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Abstract

Enabling Large Language Models (LLMs) to comprehend the
3D physical world remains a significant challenge. Due to the
lack of large-scale 3D-text pair datasets, the success of LLMs
has yet to be replicated in 3D understanding. In this paper, we
rethink this issue and propose a new task: 3D Data-Efficient
Point-Language Understanding. The goal is to enable LLMs to
achieve robust 3D object understanding with minimal 3D point
cloud and text data pairs. To address this task, we introduce
GreenPLM, which leverages more text data to compensate
for the lack of 3D data. First, inspired by using CLIP to align
images and text, we utilize a pre-trained point cloud-text en-
coder to map the 3D point cloud space to the text space. This
mapping leaves us to seamlessly connect the text space with
LLMs. Once the point-text-LLM connection is established,
we further enhance text-LLM alignment by expanding the
intermediate text space, thereby reducing the reliance on 3D
point cloud data. Specifically, we generate 6M free-text de-
scriptions of 3D objects, and design a three-stage training
strategy to help LLMs better explore the intrinsic connections
between different modalities. To achieve efficient modality
alignment, we design a zero-parameter cross-attention module
for token pooling. Extensive experimental results show that
GreenPLM requires only 12% of the 3D training data used by
existing state-of-the-art models to achieve superior 3D under-
standing. Remarkably, GreenPLM also achieves competitive
performance using text-only data.

Code — https://github.com/TangYuan96/GreenPLM

Introduction
Recent advancements in large language models (LLMs) have
revolutionized natural language processing, demonstrating
emergent intelligence and exceptional capabilities in lan-
guage understanding and generation (OpenAI 2023; Yang
et al. 2024; Dubey et al. 2024). However, LLMs are blind
to the 3D physical world because they lack the ability to
capture and understand 3D objects. Solving this challenging
multimodal 3D-language understanding task could benefit
many applications, such as autonomous driving, robotics and
embodied AI (Driess et al. 2023; Fu et al. 2024).

*Equal contribution.
†Corresponding author.
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What is the function of its spoiler ?

The spoiler is designed to improve 
aerodynamics and stability at high 
speeds, enhancing the car's 
performance. 

It doesn't have numeric buttons, 
how can I control it ?

Who was the first to propose not to 
use physical buttons?

Besides the touch phone, what else 
does  he propose ?

Control is managed through a touch-
sensitive surface, allowing for 
intuitive navigation and interaction.

The concept of not using physical 
buttons was proposed by Steve Jobs, 
the co-founder of Apple Inc.

Steve Jobs also proposed the creation 
of a tablet, which would offer a 
larger screen and more versatile 
functionality compared to traditional 
phones.

Why does it have 4 propellers ?

Based on its flight stability, which 
industries can it be applied to ?

How to use drones to real estate?
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Does it require electricity ?

No, it does not require 
electricity as it is a manual 
bicycle.

The four propellers allow the drone 
to have better stability and control 
during flight.

Its flight stability makes it suitable 
for various industries such as real 
estate, agriculture, and media .

In real estate, drones can be used to 
capture aerial views of properties, 
providing potential buyers with a 
comprehensive understanding of the 
property's layout and surroundings.
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Figure 1: We propose GreenPLM, which expands the text
space to reduce the need for 3D data. GreenPLM achieves
strong 3D understanding using just 12% of the 3D data or
even with text-only data.

Inspired by CLIP (Radford et al. 2021), multimodal large
language models (MLLMs) can map different modality in-
puts to a text space closer to LLMs using pre-trained multi-
modal encoders, enabling LLMs to understand data beyond
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Figure 2: Existing methods like PointLLM use massive 3D-
text data (∼730K) to enhance the point-text mapping, there-
fore realize point-language understanding, while we can also
achieve this with only a small number of 3D data (∼90K)
and free-text descriptions for better point-LLM alignment.

just language. Existing 3D point-language models follow a
similar approach, applying LLMs to 3D understanding by
learning from 3D point-text data pairs (Luo et al. 2024; Qi
et al. 2024b). For example, PointLLM (Xu et al. 2023) and
ShapeLLM (Qi et al. 2024a) employ pre-trained multimodal
point cloud encoders (Xue et al. 2024; Qi et al. 2024a), map-
ping the point cloud space to the text space. This leaves the
alignment of point cloud with LLMs to only align the text
space with LLMs, which is relatively easier for LLMs. Fi-
nally, they propose to train the 3D-LLMs with large amount
of 3D-text data pairs, thus enhancing the LLMs’ 3D un-
derstanding capabilities. However, this field remains under-
explored. The primary reason is that training LLMs requires
billions of datas, while 3D-text pair data is scarce because
3D data itself is hard to acquire and requires expensive an-
notations. Consequently, the scaling law that drives LLMs
success are difficult to achieve in the 3D domain, directly
limiting the development of 3D foundation models.

