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Abstract

The emergence of large-scale pre-trained point cloud models has significantly
advanced 3D scene understanding, but adapting these models to specific down-
stream tasks typically demands full fine-tuning, incurring high computational and
storage costs. Parameter-efficient fine-tuning (PEFT) techniques, successful in
natural language processing and 2D vision tasks, would underperform when naively
applied to 3D point cloud models due to significant geometric and spatial distri-
bution shifts. Existing PEFT methods commonly treat points as orderless tokens,
neglecting important local spatial structures and global geometric contexts in 3D
modeling. To bridge this gap, we introduce the Geometric Encoding Mixer (GEM),
a novel geometry-aware PEFT module specifically designed for 3D point cloud
transformers. GEM explicitly integrates fine-grained local positional encodings
with a lightweight latent attention mechanism to capture comprehensive global con-
text, thereby effectively addressing the spatial and geometric distribution mismatch.
Extensive experiments demonstrate that GEM achieves performance comparable
to or sometimes even exceeding full fine-tuning, while only updating 1.6% of the
model’s parameters, fewer than other PEFT methods. With significantly reduced
training time and memory requirements, our approach thus sets a new benchmark
for efficient, scalable, and geometry-aware fine-tuning of large-scale 3D point
cloud models. Code is available at https://github.com/LiyaoTang/GEM.

1 Introduction

Point cloud semantic segmentation is a fundamental task for scene understanding that underpins
many real-world applications, from autonomous driving and unmanned aerial vehicles to augmented
reality [20, 83, 46]. Recent breakthroughs in large-scale models for language and 2D vision [16,
50, 59, 14, 58, 49] have spurred an analogous trend toward training powerful point cloud backbones
capable of capturing rich semantics from 3D scenes [76, 77, 79].

Despite significant capabilities, adapting large pre-trained backbone models to specific downstream
target domains is non-trivial. The typical strategy heavily relies on full fine-tuning, a process that
is both computationally expensive and storage-intensive, since each downstream task demands an
independent copy of all model parameters. Furthermore, fine-tuning large models typically requires
extensive datasets to prevent overfitting and catastrophic forgetting [4, 51], while large datasets are
usually inaccessible when adapted to smaller, specialized tasks. To address these issues, parameter-
efficient fine-tuning (PEFT) methods offer a promising performance in reducing the cost of adaptation
while reaching the performance of full fine-tuning with significantly fewer parameters.
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Figure 1. (a) Existing PEFT methods, such as adapters, prompt tuning, and LoRA, focus on adaptations inside
attention and feed-forward layers. (b) In contrast, Geometry Encoding Mixer (GEM) explicitly encodes the
geometric cues and mixes them into the pre-trained model, by the Spatial Adapter refining the pre-trained
positional encoding and the Context Adapter complementing the local attention. (c) By capturing 3D spatial
details and scene-wide geometry context, GEM reaches full fine-tuning performance while tuning < 2%
parameters, outperforming existing PEFT methods.

While PEFT has been extensively validated in language processing and 2D vision tasks, its effec-
tiveness on large-scale 3D point clouds remains largely unexplored and inadequately addressed. As
demonstrated empirically in Fig. 1, existing PEFT methods only yield limited performance gains if
directly applied to a 3D point cloud backbone. We tend to attribute this limitation to a key challenge
that is often overlooked by current PEFT methods when using for 3D point cloud: unlike structured
data such as text or images, point clouds are inherently unordered sets of coordinates in R3. They
exhibit strong irregularity, sparsity, and structural variability, shaped by different sensing protocols
and scene geometries. These factors lead to significant geometric and spatial distribution shifts
between large-scale pre-training datasets and downstream domains, which existing PEFT methods
fail to account for. In particular, representative PEFT methods, such as LoRA [26], adapters [25] and
prompt tuning [37, 36], either adapt models at an isolated, per-point level or insert fixed external
tokens at the global level, thus failing to adequately capture important geometric and spatial contexts
inherent in 3D scenes. Moreover, to avoid the prohibitive computational cost of global attention over
a large number of points, current 3D transformers predominantly employ local attention mechanisms
without explicitly modeling global contexts, which further restricts the potential of current PEFT
approaches in performance.

To address the above challenges, we re-examine PEFT for 3D scene understanding and hypothesize
that effective PEFT on 3D scenes could take advantage of explicitly modeling both fine-grained
local spatial patterns and global geometric contexts. We propose that neglecting either aspect would
degrade fine-tuning performance: local-only adaptations may be prone to noise due to the lack
of broader context consideration, whereas global-only methods would miss local details and lose
precision. This motivates a novel PEFT adaptation framework tailored specifically for 3D scenes to
bridge these local and global scales.

We introduce Geometry Encoding Mixer (GEM), a geometry-aware module for parameter-efficient
fine-tuning of point cloud transformer on 3D scenes. It comprises two complementary components: a
spatial adapter at local neighborhood and a context adapter capturing the scene context. In the spatial
adapter, we employ a lightweight 3D convolutional bottleneck that operates on points neighborhood,
enriching the pre-trained positional encoding by learning fine-grained local spatial details at target
domains. In the context adapter, we introduce a set of learned latent tokens to serve as global
context vectors. These latent tokens interact with the full point cloud through efficient attention,
forming a bottleneck at the token dimension and bypassing the constraints of local attention, and
thus aggregating scene-specific context from across the entire point cloud. By fusing these two paths,
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the Geometry Encoding Mixer effectively bridges local and global representations, providing the
fine-tuned model with a richer understanding of the 3D scene than either component alone.

