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A1. Implementation Details
We discussed most of the training and implementation

details in the main paper. In this section, we summarize all
hyperparameters in Table A1. Some parameters are shared
across all training stages, while others are stage-specific.
The values of these hyperparameters are chosen based on a
rigorous sensitivity analysis, while some are derived from
well-established literature.

Next, we present the prompt used for GPT-4 evaluation
in Prompt 1. This prompt is similar to what existing meth-
ods have used for this evaluation.

Table A1. List of model-specific hyperparameters.

Stage Hyperparam. Value

ω 0.25
ε 0.50
Codebook size 8192
Warm-up ratio 0.03
Weight decay 0.05
Number of sampled points, Ns 512
Number of neighbours, Kg 81

1 Epoch 3
Lr. rate 4→ 10→4

Batch size 128
2 Epoch 3

batch size 32
Lr. rate 2→ 10→5

3 ϑ 0.95
Epoch 1
batch size 8
Lr. rate 1→ 10→6

number of generated responses, m 8

Prompt 1:
You are a helpful AI assistant.

Now, I will give you a question, its type, an

answer from the model, and an answer from the

label.

Your task is to focus only on these two answers

and determine whether they convey the same

information for the given type of question.

Your response should be a single confidence score

ranging from 0 to 100.

This score evaluates how closely the two answers

describe the same thing.

Follow the scoring standard demonstrated below.

Here are several example question-answer pairs

with their confidence scores:

Question 1: How many oranges will there be if

1/3 of them are removed?

Question type: Knowledge

Answer from model: There will be 6 left.

Answer from label: As there are 9 oranges in

total, there will be 6 oranges left if 1/3 of

them are removed.

Confidence score: 100

Question 2: What is this object?

Question type: General Visual Recognition

Answer from model: This is a bathtub.

Answer from label: This is a dirty bathtub.

Confidence score: 80

Question 3: What is this object?

Question type: General Visual Recognition

Answer from model: This is a bottle of water.

Answer from label: This is a bottle of oil.

Confidence score: 50

Question 4: What is the boy holding in his right

hand?

Question type: Spatial Recognition

Answer from model: He is holding a white cup in

his right hand.

Answer from label: He is holding a sword in his

right hand.

Confidence score: 0

Next, you will be given:

Question: {},
Question type: {},
Answer from model: {},
Answer from label: {}.
Output only the confidence score as a number,

without any words.



Table A2. Performance comparison with existing methods. We adopt the following table from [17] and follow the notations and cat-
egorization defined by them. Here, “Specialist Model” refers to models specifically designed for individual tasks such as 3D question
answering, 3D dense captioning, or referring segmentation. “Finetuned 3D MLLMs” denotes models that are jointly trained and sub-
sequently fine-tuned on each dataset before evaluation. “3D MLLMs” represents models trained on multiple tasks without task-specific
fine-tuning. “PC” stands for point cloud, and “I” denotes multi-view images. Note that the results of LEO [28] on ScanQA are shown in
gray and excluded from direct comparison, as the model uses a different setting that accesses ground-truth objects related to the questions.
All models use the 7B parameter configuration.

ScanQA (val) Scan2Cap (val)
Method Modality B-4→ M→ R→ B-4→ M→ R→

Specialist Models

ScanQA [1] PC 10.1 13.1 33.3 - - -
3D-VLP [33] PC 11.2 13.5 34.5 32.3 24.8 51.5
3D-VisTA [81] PC 10.4 13.9 45.7 34.1 26.8 55.0
Scan2Cap [11] PC - - - 23.3 22.0 44.8
MORE [32] PC - - - 22.9 21.7 44.4
SpaCap3D [63] PC - - - 25.3 22.3 45.4
D3Net [7] PC - - - 30.3 24.4 51.7
UniT3D [12] PC - - - 27.2 21.9 46.0
3DJCG [4] PC - - - 31.0 24.2 50.8
Vote2Cap-DETR [8] PC - - - 34.5 26.2 54.4

Finetuned 3D MLLMs

3D-LLM [25] PC+I 12.0 14.5 35.7 - - -
Scene-LLM [21] PC+I 12.0 16.8 40.0 - - -
LL3DA [23] PC 13.5 15.9 37.3 36.8 26.0 55.1