In this paper, we revisit the 3D data bottleneck and pose
a question: Can we achieve robust 3D understanding with
minimal 3D data? To answer this question, we propose a
new task: 3D Data-Efficient Point-Language Understanding
(3DEPL). The goal is to enable LLMs to achieve robust 3D
understanding using as little 3D point cloud-text data pairs
as possible. This requires the model to explore the intrinsic
connections between different modalities, and effectively
leverage the powerful language comprehension capabilities
of LLMs to achieve data-efficient 3D understanding.

To address this data-limited multimodal alignment prob-
lem, we propose GreenPLM. Intuitively, as shown in Fig. 2,
we observe that after establishing the point-text-LLM connec-
tion, instead of increasing point-text data pairs to optimize the
point-text mapping like in existing methods (Xu et al. 2023;
Qi et al. 2024a), we can also enhance the text-LLM alignment
by simply adding more text data. This approach can also
improve the point-LLM alignment and, more importantly,
reduce the reliance on point-text data pairs, shifting the data
bottleneck from expensive and scarce 3D-text data to abun-
dant and cheap text data. That is, the text-LLM alignment
method fits perfectly with the goal of 3D data-efficient point-
language understanding, also offers an alternative solution

for aligning point clouds with LLMs, enabling GreenPLM to
achieve robust 3D understanding even with limited 3D data.

In detail, GreenPLM solves the 3DEPL task with key tech-
niques across three perspectives: data, training strategy, and
model architecture. (1) We bring T3D dataset, a 6M text
dataset of 3D object descriptions and conversations for free,
the largest to our knowledge, to expand the text space for
better text-LLM alignment and compensate for the scarcity of
expensive 3D data. (2) We propose a 3-stage training strategy
designed to help LLMs better uncover the intrinsic connec-
tions between different modalities. Specifically, we propose
a coarse-to-fine training approach, progressing from data to
model. The first two stages fine-tune the LLMs with text-only
data, while the final stage uses minimal 3D data for further
point-LLMs alignment. (3) From the architecture’s perspec-
tive, we design a parameter-free cross-attention module for
token pooling, namely 0M-Pooling, which better utilizes the
encoder’s output tokens, thereby aligning point clouds with
LLMs more effectively. This, we can achieve excellent per-
formance with only an efficient LLM (Abdin et al. 2024).
Together, we can complete training in just 26.6 hours using a
single 3090 GPU (24GB), leaving opportunities for efficient
end-side deployment.

To fairly and reasonably evaluate the models, we introduce
a new metric to measure the efficiency of 3D data usage, and
establish a new evaluation benchmark based on open-source
LLMs. Experimental results show that our GreenPLM out-
performs previous models using only 12% of the 3D data.
It even surpasses GPT4Point (660K) (Qi et al. 2024b) with-
out any 3D data, maintaining extremely 3D data-efficient
point-language understanding, which demonstrates the effec-
tiveness of our approach. The contributions of this paper are
as follows:

• We introduce a new task of 3D data-efficient point-
language understanding, aiming to enable LLMs to
achieve robust 3D understanding with minimal 3D data.

• We propose GreenPLM to tackle this 3D data-limited task
from a novel perspective, enhancing point-LLM align-
ment with more free-text data. Specifically, we introduce
a 6M T3D dataset, design a 3-stage training strategy, and
present a 0M-Pooling module for token pooling.

• We introduce the Accuracy-to-3D-Data Ratio (A3DR) to
measure the efficiency of 3D data usage and establish an
evaluation benchmark based on open-source LLMs.

• GreenPLM outperforms previous models using only 12%
of 3D data and even surpasses GPT4Point (660K 3D data)
using only text, demonstrating superior 3D data efficiency.

Related Work
3D Point-Language Understanding
To enable LLMs to understand the 3D physical world, early
attempt (Hong et al. 2023) projects 3D point clouds into 2D
images, relying on 2D-LLMs for comprehension. However,
2D-based method lose crucial 3D information, leading to
issues like occlusion, ambiguity, and hallucination. Point-
Bind LLM (Guo et al. 2023) attempts to establish a 3D-2D-
LLM connection, but this non-robust link leads to unstable
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Figure 3: T3D dataset distribution.

Data Type Size Sample

Caption 1M A 3D model of a friendly white dog...

Brief
Desc. 1M Q: Summarize the 3D point cloud object briefly.

A: The 3D object is a white dog model...

Detail
Desc. 1M Q: Offer a detailed description of this point cloud.