Empirically, we validate our approach on large-scale 3D scene datasets, including both indoor [12,
61, 2, 84] and outdoor [5] scenes. Our results indicate that models equipped with GEM consistently
achieve performance matching or sometimes surpassing full fine-tuning methods, updating merely
~1.6% of model parameters, while being fewer than existing PEFT alternatives. These findings
underscore the importance of explicitly modeling geometric and spatial contexts for efficient and
effective adaptation in 3D scene understanding. To the best of our knowledge, our work represents
the first exploration and validation of PEFT approaches tailored explicitly for large point cloud
transformer under large-scale 3D scenes, hoping to establish a foundation for future research and
practical deployments.

2 Related Work

Point cloud segmentation. Point clouds serve as an efficient representation for large-scale 3D
scenes. Consequently, point cloud segmentation becomes a fundamental task that drives the design
of 3D backbone architectures. Since the seminal work PointNet [53, 54], numerous 3D backbone
architectures have been proposed for this task. These backbones either project the points onto a
grid-like structure, e.g. 3D voxel grid, to exploit 3D convolutional networks [10, 70, 65, 21, 19, 13],
or directly process the raw unordered point sets [73, 38, 75, 27, 66, 45]. Recently, inspired by the
success of large transformer models in natural language and 2D vision [68, 16, 7, 9], researchers have
started training increasingly large and powerful point cloud backbones [56, 91, 69, 57, 34, 78, 77].
Although these models achieve strong performance, they typically need to be trained from scratch for
each new dataset and often require specialized training recipes to reach optimal results.

Following the paradigm of large-scale pre-training that has proven successful in vision and language
domains [59, 33, 50, 14, 49, 23], researchers have begun exploring similar strategies for 3D point
clouds. In particular, self-supervised learning (SSL) on large 3D scene datasets has demonstrated
promising results [82, 44, 24, 80]. However, most such efforts focus on modest convolutional
backbones like SparseUNet [10] rather than transformer-based architectures. Only recently has an
SSL approach been applied to a transformer-based 3D backbone: Sonata [76] introduced SSL for
a large point transformer encoder [77], but even this method still requires full fine-tuning on each
downstream dataset to achieve optimal performance.

In this work, we explore effective PEFT methods for large pre-trained point cloud backbones, with
the goal of reducing the computational and storage overhead when adapting them to downstream
datasets, while matching the performance of full fine-tuning.

Parameter-efficient fine-tuning (PEFT). The ever-growing size of transformer-based foundation
models[16, 33, 67] makes full fine-tuning for downstream task prohibitively expensive in both
memory and computation. PEFT methods address this challenge by adapting large models while
updating only a small fraction of their parameters. Existing approaches fall into four broad categories.

Selective fine-tuning methods update a carefully chosen subset of the original weights. One simple
variant is linear probing [50, 15] that trains only the classification head. Other strategies restrict
training to specific parts of the network, e.g., tuning only bias terms [6] and selecting a subset of
parameters based on gradient magnitude criteria [90].

Adapter-based tuning inserts lightweight bottleneck modules into an otherwise frozen backbone. First
explored for CNNs [60] and later extended to transformers, adapters may be placed sequentially [25,
62] or in parallel [22, 93, 17, 8] to the original modules. Beyond single task, adapters can be
composed or fused, promoting knowledge sharing without catastrophic forgetting [72, 51].

Prompt-based tuning techniques, including prompt tuning [36] and prefix tuning [37], extend to the
prompting paradigm in large language models [41]. Instead of hand-crafted prompts, these methods
learn task-specific vectors that are prepended to the input sequence [3, 36] or injected as extra tokens
in transformer layers [37, 43, 31], thereby steering the model without modifying its original weights
[36, 41].

Low-rank adaptation (LoRA) constrains the weight updates to a low-dimensional subspace by
learning a pair of low-rank matrices that are added to each pre-trained weight, typically in the
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attention layers [26]. This design approximates the effect of full fine-tuning while introducing only
a small number of additional parameters. Successors further enhance the approximation ability,
robustness, or rank allocation [32, 42, 88, 81, 40].

Recent works also propose hybrid schemes that highlight common design principles [28], for instance,
integrating their respective strengths under a unified adapter framework [22].

Although PEFT has proved effective in language and 2D vision, a direct transfer to 3D scene
understanding is often sub-optimal, largely due to the unordered nature of point clouds and the
prominence of geometric cues. Our work thus investigates PEFT strategies tailored to large-scale 3D
scenes.

PEFT for 3D point cloud. In the context of 3D point clouds, PEFT remains relatively underexplored.
Existing methods thus far have focused mostly on object-level inputs with limited spatial scale. Some
approaches introduce prompt tokens that adapt to 3D data, where the prefix tokens are dynamically
generated from intermediate features [87, 92, 1] or from the spatial centers of local patches [89].
Several works also introduce auxiliary side networks, operating either in the spectral domain [39] or
the spatial domain [18, 71], to provide geometric context. Other methods construct banks of prompt
vectors using domain-specific dataset to inject 3D prior knowledge [64], or combine language-side
prompt tuning with point-cloud adapters to handle open-vocabulary recognition [63].

Compared to object-level datasets [85, 48], 3D scene understanding involves much larger inputs
containing on the order of millions of points [12, 2]. This scale amplifies computational challenges
and underscores the need for PEFT techniques expressly designed for large 3D scene models, which
is however a research direction that remains largely unexplored.

3 Methodology

We propose the Geometry Encoding Mixer (GEM) as a lightweight parameter-efficient module for
fine-tuning point-cloud transformer. Fig. 2 summarises the overall architecture.