3D MLLMs

LEO [28] PC+I 13.2 20.0 49.2 38.2 27.9 58.1
Scene-LLM [21] PC+I 11.7 15.8 35.9 - - -
Chat-Scene [27] PC+I 14.3 18.0 41.6 36.4 28.0 58.1
Grounded 3D-LLM [10] PC 13.4 - - 35.5 - -
3D-LLaVA [78] PC 17.1 18.4 43.1 36.9 27.1 57.7
SAGE-7B PC 17.5 19.6 44.5 37.8 28.1 58.6

A2. Discussion

A2.1. Non-comparable Existing Method

While we discuss many existing methods in the related
work, we do not directly compare our approach with all of
them in the main results. This is because some of the exist-
ing methods differ substantially in terms of both their learn-
ing strategies and the types of data they use. For instance,
some methods are first trained on dense prediction tasks
[17] using segmentation data. Another major source of dis-
parity lies in the training data. While our method, and a few
others [68] adhere strictly to single training dataset [16],
some approaches [48] combine multiple datasets from dif-
ferent sources [6,14,16,20,60,65] to increase data volume,
and others propose data generation pipelines to dynami-
cally curate additional samples [34]. Additionally, prior
works [22, 40, 47, 69, 70, 73, 75, 77, 80] in this literature
focused on 3D encoders with any multimodal capabilities

Table A3. Total training time.

Model Training time (h)
PointLLM 26.1
SAGE↑ 18.0
SAGE 27.4

utilizing well-established training pipelines [30, 52]. In the
main table of the paper, we only compare against methods
that follow similar datasets and training protocols [68] as
ours. Nonetheless, we provide additional results and fur-
ther discussion on these disparities in the appendix.

A3. Additional Results
In this section, we present additional experimental re-

sults for our proposed model. We first compare SAGE’s
performance with a broader set of state-of-the-art methods
on 3D captioning and 3D VQA tasks across two datasets.
We then report multi-run results on the Objaverse 3D cap-



Figure A1. Fig. (Left) Impact of the number of LLM trainable layers during the stage 1 training. Fig. (Middle) Impact of the number of
LLM trainable layers during stage 1 training. Fig(Right) Impact of group normalization coefficient on performance of SAGE-7B.

tioning task to demonstrate the stability of both the model
and the training pipeline. Finally, we include a training-time
analysis comparing SAGE with existing approaches in the
literature.

A3.1. Comparison to Existing Methods

In Table A2, we compare SAGE with additional existing
SOTA methods on 3D VQA and captioning tasks using the
ScanQA [1] and Scan2Cap [11] datasets, respectively. On
both 3D VQA and captioning tasks, SAGE outperforms the
existing SOTA methods on most metrics. While no existing
method dominantly performs best across all metrics, SAGE
surpasses all existing methods in 4 out of 6 metrics across
the 2 datasets, despite using less data for training and being
computationally more efficient than existing methods.

A3.2. Training Time Analysis

In this section, we compare the total training time of
our proposed method with PointLLM, which uses the same
amount of training data and a similar training setup (Table
A3). Here, the total training time refers to the end-to-end
duration of the entire training pipeline. Due to its efficient
model design, SAGE→ requires considerably less training
time (18 hours compared to 26.1 hours for PointLLM). The
preference optimization step introduces additional training
time; however, the complete three-stage training of our
method still takes only slightly longer than the two-stage
training pipeline of PointLLM.

A3.3. Zero-shot Classification

In Table A4, we compare the zero-shot classification per-
formance of SAGE with existing SOTA methods on the
ModelNet40 dataset. Here, SAGE shows improved or com-
parable performance with existing SOTA methods.

A3.4. Performance Across Multiple Runs

To assess the stability of our method, we report the mean
and standard deviation of SAGE and SAGE→ (7B parame-
ters) across three independent runs in Table A5. Both vari-
ants demonstrate consistent performance with low variance
across all metrics.

Table A4. Performance comparison on Zero-shot 3D classifica-
tion on ModelNet40 [65] and ScanObjectNN [60]. Here, Ensem-
bled [40] reprsents pretraining with four datasets, ShapeNet [6],
ABO [14] and 3D-FUTURE [20]. †: Uni3D employs a
larger EVA-CLIP-E [52] teacher, while other methods employ
OpenCLIP-bigG [30].