A: This 3D object depicts a white dog sitting...

Single
Conv. 3M Q: What is the posture of the dog?

A: The dog is sitting upright. ...

Multi
Conv. 1M

Q1: What type of animal does the 3D model represent?
A1: The 3D model represents a dog.
Q2: Can you describe the dog’s posture?
A2: The dog is sitting upright. ...
...

Table 1: 3D object description and conversations of T3D.

performance. Recently, with the availability of large-scale
3D-text data (Luo et al. 2024; Qi et al. 2024b) and multi-
modal encoders, methods like PointLLM (Xu et al. 2023)
and ShapeLLM (Qi et al. 2024a) connect point encoders with
LLMs and fine-tune the 3D Point Cloud-LLMs (3D-LLMs)
using vast amounts of 3D-text data. Unfortunately, compared
to images, 3D-text data remains extremely scarce (LAION-
5B vs. Objaverse-1M) (Schuhmann et al. 2022; Deitke et al.
2023) and expensive, let alone the near infinite and free text
data, making it challenging to build powerful 3D foundation
models according to the scaling law. Also, training 3D-LLMs
is resource-intensive, often requiring 8xA100 GPUs for hun-
dreds of hours. Although MiniGPT-3D (Tang et al. 2024)
reduces training time to 26.8h on a single GPU, the 3D data
bottleneck persists. Our GreenPLM proposes to solve this
3D data bottleneck by leveraging extensive text data to com-
pensate for the lack of 3D data, and introducing a 3-stage
training strategy for effective and efficient alignment.

Multimodal Encoders in 3D-LLM
The encoder maps raw data into a more compact embedding
space, which can then be aligned with LLMs. To reduce the
training cost, one can intuitively employ a multimodal pre-
trained encoder, such as CLIP (Radford et al. 2021), which
has been trained on text-image pairs, for aligning 2D images
with LLMs. This makes it easier to align data from different
modalities with LLMs. Similarly, some existing 3D-LLMs
use multimodal pre-trained encoders (Huang et al. 2023;
Xue et al. 2023; Qi et al. 2023; Gao et al. 2024; Chen et al.
2024a) to map point clouds into embedding space, followed
by fine-tuning the 3D-LLM. However, even without training
the encoder, constructing the 3D-LLM still requires a vast

amount of point-text data (Xu et al. 2023; Zhou et al. 2023;
Qi et al. 2024a; Tang et al. 2024). We observe that existing
methods underutilize the potential of the text encoder, only
focusing on aligning point encoder with LLM. In contrast,
we propose leveraging the cost-efficient text space and the
text encoder to reduce the dependency on 3D data.

Method
To enable LLMs to achieve robust 3D understanding with
minimal 3D data, we propose using more text data to reduce
reliance on 3D data. First, we generate a 6M text dataset
of 3D object descriptions and conversations. Then, to better
uncover connections between different modalities, we design
a 3-stage training strategy. Finally, we introduce a parameter-
free token pooling module to efficiently utilize information
from the encoder’s output token sequence. The details of
these three parts are as follows.

3D Object Description and Conversation Dataset
Leveraging multimodal pre-trained encoders, we propose
using large amounts of text data to compensate for the lack of
3D data pairs. Specifically, we first align the text encoder with
the LLM using extensive text data. Since the text encoder is
already aligned with the point encoder, we then only need a
small amount of 3D data for point encoder-LLM alignment.

To achieve this, we bring T3D, a 6M text dataset of
3D object descriptions and conversations. Fig. 3 shows
the verb-noun distribution and a visualized word cloud. In-
stead of using the closed-source GPT-4 (OpenAI 2023), we
use the equally powerful open-source model Qwen2-72B-
Instruct (Yang et al. 2024) to construct this dataset. We se-
lect object categories from Cap3D (Luo et al. 2024) and
DiffuRank (Luo, Johnson, and Lee 2024), and we design
prompts to generate 5 types of data: 1M captions, 1M brief
descriptions, 1M detailed descriptions, 3M single-round con-
versations, and 1M multi-round conversations. The object
descriptions help the LLMs learn rich semantic knowledge,
while the conversations enable the LLMs to extract useful
information from the context to improve 3D understanding.
Notably, this dataset is constructed without any manual an-
notation or post-processing, requiring only minimal model
inference cost. Five types of data, totaling 6M samples in
the Caption-Question-Answer format, are shown in Table 1.
During training, we input the Caption into the text encoder,
pass the encoded tokens through a projector, and then input
them along with the Question into the LLM, which outputs
a response to calculate the loss against the Answer. More
detailed prompts and distributions are in Appendix.