In particular, GEM consists of two complementary adaptations: a Spatial Adapter that refines the
positional encoding of each point, injecting local geometry information overlooked by generic
adapters; and a Context Adapter that distills a compact set of latent tokens that broadcast global
scene-level cues. Both components follow the residual, bottleneck design of classic adapters, yet
emphasize and operate on spatial rather than channel space.

3.1 Preliminaries

We first consider the direct application of existing PEFT methods on current point-cloud transformers.

Challenges under 3D. Following transformer [68, 16], point-cloud transformers also build upon
self-attention layer (Attn) followed by feed-forward network (FFN). However, due to the large scale
input points at million scale, global self-attention over all points would demand prohibitively large
GPU memory and compute resource, if ever possible, due to the quadratic complexity of the attention
operations: O(Attn) = n2, where n denotes the number of input points. In this regard, state-of-the-art
point-cloud transformers propose various designs of local attentions [91, 78, 77, 34, 69] to cap the
complexity, where each point can only attend to points within the same patch. With a patch size of p,
the complexity of local attention is then O(Attnloc) = np. For example, it is set to p = 16 in PT [91]
and p = 1024 in the larger PTv3 [77].

The irregular and sparse nature of 3D point cloud, together with these architecture designs, greatly
impede the application of standard PEFT methods such as adapter, LoRA, and prompt tuning. As
shown in Fig. 1, directly applying existing methods yields only marginal gains. We attribute this
to their lack of spatial structure awareness of 3D geometry and the inability to capture scene-wide
context under the local attention regimes of modern point cloud backbones.

Adapters. The adapter-based methods [25, 62] insert small modules after the attention or FFN layers:

fadapter(x) = x+ σ(xWdown)Wup, (1)

where Wdown ∈ Rd×r and Wup ∈ Rr×d are down and up projections that form a bottleneck structure
with r ≪ d and activation σ in the mid, and are also surrounded by residual connection. As generic
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Figure 2. Geometry Encoding Mixed. We propose the spatial adapter to enhance the pre-trained positional
encoding, and the context adapter to overcome the local attention mechanism, thus enhancing the efficient
adaptation on large-scale 3D scenes with explicit geometry encoding.

MLP bottlenecks, adapters adapt the model on a per-point basis, overlooking the important spatial
cues in 3D point cloud.

LoRA. LoRA methods [26] typically adapt the attention projection layers and approximate the full
fine-tuning with a bottleneck in weight space, transforming the attention into:

AttnLoRA = Attn(Q+∆Q,K +∆K,V ), (2)

where ∆Q = xWdownWup, with Wdown ∈ Rd×r and Wup ∈ Rr×d, and similarly for ∆K with a
different pair of weights. While LoRA can leverage the strong ability of the attention layers, we note
that all attentions in point cloud transformer are constrained within local patches. LoRA methods are
thus inherently limited by the prevalent design of local attention. With only limited rank r << d, it
could fail to provide global context of the target dataset.

Pompt tuning. Prompt tuning methods [37, 36] explicitly introduce global tokens into the attention:

Attnprompt = Attn(Q, [PK ;K], [PV ;V ]), (3)

where PK ,PV ∈ Rm×d are two sets of tokens prepending to the original key-value pair. In spite
of the constraint of local patches, prompt tokens can be duplicated into each patch. However, with
m << n, it can be hard for a few static external tokens to capture scene-specific context that can
vary across point clouds within the same dataset. In addition, it also overlooks the spatial pattern of
the point cloud, lacking the adaptation to local point features.

Others. There are more methods that explore other aspects. Selective tunings propose to tune a small
subset of the frozen model parameters, such as BitFit [6] that tunes only bias terms. Hybrid methods
are also explored, such as MAM [22] that couples FFN adapter with prompt tuning for attention
layer. These methods still inherit the constraints from those representative PEFT methods, which are
hindered by the local attention and fail to recognize the spatial structure.

In summary, existing methods overlook 3D geometry and remain confined to local patches, motivating
a PEFT design that incorporates spatial awareness with scene-wide context, introduced next.

3.2 Our Methodology: Geometry Encoding Mixer (GEM)

To address these limitations, we present the Geometry Encoding Mixer (GEM). It refines positional
encodings and injects scene context for efficient adaptation on large-scale 3D scenes:

x← x+ pos(x) + fspatial(x), (4)
x← x+ Attnloc(x) + fcontext(x), (5)

where x denotes input points and pos(·) is the pre-trained positional embedding. Fig. 2 illustrats the
overall structure.
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Spatial Adapter (SA). Point clouds are sparse, irregular samples in 3D. Adapting to their fine-
grained geometry requires explicitly modeling local neighborhoods, which prior PEFT methods fail
to address.

To this end, the spatial adapter refines per-point positional encoding through a lightweight 3D
convolutional bottleneck. Concretely, for each point x, we consider a 3D grid and gather points in
the vicinity voxels as neighbors, denoted by N :

fspatial(x) = x+ σ(
∑
i∈N

W i
loc(xWdown))Wup, (6)

where Wdown ∈ Rd×r and Wup ∈ Rr×d are down and up projectsion with r ≪ d. W i
loc ∈ Rr×r

composes the spatial kernel weights for i-th neighboring voxel and σ(·) is the nonlinearity, such as
ReLU.

With a common kernel dimension k = 3, the spatial adapter touches at most k3 neighbours per
point and adds 2rd+ k3r2 parameters, rendering a complexity of O(2ndr+ nk3r2) = O(nd) given
k, r ≪ n, d. It thus functions as an efficient convolution-based positional encoding [11, 29] in
parallel to the pre-trained positional encoding, thereby capturing fine spatial layout to match the
target distribution.

