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Abstract

3D understanding has drawn significant attention recently,
leveraging Vision-Language Models (VLMs) to enable multi-
modal reasoning between point cloud and text data. Current
3D-VLMs directly embed the 3D point clouds into 3D to-
kens, following large 2D-VLMs with powerful reasoning ca-
pabilities. However, this framework has a great computational
cost limiting its application, where we identify that the bottle-
neck lies in processing all 3D tokens in the Large Language
Model (LLM) part. This raises the question: how can we re-
duce the computational overhead introduced by 3D tokens
while preserving the integrity of their essential information?
To address this question, we introduce Hierarchical Compen-
satory Compression (HCC-3D) to efficiently compress 3D to-
kens while maintaining critical detail retention. Specifically,
we first propose a global structure compression (GSC), in
which we design global queries to compress all 3D tokens
into a few key tokens while keeping overall structural infor-
mation. Then, to compensate for the information loss in GSC,
we further propose an adaptive detail mining (ADM) mod-
ule that selectively recompresses salient but under-attended
features through complementary scoring. Extensive experi-
ments demonstrate that HCC-3D not only achieves extreme
compression ratios (approximately 98%) compared to previ-
ous 3D-VLMs, but also achieves new state-of-the-art perfor-
mance, showing the great improvements on both efficiency
and performance.

Code — https://github.com/lihengzhang02/HCC-3D

Introduction
Large Vision-Language Models (VLMs) have brought revo-
lutionary changes to artificial intelligence by integrating lan-
guage and visual information (OpenAI 2022; Huang et al.
2024; Cheng et al. 2024). Despite these advances, extending
multimodal capabilities to three-dimensional understanding
remains a core challenge. To fill this critical gap, recent stud-
ies have proposed 3D-VLMs capable of directly sensing and
reasoning about 3D point cloud data (Hong et al. 2023; Xu
et al. 2024; Qi et al. 2024a), thus bridging 3D perception and
language understanding.
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Figure 1: Performance comparison of 3D point cloud to-
kenization methods. (a) 3D Token Compression: HCC
achieves 12 tokens vs. 500+ in existing Methods. (b) Rela-
tionship chart between token count and classification accu-
racy. Our HCC-3D uses less 3D tokens yet maintains higher
performance. (c) Proportion of inference time. The LLM
part of the current 3D VLMs takes over 90% computing
costs. Best view in color.

The current mainstream approach to 3D-VLMs employs
a paradigm that integrates point cloud representations into
existing 2D-VLMs architectures. These methods typically
employ specialized 3D encoders to extract point cloud fea-
tures, which are then projected into the embedding space of
pre-trained 2D VLMs through learned alignment (Xu et al.
2024; Tang et al. 2024). For example, PointLLM (Xu et al.
2024) utilizes a point cloud encoder followed by a linear
projection layer to map 3D features into the input space of
LLaMA (Touvron et al. 2023), while 3D-LLM (Hong et al.
2023) employs a more complex alignment network to bridge
the representation gap. These methods demonstrate the fea-
sibility of enabling VLMs to comprehend 3D data by lever-
aging the powerful reasoning capabilities of existing 2D-
VLMs. However, while these methods have shown promis-
ing results in 3D understanding, the computational burden
imposed on VLMs by processing all high-dimensional 3D
visual tokens remains a key obstacle that limits their practi-
cal deployment.
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To effectively address the computational challenges posed
by massive 3D visual tokens, we first examine where the
computational bottlenecks lie. Previous research has demon-
strated that the computational overhead is predominantly
concentrated in the LLM component (Men et al. 2024). As
illustrated in Fig. 1(c), the LLM processing accounts for
over 90% of the total inference time, primarily due to pro-
cessing tokens through multiple Transformer layers. There-
fore, mitigating the computational burden of LLMs is cru-
cial for enhancing the utility and scalability of 3D-VLMs.
One intuitive strategy is to reduce the number of tokens in-
put to the language model. Although token reduction has
been extensively explored in 2D vision-language tasks, em-
pirical evidence indicates that naive token compression of-
ten results in substantial performance degradation (Li et al.
2024b). This trade-off between efficiency and accuracy is
particularly pronounced in 3D scenes due to the inherent
characteristics of point cloud data. This observation raises
a fundamental challenge: How can we reduce the computa-
tional overhead introduced by 3D tokens while preserving
the integrity of their essential information?