3-Stage Training Strategy
For better multimodal encoder-LLM alignment and minimiz-
ing the use of 3D point-text data pairs, we propose a 3-stage
training strategy, as shown in Fig. 4. Our design principle is
to first use a large amount of text data to align the text encoder
with the LLM via a MLP projector (Stage I and II). Then,
using only a small amount of 3D point-text datas, we align
the point cloud encoder with the LLM via the same projector
(Stage III). Specifically, for each stage, we will introduce the
pipeline, trainable layers, and data aspects as follows.
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Figure 4: Illustration of 3-Stage Training Strategy. We expand the text space by feeding more text data in Stage I & II, thus reduce
the demand of 3D data in Stage III. We input the text/point cloud to the encoders, then align with LLM via a MLP projector.
Additionally, we design a 0M-Pooling module to efficiently compress the token sequence output by point encoder.

Stage I is shown in Fig. 4(a). First, we input a text caption
D of a 3D object into the pre-trained text encoder ftext,
obtaining the global text embedding Ct as the encoder output.
Ct is then passed through a learnable MLP projector fproj
to connect with the LLM fLLM . The LLM input consists
of the projector output fproj(Ct), and the text tokens of an
instruction prompt I , such as “What is this?”. Finally, the
LLM outputs a brief description Rbrief of the 3D object,
which can be used to calculate the loss with the ground-truth
description. The formulas are as follows:

Ct = ftext(D), (1)
Rbrief = fLLM (fproj(Ct), h(I)), (2)

where h is the LLM’s tokenizer.
Trainable Layers & Data: Note that, only the projector

fproj is a trainable MLP, while the rest, including the text
encoder ftext and LLM fLLM , have frozen weights. We train
the model using a large dataset of brief descriptions (1M)
from our T3D dataset, as shown in Tab. 1.

Stage II is shown in Fig. 4(b), Stage II is similar to Stage
I. We also first input a caption of a 3D object into the text
encoder ftext, then extract the global text embedding and
pass it to the projector fproj . The projector output, along
with a complex instruction, is then fed to the LLM fLLM . Fi-
nally, the LLM outputs detailed description and conversation
results, which are then used to calculate the loss.

Trainable Layers & Data: The differences from Stage I
are as follows: (1) The weights of the projector fproj are
copied from Stage I for initialization and remain trainable.
(2) We use LoRA (Hu et al. 2021) to train the LLM fLLM in
this stage to achieve better multimodal alignment. The text
encoder ftext remains frozen. We use only 210K detailed
descriptions and conversation data for 3D objects from our

T3D dataset, such as describing an object in ∼50 words and
engaging in multi-turn conversations, as shown in Tab. 1.

Notably, to enhance the perception robustness of the LLM,
we add Gaussian noise to the encoder’s output features to sim-
ulate the semantic discrepancies between different modalities,
inspired by Chen et al. (2024b). After two stages of pure text
training, our GreenPLM acquires the ability to comprehend
raw 3D point clouds by directly replacing the text encoder
ftext with a point encoder fpc without weight tuning.

Stage III is shown in Fig. 4(c), we use 3D point cloud as
input. The 3D point cloud P is fed into the point cloud en-
coder fpc to output a token sequence. Unlike previous stages
that use only the global text embedding (corresponding to
the class token in the point encoder) for the projector, in
this stage, we extract representations from all tokens Tpc

to more effectively leverage information from the point en-
coder. To reduce the token sequence length for efficiency, we
introduce a parameter-free token pooling module based on
cross-attention, namely 0M-Pooling, which compresses the
token length from 512 to 32. The pooled point tokens T p

pc,
along with three tokens from Mix-pooling and the class to-
ken Cpc , are input to the projector. Thus, the projector fproj
receives 32+3+1=36 tokens. We then feed the projector’s
output, along with the instruction I , into fLLM to generate
the predict responses Rpred of descriptions or conversations.
The responses will be used to compute loss with the ground
truth. This stage can be formulated as:
[Cpc,Tpc] = fpc(P ), T p

pc = 0M-Pooling(Tpc), (3)

Rpred = fLLM

(
fproj

(
Cpc,Mix (Tpc) ,T

p
pc

)
, h(I)

)
,

(4)
where Mix represents Mix-pooling of max, mean, and sum.

Trainable Layers & Data: Similar to Stage II, the weights
of projector fproj here are copied from the previous stage
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Figure 5: Illustration of 0M-Pooling, which compresses N
tokens to M tokens (M << N ).

and then still kept trainable. We continue using LoRA (Hu
et al. 2021) to train fLLM for efficient point-LLM alignment.
The point cloud encoder fpc remain frozen. In this stage, we
train using only a small amount of 3D-text pairs (90K).