Context Adapter (CA). Due to the local attention, any local and channel-wise adaptation would be
constrained from acquiring scene-wide context, hindering the adaptation performance on downstream
tasks like semantic segmentation.

To inject global context without breaking theO(n2) barrier, we introduce m latent tokens L ∈ Rm×r,
where m≪ n, that attend to all points once:

Lc = Attn
(
LWQ, K, V

)
, (7)

fcontext(x) = x + Attn
(
Q, LcW

K , LcW
V
)
Wup, (8)

where L ∈ Rm×r and Q,K,V = xWQ
down,xW

K
down,xW

V
down are down-projected point features.

As both attention costs O(nm) with m≪ n, global aggregation is affordable and at the same level
of complexity as the conventional prompt tuning [37, 36]. Furthermore, we update L← L+Lc at
each adapter insertion to share across layers, yielding dynamic prompts that capture the context of
current scene, unlike static prefixes in prompt tuning.

Discussion. In comparison to existing PEFT methods, GEM explicitly biases the adaptation to 3D
geometry and context. The spatial adapter captures localized variations that generic adapters, such
as LoRA and basic adapters, would miss, since those ignore spatial structure and use the positional
encodings from pre-training. The context adapter circumvents the local attention design to provide
scene-wide context for efficient adaptation with few parameters. By combining these two components,
our approach enables scene-aware adaptation of 3D transformers, where each point is tuned with
respect to both its neighbors and the entire point cloud. It thus results in significantly improved
performance on 3D scene datasets with only a lightweight adaptation overhead1.

4 Experiments

We present the results of our proposed GEM on semantic segmentation of large-scale 3D scene
datasets and experiment with both self-supervised pre-trained backbone, Sonata [76], and supervised
pretrained one, PTv3-PPT [79], for investigation2. We also provide ablation studies to reveal the
detailed effects of different components better.

4.1 Experimental Setup

We primarily follow the comprehensive protocols proposed in Sonata [76], covering ScanNet [12],
ScanNet200 [61], ScanNet++ [84] and S3DIS [2].

1We study the empirical overheads in the supplementary Sec. A.
2For more generalization and comparisons in other settings, such as convolutional model and 3D shape analysis,
please refer to the supplementary Sec. B.
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Semantic Seg. Params ScanNet Val [12] ScanNet200 Val [61] ScanNet++ Val [84] S3DIS Area 5 [2] S3DIS 6-fold [2]

Methods Learn. Pct. mIoU mAcc allAcc mIoU mAcc allAcc mIoU mAcc allAcc mIoU mAcc allAcc mIoU mAcc allAcc

Training from scratch
SparseUNet [10] 39.2M 100% 72.3 80.2 90.0 25.0 32.9 80.4 28.8 38.4 80.1 66.3 72.5 89.8 72.4 80.9 89.9
PTv3 [77] 124.8M 100% 77.6 85.0 92.0 35.3 46.0 83.4 42.1 53.4 85.6 73.4 78.9 91.7 77.7 85.3 91.5

Full fine-tuning
Sonata (full.) [76] 124.8M 100% 79.4 86.1 92.5 36.8 46.5 84.4 43.7 55.8 86.6 76.0 81.6 93.0 82.3 89.9 93.3
Sonata (ft.) 108.5M 100% 78.3 85.9 92.3 37.3 47.8 83.7 49.8 61.2 87.6 72.4 79.0 92.2 79.5 87.3 92.3

PEFT methods
Sonata (lin.) 0.02M 0.02% 72.5 83.1 89.7 29.3 41.6 81.2 37.3 50.9 84.3 72.3 81.2 90.9 76.5 87.4 90.8

+ BitFit [6] 0.2M 0.2% 74.7 84.7 90.8 32.5 45.5 82.0 42.4 56.5 85.7 73.9 82.0 91.5 76.1 87.1 91.0
+ Adapter [25] 2.8M 2.5% 77.0 85.4 91.8 33.6 45.7 82.5 42.6 57.5 85.6 73.8 82.9 91.5 76.4 87.5 91.4
+ LoRA [26] 1.9M 1.7% 76.7 85.7 91.7 33.6 45.5 82.7 44.2 58.0 86.5 74.5 83.2 91.5 77.4 87.8 91.2
+ Prompt Tunning [37] 5.5M 4.8% 74.3 84.1 90.5 31.4 44.4 81.6 41.2 56.2 84.8 73.4 82.5 91.0 73.7 86.5 90.5
+ GEM (ours) 1.8M 1.6% 78.3 86.6 92.3 35.6 46.9 83.3 46.6 60.3 86.3 75.1 83.0 92.1 77.9 88.2 92.1

Table 1. Semantic segmentation.

We adopt two representative pre-trained backbones, the Sonata model [76] with large-scale self-
supervised training and the PTv3-PPT [79] with supervised pre-training on multiple large-scale
curated datasets. We compare GEM with the existing popular PEFT methods, including bias-tuning
from BitFit [6], Adapter [25], LoRA [26], and Prompt Tuning [37]. We consider linear probing as a
baseline and the full fine-tuned model as our target strong reference. In addition, we note that the
Sonata (full.) specifically introduces a task-specific decoder for semantic segmentation during the
fine-tuning, which may not reflect the fair comparison. Therefore, we revive to the standard full
fine-tuning without additional decoder network, which is denoted by Sonata (ft.).