To satisfy the above requirement, when designing com-
pression strategies for 3D point clouds, their unique spa-
tial characteristics must be considered: Their irregular dis-
tribution leads to heterogeneous information density, with
some regions encoding rich geometric details while others
remain sparse and redundant. To maintain a holistic struc-
tural understanding and preserve task-relevant information,
compression strategies should be adaptive, and they must in-
corporate specialized designs to keep critical data intact for
downstream tasks.

Based on this insight, we propose a Hierarchical Com-
pensatory Compression (HCC-3D) method for 3D VLMs,
which employs a dual-path architecture, i.e., Global Struc-
ture Compression (GSC) and Adaptive Detail Mining
(ADM), to build global structure preservation with adaptive
detail mining. For the GSC, we design learnable 3D spa-
tial queries with multi-head attention mechanism to achieve
overall compression while preserving the basic geomet-
ric structure of 3D objects. For the ADM, we design an
attention-guided selection mechanism to dynamically iden-
tify regions that are under-attended but informationally rich,
followed by a recompression operation using dedicated de-
tail queries, to preserve critical yet overlooked informa-
tion. As shown in Fig. 1(a) and (b), this divide-and-conquer
design enables HCC-3D to achieve extreme compression
efficiency, reducing 3D features to a minimal number of
tokens—a breakthrough that significantly reduces training
time compared to existing methods. Moreover, our hierar-
chical complementarity mechanism effectively reduces in-
formation loss during compression. When global queries
miss important regions, the detail queries identifies and pre-
serves these areas, creating a representation that is both com-
prehensive and compact while maintaining high quality for
various downstream tasks.

In summary, our contributions are as follows:

• We discover that the computational bottleneck of 3D-
VLMs lies in LLM processing massive 3D visual tokens.

To address this, we propose Hierarchical Compensatory
Compression (HCC-3D), a novel method for efficient 3D
feature compression that achieves extreme reduction to
merely 12 tokens.

• We design two complementary modules: Global Struc-
ture Compression that uses spatial queries to maintain
geometric structures, while Adaptive Detail Mining iden-
tifies and preserves important local regions overlooked
by global compression.

• Experiments demonstrate our approach outperforms
other previous approaches with clear margin across mul-
tiple 3D tasks even at 98% compression rates.

Related Work
Multimodal Large Language Models
Recent advances in large language models enabled the de-
velopment of VLMs that integrate (Wang et al. 2024; Li
et al. 2023; Alayrac et al. 2022), audio (Chang, Peng, and
Chen 2023; Huang et al. 2024), and video (Zhang et al.
2025a; Chen et al. 2023) modalities for cross-modal rea-
soning. These models typically employed pre-trained en-
coders to extract features from different modalities, sub-
sequently projecting them into the language model’s em-
bedding space through learnable projection layers to enable
cross-modal understanding and generation. While these ap-
proaches achieved significant success in efficiently process-
ing visual (Mentzer et al. 2020; Chen et al. 2024a) and au-
dio (Zeghidour et al. 2021) data, most existing frameworks
still faced challenges in effectively extracting 3D visual fea-
tures with comparable efficiency and scalability.

3D Vision-Language Models
Recent work explored integrating 3D point clouds into
vision-language tasks (Hong et al. 2023; Xu et al. 2024;
Qi et al. 2024a), but existing methods faced several limi-
tations. Some approaches relied heavily on 2D representa-
tions (Hong et al. 2023; Zhu et al. 2023b), limiting their
semantic understanding of 3D structures. Although recent
work pursues direct encoding of 3D data (Chen et al. 2024b;
Zhu et al. 2023a; Xu et al. 2024; Qi et al. 2024a), the high-
dimensional and unstructured nature of point cloud features
introduced substantial computational and storage overhead,
limiting their application in large-scale multimodal frame-
works. Our approach addresses this challenge by eliminating
redundant information while preserving semantically criti-
cal regions in point cloud features, enabling effective inte-
gration with VLM architectures.