Loss Function For all training stages, given a pair of LLM
output R and text ground truth y, GreenPLM is optimized
under a causal language modeling objective (Liu et al. 2018):

L = CrossEntropyLoss (R, h (y)) , (5)

where CrossEntropyLoss is the cross-entropy loss, and h de-
notes the LLM’s tokenizer.

0M-Pooling
To fully leverage the output of the point cloud encoder, we
extract information from all output tokens Tpc, not just the
class token, while reducing computational load. As shown
in Fig. 5, we design a zero-parameter token pooling module
based on cross-attention, namely 0M-Pooling, which com-
presses the 512 output tokens down to 32 tokens, without
introducing any learnable parameters, defined as:

Tc = FPS(Tpc), Tp = KNN(Tc,Tpc),

Tm = MaxPool(Tp), T p
pc = SoftMax((TpT

T
m)T )Tp,

(6)
where Tpc ∈ RN×C (N = 512) is the output point token
sequence of the point cloud encoder, Tc ∈ RM×C (M = 32)
is the central token gained via farthest point sampling (FPS)
from Tpc, and Tp ∈ RM×K×C (K = 8) represents the
K-Nearest Neighborhood (KNN) tokens of Tc within Tpc.
Then, we pass Tp to Max Pooling on the K dimension to get
Tm ∈ RM×1×C . Finally, we use cross-attention in Equ.(6) to
aggregate information from Tpc ∈ R512×C → T p

pc ∈ R32×C .
We obtain the compressed token T p

pc using zero trainable
parameters. Notely, the Tpc input to 0M-Pooling is from the
point encoder’s second-to-last layer.

Experiment
Implementation details. We use Phi-3 (Abdin et al. 2024) as
the LLM backbone, with EVA-CLIP-E (Sun et al. 2023) and
ViT (Dosovitskiy et al. 2020) both trained by Uni3D (Zhou
et al. 2023) as the text encoder and point encoder, respectively.

The point encoder outputs 512+1 tokens, each with C =
1024. The MLP projector consists of two linear layers and
a GeLU activation, mapping the encoder’s output tokens to
tokens with 3072 dimensions of Phi-3. Our GreenPLM has
63.3M trainable parameters and requires only 26.6 hours of
training on a single 3090 GPU. Besides the standard 3-stage
training of GreenPLM, we also train GreenPLM-0 with text-
only data, utilizing only Stages I and II. During inference,
we simply replace the text encoder in GreenPLM-0 with
the point encoder from Uni3D without weight tuning. More
detailed training settings are included in Appendix.

Baselines. To validate our 3D data-free capability, we com-
pared GreenPLM-0 with the SoTA 2D-LLMs, InstructBLIP
and LLaVA, as well as the 3D-2D-LLM model Point-Bind
LLM (Guo et al. 2023). To evaluate GreenPLM with limited
3D data, we choose the SoTA 3D-LLMs PointLLM (Xu et al.
2023) and MiniGPT-3D (Tang et al. 2024). For fairness, we
train both using the same 90K limited 3D point-text datas.

Evaluation Settings. An efficient and accurate model eval-
uation method is a shared goal in the MLLM community.
We observe that existing evaluation approaches often rely on
GPT-4 and GPT-3.5 to assess the similarity between gener-
ated results and ground truth sentences. While this method
provides accurate evaluations, it has two major drawbacks:
inconsistent API versions and high evaluation costs. For in-
stance, the GPT-3.5-turbo-0613 model used in PointLLM
and MiniGPT-3D is no longer maintained, making it difficult
to replicate the results. To address these issues, we propose a
new benchmark based on open-source models and introduce
a new metric to evaluate data efficiency. Specifically, we use
two prompts for the classification task: an Instruction-type (I)
prompt, “What is this?”, and a Completion-type (C) prompt,
“This is an object of.”. For the captioning task, we use a
single prompt: “Caption this 3D model in detail.”. We then
replace GPT-4 and GPT-3.5 with the open-source Qwen2-
72B-Instruct (Yang et al. 2024) (Qwen2 for short) to evaluate
the model’s output. We also introduce the Accuracy-to-3D-
Data Ratio (A3DR) metric to assess a model’s efficiency in
utilizing 3D data, defined as follows:

A3DR(Acc) =
2

1 + exp(−λ×Acc
Size+ϵ )

− 1, (7)

where Size is the size of 3D data (K), Acc is the accuracy, ϵ =
1e− 5 prevents zero division, λ = 3 adjusts discrimination.