For training, we follow the widely accepted fine-tuning setups to update only the inserted or selected
weights with the pre-trained backbone weights remaining frozen. All PEFT baselines follow the
implementations from released code, adopt the suggested common practice [47, 52], and are tuned to
their best validation setting in Fig. 1(c). Specifically, we set the default rank to be r = 32 and the
number of learnable tokens to be m = 4. More details are given in the supplementary.

4.2 Performance Comparison

Main results. Tab. 1 shows that GEM consistently surpasses all representative PEFT methods across
datasets. It matches the performance of full fine-tuning on most datasets and even exceeds it on
ScanNet++[84]. ScanNet++ comprises large and diverse scenes captured at sub-millimeter resolution,
diverging greatly from the spatial distribution of common pre-training datasets such as ScanNet [12].
Under this domain gap, the joint modeling of local spatial cues and global scene context introduced
by GEM proves especially beneficial.

Interestingly, LoRA [26] and adapter [25] deliver similar scores, despite acting on different trans-
former components. This observation implies that, when updates remain local and geometric is not
modeled explicitly, the precise choice of adaptation target can be secondary. In addition, prompt
tuning [37] underperforms even the linear probing baseline in the S3DIS 6-fold evaluation, revealing
the penalty of ignoring spatial structure during fine-tuning.

Data efficiency. We assess PEFT methods under the scenarios of limited data and annotations in
Tab. 2. The results demonstrate the exceptional data efficiency of GEM, which outperforms both
other PEFT methods and the full fine-tuning counterparts. Notably, under extreme data scarcity,
such as 1% of the labeled scenes and limited annotations (20 points per scene), GEM surpasses both
Sonata (full.) and Sonata (ft.), highlighting its superiority in low-data regimes.

Supervised pre-training. While self-supervised methods dominate the language domain, supervised
pre-training remains competitive for vision [33]. To probe the limits of PEFT under large-scale 3D
supervision, we adopt recent advances in 3D supervised pre-training [79], which achieve leading
performance by training on a large collection of curated, labeled scene datasets. As shown in Tab. 3,
existing PEFT methods can even degrade performance, likely suffering from negative transfer [86, 74].
In contrast, GEM improves upon supervised backbone, further outperforming the larger PTv3 [77]
with only 1.6% additional parameters.

PEFT with decoder. A dedicated segmentation decoder (13% of the total parameters) is known to
lift fully fine-tuned baselines. We therefore ask whether PEFT can still add value in the presence of
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Data Efficiency Limited Scenes (Pct.) Limited Annotation (Pts.)

Methods 1% 5% 10% 20% Full 20 50 100 200 Full

Training from scratch
SparseUNet [10] 26.0 47.8 56.7 62.9 72.2 41.9 53.9 62.2 65.5 72.2
PTv3 [77] 25.8 48.9 61.0 67.0 77.2 60.1 67.9 71.4 72.7 77.2

Full fine-tuning
Sonata (full) [76] 45.3 65.7 72.4 72.8 79.4 70.5 73.6 76.0 77.0 79.4
Sonata (ft.) 44.4 63.2 71.3 72.3 78.3 69.6 72.6 75.3 76.2 78.3

PEFT methods
Sonata (lin.) 43.6 62.5 68.6 69.8 72.5 69.0 70.5 71.1 71.5 72.5

+ BitFit [6] 46.5 64.9 69.9 71.7 74.7 71.0 72.3 72.9 73.6 74.7
+ Adapter [25] 46.4 64.2 70.1 72.2 77.0 71.8 73.4 74.7 75.0 77.0
+ LoRA [26] 46.6 63.0 70.1 72.6 76.7 72.1 73.6 75.2 75.5 76.7
+ Prompt Tunning [37] 45.5 62.6 68.9 71.1 74.3 70.2 71.5 72.5 72.8 74.3
+ GEM (ours) 47.5 65.6 71.0 73.3 78.3 72.3 74.7 76.2 76.6 78.3

Table 2. Data efficiency.

Supervised Pre-train. Params ScanNet Val [12]

Methods Learn. Pct. mIoU mAcc allAcc

Training from scratch
SparseUNet [10] 39.2M 100% 72.3 80.2 90.0
PTv3 [77] 124.8M 100% 77.6 85.0 92.0

Full fine-tuning
PTv3-PPT (ft.) [79] 97.4M 100% 78.6 86.0 92.5

PEFT methods
PTv3-PPT (lin.) 0.1M 0.1% 78.6 85.9 92.5

+ BitFit [6] 0.2M 0.2% 78.2 85.6 92.3
+ Adapter [25] 1.8M 1.8% 78.5 85.9 92.4
+ LoRA [26] 1.4M 1.7% 78.4 86.0 92.4
+ Prompt Tunning [37] 4.8M 4.8% 78.3 85.9 92.4
+ GEM (ours) 1.8M 1.6% 79.1 86.6 92.6

Table 3. Supervised pre-training.

with Decoder Params ScanNet Val [12]

Methods Learn. Pct. mIoU mAcc allAcc

Training from scratch
PTv3 [77] 124.8M 100% 77.6 85.0 92.0

Full fine-tuning
Sonata (full.) [76] 124.8M 100% 79.4 86.1 92.5
Sonata (full.)∗ 124.8M 100% 78.5 86.3 92.4

PEFT methods with decoder
Sonata (dec.) 16.3M 13.1% 79.1 86.6 92.7
Sonata (dec.)∗ 16.3M 13.1% 77.2 85.9 91.9

+ BitFit [6] 16.4M 13.2% 78.1 86.1 92.3
+ Adapter [25] 19.1M 15.0% 78.2 86.5 92.3
+ LoRA [26] 18.2M 14.3% 78.9 87.0 92.5
+ Prompt Tunning [37] 22.6M 17.2% 77.4 86.1 92.1
+ GEM (ours) 18.1M 14.3% 79.5 87.3 92.7

Table 4. PEFT with segmentation decoder. Methods
with ∗ reports our re-produced results.