Visual Feature Compression
Contemporary visual feature compression research primar-
ily focused on 2D image representations, establishing ma-
ture techniques including spatial attention mechanisms (Li
et al. 2024a; Zhang et al. 2021), feature pyramids (Lin et al.
2017), and learnable token compression (Liu, Wu, and Guo
2022; Wang and Yang 2024; Zhang et al. 2025b). However,
point cloud compression methods remained notably insuf-
ficient, with existing approaches largely being direct adap-
tations of 2D methods that fail to fully consider the unique
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Figure 2: Overall architecture of HCC-3D. Left: HCC-3D compresses the 513 tokens output by the point cloud encoder into 12
tokens. Right: (a) Global structure (GSC) compression compress voxel features into global features and output global attention
weights through a multi-head attention mechanism. (b) Adaptive Detail Mining (ADM) selects complementary features by
leveraging attention weights and intrinsic feature importance.

characteristics of 3D spatial data (Beemelmanns et al. 2022).
The inherent sparsity and irregularity of point clouds intro-
duced unique challenges that traditional compression tech-
niques cannot effectively address. This work proposes a
targeted 3D compression strategy that explicitly separates
global geometric structure preservation from local detail
preservation, specifically addressing the computational bot-
tlenecks inherent in point cloud processing for multimodal
applications.

Method
Overview
To efficiently compress the point cloud features while pre-
serving the global structural information and key local de-
tails, we propose a hierarchical compensated compression
architecture. Our architecture consists of two complemen-
tary modules: a global structure compression module that
uses learnable 3D spatial queries to preserve overall geomet-
ric structures, and a adaptive detail mining module that em-
ploys an attentional mechanism to dynamically identify and
retain task-critical regions that be overlooked during global
compression. Fig. 2 illustrates the HCC-3D architecture with
the following steps:

(1) Given an input point cloud, it is sent to a pre-trained
3D encoder to generate dense feature representations, and
these representations are projected via an MLP.

(2) Then, the projected features are input to our GSC mod-
ule, serving as the key and value features, while a set of
learnable global queries with positional embeddings are de-

signed as queries in the multi-head cross-attention mecha-
nism (Vaswani et al. 2017) to build the first compression.

(3) After that, the ADM module uses the projected fea-
tures and weights from GSC to compute complementary at-
tention scores that identify regions with local global cover-
age but high feature importance, then it selects the top-K
features and compress them via detail queries to achieve hi-
erarchical token reduction.

(4) Finally, the global and detail features are concatenated
and fed into the language model component of the 3D-VLM
for efficient multimodal comprehension and response gener-
ation.

Global Structure Compression
To reduce the computational overhead of processing high-
dimensional 3D features, we propose a Global Structure
Compression (GSC) module to efficiently compress point
cloud features while preserving essential geometric struc-
tures. Suppose the initial point clouds are Xv , after passing
an point-cloud encoder, m corresponding point cloud fea-
tures Xinit ∈ Rm×dinit are obtained. Then, Xinit is pro-
jected to X ∈ Rm×d through a projection layer fMLP ,
where d is the input dimension of the compression mod-
ule. To capture global structural information, we design ng

learnable global queries Qg ∈ Rng×d (ng ≪ m), which are
enhanced with learnable positional encoding Pg ∈ Rng×d

to distinguish different global query positions.
The enriched global queries Q̂g = Qg + Pg are then

used to attend to the entire feature sequence. To capture
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diverse patterns, we employ multi-head attention with H
heads, where each attention head is computed as:

headi = AiVi =

[
softmax

(
QiK

T
i√

dk

)]
Vi (1)

where Ai ∈ Rng×m denotes the attention weights for
the i-th head, with Qi = Q̂gW

Q
i , Ki = XWK

i , and
Vi = XWV

i representing the query, key, and value respec-
tively; WQ

i ∈ Rd×dk , WK
i ∈ Rd×dk , and WV

i ∈ Rd×dv are
learned projection matrices, and dk = dv = d/H .

The final global features are obtained by concatenating all
heads, followed by an output projection:

Fg = Concat(head1, ..., headH), (2)

where Concat(·, ·) denotes concatenation along the to-
ken dimension and Fg ∈ Rng×d represents the compressed
global features. This operation yields ng features that en-
code the overall shape structure.

Adaptive Detail Mining
While global compression captures coarse structural infor-
mation, fine-grained details may be under-represented due to
limited query token numbers. To address this, we propose an
Adaptive Detail Mining (ADM) mechanism that identifies
and recompress informative local features missed in GSC.
This section contains an attention gate that identifies under-
attended regions through coverage and importance scores,
while the dynamic feature selection and compression selects
top-K informative features based on complementary scores
and compresses them using learnable detail queries.