Generative 3D Object Classification
We validate the model’s recognition ability by performing the
generative 3D object classification task on the ModelNet40
dataset (Wu et al. 2015) and Objaverse dataset (Deitke et al.
2023), using I-type and C-type prompts, with results shown in
Tab. 2. For close-set zero-shot classification on ModelNet40,
we let Qwen2 select the closest matching category in the 40
classes as the model’s output. For open-vocabulary classifica-
tion on Objaverse, we use Qwen2 to evaluate if the model’s
output describes the category of ground truth sentence.

As shown in Tab. 2, our GreenPLM-0 achieves an av-
erage classification accuracy (AvgAcc) of 54.57% without
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ModelNet40 Objaverse
Model Reference LLM

Size
3D Data

Size Input (I) (C) (I) (C) Average A3DR
(Avg)

Text-only Data in Training

InstructBLIP-7B (Dai et al. 2024) NIPS23 7B 0K Single-Img. 17.67 22.81 21.50 26.00 22.00 1.000
InstructBLIP-13B (Dai et al. 2024) NIPS23 13B 0K Single-Img. 21.56 21.92 21.50 21.50 21.62 1.000
LLaVA-1.5-7B (Liu et al. 2024) CVPR24 7B 0K Single-Img. 27.11 21.68 37.50 30.00 29.07 1.000
LLaVA-1.5-13B (Liu et al. 2024) CVPR24 13B 0K Single-Img. 27.71 27.76 39.50 35.50 32.62 1.000
GPT-4o mini (Jacob et al. 2024) OpenAI - 0K Single-Img. 22.00 23.10 39.00 35.00 29.78 1.000
Point-Bind LLM (Guo et al. 2023) arXiv23 7B 0K Point Cloud 46.60 45.02 7.50 7.58 26.68 1.000
GreenPLM-0 (Ours) - 3.8B 0K Point Cloud 62.60 (+16.00) 62.68 (+17.66) 48.00 (+40.50) 45.00 (+37.42) 54.57 (+27.89) 1.000

Limited 3D Data in Training

PointLLM-7B (Xu et al. 2023) ECCV24 7B 90K Point Cloud 45.22 39.30 59.00 53.00 49.13 0.674
MiniGPT-3D (Tang et al. 2024) MM24 2.7B 90K Point Cloud 43.56 43.03 54.50 55.00 49.02 0.673
GreenPLM (Ours) - 3.8B 90K Point Cloud 58.95 (+13.73) 62.36 (+19.33) 60.50 (+1.50) 58.50 (+3.50) 60.08 (+10.95) 0.762

Extensive 3D Data in Training

GPT4Point (Qi et al. 2024b) CVPR24 2.7B 660K Point Cloud 21.39 21.07 49.00 46.50 34.49 0.078
PointLLM-7B (Xu et al. 2023) ECCV24 7B 730K Point Cloud 51.34 50.36 62.00 63.00 56.68 0.116
PointLLM-13B (Xu et al. 2023) ECCV24 13B 730K Point Cloud 51.70 52.67 61.50 63.00 57.22 0.117
MiniGPT-3D (Tang et al. 2024) MM24 2.7B 730K Point Cloud 61.99 60.49 65.00 68.50 64.00 0.131

Table 2: 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.

Model Reference LLM
Size

3D Data
Size Input Qwen2 Sentence-BERT SimCSE

Text-only Data in Training

InstructBLIP-7B (Dai et al. 2024) NIPS23 7B 0K Single-Img. 16.10 35.79 36.67
InstructBLIP-13B (Dai et al. 2024) NIPS23 13B 0K Single-Img. 13.79 33.52 35.60
LLaVA-1.5-7B (Liu et al. 2024) CVPR24 7B 0K Single-Img. 17.80 39.32 41.08
LLaVA-1.5-13B (Liu et al. 2024) CVPR24 13B 0K Single-Img. 16.00 39.64 40.90
GPT-4o mini (Jacob et al. 2024) OpenAI - 0K Single-Img. 26.00 38.70 39.13
Point-Bind LLM (Guo et al. 2023) arXiv23 7B 0K Point Cloud 1.93 27.29 25.35
GreenPLM-0 (Ours) - 3.8B 0K Point Cloud 15.93 (+14.00) 42.16 (+14.87) 40.90 (+15.55)

Limited 3D Data in Training

PointLLM-7B (Xu et al. 2023) ECCV24 7B 90K Point Cloud 35.77 46.48 47.01
MiniGPT-3D (Tang et al. 2024) MM24 2.7B 90K Point Cloud 35.05 46.68 47.75
GreenPLM (Ours) - 3.8B 90K Point Cloud 42.55 (+6.78) 49.40 (+2.72) 49.36 (+1.61)