Ours uses the Objaverse dataset paired with Cap3D generated captions.

Method
ModelNet40 ScanObjectNN

Top1 Top3 Top5 Top1 Top3 Top5

2D Inference without 3D Training

PointCLIP [73] 19.3 28.6 34.8 10.5 20.8 30.6
PointCLIPv2 [80] 63.6 77.9 85.0 42.2 63.3 74.5

Trained on ShapeNet

RECON [47] 61.2 73.9 78.1 42.3 62.5 75.6
CLIP2Point [29] 49.5 71.3 81.2 25.5 44.6 59.4
ULIP [69] 60.4 79.0 84.4 51.5 71.1 80.2
OpenShape [40] 70.3 86.9 91.3 47.2 72.4 84.7
TAMM [75] 73.1 88.5 91.9 54.8 74.5 83.3
MixCon3D [22] 72.6 87.1 91.3 52.6 69.9 78.7

Trained on Ensembled

ULIP-2 [70] 75.1 88.1 93.2 51.6 72.5 82.3
OpenShape [40] 84.4 96.5 98.0 52.2 79.7 88.7
MixCon3D [22] 86.8 96.9 98.3 58.6 80.3 89.2
Uni3D-B† [77] 86.3 96.5 97.9 63.8 82.7 90.2
Uni3D-L† [77] 86.3 96.8 98.3 58.2 81.8 89.4
RECON++-B [48] 86.5 94.7 95.8 63.6 84.2 90.6
SAGE-7B 88.9 94.7 98.3 65.8 80.2 90.6

A4. Ablation and Sensitivity Studies
In this section, we perform an in-depth sensitivity anal-

ysis of various model-specific hyperparameters. We also
conduct a detailed ablation study on the key components of
our proposed model. All experiments are carried out us-
ing the 7B-parameter setting on the 3D captioning task with
the Objaverse dataset, and we report the S-BERT alignment
score.

A4.1. Sensitivity Study

Trainable layers. Our model, SAGE, utilizes LLaMA
as the pretrained LLM backbone, which consists of 32 lay-
ers. In our proposed training pipeline, during the 3D tok-
enizer warm-up stage (stage 1), we train the first 4 layers
of the LLM backbone. Since our proposed method doesn’t



Table A5. Performance comparison across three runs on (SAGE) and (SAGE↑) on 7B parameters. Here, the Objaverse dataset is used for
3D object captioning and recognition tasks, and the MM-Vet dataset is used for 3D VQA.

Model Captioning Cls. VQA
GPT-4 Sentence-BERT SimCSE BLEU-1 ROUGE-L METEOR GPT-4 GPT-4

SAGE-7B↑ 49.05 49.23 48.56 7.41 10.25 14.35 55.71 46.38
SD 0.09 0.04 0.05 0.04 0.02 0.02 0.03 0.04
SAGE-7B 50.98 50.11 49.70 9.50 12.66 16.95 57.11 49.53
SD 0.08 0.03 0.04 0.05 0.04 0.03 0.03 0.05

Table A6. Sensitivity study on different model-specific parameters on ModelNet40.

(a) Codebook size.

Size S-BERT ↑

4096 48.88
8192 50.11
16384 49.76

(b) Number of point tokens.

Size S-BERT ↑

128 48.98
512 50.11
1024 50.09

(c) Types of pooling layers.

Size S-BERT ↑

Max pool 50.11
Avg. pool 49.89
Attn. pool 48.03

What is this?

2 wings - a left wing and a right wing that 
extend from either side of  the fuselage.

This is a 3D model of  a commercial airplane depicted 
in a cartoon style. It is white, likely representing a 
clean, newly-painted aircraft. The model features 
typical elements of  an airplane including wings, tail, 
and a cockpit, but with exaggerated proportions 
commonly seen in cartoons. This type of  model can be 
used in animation, video games, or any graphical 
representations requiring a playful and less realistic 
style.

How many wings does it have?

What animal is this?

The elephant has four legs - two at the front 
and two at the back of  the body.

How many legs does this animal 
have?

What does this animal eat?