Attention Gate We first analyze the overall attention cov-
erage of each input token across all attention heads and
global queries. For each head i, we have Ai ∈ Rng×m,
where ng is the number of compressed global features and
m is the number of original features. We compute the total
coverage of each input token by aggregating across all heads
and global queries:

Acov =
H∑
i=1

ng∑
j=1

Aj,:
i ∈ Rm (3)

where H is the number of attention heads and Aj,:
i denotes

the j-th row of the i-th attention head.
Next, we assess the intrinsic importance of each feature

using a learnable multi-layer perception MLP1 for scoring:

I = σ (MLP1(X)) ∈ Rm, (4)

where σ(·) denotes the sigmoid function.
To identify regions with low global attention but high in-

trinsic importance, we define the complementary score:

Sc = I ⊙ (1− σ(λ ·Acov)) ∈ Rm, (5)

where ⊙ represents element-wise multiplication and λ is a
scaling factor that controls the sharpness of the coverage
mapping. Sc emphasizes features that are semantically sig-
nificant yet insufficiently attended by global queries.

Dynamic Feature Selection and Compression We further
refine the complementary scores by incorporating additional
feature-specific importance:

Ssel = Sc ⊙ σ (MLP2(X)) ∈ Rm, (6)

where MLP2 is another learnable scoring network. Using
these refined scores, we select the top-K most informative
features:

I = {t1, t2, . . . , tK} = TopK(Ssel,K), (7)

Xsel = {Xt : t ∈ I} ∈ RK×d, (8)
where I denotes the selected indices and Xsel contains

the corresponding features.
These selected features Xsel ∈ RK×d are then com-

pressed using nd learnable detail queries Qd ∈ Rnd×d,
which are enhanced with learnable positional encoding Pd ∈
Rnd×d to distinguish different detail query positions. The
enriched detail queries Q̂d = Qd + Pd are used to attend to
the selected features. We employ multi-head attention with
H heads to capture fine-grained patterns, where each atten-
tion head is computed as:

headi = softmax

(
Q̂dW

Q
i · (XselW

K
i )T√

dk

)
·XselW

V
i . (9)

Similar to Eq. (2), the outputs of all heads are concate-
nated to obtain Fd ∈ Rnd×d. This two-stage compression
achieves a substantial reduction in token count (m ≫ K ≫
nd) while preserving critical details.

Finally, the final compressed representation is obtained by
concatenating global and detail features:

Z = δ
(
W fuse · Concat(Fg, Fd) + b

)
. (10)

where δ(·) is the GeLU smooth activation func-
tion (Hendrycks and Gimpel 2016), W fuse ∈ Rd×d is
the projection weight matrix, and b ∈ Rd is the bias term.

Experiment
Datasets and Evaluation Metrics
We evaluate our proposed HCC-3D method on two widely-
adopted 3D understanding benchmarks: ModelNet40 (Wu
et al. 2015) and Objaverse (Deitke et al. 2023). Model-
Net40 is a standard 3D shape classification dataset con-
taining 12,311 clean CAD models spanning 40 object cat-
egories including furniture, vehicles, and household items.
Objaverse represents a more challenging large-scale dataset
with diverse real-world 3D objects, enabling comprehen-
sive evaluation on both classification and captioning tasks.
We evaluate our model using task-specific protocols. For
3D object classification, we employ two prompt strate-
gies: Instruction-typed (I) prompt “What is this?” and the
Completion-type (C) prompt “This is an object of”. Accu-
racy is measured via semantic matching with ground-truth
labels using Qwen2 (Wang et al. 2024). For 3D object cap-
tioning, we use three metrics: Qwen2-72B semantic similar-
ity (Wang et al. 2024), Sentence-BERT embedding similar-
ity (Reimers and Gurevych 2019), and SimCSE contextual
alignment score (Gao, Yao, and Chen 2021).
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Model Pub. LLM
Size

3D token
count

ModelNet40 Objaverse Average
(I) (C) Average (I) (C) Average

InstructBLIP-7B NeurIPS23 7B 2D 17.67 22.81 20.24 21.50 26.00 23.75 22.00
InstructBLIP-13B NeurIPS23 13B 2D 21.56 21.92 21.74 21.50 21.50 21.50 21.62
LLaVA-1.5-7B NeurIPS23 7B 2D 27.11 21.68 24.40 37.50 30.00 33.75 29.07
LLaVA-1.5-13B NeurIPS23 13B 2D 27.11 27.76 27.44 39.50 35.50 37.50 32.62
GPT-4o mini OpenAI - 2D 22.00 23.10 22.55 39.00 35.00 37.00 29.78