Extensive 3D Data in Training

GPT4Point (Qi et al. 2024b) CVPR24 2.7B 660K Point Cloud 21.75 41.10 41.24
PointLLM-7B (Xu et al. 2023) ECCV24 7B 730K Point Cloud 42.20 48.50 48.92
PointLLM-13B (Xu et al. 2023) ECCV24 13B 730K Point Cloud 40.40 49.07 48.41
MiniGPT-3D (Tang et al. 2024) MM24 2.7B 730K Point Cloud 48.17 49.54 51.39

Table 3: 3D object captioning results on Objaverse. The results are from Qwen2 evaluation and traditional metrics.

using any 3D data, outperforming all 2D-based models. It
surpasses LLaVA-1.5-13B by +21.95 and Point-Bind LLM
by +27.89 in AvgAcc. Remarkably, our model also exceeds
GPT4Point (660K), which is trained with 660K 3D data, by
+20.08 and performs on par with PointLLM-7B (730K). With
only a small amount of 3D data (90K), GreenPLM achieves
an average accuracy of 60.08%, surpassing PointLLM and
MiniGPT-3D by +10.95 and +11.06 in AvgAcc, respectively.
GreenPLM even outperforms PointLLM-13B (730K) while
using a smaller LLM, and obtains results comparable to SoTA
model MiniGPT-3D (730K). Additionally, GreenPLM (90K)
outperforms MiniGPT-3D (90K) and MiniGPT-3D (730K) on
the A3DR (average accuracy) by +0.089 and +0.631, respec-
tively. These results demonstrate the high 3D data-efficiency
of our model.

3D Object Captioning
We evaluate the ability to understand 3D context through a
3D object captioning task, as shown in Tab. 3. Following pre-

vious works (Xu et al. 2023; Tang et al. 2024), we assess the
similarity between the model’s response and the ground truth
caption using an LLM, and also evaluate embedding simi-
larity using Sentence-BERT (Reimers and Gurevych 2019)
(S-BERT) and SimCSE (Gao, Yao, and Chen 2021).

It is evident that all models without 3D data underperform
compared to those trained with 3D data, as they lose signif-
icant 3D information. However, our GreenPLM-0 can still
outperforms Point-Bind LLM and achieves comparable re-
sults to powerful 2D-LLMs by a large margin. When using a
small amount of 3D data (90K), our Qwen2 score surpasses
MiniGPT-3D (90K) by +7.50, with S-BERT and SimCSE
scores also exceeding by +2.72 and +1.61, respectively. Sim-
ilarly, GreenPLM (90K) achieves a Qwen2 score higher than
PointLLM-13B (730K) by +2.15, with S-BERT and Sim-
CSE scores comparable to MiniGPT-3D (730K) while using
only 12% of 3D data. These results again demonstrate Green-
PLM’s ability to efficiently extract 3D information from even
small amounts of 3D data or purely text data.

7289



Sample

Prompt What is this?
Label Guitar

Ins-
BLIP

telescope

GPT-4o
mini

The image appears to be a simple black outline of
a tool or object, possibly resembling the shape of a
knife or a similar implement.

P-Bind This is a bird flying in the sky.
Ours
(Text-
only )

The object is a Gibson Les Paul electric guitar, pre-
dominantly black with a glossy finish. It has a maple
fretboard, a single-coil pickup, and a vibrato bridge.
The guitar’s body is adorned with the Gibson logo,
and it includes a strap button for easy carrying.

PointLLM This 3D model represents a black electric guitar
equipped with a distinctive headstock.

Ours
(Lim-
ited 3D
data)

This is a 3D model of a cartoon-style electric guitar.
The guitar is predominantly black, giving it a sleek
and modern appearance. The design is simplified and
stylized, typical of cartoon aesthetics, making it suit-
able for use in animated films, video games, or other
digital media. Despite its cartoonish appearance, it
retains the recognizable features of an electric guitar,
such as the fretboard and strings.

Table 4: Qualitative comparisons. Conversation example of
a guitar in ModelNet40. Our GreenPLM generates more
detailed and insightful responses compared to others.

0M-Pooling Mean Pooling Max Pooling

58

59

60

A
cc

ur
ac

y(
%

) 60.08

58.50
58.12

Figure 6: Ablation on
0M-Pooling.
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Figure 7: Ablation on
T3D caption.

