes negligible, resulting in minimal
pseudo-label refinement and degraded performance. This
emphasizes the importance of our Prototype Reassignment
component in enhancing adaptation. Conversely, increasing
λreg enhances refinement but can overly smooth labels, di-
minishing their original influence. We find that λreg = 0.3
balances effective smoothing with label integrity.

Conclusion
In this paper, we introduce Uni-Adapter, a novel training-
free test-time adaptation framework tailored for 3D
Vision-Language Foundation Models (VLFMs). Unlike
prior confidence-based approaches, Uni-Adapter leverages
cluster-based prototypes to capture the multiple mode dis-
tribution present in 3D data, enabling more accurate and ro-
bust adaptation to real-world variation. By incorporating on-
line prototyping, graph-based prototype reassignment, and
entropy-weighted fusion, our method effectively mitigates
the challenges of noisy pseudo-labels and preserves seman-
tic consistency across diverse target domains. Extensive ex-
periments demonstrate that Uni-Adapter sets a new state of
the art in test-time performance for 3D VLFMs, offering an
efficient solution for dynamic and resource-constrained en-
vironments. However, Uni-Adapter faces performance insta-
bility during the transient cache initialization phase. Future
work may incorporate lightweight self-supervised training
using contrastive losses or prototype consistency objectives
to improve prototype stability and early-stage adaptation.
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