Point-Bind LLM arXiv23 7B - 46.60 45.02 45.81 7.50 7.58 7.54 26.68
GPT4Point CVPR24 2.7B 513 21.39 21.07 21.23 49.00 46.50 47.75 34.49
PointLLM-7B ECCV24 7B 513 51.34 50.36 50.85 62.00 63.00 62.50 56.68
PointLLM-13B ECCV24 13B 513 51.70 52.67 51.84 61.50 63.00 62.25 57.22
ShapeLLM-7B ECCV24 7B 512 - - 52.15 - - 62.50 57.33
ShapeLLM-13B ECCV24 13B 512 - - 50.96 - - 62.25 56.61
MiniGPT-3D MM24 2.7B 513 61.99 60.49 61.24 65.00 68.50 66.75 64.00

HCC-3D (Ours) AAAI26 2.7B 12 62.72 61.83 62.28 67.00 68.50 67.75 65.02

Table 1. Generative 3D object classification results on the ModelNet40 test split and Objaverse. The accuracy (%) under the
Instruction-typed (I) prompt “What is this?” and the Completion-type (C) prompt “This is an object of” are reported. The bold
and underline indicate the best and second best results, respectively.

Model Pub. LLM Size 3D token count Qwen2 Sentence-BERT SimCSE Average

InstructBLIP-7B NeurIPS23 7B 2D 16.10 35.79 36.67 29.52
InstructBLIP-13B NeurIPS23 13B 2D 13.79 33.52 35.60 27.64
LLaVA-1.5-7B NeurIPS23 7B 2D 17.80 39.32 41.08 32.73
LLaVA-1.5-13B NeurIPS23 13B 2D 16.00 39.64 40.90 32.18
GPT-4o mini OpenAI - 2D 26.00 38.70 39.13 34.61

Point-Bind LLM arXiv23 7B 512 1.93 27.29 25.35 18.19
GPT-4o mini CVPR24 2.7B 513 21.75 41.10 41.24 34.70
PointLLM-7B ECCV24 7B 513 42.20 48.50 48.92 46.54
PointLLM-13B ECCV24 13B 513 40.40 49.07 48.41 45.96
ShapeLLM-7B ECCV24 7B 512 - 48.20 49.23 -
ShapeLLM-13B ECCV24 13B 512 - 48.52 49.98 -
Minigpt-3D MM24 2.7B 513 48.17 49.54 51.39 49.7

HCC-3D (Ours) AAAI26 2.7B 12 48.72 50.89 50.89 50.15

Table 2. 3D Object Captioning Results on Objaverse, the results are from Qwen2 evaluation, and traditional metrics.

Implementation details

We adopt Phi-2 (Abdin et al. 2023) (2.7B parameters) as
the LLM backbone. Point cloud features are extracted using
Point-BERT (Yu et al. 2022) pre-trained on ULIP-2 (Xue
et al. 2024), producing 513 tokens of 384 dimensions. These
features are projected to 2560 dimensions through a KV
projection layer. HCC-3D uses 8 learnable global queries
(ng = 8) with sinusoidal positional embeddings, and 8-
head cross-attention with LayerNorm applied to queries,
keys, and values. For adaptive detail mining, an attention
gate computes coverage scores using λ = 10 and tempera-
ture 0.1. Importance scorer MLP1 and detail selector MLP2

both use Linear (2560 → 640) → GeLU → Linear (640 →

1). The top 96 features (K = 96) are selected and com-
pressed into 4 detail queries (nd = 4) using 8-head cross-
attention. The final representation combines 8 global and 4
local queries. The output projection uses Linear (2560 →
2560) → GeLU → LayerNorm (2560). All weight matrices
are Xavier-initialized with zero-initialized biases. Notably,
our full training completes in just 11.9 hours on a single
RTX 4090 24GB GPU as shown in Tab. 4, demonstrating
high efficiency.