This is a 3D model of  an elephant, with gray color 
skin. It has two big fan-like ears, one trunk, one pair of  
large, elevated tusks and a tail.

Elephants are herbivores that eat a variety of  
plant materials, including grasses, leaves, 
twigs, roots, and tree bark.

Figure A2. Dialogues between PointLLM and a human user.

Table A7. Impact of discrete vs. continuous point embeddings.

Embedding type S-BERT ↑
Continuous (w/o codebook) 47.67

Discrete (with codebook) 50.11

utilize any pretrained 3D encoder, here the LLM solely ex-
tracts rich features from the point tokens along with the text
tokens. In this experiment, we evaluate several configura-
tions of the LLM backbone, ranging from fully freezing the

Table A8. Impact of different LLM backbones.

LLM Model S-BERT ↑
LLaMA-3.1 PointLLM 51.23

SAGE 55.89
Qwen-2.5 PointLLM 52.35

SAGE 56.91

LLM to partially tuning 4, 8, or 16 layers, as well as full
fine-tuning of all 32 layers. From Figure A1(left), we ob-



Table A9. Qualitative results on the Objaverse dataset.

Samples 1, 2

Uid 059a7936ed89419ba9eae3153753ae86 82413f74efb84bc3b872a7a8f26cca81

Prompt Caption this 3D model in detail. Caption this 3D model in detail.
Human A blue cartoon A white fish with orange/red spots
InstructBLIP [15] There is a cute blue and white pony in a still,

looking cheerful and cheerful. It’s standing
next to a larger blue-colored object, potentially
a barrier or structure, which provides the back-
drop for this scene. The overall image is de-
signed to create a fun, whimsical setting for the
pony.

There is a fish hanging on a string in front of
a black background. The fish is swimming in
the middle of the image and is a little bit up
from the bottom of the screen. The fish has a
red spots on the left and right sides, and is po-
sitioned slightly towards the top of the screen.

LLaVA [39] The image features a 3D model of a cute, color-
ful cartoon unicorn with a blue and white body
and a hint of pink. The unicorn has a magical
aura and is set against a black background. Its
long, flowing mane and tail add to its whimsi-
cal charm. The unicorn appears to be in mo-
tion, possibly flying or prancing, as it captures
the viewer’s imagination.

The image features a 3D model of a fish floating
in a dark, empty space. The fish is positioned
towards the left side of the image and appears
to be swimming upwards. The fish is large
and occupies a significant portion of the image,
giving the impression of a life-like, computer-
generated representation. The dark background
and lack of other objects in the scene emphasize
the fish’s presence and create a sense of depth
and dimension.

3D-LLM [25] A 3D model of a purple and pink pony with
long hair, standing on its hind legs.

A small fish with a long tail is visible in the im-
age. It has no distinguishing features or mark-
ings, and its color appears to be brown.

PointLLM [68] A 3D model of a vibrant blue cartoon pony,
characterized by its large white eyes, two
wings, and a distinctive horn. The creature’s
overall design exudes a playful and friendly
aura, making it appropriate for children’s ani-
mations or toy production. The noticeably large
white eyes and the unique wing and horn fea-
tures endow the pony with an element of fan-
tasy, while its blue body color gives it an over-
all appealing look.

The 3D model is of a long fish, illustrating a
striking color combination of red, yellow, and
grey. It’s characterized by a slender tail. The
yellow color is mostly seen on the body of the
fish, fading into a subtler, grayish hue towards
the fins and tail. The model depicts a typical
long fish species, often found in the ocean, and
can be used in a variety of digital applications,
like animation, games, or virtual reality.

SAGE The 3D model is a depiction of a light blue
pony, characterized by its vibrant color,
large white eyes, and a notably long tail. It
also has two vibrantly colored wings and a
horn, which makes it look like a cartoon
avatar.

The 3D model represents a fish with a
streamlined body with a vibrant mix of color
of yellow, red and silver. It has a long dor-
sal fin, two pectoral fins, a long anal fin, and
large, captivating eyes.

serve that the model’s performance improves as 4 layers are
trained compared to fully frozen LLM. Beyond this point,
increasing the number of trainable layers leads to a perfor-
mance drop, due to overfitting, given the relatively small
size of the training dataset.