Outdoor Seg. Params Sem.KITTI Val [5]

Methods Learn. Pct. mIoU mAcc allAcc

Training from scratch
PTv3 [77] 124.8M 100% 69.1 76.1 92.6

Full fine-tuning
Sonata (full.) [76]† 124.8M 100% 72.6 77.9 93.4
Sonata (ft.) 108.5M 100% 68.8 75.2 92.6

PEFT methods
Sonata (lin.)† 0.02M 0.02% 62.0 72.5 91.0
Sonata (lin.) 0.02M 0.02% 52.0 63.3 87.1

+ BitFit [6] 0.2M 0.2% 59.9 70.6 91.0
+ Adapter [25] 2.8M 2.5% 62.5 72.2 92.0
+ LoRA [26] 1.9M 1.7% 63.8 74.0 92.0
+ Prompt Tunning [37] 5.5M 4.8% 59.1 71.0 90.8
+ GEM (ours) 1.8M 1.6% 67.7 75.5 93.1

Table 5. Outdoor semantic segmentation. Methods
with † use outdoor datasets for pre-training.

such a task-specific head. Tab. 4 answers in the affirmative: GEM outperforms all competing PEFT
variants and even surpasses its own fully fine-tuned counterpart, setting a new state-of-the-art on
ScanNet. The result underscores the merit of jointly modeling local geometry and scene-level context,
even when the decoder already provides task-specific capacity.

Outdoor segmentations. During the original evaluation of Sonata [76], it employs separate pre-
trained models for indoor and outdoor scenarios, due to the significant domain gaps between indoor
and outdoor scenes. Here, we test a stronger setting: transferring an indoor pre-trained backbone to
an outdoor autonomous-driving benchmark. We replace the input layer with a randomly initialized
counterpart to match dimensionality and freeze all remaining weights.

Tab. 5 shows that GEM narrows the gap to a model trained from scratch on outdoor data, yet a
noticeable performance gap persists. Closing this gap remains an interesting direction for future
work.

4.3 Ablations and Analsys

We mainly consider the linear probing, Sonata (lin.), as baseline and ablate on ScanNet [12] to better
investigate the key factors for effective PEFT in 3D scenes, shown in Tab. 6. For more studies on the
effect of available parameters, please refer to the supplement.

Individual effectiveness of SA and CA. To validate our initial hypothesis, we study the individual
effectiveness of the SA and CA in Tab. 6a. We find that both adapters can already be superior to the
baseline and competitive to the existing PEFT methods. We notice that the SA takes the majority
part of the introduced parameters, which is partially due to the inherently expensive 3D convolution
with k3 kernels. Such challenge is also 3D specific and urges us to develop the CA, rather than solely
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SA CA Params mIoU

Sonata (lin.) 0.02% 72.5

+ GEM
✓ 1.0% 77.2

✓ 0.6% 77.3
✓ ✓ 1.6% 78.3

(a) SA and CA compose of effective PEFT
for 3D scenes, individually and jointly.

m mIoU mAcc allAcc

1 78.1 86.4 92.1
4 78.3 86.6 92.3
8 78.2 86.8 92.3

(b) GEM is robust to available la-
tent tokens.

strategy mIoU mAcc allAcc

N/A. 77.8 86.1 92.1
per-stage. 78.0 86.1 92.0
global 78.3 86.6 92.3

(c) GEM can provide better capabili-
ties when sharing latent tokens.

Table 6. Ablations on GEM. If not specified, the backbone is the self-supervised pre-trained Sonata [76] with no
additional task-specific decoder, evaluated on ScanNet [12]. Default settings are marked in gray .

relying on the positional encoding to capture 3D geometry. By combining the two form of spatial
adapters, we obtain GEM that reaches the best performance by comprehensively exploring the 3D
scene while remaining parameter-efficient.

Understanding the latent tokens. In Tab. 6b, we are motivated to further investigate how efficient
and effective the proposed CA could be. We thus study how few tokens it could afford before failing
to capture the global context. Surprisingly, we find that CA can use as few as one single token to
effectively express the global scene context, obtaining clear improvement over SA-only approach. We
consider this to be the effectiveness of weight decomposition, where we are akin to approximating the
n2 global self-attention weights with two n× 1 matrices. In comparison to LoRA that decomposes in
the weight space, we decompose the spatial attention weight matrices and form a spatial bottleneck at
token dimension. In addition, while we are aware that related topics have been similarly explored for
efficient attentions [30, 35], we are, to the best of our knowledge, the first to motivate their effective
application as PEFT methods for 3D scenes understanding.

Sharing the latent tokens. The last experiment, Tab. 6c probes whether the latent tokens learned
by CA should remain layer-local or be shared across the hierarchy, assessing its ability to capture
dynamic and scene-specific context. When each layer keeps its own bank of tokens (N/A), GEM
already surpasses SA-only, confirming that CA supplies complementary global cues. Re-using the
same tokens within each encoder stage (per-stage) yields a further yet modest gain, suggesting that
a coherent context inside each resolution level helps the network reconcile local geometry with
mid-range structure.