Comparison with State-of-the-art
We compare our method with several state-of-the-art ap-
proaches for 3D understanding. For 2D-based methods, we
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Model Pub. LLM
Size

ModelNet40 Objaverse Average
(I) (C) Average (I) (C) Average

PointLLM-7B ECCV24 7B 45.22 39.30 42.26 59.00 53.00 56.00 49.13
MiniGPT-3D MM24 2.7B 43.56 43.03 43.30 54.50 55.00 54.75 49.02
GreenPLM AAAI25 3.8B 58.95 62.36 60.66 60.50 58.50 59.50 60.08

HCC-3D (GreenPLM) AAAI26 3.8B 61.06 60.37 60.72 59.00 63.50 61.25 60.99

Table 3. Generative 3D object classification results on the ModelNet40 test split and Objaverse, note that all results are obtained
using the 90k data. following the setting in GreenPLM (Tang et al. 2025).

evaluate against InstructBLIP (Cui et al. 2024), LLaVA-
1.5 (Liu et al. 2023), and GPT-4o mini (Menick et al. 2024).
For 3D-based methods, our comparison includes Point-Bind
LLM (Guo et al. 2023), GPT4Point (Qi et al. 2024b),
PointLLM (Xu et al. 2024), ShapeLLM (Qi et al. 2024a),
and MiniGPT-3D (Tang et al. 2024). Additionally, we in-
tegrate our approach with GreenPLM (Tang et al. 2025) to
demonstrate its effectiveness in few-shot learning scenarios.

Quantitative Results. Tab. 1 presents comprehensive
comparisons on ModelNet40 and Objaverse classification
tasks, note that all results are obtained using the full dataset.
Our HCC-3D establishes new state-of-the-art performance
while utilizing 97.6% fewer visual tokens than other meth-
ods. On ModelNet40, HCC-3D achieves 62.28% average
accuracy across both prompt types, surpassing MiniGPT-

3D by 1.04% absolute improvement. The performance gap
widens on the more challenging Objaverse dataset, where
HCC-3D outperforms MiniGPT-3D by 1.00%, achieving an
accuracy of 67.75%. Remarkably, these gains are achieved
with 52% faster training time and significantly reduced num-
ber of tokens.

Tab. 2 summarizes the 3D captioning results on Obja-
verse. Under extreme token compression, HCC-3D achieves
competitive performance, with a Qwen2 score of 48.72,
which is 0.55 higher than MiniGPT-3D, and a Sentence-
BERT similarity of 50.89, reflecting a 1.35 improvement.
Despite a slight decrease of 0.55 in SimCSE relative to
MiniGPT-3D, the overall improvements in other metrics
and enhanced efficiency demonstrate the effectiveness of the
proposed compression strategy.

Ground Truth: Guitar

What is this?

This is a 3d model of a black electric guitar. The guitar 
is characterized by its sleek, modern design and is 
made of a single piece of wood. the body of the guitar is 
painted in a dark shade of black, giving it a sleek and 
stylish appearance. The neck of the guitar is also black, 
adding to its aesthetic appeal. 

This is a 3d model of a cartoon-style electric guitar. The 
guitar is predominantly black in color, with a unique design 
that gives it a cartoonish appearance. The model is likely 
used in animations, video games, or children's content.

What is this driven by?

This is a car model. A 
normal car is driven by an 
engine.

This is a bird flying in the sky.
Point-Bind LLM:

HCC-3D(Ours):

Point cloud inputOriginal mesh

What's the tire 
material?

The car model are usually 
made of rubber.

How many tires does 
this car have?

The car has four tires.

What color is the shoe?

The main color of the shoe 
is black.

Point cloud input

What material is the 
shoe made of?

It looks like it is made of 
canvas.

Does the shoe have 
laces?

Yes, the laces are on the 
upper part.

Original mesh

(a) 3D Object Recognition (b) 3D Question Answering 

MiniGPT-3D:

PointLLM-13B:
This 3D model represents a black electric guitar equipped 
with a distinctive headstock.

Figure 3: Qualitative results on 3D object understanding tasks. (a) 3D object recognition: comparison between different VLMs
on identifying objects (guitar and sofa) from point cloud inputs. (b) 3D question answering: examples showing model responses
to questions about 3D object properties including type, color, and material composition.
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For make fair comparison, we integrate our HCC mod-
ule into GreenPLM (Tang et al. 2025) framework using Phi-
3 (Abdin et al. 2024) (3.8B) as the LLM backbone following
GreenPLM (Tang et al. 2025), which is specifically designed
for efficient point cloud understanding with limited training
data, note that all results are obtained using the 90k train-
ing data. Tab. 3 shows that the integration achieves 60.72%
accuracy on ModelNet40 and 61.25% on Objaverse under
few-shot settings, demonstrating that our compression strat-
egy not only generalizes across different architectures but
also maintains strong performance even when trained with
minimal 3D data.