Model hyperparameters. In the vector quantization

loss, ω is a crucial hyperparameter that controls the con-
tribution of the codebook loss and the quantization loss.
Another important hyperparameter is ε, which balances the
two components of the total training objective: the next-
token prediction loss and the vector quantization loss. We
investigate the impact of these two coefficients on SAGE’s



performance through a sensitivity study. As shown in Fig-
ure A1 (middle), SAGE-7B achieves the highest perfor-
mance gain with a quantization coefficient of 0.5 and a reg-
ularization coefficient of 0.25. Moreover, we observe that
the performance is not highly sensitive to the choice of these
hyperparameters.

Similarly, we examine the effect of the coefficient ϑ
in the reward combination during the policy optimization
stage (stage 3). As shown in Figure A1 (right), the perfor-
mance of SAGE-7B improves as ϑ increases, reaching its
highest point at ϑ = 0.95, which indicates that performance
benefits from a lower weight on the length reward. How-
ever, performance drops when this reward is completely re-
moved (ϑ = 1.0), highlighting the importance of using both
rewards.

Codebook size. During vector quantization, the size of
the learnable codebook defines the number of unique to-
kens allocated to the point cloud representations. Table
A6a presents a sensitivity study on the codebook size used
in the model. We vary the codebook size across three set-
tings: 4096, 8192, and 16384. We observe that increasing
the codebook size from 4096 to 8192 improves the score
by 1.23. However, further increasing it to 16384 leads to
a performance drop, indicating that around 8k+ tokens can
sufficiently represent the point cloud features when treating
it as a foreign language to LLM.

Number of point tokens. The number of point tokens
defines the number of discrete geometric units the model
uses to represent a 3D input, directly controlling the level
of detail and the computational cost in an MLLM. Table
A6b presents a sensitivity study on the number of point to-
kens used in the model. We vary this number across three
settings: 128, 512, and 1024. Increasing the number of
point tokens from 128 to 512 improves the score from 48.98
to 50.11. However, further increments do not lead to an
improvement, even though they increase the computation.
This suggests that 512-point tokens strike the optimal bal-
ance, maximizing the model’s alignment capability. There-
fore, we stick to 512 tokens for our final model.

Types of pooling functions. In table A6c, we investigate
different pooling strategies for aggregating token represen-
tations in the proposed model. We evaluate three variants:
max pooling, average pooling, and attention-based pooling.
Here, using the max pooling gives the highest performance
of 50.11, while average and attention pooling yield 49.89
and 49.03, respectively. These results indicate that max
pooling is the most effective aggregation mechanism, due
to its ability to preserve salient feature signals critical for
cross-modal alignment.

A4.2. Ablation Study
Comparison of discrete vs. continuous embeddings.

As discussed earlier, vector quantization bridges the gap

between continuous geometric features and discrete lan-
guage tokens by using a learnable codebook that maps
continuous embeddings into a finite vocabulary of 3D to-
kens, effectively extending the LLM tokenizer to the 3D
domain. To further validate its importance, we conduct
an ablation study by comparing performance with and
without the codebook in the 3D tokenizer. In Table A7,
we can observe that with the codebook—using discrete
embeddings—SAGE achieves a 50.11 score. Removing the
codebook and keeping the embeddings continuous leads to
a performance drop of 2.44. This confirms the necessity
of vector quantization for enabling the LLM to effectively
learn from multimodal signals.

A4.3. Generalization Across LLM Backbones
Finally, we investigate the generalization of SAGE to

newer LLM backbones, namely LLaMA-3.1-8B and Qwen-
2.5-7B. We also reproduce the results of PointLLM using
these backbones. As shown in Table A8, SAGE demon-
strates strong performance on both newer LLMs without
any additional parameter tuning, and it consistently outper-
forms PointLLM.

A5. More Qualitative Results
We present more qualitative results on Objaverse

datasets in Table A9. We further show interactive dialogues
between a user and SAGE-7B in Figure A2, highlighting
the model’s strong understanding of point-cloud geometry,
appearance, and functional attributes. The examples fur-
ther demonstrate SAGE’s ability to respond to user instruc-
tions with appropriate reasoning while avoiding biased or
ill-informed outputs.
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