Qualitative Results

Fig. 1 and Tab. 4 present the qualitative results. As shown in
Fig. 1, whether trained on text-only or with minimal 3D data,
GreenPLM provides accurate, context-aware responses in
multi-turn conversations. Tab. 4 shows that our GreenPLM-
0 effectively identifies objects and understands details like
color and components with text-only data. 2D-based meth-
ods like Instruct-BLIP (Ins-BLIP) and GPT-4o mini lose 3D
information, suffering from occlusion, ambiguity and severe
hallucinations. Point-Bind LLM (P-B LLM) lacks accurate
3D perception due to its non-robust 3D-2D-LLM connection.
While using few 3D data (90K), GreenPLM offers signifi-
cantly more detailed descriptions and better captures local
details in point clouds, such as guitar strings and octopus
suction cups, compared to PointLLM.

#No. Stage I Stage II Stage III Acc.

1 ✓ 53.85
2 ✓ 47.03
3 ✓ 45.29
4 ✓ ✓ 58.25
5 ✓ ✓ 42.78
6 ✓ ✓ 54.57
7 ✓ ✓ ✓ 60.08

#No. Class Token Global Tokens Pooled Point Tokens Acc.

8 ✓ 38.36
9 ✓ ✓ 45.42

10 ✓ ✓ ✓ 60.08

Table 5: Ablation on 3-Stage Training and Token Fusion.
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Figure 8: Ablation on Text data size in Stage I & II.

Ablation Study
We conduct ablation experiments on the generative 3D object
classification task and report the average accuracy.

Training stages. As shown in Tab. 5, removing any stage
reduces performance, with the biggest drop when Stage I is
removed. This is because Stage I trains the MLP projector to
align the encoder with the LLM. Comparing rows #4 and #7,
we observe that Stage II helps the LLM better align with the
semantic space. The results of rows #6 and #7 indicate that
Stage III injects 3D information into the LLM, significantly
enhancing the model’s 3D understanding.

0M-Pooling. As shown in Fig. 6, when we replace 0M-
Pooling with Max Pooling or Mean Pooling, the accuracy
drops by 1.96 and 1.58, respectively, even though the learn-
able parameters remain zero. This demonstrates that our 0M-
Pooling module effectively and efficiently captures point
cloud information from the token sequence, enhancing Green-
PLM’s 3D understanding ability.

T3D dataset. To test the impact of captions in our T3D
dataset, which serve as input to the text encoder, we replace
captions with low-information sentences in Stage I, and gen-
erate a 1M daily conversation dataset (example in Fig. 9).
Using daily conversation data causes a significant perfor-
mance drop in Fig. 7, indicating that captions provide more
effective semantic information for the model. Moreover, we
assess the impact of text data size in Stages I and II. As shown
in Fig. 8, with more text data, the model learns from a larger
text space, leading to a stronger point-text-LLM connection.
This confirms the effectiveness of the text space, reducing
the need for 3D data and addressing the 3DEPL task.

Token Fusion before MLP projector. In Stage III, the
tokens input into the MLP projector consist of three parts:
the Class token, the Mix-Pooled token, and the 0M-Pooled
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"S_1": "The fence needs maintenance every year.",

"Q": "What do we need to do for the wooden fence?",

"A": "We should check and replace any rotten posts."

"T" : "The fence needs 

maintenance every year.",

"Q": "What do we need to 

do for the wooden fence?",

"A": "We should check and 

replace any rotten posts."

Figure 9: Daily text data.
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Figure 10: Noise Std.

token. We conduct ablation experiments on these three to-
kens, as shown in Tab. 5. The results demonstrate that both
Mix-Pooling and 0M-Pooling enhance the model’s ability to
extract information from the token sequence.

Noise level in Stage I & II. Adding Gaussian noise to the
token sequence output by the text encoder forces the LLM to
learn useful information from noisy data, thereby improving
the model’s robustness. As shown in Fig. 10, we experiment
with different noise levels. As the standard deviation (std)
of the noise increases from 0 to 0.06, GreenPLM’s accu-
racy initially increases and then decreases, reaching its peak
at 0.05. The results demonstrate that appropriately adding
noise can enhance the model’s ability to extract cross-modal
information, therefore improving its 3D understanding.

Conclusion
To enable LLMs to achieve strong 3D understanding with
minimal 3D data, we introduce a new task: 3D Data-Efficient
Point-Language Understanding. We propose GreenPLM,
which employs a 3-stage training strategy that increases text
data in Stage I & II to reduce the need for 3D data in Stage
III. We create a 6M T3D dataset and an unified benchmark.
Results show that GreenPLM achieves performance com-
parable to state-of-the-arts using only 12% of the 3D data.
Remarkably, our model performs well even without 3D data.

Limitations. Our approach has limitations. Due to time
and resource constraints, we couldn’t explore all text and 3D
data combinations. We believe scaling up either could further
improve performance. Additionally, we only test feasibility
on small objects, and will explore GreenPLM’s potential for
larger scenes in future work.
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