The strongest result emerges when a single set of latent tokens is shared by all transformer blocks.
We attribute this improvement to its consistency with the fact that 3D point clouds represent the
same underlying 3D geometry in spite of their irregularity and sparsity. From this perspective, such
globally shared latent tokens confine the model to adapt to the actual underlying scene, rather than
overfitting on irrelevant patterns due to the noisy sampled point cloud.

Revealing the geometry cues in latent tokens. Under the above assumption that latent tokens
regularize the model to capture the underlying 3D scene, we visualize the attention weights and
compare them to those produced by other PEFT methods that also inject global context, such as
prompt tuning.

As shown in Fig. 3, starting from the first stage, our latent tokens learn to produce crisper attention
weights that follow geometric cues, such as the simple geometric primitives of floor surface. In
deeper stages, the tokens progressively attend to more salient geometric objects, including clutter on
the table and sofa. In contrast, the static tokens introduced by prompt tuning produce yield blurrier
attention patterns that often span across object and region boundaries.

These observations suggest that the proposed latent tokens effectively capture and broadcast scene-
wide geometric context. Combined with the local spatial structure extracted by 3D convolutions, this
leads to superior performance, establishing our method as an effective PEFT approach for 3D scene
understanding.

5 Conclusion

This study presents GEM, a geometry-aware fine-tuning module tailored for large-scale 3D scene
segmentation. By combining local spatial refinement and global context modeling, GEM addresses
key challenges inherent in adapting pre-trained 3D models to new domains. Experimental results
across multiple benchmarks confirm its ability to achieve competitive performance with minimal
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Figure 3. We visualize the attention weights of our latent tokens, comparing to the attentional weights with the
prompt tuning, showing the enhanced geometry cues produced by GEM.

parameter updates. These findings highlight the value of incorporating geometric priors into efficient
model adaptation and offer a promising direction for scalable deployment in 3D scene understanding
tasks.

Limitation and future work. While GEM achieves promising performance with little overhead
in complexity, we notice it relies on the assumption that the model can be fully parallelized. For
example, it would incur noticeable overhead if using large batch sizes, as the device is forced to
process the input sequentially, in spite of the parallel design in GEM. In addition, we are able to
successfully train our PEFT methods with a fraction of epochs than the full fine-tuning, e.g. 100
rather than 800 epochs, we realize that the gradients need to be back-propagated into early layers
and could hinder the training efficiency, especially with dense point clouds like S3DIS [2]. We thus
suggest that it is required a systematic examination on the additional overhead that PEFT methods
would experience in 3D scene understanding.
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NeurIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

• You should answer [Yes] , [No] , or [NA] .

• [NA] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

• Please provide a short (1–2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While “[Yes] ” is generally preferable to “[No] ”, it is perfectly acceptable to answer “[No] ”
provided a proper justification is given (e.g., “error bars are not reported because it would be too
computationally expensive” or “we were unable to find the license for the dataset we used”). In
general, answering “[No] ” or “[NA] ” is not grounds for rejection. While the questions are phrased
in a binary way, we acknowledge that the true answer is often more nuanced, so please just use your
best judgment and write a justification to elaborate. All supporting evidence can appear either in the
main paper or the supplemental material, provided in appendix. If you answer [Yes] to a question, in
the justification please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

• Delete this instruction block, but keep the section heading “NeurIPS Paper Checklist”,

• Do not modify the questions and only use the provided macros for your answers.

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The claims made should match theoretical and experimental results, and reflect
how much the results can be expected to generalize to other settings.

Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]
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Justification: The paper should point out any strong assumptions and how robust the
results are to violations of these assumptions (e.g., independence assumptions, noiseless
settings, model well-specification, asymptotic approximations only holding locally). The
authors should reflect on how these assumptions might be violated in practice and what the
implications would be.

Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate “Limitations” section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]

Justification: no theoretical proof needed

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
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Justification: all publicly available
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [Yes]
Justification: will open-source for reproduction
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.
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• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: publicly available

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [No]

Justification: following the established protocols

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer “Yes” if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: as indicated by the public codebase

Guidelines:

• The answer NA means that the paper does not include experiments.
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• The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

• The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

• The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: follow
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [NA]
Justification: not related
Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: not related
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Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: All are open-source and are properly cited

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]

Justification: will be integrated into open-sourced codebase

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
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Answer: [NA]
Justification: not related
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification:not related
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: not related
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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Supplementary

In this supplementary, we provide more materials as follows,
Sec. A details the implementation, training, and inference;
Sec. B presents additional experiments and analyses with tight parameter budgets
Sec. C offers more qualitative visualizations.

A Details of Implementation, Training, and Inference

Our implementation is based on the open-source codebase Pointcept (here) and follows the official
implementations for Sonata [76], PPT [79], as well as PTv3 [77].

Leveraging the parameter efficiency of our method, we train on a single 4090 GPU for much
fewer epochs to obtain the reported performance. For example, we train on ScanNet for 100
epochs, in contrast to the 800 epochs in the released Sonata configuration. Our code is available at
https://github.com/LiyaoTang/GEM.

Tab. 7 summarizes empirical latency and memory usage. We intentionally refrain from deployment-
specific optimizations such as LoRA weight merging. Although the global attention and local
convolution modules introduce extra cost, the runtime and memory footprint stay within the same
order of magnitude as other PEFT baselines.

B More Experiments and Analysis

In spite of the promising results shown in Sec. 3, we suggest that it can better demonstrate the full
potential of PEFT methods under broader and more challenging settings.