Method GPU Training
Time

Inference
Speed

PointLLM-13B 8*A100 (80G) 213h ∼ 3.45s
ShapeLLM-13B 8*A800 (80G) 160h ∼ 2.04s

MiniGPT-3D 1*4090 (24G) 16.8h 0.45s
HCC (Ours) 1*4090 (24G) 11.9h 0.36s

Table 4. Comparison of Training Time and Inference Speed
among Different 3D-VLM Methods. Inference speed is mea-
sured as the average time per task completion.

Qualitative Analysis. Fig. 3 demonstrates that HCC-3D
achieves superior 3D understanding capabilities compared
to existing methods, while InstructBLIP misidentifies the
guitar as a telescope and Point-Bind LLM hallucinates en-
tirely, HCC-3D accurately recognizes both the object cat-
egory and fine-grained attributes. Notably, HCC-3D cap-
tures comprehensive details including material, design char-
acteristics, and component-level features, this precision is
achieved through our hierarchical architecture, where global
compression captures overall geometry while adaptive detail
mining preserves critical local features overlooked by global
queries, all within just 12 tokens.

GSC ADM Total Avg. Acc.

× × 513 63.85
✓ × 8 60.99
× ✓ 4 58.36
✓ ✓ 12 65.02
✓ ✓ 24 61.92

Table 5. Ablation study on GSC and ADM modules.

ng nd K Total Avg. Acc.

4 2 48 6 62.68
8 4 96 12 65.02
8 8 144 16 62.38
16 8 144 24 61.92

Table 6. Number of Global Queries and Detail Queries

Ablation Study
In this section, we conduct ablation experiments on the gen-
erative 3D object classification task and report the average
accuracy.

Impact of GSC and ADM Tab. 5 shows that GSC re-
duces tokens from 513 to 8, while ADM contributes 4 to-
kens. Their combination achieves optimal performance with
12 tokens, demonstrating complementary roles in balancing
compression and detail preservation. Increasing to 24 tokens
degrades performance to 61.92%, indicating that excessive
tokens introduce redundancy and impair discriminative fea-
ture learning.

Query Configuration Tab. 6 reveals that 8 global queries
(ng = 8) and 4 detail queries (nd = 4) yield the best accu-
racy (65.02%). Insufficient queries (ng = 4, nd = 2) cause
2.34% performance drop, while excessive queries provide
no benefit. Equal distribution (ng = 8, nd = 8) with 16 total
tokens achieves only 62.38%, highlighting the importance
of balanced query allocation.

Selection
Method

Token
count Avg. Acc. Training Time

(hours)

Select all 96 62.85 24.2
Random 24 61.42 15.4

Attention-only 4 63.42 11.8
MLP-only 4 62.83 11.9

ADM (Full) 4 65.02 11.9

Table 7. Feature Selection Strategy in ADM

Feature Selection in ADM Tab. 7 compares selection
strategies. Our ADM combines attention and MLP signals,
achieving 65.02% accuracy with only 4 tokens, outper-
forming random or single-signal methods. This dual-signal
approach captures complementary features missed during
global compression while identifying semantically rich re-
gions, proving essential for maintaining performance under
extreme compression.

Conclusion
We present HCC-3D, a hierarchical compensation compres-
sion framework that addresses computational bottlenecks in
3D vision-language models through global structure preser-
vation and adaptive detail extraction. Our method achieves
98% compression of 3D visual tokens (from 513 to 12)
while attaining state-of-the-art performance across multi-
ple benchmarks. The complementary Global Structure Com-
pression (GSC) and Adaptive Detail Mining (ADM) mod-
ules preserve critical geometric information during aggres-
sive compression, reducing training time by 52% while im-
proving accuracy. This work demonstrates that careful ar-
chitectural design can overcome the efficiency-performance
trade-off in 3D vision-language models, enabling deploy-
ment in resource-constrained scenarios and advancing scal-
able multimodal AI systems.
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