PEFT for shape analysis. While GEM is motivated by PEFT for large-scale 3D scenes, most existing
3D PEFT methods target object-level understanding, as discussed in Sec. 2. To assess cross-domain
generalization and compare against these existing 3D-specific PEFT methods, we further evaluate
GEM on 3D shape datasets, ShapeNetPart [85]. As shown in Tab. 8, GEM remains competitive and
achieves the best performance. We also observe that common backbones for shape analysis, such as
ReCon [55], attach large MLP heads that account for approximately 20% of all parameters, rendering
fine-tuning inefficient. To broaden the applicability of backbone models for 3D shapes, an interesting
direction for future work is to develop architectures with more parameter-efficient heads that are
better suited to fine-tuning.

PEFT for 3D convolutional networks. While our primary experiments apply GEM to state-of-the-art
backbones, mainly transformer models, we also verify its generality on convolutional architectures.
In particular, we integrate GEM into SparseUNet [10], a 3D convolutional model, following the
MSC [80] protocol to pre-train on ScanNet [12] and fine-tune on ScanNet200 [61]. As reported in
Tab. 9, GEM improves performance by +4.6 mIoU over linear probing and outperforms other PEFT
baselines, demonstrating robustness beyond transformer models. We notice the gains are narrower
than those on transformer backbones, largely due to the limited capacity of convolutions, as also
indicated by a near-collapse linear probing performance in this setting.

PEFT under tight budgets. To stress parameter efficiency, we constrain all methods to the same
limited learnable-parameter budgets, including enforcing rank r = 1, allowing 0.1% parameters, and
1% parameters. As reported in Tab. 10, GEM delivers consistently higher accuracy, whereas several
baselines fail when the budget becomes extremely stringent.

C More Visualizations

We provide more qualitative results regarding the attention map generated by our latent tokens in
Fig. 4. Despite shared across the stages, the latent tokens appear to focus on different parts of the
scenes, providing different scene context to the backbone models at different stages.
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Methods Params. Memory Latency

Base model
Sonata (full.) [76] 124.8M 8.2G 61.8ms
Sonata (ft.) 108.5M 6.4G 50.2ms

PEFT methods
Sonata (lin.) 0.02M 6.4G 50.2ms

+ Adapter [25] 2.8M 6.7G 50.6ms
+ LoRA [26] 1.9M 7.9G 52.8ms
+ Prompt Tunning [37] 5.5M 7.3G 51.5ms
+ GEM (ours) 1.8M 7.1G 57.8ms

Table 7. Inference efficiency of PEFT methods.
We benchmark with the batch size fixed to 1.

Shape-Part Seg. Params ShapeNetPart [85]

Methods Learn. Cls. mIoU Inst. mIoU

Full fine-tuning
ReCon (ft.) [55] 27.06 84.52 86.1

PEFT methods
ReCon (lin.) [55] 5.23M 83.06 85.2

+ PointLoRA [71] 5.63M 83.98 85.4
+ PointGST [39] 5.59M 83.98 85.8
+ GEM (ours) 5.58M 84.02 85.8

Table 8. Generalizing to 3D shapes.

Tight Budgets Params ScanNet200 Val [61]

Methods Learn. Pct. mIoU mAcc allAcc

Training from scratch
SparseUnet [10] 39.2M 100% 25.0 32.9 80.4

Full fine-tuning
SparseUnet (ft.) [80] 0.02M 0.05% 32.0 41.6 82.3

PEFT methods with rank=1
SparseUnet (lin.) 0.02M 0.05% 1.5 2.5 53.6

+ BitFit [6] 0.03M 0.07% 4.8 6.9 62.7
+ Adapter [25] 0.6M 1.5% 9.5 13.4 69.5
+ LoRA [26] 0.8M 2.0% 13.2 17.6 74.7
+ GEM (ours) 0.6M 1.5% 15.2 22.9 75.6

Table 9. Generalizing to convolutional networks.

Tight Budgets Params ScanNet Val [12]

Methods Learn. Pct. mIoU mAcc allAcc

Training from scratch
PTv3 [77] 124.8M 100% 77.6 85.0 92.0

Full fine-tuning
Sonata (full.) [76] 124.8M 100% 79.4 86.1 92.5
Sonata (ft.) 108.5M 100% 78.3 85.9 92.3

PEFT methods with rank=1
Sonata (lin.) 0.02M 0.02% 72.5 83.1 89.7

+ Adapter [25] 0.05M 0.04% 74.0 84.1 90.5
+ LoRA [26] 0.05M 0.05% 42.5 55.4 75.1
+ Prompt Tunning [37] 0.05M 0.05% 72.9 83.5 90.0
+ GEM (ours) 0.07M 0.06% 75.2 84.8 91.1

PEFT methods with 0.1% params.
Sonata (lin.)

+ Adapter [25] 0.1M 0.1% 75.1 84.7 91.1
+ LoRA [26] 0.1M 0.1% 75.0 84.4 91.1
+ Prompt Tunning [37] 0.1M 0.1% 73.5 83.9 90.3
+ GEM (ours) 0.1M 0.1% 76.5 85.5 91.6

PEFT methods with 1% params.
Sonata (lin.)

+ Adapter [25] 1.1M 1.0% 76.6 85.3 91.7
+ LoRA [26] 1.1M 1.0% 76.7 85.6 91.7
+ Prompt Tunning [37] 1.1M 1.0% 73.8 84.2 90.4
+ GEM (ours) 1.1M 1.0% 78.2 86.3 92.2

Table 10. Performance with tight budgets.

.
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Input Stage 1 Stage 2 Stage3 Stage4 GT

Figure 4. Attention maps of our latent tokens in context adapter.
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